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Abstract
In the development of multicellular organisms, tissue development and homeostasis
require coordinated cellular motion. For example, in conditions such as wound
healing, immune and epithelial cells need to proliferate and migrate. Deregulation
of key signalling pathways in pathological conditions causes alterations in cellular
motion properties that are critical for disease development and progression, in
cancer it leads to invasion and metastasis. Consequently there is strong interest in
identifying factors, including drugs that affect the motion and interactions of cells
in disease using experimental models suitable for high-content screening. There are
two main modes of cell migration; individual and collective migration. Currently
analysis tools for robust, sensitive and comprehensive motion characterisation in
varying experimental conditions for large extended timelapse acquisitions that
jointly considers both modes are limited.

We have developed a systematic motion analysis framework, Motion Sensing
Superpixels (MOSES) to quantitatively capture cellular motion in timelapse
microscopy videos suitable for high-content screening. MOSES builds upon
established computer vision approaches to deliver a minimal parameter, robust
algorithm that can i) extract reliable phenomena-relevant motion metrics, ii)
discover spatiotemporal salient motion patterns and iii) facilitate unbiased
analysis with little prior knowledge through unique motion ‘signatures’. The
framework was validated by application to numerous datasets including YouTube
videos, zebrafish immunosurveillance and Drosophila embryo development. We
demonstrate two extended applications; the analysis of interactions between
two epithelial populations in 2D culture using cell lines of the squamous and
columnar epithelia from human normal esophagus, Barrett’s esophagus and
esophageal adenocarcinoma and the automatic monitoring of 3D organoid culture
growth captured through label-free phase contrast microscopy. MOSES found
unique boundary formation between squamous and columnar cells and could
measure subtle changes in boundary formation due to external stimuli. MOSES
automatically segments the motion and shape of multiple organoids even if present
in the same field of view. Automated analysis of intestinal organoid branching
following treatment agrees with independent RNA-seq results.
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Abstract

In the development of multicellular organisms, tissue development and homeostasis
require coordinated cellular motion. For example, in conditions such as wound
healing, immune and epithelial cells need to proliferate and migrate. Deregulation
of key signalling pathways in pathological conditions causes alterations in cellular
motion properties that are critical for disease development and progression, in
cancer it leads to invasion and metastasis. Consequently there is strong interest in
identifying factors, including drugs that affect the motion and interactions of cells
in disease using experimental models suitable for high-content screening. There are
two main modes of cell migration; individual and collective migration. Currently
analysis tools for robust, sensitive and comprehensive motion characterisation in
varying experimental conditions for large extended timelapse acquisitions that
jointly considers both modes are limited.

We have developed a systematic motion analysis framework, Motion Sensing Su-
perpixels (MOSES) to quantitatively capture cellular motion in timelapse microscopy
videos suitable for high-content screening. MOSES builds upon established computer
vision approaches to deliver a minimal parameter, robust algorithm that can i)
extract reliable phenomena-relevant motion metrics, ii) discover spatiotemporal
salient motion patterns and iii) facilitate unbiased analysis with little prior knowledge
through unique motion ‘signatures’. The framework was validated by application to
numerous datasets including YouTube videos, zebrafish immunosurveillance and
Drosophila embryo development. We demonstrate two extended applications; the
analysis of interactions between two epithelial populations in 2D culture using
cell lines of the squamous and columnar epithelia from human normal esophagus,
Barrett’s esophagus and esophageal adenocarcinoma and the automatic monitoring
of 3D organoid culture growth captured through label-free phase contrast microscopy.
MOSES found unique boundary formation between squamous and columnar cells
and could measure subtle changes in boundary formation due to external stimuli.
MOSES automatically segments the motion and shape of multiple organoids even
if present in the same field of view. Automated analysis of intestinal organoid
branching following treatment agrees with independent RNA-seq results.
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1.1 Overview and Significance

1.1.1 Biological Motion and Disease

The movement of cells is fundamental to the development and maintenance of

multicellular organisms and plays a critical role in numerous cellular processes.

Complex patterns of cell migration are essential for proper tissue and organ formation

during embryogenesis (Montell 2008). Wound healing involves the coordinated

migration of multiple cell types, (Ridley et al. 2003). The migration of leukocytes

into lymph nodes and inflamed tissue is required for the development of immune

responses (Ridley et al. 2003; Friedl and Weigelin 2008). When defective, cell

1
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migration can cause disease; one of the hallmarks of cancer is invasion and metastasis

(Hanahan and Weinberg 2011). There are two principal mechanisms cells migrate

in-vivo, either moving as single cells or collectively where cells remain connected

to each other as they move resulting in migrating cohorts and varying degrees of

tissue organization (Vaughan and Trinkaus 1966; Friedl 2004; Montell 2008). The

migration of single cells is the best-studied mechanism of cell movement in-vitro

and is known to contribute to many physiological motility processes in-vivo, such

as development, immune surveillance and cancer metastasis (Ridley et al. 2003;

Friedl and Weigelin 2008). Collective migration in particular drives the formation

of many complex tissues and organs such as that in embryogenesis. Therefore

there is strong biological and clinical interest and need to study precise cellular

motion characteristics in a tissue-relevant context and to identify factors, including

drugs, that affect the motion and interactions of cells using experimental models

suitable for high-content screening.

1.1.2 Experimental Models to Investigate Biological Mo-
tion

To systematically investigate cellular motion in the laboratory, cell culture experi-

mental models are used. 2D in-vitro cell culture is commonly used with cells plated

sparsely to investigate the individual cellular motion and changes to morphology or

as a confluent monolayer for example with epithelial cells to investigate the effect

of collective motion. Geometric patterning such as wound healing assays where a

predefined gap is introduced in the monolayer is often used to measure the collective

migration speed of the cells based on how fast the gap is closed, (Liang et al.

2007; Masuzzo et al. 2016). More complex spatial control using micropatterning

techniques can be used to scale up the basic wound healing assay or to investigate

the interactions between two or more populations of cells. The ease of scaling, cell

manipulation and imaging with 2D culture has made this a widely used platform

for high content image based analysis and screening. However there are several key

limitations for translating the resultant findings using 2D cell culture systems to
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the clinic. In 2D cell culture, cells are grown on flat dishes made of polystyrene

plastic that is very stiff and unnatural. The cells adhere and spread on this plastic

surface and form unnatural cell attachments to proteins that are deposited and

denatured on this synthetic surface. In 3D in-vivo, the behaviour of cells are a

result of the dynamic, spatiotemporal interplay of individual cells and between

different cell types within its microenvironment. Cells attach to one another and

form natural cell-to-cell attachments. The cells and the extracellular matrix that

they synthesize and secrete in 3D is made of complex proteins in their native

configuration that provide important biological instructions to the cells resulting in

more complex phenotypes. Intravital imaging within mice for example show that

microenvironment dictates the mode of tumour cell migration; streaming where

multiple cells migrate together in streams of single cells (Patsialou et al. 2013) or

collectively as a compact group (Friedl et al. 2012). In 3D too, cells form multi-layers

which are denser than that of 2D culture and better mimicks how drugs must diffuse

through multiple cell layers in the human body before it reaches its intended target.

Direct comparison of 2D and 3D spheroid culture screens confirm differences in

signaling pathways and response to treatment, (Imamura et al. 2015; Riedl et al.

2017). Therefore the establishment of 3D cultures that best resembles the native

tissue for high-throughput screening will greatly improve the accuracy of pre-clinical

trials. Toxicology studies have shown 3D spheroids to be nearly on par with in-vivo

studies for the purposes of testing toxicity of drug compounds (Fey and Wrzesinski

2012). However spheroids are an aggregation of cells with little to no relevant tissue

structure. Recently organoids have emerged as a potentially more physiologically

and clinically relevant 3D culture model.

An organoid is a miniaturized and simplified version of an organ that is similar

in both composition and architecture but can be cultured indefinitely in three

dimensions in-vitro. Importantly they harbour small populations of genomically

stable, self-renewing stem cells that can give rise to fully differentiated progeny

comprising all major cell lineages at frequencies similar to those in living tissue.
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Figure 1.1: The organoid zoo. Plethora of different organoids that have been successfully
grown from primary tissue and/or stem cells. Adapted from Huch and Koo 2015.

They can be derived from one or a few cells from tissue biopsy, embryonic stem

cells or induced pluripotent stem cells, which can self-organize and differentiate

when cultured in 3D in the presence of an extracellular matrix support. A large

library of organoids can now be grown from primary tissue, induced pluripotent

cells or embryonic stem cells encompassing numerous body organs including brain,

kidney, pancreas, oesophagus, stomach and colon (Huch and Koo 2015; Fatehullah

et al. 2016). In some cases, ‘disease’ tissues have also been recapitulated such

as diseased oesophageal (Barrett’s oesophagus), intestinal and colonic epithelia.

More physiologically relevant than monolayer culture models and more amenable

to genetic manipulation compared to in-vivo models, organoids are an important

bridge between traditional 2D cultures and in-vivo mouse/human models, (Yin et al.

2016; Bershteyn et al. 2017; Mills et al. 2017). Intestinal organoids have already

demonstrated the potential of this approach; analysing stem cell behaviour, mod-

elling pathogen-epithelia interactions, gene editing, disease models and orthotopic

transplantations (Sato et al. 2009; Dekkers et al. 2013; Drost et al. 2015; Finkbeiner

et al. 2015; Fordham et al. 2013). These successes has led to efforts to create
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cryopreserved biobanks of healthy and diseased human organoids for foundational

science and translational applications (van de Wetering et al. 2015). At the same

time the potential to grow matched normal and diseased organoids from the same

patient is of great interest for the development of personalised treatments that

can selectively target the diseased tissue with minimal side-effects, (Cantrell and

Kuo 2015; Fatehullah et al. 2016; Pauli et al. 2017).

1.1.3 Automated Analysis for High-Content Screening

High-content, high-throughput experimental methods generates a large amount

of data that necessitates automated analysis. Presently this is however a major

barrier for timelapse datasets. In general there is a lack of simple analytical systems

to robustly, sensitively and quantitatively measure both individual and collective

cellular motion dynamics in varying experimental conditions for 2D and particularly

3D cultures. A suitable computational method for studying cell population dynamics,

including in a medium- or high-throughput manner, should be: (i) robust, i.e. able

to handle inevitable variations in image acquisition and experimental protocol; (ii)

sensitive, i.e. able to detect motion differences resulting from small changes in

environment or stimuli with a minimum number of replicates; (iii) automatic, not

requiring manual intervention except from the initial setting of parameters; and (iv)

unbiased, able to characterise motion (e.g. as a motion ‘signature’) with minimal

assumptions about motion behaviour. Existing approaches including vertex models

(Fletcher et al. 2014; Alt et al. 2017a) (Ch.3.3.3), differential equations (Cai et al.

2007; Markham et al. 2015) (Ch.3.3.3), cellular automata (Mallet and De Pillis 2006;

Hatzikirou and Deutsch 2008; Podewitz et al. 2016) (Ch.3.3.3) and cell tracking

(Padfield et al. 2011; Meijering et al. 2012; Maška et al. 2014; Schiegg et al. 2015;

Masuzzo et al. 2016; Hilsenbeck et al. 2016) (Ch.2.2) have successfully enabled

the assessment of specific biological phenomena (such as individual cell motility or

stresses between cell-cell contacts) but do not fully meet these four criteria, are

limited in scope of application and are difficult to generalise to medium/high content

screening. Specifically, vertex models, differential equations and cellular automata
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are founded on prior modelling assumptions that may not be satisfied for arbitrary

timelapse acquisitions. Cell tracking methods rely on the ability to accurately detect

individual cells over time based on image segmentation and are easily affected by

such factors as plating density, image contrast variations, marker expression, low

resolution image capture or occlusion, especially over long-time acquisitions (e.g. a

week). Particle image velocimetry (PIV) (Ch.3.3.3) can extract motion in dense

monolayers (Szabo et al. 2006a; Petitjean et al. 2010) but subsequent downstream

analysis do not systematically account for variable video quality, collective motion

and global phenomena that occur across large groups of cells such as boundary

formation.

Existing video analysis of cellular motion are narrow in focus, particularly

when considering collective dynamics. Primarily they operate on the independent

comparison of single video statistics concentrating on individual cell motion even in

dense monolayers. Only a few dynamic parameters of interest are extracted using a

small set of videos such as average cell speed and orientation for statistical tests of

significance for a limited set of experimental conditions commonly comprising only

wild-type and knock-out cells, (Das et al. 2015; Masuzzo et al. 2016). Further few

works explicitly attempt to extract a representation suitable as a video descriptor

that can exploit the possibility of clustering videos by motion similarity or to detect

‘abnormal’ motion in the video. Neumann et al. 2006 demonstrate high-throughput

RNAi screening by time-lapse fluorescence microscopy of HeLa cells, but their

approach of reducing trajectory features by clustering can be non-discriminative,

requires prior-knowledge of the classes and the clusters may not hold for new data.

Failmezger et al. 2013 relax the need for pre-specified clusters by using a Hidden

Markov Model (HMM) to learn the different temporal transition states present

in the video. However these HMM methods apply primarily for single cells of

which there are many in a single video and the analysis becomes less interpretable

if there are no clear biological equivalent with the inferred hidden ‘states’ in the

model. They also do not scale well from single to multiple videos. More realistically
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global treatment affects all cell types and certain cell types such as epithelial cells

operate under collective migration in confluent monolayers. Cancer cells exhibit

both individual and collective modes of migration. There is a lack of works that

describe how to represent and measure the complex spectrum of dynamics within

a single video. Zaritsky et al. 2012a compute Local-Binary Patterns and velocity

based vectors over distinct temporal segments as a spatiotemporal descriptor and

showed how this could be used to differentiate between three different experimental

conditions. However this study was limited in replicates with a total of 11 videos for

treated and untreated conditions and the temporal segments were not automatically

found. The descriptors were shown to exhibit clustering of conditions but cannot

be further used to describe the collectiveness in motion. With organoids, variability

in organoid growth using current culture methods, challenges in fluorescent 3D

timelapse imaging due to sensitivity to laser stimulation and difficulties in staining

restrict long-time acquisition to label free microscopy (c.f. Ch.6.2). The resulting

videos capture a birds-eye view of a 3D process in 2D resulting in a 2.5D image

sequence which presents a number of challenges for automated analysis. To the

best of my knowledge there does not currently exist reliable commercial, academic

or open-source software to segment and track organoids and analyse the branching

morphology. Few works attempt any form of video analysis. Instead static snapshots

are segmented on demand through manual or automated means for quantification,

(Robinson et al. 2015; Walsh et al. 2016; Garvey et al. 2016) or only centroid tracking

is attempted using very low resolution videos (Tan et al. 2015). Mathematical

modelling is a more established approach to investigate organoid cellular dynamics

given a set of experimental hypotheses, (Buske et al. 2011; Buske et al. 2012) but

their parameters cannot be fitted to individual video data.

1.1.4 Precision Medicine and Integrative Analysis

The establishment of a high-throughput organoid culture coupled with an automated

analysis framework suitable for high-content screening has immense potential for

personalised medicine. Existing methods primarily only use viability to screen
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Figure 1.2: The challenge of inter- and intra- tumour heterogeneity for cancer treatment.
A) The same tumour can vary between individuals (inter-) and within the same tumour
(intra-) with the presence of different clones. B) Following conventional broadband
treatment such as chemotherapy or radiotherapy resistant clones expand reforming a
heterogeneous tumour.

organoids for further sequencing analysis or use simple shape statistics such as the

area to assess growth dynamics. Both of these approaches however neglect the diverse

organoid morphologies that are hallmarks of the tissue of origin (Fatehullah et al.

2016), (Fig.1.1) that may be perturbed under pathological conditions. For example

van de Wetering et al. 2015 noted that tumor-derived organoids presented with a

range of patient-specific morphologies, from thin-walled cystic structures to compact

organoids devoid of a lumen. The ability to recommend personalised treatment is

particularly important for heterogenous diseases which are a major focus of current

research such as Alzheimer’s disease, diabetes and cancer. For example cancer is a

complex disease involving a progressive sequence of gene-environment interactions

that cannot occur without dysfunction in multiple systems, including DNA repair,

apoptotic and immune functions. Correspondingly it is highly heterogeneous both

within tumours and amongst patients, (Fig.1.2A). In turn this heterogeneity is

the primary cause of tumour resistance and the driver of different responses to

therapeutic treatment. Current broad spectrum treatments such as chemotherapy

and radiotherapy may kill the majority of cells but resistant clones remain which
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Figure 1.3: Precision medicine requires improved quantitative models for describing
individual patient disease. A) Detailed characterisation of the disease status of an
individual must account for the complex hierarchy of information from DNA to protein to
clinical imaging and understand the interrelation at different levels. B) Data is typically
processed and specific features extracted which when concatenated is a descriptor of the
data like a barcode for goods. The informativeness of the feature for patient specificity
can be assessed through clustering. A good descriptor as a representation of the data
clusters together similar patients and can identify outliers.

can expand to reform the heterogeneous tumour causing relapse, (Fig.1.2B).

The understanding of the mechanisms underlying disease heterogeneity is in

general extremely complex involving the interplay of multiple factors across different

molecular signals (DNA, RNA, proteins including epigenetics and post-translational

modifications) and scales (e.g. gene-cell, cell-tissue, tissue-organ, organ-whole

person), (Fig.1.3A). In recent years with technological advances particularly in

sequencing where now entire normal and cancer genomes can be sequenced in a

matter of weeks and at the resolution of single cells, the ability to interrogate

disease mechanistically at different molecular levels and to integrate the information

hierarchically has emerged. The importance of integration is well recognised (e.g.

Barker and Brightling 2013; Ellsworth et al. 2017; Yi et al. 2017). A number of

consortia and public databases have arisen that aim to provide a comprehensive

collection of molecular information. Some of the best known being the Cancer

Genome Atlas (TCGA), the Human Protein Atlas including tissue and cell atlases,

the Allen Cell Explorer, the Genotype-Tissue Expression (GTEx) database, the

Encyclopedia of DNA Elements (ENCODE), the Catalogue of Somatic Mutations

in Cancer (COSMIC) and Genomics England. The construction of integrative,
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quantitative descriptors of disease that incorporates information of biological

processes at all levels along with temporal dynamics promise to better elucidate

the molecular origins and mechanisms of heterogeneity for better risk stratification

than can be provided by high-content screening. For videos to be integrated with

datasets from other modalities, a feature representation of the video motion is

necessary (Fig.1.3B). We hypothesize that an appropriate descriptor for a single

video that sufficiently captures the wealth of motion dynamics present such as

the collective behaviour between cells, cell morphological changes and interaction

between individual cell types is one that facilitates the clustering of videos in a

video collection by motion phenotype (Fig.1.3B). As discussed this is a key missing

feature of current cell motion analysis algorithms.

1.2 Thesis Aims

We aim to develop a systematic motion analysis framework to handle a diverse

set of motion videos with particular focus on cellular motion that uses minimal

parameters, is robust to imaging conditions and works out of the box without

excessive ‘tuning’. It should be suitable for high-content screening of motion. In

particular we aim to develop a representation of the entire video motion that not

only allows for the assessment of individual cell motion metrics but also accounts

for potential emergent collective dynamics and can be used for integration with

additional information modalities such as sequencing. The representation should

be equipped with a consistent mechanism to quantify local dynamical measures

such as average speed within a confluent epithelial sheet and global motion features

such as the boundary formation between two epithelial sheets. Specifically, the

developed framework should demonstrate the following characteristics:

• Theoretically motivated: the basis of analysis and motion extraction are

founded on physical principles which provide robustness of performance. End-

to-end learning schemes requiring a large dataset with extensive annotation is

not pursued in this work.
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• Systematic motion characterization:

1. Individual motion metrics: such as speed, orientation and other trajectory

statistics (Meijering et al. 2012).

2. Collective motion metrics: recognition that cellular movement may be

coordinated over a spatial area.

3. Local and global phenomena: systematic method for quantification of

localized phenomena such as the movement of cells towards a particular

spatial location and global phenomena where cells are coordinated over

a large spatial distance such as the formation of sharp boundaries.

• Motion saliency: the ability to spatially localise significant motion events

in the video, for example spatial locations where cells are attracted to or

repelled from such as the fingers of a pianist and the moving boundaries in a

wound healing assay.

• Motion detection and segmentation: the ability to localise the inde-

pendently moving objects and demarcate their shape and centroid as they

move.

• Motion classification: the ability to construct meaningful signatures for

each video that allows comparison of the video motion content across multiple

experimental conditions and suitable for data integration. We hypothesize

signatures that allow good clustering of video collections are also good high-

level descriptors of video content and suitable for integration, (Fig.1.3B).

1.3 Overview of Thesis Chapters

An overview of the remaining thesis chapters is given for ease of reading. Chapter 2

reviews general approaches for motion extraction, cell tracking concluding with a

general computer vision discussion of ways to represent a video; as a single feature

vector, as a sequence and as a collection of moving objects. Chapter 3 reviews

motion theoretical frameworks for interpreting and understanding the extracted
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motion in a manner that relates to the underlying biological phenomena. Chapter 4

presents our developed framework, motion sensing superpixels (MOSES) that aims

to take the first steps towards capitalising upon both the advantages of theory and

data-driven machine learning approaches for analysing motion. This is achieved by

the local aggregation of motion information using graphs built upon superpixels that

partition the image and sample the motion. We demonstrate the core principles

of MOSES and its limitations by application to a number of different datasets.

Chapter 5 presents an extended case study of MOSES with application to analysing

the complex epithelial interactions between heterotypic cell populations in 2D

cell culture. We study the interaction dynamics at the human squamocolumnar

junction, the interface between the oesophagus and stomach using the respective

immortalised in-vitro human cell lines. Chapter 6 further develops MOSES for

automated analysis of organoid timelapse videos. We show how the framework

permits motion segmentation of individual organoid instances in the video using only

weak initial spatial positioning to allow the assessment of dynamic morphological

changes. We further show how complex organoid branching morphology can be cast

to a particle tracking problem and solved within the MOSES framework. Chapter 7

concludes the thesis by summarising the existing advantages and limitations of the

system and how MOSES can be extended and improved. In particular we discuss

how neural networks could permit end-to-end learning to further scale up MOSES.

1.4 Thesis Contributions

This thesis is the result of a collaborative and interdisciplinary research effort that

lies at the interface of biology and engineering. My contributions can be divided

into three application domains; biological advancement in the development of novel

approaches to analyse a number of biological phenomena, bio-image informatics

advancement in the derivation of new metrics to characterise specific biological

phenomena and advancements to computer vision in the form of a systematic

framework that enables spatiotemporal motion saliency maps, video classification,

object segmentation and tracking. The specific contributions and relevant thesis
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chapters is summarised in Table.1.1. The work of chapter 5 has been submitted

as a journal paper and is under revision. The work of chapter 6 is in preparation

for a journal paper. A patent is pending for MOSES.

Biological Bio-Image
Informatics Computer Vision

Novel segmentation-free
approach for

immunosurveillance in
zebrafish using spatial motion

saliency, (ch.4)

Motion signatures
for collective

motion, (ch.4,5,6)

A consistent framework,
MOSES for i) motion saliency,

(ch.4,5,6) ii) object
segmentation and tracking,

(ch.4,5,6) iii) video
classification, (ch.4,5) iv)
frame classification, (ch.4)
and operates with any

modality.

Novel approach for analysing
two epithelial cell population

interactions, (ch.5)

Boundary
formation index,

(ch.5)

Casting organoid branching
point detection as local strain
extrema and application of
particle tracking to recover

branching (ch.6)
Novel approach for tracking

organoid growth and
migration including organoid
segmentation and branch

tracking, (ch.6)

Motion stability
index, (ch.5)

Mesh disorder
index, (ch.5)

Table 1.1: Table of thesis contributions.
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Motion estimation from a sequence of images is the most fundamental step in

motion analysis. In this chapter we review the key methods to extract motion from

an image sequence for tracking objects. We end by discussing methods for deriving

compact video representations that summarise the entire video motion content to

enable tasks such as video classification and segmentation. The latter capability

is a crucial consideration for data integration as it demonstrates that the derived

video signature has the capacity to group similar motion together in the presence

of noise such as camera motion, appearance variation and microscope illumination.

14
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2.1 Motion Estimation

There are two predominant methods to estimate motion from a sequence of images

i) sparse feature-based methods that track the most distinctive video features and ii)

direct estimation methods from spatial-temporal image intensity variations. Feature

based methods by tracking only a subset of the image pixels are often faster to run

and can better handle changes in viewpoint and large displacements. However being

sparse, its performance critically depends on the feature matching performance and

is not suited to analyse small motions. Direct motion estimation methods overcome

these limitations by estimating the motion for each pixel based on image intensity

assumptions between two images. In this thesis we further categorise direct motion

estimation methods into integral or differential approaches depending on whether

they operate on the summation over or the gradients of image intensities. This is to

better highlight the mathematical distinction between particle image velocimetry

(PIV), an integral approach that is the most popular method for analysing cellular

motion in in-vitro cell cultures and optical flow, a differential method widely used

in computer vision to extract motion from general image sequences. We review

each method in turn with the most emphasis on optical flow, the chosen method

for motion extraction in this thesis. The pros and cons of feature tracking and

direct methods is summarised in Table.2.1.

2.1.1 Feature Tracking

Given two images, in feature tracking, keypoints in each image are identified, the

local image patch is extracted and image features are computed to encode the

patch appearance. Then the image features are matched to infer the relative

motion between the two images, (Fig.2.1). Inherently this process assumes that

the moving object of interest possesses ‘interesting’ points whose local appearance

are preserved temporally and are salient in the image. There is no single definition

of an ‘interesting’ point. Ideally keypoints should be distinctive, and invariant to

scale and illumination. In practice corner-like and ‘blob’ features are used offering

spatial localisation and sparsity. They are efficiently located as the extrema of the
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Approach Pros , Cons / Examples

Feature-
based

• large
displacements • small displacements

Tomasi
and

Kanade
1991

• fast computation • non-rigid motion
• robustness to

illumination
Direct motion
estimation
methods

• small
displacements • slower computation

Farnebäck
2003; Brox
et al. 2009

• smooth motion • unsharp boundaries
• More illumination

sensitive

Table 2.1: Pros and cons of feature-based and direct motion estimation.

Figure 2.1: Feature based image matching for motion extraction. A) Key interest
points are detected in the image. B) Feature descriptors are computed over a local image
patch around the detected interest points. C) Extraction of keypoints and corresponding
descriptors allows matching across two individual images. Images in A)-C) adapted from
VLFeat website, http://www.vlfeat.org/overview/sift.html.
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Figure 2.2: The particle image velocimetry pipeline.

2nd image derivative (Hessian matrix). This is the basis of Laplacian of Gaussian

(LoG) approaches and the Shi-Tomasi corner detector, (Shi 1994). Perhaps the

most well-known feature-based tracker is the seminal Kanade-Lucas tracker (KLT)

(Tomasi and Kanade 1991) which even today is widely used as a robust sparse

tracker. We describe the basic KLT algorithm. 1) Corners are found satisfying

an image Hessian eigenvalue condition as good features to track. 2) For each

corner the displacement to the next frame is computed using Lucas-Kanade image

registration (Lucas and Kanade 1981). 3) The displacement of each corner is stored

and its position is updated accordingly. 4) (optional) Add more corner points

every M frames using step 1. 5) Repeat steps 2-3 and optionally 4. 6) The final

result is a sparse set of trajectories for each corner point. The basic formulation

is not suited for handling large motions. In practice, a multi-scale scheme, the

pyramidal KLT tracker (Bouguet 2001) is used.

2.1.2 Particle Image Velocimetry (PIV)

In the fields of fluid and aerodynamics, tracer particles are used to visualise

the motion field. PIV developed as a method to obtain accurate global velocity

measurements for high-density particle images. For low particle density images,

PIV is similar to particle tracking, (Chenouard et al. 2014). For high particle

densities, correlation-based PIV is used with no image segmentation involved. In

computer vision PIV is also known as block-matching. We describe the latter

correlation approach, (Fig.2.2). To find the motion field, image 1 (time t) and

image 2 (time t + δt) separated by a time interval δt is subdivided into small
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image patches or interrogation windows. The two-dimensional spatial convolution

of a patch from image 1, I1 and image 2, I2 respectively with separation vector

δs = [δx, δy] is then computed:

R(δs) =
x

Image

I1(x, y)I2(x+ δx, y + δy) dx dy (2.1)

This integral can be decomposed into three components, R = RC + RF + RD

where RC(δs) is the correlation of the mean image intensities and RF (δs) is the

fluctuating noise component. RD(δs) is the displacement-correlation peak, the

cross-correlation function that particles in the first image is the identical particles

in the second image. This peak is maximum for δs = [δx0, δy0] where (δx0, δy0)

is the displacement all particles in the interrogation window has moved. The

cross-correlation is efficiently computed with the Fast Fourier Transform and

sub-pixel accuracy is achieved through peak fitting e.g. assuming a Gaussian

profile. Integration is a smoothing operation therefore particle images which

exhibit discontinuous illumination variations is well suited to this integral approach.

Nevertheless incorrect correlation is highly likely, resulting in spurious vectors. It is

common as part of post-processing to remove such outliers (e.g. identifying velocity

vectors that differ from neighbouring vectors) to improve the quality of the inferred

motion field. Further as the whole interrogation window is assumed to experience

the same displacement the accuracy is constrained by the interrogation window

size. Differential motion estimation methods bypass these drawbacks and can utilise

local and global constraints to systematically correct for spurious vectors.

2.1.3 Optical Flow
Theory and Assumptions

Optical flow is the estimation of motion based on the brightness patterns in an

image sequence. Ideally the optical flow should reflect the actual motion however

the estimated motion can also be due to lighting changes without any actual motion

as illustrated in Fig.2.3A. Nevertheless it works extremely well in practice. Only

a concise overview is presented in this chapter. For a more comprehensive recent
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Figure 2.3: Apparent motion is not always the same as the true object motion. A) Left:
The image does not change for a smooth sphere rotating under constant illumination but
the motion is not zero. Right: A fixed sphere is illuminated by a moving light source. The
shading in the image changes giving nonzero optical flow but the true motion field is zero.
B) The barber pole illusion and the aperture problem. The bar or contour within a frame
of reference provides ambiguous information about its “real” direction of movement (3D
rotational motion around axis) and the apparent motion is subject to the shape of the
aperture used to view the motion. A vertically elongated aperture accentuates vertical
motion, a horizontally elongated aperture accentuates horizontal motion.

review see Fortun et al. 2015.

Given two successive images separated in time by δt with image pixel intensities

I(x, y, t) and I(x+δx, y+δy, t+δt) at position (x, y), optical flow estimates for each

pixel the velocity vector,~r = (u, v) describing the speed and direction the pixel moved

across the image. To solve this problem, optical flow makes several key assumptions:

Optical Flow Assumptions

1. Brightness Constancy: the same pixel looks the same in every frame.

I(x, y, t) = I(x+ δx, y + δy, t+ δt) (2.2)

2. Small Motion: pixels do not move very far from one frame to the next and

the time between successive frames is small i.e. δx, δy and ∆t is small, such

that using a Taylor expansion:

I(x+ δx, y + δy, t+ ∆t) ≈ I(x, y, t) + ∂I

∂x
δx+ ∂I

∂y
δy + ∂I

∂t
δt (2.3)
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Subtracting equations Eqn.(2.2) and Eqn.(2.3) yields the fundamental optical

flow constraint equation.

∂I

∂x
u+ ∂I

∂y
v + ∂I

∂t
= 0, u = ∂x

∂t
, v = ∂y

∂t
(2.4)

The gradient terms, ∂I/∂x, ∂I/∂y, ∂I/∂t are known and can be determined

from the data but u and v are unknown. Unfortunately there is only one

equation, therefore one cannot solve for u and v uniquely for each pixel.

This is known as the aperture problem as illustrated by the barber pole

illusion in Fig.2.3B where for edges, depending on the viewing aperture the

“real” direction of movement is ambiguous. To solve this problem, additional

equations need to be generated. This leads to the third assumption, local

spatial smoothness.

3. Spatial Smoothness: pixels move like their neighbours. Departure from

smoothness Esmooth can be quantified by the squared magnitude of the spatial

derivatives of the velocity.

Esmooth =
x

image

((
∂u

∂x

)2

+
(
∂u

∂y

)2 )
+
((

∂v

∂x

)2

+
(
∂v

∂y

)2 )
dx dy (2.5)

Together with an error term quantifying the departure from the optical flow

constraint, Eqn.(2.4)

EOptFlow =
x

image

[
∂I

∂x
u+ ∂I

∂y
v + ∂I

∂t

]2

dx dy (2.6)

(u,v) at each pixel position can be determined by minimising the error

E = EOptFlow + αEsmooth (2.7)

where α is a constant weighting factor balancing the contribution of the error

sources. This is the Horn-Schunck dense optical flow algorithm, (Horn and

Schunck 1981).

Optical Flow Algorithms

Briefly we describe three widely available reliable optical flow estimation algorithms

in increasing performance that improve upon the basic Horn-Schunck algorithm.
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Farnebäck Flow. The Farnebäck flow, (Farnebäck 2003) is a fast, linear algorithm

that solves for the optical flow between two images by modelling each image, I(x, y, t)

with a polynomial equation, e.g. a quadratic function

I(x, y, t) =
[
x
y

]T [
A11 A12
A21 A22

] [
x
y

]
+
[
b1 b2

] [x
y

]
+ c

where the matrix coefficients is estimated from a weighted least squares fit to

the image intensity values in a pixel neighborhood. By equating the polynomial

model of image 2 with a displaced version of image 1 using the constant brightness

condition, I2(x, y) = I1(x+ δx, y + δy), the authors derive an equation that solves

for the displacement at every pixel position [δx, δy]. In practice for robustness to

image noise, the authors additionally parametrise the displacement as a polynomial

and estimate over local image neighbourhoods and at multiple scales. Due to

its local formulation and assumption of a slowly varying motion field, Farnebäck

becomes inaccurate for large rigid objects which are uniformly coloured with sharp

edges such as a car undergoing large displacements. There is no handling of

motion discontinuities. Further, violation of the brightness constancy due to

changing illumination will cause all algorithms based only on the constant brightness

assumption to perform poorly.

Brox Flow. To improve optical flow estimation in the presence of illumination

variations Brox et al. 2009 additionally use the gradient constancy condition

Eqn.(2.8) introduced in Uras et al. 1988.

∇I(x, y, t) = ∇I(x+ δx, y + δy, t+ δt) (2.8)

Whilst brightness constancy is helpful for translatory motion, gradient constancy

is more suited for complex motion patterns. To enable further robustness Brox

et al. 2009 refrain from deviations to the linear model, operating instead on the

original non-linearised brightness constancy constraint and introduce a multiscale

solution where the proposed modified set of optical flow equations, Eqn.(2.9) is

solved iteratively first at a coarse image scale obtained from multiple downsamplings
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and subsequently propagating the coarser solutions as seed solutions for higher finer

image scales until we recover the full solution at the original image resolution.

This scheme is known as coarse-to-fine warping. Lastly they use a modified

L-1 minimisation, Ψ(s2) =
√
s2 + ε2 to reduce the influence of outliers on the

final estimation.

EOptFlow =
∫
image

Ψ(|I(x + ∆x)− I(x)|2 + γ|∇I(x + ∆x)−∇I(x)|2) dx (2.9a)

Esmooth =
∫
image

Ψ(|∇u|2 + |∇v|2) dx (2.9b)

E = EOptFlow + γEsmooth, γ > 0 (2.9c)

where γ is a constant that weights the two contributions, | · | is the vector

magnitude. The smoothness constraint is the same as (2.5) with the modified L-1

minimisation. Minimising E recovers the dense optical flow whose Euler-Lagrange

equations is solved efficiently using a two fixed point iteration scheme. The result

is a more robust optical flow scheme which can also model large displacements.

However it is slower than the method of Farnebäck. For applications that require

real-time processing it might be more desirable to estimate the motion faster at

the cost of a slight decrease in accuracy.

Dense Inverse Search. To solve optical flow in real-time, dense inverse search

was proposed by Kroeger et al. 2016 with very low time-complexity and combines

the idea of feature matching methods with the variational solutions of Horn Schunck,

(Eqn.(2.7)) and Brox Flow, (Eqn.(2.9)). It consists of three parts. The first image is

divided into a regular grid of patches and the displacement for each patch is solved

using an optimized inverse search formulation to find the closest looking patch of

the same size in the second image. A dense displacement field is then obtained

through patch aggregation along multiple scales from the coarse to fine scale as with

Brox flow. At each scale, the displacement field is refined using the same objective

as Eqn.(2.9). Critically, by operating on the patch-level as opposed to individual

pixels combined with an efficient patch correspondence solver, dense inverse search

greatly accelerates dense optical flow computation. Of the three discussed optical
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flow algorithms, it is the fastest implemented method on a single CPU.

As a fundamental problem, optical flow has been widely researched. The

presented algorithms represent only a fraction of those proposed. They are not

state-of-the-art but have inspired the design of recent state-of-the-art algorithms.

We highlight a few of these advancements. Sift flow (Liu et al. 2011) frames

the optical flow solution based on sift features rather than RGB pixel intensities.

This is slow for dense correspondences. Large displacement optical flow (LDOF)

(Brox and Malik 2011) exploit only sparse feature matching to better guide the

Brox variational solution. EpicFlow (Revaud et al. 2015) build upon the sparse

matching with edge-preserving interpolation to initialise a dense flow which is

refined with variational energy minimization. Consequently sharp boundaries are

better preserved. Presently the best performing method on KITTI (Table.2.2)

is Instance Scene Flow (ISF) (Behl et al. 2017) based on learning a conditional

random field (CRF) model comprising image pixels, smoothness regularisation and

instance image segmentations provided by convolutional neural networks (CNNs).

On Sintel (Table.2.2) the best performing method is DC-Flow (Xu et al. 2017)

which uses CNN extracted image features to construct a cost volume that yields

a semi-global matching between two images. The final dense flow is obtained by

improving the EpicFlow interpolation scheme using an ultrametric contour map

(UCM), an image segmentation hierarchy based on boundary finding (Arbelaez

2006). In summary, good, efficient optical flow is obtained by utilising reliable

feature matching, exploiting object boundary cues combined with refinement and

densification by local variational optimization. It is interesting to note that the

best methods do not employ deep networks for motion estimation. Pretrained

image-based CNNs are only used as an optimized feature extractor. However since

end-to-end learning is an interesting area of research for completeness we review

attempts to utilise deep learning to learn optical flow directly from data.
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Dataset No. Frame
Pairs

No. Frames
with Ground

Truth

Ground
Truth Pixel
Density

References

Middlebury 72 8 100% Scharstein and
Szeliski 2002

KITTI 194 194 50%
Geiger et al. 2012;
Menze and Geiger

2015
Sintel 1,041 1,041 100% Butler et al. 2012

Flying Chairs 22,872 22,872 100%
Dosovitskiy et al.
2015; Ilg et al.

2016
FlyingThings3D 21818 21818 100% Mayer et al. 2016

Table 2.2: Table summarising the available optical flow datasets with ground truth
frames.

End-to-end Learning Approaches

With recent technological advancements in GPU architectures and the success of

deep learning approaches in image classification (Krizhevsky et al. 2012; Simonyan

and Zisserman 2014b; Szegedy et al. 2015; He et al. 2016), image segmentation,

(Ronneberger et al. 2015a; Badrinarayanan et al. 2015; Zheng et al. 2015), generative

modelling e.g. pixelCNN, (van den Oord et al. 2016), generative adversarial neural

networks (Goodfellow et al. 2014a; Radford et al. 2015; Odena et al. 2016; Metz et al.

2016) there has been much interest in training neural networks to compute optical

flow directly from an image sequence. A key problem of training neural networks

to compute optical flow compared to image recognition is the difficulty of obtaining

ground truth motion fields for realistic motion. Table.2.2 summarises the popular

datasets available to date. One of the first works which reaches similar performance

to the classical methods presented above was Flownet, (Dosovitskiy et al. 2015).

In the paper, two architectures were proposed, FlowNetSimple (FlowNetS) and

FlowNetCorr (FlowNetC). In FlowNetS, a pair of RGB frames is concatenated and

fed into a U-net (Ronneberger et al. 2015a) like CNN to predict a downsampled

dense optical flow map. In FlowNetC, the two RGB images are fed into two

separate streams with tied weights yielding two separate feature maps whose

correlation is fed into another CNN to predict a downsampled optical flow map as
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in FlowNetS. To overcome data size limitations the authors proposed training on

a synthetically generated dataset of chairs which were computationally displaced

by a known displacement and a background image added to model realistic cases

(Flying Chairs dataset, Table.2.2). The trained networks could subsequently be fine-

tuned for a smaller dataset such as Sintel or KITTI. They found whilst the trained

networks performed well on synthetic animated movies such as Sintel for which

the flying chairs dataset possessed similar motion statistics, in their subsequent

work Flownet2.0, (Ilg et al. 2016) both FlownetS and FlownetC could not handle

small displacements found in real-world applications such as action recognition.

This is somewhat counter-intuitive considering the biggest problem of classical

methods was the estimation of large displacements. To overcome this limitation,

Flownet2.0 separately trains a network on small displacements called FlowNet-SD

which in combination with FlowNetS and FlowNetC greatly improves the optical

flow estimation. At present it is the best end-to-end learnt network on the KITTI

benchmark dataset. Works such as Deepflow (Weinzaepfel et al. 2013) exploit

the hierarchical nature of convolutional networks to extract interest points and

deep feature descriptors for patch based matching between two images in order to

compute the optical flow but do not learn the filters. Instead of coarse-to-fine as

with Brox flow and most multi-scale approaches, this method is sparse-to-dense

with sparse matching first implemented at the original image resolution and dense

matching at the highest level of pooling.

2.2 Cell Tracking

Biological motion analysis predominantly involve some element of tracking in order

to extract cellular motion as cells move singularly or in confluent groups. When cells

are fairly sparse, individual cells can be identified and single cell tracking approaches

can be applied. Single cell tracking has been successful and has proved essential for

understanding the temporal dynamics of cell behaviour e.g. cell lineage tracing and

cell shape changes. In particular cell lineage tracing has been a great success for

automated tracking for example automatic cell lineage tracing in Caenorhabditis
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elegans (Bao et al. 2006), in the development of the plant Arabidopsis thaliana

(Fernandez et al. 2010) and the first cell lineage reconstruction of early Drosophila

melanogaster nervous system development (Amat et al. 2014). When cells are

too confluent the popular literature approach is to use PIV techniques (Sveen

2004; Milde et al. 2012) to extract the dense motion fields for constructing dense

trajectories and averaged cellular motion fields. We discuss the analysis of dense

motion fields in chapter 3. Here we review developed approaches for single cell

tracking which has dominated the field of biological motion research. Single cell

tracking is a highly challenging research problem. Each distinct cell must be

assigned a unique label and this label must be consistently maintained throughout

the temporal motion. Compared to solving this task in the general tracking of

humans and objects from everyday videos (Ch.2.3) this may be an even harder

problem. Unlike natural everyday activity videos, cells are less distinctive. The

same cell type exhibit very similar appearance features with poor contrast to the

image background, poorly defined edges and can undergo highly dynamic shape

changes. Further there are far more instances of the same object in cell images,

10s-100s of cells compared to 1-10s of humans or objects in an everyday scene.

Single cell tracking approaches build upon the development of general object

tracking algorithms which are too diverse to review here (c.f. Smeulders et al. 2014).

Broadly, current methods can be classified into deformable models, state-space

models and segmentation-based object association. Deformable models utilise a

contour evolution approach e.g. a level set or an active contour to obtain the object

boundary in the current frame by evolving the contour from the previous frame.

The object segmentation is typically initialised in the first frame and updated in

subsequent frames. Such contour evolution models fail in applications where objects

undergo sufficiently large displacements or show little overlap between consecutive

frames, (Lou and Hamprecht 2011). They also fail to detect new cells that enter the

field of view. State space models for tracking assume an underlying motion and/or

appearance model of the tracked object. The model expects the object to follow an
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assumed motion pattern but does not necessarily require an accurate segmentation

of the tracked objects. In general they are more computationally demanding due

to the large number of hypotheses required to be able to construct sufficiently

complex observation models for the motion under scrutiny (Meijering et al. 2009).

State space models are, however, better suited to handle larger displacements

(Godinez et al. 2011; Ku et al. 2007). Segmentation based object association

tracking models involve two major processes: object detection or segmentation in

all frames and the subsequent association of objects in different frames to obtain

a tracking lineage. This allows cell tracking to be handled as two separate tasks;

detection and association. Such association methods have been shown to be effective

for cell tracking, to scale well and also achieve high accuracy overall in cell tracking

(e.g. Li et al. 2010; Lou and Hamprecht 2011; Padfield et al. 2011; Bise et al. 2011).

Today it is perhaps the most popular framework for cell tracking and we discuss

some of the developed solutions.

In general there are two common types of imaging modalities for cell tracking;

label-free methods such as phase contrast or DIC (differential interference contrast)

images which are grayscale and consists of the cells and the imaging background

and fluorescently labelled cells where individual cellular components or whole cells

are highlighted with dyes of different spectral wavelengths that can be separated

and visualized as separate colour channels. In the latter the background is not

visible and intensity-based segmentation methods combined with seeded watershed

segmentation yields good individual cell segmentations. Recently neural networks

have emerged as a potentially more consistent framework for cell segmentation.

They show an abilty to extract good features with few training data for individual

cell segmentation in both label-free and fluorescence images combined with data

augmentation training techniques (Ronneberger et al. 2015b; Van Valen et al. 2016).

Importantly the same network can be fine-tuned to enable segmentation of different

cell types with few new labelled data. Following segmentation, cells have to be

temporally linked to produce the final tracking result. This is arguably the most
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difficult process due to the need to account for cells entering or leaving a frame,

merges and splits due to cell division and fusion events, considering that cells

look very similar compared to objects in natural images. The simplest association

method is to link cells to their nearest neighbour across frames. For each frame, the

centroid of each cell together with appearance features (image features such as SIFT

or statistical morphological features such as area) is extracted. Frame-to-frame each

cell is then assigned to its nearest neighbour as determined by their closeness in

appearance feature and spatial proximity. This simple approach does not account

for biological processes such as cell division and merging. The assignment of cells in

successive frames can also be formulated formally as a bipartite matching problem

where given two sets we seek to match the elements of one to the other. Jaqaman

et al. 2008 solves the linear assignment bipartite problem using the Hungarian

algorithm (Kuhn 1955). Padfield et al. 2011 propose a more complex bipartite

matching problem, a coupled minimum-cost flow tracking approach where cellular

events, move, divide, appear or disappear are modelled as additional graph nodes,

edge weights are set by image features and an efficient linear programming solution

used to solve the minimum flow problem to yield the optimal matching for tracking.

Lou and Hamprecht 2011 propose a formal structured learning approach for solving

the same minimum flow theory which extends the move set to include merge and

split moves to account for the frequent under-segmentation and over-segmentation

errors that occur when segmenting closely-packed objects. To further handle errors

due to occlusion, global association methods that link objects over multiple frames

by joining multi-frame trajectories is typically used in post-processing. This can

be achieved by tracklet stitching (Huang et al. 2008; Huang et al. 2013) where

short tracked segments or tracklets are connected via the Hungarian algorithm

and dynamic programming (Bonneau et al. 2005). However they do not consider

possible cell division and cell segmentation errors. Bise et al. 2011 instead formulate

the tracklet association problem as a maximum-a posteriori problem to obtain cell

trajectories and lineage trees. The Viterbi algorithm can also be used to achieve a

globally consistent set of cell tracks, (Magnusson et al. 2015). Inevitably however any
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multi-stage algorithm is suboptimal suffering from irrevocable errors introduced at

each sequential step. Recently Schiegg et al. 2015 proposed a single graphical model

to jointly model segmentation and tracking. Given two successive frames, cells are

first oversegmented using superpixels. Segmentation hypotheses are then constructed

based on hierarchical merging over a tree structure. A spatiotemporal graphical

model is constructed over all cells and all timesteps with overlapping segmentation

hypotheses modelled by intra-frame conflicts and solved. Such a complex model

however is difficult to apply and tune for general datasets. Recently neural network

approaches for cell tracking have been tentatively explored. Ronneberger et al.

2015a uses U-net and a greedy label propagation algorithm to win the 2015 ISBI

cell tracking challenge by a large margin. Critical to the success was the quality

of the cell segmentation which took full advantage of the nuances of the dataset

in question. In general this strategy is not viable where cell density varies greatly

such that cells are no longer well separated, image quality is more variable and

cell division and migration are jointly present without either process dominating.

He et al. 2017 propose a tracking model where given the cell position in the first

frame, a particle filter motion model produces a set of candidate bounding boxes in

the following frames. A multi-task learning observation model using CNNs then

chooses the best candidate bounding box. An optimized update strategy refines the

observation model iteratively to improve tracking performance. Similar approaches

that utilise neural networks as a feature extractor after pre-training is the DLT

tracker of Wang and Yeung 2013. None of the proposed approaches however can

be trained end-to-end. The latter two also only give bounding box or centroid

predictions of location with no further shape information.

Single cell tracking remains a major open problem. A major complication is the

large biological variability exhibited by single cell motion; some cells migrate more,

some divide more, some drastically change shape and the increasingly dominant effect

of confluency as cells divide and their boundaries become overlapped. This presents

significant challenges for developing a holistic model to capture all the possible
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variations across all cell types. The huge lack of well annotated large benchmark

datasets for different cell confluencies and cell types comparable to ImageNet (Deng

et al. 2009) limits the potential of end-to-end learning approaches. A major focus

of this thesis is to investigate situations where solving single cell tracking is not

necessarily required for answering the biological question. In Chapter 6 we show a

situation where single cell tracking can be effectively utilised to track and monitor

individual organoid branches after applying the methods developed in this thesis.

2.3 Video Representations

In its raw form, videos are a chronological sequence of static images. For T frames

and image pixel size of M × N mathematically this is captured by T ×M × N

numbers (dimensions). However this is not a useful way to capture the information

content and a highly redundant representation. Even for moderate image sizes the

number of pixels becomes very large e.g. T = 100, M = N = 256 is 6.6 million

numbers. Successive frames are highly correlated and the pixels themselves have

no notion of the type of motion or the objects within. In video analysis there are

numerous cases where we would like to cluster videos by similarity of motion content.

Statistically this pixel representation is also ineffective. The large dimensionality

suffers from the ‘curse of dimensionality’ where the few significant differences in

pixel values between videos are too insignificant to meaningfully cluster videos

without a significantly large number of videos. For these reasons it is useful to

mathematically operate on the raw pixels to derive a significantly more compact

representation that encodes the useful video information. But this begs the question

what aspects of the information should be encoded? and how can we ascertain the

usefulness of the representation? For both there is no clear answer. The usefulness

of the developed representation is generally assessed through the performance on

different analytical tasks such as video classification and object segmentation for

which different representations may be more advantageous. We discuss broadly

three ways to represent and think of videos in increasing levels of complexity with

respect to two computer vision tasks; i) action recognition, the classification of a
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Dataset Year Actions Background Clips Manually
Labeled?

KTH 2004 6 Static 600 Yes
Weizmann 2005 9 Static 81 Yes
Hollywood 2008 8 Dynamic 430 Yes
Hollywood2 2009 12 Dynamic 1,787 Yes

Olympic Sports 2010 16 Dynamic 800 Yes
HMDB51 2011 51 Dynamic 6,766 Yes
UCF-101 2012 101 Dynamic 13,320 Yes

ActivityNet-200 2015 200 Dynamic 28,108 Yes
Kinetics 2017 400 Dynamic 306,245 Yes

Table 2.3: Table summarising the common video action recognition datasets.

video collection based on recognition of the portrayed human action and ii) object

recognition and segmentation, the identification and demarcation of independently

moving objects in the video spatially and temporally:

Three Ways to Represent Videos

1. Video as a single set of numbers (a single vector): The usefulness is assessed

on the action recognition task.

2. Video as a sequence: The usefulness is assessed on the action recognition task.

3. Video as a collection of individual moving objects: The usefulness is assessed

based on object recognition and segmentation.

For biological motion analysis most studies only consider the videos as containing

a collection of individual moving objects thereby foregoing the potential of the coarse

high-level descriptions provided by the feature vector and sequence representations

which are more useful for clustering and data integration. Perhaps this is primarily

due to the time effort needed to collect a large set of videos for comparison. In

the following, we first describe the specific computer vision task followed by the

most relevant video representation.
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Action Recognition Task

The task of action recognition, the ability to classify a human action based on a

short video clip is one of the best studied video classification task in computer

vision due to its wide application in sports, security surveillance and search engines.

Practically such videos are easy to procure as they are of ‘everyday’ scenes such as

violin playing and easy to associate with as we are very familiar with its content.

Computationally three distinct features of this task makes it an interesting problem

to study for testing good general representations for video as they are common

considerations preserved across all videos. First, a given action can be short, lasting

a few frames or long, lasting for multiple frames. The proposed representation

should have an appreciation of the temporal visual sequence of events. Second, the

action may occur in the presence of background motion and camera artifacts such

as shake or zoom. The proposed representation needs to abstract out the salient

motion. Third, the same action can be shot and present in different videos from

different viewpoints and at different magnifications with different looking humans.

The proposed representation must be robust to such appearance variations.

A large number of action recognition datasets have been collected to date

with increasing numbers of video clips and actions over time as summarised in

Table.2.3. Of the datasets available, the UCF101 and HMDB51 datasets have

been the most popular benchmarks at present in the reported literature. UCF-101

(Soomro et al. 2012) is a general video clip collection acquired from YouTube.

Each video clip is fairly short and captures one of 101 distinct actions. HMDB51

(Kuehne et al. 2013) was introduced slightly earlier than UCF101 with a smaller

set of 51 actions but with clips taken primarily from commercial movies and are

therefore less curated and more realistic. Table.2.4 summarises the result of different

feature learning methods applied to UCF101 and HMDB51. Handcrafted methods

which represent videos as a single vector provide a strong baseline result of 87.9%

(UCF101) and 61.1% (HMDB51) but is surpassed by sequential neural network
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Method Approach Reference UCF101 HMDB51
Acc. (%) Acc. (%)

Handcrafted
Methods

HoF+FV (Laptev et al. 2008) 65.9 39.9
HoG-HoF+FV (Laptev et al. 2008) 75.4 45.6
MBH+FV (Dalal et al. 2006) 81.0 54.7
GBH+FV (Shi et al. 2015) 74.2 44.7

HOG3D+FV (Klaser et al. 2008) 64.7 38.2
IDT (Wang et al. 2013) 85.9 57.2

IDT + higher FV (Peng et al. 2016) 87.9 61.1
IDT + MVSV (Cai et al. 2014) 83.5 55.9

NN
Methods

Deep Networks (Karpathy et al. 2014) 65.4 -

Composite LSTM (Srivastava et al.
2015) 75.8 44.0

Conv LSTM (Carreira and
Zisserman 2017) 81.0 36.0

C3D (Tran-Dinh 2015) 85.2 -

Two-Stream (Simonyan and
Zisserman 2014a) 88.0 59.4

TSN (Wang et al. 2016) 94.2 69.4

Two-Stream I3D (Carreira and
Zisserman 2017) 98.0 80.7

Table 2.4: Table summarising the performance of various action recognition algorithms
adapted from Caetano et al. 2017. Acronyms are as follows: HoF - histogram of optical
flow, HoG - histogram of oriented gradients, MBH - motion boundary histogram, GBH
- gradient boundary histogram, FV - Fisher vector, IDT - improved dense trajectories,
MVSV - multi-view super vector, NN-neural network, LSTM - long short term memory,
C3D - convolution 3D, TSN - temporal segment networks, I3D - inflated 3D.

methods that better exploit the temporal correlations c.f. Two-Stream I3D, 98%

(UCF101) and 80.7% (HMDB51).

2.3.1 As a Single Feature Vector

The video is regarded as a single entity and the objective is to summarise the entire

video content in a single numerical vector which can be used for classification. Prior

to deep neural network approaches, this was the default method for representing

videos since the downstream machine learning classifier after feature extraction

was typically a support vector machine (SVM) or random forest that require single

vector inputs per video. Each video frame is typically treated independently, a

series of handcrafted features would be extracted from the image itself and from the

corresponding optical flow with respect to the next frame. Subsequently the features
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would be concatenated into a single vector. To reduce the resulting vector dimension

which can be very large for long videos to better measure similarity, dimensional

reduction such as principal components analysis (PCA) or more commonly a feature

pooling method such as Bag of Words or Fisher vector encoding would then be

applied. We describe the most common set of derived handcrafted motion features

below. All (HoG, HoF, MBH and GBH) are based on encoding the image or optical

flow appearance using gradient histograms.

Histogram of oriented gradients (HoG). Histogram of oriented gradients

was first proposed for images and achieved success in the detection of humans,

(Dalal and Triggs 2005). It assumes that local object appearance and shape is

well characterised by the image edges similar to SIFT (Lowe 1999). The image

is subdivided into small spatial regions (“cells”). Over each cell a weighted 1d

histogram is formed based on the magnitude and discretized orientation of the local

image gradient. For better invariance to illumination, contrast normalisation of

the histogram is applied by accumulating a measure of local histogram “energy”.

The final descriptor is constructed from the concatenation of the individual cell

histograms. For videos a spatiotemporal cell can be used averaged over a few frames.

Histogram of optical flow (HoF). Histogram of optical flow is similar to HoG.

Instead of using the image, the optical flow is used instead.

Motion Boundary Histogram (MBH). The optical flow represents the in-

ferred absolute motion between two frames and therefore contains motion from

many sources such as foreground object motion and background camera motion.

The motion boundary histogram, (Dalal et al. 2006) separates the vertical and

horizontal components of the optical flow. HoG-like histograms are derived for each

independently and then concatenated into a single feature vector.
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Gradient Boundary Histograms (GBH). Instead of image gradients, time-

derivatives of image gradients are used instead to emphasize moving edge boundaries.

For each frame, image gradients are computed and temporal filtering applied over

two consecutive gradient images. The magnitude and orientation of each pixel are

then used to build a histogram of orientation as in HOG.

Improved dense trajectories (IDT) recognises the importance of extended tem-

poral continuity and enforces this by computing motion features along tracked

trajectories found by tracking a local image patch with dense optical flow. It

is the best handcrafted method.

Improved Dense Trajectories (IDT). Dense trajectories, (Wang et al. 2011a)

was designed to improve upon the above descriptors by first tracking a dense

set of initial points to generate a set of trajectories, T where each trajectory

is the concatenated (x, y) positions of a point (denoted Pt = (xt, yt)) updated

from frame t to t + 1 after median filtering M of the dense optical flow field O,

Ti = {Pt, Pt+1, Pt+2, ...} where Pt+1 = (xt+1, yt+1) = (xt, yt) + (M ∗O)|(x̄t,ȳt). Each

trajectory is described by a sequence S = (∆Pt, ...,∆Pt+L−1) of displacement vectors

∆Pt = (Pt+1−Pt) = (xt+1−xt, yt+1−yt). The vector is normalised by the sum of the

magnitudes of the displacement vectors S ′ = (∆Pt,...,∆Pt+L−1)∑t+L−1
j=t ||∆Pj ||

. This vector is known

as the trajectory descriptor. The trajectory vector is augmented with HoG, HoF and

MBH descriptors computed at each point along the extracted trajectories. In this

manner, temporal continuity is naturally enforced. The length of each trajectory

is limited to L frames to minimise drift in tracking. After L frames, tracks are

removed. New sample points are added to ensure denseness throughout tracking if

no tracked point is found within a W ×W pixel neighbourhood. Improved dense

trajectories improve upon the original dense trajectories by estimating and removing

the camera motion contribution after removal of points belonging to the humans,

an idea first proposed in Jain et al. 2016b.
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We describe in more detail the two common pooling strategies based on clustering,

Bag of Words and Fisher vector encoding that are applied after initial feature

extraction for handcrafted methods.

Bag of Words (BoW).

The idea of bag-of-words models was first introduced to capture document word

frequencies. Given a finite set of words or vocabulary, the bag-of-words model

quantitatively describes each document by the histogram formed by counting the

number of occurrences of each word in the vocabulary. For image analysis an image

can be regarded as a document from which features around keypoints is detected,

extracted and clustered using K-means to define a vocabulary over features. Then

as with text documents a histogram can be constructed using the frequency of each

feature with nearest neighbour assignment in feature space. Conceptually BoW aims

to describe an image with a dictionary of ‘prototypes’ that is representative of the

data. BoW is often applied on the extracted features from the above handcrafted

methods to improve performance.

Fisher Vector Encoding (FV).

Instead of K-means clustering for learning the codewords, the Fisher encoding uses

GMM (Gaussian Mixture Models) to construct the visual word dictionary yielding

for each of the K cluster centres a mean uk and a covariance vk vector. The vectors

uk, vk for each of the K centres is stacked to form the image FV encoding. For very

high-dimensional feature vector inputs it is common to first apply PCA to reduce

dimensionality before computing the FV encoding. FV in generals delivers better

performance than the BoW model.

Due to the use of clustering to learn cluster centres for histogram derivation,

both approaches trades off temporal context for greater robustness in the derived

features. For example the use of FV yields a 2-3% improved performance over

normal IDT, (Table.2.4). Can neural networks with end-to-end learning capability

discover a better representation for the data? Deep Networks was one of the first
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Figure 2.4: Action recognition neural network architectures.

neural network attempts. Karpathy et al. 2014 essentially reformulate the frame-by-

frame image feature extraction and feature pooling into a neural network that can

be trained with backpropagation. Pretrained CNNs are used to extract a feature

descriptor for each of a few sampled video frames and a fully connected layer serves

to combine the individual frame features to yield a single feature vector for single

action prediction. From Table.2.4, this strategy is only comparable to HoF+FV.

This underscores the critical importance of temporal correlations. Subsequent works

have aimed to exploit this to various degrees with different architectures. All the

different neural network architectures presented is illustrated in Fig.2.4.

2.3.2 As a Sequence

To better exploit the temporal nature of videos, two approaches have emerged that

utilise neural network learning. The first idea is the use of recurrent neural network

(RNN) modules such as long short-term memory units (LSTM) to sequentially

combine and process CNN extracted image features. One of the earliest attempts,

composite LSTMs (Srivastava et al. 2015) use a two-step pure LSTM approach
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where an LSTM encoder-decoder network is first trained to learn an image feature

encoder which is used in a second LSTM network for prediction. LSTMs cannot

exploit the hierarchical representation within images that CNNs can and therefore

restricts the maximum image area. Applying LSTMs on the extracted CNN

features leads to improved but not significantly improved performance on UCF101,

Table.2.4 (Conv LSTM). The performance is still not on par with handcrafted

IDT. This may be due to information loss in the extracted CNN features. The

CNN feature extractor is typically pretrained on static image classification which

while yielding strong baseline results, does not fully capture the cues required for

temporal recognition. Can we more directly operate on the pixel level information

and delay pooling of information until the prediction step? The second idea is to

sequentially process spatial-temporal volumes either through the use of stacked

inputs e.g. stacking several RGB frames or optical flow images together or via 3d

convolutional kernels. Exploiting stacked optical flow and separately processing

motion and appearance through two independent CNN networks before fusing their

predictions, Feichtenhofer et al. 2016 reported comparable performance to IDT

with higher level FV. One might expect based on this that direct optimization

over space and time may further improve accuracy. C3D used 3d convolutional

kernels directly on the RGB images but do not achieve gains over the two-stream

network architecture on UCF101 and HMDB51, (Table.2.4). There are several

practical reasons a 3d CNN operating on only RGB images may underperform. One

is that the convolutional kernel size dictates the maximum temporal window length

to interrogate motion and introduces more parameters to fit compared to image

stacking which introduces none. With data overfitting issues, the small size of the

UCF101 dataset effectively restrict the network training to smaller temporal kernel

sizes and shorter training times. Second, successive RGB input frames looks like

jitter. It may be too difficult a problem to expect the neural networks to learn both

the motion and appearance of a diverse set of actions starting from random weight

initialisations considering the difficulty in learning only the frame-to-frame optical

flow (Ch.2.1.3). Temporal segment networks, (Wang et al. 2016) propose a solution
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Figure 2.5: Evolution of the complexity of segmentation from coarse-to-fine. Adapted
from Garcia-Garcia et al. 2017.

to utilise longer temporal information by breaking the total video length into equal

duration temporal segments. From each segment, random video snippets is sampled

and fed to two-stream networks to produce snippet-level prediction of action classes.

A consensus function such as averaging is then used to separately aggregate spatial

and temporal snippet scores into a single video-level action prediction. The authors

further explored additional modalities as input to the neural network i) warped

optical flow, the optical flow after camera motion correction used in IDT and ii) RGB

image differences, a less expensive motion estimation of two frames compared to

more expensive optical flow. Presently the best action recognition results reported on

UCF101 and HMDB51 is the impressive work of Carreira and Zisserman 2017 whom

convincingly demonstrate that the use of a two-stream inflated 3D convolutional

network yields significant improvement following pretraining on a larger annotated

video dataset, Kinetics. Their work yields two important observations, i) end-to-end

learning requires very large annotated datasets, ii) 3d convolutional networks can

be built by copying already trained 2d convolutional kernels (inflating) to alleviate

overtraining concerns. Wherever possible the provision of additional cues such

as optical flow is more advantageous than training on only raw RGB images. In

conclusion, the optimal video representation should sufficiently capture both the

spatial appearance and temporal continuity in the final video encoding.

Object Detection and Segmentation Task

Object detection and segmentation is the problem of automatically finding the

‘important’ objects in an image and demarcating their boundaries in an image.
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At the same time identified objects should be classified into type e.g. from the

view of a moving vehicle automatically identifying and delineating the road, trees,

pedestrians etc. For videos this problem needs to be solved from frame-to-frame and

the same label given to the same object through time. In general object detection

and segmentation is a challenging task that is still intensively being studied. It

is often not possible to precisely segment the boundaries of all object instances

given the presence of artifacts such as visual occlusion, multiple objects overlapping,

illumination changes, objects entering and leaving in addition to background changes.

Depending on the precise nature of the question, object detection and segmentation

can be achieved at different levels that scales in difficulty, (Fig.2.5): i) detecting

the presence of different object classes in the image (classification), ii) detecting

every distinct instance of a class using bounding boxes (object localization), iii)

delineating the boundaries of each object class (semantic segmentation) and iv)

delineating every object instance (instance segmentation). The most well established

solution to these problems is to adapt image based techniques where large annotated

datasets such as Pascal VOC, (Everingham et al. 2010) and COCO challenges,

(Lin et al. 2014) are available. The algorithms are applied frame-to-frame. Label

propagation or object association approaches as used in cell tracking above are

then used to provide the final consistent labelling across frames. A recent dataset

specifically for video object segmentation is the DAVIS challenge (Pont-Tuset et al.

2017). An extensive review of all aspects is beyond the scope of the thesis. We

focus on works for object localization and instance segmentation below, the two

most relevant for biological cellular motion videos.

2.3.3 As a Collection of Individual Moving Objects

Using object detection and segmentation a video can be viewed as capturing

the movement of a collection of distinct objects. Whereas the previous feature

vector and sequence representation of videos can be seen as coarse descriptions

that is very useful for comparing different videos and for data integration such

as with the corresponding audio features, (Jiang et al. 2017), individual object
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identification provides the necessary finer granularity to enable the characterisation

of motion interactions between individual entities within the video that would not

otherwise be captured as distinctly at the global level of video classification. In

doing so this representation can help explain why particular videos were clustered

together when the feature vector or sequence representation was used. This aspect

is particularly important in biological cellular imaging where we wish to probe

the dynamic interplay between multiple cell types and for organoid growth where

the local number of organoids may lead to competition for growth factors. Given

the large variability in biological imaging whilst precise instance segmentation

is the most ideal yielding valuable morphological information, this may not be

possible in which case the next best alternative is to approximate the localisation

via detection. For example, in single cell tracking we might not be able to capture

the highly dynamic cell shape changes depending on the staining quality and

confluency but we might be able to track the spatial location from the nuclei

staining and this information along with an approximate area may be sufficient

as input to an improved analysis. In surveillance for example, a facial detector is

first applied to approximately locate the areas of individual faces with bounding

boxes. The bounding boxes are subsequently cropped, the captured face is aligned

to a standard orientation and a facial features algorithm applied to the single

faces to classify facial emotion or for facial person recognition. This is termed the

Detection-Alignment-Recognition pipeline (DAR) (Huang et al. 2007). Below we

discuss object detection followed by instance segmentation. The discussion is most

relevant to Chapter 6 for automatic organoid analysis.

Object Detection

The most prevalent approach for object detection is to first automatically generate

numerous region proposals where each proposal is likely to contain an object. The

bounding boxes of the regions are then computed, image features are extracted

and fed into a trained classifier to score the region for object-ness and object

classification. Non-maximum suppression is applied in postprocessing to filter out
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overlapping bounding boxes. The region sizes are not fixed in the region proposal

but are allowed to vary in size in order to allow localisation of all objects of different

scales. A key part of the success of this approach is the ability to generate good

category-independent region proposals that cover all objects of interest. Prior to

deep learning approaches, state-of-the-art methods for generating proposals include

objectness (Alexe et al. 2012), selective search (Uijlings et al. 2013), category-

independent object proposals (Endres and Hoiem 2010), constrained parametric

min-cuts (CPMC) (Carreira and Sminchisescu 2010) and multi-scale combinatorial

grouping (Arbeláez et al. 2014). These methods have since been superseded by

neural network methods which yield superior performance. The first attempt is

that of R-CNN by Girshick et al. 2014 which simply replaces handcrafted feature

extraction with that of an ImageNet pretrained CNN network, VGG16 (Simonyan

and Zisserman 2014b) and achieves a mean average precision (mAP) of 53.7% on

PASCAL VOC 2010. For comparison, Uijlings et al. 2013 achieves 35.1% mAP using

the same region proposals, and a handcrafted spatial pyramid and bag-of-visual-

words approach. Subsequent work with fast R-CNN (Girshick 2015) and faster

R-CNN (Ren et al. 2015) replace the initial R-CNN network with more trainable

modules. Notably in faster R-CNN the region proposal could directly be cast as

a neural network module to enable the network to learn to generate high-quality

region proposals for object detection. Another notable neural network approach is

YOLO (You Only Look Once), (Redmon et al. 2016) which is capable of real-time

object detection. Similar to faster R-CNN YOLO combines region proposal and

classification into one network. Unlike faster R-CNN however, YOLO imposes

constraints on the bounding box and models detection as a regression problem. The

input image is divided into an S×S grid. Each grid cell predicts B bounding boxes,

confidence for those boxes, and C class probabilities. These are combined to form

the final prediction. The resolution of the class probabilities is naturally dependent

on the S × S discretization. The authors report for YOLO more localization errors

but reduced prediction of false positives on the background. Object detection is

often exploited to guide the instance segmentation solution.
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Instance Segmentation

Instance segmentation attempts to identify and classify all the different objects in

an image. Its automation is non-trivial, both the number of instances is initially

unknown and the evaluation of predictions cannot be conducted in a pixel-wise

manner. For static images most progress has been made in the deep learning era.

All are based on the idea of first generating regions that localise the objects of

interest.

One early solution is the simultaneous detection and segmentation (SDS) method

of Hariharan et al. 2014. Bottom-up hierarchical image segmentation and an object

candidate generation process, (Multi-scale Combinatorial Grouping) is used to

obtain region proposals. For each proposed region, features are extracted using

R-CNN fine-tuned on MCG produced boxes and region foreground features and

classified by linear SVM followed by non-maximum suppression. Pinheiro et al.

2015 improved upon this with DeepMask, an object proposal method where a CNN

predicts jointly for an input patch a segmentation mask and the probability that

the patch contains an object. Both tasks are jointly learnt in a single network

with the last layers being task-specific. Using this as a starting point the same

authors presented an architecture for object instance segmentation via a top-down

refinement process, (Pinheiro et al. 2016) that merge low-level features with high-

level semantic information from upper network layers to yield better performance

in speed and accuracy. Zagoruyko et al. 2016 further developed MultiPath classifier

using Fast R-CNN as a starting point and DeepMask object proposals. To improve

localization an integral loss was used with foveal regions to provide context and

skip connections for multi-scale features. Presently the highest ranked method in

COCO segmentation challenge 2016 is that of Li et al. 2016b whom developed a fully

convolutional instance segmentation network (FCIS) that can be trained end-to-end.

Notably it jointly detects and segments all object instances simultaneously instead

of in two separate steps. This is achieved using a score map. Given a region

proposal, each pixel within solves two tasks: 1) detection: whether it belongs to
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an object bounding box at a relative position (detection+) or not (detection-); 2)

segmentation: whether it is inside an object instance’s boundary (segmentation+)

or not (segmentation-). Importantly their joint formulation fuses the two answers

into two scores: inside and outside. By analysing three cases of the inside and

outside scores both detection and segmentation is jointly assessed: 1) high inside

score and low outside score: detection+, segmentation+; 2) low inside score and

high outside score: detection+, segmentation-; 3) both scores are low: detection-,

segmentation-. The two scores answer the two questions jointly via softmax and

max operations. The region proposals can be supplied by a region proposal network

to enable end-to-end training.

For video, a major problem for frame-to-frame instance segmentation approaches

is that each image is treated as an independent observation, yet successive frames are

highly correlated in information content. For videos with minimal subject occlusion

between frames and minimal illumination changes, frame-by-frame segmentation

yields acceptable results where the segmentation is generally stable and consistent

over multiple frames. However this strategy is unstable for videos where objects

constantly leave and enter the field of view. The frame-by-frame segmentation

technique no longer find the same salient features for classification. This can be

a major problem in biological imaging such as cell tracking, ultrasound and CT

where image appearance are more homogeneous and noisy than natural images and

conditions can change abruptly between image stacks with uneven illumination,

reduced edge contrast and image textural changes. Alternatively temporal informa-

tion can be explicitly exploited for segmenting moving objects based on the Gestalt

principle of common fate: points that move similarly likely belong to the same

object. Of particular note is the approach of Brox and Malik 2010 whom extract

and cluster the motion trajectories derived from dense optical flow tracking. Like

the dense trajectories (Wang et al. 2011a) used for action recognition, seeded points

are tracked for as long as possible, provided they satisfy a consistency check; in the

absence of occlusion, the backward flow vector points in the inverse direction as
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the forward flow vector. New points are uniformly reseeded in the resultant empty

areas and tracking is resumed. By virtue of the temporal continuity enforced in

the trajectory definition, the resultant segmentation based on spatially regularised

spectral clustering of trajectories is also temporally consistent. Occlusions can

thus be handled. In addition through temporal continuity, points that initially

do not move much can also be grouped. Fragkiadaki et al. 2012 propose the

tracing of discontinuities following trajectory embedding for segmentation instead of

direct trajectory clustering. Additionally they introduce the notion of context-aware

trajectory saliency using the embedded neighbourhood to better separate foreground

and background pixels. Finally they densify the trajectory clustering using Gabriel

graphs, a subgraph of the Delaunay triangulation based upon an extracted set of

line segments using a contour finding algorithm such as Pb (Martin et al. 2004;

Maire et al. 2008). The Gabriel graph gives Gabriel superpixels and trajectory

clustering induces a labelling on the superpixels where the labelling assignment

is solved with graph cuts to give the final instance segmentation. Recently with

the introduction of the DAVIS video object segmentation challenge dataset, a few

works have explored the extension of image instance segmentation to video instance

segmention with neural networks. All works share the basic idea of propagating the

initial frame segmentation to subsequent frames. The winning entry in 2017 was Li

et al. 2017 whom propose two modules i) mask propagation and ii) re-identification

to handle problems of drift, large displacements and occlusion. The modules are

trained in a multiple step fashion and then applied to the video sequence in a fairly

complex iterative fashion. First an initial segmentation of the objects is obtained

from the first frame and these masks are propagated through the entire video. A

second pass uses iterative bidirectional (forward and backward in time) application

of the re-identification module to separate merged masks and the mask propagation

module to re-propagate corrected masks. They report a final global mean (Region

Jaccard and Boundary F measure) of 0.699. In comparison the winning entry for the

2016 competition with single object instances in the video scored a final global mean

of 0.855. Being the first year of the multiple object challenge, it is safe to assume
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there will be more progress to come in terms of architecture and implementation

simplification and extensions to end-to-end training.

Having identified and segmented the objects in the video, for biological imaging

we would subsequently like to analyse their motion and relate it to potential

biological phenomena and physical parameters of interest. In the next chapter

we review such quantitative models.

2.4 Summary and Conclusions

• Motion can be extracted from a video by tracking a sparse set of features
or agnostically estimated directly from the image intensity variations
between successive images using PIV (particle images) or optical flow
(general images).

• Single cell tracking is essential for the construction of cell lineage and
quantification of shape changes but performance is greatly affected by
the quality of image segmentation and temporal linking of cell identity.

• For motion analysis, PIV can be applied to confluent cell monolayers to
extract dense motion fields that capture the local motion patterns.

• A video content can be represented:

1. for classification:
– as a single feature vector
– as a sequence

2. for object level characterization and interaction analysis:
– as a collection of distinct objects

• State-of-the-art methods for both tasks utilise deep learning approaches
that jointly exploit spatial appearance given by the RGB image frames
and temporal motion cues provided by dense optical flow.

• For biological motion analysis, cell tracking is an object collection
represention. The single feature vector and sequential representation is
underexplored in biological motion analysis.

• No consistent framework at present to represent a given video as a
single feature vector, as a sequence and as an object collection for video
classification and object segmentation.
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The previous chapter discussed methods to extract motion given a sequence of

images and how to process the estimated motion to perform video segmentation and

object tracking using feature engineering and learning. A key problem with such

machine learning methodologies is the difficulty of linking the derived features to the

underlying physical and biological phenomena of interest in cellular motion videos.

In this chapter we review models derived from mathematical and physical principles

that aim to theoretically interpret the extracted motion with biologically relevant

measurements. We start by introducing the microscopic theory of transport which

47
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Figure 3.1: Illustration of the spatial and temporal scale of different quantitative motion
analysis models. Right of the axis lists examples of the different motion phenomena that
can be assessed at the respective temporal scales.

models cells as non-interacting particles. We then discuss Lagrangian theory which

analyses how particles move in relation to their local neighbours. Finally we discuss

the collective motion phenomena where particles/cells can spontaneously coordinate

over large spatial areas and time. These models can be roughly illustrated on a

spatio-temporal axis to highlight the spatial and temporal scales of phenomena

they typically can be used to capture, (Fig.3.1).

3.1 The Microscopic Theory of Transport

The microscopic theory of movement is based on the consideration of the movement

of the particles. It attempts to relate measurable parameters of the global system

behaviour such as the diffusion coefficient to the motion of the constituent particles

in the fluid (liquid or gas). In particular it theoretically motivates the use of the mean

squared displacement (MSD) in the characterisation of diffusion. However it should

be noted that using the MSD to characterise single particle trajectories in practice

has been found to not always be reliable for motion classification (Briane et al. 2017).
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3.1.1 Diffusion and Mean-Squared Displacement

The diffusion of particles is often described with Fick’s 2nd law, a phenomenological

rule,
∂n

∂t
= −D∇2n (3.1)

where n is the number of particles, D is known as the self-diffusion coefficent and is

treated as a material constant. But how does D relate to the atomic motions of

the particles within a material or fluid? This problem was first solved by Albert

Einstein in 1905 for fluids relating D with the mean squared displacement of a

particle.

The mean squared displacement is defined for a system of N particles with

positions r and time t as

〈∆2 r(t)〉 = 〈(ri(t)− ri(0))2〉 (3.2)

where 〈·〉 is the ensemble average and i a particle index. To find an expression

for this equation we need to know how the particle positions at the initial time

t = 0 is related to their positions at time t later. In general we can express this

relation in the form of a Taylor series

r(t) = r(0) + d r(0)
dt

t+ 1
2
d r2(0)
dt2

t2 +O(t3) (3.3)

Substituting into Eqn.(3.2) we have

〈∆2 r(t)〉 = 3v2
0t

2 +O(t3) (3.4)

where v0 is the ideal gas thermal speed, v0 = kBT
M

, kB is the Boltzmann constant,

M is the mass and T the temperature for a system at equilibrium. Thus for short

times irregardless of the state of matter the MSD scales quadratically. At long

times this behaviour differs in liquids and solids where particles are packed more

closely. In a liquid a particle continually undergoes collisions with its neighbours as

it diffuses through the liquid whereas in solids the motion is vibratory rather than

diffusive as particles are constrained by the lattice forces. We proceed to derive
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the Einstein diffusion equation for liquids. In a liquid where no other forces are

assumed to act on individual particles other than those due to random collisions,

the motion of a liquid molecule is governed by the Langevin equation.

m
d2 r
dt2

= −γ d r
dt

+ σζ(t) (3.5)

where m is the particle mass, γ is a viscosity term (Stoke’s Law) and σζ(t) a

noise term with magnitude σ. The corresponding stochastic differential equation

given by the Fokker-Planck equations is

∂

∂t
p(r, t| r0, t0) = ∇2 σ

2

2γ2p(r, t| r0, t0)

If we assume σ and γ are spatially independent we obtain the celebrated Einstein

diffusion equation.

∂

∂t
p(r, t| r0, t0) = σ2

2γ2∇
2p(r, t| r0, t0) (3.6)

Noting that the MSD can be expressed in terms of an integral with respect to the

particle probability distribution and considering an infinite, volume Ω:

〈(r(t)− r(0))2〉 =
∫

Ω
d3 r(r(t)− r(0))2)p(r, t| r0, t0) (3.7)

Integrating over Eqn.(3.6) similarly,

d

dt
〈(r(t)− r(0))2〉 = σ2

2γ2

∫
Ω
d3 r(r(t)− r(0))2)∇2p(r, t| r0, t0) (3.8)

Applying Green’s theorem for two functions u(r) and v(r) with an infinite volume

and considering the fact that p(r, t| r0, t0) must vanish at infinity we have

d

dt
〈(r(t)− r(0))2〉 = σ2

2γ2

∫
Ω
d3 r p(r, t| r0, t0)∇2((r(t)− r(0))2) (3.9)

with ∇2((r(t) − r(0))2) = 6 this is just

d

dt
〈(r(t)− r(0))2〉 = 6 σ

2

2γ2

∫
Ω
d3 r p(r, t| r0, t0)

The right hand side integral evaluates to 1 by definition therefore

〈∆2 r(t)〉 = 6Dt (3.10)
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Figure 3.2: Ideal curves for solids, liquids and gases. A) Mean squared displacement
curves. B) Velocity autocorrelation curves.

where D = σ2

2γ2 is the diffusion coefficient. Thus for a liquid, at long times D varies

linearly with MSD and can be directly estimated from the particle positions.

D =
[ 1
6t〈∆

2 r(t)〉
]
t→∞

(3.11)

The characteristic shape of the MSD for the three idealized systems of gas,

liquid and solid is illustrated in Fig.3.2. The primary feature is a quadratic time

dependence at all times for the gas, for the liquid a linear time relationship at

long times, and for the solid a relaxation to kBT/mω2 where ω is the vibrational

frequency of the solid.

Using the mean squared displacement to characterise the diffusive behaviour

of cells is a popular method where the MSD can be described by a power law

with respect to time, 〈∆2 r(t)〉 ∝ ∆tα and the exponent α is used to indicate

subdiffusive (α<1), diffusive (α=1), superdiffusive (α>1) and ‘ballistic’ (α=2)

motion (c.f. Ch.5.2.2). However there are several drawbacks to this approach in

practice that limits its applicability. Strictly speaking, MSD should be applied

to singularly tracked particles which can be difficult given the available imaging

quality. Secondly, cells are not point-like and have area which can diffuse. Thirdly,

cells can undergo events such as collisions and fusions with other cells. This

necessitates other approaches to estimate diffusion coefficients. One approach is

through exploiting correlation functions as discussed below. More recently Basset

et al. 2017 demonstrated how to accurately recover biophysical parameters such as



3. Models for Quantitative Motion Analysis 52

the diffusion coefficient from noisy fluorescent images and in the presence of cellular

events by appropriate modification of Fick’s 2nd law (Eqn.(3.1)).

3.1.2 Diffusion and Time Correlation Functions

The diffusion coefficient can also be linked to the time correlation between individual

particle positions (Green 1954; Kubo 1957). Consider the mean square displacement

of a typical particle in a fluid at equilibrium, 〈∆2 r(t)〉 = 〈[r(t) − r(0)]2〉. Using

the relation, r(t) − r(0) =
∫ t
0 v(t′)dt′ we have,

〈∆2 r(t)〉 =
∫ t

0
dt′
∫ t

0
dt′′〈v(t′) · v(t′′)〉 (3.12)

The term in the integrand is known as the velocity autocorrelation function. It

can be shown after using the change of variable, τ = t′ − t′′, dτ = −dt′′ and

interchanging the order of integration that

〈∆2 r(t)〉 = 6v2
0

∫ t

0
dt′(t− t′)ψ(t′) (3.13)

where ψ(t) = v(t)v(0)
v(0)v(0) is the normalized velocity autocorrelation function, 〈v(0)v(0)〉 =

3v2
0 and v0 =

√
kBT
m

the thermal speed of an ideal gas. From Eqn.(3.11) we know

that the self-diffusion coefficient D is related to the MSD therefore

D = v2
0

∫ ∞
0

ψ(t)dt (3.14)

The area underneath the normalized velocity autocorrelation is the diffusion

coefficient. The significance of this equation is in relating the thermal particle

fluctuations in the fluid at equilibrium to an out of equilibrium global transport

coefficient. Similar relationships hold for other transport coefficients such as viscosity

and are all mathematically captured by the Green-Kubo relations, (Green 1954;

Kubo 1957).

The shape of the autocorrelation function reveals the degree of interaction

of particles within an isotropic system with different characteristic shapes for

different states of matter, (Fig.3.2). For a dense gas there are many collisions
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and ψ(t) exhibits a characteristic exponential decay. As the system becomes more

dense, ψ(t) decreases faster in time due to more frequent collisions. For a liquid,

molecules are in constant interaction with nearby neighbours and the forces exerted

by these neighbours are sufficiently strong to keep the molecule ‘caged’ within a

local region. Large fluctuations in the liquid prevent long term capture and the

trapped molecule is able to diffuse away. The ‘cage effect’ is revealed by ψ(t)

becoming negative over a certain time interval.

3.2 Lagrangian Theory of Motion

The mean squared displacement and autocorrelation functions from the microscopic

theory of transport is very popular and widely used to characterise the bulk motion

properties of a fluid and cell monolayer dynamics with a single number such as the

diffusion coefficient or the autocorrelation decay constant. However these measures

lack spatial information about the motion and cannot readily reveal irregularities in

the motion. The Lagrangian theory of motion provides a localised spatial-temporal

perspective of motion by considering how particles move with respect to their local

neighbours.

In fluid dynamics there are two primary ways of specifying the fluid motion field,

the Eulerian and the Lagrangian specifications. The Eulerian specification looks

at fluid motion focusing on specific locations in the space through which the fluid

flows as time passes, whilst the Lagrangian specification follows individual fluid

parcels through time as they move. The position of an individual parcel through

time gives the pathline of the parcel. With analogy to fluid flow, video motion

can be quantified through the Lagrangian perspective by following a set of seeded

‘particles’ whose motion is driven by local optical flow to produce a set of particle

trajectories, (Ali and Shah 2007; Wu et al. 2010).

Given a video clip represented as a T × W × H where T is the number of

frames and W × H is the frame resolution in pixels (width by height). Let the
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corresponding optical flow be (uti, vtj) where i ∈ [1,W ], j ∈ [1, H] and t ∈ [1, T − 1].

The position vector (xti, ytj) of the particle at grid point (i, j) at time t is estimated

by solving the following set of dynamic equations:

dxti
dt

= uti (3.15)

dytj
dt

= vti (3.16)

This can be solved numerically using first order methods such as Euler’s method

or any other suitable numerical integration method such as Runge-Kutta:

xt+1
i = xti + uti∆t

yt+1
j = ytj + vti∆t

where ∆t = 1 is the time separation between frames. Iteratively solving the

equation for the seeded particles in each frame, the video’s particle trajectory set,

T is obtained summarising all the motion that occur in the video.

T := {(xti, ytj)|i ∈ [1,W ], j ∈ [1, H], t ∈ [1, T ]} (3.17)

The solution of Eqn.(3.16) can also be viewed in the theory of dynamical systems

as a flow map, φtt0 which maps a point from their position (xt0 , yt0) at time t0
to their position at time t.

φtt0 : (xt0 , yt0) 7→ φtt0(xt0 , yt0) = (xt, yt) (3.18)

Such a flow map satisfies the following properties.

φt0t0(x, y) = (x, y), (3.19)

φt+st0 (x, y) = φt+ss (φst0(x, y)) = φt+st (φtt0(x, y)) (3.20)

3.2.1 Finite Time Lyapunov Exponent (FTLE) Field

The Lyapunov exponent is an asymptotic quantity which measures the extent to

which infinitely close particles separate in an infinite amount of time (Shadden et al.

2005). It is well defined for periodic fluid flow. For aperiodic flow as is the case for



3. Models for Quantitative Motion Analysis 55

videos, the finite-time Lyapunov exponent is used to approximate the mixing and

dispersion of particles (Shadden et al. 2005). Finite time exponents depends on the

initial positions of the trajectories and the length of time over which the particles

are tracked, also referred to as the integration time ∆T . A finite time Lyapunov

Exponent (FTLE) field is the result when the finite time Lyapunov component

is computed over a grid of particles. Let us denote r(t) = (xt, yt). Consider the

advection of a particle at r by the flowmap, φtt0 with an initially small perturbation,

r′ = r + δr(0) where δr(0) is infinitesimal and arbitrarily oriented. After a time

interval ∆T this perturbation becomes (Shadden et al. 2005):

δr(∆T ) = φt+∆T
t0 (r′)− φt+∆T

t0 (r)

= dφt+∆T
t0 (r)
dr

δr(0) +O(||r(0)||2) (3.21)

Linearizing the perturbation by dropping higher order terms, the magnitude of

the perturbation is given by the standard Euclidean norm as

||δr(T )|| =

√√√√〈δr(0)dφ
t+∆T
t0 (r)
dr

∗
dφt+∆T

t0 (r)
dr

δr(0)
〉

(3.22)

where ∗ is the matrix transpose operator and

4 = dφt+∆T
t0 (r)
dr

∗
dφt+∆T

t0 (r)
dr

(3.23)

4 is known as a finite-time version of the (right) Cauchy–Green deformation

tensor. Maximum stretching between particles occurs when δr(0) is aligned with

the eigenvector associated with the maximum eigenvalue of 4, denoted λmax(4).

max
δr(0)
||δr(T )|| =

√
λmax(4)||δ̄r(0)|| (3.24)

where δ̄r(0) is the aligned perturbation. The above can also be rewritten,

max
δr(0)
||δr(T )|| = eσ

∆T
t0

(r)|∆T |||δ̄r(0)|| (3.25)

where

σ∆T
t0 = 1

|∆T | ln
(√

λmax(4)
)

(3.26)



3. Models for Quantitative Motion Analysis 56

Figure 3.3: Finite time Lyapunov Exponent fields (FTLE), Lagrangian coherent
structures (LCS) and motion segmentation. A) Examples of forwards FTLE (repelling
LCS) and backward FTLE (attracting LCS). Top: von Kármán vortex sheet behind a
cylinder, from Kasten et al. 2010. Bottom: A perturbed four-vortex-ring model for the
2002 splitting of the Antarctic ozone hole, from Lekien and Ross 2010. Ridges of the
forward and backwards FTLE field define the LCS. B) FTLE and LCS can be used for
motion segmentation and C) unusual motion detection. B), C) adapted from Ali and
Shah 2007.

Eqn.(3.26) is the largest finite-time Lyapunov exponent for a finite integration time

∆T corresponding to a particle at time t0. Note that the absolute value of the

integration time is used, permitting both forward and backwards integration times.

Computing Eqn.(3.26) with the forward tracks yields the forward FTLE field, with

the backward tracks it yields the backward FTLE field.

3.2.2 Lagrangian Coherent Structures

The finite time Lyapunov exponent reveals consistent underlying flow structures

that are typically not evident from static snapshots of the motion field. Lagrangian

coherent structures (LCS) are defined as the ridges of the FTLE field (Haller

2002; Shadden et al. 2005). The forward FTLE computed from the forward

propagation of particles in time reveals repelling Lagrangian coherent structures

(stable manifolds for time-independent vector fields) and the backward FTLE

form backwards propagation of particles in time locates attracting Lagrangian

coherent structures (unstable manifolds for time-independent vector fields), Fig.3.3A.
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Essentially they locate the ‘sinks’ and ‘sources’ of motion respectively and separate

the motion into distinct regions of flow in analogy to edges in images. This

property has been exploited successively to segment crowd motion, Fig.3.3B and

detect anomalous movements in crowds, Fig.3.3C (Ali and Shah 2007). Vortex-like

dynamics can also be investigated using LCS, (Shadden et al. 2006; Green et al.

2010). As a dynamic property of the system, the resolution of LCS in practice

depends on the length of the integration time, ∆T (Shadden et al. 2005). If T → 0,

the FTLE is instantaneous. For finite ∆T , we obtain a Lagrangian measure of

separation as the FTLE considers the integrated effect of the flow over the time

interval, (Shadden et al. 2005). However, the ridges in the FTLE field can become

more or less pronounced by definition. Some LCSs exist only over short finite-time

intervals and will be undetected or detected less robustly if the integration time,

∆T is greater than the event duration.

3.2.3 Chaotic Invariants Features

LCS reveal local structure in the video motion through long-time particle advection

suitable for segmenting regions of consistent motion but it is unclear how to construct

a set of features from LCS to classify the entire video. Ali et al. 2007; Wu et al.

2010 motivated by Chaos theory, the branch of mathematics which studies how the

dynamics of a system changes with respect to the initial conditions propose the

construction of chaotic invariants features from the Lagrangian particle trajectories

to characterise the video motion.

The Lagrangian particle trajectories form a dynamical system which can be

represented in the form of state space models, where the state variables X(t) =

[x1(t), x2(t), ...., xn(t)] ∈ Rn defines the status of the system at a given time t with

n particles. The space, Rn comprising the state variables is called the phase space.

The collection of all trajectories from all possible starting points in the phase space

of the dynamical system is called a phase portrait. An attractor is defined as the

region of the phase space to which all the trajectories converge to as time approaches
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infinity, t→∞. An attractor is termed strange if it is not stable. The invariants of

a system’s attractor are measures that quantify the properties that are invariant

under smooth transformations of the phase space or control parameters. Invariants

are grouped into three classes: 1) metric 2) dynamical and 3) topological. Metric

invariants include dimensions of different kind and multi-fractal scaling functions,

while dynamical invariants include Lyapunov exponents. Topological invariants

generally depend on the periodic trajectories that exist in the strange attractor,

(Ali et al. 2007).

Taken Delayed Embedding Theorem

In Chaos theory, embedding is defined as a process of mapping a T -dimensional

signal where T is the total time to a m-dimensional signal. It allows for the

study of systems for which the state space variables and the governing differential

equations are unknown. The key underlying observation is that all the variables of

a dynamical system influences one another, such that every subsequent point of

the given time series results from an intricate combination of the influences of all

the true state variables of the system. This observation allows one to introduce a

series of substitute variables to obtain the whole m-dimensional phase space, where

substitute variables carry the same information as the original variables of the

system, (Ali et al. 2007). In practice the embedding is achieved using Taken’s delay

embedding theorem (Takens 1981) which proposes to construct a new time series

m long as the substitute variables from the empirical observations by sampling

the original time series at a constant delay time, τ .

zt, zt+τ , zt+2τ , ..., zt+(m−1)τ (3.27)

For optimal m and τ these delay vectors generates a phase space for a single

trajectory that has exactly the same properties as the original/true variables of the

system. Mutual information and false nearest neighbour algorithms can be used

to determine the optimal m and τ values, (Perc 2005; Ali et al. 2007; Wu et al.
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2010). In Wu et al. 2010 iterative clustering is then applied to find a representative

set of trajectories. The embedded sequence is described by computing chaotic

invariants to describe the video motion. In Wu et al. 2010 the embedded trajectory

is described by the three measures, F = {L,D,M} where L is the largest Lyapunov

exponent, D the correlation dimension and M is the mean (x, y) coordinate for a

representative trajectory. The dimension gives an estimate of the complexity of the

system whereas the Lyapunov exponent gives an estimate of the level of chaos in

the dynamical system, (Rosenstein et al. 1993).

A representative trajectory with (x, y) coordinates is treated as two scalar time

series, one in x, one in y. Chaotic invariants are computed separated for each

time series and concatenated. Taking the x-coordinate as example, reconstruct the

corresponding trajectory in phase space given by the Taken embedding

X̃t = [Xt, Xt+τ , Xt+2τ , ..., Xt+(m−1)τ ], ∀t ∈ [1, T ] (3.28)

Then for a reference point X̃j locate its nearest neighbour X̃ĵ by searching for the

point that minimises the Euclidean distance, ĵ = arg min ||X̃j−X̃ĵ||. Consider in this

way each pair of neighbours as nearby initial conditions for the different trajectories.

Largest Lyapunov Exponent

The largest Lyapunov exponent provides quantitative information about trajectories

that start initially close together but diverge over time. The video motion is assumed

to be chaotic i.e. L > 0. To ensure this, Wu et al. 2010 propose using the method

of Rosenstein et al. 1993 to estimate L from small and noisy data sets. From the

definition of Lyapunov exponents (Eqn.(3.25)) the j-th pair of neighbours can be

assumed to diverge approximately at a rate L,

dj(ti) ≈ kje
Lti (3.29)

where ti = i∆t, ∆t is the sampling period of the time series, kj is the initial separation

and dj(ti) is the distance between the j-th pair of nearest neighbours after i discrete
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time steps. This equation can be rewritten in the form of a set of parallel lines each

with slope approximately proportional to L which we wish to estimate.

ln(dj(ti)) ≈ ln(kj) + Lti (3.30)

The largest Lyapunov exponent is then approximated by fitting the average

line defined by

y(ti) = 〈ln dj(ti)〉∆t (3.31)

where 〈·〉 denotes the average over all j lines.

Correlation Dimension

The correlation dimension measures the size of an attractor, which defines the

chaotic dynamics, and can be estimated from the correlation sum

C(δ) = 2
Q(Q− 1)

∑
i 6=j

H(δ − ||X̃i − X̃j||) (3.32)

where H is the Heaviside step function, δ is a threshold distance and Q is the number

of points in the time series. The correlation dimension D is approximated as

C(δ) ≈ δD (3.33)

3.3 Collective Motion Analysis

The majority of cells in the human body are epithelial in origin. The skin is the

largest organ in the body and ∼80% of all cancers originate from the epithelium,

(Alberts 2017). Epithelial cells do not usually operate in isolation but are packed

tightly in a sheet and move collectively. These processes are fundamental not

only for initial tissue development but also the homeostatic maintenance once

formed. More broadly, collective motion arises naturally in many physical and

biological systems such as the flocking of birds, swimming of schools of fish, migrating

bacteria, moulds and ants and has been intensely studied by many different scientific

communities (Vicsek and Zafeiris 2012). Interestingly collective motion appears
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to be a remarkably universal self-organisation phenomenon. Many studies have

shown that certain patterns can arise from the interaction amongst a large number

of similar units irrespective of the complexity of the individual units bridging many

orders of magnitude. Extremely complex units e.g. cells, cars and people can

produce relatively simple patterns of collective behaviour, much simpler than the

structure of the single unit itself. Generally collectively moving entities may exhibit

only a few characteristic motion patterns (Méhes and Vicsek 2014).

1. Disordered motion. The direction of the motion of individual units is not

correlated.

2. Ordered motion. The direction of the motion of individual units is correlated.

3. “Turbulent” motion. There is local order but is lost on a scale much larger

than the size of the units.

4. “Streams” of motion. Different streams flow opposite to each other.

5. “Jamming” motion. The restricted area/volume and mutual “pushing” of the

units results in a highly strained, locally fluctuating but globally not moving

groups of particles.

The Lagrangian theory of motion accentuates local structure to reveal global

patterns in the flow but do not explicitly quantify the global motion patterns

such as how collective the particle motion is in a group. Here we review some of

the theory in terms of measuring collective motion, the biological implications of

collective behaviour and discuss how the measurements relate back to the underlying

biology. For a more extensive review and introduction we defer to the writeup

of Vicsek and Zafeiris 2012.
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Figure 3.4: The Vicsek model of collective motion. A) Vicsek model simulations for
different settings of particle density ρ and noise amplitude η. B) The absolute value of
the average normalized velocity, va vs the noise η in boxes of various sizes for a fixed
density ρ. C) (for L = 20) How va changes if the noise is kept constant and the density is
increased. D) Dependence of ln va on ln([ηc(L)− η]/ηc(L)) and E) ln([ρ− ρc(L)]/ρc(L)).
Panel adapted from Vicsek et al. 1995

3.3.1 Theory of Collective Motion

The basic premise of collective motion is that it is a collective behaviour where

individual units of the system interact in a simple (attraction/repulsion) or complex

manner (through a combination of simple interactions). The key feature of collective

motion is the observation that an individual’s action is dominated by the influence

of other cells such that it behaves very differently from how it would otherwise do

so if it was alone. Quantitatively, collective motion has primarily been described

and investigated using a modelling approach based on ‘agents’, virtual units whose

movement are dictated by simple local rules. The simplest model leading to collective

behaviour is the model of Vicsek et al. 1995 which assumes only self-propulsion and

an effective alignment mechanism between individual units.

An individual i is described by its position ri(t) and the angle defining the

direction of its velocity θi(t) at time t. The discrete time evolution of one particle

is set by two equations. At each time step δt each agent aligns with its neighbours
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at a distance r due to a noise term ηi(t) and moves at a constant speed v0.

θi(t+ δt) = 〈θj〉|ri−rj |<r + ηi(t)

ri(t+ δt) = ri(t) + v0δt

[
cos θi(t)
sin θi(t)

]
(3.34)

where 〈·〉 denotes the average over all individuals j less than a distance r from i.

Given v0 and r, this model is controlled by two parameters, the density of particles, ρ

and the amplitude of the noise, η which governs the local alignment. Varying the two

parameters it can be shown that this simple model exhibits a discontinuous phase

transition from disordered motion to a large-scale ordered motion that epitomizes

collective motion, (Fig.3.4A). This order transition can be captured by an order

parameter, here the averaged normalized velocity between 0 and 1, va.

va = 1
Nv0

∣∣∣∣∣
N∑
i=1

vi
∣∣∣∣∣ (3.35)

where N is the total number of particles and vi is the particle velocities. This

velocity is approximately zero if the direction of individual particles is randomly

distributed and ≈1 for an ordered direction of particle velocities. At large noise or

low density, particles are on average not aligned, (Fig.3.4B,C) and can be described

as a disordered gas. At low noise and high density, particles are globally aligned and

move in the same direction, and can be interpreted as an ordered liquid, (Fig.3.4B,C).

This phase transition is indicated by the collapse of va for various N as the size

of the system L increases, (Fig.3.4D,E) and va ∼ [ηc(ρ) − η]β, va ∼ [ρ − ρc(η)]δ

where β, δ are critical exponents and ηc(ρ), ρc(η) are the critical noise and density

(as L→∞). This simple model has been extended to incorporate particles with

size and adhesive interactions, (Grégoire and Chaté 2004) and epithelial sheet

migration, (Szabo et al. 2006b).

3.3.2 Epithelial Monolayers

The discontinuous phase transition from unordered to ordered collective motion

is also observed in epithelial monolayer growth. Using keratocytes from goldfish,

Szabo et al. 2006b observed a relatively sharp transition in the averaged normalized
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Figure 3.5: Emergence of collective motion in cell monolayers. A) Top: Phase contrast
images showing the typical behaviour of cells for three different densities. Bottom: velocity
of the cells. Scale bar 50 µm/min. B) Order parameter va as a function of normalized
cell density. Cell density was normalized with the maximal observed density. Error bars
indicate the standard error of the density and order parameter. Panel adapted from Szabo
et al. 2006b.

velocity, va indicating a transition between random single cell motility to an ordered

migration of dense islands of cells, (Fig.3.5A,B). This collective motion behaviour

permits the application of PIV to approximate the cellular motion within the

confluent sheet. In doing so, Angelini et al. 2011 discovered the presence of dynamic

heterogeneities where the fastest cells move in large, multicellular groups where

the size of the group grows with increasing cell density. This reported phenomena

is reminiscent of particulate systems such as polymers as they approach a glass

transition. In highlighting this analogy, Angelini et al. demonstrated techniques

typically used to analyse glass-forming systems to extract biological information such

as the decomposition of self-diffusion and migration and the cell proliferation rate

which would otherwise be difficult to directly measure from the image itself. This

work demonstrated that confluent monolayer dynamics under certain conditions

might be interrogated using results from condensed matter physics.

Dynamic Structure Factor

In condensed matter physics, the dynamic structure factor is a mathematical

function that contains information about inter-particle correlations and their time

evolution. It is widely used to characterise material properties. Experimentally

the dynamic structure factor is measured directly with inelastic neutron, X-ray, or
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light scattering methods, but can be adapted to the analysis of time-lapse images

of cell motion to provide dynamical information over a wide range of wavelengths

and frequencies, c.f. differential dynamic microscopy (Cerbino and Trappe 2008).

Formally, the dynamic structure factor S(q, ω) is defined as the modulus-squared

of the time and space Fourier transform of a dynamic variable such as electron

density or neutron density (Sinha 2001). For time-lapse cell images the dynamic

variable of interest is the temporal sequence of image pixel intensities, I(x, y, t).

Assuming an isotropic sample the dynamic structure factor is

S(q, ω) = 〈|FFTx,y,t[I(x, y, t)]|2〉ϕ (3.36)

S(q) = 〈|FFTx,y,t[I(x, y, t)]|2〉ϕ,t (3.37)

where FFT denotes the fast fourier transform, 〈·〉ϕ indicates an average over the

azimuthal angle in 2D q-space and 〈·〉ϕ,t indicates an additional average over time.

Frequencies and wave vectors are sampled at integer factors of π/L where L is

the duration of the set of images or the spatial extent of the image. In particular

S(q, ω)/S(q) can be fitted to the equation of a damped harmonic oscillator (DHO),

S(q, ω)
S(q) = I0(q)

1
2Γ0(q)

ω2 + (1
2Γ0(q))2 + I(q) Ω(q)Γ2(q)

[ω2 − Ω2(q)]2 + ω2Γ2(q) (3.38)

where the first term is a Rayleigh peak, with amplitude I0(q), width Γ0(q) that

quantifies self-diffusivity, the motion due to stochasticity. The second term is

a Brillouin peak, with amplitude I(q), width Γ(q), peak position Ω(q) and is

essentially a cellular interaction term. Formally it reflects an elastic response to

density fluctuations, (Ruocco and Sette 1999). Both these peaks were empirically

shown to be essential to describe confluent cell layers, (Angelini et al. 2011).

Transition Cell Density in Confluent Monolayers

A key utility in the decomposition of the dynamic structure factor is the ability

to deconvolute and independently assess the stochastic motion due to diffusion

(Rayleigh peak) and active motion contributions (Brillouin peak) from cellular

processes such as cell division and cell shape changes. The width of the central
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peak in the DHO probes the short-time random fluctuations of the cell motion and

is shown to be given by Γ0(q) ∼ q2, (Angelini et al. 2011) where q is the spatial

wave vector. A well defined self-diffusion coefficient for all cell densities is then

extracted by averaging over the high q-range

D0 = 〈q−2Γ0(q)〉q (3.39)

From this an average distance that relates to diffusion only motion can be computed

as a function of a short time interval τ using
√
D0/τ and compared to the average

distance from PIV analysis of the phase contrast images which pertains to migration

(100 ≤ τ ≤ 200 min). Angelini et al. 2011 found that both diffusion and migration

distances decreased with increasing cell density. At sufficiently large cell densities it

is suggested that the diffusion distance becomes longer than the migration density.

This convergence defines a transition cell density, σg. Below this density cells

move greater distances by directed migration than by stochastic motions. Above

this density, individual cell motion is predominantly diffusive-like, and cell layer

motion is similar to concentrated deformable particles, the fluid-like cell motion

becomes increasingly glass-like.

Glassy Behaviour of Confluent Monolayers

Angelini et al. 2011 empirically demonstrate the glass-transition by fitting the

diffusivity to the Avramov-Milchev (AM) (Avramov 1998) and the Vogel-Fulcher-

Tamman (VFT) equations, two equations commonly used to describe the glass

transition in glass-forming colloidal fluids where now the cell density plays the

role of the volume fraction.

Avramov-Milchev (AM) equation

D0 = Dmax exp
[
−ε

(
σ

σg

)α]
(3.40)

where σ is the cell density, Dmax is the diffusivity at zero density, ε is the dimen-

sionless activation energy at the glass-transition density, σg is the glass-transition

density and α is a fragility parameter.
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Vogel-Fulcher-Tamman (VFT) equation

D0 = Dmax exp
[
−K1

(
σ

σg
−K2

)]
(3.41)

where σ is the cell density, Dmax is the diffusivity at zero density, K1 and K2

parameters to be fitted, σg is the glass-transition density.

Angelini et al. 2011 show both models fitted equally well to their data revealing

that the cell monolayer exhibits the non-Arrhenius relaxation behaviour expected

of a moderately fragile glass-forming fluid. Further they extracted Dmax = 30± 4µ

m2 h−1 and showed that diffusive-like motions of cells within a confluent layer is

more than an order of magnitude slower than the anomalous migration of equivalent

isolated MDCK cells, (Dieterich et al. 2008).

Density of States Analysis An additional means of analyzing the information

provided by the dynamic structural factor, S(q, ω) is through the density of states

(DOS) which has the potential to better characterise the molecular interactions. In

statistical physics the density of states describe the number of states per interval of

energy at each energy level available to be occupied. Regarding the monolayer as

a 2D system the DOS is given by n(ω) = 2q
q2
max

(
dq
dω

)
where dq/dω is the reciprocal

of the group velocity, c = dΩ(q)/dq. Because there is no well defined cutoff in

the monolayer, such as an intermolecular spacing in crystals, Angelini et al. 2011

analyzed fluctuations in the cell layer down to subcellular length scales where the

pixel size was arbitrarily chosen to define the maximum wave vector qmax = 2π/Lpixel.

Interestingly through this analysis they discovered a low frequency cellular process

(low ω) and a high frequency cellular process (high ω) corresponding to emergent

peaks in the DOS whose scales of motion were on the order of the cell length

lc ∼ σ−1/2, with different wavelengths and temporal scales λ∗low = 1.19 ± 0.14lc,

τ ∗low =∼1h to 1.6h, and λ∗high = 0.39± 0.05lc, τ ∗high =∼0.4h to 1h. The low frequency

mode was attributed to cell body shape fluctuations and the high frequency mode

to the characteristic length scale and time scale of motion due to cell division. As

cell density increases, the high frequency mode dominated.
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Estimating Cell Proliferation from the Glass Transition Perhaps most

impressively is that Angelini et al. 2011 was able to recover the cell proliferation

rate as a consequence of the glass transition. At the transition cell density, the

only motion in the cell layer will be associated with that of cell divisions. Within

one division time, all material within each cell is partitioned into two halves of

each cell body. By dimensional analysis the length scale of this single-cell motion is

∼ (1
2σ
−1
g )1/2. The associated time scale using the characteristic diffusion equation is

then τg ∼ 1
2σ
−1
g D−1

g = 42.8h where σg = 2, 800mm−2 and Dg = 4.17± 0.15µm2hr−1

is from the fitted VFT equation. For comparison the average cell division time was

empirically measured to be 44.1h.

Angelini et al. 2011 conclude that as cell density increases and the transition

density σg is approached, migration, diffusion, and cell-body deformations all

dramatically slow within the cell layer, while the spatial density of cell divisions rises

and continues to persist as an increasingly dominant source of high-frequency motion.

Whilst this work of Angelini et al. 2011 is elegant and demonstrates that correct

interpretation of physical models can be used to quantitatively recover important

biological parameters there are several drawbacks that limit this approach for

general use. First the use of frequency-based methods places a limit on the imaging

frequency due to the Nyquist sampling theorem. Given a finite limit on electronic

storage media this effectively prevents the analysis of long-time imaging (days).

Second the application of the dynamic structural factor assumes isotropic samples

and single particle species which may be approximately satisfied for monolayers

but it is unclear how to interpret the results for multiple cell types and the case of

epithelial sheet migration where there is an initial gap. Third the derived results are

ensemble averages that describe the monolayer and do not retain spatial information.

We cannot interrogate areas of abnormal cell division for example or find where

in the image a process is happening. Lastly and most important practically, it is

difficult for non-specialists to interpret and compute the statistics.
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3.3.3 Epithelial Sheet Migration

Compared to the motions of cells within monolayers, the migration of entire sheets

has been studied less theoretically and experimentally with less sophisticated

computational tools. Two classes of models are prevalent in the literature, partial

differential equations based on the Fisher-Kolmogorov equation that yield travelling

wave solutions and cellular automata models which describe the local stochastic

movement and division of cells. Whilst partial differential equations yield analytically

nice models whose behaviour can be systematically interrogated its ability to

represent a diverse range of phenomena is more limited as it is not trivial to

incorporate local interactions into such an equation. Conversely cellular automata

models are extremely flexible and easy to define a complex set of interactions but

it is non-trivial to predict and describe emergent global dynamics.

Partial Differential Equations

Epithelial sheet migration has been extensively studied with partial differential

equations (PDEs) in the context of a scratch wound assay. Given a confluent layer

of cells, a vertical wound is created either chemically or by scratching and the

closing of the wound is observed over time. A ‘wound’ or gap can also be introduced

via patterning techniques. It is common to describe this process mathematically

in a reaction-diffusion equation called the Fisher-Kolmogorov equation.

∂c

∂t
= Dc∇2c+ λc

(
1− c

k

)
(3.42)

This is Fick’s 2nd law of diffusion, ∂c
∂t

= Dc∇2c where c is the concentration or cell

density, t is time with a collective diffusion coefficient Dc that has been augmented

with a logistic growth term defined by a growth rate λ and a maximum carrying

capacity, k (the maximum cell density possible in the layer). This equation can be

shown to exhibit travelling wave solutions corresponding to a stationary density

profile propagating with constant speed, v =
√

4λDc assuming no-flux boundary

conditions. Whilst this model captures to a certain extent the large-scale motion of

the propagating wavefront, it cannot readily capture phenomena within the bulk
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Figure 3.6: Cellular automata model of epithelial sheet migration. A) Local motility
rules, P is the probability of moving, ρ is a motility bias where |ρ| < 1. B) Simulation
with P = 1, ρ = 0. C) Measured cell density profiles (black) compared to the solution of
the continuum solution of the cellular automata (yellow). Adapted from Simpson et al.
2009

of the sheet. For example, the analysis of flow patterns within resting cell sheets

reveal the formation of transient swirls of collective rotation reminiscient to that of

turbulent fluids. These vortices commonly occur in migration experiments (Angelini

et al. 2010). PIV analysis has been used to find that these vortices are on the

order of 10 cells large (Angelini et al. 2010; Vedula et al. 2012), with lifetimes of

approximately 15 min (Marel et al. 2014b). Increasing cell density increases the

swirl correlation length (Angelini et al. 2010) and reduces their overall frequency

(Marel et al. 2014b). Another source of local anisotropy is cell division where

it has been found that when embedded in connected tissue the cell division axis

aligns with the surrounding cellular flow (Marel et al. 2014a). The emergence

of tissue scale properties from the properties of individual cells motivates the

study of cellular automata models.

Cellular Automata

Cellular automata is an extremely flexible class of modelling which can be used to

efficiently investigate the emergent dynamics of a system composed of numerous

individual units called ‘agents’ whose action and interactions with other agents are

determined by a specific set of predefined local rules. Perhaps the most famous

example of a cellular automata is Conway’s Game of Life which gives rise to a

shockingly diverse set of behaviour based on only 4 very simple rules. For epithelial

sheet migration one of the simplest cellular automata is the exclusion process,
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(Schütz and Domany 1993; Evans et al. 1995; Schütz 1997; Simpson et al. 2009)

(Fig.3.6). In this model the motility mechanism is implemented on a rectilinear

lattice with dimensions Lx × Ly. The lattice discretisation is assumed to be square

with spacing ∆. Each site is either empty or occupied by a single agent exclusively.

During each time step of length ∆t all agents move with probability P . A motile

agent spatially indexed by (i, j) steps vertically to (i, j±1) or horizontally to (i±1, j)

with a probability (1± ρ)/4 where |ρ| ≤ 1 is a constant which controls the motility

bias in the horizontal direction, (Fig.3.6A). If for any particular attempted move, the

target site is already occupied, then that move is aborted due to spatial ‘exclusion’.

It can be shown that the continuum limit of this model yields the following PDE,

∂c

∂t
= D∇2c− v ∂

∂x
[c(1− c)] (3.43)

where the second term is a nonlinear convection term. To solve this equation

no flux boundary conditions are usually applied in the horizontal direction with

periodic boundary conditions in the vertical direction. Unlike the Fisher-Kolmogorov

travelling wave solution, the solution here yields a dispersive solution where the

maximum value decreases over time, (Fig.3.6B,C). Naturally such models are overly

simplified. In particular it does not model intercellular forces or local alignment

and all cells are essentially particles with fixed shapes. As a result modelled

‘cells’ move individually rather than in cohesive groups as would be expected in a

confluent epithelial layer, (Fig.3.6B). Vertex models extends this simple cellular

automata to incorporate forces either explicitly or via energy based modelling,

(Fig.3.7A) and uses agents operating on non-lattice grids with finite area and

volume, (Fletcher et al. 2014; Alt et al. 2017b), Fig.3.7. Non-lattice dynamics

permits a more diverse movement set which leads to more realistic cell behaviour

for packed epithelial cells, (Fig.3.7B). In particular the explicit force modelling

allows for inference of forces which would otherwise be difficult to obtain through

empirical measurements, (Alt et al. 2017b). A good example is the modelling

of organoid growth where it is challenging to segment the organoid from images

or to directly measure the mechanical stresses without perturbing the complex
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morphology of the matrix-embedded organoid, (Fig.3.7C,D). Another example

is the modelling of epithelial rearrangement on 3D surfaces. Biological imaging

typically does not exhibit good edge resolution and contrast compared to natural

images. With 2D image capture of dynamics of a 3D surface for example with

embryo development there is also a problem of perspective. Direct 3D modelling

incorporating qualitative hypotheses with vertex models can be a good solution

that avoids the difficulties of direct quantification, (Fig.3.7E,F).

PIV Analysis and Segmentation Approaches

A popular approach for analysing the motion field of migrating epithelial sheets is the

application of PIV, particularly for scratch wound assays, (Milde et al. 2012; Deforet

et al. 2012). Most analysis focus on the motion prior to wound closure and quantifies

the behaviour using average orientation distributions and speed. The motion field is

computed from PIV and temporally averaged over a few frames to obtain the average

cellular motion field from which orientation can be analysed, (Tambe et al. 2011).

Trajectories are derived to visualize the movement of the wound edge, (Zaritsky

et al. 2012a). It is also common to compute the speed of closure of the wound. This

is derived by segmenting the epithelial sheets and monitoring the decrease in wound

area. Masuzzo et al. 2016 summarise the present state of analysis of wound healing.

A notable issue with PIV is the inherent low resolution due to the limit set by the

size of the image window. A notable issue with segmentation methods for example

to identify collective clusters or to segment foreground and background pixels is that

results can be highly variable across time due to noise from background intensity

fluctuations (e.g. Ch.6.5.4). The individual disadvantages of pure modelling and

imaging based approaches motivates the investigation of hybrid methods.

Hybrid Image Analysis and Modelling Approaches

Hybrid methods that combine pure computer vision and mathematical modelling

approaches such as partial differential equations have recently emerged as a potential

way to marry ‘empirical’ and ‘theoretical’ approaches to yield more accurate and

robust quantification of biophysical parameters that are physically plausible and
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is fitted from experimental data. A particular interesting example is the work

of Boquet-Pujadas et al. 2017, BioFlow which elegantly demonstrates how to

incorporate a theoretical model of the imaged motion here the Navier-Stokes

equation into the optical flow equation as a regularization term instead of the usual

smoothness constraint (c.f. Eqn.(2.9)) to simultaneously recover pressure, forces

and velocities within a moving amoeboid in 2D and 3D.

3.3.4 Motion Interaction Analysis

Having characterised the biological motion parameters of interest, the ultimate aim

of automated video analysis is to interpret the motion interaction and understand

the motion dynamics within the video. This is also the most important and most

difficult task to capture and quantify. It is a higher-level reasoning task that involves

analysing the relationship between groups of individual motion trajectories. There

are numerous applications that depend on the ability to identify different types of

motion from videos for example the detection of anomalous motion in crowds for

security surveillance or the identification of novel cellular interactions as a result

of an external perturbation such as a genetic mutation or drug treatment. We

briefly review some of the existing approaches starting from the simple notion of

correlations between trajectories as a means to characterize the level of order in a

system. We end by describing some works in computer vision which attempt to

identify and automatically group distinct motion patterns in a video to recognise

the underlying complex social dynamics.

Cross-Correlation

For two discrete signals, the cross-correlation is defined as

(f ∗ g)(t) :=
∞∑

τ=−∞
f †(t)g(t+ τ) (3.44)

where f † denotes the complex conjugate of f and τ is the lag time. If τ > 0, g(t+ τ)

leads f(t). If τ < 0, g(t + τ) lags f(t). This yields a function whose values are

unbounded, [−∞,∞] quantifying the correlation between two signals of potentially
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different lengths. Two signals are positively correlated at time t if (f ∗ g)(t) > 0 and

negatively correlated otherwise. Numerous applications utilise the cross-correlation

for example matching applications that search for a similar looking subimage in

a second image or for estimating the time delay between two acoustic signals for

speech synchronisation. For comparison of signals which may differ in the absolute

values it is useful to define the zero-normalised cross-correlation (ZNCC).

ZNCC(t) := 1
n

∆T∑
τ=−∆T

f †(t)− f̄ †
σ†f

(g(t+ τ)− ḡ
σg

)
(3.45)

where ∆T is the maximum lag. For motion, the most common cross-correlation

measure is that of the velocity cross-correlation where f = Vi and g = Vj are the

velocity trajectories of two different motion trajectories i and j.

Vi = {v1
i , v

2
i , ..., v

t
i |t ∈ [1, T ]} (3.46)

Computing the pairwise velocity cross-correlation between individual trajectories

belonging to separate entities, interaction graphs can be deduced by appropriate

thresholding. Shishika et al. 2014 analysed the swarm behaviour of mosquitos in

this manner and showed that males form synchronized subgroups whose size and

membership changes rapidly. This quantity is also referred to as the directional

correlation function. Another major application is in studies of flocking of birds

and fish where the time delay for which the cross-correlation attains the maximum

is used to determine the leader-follower relationship (e.g Nagy et al. 2010). A

negative value indicates that individual i lags j and vice versa. Another cross-

correlation we use in this thesis is when the signals are the positional trajectories

of an individual i and j, f = Ti and g = Tj. We term this the track similarity

and it measures the similarity in the shape of two trajectories whilst also factoring

in the spatial distance between them.

Spatial-Correlation

Whereas the velocity cross-correlation aims to measure temporal correlations in

time, the spatial correlation aims to assess the spatial length-scale over which there



3. Models for Quantitative Motion Analysis 76

is correlation between individuals i and j.

C(r) = 1
c0

∑
ij vi · vjδ(r − rij)∑

ij δ(r − rij)
(3.47)

where the velocity vector vi is obtained after subtracting the global mean velocity

from each vector such that the mean E[vi] = 0, (c.f. Cavagna et al. 2010). c0 is a

normalization factor such that C(r = 0) = 1. Generally the correlation decreases

with increasing distance r. Beyond a certain distance the correlation tends to 0,

indicating the absence of correlation. It is usual to summarise the decreasing trend

of this curve using the concept of a correlation length, ζ which for exponentially

decaying curves is taken to be the decay constant, or in Cavagna et al. 2010 the zero

crossing point of the correlation function for a flock. This measure can be a powerful

way to describe the approximate size over which individuals are correlated in motion.

Using this measure, Cavagna et al. 2010 surprisingly found that the correlation

length ζ for starling flocks does not exhibit a constant value either in units of

number of birds or in units of metres but grows linearly with the size of the flock.

Measuring Collectiveness

The order parameter given by the average normalised velocity, va defined by

Eqn.(3.35) is the most popular and prevalent method for quantifying the onset of

collective motion. However there are several key shortcomings of the approach that

limits its applications to a broad range of videos. There is no notion of memory for

example thus it is not well defined for particles that move but then stop and it is

unstable in the presence of large noise. Compared to the tasks of segmentation few

works explicitly address the need for a better collective metric which can be used for

soft grouping. One of the more appealing works is that of Zhou et al. 2013 whom

propose the notion of collective manifolds, spatiotemporal coherent structures that

emerge from the collective movements of constituent individuals in crowds. To this

end they appeal to two key properties of collective manifolds:

• Behaviour consistency in neighbourhoods: neighbouring constituent individuals

exhibit consistent behaviours.
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• Global consistency among non-neighbours: although constituent individuals at

a distance may have different behaviours, they can be correlated by behaviour

similarity through intermediate individuals in neighbourhoods on the manifold.

Crowd collectiveness is then framed as a measure of the holistic behaviour consistency

of the collective manifold. Zhou et al. 2013 proposed to quantify this consistency in a

bottom-up manner using the notion of paths on the collective manifold: aggregating

behaviour consistency in a local neighbourhood through the spatial proximity of

neighbours up to the entire video.

Behaviour Consistency in a Neighbourhood. When an individual j is in

the neighbourhood of i, j ∈ Ni at time t the similarity is defined as

wt(i, j) = max(Ct(i, j), 0), (3.48)

Ct(i, j) = vi ·vj
||vi ||2||vj ||2

(3.49)

where Ct(i, j) is the cosine similarity between two vectors at t between i and j. N

is the K-nearest neighbourhood. wt(i, j) ∈ [0, 1] measures an individual’s behaviour

consistency in its neighbourhood. The above is not as robust when two individuals

are not in a neighbourhood therefore the path similarity is used to construct a

more robust estimate of behaviour consistency, the l-path similarity, νi(i, j). Let

W be the weighted adjacency matrix of the graph where the edge weight is wt(i, j),

the similarity between two individuals i and j in its neighbourhood defined by

Eqn.(3.49). A path from individual i→ j of length l through individuals p0, p1, ..., pl

is denoted γl = {p0 → p1 → · · · pl}, (p0 = i, pl = j). The path similarity on a

specific path is denoted γl and is defined

νγl = Πl
k=0wt(pk, pk+1) (3.50)

There can be more than one path of length l between i and j. Let the set Pl contain

all the paths of length l between i and j, then the l-path similarity is defined

νl(i, j) =
∑
γl∈Pl

νγl(i, j) (3.51)
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Collectiveness at l-Path Scale. The individual collectiveness of an individual

i at l-path scale is defined as

φl(i) =
∑
j∈C

νl(i, j) = [Wle]i (3.52)

C is the set containing all the individuals in the crowd and e is a vector with all

elements as 1, [·]i is the i-th element of a vector. The crowd collectiveness at l-path

scale is defined as the mean of the individual collectiveness

Φl = 1
|C|

eᵀWle (3.53)

Regularizing Collectiveness over All Scales. Ideally we would like to inte-

grate the individual and crowd collectiveness over all the path scales, l = {1, 2, ...,∞}.

However the exponential growth of φl and Φl prevents direct summation approaches.

Zhou et al. 2013 therefore propose the use of generating function regularization

to assign a meaningful value for the sum of a possibly divergent series, (Knuth

1997). For the l-path similarities they use

τi,j =
∞∑
l=1

zlνl(i, j) (3.54)

where z is a real-valued regularization factor that cancels the exponential growth of

φi, Φl with l. zl acts like a ‘weight’ for the l-path similarity at different l. It can be

shown that the individual collectiveness from the generating function regularization

on all the path similarities can then be written as

φ(i) =
∞∑
l=1

zlφl(i) = [Ze]i (3.55)

where Z = (I− zW)−1 − I. The crowd collectivess of a crowd system C, defined as

the mean of all the individual collectiveness is then in closed form,

Φ = 1
|C|

|C|∑
i=1

φ(i)

= 1
|C|

eᵀZe (3.56)
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Convergence Condition. For the proposed measure there are two parameters

z and K for computing the collectiveness. K is the topological range of the

neighbourhood and z is the regularisation constant. Tuning z and K controls the

sensitivity of collectiveness. The authors recommend 0.4
K
< z < 0.8

K
for stability.

To apply this method, one would usually compute the dense optical flow and

remove all points that do not move sufficiently. One of the drawbacks of this is

the presence of oversampling of large objects in the field of view: with uniform

sampling large objects naturally possess more feature points than small objects. The

number of feature points therefore does not reflect the real number of individuals

in the scene. Consequently collectiveness measured using the topological relations

between points can be skewed. Li et al. 2016a proposes an initial point selection

procedure using a superpixel approach. Additionally they propose spatiotemporal

neighbourhoods. Manifold ranking, (Zhou et al. 2004) is used to define a similar

crowd collectiveness quantity

Φ = 1
|C|

eᵀZte (3.57)

Zt = (1− α)(D− αW)−1 (3.58)

where D is a matrix that encodes additionally the physical euclidean distance

between neighbours in the neighbourhood and W is an affinity matrix that includes

the temporal connection. An optimal number of superpixels was noted for best

performance. Too many superpixels allow redundant points to be kept whilst too

little leads to the discarding of potentially informative points.

Social Force Models

The above measures characterise the order of the individuals in a system and

computer vision models may be able to automatically identify distinct motion

groups based on these measures but they do not explicitly capture the inter-

relationships between different motion patterns or describe how they might change.

For example, is an individual following an individual? Is a group forming? Is
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a group dispersing? Is a group meeting another group? Having recognised such

primitives how do we understand the entire scene? What is the motivation behind

an action? One of the earliest attempts to resolve such questions in a non-scene

specific manner is through the social force model proposed by Helbing and Molnar

1995. In this model each of N pedestrians i with mass of mi changes his/her

velocity vi as a result of an actual force Fa which consists of (1) a personal desire

force Fp and (2) an interaction force Fint.

mi
dvi
dt

= Fa = Fp + Fint (3.59)

People in crowds generally seek certain goals and destinations in the environment.

Each pedestrian therefore have a desired direction and velocity vpi . The crowd

meanwhile limits individual movement and the actual motion of a pedestrian is vi
which differs from their desired velocity. Over time, individuals tend to approach

their desired velocity vpi based on the personal desire force

Fp = 1
τ

(vpi − vi) (3.60)

where τ is the temporal relaxation parameter. The interaction force Fint consists

of the repulsive and attractive force Fped based on the psychological tendency to

keep a social distance between pedestrians and an environment force Fw to avoid

hitting walls, buildings and other obstacles.

Fint = Fped + Fw (3.61)

Naturally we would also expect pedestrians to keep small distances with people they

are related to or attracted to whilst keeping far away from discomforting individuals

or environments. Such observations can be explicitly modelled with potential fields,

(c.f. Helbing and Molnar 1995) and included accordingly as additional terms in

Eqn.(3.59). Individuals with high interaction force have a higher probability of

belonging to the same social group with the same collective dynamics. Changes

in the interaction forces in time determines the ongoing evolution of the crowd

behaviour.
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Mehran et al. 2009 showed how to simply construct a force flow for a video

based on particle advection and optical flow for the generalised social force model

that considers the effect of panic, where herding (crowd grouping) behaviours

appear in events such as escaping from a hazardous incident. For this model, the

personal desire velocity vpi is replaced with

vqi = (1− pi)vpi + pi〈vci 〉 (3.62)

where pi is the panic weight parameter and 〈vc〉 is the average velocity of the

neighbouring pedestrians. As pi → 0 pedestrian i exhibits individualistic be-

haviours. If pi → 1 pedestrian i exhibits herding behaviours. The generalized

social force model is then

mi
dvi
dt

= Fa = 1
τ

(vqi − vi) + Fint (3.63)

To avoid image segmentation, particles are densely seeded and advected with optical

flow, O. The actual velocity of the particle is denoted vi = Oave(xi, yi). Oave(xi, yi)

is the averaged optical flow averaged over a small spatial window around (xi, yi)

and across a few frames. Substituting the desired velocity of the particle in the

generalised social force model, Eqn.(3.63) is then

vqi = (1− pi)O(xi, yi) + piOave(xi, yi) (3.64)

where O(xi, yi) is the raw computed dense optical flow at (xi, yi). The interaction

force Fint is estimated from Eqn.(3.63) assuming that each object in the scene

is of similar size such that mi = 1.

Fint = −1
τ

(vqi − vi) + dvi
dt

(3.65)

To detect panic, compute Fint with pi = 0. Any high magnitude interaction force

consequently relates to activities that differ from the crowd movement. For each

frame this produces a force flow field. Mehran et al. 2009 subsequently trained a

latent dirichlet allocation model using only the ‘normal’ videos to classify normal

and abnormal video frames.
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One of the limitations of Mehran et al. 2009 is no explicit mechanism to identify

more complex behaviours. Scovanner and Tappen 2009 extend the ideas of the

original social force model to propose an energy based continuous optimization

approach to learn the pedestrian’s movement using gradient descent. However this

approach is limited to the prediction of a single individual’s movement and as input

requires the individual’s initial position, velocity and the locations of the obstacles

in its path. Therefore an accurate object detection algorithm would additionally

be required for automated analysis in practice.

Group-Level Scenario Recognition

By explicitly modelling the motivations of individuals, social force models can

provide interpretable solutions to the movement of individuals in a scene. As

shown by Scovanner and Tappen 2009 it can help to enforce realistic continuous

solutions to the tracking problem or to locate regions of anomalies that deviate

from the model expectations. Nevertheless they do not address the issue of learning

and recognizing higher level dynamic interactions. This is a very challenging task

and few papers explicit address it. Chang et al. 2011 present a neat systematic

solution which effectively combine the advantages of soft grouping of motion in a

weighted connection graph and probabilistic models for motion interpretation both

at the individual and group level. We defer the detailed mathematical specifics

to the paper and present the key ideas. Given a person detection algorithm and

the use of Kalman filters for individual person tracking the proposed framework

can be divided into two components.

Soft probabilistic grouping. Given a set of individuals and their respective

movement tracks in time, a path-based group connectivity matrix, W is constructed

where an edge, wij connecting two individuals i and j can be interpreted as a
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Figure 3.8: Probabilistic rules for group-level scenario recognition, from Chang et al.
2011.

probability, pπc with value between 0 and 1.

wij = pπc

pπc ({i and j are connected via i0,...,iN}) = ppc(i, i0)
[
ΠN−1
k=0 p

p
c(ik, ik+1)

]
ppc(iN , j)

(3.66)

ppc(i, j, t) is a pairwise affinity that incorporates the track history.

ppc(i, j, t) = ω1p
inst
c (t) + ω2

∑
ti∈T p

inst
c (ti)

|ti ∈ T |
, ω1 + ω2 = 1

pinstc (i, j) = f(dij, φij, ||vi||, ||vj||) (3.67)

where T is a time window, ω1, ω2 adjusts the weights between the current status

and the entire window history. pinstc (i, j) is an instantaneous affinity measure for

time t and is a function of dij the euclidean distance between two individuals

located at position ri and rj respectively, φij the angle between i’s velocity vector

and the relative position vector between i and j with respect to person j and

the respective speeds of i and j.

Probabilistic Motion Analysis A key insight of Chang et al. 2011 is the

proposal of prototypical common interaction rules based on the probabilistic
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grouping that can be described mathematically and evaluated based on the pairwise

path connectivity between individuals, pπc and h(i), the track healthiness which

depends on the Kalman filter covariance and track lifetime. Rules for recognising

group scenarios are shown in Fig.3.8. Critically, one can identify a combination

of the different prototypes such as stable loitering distinct groups by combining

probabilities according to the standard rules of probability. Similar prototypes can

also be proposed for individual person motion analysis with similar combination

rules. In addition the algorithm can be run in real-time. A follow-up work by

Zhang et al. 2012 using derived features of the connectivity matrix and machine

learning reports improved classification accuracy over the pure rule-based method

of Chang et al. 2011.

3.4 Summary and Conclusions

• Cellular motion events can be captured and modelled at three different
levels:

– Collection of individual particles - Microscopic theory of transport
– Local particle motion divergences - Lagrangian theory of motion
– The emergent global phenomena - Collective motion which utilises

multiple descriptions

• Different specialised methods are currently used to analyse different
cellular motion videos with limited holistic characterisation of behaviour
across the different levels.

• PIV approach is widely used for biological motion extraction but
downstream analysis is limited and do not systematically account for
local and global phenomena.

• Graphs have been shown to be a powerful way to capture local
relationships between cells and form the basis for state-of-the-art
measures of collectiveness and for analysing social relationships between
individuals

• Graphs also enable probabilistic grouping of local motion and proba-
bilistic recognition of the relationships between individuals to analyse
the motion interaction between distinct entities
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4.1 Introduction

Motion Sensing Superpixels (MOSES) was developed for the robust quantification

and analysis of tissue-level dynamics. The primary aim of MOSES is to provide

a systematic method that does not rely on lengthy data specific optimization of

multiple parameters, specific image acquisition requirements or complex model

fitting. To this end the proposed workflow aims to contain a minimal number

of free parameters that the user needs to specify. Wherever possible we avoid

the use of image segmentation and machine learning techniques that may overfit

to biases present in the data and consequently negatively affect generalisation to

other datasets or experimental conditions. The latter is a crucial consideration.

Whilst current deep learning approaches have demonstrated state-of-the-art off

the shelf performance in classification tasks (Sharif Razavian et al. 2014), reuse of

trained networks even for similar objects from other datasets necessitates a degree

of fine-tuning to guarantee performance, (Yosinski et al. 2014) and they prone to

be ‘fooled’. Formally they are susceptible to adversarial attack where the network

produces high confidence classification for unrealistic images (Nguyen et al. 2015)

and unoticeable modifications of the original image can induce a completely different

classification (Goodfellow et al. 2014b). This re-training can be limiting in general

for biomedical imaging where the availability of data particularly labelled datasets

is a premium and raw data may not readily be crowd-sourced for annotation due

to patient ethics and the need for domain-specific expertise. Furthermore deep

learning features can be difficult to interpret biologically and there is no guarantee

of generalising the learnt features beyond the task for which it was trained on. This

phenomenon is sometimes referred to as catastrophic forgetting, (Kirkpatrick et al.

2017; Shin et al. 2017). Particularly illuminating is the findings by Shin et al. 2017.

First they trained a neural network to classify the handwriting dataset with no

background, MNIST (LeCun et al. 1998) with near 100% accuracy but on a related

dataset composed of numbers on a coloured background, SVHN (Netzer et al. 2011),

with no re-training the classification accuracy was only 75%. Even if the network

was trained on the more difficult SVHN first (90% accuracy), the accuracy was
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still poor when applied to MNIST (65%). Thus despite impressive classification

accuracy the network does not ‘understand’ the concept of numbers. At the roots,

the primary unsolved problem is that of dataset bias (Torralba and Efros 2011)

and the inherent assumption the application dataset is fixed and has the same

statistical properties as the training set. In the former due to practical limitations

in data collection and diversity, individual datasets exhibit a unique signature that

can be distinguished with above chance probability even with shallow classifiers

such as support vector machines (SVM) (Hearst et al. 1998). One might expect

this to be remedied with a much larger dataset. Google Research recently tested

the effect of dataset size. Taking the best classification models from ImageNet, a

dataset with >10 million images and applying it to Google’s internal image dataset

JFT-300M, composed of >375 million images, Sun et al. 2017 found no saturation

in performance levels. The more data the better the network performance. 300

million is clearly at present an astronomical figure for labelled image collection from

a specialised discipline such as biomedical imaging. In the latter, the assumption

of static datasets may not hold in practice for example when the experimenter

switches experiental protocol or switches the instrument for data acquisition. Lastly

most problems cannot be readily cast as a differentiable problem that is suitable for

end-to-end deep learning, see the excellent blog of Francois Chollet (Chollet 2017a;

Chollet 2017b).

Despite these drawbacks it is undeniable that deep learning approaches possesses

many attractive properties when considering scaling up computation in production

and has had huge impact in real-world applications. Taking advantage of modern

GPU computing, deep networks can be incredibly fast and by exploiting the ability

to learn features directly from data exhibits higher accuracy (increasing with the

amount of data) than equivalent hand-crafted approaches. For example, by switching

to deep natural lanuage processing networks Google has significantly improved the

quality of Google Translate (Research 2016; Wu et al. 2016). To realise these benefits,

careful design is required. The most successful and popular network architectures
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are all inspired by the design of robust hand-crafted pipelines on which they base the

architecture design before making it suitable for end-to-end learning. For example

VGG19 (Simonyan and Zisserman 2014b) for image classification makes multi-scale

filter banks learnable, Faster R-CNN (Ren et al. 2015) makes region proposals

and classification learnable, FlowNet2.0 (Ilg et al. 2016) mimics the optical flow

optimization problem with neural networks and Sfm-net (Vijayanarasimhan et al.

2017) casts camera geometry into an end-to-end framework to recover 3D structure

from videos.

Consequently the design of MOSES is motivated by techniques from established

motion models (Ch.3) whilst at the same time aims to facilitate extraction of

features for data-driven machine learning approaches. In this thesis our aim is to

first produce a computational framework that delivers sound baseline performance

and generalisation even on small datasets (‘jack-of-all-trades’) before exploring in

future work (c.f. Ch.7.4.2) the possibilities of enhancing the existing implementation

with end-to-end training capabilities for more efficient computation and the delivery

of optimised dataset-specific results (‘possibility to train specialised experts’).

4.2 General Workflow

4.2.1 Motion Extraction

Due to the inherently large variations in cell appearance and cell density, tracking

of individual cells is unreliable. Instead we build MOSES on agnostic global

motion extraction using robust dense optical flow similar to the particle image

velocimetry (PIV) approach for analysing monolayers and migrating epithelial fronts

(e.g. Das et al. 2015) subsampling the video motion without image segmentation,

(Fig.4.1). The initial frame is divided into a specified number of regular regions

called superpixels; each superpixel is larger than one image pixel (Achanta et al.

2012) (step 1, Fig.4.1). The centroid positions of these superpixels is then updated

frame-to-frame, according to the averaged dense optical flow (Farnebäck 2003)

displacement inside the area encompassed by the superpixel (step 2, Fig.4.1). A
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superpixel track is formed by collecting the centroid positions of a superpixel at all

time points (step 3, Fig.4.1). The collection of all superpixel tracks in the video

summarises all the motion content present. The number of superpixels used should

be chosen to sufficiently subsample the spatial area of the image to capture all spatial

variations in motion. For multi-channel videos, we track each channel independently

in the described manner. The resultant tracks are not merged by design choice. In

biology it is standard practice to visualise different cell types in individual image

channels using different fluorescent stains. In this thesis only fixed size square or

rectangular superpixels were used for computational efficiency as controlled through

the compactness parameter of the SLIC algorithm (Achanta et al. 2012). More

generally the superpixels used can be of any shape and can be produced by any other

suitable superpixel algorithm e.g. Felzenszwalb and Huttenlocher 2004. Superpixel

size may also be allowed to deform in time according to the computed optical flow.

4.2.2 Track Filtering and Post-processing

As the superpixel tracks capture all the motion in the video, some tracks may not

be relevant to the phenomenon of interest. Therefore, the second component of

MOSES is the post-filtering of tracks (step 4, Fig.4.1) and is currently specific to

the experimental setup being analysed. In this step, superpixels are assigned to

cover the entire dynamic motion for each ‘object’ of interest. To assign superpixels

to an object, each object is first segmented from the initial video frame to produce

a binary image where pixels have value 1 if belonging to the object or 0 otherwise.

A superpixel belongs to an object if its centroid lies in a pixel whose value is 1 (red

centroids in Fig.4.1 step 4, 2nd image) in the respective binary image, otherwise

it does not initially belong to an object (black centroids in Fig.4.1 step 4, 2nd

image). To improve motion dynamics estimation for the entire movement of a

object based on its assigned initial superpixels, the initial superpixels covering

the object is subsequently propagated along its trajectory through time. Any

superpixels that did not initially belong to the object (or inactive superpixels)

becomes ‘activated’ and its track considered in addition to the initial superpixels if
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they come to lie within the combined spatial area covered by the initial superpixels

during the propagation. This is illustrated in Fig.4.1 step 4, 3rd image where the

‘activated’ superpixels are marked with blue centroids. The final set of superpixel

tracks that specifically describe the motion of the object is the union of initial

and ‘activated’ superpixel tracks.

4.2.3 Representing motion as dynamic meshes

The third component of MOSES is a unique approach to motion analysis, in which

we generate a ‘mesh’ from the superpixel tracks (step 5, Fig.4.1). After filtering,

each superpixel track is linked to its neighbouring superpixel tracks, according to a

euclidean distance cut-off. It is not fitted through a complex optimization routine.

This transforms the independent trajectories of each superpixel into a dynamic

mesh that naturally assimilates the local collective dynamics. For multichannel

videos, a separate mesh is produced for each colour channel. Multiple different

meshes can be constructed in such a manner for different purposes, (Ch.4.3.2). This

mesh formalism is a key property of MOSES. Because the mesh is a representation

of motion that is built from the local spatial relationships of superpixels, robust

measures of motion can be derived whilst naturally taking into account the social

relationships of cells (c.f. Ch.3.3.4). In the next chapter we will see how the mesh

approach also provides a consistent framework to derive video motion signatures to

facilitate visual phenotypic comparisons of cellular motion on a 2D plot.

4.2.4 Motion characterisation and phenotyping

MOSES combines mesh-based and familiar single trajectory statistics such as those in

Meijering et al. 2012 together to provide a comprehensive, rigorous characterisation

of cellular motion from the microscale statistics of cell speed to the macroscale

statistics of epithelial sheet interaction and boundary formation by the systematic

assimilation of information through the mesh.
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4.3 Dynamic Superpixel Meshes

We mathematically describe our mesh formulation of motion based on superpixels.

In doing so we introduce notation to precisely define concepts that will be used

throughout the thesis.

4.3.1 Definition and Notation

Superpixels and superpixel area. A superpixel i denoted Si is defined as a

geometric region with a centre (x, y) position (centroid), ci(t) = [xi, yi, t] at time

t and has an associated spatial area ωti which can be specified using a distance

function relative to its centroid e.g. for time t = 0, we can define the superpixel area

associated with Si to encompass all pixels with (x, y) closest to the centroid of Si.

ω0
i := {(x, y)|di(x, y) < dj(x, y) for all j 6= i} , (4.1)

where di is a distance function. For square superpixels this is the Manhattan

distance where | · | denotes the absolute value.

di(x, y) := |x− xi|+ |y − yi| (4.2)

For simplicity and computational efficiency to enable high-throughput video analysis,

square superpixels are used throughout this thesis and are efficiently implemented

in this thesis by setting a high compactness parameter (=10) using SLIC, (Achanta

et al. 2008). Naturally other superpixel assignments and areas are possible resulting

in different definitions of area ω0
i , e.g. (Comaniciu and Meer 2002; Felzenszwalb and

Huttenlocher 2004) which may suit particular applications. Our mesh formulation

is agnostic of the specific superpixel extraction method. We additionally choose

to preserve the initial superpixel area for t > 0 when computing the average

displacement to update superpixel centroid positions for motion extraction. Using

square superpixels, we then define the average superpixel width as ws =
√
E[ω0

i ]

where E denotes the mean.
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For analysis, it is easier to consider for t ≥ 0 the disk area specified by a constant

distance cut-off, dc where dc can be set using prior assumptions. Assuming for

example that each of our square superpixel area can be approximated by a 2D

Gaussian, N (µ,Σ) with a mean position described by the superpixel centroid,

µ = (xi, yi) and a covariance matrix, Σ =
[
ws 0
0 ws

]
. We can then set dc to be

multiples of the effective standard deviation ws. Usually we set the multiple to be

2 (to include 95% of the distribution). In practice we have used multiples from

1-5 and found the result to not be sensitive to this setting.

ω0
i := {(x, y)|di(x, y) < dc} (4.3)

We denote the set of all superpixels for a video with S.

Temporal dependence of Superpixels. For a video with a total of T frames,

the movement of a superpixel Si is described by a total of T positions which

collectively form the superpixel trajectory, Ti of superpixel Si.

Ti := {(xi0, yi0), (xi1, yi1), (xi2, yi2)...(xit, yit)|t = 1, .., T} (4.4)

We differentiate forward trajectories derived from propagating a superpixel forward

from frame t = 0 to t = T and backward trajectories from propagating superpixels

backwards in time from frames t = T to t = 0 using a superscript, T Fi or T Bi
respectively. If a superscript is omitted, forward trajectories are assumed. For the

position at time t we use Si(xt, yt) to denote the centroid of superpixel Si for forward

tracks and Si(x−t, y−t) to denote the centroid of superpixel Si for backward tracks.

Defining the Mesh. In this thesis we use the term ‘mesh’ to refer to a weighted

graph, G = (V,E,wv, we) comprising a set V of vertices, nodes or points together

with a set E of edges where wv, we are weight functions that map a vertex, v and

an edge e to the set of real numbers, wv : V 7→ R and we : E 7→ R respectively.
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Superpixel Neighbourhood. In order to form a mesh, G from the superpixel

positions at time t, we define the (ε-) neighbourhood of superpixel Si, N i
ε (see

also Giraud et al. 2017 where a superpixel and its neighbourhood is termed

a ‘superpatch’).

N i
ε = {Sj ∈ S|d(Si(xt, yt), Sj(xt, yt)) ≤ ε} (4.5)

where ε is a threshold function and d(·) is a distance function comparing the

closeness of two points. A superpixel Sj in the neighbourhood of Si is connected

to Si by an edge, Eij with an edge ‘weight’, weij and wvi is a feature vector that

describes attributes of the superpixel e.g. the average image intensity at Si(xt, yt).

Dynamic Superpixel Mesh. A dynamic superpixel mesh is the set of all meshes

defined by the superpixel neighbourhood from time t = 0 to t = T .

G := {G0, G1, G2, ..., Gt|t = 0, 1, ..., T} (4.6)

4.3.2 Specific Superpixel Meshes

We describe the four types of meshes used in this thesis; the MOSES, radial counts

density, radial neighbours and kNN mesh, differing in their specification of the

vertex weight function wvi , distance function d(·) and the distance threshold ε. All

four meshes are related but seek to highlight quantitatively different features of the

motion which may best suit the scientific question of interest. By comparing mesh

deformations relative to the initial mesh geometry at each point in time, the MOSES

mesh is suited to highlight regions where superpixels are moving respective to their

initial neighbours. The radial counts density mesh captures changes in the local

density of superpixels over time. It is thus useful to highlight ‘sources’ and ‘sinks’

of motion. The radial neighbours mesh achieves a similar effect to the radial counts

density mesh but weights the contribution to the superpixel density by scoring

neighbouring superpixels based on distance. As such the radial neighbours mesh

will be less sensitive in highlighting motion ‘sources’ and ‘sinks’ with low superpixel

coverage but is better able to highlight motion ‘sources’ and ‘sinks’ in regions with
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high superpixel coverage more ‘confidently’ than the radial counts density mesh with

greater signal. Finally the kNN mesh extends the distance definition of neighbour

in the radial neighbours mesh by using a topological measure of ‘distance’, the

number of nearest neighbours to better describe phenomena where the topology

and not the physical distance matters such as bird flocking, (Bialek et al. 2012)

.

The visual differences between the mesh definitions and their dependence

on the number of superpixels can be shown by deriving the respective motion

saliency maps (Ch.4.4.3) for a few relatable actions from the UCF101 human action

recognition dataset (Soomro et al. 2012), (Table.2.3). For completeness we also

include comparison to RMSD which does not consider the separation between

neighbouring superpixels. The result is shown in Fig.4.6 and discussed in more

depth in the respective subsection Ch.4.6.1). Note all the mesh definitions below

enforce positivity of wvi . This is to ensure no distinction between compression and

expansion of the mesh during comparison. Additionally it has the benefit of enforcing

a degree of temporal ordering c.f. frame embedding (Ch.4.6.1 and Ch.4.6.4).

The MOSES Mesh

The MOSES mesh uses a constant distance cut-off threshold, with a euclidean

distance. Critically its vertex weighting function is the change in the average

neighbourhood mesh strain with respect to the initial mesh configuration in analogy

with mechanics. The superpixel neighbourhood is fixed to be the same as at

t = 0 for all time.

d(Sti , Stj) =
√

(xit − xjt)2 + (yit − yjt )2

ε = cws, c ∈ R

N i
ε(t = t) = N i

ε(t = 0)

wvi(t) = E[|d(Sti , Stj)− d(S0
i , S

0
j )|], ∀j ∈ N i

ε(t) (4.7)

MOSES Mesh
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Intuitively it can be seen as a local neighbourhood extension of RMSD, the

square root of the averaged MSD (Eqn.(3.2)) and related to the Cauchy-Green

deformation tensor, a measure of the local material strain rate in continuum

mechanics (Eqn.(3.23)).

The Radial Counts Density Mesh

The radial counts density mesh uses a constant distance cut-off threshold with

a euclidean distance. Its vertex weighting function is the count of the number

of neighbours in the ε-neighbourhood or the degree of a graph. The superpixel

neighbourhood is recomputed using the superpixel positions at time t, (Eqn.(4.5)).

d(Sti , Stj) =
√

(xit − xjt)2 + (yit − yjt )2

ε = cws, c ∈ R

wvi(t) = |N i
ε(t)|, ∀j ∈ N i

ε(t) (4.8)

Radial Density Mesh

The Radial Neighbours Mesh

The radial neighbours mesh uses a constant distance cut-off threshold with a

euclidean distance. Its vertex weighting function is the change in the average neigh-

bourhood mesh strain with respect to the initial configuration where the superpixel

neighbourhood is recomputed using the superpixel positions at time t, Eqn.(4.5).

d(Sti , Stj) =
√

(xit − xjt)2 + (yit − yjt )2

ε = cws, c ∈ R

wvi(t) = E[|d(Sti , Stj)− d(S0
i , S

0
j )|], ∀j ∈ N i

ε(t) (4.9)

Radial Neighbours Mesh

The kNN Mesh

The kNN (k-nearest neighbours) mesh is a topological distance which defines the

neighbourhood of a superpixel with respect to its nearest k superpixels. The

euclidean metric is used to measure distance. Its vertex weighting function is
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the change in the average neighbourhood mesh strain with respect to the initial

configuration where the superpixel neighbourhood is computed using the superpixel

positions at time t,

d(Sti , Stj) =
√

(xit − xjt)2 + (yit − yjt )2

ε = d(Sti , Stk),

Sj ∈ S|d(Sti , St1) < d(Sti , St2) < ... < d(Sti , Stk)

wvi(t) = E[|d(Sti , Stj)− d(S0
i , S

0
j )|], ∀j ∈ N i

ε(t) (4.10)

kNN Mesh

4.4 General Motion Analysis Tools

The analysis of biological motion due to the wide diversity and inherent variation

of the specific biological processes being studied makes it challenging to provide

a single method to analyse the generated tracks. Tailored approaches must often

be developed to answer specific hypotheses based on domain specific knowledge.

However, certain components of the downstream process can be generalised and

below we propose three general methods, two based on the developed notion

of dynamic meshes to facilitate visualization of video motion and exploratory

analysis suitable for any video.

4.4.1 Motion Track Clustering

When dealing with a large number of superpixel motion tracks that are spaced

closely together, it is often useful to group them together spatially and with similar

trajectories for interpretation. This can be done through clustering. There are

numerous approaches but we found that applying GMM (Gaussian Mixture Model)

clustering after dimensional reduction of the tracks was effective, offering a good

compromise between accuracy and speed. The procedure is as follows (c.f. Zhang

et al. 2006).
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For each superpixel trajectory Ti from frame 0 to the desired frame T , form

the concatenated 1d signal of all (x, y) coordinate positions over the entire time

interval denoted T Flattened
i .

T Flattened
i = [xi0, xi1, ..., xiT , yi0, yi1, ..., yiT ] (4.11)

If any trajectory is not present over the whole time interval [0, T ], padding and

interpolation is implemented to ensure all trajectories for clustering are of the same

sequence length. The trajectory replicates the first recorded position up to time

t = 0 and replicates the last recorded position up to time t = T . In between, linear

interpolation is used. For N superpixels then stack the flattened trajectories

into a N × 2T matrix and apply PCA choosing the number of components, K

to be significantly smaller than 2T , K << 2T e.g. 5 or 10 for T = 100. This

yields a new N × K matrix which can be clustered using GMM with a user

specified number of components. The higher the number of GMM components,

the smaller the resulting group size.

4.4.2 Motion Signature Generation

It is difficult to directly use dynamic meshes to compare across videos as the dynamic

mesh in general requires a (T ×N ×Nfeatures) matrix to describe the vertex features

and a (T ×N ×N) matrix to describe the dynamic edge connections for a video

with T frames, N superpixels and each vertex is described by Nfeatures features.

For the MOSES mesh with Nfeatures = 1 we illustrate how to derive three motion

signatures and one spatial signature that can be used for similarity comparison of

videos within a video collection and video frames within a single video.

1.Forward Motion Signature

SigFMOSES(t) =
{

1
|S|

∑
i

wvi(t)|t = 0, 1, ..., T
}

(4.12)

where |S| is the total number of superpixels, the cardinality of the superpixel set.

The forward motion signature is also referred to as the MOSES mesh strain curve.

Theoretically, it captures where motion flows to c.f. forward FTLE (Ch.3.2.2).
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The normalised MOSES mesh strain curve divides the MOSES mesh strain curve

by its maximum value.

2. Backward Motion Signature

SigBMOSES(t) =
{

1
|S|

∑
i

wvi(t)|t = T, T − 1, ..., 0
}

(4.13)

where |S| is the total number of superpixels, the cardinality of the superpixel set.

Theoretically this captures where motion flows from c.f. backward FTLE (Ch. 3.2.2).

3. Total Motion Signature

SigTMOSES(t) = 1
2
(
SignatureFMOSES(t) + SignatureBMOSES(t)

)
(4.14)

Together this captures the motion boundaries of long-term flow c.f. LCS (Ch. 3.2.2).

Spatial Motion Signature for individual video frames For a single video

with the MOSES mesh where the edge connections remains the same for all time,

and the total number of features is the same, the (T ×N) features matrix can be

viewed as a spatial signature with each of the T frames defined by the respective

N vertex weights, wvi .

SigFrameMOSES(i, t) = {wvi(t)|i ∈ S} (4.15)

4.4.3 Motion Saliency Map

The core of video analysis is to identify the primary moving objects of interest and

measure their characteristics as they move in time. Ideally one could segment the

subjects of interest from the background but often this is very difficult, (Ch.2.3.3).

What if coarse localisation of the object(s) of interest with a bounding box was

sufficient? such as in automatic camera following of a particular cell maintaining it

within the centre of the field of view or the detection of unusual spatial regions of

motion. For such questions, deriving a motion saliency spatial heatmap can be used

as a powerful visualisation technique and to provide a quick exploratory solution
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that aids in downstream applications. The concept of visual saliency has been well

explored before in the literature e.g. for images (Itti et al. 1998; Harel et al. 2007)

and for video (Itti and Baldi 2005; Fragkiadaki et al. 2012). In Itti and Baldi 2005,

saliency is defined as a local ‘surprising’ event where a pixel’s image features are

different to its local neighbours and elicit more motion activity. Centre surround

filtering based on various cues is proposed to uncover the motion saliency. Our

approach is most similar to the trajectory embedding motion saliency of Fragkiadaki

et al. 2012 but simpler. No embedding is required and the motion saliency can be

computed frame-to-frame or for a subset of frames.

With dynamic meshes we can use non-grid-like graphs to extend the notion of

the Finite Time Lypanunov Exponents (FTLE) field. With forward trajectories

this leads to discovering ‘sinks’ of motion, where does motion move towards?

whilst backward trajectories leads to identification of ‘sources’ of motion, where

do motion originate from? We refer to the resulting map as a motion saliency

map, Sal(x, y) which we define in this thesis as a temporally averaged image across

a time interval [t0, t0 + δt]. For each time frame a spatial image is formed the

same size as the video frame where the vertex weights wvi of each superpixel is

mapped to the corresponding superpixel centroid position in the image at time

t, (xit, yit). If two superpixel areas overlap, their corresponding vertex weight is

added, ‘upvoting’ this spatial area accordingly:

Sal(x, y, t) = f(x, y) ∗ 1
δt


t0+δt∑
t=t0

P
[
wvi(xit, yit)|i ∈ S

] (4.16)

Motion Saliency Map

f(x, y) is a 2D smoothing kernel typically a 2D Gaussian, f(x, y;σ) = 1
2πσ2 e

−x
2+y2

2σ2 ,

∗ is a convolution operation and P[·] is an estimated spatial probability distribution

of the weights here using a 2d histogram where the image is equipartitioned into K

regular square bins. For bin k with width w, [xk < x < xk + w, yk < y < yk + w]

we assign the total sum of wvi of all superpixels whose centroids lies in it.

Pk =
∑
i

wtvi , {∀i ∈ S|xk < xti < xk + w, yk < yti < yk + w} (4.17)
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This probability distribution estimation is used to ‘densify’ the superpixel points

whose number is typically much smaller than the number of image pixels to create

a smoothly varying heatmap. Unless stated otherwise, in this thesis the video

motion saliency map is usually computed over the entire length of the video, t0 = 0

and δt = T to locate temporally stable motion ‘sources’ and ‘sinks’. In Ch.6.5.4

we demonstrate how one can compute and use the motion saliency map from

frame-to-frame, in this instance for organoid branch tracking.

4.5 Experimental Validation of Superpixel Track-
ing

Whilst the notion of tracking superpixels as image atoms for uncovering the motion

patterns is widely used in computer vision with ‘natural’ images (Brox and Malik

2010; Wu et al. 2011; Wang and Schmid 2013; Wang et al. 2013), in biology it is

important to also be able to interpret the biological relevance of the superpixels and

to attribute their movement to single or groups of cells. Surprisingly, despite the

widespread use of Particle Image Velocimetry (PIV), equivalent to the tracking of

fixed square superpixels for studying cellular motion in confluent monolayers when

accurate individual cell segmentation is not possible, quantitative association with

single cell tracking has not really been addressed. The use of PIV has primarily been

justified indirectly by comparing derived measurements, such as speed (Petitjean

et al. 2010), or by analogy of the epithelial sheet motion to fluid-like dynamics

(Szabo et al. 2006a; Angelini et al. 2010; Angelini et al. 2011), or reasoned from

force measurements (Trepat et al. 2009) or qualitative comparison (Zaritsky et al.

2012b). To test the accuracy of superpixel motion extraction directly in the setting

of collective cell migration, experimentally a sparse third population of blue cells

was added to one of two epithelial sheets separated by a defined gap size (the blue

cells being the same cell type as the population to which they were added), (Fig.4.2).

For generality, different combinations of cell types (EPC2:EPC2, EPC2:CP-A and

EPC2:OE33) of three different immortalised cell lines EPC2, CP-A and OE33 was

used. Further the red/green dye used to label cells and the spiked-in population
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Figure 4.2: Experimental validation of MOSES optical flow superpixel tracking. (A)
Schematic illustration of spike-in experimental setup. A separate sample of cell population
1 or 2 is dyed a third colour (blue; dots on figure) and added to the respective red or green
sheet (solid colours on figure). (B) Comparison of MOSES tracks of spiked-in cells and
the benchmark single cell TrackMate tracks when the blue spiked-in cells were explicitly
tracked (blue boxplots, 10000 superpixels) or indirectly inferred from the coloured sheet
(black boxplots, 1000 superpixels). Red centre line=mean. Track similarity is reported
using normalised track cross-correlation after matching the TrackMate and MOSES tracks
(M) and if the correct matchings were randomly permuted (P). Permuted track similarity
values for each video are the average of 10 random permutations. (C) Track results of
the best and worst inferred tracks from sheet motion according to track similarity and
the respective single cell spiked-in MOSES tracks overlaid on a video snapshot at 0 hr.
Magenta: TrackMate tracks. Green: MOSES tracks of green cell population. Tracks are
white if TrackMate and MOSES perfectly coincide.

were alternated, generating 23 videos (each 144hr). To assess the performance

of MOSES in tracking with relation to particle level resolution (i.e. tracking the

individual spiked-in cells), tracks generated by TrackMate (Tinevez et al. 2017), a

readily available published single particle tracker implemented in Fiji (Schindelin

et al. 2012) was used as a benchmark for comparison. Any other suitable single

cell or single particle tracking could have been used as benchmark such as U-track

Jaqaman et al. 2008. The exact algorithm used was not important as we are

not comparing the ability to handle new cells or cell divisions, see below and all
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MOSES
Parameters

MOSES
Values

TrackMate
Parameters

TrackMate
Values

number of
superpixels 1000 or 10000 est. blob

diameter 10 pixel

est.blob
diameter

multiscale, (1-10
pixel at 5

equally spaced
intervals)

image intensity
threshold 2.5

threshold 0.05
filter on spots
uniform colour,
LAP tracker

frame-to-frame
linking max
distance

50

track segment
gap-closing max

distance
50

track segment
gap-closing max

frame gap
100

Table 4.1: Table summarising the MOSES parameters and the TrackMate parameters
used for validating superpixel tracking.

produced single-cell tracks were manually checked.

To assign tracks to the blue spiked-in cells with MOSES (Step 4, Fig.4.1), a

multiscale (5 scales, c.f. Table.4.1) LoG (Laplacian of Gaussian) blob detector was

used to segment the cell area. For each segmented cell, of the superpixels that lie

within the area of the cell, the longest track was assigned to describe the motion of

the cell. To generate single cell tracks from the sheet tracks using MOSES, for each

segmented cell, the nearest 4 superpixel tracks from the respective epithelial sheet

(red or green) were found to compute a mean track to estimate its motion. The

benchmark single cell tracks was obtained by running the Fiji TrackMate plugin

on only the image channel containing the sparse population. The computational

parameters used for each method is summarised in Table.4.1.

Track similarity (discussed in Ch.3.3.4) is given by the normalised track cross-
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correlation (value between 0,1) between each MOSES track and the correspond-

ing TrackMate track. The average track similarity is reported for each video

(Fig.4.2B). Formally for a track i and track j, the track or trajectory cross-

correlation is defined as:

TCCij(m, t) =

 1
T

T∑
n=−T

T̂i(t+m) · T̂j(t)


TCC(Ti, Tj) = max (0,TCCij(mmax, t)) (4.18)

where mmax = arg max
m

{abs(TCCij(m, t))|m = −T, ..., T}

where abs(·) takes the absolute value, T̂i = Ti−T̄i
σi

and σi is the standard deviation

of Ti. T is the maximum time lag and is the shorter of Ti or Tj, min{LTi , LTj}, t is

time and m the time lag. This definition makes no distinction between negative or

positive correlation values. This may be suitable for applications where identifying

the presence or absence of correlation is sufficient e.g the interaction between two

epithelial sheets in Ch.5.2.3. Where it is desired to compare how identical two

tracks are we modify Eqn.(4.18) such that negatively correlated tracks returns a

value of 0.

To assess the statistical significance of the resultant correlation value, the track

similarity from random pairings of the tracks were computed and the average of 10

permutations were reported (labelled P. for permuted in Fig.4.2B) per video. Since

MOSES does not explicitly handle cell division or the introduction of new cells that

emerge in the field of view, to ensure fair comparison only the tracks belonging

to the initial cells are compared. When the field of view was divided into 10000

superpixels in MOSES, the tracks were highly similar to TrackMate, (Fig.4.2B) and

by visual assessment of the worst and best inferred tracks, (Fig.4.2C top). To assess

if the motion of single cells could be inferred from sheet motion, 1000 superpixels

were used to track the sheet motion and the estimated single cell trajectories

compared to TrackMate. Although the precise individual cell trajectory was lost,

the overall motion pattern of the spiked-in cells could be inferred (Fig.4.2B,C

bottom). Therefore, in confluent epithelial sheets, individual cells behave similarly



4. Motion Sensing Superpixels 105

to their neighbours confirming that global motion patterns can be used as a proxy

to study single cell behaviour. Each superpixel (chosen sufficiently small) can

represent the dynamics of a local cell group.

4.6 Applications

As further validation of MOSES and proof of its general applicability and utility

for exploratory analysis of general video datasets, MOSES was used to analyse

four different video datasets, ranging from very distinct areas of biology to a

general video dataset UCF101 (Soomro et al. 2012), an extensively used action

recognition benchmark in the computer vision community comprised of clips from

YouTube. We use the UCF101 dataset as its motions are easily relatable and

there are manually annotated labels. It is ideal to explore the core principles and

ideas of MOSES; its advantages and limitations.

4.6.1 Motion Saliency in YouTube Videos

An important video classification problem is action recognition, the ability to

categorise a short video snippet according to the salient action present (Ch.2.3,

2.3.1, 2.3.2). Several benchmark datasets have been published, (Table.2.3). UCF101

is one such dataset which aims to capture ‘realistic’ action videos. It comprises

13320 videos from YouTube organised into 101 distinct action categories such as

golfing, rowing, playing piano and further grouped into 5 superclasses according to

motion type 1) human-object interaction, 2) body-motion only, 3) human-human

interaction, 4) playing musical instruments and 5) sports, (Fig.4.3). With a diverse

set of different actions, the additional introduction of noise due to background

movement, camera shake, camera zoom and the presence of multiple moving subjects,

UCF101 is an ideal dataset to test the proposed motion signatures and motion

saliency maps. With this in mind, three experiments were carried out to assess

how specific and generally applicable MOSES is across ‘datasets’ that capture

different distinct motion patterns where we can think of each action class as a

distinct ‘dataset’. In analogy with cellular motion, the action classes could represent
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separate drugs. It should be noted that the ensuing experiments using UCF101 was

largely qualitatively assessed. Only top-level action classification labels are provided.

There is no ground-truth motion saliency maps or finer temporal segmentations of

the individual actions. The purpose was not to reach or eclipse the state-of-the-art

with MOSES but only to be able to sanity check our proposed definitions of mesh

and motion saliency on a well tested video dataset that is relatable to non-experts

and easy to work with computationally; one single video clip, one salient action,

small enough to download and distribute and easy to set up.

Experiment 1: Can MOSES Capture Salient Motion in the presence
of Background Motion?

The ability to summarise motion patterns in arbitrary length videos as a single static

image for visualization is extremely useful for exploratory data analysis. The ability

of the proposed MOSES motion saliency map (Ch.4.4.3, Eqn.(Motion Saliency Map))

defined on dynamic meshes to localise the most salient motion patterns spatially was

tested using UCF-101. 1000 superpixels was used throughout. The ‘raw’ tracks from

motion extraction (Steps 1-3, Fig.4.1) was used without further filtering. Visually

we compared to state-of-the-art dynamic images, (Bilen et al. 2016a; Bilen et al.

2016b), another static image summary. The mean and maximum video image

formed by taking the mean and maximum pixel intensity values across time was

also computed to give a summary of the range of motions present in each video. A

dynamic image is a compact representation of a video as a single static image by

training a ranking machine to learn the temporal ordering of frames. This idea is

known as rank pooling. The central premise is that good spatiotemporal features

are learnt if a classifier is able to accurately recover the temporal order when fed

the video frames in a random order. A consequence of this ranking operation as

noted by the authors is the propensity for the resulting dynamic images to focus

on the identity and motion of the salient actors in the videos whilst averaging

out background pixels and background motion patterns along with an ability to

distinguish between actions of different speeds, (Bilen et al. 2016b). This ability to

capture salient motion with dynamic images was demonstrated by reporting (at the
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Figure 4.3: The UCF101 action recognition dataset. Still frame snapshots illus-
trating each of the 101 curated action classes from YouTube taken from the website,
http://crcv.ucf.edu/data/UCF101.php. The box colours corresponds to the five super-
types the 101 actions were divided into, 1) human-object interaction 2) body-motion Only
3) human-human interaction 4) Playing Musical Instruments and 5) sports.
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Figure 4.4: Confusion table of baseline action recognition results on UCF101 reported
in Soomro et al. 2012. A score of 1 indicates perfect recognition and 0 complete
misclassification. The drawn lines separate the different super-types of actions in Fig.4.3;
1-50: Sports, 51-60: Playing Musical Instruments, 61-80: human-object interaction, 81-96:
body-motion Only, 97-101: human-human interaction.

time) state-of-the-art classification results on UCF101 and HMDB51.

The results are shown for 10 clips in Fig.4.5 for 10 different actions, 2 each

from the 5 super-types, one that is poorly classified and one that is well classified

according to the baseline confusion matrix in the original publication of Soomro

et al. 2012; archery, playing piano, pizza tossing, handstand walking and haircut

are poorly classified, ice dancing, playing tabla, knitting, jumping jack and band
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Figure 4.5: UCF101 motion saliency maps for 10 action classes. Videos are of different
lengths. 5 equally spaced static snapshots are shown. Dyn.-Dynamic RGB image of the
video (Bilen et al. 2016a). Ave.-Average or mean image of the video stack. Max.-maximum
projected image of the video stack. Den.-Density heatmap image by considering all the
superpixel trajectories as points and plotting them all onto the same image. Sal.-MOSES
saliency map, (Ch.4.3.2, Eqn.(MOSES Mesh), Ch.4.4.3, Eqn.(Motion Saliency Map)).

marching are well classified. Together they represent a mixture of subtle and

large-scale motion from ‘everyday’ scenes. For each video, 5 equally spaced frames is

visualised to illustrate the motion dynamics. Approximate rank pooling (Bilen et al.

2016a) was used to compute the dynamic image as it is very efficient with little loss

in performance (96.5%±0.9 vs 99.5%±0.1 temporal ordering accuracy). As seen in

Fig.4.5 Dyn., Dynamic images provide an excellent dynamic summary when the

motion is large and distinct such as jumping jack or band marching and is able to

blur out the background in these actions using grey pixels, is confusing or difficult to

interpret with complex motion such as pizza tossing or knitting and cannot capture

convincingly localised complex dynamics within only a small spatial area such as

the hands of the piano player or the snipping of the hairdresser. In comparison the

average image (Ave.) excessively blurs out fast motion such as the ice dancing or
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pizza tossing and knitting but is able to identify regions of subtle motion such as the

piano or tabla. Finally the maximum (Max.) image excels at exacerbating subtle

motions, excessively highlighting the drawing action of the archer but is difficult to

interpret. Thus while dynamic, average and maximum images can help indicate

the direction of motion, it is poor at spatially localising the motion. The point

density of the superpixel tracks over time (Den.), counting the number of times

a superpixel is at a particular (x, y) position in the image, i.e. wvi = 1 is a good

baseline in localising motion highlighting all image pixels experiencing more motion

than their surroundings, (Fig.4.5 Den.). However this detection is non-specific

and does not find the most important essence of the movement that may help

classify the action. In the playing of the Tabla, Den. highlights the body as the

most salient whereas it is the hands that is critical to the action. The MOSES

motion saliency map, (Ch.4.3.2, Eqn.(MOSES Mesh)) by utilising neighbourhood

information better localises the salient motion. For example it is the only method

to correctly identify the snipping action of the hairdresser at the bottom of the

image despite the larger brushing action.

Using the same videos, we can assess the impact of the mesh definition and the

impact of the number of superpixels for identifying motion saliency. To assess the

impact of the mesh definition, the MOSES mesh saliency motion map is compared to

the RMSD saliency map, the non-collective equivalent of MOSES and 3 alternative

meshes; the radial density mesh, the radial neighbours mesh and the kNN mesh

as defined in Ch.4.3.2, (Fig.4.6). With 100 superpixels there is an insufficient

number of superpixels to capture the video motion. The resulting motion saliency

maps is not specific for any of the 10 videos. For 1000 superpixels, specific motion

saliency is captured and with increasing numbers of superpixels e.g. 5000 captures

ever finer motion. The motion saliency map is increasingly less smooth with the

appearance of more heatspots. It is clear between RMSD and mesh based saliency

maps, that the mesh based saliency maps are more robust and tolerant to noise. For

example, for handstand walking 1000 and 5000 superpixels, RMSD overemphasises



4. Motion Sensing Superpixels 111

F
ig
ur
e
4.
6:

T
he

eff
ec
t
of

nu
m
be

r
of

su
pe

rp
ix
el
s
an

d
m
es
h

on
th
e
re
su
lti
ng

m
ot
io
n

sa
lie

nc
y

m
ap

s.
T
he

sa
m
e
vi
de

os
ar
e
us
ed

as
in

Fi
g.
4.
5.

R
.
D
en

.-
ra
di
al

de
ns
ity

m
es
h,

(C
h.
4.
3.
2,

Eq
n.
(R

ad
ia
lD

en
sit

y
M
es
h)
).

R
ad

ia
l
-
ra
di
al

ne
ig
hb

ou
rs

m
es
h,

(C
h.
4.
3.
2,

Eq
n.
(R

ad
ia
lN

ei
gh

bo
ur
s
M
es
h)
).

kN
N

-k
N
N

ne
ig
hb

ou
rs

m
es
h,

(C
h.
4.
3.
2,

Eq
n.
(k
N
N

M
es
h)
).



4. Motion Sensing Superpixels 112

the apparent motion of the stairs (left-most heat spot) and similarly for the tabla

playing with 5000 superpixels RMSD overemphasises the head movement of the

player whilst the arms and hands remain the most important for MOSES. However

there is no clear winner amongst the mesh-based definitions. Between MOSES

and other mesh variants, there is different pros and cons. For example for ice

dancing a long-time, large dynamic motion with 5000 superpixels we get an idea

of the spinning nature of the movement, similarly with archery and jumping jack

but other variants perform more robustly for subtle motion such as radial density

(R. Den.) for piano and tabla playing and radial neighbours (Radial) for complex

short-time motion like the hands in pizza tossing.

Experiment 2: Can MOSES Measure Motion Similarity?

A motion signature should be able to compare and retrieve similar videos given a

video dataset. As such we tested the capacity of the MOSES mesh to represent

uniquely the video motion content in two ways. First we show that given a single

video MOSES allows embedding of each frame in a manner that obeys both the mo-

tion pattern and the inherent temporal ordering using simple principal components

analysis (PCA) on the proposed frame signature, (Eqn.(4.15)). The results for the

archery, ice dancing and piano playing is shown in Fig.4.7. Interestingly, the shape

of the 2D embeddings appear to reflect the complexity and speed of the motion.

In particular, motions with slow appearance changes are grouped together (high

density point region with lots of neighbouring embedded frames) and motions with

ever changing appearance are spread out (low density point region with few regularly

spaced neighbouring embedded frames) whilst respecting the temporal order. For

example, in archery g01, the drawing preparatory motions is a continuously changing

motion and is drawn out (frames ≈1-15) whilst the firing frames is similar and

compact. Two shots were fired in this video coinciding with the two dips of increased

tortuosity and high point density in the embedding. Similarly, in ice dancing g01,

the fast twirls (sparse regions) contrast with the smoothly varying slow skating

(dense regions). For piano playing the drawn out regions highlight frames of large
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Figure 4.7: Temporal embedding of video frames using PCA on MOSES spatial
signatures. 3 videos are shown, PCA was applied to project the frame signature, Eqn.(4.15)
into 2D for plotting. For each video, in the upper panel each point is a video frame
coloured in increasing red and labelled with increasing time chronologically.
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finger movement. Thus the MOSES frame signature naturally respects temporal

ordering and distinguishes between slow and fast motions. This observation could

be exploited as part of an automatic algorithm to zone in and identify distinctive

motion frames within a single video. One such implementation would be to compute

the number of neighbours within a certain radius for each video frame following

embedding with PCA. A discontinuous jump would be expected when the number

of neighbours within a preset radius based on the embedding is plotted against the

frame number. Thresholding can then be applied to identify the transition between

motion regimes marked by frames with a discontinous transition from low density

neighbour frames to high density neighbour frames. A biological application of this

concept is to identify the distinct motion regimes in a long time-lapse acquisition

such as Drosophila embryo development (4.6.4) for automatic video trimming to

allow subsequent application of single cell tracking. Doing so allows single-cell

tracking to operate on shorter video segments which is more accurate and more

computationally efficient.

Second, we took the full set of archery videos, 125 clips from 25 distinct videos and

tested if the MOSES forward signatures, (Eqn.(4.12)) had sufficient representation

power to facilitate unbiased clustering of videos based on motion alone, (Fig.4.8A

left, clips belonging to the same video are marked with the same colour.). This is

useful for example to assess the heterogeneity of motion for the same action. In

biological applications, it is useful to assess the inherent heterogeneity present in

the ‘wild-type’ condition. Since the videoclips were of different lengths, shortest 51

and longest 557, all MOSES signatures were stretched to the maximum length using

spline interpolation. PCA (2-components) was then applied with whitening. The

majority of videos mapped to a single dense region, clustering tightly. This suggests

MOSES is capturing the action, recognising that most of the videos represent

the same action, archery in spite of the confounding factors of different camera

angles, colour, frequency of shooting and style. To assess the mapping in further

detail, Rasterfairy (Klingemann 2017) a method to replot a 2D set of points as a
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regular grid with no overlap whilst preserving their neighbours was used, (Fig.4.8A

right, clips belonging to the same video are marked with the same colour.). In the

majority of cases, most of the clips from the same video were grouped together. In

those that do not MOSES demonstrates the ability to identify ‘outlier’ videoclips.

Here an ‘outlier’ is understood to be a single videoclip whose nearest neighbours

following PCA fails to group with the majority of the other videoclips from the same

video. For example for video 1 (g01, highlighted with blue box in Fig.4.8B,C) using

Fig.4.8C which pictures the first frame of each clip, one might expect at most 3

groups, ({1,7}, {2,3,4}, {5,6}) but the clips are fragmented according to PCA into 5,

(Fig.4.8A right). Analysing the corresponding signature (Fig.4.8B top), we see that

our prior prediction based on the single initial frame is incorrect. In reality, 5,6 do

not cluster because whilst similar, the action of 6 is more delayed, 2 does not cluster

as it should because near the end of the clip, the camera suddenly zooms in and 1,7

does not cluster because there is an additional significant camera pan at the start

of the clip. It should be noted action recognition motion signatures should not be

affected by camera motion. One way to improve the current analysis with respect to

camera motion would be to first estimate and remove the dominant camera motion

as in Wang and Schmid 2013 and Jain et al. 2016b prior to computing MOSES

signatures. In a second case study, one clip of video 8 (highlighted with red box)

is a significant ‘outlier’ to the other clips from the same video despite having very

similar initial appearance, (Fig.4.8B). In this case, however the difference is due to

an artefact of the time stretching implemented to ensure the same length signatures.

The particular clip was significantly shorter, (Fig.4.8B bottom) but possesses very

similar action profiles. To rectify these temporal sampling artifacts, one could

trim the signature to match the length of the shortest clip before applying PCA.

An alternative signature that requires no resampling (given the same image size)

would be to take the signature from averaging over time as opposed to averaging

over superpixels (c.f. Eqn.(4.12)) or one could defer handling of the different time

lengths to the choice of dimensional reduction or classification algorithms.
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Figure 4.8: Left: MOSES signature for similarity comparison of UCF101 archery videos.
A) PCA embedding of all UCF101 archery videos based on the forward MOSES signature,
(Eqn.(4.12)). Each point is a video clip, n=125 clips taken from 25 longer videos. Points
are coloured the same if they are from the same longer video. Right: remapping of
the PCA coordinates into a regular grid with Rasterfairy. B) Non-interpolated motion
signatures for two example long videos with all corresponding clips. Coloured outer boxes
correspond to outlined boxes in A) right. C) First frames of each of the 125 video clips
arranged according to the layout of A) right. Inset blue numbers correspond to the curves
in B).
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Figure 4.9: Comparing the motion of ice dancing and piano playing with archery. A)
The ice dancing (n=158) and piano playing (n=104) video clips plotted onto the same
axes defined by the two principal components of the archery videos. Each point is a
videoclip. B) The average mesh strain curve for each action class (solid coloured lines).
The respective coloured regions marks ±1 standard deviation of the mean curve. C)
t-SNE embedding using the MOSES mesh strain curve of all video clips across the three
action classes.

Experiment 3: Can MOSES be used as a Unique Signature?

The MOSES signature as defined in Eqn.(4.12) is meaningful in capturing the global

motion patterns and can be used to assess ‘outlier’ videos of the same motion but

how distinctive is this signature? To what extent can it distinguish one motion type

e.g. archery to a different motion such as ice dancing or piano playing despite the

inherent inter-variation within the same action class?

For biological studies it is common to compare the effects of perturbation (genetic

or external factors) with respect to the reference wild-type condition. We construct

a toy experiment that mimick this idea of identifying different phenotypes but

with only initial knowledge of the wild-type variation. Using the archery videos

as a ‘wild-type control’ we ask whether after setting the principal components

(PC1, PC2) based on archery can we subsequently project ice dancing and piano

playing MOSES signatures using the archery principal components to deduce these

as two separate distinctive actions. In computer vision this task is also known as

zero-shot learning, solving a task without having received any training examples

of the task beforehand. Fig.4.9A shows that the inter-difference across actions

using the MOSES signature is greater than the intra-difference within one action.
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Further by the size of the 2D space mapped out by the points, the variation in

motion was greatest in ice dancing compared to piano playing with archery in the

middle. This separation appears primarily driven by the size of the motion alone,

(Fig.4.9B). The application of t-SNE confirm the ability to largely separate the

three distinct actions based on MOSES signatures though not fully for archery and

piano playing. Most likely this is due to the loss of the spatial information in the

MOSES signatures. Though somewhat artificial and qualitative, this experiment

suggests that MOSES can be used as a potential signature for zero shot applications.

Initial investigations building a CNN classifier using the forward MOSES motion

signature on the full UCF101 dataset yielded an average classification accuracy

of ∼20% across classes which is significantly better than random guessing (∼1%)

confirming our observations of its informativeness but cannot compare to state-of-

the-art results (c.f. 85%-95%, Table.2.4) which all heavily optimise spatiotemporal

feature extraction using end-to-end learning approaches. This is not surprising as

the proposed MOSES signatures average out the spatial motion variations across

superpixels. Thus the reported classification accuracy is primarily due to temporal

motion variations only. One would expect significantly improved results if we adopt

similar strategies as that used for improved dense trajectories, (Wang and Schmid

2013); using alternative pooling strategies that do not average out the spatial

motion component such as bag of words, including appearance-based features such

as HoG or CNN features along the superpixel trajectories and removing camera

motion prior to track extraction. For future work we plan to study architectures

for incorporating the full spatiotemporal feature matrix of the dynamic mesh (c.f.

Ch.4.3.2) with and without the connectivity along with appearance features (see

chapter 7 future work for details).

4.6.2 Single cell tracking

The ability to track single cells is crucial to understanding individual cell motion and

therefore single cell tracking algorithms has emerged as the de-facto tracking method.
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Figure 4.10: MOSES motion saliency applied to an example video of U373 cells from
the cell tracking challenge dataset.

Much research efforts has been devoted to improving single cell tracking precision

leading to the development of many algorithms such as Padfield et al. 2011; Schiegg

et al. 2015 (reviewed in Ch.2.2). Despite their excellent reported performance

however, these algorithms all require significant efforts in parameter tuning to

obtain optimal performance on datasets they were not developed upon, from cell

type to cell type, for image datasets from different acquisition setups or they are

difficult to reimplement effectively. Theoretically, global motion patterns captures

the movement of all single cells. Here we asked whether in certain scenarios if the

global motion from dense optical flow combined with superpixels could be used as a

simpler alternative to track single cells? Previously, superpixels (Wang et al. 2011b;

Yang et al. 2014) have been investigated as a means to extract mid-level features

for feature-based trackers for general object tracking and in Schiegg et al. 2015 as

input to a graph cut algorithm for single cell tracking. But superpixel tracking with

dense optical flow has not really been explored for cell tracking. In the process

we were also able to assess the temporal continuity and specificity of the derived

superpixel tracks. Unlike computer vision there are few annotated datasets for

objective comparison of single-cell tracking and none that is large. Here we assessed

MOSES on the training videos of the cell tracking challenge dataset of Maška et al.

2014 which has annotated ‘ground-truth’ single cell tracks across 5 different cell

types with a mixture of fluorescent and DIC imaging, (Table.4.2). Instead of

providing a single numerical metric of performance which begs the question of the

most appropriate metric, c.f., Jaqaman et al. 2008; Luo et al. 2014; Maška et al.

2014; Leal-Taix et al. 2017, I chose instead to visually compare the derived single

cell tracks to the provided ground-truth tracks for validation for each of the 10
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Cells Number of
Videos Objective Time Step

MSC rat
mesenchymal

cells
2 10x/0.3 30 min

GOWT1 mouse
stem cells 2 63x/1.4 oil 5 min

HeLa cells 2 10x/0.4 30 min
U373

glioblastoma-
astrocytoma

cells

2 20x/0.5 15 min

Simulated (Sim.)
HL60 cells 2 40x/1.3 oil 29

Table 4.2: Table summarising the datasets used for MOSES single cell tracking from the
cell tracking challenge, http://www.codesolorzano.com/Challenges/CTC/Datasets.html

unique videos in the entire dataset.

Fig.4.10 shows the first of two training videos for U373 cells, a glioblastoma-

astrocytoma cell line which experience no cell division during the imaging duration

but does exhibit significant shape changes and cell migration as evidenced by

the maximum-projected image (but not reflected in the dynamic image). Whereas

dynamic images may work well for normal RGB videos of everyday scenes, potentially

the homogeneity of colour in DIC videos and the constant movement of the cells

does not lend itself well to such a visualisation method. In contrast the MOSES

saliency map is not affected and the maximum image also serves as a useful guide

for visualising the video motion.

To produce single cell tracks, superpixel tracks were extracted as described

(Fig.4.1) with 5000 superpixels. Individual cell segmentation of the initial frame

was then used to assign superpixel tracks to each individual cell. For each cell, the

longest track of those within a distance of 3ws (ws: average superpixel width) of

the initial centroid is selected to represent the individual cell motion. The process

is illustrated in Fig.4.11A for U373 cells with the corresponding result compared to
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Figure 4.11: MOSES superpixel tracking of single cells. A) Overview of applying MOSES
showing assignment of superpixels through coarse cell segmentation. B) Comparison of
MOSES superpixel tracking with maximum projected image and manually annotations
that were provided by the challenge and reannotated by a human annotator.

manual annotations, (Fig.4.11B). Since MOSES does not handle certain aspects of

single cell tracking such as cell division, cell entry and exit from the field of view

we do not expect pixel perfect performance. As such, for all displayed results, we

compared MOSES tracks to annotated tracks that originate only from cells present

in the initial field of view. In our experience the provided annotations (Provided

Annot.) was not very accurate as can be seen when compared to the motion pattern

revealed by the corresponding maximum image. For U373 cells, fellow PhD student

Carlos reannotated the videos from scratch, identifying in each frame the cell nuclei.

It can be seen that MOSES compares extremely well to the new centroid annotations

even in the extremely challenging lower left border case in Fig.4.11B. The results

for the remaining videos are shown in Fig.4.12, where if not indicated otherwise the

manual annotations used for comparison were those that were provided. For U373,

GOWT and MSC cells where their migration motion dominates over proliferation

and we have correctly identified the location of initial cells through cell segmentation,

MOSES performs visually well despite the very large shape deformations that U373

and MSC cells undergo, despite not having accounted for these changes explicitly in
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Figure 4.12: MOSES superpixel tracking applied to single cells. First frame is shown
for all videos. Cells were segmented based on the entropy image computed from the pixel
intensities. For segmentation masks that are coloured, watershed was applied to split
cells.
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Figure 4.13: Different neutrophil motion behaviour as a result of wounding and bacterial
infection. A tail wound was inflicted using the confocal microscopy laser 15mins from the
start of acquisition for a total acquisition time of 120 mins. Red boxes highlight the tail
wound. Wounded tails show enlargement and trigger local migration of neutrophils.

the motion extraction. Further the tracks produced are smoother and more realistic

when compared to the provided annotations. In simulated (Sim.) and HeLa cells

where the individual cells are not primarily migrating but mainly proliferating,

with no explicit mechanism for distinguishing cell proliferation from cell migration,

MOSES is prone to overestimate the biological motion. Whilst it is correct in

assigning the global movement if we compare to the corresponding maximum image,

due to the spatial proximity, the assigned motion most likely also includes the

additional motion of the daughter cells and their cell divisions. MOSES thus could

provide a quick solution to single cell tracking when cell proliferation is rare. Should

proliferation be more dominant it would be more reliable to utilise a specialised

single cell or particle tracker for cell tracking. In conclusion MOSES can robustly

recover global motion patterns from different image modalities as demonstrated

by the presented experiments above with spiked-in cells, UCF101 and single cell

tracking. More objectively we could assess the robustness of MOSES to recover

global motion patterns using generated ground-truth with simulation, by attempting

to recover simulated global flow and associated streamlines at different noise levels.

We now discuss two potential applications where MOSES could provide alternative

insights compared to the normal single-cell tracking solution.
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Figure 4.14: Different neutrophil motion behaviour as a result of wounding and bacterial
infection. A) Motion saliency heatmaps for a typical video from each condition with 10000
superpixels and the radial density mesh. B) Global spatial enrichment of each condition
based on the motion saliency. This value ranges from 0-1.

4.6.3 Monitoring Immunosurveillance in Zebrafish

Single cell tracking is an extremely difficult problem that potentially can only

be solved exactly for certain situations given optimal imaging conditions. Often

however for biological applications it is desired only to show differences between two

experimental conditions to aid experimental protocol development and hypothesis

generation. Seeking exact solutions in these cases to single cell tracking could

quickly become more challenging and lead to far more complex downstream analysis

than might actually be required for answering the scientific question of interest.

One such example that benefits more from a global perspective of movement is

immunosurveillance in zebrafish using 2D fluorescence microscopy where we desire

to be able to distinguish the different neutrophil motion behaviour in response to

external stimulation such as bacterial infection or wounding. Quantitative tracking

of neutrophils in-vivo in zebrafish is not standard practice due to the low-resolution

acquisition. Currently researchers manually count the number of neutrophils and

manually track the neutrophils (Li et al. 2012). If automated tracking is applied, it

is usually in a small region of few neutrophils (Henry et al. 2013; Robertson et al.

2014). In an ongoing collaboration with the Gyrd-Hansen Lab we have two groups

of zebrafish that have been externally stimulated, (Fig.4.13). For the first group a

specific tail wound was inflicted 15 mins after the start of filming and was filmed
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for a total of 120 mins at 10 sec intervals. For the second group the zebrafish was

chronically infected by pre-injection prior to filming with Salmonella bacteria into

the circulatory system. In both cases only the neutrophils were fluorescently labelled

with GFP. The challenge is to distinguish the different patterns of behaviour for

the different conditions.

Using MOSES we explored the idea of phenotyping the resulting motion patterns

of the circulating neutrophils across the whole zebrafish (GFP-tagged and green)

using the motion saliency map with 10000 superpixels and the radial density mesh.

The most sensitive mesh, the radial density mesh was chosen from the described

four meshes (Ch.4.3.2) to maximise the signal from the small number of local

neutrophils that exhibit directional movement following wounding. For the normal

control, spatially the motion saliency heatmap with forward tracks reveal no spatial

motion enrichment, for the tail wound, it reveals very precisely significant local

enrichment of motion at the site of wounding and for infection it reveals globally

elevated motion enrichment, (Fig.4.14A). A simple way to summarise the spatial

enrichment using a single statistic is to compute a normalised signal-to-noise index

after partitioning only the motion saliency map within the area of the zebrafish

into ‘high’ and ‘low’ pixel intensity values with Otsu thresholding:

Global Spatial Enrichment = E[High]− E[Low]
E[High] (4.19)

where E is the mean. The proposed normalised signal-to-noise ratio, (Fig.4.14B)

corroborates with the qualitative observational findings of (Fig.4.14A). One may

note an outlier in the wounded condition. This is because for that video, 3 local

heatspots similar to the wound heatspot in Fig.4.14A was present and the proposed

simple index does not capture this spatial multimodality. Extensions of this

index can be proposed that directly measure the spatial distribution such as

peak finding approaches.
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Figure 4.15: Video snapshots of drosophila embryo development. Static frames were
regularly sampled from supplementary movie 3 of Tomer et al. 2012 ventrolateral view. It
comprises a total of 1979 frames a period of 19.5 hours, recorded at 35s intervals.

4.6.4 Monitoring developmental processes

One of the major outstanding problems for in-vivo imaging is the analysis of longtime

acquisitions particularly where cells may undergo extensive motion dynamics with

cell populations disappearing altogether from the field of view. Using the example

of a developing drosophila embryo, we illustrate how MOSES and global tracking

can be used in an effective manner to quickly make insights as a complementary

analysis suite to single cell tracking for understanding the underlying complex

motion dynamics.

MOSES enables long-time tracking of cell populations

We analysed Supplementary movie 3 from Tomer et al. 2012 with MOSES. This is

a 2D maximum intensity projected sequence of the full 3D acquisition (Fig.4.15).
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Figure 4.16: Superpixel tracks of drosophila embryo development. Corresponding
superpixel tracks with 10000 superpixels of Fig.4.15. For frame t > 0 tracks are plotted
from t− 10 to time t. Tracks were clustered with a GMM model after PCA dimensional
reduction with 8 components.

As such, the perceived motion will be biased towards the visible cells closest to

the camera. Movement of cells in the bulk will not be captured. Nevertheless

due to the axial symmetry of the motions present, the 2D projected video is

sufficient for revealing global motion patterns.. Superpixel tracks were extracted

with 10000 superpixels. To aid visualisation of the resultant very dense superpixel

tracks, track clustering (Ch.4.4.1) was applied using the entire trajectory history

over all frames with 8 clusters, (Fig.4.16). The number of clusters was arbitrarily

selected to visualise the different types of motion patterns present. In general an

automatic model selection method such as BIC (Bayesian Information Criterion,

(Fraley and Raftery 1998)) or silhouette analysis (Rousseeuw 1987) can be used

to select an appropriate number of clusters. As seen by the temporal snapshots
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Figure 4.17: MOSES mesh strain analysis of drosophila embryo development.

where the tracks at frame t are plotted from time t − 10 to t, we see how tracks

of the same cluster track local motion patterns that appear to share the same

‘fate’, highlighting the same consistent group of superpixels (cells) as they move

and end in a similar spatial region.

MOSES mesh strain automatically identifies distinct motion regimes

The MOSES superpixel tracks can consistently follow the cellular motion over long

times as demonstrated through clustering but as clearly seen from the video and track

snapshots (Fig.4.15, 4.16) there appears to be distinct temporal motion patterns,

for example an upwards swirling motion between ∼frames 121-241 (Fig.4.15) and

∼frames 160-200, (Fig.4.17). Can MOSES be used to automatically identify these

regimes for more detailed study such as single cell tracking?. We tested this by

computing the forward MOSES motion signature or mesh strain curve (Ch.4.4.2).

Fig.4.17 shows how the forward MOSES motion signature automatically identifies

large motion regime transitions in particular at frames 120-250 the large upwards

rotational development of the front and back and at frames 700-800 the rotational

movement and reorientation of the back through increases in the mesh strain.

Manual human annotation identifies 4 motion regimes. In addition to 1) the large
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Figure 4.18: MOSES frame embedding of drosophila embryo development. 2-component
PCA with whitening was used to project the video frames into 2D using the MOSES
frame signature, Eqn.(4.15). Top: PCA embedding of the MOSES frame signature with
points coloured chronologically by increasing redness. Frames are labelled in increments
of 50 frames. Bottom: automatically sampled video frames selected to ensure a minimal
distance between successive frames for viewing.

upwards rotational development of the front and back at frames 120-250 and 2)

the rotational movement and reorientation of the back at frames 700-800, there

are two subtler temporal patterns involving less movement, 3) sideways embryo

movement at frames 1500-1750 and 4) a jitter at frames 1900-2000 (which could

also be due to the mounting). The latter two is much less obvious in the MOSES

strain curve, pattern 4 is still just about detectable. An alternative interrogation

method is through frame embedding of the frame signature, (Eqn.(4.15)). Fig.4.18

illustrates how the application of PCA automatically clusters together visually

similarly looking video frames whilst spreading out frames with very dissimilar

appearance. The overall effect is amplification of the large motion transitions seen in

the MOSES strain curve of Fig.4.16, allowing easy identification of the 2 dominant

motion regimes. One immediate application of this would be the construction of

key frames to summarise the video motion. Video frames in areas of high point

density in the frame embedding can be summarised using one frame whilst areas

of low point density require multiple frames.
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4.7 Summary and Conclusions

• MOSES uses dense optical flow to derive long-time superpixel tracks.
Tracks are joined to form dynamic meshes. Mesh-based statistics
incorporating collective motion and individual track statistics together
comprehensively characterise cellular motion (Ch. 5, 6). The meshes
enable i) high-level motion signatures for video clustering and ii) motion
saliency maps to highlight spatially distinct motion patterns.

• MOSES was demonstrated by application to different datasets:

1. UCF101 Action recognition - Motion saliency maps accurately
spatially localise motion sources despite background motion. Mo-
tion signatures quantify heterogeneity of videos from same action
class with PCA. New actions are distinguished without seeing new
examples (zero-shot learning). Frame motion signatures organise
video frames temporally and semantically using PCA.

2. Single cell tracking challenge - Superpixel tracks accurately
recover single cell tracks in the presence of no proliferation.

3. Zebrafish immunosurveillance - Motion saliency maps enable
novel characterisation of neutrophil motion patterns even for low-
resolution videos without need for explicit cell tracking.

4. Drosphila Embryo Development - Consistent long-time track-
ing of motion patterns. Motion signatures automatically tempo-
rally localise the distinct motion regimes present in the video.

• MOSES is extensible to 3D and nD using multidimensional optical flow.
The dynamic mesh connectivity requires only a definition of distance.

• Limitations

1. Fixed number of superpixels. Tracking density for large motion
leads to insufficient coverage e.g. Drosophila. Solution: online
introduction and tracking of new superpixels.

2. No distinction of cellular processes e.g. cell proliferation, cells
entering and exiting. Single cell tracks are overestimated in
proliferation dominant videos. Solution: use dedicated single
cell tracking.

3. Current superpixel averaged motion signatures do not encode
sufficient spatial motion variations. Videos with different lengths
give different length signatures and is difficult for classifiers. For
UCF101, we preliminarily achieve ∼ 20%. This is future work (see
Ch.7).
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In this chapter we show how the Motion Sensing Superpixels (MOSES) framework

can be used to systematically capture diverse features of cellular dynamics from

videos for motion characterisation of subtle epithelial population interactions. All ex-

periments and timelapse imaging in this chapter were performed by Carlos Ruiz-Puig.

5.1 Barrett’s Esophagus, Esophageal Adenocar-
cinoma and the Squamous-columnar Junction

An example application problem that benefits from a high-throughput computational

analysis is the formation of stable boundaries between homo- and heterotypic cell

populations. When two cell populations meet in-vivo, they often form a sharp,

stable interface termed a ‘boundary’, with limited intermingling (Dahmann et al.

2011). In adult humans, sharp boundaries separate different types of epithelia: for

example between the squamous and columnar epithelia in the esophagus, cervix

and anus. Disruption of these boundaries can lead to disease. Disruption of the

squamo-columnar epithelial boundary in Barrett’s Esophagus (BE) confers a 30-50

fold increased risk of esophageal adenocarcinoma (EAC) (Gaddam et al. 2013).

Understanding how tissue dynamics relates to pathological phenotypes and how it

can be affected by intrinsic and extrinsic factors is therefore a key issue.

5.2 In-vitro model to study the spatiotemporal
dynamics between different cell populations

5.2.1 Temporary Divider Co-culture Assay

To develop a motion analysis framework an experimental model was established to

assess boundary formation in-vitro between squamous and columnar epithelia found

at the esophageal SCJ (squamous-columnar junction) (Fig.5.1A). Three epithelial

cell lines were used: EPC2 (an immortalised squamous epithelial cell line from the

normal esophagus (Harada et al. 2003); CP-A (an immortalised BE cell line with

columnar epithelial properties (Merlo et al. 2011); and OE33 (derived from EAC
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Figure 5.1: Temporary divider system to study interactions between cell populations.
A) The squamous columnar junction (SCJ) divides the stratified squamous epithelia of the
esophagus and the columnar epithelia of the stomach. Barrett’s esophagus is characterised
by squamous epithelia being replaced by columnar cells. B) The three main epithelial
interfaces that occur in BE to EAC progression. Pictures were adapted from figure 2 of
Evans et al. 2016. C) Overview of the experimental procedure, described in steps 1-3. In
our set-up cells were allowed to migrate and were filmed for 4-6 days after removal of the
divider (step 4).

(Boonstra et al. 2010). To model the interfaces that occur in the esophagus we

used the combinations: EPC2:EPC2 (squamous:squamous, as a normal control),

EPC2:CP-A (squamous:columnar, as in Barrett’s esophagus) and EPC2:OE33

(squamous:cancer, as in EAC) (Fig.5.1B). In this experimental model (Fig.5.1C),

two epithelial cell populations are co-cultured in the same well of a 24-well plate in

media with 5% serum (FBS), separated by a divider with width 500µm (Ibidi). The

divider is then removed after 12hr and cells allowed to migrate towards each other.

Each cell population is labelled with a lipophilic membrane dye (Celltracker Green

(CMFDA, Life Technologies) and Celltracker Orange CMRA, Life Technologies),

which provides uniform staining, low phototoxicity and can be used in-vivo and

to label primary cells (Progatzky et al. 2013). We tested the effects of the dye on

proliferation and migration in two populations of EPC2, filmed over 96 and 144 hrs.
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Figure 5.2: Assessment of cell proliferation with dye. A) Automated cell counting with
convolutional neural networks (CNN). An example of a 64×64 pixels image patch of cells
stained with DAPI (blue), with individual cells counted manually (left) or by automatic
counting (right). Red spots mark individual counted cells. B) Plot of manually annotated
cell counts vs automated cell counts tested on 64×64 image patches (n=200). Each point
is a patch. The mean absolute deviation (MAD) was 4.86 cells, a percentage error of
3.91% for an average of 124.29 cells per image. Pearson correlation coefficient, r=0.992.
Red dashed line is the ideal identity line. C) Image segmentation of epithelial sheets
coloured with red and green dyes, used for sheet specific cell counting. Grey shaded area
is the excluded image area. D) Paired boxplots of cell density (number of cells/sheet
area) for each monolayer from fixed samples collected at different times (up to 4 days
(96hr) after divider removal). In each pair, the left boxplot is for the red labelled cells
and right for the green labelled cells, indicated by red or green dots respectively. Each
dot represents the value from a confocal image. Outline box colour indicates the cell type
(see legend). E) Cell density of red vs green dyed cells in the same culture pooled from
D) co-plotted on the same axis. Each point is a separate image. If a point lies on the
identity line (black dashed), within the image, red and green dyed cells have the same
cell density. All scale bars: 200µm.
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5.2.2 Assessment of Proliferation and Migration with Dye
Proliferation Assessment

To assess proliferation, confocal images were taken of fixed samples at 0,1,2,3,4

days and stained with DAPI to highlight nuclei. A fully convolutional neural

network (CNN) was trained in the manner of Xie et al. 2016 to automatically

count the number of cells. Given a DAPI image the trained CNN outputs a cell

density heatmap whose sum of pixel values equals the number of cells in the image,

(Fig.5.2A). To train the network, cells were first manually annotated in 192 image

patches (256×256 pixels) extracted from the original images (4096×4096 pixels),

(Fig.5.2A). For each of the 256×256 pixel image patches, 50 randomly sampled

64×64 pixel patches were extracted to yield a training set of 10,000 images. A

70:30 train-test split was used to train the CNN for 200 epochs, batch size 100

with RMSprop (lr=0.001, rho=0.9, epsilon=1e-08, decay=0.0) in Keras (Theano

backend) with MAE (mean absolute error) loss. The final test accuracy is reported

on the result of applying the trained CNN to the original 256×256 labelled image

patches, (Fig.5.2B) yielding a strong Pearson correlation of 0.992 with a mean

absolute deviation (MAD) error of 3.9% for an average of 124.29 cells per 256×256

image. To count red/green dyed cells within a single image, epithelial sheets were

segmented using their individual colour channel intensity images with K-means

clustering (K=3) after downsampling the image by a factor of 4 (for speed). The

resulting binary mask (retaining the two classes of highest image intensity) was

cleaned by removing small objects (<200 pixels), filling holes and retaining the

largest connected component before being upsampled back to its original resolution

(4096×4096 pixels). To count, the respective binary mask is multiplied with the

CNN density output image and summed over all the pixels, (Fig.5.2C).

From the DAPI images, the green and red fluorescent labelled EPC2 cells

proliferated similarly with identical medians between the red and green dyed

(red and green points in Fig.5.2D) within the interquartile range of the boxplots

exhibiting the same cell density (number of cells divided by area) over the time
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Figure 5.3: Cell migration is not affected by dye colour. (Top:) Mean squared
displacement (MSD) curves computed from optical flow plotted on a log10-log10 axis as
a function of the time interval. Lines are coloured red or green depending on the dye
colour. Cell types are indicated above the plots. (Middle:) Each line shows the green
vs red MSD curve from the same video. Lines are coloured by the experiment (different
batches) in which videos were collected. The dashed blue line is the ideal identity curve.
(Bottom:) Extracted exponent α from MSD∝ ∆tα for time intervals 0 < ∆t ≤ 20 hrs, for
the respective red and green sheet in one video. Each point is a video.

course. This is further confirmed by plotting red vs green cell density after pooling

together all samples irrespective of day, (Fig.5.2E) with slope=0.976, Pearson

correlation coefficient 0.978). Thus the dye has minimal impact on proliferation.

The proliferation were similarly checked in CP-A and OE33, (Fig.5.2D,E) with

the same conclusion.

Migration Assessment

To assess migration, the mean squared displacement (MSD) (Ch.3.1.1) as in Park

et al. 2015 was computed:

MSD(∆t) = 〈|ri(t+ ∆t)− ri(t)|2〉 (5.1)
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where ri is the (x, y) position of superpixel i at time t, ∆t is a time interval and

〈·〉 is the ensemble average over all time t and all superpixels i. For small time

intervals ∆t, the MSD increases as a power law:

MSD(∆t) ∝ (∆t)α, if ∆t is small (5.2)

where α is a constant exponent. On a log10− log10 axis, this relationship is linear

and of the form y = mx + c,

log10 MSD(∆t) = α log10(∆t) + log10C

The exponent α can therefore be determined empirically via linear regression. When

α is unity, (α = 1) the movement is uncorrelated random Brownian motion and

cellular motion is diffusive. When α > 1, cellular motion is super-diffusive and

when α = 2, motions are ‘ballistic’. Computing the MSD curves for EPC2:EPC2,

the independent curves of the red and green cells have similar profiles (Fig.5.3

top panel) and this is confirmed by the strong positive correlation when the red

MSD curve is plotted against the green MSD curve of the same video, (Fig.5.3

middle panel). A systematic deviation from the ideal blue dotted identity line is

evident in Fig.5.3 middle panel due to an asymmetric positioning of the gap in that

particular experiment, (c.f. Table.5.2). It is a batch effect. The MSD exponent

α > 1 inferred from 0 ≤ ∆t ≤ 20 hrs shows that both red and green cells exhibit

the same type of super-diffusive migration, (Fig.5.3 bottom panel). The dye thus

has minimal impact on migration. The migration were similarly checked in CP-A

and OE33, (Fig.5.3) with the same conclusion.

5.2.3 Different Media, Collective Motion and Boundary
Formation

We tested different combinations of the three epithelial cell lines, initially in serum-

containing media (5% FBS) (Fig.5.4). In all combinations both populations moved

together as a cohesive epithelial sheet. In the squamous EPC2:EPC2 combination,

cells met and coalesced into a monolayer. In the squamous-columnar EPC2:CP-A
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Figure 5.4: Video snapshots of cell combinations in 0% and 5% serum. The three
combinations of epithelial cell types (EPC2:EPC2, EPC2:CP-A, EPC2:OE33) were filmed
for 96hrs. Top: typical behaviour in serum and bottom: without serum. Scale bars:
500µm.

combination a stable boundary formed between the two populations after 72 hrs,

following a short period of CP-A pushing EPC2, (Fig.5.4 5% FBS videos). In the

squamous:cancer EPC2:OE33 combination, the cancer cell line OE33 pushes EPC2

out of the field of view. These phenotypes are consistent and reproducible, though

in the latter combination of EPC2:OE33, it was interesting to find a rare number of

videos (<10%) show the EPC2 cell line moving away from the OE33 cell line before

the leading OE33 cell makes contact. It is not clear why the supposedly ‘normal’

EPC2 cells should behave in such a manner. If true, it could be an interesting

cell-autonomous mechanism. For the purposes of the thesis and the development

of MOSES, we did not extensively pursue the underlying biological mechanisms

and include these videos as ultimately the EPC2 cells move out of the field-of-

view, the same endpoint as the majority case of OE33 physically ‘pushing’ EPC2 out.

Evidence from systems including Drosophila embryonic parasegment (Monier
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Figure 5.5: Collective sheet migration dynamics is lost in 0% serum. A) Samples were
fixed for staining at 24h when the gap between the two sheets has just closed, and at
144h at the end of filming. K7 (red) is a specific marker of columnar cells. E-cadherin
marks the adheren junctions. Actin (β-actin) marks the actin-cytoskeletion. All scale
bars: 20µm. B) Spatial correlation curves computed from superpixel tracks as a function
of superpixel distance. Black dots=computed values. Dashed black line=fitted line to
black dots of the form y = ae(−x/b). Green solid line=median line computed from the
black dots. Shaded region=±2 standard deviations of the green median line. C) Plot
of the extracted values a vs b, where a is the correlation with superpixels 1 superpixel
away and b the number of superpixels away for which motion is correlated. Each video
is a point, see legend for colour code. The higher points are on the plot, the greater
the collective motion. Black solid line is the support vector of a linear support vector
machine (SVM) trained to separate 0% and 5% serum according to the values of a and
b. Dashed black lines mark the SVM margin. Serum separability, the ability to predict
if a video contains 0% or 5% serum is defined as the training SVM accuracy using the
whole dataset, n=125 videos (n=16 each for EPC2:EPC2, EPC2:CP-A, EPC2:OE33 in
0% serum and n=17 (EPC2:EPC2), 30 (EPC2:CP-A) and 17 (EPC2:EPC2) in 5% serum.
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et al. 2010) and anteroposterior and dorsoventral wing disc boundaries (Landsberg

et al. 2009; Major and Irvine 2005; Major and Irvine 2006) suggest the importance

of physical properties of cell/cell interactions for boundary formation and that

collective migration is required for stable boundaries between epithelial populations.

To test the importance of physical contact between cells in boundary formation,

we cultured the same cell combinations in serum free medium to reduce cell-cell

contacts (Fig.5.5A). Under these conditions we observed loss of collective sheet

migration (Fig.5.5B,C) as assessed by (normalised) spatial correlation defined as:

SCORR(r) = 1
n

n∑
i=1

E
[Cov(ViVj)

σViσVj

]
j∈Ni

,Ni := {j|d(ri(t = 0), rj(t = 0)) < rws}

(5.3)

where V (t) = r(t + 1) − r(t), r(t) is the track (all (x, y) positions) up to time

t, n is the number of superpixels, E[·] is the mean function, Cov the covariance

function, σVi is the standard deviation of Vi(t), r is the distance in multiples of

average superpixel width (ws) and Ni the neighbouring superpixels of i. t was taken

to be the gap closure time (defined later, Ch.5.3.2). No boundary formation was

observed and all cell combinations appeared to exhibit similar motion dynamics,

(Fig.5.4 0% FBS videos). As further validation of the lack of collective motion

in 0% serum, the frame-to-frame correlation between superpixel patches along the

produced MOSES superpixel tracks was computed (Fig.5.6). For representative

EPC2:CP-A videos it can be seen qualitatively that the extracted temporal image

patch sequences show a reduced ability to maintain tracking of individual cells within

a superpixel patch due to the uncorrelated independent movement of cells within

it in the 0% serum and quantitatively lower average frame-to-frame correlation

across all superpixels. This shows that cell-cell contacts are required for boundary

formation in our cells. In subsequent experiments we used serum-free conditions

as a negative control for boundary formation.
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Figure 5.7: Intensity independent superpixel assignment. Top panels show images from
an example video at 96hr (left), 0hr (middle) and at the time of gap closure (right).
Bottom left shows the ‘raw’ superpixel tracks plotted from 0-96hr. Bottom middle:
shows the assigned red and green superpixels depicted as coloured dots marking their
centroid positions at 0hr for the image shown above. Bottom right shows all filtered
superpixel tracks from 0-96hr. The extent of the green tracks after assignment now
correctly resembles the shape of the interface between the two sheets for the image above.

5.3 Motion Analysis

Motion superpixel tracks were extracted as described in steps 1-3 of the general

MOSES framework, (Fig.4.1). Due to spatiotemporal variations in image intensity,

automatic assignment of superpixels by image segmentation is not robust. To

overcome this, an intensity-independent segmentation method using the spatial

layout of the superpixels for migrating epithelial sheets was developed (Fig.5.7).

5.3.1 Intensity Independent Superpixel Assignment

Inputs: Red (R) and green (G) superpixel tracks SR, SG with a total of N

superpixels in each:

Step 1: For each colour independently, identify all superpixels that move where

‘move’ is defined as the subset of superpixels, Smove which moves within a preset

number of frames denoted tc, (here we used 2 frames or 2hrs) a cumulative

distance greater than 0 pixels where | · | is the euclidean distance.

Smove :=
{
i
∣∣∣∣
{

tc∑
t=1
|Si(xt, yt)− Si(xt−1, yt−1)|

}
> 0, i = 1, 2, ..., N

}
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Step 2: Form the neighbourhood adjacency graph, connecting together super-

pixel i in Smove to superpixel j in Smove if their initial distance at t = 0 ,

d
(
Si(x0, y0), Sj(x0, y0)

)
≤ rc is smaller than a preset distance cutoff (rc =1.2ws

(average superpixel width) here). The largest connected graph component is

found and approximates the initial area covered by each coloured epithelial

sheet at frame 0.

Step 3: In some cases, image artifacts such as autofluorescence or the presence of

isolated cells detached from the main sheet introduces additional global motion

in the optical flow motion extraction resulting in ‘noisy’ superpixel tracks

that may affect statistically significant quantification of motion dynamics

downstream. Tracks associated with these noise sources must therefore be

removed. Assuming no overlap between red and green superpixels, that is

a superpixel at (x, y) cannot both be associated with red and green colours

simultaneously at t = 0, joint filtering based on which colour exhibits greater

movement is applied to clean segmentation errors from steps 1-2. To save

computational time, the need for removal is determined by a single user-set

cutoff based on prior knowledge of the maximum expected fraction of the

field of view covered by any of the red and green populations at t = 0 e.g. for

a 50-50 plating of red and green cells a reasonable cut-off is 0.7 (used here)

corresponding to at worst 70% of the field of view being covered initially by

either red or green cells in a high-throughput screening.

Step 4: The kept superpixels after steps 1-3 form an initial set of superpixels SRinitial,

SGinitial that cover the initial red and green sheets at time t = 0. Ideally these

initial superpixel tracks alone would fully recover the full motion dynamics of

the respective red and green sheets. In practice however, ‘drift’ errors occur

during long-term tracking due to the accumulation of small errors between

successive frames. Thus to improve the coverage of the full dynamic motion in

subsequent frames especially at the front of the migrating sheet, superpixels

not kept so far or inactivated i.e. SRinactivated = SR − SRinitial and SGinactivated =
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SG − SGinitial is ‘activated’ and added to SRinitial and SGinitial respectively if their

initial (x, y) position lies within the combined area Ωt := {ωt1, ωt2, ..., ωti},

the concatenation of the individual areas ωti of superpixel i in SRinitial, SGinitial
respectively at time t as defined in Eqn.(4.1). The ‘activation’ process is

carried out iteratively frame-by-frame thus superpixels activated at time t,

Stactivate is combined with Sinitial to form an augmented set of superpixels for

time t + 1, St+1
initial ← Sinitial ∪ Stactivate. A visual illustration of this step is

depicted in Fig.4.1, step 4 for the red sheet where red dots are the centroids

of the initial red superpixels, SRinitial, black dots the centroids of inactivated

superpixels, SRinactivated and blue dots the centroids of all initially ‘inactivated’

superpixels that become ‘activated’, Stactivate,∀t.

Step 5: To ensure the same number of superpixel tracks, N across all videos for

statistical comparison, constant tracks is assigned for all inactivated superpixel

tracks, j ∈ Sinactivate such that for all frames t their (xt, yt) positions is fixed

to their initial position (x0, y0), Sj(xt, yt) = Sj(x0, y0) ∀t.

Outputs: Filtered red (R) and green (G) superpixel tracks, SRfilt, SGfilt with a total of

N superpixels more specific to the epithelial sheet dynamics and robust to intensity

artifacts such as autofluorescence.

Computational Time: for a single 145 frame, two-channel red, green video with

a frame resolution of 1344×1024 pixels, tracking 1000 superpixels, steps 1-5 above

takes ∼4 mins on a single CPU (3.2GHz, 16GB RAM).

5.3.2 Automatic Gap Closure Determination

The frame in which the gap is closed or the gap closure point is required in order

to compare the difference in migration dynamics when the two epithelial sheets are

initially separate and following contact. Due to the potential ambiguity in defining

the gap closure point for some videos and to facilitate analysis of large video sets,

an automatic algorithm to determine the gap closure was developed by finding the
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Figure 5.8: Automatic determination of gap closure. A) Epithelial sheet segmentation
using the individual red and green image channels for each RGB video frame. Solid
white lines mark the sheet boundaries. B) Points identified using a sweepline algorithm
subsample the respective coloured sheet boundaries. Each red point is paired with the
closest green point, shown with white solid lines. C) The gap closure frame is the point of
inflexion in the plot of the average pairwise distance between boundary points (normalised
gap size) vs time (given as frame numbers). The inflexion point is automatically estimated
by finding the point of intersection between the fitted linear spline approximation (green
line) of the distance (red dots) and the fitted baseline + 2 times standard deviation
(dashed red line). The baseline (dashed black line) attempts to estimate the minimum
separation between the two sheets from the derived distance curve. Ideally this value
should be 0 when the two sheets meet, but is not in practice due to errors in image
segmentation. D) Comparison of frame number at time of gap closure predicted by the
algorithm vs the consensus of two humans given by the average of their independently
annotated frame number. Each blue point is a video, n=246 videos. Solid black line
is the ideal identity line. Dashed red lines show ±5 frames from the solid black ideal
identity line. E) Histogram of the error measured as absolute difference in frame number
between automated and consensus human annotations. F) Histogram as in E), showing
difference between the two individual human annotators. In E) and F) the accuracy score
is reported treating a difference > 5 frames as a disagreement.
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video frame that minimises the distance between the boundary points of the two

diametrically opposed epithelial layers.

Inputs: Separate red and green channel videos with a maximum number of

Tmax frames and image size m × n pixels. Tmax is chosen to be long enough to

guarantee gap closure but smaller than the maximum number of video frames,

T to save computation time.

Step 1: Image Segmentation. Segment each epithelial sheet independently for

each frame based on image pixel intensity. For each sheet, preprocess images

by applying a median filter with a square kernel of ws (the average superpixel

width) and segment using 2 class K-means clustering for videos with collective

motion or 3 class K-means (keeping the top 2 classes with highest image

intensities for non-collective motion to capture weaker stained leading cells).

The resulting binary images is cleaned by morphological closing (disk kernel

of 5) followed by removal of small connected objects (<5% total image area)

before binary filling.

Step 2: Locate Boundary Points. A sweepline algorithm is used to locate bound-

ary points efficiently. The image is evenly divided in the y direction into 100

strips or sweeps. For each sweep, one boundary point is identified by selecting

the furthest right point if the sheet is moving right or furthest left if the sheet

is moving left (Fig.5.8B).

Step 3: Compute Mean Gap Distance Frame-by-Frame. Pair each of the

red/green boundary points to the closest in the opposing colour. The average

euclidean distance between the boundary points provides an estimate of the

mean gap distance between the two sheets at a particular time t. The average

gap distance is computed frame-by-frame and normalised to a value between

0 and 1 by dividing by the maximum distance to yield a normalised gap size

curve (Fig.5.8C).
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Step 4: Locate Inflexion Point. When the gap closes there occurs a sharp

change in the rate of decrease of the normalised gap size curve (Fig.5.8C). To

estimate the frame where this transition occurs, first the baseline representing

the contribution to the gap size curve due to image noise is estimated using

the method of asymmetric least means squares (Peng et al. 2010), (black

dotted line). To reduce the effect of outliers, a linear spline approximation of

the gap size curve is obtained with smoothing factor 0.1Var(curve). The gap

closure frame is then the first frame for which the spline curve (solid green

curve) falls below the baseline + 2Std(baseline), (red dashed curve) where

Std,Var is the standard deviation and variance.

Output: The estimated video frame in which the gap between red and green sheets

are closed.

The algorithm was validated using a total of n=246 videos of different cell

combinations in different media by comparing the automatically inferred frame

to the consensus (average frame) of two manual annotators. There was a strong

Pearson correlation coefficient of r=0.902 (Fig.5.8D) and a concordance of 94%

within ±5 frames (Fig.5.8E) compared to a concordance of 97% within ±5 frames

between human annotators (Fig.5.8F). For calculating concordance a difference of

> 5 frames was considered a disagreement. Almost all the errors were due to videos

in no serum where cells show individual movement. The non-coordinated motion of

cells in the sheet leads to the presence of isolated populations of leading cells in

front of the main sheet. This leads to greater ambiguity in determining the frame

of gap closure. Other sources of error were due to weak staining of cells.

5.4 Quantitative measurement of squamous and
columnar epithelial boundary formation us-
ing MOSES

Using MOSES, quantitative measurements can be readily derived to assess a

particular biological feature. For assessing stable boundary formation three indices
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Figure 5.9: Boundary formation index for two epithelial sheets. A) Illustration of the
steps in calculating the boundary formation index. B) Example video snapshots at 96 hr
of the three cell combinations (EPC2:EPC2, EPC2:CP-A, EPC2:OE33) in 0% and 5%
serum with corresponding spatial saliency map and computed boundary formation index
below each image pair.

are proposed: i) boundary formation index; ii) motion stability index; and iii)

maximum velocity cross-correlation. Boundary formation and motion stability are

mesh-derived statistics. Maximum velocity cross-correlation is derived from the

individual superpixel tracks. These descriptors/measures are examples of statistics

that can be derived using MOSES.

5.4.1 Boundary Formation Index

The boundary formation index is a global measure of the likelihood of stable

boundary formation, exploiting the notion that a boundary is a spatially con-

strained phenomenon. Computing the motion saliency map defined in Ch.4.4.3,

(Eqn.(Motion Saliency Map)) integrated over all time using the radius neighbours

mesh defined in Ch.4.3.2 for enhanced sensitivity, (Eqn.(Radial Neighbours Mesh))

generates a heatmap that spatially detects the interface between the two migrating

sheets from which the global likelihood of boundary formation can be quantified
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using a simple normalised signal-to-noise ratio index from 0-1, (Fig.5.9) similar

to that used proposed for zebrafish immunosurveillance (Ch.4.6.3); the higher the

score the greater the likelihood of boundary formation.

5.4.2 Motion Stability Index

The motion stability index is a local measure that assesses the additional stability

of the interface between the two cell populations not captured by the boundary

formation index, where individual cells in the sheet may still be moving stochastically

without affecting the equilibrium spatial position and shape of the boundary. More

precisely, it defines ‘stability’ as the zero movement state at the superpixel-level

when the dynamic mesh no longer deforms and so the relative distance between

individual superpixels and its neighbours are fixed. It can be seen as a ‘global’

stability measure that takes into account collective motion as a superpixel typically

encompasses several cells within its area such that the distance between superpixels

(and by extension cell groups) may not change and the mesh is stable but the

cells within a single superpixel could still be moving and rearranging. Under this

definition states such as a constant rate expansion or contraction of the sheet is

deemed unstable unless the topology is simultanenously preserved. It is computed

by subtracting from 1 the gradient of the normalised mesh strain curve which is the

MOSES forward motion signature (Ch.4.4.2, Eqn.(4.12)) divided by its maximum

value. Here the normalised mesh strain curve measures the relative degree of

motion of superpixels with respect to its neighbours within the tissue. The higher

the motion stability index (maximum value of 1), the more stable the boundary

and the cells at the boundary. The motion stability index for a cell combination

is computed from the averaged normalised mesh strain curve of the individual

cell populations. For stable computation of gradients without fitting, for 96 hr

videos, the period of stability given by the curve plateau is shorter, therefore the

last 10 frames (10 hrs) were used for computing the gradient. For 144 hr videos,

the last 24 frames (24 hrs) were used.
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Figure 5.10: Definition of the mesh disorder index as the eccentricity weighted angular
variance based on the MOSES mesh. The higher the index the less regular the mesh. Red
arrows on the mesh are the computed PCA ellipse orientation.

5.4.3 Maximum Velocity Cross-Correlation

The maximum velocity cross correlation is an averaged normalised measure (0-1)

that can measure the degree two epithelial sheets move together as a single cohesive

connected sheet by correlating each superpixel track in one population (colour) with

every superpixel track of the other population (colour), factoring in time delays (see

Ch.3.3.4). For two initially diametrically migrating sheets, a significant increase in

this measure before and after closure of the gap is indicative of increased interaction

across the sheets. This might be due to increased cell-cell contact in the combined

monolayer leading to increased coordinated motion across larger spatial scales. For

a video, the maximum velocity cross-correlation is computed for all possible pairings

of red and green tracks and the average over all pairings is then reported as evidence

of sheet interaction. Based on the accuracy of the automatic gap closure algorithm,

the maximum velocity cross-correlation was computed with tracks before (up to

-5 frames) and after (from +5 frames) of the inferred gap closure point.

5.4.4 Mesh Disorder Index

The mesh disorder index captures the extent local cell populations move in opposing

directions with respect to their neighbours using the spatial irregularity of the

mesh. Mathematically this is characterised by the angular distribution of the

local strain ellipses, (Fig.5.10). For each superpixel i, Si, the normalised (by
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magnitude) displacement vector ~rij(t) to each neighbouring superpixel j where

‘neighbour’ and neighbourhood of i, Ni is defined by the MOSES mesh, (Ch.4.3.2,

Eqn.(MOSES Mesh)) for frame t is determined. PCA is applied on {~rij(t), j ∈ Ni}

to solve for the eigenvectors ~ri,1, ~ri,2, the respective eigenvalues, λi1, λi2 where (λi1 >

λi2) and the angle of the principal vector ~ri,1, θ = ∠~ri,1 which is also the principle

angle of orientation of the strain ellipse. For an ellipse, the eccentricity, e is defined

as e =
√

(1− b2/a2) where a is the major ellipse length (given by λi1) and b is the

minor ellipse length (given by λi2). The mesh order indexMDI(t) for frame t is then

defined as the eccentricity weighted angular variance, Var(ei cos θi) + Var(ei sin θi)

where Var(·) is the variance operation and measures the variation in the stretch

orientation as weighted by the strength of the stretch over all superpixels i. The

contribution is smaller for circular ellipses whilst stronger for directional ellipses,

(Fig.5.10). Superpixel points that have a large number of surrounding superpixels

are ‘defect centres’ that should be removed since we wish to measure the disorder

in the bulk of the sheet not at concentration points such as the boundary and

edges for which the MOSES mesh is naturally more compressed, (Fig.5.10). One

effective method is to exclude superpixels with a number of neighbours, nneighbours
less than a maximum specified number of neighbours nmax where the neighbourhood

of superpixel i is all superpixels j whose (x, y) position at time t is less than a

cut-off distance, rc = 1.2ws away and ws is the average superpixel width. For the

MOSES mesh, the value of this index strictly is only applicable in describing the

collective behaviour of the initial frames prior to gap closure. A single MOSES mesh

disorder index for comparison can then be reported as the mean of the MOSES

mesh disorder index before gap closure after smoothing the values with a linear

spline fit. For motion after closure, the notion of collectiveness in a migrating sheet

becomes somewhat ill-defined. The MOSES mesh is disordered due to ‘collision’

with the other sheet and in most combinations the individual sheets stop moving

shortly afterwards. The proposed mesh definition of collectiveness is not ‘universal’

unlike a physical quantity such as speed. It depends on the initial mesh geometry

and therefore should only be used strictly speaking to compare the same cell
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type with the same or similar starting conditions as in our EPC2:CP-A EGF

titration below (Ch.5.7). In the situation where it might be desired to compare

the motion of one cell type in sparse conditions and the same cell type under

confluent conditions, the mesh disorder index no longer has clear interpretation. In

these two cases they are not influencing the same number of superpixel points and

the resultant index will be skewed since the mesh captures not only collectiveness

but also differences in speed, shape etc.

5.4.5 Biological Interpretation of Proposed Measurements

Table.5.1 summarises the proposed four indices above and suggests possible biological

examples and interpretations. In general, each index is not specific to any particular

biological application. Instead, the interpretation depends on the specific cellular

motion and table.5.1 should serve only as a guide.

5.5 The Video Dataset

In total 190 videos were acquired for analysis, 125 videos of ‘normal’ experiments

across 4 experiments with no external stimuli and 65 videos of titration experiments

where increasing amounts of EGF (epidermal growth factor) is added. Each

video was acquired one frame per hour on a Nikon time-lapse microscope. These

videos are highly heterogeneous and acquired under different conditions; uneven

fluorescence, plated either side (left or right, asymmetrically) and imaged at different

magnifications, altogether creating a challenging dataset overall for analysis. An

image panel of 35 randomly selected videos from the set of 125 normal videos is

displayed showing the video snapshots at 0h, gap closure and 96 (Fig.5.11).

5.6 Squamous-Columnar Cell Combinations Can
Form Boundaries

The proposed indices were computed for different combinations of the three cell

lines (EPC2, CP-A and OE33) in the experimental system. 125 videos (48 with
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Table 5.1: Summary and interpretation of proposed measurements for two cell
populations

0% serum and 77 with 5% serum) were collected from 4 independent experiments

with no external stimuli and jointly analysed, (Table.5.2). Cells grown in 0% serum

were used as negative control to set a cut-off for boundary formation (0.69) defined

statistically as one standard deviation higher than the pooled mean of all three

combinations (Fig.5.12A). Above this cut-off, cell combinations are categorised
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Expt 1
(n=37)

Expt 2
(n=50)

Expt 3
(n=21)

Expt 4
(n=17)

Medium Cell Combinations

4x,
10µM
dye,
asym-
metric

4x,
10µM
dye,

symmet-
ric

4x,
10µM,
symmet-

ric

2x,
2.5µM,
symmet-

ric

5% serum

EPC2:EPC2 3 5 7 2
EPC2:CP-A 5 8 13 4
EPC2:OE33 5 7 1 4
EPC2:AGS - - - 2
CP-A:CP-A - - - 2
CP-A:OE33 6 - - -
OE33:OE33 - - - 3

0% serum
EPC2:EPC2 6 10 - -
EPC2:CP-A 6 10 - -
EPC2:OE33 6 10 - -

Table 5.2: Summary of video datasets and experiments analysed for 0% and 5% serum.

All imaged 2x, 2.5µM dye, symmetric divider, total = 65 videos
Experiment

No. Medium
EGF 0

ng/ml
2.5

ng/ml
5

ng/ml
10

ng/ml
20

ng/ml

Exp 1 5% serum - - 2 2 1
0% serum 2 - 2 1 -

Exp 2 5% serum 4 4 4 4 4
Exp 3 5% serum 4 - 4 3 4
Exp 4 0% serum 4 4 4 4 4

Table 5.3: Summary of video datasets and experiments analysed for EGF addition.

as forming a boundary. The boundary formation index was highest (0.74) for

EPC2:CP-A grown in 5% serum (n=30/77) (Fig.5.12A,D). For EPC2:EPC2 and

EPC2:OE33 in 5% serum the boundary formation index was below the cut-off

(Fig.5.12A). The serum videos were also ranked on a continuous scale using the

boundary formation index to show unbiasedly that the majority of EPC2:CP-A

videos are at the top of this ranking (Fig.5.13). Similarly, experiments in 0% serum

were used to set the global motion stability threshold (0.87), one standard deviation

below the pooled mean of EPC2:EPC2 and EPC2:CP-A. Cells at the interface of

EPC2:OE33 are not stable and therefore not included in the pooled statistics. Below

this cut-off, cell combinations are categorised as forming unstable interfaces. In 5%



5. Phenotyping Cell Population Interactions 155

Figure 5.11: Heterogeneity in motion dynamics and quality of image acquisition. A
random selection of video snapshots are shown as examples of the video variability. Videos
are labelled by number and each cell combination is named such that the first cell name
corresponds to the left sheet and the second name to the right sheet. The dye used is
indicated as (R) for red and (G) for green. Left: Examples at 0h at the start of the
experiment. Middle: Examples when the red and green sheets first close the gap between
them. The gap closure point varies among videos and is detected automatically to ±5
frames with 94% accuracy (Ch.5.3.2). Right: at 96hr. All scale bars: 500µm.

serum, EPC2:CP-A had the highest motion stability index with a median value of

0.90, compared to EPC2:EPC2 (0.76) and EPC2:OE33 (0.25) (Fig.5.12B,E). These

results illustrate that the squamous-columnar combination EPC2:CP-A forms a

stable boundary.

Sheet-sheet interactions were measured using the maximum velocity cross

correlation both before and after gap closure for the three cell type combinations. In

0% serum there was no difference in velocity cross correlation across all combinations

before and after gap closure (Fig.5.12C). The two sheets do not move cohesively

as an unit, which is to be expected with minimal cell-cell contact. In serum, there

is greater cohesion due to cell-cell contact. We observe that the difference for

EPC2:CP-A (median value of 0.03 before and 0.20 after gap closure) was ∼3-6

times larger than for EPC2:EPC2 (0.01 to 0.08) and EPC2:OE33 (0.02 to 0.05), (c.f.

left and right violins in Fig.5.12C). We note also that CP-A:OE33 (Barrett’s:cancer,
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Figure 5.12: Quantitative assessment of boundary formation and sheet-sheet interaction
dynamics. A) Violin plots of boundary formation index for each video (black dot) for the
three main cell combinations in 0% and 5% serum. Dashed line is the threshold given
by one standard deviation above the pooled mean value of all cell combinations in 0%
serum. Red solid line = mean, black solid line = median. Shaded region is the probability
density of the data whose width is proportional to the number of videos at this value.
B) Motion stability index and C) Maximum (Max.) velocity cross-correlation between
the two sheets. ‘B’ is before and ‘A’ is after gap closure. Violin plots of D) Boundary
formation, E) motion stability and F) maximum (max.) velocity cross-correlation between
the two sheets for all cell combinations tested in 5% serum. In panel F), ‘B’ is before
and ‘A’ is after gap closure. G) Velocity cross-correlation difference before and after gap
closure of F). Statistical two-tail test at 5% significance level with Mann-Whitney U. For
all panels, each black point is a video, red solid line is the mean, black solid line is the
median, shaded region is the probability density of the data whose width is proportional
to the number of videos at this value, n=77.

n=6) also exhibited a substantial increase in velocity cross-correlation following gap

closure (0.03 to 0.17) (Fig.5.12F,G). This is unlikely to be a feature of the CP-A

cell line, as no substantial increase was observed for CP-A:CP-A (0.01 to 0.06)

(Fig.5.12F,G). Thus, the EPC2:CP-A boundary exhibits greater cohesion between

the two cell populations compared to interfaces formed between cells of the same type

and EPC2:OE33 (i.e. ‘normal’ squamous cells with cancer cells) suggesting enhanced

physical interaction. Of all the cell combinations tested, the squamous-columnar

combination EPC2:CP-A uniquely forms an ‘interacting’ stable boundary.
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Figure 5.13: Ranking of 5% serum videos according to boundary formation index. Final
frame snapshots (96 or 144 hrs) ordered according to the MOSES boundary formation
index, decreasing order reading from left to right, top to bottom, (n=77). Values to 2.s.f
(significant figures) are given for the first video in each row and column. * demarcates
the first image where a boundary does not form, according to the threshold set by our
negative 0% serum controls from Fig.5.12A (0.69).

5.7 Measuring Subtle Phenotype Changes Induced
by External Stimuli

To be relevant to high-content imaging analyses, MOSES needs to quantitatively

monitor subtle changes in cellular motion dynamics with a minimal number of

replicates. As a test of the sensitivity of MOSES, we assessed whether MOSES

could detect subtle changes in the EPC2:CP-A boundary caused by an external

stimulus.

The main cause of BE (Barrett’s Esophagus) is bile acid reflux, (Dixon et al.

2001; Souza 2010). Bile acid activates epidermal growth factor receptor (EGFR)
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Figure 5.14: EGF titration at physiological levels disrupts boundary formation. A)
Destabilisation of the junction with EGF addition. All in 5% serum, snapshots at 144hrs of
the green CP-A MOSES mesh at the same timepoint for all concentrations. The closeness
of the lines indicates impeded motion leading to a local aggregation of superpixels in the
vicinity and suggestive of a boundary. The less rectangular the mesh, the less ordered the
motion. Blue triangles mark the boundary position in the image and its corresponding
inferred position in the CP-A mesh. All scale bars: 500µm. B) Mean normalised strain
curves for each concentration. The mean curve for EPC2:OE33 videos in 5% serum
without EGF in Fig.5.12 is shown for comparison. Violin plots of boundary formation
index C), motion stability index D) and maximum velocity cross-correlation E) for each
concentration of EGF. Red solid line = mean, Black solid line = median. Dots are
individual videos, n=40. Values for EPC2:OE33 in 5% serum without EGF and threshold
from Fig.5.12 are shown for comparison. Shaded region is the probability density of the
data whose width is proportional to the number of videos at this value. F) Boxplot of
mesh disorder index for each concentration of EGF.
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(Dossa et al. 2015), a receptor tyrosine kinase that is frequently mutated in EAC,

(Secrier et al. 2016) and sometimes overexpressed in BE, (Al-Kasspooles et al. 1993;

Cronin et al. 2011). We therefore used EGF, the ligand of EGFR, as a stimulus

to activate the EGFR signalling pathway. Increasing amounts of EGF (0ng/ml to

20ng/ml) were added to the culture medium to assess incremental effects on cellular

motion and boundary formation in the EPC2:CP-A combination. Viewing the mesh

(Fig.5.14A), shows the boundary position further away from the initial point of

contact between the two cell populations and decreased coherence of the boundary

with increasing EGF. This is also shown by the shape of the mean normalised strain

curve (Fig.5.14B): at 0ng/ml EGF this curve linearly increases before plateauing

around 72hrs; as EGF concentration increases, the curve becomes more linear and

the plateau is lost above 5ng/ml. The boundary formation index decreases with

increasing EGF (0.74 at 0ng/ml to 0.46 at 20ng/ml), indicating that the boundary

is lost (i.e. index below the 0.69 cut-off) (Fig.5.14C). The index at 20ng/ml EGF

is similar to that for EPC2:OE33 without EGF (0.46), (Fig.5.14C). The interface

becomes increasingly unstable and cells move more as the motion stability index

decreases from 0ng/ml (0.94, stable) to 20ng/ml (0.72, unstable) (Fig.5.14D). Also,

the interaction between the two cell populations is lost as the maximum velocity

cross correlation difference before and after gap closure decreased from 0ng/ml

(0.16) to 20ng/ml (0.04) EGF (Fig.5.14E). The maximum velocity cross correlation

after gap closure is similar to that for EPC2:OE33 (0.02) (Fig.5.14C), but the

motion stability index remains higher (Fig.5.14D). Altogether these measures show

that above 5ng/ml EGF the phenotype of EPC2:CP-A becomes similar to that of

the interaction between EPC2 and the EAC cell line OE33.

The mesh disorder index showed statistically significant increases with EGF

concentration (0ng/ml: 0.708, 2.5ng/ml: 0.709, 5ng/ml: 0.709, 10ng/ml: 0.713,

20ng/ml: 0.715) (Fig.5.14F, 5.15A,B), suggesting collective sheet motion is lost.

This loss of collective motion is supported by a decrease in the standard spatial

correlation measure (Ch.5.2.3). However, using this standard approach gives high
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Figure 5.15: Increased mesh disorder with EGF addition to EPC2:CP-A in 5% serum.
A) Snapshot of the EPC2 and CP-A meshes at the point of gap closure for different EGF
concentrations. Box plots of MOSES mesh disorder index B) and spatial correlation C),
black centreline is the median. Each video is a point in C) and D), n=40. Statistical
two-tailed test with Mann-Whitney U. No statistically significant differences were detected
using spatial correlation between any pairing in D) at 5% significance level.

statistical variance, (Fig.5.15C). The effect of increased disorder is visually subtle,

but is clearly detected using the MOSES mesh and the proposed mesh disorder index.

Titrating EGF in the absence of serum gave non-significant changes in the

boundary formation index (0ng/ml: 0.60±0.07, 20ng/ml: 0.65±0.03) and maximum

velocity cross correlation (Fig.5.16 (n=25)). Decreasing motion stability index

indicates increased cell movement without collective motion leading to more distorted

meshes (Fig.5.16A) as evidenced by an increasing mesh disorder index . In summary,

this example with EGF in the context of our experimental set-up shows that MOSES

enables continuous-scale quantification of motion after systematic perturbation in

a medium-throughput 24-well format.
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Figure 5.16: EGF addition to EPC2:CP-A in 0% serum does not induce boundary
formation. A) Snapshots of the merged red EPC2 and green CP-A MOSES mesh at 144hr
with increasing concentration. Violin plots of B) boundary formation index, C) motion
stability index and D) maximum (max.) velocity cross-correlation before (B) and after
(A) gap closure. Shaded region is the probability density of the data. Width of shaded
region is proportional to the number of videos with that value. E) Box plots of mesh
disorder index. For B)-E) each point is a video, black line is the median, red line is the
mean.
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Figure 5.17: 2D motion map for unbiased characterisation of cellular motion phenotypes.
In all panels, each point represents a video (see legends for colour code). The position of
each video on the 2D plot is based on the normalised mesh strain curves, analysed by
PCA. A) The mapping process for a single video. B) The 5% serum videos (n=77) were
used to set the PCA that maps a strain curve to a point in the 2D motion map. C) The
0% serum videos (n=48) was plotted onto the same map defined by the 5% serum videos
using the learnt PCA. In B) and C) the mean mesh strain curves for each cell combination
are shown in insets. Light blue marks the two standard deviations with respect to the
mean curve (solid black line). D) Same map as in C) with points coloured according to
0% or 5% serum. E) The normalised mean strain curves for 0-20ng/ml EGF addition to
EPC2:CP-A from Fig.5.14 plotted onto the same map defined by the 5% serum videos.

5.8 Motion Signatures and 2D Motion Maps for
Unbiased Characterisation of Cellular Motion
Phenotypes

The MOSES mesh-based formulation can thus derive robust measurements to test

directly for differences in expected motion phenotypes, such as boundary formation.

But what if we do not know a priori what motion phenotype to expect? For example,

in high-content screens it is necessary to identify unknown differences in complex

cellular motions unbiasedly from a large number of videos. MOSES addresses this

need by facilitating the systematic generation of unique ‘motion signatures’ for each

video. Here unsupervised machine learning techniques requiring no manual user
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Figure 5.18: Comparison of motion map learning using different dimensional reduction
techniques with MOSES strain curves and RMSD curves. In each panel the same 77
serum videos were used. From left to right, PCA - principal components analysis, MDS -
multidimensional scaling, TSNE - t-distributed stochastic neighbour embedding and a
neural network autoencoder. Each point represents a video, as indicated on the legend.

annotation can be used to plot migration videos onto a 2D motion phenotype map,

enabling easy visual assessment of motion phenotype and hypothesis generation

without the need to individually interrogate each video.

The general process for motion map generation is illustrated in Fig.5.17A. To

position each video on a 2D map, principal components analysis (PCA) is applied to

the normalised mesh strain curves used here as a 1D motion signature to summarise

the entire video motion for the 77 videos of cell combinations cultured in 5% serum

conditions. The generated map (Fig.5.17B) shows that this unbiased approach

has automatically clustered together the videos for each cell type combination.

Furthermore, the videos are ordered in a continuous manner, as shown by the

progressive transformation in the shape of the mean normalised strain curve when

looking across the plot in Fig.5.17B from left to right, CP-A:CP-A to EPC2:OE33

(i.e. the shape is increasingly linear). This result could not be achieved with

RMSD (root mean squared displacement, c.f. Fig.5.18, 5.19), and is independent

of the particular dimensionality reduction technique used, (Fig.5.18). Further,

the 1D motion signatures derived from MOSES could be used to train a machine

learning classifier with no further processing to predict cell combination identity
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better than RMSD, (Fig.5.19). Whilst RMSD and MOSES exhibit similar average

scores, looking at the three combinations with the most number of acquired videos

(EPC2:EPC2, EPC2:CP-A and EPC2:OE33) MOSES ensures significantly better

worst performance of the two (F1 scores ≥ 0.67 vs F1 scores ≥ 0.50). For biological

applications arguably even performance across all ‘classes’ is more important than

the average performance which can be dominated by a small fraction of high

performing classes to minimise the number of false positives in unbiased screens.

To demonstrate how 2D motion phenotype maps generated by MOSES can be

used to compare videos, we next mapped the 48 videos from 0% serum cultures

onto the same axes as the videos from 5% serum (Fig.5.17C,D). The videos from 0%

serum mapped to a different area of the 2D plot, whilst preserving the continuous

ordering of the previous videos. Therefore, without having watched the videos it is

easy to predict that the cells have markedly different motion dynamics in 0% serum

compared to 5% serum. Furthermore, since the points for the 5% serum videos

cover a larger area of the 2D plot than the 0% serum videos, one would expect less

diversity of motion in 0% serum, (Fig.5.17D).

The motion map also capture subtle motion changes. This is demonstrated by

mapping the mean video motion for each concentration of EGF from 0-20ng/ml

(represented by the respective mean normalised strain curves for each concentration

(1 per concentration from total n=40 videos, see Fig.5.14B)) onto the same axis

as the 5% serum videos in the absence of EGF (square points in Fig.5.17E).

With increasing EGF, the EPC2:CP-A motion dynamics becomes more similar to

EPC2:OE33 above 5ng/ml, as evidenced by the square points moving from the area

of blue circular EPC2:CP-A points into the area of orange circular EPC2:OE33

points. Therefore, the motion map is consistent with the results obtained using

the specific derived indices (Ch.5.7). These results illustrate that MOSES is able

to account for biological and technical variability unbiasedly across independent

experiments and possesses the required features for an algorithm to be used in an
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unbiased manner in high-content screening. For a 96-well plate assay, one 1344×1024

pixel video per well the analysis can be completed in under a day.

5.9 Summary and Conclusions

• Metaplasia at the human oesophageal squamous-columnar junction
(Barett’s oesophagus) is the most significant risk factor for progression
to esophageal adenocarcinoma.

• MOSES is applied to assess the interaction between epithelial cell lines
relevant to the oesophageal squamous-columnar junction: EPC2:EPC2
(normal squamous control), EPC2:CP-A (squamous:columnar, Barrett’s
esophagus) and EPC2:OE33 (squamous:cancer).

• MOSES enables derivation of robust biological metrics for the assessment
of boundary formation between different combinations of epithelial cell
lines. Three metrics are proposed, i) boundary formation index, ii)
motion stability index and iii) maximum velocity cross-correlation.

1. Facilitates objective assessment of boundary formation in videos
from a wide variety of experimental conditions and of low-
resolution.

2. Subtle changes to boundary formation from EGF addition to
EPC2:CP-A is captured on a continuous scale.

• A fourth metric, mesh disorder index is proposed as a geometric measure
for quantifying changes in collective motion after perturbation for the
same cell type with the same starting configuration.

• EPC2:CP-A (squamous-columnar) combination is found to form a
unique stable boundary which is disrupted in serum by increasing
addition of EGF.

• MOSES signatures facilitates motion map learning for visual comparison
of video motion similarity. Resultant motion map enables visual
distinction of new motion phenotypes. Continuous phenotype changes
can also be monitored for phenotype prediction.

• MOSES provides a simple consistent framework for high-content
screening and analysis for 2D in-vitro individual and collective migration
and interaction.
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In this chapter the Motion Sensing Superpixels (MOSES) framework is used to

automatically monitor organoid growth dynamics filmed with label-free microscopy

even with multiple organoids in the field of view. All experiments and imaging

were performed by Xiao Qin. Manual organoid counting was carried out by Xiao

Qin and Carlos Ruiz-Puig. Manual organoid branch annotations were created

167
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by Carlos Ruiz-Puig.

6.1 Organoids as a Screening Platform

A number of recent research efforts demonstrate the viability of establishing high-

throughput screening with organoids. In the first proof-of-concept organoid screen,

van de Wetering et al. 2015 use 19 colorectal tumour organoids (derived from 18

different patients) in experimental triplicate to screen the drug sensitivity of a

bespoke 83-compound library using organoid viability from IC50 scores. They show

using RNA-seq, genetic correlations between individual oncogenic mutations and

drug response. Boehnke et al. 2016 further scaled this system to demonstrate the

experimental feasibility of an automated 384-well assay format screening with 16

compounds. They proposed a test for spatial uniformity based on the heterogeneity

of the response (IC50) of each well to the application of a reference compound chosen

as a positive control. Huang et al. 2015 develop ductal pancreatic organoids and

demonstrate with 5 organoids and epigenetic regulators that the tumor organoids

were capable of retaining patient-specific traits, including repressive epigenetic

marks, oxygen consumption and EZH2 dependence. Despite such successes, there

still remains technical challenges before organoids can be used for high-content

screening and analysis. One major challenge is the biological variability during

growth. Current techniques are limited in their precise control of the resulting

organoid phenotype for example the spatial differentiation of cell types, size, shape

and quantities in each well even if they are expanded from the same primary material.

Currently there is a lack of quantitative tools for detailed analysis of long-time

imaging of organoid development to facilitate the systematic study of organoid

phenotype heterogeneity. Existing methods primarily only use cell viability (dead

or alive) to screen organoids for further sequencing analysis or only use area to

assess growth dynamics. Both of these approaches neglect the diverse organoid

morphologies that are hallmarks of tissue of origin (Fatehullah et al. 2016), (Fig.1.1)

that may be perturbed under pathological conditions. For example van de Wetering
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Figure 6.1: Overview of the general in-vitro organoid culture system. Adapted from
Fatehullah et al. 2016

et al. 2015 noted that tumor-derived organoids presented with a range of patient-

specific morphologies, from thin-walled cystic structures to compact organoids devoid

of a lumen. It is therefore critical to develop a quantitative analysis that captures

detailed organoid morphology consistent with current growth and imaging protocols.

6.2 Organoid Culture and Timelapse Imaging

To culture and grow organoids from primary tissue, the acquired tissue usually

from biopsies in humans or dissections in mouse is dissociated into functional

sub-tissue units containing stem cells and continually passaged to get single cells

and enrichment of the stem cell fraction. Subsequently the mixture is embedded

in extracellular matrix (ECM) surrounded by culture medium to initiate organoid

culture. The culture is supplemented with organoid specific niche and ECM factors.

Stem cells are maintained and perpetuated within the organoids, continually giving

rise to differentiated progeny. Typical morphologies are classified as spherical,

branching or budding. Organoids can either differentiate spontaneously or be

induced to differentiate towards desired lineages or cell types by adding suitable
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Figure 6.2: Monitoring of mouse intestinal organoid growth and development under
timelapse phase-contrast microscopy for ∼1 week.

differentiation factors. Fig.6.1 illustrates this general process. Whilst successful for

growth and maintenance of stem cells, the current culture protocols cannot grow

organoids in a controlled fashion scalable to high-throughput multi-well plates. A

single well will likely contain hundreds of organoids. Only select views, preferably

containing single organoids will be taken for filming. Ideally the organoid could

be fluorescently stained and imaged at single-cell resolution under timelapse with

different coloured markers used to label the differentiated progeny. However this

is extremely challenging at present. The presence of the ECM prevents efficient

transfection, the depth the organoid is in the matrigel cannot be controlled, the

organoids do not tolerate well the continual laser stimulation used in fluorescence

imaging over long-times and cannot be fully sectioned optically through the entire

volume. As a compromise, the grown organoids can be filmed using label-free phase-

contrast or DIC (differential interference contrast) microscopy over long times ( ∼2

weeks, potentially unlimited depending on media changes) to monitor their growth

and morphogenesis. However these acquisition methods do not offer high-quality

optically sectioned z-stack images. The resultant z-stack acquisition are akin to an

extended focus. Yet the organoid motion due to growth is three dimensional. In

the rest of the thesis we refer to such image sequences of 3D phenomena acquired

in or projected into 2D as ‘2.5D’ acquisitions to distinguish them from pure ‘2D’

sequences such as the two cell population videos of the previous chapter.
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Figure 6.3: Variability of organoid culture. A) Heterogeneous development of intestinal
organoids from the same wild type mouse. B) Example of actively migrating organoids in
the matrigel indicated by red and blue arrows.

6.3 Technical Challenges for Automated Image
Analysis of Organoids

The variability of current organoid cultures and timelapse imaging methods present

technical challenges for the establishment of automated high-throughput image

analysis platforms for organoid screening which can be grouped into specific

imaging and analytical challenges. Fig.6.3 illustrates some of these challenges,

where intestinal organoids were expanded from a single wild-type mouse with

no genetic modifications.

Imaging Challenges

• Finite culture media requires changing over long-time filming. It is then

difficult to relocate the same organoid and resume filming from the exact

spatial location.
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• Multiple organoids in the field of view

• Uneven and changing background illumination

• Out-of-plane, unfocussed organoids and debris

• Organoids can merge and overlap, occluding neighbouring organoids as they

grow

• Migrating organoids and those not well embedded in the ECM, (Fig.6.3B).

Analytical Challenges

• Organoids filmed over different acquisitions need to be registered to ensure

spatiotemporal continuity.

• Organoid depth is uncertain, size and morphology can drastically change,

multiple optical z stack slices are required. The best slice need to be selected

when compiling the video.

• Quantitative description and comparison of branching morphology.

• Quantitative phenotypic metrics that capture organoid heterogeneity.

• Detection and filtering out of necrotic, non-growing, migrating organoids and

other ‘outliers’.

In summary, large illumination variations between wells, large morphological

changes and organoid occlusion combine to make it exceptionally challenging for

frame-by-frame image segmentation based on image intensity and texture commonly

provided by commercial and open-source image analysis software, (Fig.6.3). At

the same time, the typically small number of videos in a screen (96 or 384 wells)

and lack of training labels limits segmentation based on supervised deep learning

approaches. Even suppose perfect frame segmentation of each organoid was possible,

the resulting mask would not allow inference of cellular motion within the organoid

shape in the resulting effective ‘2.5D’ timelapse images. For these reasons, we
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Figure 6.4: Overview of the automated organoid video analysis pipeline.

developed an automatic video analysis pipeline building upon that for migrating

two-cell epithelial sheets in Ch.5.

6.4 Datasets

One timelapse video dataset was used to develop the automated pipeline and whose

branching dynamics was subsequently analysed, (Ch.6.7). It comprises 80 videos

of mouse intestinal organoids, acquired one frame every 15 mins over 7 days using

a 10x objective. 4 conditions each with 20 videos are represented: 1) WT-wild

type, 2)KO-p53−/−, 3) WT+VC treatment, 4) KO+VC treatment. VC treatment

comprises the addition of CHIR99021, a GSK inhibitor and valproic acid (VPA)

and was used by Yin et al. 2014 to obtain homogeneous Lgr5+ intestinal stem

cells (ISC). Together VPA and CHIR99021 together denoted VC maintains ISCs

in an undifferentiated, self-renewing state and leads to distinctive drastic changes

in the external organoid morphology.

6.5 Automated Video Analysis of Organoid De-
velopment using MOSES

6.5.1 Overview of Pipeline

The overview of the developed automated analysis pipeline for organoids is illustrated

in Fig.6.4. Organoid analysis using MOSES is similar to that of the analysis of two

migrating epithelial sheets (Ch.5) but presents new and additional challenges that

requires the development of new algorithms. First, the need to acquire timelapse

videos over several acquisitions due to growth medium renewal necessitates the

usage of automatic image registration to realign frames for spatiotemporal continuity

(Fig.6.4 Step 1). Second, the presence of multiple organoids introduces multiple
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Figure 6.5: Automatic alignment of organoid video frames from multiple imaging
acquisitions.

‘objects’ requiring a method to assign superpixel tracks specific to each organoid

(Fig.6.4 Step 3). This is further complicated by organoids that grow into each

other. Previously the epithelial sheet was only one ‘object’. Third, estimation of

overall organoid shape frame-to-frame and finally, the detection and tracking of

branching dynamics from the superpixel tracks (Fig.6.4 Step 5). Below we describe

solutions to each of these components.

6.5.2 Automated Image Registration of Video Frames

Organoid development from primary tissue is slow. To reliably capture the full

development of branching such as that in intestinal organoids, long-time acquisition

over one to two weeks is required. As the organoid develops over this time frame,

the surrounding growth medium is depleted and must be replenished. The entire

timelapse sequence must therefore be acquired over separate acquisitions, (Fig.6.5).

Relocation of the same organoid and resumed filming from the same spatial position

is often imprecise as shown in Fig.6.5 after automatic selection of the best focussed

z slice per frame using the variance of laplacian (LAPV, Pertuz et al. 2013)
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with blue arrows indicating the last frame of the previous acquisition and red

arrows the first frame of the subsequent acquisition. Established Fourier Transform

correlation methods (Guizar-Sicairos et al. 2008) is applied sequentially to correct

the translational shift between successive image frames with the aligned frame

serving as the template for the next frame , (Fig.6.5 bottom-most panel). A final

global alignment was not needed. This realignment is vital to avoid the introduction

of artificial motion prior to the application of MOSES for motion extraction.

6.5.3 Instance Segmentation of Organoids

Ideally, the imaging field of view contains only a single organoid. However this is

not always possible in practice due to stochastic variation in the resulting spatial

placement following dissociation and matrix embedding with current organoid

culture protocols. In addition label-free phase contrast microscopy in contrast to

fluorescence microscopy captures both the desired organoids and a non-relevant

image background that comprises for example the movement of cell debris and

imperfections in the matrix. Naive ‘out-of-the-box’ motion extraction using optical

flow sufficient for monitoring the migration of epithelial sheets here result in noisy

motion tracks that are suboptimal for further analysis, (Fig.6.6A). To overcome this

limitation each initial organoid must be uniquely identified and for each, specific

motion tracks must be assigned. This is known as ‘instance segmentation’ (“where

are the individual organoids”) as opposed to ‘classification’ (“Are there organoids

in the image”) and is a very challenging problem in general (c.f. Ch.2.3.3). Here

we solve this problem by detecting the (x, y) position of each organoid in the first

frame and retaining those organoids which contribute to the global motion by

attempting to match the detected organoid centres with the inferred motion centres

of superpixel tracks. Superpixels are subsequently assigned based on analysing the

spatial connectivity of moving superpixels. The core steps are illustrated in Fig.6.6.

Step 1: Forward and Backward Motion Extraction. The first frame at time,

t0 is partitioned into a regular number of superpixel regions as described

(Fig.4.1) and tracked frame-by-frame forward in time from t0 to the final
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Figure 6.6: Automated pipeline for single organoid motion extraction in the presence
of multiple organoids. A) Overview of the proposed pipeline (steps 1-4). B) Overlay of
final identified motion tracks onto video frames up to the specified video frame number
i.e. frame 100 is the position of each track up to frame 100. Different colour indicates a
different organoid.
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frame tT where T is the total number of video frames. The set of (xt, yt)

superpixel positions form the forward superpixel tracks. Similarly the final

video frame at time tT is partitioned into a regular number of superpixel

regions and tracked frame by frame backwards from tT to t0 to extract the set

of (xt, yt) superpixel positions to form the backward superpixel tracks. The

forward tracks reveal where motion moves towards or ‘motion sinks’, (Fig.6.6A

Step 1 left), whereas the backward tracks reveals where motion originates or

‘motion sources’, (Fig.6.6A Step 1 middle), in analogy to fluid flow (Ch.3.2.2).

Combined they describe the full range of dynamic motion in the movie as

can be visualised using the maximum projected image of the entire video,

(Fig.6.6A step 1 right).

Step 2: Segment Initial Frame and Match to Motion Sources. The initial

frame is segmented to identify each organoid of a minimum size (specified by

the number of pixels), (Fig.6.6 step 2 middle). This segmentation is at present

dataset specific. Currently an intensity-based segmentation is employed.

The image background is first estimated using morphological closing and

subtracted. Non-local means (Buades et al. 2005) is then applied for image

denoising. To segment, GMM clustering (2 components) is applied and the

resulting binary mask is binary infilled and connected components smaller

than a minimal size are removed to obtain the final foreground organoid mask

(Fig.6.6A, step 2). To infer a likelihood image of possible motion sources,

the MOSES saliency map using the most sensitive radius neighbour mesh

(r ≤ 5ws) (c.f. Ch.4.3.2, 4.4.3), where ws is the average superpixel width

is computed. A local maximum filter (disk kernel, radius 2ws) is applied

to the result followed by non-maximum suppression (setting all pixels not a

local maximum within a local circular neighbourhood of ws pixels to 0) to

minimise false detections (Fig.6.6 step 2 right). Organoids are assigned to

detected motion sources if their respective centroids differ no more than a

distance given by a specified constant multiple (1.5) of the equivalent circular

radius computed from their binary mask, (Fig.6.5.3 step 2). Each organoid
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is associated with a single motion source but each motion source can be

associated with multiple organoids. Organoids not matched to any motion

source is regarded as non-moving for the entire video and removed from further

consideration.

Step 3: Superpixel Assignment and Track Propagation. Determine the set

of initially moving superpixels, St0move defined as those superpixels whose

summed displaced distance between successive frames from the initial frame

t = t0 to the frame of movement tm is greater than 0,
tm∑

t=t0+1
|r(xt, yt)− r(xt−1, yt−1)|

 > 0

tm is automatically determined for each video and is defined as the smallest

frame number tm = min(1, tmove), that satisfies tmove = arg mint F [t] =(∑t
i=1 d[i]

)
> dc, for i = 1, 2, . . . , t where d[i] = 1

N

∑N
j=1 |rj(xi, yi)−rj(xi−1, yi−1)|,

rj(xi, yi) is the (x, y) position of superpixel j at time frame i and dc is a user-

set cut-off distance (1.5 pixels). F [t] is essentially the cumulative mean

superpixel displacement between frames from the initial frame 0 to frame t.

Then form the region adjacency graph (RAG) between superpixels in St0move
using the initial (x, y) positions at t = t0 and find connected components

of the RAG. Connected components of a graph are defined as a subgraph

whose any two vertices or nodes are connected to each other by an edge

but is connected to no other vertices outside of the subgraph belonging to

the larger graph. Thus a graph whose nodes are fully connected has only

one connected component. Each retained organoid centroid is assigned to a

graph component based on euclidean distance. Fig.6.5.3 step 3 left, illustrates

this visually. The red and green centroids form a single graph component in

which two organoid centroids have been assigned to whilst the black centroids

are graph components in which no organoid is assigned. If more than one

organoid centroid is assigned to a single graph component, then the respective

graph component is ‘split’ such that each superpixel centroid comprising the

graph component is uniquely associated to the nearest organoid centroid as
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measured by the euclidean distance, (Fig.6.5.3 step 3 left). Effectively this

assumes that each organoid (and its motion range) can approximately be

modelled by a Gaussian prior. To handle deviations from this assumption

(e.g. due to occlusion between organoids and organoid branching), this

initial assignment is semantically refined through pairwise 2-component GMM

(Gaussian mixture model) clustering on the PCA dimensionally reduced

superpixel tracks (Ch.4.4.1) . Each organoid i, Oi now has associated a

unique set of superpixels SOiinitial ⊆ St0move ⊂ S whose tracks in time capture the

dynamic motion of organoid i. However, only the initially superpixels that

were moving were considered in this assignment. There is a high probability of

superpixels that initially do not move but become ‘activated’ as the organoids

grow in size similar to the migration of the epithelial sheets in Ch.5. To

improve the accuracy of the full dynamic capture for each organoid Oi, we

additionally augment Oi with the subset SOiactivate which are superpixels that

are a member of St0no move = S \ St0move but become ‘activated’; where the initial

(x0, y0) position of Sj(xt, yt) ∈ SOiactivate, Sj(x0, y0) comes to lie within the

combined total spatial area covered by the set of initial superpixels SOiinitial

over all time, Ωt := {ωt1, ωt2, ...ωtk} where ωtk is the area of superpixel k at time

t. This is similar to the propagation when analysing the motion of two cell

populations (Ch.5.3.1) except the ‘activation’ is not applied sequentially for

each frame. The final set of superpixels and associated tracks that capture

the dynamic motion of organoid Oi is the union of the initial and activated

superpixels, SOi = SOiinitial ∪ S
Oi
activate (Fig.6.6 step 3 right).

Step 4: Outlier Removal. (Optional) When organoids are initially close spa-

tially or become close during filming through growth or movement there is

a high probability of some misassigned tracks, (Fig.6.6 step 3 right) though

the majority is correct. The presence of these ‘outlier’ tracks could affect

downstream analysis such as branch detection (Ch.6.6.3) and should be filtered

out. This can be efficiently achieved by exploiting the idea of point density

to find the total spatial range of motion (c.f Ch.4.6.1) and to use this cue
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to remove outlier superpixel tracks whose motion is not constrained within

this spatial range. For organoid Oi described by ns superpixel tracks SOi ,

collapse the time t and superpixel identity k to form the super point set,

POi := {(xi′ , yi′)|(xt, yt, k) 7→ (xi′ , yi′), i′ = 1, .., N} where N = K × T is the

total number of points, for K superpixels and T video frames. Then map the

full point set P into a spatial image, IP whose pixel values at (m,n) where

m,n are the row and column indices is the number of points at that location:

IP (m,n) =


∑N
i′ 1xi′ ,yi′ , if yi′ = m,xi′ = n

0 ,Otherwise
(6.1)

The resulting image is sparse relative to the number of image pixels, depending

on the initial number of superpixels specified. To ‘densify’ the image for

segmentation, the image Ip is smoothed with a Gaussian kernel (σ = 2ws) and

binarised by 3 cluster K-means (retaining the highest intensity 2 clusters) to

produce a binary mask, whose largest connected component is then retained

to capture the dynamic motion range as it is assumed superpixel tracks

belonging to any single organoid should move as a single entity and be

‘close’ to its neighbours. Each superpixel track k, Sk(xt, yt) ∈ SOi is then

assigned a reliability score, Rk
score defined as the fraction of time its motion is

within the spatial region covered by the final binary mask, BMmotion where

Rk
score := 1

T

∑T
t=t0 BMmotion(ykt , xkt ). A second reliability measure is the end

point error, EPEk defined as the minimum distance of the final position of

the superpixel k with respect to the pixels in BMmotion. A superpixel track k

is categorised as reliable and kept if it satisfies the following dual criteria:

Rk
score > Rthresh ∧ EPEk < Ek[EPEk]− 2 Stdk[EPEk] (6.2)

where E, Std is the mean and standard deviation over all superpixels k,

Rthresh = 0.5 is a user specified threshold and ∧ the logical and operator. The

final set of superpixels removes outlier tracks whilst minimally affecting inlier

tracks, (Fig.6.6 step 4). A more natural choice of statistic for robustness is the

median but we found the median to estimate too low the upper bound and
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eliminates too many tracks. In practice this outlier removal step is quite time

consuming and was only necessary in a handful of videos where two organoids

develop very closely to each other and both exhibit significant deviation from

a 3D isotropic shape due to branching as might be the case for intestinal

organoids. As such it is deemed an optional post-processing step.

The final superpixel tracks isolate the motion of individual organoids and partitions

the movement spatiotemporally. Plotting the organoid superpixel tracks in different

colours from the initial time t = t0, frame 0 to frame 400, the superpixel tracks

record the time history of the motion, providing easy visualization of the number

of organoids and their movement in one static image which could not have been

inferred from a single or a few frames, (Fig.6.6B).

6.5.4 Tracking of Organoid Morphology

In cases where the predominant motion of the organoid is growth, the superpixel

tracks allows for inference of the individual organoid morphology from the ‘2.5D’

timelapse sequences. Both identification of the external shape as well as tracking

of the individual branching dynamics as the organoid develops can be recovered

to allow further quantification.

Estimation of Organoid Shape

Precise segmentation of the external organoid shape frame-by-frame from sparse

superpixel tracks is difficult where the organoid is represented by a much larger

number of pixels than the fixed number of superpixels used for motion extraction.

Nevertheless, the spatial distribution of the superpixels from forward and backward

tracking can provide an estimation of the organoid shape comparable to pixel-based

image segmentation, (Fig.6.7A). Similar segmentation from trajectories has been

applied to segment general objects in videos, (Brox and Malik 2010; Fragkiadaki

et al. 2012). Our basic workflow is as follows:
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Figure 6.7: Estimation of organoid shape from motion tracks. A) Heatmap and
corresponding binary segmentation for each organoid in comparison to image segmentation
for frames 0, 100, 200, 300 and 400 for organoid 1(blue) and organoid 2(red). B)
Snapshots of a second video comparing shape segmentation from motion using MOSES
with image pixel intensity based segmentation (2-component GMM clustering on the
denoised background subtracted image (see Ch.6.5.3, step 2)).
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• Given a time frame t (t > 0), concatenate the forward and backward superpixel

positions SF (xt, yt), SB(x−t, y−t) to form the combined point set P FB(xt, yt) =

SF (xt, yt) ∪ SB(x−t, y−t).

• Gaussian kernel density estimation with automatic bandwidth selection using

Scott’s Rule (Scott 2015) is applied to estimate the 2D probability distribution

of the set PFB(xt, yt), generating a dense spatial heatmap for visualization,

(Fig.6.7).

• The heatmap is binarised using 3-class K-means with the highest intensity

class retained to estimate the organoid shape with a binary mask. Two classes,

(foreground/background) was found to overestimate the organoid shape in

early frames.

This approach works well for small organoids or over the majority of the video

(total 468 frames) for a large organoid, (Fig.6.7A,B) when we compare to the

difficulties of frame-by-frame image segmentation. However for large organoids,

in the latter frames over a long-time acquisition, growth slows and there may be

greater cell death. The entire organoid will no longer undergo motion changes in

consecutive frames. Here the above binarisation results in undersegmentation of

the organoid, primarily identifying only the growing branches, (Fig.6.7B, MOSES

panel frame 400). Nevertheless an extra step, computation of the convex hull image

of the binarised heatmap, shown by the outline around the heatmap in Fig.6.7B,

bottom panel, ensures robust estimation. In the worst case it allows recovery of

the bounding box. The convex hull of a binary image is defined as the set of pixels

included in the smallest convex polygon that surround all white pixels in the input.

For primarily migrating organoids like organoid 2 in Fig.6.7A, the developed

method accurately reflect the non-growing nature; maintaining a similar number

of white pixels with gradually reducing area as the organoid disappears out of the

field of view. The residual red in the heatmap is because individual superpixels are
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not allowed to leave the field of view by design to maintain a constant number of

superpixels. Thus the (x, y) positions are bounded by the size of the image.

Detecting Branching Processes

The set of organoid superpixel tracks, SOi not only captures the overall shape

of organoid Oi but additionally captures information about the developmental

dynamics of branching. Visually it can be seen that manual annotation of organoid

branches is positively correlated to the number of tracks passing through the same

spatial region of interest, (Fig.6.8A). We refer to tracks in this spatial zone as

‘densest’ tracks. Conceptually, branching can be viewed as a locally accelerated

expansion of a group of budding cells compared to its neighbours and this appears

to be captured in the superpixel motion tracks. In organoids that experience pure

growth such as organoid 1, the ‘densest’ tracks can recover the branching dynamics

(Fig.6.8A). In organoids of pure movement such as organoid 2, the ‘densest’ tracks

provide a compact summary of the motion pattern. For fair comparison of branching

dynamics, only purely growing organoids are retained for branching analysis. They

can be automatically detected by filtering based on the angular spread of motion

(growing organoids grow in all directions) and by shifts in the organoid centroid.

Based on the empirical observation relating organoid branching with the spatial

concentration of motion tracks, an automatic branch extraction algorithm was

developed that proposes branch points are spatial enrichment regions in the dynamic

mesh and are local maxima (‘blob-like hotspots’) that can subsequently be tracked

and joined together across frames using particle tracking or single cell tracking

approaches to form branch tracks c.f. Fig.6.8B.

Step 1: Detect Local Maxima and Link Frame to Frame. For frames 1 to

T (the final video frame), a heatmap localising the spatial region with the

densest number of superpixels is given by the radius neighbour mesh MOSES

saliency map (r ≤ 1ws) (Ch.4.3.2, 4.4.3) constructed from the forward

superpixel tracks where ws is the average superpixel width. Peaks given
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by (x, y) coordinates are identified using a local maximum filter and linked

frame to frame using a simple nearest neighbour approach with a distance

cut-off of 2ws. If a track cannot be linked to a point in the next frame, it is

terminated. Points that could not be linked to a point in the previous frame

are initiated as new tracks.

Step 2: Tracklet Linking. The frame-to-frame linking process produces a series

of tracks of varying time lengths termed tracklets. After discarding very short

tracklets, tracklets are grouped according to their start time and groups are

sorted by time in ascending order. Starting from the first group, tracklets

are tested successively for linking based on distance i.e. if the last location

of tracklet A in group 1 is within a distance dlink = 3ws of the first location

of tracklet B in group 2 then they are linked. To link tracks, a new track

is produced with the start time of tracklet A and the end time of tracklet

B. Where tracklet A and tracklet B overlaps in time, the mean of the two

positions is computed. Tracklets that cannot be linked with any track in the

next group is deemed to be unique and not considered for further linking.

This linking process is necessary to combine tracklets that may belong to a

longer track but was not identified in every frame due to image artifacts such

as occlusion disrupting the motion signal.

Step 3: Search the Set of ‘Densest Tracks’. The resultant tracks, Tlink based

on local maxima detection and tracklet linking may still result in shorter or

longer tracks than expected depending on the quality of the linking which can

vary from video to video, (Fig.6.8B step 2). Further it may not agree with the

motion captured in the superpixel tracks. Instead we view the Tlink as ‘queries’

to retrieve the most representative track from the set of ‘densest’ tracks,

Dtracks (superpixel tracks that have many neighbouring tracks as depicted in

Fig.6.8A) which we view as a pool of ‘templates’. The measure for retrieving

the most similar track for track Ti is to select the track Tj ∈ Dtracks that

minimises the mean euclidean distance, d(Ti, Tj). Formally, the following
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density score function, DTi is used to score the ‘density’ of a superpixel track

Ti and measures the average fraction of time neighbouring tracks of Ti lies

within a constant distance cut-off, dc set using either prior knowledge or

through statistical means by regarding each superpixel as a 2D Gaussian (as

described in Ch.4.3.1).

DTi := 1
|Ni|

∑
Tj∈Ni,j 6=i

E[d(Ti, Tj) < dc] (6.3)

where Ni, is the set of neighbour superpixel tracks of Ti defined as all superpix-

els within a distance of dc in the first frame t0,Ni := {Tj|d(Ti(x0, y0), Tj(x0, y0)) <

dc, j 6= i}. E is the mean taken over the trajectory length. Otsu thresholding

applied to the set of all {DTi} produces a constant cut-off Dthresh. All

superpixel tracks whose density score DTi > Dthresh is considered dense,

i.e.

Ti ∈ Dtracks if DTi > Dthresh (6.4)

This sequence of computing the score function and assignment is independently

applied 3 times to the forward and backward tracks iteratively to refine the

density candidates with dc = ws (the average superpixel width).

Step 4: Removal of ‘Similar’ Tracks. The resultant tracks may contain tracks

with similar shape that overlap spatially or tracks whose end positions

colocalise. These tracks with high probability belong to the same organoid

branch and should be described by a single representative track. Instead of

taking the average of these tracks, the track who has moved furthest in the final

frame at time T , (xT , yT ) from the initial position, (x0, y0) is designated as the

representative track. Track similarity was defined as before with the trajectory

cross-correlation (TCC) (with values between 0 and 1), (Ch.4.5, Eqn.4.18).

Spatial overlap of a track Ti and track Tj is defined by the maximum overlap

ratio of the convex hull image of the respective tracks denoted ConvHull(Ti)

and ConvHull(Tj).

SO[Ti, Tj ] = max
{
ConvHull(Ti) ∩ ConvHull(Tj)

ConvHull(Ti)
,
ConvHull(Ti) ∩ ConvHull(Tj)

ConvHull(Tj)

}
(6.5)
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If two tracks Ti, Tj have a TCC≥ 0.95 spatial overlap, SO ≥ 0.7, they are

marked for combining and the representative track is found as described above.

For a cluster of tracks (>2) that are similar (TCC≥0.95), all pairwise spatial

overlaps are computed. The tracks with the largest convex hull images are

considered and the representative track is computed from this set as described

above.

6.6 Validation of Pipeline

There is no suitable benchmark dataset available for assessing the quality of

motion extraction for organoids. Public datasets for assessing optical flow such as

Middlebury, KITTI and Flying Chairs (Ch.2.1.3) are not suitable. They exhibit

larger displacements than biological motion and is of everyday objects which possess

very different image statistics. There is also no validated method to generate

synthetic data. Finally, it is too laborious to outline frame-by-frame organoid

shapes for a large number of organoids. Each intestinal organoid video for example

is 468 frames, often with many organoids in one image, (Fig.6.9A). Instead we

verified the pipeline indirectly using three tests that assess the quality of the results

inferred from the organoid superpixel tracks, for which less laborious annotation

could be completed by multiple human annotators.

• Test 1: Manual visual assessment of organoid tracks

• Test 2: Validation by counting

• Test 3: Validation of organoid branching dynamics

Tests 1 and 2 verify the ability to accurately identify moving organoids and correctly

partition its spatial area of motion. Test 3 indirectly verifies the accuracy of the

motion extraction. Only if the motion is extracted faithfully can the inferred

branching tracks correlate with manually identified branches. Further it should

perform significantly better than randomly choosing from the pool of dense tracks

which we use as a baseline algorithm for comparison.
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6.6.1 Manual Visual Assessment of Organoid Tracks

Due to the lack of ground-truth data and challenges in generating an applicable

synthetic dataset with suitable ground-truth for organoids, the quality of the

motion assignment was visually assessed. Examples of track assignment is shown

for 8 videos in Fig.6.9A demonstrating its performance in the presence of single

and multiple organoids. Tracks were overlaid on static video snapshots and

compared with sequentially sampled frames. Combined with Fig.6.7, one of the

major evident benefits of the MOSES motion tracking approach is the ability

to leverage information in previous frames to ensure spatiotemporal continuity

of organoid identification and separation of individual organoids even in highly

confluent environments where they may be physically touching or occluding each

other in the latter half of the video. Such frames would otherwise be extremely

difficult if not impossible to identify with frame-by-frame image segmentation.

6.6.2 Validation of Segmentation Through Counting

Three annotators separately counted the number of initial organoids that underwent

‘significant’ movement over the course of the video. Under this criteria, new

organoids moving into the field of view after the initial frame are not counted.

Those organoids that only move a small distance before undergoing apoptosis are

also not counted but initial out-of-focus organoids that grow and thereby exhibit

significant movement are counted. Applying this criteria, 77/80 videos contained

moving, live organoids. The automatic number of distinct organoids was compared

with the average number of organoids of the 3 annotators. The counts exhibited

strong linear correlation with a Pearson correlation coefficient of 0.867 and a slope

of 0.895 where the ideal is 1 indicated by the dashed black line. Assessing the

per video difference to human annotations, we report 100% agreement in 73%

(56/77) videos. For comparison, humans achieve 100% agreement in 92% (71/77)

of the videos. In reality for screens one would aim to establish a lower density

of organoids, ideally one organoid per field of view. For 21 of the videos where
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Figure 6.9: Qualitatitive and quantitative assessment of organoid segmentation from
motion. A) Snapshots of motion track assignment for organoid in 8 different videos i)-viii).
For each sequence of three images, the first displays the assigned motion tracks overlaid
on the initial video frame, the second a snapshot from the middle of the video to show
movement, the third is the final video frame of the video. B) Plot of the number of
automatically identified moving organoids vs the average number of manually annotated
moving organoids from 3 human annotators. C) Histogram of the difference in organoid
number rounded to the nearest integer between the automated count and the average
human count. D) Histogram of the average difference in organoid number rounded to
the nearest integer between each of the three human annotators and the average human
count of the three annotators.
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only a single organoid was moving (agreed on by all 3 annotators), the proposed

algorithm achieves 100% agreement with humans.

6.6.3 Validation of Branching Through Detection

It is impractical and ambiguous to draw out the shapes of each organoid branch

manually per frame for each video. Instead we compared the automated tracking

to manual annotation of the branch tips frame-by-frame for a subset of 9/80 videos

sampled uniformly from each of the 4 conditions. The annotated organoids were

chosen on a traffic light system of ‘easy’ to ‘challenging’ based on qualitative

assessment of the degree of movement of the organoid body, number of sprouting

branches and linearity of the branching development, (Fig.6.10A). The automatically

produced tracks was then compared to the manually annotated tracks in three

ways i) the agreement in branch counts, ii) the similarity in the track shape after

matching to annotated tracks based on initial starting position and iii) the temporal

disagreement in the branch growth duration measured by the average difference

in video frames. For ii) and iii) we also compare the performance of the branch

tracking against randomly assigning the matched number of tracks from the set

of dense tracks and the respective assigned organoid superpixel tracks. The KO-

VC-1 video in Fig.6.10A was excluded for quantitative validation as both organoids

were annotated in the same video and it exhibited extreme deviation from normal

organoid development. We find strong positive correlation (Pearson correlation

coefficient, 0.93) with the manually determined number of tracks irrespective of

difficulty, with a small systematic overestimation (slope of 1.18 compared to the ideal

of 1). On average the difference in branch counts per video was 4.0±1.1 branches

with an average of 13.5±2.3 branches, a mean accuracy of 70.8% (Fig.6.10B,C).

This overestimation is due to the use of a fixed number of superpixels for motion

extraction. As the organoid grows, the fixed number of superpixels become dispersed

over a greater spatial area and are concentrated at the boundaries. Consequently

the density of tracking is reduced particularly with respect to tracking the dynamics

within the growing organoid body. Without sufficient number of neighbours the
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Method Branch Counts Track Similarity Temporal Difference
Annot.(manual) 13.5±2.3 1 0

Auto 17.5±2.9 0.55±0.04 130±17 frames
Rand. (Dense) - 0.37± 0.01 154±11 frames

Rand. (Assigned) - 0.37±0.01 153±11 frames

Table 6.1: Summary of organoid branch tracking validation. Reported errors are the
mean±S.E.M, (standard error of the mean) over the 8 organoid videos.

MOSES mesh formulation then tends to overestimate the number of branches.

Preliminary experiments with increasing the tracking density by introducing new

superpixels over time in a similar manner to dense trajectories (Wang et al. 2013),

c.f. Ch.7.3.1 suggests a significant increase in accuracy is possible. For track

similarity and temporal accuracy, (Fig.6.10D,E) the performance of the proposed

branch tracking algorithms consistently outperforms random assignment of tracks

(used here as a baseline algorithm), scoring higher in track similarity and lower in

temporal differences. To randomly assign tracks we pick the number of tracks equal

to the number of manually annotated tracks with a uniform prior from i) the set

of all superpixel tracks assigned to the organoid (denoted ‘Rand_track’) or ii) the

reduced set of ‘densest tracks’ (denoted ‘Rand_Dense’)), where each track has a

uniform chance of being picked. The ‘picking’ is carried out n number of times

akin to Monte Carlo simulation to compute mean scores and confidence intervals.

Table.6.1 summarises the mean performance where (Assigned) and (Dense) is used

to refer to the aforementioned random assignment procedure i) and ii) respectively.

It should be noted that the majority of the temporal difference is due to the

inaccuracy in identifying the start of branching which is very subtle and difficult

even for a human annotator to define. For the majority of the 468 frames the most

motion due to branch growth only occurs in the last 1/3rd of all frames therefore an

average frame difference of 130 frames is acceptable. In most cases, the algorithm

performs under this mean error, (Fig.6.10E).
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Figure 6.11: Phenotype effect of VC treatment to intestinal organoids. Static video
snapshots of the final frame, frame 468. One example is shown for each condition.

6.7 Motion Analysis of Intestinal Organoids with
Treatment

The intestinal organoids exhibit striking phenotypic changes after VC treatment

and is ideal to test the developed algorithm for morphological analysis. Wild type

(WT) and P53−/− (abbreviated as KO for knockout) mouse intestinal organoids

were subject to VC (valproic acid + CHIR99021) treatment (Yin et al. 2014) and

filmed under timelapse for 7 days (Ch.6.4). Qualitatively, this treatment induced a

greater amount of branching and result in larger organoids. Visually, WT and KO

organoids were very similar, (Fig.6.11). For representative quantitative analysis

of organoid growth dynamics the automatically extracted organoids was filtered

as described (Ch.6.5.4) to extract only organoids whose motion is primarily due

to growth. This led to a reduction from a total of 223 organoids detected from

the 80 videos to 89 organoids for analysis.

VC Treatment Increases Motion, Growth and Branching

When the organoid motion is primarily due to growth, the MOSES strain curve

reflects the organoid shape as it evolves in time and gives rise to a characteristic

growth curve which exhibits fast exponential growth followed by a plateau to

stability, (Fig.6.12A). For quantitative analysis we compared the maximum strain

(reflective of the maximum organoid size) of the MOSES strain curve for organoids

from the four conditions. The results agree with qualitative observations (Fig.6.11).

There is little difference in final size between WT and KO organoids but there is

clear increased size following VC treatment in both cases. Additionally we find that
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Figure 6.12: Valproic acid intestinal organoid motion analysis. A) MOSES strain curve
for an organoid with static video snapshots at the indicated frame number. B) Violin and
swarmplot of maximum (max.) strain for organoids of each treatment condition. Each
point is an organoid. Width of the plot indicates the number of organoids at this strain
value. Lines inside each violin indicate the quartiles of the data.

Figure 6.13: Valproic acid intestinal organoid branch analysis. A) Number of branches.
B) Distance between the end and start position of the average organoid branch. C) The
number of pixels moved per frame of the average organoid branch. D) Average orientation
angle of the organoid branches. E) Angular variation (variance) of the organoid branches.

the treatment effect is more heterogeneous in the case of KO organoids where there

appears to be the emergence of a bimodal size distribution, (Fig.6.12B).

We next analysed the branching dynamics. In general the effect is heterogeneous

reflecting the heterogeneity of the organoid culture. We find organoid subpopulations

with increased number of branches after VC treatment, (Fig.6.13A), generally longer

directional growth of organoids evidenced by an increased distance from the end

position to the start position and therefore more elongated branches, (Fig.6.13B)
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at a slight decrease in development speed, (Fig.6.13C). An averaged branching

angle of 0 across all conditions suggest general outward growth of branches as

expected. Increased angular variation considering an average branching angle of

0 suggests slightly enriched directional growth in a subpopulation of organoids

following VC treatment. With respect to the branching dynamics we find slight

differences between WT and KO organoids mainly due to increased number of

branches in KO, (Fig.6.13A) and faster branch movement, (Fig.6.13C). In conclusion

VC treatment strongly perturbs intestinal organoid branching dynamics and results

in larger organoids and enhanced branching.

RNA-Seq Results

An independent set of organoids were transcriptome profiled using RNA-seq. Each

sample represents one well of a multi-well plate with each well containing 10’s-100’s

of organoids. An unbiased analysis of the sequencing reads using dimensional

reduction with multidimensional scaling of the log counts per million (log2(CPM))

confirms that VC treatment dominates any genetic differences in organoid (i.e. WT

vs KO, Fig.6.14A). Kegg pathway enrichment analysis of differentially expressed

genes identified using EdgeR (Robinson et al. 2010) further finds ‘the regulation

of actin cytoskeleton’, essential in motility, cell proliferation and shape changes as

the pathway with the most number of genes, (Fig.6.14B). This is followed by ‘axon

guidance’ which may point to the increased elongated branching dynamics observed

following VC treatment. Many of the differentially expressed actin cytoskeleton

genes play a role in motion, (Fig.6.14C) but the exact nature is difficult to interpret

with a mixture of up and downregulation, (Fig.6.14D). From Fig.6.14D, valproic

acid as a HDAC inhibitor in the VC treatment broadly affects large sections of

the genome and thus a dramatic phenotypic change is expected. To summarise,

the independent RNA-seq results confirm the automated MOSES video analysis of

organoids.
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Figure 6.14: RNA-seq assessment of VC treatment on intestinal organoids. A) Two
component multi-dimensional scaling (MDS) for dimensional reduction based on the
log-fold counts per million log2(CPM) of RNA-seq samples. B) Statistically significant
KEGG enriched pathways based on differentially expressed genes (p ≤ 0.05, log2(FC) ≥ 1)
showing the number of genes in each pathway. C) Genes under the actin cytoskeleton
pathway of B). D) Heatmap of RNA-seq samples with log2(CPM) of differentially expressed
genes. Actin cytoskeleton pathway genes are labelled. Hierarchical clustering uses the
Ward method.

The analysis of the full intestinal organoid dataset, 80 videos in total, each

video on average 512x512 pixel resolution, 468 frames, 5000 superpixels can be

completed in < 1 day. For 96-well plate screens, one video per well with ∼60

organoids, 2048x2048 pixel resolution, 120 frames and 20000 superpixels analysis

can be completed in < 3 days. These timings are reported on a single machine

(3.3GHz, 64GB RAM). MOSES is therefore capable of high-throughput analysis

of organoid timelapse videos.
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6.8 Summary and Conclusions

• Organoids have emerged as a promising in-vitro model that could
be grown using primary patient biopsies as a surrogate for person-
alised treatment. Current screening methods are primarily based on
viability/toxicity, (alive or dead) followed by sequencing approaches.
They do not consider organoid size and morphology which can be
both organ and disease-specific. We hypothesize quantitative timelapse
imaging could provide non-destructive, higher-throughput, cost-effective
dynamic phenotyping for more targeted downstream sequencing.

• Extending the MOSES pipeline introduced for analysing epithelial sheet
interactions we demonstrate a simple, minimal parameter framework
to analyse organoid and organoid-like objects imaged with label-free
microscopy. We show

1. Spatiotemporal motion segmentation of individual organoids even
in the presence of multiple organoids.
– Single organoid detection – 100% accurate
– Multiple organoid detection (1-8) – 73% accurate

2. Spatiotemporal tracking of organoid morphology
– Recovery of boundaries for small organoids and bounding box

for larger organoids.
– Bounding box continuous tracking of organoid location and

approximate shape.
3. Spatiotemporal tracking of organoid branching

– Branch detection accuracy of 70.8%, high correlation (0.93)
to manual counting.

– Track similarity score of 0.55 to manually annotated tracks.

• Automated morphological analysis is in concordance with independent
bulk RNA-seq of organoids. In addition the analysis shows quantification
of individual organoid heterogeneity from the same condition thus
allowing targeted specific subpopulation analysis.
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7.1 Overview

The aim of this thesis was to formulate a simple, potentially generally applicable

approach for extracting and analysing motion patterns in a wide range of biological

videos for comprehensive spatiotemporal phenotyping. In particular the framework

should be sufficiently flexible to accomplish a wide variety of general computer

vision tasks; i) object segmentation, ii) object tracking, iii) video classification. It

should not utilise segmentation-based tracking or automated cluster determination

techniques which are not robust and require a high degree of fine-tuning. Importantly

a unique motion signature should be able to be derived for each video for motion

199
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similarity comparison and suitable for integration with additional datasets to enable

deep phenotyping for precision medicine as motivated in Ch.1:General Introduction.

In Ch.2: Extracting and Describing Motion, dense optical flow was shown to

be an excellent agnostic method for extracting motion from image sequences and

that the best hand-crafted video classification method exploited the construction

of dense trajectories from the extracted dense optical flow. In Ch.3: Models for

Quantitative Motion Analysis, the Lagrangian approach in particular the theory

of Finite Time Lyapunov Exponents (FTLE) motivates the forward and backward

construction of dense trajectories theoretically as the discovery of local motion ‘sinks’

and ‘sources’. We also saw how graphs could potentially provide a unifying approach

for analysing local to global motion, by providing a structure to agglomerate

information. Successful proposed collectiveness measures and group-level scenario

recognition models all utilise some notion of a graph.

Based on this literature review, our proposed framework which we call Motion

SEnsing Superpixels (MOSES) brings together the core concepts of dense optical

flow trajectories and construction of graphs with a mid-level visual representation

provided by superpixels. Compared to similar literature attempts, (e.g. Fragkiadaki

et al. 2012) our approach is refreshingly simple and back to basics; i) agnostic

equipartitioning of the image into smaller regions bigger than a pixel (superpixels),

ii) the number of superpixels once generated are fixed and are propagated according

to dense optical flow for the full video length (unlike other dense trajectory

methods, (Brox and Malik 2010,Wang et al. 2013)) and iii) resulting trajectories

are deterministically linked based on a notion of distance to form dynamic meshes

(unlike the multiscale path similarity in Zhou et al. 2013). In Ch.4: Motion Sensing

Superpixels, we demonstrated and explored the potential of MOSES using four

different datasets and established the general notion of motion signatures and motion

saliency maps within the MOSES framework for exploratory video analysis. Motion

signatures allowed us to interrogate the motion heterogeneity between videos whilst
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motion saliency provided visual spatial localisation of important motion events

such as the fingers of a piano player and spatial areas of attraction for neutrophils.

In Ch.5: Phenotyping Cell Population Interactions, we analysed in-depth the

interactions between two epithelial sheets with cell lines constituting cells at the

squamous-columnar junction under fluorescence microscopy and demonstrated the

power of MOSES to derive robust metrics for quantifying boundary formation in the

presence of external perturbation on a continuous scale and the ability to construct

predictive motion maps with MOSES motion signatures. Finally in Ch.6: Organoids,

we analysed in-depth the spatiotemporal development of intestinal organoids with

MOSES filmed under label-free phase contrast microscopy. Using the dynamic

meshes as a basis we show the ability to recover spatiotemporally the individual

motion of each organoid even when multiple are present in the field-of-view and may

overlap as they grow. From this information we showed the ability to recover the

organoid shape (motion saliency map) and the ability to localize bounding boxes and

remarkably the organoid branching. Comparison of the automated video analysis

results of organoids grown under different conditions showed strong agreement with

an independent RNA-squenced cohort verifying the potential for complementary

integration of imaging with sequencing approaches.

In conclusion MOSES is a powerful conceptually simple modality-independent

analysis framework. Through extensive experimentation we have shown that it is

robust and applicable to high-content analysis. It is exceptionally useful where the

scientific question of interest does not necessarily require accurate object boundary

information provided by more complex approaches such as single-cell tracking and

image segmentation. In addition the framework is modular and can be combined

with other approaches, for example for single cell tracking the dense optical flow

would not be recommended. Instead the dynamic meshes can be built upon the

resultant tracks of an appropriate specialised single-cell tracker. Despite its successes

MOSES still has limitations with respect to its current implementation that can be

improved for example generalisation of the graph-based superpixel track assignment,
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devising a less data specific way for initial object detection and extension of the

implemented 2D analysis to 3D timelapse datasets. The latter extension in principle

is relatively straightforward using supervoxels instead of superpixels and higher

dimensional optical flow. In practice, the z depth spatial resolution of microscopes

is often worse than the x, y resolution and a weighting parameter may need to be

incorporated and explored in future work.

The validation of the developed MOSES methodology has been non-trivial.

A more rigorous and objective evaluation instead of ‘visual’ quality assessment

as pursued in computer vision or CT/MRI imaging datasets is desirable for the

thesis but with the microscopy datasets presented here it is difficult to establish

the necessary ground-truth. Large, annotated datasets are scarce (e.g. biological

developmental videos), do not contain the necessary annotation (e.g. two-cell popu-

lation migration dataset with boundary formation or collective motion annotations)

or non-existent (organoids timelapse). As such, given the time constraints we

have instead pursued in this thesis ‘experimental validation’ where the algorithm

prediction and analysis output is compared to the results of biological experiments

with known expected outcomes e.g. branching of intestinal organoids. Having

now established a sufficiently broad, general and robust pipeline, future work will

seek more objective validation of MOSES using the existing implementation to

semi-automate the creation of large annotated datasets.

In the remainder of this chapter we first discuss how to complete the work on

organoids by application of the automated MOSES pipeline to analyse a screen

before describing some of the major algorithmic improvements that can be explored

to extend the robustness and capabilities of MOSES.

7.2 Automated Organoid Screening

The primary utility of an automated organoid analysis system is in the high-

content screening of drugs for personalised treatment recommendation. As a first
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step, to show proof-of-principle, in the lab we have collected primary human

organoids from routine endoscopy in collaboration with the hospital. We intend

to subject these normal organoids to commonly prescribed chemotherapy drugs

such as 5-fluorouracil, cisplatin, cetuximab and monitor their development under

timelapse in a toxicity screen with 96 well plates. The ideal chemotherapy drug

should maximally affect cancer cells whilst minimising the effect on normal cells.

Tumour organoids are more difficult to acquire and is an ongoing process. To

conclude the organoid component of this thesis, the proposed pilot experiment with

normal organoids would in principle demonstrate the ability to acquire timelapse

acquisitions of multiple organoids from each well in a 96-well plate and reveal any

potential complementary benefits of an additional in-depth morphological analysis

to the standard live/death viability assay. In a second screening, we could co-

culture tumour and normal organoids together where the developed automated

analysis will provide an unparalleled extra dimension in monitoring and assessing

potential spatiotemporal interactions between the two organoid types. Naturally

this interaction analysis is applicable to any two or multispecies interaction. Another

avenue that can be explored using co-cultures for example is the gut-brain axis

whose cross-talk is increasingly becoming recognised as being critical in the proper

maintenance of gastrointestinal homeostasis and higher cognitive functions, (Foster

and Neufeld 2013; Clarke et al. 2013; Carabotti et al. 2015).

7.3 Algorithm Improvements to MOSES

There are several key limitations to MOSES which can be addressed for increased

performance and general applicability. First, from our experiments on UCF-101, a

standard human action recognition benchmark (Ch.4.6.1) the proposed 1D motion

signatures do not sufficiently capture appearance which for general videos is critical

as demonstrated by the improved dense trajectories approach of Wang and Schmid

2013 which extracts numerous appearance features in addition to motion-based

features. Second, from the single cell tracking experiments (Ch.4.6.2) the current

method of motion analysis does not assign tracks to new objects entering into the
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field of view or factor into account different contributions to motion such as cell

division. Third, from the long-time tracking of drosophila embryo development

(Ch.4.6.4) and organoid shape inference from trajectories, (Ch.6.5.4) for videos with

highly dynamic movement, the original densely seeded superpixels tend to aggregate

and sample the movement in the same region over time. Having fixed the number

of superpixels a priori, this leads to insufficient sampling of the spatial region in

later frames. For the drosophila embryo development the later occurring motion

regimes became less pronounced. For organoids there was difficulty in recovering

the boundary shape for large organoids at later times. Below we address possible

solutions to each of the outlined problems in order of increasing difficulty based

on extending the current formulation of MOSES.

7.3.1 Improving Density of Tracking

To improve the density of tracking, additional superpixels for tracking must be

added. There are two approaches. The easiest method is to divide long videos into

separate clips and then to run MOSES on the separated clips. Analysis such as

motion segmentation can be extracted for each clip and the results concatenated.

One drawback of this approach is that it may forfeit the benefits of temporal

continuity. In organoids the temporal continuity proved crucial to separate those

that grow into each other. Had the video been divided into video clips the accuracy

would have been reduced. At later frames, image segmentation due to crowding

becomes much more difficult and harder to seed the instance segmentation required

for the initial frame. The second approach is to follow the existing literature (Brox

and Malik 2010; Fragkiadaki et al. 2012) to continuously detect sparse regions and

seed new superpixels. The drawback of this approach is that it will result in a

varied number of trajectories per video with variable temporal lengths. We would

need to adapt some of the analysis to fit this for example resultant trajectories

may require temporal padding and the MOSES mesh definition based on a static

neighbourhood definition would need to be refined.
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7.3.2 Improving Motion Signatures

The proposed motion signatures such as the forward MOSES signature also known

as the MOSES mesh strain or backward MOSES signature in Ch.4.4.2 collapse out

the spatial component of the dynamic mesh motion features by averaging over the

superpixels. The averaging operation can be seen as a type of ‘pooling’ operation.

One way to recover this information in a manner still suitable for downstream

algorithms such as PCA is to apply bag-of-words or fisher vector encoding (c.f.

Ch.2.3.1) given a video collection. A second method is to use recurrent neural

network (RNN) type units such as LSTM that can directly operate on spatiotemporal

features. An encoder-decoder framework could be used to compress the features

into a feature vector or an LSTM network used directly for classification. To

include appearance based features we can follow similar approaches as those used

for action recognition, (Ch.2.3.1, 2.3.2) extracting for each superpixel along its

trajectory handcrafted features such as HoG or CNN features using a pretrained

CNN. The proposed extensions can be verified on the UCF-101 dataset and on the

two cell epithelial population dataset to see if it leads to improved motion map

learning. A potential drawback of the above approaches is the inability to learn a

mesh connecting superpixels. Below, (Ch.7.4) we discuss the possibility of using

convolutional graph networks which extends deep learning to graph-structured

data that has emerged in recent years.

7.3.3 Deconvolution of Motion Contributions

There can be many different contributions to the measured global motion from

optical flow due to cellular processes for example in addition to migration there

is cell division with the splitting motion of cells and the subsequent introduction

of a new ‘object’ capable of independent motion. There is also cell shape changes

which do not affect the centroid position of the cell and cell death which leads to

an object disappearing. Additionally there may be camera motion such as camera

shake and zoom which can induce apparent motion artifacts. Camera motion in

particular presents problems for in-vivo samples which cannot be readily fixed c.f.
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intra-vital imaging (Kedrin et al. 2008; Pittet and Weissleder 2011). In general

it is very difficult to automatically separate the different motion contributions

without explicit measurement of each source independently. For camera motion,

the restricted set of movements of the camera can be modelled and its contribution

removed using registration techniques such as we did with organoids (Ch.6.5.2) or

through explicit homography estimation (Wang and Schmid 2013). For processes

such as cell division this is solved with image segmentation and tracking. But what

if segmentation is not possible as with the confluent 2D epithelial sheet? Progress

might be made based on targeting the different motion timescales that characterise

certain cellular processes. Migration for example tends to be a directional movement

and can occur in culture continuously through time whereas cell division only occurs

periodically at set time-intervals. We are inspired in this thought by the work of

Angelini et al. 2011 whom applied spatiotemporal Fourier transform techniques to

infer the average division time of cells in a confluent monolayer (c.f Ch.3.3.2), the

use of the Fourier-transformed velocity autocorrelation function to isolate different

components of the motion in Li et al. 2011 and the work of Koslover et al. 2016

whom apply wavelet methods to isolate the stochastic motion of lysosomes within

motile migrating neutrophil-like cells. An alternative temporally oriented approach

along these lines is to decompose the motion trajectory into ‘states’, temporal

segments which exhibit similar statistics using a non-parametric method such as

Hidden Markov models (HMM) or the Sticky HDP-HMM (Fox et al. 2007). The

states may later be associated to particular cellular processes. In Held et al. 2010

this idea was exploited using HMMs to discover the appearance of cells at different

stages of the cell cycle. In summary much more research is required to find a general

method. If cells are sparse, it is probably best to utilise a single cell tracker.

7.4 Possible Extensions for End-to-end learning

Many important real-world datasets come in the form of graphs or networks: social

networks, knowledge graphs, protein-interaction networks, the World Wide Web

to mention just a few. Sound and images too can also be viewed as regular
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graphs, (Fig.7.1A). An image for example is a regular grid-like graph built on

pixels, one of the key ideas behind Markov Random Fields (Blake et al. 2011).

Graph convolutional networks (GCNs) have recently emerged as a set of methods

to generalize the locally shared filters key to the success of convolutional neural

networks for images to structured datasets. As a recent field, various formulations

have been proposed such as problem-specific specialized architectures (Duvenaud

et al. 2015; Li et al. 2015; Jain et al. 2016a), extensions of graph convolutions known

from spectral theory (Bruna et al. 2013; Henaff et al. 2015) to define parameterized

filters that are used in a multi-layer neural network model and works that focus

on bridging the gap between the fast heuristics of the former and the slower, but

somewhat more principled spectral approach of the latter (Defferrard et al. 2016;

Kipf and Welling 2016). We give a brief exposition of GCNs before discussing how

this might provide a principled approach for extending MOSES to take advantage

of the benefits of data-driven learning when large datasets are available. Thomas

Kipf provides an excellent writeup of GCNs, (Kipf 2016).

7.4.1 Graph Convolutional Networks (GCNs)

For graph convolutional networks (GCNs), the goal is to learn a function of features

on a graph G = (V , E). In general GCNs have the following form which takes the

inputs below to give an output network prediction.

GCN Input

• A feature description xi for every node i summarized in a N × D feature

matrix X (N : number of nodes, D: number of input features).

• A description of the graph structure in matrix form; typically in the form of

an adjacency matrix A.
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Figure 7.1: Graph convolutional networks. A) Sequential data such as sound can be
viewed as a 1D grid graph and images viewed as a 2D grid graph. B) Illustration of the
update rule for a single pixel in convolutional neural networks. C) Analogous update rule
for a single node of an arbitrary graph with graph convolutional networks. D) Illustration
of the multilayer application of the update rule in C). Adapted from Kipf and Welling
2016.
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GCN output

• Node-level output, Z (N × F feature matrix, F : number of output features

per node).

Every neural network layer can then be written as a non-linear function just

like with a multilayer neural network.

H(l+1) = f(H(l), A) (7.1)

with H(0) = X, and H(L) = Z, L is the number of layers. Specific models then

differ only in how f(·, ·) is chosen and parameterized.

A Simple GCN In analogy with convolutional neural networks, (Fig.7.1B) con-

sider the graph in Fig.7.1C with 1st-order message passing and let f(·) be a weighted

linear update followed by a non-linear activation function, σ like ReLU, then:

hl+1
i = σ

hliW (l)
0 +

∑
j∈Ni

hljW
(l)
1


where Ni is the neighbour indices. In general we can write

f(H(l), A) = σ(ÂH(l)W (l)) (7.2)

where Â = A+ I is the adjacency matrix with self-loops, W (l) is the weight matrix

in the l-th neural network layer. Â should be normalized such that multiplication

with Â will not change the scale of the feature vectors. Normalizing Â such

that all rows sum to one is equivalent to D̂−1Â where D̂ is the diagonal node

degree matrix of Â. Multiplying with D̂−1Â corresponds to taking the average of

neighboring node features (c.f. MOSES dynamic mesh signatures). In practice,

dynamics is more interesting if a symmetric normalization, D̂−1ÂD̂−1 is used which

no longer amounts to an averaging of neighboring nodes. This is the propagation

rule introduced in Kipf and Welling 2016:

f(H(l), A) = σ(D̂− 1
2 ÂD̂−

1
2H(l)W (l)) (7.3)
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and the local weights can be trained using gradient descent, (Fig.7.1D). It is however

important to note that this formulation of graph convolutional networks applied

to grid data such as images does not yield the same representational power as

an equivalent convolutional neural network, (Huszár 2016) where it reduces to a

centre-surround pattern. This is also graphically evident when we compare the two

update rules, (Fig.7.1B,C).

Nevertheless this formulation is ideal for MOSES and critically takes advantage

of the structured representation provided by the dynamic meshes which normal

convolutional networks cannot. Recall that the dynamic mesh proposed in this thesis

is generally defined by T feature matrices of dimension, N × Nfeatures (Ch.4.4.2)

together with corresponding T adjacency matrices of dimension, N ×N where N

is the number of superpixels, T is the total number of video frames and Nfeatures

is the number of input features. This is effectively a sequence of graphs. The

GCN presented above is formulated for a single static graph. We require an

additional extension to the temporal dimension in order to provide a means of

generating a compact motion signature that summarises the full motion content

and to incorporate dynamically changing edge connections and dynamic vertex

features, (Manessi et al. 2017). However this static formulation is already extremely

useful. In particular it may provide a systematic way to fuse spatial graphs for

which there is limited literature treatment. Most graph fusion approaches assume

non-spatial graphs, graphs whose nodes are not anchored to a particular (x, y)

position. Recall in chapter 5 we showed the extraction of two meshes, one for

each colour representing the different cell types. To compute motion metrics we

independently extracted the measurements from both meshes then averaged the

result. A more systematic approach is to fuse the two meshes and extract the

motion parameters. Using GCNs we could train a two-input, one-output GCN

where the inputs are the two meshes and the output is the fused mesh at the same

time point. The GCN should be trained to minimise the regression error over all

time instances. For training, the ‘ideal’ fused mesh would be the mesh extracted
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Figure 7.2: Spatiotemporal graph convolutional networks. A) Two models proposed by
Manessi et al. 2017 that extend the graph convolutional networks of Kipf and Welling
2016 with LSTM for spatiotemporal classification (sequence of graphs) and regresion
(sequence of vertices). Adapted from Manessi et al. 2017. B) The spatiotemporal graph
convolutional network of Yu et al. 2017 that employs temporal convolutions and gated
linear units for prediction. Adapted from Yu et al. 2017.

by treating the fluorescent videos as a grayscale image sequence. At present, we

have only used heuristic approaches to visualise fused meshes.

7.4.2 Spatiotemporal GCNs

In 2017, a few papers have extended the general GCN formulation to temporal

structured data with promising results. Manessi et al. 2017 propose two models,

(Fig.7.2A) one for classification (sequence of graphs) and one for regression (sequence

of vertices) that extend GCNs in a similar manner to Conv-LSTMs for images

(Ch.2.3.2). The key idea is to essentially use multiple instances of graph convolutional

layers with shared weights to extract graph features which are then fed to LSTM

units that subsequently exploit the sequential information. Fully connected layers

are finally used to hierarchically pool the sequential features to give a sequence

of numbers for classification or a sequence of vertices if the output is desired

to be a graph. The authors show through statistical testing the performance of

this architecture was superior than baseline architectures that utilise only graph

features with no temporal knowledge or temporal features with no knowledge of

the graph structure. Instead of using recurrent neural networks which are more

difficult and slower to train, Yu et al. 2017 chose to exploit convolutional sequence

learning which uses convolutional neural networks for more stable training and
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faster convergence, (Fig.7.2). In doing so, Yu et al. 2017 demonstrated state-of-

the-art performance on real collected traffic flow data. Research in this area is

still however very young. Many factors such as the number of layers, choice of

propagation rule f(·) and issues of data overfitting and performance with increased

number of nodes and vertices remain to be explored. Nevertheless these initial

works appear promising. We propose to build upon and extend the developed

architectures to leverage the developed dynamic meshes for feature learning and

classification. As a final remark we note the numerous research possibilities that

could exist by combining image CNNs with GCNs for example one could ask

whether we could directly learn to extract the graph structure and learn the salient

spatial sampling points (superpixels) direct from the input sequence of images

by combining a CNN extractor that proposes graphs fed into a spatiotemporal

GCN and trained in an end-to-end manner.
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