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Abstract

Time-lapse data is increasingly being used to conduct more detailed high throughput

studies. Quantitative information that is being derived from vast and complex image

data sets is essential in our understanding of basic cellular processes. Advances in cell

culturing methods combined with sophisticated molecular probes allow the monitoring

of a broad array of cellular functions in vivo. These experiments provide a wealth of

multi-channel time-lapse data that renders traditional manual interpretation infeasible.

The work outlined in the thesis is aimed at quantitative analysis of such time-lapse data

resulting in statistical analysis methods and software tools that offers an improvement in

the efficiency and impact of phenotypic screening experiments. The research contributions

towards the stated aim is outlined in three (3) main areas: cell morphology and lineage,

population-based summaries for cell function, and cell state labelling.

Firstly, cell morphology and lineage tasks address the two fundamental tasks in

time-lapse quantitative biological image analysis; segmentation and tracking. Cell

segmentation presents a key challenge in any image-based single cell analysis as most

further analysis is heavily dependent on this step. Details of a segmentation approach

based on an existing light phase retardation model and results on sample data of phase

contrast HeLa cervical cells is presented. Using phase retardation feature extraction to

precondition images for deep learning is also explored. Cell shape and texture features

from segmentation are then used in the tracking to obtain a lineage metric to assess

the progression of cell morphology changes and motion over time. Details of a tracking

scheme based on coupled minimum cost flow network is presented.

Secondly, metrics that quantify cell function of a population such as proliferation,

viability and migration based on a summary of single cell measurements are common.
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Such metrics however generally do not account for segmentation errors resulting from

cell crowding and overlapping cell boundaries. Details of an approach that allows

incorporating the confidence in segmentation accuracy for each single cell in the

population metric is presented. Analysis on simulated data shows that the proposed

method provides better summary that is representative of the cell population and hence

could improve conclusions made from quantitative analysis of cell populations.

Determining the variability in the mode of death of cells is important in multiple

live cell phenotypic toxicity screens. The mechanism associated with the mode a

cell progresses towards death can be observed as a sequence of morphological events

associated with cell death. As these events are observed morphologically, changes in

shape and texture features can be used to model the time series process. Here, such

temporal evolution is modelled as hierarchical dirichlet process of a hidden markov

model (HDP-HMM). The model eliminates the limit on the number of states representing

morphological events and hence allows new states to be discovered as more cell data from

new screens are added. Details also include sequence analysis methods used to group

similar cells based on the temporal changes of their morphological features.

Overall, the proposed work provides methods and software tools that enable the

efficient interpretation of patterns and groups in large amounts of data obtained from high

throughput phenotypic screens that otherwise would be infeasible to obtain manually.

Hence, the work improves efficiency of analysis as well as help obtain objective and

repeatable conclusions from live cell experiments.
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Chapter 1

Introduction

1.1 Motivation

High throughput screening is a drug-discovery process widely used in the pharmaceutical

industry to quickly assay the biological or biochemical activity of a large number of

drug-like compounds through automation of the assay process [1, 2, 3]. High throughput

screening of cells has become important in pharmaceuticals due to the increasing number

of candidate active compounds and the corresponding wide variety of cell lines and

parameters that need to be investigated [3, 4]. Phenotypic screening and target-based

screening constitute the two main approaches to drug discovery.

Target-based screening involves modification of drug targets, typically proteins that

appear to have a role in the pathogenesis of a particular disease and therefore requires

knowledge of the molecular mechanisms of the disease [5][6]. Techniques for studying such

protein analysis by mass spectrometry, or expression and transcription profiles do not

provide adequate temporal or spatial resolution nor directly show whether the identified

molecules have a functional role in the cellular process (i.e. disease pathogenesis) under

investigation [7][5].

Phenotypic screening which involves assessing the observable characteristics such

as morphology however could be performed with limited knowledge of the molecular

mechanism of the cellular process and hence a specific molecular mechanism of action

1



1.1. MOTIVATION

hypothesis is not required [5]. Also, high-throughput screens that use fixed-cell

or endpoint assays do not provide any temporal information and results risk being

misinterpreted if the final state of cells is affected by an event upstream in the sample

preparation process or the cell development cycle [8]. Live cell imaging involves capturing

images of live cells in a culture medium at given time points to generate a time-lapse image

sequence or video. Such imaging and the corresponding quantitative analysis overcomes

the challenges of the lack of spatial and temporal resolution associated with endpoint

assays and provides more detailed phenotypic information over time.

A common and key goal in drug discovery is the identification of new compounds

that can be engineered into safe and effective drugs. Large-scale in vitro experiments

play a critical role in translating new biological discoveries into tangible patient benefits.

Experimental studies in industrial and academic research labs make increasing use of

robotic high-content imaging systems. Here, thousands of experiments can be conducted

in a massively parallel fashion to explore the various interactions between molecular

targets (i.e. proteins) under various different environmental conditions.

The relevance of these in vitro studies hinges on the predictive value of cell based

model systems. Mechanism-based testing methods are necessary to characterize the

cellular response to novel chemical tool compounds and contribute to our fundamental

understanding of drug induced toxicity. Advancing technologies that provide better

predictive data at an earlier stage of the drug development process are needed to avoid

costly failures of drug development programmes.

Quantitative information that is being derived from vast and complex image data

sets is essential in this process. Time-lapse data is increasingly being used to conduct

more detailed mechanistic studies. Advances in cell culturing methods combined with

sophisticated molecular probes allow the monitoring of a broad array of cellular functions

in models that replicate the biochemical characteristics of their in vivo counterparts.

These experiments provide a wealth of multi-channel time-lapse data that prevents any

traditional manual interpretation. Hence, there is a growing need to develop quantitative

analysis methods and software tools that enable efficient exploration and inference from
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the large volumes of data generated.

1.2 Live cell imaging spectrum

The nature of image data obtained from live cell experiments varies widely depending

on the cell line, fluorescent markers used, and the specific goal of the experiment.

Some experiments seek insights into cell state and function at the cellular scale while

others measure interactions at the sub-cellular level. Single cell experiments tend to

be phenotypic, focusing on changes in cell morphology and structure as well as overall

population dynamics. This thesis focuses on computational analysis of image data from

phenotypic screening at the single cell level.

From a computational image analysis perspective, cell level phenotypic data present

in three main forms. For purposes of discussions here, these are labelled Type A,

Type B and Type C as shown in Figure 1.1. Each dataset requires a different

set of computational tools to extract the right biological insight though the general

toolkit is mostly shared across the types. To analyse dynamics of individual cells from

timelapse image sequences or videos requires three main complementary elements in the

computational toolkit: segmentation, tracking and temporal modelling. Segmentation

involves detecting and delineating the boundaries each cell from the image background.

Tracking involves building a time trail of each segmentated cell through all frames in a

timelapse sequence. Temporal modelling can take a variety of forms, but the key here is to

obtain a computational model that describes the temporal dynamics of the morphological

phases exhibited by cells in a given study.

In Type A datasets, there usually exist good contrast between cells and background.

Cells tend to be sparsely distributed in the image with no overlaps or occlusion of

neighbourhood cells as well as good temporal resolution. Such datasets are usually

obtained from fluorescent-labelled experiments where uptake of the stain/label is very

good within the entire cell body. Segmentation and tracking in such datasets can be

achieved with good performance with current conventional methods. As single cell
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trajectories can be extracted efficiently, fitting temporal models to single cells is also

feasible. Cell cycle phase labelling usually falls within this category.

In other dataset forms as in Type B, there is also a good cell-background contrast

barrier. However cell density in frames tend to be higher with significant overlapping

and occlusion of individual cells. Accurate single cell segmentation in such images is

usually more involved requiring more sophisticated methods to separate overlapping

cells. Tracking in the such datasets also more challenging. In some cases, the goal is

to understand overall expression of a given marker of the population of cells rather than

single cell behaviour. Population level analysis tends to provide sufficient insight.

Other timelapse live cell datasets do not possess similar properties as in A and B

as evidenced in Type C. Segmenting and tracking single cell morphology is infeasible

considering individual single cell boundaries can not be clearly identified and biological

insights at single cell level is not clear or even required. However, computational analysis

of whole video frames to measure cell mass dynamics can be performed. Such analysis is

however beyond the scope of this thesis. The focus here is on temporal cell morphology

analysis at the single cell level or population level in datasets similar to those shown in

Type A and B datasets.

1.3 Research objectives

The overall aim of the work outlined in this thesis is to build a toolkit of methods

and pipelines that enable the efficient computational analysis of timelapse image data

obtained from high throughput phenotypic screening for drug discovery.

This involves developing algorithms and corresponding software that extract

information relating to cellular function and mechanisms of death from time lapse images

of the different screening assays that will is conducted by biologists. The overall aim is

categorised into specific research objectives (RO) and tasks as outlined below:

RO-1: Cell morphology and lineage - This involves implementing segmentation and

tracking algorithms to obtain morphology descriptors for each cell and their temporal
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Figure 1.1: Live cell imaging analysis spectrum

trajectories for the entire image sequence of any given dataset. To achieve these

objectives, a number of core tasks need to be completed:

Task-1: Detection and segmentation - The task involves implementing

algorithms for delineating cell contours as foreground structures out of the background.

The outcome of this task will be a separation of cell regions (cytoplasm and nucleus)

from background and image artefacts.

Task-2: Single cell morphology - The task is towards investigating various

metrics to quantitatively characterize the shape of the segmented regions of each cell

and nucleus. This provides an objective numerical descriptor of the various shape

transformations of a cell and its nucleus over the course of a live imaging experiment.

Choi et al [9] has shown that shape metrics such as solidity, circularity, eccentricity,

normalized perimeter and length of principal axes of nuclei could be used to distinguish

diseased cells from normal cells.
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Task-3: Cell tracking - This involves implementing appropriate object tracking

algorithms to generate a lineage of the various features of the segmented cell regions and

associated morphology descriptors through time as captured by the the frames of a live

imaging time lapse. By this, a dynamic summary of the changes in individual cell and

nuclear morphology could be obtained for further population-based analysis.

RO-2: Quantifying cell population characteristics - With segmentation, shape

metrics and individual cell lineage obtained, individual cell features need to be aggregated

for specific cell populations to determine a population metric that describes the group of

cells in any given dataset. This involves developing a framework to aggregate features

from different groups of cells into one clear distribution that accurately describes the

population of cells.

RO-3: Cell state labelling - Building temporal models that describe cell behaviour

pattern through computed morphological and structural features over time is key. For

instance, initiation and progression of cell death - (apoptosis) could be observed through

various appearance and morphological events including membrane blebbing, binucleation,

nuclear fragmentation and cell membrane rupture [10] [11]. By analysing patterns based

on the computed shape and appearance metrics along the lineage of cells, the particular

nature of cell death induced by a candidate compound can be inferred from new sequences,

given ground truth sequences. Having a quantitative model of various events that

characterise cell death, the specific or dominant modes induced by a candidate compound

in a toxicity screen could be obtained and quantified in a cell population. This provides

a phenotypic and quantitative insight into how such compounds interfere in the normal

life cycle of the treated cells.

1.4 Thesis structure and contributions

Time lapse image data obtained from live cell experiments vary widely depending on the

cell line, microscope used, and the specific needs and research questions the experiment
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seeks to address. Results from experiments are usually analysed at either the single cell

level or cell population level. In this respect, quantitative analysis of static and dynamic

cell state and function in this thesis follows two main themes; single cell progression

and population dynamics. Chapter 2 of this thesis provides the background and review

of the literature of related work in areas of phenotypic live cell screening and the key

computational tools required for analysis of the image and video data generated.

Most live cell screening experiments seeking insights at the single cell level usually

involve culturing and imaging multiple cells. Such experiments include cell cycle and

cell death assays. Hence, the resulting time lapse or video shows multiple objects

corresponding to cells and some artefacts. Quantitative assessment of single cells over

time requires cell regions to be accurately segmented from the background, and artefacts

excluded. Segmented regions corresponding to cells then need to be tracked over time to

obtain a lineage of the cell trajectory. Each cell lineage is made up of the computed feature

of the cell at all given time points. Computational analysis that shows the cell state and

progression in time can then performed. Such computation also allows cell trajectories

to be compared in an efficient way. The contributions of this thesis aims at addressing

the computational needs described in three main themes: (i) cell detection, segmentation

and boundary estimation; (ii) single cell tracking; and (iii) temporal modelling of cell

sequences.

1.4.1 Cell detection, segmentation and boundary estimation

Chapter 3 details cell segmentation approach in phase contrast microscopy using

hand-crafted features inspired by modelling the light diffraction patterns in the

optical image formation process in phase contrast microscopy. The work shows how

physically-inspired featured alongside partial weak annotation of cells achieves good

performance in segmenting cells in phase contrast microscopy.

In many segmentation tasks, cells in an image tend to form clusters or overlap and

occlude sections of individual boundaries. Methods to separate overlapping boundaries

but quantification of this process in downstream analysis is rare. Chapter 4 provides a

7



1.4. THESIS STRUCTURE AND CONTRIBUTIONS

framework for incorporating the different levels of confidence expressed in segmentation

accuracy affected by approximating overlapping and occluded boundaries.

1.4.2 Cell tracking

Dynamic temporal modelling of individual cells requires individual cell trajectories across

all frames of the sequence. Chapter 5 details the Python implementation of a network

cost flow tracking algorithm with a web-based visualisation interface that delivers efficient

cell tracking to enable temporal sequence modelling. The implementation was completed

in a collaborative work with Alan Aberdeen, a fourth year engineering undergraduate

who contributed to this work as part of his final undergraduate project.

1.4.3 Temporal modelling of cell sequences

Live cells show different morphological states for a variety of life processes. In cell

cycle, this is demonstrated in mitotic phases characterised by changes in morphology

of the overall cell structure or sub-cellular structures. Chapter 6 explores frameworks

for constructing models that computationally describe the states and the order of

states associated with dynamic cell behaviour using non-parametric Bayesian clustering

techniques. The chapter explores approaches to cluster state sequences to cluster dynamic

patterns in individual cells. Beyond individual cell sequence analysis and clustering, the

work presents approaches to group cell populations aimed at comparing the effects of

different drug conditions on dynamic cell population behaviour.

1.4.4 Related publications/presentations

This section outlines the publications that have featured work that is presented in

this thesis. Initial work using the implementation of the phase retardations for cell

segmentation extended in Chapter 3 is published in the Proceedings of the Medical Image

Understanding and Analysis (MIUA) 2014 conference following a poster presentation[12].

An earlier version of the boundary estimation work in Chapter 4 is published in IEEE

Xplore under proceedings of the IEEE International Symposium for Biological Imaging

8



Chapter 1. Introduction

(ISBI) 2015 [13] following an oral presentation. Preliminary results of this work also

featured as an abstract publication and oral presentation at the Quantitative Bio Imaging

(QBI) 2015 conference. The work in cell state labelling work presented in Chapter 6 is

currently in preparation for publication in a journal.

1.5 Overview of developed software

To obtain the results presented in this thesis, a variety of open software tools were

used out-of-the-box or as an enabling tool to develop other software. The opensource

Python programming language and its associated core packages including Numpy, Scipy,

Matplotlib, Pandas, Scikit-learn and Scikit-image provided the base platform on

which other bespoke modules for preprocessing and visualising image data was developed.

Aside snippets and modules developed, two main software implementations of

published models and algorithms were completed: (i) the Python open source

implementation of the phase retardation feature extraction method proposed by Yin

and colleagues [14, 15] and featured in Chapter 3; and (ii) the implementation of the

coupled minimum cost flow network tracking algorithm proposed by Padfied et al. [16].

Details of the implementation and usage is provided in Chapter 5

1.6 Impact

The work outlined in this thesis provides a basis for extensive application of quantitative

methods to the analysis of biological image data obtained from large scale phenotypic

screens. The work shows that such computational methods can discover known and new

patterns in cell dynamic behaviour.
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Chapter 2

Background

2.1 Live cell imaging

Live cell imaging involves capturing a sequence of images in time of a cell as it undergoes

biochemical life processes in a live state. As opposed to fixed end point imaging where

cells are fixed on slides and imaged, live cell imaging requires the cell to be kept alive

and nourished while being imaged. In many modern setups, microscopes are enclosed

in cell incubators to keep cells alive during observation to ensure a favourable controlled

environment. Figure 2.1 shows a schematic of a microscope enclosed in an incubation

chamber.

The protocol and equipment required for efficient and accurate imaging of live cells is

generally more complex than fixed cells and endpoint assays. This complexity is inherent

in the number and variety of condition parameters that will have to be considered and

controlled effectively to obtain the desired images while keeping cells in a healthy state

and functioning normally while imaging. This involves maintaining a delicate balance of

optimum ranges for temperature, pH, oxygenation, humidity and osmolarity within the

controlled imaging environment. The media buffer in which the cells grow also needs to

chosen carefully. Also determining the optimum sensitive detector (i.e camera), how

often to image the specimen and limiting photodamage by shutting off illumination

when not in active imaging are very challenging procedures to conduct effectively [8].
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Figure 2.1: Schematic of a controlled environment microscope incubator. Image source:
Nikon MicroscopyU

However, microscopes and biological sample preparation methods are improving with

new specialised microscope systems being developed such as the Incucyte R© Live Cell

Analysis System by Essen Bioscience. Such systems and methods are fuelling a rising

interest in the live cell imaging for pharmaceutical high-content screens.

The actual imaging of live cells is a complementary combination of fluorescence, which

requires labelling with fluorescent-labelled proteins (such as GFP), and transmitted-light

(brightfield) techniques which are label-free. Fluorescence methods provide information

on specific biochemical processes whereas brightfield approaches give insight into

morphological properties such as cell shape, position, and motility that are vital in the

study of the mechanisms of cell division (mitosis) and cell death (apoptosis) [8].

Live cell imaging is instrumental in revealing temporal dynamics in the study of cells
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that enables insights that otherwise could not be obtained from fixed point experiments.

Using live cell imaging, Chan et al.[17] were able to identify distinct colony types

among human fibroblast cells undergoing reprogramming. Such cells resemble each other

morphologically but differ in molecular phenotype and differentiation ability over time.

From the study, Chan et al. could distinguish true induced-pluripotent stem (iPS) cells

from partially reprogrammed cells via live cell imaging. Similarly, Yang et al. have used

live cell studies to show the different modes of cell death in pancreatic β-cell death[18] as

well as reveal the role of Na+ channels in cytokine-induced β-cell death[19].

To capture such information in fluorescence usually requires multiple labels or stains

for the cytoplasm, nucleus and sometimes specific organelles of the cell. A variety of

fluorophores that bind to proteins in cells has been used in labelling cells for a spectrum

of applications and cell components. Other agents, such as quantum dots have also been

shown to be effective [20]. Label-free methods also allow cells to be studied in their

natural state without the need for additional chemical or biological components which

are often expensive and could also be cytotoxic [21]. The most widely used brightfield

modalities are phase contrast and differential interference contrast (DIC), with the former

being more common. Figure 2.2 shows an example of phase contrast and fluorescence

images.

2.2 Computational methods

Live cell screening generates large volumes of digital image data at a rate that far

exceeds conventional fixed point alternatives. A typical high resolution live cell screen

could involve imaging cells in about 40-50 different field views every 10 minutes for

2-3 days, resulting in at least approximately 11,520 images to be analysed [11]. Each

image will usually have multiple cells that either progress similarly or differently in time.

To understand the dynamic behaviour of single cells and determine group patterns and

outliers, an expert would have to observe and document this large number of frames

carefully.
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(a)

(b)

Figure 2.2: Sample images of cells in phase contrast and fluorescence. (a) Phase contrast
image of HeLa cells showing no labelling and lower contrast between cell regions and
background. Image also shows some imaging artefacts such halos (b) Fluorescence image
of HeLa cells showing multiple staining and a higher contrast between cell regions and
background
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The volumes of data that need to be analysed in such screens that are often run

in parallel, renders efficient manual analysis infeasible. There is therefore the need

for automatic, computerized image processing methods to assist biologists to assign

an unbiased quantitative measure to cell state at a given point in time or behaviour

over a period of time. Image processing methods, including machine learning and

computer vision routines provide standardized parameters that could be subjected to

rigorous statistical evaluation and improve further modelling of the morphological features

obtained [7]. Such image processing methods have been applied in a variety of single

images [22, 23, 24, 15] yet application in high-throughput screens to extract patterns is

rare. Such computational methods could help in preliminary assessments and summary

of data that could shorten the timespan of experiments and help minimise early failure

rates in drug discovery.

Computational methods and associated software tools required to analyse the

progression of single cells as observed in frames of videos obtained from live cell imaging

experiments can be categorised into three main task groups: segmentation, tracking and

state labelling. Cell segmentation methods provide approaches to detect and delineate

the boundaries of individual cells from the image background in each frame. With cell

boundaries determined across frames, tracking methods provide a trajectory of each cell

across all frames. Having obtained the trajectory of each cell, state labelling models

partition trajectories into temporal states corresponding to homogenous morphological

regions in time. The order of such morphological states is analysed to discover patterns

in cell behaviour and function.

2.2.1 Cell Detection and Segmentation

One fundamental task in quantitative biological imaging is cell segmentation.

Segmentation delineates the boundaries of each cell region from the background. Hence,

to perform any analysis on the location, shape or texture of individual cells, segmentation

must be obtained. Consequently, accuracy of further analysis largely depends on the

quality of segmentation obtained [25]. This makes segmentation a very important basic
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step in any accurate quantitative analysis of cell images. While a number of sophisticated

and robust segmentation techniques have been developed for fluorescent microscopy

[26][27], cell segmentation in label-free modalities such as phase contrast and DIC remains

challenging.

The challenge in obtaining accurate and efficient cell segmentation in label-free

images can be attributed to a variety of factors. Key among these include the low

contrast between cells and background, presence of image artefacts, dissimilarity among

sub-cellular structures within and across cells as well as occlusion. With poor contrast

variability of sub-cellular structures, the intensity profile of cell regions compared

to background does not show a clear separation, resulting in poor performance of

intensity-based thresholding methods. Image artefacts are either introduced by the

specific optics of the imaging hardware setup or non cell particles in the culture media

. Artefacts are usually observed as halo around cell boundaries and shade off effects in

the image [15]. The lack of clear boundaries among densely cluttered cells also poses

additional challenges in separating individual cells.

Various methods have been proposed to achieve good segmentation in phase contrast

microscopy [24][15][28][23]. In most cases, the distinguishing factor across the various

proposed methods is the feature extraction method applied. Ali et al [24] combines local

phase analysis and level set techniques to automatically extract cells from background. In

this approach, a cell is first detected by Otsu thresholding [29] a strongly defocused version

of the original image. The monogenic signal framework [30] is then used to generate local

phase and local orientation images that are used as initialisation to guide the evolution of

a level set-based active contour to trace the cell boundary. Such level set-based methods,

including that in [16] and [31], usually tend to be sensitive to initialisations and hence

heavily dependent on the accuracy of the initialisation method used.

Methods using machine learning approaches in addition to image analysis routines

have also shown success in some applications. Wang and colleagues [28] extract texture

and edge features that represent specific appearance, structural and edge profiles observed

in phase contrast data. They then apply AdaBoost and support vector machines
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(a)

(b)

Figure 2.3: (a) Tree structure of candidate nested MSERs. (b) Segmentation result
showing delineated cell boundaries and training dot annotations
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(SVM) to learn these profiles from annotated samples. Cell regions are then predicted

in test images using the learned model. Arteta et al [23] follows a similar machine

learning approach with a three-stage framework. First, a set of nested overlapping

candidate cell regions are detected using maximally stable extremal regions (MSER)

[32] feature extraction as shown in Figure 2.3a. This is followed by scoring the

candidate regions using a structured SVM that is trained using simple dot annotations

on cell positions. Finally, dynamic programming is used to select the optimal set

of non-overlapping extremal regions from the tree of nested regions.More recently,

convolutional neural networks(CNN) have been applied to cell detection/counting [33]

as well as boundary segmentation[34] with state-of-the-art performance. Though such

learning-based approaches report good performance, they require annotated training data

that is often expensive to obtain.

A recently developed image restoration method [15][14] seeks to extract features

which are intrinsic to phase contrast microscopy. The method exploits the optics of

the image formation process to build a model that delivers features that can separate cell

regions and boundaries from the background in an image. Phase contrast microscopy is

essentially a contrast-enhancing technique that employs an optical mechanism to translate

small variations in phase (diffraction pattern) of the transmitted light into corresponding

changes in amplitude. The difference in amplitude can then be visualized as differences

in image intensity.

In a conventional brightfield microscope as shown in the setup in Figure 2.4a, light

from an illuminated source is focused and transmitted through the specimen plate. The

primary source, P when transmitted through the specimen plate is divided into two

components; S, the light that goes through areas surrounding the cell and D, the light

that goes through the denser cell region is attenuated in amplitude and its phase retarded.

The difference in amplitude between S and P translates to the observed difference in

intensity between cell regions and background. This amplitude difference is generally

small hence lower contrast. Phase contrast imaging introduces additional hardware,

the condenser annulus and phase ring as shown in Figure 2.4b. The new setup results
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(a) Bright field microscope optics setup

(b) Phase contrast microscope optics setup

Figure 2.4: Simplified setup of bright field and phase contrast microscopes
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in advancing the phase and attenuation of the S wave hence increasing the amplitude

difference and consequently the image contrast.

Su et al.[15, 14] proposed an image reconstruction model, similar to wavelet

decomposition of images [35], that exploits the optics of the image formation process in

phase contrast microscopy. The reconstruction model is used to extract dictionary-based

features based on the diffraction pattern and phase retardation at each pixel in a grayscale

phase contrast image. Figure 2.5 shows a three-component feature decomposition of a

sample phase contrast image. The model produces vectorized features that distinguish

the cell regions from the background. Details of the application of this feature extraction

method in cell segmentation is provided in Chapter 3.

2.2.2 Single Cell Tracking

Cell tracking is essential in understanding the temporal dynamics of cell behaviour in

time-lapse sequences. Cell density in time-lapse sequences obtained from typical biological

experiments often tend to be high resulting in very closely-packed cells in most frames.

In addition, equipment and biological limitations including risk of photodamage reduce

the frequency at which the images are captured over time. This results in time-lapse

data with significantly low temporal resolution compared to that of conventional video.

As a result, motile cells in the time series data seem to jump in random fashion between

consecutive frames showing minimal spatial overlap. These make cell tracking more

complex and challenging than conventional object tracking in video [36]. This is further

compounded by sudden changes in cell morphology over time [37]. Current methods for

cell tracking could be broadly categorized into deformable models, state space models,

and segmentation-based object association.

Deformable models involve a contour evolution approach, usually level set and active

contour methods to obtain the contour of an object in the current frame by evolving

the contour in the previous frame [38, 39, 40]. In practice, it involves initializing the

segmentation of objects in the first frame and updating in subsequent frames. Such

contour evolution models fail in applications where objects undergo sufficiently large
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(a)

(b)

Figure 2.5: (a) Sample phase contrast image. (b) Three-component reconstructed image
using phase retardation model
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displacements or show little overlap between consecutive frames [41]. Such deformable

models could also struggle to accurately track dividing cells and cells that leave or enter

the field of view. Li et al. in [39] attempt to address this by associating new cells with a

parent cell as daughter using a local association scheme.

State space models for tracking often employ stochastic filtering techniques that rely

on the motion or appearance model of the tracked object. In this regard, the model

expects the object to follow some assumed motion pattern but do not require an accurate

segmentation of the tracked objects. They tend to be computationally demanding due to

the large number of motion hypothesis involved yet allow for complex observation models

[42]. They are however better suited to handle larger displacements [43][44][45].

Segmentation-based object association tracking models involve two major processes:

object detection or segmentation in all frames and the association of objects in different

frames to obtain a 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, scale well and achieve high accuracy in overall cell tracking

[41][46][47][16][48][49]. The segmentation step vary widely depending on application or

imaging modality. The methods used for such segmentation may include any of the

methods discussed in Section 2.2.1.

Another method that could be loosely associated with the object association model is

template matching with image registration between time points. The registration could

be applied at the pixel level [50], at feature points [51], or for entire cell objects [52].

The remainder of this section will focus on various approaches used in object association

models as these have been most effective for cell tracking in time lapse phase contrast

data [49][16][48].

2.2.2.1 Learning-based cell tracking

Tracking by assignment usually involves optimization of terms that contain parameters

that need to be adjusted to obtain good assignments. Such parameters could be learned

from training data by casting tracking as a learning problem [41]. Such methods have

22



Chapter 2. Background

been applied to tracking pedestrians in conventional video with Conditional Random Field

(CRF) [53] and HybridBoost [54] techniques. The main challenge with learning based

methods is obtaining accurate training data which usually involves costly annotations.

In this regard, a cell labelling and active learning framework [55] has been applied to

minimize the cost of annotation that is required in [41].

Lou and Hamprecht [41] present a more comprehensive learning-based formulation

of the minimum cost flow theory method proposed by Padfield et al. [16] which is

purpose-built for cell tracking. In this formulation, given sets of detected objects {C,C ′}

from two consecutive frames, the goal is to find the optimum assignment of all the possible

event hypotheses between c ∈ P(C) and c′ ∈ P(C ′). The compatibility of an assignment

with an event e ∈ E is expressed as an inner product, 〈f ec,c′ , we〉, of a feature vector

f ec,c′ that characterizes the discrepancy between object candidates c,c′ and a parameter

vector we that encodes what is learned from the training data for every event. Hence,

considering all objects in both frames and all types of events, results in the compatibility

function;

L(x, z;w) :=
∑
e∈E

∑
c∈P(C)

∑
c′∈P(C′)

〈f ec,c′ , we〉zec,c′ (2.1)

where z = {zec,c′} is the set of binary variables whose element indicates whether

a hypothesis is accepted. Figure 2.6 shows the schematic of the tracking framework

developed by Lou et al.[41].

The approach learns the parameters associated with tracking events from training

data to improve robustness and eliminate parameter tweaking. The learning of

parameters hence provides a more robust approach to estimating model parameters.

Such a learning-based approach however requires ground truth training data that contains

frame-to-frame association pairs of all transition events for all cells. In the standard frame

transition events, a cell may move or divide, and can appear or disappear from a frame.

Accounting for appearing or disappearing cells is important as cells near the boundary

of the field of view of the camera could move out and in depending on the direction of

motion of the cells. Also, by introducing additional events merge and split, Lou et al [41]
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Figure 2.6: Schematic showing tracking framework used by Lou and Hamprecht [41]
showing the assignment representation in a pair of adjacent frames

account for the under-segmentation and over-segmentation errors typically observed in

the detection step of closely-packed objects.

2.2.2.2 Global object association tracking

As indicated earlier, the object association methods have shown to be effective in

time-lapse. However, the challenge of accurately accounting for cells that leave or appear

in a frame as well as merges and splits over many consecutive frames still remains. To

resolve this, Bise et al.[48] proposes a global object association model rather than the

local association methods involving association between consecutive frames only as in [16]

and [41].

Global association methods associate objects over multiple frames by joining

multi-frame trajectories. This could be achieved via tracklet stitching [56][57]. This

involves first generating reliable fragments of object tracks (tracklets) and then stitching

these tracklets together. Connecting tracklets is achieved in [56] via the Hungarian

algorithm [58] and by dynamic programming in [59].

The global association methods mentioned above are built for general object tracking

and do not address specific cell behaviour such as division. The formulation proposed by

Bise et al [48] however accounts for division and possible cell segmentation errors. The

tracklet association problem is formulated as a maximum-a-posteriori (MAP) problem
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and solved by linear programming to obtain the cell trajectories and lineage trees.

Figure 2.7 shows the overview of the tracklet association approach.

Figure 2.7: Overview of tracklet association method used by Bise et al [48]

2.2.3 Cell state labelling

The morphology of a cells in phenotypic experiments changes over time. Such changes

are characterised by events or states that are known to be biologically relevant in cell

division cycle, cell death or other cell behaviourial patterns. By segmenting, tracking

and computing relevant features of individual cells from videos as described above, a

temporal sequence of the features that encode these states at the single cell level is

obtained. A transition model is then required to partition the sequence of features from

cell trajectories into states that could be analysed to understand the behaviour patterns

of the cells under study. Each state then represents a morphology profile where similar

morphological features belong to the same state. Hence frames where cells show similar

appearance and encoded in their computed features will be more likely to be assigned to

the same state.

Categorising time points in the cell trajectories into states provides an effective way

of grouping similar cell features in time. Depending on the experiment or application,

the features of interest that are partitioned in time could be cell morphology, image

intensity of a marker or both. In label-free phenotypic analysis, the key features are

morphology-based; including cell structure and texture. In multi-parameter experiments,

expression of various fluorescent indicators in addition to morphology are monitored.

Mitotic phase labelling is the most widely performed cell state labelling in dynamic cell

image analysis. Mitosis, the process by which individual cells divide into daughter cells is
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characterised by a number of observable phases; interphase, prophase, prometaphase,

metaphase, anaphase, and telophase. Given the video or track of a dividing cell,

with associated features for each time point, the task is to accurately label the state

corresponding to each phase. To achieve this quantitatively requires temporal models.

The most common model used is the hidden markov model (HMM) [60]. The HMM,

as well as its more flexible extension, hierarchical dirichlet process (HDP) HMM, are

reviewed below.

2.2.3.1 Hidden Markov Models

Cell processes can can be categorised into temporal states or phases that generally follow

some underlying order based on the observed features at each time point. The next state

in a pattern is usually dependent on the previous observed state or set of states. Markov

and semi-Markov models provide the framework for modelling such phenomena.

The Hidden Markov Model(HMM) is the most widely used transition model and has

previously been used for modelling cell cycle [61]. Although initially introduced in the

1960s [62], HMMs remain a popular modelling approach in the quantitative study of cell

dynamics [61, 63, 64, 65].

The state model provides a framework to infer a set of hidden state variables from

a sequence of observed variables. The hidden state variables are linked by a transition

matrix that defines the probability of reaching any state given the present state. Hence,

the HMM is a Markov chain where the probability of the next state, given the discrete

observations y, is dependent only on the current state and not on any past states:

p(xt+1|x1, x2, ..., xt) = p(xt+1|xt) (2.2)

where xt is the hidden state variable at a discrete time, t. The hidden state variable

here, xt is also discrete and can take on K values denoted by integers denoted by integers

{1, ..., K}. In the classic HMM, the value K, representing the number of hidden states

involved, is provided as a parameter input to the model.

To formally define an HMM for any particular application requires the following set
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of elements to be determined:

1. N - the number of states in the model. This is usually the first design parameter to

be selected depending on the needs of application. In the case of the mitotic phase

modelling, this will be 6; one for each of the states listed in Section 2.2.3 above.

The set of states are denoted S = {S1, S2, ..., SN}

2. M - the number of distinct observation symbols per state. This relates to the

number of features that are being observed to infer the state and hence determined

from the length of the feature vector for a cell.

3. A = {aij} - the state transition probability distribution defines the probability of

reaching a given state, Sj given the current state, Si. A is a matrix with entries, aij

specifying the probability value for pairs of states. For example, in mitotic phase

labelling, if Si is state for interphase and Sj is the state for prophase, aij is the

probability of transitioning from interphase to prophase.

4. B = {bj(k)} - the observation symbol probability distribution in state j. This

represents the distribution of features variables within a given state, Sj. For

example, the distribution of cell area within interphase.

5. π = {πi} - the initial state distribution. This represents the likelihood of each state

before features are observed. This usually comes from knowledge of the biology of

the states involved.

Given the appropriate model specification values of N , M , and λ = (A,B, π), the

following problem of finding the states from a sequence of features can be posed as:

given observation sequence of features, O = (O1, O2, ...OT ) and the model λ, how

do we choose a corresponding optimal state sequence Q = (q1, q2, ..., qt). This is solved by

applying the forward-backward algorithm [60]

In the analysis of cell state from live cell imaging, HMMs have been applied mostly

in mitotic phase labelling [66, 61]. Such studies usually require annotation of the known

cell states (e.g mitotic phases) in order to model meaningful states and transitions. In
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the wider context of live cell studies, the dynamics of the cell phenotype is not strictly

known, and hence the task is usually exploration aimed at pattern discovery. To model

the changes in cell morphology dynamics, Zhong et al.[65] proposed an unsupervised

modelling of the dynamics of cell morphology using a combination of their temporarily

constrained combinatorial clustering (TC3), Gaussian mixture modelling (GMM), and

HMM. In this approach, TC3 is to initialise GMM to cluster frames into groups based on

cell morphology with transition modelling achieved via the HMM. Though their approach

partitioned cell morphology trajectory into uniform states over time, a user-defined

number of states is still required for TC3. Similar to other HMM-based approaches,

the user-defined number of states is usually unknown or poorly understood biologically.

In studies such as cell cycle phase labelling where the number of hidden states, K

is known or well-understood, El-Labban et al. [67] has shown that the classic, as well

as the adapted HMM applies well. The work by Harder et al. [63, 64] further shows

that a generalised finite state modelling achieves a transition model for cell phenotypes

associated with mitosis. While the study of cell cycle in [67, 64] provide a strong

set of priors for the state distribution, other studies where the phases are not as well

defined or known are more challenging to model with classic HMMs. This is due to

the difficulty in selecting an appropriate input value for K. In the exploratory analysis

of the morphological states in a variety of timelapse cell experiments, the number of

states is usually unknown or poorly understood across cell lines and varying treatments.

The states hence need to be discovered from the morphological features over the frame

sequences. The classical HMM is therefore insufficient for such analyses.

2.2.3.2 Hierarchical Dirichlet process HMM (HDP-HMM)

HMMs provide a clear intuitive approach for modelling dynamic cell behaviour as a

probabilistic transition of states. A significant drawback of the model arises in exploratory

analysis when the number of cell states is unknown. Choosing the appropriate number of

states for any given dataset is challenging. However, model selection and cross validation

techniques can be used to choose the best number of states from a range of values based
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on some evaluation metric. A more flexible alternative is the class of models considered

infinite HMMs, in which the number of states of the HMM is allowed to be countably

infinite [68, 69]. In such modelling, the number of states is inferred from the clusters that

form within the data. This proves more useful in understanding single cell dynamics and

and patterns present in a given dataset in explorative analysis.

The Dirichlet process (DP) is a stochastic process used in nonparametric Bayesian

modelling of data. It is a distribution over distributions, such that each draw from a

Dirichlet process is itself a distribution [70]. The DP is defined as G ∼ DP (α0, G0),

where G is the distribution of a random probability measure over a measurable

space, (Θ) such that for any finite partition (A1, A2, ..., Ar) of Θ, the random vector

(G(A1), ..., G(Ar)) is distributed as a finite-dimensional Dirichlet distribution with

parameters (α0G0(A1), ..., α0G0(Ar)) [70, 71]. In this formulation, G0 is the base measure

representing the mean of the DP whereas α0 is the concentration parameter that describes

the concentration of mass around the mean of the DP. The DP is used as a nonparametric

prior on parameters of mixture models, particularly DP mixture models. A DP mixture

model can be derived as the limit of a sequence of finite mixture models, where the

number of mixture components is taken to infinity. A hierarchical DP is defined as a

measure where the base measure is also distributed as a DP [69]. Figure 2.8 shows the

graphical model representation of the DP mixture model and hierarchical DP mixture

model.

As described in Section 2.2.3.1, the classic HMM is a doubly stochastic Markov chain

in which the sequence of multinomial state variables, Q = (q1, q2, ..., qt) are linked through

a transition matrix such that each observation, Ot is drawn independently from other

observations, O = (O1, O2, ..., OT ) conditional on yt. This casts the HMM as a dynamic

set of finite mixture models where each state corresponds to a mixture model. Teh

et al. [69] define a nonparametric model with countably infinite states by replacing

the set of conditional finite mixture models in the classical HMM with a hierarchical

Dirichlet process mixture model. The resulting model is referred to as a hierarchical

Dirichlet process hidden Markov model (HDP-HMM). Figure 2.9 shows the graphical
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(a)
(b)

Figure 2.8: Graphical model representation of (a) DP mixture model and (b) hierarchical
DP mixture model [69].
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model representation of the HDP-HMM. The HDP-HMM eliminates the need to select a

prior number of states for the model.

Figure 2.9: Graphical model representation of the HDP-HMM [69].

Fox et al. [72] however further shown that the original formulation of the HDP-HMM

where the number of states, K grows infinitely could be prone to the proliferation of a

large number of redundant states with rapid switching among states. In proposing the

sticky HDP-HMM, which was originally used to solve the speaker diarization problem,

Fox et al. show that by introducing a bias parameter, rapid transitions among redundant

states can be minimised, leading to better performance. Figure 2.10 adopted from [72]

shows the effect of the bias parameter in minimising redundant states and improving

performance in the speaker diarization problem.

The sticky HDP-HMM generative process (γ, α, κ,Go) can be summarised as

β ∼ GEM(γ),

πi
iid∼ DP (α + κ, β + κδi) θi

iid∼ Go i = 1, 2, ...,

zt ∼ πzt−1 ,

yt ∼ f(θzt) t = 1, 2, ..., T,
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Figure 2.10: (a) Multinomial observation sequence; (b) true state sequence; (c)-(d)
estimated state sequence after 30,000 Gibbs iterations for the original and sticky
HDP-HMM, respectively, with errors indicated in red. Without an extra self-transition
bias, the HDP-HMM rapidly transitions among redundant states
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where GEM (Griffiths, Engen, and McCloskey) is a stick breaking process [73], DP

is a Dirichlet process and f is an observation distribution parameterised by draws from

Go, the base distribution. Each transition distribution from state i, πi is a DP draw and

the HDP plays the role of a prior over infinite transition distributions. The πi are linked

by being DP draws parameterised by and hence dependent on the same discrete measure

β, thus E[πi] = β. Values of κ > 0 imply increasing the prior probability E[πii|β] of

self-transitions.

2.3 Software tools

Eliceiri et al. [74] provide a comprehensive overview of all the different software tools

that are necessary for the implementation of an image informatics workflow. Here image

acquisition, storage, analysis and image and data visualisation need to be taken into

account. This section focuses on image analysis tools with an emphasis on available open

source packages. It should be mentioned that environments such as OMERO [75] and

Bisque [76], which were originally developed for storing and retrieving microscopy image

data sets have now been extended to provide client-server software visualisation, analysis

and management of microscope images. While industrial labs and larger centres have the

capacity to customise these solutions, a more modular approach might suit other users.

In this presentation we differentiate between software that is designed for biologists and

toolkits for developers of algorithms or workflows.

2.3.1 General Tools

Undoubtedly ImageJ and the recently enhanced distribution of the same software, Fiji

[77], are the oldest and most widely used tools for scientific image analysis. The software

can be extended with help of a large number of plug-ins ranging from cell counting

to co-localisation analysis. From the quick assessment of image quality to the scripted

analysis of smaller image data sets it can be used for a wide range of tasks. As it is

written in Java it can be easily deployed on all popular operating systems. While very
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versatile, some of the more advanced algorithms for segmentation and tracking are not

available and it is probably less suited for the routine analysis of large data sets.

Cellprofiler [78] has been developed to facilitate the interactive data exploration,

analysis, and classification of large biological image sets. Originally written in MATLAB,

the software has been re-written in Python and includes a number of powerful features

such as a range of machine learning tools. Cellprofiler provides an open source

alternative to commercially available high-content image analysis software packages such

as Cellomics (ThermoFisher Scientific), Harmony (Perkin Elmer) or IN Cell Investigator

(GE Healthcare Life Sciences). As an open source tools it provides the advantage that

it can be extended very easily but on the other hand it is not very well integrated with

high-throughput microscopy hardware.

While Cellprofiler [79] is more geared towards 2D high-throughput screening data,

Icy [79] provides a very comprehensive set of tools for the analysis of multi-channel

3D images. Developed and maintained by the biomedical image analysis group at the

Institut Pasteur (Paris, France) it builds on a number of existing open source libraries

and can also be extended through a broad range of plugins. The ilastic [80] platform

is a simple, user-friendly tool for interactive image classification, segmentation and

analysis. It provides access to some very advanced machine learning based algorithms for

segmentation and tracking.

2.3.2 Toolkits & Libraries

The National Library of Medicine Insight Segmentation and Registration Toolkit (ITK)

[81, 82] is the most widely used open source medical image analysis toolkit. It is designed

to support N-dimensional images. Working and extending the C++ based libraries does

require training. However, as the algorithms that have been included in the toolkit

have been carefully validated, ITK made an invaluable contribution to the scientific

community. SimpleITK [83] now provides a scripting interface to the underlying libraries.

The newest release now includes access to the registration algorithms which will be of

interest to a number of groups. Farsight [84, 85], which is a more specialised set of tools
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for the analysis of multi-channel fluorescent microscopy images is build directly on ITK.

Python is increasingly viewed as the lingua franca of data analytics and provides

a great environment for developing analysis scripts that can be deployed on end user

computers as well as specialised compute clusters. Rather than entering into a debate

whether or not is should be used instead of statistics package R we argue that these two

languages, which are both distributed under open source licences, complement each other.

With the Python interface of OpenCV [86] and the scikit-image libraries [87] Python

provides a very rich set of image analysis tools. To date there are not many libraries that

address microscopy specific analysis solutions. The Python Microscopy Environment

(PyME) [88] is being developed to address this gap. It is targeted to high-resolution

microscopy. In addition, all the underlying software modules provided by Cellprofiler can

be accessed as Python libraries. SimpleITK can now also be installed directly as part of

leading Python distributions. Scripting languages not only provide the advantage of fast

prototyping, they also allow the systematic integration of well established libraries for

numerical computing, linear optimisation and now machine learning. With the increase in

data volume it will be necessary to process data sets on dedicated compute clusters. The

Python environment does allow to make this transition. Possible performance bottlenecks

can be eliminated through targeted optimisation.

Commercial software are often pre-installed, marketed and sold alongside hardware

microscope systems. Most commercial software hence combine the image acquisition

software that drives the microscope hardware in acquiring the images with analysis and

storage following acquisition. These commercial software are developed by microscope

manufacturing companies and hence supplied with microscopes. include NIS-Elements

from Nikon, cellSens from Olympus, Volocity, Acapella and Columbus from Perkin-Elmer,

InCell Investigator from GE, , and AxioVision from Zeiss. Upgrades and functional

add-ons to such commercial software is controlled by internal teams at the manufacturing

companies and offered to existing users for free or for additional fees.

Alternatively, open source software are not tied to a given microscope company but

rather developed by collaborating research teams. The software is usually downloadable
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free online and the source code is available and modifiable to fit specific needs that may

not be included. Added functionality is developed by research interest groups and released

free to the user community. Open source software for biological imaging is dominated

by analysis software. Popular open source projects include CellProfiler[89], CellProfiler

Analyst[90], Icy[91], CellCognition[61], ImageJ[92], and Fiji[93]. Table 2.1 summarizes

the key uses and origin of some of the popular open source cell image analysis software.

2.4 Conclusion

Live cell imaging experiments are generally more complex compared to their static

endpoint alternatives. Conventionally, cell biology researchers interested in understanding

phenotypic transformations observe cell morphology changes under the microscope. With

the advent of high throughput phenotypic screening enabled by new live cell culture and

imaging systems, the effect of a number of candidate compounds are being studied using

millions of cells. The data output in such high throughput live cell imaging experiments

a vast set of time lapse sequences.

Analysing dynamic behaviour of cells based on time-lapse images at the high

throughput scale manually by a human observer is infeasible. Quantitative approaches

are therefore required to automatically extract insights from such dynamic data. In

this regard, three main tasks are required; cell segmentation, single cell tracking and

temporal modelling. A number of computational methods and software tools have been

developed to enable efficient and accurate analysis of live cell imaging. Open source

software tools for general cell image analysis include CellProfiler, ImageJ, CellCognition,

and Icy. Commercial software often marketed and supplied with microscopes also include

Acapella, Columbus, cellSens, InCell investigator, and NIS-Elements.

Most of the existing tools cater for segmentation and tracking tasks, whereas

temporal modelling tools and methods are rare. A number of research teams, including

the team responsible for CellCognition[61], have been working on addressing this

gap[65][94][95][96]. Considering most of the approaches develop temporal models for
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Table 2.1: Summary of open source software

Software Key capabilities Origin Website
CellProfiler Object

counting,
segmentation
and tracking

Carpenter Lab at
Broad Institute of
Harvard and MIT

www.cellprofiler.org

CellProfiler
Analyst

Interactive
data
exploration,
Machine
Learning
tools for
classification
and analysis
of large image
datasets

Carpenter Lab at
Broad Institute of
Harvard and MIT

www.cellprofiler.org/cp-analyst

CellCognition Object
detection,
feature
extraction,
tracking, cell
transition
analysis

IMBA Vienna,
Institut Curie Paris,
EMBL Heidelberg,
and ETH Zurich

www.cellcognition.org

Icy 3D Image
analysis,
object
tracking,
Sequence
analysis,
Matlab and
ImageJ
integration

Quantitative Image
Analysis Unit at
Institut Pasteur

www.icy.bioimageanalysis.org

CellOrganiser Cell shape
modelling,
cell time
series analysis

Center for Bioimage
Informatics at
Carnegie Mellon
University

www.cellorganizer.org

ImageJ Multidimensional
image
analysis,
segmentation,
tracking,
shape analysis

National Institutes of
Health

www.imagej.net

Fiji Variant of
ImageJ,
additional
analysis
plugins
pre-packaged

National Institutes of
Health

www.fiji.sc

37



2.4. CONCLUSION

specific applications such as cell cycle, the work presented here seeks to generalised

temporal state space modelling that allows fitting a unified model to explore a wide

variety of cell dynamic behaviour.
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Cell Segmentation in Phase contrast

3.1 Introduction

High-content microscopy plays an increasingly important role in drug development and

basic life science research. There has been growing interest in over the last decade in

enabling live cell imaging [8] experiments that reveal more detailed information about

cellular function than standard end point assays. Label free imaging, in particular phase

contrast microscopy, plays an important role in studying live cells since it minimizes the

need for potentially cytotoxic fluorescent stains and labels. Considering the volume and

complexity of the image data sets obtained from such studies, analysis tools that measure

parameters associated with cell division, motility, mechanisms of death and population

statistics are required.

One fundamental task in quantitative biological imaging is cell segmentation. While

a number of sophisticated and robust segmentation techniques have been developed

for fluorescent microscopy, cell segmentation in phase contrast image sequences is still

challenging. Artefacts that are introduced by the specific optics, observed as halo and

shade off effects, as well as the lack of clear boundaries among cluttered cells, poor

contrast between cells boundaries need to be addressed to obtain an accurate separation

of cells from background. A variety of methods have been developed to segment cells from

background under these conditions. Wang et al. [97] apply machine learning to learn the
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specific edge profiles observed in phase contrast data whereas Arteta et al.[23] employs

a structured learning scheme with dot annotations over non-overlapping extremal region

features.

A key component of machine learning approaches applied to object detection and

segmentation is extracting the most relevant and information-rich features from which a

model can be obtained that distinguish cell regions from background and other artefacts

or objects within any given image. Conventional feature extraction methods for object

detection and segmentation in images generally use the pixel values and representation in

an image to extract colour, edges, corners and textures that are relevant to differentiating

objects and background. Such methods do not specifically account for the optics of the

image formation process and therefore tend to perform well when the images have little

or no artefacts resulting from imaging system. In recent years, model-based approaches

to exploit image formation has been proposed. Ali et al. [24] use local phase analysis to

extract features in DIC cell images and then applies level set techniques to automatically

extract the cells from background in low contrast images.

This chapter focuses on a model-based feature extraction method proposed and

developed by Yin et al. and Su et al. for phase contrast images [15, 14]. The approach

extracts rich structural features from raw greyscale images using a physical model of

the image formation process in phase contrast microscopy. At the core of this model is

optical phase retardation, which is intrinsic to the optical image formation process in

phase contrast microscopy. Details of the model and implementation is reviewed in later

sections.

Recent advances in deep learning architectures have delivered state-of-the-art

performance across benchmark object detection datasets. Deep learning architectures

are composed of a multi-layer set of convolutional neurons and non-linear filters that

transform an input image into a series of volumes resulting in object or pixel labels

at the output layer. Through the series of transformations, deep learning methods learn

relevant features corresponding to colour, edges, corners, and textures at each layer. This

eliminates the need to designed hand-crafted features that are relevant in detecting and
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segmenting objects from background in an image.

A significant drawback of such deep learning architectures is the large number

of labelled samples and computational resources required to trained the resulting

model. Various deep learning methods have been applied to cell detection [33, 34].

In practice, it is generally rare to have such large labelled datasets to train a deep

convolutional neural network (CNN) from scratch for every given application. An

alternative approach involve adopting pre-trained models to initialise new models for

specific applications or using the pre-trained as a feature extractor for new datasets that

can then be classified with conventional machine learning methods such as support vector

machines. These approaches fall under the broad area of transfer learning. The feature

representation activated at given layers of a deep pre-trained can be obtained from known

architectures given the learned model weights. Most deep architecture models for image

classification are trained on the large labelled dataset provided in the large public image

repository, ImageNet[98]. To motivate the extraction of phase retardation features as

a preconditioning step in phase contrast, it is shown here that preconditioned image

obtained provides richer activations in a pre-trained model of the popular deep learning

architecture, VGGNet16 [99] compared to the raw pixel image. Details of this is presented

in Section 3.4.

Using the phase retardation features, a weakly supervised machine learning approach

is proposed that achieves good segmentation in phase contrast images. In this approach,

multi-dimensional phase retardation features are extracted for each pixel in the given

image. Pixel features are aggregated into SLIC superpixels [100] to obtain homogenous

local clustering of neighbourhood pixel features. This contributes to a significant

reduction of the number of samples to classify, reduces model complexity and hence

improves computational speed. A neighbourhood graph of superpixels is constructed and

used in clustering and watershed segmentation to find an accurate delineation of the cell

boundaries. Weak a priori knowledge about a single point location of the individual cells

is also used to achieve robustness obtaining cell regions in the presence of artefact objects

in the image. Details of the approach are presented in Section 3.2. Figure 3.1 shows the
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Figure 3.1: The general overview of the proposed method for phase contrast cell
segmentation. For every image, phase retardation features are computed for every pixel by
image reconstruction based on a dictionary of diffraction patterns. The pixel-wise features
are ranked according to the most discriminative by a graph cut score. Pixels are then
aggregated into SLIC superpixels based on their features to obtain an oversegmentation.
The superpixels are then grouped into regions and the regions that correspond to cells
are extracted and merged boundaries are split by a watershed algorithm

segmentation pipeline.

3.2 Method

Extracting accurate morphometric information for each individual cell requires reliable

detection of object boundaries. Given the nature of phase contrast microscopy, the

appearance of such object boundaries depends on the specimen itself as well as the local

imaging conditions. This motivates why we utilize the phase retardation features, which

are then aggregated into superpixels. Clustering is used to label the superpixels, which

results in an over-segmentation of the image. The identification of the individual cell

bodies is explained in Section 3.2.3.

3.2.1 Phase retardation feature extraction

Phase contrast microscopy is essentially a contrast-enhancing technique that employs

an optical mechanism to translate small variations in phase (diffraction pattern) into

corresponding changes in amplitude, which can then be visualized as differences in image
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intensity. The key difference in setup of a phase contrast microscope and a conventional

brightfield microscope is the introduction of the a phase ring and annulus that enables the

contrast obtained in the phase of light to be effected into light intensity to be observed.

Details of this setup is reviewed in Section 2.2.1. This image formation process is exploited

by Yin, Su and colleagues [15, 14] in an image reconstruction method to obtain features

for each pixel. The multidimensional features at each pixel is dictionary of diffraction

patterns quantifying the phase retardation experienced at the pixel. The features for an

N -pixel grayscale image expressed as:

g =
M−1∑
m=0

Hmψm, s.t. ψm ≥ 0, (3.1)

where g is the vectorized image intensities (N × 1) expressed as a linear combination

of a dictionary of M bases {Hm}M−1m=0 . The vectorized coefficients, Ψm for each pixel

corresponds to a diffraction pattern with phase retardation angle θm = 2πm
M

. m =

{1, 2, ...,M}, providing a set of M diffraction angles. Figure 3.2 shows the diffraction

pattern kernel in 3D and 2D. The diffraction pattern, Hm is function of the phase

retardation, θm computed from a diffraction pattern kernel, DPK(θm). Figure 3.3 shows

the DPK(θm) at different retardations, θm. Hence, the nth row of an Hm (N×N) matrix

corresponds to the vectorized kernel function obtained from a diffraction pattern kernal

around pixel location xn. The vectorized coefficients for each grayscale pixel are then

utilized as the M -dimensional feature vector for that pixel.

As outlined above, the grayscale pixel values of a phase contrast image can be

expressed a linear combination of coefficients, psim and the M bases set. The feature

vector of each pixel is composed of the M coefficients. Hence, given the grayscale value

for each pixel, xn and the bases set, H the coefficients psi can be computed. This is posed

as an optimization problem aimed at obtaining the coefficient values that minimize the

reconstruction residual error between the linear combination values and the actual pixel

values.

For a given set of N pixel values from a phase contrast image, there are K subset

representative diffraction patterns from the {Hm}M−1m=0 bases that contribute principally
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(a)

(b)

Figure 3.2: Diffraction pattern kernel of phase contrast imaging, airy(r), obscured Airy
pattern with (a) 3D surface view and (b) 2D top-view. Image from [15]

44



Chapter 3. Cell Segmentation in Phase contrast

Figure 3.3: DPK(m), the diffraction patterns with different phase retardations, θm.
Image from [15]

to the visual representation of the image. The problem of finding the K representative

bases with the associated coefficients for a given set of pixels by minimizing the image

reconstruction residual error is formalised as:

min
ψm,K

‖g −
K−1∑
k=0

H(k)
m ψk‖22 + ωr

K−1∑
k=0

(ψTk Λψk + ‖ψk‖1)

subject to ψk ≥ 0

(3.2)

where ωr is the regularization weight parameter, Λ is a Laplacian matrix that encodes

the similarity between spatial neighbourhood pixels, and ‖ψk‖1 is a spatial smoothness

regularization parameter. ‖ψk‖1 is a sparseness regularization term that penalizes the

small values of ψk, enforcing values of ψk corresponding to background pixels to zero.

The extracted features for each pixel, g can be visualised by plotting the top three

ψk that produce the least residual errors when used in the reconstruction of the original

image as outlined above are extracted. The three principal features are observed to

preserve the structure of the original image and therefore can be mapped onto the RGB.

The coefficients of each basis of the three bases maps directly to a specific structural form

or intensity profile of sections of the image of the original image. Figure 3.4 shows the
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(a) (b)

Figure 3.4: Initial processes resulting in cluster regions: (a) Original phase contrast
image; (b) The top three(3) principal features for each pixel mapped onto RGB of a
colour image

RGB colour image image representation of a sample phase contrast image of HeLa cells.

The principal features shown are rich and clearly discriminates cell structures from

image background. This provides and good preconditioning of the raw grayscale image

for building a robust model for detecting and segmenting cells from background.

3.2.2 Generating superpixels over phase retardation features

The goal of segmentation following extraction of dicriminative features from the raw

images is to construct a model that partitions the pixel features into cell regions or

background. The visualisation of the features expose the neighbourhood redundancy at

the pixel level as neighbouring pixels show similar feature profile. Aggregating the pixel

features into local homogenous regions eliminates the local neighbourhood redundancy

in the feature space and reduces the computational cost of partitioning the image into

the required cell and background regions. Oversegmentation of the phase contrast image

using the phase retardation features by simple linear iterative clustering (SLIC) [100]

achieves the aggregation of features into local homogenous regions called superpixels.

For an image with N pixels, U superpixels which consist of small regions with an
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approximate size N/K that do not cross cell object boundaries in the original image

as shown in Figure 3.5. Hence, for roughly equally-sized superpixels there would be

a superpixel center at every grid interval Q =
√
N/U . Pixel features are aggregated

into superpixel regions based on a distance measure encoding similarity between

neighbourhood pairs of pixel features. A lower distance between pixels corresponds to

high similarity and vice versa. For an image with phase retardation features {Ψx,Ψy}

for arbitrary pixel locations {x, y}, the similarity distance measure for aggregating the

pixels, ds is defined as:

ds(x, y) := (Ψx −Ψy) +
c

Q
||x− y||2 (3.3)

where ds accounts for both feature variation and distance in pixel location. The

compactness, c determines the extent of emphasis on spatial proximity. The higher its

value, the more spatially compact the superpixels. Figure 3.5 shows the effect of the

compactness, c on the superpixel boundaries when increased from c = 10 to c = 100 with

the same number of segments, U = 2500.

3.2.3 Multiclass clustering and region aggregation

Phase retardation neighbourhood superpixels need to be further aggregated into cell

regions and background. This is achieved through clustering on the features associated

with each superpixel to group the segments into regions that correspond to the main

region partitions expected in a typical phase contrast image. A typical phase contrast

image has three main observable regions. These include dark cells, bright cells, and halos.

Cells that appear dark are often the predominant forms in a phase contrast image. Halos

are bright regions observed at the boundaries of cells and are considered an imaging

artefact relating to diffraction at the cell-background border. Bright cells are observed

in a variety of instances, most commonly when cells are at the onset of mitotic division

or apoptotic death. Hence in static phase contrast image, any of these profiles could be

observed. The task of segmentation, however, is to determine all regions associated with

cells while rejecting background and imaging artefacts. The clustering of superpixels is
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(a) (b)

(c)
(d)

Figure 3.5: Superpixel oversegmentation of phase retardation features showing effect of
compactness parameter, c: (a) number of segments, U = 2500, compactness, c = 10 (b)
zoomed section showing closer view of boundaries when c = 10; (c) number of segments,
U = 2500, compactness, c = 100; (d) zoomed section showing closer view of boundaries
when c = 10
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hence a multi-class clustering problem to obtain all the partitions expected in the image.

3.2.3.1 Neighbourhood feature augmentation

To compute features for superpixels, each superpixel is initially characterized by the

mean and covariance of the multi dimensional pixel phase feature vector within it. It is

observed that bright cells and halos are both represented by similar phase retardation

features (shown in red in Figure 3.4). Hence bright cells and halos cannot be distinguished

by using only the features within each superpixel. As these are usually surrounded by

different structures, the feature vector of each superpixel is augmented by incorporating

neighbourhood information. To include neighbourhood information, the adjacency graph,

G(V,E), of the superpixels si ∈ S is constructed, where E is the set of edges formed

between pairs of adjacent superpixels (si, sj) in the image.

By estimating the dissimilarity between the feature distribution, Ps, in a given

superpixel, s, and the feature distribution, PN(s), in its neighbourhood, N(s), some

basic context information is captured. Dissimilarity is measured by the Jensen-Shannon

divergence (JSD) [101], which is a symmetrized and smoothed version of the

Kullback-Leibler divergence, KL, is defined as:

JSD(Ps||PN(s)) =
1

2
KL(Ps||M) +

1

2
KL(M ||PN(s)) where M =

1

2
(Ps +PN(s)) . (3.4)

where KL(Ps||PN(s)) =
∑

i Ps(i) log Ps(i)
PN(s)(i)

. The divergence between Ps and PN(s)

is used to select the most distinctive neighbour feature, which is used as an additional

feature for each superpixel s. As a result, an augmented feature vector for each superpixel

is constructed that consists of its mean and covariance, and that of its most distinctive

neighbour. This ensures that neighbourhood information that is included is the one that

shows the most deviation from the distribution of a given superpixel. In essence, each

superpixel is now modelled as a multivariate Gaussian with a mean vector and covariance.

The newly constructed superpixel features is named superfeatures.

49



3.2. METHOD

Figure 3.6: Clustering of superfeatures

3.2.3.2 GMM clustering and boundary estimation

Considering every superpixel is modelled by the mean, µ and covariance, σ of a

multivariate Gaussian, we proceed to make the assumption that groups of superpixel

features that share similar mean and covariance matrix could be modelled as the

components of a Gaussian Mixture Model (GMM). The superfeatures are fit to q

components of a GMM via expectation maximization (EM). This amounts to clustering

the superpixels in a given image into q clusters. Figure 3.6 shows the output of the

clustering.

It is observed that the clusters partition the image into various regions. Considering

this partitioning is completely unsupervised, the label associated with cell regions is

obtained by incorporating prior weak knowledge of some pixel coordinates indicating

cell location. A single user mouse click in any part of a cell region corresponding to a

coordinate per cell is required for only a few cells in the image as shown in Figure 3.7(a)) to

train the association of cells with the appropriate label. A binary mask is then extracted,
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as shown in Figure 3.7, of cell regions and background for each image by labelling all

regions that have the same label as the known cell pixel points to l = 1 (foreground) and

all other regions to l = 0 (background).

It is further observed that some cell regions (especially for cluttered cells) in the

mask can merge along some length of their shared boundary. To split such regions, the

Euclidean distance transform on the mask is computed such that the value of each pixel

is replaced by its distance to the nearest background pixel. The distance transform on

the mask is shown in Figure 3.7). Local peaks in the distance transform is determined

and labelled as markers. A marker-controlled watershed routine is then applied to find

the watershed line that separates adjoining regions.

3.3 Experiments and Results

Phase contrast images of cervical cancer cell colonies of the HeLa cells were used to

evaluate the proposed algorithm. The cells contained in the data set vary in size and

shape. Each image is 400×400 pixels in size and contains approximately a 100 cells each

imaged at a magnification of 10X.

3.3.1 Parameter Selection

The various parameter settings adopted for the experiments run on the data are detailed

here. In computing the phase retardation features for each pixel, the length of the

dictionary of diffraction patterns is set as, M = 20 resulting in a 20-dimensional feature

vector for each pixel. Also, set the number of superpixels, K = 2500 for each image with a

corresponding high compactness, c = 100 to emphasize spatial compactness that ensures

that the superpixels do not spread over boundaries in the image. For a 400× 400 image

with N = 160000 pixels, we obtain an average superpixel size, N/K = 64 pixels and grid

size Q = 8. For multiclass clustering using GMM, q = 4 components representing one

each for dark cell regions, bright cell regions, halos and background.
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(a) (b)

(c) (d)

Figure 3.7: Final processing leading to final segmentation output: (a) a priori knowledge
of cell location as dots (b) Cell region mask; (c) Euclidean distance transform map; (d)
Segmentation contours overlaid on image
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3.3.2 Evaluation

A quantitative assessment of the segmentation approach on data is obtained by computing

the pixel-wise Jaccard Index (JI) introduced in [102] as:

JI =
L ∩ Lo
L ∪ Lo

(3.5)

where L is the predicted label obtained from the final segmentation mask and Lo is

the ground truth label obtained by manually segmenting all cells in all images used.

We achieve an average JI of 0.94 ± 0.03. Table 3.1 compares the result to that of

similar work conducted by Arteta et al. [23] on the same dataset. Good performance is

achieved despite the weak cell location annotation provided, with dots for only about 5%

of cells in an image compared to 100% in [23].

Method Tanimoto Coefficient

Our proposal 0.94± 0.03
Arteta et al. [23] 0.86± 0.02

Table 3.1: Quantitative comparison with similar work

The approach however is dependent on the majority of the labelled positions being

correctly grouped into the cluster that corresponds to cells. In the event of poor clustering,

there is a risk of poor delineation of boundaries when the majority of extracted labels

from a priori locations in the multiclass clustering do not correspond to that cells regions.

This is however unlikely to occur in our case unless the features are poorly extracted and

the clustering fails completely.

3.4 Preconditioning for deep learning

CNN models have achieved state-of-the-art performance on a variety of object detection

and segmentation applications in natural image datasets as well as biological sample

images[34, 33, 99, 103]. Though computationally expensive in general, CNNs eliminate

the need for hand-crafted features since the models learn relevant features from raw pixel
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values along the layers of the deep multi-layer network. In their current configuration,

CNNs for object detection and image classification take raw pixel values as input output

appropriate labels based on the training set. The layers of CNNs can be viewed as

sequential filters that transform the input image pixel values in a series of feedforward

operations into a label vector. It has been shown that the filters at the layers are

essentially edge, corner, colour and texture features [104].

This section explores the effect of using the RGB phase retardation feature

representation as the input image to a CNN rather the raw grayscale pixel values.

Transforming the grayscale phase contrast image into an RGB channels while preserving

the structural components of the original image presents a richer representation of the

original grayscale image. This amounts to preconditioning the raw pixel values as a

preprocessing and data augmentation step before automatic features are learnt from a

deep CNN. The aim is to obtain much richer activations at different layers of the deep

network.

There exist a wide variety of deep CNN architectures. The most commonly known

include AlexNet, GoogLeNet, VGGNet, and ResNet [104, 105, 99, 106]. Each architecture

proposes a different configuration of layers to improve computational expense and improve

accuracy. Here, the VGGNet16 architecture adopted because it is widely used and

implemented on multiple platforms and programming languages. Figure 3.8 shows the

layers of of VGGNet16 architecture.

Figure 3.8: VGGNet16 network architecture. Image by Zhicheng Yan et al.[107]
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3.4.1 Feature map activations

A pre-trained VGGNet model trained on the large repository of natural images on

ImageNet is adopted here. In a pre-trained network, the parameter weights for all filters

at each layer has been computed via stochastic gradient descent optimization. Training

such deep networks requires a large set of labelled images as well as expensive CPU and

GPU hardware. It is known that lower layers of networks trained on natural images tend

to extract more lower level image features such as corners, edges and textures with later

layers activating more abstract semantic features such as object parts. The pre-trained

VGGNet16 used here is originally trained on natural images from ImageNet.

To explore the effect of preconditioning phase contrast microscopy images for deep

learning, the average feature map activation after each set of convolution layer for

grayscale phase contrast image and preconditioned phase retardation image are compared.

Table 3.2 shows the avaerage feature maps after convolution layers of VGGNet16 for the

grayscale and preconditioned RGB for a sample image.

From the feature maps shown in Table 3.2, it is observed that the average activations

at each layer is stronger in the cell regions when the phase retardation image is

used compared to the raw pixel values. The preconditioning into phase retardation

representation therefore enhances the features learned by the CNN. The phase retardation

feature modelling can therefore provide an efficient data augmentation step for deep

learning architectures such as VGGNet16 as well as other new networks that would be

constructed and specifically trained on phase contrast cell image data.

3.5 Conclusion

The work here demonstrated a method for cell segmentation by utilizing phase retardation

features that makes use of weak and fewer annotations. While annotations are typically a

very good way for improving algorithm performance, it is typically hard to obtain these in

practice. Further work is needed to limit the number of parameter adjustments that are

necessary to account for different imaging conditions, especially in case intrinsic values
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Table 3.2: Feature activation maps of convolution layers

Input

Conv1

Conv2

Conv3
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of the microscope are not known.

This method is used in the segmentation algorithm of other phase contrast data used in

the work of this thesis. The only annotation we will require is to obtain the cell location

at the time of initialization. But it would also be possible to obtain this information

using some type of purpose build object detector. For tracking cells in any consecutive

frame, the intrinsic location information from the tracking process could be exploited to

increase the amount of prior location knowledge and hence improve the robustness of the

overall segmentation. Cell state parameters based on the cellular morphology from such

segmentation and tracking in time-lapse could then be obtained efficiently.

The chapter also explored the option of using phase retardation feature extraction as

a data augmentation process to transform input raw greyscale images into RGB images

that preserve the original structure of the input image. It was also shown that the phase

retardation RGB image representation produced stronger activations at the first three

convolution layers of a pre-trained deep CNN model VGGNet16.
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Chapter 4

Boundary Estimation in Overlapping

Cells

4.1 Introduction

Image-based measurements that capture shape and appearance patterns aid in

quantifying phenotypic traits that capture the functional responses of the cells to chemical

or environmental conditions. Using image-based computational tools as outlined in

previous chapters, metrics that quantify cell health and function can be extracted from

large datasets resulting from high throughput in vitro screens accurately and efficiently.

Recent work demonstrates the potential to quantify cell state and function from nuclear

and cellular morphology in fluorescence images [9][108].

To achieve this at the single level, individual cells need to be segmented from the

background. As reviewed in Section 2.2.1, segmentation methods that delineate the

boundaries of each single cell in an image have been developed. For each segmented

cell and corresponding nucleus, a dictionary of morphological and texture features that

capture biologically relevant events can be computed. Extracting accurate morphometric

information for each individual cell requires reliable detection and segmentation of

object boundaries. With accurate segmentation, variations and trends in the population

distribution of a given metric, such as size or texture, can be studied to enable the
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quantification of cell morphology or the expression levels of molecular markers.

However, depending on the choice of cell line, cell condition or type of biological

experiment, the resulting image presents cells crowding and showing varying levels

of overlap and touching at the boundary. Separating occluded cells and touching

boundaries is challenging in a conventional cell segmentation where accurate delineation

of individual cell boundaries is required. In many segmentation tasks, separating

touching or overlapping structures is achieved through a post-processing step using the

watershed transform [109]. Watershed segmentation involves a series of mathematical

morphological operations that results in an estimated boundary that separates the

overlapping structures. Figure 4.1 shows a sample binary image and the corresponding

operations that generated the estimated boundary. Though the conventional watershed

segmentation approach has seen extensions and improvements, to incorporate prior

structural knowledge [110] for instance, other approaches to detect overlap and estimate

occluded boundaries have also been developed [111][112].

Considering the true boundaries are occluded and hence largely unknown, such

boundary estimation is essentially an approximation to enable further analysis of

cell morphology at the single cell level. In shape and appearance analysis following

segmentation, there is an option to either ignore cells with overlapping regions. Another

option is to in all regions including that obtained by boundary estimation in the analysis of

shape and appearance. Both options present challenges to the accuracy of the downstream

analysis as they could lead to erroneous distributions for the shape metrics used to

describe cell population state or behaviour.

Ignoring occluded or overlapping structures eliminates the need to account for the

approximation in estimating boundaries but could actually lead to errors in understanding

the overall morphology metrics for a population of cells. For instance, in co-culturing

of cells, at least two different types of cells are cultured together to evaluate cell-cell

interactions as could be evident in a heterogenous cancer tumour [113]. In this case

one cell type in such culture shows significantly more overlap and varied morphology

than others as simulated in Figure 4.2(b) where only the larger cells cluster and overlap.
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(a) Sample binary image

(b) Watershed transform

Figure 4.1: Sample binary image with two cells touching and occluding sections of their
boundaries in (a) alongside transform operations A-D leading to the estimated boundary
in (b). Image courtesy: MathWorks 61
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(a) (b)

Figure 4.2: Sample simulated cell images showing (a) clustered and overlapping cells in
a conventional mono-culture and (b) a co-culture of two cell types where the larger cell
type shows clustering and overlapping whereas smaller cell type are evenly dispersed.

Ignoring all overlapping cells will amount to eliminating the contribution of that cell line

in the overall population morphology statistic.

In a cell segmentation task, cells that do no overlap are segmented with high confidence

whereas overlapping regions that require estimation methods are of low confidence due

to the approximation required. Though low confidence regions are often included in

the population statistics, their effect on the overall distribution of a metric or feature is

often ignored. The work detailed here demonstrates how the different levels of confidence

expressed in estimation of cell boundaries of overlapping cells can be incorporated into a

population distribution that is suitable for phenotypic screening applications.

4.2 Method

This section provides details of the proposed approach aimed at demonstrating the effect

of boundary estimation on morphometric population statistics. First, a conventional

cell segmentation method, dynamic thresholding, is applied to segment cell regions

from background. Dynamic thresholding is used here as this proves sufficient for the

dataset used. A pipeline to detect and estimate overlapping boundaries and hence assign
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confidence weights based on the level of estimation required is then developed. We then

compute shape metric values for individual segmented cells and group the individual

values into sub-populations based on the assigned confidence weight. For each group we

estimate the distribution of different measurements using kernel density estimation. The

various distributions are then combined into an overall weighted mixture distribution of

the entire cell population. The mixture distribution is obtained in two ways: equally

weighting the component distributions and variably weighting the components based

on the segmentation confidence weights. We then assess the similarity of the variable

weighted distribution and the equally weighted distribution from the underlining true

distribution obtained from regions requiring no boundary approximation.

The approach can be summarised in the following three steps:

1. Detect/Separate the segmented regions into non-overlapping regions(requiring no

estimation) and overlapping regions where boundaries have been approximated.

2. Compute the distribution of a structure/shape metric (e.g. area) for each region in

each set.

3. Compute an overall mixture distribution for the metric from the individual

distributions obtained from each set by weighting each distribution by a confidence

score

By comparing the overall weighted mixture distribution to a reference distribution

in a simulated dataset, it is demonstrated that accounting for the lower confidence in

estimated boundaries in overlapping regions results in a distribution that approximates

the true distribution better compared with treating all regions equally without weighting.

4.2.1 Datasets

Showing the impact of applying confidence level weights on the population distribution

of cell features requires knowledge of the reference true distribution of the feature. Such

reference distribution is obtained from an ideal dataset where no cells overlap and hence

no estimation of occluded boundaries is required. Alongside the reference dataset is an

63



4.2. METHOD

identical dataset where regions show varying extents of overlap. Here, the SIMCEP cell

simulation tool developed by Lehmussola et al.[114] adapted to simulate datasets with

the required overlap characteristics.

The SIMCEP tool offers a computational framework for simulating florescence cell

images using a variety of user-defined parameters. Population level parameters control

population properties such as the number of cells per image, extent of cell overlap allowed,

and probability of cells to be in a cluster. Cell level parameters, on the other hand,

control the structure and appearance of individual the cells in the image. Individual

cell parameters include the size of a cell and its nucleus, cell texture, and presence of

sub-cellular objects. Other parameters simulate the microscope camera effects.

4.2.1.1 Experimental datasets

For the experiments performed here, SIMCEP is used to generate two forms of simulated

datasets; the mono-culture set and the co-culture set, samples which are shown in Figure

4.2(a) and (b) respectively. To generate the co-culture samples, the original SIMCEP

was modified to allow mixing of two sets of cell structure morphologies in a single image

such that only one cell type in the mixture is allowed to cluster with the other evenly

dispersed. For each form, 6 datasets are generated each with similar cell density and

morphology but with different number of overlapping cells. Each dataset consists of 10

images with 100 cells in each image. The datasets vary in the percentage of overlapping

cells present, with each having either 30%, 40%, 50%, 60%, 70% or 80% of overlapping

cells. As cells are placed randomly in each image, the variety of cell clusters overlapping

in different ways is obtained.

4.2.1.2 Reference datasets

In addition to the datasets described above, reference datasets are created for both mono

culture and co-culture cases. The reference dataset is similar to the other datasets except

there are no overlaps between cells. All cells are dispersed evenly within the image. The

reference datasets provide the ground truth distribution of the cell features that is used
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as a reference in assessing the impact of estimating the boundaries in overlapping cells.

4.2.2 Segmentation and boundary estimation

In most microscopy modalities, cells show as bright or dark blobs in a particular intensity

channel. In most fluorescence imaging, the background is usually uniform and there exist

a good contrast between cell regions and the background. The simulated cell images

in the datasets show similar good contrast. Cells are segmented from the background

using dynamic thresholding where the threshold value is the weighted mean of the

local neighbourhood of a pixel. Here, a gaussian filter is applied for weighting the

neighbourhood pixels.

Considering the crowding and overlap of cells, some multiple cells often remain

segmented as individual cells. Using such delineated region of such undersegmented

cells to compute shape metrics could lead to erroneous morphometric distribution for a

population of cells. To address this, we obtain the ground truth of all nuclei instances

from the nuclear channel. For each segmented cell region, detecting two or more nuclei

instances indicates an undersegmentation that has resulted in multiple cells segmented

as one cell.

(a) (b) (c)

Figure 4.3: Separating overlapped cells in (a) using Voronoi diagram over seed nuclei
detections in (b) to obtain the estimated boundaries shown in (c).

As the boundaries are occluded, a simple tessellation approach via a general Voronoi

diagram is adopted to sub-divide the space of the initial segmentation into the number

of nuclei instances within the region as shown in Figure 4.3. The tessellation is seeded
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by the nuclei centres. This ensures that each new estimated region contains only one

nucleus. Since the estimated boundaries may not be true cell boundaries, a weighting

value is assigned to the region to distinguish our confidence in such segmentation from

boundaries obtained without tessellation. A more sophisticated method as in [111] may

be required for boundary separation in other datasets depending on the cell line and

specific requirements of the segmentation task.

4.2.3 Feature density estimation and weighting

To phenotypically assess cell state and function, a variety of morphometric measurements

are computed for each individual cell region. For the purposes for our analysis here, we

adopt three of the most common of these metrics: eccentricity, area and length of the

major axis. Eccentricity of a region is computed as the ratio of its minor to major axis

length resulting in a value is between 0 and 1.

To compare each metric across different cell populations, we compute a distribution

of the metric from the individual measurements of the the cells in the population. We

obtain the distribution, f of the individual cell metrics (x1, x2, ..., xn) by computing the

kernel density estimate as:

f(x) =
1

nh

n∑
i=1

K(
x− xi
h

) (4.1)

where n is the number of samples, the kernel K is a Gaussian and h is the bandwidth

selected automatically using the Silverman rule [115].

Figure 4.4 shows the density estimate for the reference mono-culture and co-culture

datasets. It is observed that the area distribution for the mono-cultured (as in

Figure 4.4b), cells is unimodal with one peak representing the average area whereas

that of the co-cultured cells (Figure 4.4b) are bimodal, with two peaks representing the

two average area values. This is consistent with what is expected given the nature of

cells in the image, mono-culture is largely from only on cell type and co-culture is of two

cell types of different sizes.
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(a) Simulated mono-culture image (b) Density estimate of area in co-culture

(c) Simulated co-culture image (d) Density estimate of area in co-culture

Figure 4.4: Kernel density estimates for area shown in (b) and (d) of the reference datasets
for mono-culture cells in (a) and co-culture cells in (c) respectively.

67



4.2. METHOD

4.2.4 Segmentation confidence and weight assignment

The density estimate in Equation 4.1 is computed for sub-populations of cells obtained

by grouping cells according to the extent of boundary estimation required to recover each

individual. Such grouping relates to cells which can be segmented as individual cells

without further processing, cells that only overlap with one other, and cells that overlap

with multiple other cells requiring extensive processing to demarcate their borders from

others. In this approach, a distribution is obtained each for cells requiring no split,

cells that need to be separated from another, cells that need to be split from three or

more other cells in a cluster, and so on. Hence, a density estimate for each metric

for every segmentation confidence weight group is obtained. The densities (f1, f2, ..., fm)

corresponding to each of the confidence groups with corresponding weights (w1, w2, ...wm)

is combined into a single weighted mixture density for a given cell feature as:

F (x) =
m∑
j=1

wjfj(x) (4.2)

where wj > 0. In this way, the overall distribution F (x) of a given metric, say area,

in a cell population is the finite mixture of the individual metric distributions, fj of

the sub populations with assigned weights, wj. The weights, wj are obtained from the

probability density function of a Gaussian distribution such that as the number of cells

that is required to be split increases the weight assigned decrease exponentially along the

normal density function. Figure 4.5 shows the plot of the function that determines the

weight assigned to each confidence group depending on how many cells had to split to

recover individual cell regions.

4.2.5 Assessing the impact of weighting

To explore the impact of estimating a weighted distribution, we also compute a

distribution obtained from the same metric data without weighting. In this distribution,

all measurements are treated equally without considering the confidence in the boundary

estimation at the segmentation step. By computing the Kullback-Leibler (KL) divergence
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Figure 4.5: Confidence weights

from the overall distribution obtained to that of the most confident segmentation, we

quantify the information lost by approximating the true metric distribution with another

that includes instances with boundary estimation. The higher the KL divergence, the

higher the error incurred by the distribution used to approximate the true underlining

distribution. We compute KL divergence, DKL from a discrete distribution P to another

Q as:

DKL(P‖Q) =
∑
i

P (i)ln
P (i)

Q(i)
(4.3)

where P (i) represents our most confident distribution whereas Q(i) is the approximate

equally or variable weighted distribution.

4.3 Results

First, we compute a reference distribution, fo for each metric from a dataset where cells

have no overlap. As we compute the reference distribution from a set of non-overlapping
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(a) Mono-culture cells

(b) Co-culture cells

Figure 4.6: Sample distributions of area metric showing components obtained from the
least confident and most confident segmentations as well as the mixture distributions
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cells and then only modify the relative overlap of this set of cells, it can be viewed as

the true distribution for the given metric. Then for each dataset (having a given fraction

of overlapping cells), we compute two mixture distributions, Fe and Fv as in (4.2) with

equal and variable weights respectively. For each metric, we evaluate the effectiveness

of our approach by comparing the the KL divergence between both the, Fe and Fv, and

the reference distribution fo. By comparing the KL divergences which are presented in

Figure 4.7, we observe a lower divergence when the confidence weights are applied and the

components in the distribution are weighted by the confidence in the segmentation. This

indicates that applying the confidence weights results in a distribution that deviates less

from the true distribution and is more stable as the fraction of overlapping cells changes.

4.4 Conclusion

This chapter proposed a framework to incorporate approximations in segmentation of cell

regions in morphometric analysis for quantitative phenotypic screening assessment. The

variable weighting scheme introduced here shows how the amount of overlapping cells in a

cell population affects the population distribution and the extent to which the proposed

weighting scheme could be applied. By incorporating the confidence level weights, an

improvement in the estimation of the true underlying distribution is achieved. This

approach is not limited to estimation of overlapping boundaries only, but also methods

that result in different confidence levels in segmentation. For instance, probabilistic

models for segmentation provide uncertainty values for each segmented area that express

the confidence of the model in the accuracy of the segmented region. Such probability

values could be used as the weights in obtaining the overall distribution for a given cell

feature.
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(a) Eccentricity (b) Eccentricity

(c) Major axis length (d) Major axis length

(e) Area (f) Major axis length

Figure 4.7: Results showing the KL divergence from the true distribution of the equally
weighted and confidence weighted for different fraction of overlapping cells. (a),(c), (e)
and (b),(d),(f) shows the divergence values for mono-cultured and co-culture scenarios
respectively. It is observed that in both cases the distance measured by KL of the
unweighted from the true distribution is higher compared to the weighted distribution
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CMCFtrack: Single cell tracking

5.1 Introduction

Cell tracking is essential in understanding the temporal dynamics of cell behaviour in

time-lapse sequences. The ability to follow the progress of individual cells through

time from frame to frame allows a more detailed study of transient cell events and

associated phenotypes. Section 2.2.2 provided a review of a variety of cell tracking

methods in recent literature. This chapter however details the implementation of an

extensible modular implementation of the coupled minimum-cost flow approach originally

proposed by Padfileld et al.[116, 16] with an easy-to-use interface in the high-level Python

language. The implementation was developed in collaboration with Alan Aberdeen, a

fourth year engineering undergraduate who contributed to this as part of his fourth year

final engineering project. Alan’s internal technical report, available at the Department of

Engineering Science, University of Oxford provides details of his contribution [117]. This

open-source implementation, CMCFtrack, provides a base code that can be extended,

modified and redistributed to improve cell tracking in video analysis of live cell imaging

experiments.

Compared to conventional object tracking in natural images, cell tracking accuracy

is generally challenged by densely-packed cell populations, low temporal resolution, cells

leaving or re-entering frame, and cell events such as onset of division[118, 119, 120, 121].
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The coupled minimum-cost flow (CMCF) tracking is based on the frame-to-frame object

association paradigm where segmented objects in each frame are associated with objects

in consecutive frames to form a track. CMCF tracking provides routines for peculiar

cellular events to obtain an overall tracking framework that works well given a good

segmentation of individual cells. Section 5.2 describes the CMCF model followed by the

software implementation and usage details in Section 5.3.

5.2 Coupled minimum-cost flow tracking

A number of cell behaviours can be observed when tracking a cell in pairs of consecutive

frames of a video or time lapse sequence. The cell may move, divide/split or multiple cells

appear to merge. Also, cells near the frame border may also disappear in the next frame

or cells not seen in a frame may appear in the next frame [41, 122]. The aim of object

association tracking of cells is to provide an efficient framework to link individual objects

in consecutive frames in a mapping that describes an event such as move, division, appear

or disappear. Cells sometimes occlude each others boundaries in consecutive frames and

hence seem to merge. This requires a merge event also to be accounted for. Linking

objects in consecutive frames results in a track for each cell. The approach by Padfield et

al. [16] formulates the object association problem in a graph framework that incorporates

all the cell behaviours into a flow network.

A flow network is a directed graph. A directed graph, also referred to as a network,

is composed of vertices connected together by edges. In a flow network, each edge has

a capacity and each edge receives a flow. The amount of flow on an edge cannot exceed

the capacity of the edge. A flow must satisfy the restriction that the amount of flow

into a node equals the amount of flow out of it, unless it is a source, which has only

outgoing flow, or sink, which has only incoming flow [123, 124]. Flow networks are used

in modelling for a variety of applications including cardiovascular medicine and research,

electrical systems, road traffic, fluids in pipes, and very widely in operations research

to optimise systems [125, 126, 127, 128]. Details of the flow network as applied to cell
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tracking here is provided later in Section 5.2.1.

To apply an object association tracking model, a segmentation of all cells in all

frames should have been obtained [41][46][47][16][48][49][129]. The tracking approach is

independent of the segmentation method used but its effectiveness depends largely on the

accuracy of the segmentation obtained. This therefore allows the choice of segmentation

to be any appropriate method that works best for the frames under consideration. For

each segmented cell, features describing the position and morphological structure are

computed. Each cell in a given frame is compared to other cells in the next frame by

computing a compatibility score between their features. Details of features and how they

are incorporated in the flow network is provided in Section 5.3

5.2.1 The flow network

Tracking a cell involves matching objects in pairs of consecutive frames. A bipartite

graph is an appropriate representation for such objects that are to be matched between

two adjacent sets [130, 131, 132, 133]. A bipartite graph G = (V,E) is a graph whose

vertices can be divided into two disjoint sets L and R such that every edge E connects a

vertex in L to a vertex in R. Hence, a bipartite graph is a graph that does not contain

any odd-length cycles[134]. In the specific case of cell tracking, the L vertices represent

the cells in the previous frame, the R vertices represent the cells in the current frame,

and the edges connecting the vertices represent the matching of cells across frames. This

representation makes the bipartite graph the basic unit of the flow network that encodes

the cell behaviours that make a track of a cell. Figure 5.1 shows a bipartite graph with

two vertices/objects in the L set and three in the R set with connected edges.

Considering the bipartite graph shown, a matching, M between vertices L and R

is the subset of all the edges, hence M ⊂ E. A vertex v ∈ V is said to be matched

by the matching M if some edge in M is incident on v, otherwise v is unmatched. A

perfect matching is obtained when all vertices in the graph are matched. In the case of

cell tracking, the aim is a perfect matching, otherwise unmatched vertices suggest cells

that were unaccounted for. To match a cell across consecutive frames, edge weights can
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Figure 5.1: Simple bipartite graph. The black vertices on the left represent the cells on
the previous frame, and the black vertices on the right represent the cells on the current
frame. The left vertices are fully connected to the right vertices. Image courtesy: [16]

be defined for each pair of cells based on a computed metric such as distance between

the cells or some structural similarity. In such instance, cells that are far from each

other and show minor similarity across two frames will be less likely to be matched. This

results in a weighted bipartite graph where each edge has an associated cost. A minimum

cost matching is then the matching where the sum of the edge costs is minimum. The

assignment problem is finding such a matching.

The assignment problem can then be modelled as a minimum cost flow problem [123].

This can be achieved by converting the the bipartite matching problem to a flow network

by letting G = (V,E) be a finite directed graph where each edge (u, v) ∈ E has a

non-negative, real-valued capacity c(u, v) ≥ 0, and introducing a source node (T+) and

a sink node (T−) as shown in Figure 5.2. The source node T+ has edges to all vertices

in L and the sink node has edges to all vertices in R such that for any vertex v ∈ V there

is some path from source to sink, T+→ v → T−. Formulating the cell tracking problem

as a minimum cost flow problem was also proposed by Al-Kofahi et al.[135]. Zhang et

al. had also applied a similar approach for natural images[129]. However, Padfield and
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Figure 5.2: The flow network showing the the source (T+) and target (T−) vertices
added to convert the bipartite graph to a minimum-cost flow problem. Image courtesy:
[16]

colleagues introduced the coupled minimum cost flow formulation of the problem. Details

of significance of the coupling are discussed later in Section 5.3.2.2.

To formalise the definition of the flow network, let each edge (u, v) have a capacity

c(u, v) and a real-valued cost a(u, v). if we send f(u, v) units of flow over the edge (u, v),

a cost of a(u, v)f(u, v) is incurred. For a minimum cost flow problem, the goal is to send

d units of flow from T+ to T− such that the the total cost is minimised. This presents an

optimisation problem subject to constraints. Capacity constraint : ensures the total flow,

f on an edge cannot exceed the capacity, c of that edge. Skew symmetry : imposes the

net flow from u to v must be the opposite of the net flow from v to u. Flow conservation:

ensures that the amount of flow into a vertex equals the amount of flow out of it, with

the exception of the source and sink nodes. Flow requirement : dictates that the overall

flow if from the source, (T+) to the sink, (T−). The minimum-cost flow problem can

then be formalised as:

minimise the flow cost:
∑

(u,v)∈E a(u, v)f(u, v)

subject to:
Capacity constraint: f(u, v) ≤ c(u, v) ∀u, v ∈ V

Skew symmetry: f(u, v) = −f(v, u) ∀u, v ∈ V
Flow conservation:

∑
v∈V f(u, v) = 0 ∀u, v ∈ V − {T+, T−}

Flow requirement
∑

v∈V f(T+, v) = d
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The minimum-cost flow problem is hence an optimisation of a linear function subject

to linear controls and can therefore be solved by linear programming [136, 137, 138]. The

solution of the optimisation problem is presented in detail later in Section 5.3.2.3.

5.2.2 Extending the graph for modelling cell behaviours

Imaging live cell experiments at sufficiently high temporal resolution to ensure transient

morphological events are captured is challenging. There is always a high risk of damage

to the cells or interfering with the normal behaviour of cells by the heat and light from

the imaging system [139, 140, 141]. To minimise such effects, cells are imaged at lower

temporal resolutions compared to traditional videos. For very motile cells, this results in

cells seeming to jump from frame-to-frame. Cell divisions also tend to be sudden across

frames. Also, the field of view of microscopes at a sufficient magnification to observe

cells is usually smaller than the well in which the experiments are performed. Cells can

therefore move into or out of the field of view creating the phenomenon of cells appearing

and disappearing across frames. There is also the merging of cells close to each other from

one frame to the next when one cell partially occludes the other. All the cases mentioned

above can not be accurately modelled by the flow network described in Section 5.2.1 as

each case will result in unmatched vertices in the network. To account for such cases,

additional vertices and edges are added to the flow network.

5.2.2.1 Appearing and disappearing cells

To account for appearing and disappearing cells, two additional vertices, A and D for

appearance and disappearance are added to the network as shown in Figure 5.3. The

additional edges to connect the new vertices to existing vertices are also introduced.

Edges from A to all vertices in R encode the case where all objects in the current frame

appeared. Similarly, edges from all objects in L to D encode the case where all objects

from the previous frame disappear in the current frame. For conservation of flow, an

edge from A to the source, T+ and an edge from D to the sink, T− are included. The

introduction of A and D requires an adjustment to the flow requirement to ensure that
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each vertex is accounted for with exactly one edge entering and one edge leaving. The

new required flow is hence, d = |L|+ |R|, where | · | is the cardinality of the set.

Figure 5.3: Flow network with additional vertices A andD for appearing and disappearing
cells. Image courtesy: [16]

5.2.2.2 Splitting and merging cells

Cells naturally undergo mitosis; a process of division of the cell into two new daughter

cells. When a cell splits into two between two consecutive frames, an additional object

is introduced in the current frame that needs to be accounted for in the network. Also,

cells grow in a three-dimensional environment but are often imaged in two dimensions.

Cells could occlude portions of others in the image plane creating the an observation as

a merge of cells. Merging can also be caused by a failure in segmentation where multiple

close cells are detected as one cell object. In a similar approach to dealing with appearing

and disappearing cells, a new vertices, S and M are introduced in the flow network to

address such cases as shown in Figure 5.4.

Unlike the case of appearing and disappearing cells where adding new vertices

connected to source and sink accounts for all cells, new split/merge vertices would not

have the same number of entering and leaving edges, hence violating the flow conservation

constraint. However, by including an edge from an appear vertex, A to each of the

splitting vertices, S the inequality of the edges entering and leaving a split vertex can

be fixed. To obtain a consistent feasible cell behaviour model, a constraint is required to

ensure that the flow units through split/merge vertices is exactly zero when the vertex is

not part of the graph solution for the network or exactly 2 when part of the solution.
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Figure 5.4: Flow network with additional vertices M and S split/merge cells.

80



Chapter 5. CMCFtrack: Single cell tracking

To enforce this constraint, the concept of edge coupling is applied. With edge coupling,

if an edge from an L vertex to a split vertex S is chosen then the corresponding edge

from the appear vertex, A to the same split vertex must also be chosen. Edge coupling

is complimentary in the case of merge events. For merge, if an edge from a right vertex

R to the merge vertex is selected, then the coincident edge from the the merge vertex to

the disappear vertex is also included in the solution. By edge coupling the minimum-cost

flow network, the couple minimum-cost flow algorithm is obtained. Figure 5.4(d) shows

an example matching network.

5.3 Software implementation

CMCFtrack is implemented in the popular open source cross-platform Python language

and makes use of other open source libraries and packages widely-used in the

scientific computing community. Python is a dynamic programming language that

offers an extensive variety of data structures and flexibility that adapts well to

the aim of delivering an extensible modular-designed implementation. As an open

source project, the code is hosted on the online code-sharing platform GitHub.

The base code is hosted on GitHub here: https://github.com/alanaberdeen/

coupled-minimum-cost-flow-track.git and https://github.com/akwesinketia/

coupled-minimum-cost-flow-track. GitHub is a web-based repository hosting service

that offers distributed revision control and source code management features. The

platform allows code to be shared and modified by multiple users working collaboratively

while maintaining an efficient change log of approved versions.

Section 5.3.1 provides details of the Python data structures used. The optimisation

engine and framework for solving the assignment problem is presented in Section 5.3.2

and installation and usage guidelines are outlined in Section 5.3.4. CMCFtrack relies

on the base packages for scientific computing including Numpy, SciPy and Matplotlib

[142, 143, 144].
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5.3. SOFTWARE IMPLEMENTATION

5.3.1 Data structures

The flow network described in Section 5.2 is primarily vertices representing cells and

weighted edges connecting the vertices formulating the specific assignment problem under

consideration. The implementation requires appropriate data structures in Python that

handles the vertices, edges and weights effectively. The graph structure for the flow

network is built with the NetworkX package that provides a flexible framework to represent

vertices by any hashable Python object such as lists and dictionaries [145].

5.3.1.1 Vertices

As indicated earlier, each vertex represents a cell and its features whereas the edges

describe the association of the cells between frames. A vertex consists of all the computed

features describing the cell. All cells have the same set of computed features. Features

used to compute similarity between cells are usually morphology-based and can be

computed from the binary mask image following segmentation. From the mask, pixel

intensity and texture features for each cell can be extracted as well. For example, each

cell will have a centroid, area, average intensity and diameter. In principle, the tracking

algorithm does not dictate the features used, hence allowing any choice of appropriate

morphology features to be used [146].

Here, a vertex is represented by the dictionary data structure. A dictionary

in Python is an unordered set of {key:value } pairs where the keys must be unique

identifiers within a dictionary. The dictionary values could hold any valid Python data

type or object representing cell features. The features used in this implementation are

computed from segmented frames using the scikit-image package [147]. Figure 5.5

shows the structure of a vertex representing the features of one cell, Ln.

5.3.1.2 Edges and costs

NetworkX is a Python package for the creation, manipulation, and study of the structure,

dynamics, and functions of complex networks. The vertices, structured as dictionaries,

from adjacent frames are linked by edges in a networkx graph. Each edge is associated
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Figure 5.5: Structure of vertex dictionary showing key and value pairs with associated
data types.

with a cost that depicts the dissimilarity between the two vertices/cells. Hence an edge

for a correct association has lower edge cost. For two vertices, u and v, each composed of

K features, the total cost metric for dissimilarity between adjacent frames is computed

as:

c(u, v) =
K∑
i=1

wiϑi(u, v) (5.1)

where ϑi(u, v) = |ζi(u)− ζi(v)|, the feature difference. ζi is the normalised component

feature in the vertex dictionary. c(u, v) is a the cost metric and wi is a weight parameter

introduced to control the relative importance of each feature component in computing

dissimilarity.

For other cell behaviours aside move, the feature difference need to be adapted

to reflect that one of the frames in the pair has a missing cell (for appearance and

disappearance) or that two cells need to be accounted for instead of a one-to-one matching

(for split and merge). The value ζ(∅) is introduced for the missing cell. Hence in

the case of appearance and disappearance, the feature difference vector is defined as
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ϑ(∅, v) = |ζ(∅)− ζ(v)| and ϑ(v, ∅) = |ζ(v)− ζ(∅)| respectively.

For split one cell in the current frame is needs to be matched with two cells in the

next frame. Conversely, for merge two cells in the current frame are associated with one

cell in the next frame. The difference vector for these behaviours will need to be adapted

as well. The feature vector for the two cells involved in a merge or split in a given frame,

t is computed as one, ζ(u1, u2), the combination of the cells u1 and u2. The difference

vectors for split and merge is then expressed as ϑ(u, (v1, v2)) = |ζ(u) − ζ(v1, v2)| and

ϑ((u1, u2), u) = |ζ(u1, u2)− ζ(v)| respectively.

5.3.2 Solving the coupled minimum-cost flow problem

The aim of the tracking algorithm is to find the matching of cells between two frames such

that the total edge costs are minimum. The solution for the network can be obtained

through an optimisation framework via as detailed in Section 5.2.1. To construct the

optimisation model, the flow network is transformed to an incidence matrix representation

which shows the relationship between the two sets of cells in the separate frames. The

sparse incidence matrix representation for the flow network is shown in Figure 5.6. In

the matrix, rows and columns represent vertices and edges respectively. The entries, [+]

and [−] show the origin and end point of edges in the directed flow network.

5.3.2.1 Pruning the network

In this Python implementation, the optimisation model is expressed in the Pyomo

modelling framework. The speed of such a modelling framework is limited by the size of

the graph to be instantiated. The size of the graph and hence the optimisation problem

can be reduced to improve performance by removing nodes and edges with the highest

cost. The set of edges connecting a vertex L to another in the next frame R in a move

matching is pruned by only retaining a proportion (α|R|) of the lowest cost edges. An

identical pruning method is applied to edges connecting appear and disappear vertices.

Additionally, the graph size can be reduced by retaining only a fraction, β of the

total number of split vertices, S. This implies that only an estimated β|S| cells will be
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(a)

(b)

Figure 5.6: Flow network and corresponding incidence matrix. Image courtesy: [16]
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splitting at any given time. An analogous procedure is applied to merge vertices as well.

A similar approach to pruning the edges is applied by retaining the α fraction of edges.

The values of the parameters α and β are user-defined.

A further improvement to performance is to modify the flow network by removing

the explicit source (T+) and sink (T−) vertices and all the corresponding edges. The

properties of the logical flow network is maintained by changing the requirements for the

left vertex, L and appear vertex, A to act as sources. The right, R and disappear, D act

as the sink.

5.3.2.2 Edge coupling

Following the introduction of the additional vertices to account for the merge and split

cells, edge coupling is introduced to ensure the conservation of flow constraint is met as

described in Section 5.2.1. In the incidence matrx representation, each split/merge vertex

required four columns, two for entering edges and two for exiting edges. To implement

the coupling in the incidence matrix the four edges are combined together to form one

new column and added to the matrix as shown in Figure 5.7a. Figure 5.7b shows the

resulting matrix following coupling.

5.3.2.3 Optimisation

Solving the coupled minimum cost flow involves finding the subset of columns in the

coupled incidence matrix where the total cost of those columns is minimised subject to

the constraint that no two columns share common non-zero entries. For a set of rows, V

and the set of colums, E, the problem is formalised as:

min
x

(cTx) subject to : Ax ≤ b (5.2)

where c is the vector of edge costs, A is the couple incidence matrix, and b is the vector

of size |V | × 1 detailing the sum of the flow through each vertex. x is the binary solution

vector of size 1×|E| where xi = 1 indicates edge Ei is included in the solution and xi = 0
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(a)

(b)

Figure 5.7: The coupling process and the corresponding coupled matrix
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indicates it is not included. The problem can then by solved via linear programming

[137].

To compute the numerical solution to the optimisation problem, we use the GNU

Linear Programming Kit(GLPK) [148] that returns the solution vector, x. GLPK package

is intended for solving large-scale linear programming (LP), mixed integer programming

(MIP), and related problems. It consists of a set of routines written in ANSI C and

organized in the form of a callable library that provides a fast and robust optimisation

engine.

Considering the base code of our implementation is in Python, we formulate the

optimisation problem instead in Pyomo [149, 150, 151]. Pyomo is a Python-based

open-source software package that supports a diverse set of optimization capabilities

for formulating, solving, and analyzing optimization models. It provides an easy-to-use

interface to the GLPK engine as well as other popular optimisation modules. Using

Pyomo, we achieve the speed of running optimisation in C code with an accessible

Python interface that integrates well with the code of the other modules in one Python

environment.

5.3.3 Output and visualisation

The tracking algorithm provides an association of cells for consecutive pairs of frames.

From the frame pair associations, a complete trajectory of each cell can be constructed

over the entire set of frames in the video or timelapse. To annotate unique tracks, each

cell is given a number ID and its progression across frames labelled. As indicated earlier,

each cell in a given frame is encoded in a Python dictionary type that allowed features

of varying data types to be handled and compared as one Python object.

Considering a cell track will involve ordering matched dictionaries from

frame-to-frame, the output object is OrderedDict; an ordered collection of the Python

dict type. Figure 5.8 shows the output data structure for a cell track. The output tracks

can then be exported and stored in compact cross-platform formats as a JavaScript Object

Notation (JSON) file or as a comma-separated value (CSV) file. CSV stores tabular data
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Figure 5.8: Data structure of cell tracks output.
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in plain text. Such file data interchange formats allow extend the portability of the cell

tracks obtained from the algorithm.

In addition to the portable files of the tracks, a web-based visual interface built in

JavaScript is designed to enable viewing the cell track as segmented regions from across

frames. The interface also allows the segmented cells to be stacked and aligned to along

the track to observe the morphological changes over time. Figure 5.9a shows an older

version with tracked cell trajectories. Figure 5.9b shows the current new interface.

5.3.4 Installation and usage

The web interface demo shown in Figure 5.9 could provide an interface for cell biology

researchers to visualise the time course of individual cells as well as changes in morphology

for small scale experiments. For large scale further analysis, the data dump from JSON

or CSV described in Section 5.3.3 could be used.

For developers, the Python source code can be cloned or downloaded from the GitHub

repositories. To run the source code requires Python 2.7 to be installed and the required

add-on packages listed in the requirements.txt file installed. Developers can also

provide additional functionality and bug fixes via pull requests.

5.4 Conclusion

This chapter presented CMCFtrack, an open source Python implementation of the

coupled minimum-cost flow tracking algorithm. The algorithm offers a flow network

modelling approach to frame-to-frame multiple object association association framework.

To the best of our knowledge, this is the only open Python implementation of the

algorithm although it is a well-cited algorithm for cell tracking [152, 41, 153]. The

implementation also provides a web-based JavaScript visualisation tool to view cell tracks

and corresponding cell morphology along each cell trajectory. The overall implementation

is extensible and can be improved by other developers as well.
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(a)

(b)

Figure 5.9: The web-based visualisation tool is shown running from an Amazon S3 server
in browser. The layout allows different aspects of the user interface to be separated
into panels to improve usability. (a) shows a fully functional initial implementation.
The tool can be accessed at https://s3.amazonaws.com/cmcf-tracker/visualiser/

index.html. (b) shows the current new interface.
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Chapter 6

Cell State Labelling

6.1 Introduction

Changes in cell shape and appearance allow biologists to phenotypically monitor the

progression of individual or groups of single cells over time. Such monitoring is usually

aimed at understanding the mechanisms associated with time-based phenomena including

cell cycle and the mode of progression towards death. Other live cell experiments are

also directed at discovery new temporal patterns in specific cell lines as well as effects of

candidate drugs or agents.

Temporal patterns associated with cell cycle, cell death or other phenomena can

be observed as a sequence of cellular events. In label-free phenotypic screens, giving

the appropriate magnification, such events can be visually observed in the shape and

appearance of cells. Common cellular effects associated with cell death include nuclear

condensation, nuclear fragmentation, membrane blebbing as well as binucleation [154].

Using fluorescence labels or stains other events such as caspace activation, Annexin V

and Propidium Iodide (PI) incorporation can also be observed.

High throughput live cell experiments generate large volumes of multi-parameter

imaging data that renders efficient manual visual analysis challenging, subjective or even

infeasible. To obtain accurate computational models of the patterns in cell progression,

each cell instance in a sequence of frames obtained from imaging need to be detected
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and tracked over time. The shape and appearance features can then be computed and

well-defined in a compact data structure. By fitting appropriate temporal models that

group the shape and appearance features encoded in the data structure of each cell

into states corresponding to cellular events, a computational representation of cell state

transition over time can be obtained. The required transition models can be obtained

from live cell imaging using sophisticated yet well-developed image analysis, statistical

modelling, and computer vision techniques. Also, the order and nature of the events

can be analysed using sequential models with parameters inferred from the multichannel

imaging data. This has the potential to deliver efficient unbiased data-driven analysis of

the large volume of time-lapse data produced.

A good example of a high throughput experiment that will benefit from such analysis

is a recent multi-parameter study of pancreatic β-cells [18]. The authors of the study

demonstrated a number of cell death mechanisms that deviate from known definitions

can be defined. Indeed, that study hence identified several cell death modes where the

order of events that usually define classical apoptosis were not observed. At the core of

the conclusions of the study is the order of cellular events observed. Consequently, based

on the order of events, the study concluded apoptosis is not the primary mode of adult

primary β-cell death. Such studies provide good insight into the design of therapy aimed

at regulating cell death. A drawback of the study however is that all individual cells had

to be monitored manually by a human observer. This results in a labour-intensive and

time-consuming endeavour that may be prone to human error.

The aim of this chapter is to provide a quantitative framework to define and model the

transition of morphological cellular events in single cell sequences as well as approaches

to compare and group sequences via optimal matching and hierarchical clustering. The

tools proposed in this work provide the necessary quantitative analysis that could support

the design of new therapies for regulating cell behaviour. These could then be used to

explore the heterogeneity of the modes of death in high throughput studies.
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6.2 Transforming time lapse to state sequences

This section presents the methods and approaches for transforming input timelapse

sequences of images into a pattern of states corresponding to morphological cell events.

The framework involves three main components: segmentation and tracking, feature

extraction, and state transition modelling. The framework involves delineating cell

structures from background in each frame followed by associating instances frame by

frame to obtain a trajectory for each cell. Shape and appearance features are then

computed for each frame for all trajectories. The section also provides details regarding

the transition models used and the associated parameters.

6.2.1 Segmentation and tracking

To allow the analysis of the activity of single cells from a dataset, the video of the

multichannel data from the screening is decomposed into a sequence of frames. In each

frame, individual cell boundaries are detected and tracked over subsequent frames. This

results in a sequence of frames for each single cell. For cases where there is a good

contrast between the cell body and background such as in analysis of labelled nuclei (as

in Figure 6.1 and Figure 6.2) segmentation of can be achieved via commonly known

segmentation algorithms including watershed and adaptive thresholding. Watershed

segmentation is applied to separate touching nuclei. Considering fluorescence-labelled

nuclei shows good contrast between regions of interest and the background, this simple

Figure 6.1: Frames from a single nucleus sequence showing the changes in morphology
and texture over time towards death in 375 frames. From left to right, Frame 9, 18, 72,
216
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(a) (b) (c) (d)

Figure 6.2: Frames from a single nucleus sequence showing the changes in intensity of
applied labels. From left to right, Frame 1, 3, 10, 18

segmentation approached proved sufficient to obtain a good segmentation. Whole cell

bodies or other nuclei imaged by other modalities such as phase contrast may however

require more sophisticated methods as presented in Chapter 2 and 3. Figure 6.3 shows

a sample segmentation of nuclei in a frame of a sequence. In other cases where contrast

is poor and depending on the imaging modality used, more sophisticated methods as

described in Chapter 3 are applied.

Tracking is achieved by frame-to-frame naive nearest neighbour association of features

of segmented cells. Post processing to eliminate gaps and inconsistent trajectories is also

applied. This tracking approach is sufficient for the datasets where cells are mostly

stationary and do not undergo a great deal of motion from frame-to-frame. For each

frame in a single nucleus sequence, a feature vector is computed based on the shape,

appearance, texture and temporal evolution from previous frame. Feature vectors for

each frame provide the input observations to the transition models that are subsequently

fit to the entire sequence.

6.2.2 Feature extraction and formulation

The progression of a cell in a live imaging experiment is observed in shape and intensity

changes over time. To capture the progression computationally requires obtaining features

that account for the geometry of the segmented cell as well as local intensity and texture

features.

With the boundary of a single nucleus delineated in all frames of a given sequence, the

shape (e.g. area, compactness, eccentricity, solidity) and texture features are computed.
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Figure 6.3: Sample segmentation using simple adaptive thresholding of nuclei in selected
frame

Thus, in addition to shape features for each cell in a frame, Haralick’s, texture and

histogram of oriented intensity gradients (HOG) features are computed [155, 156]. In

addition to the spatial features, the histogram of optical flow magnitudes (HOF) is

computed to account for the temporal progression from frame-to-frame [157, 158]. A

concatenation of these vectors results in a feature vector [x1, x2, ...., xn] for each frame in

the m-frame sequence. Consequently, for all frames we obtain the normalised [n x m]

matrix that represents the morphological signature of the path of the given cell over the

time course of the experiment.

6.2.3 State transition modelling

Understanding the pattern of phenotypic changes in cells require temporal models to

partition cell trajectory of features into distinct states. Each state then represents a

morphology profile where similar morphological features belong to the same state. Hence

frames where cells show similar appearance and encoded in their computed features will

be more likely to be assigned to the same state. Cell processes, including mitotic division,

onset and progression of death show a pattern of morphological states.
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As reviewed in Section 2.2.3, the partition of trajectories into states here uses the sticky

hierarchical Dirichlet process hidden Markov model (HDP-HMM). For our analysis, the

implementation of the sticky HDP-HMM by [159] is adopted. To obtain states for the

sequence of frames for each cell object, a generative model can be obtained by fitting

the the frame features with the sticky HDP-HMM. As a motivating example, using the

average intensity features of sequences similar to that shown in Figure 6.2, the state

sequences shown in Fig. 6.4 are obtained.

Figure 6.4: State sequences obtained after fitting sticky HDP-HMM. Each colour block
represents a state.

6.3 Analysing state sequences

Transforming time lapse cell videos to state sequences provides a compact representation

of each cell object. The state sequence representation highlights similarities in

morphology over time as well as points in time where cell morphology features change.
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The state sequence structure hence provides a basis to compute various statistical

characteristics that describe and provide insights into the nature and heterogeneity of

the morphological changes and events in cells over time.

6.3.1 State sequence characteristics

The multi-parameter study conducted by Yang et al. [18] investigated the forms of

cell death in pancreatic β-cell death by observing changes in a number of parameters

including nuclear condensation, Caspase-3 activity, Annexin V, and Propidium Iodide.

All parameters were measured primarily by intensity in the given channel. Fig. 6.5 shows

the summary of the manual analysis [18].

Transforming the timelapse image data sequence to a state sequence enables such

analysis to be conducted on a larger scale computationally. Characteristics of the state

sequences can then be computed to reveal insights about the image sequences. From

sequences of the nuclear channel of the β-cells as shown in the sample frames of a sequence

in Figure 6.1, morphological features are computed for each frame. The generative sticky

HDP-HMM model fit to the sequences to obtain state sequences for each cell object.

Considering the posterior model from which the state sequences are determined is sampled

from a base distribution given the data, obtaining the model could also be viewed as a

novel state discovery process where new states can be observed as new sequences are

added and the model resampled. Figure 6.6 shows a grid of the state sequences for 100

cell objects (375 frames each) from the dataset. Each row represents a cell trajectory

over time. Each colour block represents a different state and each frame of the sequence

is assigned a state. From the state sequences, statistics that describe the characteristics

of the morphology evolution of the cells is computed.

6.3.1.1 Distribution of states

Obtaining the state sequences for the time lapse data as shown in Figure 6.6 provides

a good first visualisation of how the morphology states of individual cell structures

progress over time. At every frame, each cell takes on a given state. To understand

99



6.3. ANALYSING STATE SEQUENCES

Figure 6.5: Manual multi-parameter analysis of the forms of cell death in pancreatic
β-cells. As adopted from [18].
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Figure 6.6: State sequences of 100 cell sequences. Each number/color block represents a
state
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which states are present and their relative proportions at each frame of the timelapse, a

plot of the distribution of states over all the group of cells is shown in Figure 6.7. From

the distribution plot, the predominant states at any frame gives a good indication of

which morphological events are more likely and those that are rare at different times in

a timelapse experiment.

Figure 6.7: Distribution of states at each frame in the sequence.

6.3.1.2 Mean duration of states

Morphological events in cells can be transient or persist over extended periods of time

over the course of an experiment. Whether an event lasts longer over time depends on the

intrinsic nature of the event itself. For instance, nuclear condensation, where the nucleus

of the cell appears denser, tends to progress slowly and often observed over a longer time

than the point of nuclear division which occurs relative quicker. Other considerations

that affect the duration of an event include cell type and drug treatment.

The relative duration of states is analysed by computing the mean time (in frames)

spent in each state from the state sequence. In terms of cell behaviour, the mean time
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provides insight into how long each state lasts across all sequences considered. Hence this

provides an indicator of short-lived or long-lived cell processes. Figure 6.8 shows that in

the 375-frame 100 sequences assessed, the average continuous time spent in a state could

be as high as 45 or as low as 2.

Figure 6.8: Relative duration of states.

6.3.1.3 Entropy of states

Another interesting insight that could be obtained from the state sequences is to

determine the dissimilarity in states of the individual cells at each frame. This could be

measured by the entropy of states at each frame as shown in Figure 6.9. It is observed that

the entropy is highest around the mid-section of the sequence and plummets towards the

end stages. Considering the sequences were obtained from dying cells, this is expected as

cells tend to show similar morphology at the beginning of experiments and then progress

at different rates showing a variety of morphologies toward death. Towards the final

frame, most cells are already dead and show all tend to depict similar appearance. This

is shown in low entropy in early frames, higher in mid frames and the lowest in the final

frames.
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Figure 6.9: Entropy of states at each frame.

6.3.2 State transitions

One key insight required when studying live cells is the understanding of the various

phases, states or events that are exhibited and whether there are specific patterns. A state

transition occurs when there is a change from one state to another. In the context of cell

morphology analysis, this provides insight into which morphological states occur together

or which states are precursors for others. By analysing all transition pairs, Figure 6.10

shows the 5 most frequent state transitions in the cell sequences under investigation.

Transition state pairs are denoted as si > si+1; where S = {s1, s2, ..., sN} is the set of all

possible states. From the analysis, it is observed that a cell in state labelled 8 is most

likely to transition to state 15. This then provides a simple predicting tool for the next

state of cells observed in any given state. Further approaches to understand and cluster

overall patterns will be presented in later sections.
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Figure 6.10: Top 5 most frequent event transitions with transition state pairs are denoted
as si > si+1

6.4 Clustering sequences

Discovering and understanding overall behavioural patterns present in a group of cells is

a key goal in timelapse experiments. Having obtained the state model, it is interesting to

investigate if there are clusters of identical sequences and the nature of the representative

sequence(s) for each cluster. In terms of cell death, the clusters could represent modes of

cell death whereas the representative sequences show the typical states and path taken

by a dying cell via the given mode.

Using sequence analysis methods originally designed to analyse DNA, RNA and

peptide sequences [160], the state sequence that results for each cell sequence can be

grouped via clustering and insightful patterns in the sequences can be obtained. To

discover clusters, a pairwise comparison of all state sequences resulting in a dissimilarity

matrix is required. The dissimilarity between state sequences is computed via optimal

matching as in [161]. This is then used in Ward’s hierarchical clustering to group the

sequences into clusters. An extension of optimal matching method applied to social

science research sequences [162], and as implemented by [161], is adopted.

By extracting nearest neighbour sequences with the the least dissimilarity from the

cluster centre, candidate representative sequences can be obtained. Redundant sequences
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are then eliminated to obtain a unique set of representative sequences for the cluster.

These representative sequences show the typical state sequence in each cluster and a

good indication of the states and transitions that characterise any observed cluster.

6.4.1 Clustering state sequences

Figure 6.11: State distribution within each cluster

To investigate the clusters within the cell sequences, hierarchical clustering is applied

to the state sequences shown in Figure 6.6. To visualise the inter-cluster variability in the

cell sequences, Figure 6.11 shows the state distribution of sequences in each of 6 clusters.

It is observed that each cluster presents a unique distribution of states. Figure 6.12 shows

the representative sequences from the 6 clusters.

6.5 Extension to cell population dynamics

In certain live cell imaging experiments, the progression of population of states is of

particular interest rather than individual cells. In such experiments, biologists seek to

understand the effect of chemical or environmental agents on the overall morphology

dynamics of a group of cells. The methods described above can be applied to such

experiments to gain similar insights as at the single cell level. To obtain states for a
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Figure 6.12: Representative sequence(s) of each of 6 clusters

group of cells implies labelling the frames in the video sequence based on the overall

average feature characteristics of each frame. With state labels obtained for each video

sequence, similar methods of state sequence analysis and clustering are applied.

6.5.1 Population state labelling

Figure 6.13 shows sample frames from an experiment where the cell population shows

changes in cell count, intensity of a fluorescent label as well as in morphology. The aim

is to label the various states in the video over time to obtain a state sequence. State

sequences of multiple experiments with different treatments are then compared, analysed

and grouped.

By applying the sticky HDP-HMM to an aggregate feature of each frame sequence

of 30 videos from multiple experiments, the state sequences shown in Figure 6.14 are

obtained. The state sequences reveal similar patterns in early frames and more diverse

patterns as frames progress in time.
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(a) Frame 2 (b) Frame 50 (c) Frame 193

Figure 6.13: Sample frames from a 193-frame video sequence

Figure 6.14: State sequence of 30 videos
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6.5.2 Population state sequence analysis

From the state sequences, similar analysis obtained from single cells is performed.

Figure 6.15a shows the relative duration of states whereas Figure 6.15b shows the entropy

of states. Here, the duration of states reveal which population state dominates the frames

as well as which states are only observed in few frames.

6.5.3 Clustering population state sequences

Similar to single cell state sequences, population state sequences can be grouped into

clusters as well. Figure 6.16 shows the clusters obtained by agglomerative clustering of

the population state sequences as well as the representative sequences in each cluster.

6.6 Conclusion

Manual analysis of high throughput live single cell experiments is challenging. Developing

computational analysis methods offers unbiased insights and improves efficiency.

The methods presented in this chapter demonstrated approaches to exploring and

understanding patterns in live cells. The model that is based on a sticky HDP-HMM leads

to the identification of 17 cellular states. The average duration in a given state ranges

from 2-45 frames. By initial inspection this model results in annotations that could

effectively discriminate between different forms of cell death. The approach outlined

also demonstrates an unsupervised framework to group cell sequences obtained from

high throughput phenotypic screens based on morphological evolution over time. Also,

as demonstrated in populations, the approach could also be applied to other live cell

imaging studies where only the overall aggregate change in cell morphology is of primary

interest.
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(a) Relative duration of states

(b) Entropy of states

Figure 6.15: State sequence characteristics
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(a) Cluster state sequences

(b) Representative sequences in each cluster sequence

Figure 6.16: Clusters in population state sequences
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Chapter 7

Summary and future work

This thesis focused on developing computational tools to enable large scale analysis of

image data obtained from phenotypic screening of cells. The work presented in the thesis

propose pipelines and methods aimed at accelerating analysis of live cell imaging data in a

simple and efficient way. The chapter summarises the work and contributions of this thesis

as well as provides an outlook for related future work. The summary organised under the

main themes covered in the contributing chapters of the thesis: (i) Cell segmentation;

(ii) Cell boundary estimation; (iii) Cell tracking; and (iv) Cell sequence modelling.

7.1 Cell segmentation

Cell segmentation is identified as a key step in enabling the study of a population of

cells at a single cell level. Segmentation methods provide tools to isolate cells from

background and image artefacts that may interfere with analysis. The contributing work

in cell segmentation as detailed in Chapter 3 proposed a pipeline to segment cells in

phase contrast images using the image formation model that extracts physically inspired

features known as phase retardation features. The work also proposed and showed that

the phase retardation features could be used to precondition phase contrast images to

provide a richer input image for newly developed deep convolutional neural networks

(CNN) for cell segmentation.

To apply the phase retardation feature extraction appropriate, an open source Python
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implementation of the method is developed. Section 3.2 presented a weakly-supervised

learning segmentation approach detailing the phase retardation feature extraction, phase

retardation pixel aggregation into superpixels, and clustering of superpixels cell regions.

The approach shows good segmentation accuracy compared to related work using similar

annotation.

Deep learning models have state-or-the-art performance on image classification and

object detection tasks. The input to deep learning models is usually raw pixels of natural

images resulting in a learned model given the appropriate output labels. The work in this

thesis explored the option of preprocessing the input image based on the known image

formation process model. Chapter 3 proposed the use of phase retardation features as

a preconditioning step for input images in deep CNN models. Section 3.4 showed how

preconditioned images could help improve learning of relevant features in an example

pre-trained CNN model, VGGNet16. The approach showed that stronger activations can

be achieved at convolution layers in preconditioned images compared to raw greyscale

pixel values.

7.2 Cell boundary estimation

Cell segmentation methods generally attract significant attention when developing tools

for cell image analysis considering it is a key step that impacts all downstream analysis.

Biological cells however tend to form clumps, touch and overlap at the boundary.

Post-processing approaches are available to separate touching and overlapping boundaries

but directly accounting for the estimation of such boundaries is rare. Chapter 4 proposed

and demonstrated the effect of a variable feature weighting approach to account for

approximations in segmentation.

The approach showed that by assigning higher weights to features from cells where no

approximate boundary is obtained and lower weights when approximation is required to

separate cells delivers a representation of population statistics closer to the true statistics.

The work here shows that incorporating weights in the feature distribution leads to a more
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accurate estimation of the true distribution of the given feature in a population of cells.

7.3 Cell tracking

Single cell tracking to obtain individual cell trajectories over time is important in studying

dynamic cell behaviour at the single cell level. With all cells in each frame segmented

Chapter 5 describes the Python implementation and extension of the minimum cost flow

network tracking algorithm originally proposed by Padfield et al. [16]. The tracking

method implemented accounts for known natural cell processes such as division as well

as occlusion and overlap that occasionally occurs in consecutive image frames. The

implementation also includes a visualisation interface for viewing cell morphologies in

each trajectory. The output is formatted in a compact JSON data format that can be

exported and analyzed on other computing programs or platforms.

7.4 Cell sequence labelling

To understand the dynamic behaviour of individual cells as well as population of cells,

Chapter 6 presented non-parametric Bayesian clustering methods to fit temporal models

to cell trajectories. The work outlined a quantitative framework to define and model the

transition of morphological cellular events in single cell sequences as well as approaches

to compare and group sequences via optimal matching and hierarchical clustering.

With a set a segmented cell trajectories, a biologist or experimentalist can apply

the sequence modelling approach and associated tools outlined in Chapter 6 to obtain

a summary visualisation of morphological states present and their relative occurrence in

time. A biologist can also cluster the state sequences into groups that provide insight

into the existing patterns and the representative structure of signature sequences of each

pattern group.

The tools proposed provides the necessary quantitative analysis that could support

the design of new therapies for regulating cell behaviour by studying cell morphology

transitions. This also enables the analysis of the heterogeneity of the modes of death in
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phenotypic studies.

7.5 Future work

The work presented in this thesis provides a foundation to extend to a unifying pipeline

to apply such analysis to large scale high throughput screens. Future work in each of

the themes can be furthered to achieve an phenotypic analysis platform that can be used

biologists and analysts to summarise and understand dynamic morphological changes in

cells.

As briefly explored in Chapter 3, deep learning models can be applied on large

image data from high throughput screens to achieve robust detection and segmentation

performance. Further sequence clustering methods can also be pursued to examine

additional sequence dynamics that may reveal further insights into how sequences evolve

in different forms of cell death.

In modelling temporal dynamics for live cells, unsupervised deep learning, including

recurrent neural network models that have been successful in modelling time series data

such as audio and speech [163, 164] could provide better alternative modelling approach

to classical state models.

The key bottleneck in adopting transition modelling of cell phenotypes from

exploratory analysis into mainstream deterministic biological analysis is the translation

of computationally resolved temporal states to biologically expected or relevant states.

This could be addressed by manual labelling of states to enable appropriate statistical

learning. Manual labelling is however burdensome for large datasets and limits the extent

of the variety of states that could be discovered in exploratory analysis. Developing a

pipeline that combines the intuition of the knowledge of biology alongside the data-driven

approach to resolve discovered states would be immensely valuable. The exploratory

techniques presented in this can therefore be augmented with partial labelling approaches

that take advantage of human labelling of a small sample and learns a model to resolve

phenotypic states.
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Sorin Pop, Thomas Provoost, Vannary Meas-Yedid, Praveen Pankajakshan,

Timothée Lecomte, Yoann Le Montagner, et al. Icy: an open bioimage informatics

platform for extended reproducible research. Nature methods, 9(7):690–696, 2012.
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