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Resumo

O estudo da mobilidade de células cancerígenas, sob o efeito de diferentes meios/condições
é fundamental para se proceder à validação de possíveis terapias para a sua regulação. Para
avaliar a mobilidade das células cancerígenas, os investigadores desenvolvem geralmente ex-
periências in vitro e a actividade celular é gravada em vídeos de microscopia. Neste proce-
dimento, apenas através do uso de ferramentas quantitativas de análise automática é possível
reunir provas científicas para com convicção apoiar os resultados biológicos. No entanto, a
análise da mobilidade celular ainda é em grande parte um processo manual, o que se torna uma
tarefa demorada e susceptível de ter um resultado diferente entre observadores. Desta forma a
análise automática da mobilidade celular é essencial para a realização de estudos objetivos em
grande escala.

Para se realizar a análise automática da mobilidade de células cancerígenas é necessário
um método para estimar a posição das células ao longo do tempo. A posição das células é
normalmente estimada através de técnicas de seguimento de objectos: seguimento por detecção-
associação ou seguimento por modelação de um estado através do uso de técnicas como o
Kalman filter ou o Particle filter. Na maioria dos casos as técnicas referidas baseiam-se na
identificação das células antes do seu seguimento, utilizando para isso técnicas de segmentação
de imagem, como binarização automática, segmentação por watershed, level sets e graph cuts.
Actualmente também têm sido propostos detectores de pontos locais de interesse com bons
resultados na identificação de células.

No âmbito da aplicação da análise da mobilidade de células cancerígenas em imagens de
microscopia, foram testadas várias técnicas de visão computacional para a detecção e segui-
mento automático de objectos, com o intuito de testar e comparar a viabilidade do seu uso em
laboratório.

De forma a melhorar o desempenho do seguimento automático das células nós propomos
incorporar a informação do aspecto/forma celular durante o processo de seguimento, com o
objectivo de explorar a influência desta informação na direcionalidade do movimento celular.
Com esta finalidade, desenvolvemos uma técnica de seguimento de objectos com o Particle
filter, utilizando um modelo que incorpora a informação da forma e da mobilidade das células,
explorando assim a relação entre estas duas propriedades. A metodologia proposta é explicada
em detalhe nesta tese e comparada com as técnicas actualmente existentes no estado da arte.

Com o intuito de possibilitar aos investigadores a utilização do trabalho desenvolvido, nas
suas tarefas de análise experimental, foi desenvolvido um programa informático (MobilityAna-
lyser) para a detecção e seguimento celular. Este programa informático possibilita o seguimento
de células de forma manual ou automática e analisa a mobilidade celular através do cálculo de
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várias medidas de mobilidade. Esta análise da mobilidade é importante para caracterizar a
mobilidade celular em cada experiência específica. Um outro programa informático (Bacteria-
MobilityQuant) foi desenvolvido para o seguimento de bactérias com o intuito de classificar
o seu comportamento sob diferentes condições de luz. Este programa informático quantifica
automaticamente a mobilidade das bactérias em vídeos gravados ao longo do tempo. Por fim,
também desenvolvemos um programa informático que identifica e remove padrões existentes
no fundo de imagens microscópicas celulares. A existência destes padrões dificulta a detecção
e seguimento das células. Esta ferramenta detecta automaticamente o padrão existente nas
imagens e procede à sua remoção, possibilitando assim o seguimento das células e o estudo da
sua mobilidade.

Por fim, participamos num desafio de seguimento celular, organizado no âmbito da con-
ferência ISBI’15, onde tivemos a oportunidade de testar em vários tipos de imagens de micro-
scopia algumas das metodologias propostas para a detecção e seguimento de celulas. Entre os
vários participantes, a nossa equipa ficou classificada na 4a posição e fomos os únicos a apre-
sentar resultados em todos os conjuntos de dados (tipos de células e modalidades de imagem
diferentes).

Palavras-chave: Segmentação de células, seguimento automático de células, filtros locais de
imagem, filtros de convergência local, modelação do estado de objectos.



Abstract

The study of cancer cell mobility under different conditions is fundamental to dissect the
associated molecular mechanisms and to validate possible therapies for its regulation. To evalu-
ate cancer cell mobility, biologists established in vitro assays, recording time-lapse microscopy
videos. In such procedure only through the use of quantitative automatic analysis tools is it
possible to gather evidence to firmly support biological findings. However, cell mobility is
still mostly analyzed by visual inspection alone, which is time consuming and prone to induce
subjective bias. This makes automatic cell mobility analysis essential for large scale objective
studies.

To perform the automatic analysis of cancer cell mobility assays a method to estimate the
cell position through time is required. Cell’s positions are normally estimated using object
tracking techniques: tracking by detection-association, state modeling tracking through the use
of techniques such as the Kalman filter or through the use of Particle filters. In most cases
the referred techniques are based on the identification of cells prior to tracking using image
segmentation techniques such as automatic thresholding, watershed segmentation, level sets
and graph cuts. More recently the use of local interest point detectors for this task has also been
proposed with good results.

In the scope of the application of mobility analysis of cancer cells in brightfield microscopy,
we applied several computer vision automatic object detection and tracking techniques with the
aim of testing and comparing the viability of such methods for laboratory use.

In order to improve the performance of the automatic tracking of cells, we propose the
incorporation of cell shape information during the tracking process, with the aim of exploring
the influence of cell shape on the directionality of cell motion. With such aim, we developed
a Particle Filter based joint tracker for cell shape and mobility, which uses the relationship
between the two properties of cells. This proposed approach is explained in detail in this thesis
and compared with the current techniques described in the state of the art.

In order to allow biology researchers to use our work in their experimental analysis tasks,
we developed an easy to use software to perform cell detection and tracking called Mobility-
Analyser. This software enables easy manual or fully automatic cell tracking and performs cell
mobility analysis through the computation of several measures important to characterize the
cell mobility in each specific in vitro assay. Another software called BacteriaMobilityQuant
was developed for the tracking of bacteria in order to categorize their behaviour under different
light conditions. This is also a user-friendly application that automatically quantifies bacteria
mobility in recorded time lapse videos. We have also developed a software for background
patterned surfaces removal from cell brightfield images. This tool automatically detects the
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existing background pattern allowing for its removal from the original image, which enables
tracking and mobility analysis of cells without background interference of the background.

Finally we have participated in the 3rd edition of the Cell tracking challenge organized in
the scope of the ISBI’15 conference, where we had the opportunity to test some of the proposed
cell detection and tracking approaches in multiple microscopy image types. Among several
participants we ranked 4th and we were the only team to submit results for all the different
datasets (different cell types and image modalities).

Keywords: Cell segmentation, shape estimation, local image filtering, local convergence fil-
ters, cell tracking, object state modeling
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1 . Introduction

1.1 Motivation

The analysis of cell mobility is fundamental in order to achieve a better understanding of com-
plex cellular responses such as cell invasion and for the development of possible therapies for
its regulation. Usually, for studying cell mobility, cells are placed on top of native surfaces or of
extracellular matrix-coated surfaces and a time lapse video is collected along their motion and
interaction with the substrate.

Given the large amount of images resulting from such mobility assays there is a need to de-
velop automatic analysis methods to aid researchers cope with the amount of data and increase
the objectivity of the resulting analysis. Manual image interpretation, while still widely used, is
only possible for a limited number of images and is constrained by user subjectivity, therefore
automatic methods for cell segmentation and tracking are needed.

1.2 Cell Detection and Tracking in Microscopy Images

In the last decade, improvements in automated microscopy have enabled researchers to conduct
new types of experiments, such as high throughput time-lapse microscopy. This tool is used to
image hundreds of cells over many days and has been successfully applied in the research of
biological findings related with the regulation of cancer cells.

The automatic analysis of cancer cell mobility has gained increasing relevance given the
amount of data that biology researchers have to analyze. Cell mobility analysis is fundamental
for the understanding of cancer cell migration, animal tissue development and for the quantifi-
cation of biomaterials’ cell compatibility performance. Additionally, cell morphology analysis
is fundamental for cell identification and characterization. In this analysis only through the use
of quantitative automatic analysis tools is it possible to gather evidence to firmly support biolog-
ical findings. However, most biology researchers still analyze cell mobility by visual inspection
alone, which is time consuming and prone to induce subjective bias. This makes automatic cell
accurate detection and tracking essential for large scale, objective studies of cells.

In this work we are specifically interested in analysing cells from images captured in bright-
field microscopy. In general, using a brightfield microscopy has several benefits such as not
being subject to any toxicity effect which is present when acquiring long-term time-lapse fluo-
rescence images and the possibility to measure more descriptive features like texture and shape
simultaneously. However, the development of automatic image processing methods for bright-
field experiments holds several challenges because cell images by brightfield microscopy have
heterogeneous intensity levels and are badly contrasted [11]. Also differences in illumination
over time and across cell culture plates, associated with the mentioned image issues, makes the
development of cell detection and tracking algorithms not an easy task. To handle illumination
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changes, techniques such as background subtraction can be used where the difference between
an image frame and a reference frame is computed focusing only on the moving objects. The
reference frame can be obtained by different techniques such as background modeling or a-
daptive median filtering. The use of local filters can also handle the problem of differences in
illumination, since these filters are robust to this effect.

In this thesis we start by addressing the problem of cell detection in brightfield images since
the available automatic image processing frameworks are mostly developed for fluorescence
images that do not work properly with brightfield microscopy images. For this task we propose
the use of local interest point detectors such as local convergence filters, ring filter template
matching approaches and the use of the Laplacian of Gaussian filter. We demonstrate the ro-
bustness in cell detection and computational efficiency of these methods.

Given a method to estimate the cell position in an image it is possible to analyse cell mo-
bility by following each cell position through time. When dealing with large amounts of data,
such analysis must be performed through automatic image tracking. This can be performed by
association after cell detection or by state modeling. We tested and compared both techniques
showing advantages and limitations of each. We started by testing tracking by detection asso-
ciation and by including similarity measures between cells to aid the tracking process. We also
tested the use of state modeling based tracking through the use of Kalman and Particle filters.

Finally, it is known that cell morphology plays an important role on cell mobility more
precisely in the directionality and randomness of the cell movement. Based on that, we propose
an approach that is capable of modeling cell morphology and cell mobility jointly. By modeling
cell motion together with cell morphology, and applying it to cell tracking, we are able to
improve the tracking process. In this approach we explore the correlation between cell shape
and cell mobility constructing a model used by the Particle Filter that obtains better automatic
tracking results.

1.3 Objectives

The aim of this work is to achieve results that exceeded the current state of the art in automated
cell mobility analysis. The adoption of object detection, tracking and recognition techniques,
based on state-of-the-art computer vision and machine learning approaches, is aimed at higher
robustness and performance. Techniques for cell detection such as local interest point detectors
are studied and analyzed. The analysis of cell shape is performed either by cell shape estimation
in the detection process or cell shape characterization using image descriptors. For cell tracking,
techniques based on detection-association and motion modeling approaches are considered. As
our main goal we aim at a joint shape and motion model of cells which can better handle motion
variability and cell interaction.

The following constitute the main scientific and technical objectives of the thesis:

• Collection and organization of data from cancer cell mobility assays using brightfield
microscopy;
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• Study of the state-of-the-art in: cell detection, including traditional segmentation methods
and local interest point detectors; tracking, performed considering a detection-association
approach or motion modeling; cell shape characterization through the use of cross corre-
lation and SIFT descriptors and cell shape estimation based on the detection methodolo-
gies;

• Implementation and evaluation of different cell detection and tracking approaches: cell
detection in brightfield images, based on local interest point detectors (local convergence
filters, ring filter template matching and Laplacian of Gaussian filter), where the detec-
tion and shape estimation is performed together; cell tracking, performed considering a
detection-association approach with and without the addition of cell shape information,
in specific cell eccentricity and also cell shape descriptors; cell tracking by state modeling
by assuming two different motion models (random and constant velocity) and comparing
the performance of considering cell shape and appearance characterization;

• Identify cell behaviors such as alterations of cell morphology in order to improve the
performance of the tracking process and be able of following automatically any cell at
any time point of the time-lapse videos under analysis;

• Model changes in cell shape together with mobility to get knowledge that can be used in
the tracking process;

• Perform cell mobility studies including measurements on main trajectories, persistence
analysis, distance and velocity of migration and other measures that are considered fun-
damental for mobility analysis by the biologist researchers and correlate it with the assays;

• Implement new cancer cell tracking and analysis tools using local filter based detection
jointly with cell shape characterization and modeling of cell interactions; develop new
tools that could be easily used by biologist researchers to perform analysis of their assays
and obtain mobility analysis through different quantifications.

We anticipate that this effort will result in a set of methodologies with impact in microscopy
image analysis system performance in the area of bioimaging.

1.4 Contributions

The developed work meets the objectives and resulted in the next summarized contributions:

Comparison of cell detection and shape estimation methods: We compared and analysed
several classical segmentation techniques and the use of local interest point filters, such as
local convergence filters, a ring filter matching approach and the scale-normalized Laplacian
of Gaussians filter for the task of cell detection and segmentation. The work performed is
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described in this thesis and was published in related journals and international and national
conference proceedings:

• R. Gamelas Sousa, T. Esteves, S. Rocha, F. Figueiredo, P. Quelhas, and L. M. Silva,
Automatic Detection of Immunogold Particles from Electron Microscopy Images, ICIAR,
LNCS Volume 9164, pages 377-384, 2015.

• T. Esteves, Maja Temerinac-Ott, P. Quelhas, 4th place on the Cell Tracking Challenge
organized on the scope of the ISBI 2015. Publication on journal is on progress.

• R. Gamelas Sousa, T. Esteves, S. Rocha, F. Figueiredo, Joaquim M. de Sa, Luis A.
Alexandre, Jorge M. Santos, Luis M. Silva, Transfer Learning for the Recognition of
Immunogold Particles in TEM imaging, IWANN, LNCS Volume 9094, Springer Verlag,
2015.

• T. Esteves, M. Jose Oliveira, P. Quelhas. Cancer Cell Detection and Morphology Analysis
Based on Local Interest Point Detectors. IbPRIA, LNCS Volume 7887, Springer Verlag,
pages 624-631, 2013.

• T. Esteves, M. Jose Oliveira, P. Quelhas, Local interest detector based cancer cell mobility
and morphology joint analysis, RecPad, 2012.

• T. Esteves, M. Jose Oliveira, P. Quelhas, Local interest detector based cancer cell mobility
and morphology joint analysis , International Symposium in Applied BioImaging, 2012.

• T. Esteves, P. Quelhas, Ana M. Mendonça, A. Campilho. Gradient convergence filters
and a phase congruency approach for in vivo cell nuclei detection. Machine Vision and
Applications, Volume 23, Issue 4, pages 623-638, 2012.

Comparison of methods for cell tracking: We started with the implementation of the cell
tracking method based on the detection-association technique, which makes use of the spatial
location information of cells. We then tested the addition of similarity measures between cells,
through the use of cell appearance descriptors (image pixel information and SIFT descriptors).
Next, we started focusing on performing tracking of cells considering state modeling based
tracking approaches through the use of Kalman and Particle filters. We also tested the use of
cell descriptors in order to perform similarity measures between cells and add this information to
the tracking process. With these techniques we also tested different dynamics for the state. The
work performed is also presented in this thesis and it was published in the following publications
and conference proceedings:

• T. Esteves, Maja Temerinac-Ott, P. Quelhas, 4th place on the Cell Tracking Challenge
organized on the scope of the ISBI 2015. Publication on journal is on progress.
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• T. Esteves, M. Jose Oliveira, P. Quelhas, Cancer cell tracking using a Kalman filter, Rec-
Pad, 2013. =>(Received the Best Poster Award)<=

• T. Esteves, M. Jose Oliveira, P. Quelhas, Cancer cell mobility analysis based on local
interest point detectors, 2nd International Symposium in Applied BioImaging, 2013.

• T. Esteves, M. Jose Oliveira, P. Quelhas. Cancer Cell Detection and Tracking Based
on Local Interest Point Detectors, ICIAR, LNCS Volume 7950, Springer Verlag, pages
434-441, 2013.

Automatic approach for background pattern removal: We proposed a novel approach to
detect and extract the existing periodic background pattern in brightfield images. The approach
is based on the analysis of keypoints periodicity obtained from each image. The removal of
an existing background pattern improves the task of cell detection and tracking. The work is
described in this thesis and also in the next publications and proceedings:

• T. Esteves, Angela Carvalho, Fernando Jorge Monteiro, P. Quelhas, Detection and re-
moval of periodic background patterns for improving of cell tracking analysis, DCE -
2015 Symposium on Electrical and Computer Engineering, FEUP, Porto, Portugal, 2015.
=>(Received the Best Poster Award)<=

• T. Esteves, Angela Carvalho, Fernando Jorge Monteiro, P. Quelhas, Periodic background
pattern detection and removal for cell tracking, LNCS ICIAR, Volume 8815, Springer
Verlag, pages 123-131, 2014.

Joint shape and mobility model for cell tracking: We performed the study of the correlation
between cell morphology and cell mobility in experimental in vitro assays performed by biolo-
gical researchers. We have found evidences to support that cell morphology plays an important
role on the directionality and randomness of the cell movement. We have manually annotated
several datasets (both cell position and cell shape) in order to experimentally identify this rela-
tionship between cell morphology and cell mobility. Through this study, we identified that for a
specific type of cell movement there is a frequent type of cell morphology. Given this informa-
tion, we worked on the construction of a model that related cell motion with cell morphology
changes, in order to improve the cell tracking process. The work is explained in detail in this
thesis and it was submitted to an international related journal:

• T. Esteves, A. Pinto, M. José Oliveira and P. Quelhas, Cell mobility and morphology joint
analysis in Biology assays, Bioinformatics (under review) 2016.

Software for cell tracking: We developed an easy to use software to perform cell detection
and tracking to allow biology researchers to use our work in their experimental analysis tasks.
It allows the user to choose between two possible operation modes: manual and automatic.
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Different versions of the software include different tracking approaches that were developed
throughout the thesis work period. We developed one version considering a simple detection-
association tracking approach, a version where the use of cell descriptors was included to im-
prove the tracking process and a version with the use of state modeling approaches for cell
tracking with the use of the Kalman filter and the use of the Particle filter. Finally, a version that
uses the particle filter with the developed joint shape and mobility model for cell tracking was
also developed. In all the developed softwares, the mobility analysis includes measurements on
main trajectories, persistence analysis, distance and velocity of migration and an excel file is
created having this information, as well as a video file containing the tracks of each cell. The
developed software was submitted for publication and published in national proceedings:

• A. Carvalho, T. Esteves, P. Quelhas, Fernando Jorge Monteiro, CellTracking: quantifica-
tion of mesenchymal stem cells migration on different micropatterned surfaces, Bioinfor-
matics (under review), 2016.

• A. Carvalho, T. Esteves, P. Quelhas, F.J. Monteiro, An automated Matlab tool to quantify
cell migration on micropatterned surfaces, 4th I3S Annual Meeting, 2014.

Software for bacteria mobility analysis: We also developed a specific tool for the task of
bacteria automatic tracking and mobility analysis named BacteriaMobilityQuant software. This
software is now being used to perform the automatic quantification of cyanobacteria mobility
in time-lapse videos. The developed software was published in the next international journal:

• N.Schuergers, T. Lenn, R. Kampmann, M. Meissner, T. Esteves, M. Temerinac-Ott, J.
Korvink, A. Lowe, C. Mullineaux, and A. Wilde, Cyanobacteria use micro-optics to sense
light direction. eLife, 5:e12620, 2016.

1.5 Thesis Organization

The next chapter introduces the cell image data used in this study while chapter 3 presents the
existing techniques from the state-of-the-art applied to the images.

Chapter 4 introduces both the performance evaluation measures used in the evaluation of the
techniques tested and the mobility measures used to quantify and characterize cell displacement.

Chapter 5 includes the cell detection techniques applied for the segmentation and shape
estimation of cells. Each method is explained and the results are presented.

Chapter 6 presents the tracking methodology. Tracking by detection-association and track-
ing by object state modeling techniques are explored and tested and the results are presented
and compared.

In chapter 7 a new methodology to perform cell tracking is proposed where the correlation
between cell shape and cell mobility is explored. The method is fully described and tested and
the results are presented and compared with the existing techniques results.
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In Chapter 8 the developed tools are presented and described in detail. The first is the
MobilityAnalyser software that allows to perform cell tracking and cell mobility analysis and
the second is the CyanoBacteriaQuant software to perform tracking of bacteria and mobility
analysis in videos with different light conditions.

Finally, Chapter 9 is reserved for the conclusions of this thesis.





2 . Cell Image Data

Cells and substructures of cells can be observed using many different forms of light microscopy
varying from brightfield microscopy [26, 18] to phase contrast images [19, 9, 4], differential
interference contrast (DIC) [19, 68] or fluorescence images [68]. The applicability of this wide
range of techniques differs from one situation to another depending on specific objectives, the
type of detail wanted and also the availability of the techniques.

In this work we are mainly interested in data obtained by light microscopy techniques such
as brightfield, phase contrast and DIC microscopy. These techniques are often used for live cells
and long-term biological experiments because of the possibility to observe cells without fixing
and staining [68]. Currently, such observations can be performed using fully automated micro-
scopes, which implies the generation of large amounts of data. Next we will briefly introduce
the data obtained from the microscope techniques considered in this work.

2.1 Brightfield Microscopy Images

A brightfield microscope forms images of a given sample by light transmission. Only the spe-
cimens that have some property that affects the amount of light that passes through them, can
be visualized using these type of microscopes [19, 20].

If live cells need to be imaged as a time sequence, and imaging is performed on several
parts of the specimen, the best approach is to use an automated microscopy system. This will
minimize the errors that can be made by manually changing between the different locations of
the specimen. A system performing live cell imaging, needs a specially controlled atmosphere
that mimics the cells’ environment to assure cell viability and to guarantee cell natural behavior.
A practical system also requires the ability to perform auto-focusing in a suitable manner. If
such an auto-focus mechanism is not used, another option is to acquire a stack of images from
different focal planes for each section. This stack can then be used later, to obtain the best
focused slice [19, 20, 21].

On the brightfield microscopy, samples are illuminated by white light. Contrast in the sam-
ple is caused by absorbance of some of the transmitted light in dense areas of the sample. The
typical appearance of a brightfield microscopy image is presented in figure 2.1 where a dark
sample is visible on a bright background.

2.2 Phase Contrast Microscopy Images

Phase contrast microscopy works in a similar way as brightfield microscopy. The difference is
that it adds a conjugate pair of condenser annulus placed in front of the source light and a phase
plate at the rear focal plane of the objective lens into its optical system. It enables the separation
between the illuminating background light from the foreground light resulting in a high image

9
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Figure 2.1 Comparison between a brightfield and a phase contrast image of the same cell.

contrast [97]. Phase contrast microscopy images are obtained by transforming changes in the
phase of waves (diffracted by objects) to differences in the image. This makes objects to appear
as if they were optically stained [68]. In figure 2.1 is visible the difference between brightfield
and phase contrast images.

2.3 DIC Microscopy Images

Differential interference contrast (DIC) microscopy images are obtained through a beam-shearing
interference system that transforms the gradient of optical paths in an object into regions of
contrast in the object image. In the DIC microscope, an object is intersected by two optically
distinct wavefronts that become deformed in their optical path length. Those differences in the
optical path are translated in changes in the image amplitude 2.2 - a. The specimen (object)
regions where an increase in the optical path is verified appear as brighter or darker regions in
the image. In the other hand, regions where the optical path decrease appear in reverse contrast.
Checking the behavior and form of wavefronts, it is clear that the image contrast and definition
are affected by the phase displacement amount introduced by the operator [68].

2.4 Fluorescence Microscopy Images

Fluorescence microscopy is based on the atoms or molecules emission of photons whose elec-
trons are stimulated to a higher state of excitation by energy from an outside source [68].
Molecules that have the ability of fluorescing are known as fluorescent molecules or fluo-
rochromes. When the conjugation between a fluorochrome and a large macromolecule occurs
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(a) (b)

Figure 2.2 Example of DIC and fluorescence images: a) primary oocytes Spissula solidissima of the
surf clam where the gradients of shading in the image indicate regions of rapidly changing optical path
length in the cell (Image from [68]), b) fluorescence image containing the root tip of Arabidopsis thaliana
plant where in green it is visible the cell wall and in yellow it is visible the cell nuclei[28].

(through a simple adsorption or a chemical reaction), the macromolecule is said to have a fluo-
rophore, the chemical portion able of fluorescence production. Fluorochromes have distinct
excitation and emission spectra which is only dependent on their electron resonance properties
and atomic structure [68].

Fluorescence microscopy uses special filters and employs a unique method of image illumi-
nation in order to obtain images of fluorescent light that is emitted from excited molecules in
a specimen. The filters are design to isolate and manipulate two distinct sets of excitation and
emission fluorescent wavelengths. One band, having shorter excitation wavelengths is directed
from the illuminator and filters to the specimen. Other band, with longer fluorescence wave-
lengths emitted from the specimen, forms an image of the specimen in the image plane. To
perform fluorescence microscopy effectively, the researcher must select properly the adequate
fluorochrome, as well as filters and the right illuminator for the specific application. The evalu-
ation of the quality of fluorescence signals is also essential [68]. An example of a fluorescence
microscopy image, containing the root tip of Arabidopsis thaliana plant, where the cell wall is
visible in green and nuclei are visible in yellow, is available on figure 2.2 - b.
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Figure 2.3 Different time-lapse images from colon cancer cells obtained through brightfield microscopy.

Figure 2.4 Image examples from the cell tracking challenge that includes: image on the left: fluores-
cence images of HeLa cells stably expressing H2b-GFP (2D), image in the center: DIC images of HeLa
cells on a flat glass (2D), image on the right: phase contrast images of Glioblastoma-astrocytoma U373
cells on a polyacrylimide substrate (2D). Images from the Cell tracking challenge website.

2.5 Data used in this Thesis

Despite concerted efforts to develop cell segmentation methods for the aforementioned image
types in recent years, cell detection and tracking still remains a challenging problem that we plan
to address. In order to assess the performance of the cell detection and shape estimation methods
tested as well as the proposed cell tracking methods applied we use different microscopy image
types from different problems where cell mobility analysis was required.

Our main focus in this work was the analysis of brightfield images of cancer cells that
were seeded on native surfaces or on surfaces coated with extracellular matrix components,
where we tested both cell detection and tracking methodologies. In this in vitro assays the
analysis of the cancer cells mobility is very important in order to gather evidences that firmly
support biological findings. The used brightfield images are presented in figure 2.3 where we
automatically performed the study of cell mobility.

We have also explored additional types of data as a result of participating in the Cell tracking
challenge organized in the scope of ISBI international conference that was held in Brooklyn,
New York. Several examples of the images used are presented in figure 2.4. In this problem the
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Figure 2.5 Brightfield images of cells on top of the three SiO2 thin films: a) Flat; b) micropatterned
lines; c) micropatterned pillars.

analysis of cell mobility is fundamental for understanding the mechanobiology of cell migration
and its multiple implications in both normal tissue development and many diseases. The ability
of cells to exert forces on their environment and alter their shape as they move is also essential
to various biological processes, such as the immune response, embryonic development or tu-
morigenesis1. This organized challenge is an effort to evaluate and compare the state of the art
of tracking methods in both cell and nucleus cases. The data used is both real and synthetic and
considering 2D and 3D images of time-lapse microscopy videos of nuclei and cells. The com-
puter generated video sequences simulate nuclei moving in realistic environments. The datasets
are based on sequences of nuclei or cells, fluorescently stained, moving on top of substrates
and microscopy videos of Phase Contrast and Differential Interference Contrast images of cells
moving on a flat substrate of varying rigidity. We were among the four winning teams of the
Third Cell Tracking Challenge Bitplane attendance awards.

We have also performed the analysis of brightfield images of Human Bone Marrow Stromal
Cells (hBMSCs) grown on top of patterned substrates (figure 2.5) [13]. The analysis of cell be-
haviour when interacting with different micropatterned surfaces has gained increasing interest
in the last years. Biologist researchers started producing micropatterned surfaces on bioma-
terials to study the possibility to modulate cell behaviour only through topography stimulus
of biomaterials. Those cell/surface interactions are analyzed in order to access cell metabolic
activity, adhesion morphology, proliferation and lineage differentiation. Measurements of cell
alignment, elongation and guided mobility on the surface are essential to confirm these interac-
tions.

Electron microscopy images were also evaluated where we applied our cell detection meth-
ods for the detection of immunogold particles. The immunogold labeling technique is used to
permit the study of different types of cell wall growth and to understand if there are relevant

1http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_
Challenge/Description.html

http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Description.html
http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Description.html


14

Figure 2.6 Sample images used for the detection of immunogold particles. Each image has 4000x2600
pixels of dimension with particles diameter encompassing 8 to 20 pixels. In these samples it is possible
to depict how the different structures can interfere in the detection of the immunogold particles due to:
cellular overlapping, tissues and background noise.

Figure 2.7 Example image with cyanobacterium Synechocystis sp. PCC 6803 on top. Bacteria are
expected to move directly towards a light source.

differences on their composition and if their transport capabilities are similar. Immunogold
particle detection is an extreme time-consuming task and therefore, we tried to perform that
automatically on images as the ones presented in figure 2.6 [84].

For the aforementioned cell detection and tracking problems we have developed a tool to
facilitate the use of our proposed methodologies by the biologist researchers. This tool is pre-
sented on Chapter 8.

Finally we have also analysed with brightfield images of cyanobacteria (cyanobacterium
Synechocystis). This work was performed in collaboration with the Freiburg Institute for Ad-
vanced Studies (FRIAS2) on the automatic tracking of cyanobacteria in brightfield images (ex-
ample images used in this study is presented in figure 2.7). Our main objective was to study the
bacteria mobility in response to a light in order to understand how cells sense the position of a
unidirectional light source. We performed automatic tracking of bacteria by using a developed
tool that will be presented in this thesis (Chapter 8).

2https://www.frias.uni-freiburg.de/en/home

https://www.frias.uni-freiburg.de/en/home


3 . State-of-the-art

The automatic analysis of cell mobility based on time-lapse microscopy images has gained
relevance due to the increase in data amount that biology researchers analyze [1, 5, 39, 41,
52, 82]. Manual cell tracking by an expert can take weeks of tedious work, while the results
can be imprecise and subject to interobserver variability [53]. Through the automated tracking
of cell populations in digital images, it is possible to obtain quantitative, systematic and high-
throughput spatiotemporal measurements of a range of cell behaviors: migration [1, 39, 41, 43,
82], mitosis [5, 16, 39], apoptosis [39, 52], and cell lineage [1, 16, 39, 52]. This capability
is highly valuable for research in genomics, proteomics, stem cell biology, immunology, cell
biology and tissue engineering.

3.1 Cell Detection

The vast majority of state-of-the-art cell tracking approaches rely on segmentation for cell de-
tection. Several image segmentation approaches have been applied to detection of live cells
in microscopy images [39, 43, 82]. Automatic thresholding segmentation [28], active con-
tours [92], level sets [94, 15, 51], region growing [85] and watershed [28, 63] are some of the
most used segmentation techniques applied to perform cell detection. Alternative approaches
for cell detection have recently been proposed such as local interest point filters that can de-
tect characteristic locations of interest in the image [28]. Based on the general convexity of
cells’ shape, the use of local filters for cell detection and analysis has been applied through
the use of automatic scale detection methods [12, 33, 77, 88] and also local convergence fil-
ters [16, 28, 62, 75].

3.1.1 Baseline Segmentation Methods

Automatic image segmentation is a fundamental problem in computer vision [65]. The specific
methods for segmentation applied to cell detection range from image thresholding [28], in the
case of high contrast between cells and background, to more advanced methods such as level
sets [94]. In the case of touching cells, where cells are spatially close, watershed transform is
widely used, considering the image intensity levels [28, 63].

In automatic thresholding segmentation, an adequate threshold of gray level is selected to
extracting objects from their background. The basis for this segmentation algorithm is the
assumption that the image has a bimodal greylevel distribution, that is, its histogram has a
valley between two peaks. Assuming that one peak is related to the objects and the other to
the background, objects of interest are detected. The main drawbacks of this technique are that
it cannot handle touching/overlapping objects and that results are too tightly coupled with the
thresholds used. This results in the frequent need to redefine optimal parameters for specific
image conditions, making this method semi-supervised at best. One example of the use of

15
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(a) (b)

Figure 3.1 Segmentation of drosophila cells in RNAi fluorescence images by using Otsu method. a)
Original channel of the image; b) segmentation result by using Otsu method [97].

this method in cell segmentation is presented in figure 3.1 where drosophila cells in RNAi
fluorescence images are segmented. Even after attenuating image noise and regulating image
intensity variations, results are usually not directly usable in real imaging applications [28].

Ali et al. improved cell detection on adherent eukaryotic cells from brightfield microscopy
images by performing a cell boundary segmentation after cell detection [2]. In their work, cells
are first identified using a thresholding based on defocused images, where cells are represented
by blurred regions. Finally, the cell boundary is segmented by first computing the local phase
and local orientation images that are afterwards used to guide the evolution of a level set-based
active contour, which produces the final cell boundary segmentation.

Kong et al. presented a technique based on adaptive threshold for the automatic segmenta-
tion of human brain tumor cells of fluorescence microscopic images for the quantitative analysis
of cell biological properties [47]. First the image gradient field is regulated by gradient vector
flow and next the gradient modes are identified, which are the places where the gradient vec-
tors points to. Given this, image regions in which the gradient points to the same mode are
finally grouped. Since not all of these regions represent the foreground of the cell, the adaptive
Otsu thesholding technique is used to find the optimal threshold maximizing the between-class
variance. In this way, the obtained regions are only related to cell regions.

Kaakinen et al. proposed the automatic detection of different cell types in phase contrast
images based on maximally stable extremal regions (MSER) [42]. This technique identifies re-
gions in an image that remain stable over a range of threshold levels. After that, a morphological
erosion is applied from which the centers of the obtained regions are identified.

Xing et al. present an automatic cell segmentation method of neuroendocrine tumor (NET)
images based on active contours [92]. A voting-based seed detection algorithm was employed
to localize cell centers on each image and initialize one contour per seed. An active contour
model was then applied to achieve the segmentation of cells where an unsupervised shape prior
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(a) (b)

Figure 3.2 Image segmentation of neural stem cells using level sets. a) Original image; b) Segmentation
result [21].

constrain is incorporated to reduce local variations but preserve global changes among different
shapes in order to handle weak or misleading cell boundaries.

Xiong et. al. proposed the use of level sets for the nuclei and cytoplasm segmentation
of drosophila cells in RNAi fluorescence images [94]. Nuclei are first extracted, labeled and
used as starting points for the segmentation of the cytoplasm. Based on a rough segmentation,
the authors have introduced a new force into the classical level set curve evolution to improve
the performance for odd shapes, such as spiky or ruffly cells. Deformable models based on
level sets do not require explicit parametrization nor suffer from topology constraints [15, 51].
However, these methods require an initial contour from which is possible to start the evolution
of the contour curve [93]. As in the case of finding seed points in the watershed method,
finding an initial segmentation is usually as difficult as the initial segmentation problem. Level
sets contour evolution is capable of adapting to a variable number of objects while preserving
spatial coherence. However, it is unable to solve the problem of touching cells which exhibit
weak or no edges across their touching boundaries. In figure 3.2 the result of neural stem cells
segmentation, using this method, is presented. The level set is initialized by using a multi-scale
Laplacian of Gaussian to find cell locations [21].

Nosrati et al. also presented a level set technique with star-shape prior, applied in the seg-
mentation of overlapping cervical cells, in Pap smear images [69]. A Voronoy energy term was
introduced which controls how much neighbouring cells can overlap.

Tscherepanow et al. proposed the use of active contours for the segmentation of cells in
brightfield microscope images [87]. First the background was separated from the foreground
based on a top-hat morphological operator and a threshold technique. Afterwards, morpholog-
ical operators were used to find the cell membrane pixels considering the gradient magnitude
image. Given these two steps, cell markers are afterwards detected as points that maximize the
distance to the image background and membrane pixels. Finally an active contour is applied to
obtain the final cell segmentation result.
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(a) (b) (c)

Figure 3.3 Image segmentation by watershed method. a) Original image; b) segmentation result using
the classical watershed; c) segmentation result by using marker-controlled watershed [96].

However, the application of the aforementioned methods to cell segmentation is not trivial as
it relies on the separation of individual cells that can be overlapping or touching each other [67].
To address the problem of touching cells the distance transform algorithm and the watershed
transform can be applied.

The watershed transform addresses the problem of separating touching objects through an
immersion simulation approach. The input image is considered as a topographic surface which
is flooded by water starting from regional minima. Watershed lines are formed on the meeting
points of water coming from distinct minima. All pixels associated with the same catchment
basin are assigned to the same label [7, 63]. Since real digitized images present many regional
minima in their gradients, this approach typically results in oversegmentation. One way to
reduce this problem is through the use of seeds or markers. In this case, topographic flooding
originates only from seed locations, which limits the final number of regions. In figure 3.3
it is possible to observe results of cancer cell segmentation in time-lapse fluorescence image
sequence using the classical watershed and watershed with markers [96]. While this makes for
a robust solution, the search for the number and location of such seeds is usually a problem of
difficulty similar to that of the original segmentation problem.

Graph cuts also have been applied in the segmentation of cells in phase contrast images
by Bensch et al. [3]. Considering that in phase contrast microscopy the cell borders appear as
a dark-to-bright transition in outwards transition, the use of asymmetric boundary costs were
proposed in order to promote low costs at cells boundaries. A min-cut segmentation algorithm
is applied considering the asymmetric boundary costs, resulting in the segmentation of the cells.

Stoklasa et al. used the region growing technique for the segmentation of tightly packed
cells in phase-contrast images [85]. Markers are first detected and classified as superpixels
within the cell (cell nucleoli), which are used to simplify the image in classes (cell, border-
inside, border-outside and background). Finally, for each detected marker, a region growing
method is used to grow it until reaching the surrounding marker borders. Borders that adjoin
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the grown region are regarded as cell membranes.
Alternative approaches for cell detection have recently been proposed which explore the

local appearance of cells for their detection [43, 88]. The analysis of local interest points allows
to detect characteristic points of interest and its location within the image [28, 76].

3.1.2 Local Interest Point Detectors

The automatic analysis of interest point, at different scales, allows for the detection of cells,
avoiding the problems of variability with image properties, over and under-segmentation and
cell clustering that may occur in the traditional segmentation methods [28, 75, 80].

This is usually based on the use of the scale-normalized Laplacian of Gaussians (LoG) filter
that allows to enhance the image’s blob like structure which correspond to cell locations. This
filter explores the relationship between the size of blob structures and the scale of the Gaussian
kernel used [55]. Among the many applications of the LoG filter for blob detection, it has been
applied to the problem of cell localization [12, 77, 88].

Usaj et al. proposed the use of the Laplacian of Gaussian filter, generalizing the cell cir-
cular shape [88]. It enables the detection of cells in phase contrast images allowing automatic
cell counting. Recently, this filter has also been applied in cell nuclei detection for the analysis
of the formation of nuclei groups [31] and for the detection of cancer cells in brightfield im-
ages [27, 26]. Kachouie et al. used a circular mask as a model for cell detection and subsequent
tracking [43]. The proposed cell tracker was successfully applied to track hematopoietic stem
cells based on identified cell locations and probabilistic data association.

Puspoki et al. used isotropic wavelets for the detection of cell nuclei in microscope ima-
ges [74]. They decompose the image with a locally scalable complex wavelets and detect cells
by finding local maxima of the amplitude of the wavelet coefficients. The radius of the cells is
deduced from the phase of the wavelet coefficient at each local maxima and scale of interest.

The use of a Bank of ring filter has also been used to perform cell detection in phase con-
trast microscopy images [22]. The cell detection scheme consists in filtering the input image
with a multiple-radius ring filter and determine cell candidate locations through local maxima
response. The ring consists of a bright ring in a dark background. When the filter is corre-
lated with an image containing a ring pattern, the output originates a peak, local maxima, in the
position where the specific filter matched the pattern of the same size. By using a predefined
threshold value, cell candidate locations are obtained by detecting local maxima that exceeds
this threshold value [22].

Adanja et al. proposed the use of a 3D mask model for cell invasion estimation from focused
plains [1]. It consists in a template matching pre-processing step to obtain a phase-contrast
artifact-free volume where the cells appear as correlation peaks.

Recently, we also have proposed local convergence filters (LCF) for the detection of cells
with success in both plant and cell in vivo fluorescence microscopy images [16, 62, 75, 28].
Among these filters, the Sliding Band Filter (SBF) and the Iris filter (IF) have the advantage
that they do not require the assumption of a circular shape, as is the case of the ring and LoG
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filters. We applied LCF for cancer cell invasion analysis in brightfield images where cells were
detected in a stack of images at different depth of focus, based on the sliding band filter [75]. We
also used LCF to analyze plant cells in in vivo confocal fluorescence microscopy images [28].
We used these filters to perform cell nuclei detection and shape estimation of the Arabidopsis
thaliana plant root tip. We also used the SBF filter for the detection of cells on the Cell tracking
challenge held under the 12th IEEE International Symposium on Biomedical Imaging (ISBI
2015) in Brooklyn.

Chenouard et al. also gathered the community and organized an open competition in which
participating teams applied their own methods on particle detection and tracking to a commonly
defined data set including diverse scenarios [17]. The detection methods presented also include
local filters for the detection of particles such as the LoG filter, convolution with notional disk
or spheroid shape object models or wavelets filtering.

Another competition was also organized for the automatic tracking of cells in time lapse
fluorescence microscopy, phase contrast microscopy and differential interference contrast mi-
croscopy and the methodologies and results were presented by Ortiz-de-Solorzano et. al. [70].
The methods presented for the task of cell detection varied among image thresholding tech-
niques, difference of Gaussians filter, convolution with a disk or sphere (in case of 3D data) to
level sets applied both for cell detection and tracking.

3.2 Cell Tracking

Tracking is the process of estimating the location of the objects being tracked while maintaining
their identity through time. Tracking methods analyze the video frames and output the estimated
position of the moving target within each frame. This can be performed by association after
detection [5, 39, 82, 44, 66] or by object state modeling [43, 52].

3.2.1 Tracking by Association

Using a cell detection-association based tracking, cells are first detected in each frame and cell
to cell associations are performed for each two adjacent frames in the sequence based on spatial
location.

Bise et al. used this tracking approach to perform cell migration analysis in phase-contrast
microscopy images of a wound healing assay [4]. The tracking system is initialized by the seg-
mentation of cells and mitosis detection and afterwards the tracking is performed by associating
cells in one frame with the detected cells in the next frame according to the distance between
feature vectors of cells. Harder et al. also applied a detection-association tracking approach for
tracking cell nuclei in fluorescence images for cell migration and proliferation analysis [37].

Kostelec et al. also performed cell tracking by linking cell detections into short sequences
if there is an high similarity between cell regions [48]. For that, the authors learn a naive
Bayes classifier from example pairs annotated on the training frames that predicts the similarity
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between two detections. After that, the proposed approach combines the short sequences into
longer trajectories using a global data association approach.

The use of cell tracking based on detection-association has the advantage of simplicity but
it is limited by the segmentation result which fails in the case of overlapping or missing cells.
While it is possible to prune false detections from the initial detection, it is not possible to
recover any missed detections. This requires the use of post-processing steps to correct such
errors [5].

To achieve equal or higher level of performance and accuracy as human experts, the use
of temporal information and prior knowledge about the dynamics of the cells being analysed is
required. Modelling cell position and dynamics, as a state from which likelihood estimation can
be gathered, may be used to solve several of the segmentation and data association problems,
such as the loss of identity on occlusion.

3.2.2 Tracking Through State Estimation

Motion tracking methods are based on detection of cells in the initial frame and definition
of motion models to perform tracking. From the initial state of cells (detected or manually
selected) the model parameters are identified and dynamic analysis is performed, by estimating
the state in subsequent frames. In these approaches the performance of the tracking is dependent
on the assumptions made of how cell motion is governed. In this case some prior knowledge
on the nature of cell motion is assumed in order to estimate cell location. An example of these
assumptions is the linear system dynamics and Gaussian process noise, assumed in the use of
linear Kalman Filters [91, 52, 40]. However, in any real biological application such simple
motion assumptions are not adequate. Particle filter based methods are applied as they are less
restrictive in their dynamics modeling assumptions [36, 64, 45, 18].

The Kalman filter was applied by Huth et al. for the automatic cell identification and track-
ing in DIC microscopy image sequences [40]. By assuming a constant velocity model, the
Kalman filter was used to predict future states of cells and obtain their track in the video se-
quences.

Li et al. used the Kalman filter to perform online tracking of migrating and proliferating cells
in phase-contrast microscopy images [52]. The proposed approach consist on a fully automated
multi-target tracking system that enables the study of cell behaviours including quantification
of migration, proliferation and apoptosis. The detection of cells was performed by combining a
region based detection, which employs a grayscale morphological filter and the level set method
to extract cells, with an edge based detection which detects cells based on image edges, and a
set of shape and appearance criteria.

The use of particle filters has also been proposed for tracking interacting targets [45] that
can be applied in cell tracking and deals with nonlinear motion.

Chowdhury et al. used particle filters for muscle satellite cells tracking in brightfield mi-
croscopy videos [18]. In this work, a particle filter-based tracking was used to estimate the
position of cells in different frames. The authors used an entropy based thresholding to produce



22

cell detections followed by size filtering of the connected components to extract the largest
regions.

Khan et al. used particle filter for tracking a variable number of interacting targets [45].
The authors describe a joint particle filter that deals with interacting targets who are influenced
by the proximity and behavior of other targets. It is performed through the incorporation of a
Markov random field to model and deal with interacting targets. This field influences the way
particles are sampled, penalizing configurations where targets overlap.

Godinez et al. developed a probabilistic tracking approach that combines the Kalman filter
with principles of the particle filter [35]. They use a Kalman filter to compute estimates for the
positions but instead of doing just one measurement they perform multiple measurements (close
to the prediction) by sampling particles using a discrete elliptical approximation of a Gaussian
density. The authors use a random walk model as well as a constant velocity model to describe
the motion of a particle. An interacting multiple model filter is used to estimate the current
motion model.

Chenouard et al. also presented several particle tracking methods that range from simple
particle detection-association (nearest-neighbor approach) to more complex approaches, such
as score functions based on appearance and motion, and the use of Kalman filters and the
assumption of motion models applied in particle detection in simulated image data of parti-
cles [17]. Ortiz-de-Solorzano developed several tracking methods for cell tracking, such as
detection-association approaches based on Euclidean distance and level sets that are used to
segment and detect cells. According to this method, each segmentation result is used as initial-
ization in the next frame [70]. In this case, the detection and tracking of cells is performed at
the same time.

3.3 Cell Lineage Estimation

Cell lineage estimation concerns with the cell division, in order to maintain the identity of cells
being tracked and start new tracks for new cells resultant from a cell division process. It also
enables to know which cell originated two new cells.

Gilad et al. presented a robust mitotic event detection algorithm that accommodates the
difficulty of the different cell appearances and dynamics [34]. Having detected pairs of candi-
date daughter cells, based on their association to potential mother cells, the authors look for the
respective symmetry axes. In case of cell division, the two daughter cells are approximately
identical. Mitotic event is detected based on the calculated measure of symmetry of each can-
didate pair of cells.

Bao et al. also proposed a scoring system method for identifying dividing nuclei [29]. The
authors score a possible nuclei division based on the length of the cell cycle (it cannot be too
short), the sphericity of the nuclei (during mitotic events nuclei are not spherical), and the
morphology of the two possible sister nuclei, which are expected to have similar size during the
division event. Based on these features, if the score is positive, a division event is identified.
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All the techniques for cell detection and cell tracking presented in the state of the art will
be tested and compared to assess their performance. Having these results we have a benchmark
that we can use to compare with the proposed approaches presented in this thesis to perform
these tasks.

Next we start by presenting how this comparison of results is made and which cell detection
and tracking performance evaluation measures are used. The metrics for mobility quantification
will also be presented.





4 . Performance Evaluation and Metrics

In this chapter we explain how to assess the performance of the cell detection and tracking
methods that we will test in the remaining chapters of this thesis. Only by using specific and
concrete measures can we efficiently compare the performance of the applied methodologies.

To evaluate the detection results we will define how to estimate a number of error measures,
more specifically, the number of true positives, false positives and false negatives, and also the
shape fitting score, that indicates which method more efficiently defines the region correspond-
ing to the shape of the detected cells. Detection accuracy is also defined to give an overall
information of the detection performance.

As measures for the evaluation of tracking methods, we propose association accuracy be-
tween frames, the number of correct cells that are correctly tracked in all the video frames as
well as the coverage value, an indication of the average number of frames where cells were
correctly identified and tracked.

Finally, and because the evaluation measures only assess how well we are performing the
detection and tracking tasks, we will also present the specific metrics used to characterize the
mobility of cells in distinct biology assays. Here we will talk about quantitative measures such
as distance travelled, velocity, directionality and persistence measures, that describe the cell
mobility and behavior. This is the relevant biological information that is meaningful for the
biological researchers to assess for example the influence of specific treatments on the cells
under analysis.

4.1 Detection Evaluation

In order to test the use of the proposed cell detection techniques we present an objective de-
tection analysis using several performance measures on images that were annotated (both cell
position and shape), in order to obtain a ground-truth cell image region. An example of the
manual annotation performed is visible in figure 4.1.

For an objective evaluation of the cell detection results, we map each region detected as a
possible cell C j to the best fitting ground truth region GTk from the annotation. To obtain this
mapping, we use the F-score, also known as coverage measure, defined by:

F(C j,GTk) =
2ν(C j,GTk)ρ(C j,GTk)

ν(C j,GTk)+ρ(C j,GTk)
. (4.1)

This measure is also equivalent to the Dice’s Coefficient segmentation fitness measure, and
where ν is precision and ρ is recall, defined by:

ν(C j,GTk) =
C j
⋂

GTk

C j
, ρ(C j,GTk) =

C j
⋂

GTk

GTk
, (4.2)

25



26

Figure 4.1 Brightfield microscopy image of cancer cells (left) and corresponding manual annotation
done by an expert (right).

Recall measures how much of GTk is covered by C j as a ratio of the area of GTj and can take
values between 0 (no overlap) and 1 (fully overlap). Precision measures how much of C j covers
GTk as a ratio of the area of Ck and can take values between 0 (no overlap) and 1 (fully overlap).

The coverage is evaluated between all pairs of cell detections and groundtruth regions.
Detections C j are mapped to GTk if the F1-score between them is above a certain threshold
thmap. For the evaluation presented here we consider thmap = 0.5. By imposing that each
detection/ground-truth mapping is based on an area agreement of at least 50% (F1 ≥ 0.5), we
ensure that there will be no more than one groundtruth region mapped to the same detection and
no more than one detection mapped to each groundtruth.

Based on the mapping between groundtruth and detection, we propose the following mea-
sures for both error counting and shape fitting assessment:

• True positive (TP): region detected as a cell for which a corresponding groundtruth was
found;

• False positive (FP): region detected as a cell that does not have corresponding ground-
truth;

• False negative (FN): groundtruth for which no corresponding cell detection was found;

• Accuracy: ratio of detections which had a corresponding groundtruth from all detections
and missed cell (Accuracy = T P/(T P+FN +FP) )

• F1-score: average measure of segmentation fitting (coverage) for true positive detections.

• Classification Precision: the fraction of correctly classified cells regions according to the
ground truth (TP) from the total number of regions classified as cells (TP+FP);
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• Classification Recall: the fraction of correctly classified cells regions according to the
ground truth (TP) from the total number of ground-truth cells (TP+FN);

4.2 Tracking Evaluation

Tracking implies the persistent labeling of an object GT n
k by a particular estimate Cn

j over time
n = 1...N. This differs from detection, which is concerned only with the spatial relations be-
tween Cn

j and GT n
k .

An ideal tracker will associate each GT n
k with one (and only one) particular Cn

j over its entire
lifetime. In this case, GT n

k is said to be identified by Cn
j , and Cn

j is said to be identifying GT n
k .

An important intrinsic property of tracking is that each C can identify at most one GT , and that
each GT can be identified by at most one C, though they do not necessarily have to match.

The cells that appear in the initial frame of each sequence and their progeny were manually
annotated. The manual annotation results were obtained by experts and consensus was gained
among multiple observers. The manually and automatically tracked trajectories were paired
in the initial frame of each sequence, and they were compared in the remaining frames. An
automatically tracked cell trajectory is considered valid only if it follows the same cell through
all the frames that the cell appears. Any swapping of identities between two nearby cells will
invalidate the trajectories of both cells and their progeny.

4.2.1 Tracking Accuracy

The tracking accuracy is obtained by measuring how many associations between consecutive
frames (frame n and frame n+1) were performed correctly and the result is calculated according
to:

trackingAccuracy(n) =
CA(n)
NA(n)

, (4.3)

where CA is the number of correct associations performed and NA is the total number of asso-
ciations between frame n and frame n+1. The final result of Tracking Accuracy for the entire
time lapse video is the average of the trackingAccuracy values in each frame.

4.2.2 Coverage

The coverage metric measures the average number of frames in which cells from the ground-
truth GTk were correctly tracked. For that it is required high values for both ν and ρ otherwise,
several situations could result in a "correctly tracked" state, i.e. a tracker with size of the entire
image would be considered to be tracking the objects in the scene correctly.

The Fβ -score used for the detection evaluation is appropriated for this task, since Fβ is only
high if both ν and ρ are high. To determine if a cell GTk is correctly tracked, the Fβ -score must
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exceed a coverage threshold tC:

2ν(C j,GTk)ρ(C j,GTk)

ν(C j,GTk)+ρ(C j,GTk)
> tC, (4.4)

In the simplest case, tC = 0, if there is any overlap between the C j and the GTk, the coverage
test is passed. The higher the tC, the higher the requirement on the quality of coverage.

By counting the number of frames that a specifically cell C j and the corresponding GTk pass
the coverage test, we obtain the coverage value result that indicates for how many frames a cell
GTk was correctly tracked by the same cell C j.

4.2.3 Correct

The correct metric measures how many cells were correctly tracked from the beginning to the
end of the time lapse video. For a cell be considered correctly tracked its track history C j must
be consistent with only one ground-truth GTk from the first frame until the last one. Only if the
coverage test is passed in all the frames where GTk exists, for the corresponding C j, we have a
cell correctly tracked.

4.3 Mobility Measures

The direct result of applying tracking tools is a sequence of coordinates indicating the position
of each tracked object at each time point. While this is an essential step and a tremendous data
reduction, from millions to billions of (mostly irrelevant) pixels to a few (or perhaps a few tens
or hundreds of) thousands of coordinate values, by itself this does not lead to new insights.
The final step is the computation of biologically meaningful quantitative metrics from these
coordinates (figure 4.2) [66].

4.3.1 Distance Travelled

This metric measures the distance travelled by a cell from the initial location, at the beginning of
the time lapse video, until the end of the time lapse video considering the entire cell trajectory.
Even if the final location of a cell in the last frame is close to the location of that cell in the first
frame. This metric shows that specific cell was stopped and not moving the entire time-lapse
video (travelled distance result close to 0) or if the cell was moving and only by randomness
it travelled to the initial location (travelled distance result will be higher in this situation). The
distance travelled for each cell i is computed as:

dtrav(i) =
N−1

∑
n=1

d(Cn
i ,C

n+1
i ) (4.5)
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Figure 4.2 Sample trajectory of a cell i consisting of N time points where Cn
i = (xn

i ,y
n
i ) are the spatial

position of the object in each frame n.

The distance between any two locations of a Cn
i and Cn+1

i (figure 4.2) is assumed to be the
Euclidean norm.

4.3.2 Velocity

Other measures that can be easily derived from a trajectory are those concerning the velocity.
Instantaneous velocity, for example, is computed as the displacement from one frame to the
next (figure 4.2), divided by the time interval between frame acquisition:

V (i) =
d(Cn

i ,C
n+1
i )

t
(4.6)

To compute this metric, the time interval (t) between the acquisition of frames is required in
order to divide the distance travelled by the elapsed time.

4.3.3 Directionality

The directionality gives an indication about in what direction cells moved during the time lapse
video. As we can see in figure 4.2, the angle of displacement (indicated in the figure by α) is
calculated between the x axis and the line that passes through the cell position in frame n and
the position of the cell in the next frame n+1 and is given by:

α
n
i = arctan(

yn+1
i − yn

i

xn+1
i − xn

i
)× 180

π
, (4.7)

where yn
i and xn

i represent the cell position coordinates of cell i, and n is the frame under analysis
and where the angle of displacement is computed. By getting the average angle of displacement
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Figure 4.3 Persistence analysis of cell mobility: on the left it is visible three typical 10 hr cell trajecto-
ries. On the right it is displayed the mean-squared displacement divided by τ plotted as a function of τ .
Random walk would give rise to a line with zero slope. Cyan lines represent data from the 3 trajectories
on the top of the image [54].

we get the information about the directionality of the cell movement trough the time lapse video.
It is also necessary to take into account the distance travelled together with the directionality
because if one cell is the entire time lapse video in the same position (low distance travelled), the
directionality information is not relevant by itself. However if we now that one cell had a large
displacement (high distance travelled) we can consider relevant the directionality information,
since it indicates the cell direction of movement.

4.3.4 Persistence

The persistence analysis gives a measure of the type of motion displayed by cells. It requires the
computation of the mean square displacement (MSD) for each specific individual cell i which
is performed as [54]:

MSDi(τ) = 〈δ (τ)2〉= 〈Cn+τ

i −Cn
i 〉n, (4.8)

where the brackets indicate averages over all times n of the displacement between time intervals
for each cell i, according to the coordinates (xn

i ,y
n
i ) of the cell C. τ is the time interval between

any two positions and we considered several time intervals (1, 2, 4, 8, 16, 32, 64, 128). By
plotting 〈δ (τ)2〉 vs τ we can have an idea about the type of motion for each cell, as we can
observe in the example of figure 4.3.

If a cell is moving always in the same direction, for all the time intervals τ , the mean square
displacement will always increase originating a persistence line with high slope. On the other
hand, if a cell is not moving and it stays all the time on the same location, as much as we
increase the time interval τ , the mean square displacement will always be the same since the
cell is not moving originating a line with low slope. In the case of existing a moving cell but
always around the same location, for small time intervals τ , the mean square displacement is
high but as we increase the time interval τ the mean square displacement stabilizes or decreases
(persistence line with high slope in the first part of the line and low/decreasing slope in the rest
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of the line). The computation of the persistence gives an overall information about the type of
motion of cells on the entire time lapse video.





5 . Automatic Cell Detection

The manual detection of cells is a time consuming, exhausting and prone to human error task,
requiring frequent repetitions to validate results. These factors motivate the development of
automatic cell detection tools capable of identifying each individual cell and extracting relevant
cell characteristics [78, 95, 94, 63]. The automation of this process requires the separation of
each individual cell from others cells and from the background [38, 96].

For this task there are already well described techniques available such as the Otsu automatic
thresholding, watershed segmentation, level sets and graph cuts. Local interest point detectors
have also been introduced for the task of cell detection, such as local convergence filters, ring
filter template matching approaches, and the use of the Laplacian of Gaussian filter. All these
techniques will be explored in the next sections.

5.1 Segmentation Based Cell Detection

The classic methodology for automatic cell detection in microscopy images is the use of seg-
mentation. Several baseline cell segmentation approaches have been used for the task of cell
segmentation in cell image analysis [93]: Otsu [71], Watershed [7], Level Sets [93] and Graph
Cuts [8].

As a baseline for cell nuclei detection performance we explore several image segmentation
approaches widely used in cell image analysis in the next sub-sections.

5.1.1 Otsu Automatic Thresholding

This thresholding method selects an adequate threshold of gray level for extracting objects from
their background. The basis for this segmentation algorithm is the assumption that the image
histogram is bimodal, which is revealed by a valley between two peaks, assuming that one peak
is related to the objects and the other to the background. The main drawbacks of this technique
are that it cannot handle touching/overlapping objects, and that results are too tightly coupled
with the thresholds used. This results in the frequent need to redefine optimal parameters for
specific image conditions, making this method semi-supervised at best. Even after attenuating
image noise and regulating image intensity variations, results are usually not directly usable in
real in vivo imaging applications, see figure 5.1(c).

5.1.2 Watershed Segmentation

The watershed transform tries to solve the problem of separating touching objects through an
immersion simulation approach. The input image is considered as a topographic surface which
is flooded by water starting from regional minima. Watershed lines are formed on the meeting
points of water coming from distinct minima. All pixels associated with the same catchment
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Figure 5.1 Segmentation results for the baseline methods applied to the problem of in vivo cell nuclei
detection: (a) input image of the Arabidopsis thaliana plants root tip, (b) expert hand annotation, (c)
Otsu thresholding, (d) level sets segmentation and (e) watershed segmentation.

basin are assigned to the same label [63, 7]. Since real digitized images present many regional
minima in their gradients, this approach typically results in oversegmentation. One way to
reduce this problem is through the use of seeds or markers. In this case, topographic flooding
originates only from seed locations, which limits the final number of regions. While this makes
for a robust solution, the search for the number and location of such seeds is usually a problem
of difficulty similar to that of the original segmentation problem. The difficulties in robust ways
to find seeds in each image make this method highly dependent on parameter, and while results
are more adequate due to the inherent spatial constraints they are still not fully satisfactory, see
figure 5.1(e).

5.1.3 LevelSets Method

Deformable models based on level sets do not require explicit parametrization nor suffer from
topology constraints [94, 93, 51, 15, 53]. However, these methods require an initial contour or
region from which to start the evolution of the contour curve [93]. As in the case of finding seed
points in the watershed method, finding an initial contour is usually as difficult as the initial
segmentation problem. Level sets contour evolution is capable of adapting to a variable num-
ber of objects, while preserving spatial coherence. However, it is unable to solve the problem
of touching cells which exhibit weak or no edges across their touching boundaries, see fig-
ure 5.1(d). The specific approach for level sets segmentation used in our work is that proposed
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by Li et. al. [51]. The specific software used is available at the authors website 1.
Level set methods also allow for the introduction of priors into the segmentation framework,

which is performed by analyzing the statistics of known shapes [49, 30]. The resulting priors
are applied to the full shape being segmented (the complete level set curve). This makes the
application of such priors adequate for medical image segmentation of anatomical regions [10].
However, the application of such methods to cell segmentation is not trivial as it relies on the
separation of multiple individual cells which have variable shapes for which finding a specific
prior is not trivial [67].

5.1.4 Graph Cuts

Graph cuts, like normalized cuts, use graph modeling techniques for the image segmentation.
One of the differences lies in the way this technique defines an optimal segmentation. Graph
cuts take into account a regional and a boundary term and normalized cuts just consider the
boundaries, as we saw earlier [8].

In a graph structure, using an energy-based segmentation, the min-cut corresponds to a glob-
ally optimal segmentation. Such energy is designed as a data dependent term and a smoothness
term. The data dependent term evaluates the penalty for assigning a particular pixel to a given
region. The smoothness term evaluates the penalty for assigning two neighboring pixels to dif-
ferent regions. These two terms are thought of as a region-based term and a boundary term,
often weighted by λ ≥ 0 for relative influence, and so the energy is defined as [6, 8, 61]:

E(A) = ∑
p∈I

Rp(Ap)+λ ∑
(p,q)∈N,Ap 6=Aq

Bp,q, (5.1)

where I represent all image pixels, N all disordered neighborhood pixel pairs, A is defined as
all the components Ap where each Ap (p or q are pixels) can be either object or background, R
correspond to the region-based term and B is the boundary term [6, 8, 61].

The fundamental idea of the graph cuts algorithm is to define a graph on the pixel grid with
appropriated edge weights, which reflect the parameters in the regional and the boundary terms,
such that the minimum cut of the graph will define a segmentation that minimizes the energy
function. This cut gives a segmentation of the original image. In the example, the image is
divided into exactly one object and one background regions [6, 8]. The cost of a cut C is the
sum of the weights of the edges in C, denoted by |C|:

|C|= ∑
e∈C

ωe, (5.2)

where ωe represents the weight of an edge e. The minimum cut of a graph is the cut with
minimum cost.

1http://www.engr.uconn.edu/~cmli/

http://www.engr.uconn.edu/~cmli/
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5.2 Local Interest Point Detectors

In this section we present the use of local image filters for cell detection that provide an ade-
quate estimation of cell position and shape. For this task we compared the use of a ring filter
matching approach [22], local convergence filters (LCF) [28] and the scale-normalized Lapla-
cian of Gaussians (LoG) filter [55, 26]. From existing LCFs we selected the Coin filter [46], the
Iris filter [46], the Adaptative Ring filter [90] and the Sliding Band filter [28].

In the next subsections, we start by introducing the LoG filter for the task of cell detection,
then the ring filter matching approach is presented and finally the LCF are explained.

5.2.1 Laplacian of Gaussians

The use of the LoG filter for cell detection has an underlying assumption that a blob like shape
is a good estimate for the cell shape. The scale-normalized Laplacian of Gaussian is based on
the image scale-space representation as introduced by Lindberg [55]. Given an input image
I(x,y), the scale space representation at a certain scale t is:

L(x,y, t) = g(x,y, t)∗ I(x,y), (5.3)

where g(x,y, t) is a Gaussian kernel at scale t given by:

g(x,y, t) =
1√

2πt2
e−

x2+y2

2t2 , (5.4)

The scale normalized LoG operator is then defined as:

O2L(x,y, t) = t2(Lxx(x,y, t)+Lyy(x,y, t)), (5.5)

where Lxx and Lyy are the second derivatives of the input image in x and y respectively, and t2

is the scale normalization parameter which enables the comparison of filter responses between
different scales.

It is known that the O2L has a strong positive responses for blobs of extent t and smaller
responses for blobs of different scale. The analysis of the input image at different scales, t,
allows the detection of different size blob structures.

We set the scale of the filter, t, to the expected range of the cell radius (figure 5.2(a)). From
the resulting filter responses (figure 5.2(b)), the maxima in both spatial and scale dimensions
indicate the locations and radius (r = 1.5× t) of the detected blobs (figure 5.2(c)). The scale
is given directly by the specific t value used in computing the response where the maxima
occurred [55].

We can extend detection and further refine the cell shape by considering the Hessian matrix
(H) information that exploits the second order derivatives to characterize blob structures. The
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(a) (b)

(c) (d)

Figure 5.2 LoG based cell detection: a) Brightfield input image; b) LoG response from the input image;
c) Detections overlaid in the image; d) Cells detections shown as ellipses based on Hessian estimated
eccentricity.

analysis of the Hessian matrix allows to obtain a better approximation of the blob shape [55, 56]:

H(x,y, t) =
[

Lxx Lxy
Lyx Lyy

]
, (5.6)

where the x,y, t values correspond to the location and specific scale of blob structures.
From the eigenvalue of H it is possible to extract the orientation and eccentricity values for

the respective cell ellipsoid shape approximation (figure 5.2(d)) [26]. The axes of the ellipsoid
are given by the eigenvectors of the Hessian, and the corresponding axis semi-lengths are the
magnitudes of the respective eigenvalues [55, 56]. This ellipsoid locally describes the second
order structure of the image and can be used as an intuitive tool to explore the shape information
of cells, which is very important, since we plan to use this information in the cell tracking
process.

5.2.2 Ring Matched Filter

The ring filter matching approach works by modeling the shape and appearance of cells by a
ring pattern as depicted in figure 5.3a. The pattern consists of a bright ring having a specific
radius rc (radius of the outer circle) and ring width w placed on top of a dark background. The
width of the ring w is equal to the difference between the outer and inner circles [22].
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(a) (b)

(c) (d)

Figure 5.3 Ring filter matching: a) ring pattern similar to cell shapes, b) Ring filter bank where rc is the
radius and w is the width of the ring, c) Ring filter response, d) Detections overlaid in the original image.

Using this scheme, a multiple-radius ring filter can be applied for cell detection, since the
radius of cells also change within some range (figure 5.3b). When an high correlation is ob-
tained, by matching the filters with an image containing ring patterns, the outputs have peaks
(local maxima) at positions where each filter is matched to the patterns with the same size
(figure 5.3c). Cell locations are obtained by detecting local maxima in the image response.

The radius tested were in the range of the existing cell size on brightfield images (fig-
ure 5.2a). An example of detected cells is shown in figure 5.3d [26].

5.2.3 Local Convergence Filters

Local convergence filters (LCF) are scale-invariant local image interest point detectors. By
assuming a convex shape and a limited range of sizes for cell areas LCF can be used to perform
cell detection and shape estimation. This is possible since LCF filters detect local gradient
convergence in the image which are usually an indication of convex shapes, characteristic of
most cells [46].

While other filters have been proposed to enhance rounded shapes in images, they are both
limited in the shapes which they detect and their output level is related to image contrast [32,
86]. LCF filters have a larger region of support compared to conventional filters, and operate
on the gradient information and not in the intensity information, making them robust to contrast
variations.
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From any of the existing LCF filters the convergence for all locations in the image is com-
puted. From that information we can extract the local maxima, which indicate central locations
for convergence, using non-maxima suppression. For each of the maxima locations, using the
knowledge on the support region shape for the specific LCF filter, we can estimate the shape
of the convergence region which originated each maxima. All filters evaluate convergence for
each coordinate (x,y) in the image (excluding border regions). Assuming a two-dimensional
(2-D) discrete space, the image gradient orientation within a convergence filter support region
is defined as:

α(x,y,θi,m) = tan−1
(

δ I(xo,yo)/δx
δ I(xo,yo)/δy

)
, (5.7)

with:
xo = x+m× cos(θi)

yo = y+m× sin(θi)

where I is the image, (θi,m) are polar coordinates within the support region, δ I
δx is the row

wise image derivative and δ I
δy is the column wise image derivative. The support region polar

coordinates are defined by m, which is measured in image pixels, and θi which results from
radial sampling, defined by:

θi =
2π

N
(i−1), (5.8)

where N is the number of radial directions for which convergence is evaluated.
The convergence for the coordinates (θi,m) within the support region can thus be defined

using the cosine between the polar direction θi and the image gradient for coordinate (x,y,θi,m):

CI(x,y, i,m) = cos(θi−α(x,y,θi,m)) (5.9)

The overall convergence is obtained by summing all the individual image convergence mea-
sures, given by equation 5.9, within the specific support region of each filter [28].

Coin Filter: The convergence index filter or COIN filter (CF) assumes a circle with variable
radius as support region. The value of the radius is varied in search for the one which corre-
sponds to maximum convergency, limited by a maximum radius [46]. Given the definition of
the support region as a circle of varying radius (figure 5.4 (a)) the CF filter’s image response is
given by:

CF(x,y) = max
0≤r≤Rmax

1
N× r

N−1

∑
i=0

r

∑
m=1

CI(x,y, i,m), (5.10)

where r is the radius of the circle of the support region that varies from 0 to Rmax, N is the
number of radial directions for which convergence is evaluated and CI(x,y, i,m) is defined by
equation 5.9.
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(a) (b) (c)

Figure 5.4 Coin filter support region schematics (a) with N = 8 half-lines (support region can be seen
in grey); filter image response (b) and obtained detections (c) [28].

(a) (b) (c)

Figure 5.5 Iris filter support region schematics (a) with N = 8 half-lines (support region can be seen in
grey); filter image response (b) and obtained detections (c) [28].

The result of applying these equations to the input image is the filter response image (fig-
ure 5.4(b)). The maxima of such response indicate the locations of interest. For each of the filter
maxima, we can obtain the radius of the support region at that location (figure 5.4(c)) through
the equation:

rshape(x,y) = argmax
0≤r≤Rmax

[
1

N× r

N−1

∑
i=0

r

∑
m=1

CI(x,y, i,m)

]
, (5.11)

where rshape is the radius of the support region that corresponds to the highest convergence for
location (x,y).

Iris Filter: The Iris filter (IF) is an evolution of the CF filter to handle a more diverse range
of local convergence areas [46]. The IF filter adapts the radius of its support region for each
of the N directions, maximizing convergence for each radial direction independently. As such,
this filter is not restricted to circular shapes. Figure 5.5 (a) shows a possible shape for the filter
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support region and the convergence evaluation from this filter is given by:

IF(x,y) =
1
N

N−1

∑
i=0

[
max

0≤r≤Rmax

1
r

r

∑
m=1

CI(x,y, i,m)

]
(5.12)

While filter maxima (figure 5.5(b)) still indicates possible object centers, the shape estima-
tion is more complex than in the case of the CF filter, which adapts better to the visible nuclei
shape (figure 5.5(c)) [26]. Given the more flexible shape formulation for the IF filter support
region, the shape is defined by N independent radii:

rshape(x,y, i) = argmax
0≤r≤Rmax

[
1
r

r

∑
m=1

CI(x,y, i,m)

]
, (5.13)

where rshape(x,y, i) now has a different value for each direction at each image location. These
radii correspond to specific image coordinates which we designate as support points (of the
support region):

SP(x,y) = {(xSP(x,y, i),ySP(x,y, i)), i = 1...N}, (5.14)
which are defined as:

xSP(x,y, i) = x+ rshape(x,y, i)× cos(θi)

ySP(x,y, i) = y+ rshape(x,y, i)× sin(θi)

where θi is defined by equation (5.8).
By using the iris filter and locating maxima responses, we detect possible object centers and

the shape estimation is defined by N independent radii (support points (SP), equation 5.15).

Adaptive Ring Filter: The Adaptive Ring Filter (ARF) differs from the CF and IF filters by
defining a ring shaped convergence region. This support region is motivated by the idea that the
convergence of convex object is mostly originated at those object edges. As such convergence
within the object is mostly irrelevant and may be corrupted by noise [90]. In figure 5.6(a), it is
possible to observe filter support region. The size of the ring used as support region is varied
searching for the radius of maximum convergence according to:

ARF(x,y) = max
0≤r≤Rmax

1
N×d

N−1

∑
i=0

r+d/2

∑
m=r−d/2

CI(x,y, i,m), (5.15)

where d is the ring width (figure 5.6(a)).
Similarly to the process performed when dealing with the CF the shape estimation is per-

formed by searching for the radius of the ring support region for the location in the image:

rshape(x,y) = argmax
0≤r≤Rmax

[
1

N×d

N−1

∑
i=0

r+d/2

∑
m=r−d/2

CI(x,y, i,m)

]
(5.16)
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(a) (b) (c)

Figure 5.6 ARF filter support region schematics (a) with N = 8 half-lines (support region can be seen
in grey); filter image response (b) and obtained detections (c) [28].

The filter response, presented in figure 5.6(b) and in figure 5.6(c), suggests to provide a tighter
fit than the CF filter, while having the same prior on the final estimated shape (circle).

Sliding Band Filter: The Sliding Band Filter (SBF) combines the ideas of IF and ARF by
defining a support region formed by a band of fixed width, with varying radius in each direction
to allow for the maximization of the convergence index at each point [73]. The SBF formulation
derives from ARF and IF convergence estimation:

SBF(x,y) =
1
N

N−1

∑
i=0

max
Rmin≤r≤Rmax

[
1
d

r+d/2

∑
m=r−d/2

CI(x,y, i,m)

]
, (5.17)

where d corresponds to the width of the band, which is moved between Rmin and Rmax. A
possible shape for the filter’s support region is visible in figure 5.7(a). The corresponding shape
radius for each radial line is given by:

rshape(x,y, i) = argmax
Rmin≤r≤Rmax

[
1
r

r+d/2

∑
m=r−d/2

CI(i,m)

]
(5.18)

This filter combines both the shape flexibility of the IF with the limited band search of the
ARF. The resulting estimated shapes are similar to those obtained using the IRIS filter with
respect to shape ranges. However, the SBF filter tend to better separate overlapping objects
(figure 5.7(c)) [26].

5.3 Results

In order to test the use of local convergence filters when applied for cell nuclei detection, we
present an objective study using several performance measures on the database of 32 fluores-
cence images presented in Section 2.4 and compare with the respective expert manually labeled
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(a) (b) (c)

Figure 5.7 SBF filter support region schematics (a) with N = 8 half-lines (support region can be seen in
grey); filter image response (b) and obtained detections (c) [28].

ground-truth segmentation. The images, from the root tip of Arabidopsis thaliana plants, were
captured using an automatic timelapse system and in green it is visible the cell wall and in
yellow it is visible the cell nuclei [28].

In order to improve the detection process we applied noise reduction, through the use of a
Gaussian filter. Noise reduction was applied to all images prior to segmentation.

For cancer cell detection in brightfield images we tested several LCF and the respective
parameters were set based on visual inspection of the cell shape: Rn

min = 4; Rn
max = 16; q =

4; N = 8 (where applicable) [26]. For all baseline methods, the respective parameters were set
using a k-fold cross-validation approach.

5.3.1 Baseline Cell Detection

To evaluate our methodology we calculated the average evaluation measures over the images in
all k-folds. In the validation process, the measure maximized was accuracy for all methods. In
Table 5.1 we present the results for all the methods.

Regarding the total number of errors (False Positives and False Negatives), the results evi-
dence significantly better results for convergence filters than for baseline methods (p < 0.05),
with the exception of the CF, which is at the same error level as the best baseline methods. While
the LoG detector obtains a better level of false negatives, this is accompanied by an increase in
false positives that decreases the performance.

Relative to the F-measure both Level Set and Watershed algorithms obtained the highest
performance, surpassing all convergence filters based on gradient orientation.

In the case of detection accuracy, all convergence filters performed better than baseline
methods, with the exception of the CF filter (p < 0.05). The LoG detector obtained an accuracy
similar to that of the local convergence filter, while not being better this indicates the advantage
of nuclei detection based on filtering and maxima detection. The main disadvantage of the
LoG filter was its poor shape adaptation that we intend to improve based on the Hessian matrix
information of the image gradient local information.
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Table 5.1 Comparison between nuclei detection performance for all discussed methods. Results for all
cells in the 32 fluorescence images of Arabidopsis thaliana plants. All numbers are averaged results
obtained over all images [28].

False False True
Method F1-score Positives Negatives Positives Accuracy
Otsu 0.71 0.22 0.70 0.33 0.27
LevelSets 0.77 0.11 0.43 0.60 0.53
Watershed 0.77 0.19 0.42 0.63 0.52
LoG 0.61 0.25 0.34 0.71 0.55
CF 0.72 0.18 0.40 0.65 0.52
IF 0.73 0.16 0.37 0.69 0.56
ARF 0.74 0.16 0.37 0.69 0.56
SBF 0.74 0.14 0.38 0.68 0.56

Table 5.2 Cancer cell detection and shape fit performance evaluation on 90 brightfield images from one
time lapse video.

False False True
Method F1-score Positives Negatives Positives Accuracy
LoG 0.80 0.10 0.13 0.83 0.78
LoGHessian 0.81 0.10 0.13 0.83 0.78
SBF 0.78 0.11 0.17 0.79 0.73
RFT M 0.79 0.11 0.20 0.76 0.71
IF 0.78 0.11 0.19 0.77 0.73
CF 0.78 0.13 0.17 0.79 0.72
ARF 0.78 0.13 0.17 0.79 0.72

5.3.2 Local Interest Point Cell Detection

To evaluate the performance of the LoG filter, ring filter matching and local convergence filters,
applied for cell detection, we tested them on 90 brightfield images from one time lapse video.
Each image has in average 70 visible cells and the automatic detection is compared with the
respective expert manually labeled ground-truth detection, using several performance measures.

Based on the detections and the annotated ground-truth, we again identified the true positives
(TP), false positives (FP), false negatives (FN) and accuracy. Through the overlap between cell
detections and ground-truth areas, we measured the F-measure.

In Table 5.2 we present the performance results for all methods. From the obtained results,
we can observe that by using the LoG filter, we obtained the best results, indicating that this
is the most adequate methodology for cell detection on this data. By using the LoG filter
together with the local image Hessian information, we were able to increase the cell shape
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5.8 Example of cell segmentation by using local filters: a) Original brightfield image with cancer
cells, b) original image manually annotated, c) segmentation result by applying the LoG filter, segmenta-
tion result by applying the adaptative ring filter (d), coin filter (e), LoG filter and Hessian matrix analysis
for eccentricity estimation (f), iris filter (g), sliding band filter (h) and the ring filter template matching
(i).

estimation, increasing the F-measure to 0.81. The use of the ring filter matching approach
obtained the worst performance. Examples of segmentation results are available in figure 5.8)
where the original image is visible as well as the manual annotation of cells by an expert, and
the segmentation results obtaining used all tested local filters.

We also tested the use of the LoG and SBF filter on the Cell tracking challenge where we
were able to compare the performance on cell/nuclei detection against other methodologies from
other participant groups from different countries (Germany, United States, France, Sweden,
Singapore, The Netherlands, Czech Republic and United Kingdom). The definitive results are
listed in table 5.3 for 2D datasets and table 5.4 for 3D datasets. It is important to refer that
our team submitted results for all the datasets, demonstrating that in general our approach work
for different data types, in comparison with other teams that only submitted results for specific
datasets. In specific, our approach worked well for the 2D dataset PhC-C2DL-PSC dataset,
where we ranked in second place among five participants; for the 2D dataset Fluo-N2DH-SIM+,
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Table 5.3 2D Cell/nuclei segmentation results of each team. Missing values means that the specific team
did not participated in the specific dataset. Our results are presented in the bottom of the table (INEB-PT
team).

Cell/Nuclei segmentation results in 2D datasets

Group
DIC Fluo Fluo Fluo PhC PhC Fluo Fluo

C2DH C2DL N2DH N2DL C2DH C2DL N2DH N2DH
Hela MSC GOWT1 HeLa U373 PSC SIM SIM+

IMCB−SG 0.29 0.27 0.52 0.33 0.26 0.04 0.25 0.39
KT H−SE 0.46 0.58 0.92 0.89 0.79 0.60 0.87 0.79

NOT T −UK —- 0.44 0.77 0.57 —- —- 0.72 0.48
MAS−CZ —- —- 0.84 —- —- —- 0.85 0.72

HOUS−US —- 0.14 —- 0.77 0.53 0.43 0.85 0.60
HEID−GE —- 0.36 0.87 0.81 —- 0.40 0.86 0.58
PAST −FR —- —- —- —- —- —- 0.84 —-
LEID−NL —- 0.28 0.88 0.81 —- —- 0.86 0.61
INEB-PT 0.21 0.34 0.72 0.76 0.35 0.57 0.70 0.67

Table 5.4 3D Cell/nuclei segmentation results of each team. Missing values means that the specific team
did not participated in the specific dataset. Our results are presented in the bottom of the table (INEB-PT
team).

Cell/Nuclei segmentation results in 3D datasets

Group
Fluo Fluo Fluo Fluo Fluo Fluo

C3DH C3DL N3DH N3DH N3DH N3DH
H157 MDA231 CE CHO SIM SIM+

IMCB−SG 0.56 0.50 0.17 0.74 0.76 0.58
KT H−SE 0.88 0.63 0.47 0.87 0.86 0.74

NOT T −UK —- —- —- 0.81 —- —-
MAS−CZ —- —- —- 0.91 —- —-

HOUS−US —- 0.39 —- 0.84 0.75 0.62
HEID−GE 0.81 0.23 0.42 0.89 0.77 0.58
PAST −FR —- —- —- —- —- —-
LEID−NL 0.82 0.58 —- 0.87 0.81 0.58
INEB-PT 0.66 0.42 0.27 0.68 0.67 0.60
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(a) (b) (c)

(d) (e) (f)

Figure 5.9 Example results of the cell segmentation from the cell tracking challenge: original fluores-
cence image containing HeLa Cells (a) and fluorescence synthetic images with generated synthetic cells
(d), b,e) manual segmentation results, c,f) automatic segmentation results.

where we ranked third among eight participants; and finally the 3D dataset Fluo-N3DH-SIM+,
where we ranked third among six participants.

Examples of automatical cell segmentation on fluorescence images from two datasets from
the cell tracking challenge are available on figure 5.9, together with the manual annotation
provided by the organization.

Our approach was used in several different microscopy image modalities in order to access
the robustness of the method and the implementation details can be found on Appendix A. The
goal of the challenge was to segment and label all the cells in each video, assigning a different
label to each object. Cells entering the field of view should also be detected and labeled as well.
Cells dividing mitotically should be identified and the daughter cells differently labeled. Cells
splitting into several parts, clearly due to fragmentation of elongated cell membranes, should
keep the same label while separated.

The accuracy of the methods (SEG), understood as how well the segmented regions of the
cells match the actual cell or nuclei boundaries, was measured by comparing the segmented
objects with the ground truth (GT), consisting of the manual annotation of selected frames (2D)
and/or image planes (in the 3D cases). Namely, the metric used was the Jaccard similarity index
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and details about the evaluation of the results can be found in the challenge website2.
In this competition, there were training datasets where we were able to train our approach.

We did 5-fold cross validation on the training datasets, in order to find the proper values for the
different parameters, for different datasets. Next, we applied our approach to the test datasets
and we submitted the results on the server of the cell tracking challenge. The submissions were
evaluated and validated and the results were presented at the ISBI 2015 Cell Tracking Chal-
lenge Workshop. The results can be found in the challenge website3. Finally, we also applied
the LoG filter for the task of immunogold particles detection on electron microscopy images
with high-efficiency and where the performance achieved was above 85% of both precision and
recall (see section 2.5) [84]. The immunogold labeling technique is used to uncover the differ-
ences in composition of different types of cell wall growth and if their transport capabilities are
similar. Immunogold particle detection is an extreme time-consuming task where a single im-
age containing almost a thousand particles can take several hours to annotate. The application
of the LoG filter to perform this task improved significantly the work of scientists [84].

2http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_
Challenge/Metrics.html

3http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_
Challenge/Results_Second_CTC.html

http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Metrics.html
http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Metrics.html
http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Results_Second_CTC.html
http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Results_Second_CTC.html


6 . Automatic Cell Tracking

The automatic tracking of cells is the task of estimating each cell position through time.
From the obtained cell detection and shape estimation results we compared the performance

of cell tracking, based on detection-association, and by considering state modeling where we
test the assumption of random and constant velocity motion models [24, 25].

In tracking by association, cell detection is first performed and then cells in consecutive
frames are associated based on spatial location (nearest-neighbor). State modeling tracking
methods are based on an initial position for cells on the first frame and the definition of state
models to perform tracking. From the initially detected cells, the model parameters are identi-
fied for motion, and dynamic analysis is performed by evolving the model in subsequent frames.
For these approaches the performance of the tracking is dependent on the assumptions made of
how cell motion is governed. In this case, some prior knowledge on the nature of cell motion
is assumed in order to estimate the location of cells. Using the state models, the knowledge of
the position of cells is propagated in time and, combined with frame by frame measurements,
the location of cells is estimated. Considering these state models, we tested the use of Kalman
and Particle filters, where the first performs state estimation of a dynamic system from a series
of incomplete or noisy measurements, minimizing the mean of the squared error. Instead, the
second represents the required posterior density function by a set of random samples (particles)
with associated weights, which are used to compute estimates of the cell state position and size.

In any tracking approach, the problem of cell characterization is fundamental, allowing for
more precise measurements or to describe the obtained detections. For this task, we use cell
descriptors in order to perform similarity measures between cells and add this information to
the tracking process. We use as cell appearance descriptors, the cross-correlation coefficient
between image pixel information or the similarity analysis of SIFT descriptors [27].

6.1 Tracking by Association Based on Spatial Distances

Data association is the process of determining which current detection corresponds to existing
cells in the time-lapse movie. In tracking by association, cell detection and dynamic analysis
are independent. Cells are detected in each frame and cell to cell association is performed for
each two adjacent frames in the sequence based on spatial location (nearest-neighbor) [44, 59].
The cell association is usually based on spatial proximity or rigid motion assumption. In the
case of irregular motion, there is no underlying motion model that can be safely assumed.

Considering a detection-association approach, the association of cells is performed by mea-
suring the distance between cells and detections in consecutive frames:

D(xcell,xdetection) = ||xcell−xdetection||, (6.1)

where xcell correspond to the (x,y) coordinates of the cell being tracked in the current frame
49
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and xdetection correspond to the (x,y) coordinates of a candidate for correspondence in the next
frame [24, 25].

There are some problems related with the detection-association tracking approach that can
not be easily solved. If two cells are close to each other and from one frame to the next, their
trajectory cross each other the association of cells can be incorrectly performed based only on
their position. Other issue is related with the process of detecting cells, where the tracking
process fails when a cell is not detected.

Next, we present some experiments considering cell descriptors for cell appearance charac-
terization that could improve the tracking by using the cell shape information for better associ-
ation of cells between frames.

6.2 Tracking by Association Based on Local Descriptors

The tracking of cells is performed using a detection-association which is based on the spatial
Euclidean distance between cell detections in consecutive frames and similarity measures be-
tween cells. As cell appearance descriptors, we use the cross-correlation coefficient considering
image pixel information or the similarity analysis of SIFT descriptors. In the tracking process,
we evaluate the assumption of a random motion or a constant velocity motion where velocity is
assessed using a moving average of displacement [27].

6.2.1 Cell Appearance Descriptors

The use of cell descriptors enables the characterization of cells across frames. We consider
pixel information evaluated by using cross correlation and SIFT descriptors to obtain such char-
acterization. This information can be used during cell tracking to maintain cell identity across
frames and can be used together with spatial distance to improve tracking.

Pixel information: Given the cell location and radius information from the cell detection re-
sult in one frame, we define and match a cell template with cells detected in the next frame
and compute the cross correlation coefficient. Cross correlation is a method to estimate the
similarity degree between two image regions according to the pixel information. It enables the
localization of the position of a given template t in a two dimensional image f by evaluating the
cross correlation coefficient at each point f (x,y), which is given by shifting the template across
the image f . The cross-correlation coefficient is given by:

γ(u,v) =
∑x,y[ f (x,y)− f u,v][t(x−u,y− v)− t]√
∑x,y[ f (x,y)− f u,v]

2[t(x−u,y− v)− t]2
, (6.2)

where t is the mean of the template and f u,v is the mean of the image f (x,y) in the region under
the template [50]. The template size of cells is assumed to be the same for the cell under analysis
(template size = 4 × cell radius). The cross-correlation coefficient ranges from 1 to -1 and the
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Template

(a) (b) (c)

Figure 6.1 Example of detecting a pattern in an image given by a template: (a) original image, (b)
template patch used to search in the image and (c) cross correlation response. The white rectangular on
top of image (a) identifies the position of high response location on image (c).

maximum value corresponds to the position where the pattern best matches the image. In our
case it indicates similar cells and this information can be used in the tracking process [27]. An
example of applying this method is visible in figure 6.1 where the pattern given by the template
was detected in the image.

SIFT descriptors: SIFT descriptors are used in a large variety of applications to characterize
different local descriptors of an object or scene. For image matching and recognition, SIFT
descriptors are first extracted from a set of reference image locations (cells in our case) and then
a new image is matched by individually comparing each feature from the new image to the pre-
vious computed SIFT descriptors and finding candidate matching features based on Euclidean
distance [57].

A SIFT descriptor is created by computing the gradient magnitude and orientation infor-
mation in a specified region, as visible in figure 6.2 (a). This information is then accumulated
into orientation histograms summarizing the contents over subregions, as shown in figure 6.2
(b), with the length of each arrow corresponding to the sum of the gradient magnitudes for each
direction within the region [57].

For each detected cell, we obtained a SIFT descriptor (figure 6.3) considering a 4x4 array
of histograms with 8 orientation bins in each. Therefore, the experiments use a 4x4x8 = 128
element feature vector for each SIFT descriptor. The scale assumed in the SIFT descriptor is
given by the detection method used in the same way as in the cross correlation. Based on the
SIFT descriptors of cells in different frames, a similarity value is obtained using the squared
Euclidean distance which can be used in the tracking process to match detections across frames
or evaluate local measurements [27].
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(a) (b)

Figure 6.2 The SIFT local image descriptor: a) 8x8 set of image gradient samples, b) keypoint 2x2
descriptor array [57].

Figure 6.3 Keypoint descriptors computed for each cell under analysis.

6.2.2 Tracking Process

We perform cell tracking from the detected cells considering cell to cell association indepen-
dently. This is based on both spatial distance between detections in consecutive frames and on
the cell descriptors according to the proposed equation:

D(C f
i ,Ĉ

f+1
j ) = ‖x̂ f+1

i −x f+1
j ‖+ kDF(F(c

f
i ),F(ĉ

f+1
j )), (6.3)

where C f
i is the cell i in frame f and Ĉ f+1

j is a candidate cell detection in frame f + 1. The

estimated position of the cell i in the frame f + 1 is identified by coordinate vector x̂ f+1
i and

x f+1
j corresponding to the location of the j candidate cell detection in frame f +1. The function

DF(F(c
f
i ),F(ĉ

f+1
j )) is the distance between feature descriptor F(c f

i ) of cell i and the feature
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descriptor F(ĉ f+1
j ) of candidate cell j in the next frame f +1, which can be given by the cross-

correlation coefficient Dccc or by the SIFT descriptors similarity DSIFT . The k parameter is a
distance weighting value that controls the influence of each term in the distance formula. If
k = 0 the distance formula is only based on the spatial distance between cells.

If we consider a random motion, we assume a constant position model for our x̂ f+1
i esti-

mation, as such, x̂ f+1
i is equal to x f

i , the cell location in the previous frame. By considering
a constant velocity motion, the estimated position of the cell being tracked, x̂ f+1

i , is given by
x f

i + v f
i where v f

i is the velocity in frame f . The velocity is computed as a linear estimation
based on the displacements between the last 4 frames by averaging the displacements in x and
y direction [27].

6.3 State Modeling Tracking

The tracking of cells considering a detection-association approach present some limitations such
as the case of a missing cell. When a cell is not detected, the associated tracking process by
detection-association fails. It is also likely that the tracking by detection-association approach
fails when two cells cross trajectories, where the cell identity can be changed, or if the cells are
not well separated in at least one of the dimensions of the feature space under analysis.

Therefore, we perform tracking of cells considering state modeling based tracking ap-
proaches, in specific through the use of Kalman and Particle filter. Through these approaches,
it is possible to assume prior knowledge on the nature of the cell motion in order to overcome
the problems related with the detection-association based tracking.

6.3.1 Kalman Filter

The Kalman filter is an efficient filter that estimates the state of a dynamic system from a series
of incomplete and noisy measurements, in a way that minimizes the mean of the squared error.

The main goal of the Kalman filter is to estimate the state of a system from measurements
which contain noise. It consists of two alternating operations: first, it predicts the new state
and its uncertainty, and then it corrects with a given new measurement. However, thte Kalman
filter assumes that the system is linear and the probability density function at each state follows
a Gaussian distribution [36, 64]. The equations for the Kalman filter are:

Prediction : X−k = AXk−1 +Buk−1 +wk−1, (6.4)

Measurement : Zk = HXk + vk, (6.5)

where X−k is the predicted state vector at frame k, A is the dynamics matrix which relates the
state Xk−1 at frame k−1 with the state in the current frame k and B relates the optimal control
input uk−1 to the state being u a direct input on the state. The prediction and measurement
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(a) (b)

Figure 6.4 Differences between the random and the constant velocity state model: a) the next state
(yellow dot) is given by the previous state, b) the next state is given by the previous state plus an addition
of the cell velocity in the previous frame. Red dots identify previous positions for the cell being tracked,
the blue circles identify the detected cells in the current frame, and the green dot identifies the closest
detection from the predicted state.

Gaussian noise is represented by wk−1 and vk, respectively, and H is the measurement matrix
that relates the state vector to the measurement Zk. The state vector X in frame k is defined by
the position of the cell, velocity and radius:

Xk =


xk
yk
vxk
vyk

radiusk

 , (6.6)

We applied the Kalman filter with different dynamics for the state Xk:

• The constant position state makes the assumption that the next state is defined by the
previous state (figure 6.4 - a) considering a constant position model and the dynamics
becomes:

A1 =


1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1

 , (6.7)

• The constant velocity state model makes the assumption that the next state is given by the
previous state plus an addition of the cell velocity in the previous frame (figure 6.4 - b)
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(a) (b)

Figure 6.5 Example of the Kalman filter loop: a) image showing the Kalman filter loop where the
prediction is first performed (blue circle), followed by the measurement based on the prediction (green
circle) and finally the measurement is used to correct the initial prediction based on the Kalman gain; b)
video example of a cell tracked by the Kalman filter.

and in this case the dynamic is:

A2 =


1 0 1 0 0
0 1 0 1 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1

 . (6.8)

The Kalman filter works by creating a control loop that starts by predicting the system’s
state, and then uses that prediction to obtain a noisy measurement in order to correct the initial
prediction (figure 6.5). The time update equations project in time the current state and error
covariance estimates to acquire a priori estimates for the next time step. The measurement
update equations are responsible for the feedback, by incorporating the new measurement into
a priori estimate to obtain a posteriori estimate (figure 6.6) [36, 64].

For each detected cell, obtained using the LoG filter, we compute descriptors (SIFT or
pixel information) that together with the predicted state X−k are used to obtain the measurement
Zk. This is performed by finding the most similar cell both in spatial distance (using X−k ) and
descriptors similarity. We use pixel information with cross correlation coefficient (ccc) or SIFT
descriptors to obtain such characterization by matching the cell detection corresponding to the
previous measurement Zk−1 with the detected cells in frame k. The template size in the cross
correlation method and the scale assumed in the SIFT descriptor are given by the radius for each
cell.
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Figure 6.6 A complete picture of the operation of the Kalman filter.

We use Zk to correct the initial prediction obtaining the final state vector Xk according to:

Xk = X−k +K(Zk−HX−k ). (6.9)

where K is the Kalman gain that minimizes the a posteriori covariance defined according to
figure 6.6.

The state vector Xk of each cell in each frame allow us to obtain the track of each cell along
the video sequence. The Kalman filter is bound to use a linear dynamic model in the tracking
process which is problematic when the object’s dynamic vary with time. Particle filters can
handle with this limitation.

6.3.2 Particle Filter

Particle filter is a technique for implementing recursive Bayesian filter by Monte Carlo (MC)
sampling. It is used to estimate the parameters of Bayesian models and are sequential analogue
of Markov chain Monte Carlo (MCMC) batch methods. The key idea is to represent the required
posterior density function by a set of random samples with associated weights and to compute
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estimates based on these samples and weights. As the number of samples becomes very large,
this MC characterization becomes an equivalent representation to the usual functional descrip-
tion of the posterior probability density function, and the particle filter approaches the optimal
Bayesian estimate [36, 64]. Because of the Markov assumption, the probability of the current
true state given the immediately previous one is conditionally independent of the other earlier
states:

p(Xk|Xk−1,Xk−2, . . . ,X0) = p(Xk|Xk−1) (6.10)

The true state X is assumed to be an unobserved Markov process, and the measurements Z are
the observed states of a Hidden Markov Model (HMM). As in the case of the Kalman filter
the state vector Xk is given by its position (xk,yk), velocity (vxk,vyk) and radius (radiusk),
Xk = [xk,yk,vxk,vyk,radiusk].

Similarly, the measurement at the k− th timestep is dependent only upon the current state,
so is conditionally independent of all other states given the current state:

p(Zk|xk,Xk−1, . . . ,X0) = p(Zk|Xk) (6.11)

Using these assumptions the probability distribution over all states of the HMM can be
written simply as:

p(X0, . . . ,Xk,Z1, . . . ,Zk) = p(X0)
k

∏
i=1

p(Zi|Xi)p(Xi|Xi−1). (6.12)

The particle filter methodology is used to solve Hidden Markov Chain and nonlinear filter-
ing problems arising in Bayesian statistical inference. The filtering problem consists in estimat-
ing the internal states in dynamical systems when partial observations are made, and random
perturbations are present in the sensors as well as in the dynamical system. The objective is
to compute the conditional probability (posterior distributions) of the states of some Markov
process, given some noisy and partial observations.

A numerical approximation for the Particle filter solution to compute the posterior distribu-
tion p(Xk|Zk) of the state vector, given past observations, is performed using a collection of N
weighted samples or particles, {X i

k,π
i
k}

N
i=1, where π i

k is the weight of particle X i
k. The particle

filter algorithm is represented in figure 6.7 and given according [36, 64]:

1. Initialization (burn-in): In the 1st frame initialize a large number of particles (X i
0, i =

1, . . . ,500) applying noise to the state vector of each particle. Each sample, in a different
position (xk,yk) and with a different radius (radiusk), is weighted using the LoG filter
(eq. 5.5). Finally, particles are ordered according to their weight and the first N particles
with more weight are drawn from the particle set that will be used during the particle filter
iterations.

2. Prediction: Sample N particles according to the proposal distribution q(Xk) and simulate:

X i
k ≈ q(Xk) = P(X i

k|X
i
k−1) (6.13)
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Figure 6.7 Description of the posterior probability density function

where P(Xk|X i
k−1) is any model from which samples can be drawn. In our case it is given

by N (X i
k,Σ) (random motion) where Σ corresponds to the covariance matrix or in case

of assuming a constant velocity motion it is given by N (X i
k + vi

k,Σ) (constant velocity
motion) where vi

k is the velocity in frame k of the particle i

3. Measurement update: Update the weights π i according to the measuring likelihood:

π
i
k = p(Zk|X i

k), i = 1,2, . . . ,N (6.14)

where p(Zk|X i
k) is the likelihood of making the observation Zk given that the object has

a specific size and is at a specific location given by X i
k. The measurement is performed

by filtering the input image with the LoG filter (eq. 5.5) where both scale of the filter and
filtering position are given according to the particle radius and location respectively. The

weight π i
k is the result of the LoG filtering response normalized using π

i
k/

N

∑
i=1

π
i
k.

4. Estimate update: The estimate update is computed by:

X̂k ≈
N

∑
i=1

π
i
kX i

k (6.15)

where the final state estimate X̂k for frame k id given by the sum of the weighted N
particles.

5. Re-sampling: Draw N particles from the current particle set, {X i
k,π

i
k}

N
i=1, with probabil-

ities proportional to their weights and then replace the current particle set π i
k+1 = 1/N,

{X i
k+1,1/N}N

i=1. This step is also called Sampling Importance Re-sampling (SIR).
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6. Set k = k+1 and iterate to step 2.

We tested the assumption of random and constant velocity motion models and we simplified
the covariance matrix Σ information by using only the variance information σ . When we con-
sider a random motion model, the state vector only includes information about cell position and
radius. The measurement vector only include information about the location and radius of the
detected cells. Using these techniques we predict the state of the cell being tracked, according
to the former state and the motion model, and then according to the measurements (data), we
assign a weight for each particle. The final state is given by the weighted sum of the particles.

6.4 Cell Tracking Results

We applied the aforementioned techniques on brightfield image data, in order to compare the
tracking results obtained.

6.4.1 Data

To evaluate the performance of the proposed tracking approaches applied for cell detection, we
tested them on 156 brightfield images from one time lapse video. This video in specific has
81 adenocarcinoma derived colon cancer cells (RKO) that were manually annotated and the
results were obtained by considering individually 30 cells randomly selected. The automatic
tracking of each one is compared with the respective expert manually labeled ground-truth
detection, using several performance measures. We only selected 30 cells, because the biologist
researchers are interested in performing the mobility analysis of only a few cells representative
from all the cells in the time lapse video rather than perform the mobility analysis of all cells.

We also participated on the Third Edition of the Cell Tracking Challenge organized by the
IEEE International Symposium on Biomedical Imaging (ISBI 2015) in Brooklyn. The chal-
lenge was to perform tracking of cells in images from different microscopy techniques such
as Phase Contrast or Differential Interference Contrast microscopy as well as Brightfield and
Fluorescence microscopy. The datasets consist of 2D and 3D images of time-lapse microscopy
videos of nuclei and cells. The datasets are based on sequences of nuclei or cells, fluorescently
stained, moving on top of substrates and microscopy videos of Phase Contrast and Differential
Interference Contrast images of cells moving on a flat substrate of varying rigidity. The videos
have examples of a large range of cell types and image quality (different spatial and temporal
information resolution and different levels of noise). Besides that, 2D and 3D computer gener-
ated video sequences simulating fluorescently stained nuclei moving in realistic environments
are also used, with different levels of cell density and noise1.

1http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_
Challenge/Datasets.html

http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Datasets.html
http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Datasets.html
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Table 6.1 Performance evaluation of the tracking results (percentage values), considering a detection-
association approach using only the spatial distance. The results were obtained for 30 cells randomly
chosen that were tracked on 156 brightfield images from one time lapse video.

Correct Coverage Accuracy Time (sec)
36,7 74,7 89,7 85,6

(a) (b)

Figure 6.8 Example tracking results: a) tracking result of one cell considering the tracking by associa-
tion approach (red continuous line) and the respective manual annotation (white dash line), b) tracking
result for one dataset (Fluo-N2DH-GOWT1) from the Cell Tracking Challenge.

6.4.2 Tracking by Detection-Association Results

We evaluate the use of a detection-association approach considering the mentioned data where
30 colon cancer cells were randomly selected. All cells were manually annotated for perfor-
mance assessment based on the metrics from chapter 4. From the obtained results (table 6.1)
we can observe that, by using Euclidean distance based association (equation 6.1), the ob-
tained accuracy was around 90%. A simple example of a cell tracked considering the proposed
methodology is available in figure 6.8 (a) where the location history of the cell in the entire time
lapse video is presented as a red continuous line.

We also tracked cells in 2D and 3D microscopy image sequences of the Third edition of
the Cell Tracking Challenge described on the section 2.5. Our tracking approach was based on
a detection-association approach and we performed the association of the closest detections in
consecutive frames based on the Euclidean distance. If one detection does not have a neighbor
within a minimum distance (4×detectionradius) we stopped tracking it. We used the detection-
association approach in this challenge because it is faster to obtain the final tracking results, and
the time consumption was also evaluated.
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Table 6.2 2D Cell/nuclei tracking results of each team. Missing values means that the specific team
did not participate in the specific dataset. Our results are presented in the bottom of the table (INEB-PT
team).

Cell/Nuclei tracking results in 2D datasets

Group
DIC Fluo Fluo Fluo PhC PhC Fluo Fluo

C2DH C2DL N2DH N2DL C2DH C2DL N2DH N2DH
Hela MSC GOWT1 HeLa U373 PSC SIM SIM+

IMCB−SG 0.75 0.64 0.88 0.93 0.95 0.60 0.96 0.93
KT H−SE 0.82 0.76 0.97 0.99 0.98 0.94 0.99 0.95

NOT T −UK —- 0.66 0.88 0.78 —- —- 0.90 0.55
MAS−CZ —- —- 0.90 —- —- —- 0.98 0.92

HOUS−US —- 0.17 —- 0.98 0.92 0.91 0.99 0.79
HEID−GE —- 0.59 0.90 0.98 —- 0.89 0.99 0.70
PAST −FR —- —- —- —- —- —- 0.97 —-
LEID−NL —- 0.41 0.90 0.95 —- —- 0.99 0.77
INEB-PT 0.58 0.48 0.88 0.97 0.89 0.92 0.99 0.99

In order to improve the tracking results we also applied some postprocessing. Based on
the detection-association result we get the final cell tracking information by performing the
following steps: merging of incomplete tracks that are in close spatio-temporal vicinity where
if the final position of one tracking result is close (spatial Euclidean distance less than 2 × cell
radius) to the initial position of a different tracking result and if both "end" and "start" track
positions are within a window of 5 frames, then both tracks are connected and form only one
track, by merging both tracking results; removal of tracks that have less than 4 frames; merging
each track that does not start in the first frame with the closest track that starts in a previous
time point (mitosis event). All parameters were found through cross validation on training data
provided by the Challenge organization for each specific dataset. A description of the approach
is available on Appendix A. The results obtained were presented at the ISBI 2015 Cell Tracking
Challenge Workshop and are available in table 6.2 for 2D datasets and table 6.3 for 3D datasets.
It is important to emphasise that our approach was applied to all datasets, demonstrating the
robustness of both developed cell detection and cell tracking approaches. Our team (INEB-PT)
was classified 4th position among all the participants. We highlight the results obtained for the
dataset Fluo-N2DH-SIM+ where we obtained the best tracking result (99%) as well as the result
obtained for the 3D dataset Fluo-N3DH-SIM where we obtained 98% accuracy. One example
of a tracking result is available in figure 6.8 (b) where the cells from the dataset Fluo-N2DH-
GOWT1 were tracked with an accuracy of 88%.
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Table 6.3 3D Cell/nuclei tracking results of each team. Missing values means that the specific team
did not participate in the specific dataset. Our results are presented in the bottom of the table (INEB-PT
team).

Cell/Nuclei tracking results in 3D datasets

Group
Fluo Fluo Fluo Fluo Fluo Fluo

C3DH C3DL N3DH N3DH N3DH N3DH
H157 MDA231 CE CHO SIM SIM+

IMCB−SG 0.46 0.84 0.62 0.88 0.96 0.84
KT H−SE 0.99 0.91 0.92 0.96 0.99 0.95

NOT T −UK —- —- —- 0.86 —- —-
MAS−CZ —- —- —- 0.91 —- —-

HOUS−US —- 0.87 —- 0.88 0.99 0.90
HEID−GE 0.95 0.85 0.80 0.92 0.96 0.79
PAST −FR —- —- —- —- —- —-
LEID−NL 0.87 0.88 —- 0.91 0.96 0.88
INEB-PT 0.93 0.78 0.52 0.82 0.98 0.90

The tracking precision of the method (TRA), understood as how accurately each given ob-
ject is identified and followed in successive frames was based on comparison of acyclic oriented
graphs, representing the time development of objects in both the GT, and each tested method.
The nodes of the graph represent the objects, and the edges in the graph the links between ob-
jects in time. The graph structure was an obligatory output of the method that each team had
to supply. The organizers then compared the supplied graphs with the GT graph by mapping
the nodes. Two nodes were mapped to each other if the objects that they represent have more
than 50% overlap. Unmapped nodes in GT meant undetected objects, while unmapped nodes
in a computed graph meant false detection or late detection of a split event. Forking in GT and
no forking in a computed graph means undetected splitting. All these deviations from the GT
graph were penalized. More details about the evaluation and also the final results can be found
in the challenge website2 3.

We also applied this methodology on the automatic tracking of unicellular cyanobacterium
Synechocystis sp. in brightfield images. In this problem, biologist researchers wanted to study
the bacteria mobility in response to light, in order to understand how cells sense the position
of a unidirectional light source. They compared the mobility of cyanobacteria without a light

2http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_
Challenge/Metrics.html

3http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_
Challenge/Results_Second_CTC.html

http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Metrics.html
http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Metrics.html
http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Results_Second_CTC.html
http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_Challenge/Results_Second_CTC.html
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(a) (b)

(c) (d)
Figure 6.9 Cell mobility analysis of unicellular cyanobacterium Synechocystis sp. on top of a culture
without a light source (a) having a light source (lamp) on the upper side of the cell culture (b), on the
right side of the cell culture (c), and two light sources on both upper and right sides of the cell culture
(d). The tracking results were obtained considering a detection-association approach and are displayed
in different colours where it is visible that all cyanobacteria travel in the direction of the light source.

source (figure 6.9 - a) with the mobility of cyanobacteria having a light source on the upper side
of the cell culture (figure 6.9 - b), a light source on the right side of the cell culture (figure 6.9 -
c), and two light sources on both upper and right sides of the cell culture (figure 6.9 - d).

From the figure it is visible that all bacteria mobility are occurring in the direction of the
light source which means that indeed bacteria sense the position of a light source. The results
of the bacteria tracking obtained, using our software having the proposed methodology, were
validated by visual inspection and used to validate the study of the bacteria mobility in response
to light [81]. Based on the tracking results, it was possible to compute some mobility measures
such as the distance travelled and directionality, to perform the persistence analysis, and also
to compare the results of cyanobacteria mobility with and without a light source (figure 6.10).
It was possible to observe that by having a light source, cyanobacteria presented an high and
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(a) (b)

(c) (d)

Figure 6.10 Cell mobility analysis of cyanobacteria tracking results: persistence results for cyanobacte-
ria without a light source (a) and having a light source (b); cell displacement for cyanobacteria without a
light source (c) and having a light source (d).

directional mobility (figure 6.10) and the analysis of the persistence results (figure 6.10 - a,b)
demonstrate that the persistence lines obtained for the condition having a light source exhibit
an high slope, an indication of a directional movement, in comparison with the persistence lines
obtained without the existence of a light source that have a lower slope meaning that cells are
most of the time around the same location. It was also possible to observe that cyanobacteria
mobility was in the direction of the light source when it was available (figure 6.10 (d)) where
the source of light was on the right side and we observe that the majority of the cyanobacteria
were moving to the right side. Without a light source, cyanobacteria tend to move randomly in
all the possible directions as it is visible in the figure 6.10 (c).
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Table 6.4 Cancer cell detection using a detection-association approach where k controls the influence of
the distance between feature descriptors (Dccc and DSIFT ) according to equation 6.3. The result values
are presented in percentage.

Tracking by detection-association

Constant position

Technique Correct Coverage
Tracking

Time
Accuracy

k = 0 36,7 74,7 89,7 85,6
k > 0, Dccc 40,0 75,1 89,7 118,7

k > 0, DSIFT 36,7 74,7 89,8 106,2
Constant velocity

Technique Correct Coverage
Tracking

Time
Accuracy

k = 0 33,3 64,5 87,2 113,9
k > 0, Dccc 33,3 69,8 86,2 113,7

k > 0, DSIFT 33,3 64,0 87,2 100,7

6.4.3 Tracking by Association Results - Local Descriptors

We tested the detection-association approach with the addiction of local descriptors information
and we compared with the previous detection-association approach. Based on the known scale
of the cells in the images we set the parameters for each of the proposed approaches. For
the scale normalized LoG filter used for cell detection we set the scale of the filter, t, to the
expected range of the cell radius between 4 and 16 pixels. For the cross-correlation coefficient
calculation the size of the template was chosen according to the radius given by the LoG filter of
the cell being tracked. This size information was also considered for the calculation of the SIFT
descriptors. Finally, the k parameter used in the distance formulas applied (equation 6.3) was
set experimentally using a validation dataset. Both distances Dccc and DSIFT between feature
descriptors were tested and compared.

In Table 6.4 we present the tracking results obtained in the same data as in the previous
section, 30 colon cancer cells (RKO) (randomly selected) in on time-lapse video with 156
frames. From the obtained results we can observe that tracking by detection association, as-
suming a constant position, and using the descriptors information leads to better performance.
The k parameter value, used to control the influence of the feature descriptors information on
the distance between cells, was obtained based on a 5-fold cross validation scheme where the
tracking accuracy was maximized. Considering the tracking results, the detection-association
approach considering the cross-correlation coefficient information obtained an higher number
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(a) (b)

Figure 6.11 Result of the tracking process considering detection-association with cell descriptors infor-
mation: a) Track of several cells (presented in different colours) together with the GT track visible in
white continuous line; b) Cropped images detailing the track of two cells (GT track presented in white
continuous light and our tracking result presented in colour dash line).

of cells, correctly tracked in the entire video (40% which represents 12 cells), and an higher av-
erage number of frames where cells were correctly identified (75.1% which represents approx-
imately 117 frames). Finally, observing the tracking accuracy values, the detection-association
approach considering the SIFT descriptors obtained a total of 89.8% of the total number of cor-
rectly identified associations between frames. In figure 6.11 it is possible to observe the final
result of the tracking process overlayed on the final time lapse input image [27]. Considering
the assumption of a constant velocity, the results didn’t improve and we concluded that the use
of this information alone is not adequate for tracking performance improvement.

6.4.4 Tracking Using State Modeling Results

To evaluate the performance of the tracking using state modeling through the Kalman and Par-
ticle filter, we tested them on the same data set used previously considering again the randomly
selected 30 colon cancer cells, individually.

In Table 6.5 and 6.6 we present the performance results of using the Kalman and Particle
filters. Considering the Kalman filter, we observed that better results were obtained considering
cross correlation coefficient for cell shape characterization and assuming a constant position
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Table 6.5 Cancer cell detection using Kalman filter where k controls the influence of the distance be-
tween feature descriptors (Dccc and DSIFT ). The values are presented in percentage. Higher values are
presented in bold.

Tracking using Kalman filter

Constant position

Technique Correct Coverage
Tracking

Time
Accuracy

k = 0 46,6 77,6 90,5 82,9
k > 0, Dccc 53,3 79,8 90,9 181,7

k > 0, DSIFT 50 75,5 89,8 537,8
Constant velocity

Technique Correct Coverage
Tracking

Time
Accuracy

k = 0 26,7 54,9 83,7 78,4
k > 0, Dccc 26,7 52,5 91,2 122,9

k > 0, DSIFT 20 53,3 88,5 474

Table 6.6 Cancer cell detection using Particle filter where k controls the particle weight estimation by
considering the distance between feature descriptors (Dccc and DSIFT ). The values are presented in
percentage. Higher values are presented in bold.

Tracking using Particle filter

Constant position

Technique Correct Coverage
Tracking

Time
Accuracy

k = 0 26,7 64 96,6 256,6
k > 0, Dccc 56,6 76,4 90,7 1309,8

k > 0, DSIFT 53,3 80 97,3 1573,1
Constant velocity

Technique Correct Coverage
Tracking

Time
Accuracy

k = 0 26,7 60,6 94,3 186
k > 0, Dccc 50 73,9 90,3 910,8

k > 0, DSIFT 40 76,7 97,8 1665
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Figure 6.12 Result of the state estimation process for the particle filter: particle (green colour) weight
is represented by the different circle sizes and the final state estimation (red circle) is obtained by the
weighted sum of the particles.

state model. The tracking accuracy was over 90%, indicating that the association of cells be-
tween frames is well performed for most of the cells. Considering the use of the cross correla-
tion coefficient information it was also obtained more than 50% of cells completely well tracked
in the entire time-lapse video (53%) and in an average of 80% of the total number of frames
cells were correctly tracked. The processing time considering the use of the Kalman filter and
cell descriptors was also higher when compared with the detection-association approach as was
expected.

In Table 6.6 we present the performance results by using the particle filter where we can
observe that the better results were obtained by considering constant velocity motion and con-
sidering SIFT descriptors for the cell shape similarity information. By using the particle filter,
we can observe that the different particles get different weights (figure 6.12) and the estimation
of the final state is computed as the weighted sum of the particles.

The final results of using the particle filter exceeded the results obtained by the detection-
association approach and by the Kalman filter. Considering the use of the particle filter to-
gether with the cells descriptors information, it was possible to achieve a tracking accuracy of
97%, indicating that the association of cells between frames is well performed (considering the
use of SIFT descriptors). Also, an high number of cells completely well tracked in the entire
time-lapse video was obtained (56% in the case of using the cross correlation coefficient infor-
mation). Finally, again considering the SIFT descriptors, an high number of frames in which
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Figure 6.13 Result of the tracking process using state modeling through the use of Kalman filter. Cell’s
trajectory is smoother in comparison with cells in figure 6.11.

cells were correctly tracked was also achieved (80%, which represents 125 frames). Again, for
both Kalman and particle filter, the assumption of a constant velocity didn’t improve the results
as in the case of the previous presented detection-association approaches. It is also important
to note that the processing time of using the particle filter is higher when compared with the
Kalman filter and the detection-association approach. Although, the results of using the particle
filter were better and the processing time is not the most important evaluation parameter. The
researchers take several hours to prepare the experiments and get the time-lapse videos and they
do not require an online processing of the data.

In figure 6.13 it is possible to observe the final result of the tracking process where the
trajectory obtained is smother than the one obtained by detection association approaches (fig-
ure 6.11).

The use of particle filters enables the assumption of more complex state models than the
Kalman filter and it will be useful, since we plan to model cell mobility together with changes in
cell morphology to see if it improve the tracking process. The processing time of this approach
is larger than the Kalman filter, however since we are performing the analysis of cell mobility
off-line and not in real time, this is not an important issue, as it was referred previously.





7 . Joint Cell Shape and Mobility Model for Cell Tracking

In experimental in vitro assays, biological researchers have found evidence that supports the
existence of a relationship between cell morphology and cell mobility, more precisely, cell
morphology plays an important role on the directionality and randomness of the cell movement.

Until now we have addressed the cell tracking problem through techniques that do not ex-
ploit the influence of cell shape on the type/directionality of cell motion. Thus, in this chapter
we aim to perform cell tracking using a model that is capable of taking into account changes in
mobility by analysing cell shape. As our main goal, we aim at cell tracking using a joint shape
and motion model of cells which can better handle motion variability and cell interaction.

In order to experimentally identify this relationship between cell morphology and cell mo-
bility we have manually annotated several datasets. By doing this, we were able to observe that
for a specific type of cell movement, there is a frequent type of cell morphology which meet
and proves the thesis of a real relationship between cell shape and mobility. Given this, we
propose to use this relation between shape and mobility to improve the cell tracking process.
By modeling cell motion together with cell morphology changes and use this information to
perform tracking we expect to improve the performance and results of the tracking process.

7.1 Correlation between cell shape and dynamics

From our brightfield data (section 2.1) containing colon cancer cells (RKO), there are several
visible examples indicating a correlation between cell shape and cell mobility. A crop of a typ-
ical image can be seen in Figure 7.1. While at the beginning of the experiment, few minutes
after seeding, all cancer cells are very similar, usually with round shape. However, cellular
morphology and metric significantly changes along the course of the experiment, due to adhe-
sion to the substrate or migration, difficulting the automatic cell detection for tracking analysis.
Cells behave differently during the time-lapse movie, some with reduced mobility (Figure 7.1 -
dotted green ellipse), while other with more mobility (Figure 7.1 - dotted bright and dark blue
ellipses). This makes the shape and appearance of each cell directly related to its mobility, more
precisely with the directionality of the cell movement.

The idea for using cell morphology information to improve cell tracking was based on the
manual analysis and visual inspection of several videos where cells having similar morphologies
tend to move similarly and behave alike. Additionally, it was also visible from this manual
analysis that cells tend to move more in the direction of their major axis (eccentricity), a property
that we aim to explore. We propose to use this relation between shape and mobility to improve
the cell tracking process. Next we present a study where 6 videos from two experimental
conditions were manually annotated. After the annotation process, we analyzed the cells motion
to assess the relation between cell morphology and cell mobility.

71
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Figure 7.1 Example of a typical cancer cell time-lapse movie frame (cropped), with detection of final
motility phenotypes overlaying the initial brightfield image. Different colors indicate different morpholo-
gies (eccentricity).

For the analysis of mobility, we started by getting the persistence measure (Chapter: 4, Per-
sistence section), in order to get the cell mean-square displacement for several time intervals (1,
2, 4, 8, 16, 32, 64 and 128 frames). For each video, we observed the travelled distance for each
cell, in each specific time interval considered. This analysis allows us to get the cell persistence,
described by a persistence line with high slope if it is moving always in the same direction, for
all the time intervals. A persistence line with low slope is originated if cell is not moving, or
has a random motion without a defined trajectory (remains in the same neighborhood).

In order to decrease the influence of the manual annotation, before this study, we smoothed
the manual cell track with temporal windows of different frames (we tested the smoothing by
using temporal windows of 5, 10, 15 and 20 frames). If we consider a temporal window of
5 frames, each cell position in a specific frame is given by the mean of the positions from
f rame−2 to f rame+2.

For the first group of videos, we computed the persistence of each cell, from which we then
cluster all the persistence lines in similar groups. By doing it, we cluster together cells with the
same type of mobility as it is shown in figure 7.2. Each cell cluster is composed by hundreds of
cells for which we have the individual cell shape as we observed in figure 7.3.

Next, we presented some examples that indicate the existent relation between cell morphol-
ogy and the respective mobility. For the cell persistence cluster five (figure 7.4 - left), the most
frequent morphology is mainly ellipsoid/elongated. Since the persistence lines from these cells
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Figure 7.2 Cell persistence clusters (7 clusters).

Figure 7.3 Cell shape from one persistence cluster in consecutive frames.

show that cells are moving always in the same direction (persistence lines with high slope), we
assumed a correlation between this specific cell morphology and the type of mobility that cells
exhibited.

Besides this study that indicates a relation between cell morphology and a specific cell
motion persistence we also performed the analysis of the relation between a specific cell shape
and its orientation with the most frequent direction of movement for that specific appearance.
In this case, we grouped together identical cell appearances (cell appearance of each cell in each
frame) from all the cells in the entire time-lapse videos. Finally, for each group of identical cell
appearances, we computed the displacement of each cell and we observed a correlation between
the cell morphology orientation and the directionality of the cell movement. In figure 7.5 (left
and center) we observed that ellipsoid/elongated cells, as the ones presented in the previous
analysed persistence cluster with high slope, move in the same direction of the main cell axis
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Figure 7.4 Example of a cell persistence cluster from figure 7.2: left: we can observe that the persistence
lines are strait with an high score indicating that cells are moving always with the same directionality;
right: most frequent cell shape examples that have the referred persistence.

Figure 7.5 Example of cells with the same cell morphology. In this case, elongated cells are displayed
on the top images and the displacement of each cell morphology is displayed on the images from below,
where it is visible that displacements are performed mainly according to the main axis of eccentricity of
the cell. In the images from the right side, it is visible one example of elongated cell shapes with the main
axis of eccentricity disposed horizontally, for which horizontal displacements are preferred (according
to the information of the main axis of eccentricity of each cell).
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Figure 7.6 Example of a cell persistence cluster from figure 7.2: left: we can observe that the persistence
lines have a low slope and are not straight which indicates that cells tend to stay in the same position and
not to move, or at least move around its own position not moving to distant places; right: most frequent
cell morphology examples that have the referred persistence.

of eccentricity. This indicates that besides a correlation between cell morphology and the type
of movement, there is also a correlation between the specific cell orientation in a given moment
and the directionality of the cell movement along distinct moments. When the cells main axis
of eccentricity is near an horizontal orientation, cells tend to move mainly in the horizontal
direction, as visible on the right images from figure 7.5.

Another example, now for cells with persistence with low slope (figure 7.6), indicates that
cells tend to stand still in the same position and not to move. For this specific persistence
cluster, the most frequent shape of cells exhibits less pronounced eccentricity. Example cells
are presented in the right image from the figure 7.6. We also observed that these cells are mostly
not so protruding (cells are "blurred") as in the previous example, and these cells do not tend to
be salient.

Evaluating the displacement of cells from the persistence cluster with low slope, mostly
circular (figure 7.7), it is visible that these cells do not move in a specific direction but rather
randomly in distinct directions (isotropic motion). The remaining images from figure 7.7 are
different examples of cells with less pronounced eccentricity, where the respective displacement
of cells is mainly random, not presenting or exhibiting a specific direction of motion.

From this cell morphology and mobility analysis, a correlation between the shape of a given
cell and its displacement was found, which will be further explored in order to verify whether
tracking results could be improved. We have then decided to introduce eccentricity information
as a new parameter to be considered during cell tracking analysis.
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Figure 7.7 Example of mainly circular cell morphologies are displayed on the top images and the next
displacement for each cell with this type of shape is displayed below. It is visible that displacements are
performed randomly and to all the possible directions.

7.1.1 Tracking by Association Using Shape Information

As a first step to explore the correlation between cell morphology and mobility, we extended the
tracking by association methodology based on spatial distances. As explained in section 6.1,
cells are first detected and the cell association is performed based on spatial proximity according
to:

D(xcell,xdetection) = ||xcell−xdetection||, (7.1)

where we measure the Euclidean distance between the location of the cell being tracked xcell
and all the locations of the other detected cells xdetection in order to associate the closer cells.
Both xcell and xdetection correspond to the (x,y) coordinates. In order to explore the use of cell
morphology we added this information to the tracking process by introducing the eccentricity
information to favor matches in that direction of the local gradient of the image [24, 25]. This
is performed through the analysis of the Hessian matrix of the image gradient at each loca-
tion. Additionally, the association of cells across frames is performed by assuming that cell
morphology changes are not abrupt. The applied distance formula was:

D(xcell,xdetection) = [xcell−xdetection]
T H (xcell)

−1[xcell− xdetection] (7.2)
+ k||O2L(xcell)−O2L(xdetection)||,
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(a) (b)

(c) (d)
Figure 7.8 Steps during cell detection: a) Brightfield frame with cells; b) LoG response; c) Detections
overlaid in the image; d) Cells detection revealed as ellipses based on Hessian estimated eccentricity.

where xcell correspond to the (x,y,θ) coordinates and scale of the cell being tracked in the
current frame and xdetection correspond to a candidate for correspondence in the next frame.
The eccentricity information is considered as we incorporate the hessian matrix (H ) in the
distance formula which allows to estimate the eccentricity of cells [55]:

H (x,y,θ) =
[

Lxx Lxy
Lyx Lyy

]
, (7.3)

where the (x,y,θ) values correspond to the location and specific scale given by respective the
LoG detection (figure 7.8 (c)). From the eigenvalue of H we obtain the orientation and ec-
centricity values for the respective ellipsoid shape approximation (figure 7.8 (d)). The second
part of the distance formula is related with the LoG filter’s response magnitude of the cells
under analysis (figure 7.8 (b)). The k parameter is a distance weighting value that controls the
influence of this information in the distance formula [24, 25].
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From the cell detection the identity tracking of cells is performed using the proposed dis-
tance formula in order to give preference to associations in the direction of most likely motion.

7.1.2 Motion and Shape Joint Tracking

Based on the previous section 7.1.1 methodology we want to further explore the use of the
cell shape information by making shape estimation and shape based motion dynamics a single
integrated methodology using particle filters (see section 6.3.2). Since we want to use the cell
shape information the state vector X is given by:

Xk =


xk
yk

radiusk
Σk

 , (7.4)

which is defined by its position (xk,yk), size radius and a covariance matrix Σ that describes the
cell shape, more precisely the eccentricity of the shape (how elongated this is) and the direction
of the elongation. Assuming the covariance matrix Σ as:

Σ =

[
µxx µxy
µyx µyy

]
, (7.5)

the eccentricity of the shape is computed as the ratio of the eigenvalues of Σ and the direction
of elongation is given by using the direction of the eigenvector of Σ with whose corresponding
eigenvalue has the largest absolute value.

As we increase the number of variables in our state, particle filters become more computa-
tionally expensive as the number of particles needed for the sampling process increases expo-
nentially with the number of the space variables (O(N2)). As such, it would be impossible to
get results with standard sampling methods because of the high computational cost. Within the
literature about particle filters the use of partitioned sampling has been proposed for avoiding
the high cost of particle filters when applied to high-dimensional configuration spaces [58, 83].
The partitioned sampling technique is the statistical analogue of a hierarchical search where
the space is partitioned in sub-spaces. The intuition behind partitioned sampling is that instead
of searching the entire space, where we would need a large number of particles, we can di-
vide the state space into two or more partitions and sequentially apply the dynamics for each
partition followed by an appropriate weighted resampling operation [58, 83]. Considering this
principle, we would only need a certain amount of particles for each partition and this amount
would increase linearly with the number of partitions (O(N)). Another important advantage
of partitioned sampling is that the number of particles devoted to each partition can be varied.
Partitions which require a large number of particles for acceptable performance can be satisfied
without incurring additional effort in the other partitions.

We considered the use of partitioned sampling for joint cell shape and mobility tracking
using particle filters. In our work we partition the space by searching first for the cell position,
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followed by the cell size and finally searching for the cell shape according to:

X = X ′×X ′′×X ′′′, (7.6)

where the space X is partitioned in 3 parts:

• X ′ ≡ position (x,y);

• X ′′ ≡ size (radius);

• X ′′′ ≡ shape (Σ).
With our chosen state partitioning we are able to factorize the state’s posterior sampling

likelihood into multiple sequential sampling steps, each for a given partition:

P(Xk|Zk)→ ∼ → h1(X
′
k|Xk−1) → ∼ q(Zk|X

′
k) (7.7)

∼ → h2(X
′′
k |X

′′
k−1,X

′
k) → ∼ q(Zk|X

′′
k ,X

′
k)

∼ → h3(X
′′′
k |X

′′′
k−1,X

′
k) → ∼ q(Zk|X

′′′
k ,X

′
k) → P(X

′′′
k |Zk)

where the ∼ symbol denotes resampling, h j, j = 1,2,3 is the dynamics and ∼ q(Z|X i), i = ′,′′ ,′′′

denotes for the weighting process of each subspace. The dynamic tested was the same as in
section 6.3.2 which was given based on the assumption of a random (N (X i

k,σ)) or constant
velocity (N (X i

k + vi
k,σ)) motion models where σ corresponds to the diffusion and vi

k is the
velocity in frame k. The distribution P(Xk|Zk) is approximated using a weighted particle set
{X i

k,π
i
k}

N
i=1 as explained in section 6.3.2.

Initially, to define each cell trajectory, we initialized several particles to acquire the initial
shape of the cell, so we can use this shape information through the tracking process. For this we
sample particles (X i

k) on the cell location applying some diffusion according to N (X i
k,σ) on

their (x,y) position, radius and covariance matrix Σ information as it is represented in figure 7.9
(b). For each particle we create a filter according to the eccentricity information given by the
covariance matrix Σ that is used to estimate particles’ weight by filtering the input image. The
filter is created according to the distribution obtained from:

N (X ,µ,Σ) =
1

(2π)d/2|Σ|1/2 exp(−1
2
(X−µ)T

Σ
−1(X−µ))), (7.8)

where Σ is the covariance matrix, X represents the spatial location (x,y) of the specific particle
and µ is given by the size of the particle (radius). Based on the weight of each particle, we
compute the sum of the weighted particles according to:

X̂k ≈
N

∑
i=1

π
i
kX i

k (7.9)
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(a) (b) (c)

Figure 7.9 Initial cell morphology acquisition of the cell to be tracked (burn in process of particle filter):
a) Original image with the cell shape; b) Burn in process where several particles in different positions,
with different sizes and shapes are created; c) Initial cell shape acquisition result as a mean of the different
weighted particles (considering position, size and shape).

(a) (b) (c)

Figure 7.10 Tracking process focused on the estimation of the cell position: a) Shape distribution ac-
cording to the previously estimated cell shape (figure 7.9) from which particles are sampled and diffused;
b) Particles diffused on top of the cell being tracked; c) Measured particle weights (different circle sizes
means different weights) where it is visible that higher weight is given to the particles in the center of the
cell where the SIFT descriptor is probably more similar to the SIFT descriptor of the cell being tracked.

where X̂k is the initial estimated shape (figure 7.9 (c)) that besides position information it also
contains information regarding the size and shape of the cell being tracked.

Given the initial estimated state X̂k, we perform the first part of the partitioned sampling
to estimate the cell position corresponding to the space X ′. This is performed by sampling
particles according to the previously estimated state X̂k where we then apply some diffusion to
the (x,y) information of each particle according to the particle eccentricity information given by
covariance matrix Σ and we apply the chosen dynamics. The distribution is visible in figure 7.10
(a) and from this information, particles will be diffused with higher probability along the main
axis of the particle shape distribution. The particles (visible in figure 7.10 (b)) are then weighted
by computing the Euclidean distance between the SIFT descriptor of the current particle i at
frame k (X i

k) being analysed and the SIFT descriptor of the same particle in the previous frame
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(a) (b)

Figure 7.11 Tracking process focused on the estimation of the cell size: a) Different cell sizes are
considered (through the diffusion process); b) Estimated cell scale according to particle weights.

(X i
k−1) according to:

DSIFT (F(X i
k),F(X i

k−1)) =

√
D

∑
n=1

(Fn(X i
k)−Fn(X i

k−1))
2, (7.10)

being D the number of SIFT descriptors. Given the computed distances we get the weight of
each particle according to:

π
i
k =

1
DSIFT (F(X i

k),F(X i
k−1))

, (7.11)

where as smaller it is the distance between SIFT descriptors the particle weight will be higher
(figure 7.10 (c)).

Next, we proceed to the next part of the partitioned sampling where we want to esti-
mate the cell size radius. We sample particles again from the previous weighted particles
{X i

k−1,π
i
k−1}

N
i=1 where each X i

k is selected independently from x1
k , . . .x

n
k with probability equal

to π i
k−1 obtaining a new set of particles with equal weight {X i

k,1/N}N
i=1. We apply diffusion and

dynamics to the scale information of each particle (figure 7.11 (a)). By filtering the image using
a LoG filter on the position (x,y) of each particle with the specific scale information we get the
weight of each particle that will be higher if the particle is in a correct place with a correct scale.
According to the particle weights we estimate the scale of the cell being tracked (figure 7.11
(b)).

Finally, we consider the final part of the partitioned sampling proposed which is responsible
for the estimation of the cell shape. This is a relevant information that will also be used in the
next iteration of the particle filter on the next frame. For that we first sample particles according
to their weights as in the previous step to which we apply diffusion using the estimated eccen-
tricity and orientation. This diffusion is applied to the covariance matrix Σ from the previous
particle shape information at frame k− 1. We then created shape filters for each particle ac-
cording to this information which are used to filter the image on the respective position of each
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(a) (b)

Figure 7.12 Tracking process focused on the estimation of the cell shape: a) Different cell shapes are
considered(through the diffusion process); b) Estimated cell shape according to particle weights.

particle in order to measure the weight for each particle (figure 7.12 (a)). This allows for the
estimation of the final shape, size and position for each cell, in the current frame, by computing
the sum of the weighted particles (figure 7.12 (b)). Again, this information will be used in the
next frame to sample and diffuse particles and repeat the entire process.

Through the use of particle filter considering the proposed joint cell shape and mobility
model, one can estimate, each cell position and shape, along all time lapse video frames. This
information is used to compute mobility measures, which corresponds to the biologically mean-
ingful information required for mobility analysis along time.

7.1.3 Cell Interaction

The interaction between cells can also induce changes in the mobility of cells. Therefore, we
aim at performing cell tracking using a model that is capable of taking into account interactions
between cells to improve the tracking results. This interaction is analysed in terms of cell
proximity and some parametrization to the cell tracking process can be added such as:

• Cells do not overlap each other (penalize overlaps);

• Isolated cells are not affected by the existence of other cells (cell mobility and morpholo-
gy is not affected);

In order to introduce the interaction model to the particle filter we need to consider all the
cells together. Therefore our state Xk instead of having information of only one cell (position,
velocity and radius) it incorporates the information of all the cells so that the interaction can be
modeled. The state vector becomes:

Xk =
[
C1

k C2
k ... Ci

k
]
, (7.12)

where Ci
k is relative to each cell i, i = 1, ...,N, having information relative to the position,
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velocity and radius of all the cells for frame k:

Ci
k =

[
xi

k yi
k radiusi

k

]
. (7.13)

In the previous section 7.1.2 we assumed that:

P(Xk|Xk−1) ∝

N

∏
i=1

p(X i
k|X

i
k−1). (7.14)

where we used the particle filter to weight each particle i based on a likelihood score, and then
we propagate the weighted particles according to a motion model. As we want to model the
interaction between targets and considering the new state, having information of all the cells,
we simplify the tracking procedure considering a graph-based MRF (Markov Random Field)
constructed for each individual frame. An MRF is a graph with undirected edges between
nodes where the joint probability is factored as a product of local potential functions at each
node, and interactions are defined on neighborhood pairs of nodes. Without a MRF it would
be very difficult to perform the tracking of all cells together since we would have an huge
dimensionality model and it would require an high number of particles. Assuming the pairwise
MRF we can add it to the Bayes filter formulation:

P(Xk|Xk−1) ∝

N

∏
i=1

P(X i
k|X

i
k−1) ∏

i j∈E
ψ(X i

k,X
j

k ) (7.15)

where the ψ(X i
k,X

j
k ) are pairwise interaction potentials (close cells) of the MRF. This enables

us to specify how to control the joint behavior of interacting targets. At the same time, the
low weight (absence) of an edge in the MRF encodes the domain knowledge that targets do
not influence each other’s behavior. Thus, given a potential interaction, we consider the Gibbs
distribution to express ψ(X i

k,X
j

k ):

ψ(X i
k,X

j
k ) ∝ exp(−g(X i

k,X
j

k )), (7.16)
with:

g(X i
k,X

j
k ) =

1

D(X i
k,X

j
k )

where D(X i
k,X

j
k ) is the spatial distance between X i

k and X j
k particles. If D is small (close

particles) then g(X i
k,X

j
k ) will be high meaning a high penalty by ψ(X i

k,X
j

k ). As it is visible in
the figure 7.13 (black dash line), two particles belonging to cell A (particles identified by blue
up triangles) are very close to two particles belonging to different cells (particles identified by a
red star and green circle) which means that these particles will be penalized according to Gibbs
distribution.

In order to simplify the MRF we do not consider the entire field given all the cells to be
tracked. Rather we model cell interaction by first identifying the neighbouring cells for all the
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Figure 7.13 Close insight into the particles from cell A (blue up triangle) and the particles from the
neighbor cells (different colours and shapes). It is visible that 2 particles from cell A (blue up triangle)
are very close to other particles (red star particle and green circle particle). In this case, these particles
weight is penalized. On the left it is visible the identification of the neighbor cells from cell A and B
(dash line) based on spatial proximity.

cells being tracked (figure 7.13) and the potentials pairwise interaction ψ(X i
k,X

j
k ) are simplified

by making them not effectible for cells that are distant to all other cells. We measure the distance
between cell locations according to:

D(Ci
k,C

j
k) =

√
(xi

k− x j
k)

2 +(yi
k− y j

k)
2, (7.17)

where k identifies the frame under analysis and we measure the distance between the location
of cell i and cell j according to the spatial position given by x,y coordinates. Given the distance
between all possible cell coordinates we identify the neighboring cells as:

Ni j
k =

{
1, i f D(Ci
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j
k)≤ T hN

0, otherwise.
(7.18)

where cells i and j are only considered neighbors (Ni j
k = 1) if they are within a maximum range

T hN normally being 3× radius. As such, the potential interaction becomes:
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1, otherwise.
(7.19)

For the cases where cells are not neighbors (Ni j
k = 0), where cells are apart from others, the MRF

indicates the absence of a potential interaction and for these cells the particle filter becomes
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equivalent to an independent tracker. When the MRF indicates a potential interaction between
cells, the tracking process is performed jointly by the particle filter where the cell likelihood is
computed taking into account the location of those cells. Given this, equation 7.15 becomes:
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P(X i
k|X

i
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ψ
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j

k ) (7.20)

where the interaction analysis is applied only for particles belonging to neighbor cells Ni j
k = 1.

By using this cell proximity information we take into account cell interactions and we expect
that it improves the tracking results.

7.2 Cell Tracking Results

We evaluate our approach in the same data used in the previous section 6.4.4. This was per-
formed in one time lapse brightfield video containing colon cancer cells manually annotated by
experts.

7.2.1 Tracking based on Spatial and Shape Information

We started by evaluating the use of a detection-association approach with the shape information
integrated considering 21 brightfield images from one time lapse video, containing 81 cancer
cells (RKO) manually annotated. We selected this small data (in comparison with the data
used in section 6.4.2) in order to quickly find if the shape information lead to improvements
in the tracking results. This was performed through the use of the Hessian matrix (H ) of the
image gradient information that have information relative to both eccentricity and orientation of
cells. By considering this information together with the spatial distance analysis we were able
to perform cell tracking. For the applied distance formula containing the spatial distance and
shape information we also tested the addition of the LoG filter response information since we
assume that cell morphology changes are not abrupt between frames and so the LoG response
should be similar for the same cell in consecutive frames.

From the obtained results (table 7.1) we can observe that, by using Euclidean distance based
association (equation 6.1), the obtained accuracy was 74%. By using our local eccentricity
based distance, we were able to improve the tracking by association results, from 74% to 76%
(considering k = 0) which corresponds to 34 less errors, improving both the amount of frames
in which a cell is correctly tracked (from 30% to 31%) and the amount of cells that are correctly
tracked in our data (from 62% to 63%). By adding the LoG response to the distance formula,
by changing the k parameter to 3, the tracking accuracy value over the 21 brightfield images
became higher (79%) which means that, when compared to the result obtained with the Eu-
clidean distance, more 85 cells where correctly identified. A simple example of a cell tracked
considering the proposed methodology is available on figure 7.14 where the location history of
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Table 7.1 Performance evaluation of the tracking results (percentage values), considering a detection-
association approach using only the spatial Euclidean distance and considering associations using ec-
centricity and LoG response information. The k parameter controls the influence of the LoG response
information. The results were obtained on 21 brightfield images containing 81 colon cancer cells.

Detection-association approach Correct Coverage Accuracy
Euclidean distance 30 62 74

Eccentricity based distance Correct Coverage Accuracy
(k = 0) 31 63 76
(k = 1) 31 61 77
(k = 3) 27 60 79
(k = 5) 24 54 75
(k = 10) 25 48 74

Figure 7.14 Tracking result of one cell considering the tracking by detection-association approach: top)
tracking result by using Euclidean distance based association; down) tracking result by using our local
eccentricity based distance. It is possible to observe that in the final frame (min: 00:01:54:59:609) the
Euclidean distance based association fails while the eccentricity based distance correctly identifies the
cell being tracked.

the cell in three frames of the time lapse video is presented in the blue continuous line and in the
specific example it is possible to observe that the tracking based on the Euclidean distance fails
while the tracking based on the eccentricity distance correctly identifies the cell being tracked.

We concluded that by using local anisotropy clues given by the analysis of the Hessian ma-
trix of the image gradient information it was possible to correctly estimate the cells eccentricity
and using that information improve the tracking results. The results were improved further by
using the LoG filter’s response magnitude values as we were able to track more cells correctly
for the full movie’s length.
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Figure 7.15 ROC curves for the evaluation of the cell detection task considering different methods: PF
- particle filter during burn in; LoG Hessian - LoG filter considering the Hessian matrix of the image
gradient on each detection location; LoG - LoG filter; IF - iris filter; CF - coin filter; ARF - adaptive
ring filter; SBF - sliding band filter; RF - ring filter matching. The results are available in percentage
values and were obtained by varying the threshold value. For the case of the particle filter the results
were obtained for different number of particles.

7.2.2 Tracking based on Motion and Shape Joint Tracking

In order to evaluate the results of the tracking approach, based on the joint motion and shape
model, we used the same data used in the previous chapter (section 6.4.1) where 30 colon cancer
cells were randomly selected and tracked in 156 brightfield images of one time-lapse video.

First we evaluated if the particle filter is as good as the remaining approaches tested (sec-
tion 5.1) in performing cell detection. We compared the use of the particle filter, during the burn
in step (section 6.3.2), with the LoG filter and the local interest point detectors tested: iris filter
(IF), coin filter (CF), adaptative ring filter (ARF), sliding band filter (SBF), and the use of the
ring filter (RF), where we applied the aforementioned techniques varying the threshold value
(for the particle filter we varied the number of particles used) and checking the precision and
recall results by comparing with the manual annotation (figure 7.15). We tested aforementioned
techniques on 11 brightfield images, trying to detect all cells present in each image. Given the



88

Figure 7.16 Segmentation fitness measure according to F1-score for cell shape estimation for different
detection methods: PF - particle filter during burn in; LoG Hessian - LoG filter considering the Hessian
matrix of the image gradient on each detection location; LoG - LoG filter; IF - iris filter; CF - coin filter;
ARF - adaptive ring filter; SBF - sliding band filter; RF - ring filter matching. Details on section 5.3.2.

detections of each method we then measured the Precision and Recall values (equation 4.2) as
explained in section 4.1. The results show that the LoG filter achieved an high recall value.
Although, the results achieved by using the particle filter present an high precision and recall
value without being dependent of the threshold parameter.

We also performed the comparison of the shape fit score by using the particle filter and the
remaining cell detection techniques tested (figure 7.16). This was performed by computing the
Dice’s Coefficient segmentation fitness measure, F1-score (equation 4.1) from section 4.1. The
results were again obtained by varying the threshold value. For the particle filter technique we
varied the number of particles and no major differences were found, since the F1-score value
was around 80% for all techniques.

Finally, we also measured the computation time of the particle filter in comparison with the
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Figure 7.17 Execution times comparison between the particle filter and the LoG filter for the task of
colon cancer cell detection in 1 brightfield image. The LoG filter results are presented in blue color line.
For the particle filter different number of particles were tested as well as different amount of cells to be
detected (randomly selected): detection of all the cells in the entire image (red line); detection of only 20
cells (yellow line), 11 cells (black line), 5 cells (green line) and finally only 1 cell (dashed black line).

LoG filter. We compared against the LoG filter because this technique, from all the techniques
tested, presented the best results in both cell detection and shape fit score. We measured the
mean time of applying the LoG filter in one frame from the time lapse video and we compared
with the particle filter mean processing time on the detection of different number of cells. We
measured the processing time of using the particle filter for the detection of all cells in the entire
image and also the processing time of detecting only 20, 11, 5 and 1 cells that were randomly
selected. We compared with different number of cells since biologists researchers are interested
in the analysis not of all population but of a representative number of cells (figure 7.17). We
observed that applying the particle filter in all cells available takes around 120 seconds per
frame and this number increase as we increase the number of particles as expected. Applying
the particle filter for a lower number of cells takes less time and particularly for 1 cell it is
faster than applying the LoG filter. We also observed that the processing time is similar as we
increased the number of particles for the analysis of a lower number of cells.

The combined analysis of cell detection and shape estimation by using the particle filter was
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Table 7.2 Tracking results obtained by the particle filter considering the motion and shape joint tracking
approach. The results were obtained for 156 brightfield images of one time-lapse video where 30 cells
were automatically tracked. The use of partitioned sampling was compared with the use of the classical
particle filter and also the performance of using or not the interaction model was obtained. The total
processing time was annotated for comparison (seconds).

Particle filter + shape Interaction Correct Coverage
Tracking Time
accuracy (sec)

Without partitioned sampling
Not using 50,0 88,5 90,5 224270

Using 56,7 87,7 92,1 232330

With partitioned sampling
Not using 60,0 89,4 95,9 8970

Using 70,0 93,3 95,7 9186

considered as an appropriated technique to be used in cell tracking. In addition to the results
achieved in the precision recall curves, shape fit score and processing time, the particle filter
also enables the assumption of complex state models that were not possible with a detection-
association approach.

In table 7.2 we can observe the results of considering the joint motion and shape model to
perform cell tracking considering the partitioned sampling technique in comparison with the
classical particle filter. We also obtained the results of using the interaction model and with-
out the use of this information. In conclusion we found that the use of the particle filter with
partitioned sampling and considering both shape model and the interaction model achieved the
best results with an high tracking accuracy (Tracking accuracy value of 95,7%), high number
of cells tracked correctly in the entire time lapse video (Correct value of 70% that corresponds
to 21 cells correctly tracked) and an high number of average frames where cells were correctly
tracked (Coverage value of 93,3% that corresponds to 145 frames approximately). In com-
parison with the traditional particle filter, the results improved by considering the partitioned
sampling approach and by adding the interaction model. Also, comparing the results obtained
by the traditional particle filter (section 6.4.4), the results did improve by adding the shape
model. Finally, the processing time of using the joint motion and shape model also increased
compared with the remaining approaches, but again, this is not an issue since the researchers do
not want an online processing.



8 . Developed Software

The developed tools were implemented in MAT LABT M and a MSWindowsT M 64-bit version
was compiled. The software next presented are available at https://web.fe.up.pt/ dee11017/.
It requires the installation of MAT LABT M or of the MAT LABT M Component Runtime (MCR)
installer.

We developed three different tools:

• MobilityAnalyser software;

• BacteriaMobilityQuant tracking software;

• Background pattern removal (incorporated in MobilityAnalyser software).

In the case of the MobilityAnalyser software several publications refer the developed tool:

• A. Carvalho, T. Esteves, P. Quelhas, Fernando Jorge Monteiro, CellTracking: quantifica-
tion of mesenchymal stem cells migration on different micropatterned surfaces, Bioinfor-
matics (under evaluation), 2015.

• A. Carvalho, T. Esteves, P. Quelhas, F.J. Monteiro, An automated Matlab tool to quantify
cell migration on micropatterned surfaces, 4th I3S Annual Meeting, Povoa de Varzim,
Portugal, 2014.

• T. Esteves, M. Jose Oliveira, P. Quelhas, Cancer cell tracking using a Kalman filter, Rec-
Pad, Lisboa, Portugal, 2013. =>(Received the Best Poster Award)<=

• T. Esteves, M. Jose Oliveira, P. Quelhas, Cancer cell mobility analysis based on local in-
terest point detectors, 2nd International Symposium in Applied BioImaging, Porto, Por-
tugal, 2013.

• T. Esteves, M. Jose Oliveira, P. Quelhas. Cancer Cell Detection and Tracking Based on
Local Interest Point Detectors. ICIAR, Volume 7950, pages 434-441, Povoa de Varzim,
Portugal, 2013.

• T. Esteves, Angela Carvalho, Fernando Jorge Monteiro, P. Quelhas, Periodic background
pattern detection and removal for cell tracking, LNCS ICIAR, Volume 8815, Springer
Verlag, pages 123-131, 2014.

• T. Esteves, Angela Carvalho, Fernando Jorge Monteiro, P. Quelhas, Detection and re-
moval of periodic background patterns for improving of cell tracking analysis, DCE -
2015 Symposium on Electrical and Computer Engineering, FEUP, Porto, Portugal, 2015.
=>(Received the Best Poster Award)<=

The CyanoBacteriaQuant tracking software is described on the journal:
91
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Figure 8.1 Graphical user interface of the developed MobilityAnalyser software that allows for manual
and automatic tracking of cells and mobility analysis and quatification.

• Nils Schuergers , Tchern Lenn , Ronald Kampmann , Markus V. Meissner , Tiago Esteves
, Maja Temerinac-Ott , Jan G. Korvink , Dr. Alan R. Lowe , Annegret Wilde, Cyanobac-
teria use micro-optics to sense light direction, eLife Sciences Publications Limited, 2015.

Next these tools are presented.

8.1 MobilityAnalyser software

In order to allow biology researchers to use our work in their experimental analysis tasks we
developed an easy to use software to perform cell detection and tracking. In Figure 8.1 is visible
the graphical user interface of the developed software application where the tracking result of
several cells is presented.

The analysis of cell mobility is very important for the characterization of the cell behaviour
and correlation with each specific biological assay. The time required to perform it manually
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and by visual inspection is huge and prone to induce subjective bias. Therefore, the develop-
ment of this sofware was required and necessary and currently being improved in collaboration
with the cell biology researchers. For this specific work, the software was required for the
comparison of colon cancer cell mobility when exposed with different levels and time ionizing
radiation, as used to treat colon cancer patients.

The software allows the user to open videos of the performed experiments, perform single
and multiple cell tracking through time, and finally perform cell mobility analysis. Moreover,
it allows the user to choose between two possible operation modes: manual and automatic.
Through the first operation mode the user is required to manually click on top of the cell be-
ing tracked along all the frames of the time-lapse video. Given this information, the mobility
analysis is automatically computed. Through the second operation mode the software performs
the cell tracking automatically and when the results are displayed the user can check and cor-
rect it and thereafter the automatic mobility analysis is performed. From the chosen video, it
is possible to perform the analysis only in a specific region by cropping the video. Then, the
user can choose between perform a complete manual analysis, or let the software to perform the
tracking of cells automatically. The user is able to stop the process of cell tracking and correct
the track wherever an error is found. The corrections are also allowed at the end of the tracking
process. The data analysis can be performed for all the initial detected cells or just for specific
ones, selected by the user, as well as the video interval to perform the analysis and the number
of intervals to consider in the specified interval.

The mobility analysis includes measurements on main trajectories, persistence analysis,
distance and velocity of migration and an excel file is created having this information, as well
as a video file containing the tracks of each cell.

In addition to facilitate cell annotation by biologist researchers, this tool help us in vali-
dating our tracking system. Currently this validation is performed by comparing the obtained
tracks from the automatic approach with the tracks obtained manually by experts. By using this
software the obtained tracks are corrected on-line.

The manual for the MobilityAnalyser software can be found on Appendix B.

8.2 BacteriaMobilityQuant tracking software

The BacteriaMobilityQuant software is available online at:

• https://web.fe.up.pt/ dee11017/software/BacterialMobilityQuant.zip.

This software is a user-friendly application to perform the automatic quantification of cyanobac-
teria mobility in time-lapse videos (graphical user interface is presented in figure 8.2 - left). This
research is dedicated to study bacteria mobility in response to an unidirectional light source in
order to understand how cells sense the position of the light. The required software performs
the automatic tracking of the cyanobacteria and then computes and saves the mobility results



94

Figure 8.2 Left - developed BacteriaMobilityQuant software. Right - cyanobacteria mobility analysis:
schematic overview of the experimental set-up, followed by movement of cells with oblique illumination
from two orthogonal directions, and then from both directions simultaneously. In each experimental
example, the raw video data is followed by the same movie clip with the tracks of cells superimposed.
Time in minutes is indicated. Video from [81].

Figure 8.3 Bacteria detection using the LoG filter.

in an excel file as images are recorded with the results. Example of the results obtained in this
work are displayed in figure 8.2 (right).

The software is based on a detection-association tracking approach that relies on the Lapla-
cian of Gaussian filter (LoG) for the task of bacteria detection [26, 27]. The LoG filter is based
on the image scale-space representation to enhance the blob like structure as introduced by Lin-
deberg [55]. The scale of the LoG filter is set to the expected range of the bacteria radius. The
bacteria detection is performed by detecting local maxima of LoG response in the input im-
age (number of patches for local maxima detection controlled manually by a parameter). The
detected maxima enables the estimation of bacteria location (example of bacteria detection is
available in figure 8.3). We perform bacteria tracking based on the spatial distance between
detections in consecutive frames [27]. This methodology was selected since the specific data
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(a) (b) (c)

Figure 8.4 Different micropatterned surfaces with cells on top (brightfield images): a) Flat surface; b)
Pillar pattern surface; c) Line pattern surface.

to be analysed has an high frame rate, which means that cells do not cross each other from one
frame to the next one, and that cells are easy to follow. Also, as we verified in section 6.4.2,
the detection-association tracking methodology has lower processing time so the results are
obtained faster.

The software allows the user to open time-lapse videos of the performed experiments, to
perform bacteria tracking through time and finally to perform bacteria mobility analysis. The
results are saved in an Excel file together with an image result representing all cyanobacteria
trajectories and a video file with the tracking results. Furthermore, it is possible to perform
the analysis only within a specific region by cropping the video, increasing the speed of the
analysis.

The manual for the CyanoBacteria software can be found on Appendix C

8.3 Background pattern removal

The methodology for background pattern detection and removal is incorporated in the Mobil-
ityAnalyser software (section 8.1). It was specifically developed for the analysis of patterns
composed of lines or columns as it is visible in figure 8.4.

The study of cell morphology and cell mobility variation when cells are grown on top of pat-
terned substrates is becoming a very important factor in tissue regeneration. The analysis of cell
behaviour, when interacting with different micropatterned surfaces, has gained increasing inter-
est in the last years [14, 72]. Biologist researchers started producing micropatterned surfaces
on biomaterials to study the possibility to modulate cell behaviour through alteration of bioma-
terials topography [14]. Micropatterned surfaces can be developed with controlled chemistry,
roughness, thickness and textures to study its influence on cells (figure 8.4). Those cell/surface
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(a) (b) (c)

(d) (e) (f)

Figure 8.5 Background reconstruction and subtraction from the original image: a,d) original images;
b,e) periodic background pattern detection and reconstruction; c,f) final result obtained from the subtrac-
tion of the reconstructed background pattern from the initial original image.

interactions are analyzed in order to access cell metabolic activity, adhesion morphology, prolif-
eration and lineage differentiation [72]. Measurements of cell alignment, elongation and guided
mobility on the surface are essential to confirm these interactions [72]. Currently there is no
automatic methodology to perform this measurements on patterned surfaces. Measurements are
performed mainly by visual inspection alone [72].

The required cell mobility and morphology analysis are already performed on other studies
where the background is flat [26, 27, 52, 28]. Nevertheless it is known that there is an de-
pendency between segmentation and interferences or changes in the image background, like
changes or distortions of image intensity or illuminance [89]. However, image background pre-
processing steps are mainly concerned with intensity inhomogeneities and illumination [79, 60,
98].

In order to facilitate cell detection and tracking for mobility and morphology analysis, we
propose a new approach to automatically detect the periodic background pattern, synthesize the
full background, and remove it from the original image. The proposed approach consists of
four steps: first we evaluate if there is a periodic background pattern or not; then, if it exists,
we detect the background pattern based on its periodicity; after that we synthesize the full
background image; finally we subtract the background from the original image obtaining only
information related to the existing cells (example of the reconstructed background is available
in figure 8.5 - b,e). The implementation details and a complete description of the methodology
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 8.6 Cell trajectory (a, b and c), travelled distance (d, e, f) and persistence analysis (g, h and i) of
the MSCs on top of the silica thin films: a,d,g) flat; b,e,h) micropatterned pillars; c,f,i) micropatterned
lines.

is available in [23].
When a video is selected for analysis in the MobilityAnalyser software, the user can define

which background pattern (lines or columns) is available, in case of the background pattern is
not flat. Given this the pattern periodicity is automatically analysed and found, and based on
this information the background pattern is finally removed (figure 8.5 - c,f). Given the removal
of the periodic background pattern, the LoG filter is used to detect cells and location is achieved
without background pattern interference. From the cell detection result the cell tracking is then
possible (figure 8.6 (a-c)).
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Regarding the biological assessment, cells on the micropatterned surfaces showed a higher
migration distance with higher velocities than cells on the flat substrate [13]. The micropatterns
influenced the directionality of cell migration, with cells on the micro-lines substrate moving
along the grooves. Both migration distance and velocity are significantly higher in the mi-
cropatterned surfaces in comparison with the flat substrate (figure 8.6 (d-f)). The trajectory of
cells moving on top of a flat surface is mainly random (occurring in all the directions), but it
is visible that cells tend to stay always around the same location since the maximum travelled
distance is at most 50µm. In turn, cells in the micro-lines are "guided" through the ridges with
a very "distinct" directionality, moving alongside the lines, with a maximum travelled distance
of 150µm [13].

Regarding the persistence analysis, the flat background results presented persistence lines
with very low slope (almost horizontal) meaning that the cells were always in the same location
as it is visible in the figure 8.6 (g-i) having the cell trajectories. The mean distance travelled
by the cells was of approximately 59µm while the velocity was around 0,39µm/sec. The cell
mobility results on top of micro-lines showed that cells were moving more when comparing
with the mobility of cells on top of a flat surface. The persistence lines have a high slope
indicating also that cells move with the same directionality as it is also visible for most of
the cells on figure 8.6. We also observed that cells are moving along the main orientation
of the micro-lines composing the background. Considering this background pattern the mean
distance travelled was approximately 102µm and the mean velocity of all the tracked cells
was 0,68µm/sec. Finally, considering the micro-pillars background, the cell persistence results
showed again persistence lines with high slope indicating that cells are moving and migrating to
different locations, not being the entire time lapse video around the same location. Nevertheless
it is visible that the movement is not as directional as in the case of the lines background.
Finally, the mean distance travelled was around 87µm and the velocity was approximately
0,58µm/sec [13].

The obtained results show that cell migration was accelerated due to the existence of the
patterns. In addition, the lines pattern caused the highest cell velocity, accelerating cells migra-
tion through the grooves. The influence of patterns on the cell movement and directionality is
clear as we observe that cells are moving more in comparison with the flat substrate.



9 . Conclusion

The main topic of this thesis was the development of techniques to perform accurate and robust
multi cell tracking in brightfield images of adenocarcinoma-derived colon cancer cells (RKO).
This enables the analysis of cancer cell mobility which is fundamental for understanding com-
plex cellular responses, explore underlying molecular mechanisms, leading to the development
of novel therapies for cell behavior regulation. To address this problem we worked on two main
tasks, cell detection and cell tracking, resulting in several contributions to the state-of-the-art
(see section 1.4).

In order to have a basis where we could test our approaches we start with data collection
and organization. In our work we were specifically focused on cells from brightfield microscopy
images. Several videos were collected for analysis that were manually annotated. The position
of each cell through each frame was collected. With this information we accessed and measured
the performance from our tested hypothesis.

The brightfield videos were also annotated by the biologist researchers through the use of
one tool developed within the scope of this thesis. It is an easy to use tool that allows for manual
annotation of cells on time lapse videos. In one hand, through the use of this tool we were able
to collect more and more annotations for our methodology validation, and in other hand it was
possible to compute specific mobility measures useful to characterize the mobility of cells in
biology assays. This tool was later improved, where the tested automatic tracking approaches
were incorporated, while maintaining the possibility of manual changes on the obtained tracking
results.

Focused on the development of new tracking approaches, we started by addressing the task
of cell detection. We started by testing several classical segmentation techniques to have a
baseline for comparison with other techniques. We then tested the use of local interest point
filters and for this task we compared the use of a ring filter matching approach, local conver-
gence filters and the scale-normalized Laplacian of Gaussians filter. From the existing local
convergence filters, we selected the Coin filter, the Iris filter, the Adaptative Ring filter and the
Sliding Band filter. The results evidenced significantly better results for convergence filters than
for baseline methods. Specifically, the use of the Laplacian of Gaussians filter revealed good
detection accuracy performance, coupled with a good processing time performance. For the
task of cancer cell detection it achieved an accuracy of 78% and for the shape estimation this
filter together with the local image Hessian information obtained an F-measure of 81%. We
also have applied this specific technique for the task of immunogold particles detection on elec-
tron microscopy images with high-efficiency (performance above 85% of both precision and
recall). This was performed to held the study of different types of cell wall growth, to deter-
mine relevant differences on their composition, and if their transport capabilities are similar.
This technique was applied for other type of data analysis, during our participation at the Cell
Tracking Challenge, organized in the scope of ISBI international conference (2015). During
this challenge, the analysis of cell mobility was considered fundamental for understanding the
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mechanobiology of cell migration and its multiple implications in both normal tissue develop-
ment and diseases. For this purpose, the first evaluated task was the cell detection, for which we
achieved good results among teams from Germany, United States, France, Sweden, Singapore,
The Netherlands, Czech Republic and United Kingdom. While some teams only provided so-
lution for specific datasets, our team submitted results for all the datasets, demonstrating that in
general our approach work for different data types.

For automatic cell tracking, we started with the implementation of the cell tracking, based
on the detection-association technique where cell detection is first performed, and then cells in
consecutive frames are associated based on spatial location (nearest-neighbor). We then tested
the addition of similarity measures between cells, through the use of cell appearance descriptors
(image pixel information and SIFT descriptors). This information was used during cell tracking
to maintain cell identity across frames. We tested the performance of these techniques on colon
cancer cells on brightfield time lapse videos, where the use of descriptors information led to
better performance (89,8% of tracking accuracy achieved by considering the SIFT descriptors).
We also applied the tracking based on detection-association in 2D and 3D microscopy image se-
quences of the Cell Tracking Challenge previously referred. We used the detection-association
approach in this challenge because it is faster to obtain the final tracking results, and the time
consumption was also evaluated. Our approach was applied to all datasets, demonstrating the
robustness of both developed cell detection and cell tracking approaches and our team was
classified 4th position among all the participants. We also applied this methodology on the au-
tomatic tracking of cyanobacteria in brightfield images, a study conducted in collaboration with
FRIAS institute (Freiburg Institute for Advanced Studies), where I did a 3 months internship
during my PhD. Through this approach, biologist researchers wanted to study and understand
the bacteria mobility in response to a light in order to understand how cells sense the position of
a unidirectional light source. The results obtained with the automatic detection and tracking of
cyanobacteria was fundamental for the data analysis and comprehension of the work performed.
We also developed a specific tool for this task named BacteriaMobilityQuant software, which is
now being used to perform the automatic quantification of cyanobacteria mobility in time-lapse
videos.

In order to overcome some limitations with the cell tracking, based on detection-association
approaches, we then started focusing on perform tracking of cells, considering state modeling
based tracking approaches, in specific through the use of Kalman and Particle filter. We also
used cell descriptors in order to perform similarity measures between cells and add this infor-
mation to the tracking process. We tested different dynamics for the state, the constant position
and constant velocity state. The final results of using the particle filter exceeded the results
obtained by the detection-association approach and by the Kalman filter considering constant
velocity state model and considering SIFT descriptors for the cell shape similarity information
(97,8% of tracking accuracy and 40% of all the cells tracked correctly). We applied these tech-
niques for the tracking of cells on top of periodic background pattern in brightfield images to
study the influence of different background pattern, on cell mobility and morphology (resultant
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of different micropatterned surfaces). Through this work, we proposed a novel approach to de-
tect and extract the existing periodic background pattern in brightfield images. The approach is
based on the analysis of keypoints periodicity obtained from each image. Using images from
which the periodic background pattern was removed, it is possible to perform cell detection
and tracking. From the tracking results achieved it was possible to observe that the presence
of a line background pattern causes cells to move more, proving that a direct influence exists
between the existing background pattern and the mobility of cells.

The last phase of the PhD work was focused on the study of the correlation between cell
morphology and cell mobility. In experimental in vitro assays, biological researchers have
found evidences to support that cell morphology plays an important role on the directionality
and randomness of the cell movement. We have manually annotated several datasets (both
cell position and cell shape) in order to experimentally identify this relationship between cell
morphology and cell mobility. Through this study, we identified that for a specific type of cell
movement there is a frequent type of cell morphology. Given this information, we worked on
the construction of a model that related cell motion with cell morphology changes, in order to
improve the cell tracking process. We started by incorporating cell eccentricity information in
the tracking by detection-association, in order to give preference to associations in the direction
of most likely motion. This was performed through the use of the Hessian matrix of the image
gradient information that have information relative to both eccentricity and cell orientation.
From the obtained results, by using our local eccentricity based distance, we improved the
tracking by association results, proving that the correlation between appearance and mobility is
real and can be used to improve the tracking process.

We further explored the use of the cell shape information by making shape estimation and
shape based motion dynamics, through a single integrated methodology using particle filters.
Comparing the results obtained by the traditio (95,9% of tracking accuracy and 60% of all
the cells tracked correctly). Finally, we further explored the interaction information between
cells that can also induce changes in the mobility of cells. By performing cell tracking using
a model that is capable of taking into account interactions between cells, we improved the
tracking results achieving a tracking accuracy of 95,7% and tracking correctly 70% of all the
cells correctly in the entire time-lapse video. This interaction was analysed in terms of cell
proximity.

In conclusion, by using the joint analysis of cell mobility and morphology, together with
cell interaction modeling, we achieved the best results with an high tracking accuracy. Given
the tracking results with the location history of each cell, through the time-lapse video, we are
able to perform cell mobility studies that include measurements on main trajectories, persistence
analysis, distance and velocity of migration and other measures that are considered fundamental
for mobility analysis by the biologist researchers.





A . Cell Tracking Challenge methodology description

Description of the proposed methodology for the Third Edition of the Cell Tracking Challenge
hosted by the 12th IEEE International Symposium on Biomedical Imaging (ISBI 2015), to that
was held in Brooklyn (NY) on April 16th-19th, 2015.
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Summary 
We track cells in 2D and 3D microscopy image sequences based on Laplacian of Gaussians 

(LoG) local detection and detection-association tracking. The detection-association is based on 

a Euclidean distance nearest neighbor search for detections between consecutive frames. The 

cells in all data modalities are detected using LoG filtering which enhances the image’s blob 

like structure which corresponds to cell locations. To improve the cell’s shape estimation after 

Log detection we resort to automatic image threshold or to the Sliding Band Filter (SBF) as 

better suited to the data modality under analysis. The SBF is a local convergence filter, 

capturing edge convergence on a band around a certain location, which can also detect blob 

like structure, but which can adapt to a wider range of shapes than the LoG filter.  

Algorithm description 

Preprocessing: We rescale each image (imScale) for speed purposes. We reduce image noise 

by applying a Gaussian filter with a specific standard deviation (LOGsigma). 

Cell detection: We perform detection using scale non maxima suppression, where we vary the 

scale of the LoG filter between the expected range of the cell radius (Rmin, Rmax) [1, 2]. In the 

first frame we specify the cells to track by considering local maxima from the filter response 

above a specific threshold (initDetectTH). In the remaining frames, we consider all the 

detections with a filter response above a lower threshold (detectTH) to ensure the detection of 

all the cells being tracked. Given all detections we then perform cell shape estimation based on 

a local convergence filter (SBF option) [1, 2] or based on image thresholding (Otsu option) 

specifying the method to use in the parameter getCellShape. For SBF parametrization we set 

the range of filter scales to be the same as in the LoG (Rmin and Rmax), setting the bandwidth 

of the filter (q) and the number of orientations (N) to values verified to be adequate to the 

data [1, 2]. The SBF is applied in the image only to the locations of LoG detection for a better 

cell shape estimation for each detection. When a good shape estimation from the data can be 

obtained using automatic thresholding we use Otsu’s method, in which we decide if we want 

to smooth the image again or not (filterShape) previous to image thresholding. For each LoG 

detection we select a region (ROI) around the specific cell location where the size of this region 

is given by multiplying the estimated cell size by a specific factor (windowSize). Finally, within 

the selected ROI we focus on the bigger segmented region (in terms of area) and we get the 

boundary information, which corresponds to the boundary estimate for the detected cell. 

In case of 3D data, the detection and shape estimation is performed in all the slices of each 

data volume that has image entropy higher than a predefined value (entropyE). Detections 

that appear near the same location (x,y) within z-axis are considered imaging slices of the same 

cell. Cells that are detected in less than a certain number of slices (minSlices) are discarded.  



During the process of saving the results we also have the possibility of increasing the estimated 

cell size by dilating sizeCompensation times the segmentation result. 

Tracking: Our tracking approach is based on a detection-association approach [3]. We perform 

the association of the closest detections in consecutive frames based on the Euclidean 

distance. If one detection does not have a neighbor within a minimum distance 

(4*detection_radius) we stop tracking it. 

Postprocessing: Based on the detection-association result we get the final cell tracking 

information by performing the next steps: merging of incomplete tracks that are in close 

spatio-temporal vicinity; removal of tracks that have less than 4 frames; merging each track 

that does not start in the first frame with the closest track that starts in a previous time point 

(mitosis event). For the Fluo-N3DL-DRO dataset we only consider tracks that start from the 

first frame and we remove all the others. 
 

Table 1 – Parameters used for the different datasets 
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Dataset 

Parameters used 

Rmin Rmax N q entropyE 
init 

DetectTH 
detectTH imScale 

get 
CellShape 

window 
Size 

filter 
Shape 

LOG 
sigma 

min 
Slices 

size 
Compensation 

Fluo-C2DL-MSC 10 35 16 3 - 0.1 0.1 0.5 Otsu 3 1 - - 2 

Fluo-N3DH-CHO 12 22 - 3 0 0.1 0 0.5 - - - 2 3 - 

Fluo-N2DH-GOWT1 10 25 8 3 - 0.02 0.01 0.5 SBF 0 0 - - 0 

Fluo-C3DH-H157 5 30 - 3 0 0.05 0 0.25 - - - 1.25 6 - 

Fluo-C3DL-MDA231 4 10 - 3 0.1 0.1 0 0.5 - - - 2 1 - 

Fluo-N2DL-HeLa 3 9 8 3 - 0.015 0.01 0.5 SBF 0 0 - - 0 

Fluo-N2DH-SIM 10 18 8 3 - 0.4 0.1 0.5 SBF 0 0 - - 0 

Fluo-N3DH-SIM 10 20 - 3 - 0.1 0 0.5 - - - 3 8 - 

Fluo-N3DH-CE 5 14 - 5 3 0.3 0.5 0.25 - - - 2 2 - 

PhC-C2DH-U373 15 30 8 3 - 0.2 0.2 0.5 SBF 0 0 - - 0 

DIC-C2DH-HeLa 15 35 8 3 - 0.15 0.15 0.5 SBF 0 0 - - 0 

PhC-C2DL-PSC 2 4 16 3 - 0.3 0.1 1 Otsu 2 0 - - 2 

Fluo-N2DH-SIM+ 10 15 8 3 - 0.4 0.1 0.5 SBF 0 0 - - 2 

Fluo-N3DH-SIM+ 8 18 - 3 0 0.1 0 0.5 - - - 3 8 - 

Fluo-N3DL-DRO 2 5 - 3 - 0.2 0 0.5 - - - 1.25 1 - 
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The study of cancer cell mobility under the effect of different conditions is fundamental 

to validate possible therapies for its regulation. To evaluate cancer cell’s mobility, 

biologists established in vitro assays, recording time-lapse brightfield microscopy 

videos.  

While quantitative analysis is required to analyze such assays, cell mobility is still mostly 

analyzed by visual inspection alone. This makes automatic cell’s mobility analysis 

essential for large scale objective studies [1]. 

We developed an easy to use software to perform cell detection and tracking that 

enables the user to perform cell mobility analysis automatically. 

Introduction 

[1] T. Esteves, M. J. Oliveira, and P. Quelhas. Cancer Cell Detection and Morphology Analysis Based on Local Interest Point Detectors. 

IbPRIA 2013, Lecture Notes in Computer Science Volume 7887, 624-631, 2013.  

1. Cell tracking software was developed in MatLab; it requires the installation of 

the MCRInstaller.exe prior to use (in case MatLab is not already installed in the 

destination computer). 

 

 

2. To use Cell tracking, the user must copy all files of the application to a desired 

folder and open the executable file Cell tracking.exe (double-click). 

Cell tracking installation 



Graphical user interface overview 

The Cell tracking software provides two different ways of performing cell tracking and 

cell mobility analysis: 

 

• Manual tracking; 

• Automatic tracking. 

 

In the manual approach the tracking is manually performed by the user for each cell.  

In the automatic approach the software automatically performs the tracking of cells 

(selected by the user or automatically selected). 

 

In both operation modes the user must first open the video file and select some 

parameters. 

Cell tracking user guide 



2) Click on the “Scale” menu in order to 

define the scale used on the cell mobility 

analysis; 

 

3) Click on “Parameters” (in case of 

automatic analysis) to define if cells are 

brighter or darker than the background and 

to define the video magnification. 

Open videos and selecting parameters 

1 
2 

1) Click on “Open video” button to select the desired video to perform cell tracking. 

Start manual tracking by clicking on top of the 

video or pressing A key            

 

1) Select one cell to perform manual 

tracking clicking once            on top of the 

desired cell. (it   automatically   saves  the 

            position  of  the   selected   cell  in  the  1st  

            frame and go forward to the next frame); 

 

2) Consecutively select the position of the 

selected cell clicking once in each video 

frame (the software automatically moves 

forward to the next frame). 

 

3) Perform the step 2 until the end of the 

video or until it is not possible to perform 

tracking of the selected cell. 

Manual tracking (after open video) 



4) To start tracking a new cell press A key 

        (the 1st frame is automatically displayed). 

 

5) Repeat the previous steps (1-3) to 

perform manual cell tracking of the new 

selected cell. 

 

Manual tracking 

It is also possible to add more cells by clicking with the right mouse button             on the video frame and selecting 

the 1st option instead of pressing A key          (the 1st frame is automatically displayed).  

1) Start the automatic tracking by 

clicking on “Start Analysis” button. 

 

2) Select “Manual” or “Automatic” 

for selecting the cells to perform 

tracking. 

Automatic tracking (after open video) 

If “Manual” button is pressed, then in the 1st frame it is required that the user click on top          of each desired cell 

ending the selection by pressing Enter key        . The Automatic button does not require user interaction (cells are 

selected automatically). The automatic tracking starts after cells are selected. 



Manual correction 1) Using the slide bar or keyboard arrows 

identify video frames where cells are not 

well identified or marked (it is possible  to  
 

            use the left  and right  arrows 
 

            to  move  forward  and  backward   in   the  

            video). 

 

2) Using the left mouse button        , select 

one cell by clicking once on top of the cell 

(the cell marker becomes thicker). 

 

3) Again click once to place the cell in the 

correct position. 

More correction options are available by clicking on the mouse right 

button           nearby each cell. It is also possible to manually annotate 

more cells (e.g. not considered by the automatic tracking). 

Manual correction 
Right click               options: 

 

1) Add more cells to the analysis (e.g. not considered by the 

automatic tracking). 

2) Delete cells from the analysis (also possible by pressing the  
 

         Delete key             after clicking           on top of the selected 
 

         cell to delete). 

3) Delete only the positions annotated from the selected 

frame until the end of the video. 

4) Switch the annotations from one cell with the 

annotations from other cell from the selected frame until 

the end of the video. 

Switch the 

annotations  

Frame 6 



Obtaining the video results 
1) Select cells to be included on the mobility analysis by clicking    
 

            on top of each one in this list (switch between: on – include; off – not include). 

2) Select the Initial frame and Final frame to perform the mobility analysis (use 

the slide bar on the bottom to make the selection). 
 

3) Select the Nr of intervals (split up the mobility analysis into intervals of equal 

length between the selected Initial and Final frame). 
 

4) Click on “Data analysis” button to compute the mobility measures (results are 

saved in the directory of the open video). 

It is possible to open the 

video again, load the 

saved results for that 

specific video and 

compute again the results 

(e.g. with different cells 

selected, or a different 

interval (Initial and End 

frame)). 
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