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Abstract

Cells are the basic building blocks of all living organisms. All living organisms share
life processes such as growth and development, movement, nutrition, excretion,
reproduction, respiration and response to the environment.

In cell biology research, understanding cells structure and function is essential
for developing and testing new drugs. In addition, cell biology research provides a
powerful tools to study embryo development. Furthermore, it helps the scientific
research community to understand the effects of mutations and various diseases.

Time-Lapse Fluorescence Microscopy (TLFM) is one of the most appreciated
imaging techniques which can be used in live-cell imaging experiments to quan-
tify various characteristics of cellular processes, i.e., cell survival, proliferation,
migration, and differentiation.

In TLFM imaging, not only spatial information is acquired, but also temporal
information obtained by repeating imaging of a labeled sample at specific time
points, as well as spectral information, that produces up to five-dimensional (X,
Y, Z + Time + Channel) images. Typically, the generated datasets consist of
several (hundreds or thousands) images, each containing hundreds to thousands
of objects to be analyzed.

To perform high-throughput quantification of cellular processes, nuclei segmen-
tation and tracking should be performed in an automated manner. Nevertheless,
nuclei segmentation and tracking are challenging tasks due to embedded noise,
intensity inhomogeneity, shape variation as well as a weak boundary of nuclei.
Although several nuclei segmentation approaches have been reported in the lit-
erature, dealing with embedded noise remains the most challenging part of any
segmentation algorithm.
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We propose a novel 3D denoising algorithm, based on unsupervised dictionary
learning and sparse representation, that can both enhance very faint and noisy
nuclei, in addition, it simultaneously detects nuclei position accurately. Further-
more, our method is based on a limited number of parameters, with only one
being critical, which is the approximate size of the objects of interest.

The framework of the proposed method comprises image denoising, nuclei
detection, and segmentation. In the denoising step, an initial dictionary is
constructed by selecting random patches from the raw image then an iterative
technique is implemented to update the dictionary and obtain the final one which
is less noisy. Next, a detection map, based on the dictionary coefficients used to
denoise the image, is used to detect marker points. Afterward, a thresholding-based
approach is proposed to get the segmentation mask. Finally, a marker-controlled
watershed approach is used to get the final nuclei segmentation result.

We generate 3D synthetic images to study the effect of the few parameters
of our method on cell nuclei detection and segmentation, and to understand the
overall mechanism for selecting and tuning the significant parameters of the several
datasets. These synthetic images have low contrast and low signal to noise ratio.
Furthermore, they include touching spheres where these conditions simulate the
same characteristics exist in the real datasets.

The proposed framework shows that integrating our denoising method along
with classical segmentation method works properly in the context of the most
challenging cases. To evaluate the performance of the proposed method, two
datasets from the cell tracking challenge are extensively tested. Across all datasets,
the proposed method achieved very promising results with 96.96% recall for the
C.elegans dataset. Besides, in the Drosophila dataset, our method achieved very
high recall (99.3%).

Keywords:
Unsupervised dictionary learning; Sparse representation; Denoising; Nuclei

segmentation; Embryo development; 3D time-lapse fluorescence microscopy.



Résumé

Les cellules sont les éléments constitutifs de base de tout organisme vivant.
Tous les organismes vivants partagent des processus vitaux tels que croissance,
développement, mouvement, nutrition, excrétion, reproduction, respiration et
réaction à l’environnement.

En biologie cellulaire, comprendre la structure et fonction des cellules est
essentielle pour développer et tester de nouveaux médicaments. Par ailleurs, cela
aide aussi à l’étude du développement embryonnaire. Enfin, cela permet aux
chercheurs de mieux comprendre les effets des mutations et de diverses maladies.

La vidéo-microscopie (Time Lapse Fluorescence Microscopie) est l’une des
techniques d’imagerie les plus utilisées afin de quantifier diverses caractéristiques
des processus cellulaires, à savoir la survie, la prolifération, la migration ou la
différenciation cellulaire.

En vidéo-microscopie, non seulement les informations spatiales sont disponibles,
mais aussi les informations temporelles en réitérant l’acquisition de l’échantillon, et
enfin les informations spectrales, ce qui génère des données dites « cinq dimensions
» (X, Y, Z + temps + canal). En règle générale, les jeux de données générés
consistent en plusieurs (centaines ou milliers) d’images, chacune contenant des
centaines ou milliers d’objets à analyser.

Pour effectuer une quantification précise et à haut débit des processus cel-
lulaires, les étapes de segmentation et de suivi des noyaux cellulaires doivent
être effectuées de manière automatisée. Cependant, la segmentation et le suivi
des noyaux sont des tâches difficiles dû notamment au bruit intrinsèque dans les
images, à l’inhomogénéité de l’intensité, au changement de forme des noyaux ainsi
qu’à un faible contraste des noyaux. Bien que plusieurs approches de segmenta-
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tion des noyaux aient été rapportées dans la littérature, le fait de traiter le bruit
intrinsèque reste la partie la plus difficile de tout algorithme de segmentation.

Nous proposons un nouvel algorithme de débruitage 3D, basé sur l’apprentissage
d’un dictionnaire non supervisé et une représentation parcimonieuse, qui à la fois
améliore la visualisation des noyaux très peu contrastés et bruités, mais aussi
détecte simultanément la position de ces noyaux avec précision. De plus, notre
méthode possède un nombre limité de paramètres, un seul étant critique, à savoir
la taille approximative des objets à traiter.

Le cadre de la méthode proposée comprend le débruitage d’images, la détection
des noyaux et leur segmentation. Dans l’étape de débruitage, un dictionnaire
initial est construit en sélectionnant des régions (patches) aléatoires dans l’image
originale, puis une technique itérative est implémentée pour mettre à jour ce
dictionnaire afin d’obtenir un dictionnaire dont les éléments mis à jour présentent
un meilleur contraste. Ensuite, une carte de détection, basée sur le calcul des
coefficients du dictionnaire utilisés pour débruiter l’image, est utilisée pour détecter
le centre approximatif des noyaux qui serviront de marqueurs pour la segmentation.
Ensuite, une approche basée sur le seuillage est proposée pour obtenir le masque
de segmentation des noyaux. Finalement, une approche de segmentation par
partage des eaux contrôlée par les marqueurs est utilisée pour obtenir le résultat
final de segmentation des noyaux.

Nous avons créé des images synthétiques 3D afin d’étudier l’effet des paramètres
de notre méthode sur la détection et la segmentation des noyaux, et pour compren-
dre le mécanisme global de sélection et de réglage de ces paramètres significatifs
sur différents jeux de données. Ces images synthétiques ont un très faible contraste
et un rapport signal/bruit aussi très faible. De plus, ces images contiennent des
sphères touchantes qui simulent les caractéristiques des jeux de données réels.

Le cadre proposé montre que l’intégration de notre méthode de débruitage
ainsi que la méthode de segmentation fonctionne correctement même pour les
cas les plus difficiles. Pour évaluer les performances de la méthode proposée,
deux jeux de données du défi de suivi des cellules sont testés. Dans l’ensemble,
la méthode proposée a obtenu des résultats très prometteurs avec un rappel de
96.96% pour le jeu de données de C. elegans. De même, pour le jeu de données
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Drosophile, notre méthode a obtenu un rappel très élevé de (99.3%) %.

Mots-clés:
Apprentissage de dictionnaire non supervisé; Représentation clairsemée; Débruitage;

Segmentation de noyaux; Développement embryonnaire; microscopie à fluorescence
3D.
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1.1 Biological Background

Cells are the basic building blocks of all living organisms. All living organisms share
life processes such as growth and development, movement, nutrition, excretion,
reproduction, respiration and response to the environment. These life processes
become the criteria for scientists to differentiate between the living and the
non-living things in nature.

Roughly speaking, cells have three main parts (as shown in Figure 1.1), each
with a different function. The first part, the membrane is the outermost layer in
the animal cell and is found inside the cell wall in the plant cell. The second part
is the nucleus that contains hereditary genetic information (DNA) and controls
all cell activities. The third part, the cytoplasm, which consists of the complete
contents of a biological cell i.e., enzymes, and various organic molecules, excluding
the nucleus.

In cell biology research, understanding the structure and the function of the cells
is essential for developing and testing new drugs. In addition, it provides a powerful
tool to study embryo development. Furthermore, it helps the scientific research
community to understand the effects of mutations and various diseases. Indeed,
as emphasized long ago by the pioneering cell biologist E.B Wilson [Wilson 1900]
“The key to every biological problem must finally be sought in the cell, for every
living organism is, or at some time has been, a cell”.

Nowadays, advances in microscopy techniques have enabled scientists to get a
better idea of how the cells are structured and how the new morphological charac-
teristics of living cells are visualized. As these techniques allow high-throughput,
high-resolution imaging of a wide variety of samples in three-dimensional space
(X, Y, Z) which can raise up to five-dimensional space (X, Y, Z Time Chan-
nel) [Meijering 2008].
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Figure 1.1: The structure of an animal cell. Retrieved from
yourgenome: https://www.yourgenome.org/facts/what-is-a-cell

1.1.1 Cell cycle

The cell cycle, as known as the cell-division cycle [Mitchison 1971], is the series of
events by which cells grow and divide to produce two daughter cells (as depicted in
Figure 1.2). In order for a cell to divide, many important tasks must be completed.
To explain, it should grow, copy its genetic information (DNA), and physically
split to produce two identical daughter cells. The cell cycle consists of two main
phases, namely an interphase, and a mitotic (M) phase. In the interphase, the
cell grows, replicates its genetic material and produces proteins. Similarly, during
the mitotic (M) phase, the cell divides in two identical daughter cells. Each of
these phases includes sub-phases that correspond to certain cellular events. At
any given time, a cell is either in an interphase or a mitosis.

https://www.yourgenome.org/facts/what-is-a-cell
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Furthermore, the cell-division cycle is a vital process by which a single-cell
fertilized egg develops into a mature organism, as well as, the process by which
all organs and tissues are renewed. In the following sections, we discuss some of
the common model organisms used for studying the cell cycle.

Figure 1.2: The two major phases of the cell cycle include mitosis (M),
and interphase, as well as their sub-phases. . Retrieved from Earth’s
Lab website: https://www.earthslab.com/physiology/the-cell-cycle/

1.1.2 Model organisms for studying the cell cycle.

Model organisms are used to investigate the basic mechanisms common to all
living organisms and to understand the biological processes that may be difficult
or unethical to experiment in humans. The model organisms are usually chosen

https://www.earthslab.com/physiology/the-cell-cycle/
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for reasons that make the study easier. Some of these reasons are the transparent
bodies of the organisms, the ability to grow and reproduce quickly in a small
space and the prominent cell structure of interest or the ability to closely model
some aspect of human biology. Most model organisms combine many if not all of
these characteristics. In the following section, we present the two model organisms
relevant to our experiments.

Caenorhabditis elegans (C.elegans)

The nematode C. elegans [Brenner 1974] has emerged as an important animal
model in different fields such as neurobiology, developmental biology, and genetics.
The characteristics of this animal model that have contributed to its success are
being easy to culture; quick reproduction with a short generation time enabling
large-scale production of organisms; small size, which allows organisms to grow in
a single well of a 96-well plate; transparency throughout its life, which enables the
use of fluorescent markers to study biological processes in vivo; as well as cellular
complexity because C. elegans is a multicellular organism which has multiple
organs and tissues. Moreover, C. elegans investigations have already provided a
better understanding of the underlying mechanism for several diseases such as
neurological disorders, congenital heart disease, kidney disease, and other diseases.

Drosophila melanogaster

Similar to the C.elegans model, the fly Drosophila melanogaster [Adams 2000] is
one of the most extensively studied organism in biology and it serves as a model
system for the investigation of many developmental and cellular processes.

Several features of Drosophila make it a powerful tool in developmental biology.
These features include having a close relationship with human genes (in particular
the sequences of recently discovered human genes including disease genes can be
matched with equivalent genes in the fly); short and simple reproduction cycle
that is usually about 8− 14 days, based on the environmental temperature; small
size that allows scientists to keep millions of them in the laboratory at a time; in
addition providing a simple means of creating genetically modified animals that
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express certain proteins such as the green fluorescent protein (GFP) [Chalfie 1994]
of jellyfish for live-cell imaging experiments.

1.2 Microscopy imaging techniques

Time-lapse fluorescence microscopy (TLFM) is one of the most appreciated imaging
techniques which can be used in live-cell imaging experiments to quantify various
characteristics of cellular processes, such as cell survival [Payne 2018], proliferation
[Rapoport 2011], migration [Bise 2011a], and differentiation [Zhang 2018]. Time-
lapse imaging is a technique by which a series of images are acquired at regular
time points to capture the dynamics of what is being observed.

In TLFM imaging, not only spatial information is acquired, but also temporal
information, as well as spectral information, that produces up to five-dimensional
(X, Y, Z + Time + Channel) images. Typically, the generated datasets consist of
several (hundreds or thousands) images, each containing hundreds to thousands
of objects to be analyzed [Meijering 2008].

The basic principle of fluorescence microscopy [Lichtman 2005] is to label the
sample of interest with a fluorescent marker known as a fluorophore and then
illuminate the sample with light, which is absorbed by fluorophores to emit light
with a wavelength different from illumination wavelength. In order to visualize
subcellular structures and processes, different markers have been proposed. The
most commonly used markers are Green Fluorescent protein (GFP) [Chalfie 1994]
and 4′, 6−diamidino−2−phenylindole (DAPI) [Kapuscinski 1995].

To start with, GFP refers to the protein derived from the jellyfish Aequorea
victoria. GFP has been utilized in research over a wide of biological disciplines.
Scientists use GFP for a vast number of functions including examining gene
expression, studying protein-protein interactions, and much more. Then, DAPI is
a popular marker which is used to stain DNA and allow easy visualization of the
nucleus in interphase cells and chromosomes in mitotic cells.

The following section presents a brief introduction of microscopy techniques
that are relevant to this thesis. Furthermore, a comparison of different fluorescence
imaging modalities is shown in Figure 1.3.
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Table 1.1: Performance of different fluorescence imaging modalities.
Speed, sensitivity, and photo-toxicity are rated +, ++, and +++ from
worst to best, respectively. Table adapted from [Thorn 2016]

Type of microscopy
Maximum
sample thick-
ness

Speed Sensitivity Resolution

Laser scanning confocal 100− 200µm + +++ +
Spinning disk confocal 30− 50µm +++ ++ ++

Light sheet >1 mm +++ + +++

(B)(A) (B) (C)

Laser scanning 
confocal  

Spinning disk 
confocal  

Light sheet

Figure 1.3: Comparison of different fluorescence imaging modalities.
(A) Laser scanning confocal where a pinhole is used to obscure the
light from out-of-focus planes. (B) Spinning disk confocal where a
disk of pinholes is used to speed up the scan. (C) Light sheet fluores-
cence microscopy (LSFM) where an excitation laser is focused into the
sample from an orthogonal direction and fluorescence is collected by a
separate imaging objective. Image adapted from [Adams 2015]

1.2.1 Laser scanning confocal microscopy (LSCM)

In LSCM (Figure 1.4), a laser beam is used to illuminate a single point in
the sample focal plane. Light from this point is passing through the pinhole
toward a detector, and so it ensures that only light emitted from the sample
focal plane is recorded on the detector. On the other hand, the light from out-
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of-focus planes is obscured by the pinhole. LSCM records an image point by
point by (a raster pattern) using a point detector rather than using cameras, and
as a result, the system becomes less sensitive than cameras. To overcome this
limitation, systems that scan multiple points across the sample simultaneously
(illuminates the sample with multiple pinholes simultaneously) and image the
resulting emission on a camera have been designed and it is defined as spinning
disk confocal microscopy [Stephens 2003,Adams 2015,Thorn 2016].

Figure 1.4: Principle of the laser scanning confocal microscopy. Re-
trieved from the Institute for Molecular Bioscience, University of
Queensland: https://imb.uq.edu.au/facilities/microscopy/hardware-
software/confocal-microscopes

https://imb.uq.edu.au/facilities/microscopy/hardware-software/confocal-microscopes
https://imb.uq.edu.au/facilities/microscopy/hardware-software/confocal-microscopes
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1.2.2 Spinning disk confocal microscopy (SDCM)

SDCM (Figure 1.5) has been proposed to overcome the limitations of LSCM by
exploiting the multiplex principle. This principle relied on using a disk of pinholes
that sweep across every point in the sample. Consequently, a rotation of the
disk scans over every point in the sample during a single exposure (Toomre and
Pawley, 2006). SDCM allows images to be acquired rapidly (up to hundreds of
frames per second), with high sensitivity, so SDCM has become widely used in
cell biology [Stephens 2003,Adams 2015,Thorn 2016].

A major problem with all confocal microscopes, i.e., LSCM and SDCM is
compounded by thicker samples, which usually exhibit such a high degree of
fluorescence emission that results in loss of fine detail and color saturation. To
tackle this problem light sheet fluorescence microscopy has emerged as a powerful
imaging tool to study thick biological samples.

1.2.3 Light sheet fluorescence microscopy (LSFM)

In the last decade, LSFM (Figure 1.6) has become a well-established imaging tool
for developmental biology, and more generally for the investigation of thick 3D
biostructures (thick biological samples).

The fundamental principle of LSFM is to exploit two decoupled optical paths for
illumination and detection; the first path is an orthogonally oriented illumination
that is responsible for restricting the illumination within a thin planar region in
the focal region, the second one is a widefield based detection path which uses for
fast imaging.

LSFM system is able to provide intrinsic optical sectioning and three-dimensional
(3D) imaging capabilities with significant background rejection. Additionally, it is
particularly convenient for imaging of thick biological samples such as embryos
and whole brain, to avoid the illumination of the entire sample volume, because
the imaging performances will be useful in reducing the photobleaching as well
as the phototoxicity. Although LSFM can provide high-quality data of living
organisms, it is not yet widely available [Adams 2015,Thorn 2016].
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Figure 1.5: Principle of the spinning disk confocal microscopy. Image
adapted from [Lima 2006]

1.3 Noise in fluorescence microscopy images

In this section, we briefly explain the main sources of noise existing in the different
microscopy imaging techniques discussed in Section 1.2 which include photon
noise, dark noise, read noise, and sample noise.

1.3.1 Photon noise

With the advancement of electronics used in detectors, photon noise or shot
noise, is the most significant source of uncertainty in most datasets, in particular,
fluorescence microscopy images [Luisier 2010a,Meiniel 2018]. Photon noise is
generated from the statistical fluctuations in the number of photons detected at a
given exposure level. This inherent stochastic variation in the emission rate of
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Objective 

lens

Sample

Figure 1.6: Principle of the light sheet fluorescence microscopy. Re-
trieved from ZEISS website: https://blogs.zeiss.com/microscopy/
news/en/light-sheet-microscopy-with-zeiss-lightsheet-z-1

photons is well-described by a Poisson distribution P (N = k) = e−λt(λt)k
k! , where

N is the number of photons measured over a time interval t, λ is the expected
number of photons per unit time interval.

In the context of confocal microscopy, the measurement process for every scan
position, i.e., pixel/voxel in the image is performed in the same way. Among
the photosensitive devices in use today, the photomultiplier tube (PMT) is
commonly used to measure the visible light photons. A typical PMT consists
of a photoemissive cathode (photocathode) followed by focusing electrodes, an
electron multiplier (Dynodes) and an electron collector (anode) in a vacuum tube,
as shown in Figure 1.7.

https://blogs.zeiss.com/microscopy/news/en/light-sheet-microscopy-with-zeiss-lightsheet-z-1
https://blogs.zeiss.com/microscopy/news/en/light-sheet-microscopy-with-zeiss-lightsheet-z-1
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To explain, the measurement process can be described in the following steps.
Firstly, when the photons arrive at the PMT and enter the photocathode, the pho-
tocathode emits photoelectrons into the vacuum. Afterward, these photoelectrons
are directed by the focusing electrode voltages towards the electron multiplier
where electrons are multiplied by the process of secondary emission. Finally, the
multiplied electrons are collected by the anode as an output signal. The recorded
signal is essentially proportional to the number of photoelectrons. Consequently,
the amplification factor may require considerable adjustment to account for the
noise.

-e
-e
-e

Figure 1.7: Schematic diagram of a photomultiplier tube. Re-
trieved from Myscope, Microscopy Australia website: https://myscope.
training/index.html#/LMlevel_3_3

1.3.2 Dark noise

Besides photon counting noise, a signal independent noise that results from
statistical fluctuation in the number of electrons thermally is liberated from the
silicon atoms of the camera sensor’s substrate [Luisier 2010a,Meiniel 2018]. This
noise depends strongly on the device temperature where the generation rate of

https://myscope.training/index.html#/LMlevel_3_3
https://myscope.training/index.html#/LMlevel_3_3


1.3. Noise in fluorescence microscopy images 13

thermal electrons at a certain temperature is known as dark current.
Similar to photon noise, dark noise follows a Poisson distribution to dark

current and equals the square root of the number of thermal electrons liberated
within the image exposure time. Since this noise can be reduced by cooling the
sensors, the high performance cameras are usually cooled to a temperature at
which dark current is negligible over a typical exposure interval.

1.3.3 Read noise

Read noise is a combination of several system noise components generated by
the process of converting the charge carriers into a voltage signal and an analog
signal to digital [Meiniel 2018]. In contrast to photon and dark noise, it is usually
described as an additive white Gaussian noise (AWGN) with a normal distribution.

1.3.4 Sample noise

The sample itself also includes two significant factors of image quality degradation
[Luisier 2010a,Meiniel 2018]. The first arises from comes from the reduction in
the emission efficiency of these proteins along the time that decreases the effect
on the image intensity. This phenomenon called photobleaching (Figure 1.9), that
can be reduced by limiting the exposure time of the fluorophores, lowering power
to the light source and increasing the fluorophores concentration. Nevertheless,
these techniques also reduce the number of detected photons and thus decrease
the SNR.

The second comes from the intrinsic fluorescence properties of the sample. To
explain, several unlabeled molecules can emit fluorescence radiation as well. This
may result in the interfere between labeled and unlabeled molecules where this
phenomenon called autofluorescence (Figure 1.8 ). The autofluorescence affects
the extraction of the interest signal if the emission wavelengths of the unlabeled
molecules overlap with the labeled ones.
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(a) (b)

Figure 1.8: Example of autofluorescence phenomena. Retrieved
from ZEISS website: http://zeiss-campus.magnet.fsu.edu/articles/
spectralimaging/introduction.html

(a) (b)

Figure 1.9: Example of a photobleaching in HeLa cells. (a) The ini-
tial intensity of the fluorophore. (b) The photobleaching that occurs
after 36 seconds of constant illumination. Retrieved from Thermo
Fisher Scientific website: https://www.thermofisher.com/sg/en/home/
life-science/cell-analysis/cell-analysis-learning-center/molecular-
probes-school-of-fluorescence/imaging-basics/protocols-troubleshooting/
troubleshooting/photobleaching.html

http://zeiss-campus.magnet.fsu.edu/articles/spectralimaging/introduction.html
http://zeiss-campus.magnet.fsu.edu/articles/spectralimaging/introduction.html
https://www.thermofisher.com/sg/en/home/life-science/cell-analysis/cell-analysis-learning-center/molecular-probes-school-of-fluorescence/imaging-basics/protocols-troubleshooting/troubleshooting/photobleaching.html
https://www.thermofisher.com/sg/en/home/life-science/cell-analysis/cell-analysis-learning-center/molecular-probes-school-of-fluorescence/imaging-basics/protocols-troubleshooting/troubleshooting/photobleaching.html
https://www.thermofisher.com/sg/en/home/life-science/cell-analysis/cell-analysis-learning-center/molecular-probes-school-of-fluorescence/imaging-basics/protocols-troubleshooting/troubleshooting/photobleaching.html
https://www.thermofisher.com/sg/en/home/life-science/cell-analysis/cell-analysis-learning-center/molecular-probes-school-of-fluorescence/imaging-basics/protocols-troubleshooting/troubleshooting/photobleaching.html
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1.4 Image analysis

Automated analysis of time-lapse microscopy images is an active topic in the
field of image processing. Due to the development of high-resolution microscopes,
the generated datasets consist of several (hundreds or thousands) images, each
containing hundreds to thousands of objects to be analyzed [Meijering 2008].
Thus, these large volumes of data cannot easily be parsed and processed, via
visual inspection or manual processing within any reasonable time.

Nowadays, there is a growing consensus that automated analysis methods are
necessary to manage the time issue and provide a level of reliability and validity.
Accordingly, the implementation of automated high-throughput techniques may
be able to improve the clinical diagnosis, predict the treatment outcome, and help
to enhance therapy planning.

In this section, we introduce the general workflow for microscopy image analysis
(as shown in Fig 1.10. ) ranging from sample imaging to quantitative analysis.

To start with, the sample is prepared, placed under the microscopy, and the
image acquired at different time points to record the dynamic cell behavior. After-
ward, a pre-processing step is applied to the captured image to enhance the signal
to noise ratio (SNR) by reducing variability without losing essential information.
This step varies depending on the experimental setup and microscopy modalities.
Then, the processing step which includes cell detection (i.e., locate specific features
of interest), segmentation (i.e., determine precise boundaries of cells) and tracking
(identifying the location of cells in consecutive frames) is employed to locate cells
in individual frames and then associates them in consecutive frames. Finally, cell
detection, segmentation masks, and cells trajectories are used to compute some
biologically relevant information (like cell velocity, displacement, phenotype, etc.)
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Figure 1.10: Typical framework for microscopy image analysis. Af-
ter sample preparation, automatically acquired microscopy images are
processed for subsequent data manipulation and analysis. First: im-
age preprocessing includes denoising, smoothing, and contrast enhance-
ment. Second: image processing, i.e., cell/nuclei detection, segmenta-
tion, and tracking. Finally: data quantification and analysis (like cell
velocity, displacement, and phenotype) .
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1.5 Cell tracking challenge

In 2012, Cell Tracking Challenge (CTC) 1 [Ulman 2017,Maška 2014] was launched
under the auspices of the IEEE International Symposium on Biomedical Imaging
(ISBI). The goal of this challenge is to provide a benchmark for a thorough
evaluation and fair comparison of available cells and nuclei segmentation and
tracking methods under the same criteria. The CTC includes both real 2D and 3D
time-lapse microscopy videos of cells and nuclei, tandem with computer generated
2D and 3D video sequences simulating nuclei moving in realistic environments.
Since most researchers focus their interest on the segmentation process, a new
time-lapse cell segmentation benchmark on the same datasets was launched in
2018. In this research, we mainly focus on testing two very noisy 3D datasets for
C. elegans and Drosophila melanogaster embryonic cells, namely Fluo-N3DH-CE
(Section 4.1.2) and Fluo-N3DL-DRO (Section 4.1.2).

1.6 Problem statement

Automatic segmentation and tracking of biological structures such as cells or
nuclei in 3D time-lapse microscopy images are important tasks in scientific re-
search ranging from cell development and growth to disease discovery. However,
segmentation and tracking of biological cells encounter several problems. These
problems can be summarized as depicted below:

• Noise embedded in the images such as photon noise, dark noise, and read
noise;

• Non-uniform background illumination because of the fluorescence in cyto-
plasm and mounting medium;

• Low contrast and weak boundaries of non-obvious nuclei;

• The degradation of image intensity over time due to photo-bleaching of
fluorophores [Meijering 2008].

1http://celltrackingchallenge.net/

http://celltrackingchallenge.net/
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Following these problems, the acquired images become very noisy (as shown
in Figure 1.11) and difficult to interpret, which might lead to false detection,
segmentation as well as false tracking results.

Figure 1.11: Representative samples of a selected slice from 3D
datasets used in this thesis. (a) Fluo-N3DH-CE [Ulman 2017]. (b)CE-
UPMC [Gul-Mohammed 2014a]. (c) Fluo-N3DL-DRO [Ulman 2017].

1.7 Research objectives

The ultimate objective of this research is to develop a robust approach for denoising
3D microscopy images toward a better segmentation of noisy and densely packed
nuclei. So, a full statement of the aims and objectives would be as follows.

• First, designing and developing a generic approach for denoising 3D mi-
croscopy images with as few parameters as possible.

• Second, validating the proposed approach and comparing it with the top-
ranked approach from the IEEE International Symposium on Biomedical
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Imaging (ISBI) Cell Tracking Challenge (discussed in Section 1.5).

• Third, applying the proposed approach to various 3D biological datasets,
for example, the human breast adenocarcinoma cells.

1.8 Structure of the thesis

Following this introductory chapter, the thesis is organized as detailed below:

1. Chapter 2: gives a comprehensive literature review of available denois-
ing, cell segmentation and tracking techniques in microscopy images. In
addition, it includes the most widely used software tools for cell detection,
segmentation, and tracking. These tools involve commercial and open-source
platforms.

2. Chapter 3: discusses in detail the proposed method for simultaneous
denoising and detecting of cell nuclei in 3D time-lapse fluorescence mi-
croscopy images which is based on an unsupervised dictionary learning and
sparse representation approach. Moreover, it discusses the integration of
the classical segmentation methods such as adaptive thresholding and 3D
marker-controlled watershed together with our denoising method.

3. Chapter 4: provides the results and discussions of the proposed methodol-
ogy that extensively tested on three real datasets for embryonic cells and
one dataset of synthetic images that have different values for the signal to
noise ratio (SNR) and the object size. Besides, it presents an experimental
setup and suitable parameters selection, where the approximate size of the
objects of interest is the only one being critical. Additionally, a comparison
between our proposed method and various denoising and segmentation algo-
rithms is provided. Finally, additional experiments on real datasets coming
from various tissues such as human breast adenocarcinoma cells have been
conducted to emphasize the genericity of the proposed method.
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4. Chapter 5: presents the conclusions, strengths, and limitation of the
proposed methodology. Furthermore, it recommends some future directions
to enhance the proposed methodology in term of computational time.
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2.1 Denoising of microscopy images

Despite recent advances in microscopy industry, image denoising is still an essential
step in various image processing and computer vision tasks, such as object
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segmentation and tracking. Over the last few years, several methods have been
described in existing literature for filtering and denoising of microscopy images and
a recent comprehensive review can be found in [Meiniel 2018,Roels 2018]. Such
methods can be divided into four groups: patch-based, wavelet-based, median-
based, and CNN-based methods.

In the first group, the original non-local means (NLM) algorithm introduced
by Buades et al. [Buades 2005] was considered as a very popular and powerful
family of denoising methods. This method relied on the aggregation of patches
from the entire image rather than just filtering in a local manner. For each
noisy patch, other patches existed somewhere in the image and having the same
structure (geometry or texture) can be added together to remove such noise. The
main limitation existed in the NLM algorithm is that remarkable denoising results
had been obtained at a high expense of computational cost due to the enormous
amount of weight computations.

Inspired by the original NLM, Darbon et al. [Darbon 2008] developed a fast
non-local means approach that was capable of reducing the computational cost
of calculating an approximate measure regarding the similarity of neighborhood
windows. This algorithm demonstrated a good performance in enhancing particles’
contrast and reducing the noise in electron cryomicroscopy images.

Indeed, the widely used NLM and fast NLM filters were not the optimal meth-
ods employed for noisy biological images containing small features of interest. The
reason was that the noise existed in the image prevented a precise determination of
the weights used for the averaging process. As a result, this led to over-smoothing
and other image artifacts.

To circumvent the aforementioned problem, Yang et al. [Yang 2010] presented
an adaptive non-local means filter for improving feature recovery and particle
detection in live cell fluorescence microscopy images. This method started by
constructing a particle feature probability image, which relied on Haar-like fea-
ture extraction. Then, the particle probability image was used to enhance the
estimation of the correct weights for the averaging process.

An extension of the NLM was described by Deledalle et al. [Deledalle 2010] for
denoising images corrupted by Poisson noise. The authors used the probabilistic
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similarities proposed by Deledalle et al. [Deledalle 2009] to compare patches
infected by noise and patches of a pre-estimated image. Additionally, a risk
estimator for NLM that was adopted from Van De Ville et al. [Van De Ville 2009]
was utilized in the optimization problem to automatically find the more appropriate
filtering parameters in a few iterations.

In the same way, Danielyan et al. [Danielyan 2014] developed a method
for denoising two-photon fluorescence images using Block-matching 3D (BM3D)
filtering. This method was implemented in two steps. First, the image was divided
into overlapping blocks and then similar blocks were collected mutually into
groups. Second, collaborative filtering was employed to reduce noise effectively
from all similar blocks in each group. This filtering process was implemented in a
3D transform domain, in which 3D transforms modeled both the content of the
blocks and their mutual similarity or difference as well. Such joint models were
able to enhance sparse representation of the signal which can then be efficiently
separated from noise by thresholding the transform coefficients.

On the contrary to the aforementioned patch-based approaches, Boulanger et
al. [Boulanger 2010] presented a spatiotemporal patch-based adaptive statistical
method for denoising of 3D+t fluorescence microscopy image sequence. The merits
of this approach are twofold. Firstly, a variance stabilization step was applied to
the data to find the independence between the mean and the variance. Second,
the spatiotemporal neighborhoods were considered to restore the series of 3D
images as already proposed for 2D image sequences in [Boulanger 2007].

Haider et al. [Haider 2016] introduced a noise reduction problem that was
formulated as a maximum a posteriori (MAP) estimation problem. In this method,
a novel random field model called stochastically connected random field (SRF),
that coupled random graph and field theory was used to solve the estimation
problem. In the SRF model, each node represented a pixel in the image, and
the random variables ui and uj were the noise-free image intensities of the ith
and jth node. The stochastic edges between nodes aimed to establish weights
within a local neighborhood surrounding a pixel region in the random field under
an assumption of local spatial-feature smoothness for noise reduction. One of
the main advantages of the SRF approach was that it was able to achieve strong
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performance in terms of high signal to noise ratio and contrast to noise ratio
in the real fluorescence microscopy data results. Other advantages included its
flexibility to maintain cell structure and fine details while reducing background
and intracellular noise.

In the second group, although signal modeling in the wavelet-domain
methods provided effective image denoising while preserving edges, it could not
capture the smoothness along contours in a compact manner. As a result, new
algorithms such as curvelet and contourlet transforms have been developed to
improve such shortcomings.

An example of contourlet-based denoising method was proposed by Yang and
Lee [Yang 2015]. This method utilized the hidden Markov model (HMM) in the
Contourlet transformed domain for mixed Poisson-Gaussian noise in fluorescence
microscopy images. The Contourlet transforms consisted of two distinct filters:
(1) the Laplacian pyramid (LP) filter and (2) the directional filter bank (DFB).
The LP filter was used in the existing wavelet filter as a low pass filter to separate
high and low frequencies. The DFB provided information on image direction
components. In this study, the HMM algorithm reformulated an independent
mixture model to match the non-Gaussian nature of the Contourlet coefficients.
Furthermore, this HMM was adapted to characterize the key dependencies between
the contourlet coefficients.

Luisier et al. [Luisier 2010b] suggested a Poisson Unbiased Risk Estimation-
Linear Expansion of Thresholds (PURE-LET) technique for denoising images
corrupted with Poisson noise. The method was based on three criteria: 1)
minimizing of an unbiased estimate of mean square error (MSE) for Poisson
noise, 2) linear parameterization of the denoising process 3) preserving of Poisson
statistics across scales. This algorithm was particularly promising for large datasets
as well as images having a low signal to noise ratio. In addition, it had limited
system requirements.

To complement, some biological studies employed conventional denoising
methods like bandpass filter, and Wiener filter.

To explain, Sim et al. [Sim 2016] and Aguirre [Aguirre 2012] introduced
an adaptive Wiener filter that was adapted from the classical Wiener filter for
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reducing noise in electron microscopy images. The main idea of the classical filter
was to implement the linear estimation of a target signal sequence from another
related sequence (corrupted signal). Such process was performed by minimizing
the mean square error (MSE) between the estimated random process and the
desired process. As opposed to the classical filter, the adaptive Wiener filters had
been considered the noise variance and so it led to enhancing filter effectiveness.

Magnusson [Magnusson 2016] introduced a Gaussian band-pass filter to reduce
the noise in fluorescence and phase contrast microscopy images. This filter
was based on the difference of Gaussians algorithm that discarded the noise by
removing high spatial frequencies and non-uniform background illumination by
removing low spatial frequencies.

In the third group, Kushwaha et al. [Kushwaha 2012] implemented a median
filter for removing noise presented in Transmission Electron Microscopy (TEM)
images. The median filter was based on the idea of considering the noisy intensities
as outliers. Thus, the median of neighborhood window of a reference pixel provided
an estimate of the denoised reference pixel. This filter was usually used to remove
speckle (salt and pepper) noise without blurring the picture. Nevertheless, in most
practical situations, the median of the neighborhood window might not guarantee
the true intensity and this led to performing less well than expected.

A similar studies also were proposed by Akram et al. [Akram 2014], Gul-
Mohammed et al. [Gul-Mohammed 2014a], Gul-Mohammed and Boudier [Gul-
Mohammed 2014b] and Cascio et al. [Cascio 2019] to employ median filter as a
noise removal tool.

In the fourth group, Weigert et al. [Weigert 2017a] proposed a method to
enhance the axial resolution in 3D microscopy images by reconstructing isotropic
3D data from non-isotropic acquisitions using a convolutional neural network. This
method relied on restoring isotropy by deconvolving the image under the trained
and sample specific image prior. Training with two different learning strategies,
i.e., IsoNet-1 and IsoNet-2, was performing unsupervised and end-to-end, on the
same anisotropic image data.

Another approach had also been proposed by Weigert et al. [Weigert 2017b]
that presented a content-aware image restoration (CARE) networks method to
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denoise fluorescence microscopy data. This method was based on the U-Net
architecture together with a per-pixel similarity loss (such as the absolute error)
which introduced a solution to the problem of missing training data for deep
learning in fluorescence microscopy by generating training data without the
need for laborious manual annotations. With the CARE networks, high-quality
restored mages were obtained even if the SNR of the images was very low. Table 2.1
summarizes the denoising approaches used for biological microscopy images.
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Table 2.1: Summary of microscopy images denoising approaches.

References Methodology Image
dimensions Modality

[Darbon 2008] Fast non-local means 2D Cryomicroscopy

[Yang 2010] Adaptive non-local means 2D Fluorescence
microscopy

[Deledalle 2010] Poisson non-local means 2D Fluorescence
microscopy

[Boulanger 2010] Spatiotemporal patch-based
adaptive statistical method 3D Fluorescence

microscopy

[Luisier 2010b]

Poisson Unbiased Risk
Estimation-Linear Expansion
of Thresholds
(PURE-LET)

2D/3D Fluorescence
microscopy

[Aguirre 2012] Adaptive wiener filter 2D Electron
microscopy

[Gul-Mohammed 2014a,Gul-Mohammed 2014b] 3D median filter 3D Fluorescence
microscopy

[Akram 2014] 2D/3D median filter 2D/3D Fluorescence
microscopy

[Danielyan 2014] Block-matching 3D
(BM3D) filtering 2D

Two-photon
fluorescence
microscopy

[Yang 2015] Contourlet hidden Markov
model (HMM) 2D Fluorescence

microscopy

[Haider 2016] Stochastically connected random
field model 2D Fluorescence

microscopy

[Magnusson 2016] Gaussian band-pass filter 2D/3D
Fluorescence and
phase contrast
microscopy

[Sim 2016] Adaptive wiener filter 2D Scanning electron
microscopy

[Weigert 2017a] A convolutional neural network 3D Fluorescence
microscopy

[Weigert 2017b] Deep convolutional
neural network 3D Fluorescence

microscopy

[Cascio 2019] Median filter 2D Fluorescence
microscopy
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2.2 Cells/Nuclei segmentation

Cell segmentation arises as the process of labeling every pixel in an image and
therefore pixels with the same label share certain characteristics. The ultimate
goal of this process is to extract interesting regions, i.e., cells or nuclei from an
image. In image analysis, segmentation is considered as a fundamental step since
its impossible to get good tracking results with poor segmentation even with
using powerful tracking techniques. Many scientists contributed with a lot of
efforts into developing various algorithms for automated segmentation of cells.
However, there are still no systems that can handle the extensive variability during
time-lapse experiments of cells. Additionally, several cell segmentation methods
use a preprocessing step to reduce the noise and enhance the image quality as
mentioned in (Section 2.1) toward better segmentation results.

The cell nuclei segmentation approaches are broadly classified into three cate-
gories: simple approaches such as thresholding method [Bise 2015,Liao 2016,Gul-
Mohammed 2014a], edge detection [Wählby 2004] and shape matching [Cic-
conet 2013,Türetken 2017,Türetken 2015], and more sophisticated approaches like
region growing [Cliffe 2017,Liu 2014,Tonti 2015,Gul-Mohammed 2014b] and en-
ergy minimization [Tarnawski 2013] and machine learning based approaches [Ron-
neberger 2015,Akram 2016b,Liu 2017,Sadanandan 2017].

In the first category, Liao et al. [Liao 2016] applied a classical thresholding
approach to segment cell nuclei. This approach assumed that the cell was usually
brighter than its surrounding areas and there often existed an optimal threshold
where individual cells can be segmented as separate objects. This assumption was
not applicable for challenging regions, because it was impossible to find a suitable
threshold to separate all touching cells.

Bise and Sato [Bise 2015] adapted a multiple-level thresholding technique to
identify and segment all cell nuclei. In this method, a set of level thresholds that
were equally spaced had been used to segment cell nuclei at a particular level of
intensity with the fact that the intensities inside the cell were slightly higher than
those at its boundaries among touching cells.

A similar approach was proposed in [Gul-Mohammed 2014a], where authors
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used an adaptive iterative thresholding algorithm to find the best threshold for
each cell and eventually to obtain all segmented cell nuclei. This algorithm was
able to correctly segment nuclei even when they were in touch with each other. In
addition, this algorithm became effective in the presence of temporal and spatial
intensity variations.

An edge detection approach was implemented by Wählby et al. [Wählby 2004]
for segmentation of 2D and 3D cell nuclei in images. In such approach, an edge
filter was applied to the image and therefore pixels were classified as edge or non-
edge. These edges were usually detected by the first or the second order derivative
method. Nevertheless, this method failed to detect the non-obvious cell’s boundary.
Thus, the authors combined the intensity information, the gradient information
(edge strength) as well as the shape of the nuclei to improve segmentation result.

The shape matching-based approach was dependent on the assumption that
cells, in particular nuclei have round shapes. To give an example, a shape matching
technique using wavelet-based circular hough transform (WCHT) was presented
by Cicconet et al. [Cicconet 2013]. The original idea of the Hough transform was
to produce circle candidates by “voting” each point on the image in the Hough
parameter space and then select the local maxima. Due to the mathematical
properties of the transform, this "voting” allowed to locate prominent circles in
the image. However, the original implementation, at which votes were considered
pixel-wise, was very sensitive to noise. Thus, the votes in WCHT were weighted
by wavelet kernels and a fine-tuning stage based on dynamic programming.

Another approach based on ellipses fitting, described in [Türetken 2015,
Türetken 2017]. This method was designed to cluster cell nuclei in a hierar-
chical manner and then fit ellipses to each resulting cluster using a non iterative
least squares approach.

In the second category, region-based segmentation approaches can be
used rather than defining the border between an object and a background via a
threshold in the image intensity. The basic idea of these approaches is to combine
the neighbouring pixels of initial seed points which have similar properties to form
individual cells. The most used region-based approaches for nuclei segmentation
were watershed and region growing methods. These methods also worked properly
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in the context of crowded nuclear population. However, the main drawback of
these methods was over-segmentation that can be reduced by fusing touching
regions a posteriori using a cost function.

For instance, Gul-Mohammed and Boudier [Gul-Mohammed 2014b] employed
a classified region growing for 3D segmentation of packed cell nuclei. This method
was able to overcome the over-segmentation problem and it can be explained as
follows. First, the seed points were obtained by applying a local maxima filter
to the raw or filtered image. Then, intensity threshold with decreasing levels
were applied to the image, and hence the regions around local maxima grow and
may eventually touch. At each threshold level, every set of touching regions was
updated by the combinations of individual regions that leads to a predefined
object. If the combination of individual regions not led to one of the predefined
objects, individual regions were not merged, and the procedure continues.

Another potential solution to account for over-segmentation problem was
introduced by Magnusson [Magnusson 2016]. The author proposed to use the
marker-controlled watershed along with h-maxima transforms to find marker
points. By using the h-maxima transform, all undesired regional maxima whose
values less than h-values were suppressed.

Tonti et al. [Tonti 2015] employed an adaptive marker-controlled watershed
technique for the segmentation of HEp-2 cells. The authors applied a marker-
controlled watershed on the gradient of the normalized image. Typically, the
watershed algorithm considers the gradient image as a topography surface and it
starts a flooding from its regional minima. In this method, the gradient image
was modified to deal with the over-segmentation problem, so that the regional
minima occur at the locations only specified by the internal and external markers.

Tarnawski et al. [Tarnawski 2013] utilized the active contour approach for both
segmentation and tracking of clustered cells in time-lapse fluorescent microscopy.
As a first step, the least squares method was used to identify the ellipse that
best characterizes the generic cell. Then, active contours model, starting from an
elliptic curve, was employed to evolve the contour towards the cellular edge. In
the same way, Cascio et al. [Cascio 2019] adapted the active contour approach to
segment HEp-2 cells. However, the authors used a randomized Hough transform
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for ellipse rather than least squares fitting.
Cliffe et al. [Cliffe 2017], introduced two methods for segmentation nuclei and

cytoplasm in fluorescence microscopy images. The author was used a Gaussian
mixture model (GMM) for segmentation of nuclei segmentation and 3D marker
watershed to segment cytoplasm.

Some studies had combined multiple segmentation methods for improving the
segmentation accuracy as introduced by Chen et al. [Chen 2006]. In such method,
the Otsu’s thresholding method was use to segment nuclei from the background
and then a watershed technique was deployed to further separate touching nuclei.

In the same vein, Akram et al. [Akram 2014] proposed a multi-stage approach
for segmentation of cells in spinning disk confocal images. The first stage was
to used edge detector to compute edge probability at each pixel. Then, cells
were separated from background using graph cuts, in which the intensity in local
neighborhood of a pixel was used to set terminal edge weights. The third stage
was to find the seeds for individual cells by sing another graph cuts stage, in
which edge probability map was used to adjust terminal edge weights. Finally,
marker-controlled watershed was employed to find boundaries of individual cells.

In the third category, much of the current literature on cell segmentation
pays particular attention to machine learning and deep learning methods. To
give some examples, Ronneberger et al. [Ronneberger 2015] proposed U-Net
convolutional networks, a type of fully convolutional network (FCN) [Long 2015],
to segment cells by labeling every pixel in the image. Unlike other deep neural
networks, the U-Net can be trained end-to-end from very few images by applying
elastic deformations to the available training images. This allowed the network to
learn invariant to such deformations, without the need to see these transformations
in the annotated image corpus. Furthermore, it was able to deal with the touching
objects of the same class by using a weighted loss, where the separating background
labels between touching cells obtain a large weight in the loss function. U-Net is
still a very successful and widely used model for semantic segmentation of various
medical images.

Liu et al. [Liu 2017] designed a deep convolutional encoder-decoder network
architecture known as NucleiNet for segmenting cell nuclei in noisy fluorescence
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microscopy images. The idea of NucleiNet was to learn the stochastic charac-
teristics of noise as well as the shape of nuclei for the learning step and then
regenerate the clean nuclei image based on the learned prior knowledge. Finally,
the segmented cell nuclei can be obtained by applying the thresholding- based
method on the clean nuclei image.

A two-stage convolutional neural network (CNN) method presented by Akram
et al. [Akram 2016b] to precisely segment the cells. In the first stage,a FCN was
used to propose cell bounding boxes along with their scores, i.e., the probability
of being a cell. In the second stage, another CNN was employed to segment cells
within the regressed bounding box.

Sadanandan et al [Sadanandan 2017] advised to use the deep convolutional
neural networks (DCNNs) to segment cells in fluorescence microscopy images.
Inspired by the U-Net [Ronneberger 2015], both the data and their labels were
subjected to data augmentation to create the final dataset for training the DCNN.

A fully convolutional network (FCN) was employed by Hernandez et al. [Her-
nandez 2018] to segment cells in phase and fluorescence microscopy images. In
contrast to classical convolutional networks, the FCN learns a mapping from
pixels to pixels, without extracting the region proposals. Furthermore, it only
had convolutional and pooling layers. As a result, the output was a spatial map,
which can be used to perform pixel-wise segmentation on arbitrary-sized inputs.
This method had a relatively low processing time, as manually labeling around
100 − 200 cells was enough to train a network which can then segment a large
number of new images with high accuracy

A more effort has been put into the development of deep learning approaches
algorithms to use as few as possible number of labels data. A recent study by
Arbelle and Raviv [Arbelle 2018a] involved a novel method for cell segmentation
in microscopy images that was adapted from the original generative adversarial
network (GAN) [Goodfellow 2014]. The GAN framework is based on two models,
a generative model to capture the data distribution, and a discriminative model
to estimate the probability that a sample came from the training data rather than
generative model. One of the main advantages of this method was that it did
not require a formulation of a loss function for the optimization process. Other
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advantages included accurate segmentation in the presence of a low number of
training dataset, that resulted in dramatically reducing the annotation effort.

Although recent approaches had consistently shown promising segmentation
results using convolutional encoder-decoders such as the U-Net [Ronneberger 2015]
and a two-stage convolutional neural network (CNN) [Ronneberger 2015], these
methods are still unable to incorporate temporal information that can facilitate
segmentation of individual touching cells or of cells that are partially visible.

Another study was proposed by Arbelle and Raviv [Arbelle 2018b] to exploit
cell dynamics by coupling of convolutional long short term memory (C-LSTM)
and the well established network architecture (U-Net) to allow compact spatio-
temporal representations in multiple scales. In addition, the authors planned to
incorporating adversarial loss as well to weaken the dependency on training set
size. Tables 2.2 and 2.3 summarize the cell/nuclei segmentation approaches used
for biological microscopy images.

Table 2.2: Summary of cell /nuclei segmentation approaches using deep
learning.

References Methodology Image
dimensions

[Ronneberger 2015] U-Net Convolutional Networks 2D
[Akram 2016b] Two-stage convolutional neural network (CNN) 2D
[Liu 2017] A deep convolutional encoder-decoder network 3D
[Arbelle 2018a] Generative Adversarial Neural Network (GAN) 2D

[Arbelle 2018b]
Coupling of Convolutional long short term
memory (C-LSTM) and the well established
network architecture (U-Net)

2D

[Hernandez 2018] A Fully Convolutional Network (FCN) 2D
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Table 2.3: Summary of cell/nuclei segmentation approaches. NA: not available.

References Preprocessing Methodology Image
dimensions

[Chen 2006] NA A classical thresholding approach followed by
a watershed . 2D

[Wählby 2004] A classical Gaussian
filter An edge detection based approach 2D/3D

[Cicconet 2013] NA Wavelet-based Circular Hough Transform 2D
[Tarnawski 2013] NA Active contour with least squares fitting 2D

[Gul-Mohammed 2014b] A classical 3D median
filter A classified region growing 3D

[Akram 2014] A classical median
filter

A multi-stage approach including edge detector,
graph cut and watershed 2D/3D

[Gul-Mohammed 2014a] A classical 3D median
filter An adaptive iterative thresholding algorithm 3D

[Bise 2015] NA A multiple-level thresholding technique 2D/3D

[Tonti 2015] A classical Gaussian
filter Adaptive marker-controlled watershed 2D

[Magnusson 2016] A band-pass
filter Adaptive marker-controlled watershed 2D/3D

[Türetken 2017] NA Ellipses fitting 2D

[Cliffe 2017] A classical Gaussian
filter

3D marker-controlled watershed
and Gaussian mixture model (GMM) 3D

[Cascio 2019] A classical median
filter Active contour with a randomized Hough transform 2D
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2.3 Cells/Nuclei tracking

Cell tracking has received great attention over the past few decades therefore
many approaches have been proposed to perform this task. Reviews of existing
cell tracking approaches can be found in [Rohr 2010,Kanade 2011,Meijering 2012].
Besides, the general description of the approaches implemented in cell tracking
challenges have been reviewed in [Maška 2014, Chenouard 2014, Ulman 2017].
Broadly speaking, cell tracking approaches can be categorized into two groups:
(1) model-based contour evolution approaches and (2) detection-based association
approaches.

The model-based contour evolution approaches are getting started by segment-
ing the cells contours in the first frame of a video sequence and then evolving
these contours dynamically to fit the cells in successive frames. Thus, both
segmentation and tracking tasks can be solved simultaneously as a one process,
with the hypothesis that obvious spatiotemporal overlapping exist between the
corresponding cell regions. These approaches represent cells contours using either
a parametric or an implicit model.

In the former model, active contours [Dufour 2005], active meshes [Dufour 2011],
or Gaussian mixture [Amat 2014] are employed to represent the cells, which require
more steps to handle key events such as cell division, cells touching and cells
entering/leaving the field of view.

In the latter model, the contours of the cells are represented in an implicit
manner through the level-set method. Such an approach can handle changes
of topology and provide enough support to the estimation of the geometric
properties, but it is computationally expensive. The main advantage of contour-
based evolution approaches is that they can provide robust segmentation of cell
boundary even in a noisy environment. Moreover, such techniques are very useful
in tracking various cell topological changes that occur during the cell cycle and
growth.

On the other hand, the main idea of detection-based association approaches is
to segment (identify) the cells first in all frames of a video sequence independently
and later associate (link) them among frames. The key benefit of detection-based
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association approaches is the decoupling of detection and association process in
a two-step procedure which enables easy tracking of new cells entering the field
of view. Since the segmentation is usually more application dependent than the
track association, the same track association algorithm is commonly used, along
with multiple segmentation algorithms related to a specific application.

Few approaches in the existing literature dedicated for cells tracking are based
on contour evolution models. This is due to a burning need for tracking the whole
cell boundary instead of just locating the cell, which slows the processing speed.
In addition, they are sensitive to parameter settings.

As for the first category, Dufour et al. [Dufour 2005] presented a classical
active contours model [Chan 2001] along with a volume preservation constraint
and several optimization problem to track cells in 3D+t microscopy data. In
this model, each cell was described by its own level-set function to address the
problem of overlapping cells. Furthermore, this model proves its ability to process
data with low signal to noise ratios (SNRs) and handles the tracking of the cells
that tend to touch, divide and enter/leave the field of view. However, a limited
performance was inherited to this model especially when applied to real biological
images that have very low SNRs and also contain multiple cells in close contact
with each other.

Dzyubachyk et al. [Dzyubachyk 2007] proposed an advanced level-set based
model that depends on the fusion of the variational model described in [Rous-
son 2002] with the classical Chan and Vese model [Chan 2001] for segmenting and
tracking cell movement and deformation in time-lapse fluorescence microscopy
images. The added value of this model was that its results became less sensitive
to different combinations of parameter values.

In order to overcome the shortcomings of the early study introduced by Dufour
et al. [Dufour 2005], Dzyubachyk et al. [Dzyubachyk 2008, Dzyubachyk 2010]
presented an improved level-set based method to simultaneously segment and
track multiple cells in fluorescence microscopy image sequences. The proposed
method had implemented significant modifications that noticeably improve its
performance in terms of accuracy, robustness, and computational cost. More
specifically, the energy functional had been modified to be minimized, and this
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resulted in reducing the number of energy weights.
In another study, Dzyubachyk et al. [Dzyubachyk 2009] introduced a novel

multi-object tracking framework using graph cuts based active contours. The
graph cuts method uses the information about the state of an object at a previous
time point as initialization for the detection and segmentation of the same object
in the next time point. This greatly handled the segmentation and tracking of
clustered nuclei simultaneously. In contrast to the framework of active contours,
graph cuts-based energy minimization had a fast performance because it did not
need any a priori global shape model, which makes it useful for tracking objects
with deformable shapes and appearances.

Li et al [Li 2008] employed a two-level image analysis system by integrating
multiple collaborative modules. This modular design provided a fast-geometric
active contour tracker together with a biologically relevant interacting multiple
model (IMM) motion filter, and spatiotemporal trajectory optimization. The
system allowed automatic quantification of cell migration, proliferation, apoptosis,
and construction of cell lineage maps. As a result, it facilitated the analysis of
massive biological datasets. However, this approach can be applied only to 2D
images.

Padfield et al. [Padfield 2009] applied a model-based shape/size constraint to
control the level set spatio-temporal surface evolution ,and then exploited the
fast-marching method to establish links between detected cells from frame to
frame based on the shortest distance.

In a different study, Dufour et al. [Dufour 2011] presented a novel deformable
model framework by reformulating the conventional variational approaches [Du-
four 2005,Dzyubachyk 2008,Dzyubachyk 2010] in the discrete active mesh frame-
work to reduce the memory and time costs drastically. Nonetheless, this framework
only works in 3D and cannot straightforwardly be used to analyze 2D sequences.

Maška et al. [Maška 2012] designed the whole cell tracking by a model evolution
approach to make the algorithm as fast as possible. Unlike prior efforts [Du-
four 2005,Dzyubachyk 2008,Dzyubachyk 2010,Dufour 2011], the cells were detected
by minimizing the original Chan–Vese model [Chan 2001] in the fast level set-like
(FLS) frameworks [Maška 2010] without solving any partial differential equation
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(PDE). Afterward, the multiple separate models were replaced with a topological
prior that uses the object indication function [Maška 2011] to enable simulta-
neous tracking of multiple cells over time. An extended version of this work
was presented in [Maška 2013]. The extended framework integrated the original
Chan–Vese model with graph cut (GC) [El Zehiry 2007] and the FLS framework.
In addition, this framework was expanded into higher dimensions that can be
applied directly to 2D as well as 3D timelapse series.

A sequential Bayesian approach in conjunction with Gaussian mixture models
(GMMs) was introduced by Amat et al. [Amat 2014] to perform segmentation and
tracking simultaneously using a parametric contour evolution. The idea of this
approach was to propagate the information obtained from a previous time point
to the next time point instead of fitting a GMM at each time point independently.
Due to the temporal coherence between consecutive time points, the authors
hypothesized, as a priori knowledge (Bayesian approach), that the location, shape,
and appearance of cell nuclei cannot variate suddenly between time points.

As for the second category, most cell tracking approaches belong to such
category i.e, detection-based association tracking and summarized in Table 2.5. As
a starting point, Li et al. [Li 2010] improved the tracking accuracy by introducing
a new dissimilarity measure which considered the morphological appearance,
migration distance, neighboring relationship, and intensity information. An
integer linear programming and a sophisticated matching strategy, in conjunction
with the novel dissimilarity measure were employed to match and track cell nuclei
in the time-lapse fluorescence microscopy images.

An integrated study was introduced by Bise et al. [Bise 2011b] for cell tracking
based on global spatiotemporal data association which considers hypotheses of
initialization, termination, translation, division and false positive detections. At
first, reliable tracklets (i.e., short trajectories) were generated by linking detection
responses based on frame by frame association approach. Afterward, these tracklets
were globally associated over time to obtain final cell trajectories and lineage
trees. The global association for cell trajectories was formulated as a maximum a
posteriori (MAP) problem and then solved by a linear programming strategy to
match the nuclei of two consecutive frames.
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Magnusson and Jaldén [Magnusson 2012] developed a batch algorithm for
track linking, in which the information from the whole sequence were employed
to establish local decisions about cell tracks. The algorithm integrated image-
based likelihoods of cell division and cell death into the tracking, without using
heuristic post-processing algorithms or separate detection algorithms that make
hard detection decisions over time. Hence, it presented more robust decisions over
algorithms that process the data sequentially. This algorithm included a scoring
function to rank different tracking hypotheses and an iterative algorithm with
low complexity which looks forward to a set of tracks that maximizes the scoring
function in a computationally efficient way using the Viterbi algorithm

Another study, as an extension to the previous algorithm [Magnusson 2012],
was designed by Magnusson et al. [Magnusson 2015a] to manage false detections,
missed detections, detections containing multiple cells, mitosis, apoptosis, and cells
migrating in and out of the field of view. Moreover, the extended algorithm with
reduced complexity was developed, to enable processing of the image sequences
with thousands of cells affecting its performance.

In the previous studies [Magnusson 2012,Magnusson 2015a], the Viterbi track
linking (VTL) algorithm was only used with Brownian motion models as it did
not work well for particles with non-Brownian motion. This is because, a Markov
property, which states that the linking scores should not depend on how the tracks
were linked in prior images. In order to tackle this problem, Magnusson and
Jaldén [Magnusson 2015b] presented a global track linking algorithm based on
the Viterbi algorithm, with a Gaussian mixture probability hypothesis density
(GM-PHD) filter. GMPHD filter was used as the first step for detection of
particle locations. Consequently, a target distribution for each image along with
Gaussian components representing possible locations and velocities of particles
can be produced. Then, the Gaussian components were linked into tracks using
VTL. This allowed distinguishing closely spaced particles based on their velocities,
without losing the required Markov property.

A similar scoring function in conjunction with a track linking algorithm
relied on an integer linear programming was later proposed by Schiegg et al.
[Schiegg 2013]. This method included a probabilistic graphical model that can
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handle detection errors in the tracking graph and even correct the false positives,
false negatives, and under-segmentation errors. Since the detection and tracking
were performed separately, i.e., did not incorporate any time information, the
tracking result became highly dependent on the detection quality. As a result,
the overall quality was limited due to the lack of cooperation between detection
and assignment decisions.

A follow-up study, avoiding segmentation errors by jointly optimizing seg-
mentation and tracking using one probabilistic graphical model was presented
by Schiegg et al. [Schiegg 2014]. In this study, global spatial and temporal
information were coupled together to select the hypotheses that best fit the overall
tracking. Thus, the proposed model enabled to solve the problem especially if
groups of cells appeared clumped together in some frames. Although this model
had high computational complexity, the optimization problem still can be solved
within a reasonable time.

Another joint segmentation and tracking method was proposed by Türetken
et al. [Türetken 2017] to automatically detect and track cells in time-lapse images.
The first step is to segment cells and generate over-complete segmentation hy-
potheses based on fitting ellipses hierarchically, then construct a spatiotemporal
graph from all segmentation hypotheses and eventually formulate an integer linear
programming (ILP) to select the consistent cells and find the optimal trajectories
in this graph. Nevertheless, the use of ILP may be computationally expensive
and may not be feasible for very dense and long sequences.

Similarly, Akramet al. [Akram 2016a] presented a novel proposal based joint
cell segmentation and tracking method. This method employed cell segmentation
proposals to represent potential cell hypotheses and construct a directed acyclic
graph. Next, an iterative process was used to find the shortest path in this
graph, which provided segmentation, tracks, and events for individual cells. In
this method, a greedy iterative shortest path algorithm for performing inference
was used rather than ILP to overcome the issue raised in the previous research
[Türetken 2017].

Lou et al. [Lou 2014] introduced learning-based tracking which combines the
use of two supervised learning algorithms to obtain better predictive performance.
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The first was active learning algorithm that uses to retrieve informative training
samples. The second was regularized max-margin learning approach which uses
to obtain a regularized and globally optimized model. Similar to proposal-based
tracking approaches, this method started with identify segmentation proposals in
all frames and then use the learning algorithms along with an ILP to select the
consistent cells and find the optimal trajectories.

A general, consistent, and extensible tracking approach that explicitly models
cell behaviors in a graph-theoretic framework was proposed by Padfield et al.
[Padfield 2011]. With this general approach, no specific models, parameter tuning,
and training are needed and therefore not limited to tracking cells of a particular
type or stained in a particular way. In this framework, a tracking approach based
on extending the minimum cost flow algorithm has been employed to establish
the association costs in a weighted directed graph. In addition, an efficient edge
coupling approach has been applied for handling mitosis (splitting) and merging
events.

Nowadays, deep learning-based methods have been proposed for cell tracking.
For instance, He et al. [He 2017] designed a cell tracking method based on multi-
task learning (MTL) and convolutional neural networks (CNNs). It consists of
three models: particle filter motion model, a MTL observation model, and an
optimized model update strategy. In the first, a cell position had been identified
in the first-time frame. Next, the particle filter motion model was used to
produce a set of candidates bounding boxes in the following frames. Finally, the
MTL observation model was enabled to select the best candidate as the final
target. CNNs act as part of MTL observation model which enables to learn
robust cell feature whereas the optimized model update strategy employed to
update the observation model to improve the tracking performance. A similar
study was presented by Wang et al. [Wang 2017]. However, it employed the
CNNs for feature extraction and two output layers for simultaneous detection
and tracking. The two outputs shared the same features from convolutional
layers that individually handles tracking or mitosis detection tasks. The tracking
output selected the correct target in each frame, while the mitosis detection
output detected whether the target cell is splitting (undergoing mitosis). A key
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limitation of the convolutional neural networks(CNNs) based methods is that
a single cell tracking was only considered and therefore the methods had not
yet been widely adopted to multi object cell tracking. Table 2.4 summarizes
the cell/nuclei tracking by model-based contour evolution approaches used for
biological microscopy images. Table 2.5 summarizes the cell/nuclei tracking by
detection-based association approaches for biological microscopy images.
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Table 2.4: Summary of tracking by model-based contour evolution approaches.

References Methodology Image dimensions
[Dufour 2005] Classical active contour model 3D
[Dzyubachyk 2007] Level-set based variational model 2D
[Dzyubachyk 2008] Multi-phase level set model 3D

[Li 2008]
Fast active contour model in conjunction with adaptive
interacting multiple models (IMM) motion filtering
and spatiotemporal trajectory optimization.

2D

[Padfield 2009] Level set model with the fast-marching method
and spatio-temporal constrains 2D

[Dzyubachyk 2009] Graph cuts based active contours 3D
[Dzyubachyk 2010] Multi-phase level set model 2D/3D

[Dufour 2011] Adapted variational level set in the discrete
active mesh framework 3D

[Maška 2012] Integrated the original Chan–Vese model with the fast
level set-like (FLS) framework 2D

[Maška 2013] Integrated the original Chan–Vese model with the fast
level set-like (FLS) and graph cut (GC) framework 3D

[Amat 2014] A sequential Bayesian approach
with Gaussian mixture models 3D
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Table 2.5: Summary of tracking by detection-based association approaches.

References Methodology Image dimensions

[Li 2010] Global nearest neighbor based on similarity measures
i.e., appearance, distance, relationship, and intensity 2D

[Bise 2011b]
A spatio-temporal association with
maximum a posteriori probability
(MAP)

2D

[Padfield 2011] Graph-based minimum-cost
flow global optimization 2D/3D

[Magnusson 2012,Magnusson 2015a] Graph-based shortest-path global
optimization using Viterbi algorithm 2D/3D

[Schiegg 2013,Schiegg 2014] Probability graph-based global
optimization 2D/3D

[Lou 2014] Global optimization with a supervised
machine learning-based technique 2D

[Akram 2016a] Multiple hypothesis and graph-based
shortest-path global optimization 2D

[Türetken 2017] Multiple hypothesis and graph-based tracking 2D
[He 2017,Wang 2017] Similarity-based deep learning approach 2D
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2.4 Existing software

In recent years, several software tools are made available for analysis of microscopy
images. These tools involve commercial and open source platforms. A wide
range of software tools include techniques for cell detection, segmentation, and
tracking. Typically, techniques distributed with software tools are based on
standard methods such as threshold-based methods for segmentation, watershed-
based methods for splitting cell clusters and distance or size based association for
cell tracking. Additionally, more sophisticated techniques are made available, but
they are not always used. This is because they require tuning multiple parameters.

In this work, we highlight the more prominent and widely used tools and we
present a comparison between them in Table 2.6. Furthurmore, we introduce
in Table 2.7 the denoising and segmentation algorithms implemented with the
existing software tools. An overview of various microscopy images analysis tools
is presented in [Hilsenbeck 2016,Wiesmann 2015,Meijering 2012].

2.4.1 ImageJ/Fiji

ImageJ is developed throughout a grant from the National Institutes of Health
(NIH) by Schneider et al. [Schneider 2012]. Still, it is the most widely used software
for a variety of research areas in medicine and biology applications. Furthermore,
it is a public-domain software and a completely open-source tool that allows
users to modify the Java scripts and create new tools. This tool has a huge and
fast-growing community, with many people developing their own plug-ins.

More tools, for instance, CellProfiler and Icy, have taken the initiative to
support and employ ImageJ plug-ins. Since ImageJ has a flexible interface, a
huge number of plug-in development projects have been presented which results
in implementing several image processing algorithms and convenient utilities for
everyday tasks.

Due to a rapid increase in the development of plug-ins, the dependencies
between those plug-ins became complicated, and often hard to untangle. To
overcome this issue, a distribution of ImageJ bundled with several plug-ins called
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Fiji is emerged in 2007 and has been actively maintained by a large group of
developers [Schindelin 2012]. The main specification of Fiji is maintaining an
automatic plug-in updating function. In addition, Fiji includes more than 900
commands compared with ImageJ that involves about 500 commands.

2.4.2 Icy

Icy is a free, open-source platform developed at the Quantitative Image Analysis
Unit, Institute Pasteur [De Chaumont 2012]. It offered a set of image analysis
tools to be used in biological applications, i.e., image enhancement and filtering,
active contours, colocalization, registration, particle detection, cell segmentation,
and tracking. Additionally, it has enabled the development of a variety of image
processing algorithms by integrating new plug-ins. Icy has provided powerful
visualization capabilities (2D, montage and 3D volume rendering with VTK).
Furthermore, it has been designed to interactively handle the multidimensional
images (3D, time and channels).

2.4.3 CellProfiler

Likewise, CellProfiler is a free open-source software, designed for measuring and
analyzing cell in biological images.

The first version is introduced by Anne Carpenter’s team at the Broad Institute,
MIT and Harvard [Carpenter 2006]. It is highly appreciated worldwide, in which
it enables biologists to quantitatively measure phenotypes robustly from whether
a few or thousands of images.

The second version of CellProfiler derived in Python from its original MATLAB
implementation [Kamentsky 2011]. Furthermore, it has supported ImageJ plug-ins.
This version has included methods for segmenting and tracking moving cells in
video sequences and measuring neurons, worms, and tissue samples. In the latest
version, i.e., CellProfiler 3.0 release [McQuin 2018], new methods are introduced
for analyzing both whole-volume and plane-wise of three-dimensional (3D) images,
using deep learning architectures and cloud computing resources. Moreover, the
team has improved the usability and capabilities features.
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2.4.4 ilastik

ilastik is developed by the ilastik team in Anna Kreshuk’s lab at the European
Molecular Biology Laboratory [Sommer 2011]. Similarly, ilastik is a user-friendly
free open-source software for automated segmentation, classification, tracking, and
analysis of the 2D+t and 3D+t sequences. It allows biologists to even manually
annotate a small set of training samples. These annotation samples along with
a set of image features are then used in machine learning-based techniques for
classifying and segmenting cells from more challenging images.

ilastik projects can be imported to different software tools such as CellProfiler,
FIJI to perform further post-processing or analysis tasks. The plug-in functionality
takes advantage of a rich application programming interface (API) that enables
advanced users to develop their own specific algorithms.

2.4.5 Imaris

Imaris 1 is a commercial software tool that is being for studying functionality,
visualization, segmentation, and interpretation of 3D and 4D microscopy datasets.
The user-friendly interface along with powerful rendering engines allow the users
to interactively reconstruct and explore big data. Also, Imaris provides eight
unique, tightly integrated modules that provide the opportunity to build a package
based on a researcher’s specific needs. These modules include automatic image
processing of multiple 2D/3D + time images; quantitative image analysis; 3D
and 4D object tracking; visualizing and measuring; isolating, visualizing and
quantifying colocalized regions and much more.

For flexible use, Imaris can be customized with plug-ins (called Xtensions) via
the ImarisXT API. Commonly, Imaris XTensions scripts are written in MATLAB.
Recently, it added an easy integration for Python scripts and their plug-ins.

1http://www.bitplane.com

http://www.bitplane.com
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2.4.6 Amira

Amira is a commercial software platform for advanced 3D/4D data manipulation
[Stalling 2005], developed by Thermo Fisher Scientific 2 in collaboration with the
Zuse Institute Berlin (ZIB)3. It allows visualizing, processing, and understanding
life sciences data coming from computed tomography (CT), microscopy, magnetic
resonance imaging (MRI), and several other imaging modalities. In particular, it
gives researchers the opportunity to do intra- and intercellular image segmentation
and employing powerful automated object tracking solution.

Amira can be controlled via the TCL scripting language and interfaced with
Matlab. Moreover, various modules can be created using C++ programming
language. Recently, an alternative shell-script based on Python language becomes
available, and so it gives Amira software more strength.

2https://www.thermofisher.com
3http://www.zib.de/

https://www.thermofisher.com
http://www.zib.de/
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Table 2.6: Comparison of available software tools for microscopy image analysis.

Software name Operating
system bundle Scripting language Primary function Image

dimensions Available

ImageJ/Fiji 1 All

ImageJ Macro,
Javascript,
Python, JRuby,
BeanShell,Groovy,
Clojure

Image analysis 2D/3D Free

Icy 2 All

ImageJ Macro,
Javascript,
Python, Protocol
(Graphical
Programming)

Data visualization,
annotation and analysis 2D/3D Free

CellProfiler 3 All Python Image processing
and analysis 2D/3D Free

ilastik 4 All Python Image processing
and machine learning 2D/3D Free

Amira 5 All TCL,Python Data visualization,
processing, and analysis 3D/4D Commercial

Imaris 6 Win, OSX Matlab Data visualization
and analysis 3D/4D Commercial

1 https://imagej.net/ImageJ
2 http://icy.bioimageanalysis.org/
3 https://cellprofiler.org/
4 https://www.ilastik.org/
5 https://www.fei.com/software/
6 http://www.bitplane.com

https://imagej.net/ImageJ
http://icy.bioimageanalysis.org/
https://cellprofiler.org/
https://www.ilastik.org/
https://www.fei.com/software/
http://www.bitplane.com
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Table 2.7: Denoising and segmentation algorithms implemented with
the existing software tools. NA: not available.

Implemented algorithms
Software name Denoising Segmentation

ImageJ/Fiji1

Median filter
Gaussian filter
Wiener filter
Band-pass filter
Fast non-local means
PURE-LET
Deep convolutional neural network

Classical thresholding
Multiple-level thresholding
Adaptive iterative thresholding
Edge detection
Ellipses fitting
Hough transform circle detection
Active contour
Region growing
Marker controller watershed
Machine learning
U-Net convolutional networks

Icy2
Median filter
Gaussian filter
Band-pass filter

Iterative thresholding
Classical and adaptive thresholding
Edge detection
Ellipses fitting
Active contour
Marker controller watershed

CellProfiler3
Median filter
Gaussian filter
Non-local means

Classical and adaptive thresholding
Ellipses fitting
Edge Detection
Active contour
Marker controller watershed
Machine learning
U-Net convolutional networks

ilastik4 NA

Edge Detection
Classical watershed
Machine learning
U-Net convolutional networks

Amira5
Median filter
Gaussian filter
Non-local means

Classical thresholding
Region growing
Marker controller Watershed

Imaris6 Median filter
Gaussian filter

Classical thresholding
Edge Detection
Ellipses fitting
Region growing
Marker controller Watershed

1 https://imagej.net/ImageJ
2 http://icy.bioimageanalysis.org/
3 https://cellprofiler.org/
4 https://www.ilastik.org/
5 https://www.fei.com/software/
6 http://www.bitplane.com

https://imagej.net/ImageJ
http://icy.bioimageanalysis.org/
https://cellprofiler.org/
https://www.ilastik.org/
https://www.fei.com/software/
http://www.bitplane.com
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2.5 Summary

This chapter reviewed existing approaches for denoising, segmentation, and track-
ing of cell/nuclei in microscopy images. In addition, it discussed available software
tools for analyzing microscopy images. Among all image processing tasks, denois-
ing remains an essential step before performing higher level tasks, as the noise
has a significant effect on extraction of information.

In denoising techniques, PURE-LET showed very promising denoising results
for 3D and time-lapse fluorescence microscopy data. On the other hand, median
filter is a simple and widely used method in most of microscopy image analy-
sis. Moreover, for cell/nuclei segmentation, we noticed that thresholding and
watershed-based methods are the most used ones. In the same manner, most
researchers focused on using detection-based association approaches for tracking
of cell/nuclei.

Although, existing software tools as well as the aforementioned denoising,
segmentation, and tracking methods have achieved good results in microscopy
images, most of them require tuning multiple set of parameters. Moreover, they
could be used effectively only for specific applications. As a result, implementing
a proper and robust approach for various datasets regarding high variation in
cell nuclei volume, shape, and stain distribution as well as high cell density has
become a major challenge in analysis of microscopy images.

From this perspective, we proposed a generic framework (explain in Chapter 3)
for denoising 3D microscopy images that only require few parameters. This
method is based on unsupervised dictionary learning and sparse representation
technique. Next, two segmentation methods based on thresholding and watershed
are employed to get segmentation mask and subsequently to obtain the final cell
nuclei segmentation results.
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This section introduces a novel method for denoising and detection of cell nuclei
in 3D TLFM images based on a sparse representation approach [Aharon 2006,
Elad 2006]. The use of sparse signal representation is becoming popular in
several fields such as face recognition [Adamo 2015], image denoising [Nasser 2017,
Qiu 2012,Boulanger 2010] and inpainting [Ogawa 2013], and image classification
[Alegro 2017, Theodorakopoulos 2014]. Indeed, natural images represent very
sparse data, especially in biology where numerous instances of the same structure,
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i.e. cell or nucleus, are present in the image. Moreover, a dictionary-based
approach is usually linked to unsupervised learning since the data itself can be
used to learn the basis vectors to build a sparse representation matrix.

The sparse representation method (shown in Figure 3.1) is implemented as
described by M. Elad and M. Aharon [Elad 2006], we have only changed the
construction of the initial dictionary as depicted in the following steps. Firstly, the
patches are extracted by moving a window with a step size of one pixel over the raw
image. For each extracted patch, pixels’ intensities are averaged. Then, the mean
intensity over all patches is calculated. Secondly, an initial dictionary is constructed
by selecting random patches from extracted patches among those having intensities
greater than the obtained average intensity. By doing that, we are ensuring the
presence of cell nuclei patches in the initial dictionary. Thirdly, a technique
based on K-means with singular value decomposition (K-SVD) [Aharon 2006] is
implemented to update and obtain the final dictionary. Fourthly, the updated
dictionary is used to reconstruct the denoised image as well as the detection map
that will be used for detection of cell nuclei.

In the cell nuclei segmentation stage, the maximum response image, which is
obtained by multiplying the denoised image with the detection map is used to
detect the potential location of cell nuclei. Then, a thresholding-based approach
[Bradley 2007,Otsu 1979] is proposed to get the segmentation mask. Finally, a
marker-controlled watershed approach [Parvati 2008] is used to obtain the final
individual cell nuclei segmentation result.

3.1 Denoising of 3D cell nuclei images.

3.1.1 An introduction to sparse representation

The idea of sparse representation is to obtain an efficient representation of a
signal as a linear combination of few atoms chosen from a dictionary. Given a
dictionary D ∈ Rn×K that contains K atoms, i.e., a unit vector of length n, as
column vectors dj ∈ Rn, j = 1, 2, . . . , K, where n is a patch size. The sparse
representation problem of a signal y ∈ Rn can be described as finding the sparsest
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Figure 3.1: General representation of the proposed framework for de-
noising and segmentation of cell nuclei in 3D time-lapse fluorescence
microscopy images. The proposed pipeline consists of data preprocess-
ing, initial cell nuclei segmentation, cell nuclei detection, final segmen-
tation as well as 3D visualization. In the preprocessing step, an initial
dictionary is constructed by selecting random patches from the raw
image as well as a K-SVD technique is implemented to update the dic-
tionary and obtain the final one. Then, the maximum response image
which is obtained by multiplying the denoised image with the detec-
tion map is used to detect marker points. Furthermore, a thresholding-
based approach is proposed to get the segmentation mask. Finally, a
marker-controlled watershed approach is used to get the final cell nu-
clei segmentation result and hence cell nuclei are displayed in a 3D
view.
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vector a ∈ RK where y ' Da. The problem can be formulated as an energy
optimization problem as follows:

â = argmin
a
‖y −Da‖2

2 s.t. ‖a‖0 ≤ L (3.1)

where y is the signal, a denotes the sparse representation coefficients, ‖a‖0 is the
L0 pseudo-norm that counts the number of non-zeros of a and L is a predetermined
sparsity threshold.

Solving the previous optimization problem is NP-hard and numerically in-
tractable, thus several methods have been developed to get an approximate
solution for this particular problem. The first type of methods uses L0 − norm
minimization, such as matching pursuit (MP) [Mallat 1993b] or orthogonal match-
ing pursuit (OMP) [Mallat 1993a]. The second type of method uses L1 − norm
for optimization. The objective of L1− norm is to make the optimization problem
convex, which can be addressed efficiently using basis pursuit (BP) [Chen 1998].

Among these methods, we discuss the orthogonal matching pursuit (OMP)
algorithm that has been widely used because it is easy to implement and it provides
a satisfactory stable results. Moreover, it has a low computational complexity.
The orthogonal matching pursuit (OMP) is a greedy algorithm which aims to find
a sparse representation of a signal of interest, given a predefined dictionary. The
main idea of this algorithm is to iteratively search for the best atoms that minimize
a residual. To explain, initially, the atom k̂ = argmax

k
|dTk r| with the maximal

correlation to the residual r is selected. Then, the current signal y is orthogonally
projected onto the span of the selected atoms by computing aI = (DI)+y, where
I denotes a set containing indices of selected atoms, DI are the corresponding
columns of D, (DI)+ represents pseudoinverse of DI and aI are the corresponding
columns of A. Finally, the new residual is computed by r = y −DIaI and the
process is repeated until the stopping criterion is satisfied (see Algorithm 1). This
criterion depends on sparse constraint so that this process is terminated when a
specific number of distinct atoms have been selected.
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Algorithm 1 Orthogonal matching pursuit
1: Inputs:

Dictionary D, signal y, sparsity threshold L
2: Output:

Sparse representation a such that y ' Da
3: Initialize:

set I := (), r := y, a := 0
4: while stopping criterion not met do
5: k̂ := argmax

k
|dTk r|

6: I := (I, k̂)
7: aI := (DI)+y
8: r := y −DIaI
9: end while

Dictionary selection

The crucial issue for any practical applications is to select the dictionary D.
Basically, dictionaries are of two types: (1) fixed dictionaries and (2) adaptive
dictionaries. The fixed dictionary as is the case for curvelet, discrete cosine,
wavelet, ridgelet, or bandlet [Rubinstein 2010] which use pre-defined and fixed
atoms. This dictionary might not ensure a well-defined representation of all given
signals. As a result, it is more appealing to use an adaptive dictionary approach
to learn the dictionary directly from the data itself.

Learning the dictionary requires two steps, the first step is to compute an
initial dictionary. It is usually computed by taking random patches directly from
the raw image. These patches are overlapped with a step size of one pixel. To
ensure the presence of patches containing nuclei in the initial dictionary beside
background patches, we select patches among those having intensity greater than
the average intensity of all patches extracted from the image. The second step is
to update the initial dictionary using the K-SVD algorithm [Aharon 2006].

The K-SVD algorithm (Algorithm 2) is a standard unsupervised adaptive
dictionary learning algorithm that generalizes the well-known K-means clustering
algorithm [Hartigan 1979]. It jointly learns a dictionary D = [d1, d2, . . . , dK ], dj ∈
Rn, j = 1, 2, . . . , K and a related sparse representation matrixA = [a1, a2, . . . , am], ai ∈
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RK , from a set of training signals Y = [y1, y2, . . . , ym], yi ∈ Rn, i = 1, 2, . . . ,m by
solving the following problem:

argmin
D,A

‖Y −DA‖2
2 s.t. ‖ai‖0 ≤ L (3.2)

This technique solves the optimization problem by alternating between finding
the sparse representation coefficients A and the dictionary D using an iterative
approach. Assuming that D is known, the best sparse representation matrix
is constructed by solving Equation (3.2) using an orthogonal matching pursuit
algorithm (OMP).

Following the sparse representation stage, we search for the optimal dictionary
D toward better sparse representation of an image. Since finding the whole
dictionary at the same time is impractical, the dictionary is updated atom by
atom while assuming the sparse representation vectors (A) are fixed. The update
of the k−th column of D is done by reformulating the optimization problem as
follow:

‖Y −DA‖2
F = ‖Y −

K∑
j=1

dja
j
L‖2

F = ‖(Y −
∑
j 6=k

dja
j
L)−dkakL‖2

F = ‖Ek−dkakL‖2
F (3.3)

where, akL denotes the k − th row of A and the matrix Ek stands for the error
for all the signals when the k − th atom is removed.

In this problem, the multiplication term DA is first decomposed into a sum-
mation of K rank−1 matrices, whereas the other K − 1 terms are assumed to
be fixed, and the k−th remains unknown. Afterward, the optimization problem
can be solved by approximating the Ek term with a rank-1 matrix using singular
value decomposition (SVD), then updating dk. However, such solution can not
enforce the sparsity constraint of the resulting matrix A .

To handle sparsity constraint problem, we define a group of indices ωk rep-
resenting the signals yi that use the dk atom (i.e., those where is nonzero) as
depicted below:
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ωk = {i|1 ≤ K ≤ N, akL(i) 6= 0} (3.4)

Then, we define Ωk as a matrix of size N × |ωk|, with ones on the (i, ωk)-th
entries and zeros elsewhere. We obtain akR by multiplying akT and Ωk, thus the row
vector is shrunk by discarding of the zero entries, resulting with the row vector akR
of length |ωk|. Likewise, we obtain Y R

k by multiplying Y and Ωk and this creates
a matrix of size N × |ωk| that includes a subset of the signals that are currently
using the dk atom. In the same way, ER

k = EkΩk.
Thus, the optimization problem described in Equation (3.3) can be accom-

plished practically by reformulating it as:

‖EkΩk − dkakLΩk‖ = ‖ER
k − dkakR‖2

F (3.5)

and this optimization problem can be done directly via singular value decom-
position (SVD). The main idea of such technique is to compute the singular value
decomposition (SVD) of an image and then discard small singular values. Small
singular values mainly represent the noise. On the other hand, the large singular
values represent the significant features.

To explain, the SVD has several application in image processing. In particular,
it has been widely used to restore a corrupted image by distinguishing between
significant structure and the noise data. The SVD decomposes the restricted
matrix ER

k to ER
k = U∆V . The solution for dk is defined as the first column of

U , and the coefficient vector akR as the first column of V multiplied by ∆(1, 1).
After updating the whole dictionary, the process is iterated alternately between
solving A and D. Once the best dictionary and sparse representation coefficients
are obtained, the denoised image and detection map can be constructed. An
example of the final adaptive dictionary that leads to those images is presented in
Figure 3.2.
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Algorithm 2 K-SVD algorithm
1: Inputs:

Noisy image Y , dictionary D, sparsity threshold L, number of
iterations N

2: Output:
The optimal sparse representation coefficients A and optimal
dictionary D

3: Initialize:
Dictionay D with patches randomly extracted from Y

4: for i<N do
5: Sparse representation: compute sparse representation coefficients Â (Equa-

tion (3.1)) using OMP algorithm (Algorithm 1)
6: Dictionary update: for each column k = 1, 2, . . . , K in D, update it using

the following steps:
– Define the set of signals that use this atom by ωk = {i|1 ≤ K ≤
N, akL(i) 6= 0}

– Compute the representation error matrix by Ek = (Y −∑
j 6=k dja

j
L)

– Find ER
k by choosing only the columns corresponding to ωk, ER

k = EkΩk.
– Apply SVD decomposition ER

k = U∆V , choose the updated dictionary
atom dk to be the first column of U . Update the sparse representation
coefficients akR to be the first column of V multiplied by ∆(1, 1).

7: end for
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Initial dictionary Learned dictionary

Figure 3.2: Example of the adaptively learned dictionary.

3.1.2 Images with sparse representation.

After obtaining the optimal dictionary and sparse representation coefficients, the
denoised image and detection map are reconstructed as explained in Algorithm 3,
which will be used later in the detection and segmentation of cell nuclei.

Denoised image reconstruction.

The denoised image with sparse representation is formed by solving the following
optimization problem:

X̂ = argmin
X

λ ‖X − Y ‖2
2 + ‖X −DA‖2

2 (3.6)

The first term in Equation (3.6) introduces the log-likelihood global force that
demands the proximity between X and Y . λ is the regularization parameter that
controls this fidelity term. When the noise level in the image is low, Y is close to
X, and λ should be larger. In contrast, with the high noise level, Y is getting away
from X, and λ should be smaller. The second term is used to makes sure that in
the constructed image, every patch in every location has a sparse representation.
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Equation (3.6) can be solved as a set of smaller optimization problems (i.e. at
patch level) which is defined by:

X̂ = argmin
X

λ ‖X − Y ‖2
2 + ‖HiX −Dai‖2

2 i = 1, 2, 3, . . . ,m. (3.7)

where Hi is the matrix which selects the i−th patch from X (i.e. xi = HiX),
X is the latent clean image, Y is the noisy image and λ is the regularization
parameter.

The obtained A and D from Algorithm 2 which are the optimal dictionary
and sparse representation coefficients are now fixed and thus we turn to update
X .

Returning to Equation (3.7), we need to solve the the following optimization
problem:

X̂ = argmin
X

λ ‖X − Y ‖2
2 + ‖HiX −Dai‖2

2 (3.8)

This is a simple quadratic term that has a closed-form solution of the form:

X̂ = (λY + ∑
iH

T
i Dai)

(λI + ∑
iH

T
i Hi)

(3.9)

where I is an identity matrix and X̂ is the denoised image. The solution to this
problem includes averaging of the overlapping patches with a weighted sum of the
original noisy patch. As the patches are overlapping, the final value of each voxel
is an average of all representations obtained from the sparse representation stage.

Detection map reconstruction.

In point of fact, the denoised image does not have sufficient contrast to completely
separate touching nuclei. In order to improve cell nuclei detection, a detection
map image that indicates the potential locations of cell nuclei will be built. The
construction of this image (Imap) is based on the computation of the sparse
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coefficients (ai) of each image patch. It can be obtained by:

pi = 1
C

K∑
k=1
|aki | i = 1, 2, 3, . . . ,m. (3.10)

where, C is a normalization term, pi is the probability value corresponds to the
i−th patch and aki denotes the k−th element of ai.

The final detection map can be obtained from the following form :

Imap = Opi i = 1, 2, 3, . . . ,m. (3.11)

where O is a vector of all ones with dimensions n × 1, and n represents patch
size. Thus, all voxels values i.e., n elements of the i−th patch in the detection
map have only one value equals to pi. The value of each voxel in the detection
map ranges between 0 and 1, where a value of 0 indicates the background voxel
and 1 indicates the nucleus voxel. To give an example, assume all atoms in the
dictionary have the same average intensity, to reconstruct a patch with higher
(brighter) intensity values, the sparse coefficients of such patch ((as presented in
Figure 3.3 (c))) will be higher than sparse coefficients of a patch in the background
(as presented in Figure 3.3 (d)). Thus, this detection map is only based on the
voxel intensity values of the raw image. Notably, voxels within the center of the
nucleus have very high sparse coefficients values, in contrast to voxels far away
from the center having low values. Consequently, the pi value of the patches
containing nuclei (as shown in Figure 3.3 (b, c)) tend to be large compared with
the pi value of background patches (as presented in Figure 3.3 (d)). As a result,
the dictionary learning technique with sparse representation can capture strong
structures of biological images as well as restrain the noise.
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Figure 3.3: Example of patches sparse coefficients (a) sample patches
i.e. red rectangles (1, 2, 3) overlaid on the filtered image. (b) sparse
coefficients of a sample patch (1) contain part of nucleus. (c) sparse
coefficients of sample patch (2) contain nucleus. (d) sparse coefficients
of a sample patch (3) from background.
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Algorithm 3 Denoised image and detection map
1: Inputs:

Noisy image Y , Dictionary D, Sparse coefficients matrix A
2: Output:

Denoised Image X̂ and detection map Imap
3: Initialize:

The optimal dictionary D and optimal sparse coefficients
matrix A obtained from (Algorithm 2)

4: Denoised image:
5: X̂ = argmin

X
λ ‖X − Y ‖2

2 + ‖RiX −Dai‖2
2

6: X̂ = (λY + ∑
iR

T
i Dai)

(λI + ∑
iR

T
i Ri)

7: Detection map:
8: pi = 1

C

∑K
k=1 a

k
i i = 1, 2, 3, . . . ,m.

9: Imap = Opi
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3.2 Cell nuclei segmentation.

In time-lapse fluorescence microscopy images, nuclei appear as bright objects
on a dark background. Consequently, nuclei can be neatly extracted from the
background using a simple thresholding method, but such method unable to
segment touching nuclei.

In previous research, a watershed-based method was proven to be an effective
tool for segmenting such touching nuclei scenarios. However, classical watershed
approach usually leads to an over-segmentation problem.

In this section, we present how a thresholding-based approach is used to get
initial cell nuclei segmentation. Then, we discuss the generic marker extrac-
tion method, which based upon both the denoised image and detection map
(Section 3.1.2, Section 3.1.2). Afterward, we briefly review the watershed-based
algorithm and the marker-controlled watershed. Algorithm 4 present the main
steps of cell nuclei segmentation process.

3.2.1 Initial cell nuclei segmentation.

A local adaptive-thresholding approach [Bradley 2007] is applied to the denoised
image, in which the general concept of the algorithm is that for every image’s
voxel the threshold is determined by the following equation:

Tlocal = meanlocal ∗ (1− SensitivityFactor) (3.12)

where, meanlocal is the mean intensity value in the neighbourhood of each voxel
and the SensitivityFactor is a scalar value within a range from zero to one which
controls sensitivity towards thresholding more voxels as foreground. Accordingly,
voxels with intensity values larger than Tlocal are set to 1, all others are set to
0. Small regions detected as foreground and smaller than a predefined volume
denoted by MinNucleiV olume are discarded. This threshold corresponds to the
volume of the smallest cell nucleus and is determined prior to the segmentation
step. The resulting image is called the segmentation mask.

Alternatively, the global Otsu’s thresholding-method [Otsu 1979] can also
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be employed to obtain the segmentation mask, in which the basic idea of Ostu
method is to iterate through all the possible threshold values and to choose the
optimal one that minimizes the within-class variance. The within-class variance
is simply defined as a weighted sum of variances of the two classes:

σ2
w(t) = w2

b (t)σ2
b (t) + w2

f (t)σ2
f (t) (3.13)

where, weights ωb and ωf are the probabilities of the two classes separated by
a threshold t ,and σ2

b and σ2
f are variances of these two classes.

Subsequently, for each potential threshold t, first, the voxels are separated
into two classes according to the threshold. Then, the mean of each class is
calculated. Afterwards, the squared difference between the mean of the two
classes is determined as well. Finally, the number of voxels in one class are
multiplied by the number of voxels in the other class.

3.2.2 Marker points detection.

For splitting of touching cell nuclei, we employed a marker-controlled watershed
technique. The marker points are obtained as follow: first, the denoised image is
multiplied by the detection map to provide a maximum response image. Second,
The maximum response image is processed to detect the local maxima (Figure 3.4).
The obtained local maxima image is multiplied by the segmentation mask to
discard local maxima detected in the background. Third, a morphological dilation
operator of certain radius denoted by NucleiSeedDilation is employed to avoid
detection of multiple local maxima for the same object by merging those maxima
that were in close proximity to each other. Finally, the modified image determining
the marker points is fed to the subsequent watershed algorithm.



68 Chapter 3. Methodology
S

N
R

 =
 2

d
B

S
N

R
 =

 -
1

d
B

S
N

R
 =

 -
5

d
B

S
N

R
 =

 -
7

d
B

Denoised image Detection map Maximum response 

image

Raw image

Figure 3.4: A comparison of marker points detection at various levels
of noise. First column: representative single plane (Z = 10) of the
raw image. Second column: the results of marker points detection
from the denoised image. Third column: the result of marker points
detection from the detection map. Fourth column: the result of marker
points detection from the maximum response image. For all images
the marker points depicted by yellow markers. Note that, the marker
point detection here is performed in two dimensions for the purpose of
explanation and visualisation. However, in the framework it is applied
in three dimensions.
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3.2.3 Watershed and marker-controlled watershed segmen-
tation.

A classical watershed transform [Gonzalez 2002] can be used to separate clusters
into individual cells. This approach is based on the flooding simulation as initially
proposed by Pierre Soille and Luc M. Vincent [Soille 1990].

The main concept of the watershed transform is to consider the input image
as a topographic surface, where, the process starts with placing a water source
within each regional minimum in the image. Then, the entire relief is flooded from
the sources at last the dams are built where the different water sources meet.

All points on the surface at a specified minimum represent the catchment
basin associated with that minimum. On the other hand, the zones that separate
adjacent catchment basins are considered as watersheds as shown in Figure 3.5.

Catchment basins

Watersheds

Figure 3.5: The watershed transform: strategy for clustered objects
segmentation.

As the homogeneity of the grey values of the objects present in the image is
considered as the fundamental principle of the segmentation process, a gradient
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image or a distance map is often used in the watershed transformation rather
than grayscale images. The gradient magnitude image (shown in Figure 3.6 (c)),
which has high pixel values for object edges and lower pixel values everywhere else,
can be easily constructed using the first or the second order derivative methods.
Likewise, the distance map (presented in Figure 3.6 (b)) is assigned a number for
each pixel that is described as the distance from that pixel to the nearest non-zero
pixel in the image.

(a) (b) (c)

Figure 3.6: Example of the images fed to the watershed transform (a)
raw image. (b) distance map. (c) gradient magnitude image.

The main problem of the classical watershed transformation is the over-
segmentation in which individual objects might split into several objects as shown
in Figure 3.7. This happens mainly owing to noise or other irregularity in the
image.

In order to overcome the shortcomings of the classical watershed, various
solutions are proposed in existing literature. One solution is to merge adjacent
regions according to some criteria after using the watershed, but this approach is
a highly time consuming and the design of merging criteria is hard to create.

Another solution, is to use marker-controlled watershed transform. The main
idea of marker-controlled watershed is to start the flooding from specific markers
(seed points) instead of the regional minima. Each marker has a direct relationship
to a specific watershed region, so the number of markers equal to the total number
of watershed regions. In such algorithm, proper marker selection has a major
impact on the segmentation results.
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(b)(a)

Figure 3.7: Example of over-segmentation problem resulted from clas-
sical watershed. (a) Binary image. (b) Segmentation result by classical
watershed.

To give an example, Wählby et al. [Wählby 2004] and [Magnusson 2016]
employed the h-maxima/minima transforms to find marker points. With the
h-maxima/minima transform, all undesired regional maxima/minima whose values
less than h-values are suppressed.

For this algorithm, the empirical selection of the h-value often makes robust
segmentation difficult. This is because that the h-value has a direct influence on
the number of segmented regions, and as such the larger the h-value, the fewer
the number of the segmented regions. Figure 3.8 shows regional maxima and
corresponding watershed segmentation results from a merged nuclei with different
h-values adopted.

In this thesis, marker-controlled watershed segmentation is implemented to
separate connected cell nuclei clusters. In the begining, initial markers are detected
by applying the marker point detection method discussed in Section 3.2.2. Then,
the watershed transform is applied to flood the denoised image, which contains
merged objects starting at the predefined marker points as sources. Sometimes
the flooding process is not stopped at the border of a cell nucleus, therefore
the denoised image is multiplied by the segmentation mask prior to the flood.
Eventually, watershed dams are built when different sources meet during the
flooding process. This approach allows splitting clusters of apparently touching
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h=0 h=50 h=80 h=100

Figure 3.8: Regional maxima detection and watershed segmentation
results with several h-values. First row: regional maxima (marked in
yellow) overlaid on the raw image. Second row: watershed segmenta-
tion results.

cell nuclei.
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Algorithm 4 Cell nuclei segmentation
1: Inputs:

Denoised image, detection map
2: Output:

A label image identify the individual cell nuclei
3: Steps:

1. Find the segmentation mask by applying a
thresholding-based segmentation method to the denoised
image.

2. Extract markers by finding the local maxima from the
detection map.

3. Apply marker-controlled watershed transform to flood
the denoised image starting from the predefined marker
points as sources.
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3.3 Evaluation method and metrics.

To assess the performance of the proposed algorithm, three metrics are employed.
The first two metrics are the recall [Powers 2011] and precision [Powers 2011] of
object detection. The recall is the proportion of the number of relevant detected
cell nuclei to the total number of relevant cell nuclei in ground truth. Precision is
the proportion of the number of relevant detected cell nuclei to the total number
of irrelevant and relevant detected cell nuclei. These parameters are defined as
follows:

Recall = TP
TP + FN (3.14)

Precision = TP
TP + FP (3.15)

F-measure = 2 ∗ Sensitivity ∗ Precision
Sensitivity + Precision (3.16)

where, True Positive (TP) represents the total number of correctly detected
nuclei, False Negative (FN) represents the number of undetected nuclei and
False Positive (FP) represents the number of falsely detected nuclei. To com-
pute these values, we used the following steps: first, we calculated the distance
between the centroids of ground truth nuclei and centroids of segmented objects.
Second, a weight is assigned to each pair of segmented and ground truth objects,
equal to the distance between them. Third, Hungarian algorithm is used to solve
this assignment problem. Objects with no match to any other object are consid-
ered as FP, objects absent in ground truth, but they appear in the segmentation
result are deemed FP, and FN were objects absent in the segmentation result
despite these objects appear in ground truth.

The third metric is the Jaccard index [Rohlfing 2012] that measures the
segmentation accuracy of the segmented objects. The Jaccard index for each
set of segmented (A) and ground truth (B) objects is defined as the intersection
between them divided by their union.

J(A,B) = A ∩B
A ∪B

(3.17)
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False Positive 

(FP)
True Positive 

(TP)

False Negative 

(FN)

True Negative (TN)

Segmented Nuclei Ground Truth

Figure 3.9: The four basic ingredients: TP, FP, TN, and FN for preci-
sion and recall measures.
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The final measure is then the average of the Jaccard indices of matched pairs.

A A        B B

Intersection 

A A        B B

Union 

Figure 3.10: A diagram explaining the similarity via Jaccard Index
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3.4 Implementation details.

The image analysis framework is developed using MATLAB (R2017b) on a
Windows-based computer (Intel Core i7, 3.07 GHz, and 16 GB RAM). Further-
more, the 3D ImageJ viewer plugin [Schmid 2010] along with tools from the 3D
ImageJ suite [Ollion 2013] are used for three-dimensional visualisation of the
final segmentation result. The source code, as well as datasets, are available
upon request. Data processing using the complete framework took 5 mins for the
synthetic dataset, 11 mins for the CE-UPMC dataset, 35 mins for Fluo-N3DH-CE
dataset and 48 mins for Fluo-N3DL-DRO dataset to process only one time point
of 3D image from the complete dataset. Regarding cell tracking challenge, the
web site (http://www.codesolorzano.com/celltrackingchallenge) provides
access to the datasets with the ground truth. In addition, it provides access to
Windows and Linux executable files for the evaluation software as well as an
executable program that includes the process description for KTH work.

The next section will discuss in detail the employed datasets and the results
achieved by the proposed algorithm.

(http://www.codesolorzano.com/celltrackingchallenge)
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Since the main motivation of our work is to automate the detection and
segmentation of cell nuclei in time-lapse fluorescence microscopy images, we
focused on applying our algorithm to development biology datasets, where only
a limited number of existing methods had provided satisfactory results. The
proposed framework is extensively tested on three real datasets for embryonic cells
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and one dataset of synthetic images with different values for the signal to noise
ratio (SNR) and the object size. In addition, we tested our method on another real
dataset, which is used to automatically compute the translocation of a transcription
factor to the nucleus. SNR is a performance measure for the sensitivity of imaging
systems which is defined as the ratio of the average signal level (µsignal) to the
standard deviation (σnoise) of the background noise level: SNR = µsignal/σnoise

and expressed in logarithmic function as SNR(dB) = 20 × log10(µsignal/σnoise)
[Johnson 2006].

4.1 Datasets description

4.1.1 Synthetic dataset.

In order to measure the robustness of the proposed method, we generated synthetic
images of size (XYZ) equal (100× 100× 20) voxels containing spheres of two radii:
7 and 9 voxels. As it is common in fluorescence microscopy images to have low
contrast and low signal to noise ratio (SNR), as a consequence of weak fluorescent
staining or microscope properties, the images are distorted with different levels
of Poisson-Gaussian noise, resulting in SNRs of 2 dB, −1 dB, −5 dB and −7
dB, respectively. Furthermore, the images include touching spheres where these
conditions simulate the same characteristics existing in the real datasets as shown
in Figure 4.1.

4.1.2 Real dataset.

The first dataset comes from the work of Gul-Mohammed [Gul-Mohammed 2014a]
and it is named as CE-UPMC. The other two datasets come from the cell tracking
challenge [Ulman 2017,Maška 2014], namely Fluo-N3DH-CE and Fluo-N3DL-
DRO. The last two datasets are proven to be the hardest to be fully segmented
automatically [Ulman 2017]. Each dataset from the cell tracking challenge contains
2 sequences. For the cell tracking challenge datasets, all pixels belonging to objects
including the centroid are labelled as object by the ground truth. However, for
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the other dataset (i.e. CE-UPMC ), only the centroid of each object is labelled.
Another dataset provided by Keiko Kawauchi ( Konan University, Japan) is named
as Fluo-MCF7shvec. The datasets are described as follows:

CE-UPMC dataset.

It involves the C. elegans embryonic cells. The size (XYZT) of dataset is 512×
512 × 31 × 160. The cells were acquired every 1 minute using a spinning-disk
confocal microscopy. This dataset is very challenging, as the intensity of the
images is decaying over time due to the labeling technique and acquisition system.
Thus, the quality of the acquired images is low.

Fluo-N3DH-CE dataset.

It includes the C. elegans embryonic cells. The size (XYZT) of the first sequence
is 708 × 512 × 35 × 250 and of the second sequence is 712 × 512 × 31 × 250.
Both sequences are 8− bit images with cells imaged every 1.5 minutes. The cells
are acquired using a Zeiss LSM 510 Meta Confocal Microscopy. This dataset is
challenging as well, since it has a low signal to noise ratio (SNR = 6.74 dB), in
addition, the fluorescence can fade when the cells divide. Furthermore, the cells
become smaller over time.

Fluo-N3DL-DRO dataset.

It contains the Drosophila melanogaster embryonic cells. The size (XYZT) of
each sequence is 1272× 603× 125× 49. Both sequences are 8− bit images with
cells imaged every 30 second. The cells are acquired using a SIMView light-sheet
microscopy. This dataset is very challenging as it has a large number of densely
packed cells. In addition, it has a low signal to noise (SNR = 2.46 dB).

Fluo-MCF7shvec dataset.

It involves human breast adenocarcinoma cells that are acquired using Confocal
Microscopy. This dataset has several image sequences acquired under different
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conditions i.e., before and after treatment with the etoposide. The size (XYZ)
of dataset is 512× 512× Z where Z varies between each sequence. Each image
sequence includes two channels. The first channel identifies the cell nuclei that are
stained with DAPI marker. The second channel identifies the protein of interest
(i.e., p53) that is stained with mCherry marker.

4.2 Experimental setup and suitable parameters
selection.

Synthetic datasets are generated to study the effect of parameters (described in
Table 4.1) on cell nuclei detection and segmentation, as well as to understand the
overall mechanism for selecting and tuning the significant parameters of various
datasets (summarized in Table 4.3).

Our approach is based on the building of a dictionary (small patches of the
image) that will be eventually used for denoising and detection of cell nuclei. We
investigated the optimal size of the patches and the number of patches (called
atoms) in the dictionary. Then, the randomly created dictionary is updated, and
so we investigated the number of iteration for the update. Finally, we investigated
the sparsity level (i.e., the number of used atoms) for the reconstruction of the
denoised image and the detection map. To start with, we tested several values for
patch size (p = 5× 5× 5, 10× 10× 5, 15× 15× 5 and 20× 20× 5 ), dictionary
size (K = 64, 128, 256 and 512), sparsity level (L = 3, 6 and 9 ) and number of
iterations (N = 5, 10, 15, 20 , 25 and 30 ) at different noise levels (SNR = 2, −1,
−5 and −7 dB) as shown in Figure 4.1. Since the coefficient of variation (CV) is
a useful statistical descriptor for comparing the degree of variation from one data
series to another one. The CV is defined as the ratio of the standard deviation
to the mean [Kesteven 1946]. Thus, we employed the CV to measure the effect
of changing the parameters on the result. The average CV from the patch size,
dictionary size, sparsity level and the number of iterations over the four noise
levels are approximately 15, 2, 2 and 2 % respectively.

In all aforementioned parameters, we observed that the patch size is considered
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as a critical parameter where the change in this value has a major impact on the
subsequent segmentation results as shown in Figure 4.2 (a). On the contrary,
changes in the other parameters i.e. dictionary size, sparsity level and the number
of iterations often achieve very close results as shown in Figure 4.2 (b), (c) and
(d). Therefore, we fixed all parameters while tuned the patch size according to
the object’s size present in the images.

In order to confirm the importance of patch size tuning, we conducted more
analysis in the term of cell nuclei detection as shown in Figure 4.3. For example,
at the first three noise levels 2, −1 and −5 dB all cell nuclei are correctly detected
for different patch size values. However, at noise level equal −7 dB, many objects
are falsely detected with the patch size equivalent to p = 5×5×5 and one nucleus
is not detected at patch size equal 20 × 20 × 5. Though, for patch size equal
10× 10× 5 and 15× 15× 5, all cell nuclei are correctly detected.

For all previously mentioned patch size values, the average of recall, precision,
F-measure, and Jaccard index with different noise levels are presented in Figure 4.3
(b), where these measures are high when the patch size values equal p = 10×10×5
and 15× 15× 5 compared to the measures of the other two values .

Following the above experiment, we observed that, for robust detection and
segmentation results, the patch size should not be less than 25% and not more
than 100 % of the average cell nuclei volume in images.
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Table 4.1: Description of denoising and segmentation parameters

Parameters Description
Denoising

Patch size [N N M]
The patch is a small region of an image with size ([N N M]).
Patches are extracted by moving a window with
a step size of one pixel over the raw image.

Dictionary size (K)
The dictionary is constructed by concatenating the patches
to vectors (called atoms).
Dictionary size (K) is the total number of atoms.

Number of iterations (N) A specified number of times to update the dictionary.

Sparsity level (L) The number of nonzero elements (used atoms from the dictionary)
for the sparse representation coefficient

Segmentation

SensitivityFactor
A scalar value within a range from zero to one.
It controls sensitivity towards thresholding more voxels as
foreground.

NucleiSeedDilation Radius of the structuring element for morphological dilation.
MinNucleiVolume The approximate volume of the smallest cell nucleus in the image .

180
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SNR = 2 dB SNR = -1 dB SNR = -5 dB SNR = -7 dB

Figure 4.1: Synthetic images with different levels of signal to noise
ratio (SNR). Top row: 3D view of the synthetic dataset. Bottom row:
single plane (Z = 10) from the synthetic dataset.
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Figure 4.2: Evaluation of the segmentation accuracy with different
initialization parameters at different noise levels.



86 Chapter 4. Results and Discussion
S

N
R

 =
 2

d
B

S
N

R
 =

 -
1

d
B

S
N

R
 =

 -
5

d
B

S
N

R
 =

 -
7

d
B

p=[ 5 5 5 ] p=[ 10 10 5 ] p=[ 15 15 5 ]

P=[5 5 5 ]

p=[ 20 20 5 ](a)

Recall, Precision, F-measure and Jaccard index for different patch size 
values

p=[ 5 5 5 ] p=[ 10 10 5 ] p=[ 15 15 5 ] p=[ 20 20 5 ]

(b)

Figure 4.3: Evaluation of patch size values for detection and segmen-
tation results at different noise levels. (a) The results of detection
(depicted by yellow dots) and segmentation (delineated by colored con-
tours) overlaid on single plane (Z = 10) from synthetic images for dif-
ferent patch size values p = 5×5×5, 10×10×5, 15×15×5 and 20×20×5
at various noise levels (SNR = 2, −1, −5 and −7 dB). (b) Average Re-
call, Precision, F-measure, and Jaccard index values of detection and
segmentation results at different noise level as a function of patch size.



4.3. Results of denoising 3D cell nuclei images. 87

4.3 Results of denoising 3D cell nuclei images.

In this thesis, a sparse representation model [Aharon 2006,Elad 2006] is employed
to obtain the denoised images. Our method is compared with PURE-LET
[Luisier 2010b], which is one of the most efficient, fast and automatic methods
for denoising of multi-dimensional fluorescence microscopy images. The main
motivation behind the need for cell nuclei denoising is assisting better segmentation
of cell nuclei images. Therefore, the comparison between the denoising methods
is performed in the context of improving segmentation results.

For instance, the results in Figure 4.4 (first row), Figure 4.5 (a, c) and Figure 4.6
(a, c) show that our method is able to reduce, and almost remove the noise as
well as enhance the contrast of cell nuclei. We have also noticed a better contrast
than PURE-LET results as shown in Figure 4.4 (third row), Figure 4.5 (b, d) and
Figure 4.6 (b, d).

For further assessment, thresholding-based approach is applied to the denoised
images to obtain the segmentation mask. It can be noted from Figure 4.4 (second
row), Figure 4.5 (e) and Figure 4.6 (e) that our method succeeded to segment all
nuclei in comparison with the other method which failed to detect some nuclei as
demonstrated in Figure 4.6 (f). Even though, when the PURE-LET method is
able to detect all cell nuclei shown in Figure 4.5 (f), the size of segmented nuclei
are smaller than their original size. Unfortunately, this method can not detect
any cell nuclei at very low signal to noise ratios ( −5 dB and −7 dB,) as presented
in Figure 4.4 (fourth row)
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Figure 4.4: A comparison of denoising results on the synthetic dataset
(Figure 4.1) using our method and PURE-LET method [Luisier 2010b]
at different noise levels. First row: 3D view of the denoised images
from the proposed method. Second row: 3D view of the segmentation
mask of the denoised images from the proposed method. Third row:
3D view of the denoised images from the PURE-LET method. Fourth
row: 3D view of the segmentation mask of the denoised images from
the PURE-LET method .
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(b)

(d)

(a)

(c)

(f)(e)

Figure 4.5: A comparison of denoising results on the CE-UPMC
dataset using our method and PURE-LET method [Luisier 2010b] for
the same time points as Figure 4.11 (a). First column: shows the re-
sults of the proposed method. Second column: shows the results of
the PURE-LET method. (a, b) a single plane (Z = 15) of time point
(T = 60) for the denoised images. (c, d) 3D view of the denoised im-
ages. (e, f) 3D view of the segmentation mask of the denoised images,
colours shown are for illustration purpose only, they are not the final
segmentation results.



90 Chapter 4. Results and Discussion
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Figure 4.6: A visual comparison of denoising results on the CE-UPMC
dataset using our method and PURE-LET method [Luisier 2010b] for
the same time points as Figure 4.11 (b). First column: shows the
results of the proposed method. Second column: shows the results
of the PURE-LET method. (a, b) a single plane (Z = 15) of time
point (T = 140) for the denoised images. (c, d) 3D view of the denoised
images. (e, f) 3D view of the segmentation mask of the denoised images,
colours shown are for illustration purpose only, they are not the final
segmentation results.
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4.4 Results of segmentation 3D cell nuclei im-
ages.

Following the denoising step, a local adaptive-thresholding approch [Bradley 2007]
is applied to the denoised image to get the segmentation mask of candidates
regions. In order to obtain the candidates locations of cell nuclei centres, we
used a novel representation called the detection map. Each voxel in this map is
computed as the summation of the patch coefficients that are used to reconstruct
the denoised image. We then define a maximum response image by multiplying
the denoised image with the detection map. This maximum response image is
used to detect the local maxima (Figure 4.7). Afterwards, the obtained local
maxima are used as an input for a 3D marker-controlled watershed segmentation
of the cell nuclei (Figure 4.8).

For the synthetic dataset, great performance is observed on very low signal to
noise ratios (2 dB, −1 dB, −5 dB and −7 dB), in which our method is capable of
correctly identifying and segmenting all cell nuclei at the various noise levels as
presented in Figure 4.9. Furthermore, our method has similar performance as the
top-ranked KTH algorithm from cell tracking challenge, [Ulman 2017,Maška 2014]
as shown in Figure 4.10. However, at very low SNR (i.e., −7 dB) KTH algorithm
is not able to separate touching nuclei.

Regarding the CE-UPMC dataset, there is an intensity decay over time owing
to the labeling technique and acquisition system. As a result, the acquired image
quality is low. Table 4.4 and Figure 4.11, illustrate the results obtained at certain
time points. For instance, at early time points (40, 60, 80 and 100) all cell nuclei
are correctly detected. In addition, few false positives are also detected (2 objects
out of 119 cell nuclei). Even though the image quality at advanced time points
(120, 140 and 160) is low, only 11 cell nuclei out of 247 are not detected, also
there exists a small number of false positives (3 objects out of 247 cell nuclei
which is displayed as yellow arrows in Figure 4.11 (f)). Typically, the reason
for missing cell nuclei is the detection of clustered cell nuclei (indicated by red
arrows in Figure 4.11 (f)) rather than detecting them separately. Figure 4.12
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(d)

(f)(e)

(c)

(b)(a)

Figure 4.7: Denoising and nuclei detection with the sparse representa-
tion model. (a) A single plane (Z = 15) of time point (T = 100) from
the CE-UPMC dataset. (b) The denoised image obtained by applying
the sparse representation model to the image in (a). (c) The detection
map obtained from the sparse representation model for image in (a).
(d) Marker points detected by applying the local maxima search on
the maximum response image, obtained from multiplying image (b)
with image (c). Marker points displayed as yellow squares are overlaid
on the raw image. (e) Segmentation mask obtained by applying the
initial segmentation to the image in (b). (f) Objects detected in the
background are discarded by multiplying the detected marker points
image (d) with the segmentation mask (e). Note that, the marker
point detection here is performed in two dimensions for the purpose of
explanation and visualisation, however, in the framework it is applied
in three dimensions.
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shows the segmentation results of our method and the results from the original
paper [Gul-Mohammed 2014a] for the CE-UPMC dataset.

4.4.1 Comparison of nuclei segmentation result with the
top-ranked approach from ISBI cell tracking chal-
lenge.

In the Fluo-N3DH-CE dataset, the proposed approach is able to identify and
segment correctly more than 96% of total cell nuclei. Furthermore, it detects
a small number of false positives (9 objects out of 876 cell nuclei) as well as
a small number of false negative (29 cell nuclei). The achieved F-measure of
approximately 97.8%, which is comparable to the competing algorithm, i.e. KTH
[Ulman 2017,Maška 2014] (Table 4.5, Figure 4.13 and Figure 4.14).

For the Fluo-N3DL-DRO dataset, despite our method succeeds to detect more
cell nuclei (99%recall), it has low precision (3%) due to the annotated ground
truth, which considered only the cell nuclei located in the early nervous system
and all other nuclei are deemed as false positives. As a result, the obtained
F-measure is low with an approximate value of 6.4% (Table 4.5). Furthermore,
our method has a comparable segmentation accuracy with KTH competing
approach [Ulman 2017,Maška 2014] (Table 4.5, Figure 4.15 and Figure 4.16 ).

The results achieved by our method for the two datasets obtained from cell
tracking challenge are compared with the top-ranked KTH algorithm [Ulman 2017,
Maška 2014]. KTH algorithm is chosen for the reason that, it presented the best
overall performance in the challenge. This algorithm is mainly based on adopting
the band-pass filter to detect and segment cell nuclei.

Regarding the KTH algorithm, some detected objects are actually noise and
some cell nuclei are not detected. This is because the algorithm detected clustered
cell nuclei instead of detecting them separately. For example, at time point 28
from Fluo-N3DH-CE (seq1) and at time point 106 from Fluo-N3DH-CE (seq2),
KTH algorithm failed to resolve the fusion of two nuclei (as presented by the
red arrows in Figure 4.14 (b). In contrast, our method succeeds to identify and
segment each nucleus individually as shown in Figure 4.14 (a) and (c). For the
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Fluo-N3DL-DRO dataset, although our method succeeds to detect more cell
nuclei than KTH approach (Table 4.5 and Figure 4.16), the evaluation method
considered those cell nuclei as false positives, due to the annotation method which
considered only the cell nuclei located in the early nervous system.

We have found that, the proposed method is less sensitive to some parameters
such as dictionary size (K), sparsity level(L) and number of iterations (N). All
these parameters are being fixed for different datasets and experiments with
the subsequent values K = 64, L = 3 and N = 15. However, the proposed
method is more sensitive to fundamental parameters, i.e., such as patch-size,
and in a less critical manner to SensitivityFactor and NucleiSeedDilation. As
these parameters are easy to understand, this makes them easier to tune-up if
needed. We need to stress that all parameters, except patch size, are quite robust,
as we only need to use three sets of parameters for all datasets. The set of
empirically determined parameter values being applied to the datasets are listed
in the Table 4.3.

Concerning the Fluo-N3DH-CE dataset, although the average cell nuclei size
in sequence (2) is slightly greater than the average size in sequence (1), we have
decided to use the same parameter (i.e., patch size) for denoising of both sequences.
As a result, we tuned NucleiSeedDilation to avoid detection of multiple local
maxima for the same object as explained in section Marker points detection.

We have also presented a Table 4.2 to show the detection and segmentation
results among various datasets considering the patch size percentage (related to
average cell nuclei volume).



4.4. Results of segmentation 3D cell nuclei images. 95

S
e

g
m

e
n

ta
ti

o
n

 m
a

s
k

M
a

rk
e

r 
p

o
in

t 
d

e
te

c
ti

o
n

M
a

rk
e

r 
w

a
te

rs
h

e
d

 

s
e

g
m

e
n

ta
ti

o
n

R
a

w
 i

m
a

g
e

  

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4.8: An overview of cell nuclei segmentation steps. First col-
umn: shows a single plane (Z = 15) of time point (T = 100) from the
CE-UPMC dataset. Second column: shows a three-dimensional view
of the same time point. (a, b) The raw images. (c, d) The segmentation
mask, which identifies the cell nuclei (presented as coloured ) in the
image, but fails to separate apparently touching cell nuclei (shown as
red arrows). (e, f) Marker points (indicated by yellow squares) are ob-
tained from the sparse representation model. (g, h) Marker-controller
watershed segmentation that succeeds to separate apparently touching
cell nuclei (orange arrows). Note that, different colours represent indi-
vidual components. The marker points detection at (e) is performed in
two dimensions for the illustration process. However, in the framework
it is applied in three dimensions.
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SNR = 2 dB SNR = -1 dB SNR = -5 dB SNR = -7 dB

Figure 4.9: Example of denoising and segmentation results on the
synthetic dataset ( Figure 4.1) at different noise levels. First row: 3D
view of denoising result. Second row: 3D view of the segmentation
result.

SNR = 2 dB SNR = -1 dB SNR = -5 dB SNR = -7 dB

Figure 4.10: A comparison of segmentation results on the syn-
thetic dataset ( Figure 4.1) using our method and KTH method [Ul-
man 2017,Maška 2014] at different noise levels. First row: 3D view
of the segmented images from the proposed method. Second row: 3D
view of the segmented images from the KTH method.
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(a) (b)

(e) (f)

(c) (d)

(a)

(c)

Figure 4.11: Example of denoising and segmentation results on the
CE-UPMC dataset. (a, b) 3D view of the raw data for time points
(T = 60 and 140) respectively. (c) 3D view of the denoising result for
(a). (d) 3D view of the denoising result for (b). (e) 3D view of the
segmentation result for (c). (f) 3D view of the segmentation result for
(d). Note that, yellow arrows indicate noisy objects and red arrows
indicate merged cell nuclei.
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(a) (b)

(e) (f)

(c) (d)

(a)

(c)

Figure 4.12: An example of the segmentation results for our method
and the results from the original paper [Gul-Mohammed 2014a] of CE-
UPMC dataset at time points T = 40 and 120 respectively. First column:
shows results of time point (T = 40). Second column: represents results
of time point (T = 120). (a, b) 3D view of the raw data. (c, d) 3D view
of our segmentation result. (e, f) 3D view of the segmentation result
from the original paper [Gul-Mohammed 2014a] of CE-UPMC dataset.
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Table 4.2: Segmentation performance of our method (SRS) among various datasets considering
the patch size percentage.

CE-UPMC Fluo-N3DH-CE
(seq1)

Fluo-N3DH-CE
(seq2) Fluo-N3DL-DRO

Patch [20 20 5] [25 25 5] [25 25 5] [10 10 5]
Approximate average
cell nuclei (Voxels) 7000 10,000 12,000 1,300

Percentage of patch
size (%) 28 31 26 38

Recall (%) 97.9757 96.03 97.49 99.37
Precision (%) 98.7743 98.9 98.98 3.32
F-measure (%) 98.3476 97.44 98.23 6.43
Jaccard index (%) - 66 70 66.5

Table 4.3: Denoising and segmentation parameters. When the values of parameters differ between
the first and the advanced time points, the value for the advanced time points is given in round
brackets.

Datasets

Parameters Synthetic CE-UPMC Fluo-N3DH-CE
(seq1)

Fluo-N3DH-CE
(seq2)

Fluo-N3DL-DRO
(seq1 & seq2)

Patch size (voxels) [15 15 5] [ 20 20 5] [25 25 5] [25 25 5] [10 10 5]

Threshold global Otsu’s
[Otsu 1979]

local adaptive
[Bradley 2007]

local adaptive
[Bradley 2007]

local adaptive
[Bradley 2007]

local adaptive
[Bradley 2007]

SensitivityFactor - 0.56 (0.58) 0.5 0.5 0.5
MinNucleiVolume (voxels) 20 5000 (1000) 10,000 (3000) 10,000 (3000) -
NucleiSeedDilation (voxels) 3 5 10 (5) 20 (5) 5
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Table 4.4: Segmentation performance of our method (SRS) for CE-UPMC dataset.

Time GT SN TP FN FP Recall (%) Precision (%) F-measure (%)
40 14 14 14 0 0 100 100 100
60 24 24 24 0 0 100 100 100
80 28 29 28 0 1 100 96.55 98.2447
100 51 52 51 0 1 100 98.08 99.03
120 57 53 53 4 0 92.98 100 96.3623
140 91 93 88 3 2 96.70 97.78 97.2370
160 104 101 100 4 1 96.15 99.01 97.5590

Table 4.5: Segmentation performance of our method (SRS) and the KTH algorithm [Ulman 2017,
Maška 2014], for datasets from cell tracking challenge. The values shown in bold represent the
highest performance. GT, number of cell nuclei in ground truth; SN, number of cell nuclei
determined by the segmentation; TP, true positives; FN, false negatives; FP, false positives.

Dataset Algorithm GT SN TP FN FP Recall Precision F-measure Jaccard
Fluo-N3DH-CE_01

SRS
478 464 459 19 5 96.03 98.9 97.44 66

Fluo-N3DH-CE_02 398 392 388 10 4 97.49 98.98 98.23 70
Total 876 856 847 29 9 96.69 98.94 97.84 68

Fluo-N3DH-CE_01
KTH

478 463 459 19 4 96.03 99.1 97.54 64
Fluo-N3DH-CE_02 398 394 386 12 8 96.98 97.97 97.47 59

Total 876 857 845 31 12 96.5 98.6 97.55 61.5
Fluo-N3DL-DRO_01

SRS
3792 122193 3757 35 118436 99.08 3.07 6 60

Fluo-N3DL-DRO_02 4097 120494 4082 15 116412 99.63 3.39 6.56 73
Total 7889 242687 7839 50 234848 99.37 3.32 6.43 66.5

Fluo-N3DL-DRO_01
KTH

3792 112535 3733 59 108802 98.44 3.32 6.4 62
Fluo-N3DL-DRO_02 4097 104655 4037 60 100618 98.54 3.86 7.4 78

Total 7889 217190 7770 119 209420 98.49 3.58 6.9 70
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(b)(a)

(e)

(d)(d)(c)

(f)

Figure 4.13: Example of denoising and segmentation results on the
Fluo-N3DH-CE dataset. (a) 3D view of the raw data for time point
(T = 28) from sequence (1). (b) 3D view of the raw data for time point
(T = 106) from sequence (2). (c) 3D view of denoising result for (a). (d)
3D view of denoising result for (b). (e) 3D view of the segmentation
result for (c). (f) 3D view of the segmentation result for (d).
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(d)

(b)

(b)

(a)

(c)

Figure 4.14: A visual comparison of segmentation results over Fluo-
N3DH-CE dataset using our method and KTH method [Ulman 2017,
Maška 2014] for the same time points as Figure 4.13). First row: shows
results of time point (T = 28). Second row: represents results of time
point (T = 106). (a, c) 3D view of our segmentation result. (b, d) 3D
view of KTH segmentation result.
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(a)

(e)

(b)

(f)

(d)(c)

Figure 4.15: Example of denoising and segmentation results on the
Fluo-N3DH-DRO dataset. (a, b) 3D view of the raw data for time
point (T = 0) from sequence1 and sequence2, respectively. (c) 3D view
of the denoising result for (a). (d) 3D view of the denoising result for
(b). (e) 3D view of the segmentation result for (c). (f) 3D view of the
segmentation result for (d).
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(a)

(d)(c)

(b)

Figure 4.16: A visual comparison of segmentation results over Fluo-
N3DH-DRO dataset using our method and KTH method [Ulman 2017,
Maška 2014] for the same time points as Figure 4.15). First row: shows
results of time point (T = 0) from sequence1. Second row: represents
results of time point (T = 0) from sequence2. (a, c) 3D view of our
segmentation result. (b, d) 3D view of KTH segmentation result.
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4.4.2 Comparison of nuclei segmentation result with deep
learning-based method.

As the deep learning-based approaches have achieved highly promising results
in a wide range of applications, here we present some visual results for the
proposed method against the NucleiNet deep learning-based method [Liu 2017].
Based on visual observation, we have noticed that the proposed method is able
to detect almost all cell nuclei as shown in the second row of Figure 4.17. In
contrast, the NucleiNet method did not manage to detect very faint and noisy cell
nuclei (as presented in the third row of Figure 4.17). We believe this particular
problem occurred due to improper labeled training samples. To explain as the
NucleiNet method used the segmentation results obtained from the work of Gul-
Mohammed [Gul-Mohammed 2014a] as training samples. Apparently, this is not
the optimal result that can be used as labels in the training process. Due to lack
of time and technical difficulties, we could not conduct a quantitative comparison
between our results and NucleiNet method.
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Figure 4.17: A visual comparison of initial segmentation results
over CE-UPMC dataset using our method and NucleiNet method
[Liu 2017]. (a) A single plane Z = 19 of time point T = 39. (b) A
single plane Z = 15 of time point T = 49. (c) A single plane Z = 24 of
time point T = 159.
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4.4.3 Segmentation results over different 3D biological
datasets.

Regarding Fluo-MCF7shvec dataset, the movement (i.e., translocation) of pro-
teins such as transcription factors between the cytoplasm and nucleus has great
biological importance in the diagnosis and treatment of cancer disease.

To automatically compute the translocation of a transcription factor to the
nucleus using 3D fluorescence microscopy images, we first split each image into
two individual channel images (Figure 4.18). The first channel identifies the cell
nuclei that are stained with DAPI. The second channel identifies the protein of
interest (such as p53) that is stained with mCherry.

For nuclei channel, the proposed denoising and segmentation methods are
employed to identify and segment nuclei properly (as presented in Figure 4.19).
For the segmentation of cytoplasm (as shown in Figure 4.21 ), the other channel
has a strong cytoplasmic fluorescence in the time-lapse image sequence, and so we
just use the proposed denoising method to remove the noise and then we use Otsu’s
thresholding-based method to obtain the cytoplasm masks. Even though the
proposed method has provided good results for denoising the cytoplasm (as shown
in Figure 4.20 (b)), it still not able to identify their centroid from the detection
map or the maximum response image presented in Figure 4.20 (c, d). This is
due to intra-variation of the cytoplasm intensity and also their irregular shape.
Consequently, to split merged cytoplasm, the nucleus of each cell is employed as
seed points for the watershed algorithm.

Following the segmentation of nuclei and cytoplasm, we calculate the mean of
mCherry intensities for cytoplasm (ĪC) and the mean of mCherry intensities for
nuclei (ĪN) (as shown in Figure 4.22 (a) and (b)). Finally, 13 cells were counted
for the intracellular localization of mCherry fluorescence, that are classified into
(1) ĪC > ĪN and (2) ĪC < ĪN as shown in Figure 4.22 (c).
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(a) (b)

Merge

DAPI

mCherry

Figure 4.18: Representative image of a selected slice (Z = 3) from
Fluo-MCF7shvec dataset.
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(c) (d)

(b)(a)

Figure 4.19: Example of nuclei segmentation results on Fluo-
MCF7shvec dataset. (a) 3D view of the raw image. (b) 3D view
of the segmented nuclei. (c) Raw image (a single plane Z = 3). (d)
Raw image with overlaid nuclei segmentation.
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(a) (b)

(c) (d)

Figure 4.20: Example of the denoising and detection map of the cyto-
plasm from the mCherry channel of the Fluo-MCF7shvec dataset. (a)
A gray level single plane (Z = 3)) from the Fluo-MCF7shvec dataset.
(b) The denoised image obtained by applying the sparse representa-
tion model to the image in (a). (c) The detection map obtained from
the sparse representation model for image in (a). (d) the maximum
response image, obtained from multiplying image (b) with image (c).



4.4. Results of segmentation 3D cell nuclei images. 111

(c) (d)

(a) (b)

Figure 4.21: Example of cytoplasm segmentation results on Fluo-
MCF7shvec dataset. (a) 3D view of the raw image. (b) 3D view
of the segmented cytoplasm. (c) Raw image (a single plane Z = 3). (d)
Raw image with overlaid cytoplasm segmentation.
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(a) (b)

(c)

Figure 4.22: Examples of cells classified according to the intracellular
localization of mCherry fluorescence. (a) Raw image (mCherry) with
overlaid cytoplasm segmentation masks. (b) Raw image (mCherry)
with overlaid nuclei segmentation masks. (c) The distribution of the
cells according to mCherry fluorescence localization. Note that, the
nuclei that don’t have cytoplasmic marker are discarded.
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In order to test the genericity of the algorithm, we have conducted additional
experiments on real datasets coming from various tissues such as thymus tissue
(provided by J. Sheridan, Walter and Eliza Hall Institute of Medical Research
(WEHI)), lymphoid tissue (provided by JR. Groom, WEHI), and islets of Langer-
hans tissue (from Tran et al. [Nhu 2017]), where robust cell segmentation is still
challenging. Despite the noisy and crowded environment, the obtained results
from our method are quite encouraging as presented in Figure 4.23.

Raw image Final segmentation
Segmentation  

overlaid on the raw 

image  

Figure 4.23: A visual example of segmentation results on real datasets
coming from various tissues using our method. First raw: thymus
tissue (a single plane Z = 106). Second raw: lymphoid tissue (a single
plane Z = 204). Third raw: islet of Langerhans tissue [Nhu 2017] (a
single plane Z = 100).
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5.1 Conclusion

In this thesis, we have presented a novel generic method for the denoising and
detection of 3D cell nuclei in 3D time-lapse fluorescence microscopy images, based
on a sparse representation model. We showed significant improvements among
the other denoising methods. This is because the proposed method is a learning-
based method and the idea of such method is to learn a dictionary that captures
strong and discriminative structures (i.e., cell nuclei) of the images by suppressing
unnecessary background information.

We suggested, as to propose a complete workflow for denoising, detection,
and segmentation, to pair our denoising algorithm with a rather classical local
thresholding method and showed that we obtained similar or better results than
state of the art algorithm. We observed that our denoising algorithm is performing
extremely well for very noisy data and can hence help to detect very faint or
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previously undetectable nuclei. As the strength of our workflow is the denoising
part, not so much the segmentation part, we observed (data not shown) little
improvements for non-noisy data.

Over the last few years, deep learning approaches have achieved promising
results in several domains, including denoising. However, they have some limits,
for example, they are implemented to solve a specific problem, i.e., any new dataset
will require a new training step. Furthermore, deep learning approaches required
ground truth labels. Similarly to machine learning approaches, including deep
learning, our method is based on a learning technique, but in dictionary-based
methods the learning is completely unsupervised and hence can be performed for
any new data without any change.

We also showed that our algorithm can also lead to accurate detection of
nuclei centroids, we coupled this detection to a classical segmentation method and
showed very good results on challenging datasets. We believe that coupling our
algorithm with a more powerful segmentation method may lead to even better
results, but this was not the purpose of this article. We focused on a robust
and powerful denoising method coupled with classical segmentation to provide
an effective workflow with minimal tuning. The fundamental parameters which
have a more noticeable impact on the result are patch-size, SensitivityFactor
,and NucleiSeedDilation. All of these parameters are based on the average of cell
nuclei volume present in the image. As these fundamental parameters are easy to
understand, this makes them easier to tune-up if needed.

The obtained final segmentation results are quite good and stable. In addition,
the training step is unsupervised and the dictionary can be directly learned from
the image itself. We believe that no similar studies have been reported in existing
literature for denoising and simultaneously predicting objects location in images.

The proposed method can handle the most challenging cases involving noisy,
densely packed and multiple touching cell nuclei. In addition, it can produce the
denoised image and simultaneously the potential locations of cell nuclei. The
proposed method is adapted to the segmentation of cell nuclei in 3D time-lapse
fluorescence microscopy images, nevertheless, it can be employed to detect and
segment the nearly interacting intracellular organelles, including the endosomes,
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lysosomes, and lipid droplets.
Additionally, the proposed method can be used for denoising the cytoplasm,

but it has a problem of identifying their centroid from the detection map or the
maximum response image because of the intra-variation of the cytoplasm intensity
and their irregular shape.

Our method is successfully evaluated on two embryo models, the C. elegans,
and the Drosophila datasets. The overall detection and segmentation results are
comparable to the existing methods, which is a good starting point for automated
cell nuclei tracking process.

5.2 Future Directions

In future work, new directions might be introduced to improve the proposed
approach as follows. We will investigate an online learning method to handle long
processing time so that we can reduce the time needed for dictionary learning.
As an example, to segment the cytoplasm, we have chosen the patch size to be
less than 25% of the cytoplasm size and as a result, we were able to avoid timing
issue. Moreover, to handle the intra-variation of the cytoplasm intensity issue,
we suggest to apply a morphological operation to the raw image such as opening
operation.

Following the success in denoising and segmentation of cell nuclei using the
proposed method, we would like to conduct further experiments on the test
datasets from the cell tracking challenge, as our analysis was performed on the
training datasets.

Since the deep learning-based approaches become greatly appreciated and it
has been used in different applications, we plan to compare the proposed method
with the denoising autoencoder as an unsupervised deep learning-based approach.

Considering the cell tracking process, which aims to identify and link segmented
cells across consecutive frames in an image sequence to obtain cell trajectories, the
simple method is used to associate each cell in one frame with the spatially nearest
cell in a subsequent frame. Unfortunately, such a method may lead to higher
mismatches especially when we deal with many cells or rapid cell movements.
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Consequently, we plan to implement a method that can account for densely packed
nuclei and also can deal with different events such as mitosis, going on and going
out the field of view.

Additionally, we are aiming to handle the segmentation errors, i.e., missing
detection, over-segmentation (splitting objects) and under-segmentation (merged
objects). Basically, we are planning to use the distance between two objects based
on the co-localization measurement to create a robust linking for each cell in the
image sequence.
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Appendix Example

This code is available online on the following link: https://github.com/lameesnasser/
3D-Cell-Nuclei-Denoising-and-Segmentation.git

function [Denoised_Image,Detection_Map,Max_image,Dictionary] =

ImageswWithKSVD(Image,param);

% Image Denoising Using Sparse Representation Model and Dictionary

% Learning on a Noisy Image

% ImageswWithKSVD used for denoising and detecting of 2D/3D cell

nuclei images

% based on a sparse representation model. A more detailed description

can

% be found in:

% "A novel generic dictionary-based denoising method for improving

noisy and

% densely packed nuclei segmentation in 3D time-lapse fluorescence

microscopy

% images" Scientific Reports9 (2019): 5654 (2019)

% doi:10.1038/s41598-019-41683-3

https://github.com/lameesnasser/3D-Cell-Nuclei-Denoising-and-Segmentation.git
https://github.com/lameesnasser/3D-Cell-Nuclei-Denoising-and-Segmentation.git
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% The script is implemented in MATLAB release R2017b by

% Lamees Nasser

% April 2019

% INPUT ARGUMENTS : Image - The noisy image in gray-level

scale.

% param.K - The number of dictionary atoms

to train.

% param.numIteration - The number of K-SVD training

iterations

% param.blockSize - The size of the blocks the

algorithm

% works. Example in 2D imgages p=[N

N]. 3D images p= [N N M].

% param.L - The number of nonzero elements

(used atoms from the dictionary)

% for the sparse representation

coefficient

% param.trainnum - The number of blocks to train

on.

% OUTPUT ARGUMENTS : Denoised_Image - The cleaned image.

%

% Detection_Map - Image indicates the potential

% locations of cell nuclei.

% Dictionary - Updated dictionary.

%% Check If 2D or 3D image

[x,y,z]=size(Image);
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if z>1

p=3; %3D Image

param.stepsize=[1 1 1]; % Step size of sliding window

else

p=2; %2D Image

param.stepsize=[1 1]; % Step size of sliding window

end

%% An initial dictionary is constructed by selecting random patches

from the patches extracted from the noisy image among those having

intensities greater than the obtained average intensity.

ids = cell(p,1);

[ids{:}] = reggrid(size(Image)-param.blocksize+1, param.trainnum,

’eqdist’);

blkMatrix = sampgrid(Image,param.blocksize,ids{:});

summation=sum(blkMatrix);

[val ind]=find(summation>mean(summation));

param.initialDictionary = blkMatrix(:,ind(1:param.K ));

%% Waiting for Training the dictionary

counterForWaitBar = param.numIteration+1;

h = waitbar(0,’Trainning Dictionary In Process ...’);

param.waitBarHandle = h;

param.counterForWaitBar = counterForWaitBar;

%% Update and obtain the final dictionary by using K-SVD algorithm

from the paper "The K-SVD: An Algorithm for

% Designing of Overcomplete Dictionaries for Sparse Representation",
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written by M. Aharon, M. Elad, and A.M. Bruckstein

%and appeared in the IEEE Trans. On Signal Processing, Vol. 54, no.

11, pp. 4311-4322, November 2006.

% The used K-SVD toolbox can be find in

https://elad.cs.technion.ac.il/software/

[Dictionary,output] = KSVD(blkMatrix,param);

output.D = Dictionary;

Dictionary(Dictionary>1)=1;

Dictionary(Dictionary<0)=0;

disp(’Finished Trainning Dictionary’);

%% Reconstruction of the denoised image and detection map

counterForWaitBar = 1

h1 = waitbar(0,’Images Reconstrucion In Process ...’)

stepsize=param.stepsize;

blocksize=param.blocksize;

xount=0;

nz=0;

y_clean = zeros(size(Image));

y_Map = zeros(size(Image));

if p==3 %3D Images

for k = 1:stepsize(3):size(y_clean,3)-blocksize(3)+1

for j = 1:stepsize(2):size(y_clean,2)-blocksize(2)+1

xount=xount+1;

blocks =

im2colstep(Image(:,j:j+blocksize(2)-1,k:k+blocksize(3)-1)

,blocksize,stepsize);

gamma = full(mexOMP(blocks, Dictionary, param));

Mapblocks= ones(prod(param.blocksize),param.K)*gamma;

cleanblocks= Dictionary*gamma;

nz = nz + nnz(gamma);
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cleanvol = col2imstep(cleanblocks,[size(y_clean,1)

blocksize(2:3)],blocksize,stepsize);

y_clean(:,j:j+blocksize(2)-1,k:k+blocksize(3)-1) =

y_clean(:,j:j+blocksize(2)-1,k:k+blocksize(3)-1) +

cleanvol;

Mapvol = col2imstep(Mapblocks,[size(y_Map,1)

blocksize(2:3)],blocksize,stepsize);

y_Map(:,j:j+blocksize(2)-1,k:k+blocksize(3)-1) =

y_Map(:,j:j+blocksize(2)-1,k:k+blocksize(3)-1) + Mapvol;

end

param.waitBarHandle = h1;

waitbar(k/param.counterForWaitBar);

param.counterForWaitBar = counterForWaitBar;

end

elseif p==2 %2D Images

blocks = im2colstep(Image,blocksize,stepsize);

gamma = full(mexOMP(blocks, Dictionary, param));

blocks1 =Dictionary*gamma;

blocks_map = ones( prod(param.blocksize),param.K)*gamma;

y_clean = col2imstep(blocks1,[size(Image)],blocksize,stepsize);

y_Map = col2imstep(blocks_map,[size(Image)],blocksize,stepsize);

param.waitBarHandle = h1;

waitbar(param.counterForWaitBar);

param.counterForWaitBar = counterForWaitBar;

end

lambda=0;

cnt = countcover(size(Image),blocksize,stepsize);

Denoised_Image = (y_clean+lambda*Image)./(1*(cnt + lambda));

Detection_Map= (y_Map+lambda*Image)./(1*(cnt + lambda));

Max_image=Denoised_Image.*Detection_Map;
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disp(’Finished Images Reconstrucion’)
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