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Abstract 

 

This thesis presents the design and validation of advanced image analysis and 

machine learning tools for the quantitative analysis of three-dimensional (3D) 

lung cancer cell migration. These tools were used to study the role that the 

composition and the morphological and mechanical properties of the 

microenvironment have in cancer cell migration.  

 

Cell migration experiments were performed using in vitro cellular models 

consisting of custom-made microfluidic devices, which provide a high level 

of control of the properties of the microenvironment, offer optimal optical 

properties for microscopic observation and ensure appropriate use of reagents 

due to their microscopic dimensions. 

 

Varying migration environmental conditions were simulated by 

embedding the cells in biomimetic hydrogels of different composition, thus 

with different morphological and mechanical properties. These hydrogels act 

as the 3D extracellular matrix (ECM) of the cells. Namely, we used hydrogels 

made of pure collagen I to mimic normal connective tissue and hydrogels 

made of mixed collagen and Matrigel composition to simulate the 

disorganized basement membrane at the leading edge of cancer invasion.  

 

The migration experiments performed within the hydrogels were done 

with and without serum stimulation to determine the role of hydrogel extrinsic 

and intrinsic growth factors in cell migration. Furthermore, migration 

experiments were performed with and without blocking cellular integrins to 

determine the role of the cell-to-ECM interactions in cell migration, and with 

and without metalloproteinase (MMP) inhibitors to understand the role of 

ECM in cell migration. 

 

Migration experiments were performed at two resolution levels. Low-

resolution experiments were performed to determine globally the effect of the 

parameters analyzed in the dynamics of cancer cell migration. This required 

detecting and tracking a large number of cancer cells, imaged at low 

magnification (10×) using widefield phase-contrast and fluorescence 

microscopy. High magnification (63×) migration experiments were used to 
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study the morphology of migrating cancer cells, by measuring the number, 

length and life time of cell protrusions produced during the migration. This 

required the use of laser scanning confocal microscopy. 

 

The microscopy time-lapse sequences generated in both types of 

experiments were analyzed using novel image processing and machine 

learning techniques in order to obtain robust quantifiable metrics of cell 

migration dynamics and migrating phenotype in 3D environments. 

 

This thesis describes the experiments performed along with the image 

processing and computational algorithms used to analyze cell migration both 

in low- and high-resolution image data. We provide the source code of the 

developed analysis software, for its use and future algorithmic improvement 

by the research community. 
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Glossary 

 

2D  Two-dimensional 

3D  Three-dimensional 

AdaGrad  Adaptive Gradient 

AHE  Adaptive Histogram Equalization 

BPTT  Back-Propagation Through Time 

BVLC  Berkeley Vision and Learning Center 

 CD   Contrastive Divergence 

CED  Coherence-Enhancing Diffusion 

CLAHE  Contrast-Limited Adaptive Histogram Equalization 

CLSM  Confocal Laser Scanning Microscopy 

CNN  Convolutional Neural Network 

CNTK  Microsoft Cognitive Toolkit 

CPU  Central Processing Unit 

CUDA  Compute Unified Device Architecture 

cuDNN  NVIDIA CUDA Deep Neural Network library 

CW-RNN  Clockwork RNN 

DBN  Deep Belief Network 

DCGAN  Deep Convolutional Generative Adversarial Network 

 DCN   Deep Convex Network 

DenseNet  Dense Convolutional Network 

DIC  Differential Interference Contrast 

DL  Deep Learning 

DNN   Deep Neural Network 

DQN  Deep Q Neural Networks 

DSN  Deep Stacking Network 

ECM  Extracellular Matrix 

FCN  Fully Convolutional Network 

FCRN  Fully Convolutional Regression Network 

GA  Genetic Algorithm 

GBM  Glioblastoma Multiforme 

GFP  Green Fluorescent Protein 

GPU  Graphical Processing Unit 

GROMACS  GROningen MAchine for Chemical Simulations 

H&E  Hematoxylin and Eosin 

https://en.wikipedia.org/wiki/Green_fluorescent_protein
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HPC  High-Performance Computing 

LBP  Local Binary Patterns 

LGG  Low-Grade Glioma 

LSM  Light Sheet Fluorescence Microscopy 

LSTM  Long Short-Term Memory 

MCSU  MicroCirculatory Supply Units 

ML  Machine-Learning 

MLP  Multi-Layer Perceptron  

MMPs  Matrix Metalloproteinases 

MPM  Multi-photon / Two-photon Microscopy 

MR  Magnetic Resonance 

NAG  Nesterov’s Accelerated Gradient 

NAMD  Nanoscale Molecular Dynamics 

NCCL  NVIDIA Collective Communications Library 

NET  NeuroEndocrine Tumor 

OpenMP  Open Multi-Processing 

OS  Operating System 

PCA  Principal Components Analysis 

PhC  Phase-Contrast 

PMT  Photo-Multiplier Tube 

PSF  Point Spread Function 

 RBM   Restricted Boltzmann Machine 

 R-CNN  Regional CNN 

RELION  REgularised LIkelihood OptimisatioN 

ReLU  Rectified Linear Unit 

RNN  Recurrent Neural Network 

 SAE  Stacked Autoencoders 

SC-CNN  Spatially Constrained CNN 

SDCM  Spinning Disk Confocal Microscopy 

SEM  Scanning Electron Microscopy 

SGD  Stochastic Gradient Descent 

ssTEM  serial-section Transmitted Electron Microscopy  

VAE  Variational Autoencoder 

VMD  Visual Molecular Dynamics 

WFM  Widefield microscopy 
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Chapter 1 

1. Introduction 

 

1.1 Lung cancer and cell migration. Motivation of the 

thesis. 

1.1.1 Lung cancer 

Worldwide, lung cancer is the deadliest type of cancer (18.4%) and the cancer 

type with the highest incidence (11.6%) both in males and females (data from 

2018). In Spain, lung cancer was in 2018 the main cause of cancer-related 

mortality (20.2%) and the fourth in incidence (10.1%) after colorectal 

(13.7%), breast (12.1%) and prostate (11.7%) cancer [1]. This high mortality 

rate is due to late diagnosis, sometimes at the metastatic stage, when there is 

no or a very small probability of cure, and the treatment options are only 

palliative. Accordingly, the age-standardized net survival rate five years after 

surgery/treatment is only in the range of 10–20% in most countries and 13.5% 

in Spain (data from the 2000 to 2014  period) [2]. 

 

The main cause of lung cancer is tobacco consumption, which increases 

up to forty times the risk of developing the disease [3]. Indeed, 85% of lung 

cancer patients are long-time smokers [4]. Other factors that -isolated or 

combined- favor lung cancer, are the exposure to radon gas, asbestos, heavy 

metals, arsenic, air pollution, as well as passive smoking or some genetic 

factors [4]–[9]. 

 

There are two main lung cancer histological types: non-small cell 

carcinoma (80.4%) and small cell carcinoma (16.8%). Non-small carcinomas 

appear in two subtypes: squamous cell carcinomas and adenocarcinomas. 

Carcinomas are malignant tumors that grow from epithelial cells and 

adenocarcinomas are malignant tumors with glandular/secretory origin.  The 

treatment options for lung cancer are surgery, radiotherapy, chemotherapy, 
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and immunotherapy, alone or combined, which are applied depending on the 

cancer type, stage, patient status, age, etc. [10], [11]. 

 

Most cancer-related deaths, (about 90%) are attributed to metastases [12]. 

The metastasis is the multi-step dissemination of cancer cells from a primary 

tumor to a secondary site where these cells create a secondary tumor. During 

the metastatic cascade, tumor cells interact with and migrate within their 

surrounding microenvironment, intravasate into the bloodstream and 

extravasate from the bloodstream to migrate, invading distant sites  [13]. 

Therefore, cell migration plays a crucial role in the tumor spread process, and 

understanding the mechanism underlying this process can be instrumental for 

the development of more effective therapeutic strategies that may prevent the 

metastatic spread of the disease. 

1.1.2 Cell migration 

Cell migration is required in several physiological and pathological processes 

such as tissue formation, wound healing, embryonic development, the 

immune response, inflammation, and infection, where cells must migrate to 

specific locations to perform a specific action required [14]. Importantly in 

the context of this thesis, one of the most relevant processes that require cell 

migration is the generation of cancer metastases.  

 

Cells migrate in response to external signals that can be of mechanical or 

chemical nature, sensed through integrins located mostly at cellular 

protrusions or through chemical receptors. During mechanically elicited 

migration, mechanical signals cause a cascade of biochemical signals in a 

process called mechanotransduction [15]. Moreover, when a receptor protein 

is activated, the cell activates several intracellular signaling cascades [14]. 

Consequently, cell migration is better studied under highly controlled 

mechanical and molecular/chemical conditions, to properly understand the 

specific role of each of these concurrent factors. 

 

Cells can move individually, in multicellular streaming, or collectively. 

In single-cell migration mode, the cells do not interact with each other, thus 

their migration patterns are uncorrelated. Multicellular streaming migration 

occurs when individual cells migrate along a common path. Collective 

migration occurs when groups of adjacent cells move, as a group, in the same 
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direction. Cells can move following a straight pattern in which ‘follower’ 

cells are guided by a ‘leader’ cell, or using a broad pattern, in which several 

‘leader’ cells guide ‘followers’, forming irregular blob shapes. Cells in 

collective migration mode can display mesenchymal or epithelial phenotypes. 

In the mesenchymal phenotype, the cell body is usually elongated (spindle-

shaped), polarized, with long cytoskeletal protrusions [16]. Otherwise, the 

epithelial phenotype is characterized by well-defined intercellular adhesive 

structures [17]. 

 

Individually migrating cells can display two different phenotypes: 

amoeboid and mesenchymal. In amoeboid migration, cells have a round cell 

body with short, thin protrusions and blebs. And in the mesenchymal mode, 

as described previously, the cell body is typically extended, expressing long 

protrusions.  

 

In the context of tumor invasion, individual cancer cells can switch their 

migration phenotype to adapt to their microenvironment. This occurs for 

instance upon inhibition of integrins, cadherins or proteases [18]. Indeed, 

cancer cells with a mesenchymal type of migration, which have proteases 

blocked - cathepsins, matrix metalloproteinases (MMPs) or serine proteases- 

adapt to this blockade by adopting protease-independent amoeboid motility, 

in what is called the mesenchymal-amoeboid transition. Single cells 

amoeboid migration can also result from cells migrating collectively. For 

instance, when anti-β1 integrin antibodies are used in cells moving 

collectively, cell-to-cell adhesions and cell-to-ECM attachments are 

disrupted. Due to this, cells detach from each other and switch independent 

amoeboid motility (collective-ameboid transition). Finally, cells displaying 

multicellular streaming motility mode, such as epithelial strands or sheets that 

lost their cell to cell interactions (due for instance to inhibition of cadherin), 

can detach and use their proteases and integrins to switch to mesenchymal 

motility (epithelial-mesenchymal transition). All these transitions described 

above might also occur spontaneously during tumor progression [18]. Figure 

1.1 graphically summarizes all the transitions between motility modes. 
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Figure 1.1: Cancer cell motility transitions. Tumor cells can adapt and switch their mode of 

motility as a function of their own and its microenvironment conditions (Friedl, 2003). 
 

In 2D mesenchymal migration mode, the cell moves thanks to a 

cytoplasmic displacement at the leading edge, together with a laminar 

removal of dorsally-accumulated debris toward the trailing edge [19]. In the 

leading/front edge there is rapid actin polymerization that creates actin 

filaments (lamellipodia and filopodia) [20]. These filaments have proteins 

called integrins that act as receptors through which the cells can sense the 

ECM in order to bind to it via focal adhesions and push the leading edge 

forward [21], [22]. In the trailing/back edge, the microtubules found in the 

cytoskeleton act as structs that fix the back of the cell and generate the 

contractile forces needed for the trailing edge retraction. This microtubules at 

the back edge dynamically remodel to allow retraction, having a key role in 

the movement directionality [23], [24]. The main steps of this type of 

migration in a 2D substrate are presented in Figure 1.2. In 3D mesenchymal 

migration, the cell can attach and generate traction forces in the surrounding 

ECM fibers in order to move through it. Cells can also degrade and remodel 

the ECM through the use of metalloproteinases and other proteases to create 

a path for them, and any other cells, to migrate [25]. 

 

In the amoeboid motility phenotype, cells move through pseudopods, 

highly-contractile uropods, and hydrostatically-generated blebs. In this type 

of migration, cells display weak or null adhesion to the substratum and little 

or no extracellular matrix proteolysis (protein degradation).  Cells moving 

through blebs initially produce an outward expansion breaking away the 

membrane from the membranous cytoskeleton. 
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Figure 1.2: Mesenchymal crawling migration steps. Once the cell has a direction of motion, 

it extends a protrusion in this direction by means of actin polymerization at the front edge. 

This protrusion adheres to the surface at the front and then de-adheres at the rear of the cell 

body. Finally, thanks to the contractile forces exerted at the cell body and rear; the whole cell 

body is pulled forward (Ananthakrishnan, 2007). 

 

When the size of the bleb is stable, the membrane is reintroduced to the 

cytoskeleton infrastructure, and the bleb slowly retracts  [26]. Figure 1.3 

shows bleb-driven migration in different microenvironmental conditions (2D 

and 3D substrates). 
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Figure 1.3: Blebbing migration in different microenvironments. In two-dimensional cultures, 

a cell moving using blebs needs to adhere to the substrate through new adhesions created in 

the bleb. In a confined environment as a microfluidic channel, the cell can move without 

creating adhesions to the substrate by exerting perpendicular forces to the substrate and 

squeezing through it. When the cell is migrating in a 3D extracellular matrix, the cell can 

move by a combination of the two previous migration modes squeezing itself through the 

extracellular matrix mesh (Charras, 2008). 

 

 There are several approaches to analyze cell migration, depending on 

which aspect of migration is to be analyzed. Most migration analysis is 

centered in quantifying the bulk displacement of cells, thus studying 

differences in displacement between control and test cells, testing different 

microenvironment compositions, cell phenotypes or the effect of interfering 

drugs. Alternatively, migration can be studied by looking at the mechanisms 

involved in this process in individual cells. 

 

From the instrumental point of view, there are also several ways to study 

cell migration. It can be studied in vivo using animal models and intravital 

microscopy. These studies are of high experimental complexity and allow 

very little control of the parameters under study due to the complexity of 

labeling and tracking cells using this technique. Alternatively, in vitro 

migration studies based on primary or immortalized cancer cell lines are 

simpler and allow a higher control and manipulation of the principal 

parameters involved. Furthermore, these in vitro experiments can be done in 

high throughput mode to provide larger amounts of information. The negative 

side of these experiments is the loss of relevant physiological relevance 
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compared to the experiments performed in vivo. This loss is especially critical 

in 2D models (i.e., cells migrating on flat surfaces) since the behavior of cells 

in 2D substrates, and specifically, the migration phenotype and mechanism 

differ from the behavior and migration of the cells in the real tissue three-

dimensional extracellular matrix (3D ECM). Therefore, 3D in vitro models 

are increasingly being used to replicate the in vivo models, while avoiding 

the experimental problems associated with the use of animal models [27], 

[28]. 

1.1.3 Motivation of the thesis 

As explained in the preceding paragraphs, migration is a critical trait that 

cancer cells must adapt to be able to spread the disease. However, it is still 

unclear what are the 3D environmental factors that favor migration, and what 

would be the cellular traits that could be targeted to limit cell migration, thus 

reducing the probabilities of metastases. Understanding how cancer cells 

migrate in 3D, and the role of the mechanobiology in cell migration is 

therefore of utmost importance to know how to interfere with this deadly 

process. In this thesis, we approach the problem of the quantification of cell 

migration in 3D, at different levels of resolution, and as a factor of the 

properties of the surrounding microenvironment. To quantitatively analyze 

migration in a relevant -physiological- environment, there are several 

elements that need to be considered. These elements are briefly listed next, 

and developed (state-of-the-art) in the following introductory sections: 

 

1. Experimental setup. This is a crucial aspect in the design of a cell 

migration experiment. The physical setup must be highly physiological 

and ensure the viability of the cells during the duration of the experiments. 

As mentioned before, the state-of-the-art consists of using 3D setups with 

cells embedded cells in hydrogels that mimic the tumor microenvironment. 

This can be efficiently done inside multi-well chamber slides or 

microfluidics devices. Microfluidic devices, made of a biocompatible 

polymer with good Oxygen diffusive properties, provide a better solution 

in terms of optical properties for microscopy observation and savings in 

materials consumption while allowing high-throughput analysis. 

 

2. Image acquisition. The microscopy modality used depends on the 

objective of the analysis. Low-resolution migration studies, where the 
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main information to be obtained is the bulk average -population- distance 

and directionality of cell migration, are better performed using widefield 

–pseudo 3D- brightfield or fluorescence microscopy. High-resolution 

analysis of the phenotype or mode of migration of small number of cells 

is better performed using three-dimensional fluorescence microscopy. The 

choice of the specific instrument -spinning disk confocal, laser scanning 

confocal, multiphoton excitation, single plane illumination- depends on 

considerations such as the photobleaching and phototoxicity caused by the 

acquisition process, or the required temporal resolution.  

 

3. Image analysis. Automated image analysis of time-lapse microscopy 

videos of migrating cells is a robust, objective, low-effort alternative to 

manual analysis. This includes first the identification of individual cells 

(cell segmentation) which can be done using a variety of techniques. 

However, during the last years, new machine learning approaches, known 

as Deep Learning, are gradually replacing traditional segmentation 

methods as they outperform them, and require a lighter design and 

implementation efforts. A particular aspect of the segmentation problem is 

the analysis of the morphology of migrating cells, at high resolution. This 

aspect focuses on the study of the cell protrusions morphology and 

dynamics. This information is essential to know how cells react to their 

environment, as a factor of their phenotype and extracellular matrix 

composition. Finally, tracking of segmented cells is usually performed 

following two approaches: tracking by model evolution or tracking by 

detection. The first approach is based on the evolution of surfaces or 

curves, to track the cell boundaries along the entire length of the 

experiment. The second approach uses the cell segmentation masks to 

obtain the centroid of the cells and link them over time. This second 

approach is the most used as it allows using and combining different 

association techniques obtaining optimal results. 

1.2 Experimental setups for cell migration analysis 

Cell migration can be studied in vivo in mouse models by means of intravital 

microscopy. These are highly physiologically experiments but are technically 

complex, and offer very limited experimental flexibility due to the limited 

staining options available and the inherent technical problems -movement 
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artifacts, high tissue background- associated to intravital microscopy [29], 

[30].  

In vitro, standard 2D tools such as microscope slides or Petri dishes, have 

been used for wound healing, invasion and migration assays [31]–[34]. These 

platforms, useful as they are, provide biased information since 2D cell 

migration mechanisms differ from the ones used in 3D environments [35].  

 

3D culture tools overcome the limitations of 2D platforms. For instance, 

Boyden chambers or multi-well chambered slides [36] are simple alternatives 

that can be used to perform 3D cell migration experiments,  allowing to some 

extent the analysis of the dynamics and morphology of migrating cells. These 

platforms, however, offer limited versatility, due to the little control they 

provide of the biochemical factors (e.g., creation of gradients, shear flows, 

co-cultives, etc.), are not appropriate for microscopic observation (Boyden 

chambers) or high-throughput studies (Boyden chambers) and require large 

amounts of reagents, thus increasing the cost of the experiments.  

 

Overcoming all the above-mentioned limitations, microfluidic devices are 

increasingly being used to the study individually or collectively migrating 

cells. Microfluidic devices provide better control of the 3D biochemical 

factors and required reduced volumes of materials (cells, collagen, Matrigel, 

drugs, etc.). Moreover, they have can be fabricated with materials that have 

excellent optical properties, being adequate for time-lapse microscopy 

imaging and high-throughput studies [36]. Due to these features, microfluidic 

devices have been used in studies of invasion [37], intravasation [38], 

extravasation [39], adhesion [40], testing of mechanical barriers [41] and drug 

testing [42]. 

 

In summary, microfluidic devices are the most appropriate platforms for 

the analysis of cell migration in 3D microenvironments. They are 

physiologically relevant models since they allow increased control of the 3D 

ECM properties, providing a good compromise between traditional in vitro 

and in vivo models (Figure 1.4). 
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Figure 1.4: Cancer study models. The schematic represents different models for studying 

biological processes and for drug testing before human trials, in order of increasing 

physiological relevance (Boussommier-Calleja, 2016). 
 

1.3 Image acquisition 

Microscopy is the modality of choice when monitoring cell migration, due to 

the combination of resolution, low toxicity and experimental simplicity that 

it provides. To quantify cell migration, time-lapse microscopy sequences (i.e. 

videos) must be acquired using a modality that highlights the boundaries of 

the moving cells.  These sequences can be manually or automatically 

analyzed to track cells, thus quantifying their speed, directionality, 

persistence, and morphology. Time-lapse assays can be acquired using 

different image modalities, depending on the resolution required and other 

considerations such as the toxicity and bleaching inflicted in the cells. In this 

section, a summary of different microscopy techniques used in cell migration 

analysis is presented. 

1.3.1 Widefield microscopy (WFM) 

Widefield microscopy -in fluorescence or brightfield mode- is the simplest 

modality that can be used for cell migration analysis. When the cells are 

labeled using a fluorescent -nuclear or cytoplasmic- stain, or the cells are 

genetically manipulated to endogenously express a fluorescent protein (e.g., 
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with Green Fluorescent Protein - GFP), it requires illuminating the specimen 

to excite the labelling fluorochromes, and then collecting the fluorochrome 

emissions in a detector (CCD, CMOS) (Figure 1.5). In brightfield -

transmission- form, contrast enhancement techniques such as Phase-Contrast 

(PhC) or Differential Interference Contrast (DIC) can be used to highlight the 

cell boundaries without requiring staining the cells. PhC is most commonly 

used due to its simplicity, better response under birefringent plastic 

substrates, higher light throughput and lower cost (Figure 1.6). DIC provides 

higher quality images, but requires the use of more optical parts, thus 

requiring a higher level of expertise and having a higher cost. 

 

The choice between fluorescence or brightfield microscopy depends on 

several factors. Brightfield is the correct choice when the cells are not 

transfected or exogenously labeled, both processes that may interfere with the 

molecular mechanisms of the cells. In particular, when cells are labeled by 

viral transfection with a fluorescent reporter, one must carefully characterize 

the level of efficiency of the transfection and use controls to ensure that it is 

not interfering with the viability or migration phenotype of the cells. 

Furthermore, the light source commonly used for brightfield microscopy is 

of lower intensity than the arc lamps or lasers used for fluorescence 

excitation, thus causing lower phototoxicity and photobleaching. On the other 

hand, fluorescence labeling strongly simplifies the process of detecting and 

tracking the cells, especially when done in automated mode, since the images 

are simpler, having only the stained cells and little or no other objects. 

 

Although WFM is commonly used for tracking of cells on flat 2D 

surfaces, 3D stacks of 2D WFM can be deconvolved to create 3D images with 

lower toxicity than the one caused by 3D confocal or multiphoton acquisition. 

Deconvolution algorithmically redistributes the out-of-focus light in the 

images by applying its microscopy Point Spread Function (PSF) of the 

microscope [43]. Otherwise, WFM is appropriate only for monolayer 

specimens or tissue slices less than 5 µm thick. Several groups have used this 

microscopy technique for cell migration analysis due to its simplicity [44]–

[47]. 

 

https://en.wikipedia.org/wiki/Green_fluorescent_protein
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Figure 1.5: Widefield fluorescence microscopy light pathways. In WFM, the entire sample 

is exposed to light, thus receiving the detector fluorescence signals from all focal planes, 

which leads to blurring in thick samples like tissues or spheroids (Ibidi, 2018). 
 

 

 
Figure 1.6: Widefield PhC microscopy light pathways. In PhC, light passes through the 

specimen, producing small phase shifts. These phase shifts are converted into changes in 

amplitude, which can be observed as brightness changes in the specimen image (BWOptics, 

2016). 
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1.3.2 Confocal Laser Scanning Microscopy (CLSM) 

Confocal fluorescence laser scanning microscopy provides 3D information 

by performing optical sectioning of the sample. This is useful when tracking 

cells in 3D. The confocal setup is based on a standard epifluorescence 

microscope with a small aperture -pinhole- located in an optically conjugate 

plane in front of the detector. This pinhole blocks out-of-focus light 

preventing it from reaching the image formation plane, thus achieving depth 

sensitivity, and featuring higher spatial resolution and better image contrast 

(Figure 1.7) than WFM. To compensate the loss of light caused by the 

pinhole, the sample must be illuminated voxel by voxel using a scanning laser 

system. Compared to other 3D modalities described in the next section, 

CLSM uses a high photon dose, which can be harmful to cells especially when 

full 3D image data is acquired during time-lapse imaging. Nevertheless, it is 

one of the most used microscopy techniques for migration analysis both in 

2D and 3D [47]–[57].  

 

 
Figure 1.7: Confocal laser scanning microscopy light pathways. In CLSM, the laser beam is 

focused at a specific depth within the sample. Confocal pinholes cut off fluorescent signals 

that are out of focus, thus receiving the detector, signals only from the illuminated point 

(Ibidi, 2018). 
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1.3.3 Spinning Disk Confocal Microscopy (SDCM) 

Spinning disk confocal microscopy is used to speed up image acquisition, 

thus reducing the phototoxicity of the CLSM and allowing higher temporal 

resolution. This method uses two synchronized rotating disks that contain 

thousands of pinholes distributed in two parallel spiral patterns. The second 

disk contains microlenses that focus the light traversing the pinholes in the 

first disk to increase the light efficiency of the system (Figure 1.8). At any 

given moment, the subset of illuminated pinholes acts as a set of parallel 

confocal imaging systems, exciting one voxel of the sample each, using a 

fraction of the incoming laser intensity. As the disks rotate, the area of the 

sample illuminated changes, gradually covering the entire sample. 

 

 
Figure 1.8: Spinning disk confocal microscopy light pathways. In SDCM, two coaxially 

aligned disks rotate to create a sweep pattern of simultaneous confocal points in the sample. 

In a Yokogawa scanner, the upper disk contains microlenses that gather more input 

illumination, increasing the light throughput to a 40-60%, as opposed to the 4-6% normally 

achieved (Zeiss, 2018). 
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Accordingly, at a scan speed of 360 frames per second, the acquisition 

speed is increased between one and two orders of magnitude while 

phototoxicity and photobleaching are dramatically reduced (up to 10-15×) in 

comparison with the standard CLSM. This provides the sectioning 

capabilities and the increased resolution and contrast of the CLSM while 

using a reasonably lower photon dose, thus making it appropriate for imaging 

migrating cells at high magnification over time (3D+t), at high temporal 

resolution. This modality is also appropriate when the cells are highly 

sensitive to light exposure [45], [58]. 

1.3.4 Multi-photon or Two-photon Microscopy (MPM) 

This is the preferred modality, and often the only choice, for intravital 

imaging, i.e. when imaging cell migration in living organisms, and it is also 

an excellent choice when imaging migrating cells in thick scaffolds [59]–[65]. 

Except for the temporal resolution provided, which is in the order of CLSM, 

all other aspects: phototoxicity, image contrast, etc. are better than CLSM and 

SDCM. In this technique fluorophore excitation is achieved using the 

confluence of two photons of long wavelengths, thus allowing deeper tissue 

penetration (~1 mm) than standard single photon confocal excitation [66]. 

Furthermore, two-photon confluence, and therefore fluorochrome excitation 

occurs only within a diffraction-limited region determined by the objective 

lens (Figure 1.9), reducing or completely eliminating the excitation -i.e. 

bleaching- in out of focus areas. However, on the focal plane, photobleaching 

with MPM increases faster with excitation intensity than in the case of single-

photon excitation [67]. Also, in thin specimens (< 10 µm), the phototoxicity 

may be higher than in single-photon excitation [68]. Therefore, as usual, a 

compromise must be made between temporal and spatial -mostly axial- 

resolution in order to obtain images of high quality without compromising the 

viability of the cells. Otherwise, one of the main advantages of MPM is that 

it allows imaging label-free samples such as collagen fibers or non-

centrosymmetric samples using second harmonic generation microscopy 

[69]. This allows simultaneous visualization of the labeled cells and their 

unlabeled surrounding ECM matrix, thus providing clues about the 

relationship between the migration mode and the architecture of the ECM 

[47], [70]. Due to its advantages, several studies use this microscopy 

technique for migration analysis [56], [57], [71], [72]. 
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Figure 1.9: Multi-photon microscopy light pathways. In MPM, the pulsed laser beam that 

provides laser pulses at a frequency and power that facilitates fluorochrome excitation by 

two confluent photons is focused across the sample by a high numerical aperture objective 

lens, collecting the emission signal by a Photo-Multiplier Tube (PMT) detector 

(Biophotonics, 2018). 

 

1.3.5 Light Sheet Fluorescence Microscopy (LSM) 

Light sheet microscopy works by illuminating the specimen with a thin layer 

of light focused on a single plane, being the fluorescence detection in its 

perpendicular plane (Figure 1.10). Its main advantage with respect to point-

scanning methods is that the entire field of view is excited and imaged at once, 

reducing the acquisition time and the photon dose. Furthermore, it allows the 

observation of larger samples than any of the other modalities presented. 

LSM axial resolution is lower than MPM, and the spatial resolution highly 

depends on the system setup. Due to all these factors, its use has been focused 

on vertebrate embryonic development or tissue slices imaging in 3D over long 

time intervals [45], [73]–[76]. 
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Figure 1.10: Light sheet microscopy light pathways. In LSM, one objective lens focuses the 

light sheet on the specimen, and another perpendicular one gathers the emitted fluorescence 

(Huisken, 2009). 

1.4 Image analysis 

In this section, state-of-the-art methods for quantitative image analysis of cell 

migration are presented. Cell migration analysis aims at quantitatively 

measuring the position, speed, directionality, morphology, etc. of the moving 

cells. To this end, the following steps are commonly performed: image 

preprocessing, cell segmentation, cell tracking, quantitative extraction of 

characteristics and statistical analysis. In the next subsections, we focus on 

the state-of-the-art methods for image preprocessing, cell segmentation, cell 

tracking, and cell morphology analysis, in the specific context of the analysis 

of cell tracking. 

1.4.1 Image preprocessing 

Image preprocessing is the first and often underestimated step in any image 

analysis task.  Indeed, a great variety of filters and transformations can be 

used to improve the quality of the images and enhance (or suppress) features 
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of the microscopy images, thus facilitating the subsequent image analysis 

tasks.  

 

Images with a high level of Poisson or shot noise (e.g., low-intensity 

fluorescence images), can benefit from a morphological median filter, 

provided that the size of the filter is correctly fine-tuned [77]. This simple 

non-linear filter has important noise removal capabilities while not affecting 

the quality of the contrast of the image structures (i.e. object borders). Other 

noise removal filters that work in the spatial domain are the Gaussian, 

average, Wiener [78] or Coherence-Enhancing Diffusion (CED) [79] filters. 

There are also noise removal filters that, at the same time, enhance particular 

directional structures. This is the case, for instance, of the low-pass, steerable 

filters [80]. Finally, there are filters that work in the frequency domain, as the 

Fourier low- and high-pass [81], and multiscale filters that work 

simultaneously both in the frequency and space domain, such as those based 

on the wavelet decomposition [82]. All these last mentioned methods have 

been traditionally used as a useful preprocessing step for denoising (i.e., 

median, average, Gaussian) and also for structure enhancing (i.e., CED, 

steerable filters, wavelet-based multiscale filters) in cell segmentation, but 

some of them (i.e., CED, Fourier, wavelet) require a good understanding of 

their parameters in order to finetune them and achieve good results. 

 

For contrast adjustment, several techniques can be used. The simplest, 

linear contrast stretch consists of saturating/clipping the 1% of the highest 

and lowest intensities values and linearly rescaling the rest of intensity values. 

Another technique that usually works better than saturation is histogram 

equalization, which converts the intensity distribution of the image to a 

uniform function. This tends to automatically improve contrast present in the 

image, in cases when the image information is localized in one single area of 

the histogram. An improved version of the histogram equalization is Contrast-

Limited Adaptive Histogram Equalization (CLAHE) [83], which in turn is 

based on its simpler version Adaptive Histogram Equalization (AHE) [84]. 

The basic concept behind AHE and CLAHE is to perform the histogram 

equalization in local patches/tiles of the image instead of in the whole image, 

largely improving the results in images containing sections with very 

different contrast levels. The ‘Contrast-Limited’ version prevents amplifying 

the noise that can be present in some homogenous/near-constant regions of 

the image. This is done by applying a threshold (clip limit) in each histogram 

equalization, making the histogram values over this limit to distribute equally 
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among all histogram bins. This technique is especially useful in brightfield, 

PhC, and DIC microscopy images since they usually have high texture, i.e. 

high-intensity heterogeneity and variations: shadows, incomplete or diffused 

cell borders, etc. 

 

Geometric transformations of the images such as rotation, translation, 

shear, and scaling are included in the preprocessing steps as they are 

commonly used to help posterior segmentation or tracking tasks.  

 

Image registration is a complex method that combines the previously 

mentioned basic geometric transformations with the optimization of a 

similarity metric to correct misalignments between images. It can be then 

seen as an error minimization problem that corrects the displacement of image 

information between two images. This transformation can be linear (rigid, 

affine) or non-linear (elastic). In biomedical image analysis, registration can 

be used as a preprocessing step to correct undesired artificial displacements 

of the objects being analyzed (e.g., devices, hydrogel, etc.). These 

displacements or movements should be corrected since they will mask or 

modify the real movement of the objects (e.g., cells moving following a 

chemotactic protein gradient). Since the analysis pipeline implemented in this 

thesis uses image registration as a preprocessing step, its main concepts and 

implementation options are described in subsection 1.4.2, in order to have a 

proper background. 

 

Finally, background correction is commonly applied to even unevenly 

illuminated samples and remove background noise to help posterior 

segmentation or image analysis. A common method consists of low-

frequency background removal using the rolling-ball method [85]. This 

method removes uneven illuminated background computing a local 

background value for every pixel by averaging neighbor pixels values over a 

large area (ball). These values are then subtracted from the image to remove 

large spatial variations of the background intensities. The rolling-ball radius 

should be fixed to be at least the size of the biggest object that is not part of 

the background. More recent approaches are based on the use of 

Convolutional Neural Networks, which are able to “learn” the background 

from the images and subtract it [86]. 

 

Note that, all methods previously mentioned can be applied to both two 

and three-dimensional image data. 
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                              (a)                                                     (b) 
Figure 1.11: Example of a basic registration. Image registration finds the deformation 

function T that maps points (p) in a fixed image (a) to points (q) in a moving image (b) 

(Elastix, 2018). 

1.4.2 Image registration 

Image registration is widely used in biomedical imaging. It can be used to 

correct displacements between images, and it can also be applied to complex 

segmentation tasks through the use of atlases. In both cases, the registration 

algorithm finds a spatial transformation by mapping one-to-one the pixels 

(2D) or voxels (3D) in two related images. Figure 1.11 graphically shows the 

basic elements involved during image registration. 
 

One image, defined as the moving image IM(x), is transformed using a 

transformation function T(x) to fit a second image, called the fixed image 

IF(x). The transformation T(x) is defined by the canonical transformation u(x) 

so that IM(x + u(x)) becomes aligned with IF(x), i.e. T(x) = x + u(x). Both 

moving and fixed images are of dimension d and are defined in the spatial 

domain Ω𝐹 ⊂ ℝ𝑑
 and Ω𝑀 ⊂ ℝ𝑑

. The transformation T(x) is defined as the 

mapping from the fixed to the moving image, i.e. 𝑇 ∶, Ω𝐹 ⊂ ℝ𝑑 →  Ω𝑀 ⊂ ℝ𝑑. 

To find the displacement that achieves the best possible mapping between the 

images, image registration is formulated as an optimization problem, with a 

cost function C that needs to be minimized: 

 

          �̂� = arg min
𝑇

𝐶(𝑇; 𝐼𝐹 , 𝐼𝑀),    𝑤𝑖𝑡ℎ                (1) 

 

𝐶(𝑇; 𝐼𝐹 , 𝐼𝑀) =  −𝑆(𝑇; 𝐼𝐹 , 𝐼𝑀) +  𝛾𝑃(𝑇),   (2) 

 

being S a distance or similarity measure, P a penalty or regularization term 

that constrains T and 𝛾 a weight applied to the regularization term.  
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Figure 1.12: Registration components and workflow. Registration is a multiresolution and 

iterative process that ends ideally when convergence is reached (perfect registration). 

     

To improve the convergence and reduce the computational burden, the 

images are usually registered iteratively at several resolution levels (from 

coarse to fine) using multi-resolution image pyramids. At each level, a 

similarity metric is used on a selection or sample of pixels from the fixed 

image. Based on the result of the similarity evaluation, an optimizer modifies 

the parameters of the transformation applied to the moving image, in order to 

possibly improve the similarity metric. The transformation requires 

interpolation to produce a new transformed image.  This process is repeated 

iteratively a number of predefined iterations or until convergence is reached 

(Figure 1.12). Therefore, several choices need to be made and some 

parameters are to be defined. The main ones, already mentioned, are the 

number of levels of the multi-resolution pyramid, the sampling strategy, 

interpolator, similarity metric, type of transformation, and the optimizer. 

 

Multi-resolution is used to reduce data complexity, and it is implemented 

through multiresolution image pyramids made of increasingly downsampled, 

smoothed versions of the original images. Reducing image complexity at the 

higher levels of the pyramid helps to obtain an approximate registration result 

with low computational cost. From these approximate results, the algorithm 

more easily finds the optimal results with lower computation cost. Note that 

this complexity reduction can be done in all axis or in only in specific axis if 

desired. In the image registration software used in this work, called Elastix 

[87], [88], there are three types of pyramids: 
 

1. Gaussian pyramid: Both smoothing and down-sampling are used. 
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2. Gaussian scale space: Smoothing is used, and down-sampling is not 

used. 

3. Shrinking pyramid: Smoothing is not used, and down-sampling is 

used. 
 

In Figure 1.13, Gaussian pyramid examples with and without 

downsampling are shown. 

 

 
Figure 1.13: Different multi-resolution pyramid strategies. The first row shows the Gaussian 

pyramid type (smoothing and downsampling) and the second row the Gaussian scale space 

type (smoothing and no downsampling). The Gaussian pyramid applied to the original 

images (d, h), have 𝜎 = 8 (𝑎, 𝑒), 4 (𝑏, 𝑓) 𝑎𝑛𝑑 2 (𝑐, 𝑔) voxels. Note that in the first row, the 

images are downsampled by a factor of 2, but the voxel size increases also by a factor of 2 

also, so physically, the images have the same size in each resolution (Elastix, 2018). 

 

 
Figure 1.14: Different image interpolators. Nearest neighbor (a), linear (b), B-spline N = 2 

(c), B-spline N = 3 (d), and B-spline N = 5 (e) (Elastix, 2018). 
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The sampler determines which pixels in the images are used in the 
registration minimization process. In Elastix, there are the most commonly 
used: 
 

1. Full: All the voxels are selected. 

2. Grid: Only the voxels defined by a regular grid are selected. This is 

equivalent to downsampling the images. 

3. Random: Only a specific number of voxels chosen randomly are 

selected. All the voxels have the same probability to be chosen, and 

they can be selected more than once. 

4. Random coordinate: Similar to the Random sampler, this type can 

also select random coordinates between voxels. This intermediate 

voxels values will be computed by interpolation. 
 

The grid and random samplers reduce the computational time needed in 

the optimization process, although the number of voxels selected must be 

large enough to ensure acceptable results. 
 

The interpolator defines the method used when a new voxel value must 

be computed after applying a transformation T. In Elastix, there are three 

types: 
 

1. Nearest neighbor: The intensity of the first nearest voxel is returned. 

If there are several voxels with the same minimum distance, the first 

nearest voxel is defined usually by the top-left direction. 

2. Linear: The weighted average of the surrounding voxels is returned, 

being the weights the distance to each neighbor voxel. 

3. N-th order B-spline: The value returned is computed through a B-

Spline function. The higher the order, the better the quality, although 

orders > 3 may overfit the B-spline to the data [89], being the cubic 

B-spline (N = 3) the most commonly used order. For N = 0, this 

interpolator is equivalent to the nearest neighbor and, for N = 1, to 

linear interpolation. 
 

Examples of the three types of interpolators are shown in Figure 1.14. 
 

The similarity metric values indicate how similar two images are. In 

Elastix, there are several options depending on the type and complexity of the 

image data. 
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1. Mean Square Difference (MSD): One of the simplest ones, 

computed as the sum of the square difference between intensity 

values. This metric works well if both images have intensity values in 

the same range. 

2. Normalized Correlation Coefficient (NCC): This metric is less 

strict than MSD, allowing to register images whose intensity values 

are related by a linear transformation. 

3. Mutual Information (MI): This metric is more general, being used 

in mono and multi-modality registration. It measures the relationship 

between the probability distributions of intensities of both images. 

4. Normalized Mutual Information (NMI): This metric scales the 

results in the interval [0, 1], being 1, a perfect correlation. It has a 

better performance than MI in some cases [90]. 

5. Kappa Statistic (KS): Defined especially to register binary images as 

it measures the overlap of the segmentations. 
 

The optimizer drives the navigation through the solution space in order to 

achieve the global minimum value of the cost function (perfect match or 

registration). Figure 1.15 illustrates the search of the minimum of the cost 

function C by the optimizer. There are several strategies available to reach 

the global minima in the less time possible. The most commonly used ones, 

available in Elastix, are: 

 

1. Full search: The method simply scans a subspace of the parameter 

space and searches and follows the best parameters. 

2. Gradient descent (GD): This first-order iterative method moves in 

the search direction determined by the negative gradient of the cost 

function with a decaying gain/step size [91]. This gain or step size is 

commonly called the learning rate. 

3. Conjugate gradient (CG): This method converges faster than the GD 

since it uses both the gradient and conjugate gradient directions to find 

the solution [92]. 

4. Quasi-Newton LBFGS (QN): This optimizer uses the Limited-

memory version of the Broyden–Fletcher–Goldfarb–Shanno 

(LBFGS) quasi-Newton method [93]. It also has a faster convergence 

than GD by using second-order information with an approximation of 

the Hessian matrix. 
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5. Adaptive stochastic gradient descent (ASGD): A gradient descent 

optimizer with an adaptative gain/step size. It has good performance, 

being one of the most used optimizers [94]. 
 

 
Figure 1.15: Iterative optimization in image registration. The optimizer gives the search 

direction and the step size through it (Elastix, 2018). 

 

The transformation models are the different types of image registration 

that can be used. In Elastix, the following rigid and non-rigid transformations 

are available: 
 

1. Translation: Only translations of the moving image are used in the 

registration. 

2. Rigid: Translations and rotations can be used. 

3. Similarity: Translations, rotations and isotropic scaling can be used. 

4. Affine: Translations, rotations, and shear can be used. 

5. B-splines: Non-rigid transformation based on the use of B-splines. It 

allows handling elastic deformations in the registration. 

6. Thin-plate splines: Another non-rigid transformation based on the 

use of thin-plate splines. 
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Figure 1.16: Transformations types. The moving image (b) is registered to fit the fixed image 

(a) with different transformations models: translation (c), rigid (d), affine (e), and elastic (f). 

In this case, the best result is achieved with the elastic (B-spline) transformation. Note that 

the grid is overlayed as an indicator of the deformations applied to the moving image. 

 

Usually, to improve results in non-rigid registrations, a rigid or affine 

transformation is applied first. The different models of transformations are 

compared in Figure 1.16. 

 

Finally, as stated previously, the software used for this image registration 

in this work was Elastix [87], [88]. It is based on the Insight Segmentation 

and Registration Toolkit (ITK) and can be seen as an open source collection 

of algorithms that are used to solve image registration tasks. It is written in 

C++ and has APIs for Python, Java, C#, R, Ruby, Octave, Lua and Tcl 

(SimpleElastix), being available on Windows, Linux, and Mac. And it is one 

of the most used software for medical image registration. 

 

 

http://www.itk.org/
http://www.itk.org/
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1.4.3 Cell segmentation 

Cell segmentation is the most critical step in cell migration analysis. Having 

a proper cell segmentation is crucial since all information lost in this step 

would not be available to posterior analysis tasks such as tracking or 

morphological analysis. 

 

Due to the high variability found in microscopy images (cell types, cell 

densities, stains, microscope modalities, dimensionality, etc.), many 

segmentation techniques available. The simplest, most used one is intensity 

thresholding [95], which segments cells based on the fact that cells generally 

have higher intensity values than its background. Other commonly used 

methods, are for instance hysteresis thresholding [96], contour detection (first 

order filter), ridge detection (second order filter) [97], Laplacian-of-Gaussian 

blob detection, shape matching [98], region growing [99], active contours 

(snakes) [100], superpixels [101], [102] or mathematical morphology (binary 

and grayscale), e.g. the watershed transform [103]. More complex, powerful 

solutions used these days are based on the evolution of contours using 

geometrical flows. These methods are based on energy minimization, such as 

the Chan-Vese model with its different solutions: Fast Level Sets and Graph 

Cuts [104], [105], which work in both 2D and 3D. Recently, it has been 

demonstrated that Convolutional Neural Networks provide excellent results 

in the detection and delimitation of all types of cells in 2D and 3D, being this 

approach the current state-of-the-art [106], [107]. A more detailed 

explanation of this deep learning method is provided in section 1.4.6. 

1.4.4 Cell tracking 

The tracking of segmented cells can be broadly classified into two categories: 

tracking by contour evolution and tracking by detection. 

 

Tracking by contour evolution is based on segmenting all cells in the first 

frame of a video and then evolving their contours along the entire length of 

the video, thus performing segmentation and tracking at the same time while 

attending to cells entering or leaving the field of view or resolving possible 

topological changes indicative, for instance, of mitotic events [104], [108]. In 

this case, cells must have an unambiguous spatiotemporal overlap in order to 

ensure correct tracking. Moreover, tracking by contour methods are 
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computationally expensive, especially when a high number of cells must be 

followed.  

 

Tracking by detection is based on the segmentation of all the cells in all 

video frames followed by a posteriori linking of the detected cells between 

consecutive frames [105]. Linking can be based in a two-frame -local- or 

multi-frame -global- association window, thus using information respectively 

of two, or of the complete sequence for the final definition of tracks [109]. 

Furthermore, these methods can impose linking restrictions (maximum 

displacement of a cell allowed between frames, minimum track length, etc.) 

thus allowing the introduction of prior knowledge about the analyzed tracks. 

The current state-of-the-art indicates that this type of tracking generally 

provides better results than tracking by evolution approaches, except in 

situations of large spatiotemporal overlap [110]. Therefore, tracking by 

detection methods are usually preferred since they are usually faster and 

achieve better results. 

 

Recently, novel tracking approaches have appeared that address some 

weaknesses of the previous methods. New tracking algorithms have emerged 

that use multi-resolution segmentation, i.e. combine segmentation results at 

different resolution levels, thus improving the detection of cells and therefore 

facilitating cell linking [111], or use multiple hypotheses approaches, which 

perform multiple possible segmentations, taking all of them into account in 

the final linking solution [112]. Another recent method designed for particle 

tracking that can be applied to cell tracking, makes use of Deep Neural 

Networks (DNN), obtaining comparable results to the state-of-the-art 

methods but without needing to fine-tune any parameter [113]. This approach 

uses a recurrent neural network (see next section) to learn the dynamics of 

particle displacements associating the particles between frames- Therefore, 

given a particle position in frame f, it predicts the most likely position in frame 

f+1 is predicted using the history of all particle movements. 

 

Once the tracking of the cells has been obtained, the motility of the cells 

can be characterized through their mean square displacement, orientation of 

the migration, speed over time, etc. These data can be used, for example, to 

characterize cell migration in different substrates [114], [115]. 
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1.4.5 Cell morphology analysis 

For cell morphology characterization, there are several methods available that 

can be used to analyze cell shape in time-lapse cell migration sequences. 

Since it is directly related to migration dynamics, these methods usually focus 

on studying cell protrusions, focusing on their attributes such as length, 

number, and lifetime. Most of these methods were designed to analyze 2D+t 

data, using simple intensity-based thresholding methods for segmentation 

[116]–[120]. Recently, 3D methods of much higher physiological relevance 

are being developed,  that allow the study of cell  protrusions, based on the 

evolution of contours (Chan-Vese model) and steerable filters [97], local 

surface curvature of cells and watershed segmentation [121], or more recent 

Deep Learning approaches (CNN) such as the one presented in this work 

[122]. 

1.4.6 Deep Learning 

In this section, a brief introduction to Deep Learning (DL) is presented. The 

concept is first defined, along with its main characteristics, followed by the 

most popular architectures, frameworks and tools available and finally, some 

examples of application to biomedical image analysis are presented. 

 

Deep Learning, also known as hierarchical learning or deep structured 

learning, refers to several automatic and semi-automatic pattern-learning 

techniques. DL is characterized by the use of networks that learn and store 

information in several abstraction layers of incremental complexity. DL 

learning can be unsupervised, semi-supervised or supervised depending on 

the nature of the problem to solve. In the image processing field, supervised 

learning is the most common method used, by training the network using pairs 

of images, image patches, or pixels along with their corresponding classes.  

 

The main significant advantage of DL over traditional Machine Learning 

(ML) methods is that DL methods are able to automatically learn the optimal 

network configuration from the training data, whereas in traditional ML 

methods, the user must feed the data already converted to a specific 

representation: vector of numbers with Principal Components Analysis 

(PCA) reduction, Local Binary Patterns (LBP), etc. This is critical since a 

good representation of the data in ML methods is critical to obtain good 
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results. DL methods, instead, automatically produce their optimal data 

representation, thus avoiding incorrect or biasing assignments.  

 

A simple example of how DL methods works is shown in Figure 1.17, 

which shows an architecture used for face recognition. In the input layer, 

optimal representations of the data are learned, consisting of low-level or 

simple features/patterns such as straight lines, curves, edges, corners and 

blobs with different orientations and translations. In the hidden layer 1, mid-

level face features (eyes, nose, mouth, etc.) are learned from the combination 

and processing of the simpler features already learned in the input layer. In 

the hidden layer 2, high-level abstraction features are learned from mid-level 

features, that in this case, are different representations of what a human face 

can be. Finally, in the output layer, the result of the network is given, 

depending on what the network has been trained to detect: male and female 

faces, predict an age based on the visual appearance of the face, recognize a 

specific person, etc. 

 

 
Figure 1.17: Example of face detector using Deep Learning. Local features are learned in the 

input layer, middle-level features in the hidden layer 1, and higher abstraction features in 

hidden layer 2. Output layer infers the class of the input (Buhigas, 2017). 

DL Architectures 

There are several types of DL architectures available, according to the type 

of problem that are designed to solve. The most popular Deep Neural 

Networks (DNN) are listed and briefly described next, paying particular 
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attention to the Convolutional Neural Network family, as it is the one selected 

for several image segmentation and detection tasks in this thesis. 

 

Convolutional Neural Network (CNN) 

 

A CNN is a feedforward neural network with several interconnected layers, 

inspired by the spatial arrangement of neurons in the visual cortex of 

vertebrates [123]. The CNN architecture is mainly composed of three basic 

operations or building blocks: convolution, ReLU (Rectified Linear Unit) and 

pooling. These three operations are applied in cascade in all layers and are 

complemented by a fully connected multilayer perceptron at the end of the 

network.  

 

The convolution is a linear operation that can be seen as the application 

of traditional image processing filters (e.g., 3×3 or 5×5 matrices) that extract 

features in the different abstraction layers. These filters are usually called 

kernels or feature detectors. The convolution in practices is implemented by 

sliding the filter over the whole image, usually with one-pixel stride, and 

computing the sum of the element by element multiplication between the 

filter weights and the image, in each image pixel. This way a feature map is 

produced, known also as convolved feature or activation map. These features 

can be lines, curves, edges, corners, blobs, etc. Figure 1.18 shows an example 

of a convolution and the convolution results of different filters. 

 

ReLU is a non-linear per pixel operation that replaces all negative pixel 

values found in the image or feature map by zeros. Its purpose is to introduce 

non-linearity in the data (i.e., abrupt intensity changes) as most real-world 

data and functions are non-linear [124]. Other non-linear functions such as 

sigmoid or tanh can be used as well, but ReLU usually performs the best in 

most situations [125]. Figure 1.19 shows an example of the ReLU operation. 

 

Pooling reduces the dimensionality of the feature maps obtained by the 

convolution and ReLU steps. The goal of this operation is to make features 

somewhat equivariant to scale, translation and distortions. Pooling is also 

called subsampling or downsampling as it reduces the dimensionality of the 

input image (or feature map). It can be done using different mathematical 

operators such as the maximum, average, sum, etc., although, in practice, the 

maximum operator works the best in most practical scenarios [126]. Figure 

1.20 shows an example of the pooling operator. 
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Figure 1.18: Example of a convolution operation. Local Convolution in image processing is 

the application of a linear filter of variable size to an image, and its output is the so-called 

feature map (Karn, 2016). 

 

The fully connected multilayer is a traditional Multi-Layer Perceptron 

(MLP) [127] that generally uses the softmax activation function in the output 

layer, known also as loss layer. The softmax function projects all the output 

probability classes to values between 0 and 1, adding up altogether 1 [128]. 

This MLP, act as a classifier that produces the final decision (class inferred) 

based on the high-level abstraction features.  An example of a basic CNN 

architecture with the main operations described in this section is shown in 

Figure 1.21. 
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Figure 1.19: Example of the ReLU operation. ReLU removes negative pixel values replacing 

them with zeros (Fergus, 2015). 

 

Regarding the optimization of the CNN, feature maps are learned by 

back-propagation, usually with a Stochastic Gradient Descent (SGD) with 

momentum optimizer that adjusts each weight/filter based on their 

contribution to the total error [129]–[131] There are other optimization 

algorithms, such as Adam, Adaptive Gradient (AdaGrad), Nesterov’s 

Accelerated Gradient (NAG), etc. that could be used, but SGD with 

momentum is stable in most cases [132].  

 

The two main hyperparameters of the SGD with momentum optimizer are 

the learning rate and momentum. The learning rate (α) controls the magnitude 

of the weight updates V in order to minimize the net loss function, i.e., it 

determines how fast the network learns from new data during the training 

phase. If the learning rate is set too low, the training will converge slowly to 

the local minima, and depending on the initial position in the search, the 

global minima could not be reached. Alternatively, if the learning rate is too 

high, the search can easily diverge from the optimal solution and never reach 

any local minima. To avoid these problems, a learning rate annealing  
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Figure 1.20: Example of the pooling operator. With a standard 2×2 filter and stride 2, the 

image/feature map is reduced by two in each axis (half its original size). Feature map image 

pooling with maximum and sum operator shown (Brilliant, 2018). 
 

technique called step decay is used, thus reducing the learning rate by a fixed 

percentage after a user-defined number of training iterations or epochs.  

 

The momentum (µ) is a fixed weight applied to the weight update Vt, 

which is added to the new weight update Vt+1. Namely, it defined how fast 

(or slow) the weights updates should be done in the current search direction. 

After many training iterations, it multiplies the size of the updates V by a 

factor of 
1

1−µ
. 
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Figure 1.21: Example of a CNN architecture. The essential building blocks of this type of 

architecture are the Convolution + ReLU + Pooling operators (Jones, 2018). 
  

These two learning hyperparameters (learning rate α and momentum µ) 

are included in the weights update 𝑊𝑡+1  as follows: 

 

𝑉𝑡+1 =  𝜇𝑉𝑡 −  𝛼∇𝐿(𝑊𝑡) 

 

𝑊𝑡+1 =  𝑊𝑡 + 𝑉𝑡+1         (3) 

 

being t the current iteration, and ∇𝐿(𝑊) the negative gradient. Namely, µ is 

the weight of the previous update and α the weight of the negative gradient. 

Therefore, both α and µ control the learning pace. As a rule of thumb, when 

increasing µ, α should be decreased [133]. 

 

A common approach is to set α=0.01 and µ=0.9, thus having an update 

size multiplier of 
1

1−µ
=

1

1−0.9
=

1

0.1
= 10. Then, if we increased µ=0.99 the 

update size would be 
1

1−µ
=

1

1−0.99
=

1

0.01
= 100, and it is advisable to reduce 

α by the same factor of 10 (
100

10
), thus having α = 

0.01

10
= 0.001. 

 

The behavior of the loss function when using a low, high and variable 

learning rate (steep decay technique) is shown in Figure 1.22.  

 

In addition to the basic CNN layers, there are other layers that can be used 

to improve the CNN training process, such as the regularization and data 

augmentation layers, as explained in the following paragraphs. 
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Figure 1.22: Loss function behavior with different learning rates. A small learning rate makes 

the training process very slow. A high learning rate may cause the loss function to diverge 

from the minima. An adaptative learning rate decay from high to low over time solves both 

previous problems (Jordan, 2018). 

 

For regularization, the dropout technique [134] can be used to avoid 

overfitting the network to the training data. It consists of deactivating neurons 

(filters) with a probability p ≤ 0.5. This forces the following layer (the layer 

after dropout layer) to learn the same pattern using different neurons/filters. 

Dropout layers are normally located after the fully connected layers or after 

the Convolution+ReLU+Pooling operation block, although some groups 

propose to apply the dropout technique to the inputs of the convolution, 

pooling and fully connected layers [135]. During the prediction phase, also 

called classification or test phase, the dropout layers are deactivated.  
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An alternative to the use of dropout layers, known as batch normalization, 

consists of normalizing the output of a layer by subtracting the batch mean 

and dividing it by the batch standard deviation [136]. This is generally applied 

after the convolution, ReLU or fully connected layers,  thus limiting the use 

of dropout only to the fully connected layers [137]. 

 

When the training datasets are small, data augmentation layers can be 

used to increase the training data. These layers apply simple transformations, 

such as translations, rotations, reflections or elastic deformations to the 

original image data [107], [138]. In some image analysis applications for 

which manual annotations are not available or are very labor intensive to 

produce, this technique is essential since it makes training possible while 

reducing overfitting. 

 

With regards to the complexity of CNNs, the number of parameters P of 

a single convolutional layer with n filters of size k×k located after a previous 

convolutional layer (or input data) with f feature maps is: 

 

P = n * (k * k * f + 1)                 (4) 

 

where + 1 accounts for the bias parameter applied to each feature map. 

 

For instance, if we have an input image data of size = 100×100×1, i.e. a 

2D grayscale image (f = 1), a first convolutional layer with 8 feature 

detectors/filters of shape 5×5 and a second convolutional layer with 16 feature 

detectors/filters of shape 3×3, we have: 

 

First convolutional layer (f =8)   P1 =   8 * (5 * 5 * 1 + 1) = 208 

Second convolutional layer (f =16)  P2 = 16 * (3 * 3 * 8 + 1) = 1168 

Total parameters in the CNN (f =24)  PT = 208 + 1168 = 1376 

 

The size of the each of the filters/weights in this example would be: 

 

First convolutional layer (f =8)   sW1 = 5×5×1 

Second convolutional layer (f =16)  sW2 = 3×3×8 

 

And the size of the each of the resulting feature maps in this example 

(with zero-padding and pooling stride = 2) would be: 
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First convolutional layer (f =8)   sFM1 = 100×100×1  

Second convolutional layer (f =16)  sFM2 =     50×50×1 

 

Note that feature map size sFM2 is 50×50×1 because, although the weight 

size sW2 is 3×3×8, the resulting feature map is computed as the sum of all the 

eight different feature maps (of size 50×50×1) obtained with each 3×3 filter.  

 

With the example of this very simple CNN network, it is easy to 

understand the high complexity of these networks. Indeed, CNNs usually 

have to optimize between 1 million and 10 billion parameters [139]. A recent 

CNN variant, the Dense Convolutional Network (DenseNet), significantly 

reduces the number of parameters needed compared to the CNN, by 

connecting each layer to every other layer in a feed-forward fashion [140].  

 

CNNs are the most popular DL architectures, being extensively used in 

image/video analysis and natural language processing problems, where they 

produce state-of-the-art results [141]–[144]. 

 

Fully Convolutional Network (FCN) 

 

Fully Convolutional Networks are a variant of the standard CNNs, in which 

an additional deconvolutional path is included, and the fully connected layers 

(Multi-Layer Perceptron) are replaced with convolutional layers [145]. 

Therefore, in FCN there are two complementary paths: the convolution and 

the deconvolution paths, both with convolution + ReLU + pooling operations. 

While the convolution path learns high-level abstractions feature maps or 

representations, the deconvolution one reconstructs (or deconvolves) these 

coarse feature maps, thus recovering small details, and preserving the spatial 

resolution of the output. Deconvolutions are up-sampling layers where the 

information existing at the same level in the convolution path is used to 

improve the spatial locations of the feature maps activations [107], [146], 

[147].  

 

As CNNs, FCNs are most commonly trained with the standard back-

propagation algorithm and SGD with momentum optimizer [106], [145]. 

 

In summary, the main advantage of FCNs is that they provide pixel-wise 

class prediction maps with the same dimensionality and resolution as the  
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Figure 1.23: Example of a Fully Convolutional Network. Dense pixel-wise segmentation can 

be achieved thanks to the additional deconvolution path (Xing, 2017). 

 

input data, which is essential for image segmentation tasks. Moreover, due to 

their pixel-wise class prediction capacity, FCNs can be trained using 

weighted loss functions that identify (and weight) the importance of each of 

the classes found in the training image data, and even provide individual 

weight masks indicating the importance of each image pixel. This allows 

handling unbalanced class distributions and focusing on specific parts of the 

images (borders, tips, etc.) during the training phase [107]. 

 

FCNs are used  for semantic image segmentation and object detection, 

achieving state-of-the-art results [106], [107], [122], [148]. The popular U-

Net CNN [106], [107], which is used in this work, follow this architecture.  

 

Figure 1.23 shows a common use case of this type of architecture, 

consisting of the task of segmenting cells in 2D. 

 

Recurrent Neural Network (RNN) 

 

Similar to conventional multilayer networks, RNNs display connections that 

feedback into the same or previous layers. This feedback provides a memory 

of past inputs, which is useful for modeling temporal problems. 

 

A popular topology for RNN is the Long Short-Term Memory (LSTM). 

The main feature of LSTMs is the use of a “memory cell”, which retains 

useful information (or values) for a predefined period of time, depending on 

its current inputs and cell state. This memory cell is composed of a cell state 

and three main operations or gates (forget, input, and output) that control the 

information entering and leaving the cell. The forget gate decides which 

specific information inside the cell state can be forgotten because it is less 

important, or it is out of context, in order to feed new useful data to the cell 

state. The input gate determines the new information that can be fed to the  
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Figure 1.24: Example of an LSTM architecture. The cell state ct keeps the long-term 

information, and the different gates are used to selectively control the flow of information 

that comes into and out the memory cell. This allows the LSTM to learn patterns in the input 

sequence (Olah, 2015). 

 

cell state (it should be valuable and non-redundant). The output gate 

determines the information that leaves the cells (prediction). All these gates 

are controlled by internal weights that are optimized using back-propagation 

through time (BPTT) [149], [150]. 

 

A schematic example of an LSTM architecture along with its memory cell 

is shown in Figure 1.24. 
 

The RNNs have been used in very different tasks such as gene expression 

analysis [151], protein classification [152], image segmentation 

(multidimensional RNN) [153], [154], image captioning [155], traffic scene 

recognition [156], handwriting recognition [157], [158], speech recognition 

[159], [160] , language translation [161], music generation [162], etc.. 
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Deep Belief Network (DBN) 

 

The DBN is a deep multilayer network where each pair of connected layers 

is a Restricted Boltzmann Machine (RBM) [163]. Therefore, the DBN can be 

seen as a stack of RBMs. The rest of its architecture and functionality is very 

similar to the other types of deep networks (input, hidden and output layers). 

DBN training is done in two steps: unsupervised pre-training and a supervised 

fine-tuning. The unsupervised pre-training aims at the RBM learning to 

probabilistically reconstruct its input (i.e., features detectors). This is done for 

each pair of layers of the network. When this process is completed, the fine-

tuning phase starts, where the output nodes are given labels that identify 

different classes. The network training is done using a Contrastive 

Divergence  (CD) algorithm [164] in non-supervised mode and standard 

back-propagation in the supervised fine-tuning [165]. 

 

 
Figure 1.25: Example of a DBN architecture. The DBN is composed of a bipartite graph 

(RBMs) stacks (Jones, 2018). 

 

One of the main advantages of RBMs is that they can be generative or 

discriminative (classification) depending on desired use [165], being 
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frequently used in natural image understanding [166], image recognition 

[167], information retrieval [168], [169], etc. A schematic example of a DBN 

architecture showing several RBM stacked is shown in Figure 1.25. 

 

Deep Stacking Network (DSN) 

 

Deep Stacking Networks, also known as Deep Convex Networks (DCN) 

display an architecture based on a deep set of individual networks, each 

having their own hidden layers. This architecture reduces the complexity of 

the training phase, since, instead of solving a single problem, it has a set of 

individual training problems to solve. Therefore, the typical DNN layers are  

now subnetworks, composed of three moduli: input layer, hidden layer, and 

output layer. These subnetworks are stacked one on top of another, having 

each of them as inputs both the prior layer outputs and the original input 

vector. This allows learning more complex patterns than when using a single 

network. DSNs also allow training individual, isolated modules, thus parallel 

training is possible. Supervised training is done via back-propagation in each 

module [170]. 

 

These networks are used in continuous speech recognition [171], 

information retrieval [172], etc. A simple example of a DSN architecture, 

with several subnetworks stacked, is shown in Figure 1.26. 

Frameworks 

There are several open source frameworks and libraries available to 

implement DL algorithms, written in mainstream programming languages 

like C++, MATLAB, Java, or Python, running on all relevant operating 

systems (Linux, Windows, and Mac OS). Most of these frameworks integrate 

NVIDIA GPU-accelerated libraries, such as NCCL or cuDNN, to speed up 

the training and test phases using GPU. They can also be run in CPU mode, 

with much higher training and testing times. In the next subsections, we 

present the most commonly used frameworks, along with their strengths and 

weaknesses 
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Figure 1.26: Example of a DSN architecture. The DSN is composed of several networks 

which act as the set of layers in a traditional DNN (Jones, 2018). 

 

MATLAB 

 

MATLAB is the most common, easiest to use framework available, thus 

being the most convenient for DL beginners. MATLAB provides toolboxes 

for different fields such as machine learning, big data, computer vision, 

simulation and statistics that can be integrated into DL applications. 

MATLAB has also a coder that generates high-performance CUDA code, 

automatically from MATLAB functions. CUDA code is a variation of the 

programming language C that codifies algorithms to be executed in NVIDIA 

GPUs, taking advantage of their parallel processing capacity. MATLAB’s 

main advantages are its ease of use and its ready-to-use DL functions that do 

not require compiling or readapting the code.  On the negative side, it requires 

a paid license, and users cannot modify the source code that imposes some 

limitations in the availability of some DL layer types. Currently, it has official 

support for CNN, FCN, RNN (LSTM) and Stacked Autoencoders (SAE) and 

has a model importer for Caffe and TensorFlow-Keras. 
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Caffe 

 

Caffe is a popular framework used mainly for image processing tasks. It is 

being developed by the Berkeley Vision and Learning Center (BVLC). It is 

written in C++, although there are Python and MATLAB wrappers available 

[173]. There is an official version, although there are also several forks of the 

main version available with specific source code modifications and layer 

updates, as the NVCaffe (tuned by Nvidia for Nvidia multi-GPU 

configurations) or the 3D U-Net fork (used for image pixel-wise 

segmentation).  Caffe has a model zoo where the user can download pre-

trained models that can be later fine-tuned to solve other different, but related 

problems. Caffe has separate implementations for different types of DNNs: 

CNN, FCN, LSTM, Regional CNN (R-CNN), thus simplifying its use. It also 

supports Open Multi-Processing (OpenMP) that allows running it in a cluster 

instead of GPUs. 

 

Caffe2 
 

Caffe2 is being developed by Facebook as a Caffe update. It uses a Python 

and C++ API, with a C++ and CUDA back-end. It has several DL models 

implemented such as CNN, LSTM, and RNN, including visualization tools 

and a model zoo. It supports multi-GPU distributed execution and integrates 

with Visual Studio, Android Studio and Xcode for mobile deployment. Caffe 

users can migrate their models to this version with official translation scripts.  

 

Tensorflow 

 

Tensorflow is the most used framework for DL. It is written in C++ with 

Python and C++ APIs, and it is based on data flow graphs. The nodes of the 

graphs are mathematical operations, and the graph edges are the 

multidimensional data arrays (or tensors) that communicate (or flow) between 

them [174]. Tensorflow allows development in mobile phones and includes 

visualizing tools such as the TensorBoard suite. It is maintained by Google 

and deploys several popular DL models such as CNN, FCN, RBM, DBN, 

LSTM, Deep Convolutional Generative Adversarial Networks (DCGAN) and 

Variational Autoencoder (VAE).  

 

 

 



Section 1.4.  Image analysis 45 

 

PyTorch 

 

PyTorch is a Python package/library based on Torch, which in turn is based 

in the Lua programming language [175] that allows using DL functions from 

the Python command line. It can be extended with popular Python packages 

such as SciPy, NumPy, Cython or Numba and be used with a C++ front-end. 

It has several DL models available such as CNN, FCN, LSTM, and VAE. 

 

Microsoft Cognitive Toolkit 

 

The Microsoft Cognitive Toolkit (CNTK) is based on a pipeline of 

computational steps via a directed graph. The leaf nodes in the graph 

represent input values or networks parameters, and the rest of the nodes 

represent matrix operations over their inputs. CNTK can be seen as 

Microsoft’s response to Google’s TensorFlow framework. CNTK is quite 

flexible, allowing distributed training, interoperation with NumPy, automatic 

shape inference, hyperparameter tuning, etc. It is written in C++, has Python 

and C++ APIs and supports several DL models such as CNN, FCN, LSTM, 

DCGAN and Deep Q Neural Networks (DQN). 

 

Keras 

 

Keras is a high-level DL API, written in Python, that allows fast prototyping 

and use of DL functions. It runs on top of several back-ends as TensorFlow, 

CNTK, or Theano. Properly speaking it is a DL interface and not just a 

framework. The goal of Keras developers is to provide users with an easy and 

fast implementation for their problems at hand. It has support for mobile 

deployment and several DNN models such as CNN, FCN, RBM, LSTM, 

DCGAN, and VAE. 

NVIDIA GPU Cloud 

NVIDIA GPU Cloud (NGC) is a platform that allows users to solve complex 

problems using DL techniques and High-Performance Computing (HPC) 

using commercial servers hosting NVIDIA GPUs, or in local Volta/Pascal 

NVIDIA GPUs. 

 

https://github.com/tensorflow/tensorflow
https://github.com/Microsoft/cntk
https://github.com/Theano/Theano
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NGC provides the user with different DL frameworks embedded under 

what they call containers. Containers package deep learning frameworks such 

as Caffe, Caffe2, TensorFlow, Theano, Torch, MXNet, Matlab, or Nvidia 

Tensor RT (optimized, trained neural networks for faster training). All these 

frameworks are tuned, tested, certified and maintained -monthly- by 

NVIDIA, so users do not have to worry about compiling or updating the 

frameworks to the latest version.  

 

NGC also offers third-party managed HPC application containers such as 

NAMD, GROMACS, RELION, and VMD, as well as NVIDIA HPC 

visualization containers such as ParaView, NVIDIA IndeX volume renderer, 

NVIDIA OptiX ray tracing, NVIDIA Holodeck, and NVEnc.  

 

All these containers can be remotely run in NVIDIA GPUs on several 

pay-per-time servers such as Amazon EC2, Google Cloud Platform, 

Microsoft Azure, Alibaba Cloud, and Oracle Cloud. Alternatively, it is also 

possible to run the containers in a local NVIDIA DGX Station or an NVIDIA 

GPU with a Volta or Pascal microarchitectures, such as the Titan X or the 

GTX 1080 Ti. This allows users to test the containers and their applications 

free of charge and scale-out if it is needed, without the laborious and time-

consuming framework building and maintenance.  

 

Currently, the requirements to use containers in a local workstation are: 

• NVIDIA Volta or Pascal GPU 

• Linux OS – Ubuntu 16.04 and above 

• Installed CUDA drivers, Docker, and NVIDIA Container Runtime 

 

Local containers are a good option for users that want to use a deep 

learning framework in an easy and fast way. Once implemented locally, it can 

later be scaled-up if necessary, to run on cloud servers. Furthermore, it is 

possible to modify the framework source code, so different branches of the 

frameworks could be used.  

Application in biomedical image analysis 

In recent years, there has been a considerable increase in the use of Deep 

Learning techniques in the field of image processing and computer vision. 

Specifically, in biomedical image analysis, DL has produced state-of-the-art 
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results in several complex problems, outperforming traditional methods. 

Without any doubt, Convolutional Neural Networks are currently the most 

commonly used framework for biomedical image analysis tasks. CNNs have 

been used with stunning success in segmentation [107], detection [176] and 

classification [177] problems. These DL approaches are being also applied to 

particle tracking tasks [113], or even to medical image registration [178], 

achieving also state-of-the-art results. 

 

As a reference, several image analysis problems -segmentation, detection, 

classification, registration, and tracking- solved using specific DL methods 

are listed next: 

 

Segmentation DNN Article 

Breast cancer region delimitation in 

histopathology images 
CNN [179] 

Cells in digital pathology and microscopy 

images 
CNN [180] 

Cells in histopathological images SAE [181] 

Cells in light and DIC microscopy images FNN [106] 

Cells in pancreatic neuroendocrine tumor 

(NET) 
CNN [182], [183] 

Cervical cytoplasm and nuclei CNN [184] 

Developing C. elegans embryos pixel-wise 

segmentation into five categories: cell 

wall, cytoplasm, nucleus, nucleus 

membrane, and outside medium 

CNN [185] 

Glioblastoma-Astrocytoma u373 cells in 

phase-contrast microscopy images and 

HeLa cells in DIC microscopy images 

FCN [186] 

Muscle perimysium in skeletal muscle 

images 
CNN [187] 

Muscle perimysium on Hematoxylin and 

Eosin (H&E) stained images 

Clockwork 

RNN (CW-

RNN) 

[188] 

Neural membrane in serial-section 

transmitted electron microscopy (ssTEM) 

images 

CNN [189] 
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Neuronal structures in serial-section 

transmitted electron microscopy (ssTEM) 

and magnetic resonance (MR) brain 

images 

CNN [190] 

Stain normalization to remove color 

variations 
SAE & CNN [191], [192] 

 

 

Detection DNN Article 

Astrocyte detection in rat brain CNN [176] 

Cell candidates in neuroendocrine tumor 

(NET) and lung cancer images 
CNN [193], [194] 

Cell counting without segmentation 

Fully 

Convolutional 

Regression 

Network 

(FCRN) 

[195] 

Cells in wide-field microscopy zebrafish 

images 
CNN [196] 

Cells with Hematoxylin and Eosin (H&E) 

staining in breast cancer, neuroendocrine 

tumor (NET) and cervix images  

CNN [197] 

Circulating tumor cells in phase-contrast 

microscopy images 
CNN [198] 

Hemorrhage in color fundus images CNN [199] 

Mitosis candidate patches in live-imaging 

microscopy images 
CNN [200] 

Mitosis in breast cancer histopathology 

images 
CNN [201]–[203] 

Mitosis in Hematoxylin and Eosin (H&E) 

stained breast cancer histology images 
CNN [204] 

Nuclear area measurement of breast cancer CNN [205] 

Nuclei in breast cancer histopathology 

images 

Stacked 

Sparse 

Autoencoder 

(SSAE) 

[206] 

Nucleus in pancreatic neuroendocrine 

tumor (NET) 
CNN [207], [208] 
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Number estimation and proportion of 

classes of microcirculatory supply units 

(MCSU) in human squamous cell 

carcinoma 

CNN [209] 

True neutrophils CNN [210] 

Classification DNN Article 

Basal-cell carcinoma cancer CNN [211] 

Brain tumor histopathology image: 

glioblastoma multiforme (GBM), low-

grade glioma (LGG) and necrosis regions 

in GBM images 

CNN [212] 

Colon cancer histopathology image CNN [213] 

Diagnostic report generation on pathology 

image 

CNN & 

LSTM 
[214], [215] 

Human Epithelial-2 (Hep-2) cell images 

into six classes: Homogeneous, 

Centromere, Coarse Speckled, Fine 

Speckled, Nucleolar, and Cytoplasmic 

CNN [177] 

Label-free cell classification CNN [216] 

Medical image clinical reports semantic 

descriptions 
CNN [217] 

Medical image synthesis GAN [218], [219] 

Nuclei in colon cancer histology images 

Spatially 

Constrained 

CNN (SC-

CNN) 

[220] 

Miscellanea DNN Article 

Multimodal retinal and cardiac magnetic 

resonance (MR) image registration 
GAN [178] 

Structural brain magnetic resonance (MR) 

3D image registration 
FCN [221] 

Cardiac magnetic resonance (MR) image 

3D registration 
FCN [222] 
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Inspiration-expiration lung computed 

tomography (CT) image registration 
FCN [223] 

Particle tracking on simulated datasets 

from the Particle Tracking Challenge 

(PTC) [224] 

LSTM [113] 
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1.5 Thesis outline 

The content of the thesis is organized in four chapters and two appendices. A 

summary of each chapter is presented below: 

 

• Chapter 1. An introduction and a brief summary of the quantification of 

cancer cell migration is presented, along with the motivation for this 

thesis. 

 

• Chapter 2. This chapter describes the main goal of the thesis and partial 

objectives required to achieve it. 

 

• Chapter 3. The first main chapter of the thesis describes the algorithms 

developed to solve the cell migration quantification problem in low 

magnification image data. We present the problem, introduce our 

proposed solution, its evaluation, and experimental results obtained, 

followed by their discussion. 

 

• Chapter 4. The second main chapter of the thesis describes all the 

algorithms developed to address the cell morphology quantification 

problem on high magnification image data. We describe the problem, the 

proposed solution, the evaluation, the experimental results and discuss 

them along with the advantages of the presented solution. 

 

• Chapter 5. The conclusions reached with this work and suggestions for 

future lines of work are presented in this last chapter. 

 

• Appendix A. This appendix list all the publications generated during the 

doctoral work, including articles published in international journals and 

international conferences. 

 

• Appendix B. This appendix details the main software frameworks used 

and modified in this work and their key parameters values. 
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Chapter 2 

2. Thesis objectives 

 

The main objective established at the beginning of this thesis was the 

development, validation, and use of image analysis tools to quantitatively 

characterize cell migration in 3D environments of different morpho-

mechanical properties. 

 

To this end, the trajectories and velocity of cells embedded in biomimetic 

hydrogels of different, controlled composition, inside microfluidic devices, 

had to be automatically quantified at low magnification. Furthermore, high-

resolution cellular migration assays, performed in standard multi-well plates 

were planned to characterize the phenotype of cell migration and to study a 

critical aspect of mesenchymal migration, which is formation and 

morphology of filopodial protrusions. Using this multi-resolution analysis, 

we aimed at understanding how cell migration in 3D is affected by the 

mechanical and biochemical properties of the substrate and by the phenotype 

expressed by the cells. By quantitatively analyzing cell migration in different 

experimental configurations, useful information about how cells behave in 

response to their microenvironment properties, cellular phenotype, 

pharmacological treatment, etc. can be obtained, which could, in turn, be 

helpful for testing novel therapeutic targets. 

 

To achieve this general goal, we set several partial, instrumental 

objectives, that are listed next: 

 

1. Perform low-resolution 3D time-lapse cancer cell migration experiments 

in microfluidic devices filled with physiologically-relevant collagen-based 

hydrogels, under different biomechanical environments, and under the 

effect of integrins-blocking drugs and metalloproteinase inhibitors. 

 

2. Develop efficient algorithms for cell tracking in 2D image data. This 

includes selecting and fine-tuning the appropriate pre-processing, 

segmentation and tracking (i.e., linking) strategies, integrate them in a 

single pipeline, and testing its performance. 
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3. Using the software developed, analyze the dynamics of 3D cancer cell 

migration in three different biomimetic hydrogels, under the effect of 

chemical stimulation and of integrin-blocking antibodies. Parameters such 

as the accumulated distance, directionality and speed are to be quantified 

to extract information about cell motility in different microenvironment 

conditions. 

 

4. Perform high-resolution 3D time-lapse cancer cell migration experiments 

in devices filled with biomimetic hydrogels of different composition under 

the effect of chemical stimulation and in the presence of absence of 

integrin-blocking antibodies. 

 

5. Qualitatively characterize the cell migration phenotype as a function of the 

effect of chemical stimulation and of integrin-blocking antibodies. 

 

6. Develop efficient algorithms to characterization cell morphology in 3D 

image data. This includes searching among the best cell segmentation 

methods available for the task, including novel machine learning 

techniques, fine-tune and integrate them into our analysis software 

pipeline. 

 

7. Develop software for the detection and tracking of filopodial protrusions 

in cells migrating with a mesenchymal phenotype. 

 

8. Analyze the three-dimensional morphology of cancer cells embedded in 

biomimetic hydrogels, through the quantification of cell protrusions. To 

this end, analyze the number, length and life time of cell protrusions over 

time. 
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Chapter 3 

3. Cell migration quantification at 

low magnification 

 

In this chapter, the problem of quantifying at low magnification 3D cancer 

cell migration within different biomechanical environments is addressed. The 

experimental protocols carried out, and the analysis tools developed to 

achieve that goal are thoroughly described, paying special attention to the 

computational methods developed for image preprocessing, cell 

segmentation and tracking. Finally, the experimental results obtained are 

presented and discussed. 

 

This chapter is an extension of Anguiano, Castilla et al. 2017 [115], of 

which the author of this thesis is also the first co-author. Therefore, some of 

the graphs and tables have been taken from that publication. 

3.1 Problem description 

As described in Chapter 2, “Thesis Objectives”, the main goal of this thesis 

is the development of robust image analysis tools to study cancer cell 

migration under different 3D biomechanical environment. The most direct 

way to do this is by quantifying and comparing cell motility features, such as 

the accumulated displacement, directionality, or migration speed within each 

of the different environments. To capture and analyze these features on a large 

enough number of cells, as required to obtain statistically significant results, 

while ensuring that the imaging protocol itself does not affect the viability or 

the motility of the cells, there are critical choices to be made, such as the  

selection of the appropriate experimental setup (cell lines, support, 

embedding scaffolds), microscopy modality, magnification, and obviously 

the cell segmentation and tracking methods. There are several options for 

each of these steps, the challenge being how to select and combine them to 

obtain meaningful results. 
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Moreover, there are specific problems linked to each of the analysis steps. 

For instance, experiments may have different cell densities, undesired device 

and hydrogel displacements, image quality fluctuations over time, etc. All 

these problems should be considered and treated as well since they affect 

negatively the quantification results biasing their possible conclusions. 

3.2 Proposed solution 

To characterize cancer cell migration and relate it to the biomechanical 

properties of the microenvironment, we have analyzed the motility of human 

lung cancer cells from a commercially available cell line. To study the effect 

of the microenvironment we have analyzed the motility patterns of cancer 

cells embedded in three different biomimetic hydrogels, inside microfluidic 

devices.  To analyze how changes in the biochemical environment of the cell 

affect migration, more specifically how altering the “communication” 

between the cells and the microenvironment affects cell migration, and also 

the role of ECM remodeling, we have studied the effect of blocking integrins 

or metalloproteinase (MMP) activity. The following subsections describe in 

detailed the methods used and the results obtained. 

3.2.1 Cell line 

The cells used in our experiments are from a human non-small cell lung 

adenocarcinoma cell line (NCI-H1299), derived from a resected lymph node 

metastasis, post radiation therapy. These cells exhibit epithelial morphology, 

as shown in Figure 3.1. The cell line was purchased from the American Type 

Culture Collection (ATCC, LGC-Promochem S.L., Barcelona, Spain). Non-

GFP transfected H1299 cells were used as controls of the effect of the 

transfection in cell migration. For all other experiments H1299, GFP 

transfected cells were used, as described in the following section. 

 

The protocols used for cell labeling, frozen, thawing, and culture 

maintenance are described next: 
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Figure 3.1: Human lung cancer cell line H1299. Examples of H1299 cell morphology in 2D 

cultures with different cell densities (ATCC, 2018). 

 

Cell transfection 

H1299 cells were permanently transfected to express the fluorescence 

protein GFP, using the plasmid pEGFP-C1 (Mountain View, California, 

USA) and the reactive FuGENE (Roche, Barcelona, Spain) at a 3:1 ratio, 

following manufacturer instructions. To select GFP positive cells, after 

transfection, cells were cultured with G418 antibiotic (Sigma Aldrich, 

Steinheim, Germany) at a 1 mg/ml concentration. The cells resistant to the 

antibiotic were expanded and kept frozen in liquid nitrogen for future use. 

Freezing 

To freeze the cells, they were added to a mix of 90% FBS and 10% dimethyl 

sulfoxide (DMSO, Sigma Aldrich, Steinheim, Germany) and inserted into 
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cryovials (1 ml of mix per vial). The cryovials were placed at -80º C freezer 

overnight, and then stored at -196º C in liquid nitrogen tanks. 

Thawing 

To thaw frozen cells, cell-containing cryovials were kept in a 37º C water 

bath until thawed. Then, the content was transferred to 75 cm2 culture flasks 

(BD Biosciences, San Jose, USA) with 15 ml of prewarmed medium. Once 

the cells attached to the bottom of the flasks, the medium with DMSO was 

changed with 15ml of fresh prewarmed medium. 

Cell culture maintenance 

Cells were grown in RPMI 1640 culture medium (Lonza, Barcelona, Spain) 

supplemented with a 10% of fetal bovine serum (FBS, FetalClone III, Thermo 

Fisher Scientific, Madrid, Spain), and a 1% of penicillin and streptomycin 

antibiotic (100 units/ml, Lonza, Barcelona, Spain). Cells were maintained 

with 5 ml of this medium in 25 cm2 culture flasks (BD Biosciences, San Jose, 

USA). The flasks were kept at 37° C in a humidified incubator Forma 371 

Steri Cycle CO2 (Thermo Electron Corporation, Ohio, USA) with 95% 

relative humidity and 5% CO2. 

 

When 90% cell confluence was reached in the flasks, the medium was 

removed, and cells were washed with DPBS (Lonza, Barcelona, Spain) to 

remove all traces of serum. To detach cells from the flask bottom, 1 ml of 

trypsin-EDTA (l×) (GIBCO, Barcelona, Spain) was added, and cells were left 

for 5 min in the incubator. Once the cells were detached, the same volume of 

medium (1 ml) was added to the cells to neutralize trypsin, and then the cells 

were centrifuged at 1200 r.p.m. for 5 min. Then, the supernatant was 

removed, and 1 ml of medium was added in order to seed the cells in new 25 

cm2 culture flasks. The concentration required in the new flasks depended on 

the experiment, although it was usually of ~400000 cells/ml requiring ~3 days 

to reach the 90% of confluence again. The cell concentrations were measured 

using a Neubauer hemocytometer (Brand, Wertheim, Germany). 
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3.2.2 Hydrogels composition and preparation 

The hydrogels used in our experiments were composed of rat tail type I 

collagen (hereinafter referred to simply as collagen for sake of simplifying 

the reading) (BD Biosciences, San Jose, USA) and Matrigel® (BD 

Biosciences, San Jose, USA), a protein mixture obtained from the ECM of a 

transplantable rat chondrosarcoma. Specifically, we used collagen only 

hydrogels to mimic normal connective tissue, and hydrogels with a mixed 

composition of collagen and Matrigel to simulate the disorganized basement 

membrane at the leading edge of cancer invasion. The collagen used in the 

hydrogels was diluted to a concentration of 2 mg/ml using deionized water, 

10× phosphate buffered saline (PBS) and 0.5 M sodium hydroxide (NaOH) 

solution. 

 

We prepared three types of hydrogels named C, CM, and CM+. The 

naming used reflected the increasing Matrigel to collagen concentration ratio: 

• C  2 mg/ml collagen, no Matrigel 

• CM  2 mg/ml collagen, 2 mg/ml Matrigel 

• CM+  2 mg/ml collagen, 4 mg/ml Matrigel 

 

The composition and preparation protocols of the different hydrogels are 

described in the next subsections.  

Hydrogel type C 

First, a mixture of PBS 10×, NaOH, and sterile deionized water was prepared, 

and then collagen was added until achieving a final 2m/ml collagen 

concentration. This solution was mixed using a micropipette, and its pH was 

confirmed to have a value of 7 using a pH test strip. Then, the hydrogel was 

placed in an incubator for 45 minutes at 37º C, to allow hydrogel 

polymerization. Once polymerized, the hydrogels were gently hydrated with 

medium. 

Hydrogel type CM and CM+ 

These hydrogels were based in the hydrogel type C, differing in the 

concentration of Matrigel. The procedure used to reach the desired collagen 
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and Matrigel concentrations was the same used in the hydrogel type C. 

Namely, a mixture of PBS 10×, NaOH, and sterile deionized water was 

prepared, and then collagen and Matrigel were added to achieve the final 

desired concentrations: 2mg/ml collagen, 2ml/ml Matrigel (CM); 2mg/ml 

collagen, 4mg/ml Matrigel (CM+). As in hydrogels type C, the pH of both 

CM and CM+ hydrogels was kept at 7. Hydrogels were placed 45 min at 37º 

C in the incubator to allow polymerization. They were also gently hydrated 

with medium after polymerization. Note that, collagen and Matrigel were 

kept in ice through the preparation process of all three hydrogel types. 

 

To characterize the morphology of the hydrogels, as described in section 

3.2.2.4, the collagen used to fabricate C, CM or CM+ was pre-labeled with 5-

(and-6)-Carboxytetramethylrhodamine, Succinimidyl Ester (5(6)-TAMRA, 

SE) (Life Technologies, Invitrogen, Barcelona, Spain) following the method 

described by [225]. 

Mechanical characterization of the gels 

Hydrogels were characterized by rheological assays using a stress-controlled 

35 mm diameter rotational rheometer of plate-cone geometry HAAKE 

Rheostress 1 (Thermo Fisher Scientific), following the protocol described by 

Valero et al. 2018 [226]. Briefly, 300 μl of hydrogel prepolymer was allowed 

to polymerize on the lower plate of the rheometer and stabilize at 37ºC for 

several hours while applying cyclic strain of amplitude 0.5% and frequency 

0.1 Hz while instantly recording the shear modulus of the sample. After 

hydrogel stabilization, a torque of 5 μNm (at a frequency γ = 0.1 Hz was 

applied to the sample and stepped up until hydrogel failure. The storage G’ 

and loss moduli G” of the hydrogels were measured over time. All 

measurements were done in triplicate and averaged per hydrogel type. 

Quantitative morphological characterization 

The structure of the hydrogels was analyzed at fiber level in confocal 

fluorescence microscopy (CFM) images of the TAMRA-labeled hydrogels, 

using an in-house developed software. 
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Figure 3.2: TAMRA. Representative confocal fluorescence images from C, CM, and CM+ 

hydrogels fabricated with TAMRA-labeled collagen. Scale bar = 10 μm. 
 

Images of TAMRA-labeled hydrogels were acquired with the 561 nm 

laser of a Zeiss LSM 800 confocal microscope (Carl Zeiss, Jena, Germany) 

using a GaAsP PMT detector. 1024x1024x50 voxel image stacks were 

acquired using an oil-immersion Plan-Apochromatic 63x (1.4 NA) objective 

lens, for a final resolution of 0.099x0.099x0.42 μm3/voxel. Figure 3.2 shows 

samples images of all three hydrogel types. 

 

The algorithm used to reconstruct and quantify individual collagen fibers 

is based on three steps [227]. First, a steerable filter [80] was employed to 

reduce unwanted noise and enhance fiber-like structures. Next, the output of 

the filter was binarized using local Otsu's thresholding to obtain a coarse mask 

of the whole collagen network. Finally, the individual fibers were extracted 

from the mask by tracing maximum ridges in its Euclidean distance map using 

the FIRE algorithm [228] that approximates each fiber using a chain of its 

medial axis points. Fiber length was computed by aggregating Euclidean 

distances between successive pairs of fiber points. Fiber persistence was 

calculated by finding their best least squares fitting exponential [228], and the 

pore area by computing the covering radius transform over a medial axis of 

the hydrogel liquid component [229]. 
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3.2.3 Microfluidic devices 

The design of the microfluidic devices used in the migration experiments was 

based on a concept previously published by Shin et al. [230]. The device 

consists of a central channel (1.44 mm long, 0.68 mm wide) that holds the 

cell containing hydrogel and two lateral channels (1 mm wide) from which 

cell culture medium or growth factors can be perfused to the hydrogel. The 

central channel is flanked by a sequence of pairs of square posts (100 µm 

side), thus allowing the confinement of the hydrogel inside the main channel 

(Figure 3.3).  

 

 
Figure 3.3: Microfluidic device. The design of the device is shown in (a). The microfluidic 

device is fabricated of polydimethylsiloxane (b) having a central chamber for containing the 

hydrogel and cells, and two side channels (c). 
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Figure 3.4: Microfluidic device designs. Device scheme of the original device version (a) and 

an updated version (b). 

 

The devices were fabricated using a mixture of base and curing agents 

(10:1) of polydimethylsiloxane (PMDS, Sylgard 184, Dow Corning), a 

biocompatible polymer that has good optical properties and gas permeability. 

The microfluidic device was fabricated by means of a replica-molding 

process, having a master mold made of silicon wafer with several replicas of 

the basic design. These replicas were imprinted in the wafer by UV-

photolithography techniques using a negative photoresist polymer (SU8-100, 

MicroChem Co.). Once the master mold was made, PDMS was poured on it, 

cured 48 hours at room temperature and then detached carefully. The PDMS 

devices were cut-shaped into 40 mm diameter, 7.5 mm height cylinders and 

bonded to a 35 mm coverslip-slide with by oxygen plasma treatment (1 

minute) at 100W using a Zepto Plasma System (Femto, Diener Electronic, 

GmbH). 
 

A modification of the original microfluidic device, displaying a larger 

central channel and trapezoidal posts was also fabricated, inspired by the 

work of Farahat et al. [231]. This version was used for the validation of image 

preprocessing methods. Examples of both designs are in shown in Figure 3.4. 
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Figure 3.5: Zeiss CellObserver SD spinning disk confocal microscope.  

3.2.4 Microscopy imaging 

The microscope used to image the migration devices was the Zeiss 

CellObserver SD spinning disk confocal microscope (Carl Zeiss, Jena, 

Germany) equipped with a dry Plan-Apochromatic 5× (0.12 NA) objective 

lens, an AxioCam MRm monochrome digital camera, an HXP-120V short-

arc fluorescence mercury lamp, and a 38 HE GFP filter set (excitation=470/40 

nm, beam splitter=495 nm, and emission=525/50 nm). This microscope 

includes also a CSU-X1 spinning disk technology from Yokogawa, three 

lasers lines of 488, 568 y 647 nm for confocal fluorescence imaging, and 

motorized and programmable XYZ stage, including stage-top incubation with 

temperature and CO2 control (Figure 3.5). In this low-resolution migration 

studies, the system was used only in widefield mode. 

 

Time-lapse videos of H12299 GFP transfected cells migrating in the 

microdevices were acquired both in widefield fluorescence and PhC, except 

for control experiments using non-GFP H1299 cells, that were imaged only 
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in PhC mode. The resulting videos were composed of 49 frames (one frame 

taken every 15 minutes during 12 hours) and each of their image frames had 

a size of 1388×1040 pixels, corresponding to an area of 1.8×1.3 mm2 with a 

pixel size of 1.29 µm. Images were exported with the microscope proprietary 

software Zen 2012 (Carl Zeiss, Jena, Germany) to tiff format with a pixel 

depth of 32 bits (RGB) and a resolution of 96 dpi. An example of images of 

the microdevices, acquired under both modalities, is shown in Figure 3.6. 

 

 
Figure 3.6: PhC and fluoresce image samples. Microfluidic devices containing GFP-labeled 

H1299 cells were recorded in two channels: PhC (a) and fluorescence (b). 

 

3.2.5 Experimental setup 

Migrating H1299 cells were imaged while fully embedded in the three 

described 3D hydrogels, loaded in the central chamber of the PDMS 

microfluidics devices, under several experimental conditions -with and 

without serum and with and without integrin and MMP blocking treatments-

, following this protocol: 

 

In the experiments using integrin-blocking antibodies, cells were pre-

treated with anti-integrin antibodies -anti-β1 purchased from Abcam (AB718, 

Cambridge, UK) and anti-β3 from Millipore (MAB2023Z, Billerica, USA)- 

at a concentration of 10 µg/ml and incubated for two hours at 37º C and 5% 

CO2.  

 

In MMP-blocking experiments, cells were pre-incubated with GM6001 

metalloproteinase inhibitor (EMD Millipore) at a concentration of 25 µM for 
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2 hours in serum-free cell culture medium before embedding the cells in the 

hydrogels. 

 

Before being used, the PDMS microfluidic devices were coated using 

Poly-D-lysine (PDL) and sterilized with UV light for 20 minutes. Then 

H1299 cells (control or GFP transfected with or without integrin or MMP 

blocking treatment) were mixed with one of the hydrogels (C, CM or CM+) 

at a concentration of 1000 cells/µl. 15 µl of the hydrogel-cell mix was gently 

pushed into the central chamber through one of its inlets until it was filled. 

Next, the device was placed into a Petri-Dish with water and incubated for 30 

minutes at 37º C and 5% CO2. Once the hydrogel polymerized either serum-

free medium (controls) or 20% FBS medium was gently inserted in both 

lateral channels. In MMP blocking experiments, 20% FBS medium was 

mixed with GM6001 25 µM to maintain MMP blockade during image 

acquisition. 

 

The microfluidic devices were placed in the incubation chamber of the 

microscope for time-lapse image acquisition. Specifically, 2D time-lapse 

videos of migrating cells were taken every 15 minutes for 12 hours resulting 

in 49-frame videos. PhC and fluorescence images were acquired sequentially 

at each time point with a 5× magnification objective lens. Even though the 

recorded cells were fully embedded in the 3D hydrogels, only 2D lateral 

motility was analyzed, since it at low magnification it was considered to be a 

good proxy of their real 3D motility, at least sufficient to find migration 

differences between hydrogels. 

3.2.6 Cell segmentation 

Cell migration videos were analyzed using a tracking by detection approach. 

Therefore, the cells were first segmented in all frames, and then their spatial 

positions (centroids) tracked over time. H1299-GFP cells were segmented in 

the fluorescence images while non-GFP H1299 cells were segmented in the 

PhC images. PhC images were also used to correct both microdevice and 

hydrogel movements, whenever required (see section 3.2.8) 
 

In the next subsections, the cell segmentation methods for both 

fluorescence and PhC images are described. 
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Fluorescence image data 

H1299-GFP cells were segmented using a deformable model fitting approach. 

Before segmentation, the image frames were contrast-enhanced using the 

Contrast-Limited Adaptive Histogram Equalization (CLAHE) technique 

[83]. The clipping limit used was very low (0.005), since fluorescence images 

usually display stable contrast. The number of tiles used by the algorithm was 

experimentally fixed, based on the image dimensions. Namely, the images 

were divided into 14 tiles (2 rows and 7 columns). 

 

Cell segmentation was then performed on the CLAHE preprocessed 

image frames by optimizing the Chan–Vese model using graph cuts (GC) 

[104]. Namely, given an input scalar image 𝑢  ∶  Ω →  ℝ  defined over a d–

dimensional image domain Ω ⊂  ℝ𝑑, the model aims at partitioning the image 

domain into two disconnected regions Ω1 (foreground) and Ω2 (background) 

of minimum intra-region variance, separated by a closed contour 𝐶(Ω =
 Ω1  ∪  Ω2 ∪  𝐶), by minimizing 

 

𝐸𝐶𝑉(𝐶, 𝑐1, 𝑐2) =  𝜇|C| +  𝛾1 ∫ 𝑢(𝑥) − 𝑐1)2𝑑𝑥
Ω1

+ 𝛾2 ∫ 𝑢(𝑥) − 𝑐2)2𝑑𝑥
Ω2

 

(5) 

 

where |•| stands for the contour length, 𝜇, 𝛾1 and 𝛾2 are the curvature, 

foreground and background weights respectively. 𝑐1 and 𝑐2 are the calculated 

average intensity levels inside Ω1 and Ω2.  
 

The curvature weight 𝜇 was set manually to 0.237 and both  𝛾1 and 𝛾2 

were set to 1. In Figure 3.7, a sample of an original fluorescence image, its 

contrast enhanced version (CLAHE), and its final cell segmentation masks 

(GC) are shown. 
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Figure 3.7: Cell segmentation process in fluorescence images. A light contrast enhancement 

(CLAHE) is applied to the original fluorescence image (raw image), and then the final cell 

segmentation masks are obtained by the minimization of the Chan-Vese model via graph cuts 

(GC).  

PhC image data 

Segmentation of non-GFP H1299 cells in PhC images was performed using 

the U-Net convolutional neural network [106], [107]. This CNN is a fully 

convolutional network (FCN) since it has a deconvolution path that returns 

pixel-wise results. 

 

A batch-normalized version of the 3D U-Net [107], originally designed 

for 3D image data, was used for our 2D images. This version has also a data 

augmentation layer that allows increasing the CNN training by performing 

translations, rotations and elastic deformations to the original data. This 

allows to successfully train the CNN with a small-sized image dataset size as 

ours. The network architecture, based in the original U-Net (2D), is shown in 

Figure 3.8. Namely, the convolution path was composed of five layers with 

32-64, 64-128, 128-256, 256-512, and 512-1024 feature maps in the 

convolution path and four layers with 1024-512-512, 512-256-256, 256-128-

128, and 128-64-64 feature maps in the up-convolution path. The data 

augmentation layer was fitted to our data, by inserting a batch size of one and 

an analysis window 764×764 pixels wide while increasing both the random 

elastic grid spacing and deformation magnitude to 60 and 30 pixels 

respectively in both X and Y axis. The random offsets were fixed to fit the 

size of our image data, and a complete set of rotations [-179, 180] was used 

to be able to segment cells in any position and orientation. The output number 

of the convolution layer ‘conv_u0d-score’ was also set to 3 instead of 2, since 

the CNN was trained to detect three different classes (background, cell, and 
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cell cluster). Note that the cell cluster class was not used in this work (this 

class was considered as cell class too), although it was validated in order to 

check its future potential use in cell segmentation tasks. 

 

CNN training. The training data was based on upsampled versions of PhC 

images along with their corresponding Ground Truth (GT) masks. The 

training set was composed of a total of 27 PhC randomly selected image 

patches (251x201 pixels wide) containing cells embedded in the three 

different hydrogels types (C, CM, and CM+). The random patches were first 

confirmed to contain cells. Only one patch per image was selected to ensure 

enough variability in imaging conditions within the training set. An example 

of the image patches used is shown in Figure 3.9. 

 

 
Figure 3.8: 2D U-Net architecture. Note that in 2D, U-Net has four downsampled 

resolutions/abstraction levels, and, therefore, a big abstraction capacity. 
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Figure 3.9: Training image patch. Full-size image frame (a) and a random selected cell-

containing image patch (b). 

 

The GT annotations of the training image patches were done by three 

experts, who highlighted all objects as being “cell” or “cell cluster”. In order 

to have one final consensus annotation, the three annotations were merged 

using a majority voting approach. 

 

The PhC image patches and their GT masks were up-sampled by a factor 

of two by using cubic spline interpolation and nearest neighbor interpolation 

respectively having a final image size of 502×402 pixels. An example of the 

training data pairs is shown in Figure 3.10. 

 

Since the GT classes (background, cell, and cell cluster) were unbalanced, 

a higher training weight of 4 was given to both the isolated cell and cell cluster 

areas (i.e. the cell/cell cluster pixels and its 1-pixel neighborhood), and a 

weight of 1 was assigned to the background areas. This was done to avoid 

undersegmenting the cells. These weight values were obtained after a manual 

half-interval search within the [1, 15] interval, by visually inspecting the 

outputs of the CNN after 2000 iterations. The training of the CNN was 

completed after 50000 iterations, using a base learning rate of 0.0001, 

momentum of 0.99, decaying step size of 10000 and decaying rate of 0.1.  

 

CNN classification phase. In the test or classification phase, the CNN is 

presented with an upsampled PhC image, and the output produced consisted 

of three probability maps: one for each class (background, isolated cells, and 

cell clusters). To improve the results, four probability maps were averaged 

(separately for each class) corresponding to the output obtained for the 

original image and three transformed versions of it: a mirrored version 
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relative to both XY axes, a translated version in the two directions XY and a 

mirrored and translated version relative to both XY axes (Figure 3.11).  

 

To obtain the final pixels values (0 for background, 1 for isolated cells 

and 2 for cell clusters) the softmax transfer function was applied to the 

probability maps. This function assigns the final probabilities to each class, 

ensuring that their sum is equal to 1. Since the input of the CNN was 

upsampled by two, downsampling by a factor of two was applied to obtain 

the segmentation masks. Finally, in order to refine the cell borders, a 

morphological closing operator with a disk structuring element of five pixels 

in radius was applied to the segmentation masks. If one segmented object, 

had the two classes -cell and cell cluster- assigned, the entire object was 

reassigned to the dominant class (the class with the highest number of pixels), 

or to the cell class, if both classes had the same number of pixels. As stated 

above, the cell cluster class (2) was merged into the isolated cell class (1), 

thus being the result of the CNN a cell binary mask. Using this CNN, cells in 

PhC images can be detected, as shown in Figure 3.12. 

 

 
Figure 3.10: CNN training image pairs. Both PhC (a) and GT annotations (b) are used in the 

CNN training process. In the segmentation mask (b), background class is represented by the 

value 0 (black), isolated cells by 1 (grey) and cell clusters by 2 (white). 
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Figure 3.11: PhC transformed images. The original PhC image (a) is mirrored in X&Y axes 

(b), symmetric translated in X&Y axes (c), and mirrored and symmetric translated in X&Y 

axes (d). Note that (c) and (d) have been rescaled for visualization purposes, having a real 

size of 884×784 pixels. 
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Figure 3.12: Cell segmentation CNN result. The CNN takes as input the original PhC test 

image (a) and returns the cell (and cell cluster) segmentation mask (b). The final 

segmentation mask (b) is based on the background (left), isolated cell (center), and cell 

cluster (right) probability maps (c). 

3.2.7 Cell tracking 

Once the cells have been segmented in all frames, cell centroids are 

calculated, and cell tracking is performed using the CellTracker software 

[232]. This software relates points (cell centroids) between successive frames 

using a constrained nearest-neighbor approach. Namely, a cell centroid p at 

time t is associated with a cell centroid q at time t+1 by minimizing a distance 

measure D. Let 𝑝𝑖 = (𝑥𝑖, 𝑦𝑖) and 𝑞𝑗 = (𝑥𝑗 , 𝑦𝑗)  be the coordinates of a pair of 

centroid points (p, q), Then, the distance D between p and q is: 

 

𝐷𝑝,𝑞 = ‖𝑝𝑖 − 𝑞𝑗‖                   (6) 

 

being the norm ‖ ‖, the Euclidean distance between two points. 

For each cell centroid qk(t+1) we look for a cell centroid pm(t) with the 

smallest distance: 
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𝐷(𝑝𝑀, 𝑞𝐾)  =  min
𝑚,𝑘

𝐷(𝑝𝑚, 𝑞𝑘)             (7) 

 

that satisfies: 

 

𝐷(𝑝𝑚, 𝑞𝑘) <  𝜀                      (8) 

 

removing the pair from further comparison. Note that 𝜀 is the gating distance 

(maximum search distance) and that if no such pm is found, qk is considered 

to be a newly formed cell track at time t+1. This step is repeated until all pairs 

are found, and then iteratively for each time point to form all the cell tracks. 

 

The algorithm allows specifying the number of frames a track can be lost 

and then reconnected, and the minimum length necessary to be considered as 

a valid track. In our experiments, a maximum allowed cell displacement 𝜀 

between frames of 38 pixels and a minimum track length of 12 time points 

were used. The memory for lost tracks was not used (0 time points). 

 

Given the cell centroids detected in all frames of an experiment, the 

tracking software returns individual tracks that fulfill the previously imposed 

constraints. From the tracks, we calculated the mean accumulated distance 

(MAD), the average speed of the cells, and the polarity of the cell tracks, 

using the scripts provided by Wu et al. [233]. MAD provides information 

about how motile the cells are, and it is defined by the sum of the mean 

displacement d of the cells between consecutive frames over all frames, 

 

𝑀𝐴𝐷 =
1

𝑁
∑ ∑ 𝑑(𝑥𝑛(𝑡),  𝑥𝑛(𝑡 − 1))

𝑁

𝑛=1

𝑇

𝑡=2

 

(9) 

 

where N is the number of cells, T is the total number of frames and 𝑥𝑛(𝑡) is 

the position of the cell in a given frame t. 

 

The average speed per time point provides information about temporal 

changes in cell migration. The polarity indicates the degree of anisotropy of 

the cells’ velocities, by measuring the average magnitude of cell speed at 

different orientations. To this end, the cell velocities are re-aligned along the 

primary migration direction of each track, identified using a singular value 
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decomposition (SVD) analysis of the velocities of each cell. If the cell 

movement is isotropic, as in a true random walk or a persistent random walk, 

the average magnitude of cell speed is equal in all directions. If the migration 

is anisotropic, the average magnitude along the primary cell migration 

direction is substantially higher than along other directions [234]. All these 

statistics complete the tracking process, as shown in Figure 3.13. 

 

Note that only the central region of the microdevices was analyzed. 

Therefore, before tracking, both the PhC and fluorescence images were 

masked using a fixed size region of interest (ROI). This ROI was 

automatically placed in the center of the microdevice by detecting the first 

left micropost (which did not touch any border) with a CNN and then 

adjusting the ROI according to the lower left point found in the micropost. 

The micropost detection CNN-based algorithm is described in the following 

section. The user was asked to confirm the final ROI position, being able to 

fine-tune its position, as shown in Figure 3.14.  

 

An example of the final tracks of an experiment overlayed on the PhC 

image is shown in Figure 3.15. 

 

 
Figure 3.13: Tracking process. First, cell segmentation is done (left), second, the cell 

centroids are linked over time creating cell tracks (center), and finally, cell motility statistics 

are obtained (right). Polar plot (right) represents the cell tracks polarity. 
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Figure 3.14: Cell tracking ROI. The user is always asked to confirm the final analysis ROI 

position previously to perform the cell centroids linking. 

 

 
Figure 3.15: Example of final cell tracks. Each color represents the different tracks obtained. 

Note that they are overlayed in the last PhC frame of the video. 
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3.2.8 Correction of imaging problems 

There are two main problems to be corrected for before applying the 

sequence of segmentation and tracking described in the previous paragraphs. 

On one hand, the microdevice may slowly drift during the experiments, due 

to problems with the attachment of the microdevice to the microscope stage. 

On the other hand, due to their low rigidity, the hydrogels may show local, 

nonlinear movements, due to convection forces caused by pressure changes 

within the device. These two artifacts must be corrected. Otherwise, these 

artefactual shifts might be artificially added to the movement of the cells. In 

the following subsections, the protocols used to correct each artificial 

movement using CNN based segmentation and image registration are 

described.  

Correction of microfluidic device drifting movement 

To correct the drifting of the microdevice (Figure 3.16), we make use of static 

structures visible in the PhC images. Namely, we use the microdevice 

microposts, which should not move during the duration of the experiments, 

as reference areas to correct the device drifting. To this end, we first segment 

the posts in the PhC images and compute a rigid registration to align the 

segmented posts in all the frames of the video. This transformation is later 

applied to the cell tracks to eliminate this artefactual movement from the cell 

tracks. The procedure is described in detail in the following paragraphs:  

 

Micropost segmentation. Microposts are segmented using the same batch-

normalized version of the 3D U-Net CNN [106], [107] used for cell 

segmentation in PhC images. The convolution path was composed of five 

layers with 32-64, 64-128, 128-256, 256-512, and 512-1024 feature maps in 

the convolution path and four layers with 1024-512-512, 512-256-256, 256-

128-128, and 128-64-64 feature maps in the up-convolution path. The data 

augmentation layer was fitted to our data, inserting a batch size of one and an 

analysis window size of 764×764 pixels, and increasing both the random 

elastic grid spacing and deformation magnitude to 100 and 30 pixels 

respectively in both XY axis. The random offsets were fixed to fit the size of 

our image data, and a complete set of rotations [-179, 180] were used to allow 

the detection of microposts with any possible rotation angle. 
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Figure 3.16: Example of device movement. The first frame is shown in green, and last frame 

(t = 49) is overlayed in red. 

 

The training data consisted of downsampled versions of PhC image 

frames and their corresponding Ground Truth (GT) masks. Namely, the 

training set was composed of a total of 27 PhC images, 9 of the original 

microdevice version, and 18 of the updated version of the microfluidic device. 

The images used for training were selected manually, trying to expose the 

CNN to as much image variability as possible: dark and light PhC images, 

presence shadows, with dirt near the microposts, etc.-. Sample images of the 

two microfluidic devices used in the training set are shown in Figure 3.17. 

 

The GT annotations of the training images were done by three experts. In 

order to have just one final consensus annotation, the three annotations were 

merged using a majority voting approach. 

 

The PhC images and their GT masks were down-sampled by a factor of 

two using cubic spline, and nearest neighbor interpolation respectively, 

having both a final size of 694×520 pixels. An example of the training data 

pairs is shown in Figure 3.18. 
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Figure 3.17: Microfluidic device versions. Microfluidic device used in this work (a) and the 

new version (b). 

 

Since the GT classes (background and microposts) were spatially 

unbalanced, a higher weight of 5 was given to the microposts and a weight of 

1 was given to the background. This prevents undersegmentation of the 

microposts. These weight values were obtained after a manual half-interval 

search within the interval [1, 15], by visually inspecting the output of the 

CNN after 2000 training iterations. The training of the CNN was called 

complete after 50000 iterations, using a base learning rate of 0.0001, a 

momentum of 0.99, a decaying step size of 10000 and a decaying rate of 0.1.  

 

During the test phase, given a downsampled PhC image, the CNN creates 

two probability maps: one for the background and one for the microposts. 

Similar to what was explained for the cell segmentation CNN, four 

probability maps were averaged (separately for each class) corresponding to 

the original image and three transformed versions: a mirrored version relative 

to both XY axes, a translated version in the two directions XY and a mirrored 

and translated version relative to both XY axes (Figure 3.19). In order to 

obtain the final pixel values (0 for background and 1 for micropost), the 

softmax transfer function was applied to the probability maps. This function 

assigns the final probabilities for each class, ensuring that the sum of all of 

them is equal to 1. Since the input of the CNN was downsampled by two, 

upsampling by a factor of two was done to produce the final segmentation 

mask. Finally, in order to refine the micropost borders and remove small 

spurious objects (noise), a morphological opening followed by a 

morphological closing were applied to the microspost segmentation masks, 

both featuring a disk structuring element of ten pixels in radius. 
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Figure 3.18: CNN training image pairs. Both PhC (a) and GT annotations (b) are used in the 

CNN training process. 

 

An example of the segmentation of the microposts is shown in Figure 

3.20. 

 
Rigid registration. Once all the frames in the time-lapse video have been 
segmented, a rigid transformation based on similarity (translation, rotation, 
and isotropic scaling allowed) with respect to a user-defined reference frame 
(fixed image) was calculated from all PhC frames, and then applied to both 
PhC and fluorescence frames. Let Ii the reference image (fixed) and Ij be the 
images to be registered (moving) with i = 1 and j > 1 and n the number of 
frames in the sequence. The desired deformation function: 
 

𝑔𝑖𝑗(𝑥): ℝ2 → ℝ2     (10) 
 
maps coordinates of Ii into coordinates of Ij. In our case, only pairwise 
transformations (𝑔12, 𝑔13, … , 𝑔1𝑛) were computed through the sequence. 

 

The registration is calculated only on the areas occupied by microposts. 

To this end, the micropost segmentation masks obtained in the previous step 

are provided along with the grayscale PhC images to the registration 

algorithm. This way, areas occupied by the cells embedded in the hydrogel, 

that change non-linearly due to the movement of the cells, are excluded from 

the registration process, thus ensuring faster convergence. To provide some 

context to the registration algorithm, a morphological dilation with a disk-

shaped structuring element of 10 pixels in radius was applied to the binary 

segmentation masks. The registration process of all frame with respect to the 

reference frame is schematically shown in Figure 3.21 

 



Section 3.2.  Proposed solution 81 

 

In some videos, the PhC images blur over time, which changes the 

appearance of micro post borders, thus complicating the registration 

convergence. In those cases, it is possible to specify that the registration of 

the moving image (in time point t > 1) take as the fixed image the previous 

frame (t-1), as shown in Figure 3.22. In this case, the transformation of (10) 

is made between consecutive frames (𝑔12, 𝑔23, … , 𝑔(𝑛−1)𝑛). 

 

For the microfluidic device movement correction, we use the Similarity 

transformation implemented in Elastix, with the parameters listed in 

Appendix B. 

  

 
Figure 3.19: PhC transformed images. The original PhC image (a) is mirrored in X&Y axes 

(b), symmetric translated in X&Y axes (c), and mirrored and symmetric translated in X&Y 

axes (d). Note that (c) and (d) have been rescaled for visualization purposes, having a real 

size of 1076×902 pixels. 
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Figure 3.20: Micropost detector CNN result. The CNN takes as input the original PhC test 

image (a) and returns the micropost segmentation mask (b). The final segmentation mask 

(b) is based on the background (left) and micropost (right) probability maps (c). 
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Figure 3.21: Rigid registration with an initial reference frame. First registration T1 is done 

between a well-positioned image (a) and the first frame of the sequence (b). If the user 

decides to manually improve the first registration result, this newer version will be taken as 

the fixed image or reference (c). Otherwise, initial reference frame (a) will continue to be the 

fixed image for the rest of the frames with time point t >= 2. The V inside the circle indicates 

the user selection (OR operator). 

 

 
Figure 3.22: Rigid registration with the previous frame as the reference. First registration T1 

is done between a well-positioned image (a) and the first frame of the sequence (b). The user 

can manually improve the first registration result if desired. The untouched first registration 

result or the user manually improved version will be taken as the fixed image or reference 

(c) for the frame with time point t = 2. The result of this registration T2 will be used as the 

fixed image for the frame with time point t = 3, and so on up to the final frame. 
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Figure 3.23: Example of hydrogel movement. The first frame is shown in green, and last 

frame (t = 49) is overlayed in red. 

Correction of hydrogel movement 

To correct for the local movement of the hydrogel (Figure 3.23), all PhC 

frames were non-rigidly registered. For each frame t, its previous frame t-1 

was used as the reference or fixed image (Figure 3.24). Therefore, the 

transformation (10), in this case, is made between consecutive frames 

(𝑔12, 𝑔23, … , 𝑔(𝑛−1)𝑛) being n, the number of frames in the sequence. 

 

The non-rigid registration must exclude areas that do not contain cells 

since cell movements might interfere with the elastic registration of the 

hydrogel areas. To this end, the areas occupied by cells, defined by the masks 

obtained with the cell segmentation CNN described section 3.2.6, were 

masked out from all the frames before being fed to the registration algorithm  
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Figure 3.24: Non-rigid register for hydrogel movement correction. First elastic registration 

T1 is done between the first frame of the sequence (t = 1) and the second (t = 2), T2 between 

the second (t = 2) and the third one (t = 3), and so on. All frames have the cell areas masked 

in order to register only the hydrogel movement. 

 

To have a safe margin, these segmentation masks were morphologically 

dilated, with a disk structuring element of six pixels in radius. 

 

As in the device position correction, the image registration software 

Elastix was used. In this case, we used the BSpline transformation with the 

parameters listed in Appendix B. 

 

The calculated transformation maps are applied retrospectively to the cell 

tracks, by applying the inverse registration to the location of the cells. To 

smooth out the displacement map before applying it to the cells, the 

displacement map is averaged using an average filter of m×n size, and this 

averaged map is weighted also in each X (wX) and Y (wY) axis to weight the  

magnitude of the correction. These four parameters m, n, wX, wY were 

optimized for each experiment using a genetic algorithm (GA). A GA is a 

parameter optimization technique that evolves individuals (set of parameters) 

to reach the global minima of a cost function. This evolution is driven by 

mutations and crossovers applied to the individuals over several generations. 

In this case, the cost function used was the Euclidian distance between 

positions of stationary points in the first video frame (t = 1) and the last one 

(t = 49). This Euclidean distance was the error in the hydrogel movement 

correction. The main GA parameters used are listed in Appendix B. 

 

Since the centroids are located in masked out areas, once the displacement 

map has been smoothed out, the inverse registration was applied to eight 

points surrounding each cell centroid: four points located at 8 pixels distance, 

at 45, 135, 225, and 315 degrees respect the horizontal axis, and four points 

located at 20 pixels distance, at 0, 90, 180, and 270 degrees respect to the  
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Figure 3.25: Cell centroid (in green) surrounding points (in white). The colormap used 

represents the gel displacement in pixels from one time point to the next one. 

 

horizontal axis (Figure 3.25). Then the average displacement of these eight 

points was applied to the cell centroid. This process was applied iteratively 

starting from the first and advancing towards the final video frame. 

 

The process is graphically explained in Figure 3.26. 
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Figure 3.26: Cell centroid correction process. Hydrogel movement is corrected without 

interfering with the own cell local movements.  

3.3 Evaluation of the method 

In this section, we present the results of the evaluation of the segmentation of 

microposts and cells, as wells as the evaluation of the correction of the 

microfluidic device drifting and hydrogel movement.  

 

The metric used to evaluate segmentation accuracy was the Jaccard 

coefficient (JC), which measures the similarity between the segmentation 

output and the corresponding ground truth. For a given ground truth X and 

segmentation output Y, it is defined as 

 

𝐽𝐶 =
|𝑋 ∩ 𝑌|

|𝑋 ∪ 𝑌|
 

(11) 
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3.3.1 Micropost segmentation 

The evaluation image dataset was composed of a total of 27 PhC images, 9 

of the original version, and 18 of the newer version of the microfluidic device. 

The corresponding ground truth for each image was based on manual 

annotations made by three experts. To have just one final consensus 

annotation, a majority voting approach was used. Each of the 27 images and 

their corresponding GT have a size of 1388×1040 pixels. 

 

We evaluated the micropost segmentation CNN using two approaches. 

First, we trained the CNN with all available data (27 PhC) images and tested 

the CNN using the same data set. The JC values obtained using this evaluation 

approach give us an estimate of the CNN segmentation performance for 

images already seen by the CNN. Second, we evaluated the performance of 

the segmentation following a 3-fold cross-validation strategy. To this, end, 

the entire training set and its GT was split three times in a two-to-one basis. 

Namely, in each validation fold, 18 images were used to train a CNN and the 

9 images left were used for testing. The JC values of each fold were averaged 

to produce the final evaluation metric.  With this approach, tested images 

were never included in the training set, thus giving a better idea of how the 

CNN might behave against similar, though unseen images. 

 

We also evaluated the effect of using CLAHE before the segmentation of 

microposts. To this end, before downsampling, each original PhC image was 

averaged with three different CLAHE versions of the image. The first 

CLAHE version had a clip limit of 0.1, the second a clip limit of 0.2 and the 

third one a clip limit of 0.99, having all versions 126 tiles in the X axis and 

95 tiles in the Y axis. An example of the process is shown in Figure 3.27. 
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Figure 3.27: PhC image preprocessing using CLAHE. Original image and three CLAHE 

versions with clip limits = 0.1 (a), 0.2 (b), and 0.99 (c), are averaged (�̅�) in order to improve 

and homogenize image contrast. 

 

The JC values for micropost segmentation are shown in Table 3.1. This 

table also shows the JC values obtained using different input image 

resolutions (i.e. downsampling factors), in order to compare them and select 

the optimal one. 

 

The JC values obtained following a 3-fold cross-validation approach, 

including the CLAHE CNN version, are shown in Table 3.2. Note that both 

versions used the optimal input image resolution (original resolution / 2). 
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MICROPOST SEGMENTATION JACCARD COEFFICIENT – ALL DATA 

 

JC - All Data   

Original Res. / Iter. 50000 JC 

1 
CLAHE 0,931 (±0,048) 

noCLAHE 0,951 (±0,032) 

2 
CLAHE 0,933 (±0,030) 

noCLAHE 0,953 (±0,023) 

3 
CLAHE 0,932 (±0,022) 

noCLAHE 0,947 (±0,019) 

Mean all 
CLAHE 0,932 (±0,033) 

noCLAHE 0,951 (±0,025) 

 

Table 3.1: Jaccard coefficient values and (standard deviation) of the micropost 

segmentation CNN trained with all PhC images and three different subsampling factors 

(1, 2, and 3). Values and versions in bold indicate better performance. 

 
MICROPOST SEGMENTATION JACCARD COEFFICIENT – 3-FOLD CROSS VALIDATION 

 

JC - 3FCV Original Res. / 2  

SET / CNN Iter. 50000 JC 

1 
CLAHE 0,928 (±0,051) 

noCLAHE 0,938 (±0,043) 

2 
CLAHE 0,921 (±0,043) 

noCLAHE 0,912 (±0,043) 

3 
CLAHE 0,929 (±0,031) 

noCLAHE 0,908 (±0,096) 

Mean all 
CLAHE 0,926 (±0,042) 

noCLAHE 0,919 (±0,061) 

 

Table 3.2: Jaccard coefficient values and (standard deviation) for each micropost 

segmentation CNN trained with a 3-fold cross-validation approach and the optimal 

subsampling factor (2). Values and versions in bold indicate better performance. 

 

All the CNNs tested were trained over 50000 iterations due to the 

stabilization of JC values, as shown in Figure 3.28 and Figure 3.29. 
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Figure 3.28: JC values evolution over CNN training iterations. JC values evolution from 

different resolutions versions is represented with different colors including their JC standard 

deviations represented as error bars. 

 

 

 
Figure 3.29: JC values evolution over CNN training iterations. JC values evolution from the 

3-fold cross-validations sets are represented with different colors including their JC standard 

deviations represented as error bars. 
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Figure 3.30: Micropost segmentation test. Micropost segmentation masks are overlayed in 

green to the original PhC images. CNN trained with all data and downsampling factor = 2 is 

used over two new test images (a, b). 

 

Two test PhC images, overlaid with the micropost segmentation CNN 

result, are shown in Figure 3.30. 

3.3.2 Cell segmentation 

For the evaluation of cell segmentation, we computed JC values for both 

image modalities: PhC and fluorescence. The evaluation approaches for both 

modalities are described next. 

PhC 

The evaluation dataset for the segmentation of cells in PhC time-lapse videos 

was composed of 27 randomly selected 251×201 pixels image patches from 

the same 27 images used in the micropost segmentation CNN training. These 

patches contained cells embedded in the three different hydrogels types (C, 

CM, and CM+). Each patch was selected from a different image, to ensure 

enough heterogeneity in the image conditions. The corresponding ground 

truth for each image patch consisted of manual annotations made by three 

experts, who segmented objects as “cell” or “cell cluster”. To have just one 

final consensus annotation, a majority voting approach was used. 

 

As done for the micropost cell segmentation, we evaluated the cell 

segmentation CNN using two approaches. First, the CN was trained and 

evaluated using the entire evaluation dataset. Next, we evaluated the 
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performance of the segmentation CNN following a 3-fold cross-validation 

strategy. To this end, the training set and its GT was split in a two-to-one 

basis. Namely, in each of the 3 folds, 18 image patches were used to train the 

CNN and the 9 image patches were used for testing the CNN.  

 

As it was done with the micropost segmentation, we also evaluated the 

effect of using CLAHE as a preprocessing step to the PhC image patches in 

both CNN training and test sets. Specifically, before upsampling, each 

original PhC image patch was averaged with three different CLAHE versions 

of the image. The first CLAHE version had a clip limit of 0.1, the second a 

clip limit of 0.2 and the third one a clip limit of 0.99, having all versions 23 

tiles in the X axis and 18 tiles in the Y axis. An example of the process is 

shown in Figure 3.31. 

 

The JC values for cell segmentation in PhC image patches with the CNN 

trained over all available image data are shown in Table 3.3. This table shows 

also the JC values obtained with the different input image resolutions tested 

(upsampling factors), in order to compare them and select the optimal one. 

Since the CNN was trained to detect two different classes (cell and cell 

cluster), we are showing the results for each class individually and the final 

version we used in our experiments, that considers cell and cell clusters as 

cell (Everything Cell). 

 

The JC values obtained following a 3-fold cross-validation approach, 

including the CLAHE CNN version, are shown in Table 3.4. Note that both 

versions used the optimal input image resolution (original resolution * 2). The 

results for both cell and cell cluster classes and their merged version 

(Everything Cell), are shown also. 

 

As in the case of micropost segmentation CNNs, all the CNNs tested were 

trained over 50000 iterations due to the stabilization of JC values (Figure 3.32 

and Figure 3.33). 
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Figure 3.31: PhC image patch preprocessing with CLAHE. Original image patch and three 

CLAHE versions with clip limits = 0.1 (a), 0.2 (b), and 0.99 (c), are averaged (�̅�) in order 

to improve and homogenize image contrast. 

 
CELL SEGMENTATION JACCARD COEFFICIENT – ALL DATA 

JC - All data  Cell Cell Cluster Everything Cell 

Original Res. * Iter. 50000 JC JC JC 

1 
CLAHE 0,666 (±0,103) 0,211 (±0,326) 0,715 (±0,082) 

noCLAHE 0,734 (±0,094) 0,337 (±0,338) 0,777 (±0,064) 

2 
CLAHE 0,709 (±0,093) 0,278 (±0,352) 0,756 (±0,069) 

noCLAHE 0,751 (±0,091) 0,463 (±0,325) 0,780 (±0,067) 

3 
CLAHE 0,701 (±0,102) 0,191 (±0,316) 0,756 (±0,076) 

noCLAHE 0,739 (±0,103) 0,377 (±0,361) 0,774 (±0,089) 

4 
CLAHE 0,664 (±0,138) 0,041 (±0,160) 0,731 (±0,113) 

noCLAHE 0,684 (±0,136) 0,169 (±0,290) 0,749 (±0,114) 

Mean all 
CLAHE 0,685 (±0,109) 0,180 (±0,289) 0,740 (±0,085) 

noCLAHE 0,727 (±0,106) 0,336 (±0,328) 0,770 (±0,083) 

 

Table 3.3: Jaccard coefficient values and (standard deviation) for the cell segmentation 

CNN trained with all PhC image patches and four different upsampling factors (1, 2, 3, 

and 4). Values and versions in bold indicate better performance. 
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CELL SEGMENTATION JACCARD COEFFICIENT – 3-FOLD CROSS VALIDATION 

 

JC - 

3FCV 
Original Res. * 2 Cell Cell Cluster 

Everything 

Cell 

SET Iter. 50000 JC JC JC 

1 
CLAHE 0,658 (±0,143) 0,136 (±0,237) 0,712 (±0,122) 

noCLAHE 0,681 (±0,155) 0,113 (±0,168) 0,761 (±0,101) 

2 
CLAHE 0,662 (±0,089) 0,269 (±0,350) 0,688 (±0,087) 

noCLAHE 0,630 (±0,108) 0,112 (±0,230) 0,701 (±0,074) 

3 
CLAHE 0,641 (±0,108) 0,000 (±0,000) 0,721 (±0,077) 

noCLAHE 0,624 (±0,104) 0,000 (±0,000) 0,724 (±0,083) 

Mean all 
CLAHE 0,653 (±0,113) 0,135 (±0,196) 0,707 (±0,095) 

noCLAHE 0,645 (±0,122) 0,075 (±0,133) 0,728 (±0,086) 

 

Table 3.4: Jaccard coefficient values and (standard deviation) for each cell segmentation 

CNN trained with a 3-fold cross-validation approach and the optimal upsampling factor 

(2). Values and versions in bold indicate better performance. 

 

 
Figure 3.32: JC values evolution over CNN training iterations. JC values evolution from 

different resolutions versions is represented with different colors including their JC standard 

deviations represented as error bars. Everything Cell version is shown only. 
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Figure 3.33: JC values evolution over CNN training iterations. JC values evolution from the 

3-fold cross-validations sets are represented with different colors including their JC standard 

deviations represented as error bars. Everything Cell version is shown only. 

 

Two full test PhC images, overlayed with the cell segmentation CNN 

result, are shown in Figure 3.34. 

 

 
Figure 3.34: Cell segmentation test. Cell segmentation masks are overlayed in green to the 

original PhC images. CNN trained with all data and upsampling factor = 2 is used over two 

different test images (a, b). 
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Fluorescence 

The dataset used to evaluate cell segmentation in fluorescence modality was 

composed of the same randomly selected 27 image patches used in the 

validation of cell segmentation in PhC images. These patches contained 

florescent cells embedded in the three different hydrogels types (C, CM, and 

CM+). The corresponding ground truth for each image patch was based on 

manual annotations made by three experts. To have just one final consensus 

annotation, a majority voting approach was used. 

 

As this approach did not require training, we evaluated the segmentation 

with all the data available (27 fluorescent image patches). The Jaccard 

coefficient values for cell segmentation with the GC approach tested over all 

available image data, is shown in Table 3.5. 

 

 

Two test fluorescent images, overlaid with the cell segmentation masks, 

are shown in Figure 3.35. 

 

 
Figure 3.35: Cell segmentation test. Cell segmentation masks are overlayed in green to the 

original fluorescent images. GC approach is used over two different test images (a, b). 

CELL SEGMENTATION JACCARD COEFFICIENT – ALL DATA 

 

JC - All Data  Cell 

Original Res. Preprocessing JC 

1 CLAHE 0.678 (±0.096) 

 

Table 3.5: Jaccard coefficient values and (standard deviation) for cell segmentation with the 

GC approach, testing all fluorescence images. 
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3.3.3 Microdevice drifting 

Three experiments having an increasing drifting problem (small, 

intermediate, and large) were chosen. In each of these three videos, 6 points 

were manually annotated across all frames. The points were selected in 

corners of the central device microposts, as shown in Figure 3.36. The 

averaged distance of these 6 points along the whole experiment (Euclidean 

distance between points in frames with t and t-1) was used as the error metric. 

 

 
Figure 3.36: Microfluidic device reference points. GT was composed of 6 points located at 

the corners of the central microposts. 

 

The validation error of the microfluidic device movement correction in 

the three different videos is shown in Table 3.6. 
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MICROFLUIDIC DEVICE MOVEMENT ERROR 

 

Movement 

magnitude 

Original Euclidean distance Corrected Euclidean distance 

Error (µm) Error (µm) 

Small 12.483 (16.103) 0.000 (0.000) 

Intermediate 27.744 (35.790) 0.638 (0.823) 

Large 31.293 (40.368) 0.167 (0.215) 

   

Table 3.6: Euclidean distance accumulated error values in pixels (and µm) for microfluidic 

device movement. Original accumulated error and accumulated corrected error values are 

shown (sum of displacements between consecutive pair of frames). 

 

 
Figure 3.37: Hydrogel reference points. GT was composed of 6 stationary points located 

inside the hydrogel. 
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3.3.4 Hydrogel movement 

Likewise, three experiments containing hydrogel movements of increasing 

magnitude (small, intermediate, and large) were chosen. In each of these 

videos, 6 stationary points (dead cells or dirt) inside the hydrogels were 

manually annotated in all the frames of the video, as shown in Figure 3.37. 

The averaged distance of these 6 points along the whole experiment 

(Euclidean distance between points in frames with t and t-1) was used as the 

error metric. 

 

The validation errors of the hydrogel movement correction in the three 

different videos, with their correction optimal parameters: m, n, wX, and wY 

found with the GA, are shown in Table 3.7. 

 
HYDROGEL MOVEMENT ERROR 

 

Table 3.7: Accumulated Euclidean distance error values in pixels (and µm) for hydrogel 

movement. Original average error and average corrected errors between stationary points 

between the first frame and last frame with their optimal m, n, wX and wY parameters are 

shown. 

Movement 

magnitude 

Original 

Euclidean distance 

Corrected 

Euclidean distance 

Average 

filter 

Magnitud

e weight 

Error (µm) Error (µm) m n wX wY 

Small 16.908 (21.811) 16.302 (21.030) 594 219 0.5 0.8 

Intermediate 17.802 (22.965) 17.503 (22.579) 726 593 0 2.1 

Large 49.954 (64.441) 36.039 (46.490) 43 35 1.2 2.0 

       

3.4 Experimental results 

In this section, different results obtained through the analysis of cell migration 

in the three different types of hydrogels are presented. 

3.4.1 Mechanical characterization of the hydrogels 

The G' and G" values measured right after hydrogel polymerization and the 

maximum values reached at the end of the rheological assay are presented in 

Table 3.8. The G' modulus measured right after polymerization as well as the  
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G’ AND G’’ MODULUS 

 

Hydrogel G’ (Pa) G’’ (Pa) G’(Pa) Max. G’’ (Pa) Max. 

C 11.64 (±0.26)* 1.17 (±0.07) 30.22 (±3.80)* 2.75 (±0.13) 

CM 10.95 (±0.48)* 1.06 (±0.06) 42.84 (±2.84)* 3.65 (±0.32) 

CM+ 31.77 (±2.24) 2.52 (±0.27) 213.53 (±7.31) 15.91 (±0.93) 

 

Table 3.8: Average (avg) and (standard deviation) of the storage (G’) and loss (G’’) moduli, 

both in Pascal units (Pa) of the hydrogels. The standard deviation corresponds to three 

repetitions of each experiment (n = 3). * indicates statistically significant difference (p<0.05) 

with respect to CM+. 

 

values obtained at endpoint revealed that CM+ hydrogels are stiffer than CM 

and C hydrogels (p<0.05 compared by Kruskal Wallis test). 

3.4.2 Morphological characterization of the hydrogels 

The results of the quantification of the fibers and pore size calculated on 

TAMRA-labelled hydrogels of all three types are listed in Table 3.9. As 

shown, increasing Matrigel content has little effect in fiber length or 

persistence, while producing thicker fibers -possibly the collapse of single 

fibers- that causes fewer but larger pores. CM+ hydrogels are also more 

heterogeneous than CM hydrogels, which are in turn more heterogeneous 

than C hydrogels.  

 
HYDROGELS MEASUREMENTS 

 

Hydrogel Fiber length (µm) Fiber persistence (µm) Pore size (µm) 

C 4.35 (±0.12) 2.24 (±0.07) 1.91 (±0.24) 

CM 4.06 (±0.41) 2.21 (±0.26) 2.50 (±0.62) 

CM+ 4.99 (±0.73) 2.63 (±0.41) 3.04 (±0.42) 

 

Table 3.9: Average and (standard deviation) of the hydrogel measurement obtained from the 

CFM images acquired from TAMRA-labeled hydrogels C, CM, and CM+. The number of 

samples used for the hydrogel morphological analysis was 9, and they were acquired at 63X 

magnification. 
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3.4.3 Quantification of cell migration 

Migration experiments within the microfluidic platforms were performed 

using hydrogels C, CM, and CM+, in order to quantify the effect of hydrogel 

composition, the use of serum and integrin-blocking drugs. Three replicas 

were performed for each experimental condition.  

 

The total number of cells tracked for each experimental condition is 

shown in Table 3.10. A control experiment of cell survival after treatment 

with antibody-blocking integrins showed that cells have a nearly 100% 

survival. The average difference between the number of cells at the beginning 

of the experiment and at the end of the experiment was -1 (C), -0.44 (CM) 

and +0.77 (CM+).  

 

Figure 3.38 shows box-whisker plots of the results, and Table 3.11 

contains the MAD of all the migration experiments. A nested factorial 3x5 

ANOVA test including all hydrogels and treatments did not reveal any global 

significant mutual dependence among the involved variables. However, a 

nested ANOVA for simple effects focused on the type of hydrogel found 

differences between the hydrogel types (p<0.001). Posterior comparisons 

between the hydrogel types revealed that in the absence of serum (i.e., 

control) the cells are significantly more motile in hydrogels of type CM 

compared to hydrogels of types C (p<0.001) and CM+ (p<0.001). A similar 

observation was found in the presence of serum (20% FBS), where cells in 

hydrogel CM were more motile than in hydrogels C (p<0.05) and CM+ 

(p<0.001).  

 

The impact of blocking integrins (Anti-β1 and Anti-β3) was studied by 

means of factorial 2x2 nested ANOVAS at each hydrogel type. Global 

interaction was discarded when considering all three hydrogel types together. 

However, some pairwise interactions were found significant, as described 

next. In hydrogels of type C, a significant decrease in migration capacity 

relative to 20% FBS was found in the presence of Anti-β1 (p<0.01) and Anti-

β3 (p<0.01). Unexpectedly, pre-incubating with both antibodies (Anti-β1 + 

Anti-β3) did not significantly reduce migration capacity. In hydrogels of type 

CM, a significant reduction in migration capacity was found when using 

integrin-blocking antibodies, both isolated (Anti-β1: p<0.001; Anti-β3: 

p<0.001) and combined (Anti-β1 + Anti-β3: p<0.05). Finally, for type CM+, 



Section 3.4.  Experimental results 103 

 

in contrast with the other two hydrogels, the addition of integrin-blocking 

antibodies significantly increases migration capacity (Anti-β1: p<0.01; Anti-

β3: p<0.001) and combining both has an additive effect (Anti-β1 + Anti-β3: 

p<0.001).  

 

The analysis of the movement polarity (Figure 3.39) shows that the 

movement is preferentially an anisotropic random walk, meaning that the 

cells have an equal probability of migrating in any direction, but once a 

direction is chosen, the movement tends to advance (or move back) in that 

direction. 

 
TOTAL NUMBER OF CELLS ANALYZED 

 

Hydrogel C CM CM+ 

Control 198 180 263 

20% FBS 383 292 354 

20% FBS + Anti-β1 279 328 148 

20% FBS + Anti-β3 194 316 139 

20% FBS + Anti-β1+β3 119 280 171 

 

Table 3.10: Total number of cells analyzed in each hydrogel type.  The first row indicates 

the type of hydrogel (C, CM, and CM+) and the first column the type of experiment: 

absence or presence of serum (Control and 20% FBS), and pre-incubation or not with 

integrin-blocking antibodies (Anti-β1, Anti-β3, and Anti-β1+β3). 
 

MEAN ACCUMULATED DISPLACEMENT (MAD) 

 

Hydrogel C CM CM+ 

Control 35.85 (±2.44) 58.31 (±2.34) 31.69 (±1.95) 

20% FBS 52.51 (±2.17) 63.81 (±1.87) 36.98 (±1.82) 

20% FBS + Anti-β1 45.93 (±1.95) 46.48 (±1.85)  42.94 (±2.69) 

20% FBS + Anti-β3 43.39 (±2.48) 41.53 (±1.80) 44.15 (±2.69) 

20% FBS + Anti-β1+β3 49.93 (±2.90) 56.62 (±1.90) 47.79 (±2.44) 

 

Table 3.11: Mean Accumulated Displacement (MAD) in each hydrogel type. Mean and 

(standard deviation) of accumulated distance (in microns) after 12 hours of migration, in 

hydrogels C, CM, and CM+, with no chemo-attracting substance (Control) using medium 

with serum, (20% FBS) or after conjugation with integrin-blocking antibodies (20% FBS 

+ Anti-β1, 20% FBS + Anti-β3, and 20% FBS + Anti-β1+β3). 
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Figure 3.38: Box and whisker plot of the mean accumulated distance. The MAD values is 

obtained after 12 hours of cell migration in the three hydrogel types (C, CM, and CM+), with 

no added chemo-attracting substance (A), medium with serum (B), or after conjugation with 

integrin-blocking antibodies: 20% FBS + Anti-β1 (C), 20% FBS + Anti-β3 (D), 20% FBS + 

Anti-β1+β3 (E). Red dots indicate the location of the mean value for each treatment and 

hydrogel, calculated as the pondered average of the mean value of the three replicas in each 

experiment. *, **, *** indicates statistically significant difference with p<0.05, p<0.01 and 

p<0.001, respectively. 
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Figure 3.39: Analysis of the average magnitude of the speed of the cells. The speed is 

evaluated at different orientations, after re-alignment along the primary migration direction 

of each track in C (a), CM (b) and CM+ hydrogels (c).  
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MEAN ACCUMULATED DISPLACEMENT (MAD) 

 

Hydrogel C CM CM+ 

 CONTROL 

MAD 82.73 (5.40) 150.52 (7.74) 57.80 (4.35) 

Speed 6.89 (0.45) 12.54 (0.64) 4.82 (0.18) 

 GM6001 

MAD 68.15 (6.23) 67.25 (14.55) 38.49 (3.15) 

Speed 5.68 (0.52) 5.60 (1.21) 3.21 (0.26) 

 

Table 3.12. H1299 migration experiments.  Mean and (standard error) of accumulated 

distance in microns after 12 hours of migration, and speed of migration (in microns per hour) 

within hydrogels C, CM, and CM+ inside microfluidic devices (version 2). Experiments were 

performed under 20 % FBS stimulation with (GM6001) or without MMP-blocking treatment 

(control). n=4 for each condition and type of hydrogel. 

 

 

 
Figure 3.40. Quantification of cell migration in hydrogels C, CM, and CM+ (mean 

accumulated distance) in control experiments (20% FBS) and with MMP-blocking treatment 

(GM6001).  MAD differences between hydrogels C, CM, and CM+ (control) were compared 

by Kruskal Wallis test. GM6001 treatment MAD results and control migration results (20% 

FBS) were compared by U-MannWhitney test in each type of hydrogel (n=4). Results were 

considered statistically significant when the p-value was smaller than 0.05 (p<0.05, *). 

 

To determine how H1299 remodel their ECM microenvironment to 

migrate, new cell migration experiments were performed in microfluidic 

devices containing hydrogels C, CM, and CM+, free or under the effect of 

MMP-blockade. The results are shown in Table 3.12 and in Figure 3.40. 

MAD migration results were compared between hydrogels using a Kruskal 

Wallis test. Migration results in GM6001 treated and control experiments 

were compared by U-Mann Whitney within in each type of hydrogel. As seen 

in our previous experiments, we confirmed that cells with normal MMP 

activity, embedded in CM hydrogels, migrate longer distances than in 

hydrogels of CM+ type (p<0.05). Now, we could also measure a reduced cell 

migration in Matrigel containing hydrogels CM (p<0.05) and CM+ (p<0.05) 
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when cells were treated with GM6001 MMP inhibitor. This reduction points 

at a relevant role of metalloproteinases during cancer cell migration in stiffer 

hydrogels of complex composition. 

3.4.4 Characterization of the migration phenotype 

The migrating phenotype, based on the static morphology of the cells, was 

analyzed at high magnification on 3D confocal image stacks of H1299 GFP 

expressing cells. Examples of 3D renderings of these cells in all hydrogels 

and treatments are shown in Figure 3.41. In C hydrogels, the presence of 

serum caused a clear mesenchymal-phenotype (Figure 3.41 -- a). H1299 cells 

showed polarization of the cell body with defined flat protrusion structures, 

lamellipodia at the leading edge and a rear end. Conversely, in CM and CM+ 

hydrogels, the presence of serum caused a lobopodial phenotype (Figure 3.41 

-- i and q) where H1299 cells showed a blunt-ended cylindrical protrusion 

with numerous short-lived membrane blebs along their surface. Blocking β1, 

β3 or both surface integrins, triggered a switch to amoeboid migration 

phenotype, independently of the hydrogel composition (Figure 3.41 -- b-d, j-

l, and r-t). Accordingly, polarity disappeared, and the cells acquired a rounded 

morphology accompanied by multiple small bleb-like protrusions on their 

surface. It should be noted that the combined blockade of β1 and β3 integrins 

increased the number and size of these blebs on the surface of H1299 cells 

compared with the single blocking treatments. This increment in the number 

of protruding structures seems to parallel the increase in migration ratios 

showed in Figure 3.38. Regarding the cell attachment to hydrogels, the 

staining of focal adhesions using Focal Adhesion Kinase (FAK) antibody 

revealed the presence of multiple focal adhesion clusters at cell protrusions 

in both mesenchymal and lobopodial phenotypes. However, rounded 

amoeboid cells showed faint staining of FAK antibody at cell protrusions. In 

contrast, it was distributed homogeneously in the cytoplasm indicating a lack 

of cell adhesion to the matrix components. 
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Figure 3.41: Immunophenotyping.  3D renderings of confocal immunofluorescence images 

showing FAK (red) staining in H1299 cells embedded in the three different hydrogel types 

(C, CM, and CM+), and under the treatments described in the main text. Scale bar: 10μm. 
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3.5 Discussion 

The study of cancer cell migration in 3D environments is a complex problem 

that requires a number of choices and compromises to produce meaningful 

results. As a general comment, that we develop in the following paragraphs, 

the choices made in this work have allowed us to study the migration 

dynamics of cancer cells in 3D, and also to find statistically significant 

differences in cell behavior under different experimental conditions -

microenvironment composition and presence of migration blocking agents-. 

The complexity of this achievement, which is based on a precise quantitative 

analysis of a high number of migrating cells cannot be underestimated. 

Indeed, an approximate average of 250 cells have been analyzed per 

experimental condition, a high enough number for our statistical test to 

provide significant results. The following paragraphs summarize the reasoned 

choices made, followed by the analysis of the results. 

 

The choice of the cells is the first choice to be made, being obviously 

linked to the experimental model used (see next paragraphs). Given the 

experimental complexity and low experimental control of the study of cell 

migration using intravital microscopy, our analysis relies on in vitro models 

and cell lines that have a clear motile phenotype. Due to the complexity of 

obtaining and maintaining primary cell cultures, the option of using primary 

cultured cells from excised metastatic foci was soon rejected. Among existing 

cancer immortalized cell lines, most have been established from primary 

tumors, and therefore display very little motility. The choice of the lung 

adenocarcinoma cell line H1299, derived from a resected lymph node 

metastasis, post radiation therapy seemed a priori a good choice since these 

cells have driver mutations that allow them to acquire an epithelial to 

mesenchymal transition phenotype, associated with enhanced motility 

capability [235]. Our a priori choice was confirmed by the measured motility 

of the cells. The measured speed -in the order of a few microns per hour- 

might seem slow but agrees with what has been measured in other cell lines 

of similar origin [236], [237]. It must be kept in mind that the mechanism of 

motility in 3D is exceedingly more complex than in 2D since the cells must 

either degrade the surrounding mesh (mesenchymal migration) or squeeze 

through a mesh with holes that smaller than the diameter of the cell nuclei. 
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The following critical choice to be made is the experimental platform used 

in the experiments. Most migration experiments are performed in multi-well 

chamber slides. These platforms have -comparatively- large dimensions, thus 

requiring increased amounts of -mostly- expensive reagents and allow little 

control of the experiments. Microfluidic devices, similar to the ones used in 

this work, are becoming mainstream due to their reduced dimensions, which 

provide extraordinary savings in materials and allow integration of 

experiments in high throughput mode on a single platform. Furthermore, 

these devices are highly versatile [36] which allows customizing their design 

to ask specific questions. In our case, the layout of the device, with a central 

chamber flanked by two lateral channels allows, for instance, creating 

gradients of growth factors to promote directional migration. Furthermore, 

the use of a fabrication biocompatible material such as PDMS ensures 

excellent optical properties and oxygen exchange, guaranteeing proper 

microscopy observation and cell viability. In summary, the choice of using 

microfluidic devices, and specifically of using the design described in this 

thesis has proven correct by the success in being able to carry out and record 

12-hour long migration experiments without visible cell viability issues. 

 

As explained, the goal of the thesis is the development of tools for the 

analysis of cancer cell migration under relevant 3D environments. 

Specifically, we have chosen to study cancer cell migration within three 

hydrogel scaffolds made of collagen -the most frequent component of 

connective tissues- and Matrigel, cancer-derived complex containing a 

number of structural proteins and factors commonly present in the basement 

membrane and the extracellular material produced by cancer cells. Thus, our 

hydrogels can closely simulate the microenvironment of cell migrating in 

normal connective tissue (C hydrogels) or at the leading edge of tumor 

invasion, located at the interphase between the connective tissue and a 

disrupted basement membrane (CM and CM+ hydrogels) [238]–[241]. These 

are environments of high physiological relevance, in terms of composition, 

for the study of the migration of cancer cells. It is acknowledged that the 

mechanical properties of these hydrogels do not parallel those of real tissues 

– are indeed at the lower end or below the stiffness level of most tissues- but 

represent a good compromise that allows studying the mechanisms of 

migration in a time-frame acceptable in research settings. Indeed, processes 

that in tissues happen in the order of weeks or months can be studied in 

experiments of limited -hours- duration. 
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The choice of the microscopy modality depends on several factors such 

as the cell type, availability of fluorescence staining and other important 

considerations such as the phototoxicity that may affect the viability of the 

cells or their behavior. The first choice to be made is choosing between 

fluorescence and PhC microcopy, and in fluorescence imaging, the choice 

between widefield or one of the multiple flavors of confocal microscopy 

available. The apparently obvious choice when it comes to analyzing cell 

migration within 3D scaffolds would be the use of confocal of multiphoton 

excitation microscopy. However, when, as in this case, the goal is to analyze 

differences between experiments, thus requiring quantifying migration of a 

high number of cells in long time-lapse migration experiments, the option 

becomes less obvious. Indeed, confocal microscopy provides 3D cell 

sectioning, but at the expense of using laser illumination which causes cell 

toxicity and slowing down the acquisition. In addition, the acquisition of z-

stacks makes sense when using high magnification lenses, which in turn 

limits the number of cells that can be imaged in a time-lapse experiment to 

the order or single digits (< 10) and complicates tracking their movement as 

they easily go beyond the limits of the area being acquired. Therefore, when 

studying the behavior of a high number of cells is required, it becomes more 

sensible to use low magnification lenses, which in turn is incompatible with 

performing z-sectioning due to their large depth of focus. In particular, our 

choice was to use a 5x objective which cannot provide cell sectioning. 

However, we consider that the lateral, 2D -projected- movement of the cells 

is a good proxy for 3D cell migration, at least to obtain comparative results 

between different microenvironment. The acquisition is performed both in 

widefield fluorescence and PhC, which allows acquiring a high number of 

cells during long time-lapse experiments without significant phototoxicity.  

 

The temporal resolution is another element that must be carefully chosen 

not to harm or interfere with the cells over the experiment while allowing to 

capture the movement of the cells and properly track them over time. In our 

case, one 2D acquisition in fluorescence and one in PhC was taken every 15 

minutes for 12 hours. This timing preserved the viability of the cells, as 

indicated by our control experiments, and -as shown by the tracking results 

obtained- was sufficient to ensure proper cell tracking. 

 

Cell segmentation is usually performed using intensity thresholding 

methods [116] or evolution by contour techniques [104]. Those methods have 

been successfully used to segment and track cells in fluorescence microscopy 
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images. Accordingly, cells in the fluorescent image frames were segmented 

using a contour optimization method, that successfully performs cell 

segmentation, as shown by the evaluation of the method. Segmenting cells -

and other structures- in PhC images is a more challenging problem, since the 

object information is defined by contours, not regions of uniformity, and 

because of the numerous artifacts typical of this microscopy modality. 

Therefore, although some complex methods have been proposed for 

segmentation of cells in PhC images [105], [242]–[244], we made use of 

popular Convolutional Neural Networks to perform this task. CNNs are more 

flexible than any of the other segmentation approaches and are being used in 

almost every image processing task achieving state-of-the-art results. 

Therefore, we solved the problems of segmenting cells and microposts in PhC 

image frames with a CNN inspired in the U-Net, obtaining acceptable results. 

The advantage of using a CNN over other conventional method relies on the 

simplicity of the algorithmic design, and the flexibility and self-learning 

capacity of these networks. This somehow compensates the complexity of 

producing the correct training set required for the CNN to work. The choice 

of an FCN over other existing architectures was motivated by its capacity of 

accurately classify pixels as classes (pixel-wise segmentation) thanks to the 

convolutions and deconvolution series. The C++ Caffe implementation of the 

U-Net was chosen since at that time it was the best implementation available 

of an FCN to segment biomedical images. In fact, due to its good 

performance, U-Net has been ported to TensorFlow and many other 

frameworks such as MATLAB, CNTK or Keras. Regarding the cell 

segmentation CNN, the training of an extra class (cell cluster) in addition to 

the cell class, was done only in order to test the accuracy of the CNN detecting 

cell clusters. Separation of these cell clusters into individual cells are left to 

future work. 

 

Cell tracking is usually performed by tracking by detection methods 

[232]. Since our cells were spatially separated and their movement between 

frames was small, we used a simple approach based on a constrained nearest-

neighbor approach. More complex tracking approaches such as the one 

proposed by Magnusson et al. 2015 [245] can be used to try to improve the 

tracking accuracy, being this a future work line. 

 

Regarding the problems found in the cell migration analysis, we should 

make some remarks. The frequency of artificial movements in the recorded 

videos is not high, being the drifting of the microdevice slightly more frequent 
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than the hydrogel movement. Microfluidic device shifting may be due to an 

incorrect anchorage of the devices, caused by the fact that, to ensure a humid 

environment, the devices were inserted in a larger plate surrounded by water 

or cell medium. The evaporation of the liquid may cause microscopy shifts 

of the entire device that are visible in the acquired videos. Hydrogel 

movement is likely due to pressure changes in the lateral channels, which can 

be increased when soft hydrogels are used. 

 

Regarding the results of the H1299 human lung cancer cells migration, 

these cells were able to move through collagen only (hydrogel type C) 3D 

hydrogels at speed between 2.91 µm/h (control) to 4.37 µm/h (stimulated by 

serum). These values are similar to those reported with other cancer cell lines 

(e.g., MDA-MB-231/MT1, DU-145) [236], [237]. The analysis of the 

migration directionality shows that H1299 cells move following an 

anisotropic random walk, as had been previously described for cell migration 

in 3D ECM [246]. In the presence of Matrigel (CM), cells increase their 

migration speed, possibly due to the increased pore size and matrix stiffness 

of CM hydrogel compared to C one. This is supported by studies that show 

that increasing the rigidity of collagen matrices on large enough pore size, 

increased cell migration speed as well [247]. This change in migration speed 

coincides with a change in migration phenotype also [234]. H1299 cell 

display a mesenchymal migration type in pure collage matrices (C) that turn 

to lobopodial mixed collagen-Matrigel matrices (CM and CM+). It has been 

described that fibroblast show lobopodial base motility in cell-derived 

matrices with a linear-elastic component like our matrices while showing a  

lamellipodial phenotype (i.e., mesenchymal) in 3D collagen-only matrices  

[238], [248]. This switch from mesenchymal to lobopodial migration has 

been associated with an increment of mesh rigidity as well to the presence of 

soluble factors, commonly present in Matrigel [238], [249]. Our results 

confirm that lobopodial migrating cells in CM matrices move faster that 

mesenchymal migrating cells in collagen only matrices [234].  

 

H1299 cells decrease their migration speed in stiffer CM+ hydrogels 

compared to CM hydrogels. This may seem to contradict our previous 

observations since the increased stiffness and larger pore size of CM+ 

hydrogels should enhance cell migration. This could be explained by the 

increased attachment caused by Matrigel components. Similar behavior has 

been reported by Zaman et al. in matrices of reconstituted Matrigel with 

increasing levels of fibronectin [236]. Accordingly, there seems to be a 
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balance between the effects of stiffness and attachment. In CM hydrogels, the 

benefits of the increased rigidity, as well as an increment in pore size, are 

more prevalent than the problems caused by the increased attachment. 

Contrarily, in CM+ hydrogels the impact of increased attachment overcomes 

the migration benefits of increased rigidity and larger pore size. In summary, 

our results confirm that elements present in Matrigel promote a change in 

migration phenotype from mesenchymal to lobodopial. These elements, at 

low concentration, facilitate migration, most probably by providing a 

supportive and growth factor-retaining environment. However, an excess of 

Matrigel impedes migration due to excessive attachment and higher 

confinement that impairs cell motility.  

 

The experiments using integrin-blocking antibodies emphasize the 

modulating effect of the microenvironment properties. These experiments 

show that blocking one or both integrins causes a transition to amoeboid, 

integrin-independent migration phenotype in all three hydrogel types. These 

results are strongly supported by other authors who observed how the 

blockade of MMPs or integrins, triggers an amoeboid phenotype that yields 

efficient migration in 3D matrices. Indeed, it had been shown that in situations 

of high confinement, and in the absence of focal adhesions, mesenchymal 

cells spontaneously switch to an amoeboid migration phenotype [234]. 

However, the effect of this switch in the migration speed is different in the 

three hydrogel types, pointing again to an equilibrium between the role of 

integrins as attachment and traction mediators, as well as to the role of the 

pore size. Indeed, in collagen only (C) and CM hydrogels, blocking integrins 

reduces migration speed due to an ineffective attachment to the substrate that 

affects the traction forces required for integrin-mediated migration. 

Consequently, in these smaller pore sized hydrogels, the amoeboid migration 

phenotype is less effective than the original mesenchymal migration. 

Contrarily, in larger pore sized CM+ hydrogels, the switch to amoeboid 

phenotype enhances migration speed, probably due to these hydrogels cause 

excessive attachment, that is released when integrins are blocked. This 

supports previous observations that indicate that tumor cells moving along 

collagen fibers progress are retained through adhesion depending on the 

density of the surrounding matrix [250] and their capability to squeeze within 

the mesh pores. at movement when only one of the integrin is blocked [251], 

[252] and in turn seems to indicate a compensatory mechanism by which 

blocking one of the integrins increases the activity of the other integrin, as 

has been reported by Wennenberg et al.[253]. It is also important to point out 
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that the lobopodial migration phenotypes seen in mixed hydrogels are 

different both morphologically and in terms of integrin dependence not only 

from the amoeboid type of migration [238] but also from the migration 

phenotype described by Poincloux et al. [237] in Matrigel only scaffolds. As 

described by the authors, migrating breast cancer cells show a rounded shape 

with an actomyosin-based uropod that generates contractile forces at the cell 

rear. These contractile forces are transmitted to and exert traction forces on 

the ECM through β1 integrins, thus pulling on the matrix in the rearward 

direction, generating forward movement of the cell that pushes the matrix at 

the front. Therefore, the lobopodial type of migration seems to be an 

intermediate step between a pure mesenchymal type of migration in collagen 

only matrices and a rounded uropod-based type of migration in Matrigel only 

hydrogels, due possibly to the presence of Matrigel while retaining a 

prevalent collagen structure.  

 

Finally, our experiments using metalloproteinase points at a higher 

MMP activity -i.e. a higher level of ECM remodeling- in hydrogels CM and 

CM+ with respect to collagen I-only hydrogel C. This is supported by the 

H1299 migration results under MMP-blocking treatment GM6001, which 

showed an 8% decrease in cell migration speed compared to control 

experiments in collagen I-only hydrogels while this speed drop was higher 

for H1299 cells migrating through CM and CM+ hydrogels (55% and 33% 

decrease, respectively). This can be explained by the presence of soluble 

growth factors in Matrigel that stimulate MMP activity, and also by the 

increased matrix stiffness of CM+ hydrogels which is also known to elicit 

MMP activity.  

 

In summary, we have characterized the migration phenotype and 

dynamics of H1299 NSCLC cells in matrices that mimic different tumor 

microenvironments, from pure collagen matrices, similar to connective tissue 

to mixed collagen-Matrigel matrices, that approximate a disorganized 

basement membrane at the front of cancer invasion. We have shown how the 

composition and mechanical properties of the environment affect the 

migration of the cells, with or without the effect of integrin-blocking 

antibodies and metalloproteinase inhibitors. We have explained our results in 

light of what it is known about cell migration in 3D environments. 

Furthermore, we have described the microfluidic platform and image analysis 

tools that could be used, combined with the described hydrogels, to carry out 

new cancer and anti-cancer related studies in microfluidic platforms with 
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excellent optical properties and which is easily extensible to high throughput 

mode. Moreover, the use of these devices would allow the study of tumoral 

invasion strategies in different environments as well as testing therapeutic 

anti-cancer drugs. 
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Chapter 4 

4. Cell morphology quantification 

at high magnification 

 

In this chapter, the problem of quantifying cancer cell morphology in cells 

migrating with a mesenchymal phenotype is addressed, in the context of the 

role of the biomechanical properties of the microenvironment in migration. 

The experimental protocols and analysis tools used are described, paying 

particular attention to the methods for image data preprocessing, cell 

segmentation, and detection and tracking of filopodial protrusions, including 

their evaluation with both real and synthetic image data. Finally, the 

experimental results achieved using these methods are presented and 

discussed. This chapter is an extension of what has been published in Castilla 

et al. 2018 [122]. Therefore, some of the results and graphics have been 

replicated from that article. 

4.1 Problem description 

The primary goal of this thesis is to study the role of the microenvironment 

in cancer cell migration. In Chapter 3 we have looked at the dynamics of 

cancer cell migration at low magnification as a function of the composition 

of the microenvironment. We now focus on the morphology migrating cells 

at high resolution, and more specifically on the number, the size and the 

dynamics of filopodial protrusions, which are required for mesenchymal cell 

migration, as they are used by the cells for sensing and exerting forces on the 

surrounding ECM [254]–[256]. Filopodia are cell plasma-membrane 

protrusions composed of dynamic bundles of aligned actin filaments (Figure 

4.1). They act as sensors indicating which direction the cell should migrate, 

being one of the main promoters of the locomotion activity [257], [258]. 

Regardless of their key role in migration, a comprehensive, quantitative 

understanding of the biology behind filopodia as a factor of ECM 

composition and mechanical properties is yet to be achieved [117], [118], in 

part due to the complexity of their quantitative analysis in meaningful 3D 

environments. 
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Figure 4.1: Filopodia-like protrusions in N1E-115 neuroblastoma cells. Filopodia 

(pseudocolored blue-green) are labeled with Alexa FluorTM 568 Phalloidin (Liu, 2017). 

 

To study cell filopodia and their dynamics, several decisions need to be 

made, such as the selection of the experimental setup, microscopy modality, 

objective magnification, cell and filopodia segmentation methods, cell 

skeletonization method, and filopodia tracking approach. As mentioned, in 

Chapter 3 referred to cell tracking at low resolution, there are not well-

stablished protocols and methods for filopodia analysis that work well in all 

possible situations. There are also specific decisions regarding the staining, 

such as the use of actin-only staining or in combination with a cytoplasmic 

marker: using only actin staining simplifies the experimental protocol and 

speeds-up the acquisition of the images, but complicates cell segmentation 

since actin is located at cortical areas of the cells, which negatively affects 

approaches that use cell skeletonization to detect filopodial protrusions. On 

the other hand, using a cytoplasmic marker simplifies the analysis but 

complicates the staining an imposes a temporal restriction during the 

acquisition. Moreover, the majority of existing segmentation methods are 

based on simple intensity-based thresholding methods for detecting filopodia 

on 2D images [116]–[120], [259], with very few options available to study 

cell protrusions in full 3D image data [260].  
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Finally, a choice to be made refers to the dimensionality of the filopodia 

analysis. 3D is usually preferred to 2D, since it provides more physiologically 

relevant information, as the dynamics of filopodial generation and retraction 

differ between 2D and 3D. However, analyzing full 3D image data also 

implies a much higher algorithmic and computational complexity than 

analyzing 2D data. Therefore, protocols and methods should be chosen 

properly to perform the filopodial analysis efficiently and to obtain valuable 

and unbiased results.  

4.2 Proposed solution 

In order to characterize cell morphology in the context of cancer, we have 

analyzed the filopodial dynamics of human lung cancer cells embedded in 

biomimetic hydrogels inside chambered coverglass wells. In the following 

subsections, we describe the process, including the cell lines, hydrogels, 

microscopy, experimental setup, protocols, cell segmentation, filopodia tip 

detection, cell skeletonizing and filopodia tracking methods used. 

4.2.1 Cell line 

The cells used in our experiments aimed at establishing and validating the 

image processing pipeline come from the human non-small cell lung 

adenocarcinoma cell line A549, which was derived from lung carcinoma. 

This cell line exhibits an epithelial morphology, as shown in Figure 4.2, and 

it was purchased from the American Type Culture Collection (ATCC, LGC-

Promochem S.L., Barcelona, Spain).  Besides the wild-type (control) cell line, 

this cell line was modified to express two other phenotypes of the human 

Collapsin Response Mediator Protein 2 (CRMP-2). CRMP-2 is a protein 

involved in the creation of microtubules, whose dynamic scaffolding affect 

the organization and structure of the actin cytoskeleton. 
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Figure 4.2: Human lung cancer cell line A549. Examples of A549 cell morphology in 2D 

cultures with different cell densities (ATCC, 2018). 

 

We used three A549 phenotypes that were named wild-type (WTR), over-

expressing CRMP-2 (OER), and phospho-defective CRMP-2 (PDR). WT cells 

display very few and short filopodia, OE cells display many slightly longer 

filopodia compared to WT cells, and PD cells display aberrantly thick and 

long branching filopodia.  

 

The cells used to determine the dynamics of filopodial formation as a 

function of hydrogel compositions were the H1299 cell line already described 

in Chapter 3.  

 

The protocols used for cell transfection, frozen, thawing, and culture 

maintenance are described in the next subsections. 
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Cell transfection 

A549 cells were transiently transfected to express the F-actin protein 

conjugated with the green fluorescence protein (GFP) at the location of actin 

fibers. The transfection was done with the expression vector LifeAct-GFP 

(Ibidi, Martinsried, Germany) and the reactive X-tremeGENE 9 DNA 

(Roche, Mannheim, Germany) at a 1:3 ratio respectively, following the 

manufacturer instructions. Namely, medium without serum or antibiotic was 

disposed in a 1.5 ml Eppendorf, with 3 µl of transfection reactive and 1 µg of 

the vector, being this incubated 30 minutes at room temperature. Then, the 

cell medium was changed with medium without serum or antibiotic and the 

transfection mix was added to it. The LifeAct-GFP readout started after 24 to 

48 hours from transfection. 

 

H1299 cells, as described in Section 3.2, were permanently transfected to 

express the fluorescence protein GFP, using the plasmid pEGFP-C1 

(Mountain View, California, USA) and the reactive FuGENE (Roche, 

Barcelona, Spain) at a 3:1 ratio. After transfection, cells were cultured with 

G418 antibiotic (Sigma Aldrich, Steinheim, Germany) at a 1 mg/ml 

concentration. The cells resistant to the antibiotic were expanded and kept 

frozen in liquid nitrogen. In addition, these H1299 GFP cells were also 

transiently transfected with the expression vector LifeAct-GFP (Ibidi, 

Martinsried, Germany) and the reactive X-tremeGENE 9 DNA (Roche, 

Mannheim, Germany) at a 1:3 ratio respectively, following the manufacturer 

instructions. 

Freezing 

Cells were added to a mix of 90% FBS and 10% dimethyl sulfoxide (DMSO, 

Sigma Aldrich, Steinheim, Germany) and inserted into cryovials (1 ml of mix 

per vial). The cryovials were placed at -80º C freezer overnight, and then 

stored at -196º C in liquid nitrogen tanks. 

Thawing 

To thaw frozen cells, the cryovials were held in a 37º C water bath until 

thawed. Then, the content was transferred to 75 cm2 culture flasks (BD 
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Biosciences, San Jose, USA) with 15 ml of prewarmed medium. Once the 

cells are attached to the bottom of the flasks, the medium with DMSO was 

changed with 15ml of fresh prewarmed medium. 

Cell culture maintenance 

Cells were grown in RPMI 1640 culture medium (Lonza, Barcelona, Spain) 

supplemented with 10% of fetal bovine serum (FBS, FetalClone III, Thermo 

Fisher Scientific, Madrid, Spain), and 5% of penicillin and streptomycin 

antibiotic (100 units/ml, Lonza, Barcelona, Spain). Cells were maintained 

with 15 ml of this medium in 75 cm2 culture flasks (BD Biosciences, San 

Jose, USA). The flasks were kept at constant temperature (37° C) in a 

humidified incubator Forma 371 Steri Cycle CO2 (Thermo Electron 

Corporation, Ohio, USA) with 5% CO2 and 95% relative humidity. 

 

When 90% of cell confluence was reached in the flasks, the entire medium 

was removed, and cells were washed with DPBS (Lonza, Barcelona, Spain) 

to remove all traces of serum. To detach cells from the flask bottom, 3 ml of 

trypsin-EDTA (l×) (GIBCO, Barcelona, Spain) was added, and then, cells 

were left for 5 min in the incubator. Once the cells were detached, the same 

volume of medium (3 ml) was added to the cells to neutralize the trypsin, and 

then, the cells were centrifuged at 1200 r.p.m. for 5 min. Then, the supernatant 

was removed, and 3 ml of medium was added in order to seed the cells in new 

75 cm2 culture flasks. The concentration required in the new flasks depended 

on the experiments planning, although it was usually of ~1000000 cells/ml 

having ~3 days to reach the 90% of confluence again. The cell concentrations 

were measured using a Neubauer hemocytometer (Brand, Wertheim, 

Germany). 

4.2.2 Hydrogel composition 

The hydrogels used in the experiments were composed of collagen and 

Matrigel. Specifically, four different types of hydrogels were used in the 

different experiments performed, with a mixture of type 1 collagen and 

Matrigel: a baseline hydrogel that we will call CM0 and the same three 

hydrogels (C, CM, CM+) used for cell migration analysis at low 

magnification (Chapter 3). The composition and preparation protocols of 
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CM0 hydrogel is described next since the description of the C, CM, and CM+ 

has been already described in Section 3.2. 

CM0 

Sodium bicarbonate at 0.04% (w/v) was mixed with Matrigel (BD 

Biosciences, San Jose, USA) at a concentration of 0.6 mg/ml. Then, fibrillar 

collagen at a concentration of 1.2 mg/ml was added to the mixture. Finally, 

NaOH was used to adjust the pH of the hydrogel to 7.6. Then, the hydrogel 

was placed in the incubator for 15 minutes at 37º C, to allow hydrogel 

polymerization 

4.2.3 8 well-chambered coverglass 

The experimental platform used for cell morphology analysis at high 

magnification was an 8-well chambered coverglass with a No. 1 borosilicate 

glass bottom (Lab-Tek, Nunc, Roskilde, Denmark). The chambered 

coverglass consists of 8 trapezoidal wells, having each of them a 9 mm bottom 

side and 7 mm top side, working volume of 0.2 to 0.5 ml and bottom glass 

between 0.13 and 0.17 mm thick (Figure 4.3). 
 

 
Figure 4.3: 8-well chambered coverglass. The cell containing hydrogels were introduced in 

the trapezoidal wells and due to their thin bottom glass (130 µm thick), high magnification 

objectives with small working distance could be used to image cells in 3D. 
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4.2.4 Microscopy imaging 

The video sequences used to set up the image analysis pipeline were acquired 

on an Ultraview ERS (Perkin Elmer, Inc., Waltham, MA, USA) spinning disk 

confocal microscope equipped with a water immersion 63× Plan-

Apochromatic (1.20 NA) objective lens (Carl Zeiss, AG., Wetzlar, Germany) 

and a Hamamatsu C9100-50 digital camera. This microscope includes a CSU-

22 spinning disk and three Ar/Kr laser lines of 488, 568 and 647 nm for 

fluorescence imaging, and motorized and programmable XYZ stage, 

including incubation with temperature and CO2 control (Figure 4.4). 

 

The experiments, performed to study filopodial protrusions as a function 

of hydrogel composition were acquired on a Zeiss LSM 880 laser-scanning 

confocal microscope (Carl Zeiss, Jena, Germany) using an oil immersion 63× 

Plan-Apochromat (1.40 NA) objective lens, a GaAsP and two PMT detectors. 

This microscope features three lasers lines of 488, 568 y 647 nm for 

fluorescence imaging, and a motorized and programmable XYZ stage, 

including stage-top incubation with temperature and CO2 control (Figure 4.5). 

 

 

 
Figure 4.4: Ultraview ERS spinning disk confocal microscope.  
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Figure 4.5: Zeiss LSM 880 laser-scanning confocal microscope.  

 

Both microscopes were used in confocal fluorescence mode. The 

resulting video image frames had a size of 800×800 pixels, corresponding to 

an area of 100.8×100.8 µm2 and a pixel size of 0.126 µm. Image-stacks 

spacing in the Z axis was either 1 µm or 0.5 µm. The acquired images were 

exported to tiff format, with a pixel depth of 8 bits. A maximum intensity 

projection image sample taken with the Ultraview ERS spinning disk 

confocal microscope is shown in Figure 4.6. 

 

 
Figure 4.6: Maximum intensity projection (along the axial direction) of a 3D stack containing 

a LifeAct GFP-labeled A549 cell. 
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4.2.5 Experimental setup 

Z-stacks of A549 or H1299 cells embedded in 3D collagen-Matrigel 

hydrogels were acquired while being held in chambered coverglass-bottomed 

wells. Two different types of experiments were performed. The first type 

focused on quantifying the morphology of three different A549 CRMP-2 

phenotypes and was used to set up and validate the image processing pipeline. 

The second experimental setup aimed at studying the dynamics of formation 

and retraction of filopodia of H1299 cells during cell migration under 

different ECM microenvironments. The procedure for each experiment type 

is explained in detail next. 

Experiment 1. Cell morphology quantification of CRMP-2 phenotypes 

LifeAct-GFP transiently transfected A549 cells were mixed with the CM0 

hydrogel. Then, the hydrogel-cell mix was gently injected into a chambered 

coverglass well. Next, the hydrogel was incubated for 15 minutes at 37º C 

and 5% CO2. After hydrogel polymerization, chemokine CCL21 (200 ng/ml) 

(PeproTech, London, UK) was punctured in a well corner in order to stimulate 

cell migration. 
 

The plate containing the chambered coverglass-bottomed wells was 

placed in the incubation chamber of the Ultraview ERS spinning disk 

confocal microscope for time-lapse image acquisition. Specifically, 3D time-

lapse videos of migrating cells were with a temporal resolution of 2 minutes 

for 1 hour resulting in 30-frame videos. Each video contained only one cell. 

Cells were excited with the 488 nm Ar/Kr laser line and fluorescence images 

were acquired with a 63× magnification objective lens. Being the recorded 

cells embedded entirely in 3D hydrogels, the cells were captured with a Z-

axis spacing of 1 µm being the total Z-stack size adjusted to each cell, 

depending on its cell body size and protrusions length (~ 60 µm). 

Experiment 2. Dynamics of filopodial protrusions as a function of the ECM 

compositions 

H1299 wild-type cells (GFP permanently transfected) were mixed up with 

either of the three different hydrogel types (C, CM, and CM+) at a 
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concentration of 10000 cells/µl. Then, 200 µl of the hydrogel-cells mix was 

gently inserted into a chambered coverglass-bottomed wells. Next, the 

hydrogel was incubated for 45 minutes at 37º C and 5% CO2. Once the 

hydrogel was polymerized, 50 µl of fetal bovine serum (FBS) was gently 

placed over the hydrogel in order to activate the formation and movement of 

cell microtubules. 

 

The filled chambered coverglass-bottomed wells were placed in the 

incubation chamber of the Zeiss LSM 880 laser-scanning confocal for image 

acquisition. Specifically, 3D time-lapse videos of migrating cells were 

acquired every 2 minutes for 1 hour resulting in 30-frames videos. Each video 

contained only one cell. Cells were excited with the 488 nm laser line, and 

fluorescence images were acquired with a 63× objective lens. The cells were 

captured with a fine Z-axis spacing of 0.5 µm being the total Z-stack size 

adjusted to each cell, depending on its size and protrusions length (~ 70 µm). 

4.2.6 Image data 

Both real and synthetic video sequences were used, as described in the next 

subsections. 

Real Image data 

Depending on the experimental assay type, different image datasets were 

used, as described next. 

Experiment 1. Datasets for the comparison of CRMP-2 phenotypes 

Real image data was composed of 9 3D+t image sequences of A549 cells 

embedded in the CM0 hydrogel. Three sequences contained WTR cell (Figure 

4.7 – a, d), three OER cells (Figure 4.7 – b, e), and three PDR cells (Figure 4.7 

– c, f). Each sequence was composed of 30 time points (z-stacks) and their 

image voxel size was of 0.126×0.126×1.0 µm. This original image voxel size 

was resampled in the axial direction using cubic spline interpolation to work 

with isotropic image data with a final voxel size of 0.126×0.126×0.126 µm. 
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Figure 4.7: Contrast-enhanced, maximum intensity projections along the axial (a-c) and 

tangential direction (d-f) of LifeAct GFP-labeled A549 cells. Note the difference in length 

and number of protrusions between the three different phenotypes: WTR (a, d), OER (b, e) 

and PDR (c, f).  

 

Experiment 2. Dynamics of filopodial protrusions as a function of the 

ECM composition. 

This dataset was composed of 15 3D+t image sequences of H1299 cells 

embedded in the three different hydrogel types (C, CM, and CM+). Five 

sequences were of H1299 WT cells embedded in gel C (WTC, Figure 4.8 – a, 

d), five in CM (WTCM, Figure 4.8 – b, e) and five in CM+ (WTCM+, Figure 

4.8 – c, f). Each sequence was composed of 30 time points (z-stacks) acquired 

every two minutes, and their image voxel size was of 0.126×0.126×0.5 µm. 

This original image voxel size was also resampled in the axial direction using 

cubic spline interpolation to obtain isotropic image data with a final voxel 

size of 0.126×0.126×0.126 µm. 
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Figure 4.8: Contrast-enhanced, maximum intensity projections along the axial (a-c) and 

tangential (d-f) direction of GFP-labeled H1299 cells. Note the difference in length and 

number of protrusions of cells in the three different hydrogels: WTc (a, d), WTCM (b, e) and 

WTCM+ (c, f). 

Synthetic Image data 

Synthetic image data was created using the FiloGen simulator [261], with the 

purpose of quantitatively and qualitatively resembling the morphology of the 

real A549 CRMP-2 phenotypes (WTR, OER, and PDR), in terms of cell image 

features (intensity, texture, and noise) and also of filopodial morphology and 

dynamics. These sequences were used in the setup and validation of the cell 

segmentation and filopodia tracking methods and to enrich the training sets 

of the CNNs used for cell segmentation and filopodial tips detection. 

 

 



130 Chapter 4.  Cell morphology quantification at high magnification 

 

 
Figure 4.9: Contrast-enhanced, maximum intensity projections along the axial (a-c) and 

tangential direction (d-f) of synthetic GFP-labeled A549 cells. Note the difference in length 

and number of protrusions of the three different phenotypes: WTS (a, d), OES (b, e) and PDS 

(c, f).  

CRMP-2 phenotypes image data 

The synthetic image dataset was composed of 9 computer-generated 3D+t 

image sequences of A549 cells. Three simulated sequences were of wild-type 

(WTS) cells (Figure 4.9 – a, d), three of over-expressing CRMP-2 (OES) cells 

(Figure 4.9 – b, e), and three of phospho-defective form of CRMP-2 (PDS) 

cells (Figure 4.9 – c, f). These sequences had the same temporal and spatial 

resolution of the real sequences. Namely, each sequence was composed of 30 

time points (z-stacks) and their isotropic image voxel size was of 

0.126×0.126×0.126 µm.  
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Ground Truth 

An extensive ground truth (GT) was created and used for training and 

evaluation purposes. GT creation procedures and description of real and 

synthetic sequences are presented next. 

 

The GT for cell segmentation in real sequences (GTSR) was based on 

manual annotations of 10 randomly selected slices (2D images), from three 

frames (z-stacks #1, #15 and #30) of each sequence. As done in the Cell 

Tracking Challenge [110], three experts manually delineated the cell and 

filopodia contours in the selected slices. The three manual annotations were 

merged into a final consensus annotation via majority voting.  

 

The GT for the detection of filopodial tips in real sequences (GTDR) was 

based on a single manual annotation of voxel coordinates of the filopodial 

tips. These annotations were done in three frames (z-stacks #1, #15 and #30) 

of each of the nine sequences. 

 

The GT for the tracking of filopodial tips in real sequences (GTTR) was 

based on manual annotations of the spatiotemporal positions of the tips of 

clearly established filopodia protrusions (i.e., filopodia tracks). First, three 

experts manually annotated the filopodia tips positions (voxel coordinates). 

Then, these annotations were merged into one final GT by maximizing the 

overall Linear Oriented Forest Matching measure [262] between the 

combined reference annotation and each of the three manual annotations. 

 

The GT in the synthetic sequences consisted of the inherently provided 

cell segmentation masks (GTSS) used to create the synthetic 3D image data, 

the exact spatial voxels coordinates of the filopodial tip detections (GTDS), 

and their corresponding tracks (GTTS), in all the frames of the nine synthetic 

sequences. 

4.2.7 Analysis workflow 

In order to better understand all the steps required for the quantification of 

cell morphology (morphology and dynamics of cell protrusions), the analysis 

workflow is presented next. Namely, cell body and filopodia segmentation is 

performed by the minimization of the Chan-Vese model (CVS) by a CNN- 
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Figure 4.10: Cell morphology analysis workflow. CVS cell segmentation approach is 

represented by double red lines and the CNN-based cell segmentation approach by square 

dotted green lines. Solid black lines indicate common steps and the V inside the circle, the 

use of the binary maximum operator. 

 

based segmentation approach, to determine if the CNN based segmentation 

method can improve the results provided by the CVS method. Then, 

components not connected to the cell are removed and filopodial tips are 

detected via a CNN. Then, cell skeletonization is done using the previous tip 

detections and their tracking over time is performed. Finally, filopodia 

dynamics and several morphological parameters are obtained (Figure 4.10). 

4.2.8 Cell segmentation 

In this section, both baseline cell segmentation approach and CNN-based cell 

segmentation method are presented and described in detail.  

Active contour-based baseline segmentation 

The baseline cell segmentation approach is based on the minimization of the 

Chan-Vese model (CVS) via graph cuts (GC). This approach was also used 

to produce training pairs for the CNN-based segmentation method and as a 

reference to measure the improvement introduced by the CNN, regarding the  
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Figure 4.11: CVS processing pipeline. This approach uses a sequence of morphological and 

directional filters, combined with the minimization of the Chan-Vese model via graph cuts to 

obtain a 3D binary mask of the cell. Maximum intensity projections (MIPs) along the axial 

direction are shown. 

 

segmentation, filopodial tips detection, and tracking accuracy. The workflow 

of the baseline approach, which first addresses the segmentation of the cell 

body and then the segmentation of filopodia to later combine both, is shown 

in Figure 4.11 and described in detail next. 

 

In order to segment the inner part of the cell body in each image frame, 

we first downsampled the frame by a factor of two, to improve computational 

efficiency. Then, we applied a grayscale closing with a spherical structuring 

element of radius Cgc followed by a grayscale hole filling operation that filled 

the interior of the cell, left unstained by the actin-specific staining that 

concentrates at the cortical regions of the cell. Then, we segmented the 

resulting image by minimizing the Chan–Vese model using graph cuts (GC) 

[104], which was previously used for cell segmentation in 2D fluorescence 

images. Namely, given an input scalar image 𝑢  ∶  Ω →  ℝ  defined over a d–

dimensional image domain Ω ⊂  ℝ𝑑, the model aims at partitioning the image 

domain into two disconnected regions Ω1 (foreground) and Ω2 (background) 
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of minimum intra-region variance, separated by a closed contour 𝐶(Ω =
 Ω1  ∪  Ω2 ∪  𝐶), by minimizing: 

 

𝐸𝐶𝑉(𝐶, 𝑐1, 𝑐2) =  𝜇|C| +  𝛾1 ∫ 𝑢(𝑥) − 𝑐1)2𝑑𝑥
Ω1

+ 𝛾2 ∫ 𝑢(𝑥) − 𝑐2)2𝑑𝑥
Ω2

 

(12) 

 

where |•| stands for the contour length, 𝜇, 𝛾1 and 𝛾2 are the curvature, 

foreground and background weights respectively. 𝑐1 and 𝑐2 are the calculated 

average intensity levels inside Ω1 and Ω2.  

 

The actin-labeled cortical regions of the cell body were segmented by 

thresholding the downsampled grayscale image after applying a second-order 

steerable filter [80], which targets arbitrarily oriented ridges. Let  denote the 

convolution operator, 𝐺𝜎 be the Gaussian kernel with the standard deviation 

𝜎c, and Η𝑢 be the Hessian matrix operator applied to the image 𝑢. For each 

grid point ∈ Ω , the steerable filter response ℱ𝜎(𝑢(𝑥)) is 

 

ℱ𝜎(𝑢(𝑥)) =  𝜆𝐷 

(13) 

 

where 𝜆𝐷 is the dominant eigenvalue of Η𝐺𝜎𝑢(𝑥). Since the filter response 

is negative in the foreground areas, the binary mask 𝕊 is 

 

𝕊(𝑥) = {
1, if ℱ𝜎(𝑢(𝑥)) < 𝛵

 0, otherwise
 

(14) 

 

with 𝛵 being a threshold (𝛵c). 

 

The cortical regions and inner part of the cell body were combined then 

using a binary maximum operator, followed by binary closing with a 

spherical structuring element of radius Cbc and by a binary hole filling 

operation. The resulting cell body mask was then up-sampled back to the 

original resolution. 
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In order to segment filopodia, we thresholded the original image, 

preprocessed using the second order steerable filter previously described in 

equations 6 and 7 with a standard deviation 𝜎f and threshold Τf. This filter 

enhanced slim protrusions that might have been lost in the previous steps and  

more precisely highlighted the cell contour. This result was combined with 

the cell body mask using a binary maximum operator, and then the volumes 

of the binary objects present in the image were computed in order to select 

the largest one and remove components not connected to the cell. Once 

selected the largest volume binary object, the final cell segmentation mask 

for the CVS method was ready. 

 

We fixed the value of 𝛾2 to 1. All other parameters (𝜇, 𝛾1, 𝐶𝑔𝑐, 𝜎𝑐, 𝛵𝑐, 𝐶𝑏𝑐, 

𝜎𝑓, 𝛵𝑓) were specifically optimized for each phenotype using a genetic 

algorithm (GA) that maximizes the Jaccard coefficient (JC), which is a 

similarity measure between the segmentation output and the corresponding 

ground truth (GTSR and GTSS). The parameter search ranges used in the GA 

optimization are listed in Table 4.1. 

 

 
CVS PARAMETERS - GA PARAMETER SEARCH RANGE 

 

Parameter LB UB 

Down-sampled Image GC Curvature Weight (μ) 0.01 0.3 

Down-sampled Image GC Foreground Weight (γ1) 0.01 20 

Down-sampled Image Greyscale Closing Size (Cgc) 0 25 

Down-sampled Image Steerable Filter Smoothing Size (σc) 1 2 

Down-sampled Image Steerable Filter Threshold Value (Τc) 0 110 

Down-sampled Image Binary Closing Size (Cbc) 0 6 

Full-Resolution Image Steerable Filter Smoothing Size (σf) 1 3 

Full-Resolution Image Steerable Filter Threshold Value (Τf) 0 80 

 

Table 4.1: CVS method parameters use range.  The parameters were optimized using a 

genetic algorithm (GA), using the lower (LB) and upper (UB) search bounds listed for each 

parameter. 

 

Representative segmentation results of the CVS method are shown in 

Figure 4.12.  
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CNN-based cell segmentation 

A 3D CNN was used to segment entire cells (i.e., cell body and filopodia), 

following the processing pipeline shown in Figure 4.13. The CNN structure, 

training, and classification strategies are described in detail next.  

The batch-normalized version of the fully convolutional neural network 3D 

U-Net [107] was used. It was composed of four layers with 32-64, 64-128, 

128-256 and 256-512 feature maps in the convolution path and three layers 

with 512-256-256, 256-128-128, 128-64-64 feature maps in the up-

convolution path, as shown in Figure 4.14 

 

 
Figure 4.12: Maximum intensity projections along the axial direction of contrast-enhanced 

grayscale images (a-f) and segmentation masks (g-l) of a WTR (a, g), OER (b, h), PDR (c, i), 

WTS (d, j), OES (e, k), and PDS (f, l) cell. 3D renderings of the segmented cells are shown in 

the last row (m-r). 
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Figure 4.13: CNN processing pipeline. This approach is based on averaging four CNN 

weighted probability maps in order to reduce noise in the final cell segmentation mask. 

Maximum intensity projections (MIPs) along the axial direction are shown.  

 

 
Figure 4.14: 3D U-Net architecture. Note that in 3D, U-Net has for three downsampled 

resolutions/abstraction levels, due to GPU memory optimization. 

 

The data augmentation layer was fitted to our data by inserting a batch 

size of one with a window size of 132  132  124 voxels, and by increasing 

both the random elastic grid spacing and deformation magnitude to 80 and 70 

voxels respectively in all XYZ axes in order to allow realistic deformations 
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of the protruding cells. The random offsets for the data augmentation layer 

were fixed to fit the size of our image data, and a complete set of 3D rotations 

was performed to cover all possible orientations of the cells. The output 

number of the last convolutional layer ‘conv_u0d-score’ was also set to 2 

instead of 3, as in this case the CNN was trained to detect only two different 

classes (background and cell). Before training and classification, we applied 

a median filter with a kernel size of 3  3  3 voxels, and downsampled the 

frames by a factor of two, in order to improve computation efficiency and fit 

to the GPU memory size while allowing a large enough cell analysis context. 

 

CNN training 

The training data was composed of both real and synthetic 3D image frames, 

along with their corresponding GT. For the real image data, we used GTSR 

along with the segmentation masks obtained using the CVS method for all 

the remaining slices not included in GTSR. For the synthetic image data, we 

used GTSS. Note that the CNN was trained for all cell phenotypes (real and 

synthetic) simultaneously. The ground truth components were weighted 

differently to improve the CNN training, reducing thus undersegmentation or 

oversegmentation of the cell body and filopodia. Specifically, in GTSR, we 

used a weight of 3 for the background and 30 for the foreground cell voxels. 

In the frames segmented using the CVS method, we used a weight of 1 for 

both background and foreground voxels. Finally, in GTSS, the background 

was assigned a weight of 3, and the cell body and filopodia were given a 

weight of 60. We also applied a stronger weight of 300 to the voxels located 

at the filopodial tips to force the CNN to refine the segmentation in those 

small areas. Each weight was obtained following a manual half-interval 

search within the interval [0,1000], by visually inspecting the CNN output 

after 2000 iterations.  These weights are visually represented in Figure 4.15. 

Once the weights were properly set, a complete training phase of 100000 

iterations was launched using a base learning rate of 0.0001, momentum of 

0.99, decaying step size of 10000 and decaying rate of 0.1. 

 

CNN classification phase 

In the test classification phase, the down-sampled fluorescence images 

were classified using the previously defined analysis window of 132  132  

124 voxels. Since the images were much larger than this window, each image 

was divided into a set of tiles that covered the entire image volume, leaving 

an overlap of 44  44  44 voxels between adjacent tiles. For each tile, the  
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Figure 4.15: Weight masks used in real and synthetic image data. Different weights values 

from 0 to 300 were used for the cell segmentation mask voxels. Maximum intensity 

projections (MIPs) along the axial direction of a WTR (a, f), OER (b, g), PDR (c, h), OES (d, 

i) and PDS (e, j) cell are shown. WTS weight masks are very similar to OES, and they are not 

shown to improve visualization of the other phenotypes. 

 

CNN provided two output probability maps (background and cell). In order 

to reduce artifacts near the analysis window boundaries, four probability 

maps were averaged (separately for each class), corresponding to the original 

image and three transformed versions of it: a mirrored version relative to the 

three XYZ axes, a translated version in the three XYZ directions and a 

mirrored and translated version relative to the three XYZ axes. Before 

averaging, the probability maps were weighted using a context window of the 

same size as the analysis window, with weights corresponding to the 

Euclidean distance of each voxel to the border of the context window. This 

weighting strategy assigned more relevance to the voxels positioned closer to 

the analysis window center than to those situated near the borders. With this 

procedure, a weighted probability map for each class was obtained, 

corresponding to the entire 3D image. To obtain the final voxel segmentation 

values (0 for background and 1 for cell), the softmax transfer function was 

applied to the probability maps.  

 

The resulting segmentation mask was up-sampled back to the original 

resolution, and then its largest binary object was selected in order to remove 

components not connected to the cell, being this, the final cell segmentation 

binary mask for the CNN method. This classification process is graphically 

explained in Figure 4.13. 
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Figure 4.16: Maximum intensity projections of the contrast-enhanced grayscale images (left), 

segmentation masks projections (middle) and CNN rendering results (right) of a WTR (a-c), 

OER (d-f) and PDR (g-i) cell. CNN result is shown in green, CVS result is shown in red, and 

the intersection of both approaches is shown in yellow. 

 

Finally, in order to compare qualitatively the CVS and CNN methods, 

segmentation results of both methods are shown in Figure 4.16. 

4.2.9  Filopodial tip detection 

In order to detect the tips of the filopodia from the 3D cell segmentation 

binary masks, a 3D CNN (Figure 4.18 - e) was used with the same architecture 

like the one used to segment the fluorescent cells in 3D. The random elastic 

grid spacing was set to 125 voxels and the random elastic deformation 

magnitude to 80 voxels. All other parameters remained the same.  

 

CNN training 

The 3D binary frames were downsampled to a third of their size for both 

training and classification, in order to improve computation efficiency and 

reduce image noise while allowing a large analysis context. The CNN was 

trained with binary masks obtained with the baseline method (real sequences),  
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Figure 4.17: Rendering of a weight mask used for training the tip detector CNN. Different 

weights values from 0 to 15 were used in the cell segmentation mask voxels, assigning 

stronger weights to the filopodial tips boundary areas. 

 

and the GTSS (synthetic sequences), along with their corresponding GT 

annotations GTDR and GTDS. Namely, a subset of GTDR and GTDS was used: 

three frames (zstack #1, #15 and #30) from two real videos (sequence #1 and 

#2) per phenotype (WTR, OER, and PDR) and three frames (zstack #1, #15 

and #30) from two synthetic videos (sequence #1 and #2) of OES and PDS 

phenotypes. 

 

In order to provide a larger detection context, the voxel corresponding to 

each annotated coordinate was dilated with a sphere of four voxels in radius, 

and the voxels intersecting with the boundary of the filopodia were labeled as 

tip. A strong weight of 15 was assigned to the tips and their 1-voxel 8-

connected neighborhood. Voxels which were located two voxels from the 

tips, in terms of the city-block distance, were assigned a weight of 3. The rest 

of the cell body was given a weight of 2 and the background a weight of 1 

(Figure 4.17). All weights were fixed visually with a half-interval search, 

after 2000 CNN training iterations, within a search interval [0,1000].  
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CNN classification phase 

The tip detector CNN classifies voxels of 3D cell binary masks as background 

(0) or tips (1). The same analysis window was used as in the 3D segmentation 

CNN. To reduce false negative detections near the boundaries of the context 

window, we applied the same translations and mirrored transformations 

described in the 3D segmentation CNN.  Finally, in order to merge detections 

that were close to each another, we applied a morphological binary closing 

with the spherical structuring element of two voxels in radius. 

Filopodial tip refinement 

The size and location of the tips detected by the CNN were refined with the 

following procedure. Fist, the Euclidean distance transform and the quasi-

Euclidean geodesic distance transform of the 3D cell segmentation binary 

masks were computed. Then, each connected component representing a 

detected tip was substituted by a one-voxel representative, defined as the 

voxel of the connected component located at the minimum Euclidean distance 

from the cell boundary. These representative voxels were moved along their 

nearest maximum geodesic paths, from their initial locations to the closest 

local maxima of the geodesic distance transform, which was calculated from 

the center of the cell binary mask, being this defined as the global maximum 

in the Euclidean distance transform (Figure 4.18 - c, f).  
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Figure 4.18: Filopodial tip detection and cell skeletonization process. Filopodial tips were 

detected using a CNN (e) trained with segmentation binary masks (a) and manual 

annotations. Using both the distance transform and geodesic distance transform (b), the 

detected tips merged to one voxel (blue voxels in (c)) by means of the distance transform 

(white arrows in (c)) and moved toward the end parts of the filopodia (f), following the 

direction of the local maximum in the geodesic distance transform (multicolored arrows in 

(c)). The skeleton of the cell (g) was computed from the filopodial tips following the direction 

indicated by the geodesic distances (multicolored arrows in (d)) on top of the medial axis 

path by means of the distance transform (white arrows in (d)). Maximum intensity projections 

along the axial direction are shown. 

4.2.10 3D skeletonization 

In order to construct the 3D cell skeleton, the path from each detected tip to 

the center of the cell was traced, following the medial axis path. Starting from 

the tip voxel, the skeleton followed the maximum of the Euclidean distance 

towards the cell center but selecting only voxels with lower geodesic distance 

than the last voxel included in the current path (Fig 4.18 - d, g). The algorithm 

stops when the path reaches the cell center voxel, or when it converges to a 

previously computed path 
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4.2.11 Filopodia tracking 

In order to track the filopodial tips, a 3D extension of the constrained 

Euclidean-distance based nearest-neighbor particle tracker [10] was used. 

This is a greedy linking algorithm that associates filopodial tips between two 

consecutive frames by minimizing the total gated Euclidean distance (gating 

distance 𝜀 used in our experiments was 40 voxels) between two 

corresponding sets of filopodia (Figure 4.19). Namely, a filopodium p at time 

t is associated with a filopodium q at time t+1 minimizing a distance measure 

D. Let 
𝑟
→

𝑖

𝑝= (𝑥𝑖
𝑝, 𝑦𝑖

𝑝) and 
𝑟
→

𝑗

𝑞= (𝑥𝑗
𝑞 , 𝑦𝑗

𝑞)  be the skeleton coordinates of a pair 

of filopodia (p, q), in which i = 1, 2, …, Np and j = 1, 2, …, Nq. Then, the 

distance D between p and q is: 

 

𝐷𝑝,𝑞 = 〈min
𝑗

‖
𝑟
→

𝑖

𝑝 − 
𝑟

→
𝑗

𝑞‖〉 𝑖              (15) 

 

being = 〈 〉 𝑖 the mean over index i, and the norm ‖
𝑟

→‖, the Euclidean 

distance between two points. 

 

For each filopodium qk(t+1) we look for a filopodium pm(t) with the 

smallest distance: 

 

𝐷(𝑝𝑀, 𝑞𝐾)  =  min
𝑚,𝑘

𝐷(𝑝𝑚, 𝑞𝑘)                  (16) 

that satisfies: 

 

𝐷(𝑝𝑚, 𝑞𝑘) <  𝜀                   (17) 

 

removing the pair from further comparison. Note that if no such pm is found, 

qk is considered to be a newly formed filipodium at time t+1. This step is 

repeated until all pairs are found and then iteratively for each time point to 

form all the filopodia tracks. 
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Figure 4.19: Filopodial tip tracking. Filopodial tips were associated (green lines) between 

consecutive frames with time points t (red) and t-1 (blue) using a constrained nearest-

neighbor tracking approach. Maximum intensity projections along the axial direction are 

shown. 

 

The filopodial base width, which is defined as the minimum Euclidean 

distance from a point in the cell skeleton, to any boundary point, as well as 

the minimum filopodial length, being this length defined as the Euclidean 

distance from the filopodia tip to its base, following the skeleton path, were 

optimized using the tracking GT (i.e., GTTR, GTTS). Note that to account for 

shifts in the location of the cells between consecutive frames due to migration 

or small drifting of the microscope stage, the position of the centroid of the 

cell binary masks in all frames was calculated, and the tips coordinates were 

corrected before tracking, by applying the corresponding inverse translation 

transformation. 

4.3 Evaluation of the methods 

In order to evaluate the segmentation accuracy, the Jaccard coefficient, 

previously defined by equation 5 in Section 3.3, was used. To evaluate the 

filopodial tip detection and tracking accuracy, the Linear Oriented Forest 

Matching measure [262] was used (i.e., LOFMD for detection accuracy, 

LOFMR for recall, RMSE for localization accuracy, and LOFML for linking 

accuracy), with the default weight configuration (wFN=1, wFP=1, wEA=1.5, 

wED=1) and gating distance .  All these measures fall in the [0, 1] interval, 

with higher values corresponding to higher accuracy, except in the RMSE 
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measure (in µm) which falls in the [0, ) interval, where lower values (error) 

correspond to higher localization accuracy. 

 
CVS PARAMETERS - GA OPTIMAL PARAMETERS 

Table 4.2: The optimal CVS parameter values provided by the genetic algorithm (GA). These 

parameter values are presented with their corresponding Jaccard Coefficient (JC) achieved, 

the number of iterations of the GA required to reach the maximum and the total number of 

iterations the GA was allowed to perform. The values are listed per phenotype: wild-type 

real (WTR), over-expressing real (OER), phospho-defective real (PDR), wild-type synthetic 

(WTS), over-expressing synthetic (OES) and phospho-defective synthetic (PDS). Parameters: 

curvature weight (𝜇), foreground weight (𝛾1), grayscale closing spherical structuring element 

radius (Cgc), standard deviation second-order cell body steerable filter (𝜎c), threshold value 

for the binarization of the cell body steerable filter output (𝛵𝑐), binary closing spherical 

structuring element radius (Cbc), standard deviation second-order filopodia steerable filter 

(𝜎c), threshold value for the binarization of the filopodia steerable filter output (𝛵𝑐). 

 Optimal CVS parameters values Results 

Dataset & 

Phenotype 
𝜇 𝛾1 𝐶𝑔𝑐 𝜎𝑐 𝛵𝑐 𝐶𝑏𝑐 𝜎𝑓 𝛵𝑓 JC 

Iteration 
best 

solution 

Total 
iterations 

run 

WTR 0.09 0.35 23 3 2.86 0 1 81.81 0.8624 28974 36222 

OER 0.03 5.21 6 3 9.19 3 2 80.62 0.9218 4634 11221 

PDR 0.02 4.06 1 2 12.24 2 2 37.31 0.8209 3783 4302 

WTS 0.14 13.6 9 2 8.78 5 1 37.94 0.8926 9377 14222 

OES 0.13 7.29 10 2 40.63 2 1 58.72 0.8774 12150 15392 

PDS 0.08 8.93 8 2 8.26 3 2 20.45 0.8270 12209 35994 

            

4.3.1 Cell segmentation 

Both CVS and CNN segmentation methods were evaluated on both real and 

synthetic datasets using a 3-fold cross-validation strategy. To do this, the 

ground truth (GTSR and GTSS) was split in a two-to-one basis. Two videos 

per phenotype were used to optimize (CVS) or train (CNN) the method, and 

the third video was used to evaluate the segmentation. Note that the CNN 

method was trained to classify any kind of cell, regardless of its phenotype 

(WT, OE, and PD) or data type (real or synthetic), while the CVS method 

required specific optimization for each phenotype and data type to achieve 

usable results. The parameters that led to the optimal JC values in the CVS 

method in each phenotype are listed next in Table 4.2. 
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A parameter sensitivity analysis of the Chan-Vese segmentation method 

(CVS) was also done in order to determine the robustness of the method 

against changes in the parameters. Specifically, we tested the performance of 

the method when modifying the values of each parameter in the vicinity of 

the optimal value obtained with the genetic algorithm (GA). For each 

phenotype, we used the optimal parameter configuration (as listed in Table 

4.2). Then, twenty values for each of the parameter were tested, one by one, 

leaving the rest of the parameters fixed at their optimal values. The Figures 

4.20-27 show the evolution of the Jaccard coefficient for each parameter, 

phenotype, and dataset. The highest Jaccard coefficient value achieved with 

the optimal configuration (the one used to produce the final results reported 

next in the tracking evaluation) for each phenotype and dataset, is plotted as 

a red circle. 

 

 
Figure 4.20: Jaccard coefficient values for different values of the CVS parameter Down-

sampled Image GC Curvature Weight (μ).  
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Figure 4.21: Jaccard coefficient values for different values of the CVS parameter Down-

sampled Image GC Foreground Weight (γ1). 

 

 

 
Figure 4.22: Jaccard coefficient values for different values of the CVS parameter Down-

sampled Image Grey-scale Closing Size (Cgc). 
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Figure 4.23: Jaccard coefficient values for different values of the CVS parameter Down-

sampled Image Steerable Filter Smoothing Size (σc). 

 

 

 
Figure 4.24: Jaccard coefficient values for different values of the CVS parameter Down-

sampled Image Steerable Filter Threshold Value (Τc). 
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Figure 4.25: Jaccard coefficient values for different values of the CVS parameter Down-

sampled Image Binary Closing Size (Cbc).  

 

 

 
Figure 4.26: Jaccard coefficient values for different values of the CVS parameter Orig-

Resolution Image Steerable Filter Smoothing Size (σf).  
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Figure 4.27: Jaccard coefficient values for different values of the CVS parameter Orig-

Resolution Image Steerable Filter Threshold Value (Τf). 

 

The comparative evaluation of the segmentation results obtained using 

the CVS and CNN segmentation methods is shown next in Table 4.3.  

 

A five-way ANOVA (factors 1: video type; 2: segmentation method; 3: 

phenotype; 4: video sequence; 5: video frame) was performed to test for 

significant differences in the video type, segmentation method, and 

phenotype. The ANOVA results revealed a global effect of segmentation 

method (F(107)=6.51, p=0.0128) confirming that the CNN provides globally 

significantly better results than the CVS method. Moreover, an interaction of 

video type*segmentation method (F(107)=5.88, p=0.0178) was found, 

indicating that the CNN also outperforms the CVS specifically on the real 

datasets. No other interactions were found, indicating that when looking 

individually at each phenotype and data type, both methods perform 

similarly. 

 

 



152 Chapter 4.  Cell morphology quantification at high magnification 

 

AVERAGE JACCARD COEFFICIENT – SYNTHETIC AND REAL DATASETS – CVS AND CNN 

METHODS 

 

 

Table 4.3: Average Jaccard coefficient of the 3-fold cross validation folds for CVS and CNN 

methods. Note that the CVS method was optimized separately for each phenotype and dataset 

type, while the CNN method was optimized considering the three phenotypes and the two 

dataset types together. 

 Dataset Synthetic Real 

Phenotype 
Wild-

type 

Over-

expressing 

Phospho-

defective 

Wild-

type 

Over-

expressing 

Phospho-

defective 

CVS 
0.888 

(±0.008) 

0.835 

(±0.145) 

0.838 

(±0.041) 

0.776 

(±0.132) 

0.858 

(±0.176) 

0.7846 

(±0.090) 

CNN 
0.885 

(±0.01) 

0.857 

(±0.030) 

0.825 

(±0.052) 

0.888 

(±0.016) 

0.915 

(±0.021) 

0.8530 

(±0.036) 

4.3.2 Filopodial tip detection and tracking 

The detection and tracking of filopodial tips extracted from the segmentation 

masks obtained using both the CVS and CNN methods were also evaluated. 

This was done using the entire GTTR and GTTS. The optimization of the 

skeleton parameters that define what is considered a filopodium (i.e., the 

critical width: cWS, cWR and the minimum length: mLS, mLR) was done 

differently for the synthetic and real phenotypes. In the synthetic datasets, for 

which an absolute GT was available (i.e., the exact tip positions of all 

filopodia in the GTTS were known), cWS was optimized globally for all 

phenotypes, and mLS was optimized separately for each phenotype using the 

detection measure LOFMD. A pruning value of 1 µm was applied to the 

GTTS, to prevent the inclusion of detections near or below the resolution in 

the axial direction. In the real datasets, the ground truth GTTR is necessarily 

incomplete (not as absolute as in the synthetic datasets), since it was 

impracticable to visually decide if very short and short-lived detections were 

filopodia or noise. Consequently, GTTR contained only clearly established 

filopodia. Therefore, the critical width in real datasets (cWR) was fixed as the 

average value obtained in the optimization of the synthetic datasets, while the 

minimum length (mLR) was optimized per phenotype using the recall 

measure LOFMR. With this, we assumed that the algorithm might produce a 

significant number of detections (false and true detections), so validation was 

focused on true detections, their linking, and localization. 



Section 4.3.  Evaluation of the methods 153 

 

MORPHOLOGICAL PARAMETERS OPTIMIZED FOR THE FILOPODIAL TIP DETECTION AND 

TRACKING ALGORITHMS 

 

  Phenotype 

Method Parameter 
Wild-type 

( = 2.19 µm) 

Over-expressing 

( = 2.20 µm) 

Phospho-defective 

( = 7.03 µm) 

CVS 

cWS 5 5 5 

mLS 18 11 17 

cWR 5 5 5 

mLR 0 0 0 

CNN 

cWS 4 4 4 

mLS 14 12 14 

cWR 5 5 5 

mLR 0 0 0 

     

Table 4.4: Optimal values of the critical filopodial width (cW) and minimal filopodial length 

(mL) obtained for the synthetic (cWS and mLS) and real (cWR and mLR) datasets, classified 

per phenotype. The gating distance   used for the linking algorithm is listed also for each 

phenotype. 

 

The gating distance or tip association search area  for the linking 

algorithm, was set based on the average filopodial length per phenotype, 

calculated from the synthetic data. The optimal values of cWS, cWR, mLS and 

mLR and  for each phenotype are shown in Table 4.4. The filopodial tip 

detection, recall, localization and tracking measures obtained for the cells 

segmented using the baseline CVS and CNN methods are shown in Table 4.5, 

along with the corresponding measures obtained for the synthetic GT 

segmentation masks (GTSS), which can be considered as the upper-bound 

performance that the processing pipeline can achieve, having perfect cell 

segmentation masks.  

 

For the detection and recall measures, three four-way ANOVA analyses 

(factors: 1: segmentation method; 2: phenotype; 3: video sequence; 4: video 

frame) were performed. The ANOVAs revealed a main effect of 

segmentation method globally for the detection measure (F(467)=28.69, 

p<0.001), and individually for the synthetic (F(467)=74.72, p<0.001) and real 

(F(539)=113.82, p<0.001) datasets for the recall measure. In all cases, CNN 

outperformed CVS method. Individual interactions found by the previous 

ANOVAs for each segmentation method and phenotype are shown in Table 

4.5. 
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TRACKING RESULTS – REAL AND SYNTHETIC DATASETS – CVS AND CNN METHODS 

 

  Synthetic Real 

Metric 
Phenotype 

/ Method 

Wild-
type 

 

Over-

expressing 

Phospho-

defective 

Wild-
type 

 

Over-

expressing  

Phospho-

defective 

Detection 

(LOFMD)  
[0 1] 

CVS 
0.660 

(±0.412) 
0.793 

(±0.200) 
0.806* 

(±0.110) 
N/A N/A N/A 

CNN 
0.970* 

(±0.142) 

0.905* 

(±0.204) 

0.647 

(±0.141) 
N/A N/A N/A 

GT Masks 
0.987 

(±0.022) 

0.970 

(±0.018) 

0.961 

(±0.013) 
N/A N/A N/A 

Recall 

(LOFMR) 
[0 1] 

CVS 
0.740 

(±0.354) 

0.889 

(±0.106) 

0.827 

(±0.111) 

0.617 

(±0.387) 

0.716 

(±0.243) 

0.764 

(±0.219) 

CNN 
0.973* 

(±0.140) 

0.968* 

(±0.065) 

0.869 

(±0.092) 

0.783* 

(±0.284) 

0.838* 

(±0.1875) 

0.926* 

(±0.088) 

GT Masks 
0.987 

(±0.023) 
0.988 

(±0.005) 
0.961 

(±0.013) 
N/A N/A N/A 

Localization 

(RMSE) 

 [0, )  
(in µm) 

CVS 
0.613 

(±0.233) 

0.931 

(±0.043) 

1.868 

(±0.224) 

1.074 

(±0.978) 

1.175 

(±0.016) 

3.772 

(±0.549) 

CNN 
0.564 

(±0.070) 

0.643 

(±0.023) 

1.408 

(±0.093) 

0.774 

(±0.671) 

1.235 
(±0.051) 

2.798* 

(±0.353) 

GT Masks 
0.177 

(±0.019) 

0.173 

(±0.008) 

0.291 

(±0.015) 
N/A N/A N/A 

Linking 

(LOFML)  
[0 1]  

CVS 
0.983 

(±0.013) 

0.997 

(±0.001) 

0.937 

(±0.022) 

0.986 

(±0.024) 

0.946 

(±0.002) 

0.886 

(±0.083) 

CNN 
0.990 

(±0.006) 

0.998 

(±0.001) 

0.954 

(±0.009) 

0.728 

(±0.447) 

0.953 

(±0.028) 

0.945 

(±0.034) 

GT Masks 
0.997 

(±0.001) 
0.999 

(±0.000) 
0.968 

(±0.017) 
N/A N/A N/A 

 

Table 4.5: Optimal detection, recall, localization and linking average measure values 

obtained with the segmentation masks from the CVS and CNN methods. Results obtained 

for the synthetic GT masks (GTSS) are also shown as a reference, being the maximum 

reachable values in case perfect segmentation masks were used. Values with * denote 

significant differences between methods. 

 

For localization and linking measures, a four-way ANOVA (factors: 1: 

video type; 2: segmentation method; 3: phenotype; 4: video sequence) was 

performed.  The ANOVA results for the localization measure discovered a 

main effect of segmentation method (F(35)=15.26, p=0.0013), revealing a 

significantly better performance of the CNN over the CVS method. Individual 

interactions are highlighted in Table 4.5. The ANOVA results for the linking 

measure did not reveal any interaction. 
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4.3.3 Filopodial dynamics 

The dynamics of filopodia in the real and synthetic videos segmented using 

the CNN method is presented in Figure 4.28. Namely, for each phenotype, 

the average number, average length and lifetime cumulative histograms of the 

filopodia are shown. In the synthetic datasets, since we have the absolute 

ground truth (GTTS), a two-sample Kolmogorov-Smirnov test was performed 

in order to determine if lifetime distributions were equal to those obtained 

using the GT synthetic masks (at a 5% significance level). The WTS and OES 

phenotypes satisfied the test while the PDS did not. This was consistent with 

the presence of spurious detections in the PDS phenotype (Table 4.5) since 

the CNN was optimized to segment real datasets, not synthetic ones. The p-

values obtained were 0.9999 for WTS, 0.5309 for OES and 0.0001 for PDS. 

 
FILOPODIAL LENGTH OF ALL SYNTHETIC PHENOTYPES 

 

  Filopodial length statistics 

Dataset Dataset & Phenotype Median Mean Minimum Maximum 

Synthetic 

WTS 2.19 2.03 0.1 2.82 

OES 2.2 2.04 0.1 3.16 

PDS 7.03 7.57 0.05 18.15 

*PDS 13.49 12.89 5.38 18.15 

New Synthetic 
 PO1S 2.58 2.61 0.15 3.26 

PO2S 9.01 8.53 0.15 14.10 

 

Table 4.6: Median, mean, minimum and maximum values of the average filopodial lengths across 

all synthetic phenotypes.*PDS denote the case when only main filopodial branches of phospho-

defective synthetic cells were considered. 
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Figure 4.28: Average temporal profiles of the number (a, f), average length (b, g), and lifetime 

cumulative histograms (c-e, h-j) of the filopodial protrusions per frame for all WTR, OER, PDR, WTS, 

OES and PDS experiments respectively. The synthetic ground truth with continuous lines is shown for 

comparison (a-b). CNN method results are shown. 
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4.3.4 Robustness of the CNN method 

In order to evaluate the robustness of the originally trained CNN-based 

method against varying the cellular phenotype, the signal-to-noise ratio 

(SNR), and the imaging system, represented by its point spread function 

(PSF) of the microscope, new synthetic image datasets were generated and 

analyzed. These new datasets (each composed of three sequences with the 

same length and spatiotemporal resolution of the original synthetic datasets) 

displayed single cells of two new synthetic geometries (i.e., phenotypes). 

These new phenotypes could be considered intermediate between the OE and 

PD phenotypes in terms of width and length of their single-branch filopodial 

protrusions. They were named as phospho-over-expressing 1 (PO1S) and 

phospho-over-expressing 2 (PO2S). The filopodial lengths of the original and 

new synthetic phenotypes are shown in Table 4.6 for comparison.  

 

The fluorescence level of the new cell geometries used to generate the 

new datasets was multiplied by seven different factors (Fs): 0.10, 0.15, 0.20, 

0.5, 1.0, 2.0, and 5.0, with F = 1.0 being the original FiloGen configuration. 

This factor and the actual geometry of the cell indirectly determines the SNR 

level of the generated image data. This approach is feasible due to a 

predominance of photon shot (Poisson) noise in fluorescence microscopy and 

its dependence on the fluorescence level. All the new sequences were 

generated using the PSF of a spinning disk confocal microscope equipped 

with a water Plan-Apochromatic 63 (1.2 NA) used in the original datasets 

(Figures 4.29-30).  

 

CNN segmentation results for all noise factors (i.e., F = 0.10, 0.15, 0.20, 

0.5, 1.0, 2.0, and 5.0) are shown for comparison in Figures 4.31-32. 

 

Moreover, from each cell geometry (PO1S and PO2S) and for noise factor 

F = 1.0, three new sequences were generated using the theoretical PSF 

(Huygens, SVI, the Netherlands) of a laser scanning confocal microscope 

equipped with a water Plan-Apochromatic 63 (1.4 NA) objective lens, with 

the pinhole size fixed at three Airy units (Figures 4.33-34). 
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Figure 4.29: Contrast enhanced, maximum intensity projections of a PO1S cell image stack 

along the axial (a-g) and tangential direction (h-n), with increasing signal-to-noise ratios 

(SNRs). SNR values of the image data are: 0.511 (a, h), 0.715 (b, i), 0.886 (c, j), 1.453 (d, k), 

1.732 (e, l), 1.860 (f, m) and 1.916 (g, n).  

 

 
Figure 4.30: Contrast enhanced, maximum intensity projections of a PO2S cell image stack 

along the axial (a-g) and tangential direction (h-n), with increasing signal-to-noise ratios 

(SNRs). SNR values of the image data are: 0.517 (a, h), 0.727 (b, i), 0.905 (c, j), 1.522 (d, k), 

1.845 (e, l), 1.998 (f, m) and 2.067 (g, n). 
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Figure 4.31: Contrast-enhanced, maximum intensity projections and segmentation masks 

along the axial (a-g, h-n) and tangential direction (o-u, v-œ) of a PO1S cell containing image 

stack. Notice the difference in the segmentation accuracy based on the noise present in the 

image. SNR values of the image data are: 0.511 (a, o), 0.715 (b, p), 0.886 (c, q), 1.453 (d, r), 

1.732 (e, s), 1.860 (f, t) and 1.916 (g, u). 

 

 
Figure 4.32: Contrast-enhanced, maximum intensity projections and segmentation masks 

along the axial (a-g, h-n) and tangential direction (o-u, v-œ) of a PO2S cell containing image 

stack. Notice the difference in the segmentation accuracy based on the noise present in the 

image. SNR values of the image data are: 0.517 (a, o), 0.727 (b, p), 0.905 (c, q), 1.522 (d, r), 

1.845 (e, s), 1.998 (f, t) and 2.067 (g, u). 
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Figure 4.33:  Contrast-enhanced, maximum intensity projections along the axial (a, b) and 

tangential direction (c, d) of the same PO1S cell. Image frames (a, c) were generated using 

the experimental PSF of a spinning disk confocal microscope. Frames (b, d) were generated 

using the theoretical PSF of a laser scanning confocal microscope. Both frames were 

generated using the same fluorescence intensity multiplicative factor of F = 1.0. 
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Figure 4.34: Contrast-enhanced, maximum intensity projections along the axial (a, b) and 

tangential direction (c, d) of a PO2S cell. Image frames (a, c) were generated using the 

experimental PSF of a spinning disk confocal microscope. Frames (b, d) were generated 

using the theoretical PSF of a laser scanning confocal microscope. Both frames were 

generated using the same fluorescence intensity multiplicative factor of F = 1.0. 

 

The tracking results obtained on the new phenotypes were compared with 

those obtained on the original synthetic phenotypes using the same 

multiplicative factor (F = 1.00), i.e., with a similar average SNR (Table 4.7). 

Specifically, for the detection and recall measures, four-way ANOVA 

analyses (factors: 1: sequence type; 2: phenotype; 3: video sequence; 4: video 

frame) was performed. The ANOVA revealed a main effect of phenotype for 

the detection measure (F(311)=419.2, p<0.001). For the recall measure, the 

ANOVA revealed a main effect of the sequence type (F(311)=33.74, 

p<0.001), phenotype (F(311)=143.47, p<0.001) and video frame 

(F(311)=2.45, p<0.001). For localization and linking measures, a three-way 

ANOVA (factors: 1: sequence type; 2: phenotype; 3: video sequence) was 

performed. The ANOVA results for the localization measure revealed a main 

effect of phenotype (F(11)=346.11, p=0.0029). The ANOVA results for the 

linking measure revealed a main effect of phenotype (F(11)=220.19, 

p=0.0045), and sequence type (F(11)=172.66, p=0.0057). 
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ROBUSTNESS OF THE CNN-BASED SEGMENTATION AND TRACKING RESULTS – ORIGINAL VS. 

NEW PHENOTYPES 

 

Phenotype WTS OES PDS PO1S PO2S 

cWS 4 4 4 4 4 

mLS 14 12 14 11 15 

  2.19 2.20 7.03 2.20 7.03 

SNR 1.928 1.905 1.720 1.732 1.845 

Mean SNR 1.851 (±0.127) 1.789 (±0.083) 

Factor 1.00 1.00 

Detection 

(LOFMD)  

[0 1] 

0.970 

(±0.142) 

0.905 

(±0.204) 

0.647 

(±0.141) 

0.979 

(±0.008) 

0.630 

(±0.088) 

Recall (LOFMR) 

[0 1] 

0.973 

(±0.140) 

0.968 

(±0.065) 

0.869 

(±0.092) 

0.993 

(±0.012) 

0.924 

(±0.017) 

Localization 

(RMSE)  

[0, )  

(in µm) 

0.564 

(±0.070) 

0.643 

(±0.023) 

1.408 

(±0.093) 

0.766 

(±0.082) 

1.344 

(±0.150) 

Linking 

(LOFML)  

[0 1] 

0.990 

(±0.006) 

0.998 

(±0.001) 

0.954 

(±0.009) 

0.998 

(±0.001) 

0.991 

(±0.003) 

 

Table 4.7: Tracking results (detection, recall, localization, and linking average values) 

obtained using the CNN-based segmentation and tracking pipeline across the original (WTS, 

OES, and PDS) and the new (PO1S and PO2S) synthetic phenotypes. Note that the CNN was 

trained only with the original phenotypes. The critical width (cWS), minimal length (mLS), 

and gating distance () used by the detection and tracking algorithms, along with the average 

signal-to-noise ratios (SNRs) of all phenotypes are shown for comparison. cWS and mLS for 

the intermediate synthetic phenotypes (PO1S and PO2S) were optimized to produce the 

highest value of the LOFMD measure possible and   was fixed to the same value as for their 

most similar synthetic phenotypes (PO1S as OES and PO2S as PDS). The experimental PSF 

of a spinning disk confocal microscope was used for generating the synthetic image data. 

 

This exposed that in the case of the detection measure, there were no 

significant differences between original OES, PDS and new PO1S, PO2S 

sequences. In the case of the recall and linking measures, the CNN method 

achieved significantly better results on the new sequences compared to the 

original ones. Finally, globally for all measures, the phenotypes OES and 

PO1S displayed significantly better results than phenotypes PDS and PO2S. 
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Next, the robustness of our workflow was evaluated against increasing 

SNR levels (Table 4.8). Specifically, for the detection and recall measures, 

four-way ANOVA analyses (factors: 1: noise factor; 2: phenotype; 3: video 

sequence; 4: video frame) was performed. The ANOVA revealed a main 

effect of noise factor (F(1091)=845.54, p<0.001), phenotype 

(F(1091)=1231.63, p<0.001) and video sequence (F(1091)=38.42, p<0.001) 

for the detection measure. For the recall measure a main effect of noise factor 

(F(1091)=1657.71, p<0.001), phenotype (F(1091)=239.32, p<0.001) and 

video sequence (F(1091)=3.43, p=0.0329) were found. For localization and 

linking measures, a three-way ANOVA (factors: 1: noise factor; 2: 

phenotype; 3: video sequence) was performed. The ANOVA results for the 

localization measure revealed a main effect of phenotype (F(41)=662.83, 

p<0.001) and noise factor (F(41)=89.56, p<0.001). The ANOVA results for 

the linking measure revealed a main effect noise factor (F(41)=45.42, 

p<0.001), phenotype (F(41)=46.14, p<0.001) and video sequence 

(F(41)=4.14, p=0.0429). This exposed that in the detection, recall and 

localization measures, the results for factors F = 0.10, F = 0.15, F = 0.20 were 

significantly lower from the ones obtained with the reference factor F = 1.0. 

Regarding the linking measure, the results for factors F = 0.10 and F = 0.15 

were significantly lower from the ones obtained with the reference factor F = 

1.0. For all measures, phenotype PO1S displayed significantly better results 

than phenotype PO2S. 

 

Finally, we compared the tracking results obtained for sequences 

generated with both PSFs, for a similar amount of noise (Table 4.9). 

Specifically, for the detection and recall measures, four-way ANOVA 

analyses (factors: 1: sequence type; 2: phenotype; 3: video sequence; 4: video 

frame) was performed. The ANOVA revealed a main effect of sequence type 

(F(311)=99.29, p<0.001), phenotype (F(311)=426.68, p<0.001), video 

sequence (F(311)=5.46, p=0.005) and video frame (F(311)=1.57, p=0.0491) 

for the detection measure. For the recall measure a main effect of sequence 

type (F(311)=20.55, p<0.001), phenotype (F(311)=83.9, p<0.001) and video 

sequence (F(311)=4.04, p=0.0192) were found. For localization and linking 

measures, a three-way ANOVA (factors: 1: sequence type; 2: phenotype; 3: 

video sequence) was performed. The ANOVA results for the localization 

measure revealed a main effect of phenotype (F(11)=729.61, p=0.0014) and 

sequence type (F(11)=218.13, p=0.0046). 
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ROBUSTNESS OF THE CNN-BASED SEGMENTATION AND TRACKING RESULTS– EFFECT OF 

NOISE 
 

Phenotype PO1S 

cWS 2 5 6 4 4 12 5 

mLS 13 14 14 12 11 23 14 

  2.20 

SNR 0.511 0.715 0.886 1.453 1.732 1.860 1.916 

Factor 0.10 0.15 0.20 0.50 1.00 2.00 5.00 

Detection 

(LOFMD)  

[0 1] 

0.037 

(±0.029) 

0.760 

(±0.084) 

0.895 

(±0.071) 

0.977 

(±0.013) 

0.979 

(±0.008) 

0.985 

(±0.015) 

0.966 

(±0.039) 

Recall (LOFMR) 

[0 1] 

0.333 

(±0.019) 

0.796 

(±0.096) 

0.918 

(±0.074) 

0.990 

(±0.012) 

0.993 

(±0.012) 

0.995 

(±0.005) 

0.987 

(±0.012) 

Localization 

(RMSE)  

[0, ) (in µm) 

0.997 

(±0.046) 

0.805 

(±0.035) 

0.739 

(±0.080) 

0.705 

(±0.091) 

0.766 

(±0.082) 

0.798 

(±0.077) 

0.818 

(±0.080) 

Linking 

(LOFML)  

[0 1] 

0.984 

(±0.005) 

0.997 

(±0.001) 

0.998 

(±0.001) 

0.998 

(±0.001) 

0.998 

(±0.001) 

0.998 

(±0.001) 

0.998 

(±0.001) 

Phenotype PO2S 

cWS 4 3 7 4 4 4 4 

mLS 26 18 22 35 15 13 13 

  7.03 

SNR 0.517 0.727 0.905 1.522 1.845 1.998 2.067 

Factor 0.10 0.15 0.20 0.50 1.00 2.00 5.00 

Detection 

(LOFMD)  

[0 1] 

0.187 

(±0.071) 

0.457 

(±0.105) 

0.584 

(±0.074) 

0.599 

(±0.092) 

0.630 

(±0.088) 

0.705 

(±0.111) 

0.697 

(±0.091) 

Recall (LOFMR) 

[0 1] 

0.273 

(±0.026) 

0.542 

(±0.124) 

0.748 

(±0.053) 

0.931 

(±0.037) 

0.973 

(±0.011) 

0.916 

(±0.008) 

0.902 

(±0.004) 

Localization 

(RMSE)  

[0, ) (in µm) 

4.640 

(±0.314) 

3.709 

(±0.177) 

3.160 

(±0.374) 

1.205 

(±0.145) 

1.194 

(±0.052) 

1.399 

(±0.014) 

1.371 

(±0.224) 

Linking 

(LOFML)  

[0 1] 

0.806 

(±0.046) 

0.947 

(±0.033) 

0.954 

(±0.024) 

0.991 

(±0.005) 

0.995 

(±0.004) 

0.991 

(±0.004) 

0.994 

(±0.002) 

 

Table 4.8: Tracking results (detection, recall, localization and linking average values) 

obtained using the CNN-based segmentation and tracking pipeline for the two intermediate 

synthetic phenotypes (PO1S and PO2S), with seven increasing signal-to-noise ratios (SNRs).  

The critical width (cWS), minimal length (mLS), gating distance () and average SNR values 

of all phenotypes are shown for comparison. cWS and mLS for the intermediate synthetic 

phenotypes were optimized to produce the highest value of the LOFMD measure possible 

and   was fixed to the same values as for their most similar synthetic phenotypes (PO1S as 

OES and PO2S as PDS). The experimental PSF of a spinning disk confocal microscope was 

used for generating the synthetic image data. 
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The ANOVA results for the linking measure did not reveal any 

interaction. This exposed that in the detection, recall and localizations 

measures, PO1S, PO2S sequences with a laser scanning confocal PSF 

displayed significantly better results than their counterparts with a spinning 

disk confocal PSF. For all measures but linking, phenotype PO1S with both 

laser scanning and spinning disk confocal PSF achieved significantly better 

results its phenotype PO2S counterpart. 

 

And finally, in order to show situations where our processing pipeline 

might give bad and good results, examples of correct and incorrect detections 

and tracking assignments are shown in Figures 4.35-37. If the input image 

has very low SNR, some filopodia and part of the cell body might be lost, 

thus producing poor detection of filopodia (Figure 4.35 c, g). Likewise, if the 

image has a low-intensity definition in the filopodial tips, the processing 

pipeline detects noise as spurious tips. Moreover, finding several tips in one 

filopodium has a negative impact on the number of filopodia and in their 

tracking association (Figure 4.35 d, h and Figure 4.37). Contrarily, if the 

intensity of the filopodial tips is more stable, the processing pipeline correctly 

detects all filopodial tips and is able to correctly associate them (Figure 4.36 

c, d and Figure 4.37). 
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ROBUSTNESS OF THE CNN-BASED SEGMENTATION AND TRACKING RESULTS – EFFECT OF 

THE PSF  
 

 New Synthetic 

 
Spinning Disk Confocal 

Experimental PSF 

Laser Scanning Confocal 

Theoretical PSF 

Phenotype PO1S PO2S PO1S PO2S 

cWS 4 4 6 6 

mLS 11 15 15 35 

  2.20 7.03 2.20 7.03 

SNR 1.732 1.845 1.346 1.489 

SNR Mean 1.789 (±0.083)  1.417 (±0.099) 

Factor 1.0 1.0 

Detection 

(LOFMD)  

[0 1] 

0.979 (±0.008) 0.630 (±0.088) 0.993 (±0.005) 0.852 (±0.004) 

Recall (LOFMR) 

[0 1] 
0.993 (±0.012) 0.924 (±0.017) 0.998 (±0.002) 0.968 (±0.015) 

Localization 

(RMSE)  

[0, ) µm 

0.766 (±0.082) 1.344 (±0.150) 0.607 (±0.050) 0.957 (±0.034) 

Linking 

(LOFML)  

[0 1] 

0.998 (±0.001) 0.991 (±0.003) 0.998 (±0.001) 0.997 (±0.002) 

     

Table 4.9: Tracking results (detection, recall, localization, and linking average values) 

obtained using the CNN-based segmentation and tracking pipeline for the two intermediate 

synthetic phenotypes (PO1S and PO2S), with the image data generated using two different 

PSFs.  The critical width (cWS), minimal length (mLS), and gating distance () used by the 

detection and tracking algorithms, along with the average signal-to-noise ratios (SNRs) of 

all phenotypes are shown for comparison. cWS and mLS for the intermediate synthetic 

phenotypes were optimized to produce the highest value of the LOFMD measure possible 

and   was fixed to the same values as for their most similar synthetic phenotypes (PO1S as 

OES and PO2S as PDS). The fluorescence intensity multiplicative factor was set to 1.0 to 

ensure similar conditions. 
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Figure 4.35: Contrast-enhanced, maximum intensity projections and 3D renderings of a PO2S 

cell segmentation mask, along the axial (a-d) and tangential direction (e-h), with F = 0.10 (a, 

e) and F = 1.00 (b, f). Detected tips are plotted in red and the skeleton in cyan. Notice the 

missing tip detections (c, g) and the excess of tip detections (d, h) corresponding the scenarios 

of very low and average SNR respectively. 
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Figure 4.36: Contrast-enhanced, maximum intensity projections and 3D renderings of a PO1S 

cell segmentation mask along the axial (a, c) and tangential direction (b, d) with F = 1.00. 

Detected tips are plotted in red and the skeleton in cyan. In this case, all filopodial tips are 

correctly detected with no spurious detections inside the filopodia (c, d). 

 

 
Figure 4.37: Sample tracking associations (green lines) between two consecutive frames of 

a PO2S cell. Filopodial detections are marked in red in the current frame and in blue the 

previous frame. Incorrect associations, due to multiple spurious detections are marked with 

squares. 
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4.4 Experimental results 

In this section, different results obtained through the analysis of cell 

morphology in A549 cells are presented. 

4.4.1 Quantification of cell morphology 

Results of the analysis of cell morphology in the three different CRMP-2 phenotypes 
and of the analysis of filopodial protrusions after microtubule-disrupting drug 
treatment are listed next. 

Comparison of CRMP-2 phenotypes 

A549 cell morphology analysis experiments within chambered coverglass 

wells using CM0 hydrogels were analyzed, in order to quantify differences in 

number, length and lifetime of filopodial protrusions. Three replicas were 

analyzed for each CRMP-2 phenotype (WTR, OER, and PDR). Figure 4.38 

shows the graphs of the average number and length of filopodia including the 

lifetime cumulative histograms computed from the three experiment replicas 

of the three different real CRMP-2 phenotypes over time.  
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Figure 4.38: Average temporal profiles of the number (a), average length (b), and lifetime 

cumulative histograms (c-e) of the filopodial extensions per frame for all WTR, OER, and 

PDR experiments respectively. CNN segmentation method is used in these results. 

Dynamics of filopodial protrusions as a function of the ECM 

composition. 

H1299 cell morphology analysis experiments within chambered coverglass 

wells using the three hydrogels types (C, CM, and CM+) were performed, in 

order to quantify differences in number and length of filopodial protrusions 

of H1299 cells in each of the different hydrogels.  
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Five replicas were analyzed for each hydrogel type (WTC, WTCM, and 

WTCM+).  Representative segmentation results of three WTC, WTCM and 

WTCM+ cells are shown in Figure 4.39. 

 

Qualitatively, the figure shows a great deal of heterogeneity of cell a 

filopodial morphology. Filopodia of H1299 cells in CM and CM+ hydrogels 

seem to have thicker filopodia compared to H1299 cells in C hydrogels. 

 
Figure 4.39: Maximum intensity projections of the grayscale images (a-e, k-o, and u-y), and 

their corresponding segmentation masks projections (f-j, p-t, and z-å) of five WTC (a-j), 

WTCM (k-t), and WTCM+ (u-å) cells.  CNN segmentation method is used. 
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Quantitively, Figure 4.40 shows the graphs of the average number and 

length of filopodia computed from the five experiment replicas of the three 

different hydrogels over time. As shown by the graph (Figure 4.40 a), H1299 

cells display a higher number of filopodia in hydrogel C, which decreases in 

hydrogel CM+ and C. Furthermore (Figure 4.40 b) the H1299 cells in 

hydrogel CM+ have shorter filopodia compared to C and CM, where the 

length of the filopodia is approximately the same. 

 
 

Real 

 
                           (a)                                                                         (b) 

Figure 4.40: Average temporal profiles of the number (a), average length (b) of the filopodial 

extensions per frame for all WTC, WTCM and WTCM+ experiments respectively. CNN 

segmentation method is used in these results. 

4.5 Discussion 

The main goal of this thesis is to determine the role of the microenvironment 

in cancer cell migration. In chapter 3 we analyzed the effect of the 

environment in the dynamics of migration, at low magnification. In this 

chapter, we have dedicated a closer look at the morphology of cancer cell 

migration in 3D, at higher magnification. More specifically, we have 

analyzed the role of the microenvironment in the generation of cell 

protrusions during mesenchymal type of migration. To this end, we have 

made a number of choices, explained in the following paragraphs. We have 

also developed and validated state-of-the-art image analysis tools and used 

them to quantify cell protrusion at high magnification in migrating cancer 

cells. 

 

The setup and validation of the methods used to quantify filopodial 

dynamics were done using the A549 cells, which are known to have 

metastatic potential. In order to have cells with increasing filopodial length, 

we have made use of two genetic variants of a protein (CRMP-2) that 
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contributes to the assembly of the microtubule network, which in turn is 

associated to the formation of the actin cytoskeleton. Therefore, having 

cancer cells with three clear levels of length and complexity of the filopodial 

protrusions we can effectively determine if our analysis method is sensitive 

enough to detect phenotypical differences. Once our algorithm was tested and 

validated on A549 cells, we turned to the H1299 cells used in the low-

resolution analysis to analyze the formation of protrusions at high 

magnification, as a function of hydrogel composition.    

 

The choice of hydrogel for setting up the analysis pipeline was defined 

following the results obtained in the previous chapter. In that chapter, it was 

concluded that cancer cells migrate faster in hydrogels of mixed collagen-

Matrigel compositions than in pure collagen hydrogels. It was also observed 

that the addition of Matrigel tends to switch the migration phenotype from a 

pure mesenchymal phenotype to a lobopodial phenotype. Accordingly, our 

CM0 hydrogels were chosen as a compromise between an environment that 

favor migration (due to Matrigel) while retaining a mesenchymal phenotype 

that could be quantified and better relate to the dynamics of migration than 

the complex lobopodial type of migration. After this, we have also looked at 

the dynamics of protrusion formation in the same C, CM and CM+ hydrogels 

used at low resolution to relate the results of both types of analysis. 

 

The platform used for the analysis (8-well chambered coverglass slides) 

seems appropriate for the analysis, due to the low number of cells required 

for the analysis. 

 

Two different confocal microscopes were used, as required for the 

acquisition of 3D stacks of GFP-tagged cells. A spinning disk confocal 

microscope was used in the experiments performed to set-up and validate the 

analysis pipeline. This pipeline was proved robust as to be able to generalize 

its results to images acquired using a laser scanning microscope. Therefore, 

for the final experiments used to determine the effect of the 

microenvironment we used a laser scanning microscope with a highly 

sensitive GASP detector that ensures excellent light sensitivity with very 

short acquisition times.  

 

The processing pipeline described and evaluated represents a novel and 

efficient approach for quantifying and tracking filopodial protrusions in 3D 

cancer cells. The main contributions to the scientific community are: 
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1. To the best of our knowledge, all previous software for quantifying and 

tracking filopodial protrusions were based on analyzing cells moving on 

a 2D surface or on analyzing 2D maximum intensity projections of cells 

imaged in 3D. For the first time, we have analyzed, fully in 3D, the 

morphology and dynamics of filopodial structures of cells embedded in 

3D ECMs. This 3D experimental setup has much higher physiological 

significance than the 2D ones since it has been proved that the 

mechanisms of cell migration significantly differ between 2D and 3D 

environments [74], [263]. Moreover, by performing the analysis fully in 

3D instead of in maximum intensity projections images, we ensure a 

proper detection and quantification of filopodia with arbitrary 

orientations. 

 

2. We have developed and evaluated our segmentation and tracking pipeline 

using a unique dataset composed of both real and computer-generated 

cells with three distinct filopodial phenotypes. These image datasets 

represent an objective benchmark for the evaluation of our method and 

are available to the scientific community [122].  

 

3. Our cell segmentation and filopodia detection pipeline makes use of the 

popular deep learning methods, whose promising results have been 

recently highlighted in the area or particle [264] and cell tracking [110]. 

Indeed, we show the first use of CNNs for segmentation of cells and 

filopodial tips detection in 3D. The complexity of properly training these 

networks, given the size and variability of the image data, should not be 

overemphasized. In that regard, having access to synthetic data was 

instrumental to the correct training of the CNNs without the need for 

extensive, time consuming, and highly subjective manual annotation of 

the 3D+t image data. 

 

Our CNN-based pipeline outperforms a state-of-the-art method based on 

the minimization of the Chan-Vese model, which is a very powerful tool for 

the segmentation of 3D cells at high magnification [104]. Indeed, the baseline 

CVS method is included in the tracking by contour evolution paradigm, 

which has been considered especially appropriate for tracking of cells imaged 

at high magnification, provided that there is sufficient temporal resolution, 

and exists cell overlap between consecutive video frames [110]. Moreover, 

the described CVS method takes full advantage of the 3D nature of the image 
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data compared to previous slice-by-slice segmentation methods [97]. In this 

work, we take advantage of the segmentation improvement provided by the 

CNN [265] to complete the detection and filopodial tips tracking tasks. In 

both tasks, a CNN trained with all phenotypes together outperforms the 

results of the CVS method, which was optimized per individual phenotype 

using a genetic algorithm. On the one hand, the CNN outperforms the CVS 

method regarding the segmentation accuracy, both globally and for the real 

datasets, for which the weighting strategy of the segmentation CNN was 

specifically tuned. On the other hand, the CNN based pipeline globally 

outperforms the CVS based pipeline in terms of detection, recall and 

localization measures. The only exception is the detection of filopodial tips 

in the PDS cells, where the CNN produced spurious detections. This was not 

unexpected as the weighing strategy of the CNN was optimized for the 

detection of filopodial tips in real cells. Regarding the quantification of the 

lifetime of the filopodia, the CNN provides accurate results for the WTS and 

OES phenotypes while the accuracy falls in the PDS phenotype, due to the 

above-mentioned detection problem. These results could be improved by 

specific CNN training or with a smarter linking algorithm. Improvements can 

also be performed in the skeletonization phase when the filopodia are defined. 

In the current implementation, there is only one common base width for all 

filopodia in the cell. Allowing different adaptive filopodia width base in the 

cell (e.g., via another CNN that learned the point of the skeleton where there 

is a main filopodium base) would improve the results since filopodia of 

different thickness would be better defined. And in the case when there are 

filopodia sub-branching, we could define the base of this short filopodia as 

the intersection with the main parent filopodium, being able to prune short 

filopodia and therefore reduce noise. 

 

We have tested the robustness of our processing pipeline on two 

intermediate synthetic phenotypes of different widths and lengths of 

filopodial protrusions which were not used in the training of the segmentation 

and tip detector CNNs. The results obtained on these new phenotypes are 

similar or better than those obtained on the original phenotypes, thus 

confirming the applicability of the method to unknown datasets. If those 

datasets to be tested were very different from the ones presented here and 

their results needed to be improved, both CNNs could be easily retrained with 

that new image data. We have also demonstrated that the tracking results are 

robust in a wide range of signal-to-noise ratios. 
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Summarizing, the CNN method provides both qualitative (i.e., simplicity, 

generalizability, self-learning capability) and quantitative (i.e., higher 

performance) advantages compared to the CVS method. The trained 

segmentation CNN can be used for the segmentation of cells with filopodia 

of different structural attributes, such as length, thickness, and level of 

branching, thus being applicable to natural scenarios when cells of multiple 

filopodial phenotypes co-exist in tissue (or culture). Otherwise, the 

optimization of the CVS algorithm reaches optimal values specifically for 

each phenotype and are highly dependent on the uniformity of the 

morphology of filopodia. Moreover, the tip detector CNN could be used for 

other binary end-point selection or skeletonization tasks, using the CNN as it 

is, or fine-tuning it with new data. 

 

From the implementation point of view, we take advantage of an existing 

open-source platform [116], which provides a set of internal programming 

structures and a highly intuitive user interface. We have replaced and 

extended its three main analysis modules to 3D, to be able to use the GUI to 

visualize the results provided by our methods. In Appendix B, screenshots 

and description of the updated CellGeo GUI are shown. 

 

The experiments performed with the GFP-transfected A549 cancer cells 

with three morphologically distinct filopodial CRMP-2 phenotypes show that 

the number and the average length of filopodial protrusions can discriminate 

the different morphology of WT, OE and PD cells. Filopodia life time is also 

useful for checking how stable are filopodia in cells. As shown, WTR cells 

show a lower number of filopodia compared to the OER and PDR phenotypes 

having these ones a similar number of protrusions over time. Regarding the 

average filopodia length, the WTR and OER cells show similar low values 

compared to the long PDR filopodia. Lifetime results present similar values 

for WTR, OER and PDR phenotypes having all of them filopodia with 

heterogeneous life times. 

 

The quantitative results of the experiments of H1299 WT cells embedded 

in the hydrogel types reveal some differences of cell morphology in the three 

different hydrogels. WTCM+ cells show a low-intermediate number of 

filopodia compared to the WTC and WTCM ones and their average length is 

the smallest of all three. This could be explained by the fact that cells in 

hydrogel CM+ have a stronger attachment to the substrate and therefore, their 

filopodia number and length are relatively small compared to the other 
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hydrogels. WTCM cells have the highest number of filopodia although their 

average length is very similar to the WTC ones. This -the combined effect of 

filopodial length and number- seems to match with the larger migration 

capacity of H1299 cells seen in the low magnification experiments, indicating 

that this kind of gel, cells are comfortable and can move and sense the ECM 

better than in collagen only hydrogel (C) due to the addition of Matrigel but 

without the excessive adhesion present in hydrogel type CM+. Qualitatively, 

as seen in Figure 4.39, filopodia in hydrogel CM, are also thicker than in the 

other hydrogels (C and CM+) which may imply better traction for migration. 
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Chapter 5 

5. Conclusions 

 

In this section, conclusions and future work lines are presented. 

5.1 Concluding remarks 

In this work, we have presented an extensive analysis of cancer cell migration 

as a function of the biomechanical properties of the migration 

microenvironment. To this end, we have quantified at low resolution the 

migration of lung cancer cells in microfluidic devices filled with hydrogels 

of different composition that mimic the connective tissue and the leading edge 

of tumor invasion. Then we have quantified at high magnification the 

morphology of these migrating cancer cells, and specifically the morphology 

and dynamics of formation and retraction of filopodial protrusions typical of 

mesenchymal migration. 

 

The main conclusions of the thesis are listed next. 

 

• We have presented an efficient experimental platform for the study of 

cancer cell migration at low magnification. This platform is based on the 

use of the microfluidic devices, which provide excellent optical properties 

for time-lapse microscopy imaging and high level of control of the 

microenvironment properties. We have also presented the composition 

and fabrication protocols of three different collagen-based hydrogels that 

mimic different tumor microenvironments, such as pure collagen matrices 

that resemble the connective tissue, or mixed collagen-Matrigel matrices 

that mimic the disorganized basement membrane at the front of cancer 

invasion.  

 

• We have developed the image analysis tools required for the study of the 

cell migration assays at low magnification, performed within microfluidic 

devices filled with biomimetic hydrogels. To quantify cell migration in 

PhC and fluorescence time-lapse videos, we have developed and 

validated state-of-the-art methods based on the use of optimization (Chan-
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Vase model) and computational neural networks (CNNs), while solving 

complex problems, such as the correction of artefactual movements of the 

device and hydrogel, commonly found when analyzing these 

experimental assays. 

 

• The results of low magnification cell migration assays performed in 

mixed collagen-Matrigel hydrogels revealed that Matrigel, at an 

intermediate concentration enhances cell migration compared to collagen 

only hydrogels, due to the greater stiffness and increased pore size caused 

by Matrigel. In hydrogels with higher Matrigel concentrations, cell 

migration slows down, probably due to increased cell attachment caused 

by the Matrigel. 

 

• The results of cell migration experiments using integrin-blocking 

antibodies revealed that the blockade of one or both β1 and β3 integrins 

causes a transition from mesenchymal to amoeboid, integrin-independent 

migration phenotype all hydrogel types studied. Blocking cell attachment 

integrins reduced cell migration in collagen only hydrogels, possibly due 

to the lack of the cell attachments required for integrin-mediated 

migration. However, in hydrogels containing large concentrations of 

Matrigel, displaying larger pore sizes, the switch to amoeboid phenotype 

enhanced cell migration, probably due to the release from the excessive 

substrate attachment associated to the integrin-blockade. 

 

• The results of cell migration assays using blockade of MMP activity 

reveal that Matrigel enhances ECM degradation, as shown by a deeper 

migration reduction compared to in collagen only hydrogels. 

 

• We have developed an efficient experimental setup for the study of the 

morphology of cancer cells migrating with a mesenchymal phenotype. 

Specifically, we have been able to effectively analyze the number and 

morphology of filopodial structures during cancer mesenchymal cell 

migration. 

 

• To quantify cell filopodia, we have developed state-of-the-art methods 

based on CNNs for segmenting cells in 3D fluorescence image stacks and 

for detecting filopodial tips in 3D. We have also developed a novel and 

simple approach of binary object skeletonization.  



Section 1.1.  Future work 181 

 

 

• The processing pipeline for cell filopodia tracking has been validated with 

A549 cells and the method has been shown to be robust and to improve 

the results obtained with previous state-of-the-art segmentation methods 

based on active contours (CVS).  

 

• The results of H1299 cell morphology analysis assays at high 

magnification performed in mixed collagen-Matrigel- hydrogels, 

revealed that Matrigel, at an intermediate concentration, enhances the 

creation of protrusions -higher number of longer filopodia- compared to 

collagen only hydrogels (C) possibly due to the greater stiffness and 

increased pore size of Matrigel containing hydrogels. In hydrogels with 

higher Matrigel concentrations (CM+), the filopodia length decreases, 

probably due to an increased cell attachment caused by the excess of 

Matrigel. Qualitatively, cells embedded in hydrogel CM seems to have 

large and thicker protrusions than in the other types of hydrogels, which 

might provide better traction and easier mobility through the hydrogel. 

5.2 Future work 

In this thesis, several approaches have been used and developed to ease the 

understating of 3D cancer cell migration in physiologically relevant 3D 

microenvironments. Results and methods obtained in this work, suggest the 

following possible future lines of research: 

 

• Testing the cell morphology processing pipeline on new cell lines and 

more complex cell phenotypes. As it has been demonstrated, the CNN-

based segmentation and tracking approaches provide a significant degree 

of generalization to somewhat similar phenotypes without the need for 

retraining or fine-tuning the CNNs. Although, substantially different 

phenotypes might require retraining to achieve accurate results.  

 

• Perform time-lapse cell migration experiments in microfluidic devices 

with biomimetic hydrogels at high magnification to be able to track cells 

also in the Z-axis, taking special care in the design of the experimental 

setup to avoiding cell phototoxicity. 
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• Improving the segmentation results in complex cases where the cortical 

staining does not correctly highlight the entire cell boundary. Adding a 

second, cytoplasmic staining might help in that regard, although the 

improvement introduced would need to be evaluated in the context of a 

possible negative effect on the acquisition time, thus temporal resolution, 

phototoxicity, and experimental complexity. 

 

• Creating an automatic adaptive method for definition of the filopodium 

base in the skeleton, including branching filopodia. 

 

• Extending the tip detector CNN to detect also bleb-like protrusions 

following a similar approach used for the filopodial protrusions.   

 

• Extending the pipeline to deal with more complex scenarios of multiple, 

mutually interacting cells with filopodial and bleb-like protrusions. 
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A  Publications 

 

Journals 
 

C. Castilla, M. Maska, D. V Sorokin, E. Meijering, and C. Ortiz-de 

Solorzano, “Three-Dimensional Quantification of Filopodia in Motile Cancer 

Cells.,” IEEE Trans. Med. Imaging, (Early Access), pp. 1–1, Oct. 2018. 

 

M. Anguiano*, C. Castilla*, M. Maška, C. Ederra, R. Peláez, X. Morales, G. 

Muñoz-Arrieta, M. Mujika, M. Kozubek, A. Muñoz-Barrutia, A. Rouzaut, S. 

Arana, J. M. Garcia-Aznar, and C. Ortiz-de-Solorzano, “Characterization of 

three-dimensional cancer cell migration in mixed collagen-Matrigel scaffolds 

using microfluidics and image analysis,” PLoS One, vol. 12, no. 2, 2017. (* 

equal contributors) 

 

Conferences 
 

C. Castilla, M. Maska, D. V. Sorokin, E. Meijering, and C. Ortiz-de-

Solorzano, “Segmentation of actin-stained 3D fluorescent cells with 

filopodial protrusions using convolutional neural networks,” in 2018 IEEE 

15th International Symposium on Biomedical Imaging (ISBI 2018), 2018, pp. 

413–417. 

 

M. Anguiano, C. Castilla, M. Maska, C. Ederra, J. Fernandez-Marques, R. 

Pelaez, A. Rouzaut, A. Munoz-Barrutia, M. Kozubek, and C. Ortiz-de-

Solorzano, “Characterization of the role of collagen network structure and 

composition in cancer cell migration,” in 2015 37th Annual International 

Conference of the IEEE Engineering in Medicine and Biology Society 

(EMBC), 2015, vol. 2015, pp. 8139–8142. 
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Appendix B 

B  Software 

 

Cell migration analysis – Elastix 
 

The main Elastix parameters used in the Similarity transformation for the 

microfluidic device movement correction, were defined as: 

 

• Registration: MultiResolutionRegistration 

• FixedImagePyramid: FixedRecursiveImagePyramid 

• MovingImagePyramid: MovingRecursiveImagePyramid 

• Interpolator: BSplineInterpolator 
• Optimizer: AdaptiveStochasticGradientDescent 
• Transform: SimilarityTransform 
• Metric: AdvancedMeanSquares 
• HowToCombineTransforms: Compose 
• ErodeMask: false 
• NumberOfResolutions: 4 
• MaximumNumberOfIterations: 2000 
• NumberOfSpatialSamples: 3048 
• NewSamplesEveryIteration: true 
• ImageSampler: RandomSparseMask 
• BSplineInterpolationOrder: 3 
• FinalBSplineInterpolationOrder: 3 for grayscale images (PhC 

images) and 0 for binary images (micropost segmentation masks) 
• WriteResultImage: true 
• ResultImageFormat: mhd 
• MaximumNumberOfSamplingAttempts: 100 

 

In the elastic BSpline transformation, used for the hydrogel movement 

correction, the following main parameters were defined: 

 

• Registration: MultiResolutionRegistration 

• FixedImagePyramid: FixedRecursiveImagePyramid 

• MovingImagePyramid: MovingRecursiveImagePyramid 

• Interpolator: BSplineInterpolator 
• Optimizer: AdaptiveStochasticGradientDescent 



186 Appendix B.  Software 

 

• Transform: RecursiveBSplineTransform 

• BSplineTransformSplineOrder: 3 
• Metric: AdvancedMeanSquares for direct transformations and 

DisplacementMagnitudePenalty for inverse transformations 
• HowToCombineTransforms: Compose 
• ErodeMask: false 
• NumberOfResolutions: 2 
• ImagePyramidSchedule: 2 2 1 1 
• MaximumNumberOfIterations: 1000 2000 for direct 

transformations and 1000 2000 for inverse transformations 
• NumberOfSpatialSamples: 100000 200000 
• NumberOfJacobianMeasurements: 100000 100000 
• NumberOfSamplesForExactGradient: 100000  100000 
• FinalGridSpacingInVoxels: 2 1 
• NewSamplesEveryIteration: true 
• ImageSampler: RandomSparseMask 
• BSplineInterpolationOrder: 3 
• FinalBSplineInterpolationOrder: 3  
• WriteResultImage: true 
• ResultImageFormat: mhd 
• MaximumNumberOfSamplingAttempts: 100 

 

The Elastix versions used in this work were 4.8 and 4.9. 
 

Cell morphology analysis – MATLAB & Caffe 
 

The preprocessing and segmentation routines of the CVS method, including 

the GA used in its parameter optimization phase were implemented in 

MATLAB 2017a (Mathworks, Inc., Natick, MA, USA) with some mex calls 

to pre-compiled C++ code for steerable filtering and Chan-Vese model 

minimization via graph cuts. 

 

The main GA parameters used in the CVS optimization were the 

following: 

 

• Population size: 50 

• Generations: 500 

• Maximum stall generations: 50 

• Distance measure function: distancecrowding 

• Crossover function: crossoverscattered 
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• Mutation function: mutationgaussian 

 

And the parameter ranges were: 

 

• m:  [2, 6] 

• n:  [2, 6] 

• wX:  [1, 5] 

• wY:  [1, 5] 

 

The CNNs were implemented using an in-house developed Windows port 

of the 3D U-Net Caffe [265]. The filopodial tip detection, refinement and 

skeletonization routines were also developed in MATLAB. For the filopodial 

tip tracking routines, we extended to 3D the algorithms and most internal 

structures of the 2D filopodia quantification software CellGeo [116], which 

was taken as a base. 

 

CellGeo updated GUI 
 

Three of the main modules of the CellGeo software were modified to handle 

3D image data with our processing pipeline. Examples of the MATLAB GUIs 

from these main modules are shown next. 
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MovThresh – Segmentation 

 

 
Figure AB.1: MovThresh updated GUI. Maximum intensity projection (Z-axis) visualization 

mode. 

 

 
Figure AB.2: MovThresh updated GUI. Z-slice visualization mode. 
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BisectoGraph – Skeletonization 

 

 

 
Figure AB.3: BisectoGraph updated GUI. 3D binary mask visualization mode. 

 

 
Figure AB.4: BisectoGraph updated GUI. Filopodial tips and skeleton visualization mode. 
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FilopTrack – Filopodia Tracking 

 

 

 
Figure AB.5: FilopTrack updated GUI. Filopodia number and average length visualization 

mode. 

 

 

 
Figure AB.6: FilopTrack updated GUI. Filopodia tracking visualization mode. 
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