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Abstract 

Cell migration underlies key processes in living organisms, such as morphogenesis, 

immune response, wound repair, and tissue homeostasis. In different processes, cells 

can use various migration modes that define the mechanism of cell migration. Despite 

the variability of migration mechanisms, analysis of migration behavior is based on 

quantitative migration metrics. Calculation of these metrics relies on specialized tools 

that can reveal the cell migration features, such as velocity, directionality, and 

displacement. In addition to the cell migration behavior description, another crucial 

factor regulating cell migration is the ECM. ECM acts as the substrate that migrating 

cells follow and interact with. Importantly, physical parameters such as ECM 

orientation and morphology directly affect cell migration behavior. Despite this clear 

connection between cell migration and ECM features, there is a lack of an open-source 

tool to reveal the interplay between ECM properties and migrating cells. Here, we 

introduce the open-source AFT-tracks tool, which combines cell track analysis with 

assessment of ECM orientation and morphology. Cell track feature calculations are 

integrated with CellTracksCollab, while ECM orientation is determined using the 

Alignment by Fourier Transform (AFT) tool. The ECM morphology is calculated using the 

Multiscale Ridge-Detection algorithm, which provides structural features describing 

ECM complexity, density, porosity, and branching. In AFT-tracks, we propose AFT-AI 

metrics that define a coefficient of alignment between tracks and ECM orientation. We 

present AFT-tracks as a user-friendly, open-source tool for studying the interplay 

between migrating cells and ECM, enabling new insights into these interactions. 
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1  Introduction 

1.1  Literature overview  

1.1.1 Cell-environment interaction as a key modulator of biological processes   

Cell migration underlies key processes in living organisms, such as morphogenesis, 

immune response, wound repair, and tissue homeostasis (Cheng and Zygourakis, 

2012). Cell motility is present in most living organisms in collective and single-cell 

migration forms (Lintz et al., 2017a). In this section, I focus on single-cell migration 

modes and the role of cell-environment interactions in cell motility. 

Role of cell migration in living organisms  

Cells can use various modes to migrate, including actin polymerization- and adhesion-

based mechanisms, amoeboid bleb-based cell motility, and movement using an 

osmotic engine (Alonso-Matilla et al., 2025). The actin polymerization- and adhesion-

based mechanism is described by Alonso-Matilla et. al. (2025) as “The standard mode 

of cell migration”. It involves actin polymerization to form protrusions of the plasma 

membrane, which serve as sites for the assembly of adhesion machinery. The 

amoeboid bleb-based cell motility is actively used in embryonic, cancer, and immune 

cells. This mode involves the actin-myosin network generating pressure as protrusions 

called blebs. Initially, newly formed protrusions lack actin network; however, as 

protrusions develop, a new actin-myosin network forms beneath the bleb membrane 

sequentially, pushing the cell border outward (Schick and Raz, 2022). The osmotic 

engine mode uses the osmotic pressure gradient in cell motility, which can be 

observed, for example, in cancer cell migration (Morishita et al., 2019). It involves local 

water flux and ion transport to generate forces for cellular movement.  

However, despite the presence of above-described mechanisms, there is no strict, 

unambiguous division of cell migration modes, and authors have defined them 

differently. For example, some authors split migration modes into amoeboid and 

mesenchymal, which are characterized by different cell morphology and behaviour 

(Lintz et al., 2017b; Liu et al., 2015). In addition, there is still an open question: can every 
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single cell have all types of cell migration modes, and how many modes exist (Mierke, 

2020)? 

This uncertainty in the definition of cell migration modes does not change the fact that 

cells can adapt their migration behaviour throughout the lifespan. Thus, cell migration 

modes can be adapted to various functional cases. For example, leucocytes use an 

amoeboid mode of migration, which allows them to rapidly scan the environment and 

process signals (Friedl and Weigelin, 2008). Despite adaptations in cell migration 

behaviour throughout the lifespan, the drivers of these changes remain unclear. 

However, it is a fact that cell-environment interactions modulate cellular motility, which 

will be discussed in the following part. 

Extracellular matrix role in cellular migration  

Predominantly, cells interact with the extracellular environment through cell-substrate 

adhesions. Notably, the primary mechanism for cell migration on 2D surfaces is through 

cell adhesions. However, in 3D confinement, cells can also migrate without relying on 

adhesion to the surrounding volume environment (Paluch et al., 2016). The primary 

substrates for cellular adhesion in living organisms are neighbouring cells and the 

extracellular matrix (ECM) - a complex network composed of collagens, 

proteoglycans/glycosaminoglycans, elastin, fibronectin, laminins, glycoproteins, and 

non-fibrillar proteins, which collectively provide the structural foundation for cells 

(Naba, 2024; Theocharis et al., 2016). Synthesis of ECM components is regulated by 

cells, which define the physical, mechanical, and chemical properties of ECM in the 

surrounding environment (Pally and Naba, 2024a).  

The production of ECM proteins depends on the matrisome - a list of genes that are 

responsible for the composition of the ECM. The list of human core ECM proteins 

includes 277 genes, of which 44 encode collagens, 36 encode proteoglycans, and 197 

encode ECM glycoproteins (Naba, 2024). Also, the matrisome is dynamic and 

expression of genes varies among different tissue types. For example, the composition 

and proteomics of normal tissue and the tumor niche differ, which affect cancer 

development and metastasis (Socovich and Naba, 2019). 
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The ECM properties and cell migration are closely interconnected (Yamada and Sixt, 

2019). Moreover, cell-ECM communication is bidirectional: ECM can affect cell 

migration through its mechanical properties and signaling molecules, and cells can 

alter the ECM's structure (Pally and Naba, 2024a). Example of the ECM influences cell 

migration through amoeboid leucocyte migration and polarization, which rely on ECM 

degradation products, including collagen, fibronectin, and elastin fragments (Friedl and 

Weigelin, 2008). Example of cell migration influences ECM proteolytic activity in primary 

tumor cells, changing the ECM structure during cancer cell invasion (Stetler-Stevenson 

and Yu, 2001). 

Cancer cell invasion is also a good example of how the ECM state affects cell migration 

modes. Thus, tumour cells spread in different ways: as individual cells via the 

mesenchymal mode, which is controlled by cytoskeletal contractility and integrin-

mediated ECM adhesion, or through amoeboid modes, in which they squeeze through 

narrow spaces of the ECM via proteolysis-independent ECM remodelling (Pourjafar and 

Tiwari, 2024). Investigation of the interrelationship between ECM and cell migration 

requires specific assays (Crossley et al., 2024a), which are described in the following 

section.  

1.1.2  How to study cell migration and ECM interaction? 

To study the interplay between cells and their surroundings, researchers commonly use 

migration assays that involves the cell interactions with the ECM components. 

However, cell migration behaviour is commonly considered independently of the ECM's 

structural, chemical, physical, and mechanical properties (Pally and Naba, 2024b). 

The chemical properties of the ECM are determined by its molecular composition and 

can be studied through matrisome characterization using bioinformatics methods, 

immunostaining, mass spectrometry, and specialized high-throughput techniques for 

the analysis of specific molecular components, such as glycosaminoglycans and 

proteoglycans (Crossley et al., 2024b). The physical and mechanical properties include 

structural parameters of the ECM: crosslinking, stiffness, confinement, topography, 

fiber alignment, and elasticity (Fig. 1) (Vasudevan et al., 2023). These parameters can be 

estimated using various microscopy techniques, such as atomic force, traction force, 
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and nanonet force microscopy. Also, properties of the ECM can be revealed using a 

combination of fluorescent dyes, sensitive to ECM components, and optical 

microscopy techniques (Poole and Mostaço-guidolin, 2021). 

 

Figure 1. Structural characteristics of ECM (fiber-like structures). All the presented ECM 

properties reflect on cell-ECM interplay. Illustration adapted from Yamada et al., 2022. 

To understand the interplay between cell migration and the environment, the simplest 

approach is to use 2D cell migration assays, such as wound-healing and transwell 

migration assays. The first describes the ability of cells to close artificially introduced 

scratches, while the second estimates the ability of cells to invade in the presence of a 

chemoattractive cue (Justus et al., 2014). However, 2D assays have limited ability to 

reflect the cell-ECM interaction in the in vivo environment, necessitating the use of 3D 

models (Habanjar et al., 2021). 
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To obtain the 3D-native ECM in its in vivo state, the ECM can be directly isolated from 

organs via decellularization. Despite decellularization modulating the in vivo state of the 

matrix, this method lacks tunability, is limited in reproducibility, and may elicit toxic 

responses due to decellularization agents. Thus, other popular methods that provide 

tunability and reproducibility for ECM modulation in vitro are synthetic and hybrid 

hydrogels, spheroids, and cell-derived matrix models. The synthetic and hybrid 

hydrogels are highly hydrated 3D polymeric scaffolds composed of physically or 

chemically cross-linked ECM-derived proteins, including collagen derivatives, 

glycoproteins, polysaccharides (Morales et al., 2021). The widely applied methods for 

modulating volume cell-ECM communication are spheroid- and CDM-based assays. 

The spheroids are cell suspensions in plates that closely approximate the living cell 

environment (Vinci et al., 2015). The CDM assay uses cell lines to make the matrices on 

which cells are cultured (Kaukonen et al., 2017). This method offers a more in vivo-

relevant model than models using purified matrix proteins. Additionally, most 

synthetically or hybrid-generated ECM models can be modulated. For example, the 

orientation and alignment of ECM components can be altered via electrospinning (Padhi 

and Nain, 2020). 

All of these cell-ECM modulations are actively applied in practice, for example, to the 

investigation of tumour cell migration behaviour dependence on ECM alignment (Ray et 

al., 2017), the effect of various matrix connectivity on macrophages and fibroblasts 

migration (Ford et al., 2019; Slater et al., 2021), the effect of ECM topography on cellular 

migration (Park et al., 2016), and effect of fiber density and ECM stiffness on cell 

migration modes (Hiraki et al., 2023). In each of the listed examples, cell features such 

as directionality and total displacement are pivotal for interpreting the effects of ECM 

properties on cellular migration behaviour. In the following section, I will describe the 

cell migration metrics that are commonly used in cell migration assays.  

1.1.3  Cell migration metrics 

Cell migration metrics are a common way to describe cell migration behaviour in 

experimental setups. Importantly, the assays also define metrics useful for describing 

cell migration in specific conditions. Thus, there are common metrics for cell migration 
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assays, as well as specific metrics for some assays, e.g., the wound closure metric for 

the wound healing assay (Varankar and Bapat, 2018). In this section, I will describe the 

assay-unspecific metrics and their application in cell migration analysis (Table 1).  

 

Table 1. The main cell migration metrics. 

Metric group Formulas 

Cell speed and velocity !!,# = 	$!,#
(&$	&	') − $!,#(&$)

) ; 	!(,# = 	
$(,#(&$	&	') − $(,#(&$)

)  

 $!,#(&$)  - position of cell +  along the ,-axis at time point &$  
 $(,#(&$)- position of cell +  along the --axis at time point &$  
)  - time interval between two consecutive frames (&$&' − &$)  

Displacement ./(&, )) = 1.,(&, )), .-(&, ))2  

.)*+,$-).# = 3(,(&$	&	') 	− 	,(&$	))/ +	(-(&$	&	') − -(&$))/  

.#)0 = 	3(,(&1) 	− 	,(&2.!	))/ + (-(&1) − -(&2.!))/	  

567	 = 	 〈(,(& + )) − ,())/ + -(& + )) − -())/)〉 

Directionality and Persistence :;	 = 	 -!"#$%&"'()*
-&'&)*

; d - distance 

<5;!	34	( 	= 	 ∆,	>$	∆-	.030.,  

Angular and Path 6;	 = 	 .#)0.030.,  

?$ = @>A5' B ∆$$ × ∆$$&'
|∆$$| × 	 |∆$$&'|E ; 	FG7	 = 	 〈H?$〉  

 ∆$$- displacement vector for migration step I  

∆$$- magnitude (length) of displacement vector JK$  

 

Cell Speed and Velocity  

Cell migration speed and velocity are used to represent cell behaviour over the time. It 

can be measured as instantaneous speed, which depends on the specific interval 

between two neighbouring time points, or overall average pathway speed. The velocity 
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metric is the same as speed, but it includes direction. A good example of the application 

of the cell speed metric in biological studies is the investigation of the ECM's effect on 

cell migration. Thus, cell speed can reflect proteolytic and nonproteolytic activity during 

migration on the ECM (Ehrbar et al., 2011). 

Displacement metrics: Accumulated distance, Euclidean distance, and MSD  

The displacement metrics represent the distance cells travelled during time. The 

accumulated distance quantifies the total length of the cell path, while Euclidean 

distance calculates the distance from the start to the end point. The Euclidean distance 

goes hand in hand with Mean Squared Displacement, a metric that is the square of the 

Euclidean distance. Essentially, it is a box covering the area of cell displacement 

between the start and finish points, indicating cell migration behaviour: directed, 

random, or confined. A good illustration of independence and the importance of all 

displacement metrics is research that compares vascular smooth muscle cell migration 

across varying stiffness and ECM protein-coated hydrogels. Thus, different 

displacement metrics capture different aspects of cell migration. On Fibronectin (FN), 

both migration distance and MSD increased with substrate stiffness, indicating 

enhanced motility. In contrast, on Collagen-1 (COL1), migration distance decreased 

with stiffness, while MSD was highest on the stiffest substrate, suggesting slower but 

more persistent directional migration (Rickel et al., 2020). 

Directionality and Persistence metrics: Chemotactic Index (CI) or Forward Migration 

Index (FMI) 

The directionality and persistence metrics indicate the cells' tendency to move in one 

direction. The chemotactic Index (CI) quantifies how directed a cell migration is relative 

to the gradient, while the Forward Migration Index (FMI) defines the part of the distance 

travelled in each of the four directions: up, right, down, and left. The CI and FMI are 

close to each other and can be useful in experiments with chemical (Vasaturo et al., 

2012) or mechanical (Hartman et al., 2017) gradients in the extracellular environment. 

Angular and Path metrics: Turning angle distribution (TAD), Straightness index (SI) 
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The angular and path metrics represent the trajectory of the cell migration. The turning 

angle distribution (TAD) quantifies the angles between sequential movement steps, 

either globally or locally. The global TAD describes the angle of the current direction 

relative to a fixed coordinate axis, while the relative TAD describes the angle of a path 

segment relative to the previous segment, providing insights into local persistence and 

movement dynamics.  

The straightness index (SI) quantifies how straight the cell was during the path. Both TAD 

and SI metrics are sensitive to changes in environmental structure and are therefore 

widely used to characterize persistence and directionally biased cell migration. For 

example, in cell migration within collagen hydrogels, fiber alignment significantly alters 

both TAD and SI. In aligned collagen matrices, the TAD shows smaller angles and less 

variability, thereby increasing directional persistence along the fiber orientation. In 

contrast, cells migrating in unaligned matrices have broader TAD, indicating more 

stochastic, undirected movement (Pruitt et al., 2020). 

Metrics limitations  

Description of cell migration through the specific metrics has limitations and requires 

careful selection for analysis. The limitations of speed and velocity metrics stem from 

sample size and track length. Thus, small tracked populations are often 

unrepresentative and noisy. Also, the instantaneous velocity can be unrepresentative if 

the cell moved back and forth in the gap between time-point imaging.  

The limitations of displacement metrics include the frequency of imaging and the 

averaging of cell populations or time points for a single cell. For example, it affects the 

MSD metric: the cell population is heterogeneous, and each cell behaves differently; as 

such, a cell can migrate differently over time based on extracellular conditions, such as 

changes in ECM properties in the local environment, along the path between two time 

points. The directionality, angular, and path metrics have a limitation in terms of time 

duration. Thus, CI cannot be estimated if cells have a small number of time points. In 

contrast, SI will be close to zero if the cell pathway is too long. 
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To bypass these limits, authors apply different methods. One method to overcome the 

time-point limitation is to use a rolling window. The rolling method computes an average 

over a set of time points specified by the user. Thus, for example, the estimation of SI for 

long tracks is less likely to shift to zero than under the classic approach. The other 

approach is to modify the metrics by using corrected metrics. Thus, to exclude the trend 

to SI going to zero, apply the corrected SI, which includes the square root of the 

duration-multiplication term from the classical SI approach (Beltman et al., 2009). 

In addition to the limitations of cell migration metrics, segmentation inaccuracies and 

tracking mistakes can affect the results of further cell migration data analysis (Wiggins 

et al., 2025). In the next section, I will discuss approaches to segmenting and tracking 

cell migration data. 

1.1.4  Tools for cell migration data analysis 

The extraction of cellular migration metrics begins with the segmentation of migrating 

cells -the process of defining object regions and separating them from the background. 

The segmentation time, method, and accuracy depend on the imaging technique used 

to collect the data. Migrating cells can be imaged with fluorescent (labelled) or 

brightfield (label-free) approaches. The first one is associated with phototoxicity and 

invasion in the native cell state, while the second is associated with low phototoxicity 

and minimal invasion (Ghosh and Agarwal, 2023). Labelled cells segmentation is 

commonly based on fluorescent tags, whereas label-free segmentation faces 

difficulties due to smooth cell borders and limited contrast with the background. 

The segmentation of the cells can be done manually or automatically with the option to 

further manual correction (Vicar et al., 2019). Manual segmentation involves visual 

detection of cell borders and labelling each cell, which is a time-consuming process 

(Vădineanu et al., 2024). The manual labelling can be performed through the platforms 

that include manual labelling functionality, such as Fiji (Schindelin et al., 2012). 

Automatic or semi-automatic segmentation requires training the model for cell 

segmentation or using prepared models. One tool used to achieve this goal is Cellpose 

(Stringer et al., 2020). Cellpose includes several U-Net-based architectures that can be 

applied to various cell imaging datasets. The segmentation output can contain two 
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labels background and cells (semantic segmentation), or several labels with 

background and individual value for each cell (instance segmentation) (Fig. 2). The 

output mask can also be corrected manually or using an object-separation algorithm 

(e.g., a watershed algorithm). Various automatic detection tools exhibit different 

accuracy across datasets, indicating that model selection should be specified for 

specific dataset and goal (Liu et al., 2024). 

 

Figure 2. The example of semantic (b) and instance (c) segmentation of cell migration 

data (a). Semantic segmentation contains cells (purple color) and background (gray), 

whereas instance segmentation assigns an individual label to each cell and 0 to the 

background. Illustration adapted from Bhattiprolu, 2025. 

The segmentation step is followed by the tracking step, which detects changes in cell 

location over time. It can be performed manually, semi-automatically, or fully 

automatically (Meijering et al., 2012). The algorithm can be broadly divided into two 

categories: tracking by contour evolution methods and tracking by detection methods 

(Ulman et al., 2017). The contour evolution approach simultaneously solves the 

segmentation and tracking goals, as it defines the cell contour in the first frame and 

later tracks changes in the cell border. The detection approach is based on preliminary 

segmentation of cells with the following generation of “tracklets” - variables that link a 

detected candidate in one frame with a candidate in the following or previous frames. 

The automatic linkage of cells on different frames faced problems, including cell 

mitosis, apoptosis/exit, appearance/entry, and touching/clustering (Yazdi and 

Khotanlou, 2024). These events increase the dynamics and decrease the predictability 

of detection, introducing ambiguity into cell association, which is handled differently in 

various software. 



17 

 

Tools for cell tracking analysis can be commercial and open source; a comprehensive 

list is provided in Emami et al., 2021. Both types of tools combine manual and 

automatic tracking methods. For example, TrackMate v.7 (Ershov et al., 2022) provides 

manual tracking and automated detection based on deep learning methods for object 

segmentation. Comparing algorithms can be done by applying them to open-cell 

migration databases, such as the Cell Tracking Challenge (CTC) (Ulman et al., 2017). 

Various algorithms show different accuracies in cell tracking across real-time imaging 

datasets from the CTC. The development of open-science platforms for cell migration 

analysis increases reproducibility, transparency, and standardized benchmarking of 

tracking algorithms across different datasets and experimental conditions. 

Despite the wide range of tools, all of them provide the tracks' coordinates along with a 

bunch of cell migration metrics as output. However, the majority of tools analyse only 

cell migration behaviour, without linking it to the estimation of environmental 

conditions, such as the ECM structural parameter. In the next section, I will describe 

tools for extracting ECM features. 

1.1.5  Tools for ECM imaging analysis 

The mechanical, physical, and chemical properties of ECM are interconnected. To 

describe ECM, researchers commonly use microscopy imaging. I will focus mostly on 

tools that extract structural features from brightfield and fluorescent ECM imaging.  

Tools for ECM feature extraction based on various algorithms, but all of them execute 

quantitative metrics, including fiber orientation, fiber alignment, fractal dimension, pore 

size/porosity, fiber diameter, fiber length, fiber density, and number of branches and 

endpoints (Fig. 3). Some of these tools are designed specifically to describe ECM data, 

while others were initially developed for detecting fiber-like structures on the images. 

For example, some tools initially developed to detect the vascular net, but also can be 

successfully used for ECM components detection, such as fibrin (de Vries et al., 2023). 
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Figure 3. Example of metrics to estimate ECM structure. Black lines represent the ECM 

fibers. The endpoints and branchpoints are classified as network points; the fractal 

dimension describes the complexity of the net; the curvature describes the straightness 

of the fibers. Illustration adapted from Wershof et al., 2021. 

The algorithm for ECM alignment extraction can be grouped into three categories: 

intensity-derivative/structure-tensor algorithms, Fourier- and spectral-based 

algorithms, and directional-filter/transform algorithms. The intensity derivatives and 

structure vectors process pixel intensity changes in an area called the structure tensor 

for each pixel, evaluating local predominant orientation, energy, and coherency; 

examples of tools implementing this approach include OrientationJ (Püspöki et al., 

2016) and FibrilTool (Boudaoud et al., 2014) plugins. Spectral analysis and the Fourier 

transform method decompose the image into periodic components, which are analyzed 

more quickly than with other approaches; examples of tools implementing this 

approach include FiberFit (Morrill et al., 2016), CytoSpectre (Kartasalo et al., 2015), and 

Alignment by Fourier Transformation (AFT) (Marcotti et al., 2021). The directional-

filter/transform algorithms use specific filters, such as the curvelet filter, to analyze 

orientations in images; examples of tools implementing this approach include 

CurveAlign (Liu et al., 2017) and CT-FIRE (Bredfeldt et al., 2014).  

Besides alignment, the remaining structural parameters can be based on the initial 

segmentation result of the fiber network or directly derived from images. Also, some of 



19 

 

them can extract almost all structural characteristics of the ECM. For example, 

TWOMBLI (Wershof et al., 2021) uses an initial multiscale Ridge-Detector (RD) 

segmentation followed by a comprehensive description of the ECM structure with 

various plugins. The other tools can extract only a few ECM metrics. For instance, 

DiameterJ (Hotaling et al., 2015) can obtain diameter description, universal porosity, 

pore areas, and branch points.  

Tools for analyzing ECM connectivity and topology commonly rely on skeletonization or 

graph theory and are implemented, for example, in StructuralGT (Vecchio et al., 2021) 

and DiameterJ softwares. The fiber density is usually defined as the area occupied by 

fibers divided by the image area, implemented in AngioTool (Zudaire et al., 2011), 

REAVER (Corliss et al., 2020), or ACCMetrics (Chen et al., 2017). 

Along with various tools, some authors use custom code to extract ECM parameters 

and quantify cell migration (Wang et al., 2018). This indicates a lack of open-source and 

standardized tools to describe cell-ECM dependence, and there is a need for an open 

platform that can reveal the interconnection between ECM parameters and migrating 

cells. 

1.2 Aims and hypotheses  

Therefore, the aim of my study is to develop an open-source, user-friendly AFT-tracks 

tool for analysing the dependence of cell migration behaviour on the ECM. To achieve 

the aim of this project, we set the following goals: 

1. Develop new metrics to quantify the relationship between cell migration tracks 

and the ECM. 

2. Validate new metrics on synthetic and experimental brightfield and fluorescent 

datasets.  

3. Adapt usage of the tool for the Google Collab platform and local running. 

AI note: Grammarly was used for checking grammar mistakes; text was not restructured 

or rewritten by AI. ChatGPT was used for the translation of some words and collocations. 
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This type of prompt was used: “Can you translate <word or collocations in my native 

language> in English, give me options in academic writing style?”. ChatGPT is also used 

for coding: bug fixation, code generation, and code restructuring. I also worked with 

NotebookLM from Google and asked questions based on the articles’ material. 



21 

 

2  Materials and methods 

2.1 Overview of AFT-tracks workflow 

The aim of the AFT-tracks tool is to combine cell migration and ECM features extraction 

to find dependencies between them. To estimate the ECM properties, AFT-tracks uses 

two approaches: FFT- and segmentation-based. The first approach is a direct 

implementation of the Alignment by Fourier Transformation tool (AFT); the pipeline was 

precisely described in the original work (Marcotti et al., 2021). The AFT applies the 

Fourier Transformation Algorithm to extract the orientation of the ECM. The second 

approach was inspired by the Fiji plugin called TWOMBLI (Wershof et al., 2021) and 

implemented the multiscale Hessian Ridge-detector to segment the ECM structure. To 

estimate cell migration behavior, AFT-tracks used CellTracksColab (Gómez-De-

Mariscal et al., 2024) functionality and provided extended spot-level metrics. The AFT-

tracks can handle single and multi-frame .tiff image formats and the .csv spots file 

format as input. Both image and spots’ data can be downloaded through Google Drive. 

The main AFT-tracks pipeline presented in Fig. 4.  

The AFT-tracks pipeline was implemented in Python language using computational 

NumPy, SciPy, pandas libraries, and additional packages for specific image processing 

algorithms, such as scikit-image, OpenCV, matplotlib, seaborn, skan, ridge-detector. 

Also, AFT-tracks follow the Jupiter Notebook structure that can combine code, text, and 

visualization in one document with step-by-step interactive organization (Kluyver et al., 

2016). The organization of the code in separate cells also gives flexibility in choosing 

suitable methods for specific experiments. The installation procedure and the latest 

version of instructions are available on the AFT-tracks GitHub page 

(https://github.com/CellMigrationLab/AFT_tracks). 

https://github.com/CellMigrationLab/AFT_tracks
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Figure 4. Schematic illustration of the AFT-tracks pipeline. The AFT-tracks take as an 

input cell migration data on the ECM and give an output table with cell migration and 

ECM features. 

2.2 Local patch integration of the ECM and cell migration 

Recent research has shown that the local structure of the ECM affects cell migration 

behavior (Carey et al., 2016; Zhao et al., 2025). To extract ECM local features, the AFT-

tracks implemented description of ECM and cell migration on local patch level (Fig. 5). 

The whole image was split into several equal size patches using predefined parameters 

that describe area size and overlap between patches. Patch size and overlap between 

patches were defined by the variables ‘windows_size’ and ‘overlap’. Patches can be 

filtered based on intensity thresholds, eccentricity thresholds, or mask filtering, which 

are defined by user-defined variables ‘intensity_thresh’, ‘eccentricity_thresh’, and 

‘mask’, respectively.  

Following the patch splitting, each patch received a unique ID. Patch central 

coordinates were used to affiliate migrating cells with the closest patch using the 

KDTree method. The final cell migration features were calculated as mean values of 

segments (if the segment-based approach was used) or spots (if the rolling window 
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approach was used) within the patch. The output results of the alignment analysis can 

additionally be exported as figures of tracks and ECM orientation in each patch and cell 

migrating spot.

 

Figure 5. Patch-level approach to features extraction. The AFT-tracks took small 

patches and calculated cell migration and ECM metrics locally. Red boxes represent 

patch borders, numbers respresent patch_ID. 

2.3 ECM properties quantification  

2.3.1   FFT-based approach  

The Fast Fourier Transform (FFT) is one of the most widely used tools for transforming 

images into the frequency domain, enabling rapid feature extraction without the need 

for complex preprocessing. In AFT-tracks, the FFT-based approach provided 

information about orientation, eccentricity, and order metrics of the ECM (Fig. 6). This 

approach repeated the functional part of the AFT, except for order metrics. AFT-tracks 

calculate the order parameter for each patch, specifically, which varies from the original 

AFT approach, where the order parameter is defined for the whole image. 
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.  

Figure 6. The FFT-based metrics of the ECM state. The left image shows an ECM with a 

single  dominant fiber orientation (high eccentricity) and the same alignment across 

neighbouring local patches (high order). The middle image shows the orientation 

detected in each ECM patch. 

Local order calculation in the AFT-tracks was defined by the function 

‘AFT_order_parameter’. The ‘AFT_order_parameter’ took the mean difference between 

the orientation angle of each selected and neighbouring patches. The neighbor patch 

number was controlled by the user-defined variable ‘neighborhood_radius’. Higher-

order values indicate strong local fiber alignment. Thus, the value 1 means strong 

alignment with local neighbours, while 0 means that the patch is not aligned with local 

neighbors. 

2.3.2   Segmentation-based approach  

Settings and contrast enhancement  

Despite the fast and easy implementation of the FFT approach, it is not applicable for 

the segmentation of the ECM to estimate morphology. The structural features of ECM 

represent physical, mechanical, and chemical features. In AFT-tracks, the 

segmentation-based approach provided information about the ECM pattern structure 

(overall pipeline in Fig. 7). This method was based on the multiscale Hessian Ridge-

detector that was implemented by a manually written pipeline, whose functions are 

located in the file segmentation.py. The initial step of the segmentation is deferment of 

input parameters: 
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Figure 7. The segmentation-based approach pipeline. The pipeline takes ECM images 

and user-defined parameters as input. The processing steps include contrast 

enhancement, background removal, segmentation, and skeletonization of the resulting 

mask, followed by feature extraction. RD - multiscale Hessian ridge detector. 

1. 'contrastLow'/'contrastHigh' – the intensity-based threshold levels for the Ridge 

detector; vary from 0 to 255;  

2. 'intensity_clip_percent' – the percent of pixels that are clipped from the image to 

enhance contrast; varies from 0 to 100;  

3. 'darkline' – the boolean parameter that defines the color of the ECM components 

relative to the background;  

4. 'windows_curvature' – the size of the sliding window in curvature calculation; 

'minLineWidth'/'maxLineWidth' – the range of line width that is detected in the 

multiscale Ridge detector;  
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5. 'do_skeleton' – the boolean parameter that defines skeletonization of the Ridge 

detector output mask to extract ECM morphology features;  

6. 'prune_short' – the boolean parameter that defines the exclusion of short 

branches after skeletonization;  

7. ' minimumBranchLength ' – the minimum branch length threshold (in pixels) used 

to filter skeleton branches 

The following step is changing the contrast that was defined by the function 

‘enhance_contrast’, in which the intensity distribution of images was clipped by the 

percent defined in 'intensity_clip_percent', and subsequently normalized to the range 

[0, 1]. 

Multiscale Ridge detection  

The multiscale Ridge detection algorithm uses to detect ECM ridge-like components on 

the images(Shokouh et al., 2021). In the initial step, the sigma and threshold values 

were defined by functions calcSigma, calcLowerThresh, and calcUpperThresh, adapted 

from TWOMBLI tool. The ! size in the Gaussian filter was calculated as σ($) = !
"√$ +0.5, where $  is line width. The lower threshold (Tlow) was calculated as: 

 0.17 × ./%"×(С!"#)×(!/")+√"	×	-×.$/ 	× 	1%(!/")% "	×	.%0 /2 , С12! =	 5 3245678592!,			;<	=76>1;4?	@	A718?
"BB	%	32456785C;DE,			;<	=761;4?	@	F6G?	  

The high threshold (Thigh) is calculated as:  

0.17 × ./%"×+С&'(&/×(!/")+√"	×	-×.$/ ×	1%(!/")% "	×	.%0 	/2 , СE;DE =	 5 32456785C;DE,			;<	=76>1;4?	@	A718?
"BB	%	3245678592!,			;<	=761;4?	@	F6G?   

After that, multiscale Ridge-detection was applied to the image with enhanced contrast. 

For each range of line width, the image was convolved with a Gaussian kernel defined by 

the ‘calcSigma’ function. To each pixel of the convolved image, the Hessian matrix 

calculation was applied, with the following extraction of eigenvalues. The Hessian 
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matrix was computed as 6H))(I,J)	H)*(I,J)
H)*(I,J)
H**(I,J)7 = 	6K++K%+

K+%
K%%7. The eigenvalues were computed 

as 

⎩⎨
⎧ ;L(<, =) 	= 	0.5(HLL + H"") 	− 	0.25A(HLL + H"")" 	+ 	4HL""
				;"(<, =) 	= 	0.5(HLL + H"") 	+ 	0.25A(HLL + H"")" 	+ 	4HL""

  

The calculation of Ridge-detector response defined by function 

‘hessian_ridge_response’, which used functions ‘hessian_matrix’ and 

‘hessian_matrix_eigvals’ from ‘skimge.features’ library.  

After that, the absolute maximum eigenvalue was taken: D; =
DE<FG;L,;G, G;",;GH	for	each	pair	of	R. The output of the Hessian ridge response matrix was 

defined as S;  = Tmax(0, −D;), if	darkline	 = 	Truemax(0, D;), if	darkline	 = 	False  . The results of hessian ridges 
response matrix transformed in range from 0 to 255. Then, thresholding was applied to 

each value in the Hessian ridge response matrix. The output of this threshold is a binary 

mask, where each element equal 1, if	T12! ≤ R; 	≤ 	TE;DE, or 0 otherwise. The Ridge-
detector ran for each line width in the range ['minLineWidth', 'maxLineWidth']. As an 

output, the multiscale Ridge-detector gave a merged binary mask from each line width 

iteration. 

Skeletonization and branch filtering 

In the next step, the output segmentation mask was skeletonized using the package 

skimage.morphology, module skeletonization. After skeletonization, users could 

exclude small branches using the function ‘remove_short_components’. The function 

‘remove_short_components’ was based on the Skan library (Nunez-Iglesias et al., 

2018). The ‘Skan.summarize’ module gave a summary table about the skeleton pattern, 

classifying branches into four types: 0 – isolated segments with two endpoints, 1 – 

segments with one junction and one endpoint, 2 – segments with two junction points, 3 

– isolated cycle segments. Additionally, Skan provided length, start/end coordinates for 

each segment. The function ‘remove_short_components’ excluded the small segment 

with branch types 0, 1, and 3, and gave a filtered mask as an output. 
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Segmentation based features extraction 

The calculation of segmentation-based feature extraction was implemented in the 

function ‘segmentation_features’. For each patch of the original image, the ridge-

detection mask and the skeletonization mask were defined as ‘im_patch’, 

‘mask_patch’, and ‘skel_mask_patch’, respectively. The ‘im_patch’ was used to 

calculate intensity and lacunarity features. The ‘mask_patch’ was used to calculate 

HDM. The ‘skel_mask_patch’ was used to calculate endpoints, branchpoints, 

normalized endpoints and branchpoints, FFD, and curvature (Fig. 8). To estimate FFD 

AFT-tracks import box-counting function from Fractal Dimension Estimation Tool 

developed by Cui and Wang, 2025. To calculate curvature, the AFT-tracks used 

‘curvature’ and ‘compute_curvature_from_skeleton’ functions. The curvature was 

calculated using a sliding-window approach. For each skeleton segment, the 

coordinates of the segments and their endpoints were extracted. To each segment, 

curvature was defined as a ratio of the average perpendicular distance of curve pixels to 

the line connecting segment endpoints. Curvature was normalized by the total segment 

length. The output curvature gave the mean for each segment in the patch. 
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Figure 8. The segmentation-based approach metrics description. In curvature 

calculation ai  – perpendicular distance from the chord to the line linking the beginning 

and the end of the branch, $ – sliding window size, bbranch  – length of the branch. 
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2.4 The cell migration metrics  

To quantify cell migration behavior in local patch level, AFT-tracks uses two evaluations: 

the mean of tracks’ segments metrics in the patch or the calculation of rolling window 

metrics in each spot within the patch. The first evaluation was based on the existing 

CellTracksColab functions but applied for segments of the tracks inside the patch. The 

second evaluation was a repeat of the CellTracksColab functions with the 

‘rolling_window’ calculation. Both approaches differently estimate patch local 

migration differently: the first of them include only tracks located in the patch, while the 

second one can also include data from neighboring patches. My goal was to implement 

and compare both. 

Additionally, AFT-tracks extends the list of additional metrics with velocity correlation 

index (VCI): cde	 = 	 〈 =M(5,N)×=M(5ON,N)|=M(5,N)||=M(5ON,N)|〉, displacement autocorrelation function (DAF): 

hij(k) 	= 	 〈a<(l, k)a<(l + k, k) + a=(l, k)a=(l + k, k)〉, and calculation of the Forward 
Migration Index metrics on the spot level: part of the spot displacement to the track 

length.  

2.5 Datasets 

2.5.1  Synthetic datasets  

Synthetic datasets were created using a custom Jupiter notebook presented on the 

GitHub page (https://github.com/CellMigrationLab/AFT_tracks). The synthetic datasets 

consist of three groups of images with different fiber organization:  

● High angular noise ECM ("orientation_noise_deg": 70, "noise_strength": 0.9);  

● Intermediate angular noise ECM ("orientation_noise_deg": 25, "noise_strength": 

0.6); 

● Low angular noise ECM ("orientation_noise_deg": 5, "noise_strength": 0.4). 

Common parameters for each ECM dataset: frames = 150, img_size = (512, 512), 

num_fibres = 500, base_orientation_deg = 90, wave_wavelength_px = 200, 
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wave_direction_deg = 0, phase_drift_per_frame = 0, length_range = (50, 500), 

thickness_range = (1, 1), center_placement = True, per_frame_anchor_jitter = 0.02, 

rng_seed = 42. 

The synthetic datasets consist of three groups of cells with different migration behavior:  

● Directionally persistent motion (jitter_deg = 20.0, bias_strength = 0.6);  

● Uncorrelated random walk (common parameters);  

● Persistent motion with directional reversals (reversal_prob = 0.15, 

reversal_hold_min = 10, reversal_hold_max = 30, reversal_target_deg = 270, 

reversal_jitter_deg = 20, reverse_bias_strength = 0.95). 

Common parameters for each cell migration dataset: num_cells = 60, frames = 150, 

img_size = (512, 512), radius_px = 2, speed_range = (2.0, 4.0), seed = 7).  

Synthetic cells were tracked using TrackMate using the LoG detector (estimated object 

diameter = 4 pixels, Quality threshold = 0.1) and the Simple LAP tracker (linking max 

distance = 20 pixels, gap closing distance = 40 pixels, gap-closing max frame gap = 2). 

Tracks that traveled less than 30 pixels were filtered out. 

All combinations of ECM organization and cell migration behavior were generated, 

resulting in a total of nine synthetic experimental conditions. Code and generated 

datasets implemented by Joanna Pylvänäinen. Plots and data interpretation were done 

by Daniil Iukhtanov.  

2.5.2   Experimental datasets 

Brightfield dataset 

Brightfield microscopy cell migration data on cell-derived matrixes (CDMs) were taken 

from a previously published study about role of L-type calcium channels in filopodia 

stabilization during invasion (Jacquemet et al., 2016). The one group contained 

untreated cells, while the other group contained Carbamazepine treated cells. The cells 

in both conditions were seeded on CDMs and imaged during 24 hours with 10 minutes 
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lag. Cells were then filmed using an inverted widefield microscope (AxioCam MRm 

camera, EL Plan-Neofluar 10 × /0.5 NA objective (Carl Zeiss)) equipped with a heated 

chamber (37 °C) and CO2 controller (5%). 

The following values of parameters were used: single_frame = True; window_size = 200; 

overlap = 0.2; neighborhood_radius = 1; intensity_thresh = 0; 

eccentricity_thresh = 0 

Glioblastoma dataset 

Fluorescent microscopy cell migration data on CDMs were taken from a study about the 

role of CCT8 in MYO10-positive filopodia formation (Popović et al., unpublished data). 

The one group contained control cells, while the other group contained siCCT8 cells. The 

cells in both conditions were seeded on CDMs for 4 hours before imaging. The imaging 

was done with 10 minutes lag between frames. The confocal microscope used was a 

laser scanning confocal microscope (LSM880, Zeiss), equipped with an Airyscan detector 

(Carl Zeiss) and a 40× water (NA 1.2) or 63× oil (NA 1.4) objective. The microscope was 

controlled using Zen Black (2.3), and the Airyscan was used in standard superresolution 

mode.  

The following values of parameters were used: single_frame = True; window_size = 300; 

overlap = 0.5; neighborhood_radius = 2; intensity_thresh = 0; eccentricity_thresh = 0; 

im_mask = None; contrastLow = 50; contrastHigh = 200; darkline = False; 

intensity_clip_percent = 2; windows_curvature = [10,20,30]; minLineWidth = 8; 

maxLineWidth = 20; do_skeleton = True; do_enhance_contrast = True; prune_short = 

True; minimumBranchLength = 40. 

Chemotaxis dataset 

The chemotaxis dataset was provided by Jonna Alanko's group. The dataset contains 

live-cell images of dendritic cells migrated on CDMs. The one group contained 

chemotaxis gradient, while the other group contained control cells without a gradient. 

Live cell migration was imaged using a Nikon Eclipse Ti2-E widefield microscope 
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equipped with a 10× Plan Fluor objective. Time-lapse images were acquired every 

minute for a total duration of 10 hours. 

The following values of parameters were used: single_frame = True; window_size = 50; 

overlap = 0.75; neighborhood_radius = 1; intensity_thresh = 0; eccentricity_thresh = 0; 

im_mask = None. 

Statistical tests 

To compare AFT-AI between two groups Mann-Whitney U test was used, the results of 

analysis were analyzed on normality using Kolmogorov-Smirnov test. For correlation 

analysis we used Pearson correlation. The number of repeats was equal two for 

brightfield and chemotaxis datasets, and one for Glioblastoma data.  
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3  Results and Discussion  

3.1 Approaches for ECM description 

Most tools for ECM description use a separate algorithm to extract ECM features, such 

as intensity-derivative algorithm, Fourier- and spectral-based algorithms, and 

directional-filter/transform algorithms. Each of these approaches can extract specific 

metrics that characterize the ECM variously. In AFT-tracks, we decided to apply two 

approaches: the intensity-derivative algorithm and the Fourier-based algorithm to 

describe local ECM properties, due to the effect of local areas on the nearby cells. 

3.1.1  The FFT-based pipeline development 

The FFT-based workflow 

For fast and quantitative analysis of ECM orientation, we applied Fourier transformation 

analysis. We decided to use the AFT tool due to its rapid feature extraction and, 

compared with other tools, a low number of parameters for running (Marcotti et al., 

2021). AFT-tracks breaks the FFT-based application into two steps: parameter definition 

and feature extraction, such as orientation, eccentricity, order, and AFT-AI - a measure 

of cell migration trajectory alignment with local ECM (see Materials and Methods for 

more details). To estimate how suitable the parameters are, AFT-tracks uses a preview 

image with the orientation of the fibers. Preview images visualized in the Jupiter 

notebook (Fig. 9, A) and saved in the Results folder (Fig. 9, B), giving users the 

opportunity to compare different parameter values and find the best one for their cases. 

After defining the parameters, users can apply the same set to all images in the 

experiment to extract ECM metrics and AFT-AI. The performed analysis can be saved as 

an output file in Spots format with a .csv extension, containing ECM metrics for each 

patch and AFT-AI for each cell step (Fig. 9, C). 
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Figure 9. Output data from the FFT-based approach. A – Jupyter notebook structure and 

visualization of fiber orientation in a real ECM image; B – output figure showing FFT-

derived parameters and local ECM orientation in each image patch (yellow lines); C – 

example of FFT-based metrics in the Spot table. 
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Tests of the AFT-tracks FFT-based approach on a synthetic dataset  

To assess the capabilities of AFT-tracks to gain information about cell alignment with the 

ECM, I implemented an FFT-based pipeline on synthetic datasets, generated with 

manually written code that modulate fibers with different structural noise. Here, noise 

refers to randomly oriented structural fibers added to the synthetic ECM, which reduce 

the alignment of the matrix and increase disorder. Synthetic datasets contained three 

types of ECM under various structural noise conditions: high-noise, intermediate-noise, 

and low-noise ECM. Also, synthetic datasets contained three groups of cells with various 

migration behaviors: persistent, reversal, and random. Cells in the persistent group 

moved downward in the vertical axis, with only small changes in direction over time. In 

the reversal group, the overall movement was also directed downward, but cells 

occasionally switched direction for a few frames before continuing along the main path. 

In the random group, the direction of movement changed from frame to frame, showing 

the absence of persistent directional behavior (Fig. 10). For more information about the 

synthetic datasets generation parameters, see the Materials and Methods section. 

The results of the synthetic dataset analysis showed that the values of the order and 

eccentricity metrics increased from the high-noise ECM to the low-noise ECM (Fig. 11). 

This confirms that uniaxially aligned ECM have higher order and eccentricity metrics than 

uniaxially unaligned ECM.  

The AFT-AI increased in groups with persistent and reversal cell behavior as the ECM 

uniaxial alignment and structural noise decreased. In high noise, the ECM group of cells 

with persistent and reversal cell behavior have normally distributed values in the range 

[0, 1].  

The AFT-AI in the group with random cell behavior has the same normally distributed 

values in the range [0, 1] for each ECM condition (Fig. 11). The synthetic test confirms 

that AFT-AI correctly describes cell-ECM alignment in different ECM and cell migration 

behavior conditions. 
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Figure 10. Synthetically generated datasets. The ECM data include different types of 

structural noise fibers. The cell migration data show individual cells (displayed in 

different colours) representing different migration behaviours. 
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Figure 11. The comparison of FFT-based metrics of ECM and cell migration behavior in 
synthetic datasets. The white lines are fibers; the black is a background. 
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3.2 The segmentation-based pipeline development 

3.2.1  Analysis of existing segmentation-based approaches 

The FFT-based approach provides fast executable information about local ECM 

orientation. However, other structural parameters of the ECM cannot be extracted with 

Fourier transformation processing. These features include fractal dimension, pore 

size/porosity, fiber diameter, fiber length, fiber density, and number of branches and 

endpoints. To extract these features, we decided to implement a multiscale Ridge-

detector that is commonly used to detect fiber-like structures. Unlike the FFT-based 

approach, which extracts ECM orientation features, the Ridge-detector approach 

provides a morphological pattern of the ECM. Notably, the segmentation-based 

approach is common in ECM segmentation tools, for example, TWOMBLI (Wershof et 

al., 2021), OrientationJ (Püspöki et al., 2016), and CT-FIRE (Bredfeldt et al., 2014).  

Considering all tools for ECM segmentation, I was inspired by the TWOMBLY 

segmentation pipeline, which combines various FIJI plugins. This wide range of plugin 

approaches enables the extraction of various morphological metrics. Fundamentally, 

the TWOMBLI pipeline is an RD-based algorithm that segments fibers in images. The RD 

serves as an effective tool for detecting ridges and values in images. Thus, my decision 

was to construct a pipeline similar to the TWOMBLI segmentation workflow, based on 

available Python packages.  

3.2.2  The development of the RD 

The first step in development was analysis of the open-source TWOMBLI code. It helped 

me to understand how the pipeline works and how metrics are calculated. The TWOMBLI 

tool is based on the functionality of the Fiji RD plugin, which has a similar package in 

Python (https://github.com/lxfhfut/ridge-detector).  

Unfortunately, the test of the existing python RD tool took many time to find appropriate 

parameters and did not provide the expected accuracy (Fig. 12). The combination of low 

accuracy and long processing time pushed me to test another RD package from scikit-

image (https://scikit-

https://github.com/lxfhfut/ridge-detector
https://scikit-image.org/docs/stable/auto_examples/edges/plot_ridge_filter.html
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image.org/docs/stable/auto_examples/edges/plot_ridge_filter.html). This RD also did 

not provide the expected accuracy due to the absence of flexible parameters included in 

the Fiji plugin.  

Due to the absence of a fast in parameter selection and accurate RD among available 

packages, I decided to write code to implement a simple, fast RD algorithm. The 

calculation of RD parameters, such as the lower and upper thresholds and sigma, was 

adapted from the Fiji RD plugin (https://imagej.net/plugins/ridge-detection). When 

choosing the algorithm's filtering method, I decided to use the highest eigenvalue after 

applying the Hessian filter to each pixel. That decision was based on the result of a 

comparison of different RD approaches by Shokouh et al., 2021. 

 

Figure 12. Example of ECM segmentation using the open-access RD packages. 

https://scikit-image.org/docs/stable/auto_examples/edges/plot_ridge_filter.html
https://imagej.net/plugins/ridge-detection
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Shokouh et al. described filtering using the highest eigenvalue as a “good compromise 

when the feature widths are growing”, which is well-suited to ECM images with various 

fiber widths. For more information about the manually written RD algorithm, see the 

Materials and Methods section. 

3.2.3  Skeletonization and metrics extraction 

To extract morphological information from detected fibers, I implemented the 

skeletonization and metrics linked with the ECM pattern. The skeletonization provides the 

structural pattern of detected fibers. Additionally, after implementation of segmentation 

and skeletonization, I realized that RD generates false-positive (FP) results in dark areas 

and out-of-focus fibers. 

To exclude these FP results, I decided to implement two approaches: create a binary 

mask of background pixels and apply a filter that excludes branches based on their type 

and length (Fig. 13). To generate a mask with background pixels, I used the ilastik tool 

(Berg et al., 2019) that successfully segments background areas.  

 

Figure 13. Illustration of classification of branch types: yellow - junction-to-junction 

branches, blue – junction-to-endpoints branches, violet – separated endpoint-to-

endpoint objects. Illustration adapted from Skan documentation (skeleton-

analysis.org). 
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To exclude short branches in out-of-focus fibers, I initially implemented CCL, which 

helped me exclude small, separated objects within the ECM network. However, the CCL 

was not suitable to exclude short branches within the ECM network. To solve this 

problem, I implemented the Skan library, which can classify the ECM branches and 

junctions within the ECM net (see Materials and Methods for details). This approach 

helped me to exclude short branches after the RD mask skeletonization. 

3.2.4  Segmentation approach tests 

To test the effect of various parameters in the segmentation approach, I modified the 

following parameters: “lowContrast”, “highContrast”, “minimumBranchLength”, 

“minLineWidth”, and “maxLineWidth”.  

The “lowContrast” and “highContrast” define the lowest and highest grayscale values of 

the detected lines. The modification of these parameters affects the RD response and, 

hence, the fibers included in further analysis. As shown in Fig. 14, the range [0, 50] 

includes both the main fibers and the low-intensity fibers. The range [50, 100] excludes 

some low-intensity fibers, making the mask clearer than the range [0, 50]. The range 

[200, 255] includes fibers from the darkest part of the image, which are mostly FP 

results. The test showed that changes in parameters affect the RD response and can 

change detection accuracy (Fig. 14, blue area).  

 

Figure 14. Effect of the "lowContrast", "highContrast" modification on the segmentation 

results. Blue area refers to the FP results of the detection. 

The “minBranchLength” defines a low threshold for the length of the branches and 

excludes FP results of the detection (Fig. 15, red circle area). However, the objects 
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separated from the ECM network are not excluded after minBranchLength filtering, as 

illustrated in the blue circle area in Fig. 15. The test results indicate the low accuracy in 

filtering of FP segmentation results, specifically for separated ECM fiber elements.  

 

Figure 15. Effect of "minBranchLength" modification on skeletonization filtering. The 

red-circled area indicates the FP results of the segmentation. The blue-circle area 

denotes objects separated from the ECM network. 

I linked this unsensitivity of the filtering tool with the absence of CCL filtering. In future 

development of the tool, I plan to add CCL filtering to the RD mask extraction and 

combine CCL- and Skan-based filtering in the skeletonization step. Additionally, I plan 

to implement multiple filtration repeats during Skan-based filtering, which should help 

exclude multibranch FP results, as schematically illustrated in Fig. 16.  

 

Figure 16. Schematic explanation of the multi-round filtering method. Multiround 

application of Skan-based approach can exclude FP results. 

The “minLineWidth” and “maxLineWidth” define the minimum and maximum widths of 

the lines detected on the images. The changes in these parameters affect the number of 

detected lines. The test results showed that “minLineWidth” equal 0 leads to 

oversensitivity and inaccurate segmentation results. At the same time, as the 



44 

 

“minLineWidth” threshold increases, the segmentation results retain only branches with 

high line width (Fig. 17).  

 

Figure 17. Effect of "minLineWidth", "maxLineWidth" on the segmentation and 

skeletonization results. The increasing of the "minLineWidth" value exclude small 

branches. 

After tests, it is clearly seen that the current RD has a limitation: the low-width lines that 

overlap with high-width lines are excluded from the final RD mask after merging (Fig. 18), 

hence, only small fibers that are not overlapped with high-width lines are included in the 

analysis.  

 

Figure 18. Schematic illustration of the overlapping of detected lines with different 

LineWidth. 
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The tool's results showed that the segmentation-based approach performed the main 

function of extracting the ECM pattern and could be used for further metric extraction. 

However, the filtering algorithm and merging step of RD masks require further 

improvement. In the following section, I tried to extract features to test how metric values 

reflect real ECM properties. 

3.3 Segmentation metrics development  

Following the development of the segmentation approach, my goal was to extract 

quantitative metrics that characterize the ECM pattern. I decided to exclude the 

intensity, lacunarity, Nbranchpoints , Nendpoints, HDM, FFD, and curvature metrics (see 

Materials and Methods for details).  

The intensity metric provides the mean intensity of the matrix. It is particularly useful 

when combined with ECM-sensitive dyes, which can, for example, indicate the 

concentration of ECM components in the region. The lacunarity metric quantifies the 

local heterogeneity of gray levels, representing the number of gaps in the matrix. HDM 

provides information about the part of the area occupied by ECM. 

The Nbranchpoints and Nendpoints  metrics provide information about the number of junctions 

and fiber ends present in each ECM patch. Importantly, 

the Nbranchpoints and Nendpoints  values describe the RD segmentation pattern and indirectly 

represent information about the real number of fiber branches or endpoints. The FFD 

provides information about the structural complexity of the ECM. I selected the box-

counting mode, which was imported from the existing FFD tool developed by Cui et al. 

(2024) (https://github.com/wanglab-georgetown/fractal). Thus, the more complex and 

branched the structure is, the higher the number of boxes will be included in this 

structure, and the higher value of the FFD metric will be (Fig. 19). The curvature metric 

provides information about the straightness of the fibers in the patch. The values are 

normalized by the fiber length, making this metric suitable for comparison across 

different experimental groups.  

https://github.com/wanglab-georgetown/fractal
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Figure 19. Fractal Dimension by Box Counting Method. Illustration adapted from 

Mihashi et al., 2014. 

3.4 Segmentation metrics tests  

To test segmentation metrics, I used the Glioblastoma dataset, which contains super-

resolution images of the ECM. The high resolution helps to segment fibers more precisely. 

The intensity metric reflects the mean intensity in the ECM. Thus, the top patch in Fig. 20 

has a higher value and collagen dye signal than the bottom one. 
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Figure 20. Result of the intensity metric test. 

The results of the lacunarity metric test reflect the number of gaps in the ECM. Thus, the 

top patch in Fig. 21  has fewer gaps and, hence, a lower lacunarity value than the bottom 

patch. 

 

Figure 21. Result of the lacunarity metric test. 

The results of the HDM metric test reflect the part of the fibers that occupied the ECM. 

Thus, the top patch in Fig. 22  has more fibers and, hence, a higher HDM metric value 

than the bottom patch.  
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Figure 22. Result of the HDM metric test. 

The results of Nbranchpoints metric test reflect the number of junctions in the ECM. Thus, the 

top patch in Fig. 23  has fewer Nbranchpoints  than the bottom one.  

 

Figure 23. Result of the Nbranchpoints  metric test. 

The results of Nendpoints  metric test reflect the number of ended fibers in the ECM. Thus, 

the top patch in Fig. 24  has fewer Nendpoints than the bottom one.  
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Figure 24. Result of the Nendpoints  metric test. 

Despite the correspondence of Nbranchpoints  and Nendpoints  results with the ECM state, the 

thin ECM fibers are segmented with low accuracy. Additionally, there are FP results in 

areas with out-of-focus fibers (Fig. 25). These inaccuracies reduce the trustworthiness 

of the Nendpoints  or Nbranchpoints  metrics and require further improvement through changes to 

RD and filtration algorithms. However, the Nendpoints  and Nbranchpoints  metrics represent the 

numbers of junctions and endpoints in the ECM, which, together with other metrics, 

serve as a solid foundation for ECM description. 

 

Figure 25. Undersegmentation of thin fibers and FP results in segmentation of out-of-

focus fibers. The blue arrows refer to FP results. 

The FFD metric results reflect the complexity of the ECM pattern. Thus, the top patch in 

Fig. 26  has a more complex network compared to the bottom patch. 
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Figure 26. Result of the FFD metric test. 

The curvature metric results reflect the straightness of the ECM fibers. Thus, the top 

patch in Fig. 27  has fewer straight branches, and, hence, a higher number of curvatures, 

compared to the bottom patch. 

 

Figure 27. Result of the curvature metric test. 

Overall, the segmentation-based metrics test confirmed the algorithm's applicability to 

ECM description. Despite inaccuracy in some specific cases, the metrics represent the 

ECM structural pattern and can be used in experimental datasets, which was the next 

part of the AFT-tracks development. 
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3.5 Cell migration metrics implementation on the patch level 

After the extraction of ECM features, I focused on the extraction of cell migration metrics 

in the local patch level to connect local ECM properties with changes in cell migration 

behavior. The extraction of cell migration metrics based on CellTracksCollab 

functionality. The CellTracksColab provides two approaches for describing cell migration 

behavior: track-level metrics and spot-level metrics calculated using a rolling window. 

The rolling window approach computes an average over the following spots within the 

window.  

During the implementation of the track-level metrics, I realized that directly 

implementing them caused inaccurate calculations in patches because cells exited and 

re-entered a patch. To avoid this issue, tracks were split into segments inside the patch. 

The mean values of all segments within the patch were then computed. In addition to the 

CellTracksColab application, AFT-tracks implements the new metrics at the spot-level 

(see Materials and Methods for details).  

Following the implementation of cell migration metrics, I investigated how these metrics 

correlate with ECM features. Thus, the next step in tool development was the test of the 

AFT-tracks on real experimental data.  

3.6 Experimental data processing 

To test the AFT-tracks application on real experimental data, we decided to take live-cell 

imaging datasets imaged with various microscopes and resolutions. The various 

experimental conditions support the applicability of AFT-tracks for a wide range of cell 

migration assays. Additionally, a high-resolution dataset provides an opportunity to 

compare FFT- and segmentation-based approaches. 

3.6.1  Brightfield dataset 

Brightfield microscopy cell migration data on cell-derived matrices (CDMs) were taken 

from a previously published study about the role of L-type calcium channels in filopodia 

stabilization during invasion (Jacquemet et al., 2016). One group contained untreated 

cells, while the other group contained Carboxyamidotriazole-treated cells. The AFT-
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tracks can help reveal the alignment of ECM and cells after treatment, reflecting the 

number of filopodia, one of the main components of cellular migration. 

The comparison of the two groups reveals a significant difference in cell alignment with 

the ECM between the two conditions (Fig. 28). Thus, Untreated cells were more aligned 

with the ECM than Carboxyamidotriazole-treated cells.  

Figure 28. Example of the brightfield dataset and comparison of AFT-AI between the two 

groups in the brightfield dataset. Sample size: 2 per group. Groups were compared 

using a Mann-Whitney U test to evaluate differences in AFT-AI values. 

 

Correlation analysis showed that cell morphology exhibited stronger correlations with 

AFT-AI and ECM features in treated cells compared with untreated cells, which 

demonstrated weaker correlations between morphological features and AFT-AI and ECM 

characteristics (Fig. 29). An exception was the “ellipse_theta” feature. This metric 

describes the spatial orientation of the cell's major axis. The results indicate that cells 

are less aligned with the ECM when their major axis is oriented horizontally.  

Overall, the analysis results support the original study and provide an additional 

perspective for interpreting results through the cell-ECM interplay. Thus, based on the 

data, I speculate that treated cells are more aligned with the ECM and exhibit greater 

morphological flexibility during alignment than the untreated group. 
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Figure 29. Correlation index between FFT-based metrics and cell morphology metrics in 

the brightfield dataset. 

3.6.2  Glioblastoma dataset 

Glioblastoma fluorescent microscopy cell migration data on CDMs were taken from a 

study about the role of CCT8 in MYO10-positive filopodia formation (Popovich et al., 

unpublished data). One group contained control cells, while the other group contained 

siCCT8 cells. The glioblastoma dataset contained super-resolution images with 

separated fibers, making them suitable for testing both FFT- and segmentation-based 

approaches. The AFT-tracks was used to reveal how silencing of CCT8, which leads to 

less filopodia formation, can reflect on alignment with the ECM. 

Firstly, the analysis of the data reveals that FFT- and segmentation-based approaches do 

not work accurately with ECM images that contain signals from other channels. These 

showed that AFT-tracks require a clear ECM signal without cross-talk with other 

channels. 

Secondly, I analyze AFT-AI in each condition. The compression results showed that cells 

in the siCCT8si5 group were more aligned with the environment than control cells (Fig. 

30). These results suggest that siCCT8 depends more on the ECM after loss of CCT8. 
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Figure 30. Example of the glioblastoma dataset and comparison of AFT-AI between the 

two groups in the brightfield dataset. Sample size: 1 per group. Groups were compared 

using a Mann-Whitney U test to evaluate differences in AFT-AI values. 

Thirdly, I analyzed cell migration metrics and compared track- and spot-level rolling-

window approaches. The analysis of cell migration behavior revealed differences in the 

spot-level rolling window and the track-level approach (Fig. 31). 

 

Figure 31. The difference in track-level and spot-level metrics. Mean speed per patch 

metrics include more outliers that Rolling approach. 

Thus, almost every feature has a different range across the two approaches. I linked it 

with the limitations of the rolling window approach: the rolling window does not 

calculate the metric for the last spots of the tracks, and track-level metrics include all 
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spots inside the patch. Noticeably, the distribution of metrics was the same, indicating 

that the two approaches describe the dataset in the same way.  

However, I think two approaches could be useful in specific cases. For example, if the 

dataset contains many short tracks, it is more useful to use per-segment mean values 

that do not exclude the final positions. If the dataset contains long tracks travelling from 

patch to patch, it will be useful to use a rolling-window approach to calculate metrics 

per spot, rather than excluding short segments during track filtering in the patch. 

Finally, I analyzed the correlations between cell migration metrics and ECM parameters. 

In contrast to the brightfield dataset, the correlation analysis did not reveal a significant 

correlation between AFT-AI and ECM features. However, several cell migration metrics 

showed weak correlations with ECM features (red box in Fig. 32). 

In particular, I want to focus on two migration metrics: “Mean_Speed_per_patch” and 

“Spatial_Coverage_per_patch”. The “Mean_Speed_per_patch” metric in the siCCT8 

group showed weak correlations with ECM eccentricity, intensity, and order value, 

suggesting that ECM structural features may have a stronger influence on cell speed. 

The correlation between “Spatial_Coverage_per_patch” and ECM metrics in the siCCT8 

group indicated that cells occupy a larger area during migration in highly eccentric, dense 

matrices. This observation may suggest that, in the absence of filopodia, siCCT8 cells rely 

more heavily on the ECM structure to guide their migration. 

Additionally, lacunarity showed a negative correlation with spatial coverage, suggesting 

that the presence of lacunes in the matrix limits the spatial spread of siCCT8 cells during 

migration. 
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Figure 32. Correlation between ECM metrics and cell migration metrics in the 

glioblastoma dataset. The red box highlights the metrics with the most difference in 

correlation. 

Additionally, the correlation analysis of ECM features indicated that FFT- and 

segmentation-based approaches complement each other (Fig. 33). This is supported by 

the lack of strong correlation between metrics from the two approaches, and their 

conceptual relation. For example, the lacunarity metric was strongly negatively 

correlated with eccentricity, norm_endpoints, and norm_branch metrics. This is 

consistent with the fact that an ECM highly structured along one axis contains fewer 

lacunes, endpoints, and branch points. 
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Figure 33. Correlation between FFT- and segmentation-based ECM metrics in 

glioblastoma dataset. The FFT- and Segmentation-based approaches do not have 

strong correlation that indicate different description of the ECM with two approaches. 

3.6.3  Chemotaxis dataset 

Chemotaxis cell migration data on CDMs were obtained from a study on the role of 

chemotactic cues in dendritic cell migration (Weinzettl et al., unpublished data). One 

group contained control cells in uniform conditions, while the other group contained 

dendritic cells with a chemotaxis cue on the right side of the CDMs. The AFT-tracks was 

used to reveal any changes in cell alignment in the presence of ECM and a cue. 

The results of the analysis showed that cells in the Gradient group were more aligned with 

the ECM and moved in the cue direction compared with the Uniform condition (Fig. 34). 

Cells in the Uniform condition migrated more stochastically and were less aligned with 

the ECM. The results suggest that alignment with ECM regulates directed cell migration 

to the cue, showing that AFT-tracks can be suitable for this type of analysis. 
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Figure 34. AFT-AI and directionality rose plot for chemotaxis dataset. Sample size: 2 per 

group. Groups were compared using a Mann-Whitney U test to evaluate differences in 

AFT-AI values. 

3.7 Adaptation of the AFT-tracks to local running  

The online and open-source platforms with a Jupyter-like structure (e.g., Google Colab) 

have limited computational resources, which makes it challenging to analyze massive 

data. To address this challenge, we decided to switch the AFT-tracks to local execution.  

The local version of the tool was implemented using the LabConstructor framework 

(Ivan Hidalgo et al., unpublished data). LabConstructor enables the transformation of 

Colab notebooks into a single executable file that can be installed locally and opened in 

the Jupyter Notebook application. 
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The AFT-tracks tool was successfully installed locally using an executable generated 

with LabConstructor (Fig. 35). In this setup, users do not need to manually install 

Python packages or Conda environments, making the tool accessible to a wide range of 

users and avoiding the resource limitations of Google Colab. 

 

Figure 35. The interface of AFT-tracks running in a local Jupyter Notebook environment. 
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4  Conclusion 

Cell migration plays a crucial role in key processes in living organisms, and in recent 

years, researchers have focused on the communication between migrating cells and 

the ECM. In this thesis, I began developing AFT-tracks – an open-source, user-friendly 

tool for describing the interplay between cells and the ECM. The result of this work was 

the development of the AFT-AI metric, which describes the alignment of cells with the 

surrounding ECM. I also validated AFT-AI's functionality on both synthetic and real 

datasets. Also, I developed two main approaches to ECM description: FFT and RD. Each 

of these approaches complements the others and describes a different characteristic of 

ECM. Additionally, I tested AFT-tracks across various datasets and identified new space 

to reveal cell-ECM interplay during data interpretation. In the final step, I built a pipeline 

to adapt the tool for local and Google Colab environments, making it accessible to a 

wide range of users and use cases.  
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