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1 |  INTRODUCTION

In recent decades, investigation of the filaments of the cy-
toskeleton, such as actin, vimentin, and microtubules, has 
become increasingly important for our understanding of cel-
lular functions.1- 4 For example, the spatial organization of 

the cytoskeletal network has an important role in cell migra-
tion,5,6 cancer metastasis,7,8 and cellular mechanics.1,9- 12 The 
methods used to detect and image these structures vary from 
low- resolution fluorescence imaging, through high- resolution 
fluorescence imaging, to electron microscopy.3,6,13- 16 The 
resolution of conventional light microscopy allows imaging 
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Abstract
The rapid development of advanced microscopy techniques over recent decades has 
significantly increased the quality of imaging and our understanding of subcellular 
structures, such as the organization of the filaments of the cytoskeleton using fluo-
rescence and electron microscopy. However, these recent improvements in imaging 
techniques have not been matched by similar development of techniques for com-
putational analysis of the images of filament networks that can now be obtained. 
Hence, for a wide range of applications, reliable computational analysis of such two- 
dimensional methods remains challenging. Here, we present a new algorithm for 
tracing of filament networks. This software can extract many important parameters 
from grayscale images of filament networks, including the mesh hole size, and fila-
ment length and connectivity (also known as Coordination Number). In addition, the 
method allows sub- networks to be distinguished in two- dimensional images using 
intensity thresholding. We show that the algorithm can be used to analyze images 
of cytoskeleton networks obtained using different advanced microscopy methods. 
We have thus developed a new improved method for computational analysis of two- 
dimensional images of filamentous networks that has wide applications for existing 
imaging techniques. The algorithm is available as open- source software.
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down to 200 nm, and super- resolution microscopy can now 
detect features with a resolution down to around 20  nm. 
However, for the full structural networks, the resolution down 
to the atomic scale of electron microscopy is required.

The structures in these images can then be analyzed com-
putationally, and the most commonly used method to inves-
tigate networks of grayscale imaging techniques are based 
on segmentation or pixel- based center lines, such as with 
ImageJ plugins; for example, DiameterJ and NeuronJ.17,18 
These methods are user friendly and have well- defined and 
convenient output parameters. However, as the user has to 
define either the ‘best segmented image’ prior to the analysis 
or draw the starting and end points of each filament by hand, 
these methods rely upon the subjective analysis of the user. 
This thus reduces the reliability and reproducibility of these 
methods. More reliable analysis can be provided by vectorial- 
based algorithms that allow batch processing of grayscale 
network images.2,19 However, a limitation of this method is 
that the output parameters are commonly dedicated to a spe-
cific interest, and can therefore be limited.

To facilitate our ongoing analyses of scanning electron mi-
croscopy images of actin microfilament networks in cells, we 
have developed an algorithm that can analyze a wide range 
of filamentous networks that are imaged using different tech-
niques, such as fluorescence microscopy, electron microscopy, 
and commercial photography techniques. We have named this 
algorithm the filament network- tracing algorithm (FiNTA). 
To the best of our knowledge, the FiNTA analyses more pa-
rameters than other computational tools designed for network 
analysis. These parameters include the filament length, the 
connectivity (also known as the coordination number, and the 
persistence length in combination with the angle distribution. 
Thus, this algorithm can be used to analyze any kind of net-
work in grayscale two- dimensional (2D) images.

2 |  MATERIALS AND METHODS

2.1 | Vectorial filament network- tracing 
algorithm

The FiNTA is based on vectorial tracing of grayscale images. 
The tracing data generated by FiNTA consist of connected 
nodes which travel along the filaments. Since neither the node 
positions nor their connection lengths need to be constrained 
to the discrete positions of pixels, we call FiNTA “vectorial.” 
Therefore, although binary images can be analyzed, there is no 
need to create binary images or pixel- based center lines prior 
to an analysis. To recognize the filaments in grayscale images, 
the FiNTA first identifies the directions of the filaments using 
image convolution with the Hessian matrix of the Gaussian 
kernels; thus, by validation of every pixel in terms of their in-
tensities.20 This is followed by the generation and connection 

of nodes along the filaments, which results in the tracing 
lines (Figure 1A). Since this procedure differs from segmen-
tation or pixel- based center lines, we compared the tracing 
results of FiNTA with DiameterJ and NeuronJ, respectively 
(Figure S1). It is possible to manually adjust the sensitivity of 
the method to any grayscale image by changing the input pa-
rameters, as described in Supporting Information (Table S1). 
For a more detailed description of the working principles and 
the mechanisms behind the algorithm, please see Supporting 
Information. The FiNTA identifies the filaments in a suitable 
time range; depending on the network complexity, the time 
range can be from seconds to minutes. It then automatically 
extracts the important network parameters. The algorithm is 
available on: https://github.com/SRaen t/FiNTA.

2.2 | Extracted parameters

The FiNTA provides information on at least eight of the most 
relevant parameters, which are: mesh hole size; circularity of 
each mesh hole; junction distance; filament density, filament 
length, connectivity of each unified junction, global angle 
distribution, and the persistence length.

The mesh hole size (MHS) is the measure of the network 
pore size, pore area, or hole size, or similar, and this is de-
fined as the area of the pores or holes within the network 
(Figure 1B). The circularity is defined as Ci = 4� (MHS) ∕P

2

, where P is the perimeter of a mesh hole. Consequently, the 
circularity is a measure of the fractal dimension of the mesh 
holes. The filament density is the total network length di-
vided by the total mesh hole area. Furthermore, the junction 
distance as the length of a filament between two junctions 
(Figure  1B). The filament length is the distance between 
nodes before reaching a defined break- off angle θ within two 
adjacent connections (Figure 1C). The number of filaments 
that are connected to a junction is described with the term 
connectivity, which in three- dimensional (3D) data analysis 
is often referred to as the coordination number. As a value 
of two represents a single filament, the minimum value of 
the connectivity is three, while the maximum value is unlim-
ited. For instance, in actin networks, the connectivity rarely 
exceeds six, and these filaments typically have a mean con-
nectivity of around 3.4. Within a user- defined unification 
distance FiNTA identifies junctions that are close to each 
other and considers them as one junction (Figure 1D). This 
is needed since junctions often have an expansion larger than 
the filament diameter, which forces FiNTA to identify two 
junctions instead of one for example. The global angle dis-
tribution is defined as the angles of the connections between 
the nodes relative to the image orientation measured counter 
clockwise, where the left edge of the image represents 0°, re-
spectively. The worm- like chain model approximation is used 
to extract the persistence length.21

https://github.com/SRaent/FiNTA
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To demonstrate which parameters are easier to extract 
with the FiNTA, we analyzed three scanning electron mi-
croscopy images of structurally different actin microfilament 
networks in cells. These were taken over the nucleus, in the 
perinuclear area, and in a lamellipodium at the cell edge, as 
shown in Figure 2A. We thereby determined the density and 
structure of the actin microfilament network, and how it dif-
fered between the different subcellular regions, according to 
18 different parameters (Figure  2B). This broad parameter 
space leads to a high flexibility of FiNTA compared to other 
algorithms. Therefore, extracted parameters that are iden-
tical to DiameterJ or NeuronJ are presented in Supporting 
Information (Table S2).

2.3 | Biological sample preparations and  
imaging

The preparation of the biological samples and the imaging 
details are in the Supporting Information.

3 |  RESULTS

3.1 | Filament density, filament angles, and 
mesh hole size

The filament density is commonly calculated by determining 
the length of the total traced network, and dividing by the 
image size. To quantify the quality of this analysis, a realistic 
range of values of filament packing/densities were tracked 
that were within an acceptable error (10% SD). An orthogo-
nal grid of white filaments on a black background was digi-
tally created. In this network, the number of filaments was 
then increased, from a filament density of 26% white and 74% 
black pixels, to 92% white and 8% black pixels, as shown 
in Figure 3A- D. The sizes and counts of the mesh holes in 
these images were then analyzed using the FiNTA, which 
were compared to the known sizes and counts of the designed 
mesh holes. The results with the FiNTA were similar to the 
known mesh hole sizes and counts (Figure  3E,F). This in-
dicated that the FiNTA provided an accurate description of 

F I G U R E  1  Graphical illustration of 
four parameters implemented in the filament 
network- tracing algorithm (FiNTA). 
A, Algorithm routine to trace filaments 
vectorially. Starting with the original image, 
followed by kernels and angle analysis 
that leads to tracing lines finally. Filament 
thickness: 12 px. B, A single mesh hole with 
several junctions. C, The filament length 
(FL) calculation. The break- off angle is θ 
(or smaller). The break- off angle assigned 
to the FiNTA is θ- 180° (as for all other 
angles), or larger. D, Implementation of the 
Connectivity condense the junctions along 
the unification distance shown as the thick 
blue line. In the upper example, within two 
nodes (blue squares) per filament no other 
junction (white circle) was identified by 
FiNTA. In the lower example, within three 
nodes per filament one other junction was 
identified. Since the unification distance 
was three (nodes) in this example, FiNTA 
summarizes both junctions to one leading to 
a connectivity of 5
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F I G U R E  2  Scanning electron microscopy examples and parameters. A, Representative actin images showing the tracing and angle 
distributions of three different cell regions of RPE1 cells. Scale bars and edge length of angle distribution images: 500 nm. B, Quantification of 18 
parameters extracted by the FiNTA. Lam., lamellipodium; PL, persistence length; NL, total network length (to calculate, eg, fiber density LCL, 
total network length of closed loops; A, total area of all loops; N, total number of nodes; J, total number of Junctions; UJ, total number of united 
junctions upon user defined unification distance used to calculate the connectivity; NCL, total number of nodes that contribute to closed loops; 
JCL, total number of Junctions that contribute to closed loops; CL, total number of closed loops; and UJUD, total number of united junctions of the 
network that only contain closed loops with the user- defined unification distance
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these porous and dense networks, with detection of up to 92% 
of the filaments.

To quantify the accuracy of the FiNTA analysis of the 
global filament angles, 18 images were created with filament 
angles from 0° to 170°, in 10° increments (Figure 3G- I). The 
following FiNTA analysis of the filaments angles was very 
similar to the expected values, with a Pearson's correlation 
R = 1 (Figure 3J). This indicated that the FiNTA provided an 
accurate analysis of the global filament angles.

3.2 | Image resolution and noise level

Image resolution and the signal- to- noise ratio govern the 
quality of the various imaging methods. We thus determined 
how these features of images influence the FiNTA tracing of 
networks. For this, test images were initially created with a 
filament density grid of 74% black. To recognize different net-
work types, the FiNTA detection of different grid sizes was 
also tested by analysis of lines of six different sizes of pixels.

F I G U R E  3  Fiber density and orientation quality tests. A- D, Cropped regions of exemplary images with increasing black pixel fractions 
(decreasing filament density), with tracing results in the bottom half. Line thickness: 6 px. E, F, Linear approximations of expected vs measured 
mesh hole size (E) and mesh hole count (F). G- I, Exemplary images of different global filament angles with a line thickness of 27 px, that lead to 
accurate tracing lines. J, Linear approximation of expected vs measured angles
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For the signal- to- noise ratio, six digital noise levels were 
added, as infinite to zero signal- to- noise ratios, and the noise 
levels were calculated. The tracing quality of the FiNTA 
was then analyzed at these different signal- to- noise ratios by 
comparisons of the measured to the expected mesh hole size 
and count with the similarities expressed as percentage er-
rors (Figure 4). Here, the higher the resolution of the image, 
the more noise was acceptable, and vice versa. Therefore, the 
FiNTA can trace images across a wide range of image resolu-
tion, and with various noise levels.

The typical signal- to- noise ratios of fluorescence and 
electron microscopy images of the cellular actin cortex are in 
the range of 5 dB to 15 dB.

3.3 | Connectivity

The connectivity (also known as coordination number or branch-
ing number) is rarely included in algorithms for segmentation- 
based network analysis, and to the best of our knowledge, it has 
not been included in vectorial-  tracing algorithms. Nonetheless, 
it is an essential parameter that is important to include and de-
scribe in any comprehensive analyses of networks. Therefore, 
the connectivity is also determined in the FiNTA.

To determine the efficiency of the connectivity measured 
by the FiNTA, four black and white 2D test images were 
artificially created where the only connectivity values were 
three, four, five, and six. As a connectivity of two represents 
a line, the minimum value of the Connectivity is three.

The connectivity measured on the original images with the 
FiNTA was then compared to the expected values, as shown 
in Figure 5A- D. These FiNTA values matched those expected 
(Figure 5E, F), and therefore, the FiNTA can measure all of 
the predominant connectivities within 2D networks.

3.4 | Filament length

In addition to the mesh hole size and connectivity, the fila-
ment length is a crucial parameter in the characterization of 
networks. To include this parameter in the FiNTA, a user- 
defined break- off angle was implemented to detect and define 
a filament as a single filament (see Figure 1C). This defini-
tion and implementation to FiNTA allows “one filament” to 
cross junctions identified by FiNTA. This is crucial since in 
a two dimensional image it is often not possible to differ be-
tween a physical junction and an overlay of filaments above 
each other. Consequently, we implemented the break- off 
angle in order to be not limited by the identification of junc-
tions. Even visual inspection of network images does rarely 
allow the identification of the beginning or end of a filament. 
Therefore, the filament length calculated by FiNTA is most 
likely not the real filament length, but a filament length close 
to the one that is identified by visual inspection.

To determine the accuracy of this filament length trac-
ing approach, the artificially created test images for the  
connectivity were modified to show a homogenous distri-
bution of filament lengths by removing the filaments at the 

F I G U R E  4  Mesh hole size by varying signal- to- noise ratio and line thickness. A, Exemplary images of traced mesh holes by varying signal- 
to- noise ratio and line thickness. B, Percentage errors (PE) of expected mesh hole size and count vs measured mesh hole size (B) and count (C), 
with dependence on signal- to- noise ratio and line thickness
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F I G U R E  5  Connectivity and Filament Length tests. A- D, Exemplary images with discretely increasing connectivities as three (A), four (B), 
five (C), and six (D), as are traced in red (second row), and with branches/junctions extracted (third row). Junction connectivity was set to 6 (ie, 
all junctions that can be connected by 6 or less steps are unified to one junction). Line thickness: 9 px. E, F, Linear approximations of expected 
vs measured Connectivity (insets show corresponding third rows of (A- D)) (E) and counts of branches/connections (F). Red lines show the linear 
approximation. G, Filament length histograms of images (A- D) corresponding to the four connectivities from three to six. The break- off angle was 
set to ~17° (0.3 rad). Black vertical lines represent the expected filament length
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edges of the images. This resulted in data with very simi-
lar filament lengths, as shown in Figure 5G for a break- off 
angle of ~17° (0.3 rad), where all of the filament lengths were 
within an accurate range of the expected lengths. However, 
the FiNTA also identified artificial filaments that were sig-
nificantly shorter than those expected, and were localized to 
the branching/connection zones. Such very short filaments 
can be eliminated easily using a threshold value. We also per-
formed a more detailed test of the filament lengths and their 
dependence on the break- off angle, as presented in Figure S2.

3.5 | Other extracted parameters

As the mesh hole size, connectivity, and filament lengths 
should be the most challenging parameters to implement, 
we mainly focused on testing these parameters in detail. 
Additional parameters that can be calculated based on the 
mesh hole size and from the tracing per se were also tested. 
The filament density can be calculated from the length of 
the total traced network divided by the image size. The 
junction distance (so- called fiber length in DiameterJ) was 
calculated forward from the known junction positions. The 
connectivities from the FiNTA were very accurate for both 
the quality and the counts, and thus the reliability of the 
analysis of junction distance was also accurate, as for the 
connectivity. The circularity is the fractal dimension of 
the mesh holes, and this was defined as proportional to the 
mesh hole size divided by the perimeter squared. The re-
liability of the analysis of circularity is therefore strongly 
depending on the mesh hole size, which was shown to be 
very accurate in Section 3.1.

3.6 | Tracing accuracy

The accuracy of the tracing determines the quality of all of 
the parameters that are extracted from any tracing software. 
To determine the tracing accuracy with the FiNTA, we ana-
lyzed electron microscopy images of actin filaments and a 
fluorescence confocal microscopy image of microtubules 
(Figure  6). For the quality of the analysis, the filaments 
traced with the FiNTA were then also traced manually in 
the same images. This thus determined the relative levels of 
false- negative and false- positive signals obtained using the 
FiNTA, as the relative proportions of nontraced filaments 
and nonexisting filaments traced, respectively.

For determination of the levels of false- negative sig-
nals, the relative lengths of nontraced filaments were cal-
culated by dividing these by the total network length traced 
by hand including the nontraced filaments. For determina-
tion of the levels of false- positive signals, the proportion of 
false- positive filaments were defined according to the total 
network length traced by hand. On this basis, the FiNTA 
tracing for the electron microscopy images showed 8.55% 
false- negative filaments and 1.54% false- positive filaments. 
For the fluorescence image FiNTA tracing, there were 
9.72% false- negative filaments, and 1.42% false- positive 
filaments. Therefore, the false- positive rates can be consid-
ered as negligible, and the false- negative rates are <10%, 
which can be considered an acceptable value. The false- 
negative filaments arise because the FiNTA does not trace 
up to the edge of the image, to avoid any distortion of the 
mesh hole size. In the central parts of the images, almost all 
of the filaments that are not traced (ie, the false negatives) 
arise where the angle between two filaments is small.

F I G U R E  6  Tracing error tests. Representative images of actin filaments obtained using scanning electron microscopy (A; SEM) and of 
microtubules obtained using confocal fluorescence microscopy (B; FM), as traced with the FiNTA and compared to hand tracing. Nontraced fibers 
(false negative) and nonexisting filaments (false positive) that were traced are shown (2× fiber thickness of original tracing). Overlay of the correct 
tracing (red), false negatives (green), and false positives (blue) shown in the last column. Scale bars: 200 nm (A); 5 µm (B)
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3.7 | Network separation

It is challenging to draw conclusions about spatial distribu-
tions in three dimensions from 2D images of 3D networks, 
both manually and automatically. For example, it is usually 
not possible to distinguish between a real junction and an 
overlay of two filaments. However, the FiNTA can reduce 
these events to a minimum. Here, this is based on the effect 
whereby the filaments closer to the camera (ie, at a higher 
level within the network) are brighter than the filaments that 
are further away from the camera (ie, at a lower level within 
the network). This is true for images from both electron mi-
croscopy and fluorescence microscopy. For this, the option 
was implemented to preserve traced nodes within a speci-
fied grayscale interval only, which can be chosen by the user. 
This approach can also be used to avoid over- exposed and 
under- exposed regions of a network.

To assess the quality of this approach, three different im-
ages were analyzed at high and low intensity levels (Figure 7). 
For electron microscopy images of actin networks, the high 
intensity areas, referred to as ruffles, provide no informa-
tion about the network due to their overexposure. It might 
therefore be of interest to exclude these high intensity regions 
from the tracing, which is what the FiNTA does (Figure 7A). 

To determine the quality of the FiNTA for other types of 
networks, an electron microscopy image of the hexagonal 
structure of a diatom alga was analyzed. The thresholding of 
the intensity values allowed the FiNTA to discern the hex-
agonal structures from the underlying network (Figure 7B). 
Furthermore, in fluorescence images of actin, the FiNTA 
can differentiate between high intensities (more fluores-
cein proteins) and low intensities (less fluorescein proteins) 
(Figure 7C). This allows the user to focus on the subcellular 
regions of a network, which can be useful if the user is in-
terested in subregions, or parts of the intensity distribution 
within an image. Therefore, such intensity thresholding is 
a powerful method to separate networks for their detailed 
investigation.

3.8 | Tracing of cytoskeletal 
networks imaged by electron and 
fluorescence microscopy

To demonstrate the wide range of FiNTA applications, im-
ages of different cytoskeletal filaments were traced that were 
obtained by electron microscopy (Figure 2) and using differ-
ent variants of fluorescence microscopy (Figure 8).

F I G U R E  7  Network separation by intensity thresholding. Representative images for scanning electron microscopy (SEM) of actin (A) and a 
diatom (B) and fluorescence microscopy (FM) of actin (C), used to separate the networks by intensity. A, B, As used to eliminate unwanted areas 
(A, actin: high intensity) and analyze the remaining network (low intensity), or to separate a superior (B, diatom, high intensity) and an inferior 
(low intensity) network. C, As used to separate between high and low intensity signals that represent high and low amounts of fluorescent actin 
molecules. Scale bars: 1 µm (A), 4 µm (B), 20 µm (C)
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We showed in Section 3.7 that the FiNTA can be used to 
analyze actin microfilament cytoskeletal networks imaged 
by confocal microscopy (Figure 7C). However, the resolu-
tion of confocal microscopy is often not sufficient to deter-
mine the fine structure of cytoskeletal networks, as more 
recently, super- resolution techniques are being increasingly 
used. To provide a useful tool for such studies, the reliabil-
ity of the FiNTA was analyzed using images from super- 
resolution microscopy. Images of the intermediate filament 
protein vimentin were analyzed for various cell types that 
were provided by three distinct super- resolution micros-
copy techniques that are based on different approaches 

and principles: stimulated emission depletion (STED) 
microscopy; stochastic optical reconstruction microscopy 
(STORM); and expansion microscopy. STED microscopy is 
a type of confocal microscopy where a homogenous signal 
along filaments is recorded. In contrast, STORM and ex-
pansion microscopy are techniques that create a pointillism- 
like signal along filaments. In STORM microscopy, this is 
achieved by the imaging technique itself, whereas in ex-
pansion microscopy, the structure under investigation is 
physically ruptured at the nanoscale level. These vimen-
tin network images using each of these super- resolution 
techniques were indeed accurately traced by the FiNTA 

F I G U R E  8  Representative images and exemplary traced fluorescence super- resolution networks. Vimentin was imaged and traced (as 
indicated) using stimulated emission depletion (STED) microscopy (A), 3D stochastic optical reconstruction microscopy (STORM) (B) and 
Expansion microscopy (C). D, Identical image section of cell vimentin in (C) is shown for microtubules in (D). Overlayed image: overlay of 
original and traced images. Scale bars: 10 µm (A, B) (expansion factor, 4.5); 2.38 µm (C, D)
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(Figure  8A- C). This included the pointillism- like signals 
of STORM and expansion microscopy, as shown in the 
detailed pointillism test in Figure S3, and more indirectly 
in Figure 4. To further confirm this, Figure 8D shows the 
FiNTA tracing of a microtubule meshwork obtained using 
expansion microscopy. Consequently, we can conclude 
that the FiNTA can also correctly trace networks in images 
using super- resolution fluorescence imaging techniques.

As indicated in Section  2.2, the FiNTA can trace actin 
microfilament networks obtained using electron microscopy. 
To determine whether the FiNTA can also be used for elec-
tron microcopy images of other structures, we additionally 
investigated mushroom braid, eggshell, foam, and diatoms. 
With the exception of the foam, which showed high hetero-
geneity for the filament thickness and brightness, the FiNTA 
provided accurate tracing of these networks (Figure  S5). 
Consequently, FiNTA is scale- independent and could be 
used for fundamentally different questions, such as cell- cell 
junctions (eg cell monolayers stained for E- cadherin) or even 
network- spanning organism (eg, Physarum polycephalum).

To further validate the FiNTA, other images were ana-
lyzed, including a picture of sticks of spaghetti obtained 
using a reflex camera, and different painted, biological, and 
written examples, which again resulted in consistently accu-
rate tracing (Figure S6).

4 |  DISCUSSION

In this study, we present the powerful, rapid, user- friendly, 
open- source vectorial FiNTA for grayscale images of differ-
ent filament types and across a large variety of scales. This 
is shown by our analysis of the intracellular nanoscale actin 
microfilaments and vimentin cytoskeleton, and of other net-
work forms using various imaging techniques.

A lot of the available software and plugins for analysis 
of networks require the raw data images in grayscale to be 
converted into binary images prior to analysis, such as the 
ImageJ plugin DiameterJ. The quality of the images will 
thereby greatly impact on the recognition of filaments by the 
software. With the FiNTA, grayscale images can be analyzed, 
which thus overcomes this problem.

The FiNTA allows analysis of the common network pa-
rameters, such as mesh hole size, circularity, junction dis-
tance, filament density, and others. Moreover, it provides a 
high level of quantification of challenging parameters, such 
as connectivity and filament length. The FiNTA can also be 
used to separate subnetworks in single images, through inten-
sity thresholding. It has a high tolerance in terms of filament 
density and noise. Moreover, the FiNTA delivers good results 
regardless of the imaging technique used (eg, fluorescence 
microscopy, scanning electron microscopy, photographs), 
and of the substance investigated.

One limitation of the FiNTA relates to networks with 
small angles between the filaments. The FiNTA was also im-
plemented for homogenous filament thickness. Although the 
FiNTA can be used where there are small variations in fila-
ment thickness, significant heterogeneity in filament thick-
ness across a network can lead to nonideal tracing. Finally, 
heterogeneous intensity distributions along filaments can re-
sult in an increased false tracing by the FiNTA. In such cases, 
segmentation- based algorithms might provide more accurate 
tracing.

In summary, the FiNTA is an algorithm that can provide 
great benefits across a wide variety of scientific fields that 
involve analysis of images of networks.
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