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GRAPHICAL ABSTRACT.

Fiber Features: automatic sofware for characterization of anthropogenic microfibers
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ABSTRACT. Microfibers (MFs) are among the most widespread forms of pollution in the environ-
ment. Standard procedures for counting and characterizing MF's typically involve particle extraction
from the sampling matrix, filtration, and detailed inspection of the membranes to identify, classify, and
characterize all detected items. Physical characterization often includes morphometric measurements
such as surface area, length, and width, which significantly increases processing time. Recent advances
in computer performance and digital imaging have greatly expanded the potential of image analysis
as a tool for studying MFs from environmental samples. However, its broader adoption has been
hindered by the challenges associated with automating the analysis process. In this study, we present
areliable and user-friendly software tool for the automatic detection, quantification, and measurement
of MFs in digital images. The method was specifically developed for analyzing MFs retained on
membranes used during filtration procedures, although its applicability may extend to other settings.
The approach relies on the acquisition of high-resolution images, from which MFs are automatically
segmented and measured in terms of length, width, and additional physical attributes. Results can be
exported in multiple formats for further analysis. We evaluated the accuracy and repeatability of the
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software by comparing its measurements with manual annotations across a dataset of 118 images. The results demonstrated a high level
of agreement and robustness, highlighting the software’s potential to streamline and standardize MF analysis in environmental research.

Key words: Marine pollution, automated image analysis, geodesic skeletal distance, morphometric characterization, weathering.

Fiber Features: un software especializado para la caracterizacion automatica de microfibras antropogénicas a partir de muestras
ambientales

RESUMEN. Las microfibras (MF) de origen antropogénico constituyen una de las formas de contaminacion més extendidas en el
medio ambiente. Los procedimientos estandar para el recuento y la caracterizacion de las MF suelen incluir la extraccion de particulas
de la matriz de muestreo, filtracion y una inspeccion detallada de las membranas para identificar, clasificar y caracterizar todos los ele-
mentos detectados. La caracterizacion fisica a menudo comprende mediciones morfométricas, tales como el area superficial, la longitud
y el ancho, lo cual incrementa considerablemente el tiempo de procesamiento. Los avances recientes en la capacidad de computo y la
imagenologia digital han ampliado notablemente el potencial del analisis de imagenes como herramienta para el estudio de las MF en
muestras ambientales. No obstante, su adopcion generalizada se ha visto limitada por los desafios que conlleva la automatizacion del
proceso de analisis. En este estudio, presentamos una herramienta de sofiware robusta y facil de usar para la deteccion, cuantificacion y
medicion automaticas de MF en imagenes digitales. El método fue desarrollado especificamente para analizar MF retenidas en membra-
nas utilizadas durante los procedimientos de filtracion, si bien su aplicabilidad podria extenderse a otros contextos. El enfoque se basa
en la obtencion de imagenes de alta resolucion, a partir de las cuales las MF se segmentan y miden automaticamente en funcion de su
longitud, anchura y otros atributos fisicos. Los resultados pueden exportarse en diversos formatos para su posterior analisis. Evaluamos
la precision y la repetibilidad del sofiware comparando sus mediciones con anotaciones manuales en un conjunto de datos compuesto por
118 imagenes. Los resultados mostraron un alto grado de concordancia y robustez, lo que pone de relieve el potencial de este sofiware
para agilizar y estandarizar el analisis de MF en la investigacion ambiental.

Palabras clave: Contaminacion marina, analisis automatizado de imagenes, distancia esquelética geodésica, caracterizacion morfomé-
trica, meteorizacion.

accurate and standardized dimensional measure-
ments for ecological risk assessments (Koelmans
et al. 2022).

Visual identification under microscopes remains
one of the most used methods for MF quantifica-
tion and characterization (Hidalgo-Ruz et al. 2012;

INTRODUCTION

Anthropogenic microfibers (MFs) are among the
most prevalent forms of microplastic pollution in

aquatic ecosystems (Barrows et al. 2018; Suaria
et al. 2020; Lima et al. 2021), originating primar-
ily from textile sources and wastewater discharg-
es (Belzagui et al. 2020; Mishra et al. 2020), and
occurring from coastal waters to the deep sea (Liu
et al. 2022). Due to their small size and elongat-
ed morphology, MFs are readily ingested by zoo-
plankton, bivalves, and fish, raising concerns about
bioavailability, trophic transfer, and ecological im-
pacts. Their morphometric properties, particularly
length, width, and shape, strongly influence inges-
tion probability, retention time, and contaminant
sorption capacity underscoring the importance of

Masura et al. 2015). Manual or semi-automated
measurements, frequently performed using ImageJ
or Fiji (Schindelin et al. 2012), enable the estima-
tion of length, width, and surface area. However,
these approaches are time-consuming, operator-de-
pendent, and prone to variability, particularly when
large numbers of particles must be processed. The
lack of standardized, high-throughput procedures
limits reproducibility and constrains compara-
tive analyses across laboratories and monitoring
programs.

Automated image analysis has been success-
fully applied to microplastic detection in beach
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sediments and other matrices (Gauci et al. 2019;
Lorenzo-Navarro et al. 2020). Nevertheless, many
existing systems focus on particles larger than
1 mm or rely on costly instrumentation such as
UFTIR imaging combined with machine learning
(Primpke et al. 2017; Hufnagl et al. 2022). Several
image-analysis tools have also been developed for
the quantitative characterization of microplastics,
including ImagelJ/Fiji and shapeR, which provide
image-processing and shape-descriptor analysis
capabilities, and automated approaches such as
TUM-ParticleTyper, designed for particle detec-
tion and morphological characterization (von der
Esch et al. 2020; Valente et al. 2023). Although
these tools offer valuable capabilities for particle
analysis, their scope and implementation vary, and
a comprehensive morphometric framework specif-
ically tailored to elongated fibers remains neces-
sary. In particular, accurate fiber characterization
requires methods that account for curvature when
estimating length and capture localized variations
in width along the fiber. Although skeleton-based
measurements can estimate fiber length along its
curved trajectory, and object geometry can be used
to derive width (Schnepf et al. 2023), these descrip-
tors alone do not fully characterize longitudinal
width heterogeneity. Therefore, a reproducible and
scalable methodology that integrates these com-
plementary measurements into a unified workflow
remains needed (Liu et al. 2022).

To address these limitations, we developed Fiber
Features (FF), a dedicated software tool for the au-
tomatic segmentation and morphometric character-
ization of MFs from digital images. The software
integrates mathematical morphology and geodes-
ic distance metrics constrained to the topological
skeleton of each microfiber (Calabi and Hartnett
1968; Lantuéjoul and Maisonneuve 1984; Meyer
1989), enabling robust estimation of fiber length
independently of curvature or orientation. In addi-
tion, FF provides width profiles along the skeletal
path, allowing quantification of width variability
and the objective assessment of surface weathering.

The objective of this study was to validate Fib-

er Features as a standardized and reproducible
framework for automatic MF characterization and
to evaluate its accuracy and repeatability relative to
conventional manual image analysis methods. By
providing a mathematically grounded and scalable
approach, FF aims to support consistent morpho-
metric datasets suitable for environmental monitor-
ing and ecological research.

MATERIALS AND METHODS

Image library and manual characterization of
anthropogenic microfibers

A subset of 118 digital images of MFs was ran-
domly selected from an image library comprising
1,004 MF images, which were obtained from the
gastrointestinal tracts of juvenile fish (Alves et al.
2024). This image library served both as the basis
for the conceptual development of the software and
for the subsequent evaluation of its performance.

Images were acquired using a 16-megapixel dig-
ital camera mounted on a stereomicroscope, captur-
ing MFs retained on filtration membranes. During
the filtration process, MFs can be deposited on the
membrane surface plane in a range of positions
and orientations; while some MFs remain relatively
straight (Figure 1 A), others may be bent in the
2D plane (Figure 1 B) and overlapped with other
MFs or particulate material (Figure 1 C), and out
of focus sections due to bending in the 3D plane.

In addition, MFs may appear as relatively short
strands (Figure 2 A), exhibit torsions (Figure 2 B),
frayed edges or endings (Figure 2 C), and discolor-
ation (Figure 2 D). These last descriptive features
were annotated for the full characterization of the
images in the reference library and used as quali-
tative indications of environmental weathering (Di
Mauro et al. 2022, 2025).

Specifically, MFs simultaneously exhibiting
discoloration (DSC) and frayed edges or endings
(FYE) were classified as highly weathered (HW),
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Figure 1. Example of the microfibers arrangement on the filtration membrane after the vacuum filtration process. Straight (A),
bent (B), and overlapped with other particulate material (C).

Figure 2. Examples of the anthropogenic microfibers showing morphological features annotated for the full characterization: short
strands (A), surface with torsion (B), frayed edges or endings (C), and discoloration (D).

whereas those presenting only one of these fea-
tures (either DSC or FYE) were classified as lightly
weathered (LW). In addition, MFs lacking both fea-
tures were considered minimally weathered (MW)

(supplementary material, Table S1). This classifi-
cation is consistent with the origin of the samples,
as these were extracted from the gastrointestinal

tracts of juvenile fish. Accordingly, MFs classified
as MW were interpreted as having limited envi-
ronmental exposure prior to ingestion, which is
reflected in the absence of visible surface degra-
dation features.

Manual measurements on each MF image were
made using Fiji image analysis software (Schinde-
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lin et al. 2012). Using the segmented polygon tool,
a series of line segments was traced following the
perimeter of each MF to generate a closed contour.
From this contour, the surface area (SA, mm?), pe-
rimeter (Pe) and Feret diameter (FD) were automat-
ically measured, the latter being the distance (mm)
between two tangents on opposite sides of the par-
ticle and parallel to a fixed dimension (Reinhardt
2021). For elongated and straight-positioned par-
ticles (Figure 1 A), FD can be considered a proxy
for length, however, for MFs that are irregularly
oriented on the 2D plane (Figure 1 B and 1 C), Pe
and SA were used to estimate MF’s length (LM)
following the approach proposed by Elewa (2010):

L_Pe+\/PeZ—16><SA

4

(1

To ensure consistency in manually measured
length (L,,), this formulation was applied uniformly
to the entire dataset, regardless of MFs orientation.

Additionally, MF’s width was manually meas-
ured (W,,) by drawing a straight line across a rep-
resentative section of the fiber, which was selected
based on clearly defined and well-resolved edges.

Automatic measurements with Fiber Features
software

Fiber Features (FF) was designed to enable au-
tomatic image segmentation of digital images of
MFs, and the subsequent measurement of various
morphological parameters for their full character-
ization. The algorithms incorporate basic digital
image processing techniques, mathematical mor-
phology operators, and geodesic operators within
a user-friendly interface. This purpose-specific
software not only optimizes the automatic record
of MF’s shape and size, but it facilitates the docu-
mentation of other qualitative descriptors through
a checkbox in the graphical user interface, with
which users can specify MF’s arrangement of the
membrane surface, color and qualitative features of

weathering, such as DSC and FYE, for a rapid and
efficient documentation (supplementary material,
Tutorial).

Among the automatic measurements provided by
the software, the most relevant are length (Lzr) and
width (Wxr), with the latter including the minimum,
maximum, average values and the coefficient of
variation (CV).

To consistently measure length in a reliable man-
ner that can be applied to all MFs in a sample and
represent MF’s geometry, Lgr was defined as the
geodesic distance measured between two endpoints
constrained to the fiber’s topological skeleton. The
last is a simplified representation that preserves the
basic structure of the original shape and remains
equidistant from its borders. Furthermore, it em-
phasizes the geometric and topological properties
of the shape, such as its connectivity, topology, di-
rection, and width.

A formal definition of the skeleton suitable for
both discrete and continuous domains was intro-
duced by (Calabi and Hartnett 1968). It is based
on the concept of maximal balls (Figure 3). A ball
B(x, r), centered at point x with radius r > 0, is de-
fined as the set of all points within a given distance
from x:

Blx,r)={yeEX:d(y, x)<r} 2)

A ball is maximal within shape O if it is not
strictly contained in any other larger ball also en-
tirely contained in O. The skeleton of O, denoted
Sk(O), consists of the centers of these maximal
balls:

Sk(O) = {x € O: B(x, r) is a maximal ball in O} (3)

Sk results in a one-pixel wide structure that cap-
tures the essential shape of the object (Figure 4
B). To accurately determine the length of a fiber
along its skeleton, FF was developed based on the
concept of geodesic distance (Lantuéjoul and Mai-
sonneuve 1984; Meyer 1989).

Let O € X be a shape within a binary image X.
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The geodesic distance between two points p and
g in O is defined as the length of the shortest path
within O that connects them:

do(p,g)= min
v€l'o (p. 9)

ek “)

where [y (p, g) is the set of all paths in O joining p
and ¢, and /(y) denotes the length of a path y. I[f no

such path exists, the distance is considered infinite.

AMEF’s
shape

Ball
(not maximal)

O

Figure 3. Conceptual diagram of maximal balls in an artificial
anthropogenic microfiber.

Maximal ball

Since we are particularly interested in paths that
follow the medial axis of the structure, we define
the skeletal geodesic distance as the geodesic dis-
tance restricted to the skeleton of O:

dyel (p, q) = min  {(y)} )

Y€l skel (P, @)

where [y (p, ¢) denotes all paths in the skeleton
that connect p and g. This definition of the skeletal
geodesic distance provides the foundation for the
quantitative assessment of MF’s length with FF
(Lrr) (Figure 4 C).

Once Ly is established, Wy can be derived
based on the radii of the maximal balls positioned
along the skeletal path. From the definition of the
skeleton, each point on it corresponds to a unique
maximal ball with a well-defined radius. Thus, the
width profile of MFs can be derived from the set
of diameters of the maximal balls along the geo-
desic arc:

A(0) =
{2r | B(x, r) € O A B(x, r) is maximal in O} (6)

This formulation enables a continuous and local-
ized characterization of width along the entire struc-
ture, closely coupled with the definition of length
via the geodesic arc on the skeleton (Equation 5).

C

P

Figure 4. A) Artificial anthropogenic microfiber. B) Skeleton of an artificial anthropogenic microfiber. C) Geodesic skeletal distance

between endpoints, measured along the skeleton.
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Moreover, MFs presenting out of focus regions
or contact artifacts (which prevent accurate Wpyp
measurement) are measured using area selection.
This approach follows the same rationale as W),
measurement, in which a representative segment of
the fiber is selected to capture its original cross-sec-
tional shape. By focusing on well-resolved regions,
the method ensures that W estimates reflect the
intrinsic fiber geometry while still allowing the as-
sessment of width variability along the structure.

The radial aging index, a metric to quantify mi-
crofiber degrees of surface weathering

To quantitatively assess surface weathering, the
Radial Aging Index (RAI) was defined as the CV of
the widths measured point-by-point along the MF’s
morphological skeleton (Equation 3). Based on
MF’s qualitative classification into Ly and Hy, a CV
threshold value was determined using an optimal
cutoff approach to enable the objective automatic
classification between the two classes. The thresh-
old was estimated using a non-parametric approach
based on empirical receiver operating characteristic
(ROC) curves and the Youden index, a methodology
widely applied in biomedical research to optimize
classification performance (Schisterman et al. 2005).
Greater diameter heterogeneity, with values above
the threshold, was associated with higher surface
weathering. To assess its robustness, its variability
was further evaluated by resampling, using 100,000
simulations based on randomly sized subsets of the
original data (supplementary material, Simulation).

Data analysis

Automatic measurements of length and width
(Lpr and Wgp) were compared with manual meas-
urements of the same parameters (L), and W),
by means of an ordinary least squares regression.
To determine and visualize the threshold value of
the RAI, the distributions of the CV of the widths
were visualized using probability density plots.
This allows direct comparison between unbalanced
samples.

RESULTS AND DISCUSSION

Fiber Features (FF) successfully segmented
and extracted morphometric features from most
of the analyzed images (n = 118), demonstrating
its capability to operate on typical MF images
from environmental samples retained on filtration
membranes. In a limited number of cases (n = 5),
automated feature extraction was unsuccessful or
yielded unreliable measurements due to specific
image characteristics, including self-crossing fib-
ers (Figure 1 B), overlapping structures (Figure 1
C), and out-of-focus regions (Figure 2 D). When
a fiber crosses itself, the intersection creates short-
cuts in the skeleton-based geodesic path, resulting
in an underestimation of the actual fiber length.
In addition, out-of-focus regions and overlapping
structures can hinder the reliable identification of
fiber boundaries, affecting width estimation and
related morphometric parameters (supplementa-
ry material, Table S1). These cases highlight the
limitations of automated morphometric analysis
when image characteristics interfere with the reli-
able estimation of fiber length or width and should
be considered when applying FF to complex envi-
ronmental samples.

These conditions affected the stability of the
skeleton reconstruction and, consequently, the cal-
culation of geodesic length and width variability
(supplementary material, Table S1). After exclud-
ing these cases, the comparison between Lyr and
L,, measurements showed a high level of agree-
ment, supporting the robustness of the geodesic
skeletal approach for length estimation across fib-
ers with variable curvature and orientation (Figure
5A).

In contrast, differences observed between Wpp
and W;, measurements (Figure 5 B) can be pri-
marily attributable to the conceptual definition of
each metric. W), is inherently a localized measure-
ment, obtained from a visually selected segment
considered representative of the original fiber di-
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Figure 5. Validation of automated microfiber morphometric measurements obtained with FF against manual measurements. A)
Comparison between manual microfiber Length and automated geodesic skeletal distance (mm). B) Comparison between
manual Width and automatically estimated width (mm). Data points represent individual microfiber items.The orange line
indicates the fitted linear regression. Reported statistics include slope, intercept, and coefficient of determination (R%) with

their corresponding 95% confidence intervals.

ameter. While this approach has been previously
adopted, particularly to infer textile origin based
on expected manufacturing diameters (Di Mauro
et al. 2022; 2025), being approximately between
0.010 mm and 0.020 mm (Salvador Cesa et al.
2017; Dreillard et al. 2022; Xiao et al. 2023), it
introduces subjectivity and does not capture lon-
gitudinal variability. Conversely, Wgr is a mean
value derived from the distribution of diameters
along the entire skeleton through the maximal ball

formulation, providing a spatially integrated and
objective characterization of width. As a result,
Wrr not only estimates a representative mean di-
ameter but also quantifies heterogeneity through
the CV, which is inaccessible using conventional
manual approaches.

A key methodological advancement of FF is the
ability to characterize width variability as a contin-
uous property along the fiber axis. However, this
capability is sensitive to local segmentation arti-
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facts. To address this limitation, an area-selection
correction was implemented for MF items present-
ing localized distortions (e.g. out of focus sections,
overlap, or bending). This correction follows the
same rationale as W, measurement, restricting
analysis to well-resolved regions that preserve the
original cross-sectional geometry of the MFs. As
a result, the area-based approach acts as a targeted
mechanism that removes artifact-driven distortions
in diameter estimation while maintaining the ca-
pacity to assess variability (Figure 6).

The application of area correction improved
the internal consistency of width measurements
by reducing spurious fluctuations in the diameter
profile. This effect is particularly relevant for the
estimation of CV, which is highly sensitive to lo-
cal extremes. By excluding unreliable segments,
Wrrqor measurements yielded more interpretable
estimates of radial heterogeneity, enhancing the
overall quality of the dataset (Figure 6 C). Im-
portantly, this approach allowed the inclusion of
MFs that would otherwise be discarded, preserving
statistical power while maintaining strict quality
control.

The distribution of CV values derived from Wgy
revealed a clear pattern associated with microfiber
weathering (Figure 7 A). MFs classified as high-
ly weathered (Hy) exhibited broader CV distri-
butions, shifted toward higher values, indicating
increased radial heterogeneity along the fiber axis.
In contrast, lightly weathered (L) and minimally
weathered (M) fibers displayed narrower distri-
butions, reflecting more uniform diameter profiles.
The comparison highlights the effect of area cor-
rection in reducing artifact-driven variability and
improving the discrimination of radial heteroge-
neity across weathering states (Figure 7 B). This
pattern is consistent with the expected effects of
environmental degradation, including mechani-
cal abrasion, fragmentation, and surface erosion,
which introduce irregularities in fiber structure
(Andrady 2011; Galloway et al. 2017; Liu et al.
2020). This is particularly relevant in the context
of MFs pollution, where degradation dynamic is

influenced by buoyancy and transport pathways,
retention time and increasing the potential to ab-
sorb and transport chemical contaminants or mi-
croorganisms (Liu et al. 2020; Peng et al. 2026).
Standardizing weathering as ‘aging’ assessment
has implications for ecotoxicological evaluations
and for understanding spatiotemporal patterns of
MFs persistence across ecosystems. Furthermore,
MFs are widely recognized as the dominant type
of anthropogenic pollution in aquatic environments
(Liu et al. 2022; Li et al. 2023). Their widespread
presence, persistence, and capacity to be ingested
across multiple trophic levels highlight the need for
standardized and scalable analytical tools to assess
bioavailability (Duncan et al. 2017).

The definition of the Radial Aging Index (RAI)
as the mean CV along the fiber skeleton provides
a quantitative descriptor of this process. The ROC-
based analysis identified a threshold value (RAI
= 0.34) that effectively discriminates between Ly,
and Hy MFs, with stable performance under resa-
mpling (Figure 8). For future datasets, this thresh-
old value has to be estimated and revalidated. This
result demonstrates that width variability, as cap-
tured through the skeletal framework, contains
sufficient information to objectively classify MF’s
weathering states. The inclusion of MW fibers
derived from gastrointestinal samples of juvenile
fish provides an ecologically meaningful baseline,
representing MF items with limited environmental
exposure prior to ingestion. Their consistently low
CV values reinforce the interpretation of RAI as
a proxy for progressive environmental alteration.

From a methodological perspective, the inte-
gration of geodesic skeletal analysis with max-
imal ball-based width estimation represents a
significant advancement over existing manual or
semi-automated approaches associated with op-
erator-dependent biases (Russ and Dehoff 2000;
Cowger et al. 2020). Unlike traditional metrics
that rely on simplified geometric proxies (e.g.
Feret diameter), the FF framework preserves the
intrinsic topology of the fibers and enables meas-
urement invariance with respect to curvature and
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tribution of mean width estimated by Fiber Features
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mated by Fiber Features software with area selection
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rected width measurements (Wgr.,,) after applying
area-selection (B). Weathering classes include mini-
mally weathered (MW), lightly weathered (LW), and
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orientation. This is particularly relevant for envi-
ronmental samples, where MFs rarely conform to
idealized straight geometries (Masura et al. 2015;
Suaria et al. 2020).

Furthermore, the standardization of measure-
ments using FF reduces operator-dependent varia-
bility and enhances reproducibility across datasets.
This is critical for scaling MFs research toward
large monitoring programs, where comparability
between studies is often limited by methodological
inconsistencies. By generating harmonized mor-
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Figure 8. Distribution of the coefficient of variation (CV) of the microfiber width (Wgg,,,) used as an index of radial aging. A)
Density plots show the distribution of CV values calculated along the microfiber longitudinal axis for lightly weathered
(L) in red and highly weathered (H};) microfibers in blue. The dashed vertical line indicates the threshold value of the
Radial Aging Index (RAI = 0.34) to quantitatively separate both classes. B) Boxplot related to the threshold value variability
(median = 0.34, interquartile range: 0.34-0.35, range: 0.26-0.50).

phometric datasets, FF facilitates downstream ap-
plications such as statistical modeling, meta-anal-
ysis, and probabilistic risk assessment (Kooi and
Koelmans 2019; Koelmans et al. 2020).

Despite its strengths, the performance of FF re-
mains dependent on image quality and segmenta-
tion reliability. Complex environmental matrices,
such as filters with high organic content or particle
overlaps, may introduce noise that affects skeleton
extraction and width estimation. Future develop-
ments should focus on improving segmentation
robustness under such imaging conditions, poten-
tially through adaptive thresholding or machine
learning-based preprocessing.

Overall, the results demonstrate that FF provides
a robust, scalable, and conceptually consistent
framework for MFs morphometric characteriza-
tion. By combining automated image analysis with
mathematically grounded descriptors of shape and
variability, the method enables a more comprehen-
sive understanding of MFs morphological structure
and their transformation under environmental ex-
posure. This represents a critical step toward the
standardization of MFs measurements and the in-

tegration of morphometric data into ecological and
risk assessment frameworks.
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