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ARTICLE INFO ABSTRACT

Keywords: The accurate characterization of the microstructure of fiber-reinforced polymer composites is crucial for quality
Micrograph control in manufacturing, material design, and robust performance prediction. Most of the characterization
Segm;“tat]i"“ methods rely on the analysis of 2D or 3D images. However, the composites community lacks commonly shared
Benchmar]

best practices and a clear quantitative understanding of how different image processing approaches compare.
This work presents a benchmarking exercise on image processing of fiber-reinforced composite materials
to address this challenge. Processing three cross-section micrographs, acquired from a single unidirectional
composite sample using typical yet distinct imaging protocols, 11 participants from 8 research institutions
extracted fiber centroids and radii. The estimated fiber volume fraction (V;) values for a single cross-section
varied between participants from 0.42 to 0.65. The results highlight the sensitivity of different methods to
factors like illumination inhomogeneities, pixel density, polishing-related surface defects, and fiber packing.
Considering these observations, several best practices for image analysis are identified, providing critical
insight into the methods’ sensitivities. To promote transparency and community uptake, the benchmark dataset,
evaluation scripts, documentation, and algorithms that were open-sourced are made openly available through
a dedicated website, paving the way towards more reliable microstructural analysis in composite materials
and ultimately more standardized protocols.

Image analysis

1. Introduction providing valuable insights, homogenized properties are inadequate for
accurately estimating many composite properties. For instance, Vignoli

Materials are typically characterized using homogenized bulk prop- et al. [1] reported an average error over 30% when comparing the
erties. In Fiber-Reinforced Polymer Composites (FRPCs), these include rule of mixtures with 54 experimental datasets for transverse elastic
the V;, average ply thickness, void content, and average fiber orienta- modulus. Moreover, homogenization, by definition, averages the mate-

rial’s microstructural features, thereby discarding information essential
to capturing the multiscale complexity of key physical mechanisms,
such as localized failure. Predicting failure initiation [3] or stress

tion. These bulk properties can then be used to estimate macroscopic
behavior; e.g., elastic properties are often estimated from V; using
homogenization schemes such as the rule of mixtures [1,2]. Despite
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Glossary

Vi Fiber volume fraction

¢ Fiber defect ratio

CoV Coefficient of Variation

ECCM European Conference on Composite Materi-
als

ELWD Extra-Long Working Distance

FEPA Federation of European Producers of Abra-
sives

FFC Flat-Field Correction

FPCM International Conference on Flow Processes
in Composite Materials

FRPC Fiber-Reinforced Polymer Composite

ICC Intraclass Correlation Coefficient

LCM Liquid Composite Moulding

LM-PAEK Low-Melt PolyAryl Ether Ketone

ML Machine-Learning

Q-Q Quantile-Quantile

ROIL Region of Interest

RVE Representative Volume Element

SEM Scanning Electron Microscopy

SRVE Statistical Representative Volume Element

TIFF Tagged Image File Format

concentration around fiber breaks [4], for instance, requires detailed
knowledge of the local fiber distribution, which cannot be inferred
solely from bulk averages such as the overall V;.

In recent years, the composites research community has increasingly
turned towards micro- and meso-scale analyses to bridge this gap. For
this purpose, numerous studies have investigated the microstructural
characteristics of composite structures produced with different tech-
niques, such as resin transfer moulding [5,6], vacuum infusion [7],
pultrusion [8-10], autoclave processing [11], automated fiber place-
ment [12], or 3D printing [13,14]. In addition, analysis of the raw
materials also received considerable attention in the community, in-
cluding dry fabrics for Liquid Composite Moulding (LCM) techniques
or prepregs as semi-products for autoclave or out-of-autoclave process-
ing [15,16]. Their characterization is critical for quality assessment and
influences downstream manufacturing processes.

Accurate and consistent microstructural analysis is critical in quality
assessment and property prediction of composite materials. Studies
have demonstrated that incorporating detailed microstructural infor-
mation can significantly enhance the accuracy of property predic-
tions [17-19]. Metrics such as the local V¢, local fiber orientation [20,
21], first-neighbor distance, fiber misalignment and waviness [22],
yarn cross-section geometry, and porosity [23] may be captured by
statistical descriptors, which can then be employed to generate real-
istic virtual microstructures [11,24-27]. Such approaches have been
shown to improve the prediction of key properties, including perme-
ability [10], mechanical strength [28,29], fatigue resistance [28-30], or
structural battery energy density [31]. Furthermore, the representative-
ness of these statistical descriptors and virtual microstructures is pivotal
to the emerging applications of Machine-Learning (ML) techniques to
composite materials [32,33].

To access this level of detail, researchers commonly employ mi-
crographical and tomographical techniques to characterize the inter-
nal structure of composite materials. These techniques, which include
both 2D imaging (e.g., optical [34], Scanning Electron Microscopy
(SEM) [30]) and 3D modalities (e.g., X-ray computed tomography [16,
32,35-39]), generate large volumes of visual data that require robust,
reliable image processing tools. As imaging technologies evolve, the
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resolution, speed, and affordability of microstructural characteriza-
tion have improved dramatically, enabling more widespread use of
image-based analyses in academic and industrial settings.

Despite these advances and evidence that image-based analysis can
achieve accuracy comparable to particle-sizing methods such as laser
diffraction [40], the composites community lacks a standardized frame-
work for evaluating the performance of the image analysis algorithms
employed. There is currently little consensus on best practices for
extracting microstructural features, leading to inconsistencies between
research groups and difficulties in replicating results. Moreover, early-
stage researchers and practitioners may struggle to navigate the range
of available tools and techniques, potentially leading to misinterpreta-
tions or errors in structural characterization. For instance, Sharma et al.
[20] reported up to 37 % variation on the estimated elastic modulus
depending on the fiber segmentation approach. Hence, preliminary
discussions began at FPCM15 and led to an introductory presentation at
ECCM21 [41] aimed at highlighting the problem and fostering a shared
understanding within the community. These activities ultimately led
to a benchmark exercise among 8 European research groups and 11
methods, the results of which are presented in this paper.

The present comparative work analyzes fiber detection algorithms
developed or employed by research groups for their accuracy and
sensitivity to global image characteristics, such as luminance vari-
ation, as well as to local variations arising from broken, touching,
or angled fibers. To that end, three cross-sectional micrographs were
acquired from a unidirectional Low-Melt PolyAryl Ether Ketone (LM-
PAEK) FRPC using different methods to achieve varying pixel densities
and illumination conditions. Subsequently, the micrographs were dis-
tributed to the participants, who were asked to report the centers
and diameters of the detected fibers. No specific constraints on image
processing software or techniques were imposed on the participants,
and images were analyzed in a blind format using in-house algorithms
and methods.

The resulting datasets were compared using various statistical ap-
proaches to assess the variability in the captured microstructures.
These findings are discussed comprehensively, providing novel insights
into the strengths and limitations of different methods, and laying
the groundwork for future benchmarking activities. To promote trans-
parency and community uptake, the benchmark dataset was open-
sourced and made available from Zenodo [42]. The evaluation scripts,
documentation, and algorithms that were open-sourced were also made
openly available through a dedicated website [43].

2. Methodology
2.1. Sample preparation and dataset generation

This study was restricted to a unidirectional laminate to simplify
the interpretation of results. It was fabricated from a T700G fiber-
reinforced LM-PAEK unidirectional prepreg system (TC1225; Toray
Advanced Composites). The prepreg, supplied in 12inch rolls, was cut
and stacked in a [0],¢ layup to form a 300 mm x 300 mm unidirectional
laminate. The fiber and prepreg datasheets report a nominal fiber
diameter of 7pm and a matrix weight fraction of 34 %. Consolidation
was conducted using a hot press (JOOS Press, United States), by heating
to 380°C at a rate of 2°C-min~!, holding at this temperature for 30 min,
then cooling to room temperature at a rate of 2°C - min~!. A constant
pressure of 1 MPa was applied throughout the consolidation process.

The sample region was cut from the middle section of the laminate,
embedded in clear epoxy, and polished using a Tegramin polishing ma-
chine (Struers, Denmark). The grinding step, i.e., initial polishing, was
achieved with papers ranging from FEPA P500 to FEPA P4000 (Struers,
Denmark). The subsequent polishing operation used two different Dur
polishing cloths (Struers, Denmark) with diamond suspensions of 3 pm
and 1 pm particle size.
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Fig. 1. RGB stitched micrographs and arbitrary zoomed-in snippets: (a) the 50x magnification image; (b) the 20x (Plan) magnification image; and (c) the 20x
(ELWD) magnification image. Note that the micrographs were exported at 600 dpi using the nearest interpolation scheme. See [42] for the raw images.

A VK-X1000 confocal microscope (Keyence, Japan) was employed
to capture images. A cross-sectional area of 3.8 mm X 2 mm was scanned
by taking successive pictures, or subframes, over a regular grid. The
images were then manually stitched using ImageJ (Fiji) [44]. Three
distinctive acquisition conditions were achieved by setting three objec-
tives with the same polished cross-sectional area. The first micrograph
was captured with an objective at a working distance of 1.1 mm, yield-
ing a 50x magnification. The second micrograph used an objective
(Plan) with 20x magnification and a working distance of 3.1 mm. The
third micrograph employed an ELWD objective with 11.0 mm working
distance, also providing 20x magnification. The higher magnification
image boasts a pixel density of 3615px - mm~!, or 0.277um - px~!,
i.e., above the setup resolution of 10 (3¢ : 65) nm; the low-magnification
images have a pixel density of 1446px - mm~!, or 0.692um - px~.
These different procedures were considered representative of sample
preparation and image acquisition approaches used worldwide and
provide distinct analysis conditions. See [45] for further discussion
about sample preparation and image acquisition.

Each micrograph exhibits distinct characteristics and artifacts as
shown in Fig. 1. In addition, the acquisition methods introduce vari-
ability in pixel intensity distributions and illumination across the mi-
crographs, as shown in Figs. 2(a) and 2(b), respectively. For instance,

the 20x (ELWD) images exhibit a significant shading gradient in the
transverse direction, resulting in a distinctive illumination pattern after
stitching. Note also the presence of a large off-axis fiber in the lower-
right quadrant of the micrograph. It only affected a small portion
of the micrograph, and its effect will not be discussed in this work.
While these variations can be corrected [48-51], the micrographs were
distributed to the partners as 32-bit RGB TIFF files without further
editing.

2.2. Micrograph analysis methods

A total of 11 research groups from 8 institutions contributed results
to this study, see Table S1. The contributions were anonymized and
randomly numbered from 1 to 11 prior to analysis. Each participant
was asked to process the provided micrographs using their preferred
method to obtain a list of fiber centroids and radii. These methods
are summarized in Table 1, where their processing steps are grouped
according to a common high-level methodological approach followed
by all participants (see section S1 for more details). However, the
implementations differed: participants used distinct algorithms, and the
sequence of processing steps varied between implementations.
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Fig. 2. (a) Pixel intensity distributions across red, green, and blue channels; and (b) grayscale pixel intensity (obtained by weighting the RGB channels following
Rec. 601 [46] as implemented in Pillow [47]) normalized by max intensity (95x 50 grid). Note the spatial pixel intensity variation caused by uneven illumination

(or shading) across the stitched subframes.

First, the raw micrographs were pre-processed to prepare them
for further analysis. This stage included steps such as channel reduc-
tion (e.g., grayscale conversion), resolution adjustments (e.g., upscal-
ing), denoising (e.g., Gaussian or median filtering), image cleaning
(e.g., masking undesired features), and Flat-Field Correction (FFC).
Next, most participants segmented the conditioned images to separate
fibers from the matrix background (void-free micrographs) and obtain
a fiber mask. This step was optionally followed by a labeling step to
cluster pixels into individual fibers. Finally, fiber extraction was per-
formed, typically by fitting circles or ellipses on the fiber mask. Some
methodologies included post-processing algorithms to, for instance,
enforce non-overlapping constraints. Almost all the reported algorithms
involved manual steps or manual inputs.

Steps were described at a high level; for instance, there are different
conventions for reducing RGB channels to grayscale, and the exact
implementation may vary between algorithms. Some participants pro-
vided these details in section S1. Depending on the specific algorithm,
some steps may also be omitted or applied in a different order. In this
work, the order of operations was not explicitly investigated. Assessing
such effects would require additional data and dedicated ablation stud-
ies in which individual operations are systematically omitted, replaced,
or reordered to quantify their impact on the reported metrics. This
was outside the scope of the present study and left for future work.
Finally, the categorization was partly arbitrary, and a given algorithm
can implement multiple conceptual steps. For instance, a denoising
operator may also remove small artifacts. The results were collected
and post-processed following the methodology detailed in Section 2.3.

2.3. Result analysis methods

In composite material applications, micrograph analysis serves to
quantify microstructural characteristics, such as V;, which may be
described at the microscale, typically as a distribution, or homogenized
to the meso- or macroscale. In this study, microscale refers to the fiber
scale, macroscale to the micrograph (or image) scale, and mesoscale
to the in-between scales. Comparative and qualitative performance
metrics were employed to evaluate the proposed algorithms and to
identify the factors contributing to observed differences in their out-
comes. These metrics are overviewed in Table 2. The objective was
not to establish an algorithmic ranking, but rather to identify effective

practices and formulate methodological guidelines. All the reported
analyses were performed in 2D, and the usual terminology of composite
manufacturing is employed as appropriate.

2.3.1. Human expert-annotated reference

An expert-annotated reference was established by splitting the im-
ages into 20 x 20 subframes of 190 pm x 100 pm each. The subframe
with the highest disagreement in estimated V; among participants and
across micrographs was selected (row 11, column 17). This subframe
was manually annotated by three domain experts, each from a differ-
ent participant. The methodology used to annotate the subframe and
aggregate the results is reported in S4.

It is worth noting that this annotation is not intended to represent
a ground truth. Fiber boundary identification in micrographs depends
on subjective judgment, and different experts may produce different
annotations. The expert-labeled subframe is therefore used only as
a reference to contextualize the range of results obtained from the
automated methods; it is not used to rank or validate the participants’
approaches. Using more annotations from the participants does not
guarantee a reliable ground truth, as inter-observer variability plays
a critical role. Instead, the annotator bias should be quantified in a
dedicated study [66].

Microscale descriptive statistics were computed from the labeled
fibers and compared with the participants’ results. Annotated fibers
were then matched to participants’ detected fibers using each consensus
radius as a proximity criterion, as illustrated in Figure S11. This process
enabled a fiber-to-fiber comparison to identify correlations between
micrograph features and participant-level trends. The total number of
unmatched fibers (i.e, a labeled fiber had no corresponding fiber in
the reported results) and multi-matched fibers (i.e, a labeled fiber had
multiple corresponding fibers in the reported results) were reported.
When multiple fibers were matched, the one nearest to the annotated
center was retained for subsequent analysis.

2.3.2. Macroscale descriptive statistics

The outputs of the algorithms were analyzed by calculating sta-
tistical descriptors over complete micrographs containing Region of
Interests (ROIs). As illustrated in Fig. 3(b), the homogenized V; was
obtained by considering all fibers whose centers lay within a distance
equal to the maximum fiber radius from the ROI boundary. Then, the
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Summary of contributions. Rows summarize each participant’s methodology, listing the algorithms used. The same algorithm name may correspond to different
implementations, ranging from direct reference versions to in-house optimized procedures. See supplementary section S1 for details.

Pre-processing Segmentation  Labeling Fiber Post-processing Refs.
extraction
Upscaling®  Artifacts removal® Denoising FFC
1 Yes Masking® No Gaussian No No Hough No [52]
flat-field* transform
2 No Morphological closing No Normaliza- Weka classifier Watershed Ellipse fitting  No [53]
tion
3 No Morphological No Nod Niblack No Ellipse fitting® No [44,54]
closing® threshold
4 Training of three independent networks (include data labeling®) InSegt Watershed Circle fitting Remove overlap, [55]
adjust position
5 No No Median filter No No No Hough Remove overlap [56]
transform
6 Training of three independent networks U-Net-id No Image moment Remove small [57,58]
(include data labeling® and augmentation) features
7 Yes Morphological closing Median filter No Adaptive No Distance Remove overlap -
threshold® transform
8 No Morphological closing No No Thresholding® No Laplacian of Fixed radius [44,59,
Gaussian filter® 60]
9 No Blob analysis Gaussian bilateral® No Landini Watershed Circle fitting Fiber merging and [61,62]
and unsharp masking threshold re-labeling
filters
10 Yes® No No No No No Hough Remove overlapping  [52]
transform®
11 No No Mean shift filter and No Otsu Watershed Circle fitting, Remove small and [63-65]
Gaussian blur thresholding four-direction  large radii®
radius
2 For 20x magnifications.
b Excluding the large off-axis fiber present in the micrograph.
¢ Manual operation or manual parameters.
d Using green channel for better contrast.
Table 2
Metrics employed to analyze the participant contributions.
Metric Scale Method Results
Homogenized V; Macro Accounting for overlapping as in Fig. 3(a) Tab. S3
Homogenized V; Macro Not accounting for overlapping as in Fig. 3(b) Tab. S4
Fiber count Macro - Tab. S5
Homogenized radius Macro - Tab. S6
Homogenized V; map Meso V; homogenized over a 20 x 20 grid Figs. S2, S4 and S6
Radius distribution Micro Fig. 7
Local V; map Micro Voronoitesselation as in Fig. 4 Figs. S20 to S22
Local V; distribution Micro Fig. 9
First-neighbor distance distribution Micro Boundary-to-boundary distance as in Fig. 4 Fig. 10
Average metrics vs. shading Meso Shading extracted as in Appendix A Figs. 11, S23 and S24
Radius error-local V; correlation Micro Eq. (1) applied on fibers matched as in Fig. S11 Tab. S12 and Figs. S25 to S27
Radius error—¢ correlation Micro Tab. S12 and Figs. S28 to S30
Position error-local V; correlation Micro Eq. (2) applied on fibers matched as in Fig. S11 Tab. S12 and Figs. S31 to S33
Position error-¢ correlation Micro Tab. S12 and Figs. S34 to S36

area contribution of each fiber was summed and divided by the ROI
area. However, some algorithms may report overlapping fiber areas,
which can arise from excessively large fiber diameters or false positives.
To characterize this effect, a corrected V; was obtained by considering
the union of the fibers, as shown in Fig. 3(a).

2.3.3. Microscale descriptive statistics

At the microscale, the metrics shown in Fig. 4 were used to deter-
mine distributions and compare them across participants. The local V;
calculation involves a Voronoi (or Dirichlet) tessellation [67,68]. This
method associates each fiber center with a Voronoi cell, which consists
of the points in the 2D plane closest to it. It is commonly used in
composite materials [69,70] and is a suitable approach when the fiber
radii are in a narrow range, while the weighted Laguerre tessellation
formulation might better capture larger particle variations as reported
for other materials [71]. The local V; was then defined for each fiber as
the fiber area over the area of its Voronoi cell. Note that this approach

may produce V; values greater than I, e.g., in the case of overlapping
fibers or the case of significant mismatch in fiber radii.

Another metric of interest is the nearest-neighbor distance that is
known to be influential on microscale flow between fibers [72,73]
and crack initiation [74,75]. It is therefore an essential metric for
reproducing realistic microstructures [70,76]. This study defines this
distance as the span between a fiber boundary and its closest fiber
boundary as depicted in Fig. 4. A negative value indicates overlapping
fibers.

2.3.4. Sensitivity and robustness of fiber-detection algorithm

Algorithmic sensitivity to acquisition, sample preparation, and mi-
crostructural factors were assessed. The factors considered were magni-
fication, illumination, polishing-induced fiber damage, and local fiber-
packing density. Pairwise Pearson correlations were reported when the
results could be linearly related to continuous factors, for instance,
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Fig. 4. Schematic representation of the microscale metrics used in this study. The Voronoi cell methodology bounds the surface around fibers and enables the

quantification of local metrics.

through the fiber matching procedure described in Section 2.3.1. In that
case, significance was assessed with two-sided tests.

As highlighted in Figs. 1 and 2(b), each micrograph exhibited a
specific shading pattern that can influence the output of the algorithms.
The micrographs were corrected following the methodology detailed
in Appendix A to quantify this effect. Then, the background shading
was extracted by comparing the original micrograph with the corrected
one. The shading was averaged, and its variation was matched with the
variation of average V;, average radius, and average fiber count.

Two metrics were derived from fiber matching results: the error
made on fiber radius, see Eq. (1), where reype and ryerecrea are the radii
of the expert-annotated fiber and the detected fiber, respectively; and
the error made on fiber position, see Eq. (2), where (Xepert> Yexper) and
(Xdetected: Yaetected) @re the center coordinates of the expert-annotated
fiber and the detected fiber, respectively. Note that the position error is
absolute and can only be positively correlated. Errors were computed
for all matched fibers, and their distributions were correlated with
the Voronoi-based V; calculated as in Fig. 4. This analysis provided
information about the influence of fiber packing on both radius and
positional errors.

Tdetected ~ Texpert
Ferror = (1)

Texpert

2 2
Perror = \/(xexpert - xdetected) + (yexpert - ydelected) (2)

In addition, the influence of fiber damage on detection performance
was assessed. Damage extent in polished fibers, referred to as fiber
defect ratio (¢), appears as dark areas in the micrographs. It was
quantified per matched fiber by applying an intensity threshold to
the manually labeled fiber pixels. The threshold values were image
dependent and equal in the 8-bit grayscale intensity to 115, 166 and
153 for 50%, 20x (Plan), and 20x (ELWD) images, respectively. Then,
dark pixels below these threshold values were considered damaged,
and ¢ was calculated as the sum of damaged pixels over the sum of
all the fiber pixels, as detailed in Fig. 4. ¢ was finally correlated with
the position and radius errors.

3. Results and discussion

Fig. 5 shows an arbitrarily chosen subframe for 20x (ELWD) mag-
nification with the detected fibers for each participant. A qualitative
visual inspection reveals significant scattering in fiber positions and
radii for undamaged fibers, which is further exacerbated in a damaged
fiber located near the center of the figure. The lack of robustness of the
image processing algorithms was identified as a common shortcoming
in Section 3.4.
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Detected fibe
/4

Fig. 5. Inspection of an arbitrarily zoomed-in snippet for 20x (ELWD) magnification: (a) original image and (b) detected fibers where each color denotes a
different participant. At this magnification, observations are anecdotal and not representative; the legend is therefore omitted.

Table 3

Unmatched and multi-matched fiber count for each participant, see Section 2.3.1.

Unmatched Multi-matched

1 2 3 4 6 7 8 9 10 11 1 2 3 4 5 6 7 8 9 10 11
50x 0 4 1 1 0 0 5 o 0 O 0 0 o 0 O 0 0 0 1 0o 0 2
20x (Plan) 1 6 3 1 5 6 6 4 1 1 7 1 0o o0 1 0 0 0 1 0o o0 0
20x (ELWD) 1 5 3 2 11 3 5 4 1 3 11 2 o 0 0 0 0 0 o 0 0 0

3.1. Human expert-annotated reference

The expert-annotated reference provided essential insight into why
and how algorithms perform differently. It resulted in 252, 255, and
246 labeled fibers by all three experts for 50%x, 20x (Plan), and 20x
(ELWD) magnifications, respectively. The count difference did not stem
from variations in fiber content but from the expert’s labeling choices,
especially regarding fibers located at subframe edges, and did not affect
subsequent analyses. The manual annotation of each subframe required
approximately 1h of human effort, arguably significantly longer than
the processing time of any proposed method.

The annotations of each annotator and the consensus are presented
in Figures S8 to S10. The extent of agreement for the center coordinates
was slightly better than that of radii, and discussed in Section S4.

The expert-annotated reference was compared with the participants’
results. Table 3 reports the total number of unmatched and multi-
matched fibers per participant, following the methodology detailed in
Section 2.3.1. At 50x%, only four participants missed fibers, and only two
detected multiple fibers for a given expert-annotated fiber. The number
of unmatched fibers increased significantly at 20x magnification, with
up to 11 occurrences for participants 5 and 11 (about 4% to 5% of
annotated fibers). While algorithms were generally robust for multi-
matching, only participants 1 and 9 missed at most one fiber at any
magnification. Participant 9 implemented a post-processing step to
identify broken fibers and clumps to merge them or split them, while
participant 1 did not post-process the labeled fibers.

3.2. Macroscale descriptive statistics

Fig. 6 exhibits the macroscale statistics calculated for each partic-
ipant and each micrograph. Fig. 6(a) shows macroscale, i.e, homog-
enized, V; calculated from the participant position and radius data,
and accounting for fiber overlapping using the method reported in
Fig. 3(a). The low-fiber-density laminate edges at the top and bottom

of the images were not excluded because they were small relative to
the micrograph size and therefore did not significantly influence the
results. Each participant, using a different algorithm (refer to Table 1),
estimated a V; ranging from 0.42 to 0.65 across the three source images.

As shown in Fig. 6(c), the micrographs contain more than 1 x
10° fibers, with a Coefficient of Variation (CoV) of 1% at most and
almost no variations among participants and micrographs, except for
participants 5 and 11. Hence, the reported scattering in V; derives from
the differences in image-analysis methods and their effect on fiber radii
rather than the fiber count. The reported scattering in V; is significant;
for example, applying a rule of mixture [1] to these results would
lead to more than 20 % uncertainty in the longitudinal tensile modulus,
highlighting the need for a standardized framework.

Fig. 6(d) reports the average fiber radius which ranged from 2.98 pm
to 3.71 pm, with CoV of 3%, 5%, and 7% for 50%, 20x (Plan), and 20x
(ELWD) magnifications, respectively. The results confirm that the ob-
served V; scattering is explained by fiber radius scattering, considering
the negligible differences in fiber count. For instance, participants 7 and
9 reported the smallest fiber radii as well as the lowest V.

Overall, the different methodologies resulted in higher V; for most
participants and better agreement at 50x magnification. The CoV was
6% for that case; while it was 10% and 12 % for the two 20x magni-
fication images. Not accounting for fiber overlapping, as reported in
Fig. 6(b), did not change the observed trends, and the CoVs remained
almost identical, while the average fiber volume increased by 0.01 at
most. Overlapping area was insignificant, except for participant 11 who
reported values from 2% to 4 % (see Table S7).

Participants 4, 5, 7, and 10 post-processed overlapping fibers, and
5, 7, and 10 obtained V; values among the lowest, e.g., an average
V¢ of 0.48 and average radius of 3.17 um for participant 7. Participant
4 employed a procedure where fibers were moved and not shrunk to
remove overlap (see section S1.4), resulting in higher V; and radius
values. For the other three participants, fiber manipulation may have
led to smaller fiber radius measurements, although the underlying
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Fig. 6. Macroscale statistics calculated for each participant and each micrograph: (a) V; using the boolean union of fiber surfaces as in Fig. 3(a); (b) V; using
overlaping fiber surface as in Fig. 3(b); (c) total fiber count; and (d) mean fiber radius. The corresponding values are reported in Tables S3 to S6.

mechanism remains unknown, except for participant 5 who explicitly
reported shrinking overlapping fibers (see section S1.5). Nevertheless,
participant 9 also obtained low average values, 0.45 for V; and 3.08 pm
for radius, implying other methodological choices may produce the
same effects, e.g., the removal of watershed lines (see section S1.9).

3.3. Microscale descriptive statistics

Compared to macroscale descriptors, microscale descriptors provide
a more detailed understanding of the material-process—property rela-
tionship. However, the intermediate mesoscale is also often of interest
for mapping material properties and providing inputs to, for instance,
mechanical models. The interested reader is referred to section S3 for a
discussion of the results at the mesoscale. In the microscale analysis, the
results reported for participants belong to complete micrographs, unless
otherwise specified, while the expert annotation results are obtained
through the analysis of a subframe.

3.3.1. Radius distributions

Fig. 7 reports the distributions of fiber radii for each participant
and each micrograph, and the expert-annotated reference. Overall, they
are well approximated in their central regions by normal distributions
as discussed in section S5. Additionally, the figure shows the radii
measured by Mesquita et al. [40] using a laser diffraction system on
T700SC-12 K-50C fibers and approximated by a normal distribution
of u = 338pm and o = 0.16 pm (recalculated from the 217 provided
data points [77]). This mean radius was found approximately 150 nm
lower than those obtained in this work: x4 = 3.56pm and ¢ = 0.19 pm,
u =353pum and 6 = 0.18 pm, p = 3.52pm and ¢ = 0.19 pm for 50X,
20x (Plan), and 20x (ELWD) magnifications, respectively, as reported
in Table S8.

The consistency of distributions for 20x Plan and 20x ELWD mag-
nification and the distinguishably different distributions at the 50x
magnification suggest that the image resolution significantly influenced
the algorithm outputs, while the working distance of objectives at 20x
did not have a significant influence. Participants 3, 4, 5, 9, and 10 had
positively shifted distribution for 50x (i.e., larger mean and median
radii) and the inverse was observed for participant 2 while participant 1
and 5 reported narrower distributions at the 50x magnification, which
can be attributed to the presence of crisper fiber boundaries at high
resolution resulting in smaller uncertainty in detected boundaries.

The radius data obtained by participant 6, 7, 8, and 11 resulted
in unexpected distributions. The discrete nature of the distributions
obtained by participant 6 for the 20x micrographs could be due to
a lack of data representativeness when training individual machine-
learning networks for each micrograph, although a more continuous
distribution was observed for participant 4, who also trained individual
networks. The fibers used for training may be too similar in size, poten-
tially leading to overfitting and explaining a discrete output. Participant
8 enforced a constant fiber radius. Finally, the gaps observed in the
results provided by participants 7 and 11 may be related to the post-
processing they performed based on fiber size and overlapping. For
instance, specific radius values may have been excluded.

The results highlight potential radius-dependent biases in segmen-
tation and post-processing. Specifically, non-linear segmentation op-
erations, such as morphological closing (a dilation followed by an
erosion), may artificially increase fiber dimensions and lead to an
over-representation of large radii, as observed in this work. Some
participants noted that circle or ellipse fitting algorithms exhibited
a dependence to resolution. In this case, upscaling low-magnification
images (as done by participants 1, 7, and 10) appeared to reduce the
discrepancy with high-magnification distributions relative compared to
cases without upscaling (e.g., participants 5 and 9) when fitting circles
or ellipses. However, such upscaling does not increase the amount of
intrinsic information.

Finally, the variations observed in Fig. 7 may also have arisen from
threshold effects introduced by the finite pixel size that discretizes the
continuous radius values. The standard deviation values reported in Ta-
ble S8 are close to or below the pixel size (0.277 pm and 0.692 pm, refer
to Section 2.1), suggesting that the resolution is too coarse to capture
the radius variations properly. For instance, participant 9 obtained a
mean radius approximately 0.3 pm smaller for the 20x magnifications
compared to the 50x one. This difference may be attributed to the
watershedding algorithm employed by participant 9, which produced
watershed lines subtracted from touching fibers, leading to smaller
fibers. The apparent reduction in fiber size was more pronounced in
low-magnification micrographs, where watershed lines accounted for a
larger proportion of fiber pixels.

This observation also highlights the need for more detailed report-
ing to properly assess the fitting algorithms, for example, whether fibers
are fitted to the internal or external boundaries of the fiber mask.
These hypotheses could be tested in future research by simulating the
pixelation of ground truth data to evaluate its effect on the algorithms.
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Fig. 7. Distribution of the fiber radii obtained by each participant for 50%, 20x (Plan), and 20x (ELWD) images. The reference distributions include results from
the expert-annotated reference and measurements on T700SC-12 K-50C fibers by Mesquita et al. [40]. Bin size is 0.05 pm, probabilities are rounded to the second

place, and some axes are broken for readability.

Fig. 8. Overview of the local V; defined over Voronoi cells for two participants at 50x magnification. A V; above 1 denotes a fiber that completely overlaps its

Voronoi cell. See Figures S20 to S22 for the full set of results.

More broadly, this study could not quantify the causal contribution of
each algorithm to the observed variability due to a lack of controlled
ablation or factorial experiments. For instance, participants 1, 5, and 10
applied a Hough transform [52] without thresholding or labeling (Table
1) and obtained distinct results which are not explainable without more
details.

3.3.2. Local fiber volume fraction distributions

Fig. 8 provides an overview of the Voronoi tessellation for the 50x
magnification, presenting two examples that illustrate the variability
in local dual-scale microstructure. The remaining tessellations show
similar trends, and the full set of results for all participants and magni-
fications is included in the supplementary information (see Figures S20
to S22). Overall, all algorithms effectively captured a similar local dual-
scale microstructure, particularly in resin-rich regions characterized
by larger, lower V; cells. However, the methodology employed by
participant 11 yielded many smaller cells in the packed regions, leading

to a higher V;. These could be attributed to the additional fibers
reported in Table S5, which also skew statistical descriptors.

The local V; distributions shown in Fig. 9 exhibited trends similar
to the radius distributions, in agreement with the fiber counts that
were comparable for all the participants (Fig. 6(c)). As discussed in
section S5, they are overall well approximated by normal distribu-
tions. Interestingly, the three distributions were alike, regardless of
magnification.

The mean and standard deviation of local V; obtained for the 50x
distributions ranged from 0.59 to 0.62 and 0.11 to 0.12, respectively
(Table S9). This result agreed with the expert-annotated reference,
indicating that the algorithms captured similar characteristics in the
distributions’ central regions. Participants 7, 8, 9, and 11 were notable
exceptions to this observation, with y = 0.50, 0.53, 0.55 and 0.64,
respectively. These results are consistent with the observations for their
radius distributions. For participant 8, the discrepancy can be explained
by their use of a constant radius of 3.28 um, which is smaller than
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Fig. 9. Distribution of the local V; for each participant in 50%, 20x (Plan), and 20x (ELWD) images. The reference distributions include the results obtained

with the expert-annotated reference. Bin size is 0.025.

the rest of the participants’ and the expert-annotated case’s radii. The
post-processing algorithms used by participants 7 and 9 may also have
decreased the mean local V;. The presence of values significantly above
the theoretical limit for participant 11 in Fig. 9 indicated significant
overlapping. Finally, the 20x distributions exhibited mean values over-
all farther from the expert-annotated reference, while the reported
standard deviations were comparable, except for participants 9 and 11.

3.3.3. First-neighbor distance distributions

Fig. 10 presents the first-neighbor distance distributions. The expert-
annotated reference yielded a slightly narrower distribution at 50x
magnification, indicating that the image resolution may have played
a minor role. These three distributions were approximately centered
at Opm, with a significant proportion of negative values overlapping,
indicating that the manual labeling procedure did not yield physically
valid results, since fiber interpenetration is impossible. The amount of
overlap was mostly below 0.5 um, i.e., close to or below the pixel size at
both magnification levels. Also, the fibers may not have been perfectly
circular [78], and describing them as circles rather than, e.g., ellipses
may have led to overlaps when fibers are in contact.

Consistent with the expert-annotated reference, all participants re-
ported overlapping fibers, except 5 and Johnson Sy; distributions were
fit as reported in section S5. The truncated distribution obtained for
participant 5 could be attributed to the post-processing of overlapping
fibers (refer to Table 1). However, participants 4, 7, and 10 also post-
processed overlapping but reported small negative distances, close or
below the pixel size. It suggests that non-overlap may have been en-
forced at the pixel level (with rounding effects) or that a small tolerance
for overlap was allowed.
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Interestingly, the results obtained by participant 9 showed larger
distances at low magnifications than at high magnifications. This ob-
servation was consistent with the smaller radii reported in Fig. 7 for
low magnification and further supported the hypothesis that watershed
line removal led to smaller radii, smaller V;, and larger first-neighbor
distances in low-magnification images. Finally, participants 1, 7, 8, and
11 showed more dispersed distribution. While no cause was identified
for participants 1 and 7, the dispersion may be due to the fixed radius
enforced by participant 8. The distribution obtained by participant 11
was unexpected but consistent with this participant’s results regarding
local V; and radius distributions. This may indicate an issue with
the employed algorithm, and these results should be interpreted with
nuance.

3.4. Sensitivity and robustness of fiber-detection algorithm

3.4.1. Shading

This work reports significant variations in results between the al-
gorithms at both 50x and 20X, some of which may be attributed to
shading artifacts. The 50x and 20x ELWD images exhibited highly
contrasted shading, corresponding to the border of the stitched in-
dividual micrographs. The shading value was averaged over image
height and plotted as a function of image width in Fig. 11 for 50x
image, where positive shading values indicate darker regions, and
compared with the spatial variation of statistical descriptors calculated
over the same vertical strips: homogenized V¢, fiber count, and average
fiber radius. Some methods exhibited a noticeable correlation between
shading variations and V;, with local minima of V; coinciding with
local extrema in shading. The same analysis is reported in Figures S23
and S24 for 20x (ELWD) and 20x (Plan) magnification, respectively.
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More detailed analysis of correlation between shading data and the
statistical descriptors using Pearson correlation coefficients is reported
in Table S11.

Participants 1, 2, 4, 6, 7, and 9 a negative significant correlation
between shading and fiber radius. One possible explanation is that
higher fiber density increases the total fiber area within a subframe,
potentially reducing apparent shading because fibers appear brighter
than the matrix. If this hypothesis were correct, shading should have
also correlated with fiber count in individual subframes, because more
fibers also increase total fiber area. However, no correlation with fiber
count was observed.

These results suggest that shading primarily biased the thresholding
algorithms towards smaller radii, thereby reducing the estimated V;.
Similar patterns were observed in the 20x (ELWD) micrograph, where
shading was pronounced. In contrast, in the 20x (Plan) micrograph,
where shading was weaker, no significant correlation between shading
and fiber radius was found; instead, several participants reported a
significant negative correlation between shading and fiber count. This
observation suggests that the matrix contributed more strongly to the
estimated shading in this image.

Nevertheless, these findings do not directly confirm any hypothe-
sis. Future work could test these mechanisms by simulating shading
on ground-truth images and assessing the resulting effects on the
algorithms.

Participants 3 and 5 reported a weaker correlation between shading
and V¢, and no correlation between shading and fiber radius (Table
S11). The documented usage of a local, adaptive thresholding for
participant 3 (see Table 1) may have reduced the bias from shading.
However, adaptive thresholding did not guarantee robustness to shad-
ing, as highlighted by the results from participants 7 or 11, although the
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latter results should be examined with care, given how the radius, local
V;, and first-neighbor distance distributions diverged from the other
participants (see Section 3.3). Participant 1 used a flatfield correction to
address shading. This approach seems to have been effective in the case
of 20x (ELWD) micrograph where no correlation was obtained between
shading and fiber radius (Table S11), but not for the 50x magnification.
A contributing factor may have been that the Gaussian kernel widths
used for flatfield correction were not scaled in strict proportion to
the image resolution, as reported in section S1.1. With a density of
3615 px? - mm~! (50x magnification), ¢ = 100 px corresponds to 28 um,
while at 1446 px> - mm~! (20x magnification), & = 50 px corresponds to
35 um. Future research should detail the effect of these algorithms to
formulate precise recommendations.

3.4.2. Local V;

Although successive polishing operations can achieve a near-perfect
sample surface, defects within the fiber cross-sections are inevitable.
These defects and the packing density significantly influence the image
processing algorithms, as highlighted in Fig. 5. Comparing the expert-
annotated fiber radii and locations with the detected fibers enabled an
in-depth analysis. The fiber radius error, the position error, the local
V¢, and the defect ratio ¢ were calculated as in Section 2.3.4. The
pairwise Pearson coefficient between these metrics is reported in Table
S12, and the evolution of these metrics with respect to each other can
be visualized in Figures S25 to S36.

All participants, except 7, exhibited a significant, mild, and negative
correlation between the error made on radius values and local V; for all
three images, with the effect being prominent for the 50x magnification
case. The results were less correlated at higher magnification because
the error magnitude decreased as resolution increased, indicating that
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Fig. 11. Average metrics over 95 X 1 subframes (i.e., along the horizontal axis) for 50x magnification: (a) shading, (b) V;, (c) fiber count, and (d) fiber radius.

Averages were calculated excluding resin-rich borders.

the algorithms produced results that more closely matched the expert-
annotated reference. These trends are clearly identifiable in Figures S25
to S27.

The reported negative correlation indicated that algorithms mea-
sured smaller radii than the expert-annotated reference as fiber packing
increased. The error magnitude was below the pixel size and could
be attributed to a bias in the human expert-annotated results. Yet,
given that increasing the magnification provided results closer to the
reference, it may be concluded that the error was related to the dis-
cretization effect caused by the pixel size when processing fibers in
contact, as hypothesized in Section 3.3.1.

The error made on the reported fiber positions was not found to
be significantly correlated with the local Vi, except for participant
1 in the 20x (Plan) image. However, no cause for this result was
identified. These observations suggest that fibers were not displaced
when overlapping overall, but only reduced in size.

3.4.3. Damaged fibers

All participants showed a significant, mild-to-strong correlation be-
tween fiber-position error and fiber defect ratio(¢) in at least one
micrograph, if not all. In that case, the error magnitude was often above
the pixel size, especially when ¢ > 0.2. Participants most affected by the
sensitivity of fiber position to fiber damage used a circular or elliptical
fitting approach to detect fibers. If a segmented fiber is incomplete, a
circle or ellipse fit will likely result in a shifted center, especially if the
algorithm is biased towards perfect geometries. Conversely, the edge
detection method used by participant 4 was less sensitive to ¢.

The strongest correlations were reported for the 50x micrograph. It
suggests that enhanced magnification negatively affected performance

in ¢, highlighting imperfections. These features remain blurred within
the fiber body at lower resolution, whereas at higher resolution they
may be more readily distinguished and misclassified as separate objects,
or they may mislead algorithms. For instance, participant 1 had to
fit weaker Hough transform accumulator circles in the 50x image, as
documented in section S1.1. Participants 2, 4, 6, 7, 9, and 10 reported
results exhibiting a significant and negative correlation between the
radius error and the defect ratio ¢. Nevertheless, the error was below
the pixel size.

4. Recommendations

The results obtained in this work demonstrate that the choice
and parameterization of processing algorithms, as well as the image-
acquisition conditions, such as magnification and illumination, sub-
stantially influence composite micrograph segmentation. Consequently,
the microstructural descriptors derived from that segmentation are
also affected; for example, participants reported up to 12% CoV on
macroscale V.

The reported variability is significant, especially given the high
quality of the micrographs and the absence of defects such as voids.
These findings raise concerns about interpreting results when measure-
ment variability is not discussed, thereby undermining reproducibility.
Consequently, this work advocates for community-defined best-practice
guidelines.

Based on the statistical analyses performed in this work, we formu-
late the following evidence-based recommendations were formulated
for applying image-based characterization workflows:
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Accounting for shading effects and polishing-induced fiber dam-
age in the image analysis algorithms, through adaptive thresh-
olding or flattening for the former and through opting for edge
detection instead of circle fitting for the latter;

Avoiding post-processing to reduce fiber-overlap unless strictly re-
quired, as steps such as watershedding to define overlap boundary
are sensitive to pixel size and lead to loss of information;
Performing and reporting sensitivity or convergence analyses ac-
cording to the employed algorithms, e.g., sensitivity to threshold
values or to smoothing kernel size;

Systematic reporting of acquisition parameters, algorithms, and
their settings, together with the source code and micrographs
used for the analysis;

Use of higher magnification to reduce error and inter-method
variability (here, a 50x magnification was found to improve
results significantly for a carbon-fiber unidirectional micrograph
except for the sensitivity to damaged fibers);

Critical assessment of results and underlying distributions.

While some of the items in the guideline may seem trivial, the
literature often omits such details. Consistent adherence will improve
the interpretation of results and facilitate data reuse.

These guidelines are even more important because, in this bench-
mark exercise, it was impossible to clearly identify which method-
ological approaches produce the best results under which conditions,
since the operation order and ablation study were out of scope. It
is worth noting that a more detailed sensitivity analysis is required
before generalizing the relative performance of reported approaches. To
better understand existing image-based analysis methods and to guide
methodological development, future research should:

Address more representative micrographs, including defects, non-
circular fibers, orientation quantification [20], and optimal Statis-
tical Representative Volume Element (SRVE) [18] or Representa-
tive Volume Element (RVE) [79];

Benchmark algorithms against a public dataset, ideally supported
by community-recognized ground truths acquired through, e.g.,
SEM combined with ion beam polishing to avoid fiber damage as
in [80];

When using this dataset, benchmark the results against what is
reported here, e.g., to make a more accurate assessment of Vi,
which varies between 0.42 and 0.65 in this study.

Quantify the computational cost of the different algorithms;
Account for the limitations of homogenized descriptors, which
poorly capture inter-method variability;

Move towards standard procedures, identified through more
guided benchmarking activities or by accessing algorithm source
codes for detailed parameter variation and ablation studies;
Explore alternative approaches not considered in this study, such
as sub-pixel edge detection algorithms.

5. Conclusion

In this first benchmarking exercise of image-based analysis methods
for composite segmentation and microstructure characterization, 8 re-
search groups reported results from 11 state-of-the-art methods applied
to three micrographs of the same region of a unidirectional laminate
acquired under three different experimental conditions. Participants
reported fiber locations and radii. These data were then analyzed to
derive microstructural descriptors. Defects such as voids were excluded,
and no restrictive guidelines were imposed, allowing each group to
apply its usual workflow.

This work compiles and documents state-of-the-art segmentation
methods and quantifies the sensitivity of current approaches through
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an anonymized, blinded evaluation. It demonstrates the significant vari-
ability in the results obtained by these methods and proposes guidelines
based on statistical analyses.

While this benchmarking paves the way towards standardized pro-
tocols in line with recent efforts to improve the reliability of com-
posite material characterization (e.g., for permeability [81-85] and
tensile properties [86]), its scope is limited to defect-free unidirec-
tional laminates and a restricted set of descriptors. Moreover, the
effect of algorithm parameterization (e.g., threshold values) was not
discussed, although such choices may substantially influence material
characterization [87].
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Extracted shading

Fig. A.12. Original micrograph, corrected image and shading estimation for the 20x ELWD magnification.

Appendix A. Methodology: shading correction

To correct shading, the micrographs were first converted to
grayscale following Rec. 601 [46] as implemented in Pillow [47]. Then,
the Python implementation of the BaSiC algorithm [50] was applied
with a flatfield smoothness value of 1 and a smoothness deflection value
of 5. Refer to the original publication for details on the implementation.

The micrographs corrected by the BaSiC method were finally sub-
tracted from the original micrographs, providing a quantitative esti-
mate of image shading. This process is illustrated in Fig. A.12. The
shading measured by this method increased monotonically with pixel
darkness.

Appendix B. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.compositesa.2026.110150.

Data availability

The benchmark dataset was open-sourced and made available from
Zenodo [42].
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