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ARTICLE INFO ABSTRACT

Keywords: From a modelling standpoint, the morphology of additively manufactured (AM) high-performance
Polymer-matrix composites (PMCs) short fiber reinforced polymer (SFRP) are essential to characterize, yet this task poses great
Porosity/Voids challenges. The method presented extracts individual fibers from tomographic scans and
Short-fibre composites produces a segmentation that is 93.1% precise on average on a per-fiber basis across a large range
X-ray computed tomography of fiber filling ratios (5-40 wt.%), needs minimal human input and is scalable to full-sized datasets
3-D Printing containing ~10° individual fibers. In addition, this tool allows the analysis of the correlated length

and orientation distribution of fibers, and the quantification of shear-induced alignment and fiber
breakage. The method is validated by successfully reproducing the segmentation of (continuous)
fiber reinforced composites published in 2 separate studies and by predicting the fiber volume
fraction and material density directly from the tomographic data of SFRPs. The output can serve
as a basis for constituent-level mechanical modelling, and to gain insight into the relationship
between processing parameters, morphology and mechanical behavior of SFRP. The full source
code and imaging data are attached to this publication.

1. Background

Fused Filament Fabrication (FFF) is an additive manufacturing (AM) method in which parts of arbitrary geometry
are built layer-by-layer. The use of materials like polyether-ether ketone (PEEK) in FFF is a very active area of
research as its mechanical properties similar to human bone, its chemical and thermal resistance, biocompatibility
and transparency to medical imaging methods make it a choice candidate for medical implants and prostheses [1-5].
When PEEK is used as a short fiber reinforced polymer (SFRP), the reinforcements can be oriented purposefully,
enabling the engineering of parts with high weight-specific material properties [6—8]. As such, reinforced PEEK parts
made by FFF are being investigated as possible replacement for heavier metallic components in the automotive and
aerospace industry [5, 7-9]. However, several technical challenges complicate the printing process with this material
and cause it to under-perform when compared to aircraft-grade aluminum parts [10, 11]. PEEK resin being semi-
crystalline with a high melting point, significant shrinkage occurs during solidification, both of thermal origin and due

to density and viscosity changes during crystallization [4, 5, 7, 8, 12]. When used in FFF, process parameters, part
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geometry and local cooling history can interact to cause warpage of such severity as to cause print failure [8]. Adding
reinforcements can reduce warpage [10] and improve mechanical properties like strength and stiffness [12], but have
complex effects on crystallization [12], interlayer bonding and flow dynamics[8]. During extrusion, fibers alignment
and flow characteristics are mutually dependent, and in turn affect the bonding dynamics, as fibers present at the bead
surface modify diffusion conditions and surface tension [8]. Improper bonding between layers is one of the main causes
why FFF parts exhibit inferior mechanical properties to molded parts, most notably across the layers [5, 12]. Porosity
is another important factor, introduced both during filament production and by air trapping between passes and layers
at deposition [5, 12, 13]. This reduces the effective cross-section of the parts, changes flexural properties through pore
collapse, and adversely affects strength since pores act as stress concentration sites [8, 13, 14]. The inclusion of fibers
has been shown to be accompanied by increased porosity [6, 9, 12, 15], measured at 20 vol.% for PEEK with 30 wt.%
carbon fibers (CFs) [16]. These combined effects makes mechanical modelling of real parts a yet-unsolved challenge
[8, 17-22], as all these phenomena need to be considered in concert [8]. To help address this issue, microstructural
analysis methods must be developed to enable the extraction of relevant properties from imaging data, particularly at

the constituent scale (single fiber and pore).

1.1. Microstructural features

In order to serve as a basis for mechanical behavior prediction, the microstructural analysis must extract the main
features affecting stiffness and strength of SFRP materials (other than the inherent properties of the matrix and fibers).
Those features have been identified as: the distributions of fiber lengths and orientation [23-28], the uniformity of
fibers’ spatial dispersion [6, 29], as well as the presence and morphology of porosity and other defects [29—32]. Unlike
for the case of continuous fibers, in SFRP those properties are all affected by the processing parameters (both in
injection molding or FFF) [6, 17, 25, 26, 28, 33], and are therefore crucial to understand the properties of the parts
produced. For instance, shear-induced alignment of fibers and fiber breakage during the different processing steps have
decisive impact on the mechanical performance of SFRP parts [6, §].

Recent advances have been made on constituent-level characterization of SFRP used in FFF, for instance in basalt
fiber reinforced polylactic acid (PLA) [34], and CF reinforced PEEK [16]. In both cases, proprietary software was
used to perform the critical segmentation steps. Yu et al. [34] do differentiate individual fibers, but in a context of little
porosity in the feedstock material (so-called inner-voids, of at most 4.2 vol.%), and moderate infill (up to 20 wt.%). As
for CF reinforced PEEK, Sommacal et al. [16] centered their study on porosity distribution, and identified the volume
occupied by reinforcements generally, not individual fibers.

In this work, we propose a method of automated constituent extraction from imaging data, called OpenFiberSeg. We

draw on existing methods and techniques, complementing and adapting them to the specific case of FFF of reinforced
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PEEK. The presence of significant porosity (~20 vol.%), low contrast in the input data and high filling ratios under
consideration (up to 40 wt.%) make for a problem that is uniquely challenging. Once this problem is solved, the solution
can be applied to a host of fiber reinforced materials, of equivalent or lesser degree of complexity. The intent of open
distribution of both source code and imaging data guided the development of this tool, to help accelerate progress in

the field.

2. Literature review

X-ray tomography provides volumetric renderings of the microstructure of these solids. However, since CFs
and polymeric matrices have similiar densities and elemental composition, the imaging data is low contrast and
has considerable noise amplitude [35, 36]. As imaging apparatus are limited to a voxel size of 0.7 to 0.4 um, fiber
identification must be performed on at best a handful of voxels, as they typically have a diameter ranging from 5 to
10 ym. Manual labelling by an expert is possible, but is a tedious, time-consuming task, and subject to inter and intra-
observer variability [37]. Automatic segmentation tools are therefore required. Various groups have produced such tools
for fiber-reinforced composites, the majority of which consider only two-phase materials (the phases being matrix and
reinforcements) [23, 38—41]. When dealing with a third phase (the porosity), the segmentation task considered to be
much harder [42, 43], especially when the grayscale values from different phases can overlap each other [43, 44] as they
do in FFF reinforced PEEK. In [45], 3-phase segmentation (matrix, fibers and voids) is performed by using a stochastic
optimization procedure adapted from [46, 47] to segment small regions of data, and training a neural network with the
output. The authors avoid the task of manually labelling training data or the computationally prohibitive task of using
the stochastic procedure on full-sized dataset. Their method performs well on real data from glass fiber reinforced
polypropylene containing voids, though only visual validation is presented. Using synthetic data with no porosity, they
report a per-fiber detection precision of 87.0% (651/748 fibers detected).

If orientation characterisation is the only concern, one traditional method is to use scanning electron microscope
images of polished specimen, and determine fiber orientations based on the minor and major axes of the ellipses
made by their cross-sections on the specimen surface [48]. However, this method is limited to surface level, is time-
consuming, and cannot distinguish between the two orientations that produce the same elliptical cross section [36, 49].
A more modern method based on 3D imaging is to compute the local orientation tensor by obtaining the local structure
tensor for neighboring voxels via the Hessian matrix [24, 40, 49]. While being very general and not requiring fiber
separation, this method can produce length information only for very highly resolved scans, and it is quite susceptible to
noise [50] (though it can be adapted to process poorly resolved scans [39]). Furthermore, the accuracy of the orientation
tensor method drops significantly if the gray intensity profile is not Gaussian inside fibers, or for high filling ratios,

where fiber contact is more common [23, 24].
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2.1. Fiber separation and tracking

To extract richer data pertaining to individual fibers, a necessary first step is the segmentation (labelling) of voxels
belonging to fibers rather than other phases (matrix, pores, etc). Methods to perform this task include: grayscale value
thresholding (Otsu’s method) [38] , pattern matching [51, 52], supervised machine learning (for instance K-means
clustering used by Qim at DTU [53-55], or deep learning methods like those implemented in commercial software
like Dragonfly™[35, 44, 50] or others. One common limitation for all these methods is that for high filling ratios, many
fibers will be in close proximity, and their boundary blurred, leaving many missed detections or failing to separate
distinct fibers [38, 40]. Since computer vision tools and methods are overwhelmingly aimed at 2 dimensional (2D)
images, all of the cited methods are 2D-based. Many missed or false detections could be avoided by taking advantage
of the 3 dimensional (3D) nature of tomographic data, but only some efforts have been made towards this goal, for
instance using convolutional neural network in 3D [56, 57].

Extracting individual fibers from the voxel-wise label requires a 3D tracking procedure. A fiber tracking method
proposed by Whitacre [58] (companion study of Czabaj [51]), uses template matching as the first segmentation step,
then the Global Nearest Neighbor algorithm combined with the Kalman filter to estimate fiber trajectories as they
are being constructed. This method also incorporates smoothing, track stitching, and a constraint by which fiber
trajectories are only accepted if no volumetric overlap occurs in their paths. Whitacre reports 99.4% accuracy of track
assignment, but as is pointed out, this is for a relatively small specimen (629 fibers) of unidirectional composite, with
high scan quality. The authors recognize that for more complex, larger specimen, this method would "increase the
computational cost dramatically” [51] (though mainly for the meshing and mechanical simulation than tracking per
se). The segmentation procedure itself took 2h for 629 fibers on a desktop workstation, while 1 mm?3 of SFRP can
contain up to ~10° individual fibers [38]. Assuming linear scaling, that would translates into nearly two weeks’ time.

Another tracking method applied to injected glass fiber SFRP was developed by Agyei and Sangid [38] by which the
image quality of the scans are first sharpened, then voxels probably containing fibers are flagged using Otsu’s method,
and clustered using an iterative watershed algorithm. Ellipsoids are fitted to each cluster, and they are connected
across 3D space on the basis of the proximity of their centroids. Post-processing ensures that the remaining fibers
have tortuosity below a prescribed threshold. Their method successfully tracks 91 682 fibers with a processing time of
55 hrs on a desktop workstation. However, they selected injection-molded glass fiber reinforced polypropylene because
of the higher contrast of glass fibers, and there is no porosity to speak of in their samples.

Partially reconstructed fibers have been stitched in different ways. Altendorf selects stitching candidates on the basis
of endpoint distance, the angle between the segments, and the angle between segments and the added connecting line

[59]. Creveling implement a method by which fiber tracks all considered for stitching, and the most likely candidates
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which pass a series of checks are selected, including endpoint distance, potential interference with existing tracks, and
other tests [52].

In FFF SFRP, the regions surrounding pores are of particular concern from a tracking standpoint. Artifacts at
pore boundaries cause many missed and false detections of fibers (even for manual labelling). Hence, a heuristic that
overcomes this difficulty need be more complex than those in tracking tools previously published, focused on materials
with negligible porosity.

The ultimate objective being mechanical property inference, it is more important that the reconstructed volume be
statistically equivalent to the actual solid, rather than any single fiber being found or not. As long as the proportion
of phases present is correct, as well as the lengths and orientation distribution of fibers, the extracted microstructure
will serve as a representative volume element [60, 61]. This guiding principle will be useful for selecting empirical

parameters for aspects of our method that are probabilistic in nature, most notably the stitching partially tracked fibers.

3. Methods

In this work, contrasts in imaging data are first enhanced by histogram equalization. Then 2D-image based pre-
segmentation of porosity and specimen boundary (perimeter) is performed with a combination of classical image
processing (Otsu’s method and Canny edge detection) and fiber regions are located with the use of a machine learning
(ML) tool called InSegt [62]. From this voxel-wise labelling, a 3D-based feature extraction is performed: fiber segments
are identified by locating centroids and connecting them by the K-nearest neighbor algorithm. Then, a multi-step
stitching heuristic is applied to recombine these segments in a manner which can handle not only missing but also false
detections. The voxel-wise labelling is then retroactively corrected to include the missing segments, and to successfully
label the fiber boundaries which are a source of frequent error for ML tools. The method is shown to be effective across
many material compositions (filling ratios), with close to no human input, except at the ML model training stage.

The material specimen under consideration here are produced by free-space extrusion (3D printing nozzle not
pressed against the build plate, but extruding in air). This way, phenomena present at the meso scale (inter-bead and
inter-layer voids, over- or under-extrusion) and macro scale (infill fraction, infill pattern, stacking of layers of different
relative orientation, etc) [17, 18, 21, 63] are removed from consideration, allowing an analysis of the morphology at

the microscale in a more pristine state.

3.1. Specimen preparation
Pellets of PEEK 90G (Victrex™, UK) were first desiccated in a Cole-Parmer 282A Vacuum Oven (Antylia
Scientific, USA) at 150°C for 5 hours. For each specimen, pellets were first introduced in a DSM Xplore Micro

5 cc twin-screw microextruder (Xplore Instruments BV, Netherlands), before introduction of Panex™ 35 Type 83
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161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

OpenFiberSeg: open-source segmentation of short fiber reinforced composites

chopped CFs (Zoltek, USA), with weight fractions from 5 to 40%, by 5% increments (pure polymer was removed
from consideration as it shows no porosity and doesn’t require tracking). Mixing (while extrusion is shut off) was
carried out at a constant speed of 3 mm/s at 360°C. Extrusion was made at a constant speed of 3 mm/s at 390°C. Only
sections of the filament with a variation of 100 microns or less as measured with a caliper were kept for extrusion in
a 3D printer extruder. Printing of specimen was performed on a AON3D™ industrial 3D printer, extruding through
a 0.6 mm diameter nozzle in free space (not pressing on the build plate) with a nozzle temperature of 390°C. The

resulting average specimen diameter is 500 ym.

3.2. Tomographic data acquisition

Individual filaments specimens were then mounted on a pin vise and placed in a ZEISS Xradia™ 520 micro-
computed tomography system. Each specimen was exposed to a source power of 80 KV, with the source at a distance
of 10 mm, and the detector at 15 mm, with no filter in the beam line. 1600 projections were acquired for each specimen,
for a total acquisition time of ~1.75 hour per specimen. Volumetric reconstruction was performed with the parameters
obtained automatically by the Zeiss Reconstructor™ software. The resulting voxel dimension is 0.7 ym, and the
filaments were entirely inside the scanned field of view. Figure 1a shows a sample 2D slice of the resulting tomograph,
for a PEEK filament (diameter 0.6 mm) with 40 wt.% CF. In Figure 1b we can see that the pores (large dark structures)
have a light region at their boundary which has the same grey intensity as the fibers (smaller white round shapes),
complicating the segmentation task. These artifacts are attributed to sharp changes in refractive index in the specimen,
and could be attenuated by imaging in phase-contrast mode, in which source and detector are much farther apart [64].
However, this incurs much longer and therefore more expensive scans.

While OpenFiberSeg can work on larger specimen sizes (up to 1.4 mm in diameter, using 4500 projections and a
total exposure time ~4 hours), with the contrasts encountered with CF PEEK, pixel sizes >1 ym lead to unsatisfactory
performance of InSegt, for which the stitching procedure cannot compensate. This means highly resolved scans are
required for this class of materials. Although not presently tested, glass fibers (GF) reinforcements would have a
stronger imaging contrast, as they are mainly made of silicon rather than carbon atoms like polymers, have a density
of 2.61 g/cm? compared to CF at 1.72 g/cm? and average diameter of 12 ym against 7 gm for CF [12]. In which case,

larger pixel sizes (up to 2 ym) will probably be acceptable.

3.3. Global processing flowchart

The data processing is structured in the manner illustrated in Figure 2. Starting form the tomographic data, the
phases are separated on a voxel-by-voxel basis. Then, for all three reference directions x, y and z, individual fiber
regions are separated, and centroids extracted. Tracking of fibers is performed, including stitching of partial detections.

From fiber tracks, 3D representations of each fiber are constructed, with gaps identified by the stitching procedures

Sosa-Rey et al.: Preprint submitted to Elsevier Page 6 of 25
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Figure 1: Sample 2D slice of tomographic scan of a PEEK 40 wt.% CF filament (after histogram equalization). a) Entire
filament cross-section b) Pores and fibers are indicated by arrows, along with the artifacts in the region surrounding pores.

Input: Tomographic Data (repeat for , y, 2 directions) Individual fibers

‘ Combination of fibers
‘ from z,y, z directions

‘ tFiber separation and Centroid extraction

Initial voxel-wise labelling

Canny edge detection (pores) Centroids
InSegt (fiber regions) Tracking Output:
Nearest neighbor search ifgmentgd yolume
Fiber regions Stitching (Blind, Smart) iber statistics

Output:

Pores

Fiber tracks

Assign voxels to fibers
Gap filling, smoothing

Figure 2: Schematic flowchart of the segmentation and tracking procedure. From the tomographic data, voxels containing
pores and fibers are first isolated, then fibers are tracked and reconstructed from all 3 reference directions, to be combined
in a single segmented microstructure.

filled. Fibers detected from all 3 directions are then recombined to form the final segmented output. The entire procedure
requires minimal input from the user, and accomodates a variety of material types (continuous fiber composites, and
FFF SFRP of very different filling ratios, etc). The relevant parameters are scaled with respect to the voxel physical

dimension, which depend on scanning parameters.

3.4. Initial voxel-wise labelling
3.4.1. Porosity detection

The first labelling steps consists in identifying which voxels contain either polymer matrix, fiber reinforcement,
porosity, or are outside the filament (the perimeter). First, the contrasts in the raw data are enhanced using histogram
equalization from the OpenCV library (cv.equalizeHist). Then, with the help of the Canny edge detection algorithm
(implemented in the Scikit-image library [65]), both the perimeter and the porosity can be identified on each 2D slicing
of the volume. This algorithm uses the gradient in the image and two thresholds to identify continuous contours. To
identify the perimeter, a binary mapping is first created by thresholding the image with Otsu’s method. This mapping
makes the specimen stand out from the perimeter, and the boundary is easily identified. The Canny algorithm is used
twice: on the binary mapping (to find the specimen boundary), and on the original histogram-equalized image (to
identify pore boundaries). The required parameters for the Canny algorithm depend on image characteristics. For the

datasets used in this study, the following parameters were used: low_threshold ranging from 60-100, high_threshold
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missing +>
thin slice

Pores obtained by Ml Voxels added by closing

filling contours B voxels removed by opening

DResulting pores

Figure 3: Porosity labelling, typical region of data (2D slicing in x — y planes): a) as obtained by filling the closed contours
of the Canny algorithm. b) Morphological closing fills in missing thin slices inside well-defined pores, opening removes false
detections. ¢) Resulting pores.

of 180-200, and sigma=3.0 for the porosity detection, and low_threshold=30, high_threshold=50 and sigma=1.0 for
perimeter detection. See attached source code for further details. In order to fill in the closed contours in each case, the
floodfill algorithm (cv.floodfill) is used, which labels all the voxels reachable (not bound by a closed contour) from a
given seed point. The Canny method was favored over simpler gradient-based methods like Sobel, Roberts or Prewitt
edge detection as it more robust against noisy data [66] and it produced closed contours consistently amidst the variety
of edge characteristics encountered in the original data. As can be seen in figure 1b, pore edge sharpness can vary
significantly, making simpler methods unsuitable.

Figure 3a shows the result of the porosity extraction by contour filling in a typical region of data. Because the
contours are at times too attenuated in a few (typically 1-2) image slices, the volume of pores are interrupted by a few
thin missing sections. Small regions are also present, which visual inspection reveals to be false positives (the smallest
real pores are much larger than these structures which are <2 pm thick.)

As shown in Figure 3b, both types of artifacts are eliminated by performing the 3D morphological operations
of closing (filling in missing thin slices) and opening (removing structures smaller than the structuring element)
as implemented in the N-dimensional image processing library SciPy.ndimage [67]. For both operations, spherical
structuring elements of radius 3 and 1 voxels are selected, respectively. These are large enough to handle the
encountered artifacts, and small enough to leave the general topology of pores unaffected. The resulting pores after
corrections are shown in Figure 3c. Relying on classical image processing such as this has the advantage of handling
a variety of scanning conditions and morphologies without any intervention, or occasionally requiring the adjustment
of a handful of parameters (the two Canny thresholds), rather than the re-training of neural networks encountered in

ML. We therefore elected to not investigate ML methods for this particular task.
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3.4.2. Fiber detection and separation into convex blobs

The InSegt tool is used to find probable fiber-containing regions. In InSegt, a manual labelling of a small region
of the data is used to create an image dictionary based segmentation tool using the machine-learning method called
K-means clustering. A specimen image slice is then processed, yielding a probability field giving the likeliness that
each voxels belongs to a fiber or not. By inspecting this probability field, the user selects a threshold above which
to label pixels as fibers, and checking against the input to ensure the majority of fibers are found, with as little false
positives as possible. The full volume is then processed to obtain an initial mapping of all voxels containing fibers. For
specimen with low filling fraction (<15 wt.%), the fiber regions were often underestimated in size, because setting the
threshold lower to capture the whole perimeter for each fiber also introduced many false detections. This minor effect
was corrected with a method presented in Supplementary Materials, involving the Laplacian of the probability field.

As shown in Figure 4a, each voxel is now considered either matrix, pore, or fiber. However, the InSegt tool often
labels fibers in close proximity as a single connex region, or blob. To identify individual fibers across the volume,
it is necessary to detect the regions containing more than one fiber, and split them accordingly. First, the watershed
algorithm is used to find all the connex regions (using the cv.watershed function, implemented in the manner detailed
in [68], with distance parameter of 0.8 pixel). Then, OpenCV functions cv.findContour and cv.convexityDefects are
then utilized to flag the blobs that are not convex (defined as a convexity defect size >1.2 pixels). The blobs passing
or failing this convexity test are represented in Figure 4b as "single fiber" blobs and "rejected" blobs, respectively. To
reprocess the "rejected"” blobs, the watershed transform is used again, in a recursive manner: the distance parameter of
the watershed is increased by 0.1 pixels increments for each individual blob. When the new watershed transform outputs
more than one blob, the convexity test is performed on those new blobs. New blobs that are flagged as non-convex are
then processed by themselves in the same manner. The resulting subdivision of each blob into the largest number of
convex blobs is illustrated in Figure 4c. For these individual fiber blobs, a centroid (analogous to center of mass) is
computed with the OpenCV function cv.moments, as shown in red in Figure 4d. Note that not all identified centroids
belong to real fibers, as some will be false detections, particularly due to light-colored artifacts around pores. The shape
of these artifacts is such that those centroids will most likely not form neatly defined chains of sufficient length, and
they will be discarded during the tracking procedure.

The fact that detection of pores and perimeter, the splitting of blobs, the convexity tests and the extraction of
centroids can be done on a slice-by-slice basis allows these step to be done in parallel, yielding a speedup factor

equivalent to the number of cores available.
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B Single fiber blobs BN Single fiber blobs

Il Rejected blobs Re-processed blobs

Figure 4: Initial labelling and centroid extraction in data from a PEEK 40 wt.% CF specimen. a) Labelling of pores by
Canny edge detection and fiber blobs with InSegt. b) Fiber-containing blobs failing convexity test flagged for reprocessing.
c) Output of recursive watershed transform on non-convex blobs. d) Extraction of centroids for each fiber blob.

3.5. Tracking

Figure 5 shows a schematic of the entire tracking procedure: image slices are imagined as 1 dimensional (1D)
projections, shown as dotted lines. Fiber regions were identified (with some missing and false detections, as shown in
Figure 5b, and centroids were extracted, from which complete fiber objects are sought. When tracking in the vertical
direction, the fibers roughly aligned with this direction will have centroids on adjacent slices at a small distance in the
transverse plane, when compared to the radius of the fibers. For each pair of adjacent slices, we want to find the pairs of
centroids that are mutually closest. The K-nearest neighbor (KNN) algorithm is very efficient and highly scalable in this
setting, as it can find the closest neighbor with an O(n log n) complexity. For each slice, a K-dimensional tree (KD-tree)
is built (in 2D, for x and y coordinates), as implemented in SciPy. The KD-trees are then queried at the coordinates of
the centroids for the following slice. We then initialize fiber objects from the continuous chains of closest centroids:
centroids on the first slice which are successfully paired to those on the second form initial fiber segments (if they are
within a maximum distance). From then, centroids on the following slices are either matched to an existing fiber, to

which they are added, or become new fibers themselves, as depicted in Figure Sc.

3.5.1. Blind stitching

Due to missing and false centroid detections, the centroid chains are often interrupted segments from a single
true fiber. Using only the start- and end-points for each chain, a similar procedure is done: a 3-dimensional KDTree
is constructed for the start- and end-points. Both trees are queried with the other set of points, and matching nearest
neighbors are found. Three checks are made before selecting fibers for combination: these matches need be below a
prescribed distance, set empirically to 2.5 fiber diameters for CF (or 20 ym) in the stitching direction, and 1 diameter
(7.5 pm) in the transverse direction, as well as to not allow backtracking: the end-point of the lowest fiber must be lower
in the z direction than the start-point of the higher one. The distance criteria are taken relative to the fiber diameter,
which can be measured visually if not known for a particular material. These values allows for some imprecision in
the centroid position relative to the true fiber center, without allowing a match to a different fiber that is neighboring

the main one. The matching pairs that meet these criteria are combined, linking the corresponding centroid chains. As
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a) True fibers present b) Fiber regions detected | ¢) Centroids, KNN chains

--- Image slices

m True fibers (unknown)
Fiber regions (Insegt)

« Centroids

---- K-Nearest neighbor chains

== Fiber segments (SVD)
Blind stitching

Tracking direction

f) Extracted vs true fibers Smart stitching:

=== Stitched directly

«== Stitched by backtracking

=== Out-ranked by alternate match
Alternate match

Extracted fibers

Figure 5: Schematic representation of fiber tracking: a) true fibers in the data (unknown). b) Detections by InSegt, with
missing and false regions. c) Extracted centroids, linked in chains of nearest neighbors. d) Blind stitching: bridging small
gaps of few missing centroids (light blue). e) Fiber segments that are sufficiently aligned in space are combined (blue).
Segments that overlap can also be stitched, if backtracking length is below a maximum distance (shown in pink). When
more than one stitching candidate is found, better alignment between longer fibers is favored (in green) over first match
(in red). f) Extracted fibers overlaid on true (unknown) fibers in data.

we can see in Figure (5)d-e, for each centroid chain a line segment is obtained that represents its main orientation and
length, by the singular value decomposition (SVD) method (numpy.linalg.svd function).

The limitations of the "blind" stitching method are that if a long gap is present in the data for a particular fiber,
there isn’t enough information to ascertain that the detected segments are really part of the same fiber, or if there are
two distinct fibers that are somewhat aligned. Large gaps attributable to many missing centroids are likely to occur
in two contexts: in the vicinity of pores, and when fibers that have strong inclination (>45°) relative to the main
direction, with an elongated cross-section. Both of these effects lead to interruptions in fiber tracking. With blind
stitching alone, an underestimation of long fibers would occur, and since longer fibers contribute the majority of the
mechanical load transfer, they are quite significant, especially for those at a strong inclination. To circumvent this

limitation, the following method is employed.

3.5.2. Smart stitching

For each fiber segment (shown in grey in Figure Se, two six-dimensional vectors are constructed (one for each
end-point): the 3 coordinates of the point, and the 3 components of its normalized orientation vector. Then, a 6-D
KDTree is constructed for the end (topmost) points vectors, and the start (lowest) point vectors are the query points.

This way, as shown in blue in Figure 5e, we simultaneously find the pairs of objects that are closest both in terminal point
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distance and in terms of relative angle. Here it is possible and desirable to allow the stitching of segments that exhibit
backtracking: segments belonging to the same fiber overlap each other quite often, due to the presence of erroneous
centroids along the path of the fiber. As shown in purple in Figure Se, allowing the stitching of fiber segments that
overlap up to a maximum prescribed distance can be done reliably by assuring that both the relative angle and the
start-to-end transverse distance (in the plane normal to the main direction) are sufficiently small.

As shown in red in Figure 5e, sometimes a match is made first which satisfies requirements in distance and relative
angle, but an alternate match (in green) is also possible, perhaps further away, but with a more perfect alignment.
When instances of this scenario were encountered in the real data, predominantly the offending candidate was a short
segment, in the vicinity of the endpoint of the main fiber. To avoid these false matches, a ranking function was devised
that favors stitches between longer segments (the orientation vector has more statistically significance for a higher
centroids count) without deteriorating the relative angle by more than a prescribed value. This way, from all possible
candidate matches for a particular segment, the ones between longer segments at acceptable relative inclination were
prioritized.

By checking not only the endpoint distance but also relative angle, the distance criteria can be set larger than for
the "blind" stitching step, without risking the stitching of non-related fiber segments. Once all segments to be stitched
have been identified, two additional checks are made: in the gap between the endpoints that would be connected by the
stitching, new centroids are interpolated at each of the z coordinates corresponding to an image slice. Above a certain
distance, to avoid connecting fibers which truly aren’t related, a majority of those new centroids must be in a region
which was labelled as "fiber" by the InSegt tool (rather than "pore"). Secondly, none of the new centroids can be at
a distance of less than one fiber diameter from an existing fiber, as they would otherwise physically overlap with the
existing fiber. If both tests are passed, stitching is allowed and the interpolated centroids are inserted in the gap between
segments. Once all the stitching steps are complete, we update the fiber line segments to account for the presence of
partial segments and interpolated centroids.

The fiber objects that have a length below a prescribed minimum are marked as "rejected”. Many false positives
occur at very short fiber lengths, when a few non-related centroids are connected, but do not represent a real fiber in the
data. A length of 1 fiber diameter is chosen as the minimum permissible length, and fibers shorter that that are marked
as "rejected". Since the mechanical behavior will be determined mainly by longer fibers, missing a few real fibers at
such short length is considered acceptable, so long as the fiber filling fraction remains close to the known value for the
material in question. Fibers with strong inclination (> 55° from tracking direction) are also rejected, as they will be
more accurately tracked along the direction with which they are most aligned with. (A vector [1, 1, 1]7 forms an angle

of 54.7° with any of the reference axes, so a larger angle indicates better alignment with another axis). By performing
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the entire centroid detection and tracking procedure from the 3 reference directions (x, y, z), all possible inclinations

are thus captured.

3.6. Assigning voxels to fibers

To reconstruct the fiber bodies from the identified centroid chains, we link voxels in the initial labelling to each
of them. For the majority of voxels in the watershed output, assigning a fiber ID number is immediate, as the tracked
centroid was obtained from these voxels. However, in the gaps between stitched fiber segments, the centroids created
by interpolation are not related to any existing voxels. For those cases, the first step is to check whether the interpolated
centroids are squarely inside a closed contour that is not already matched to another fiber, in which case all those voxels
are assigned to its fiber. If more than one centroid (either interpolated or present in the initial extraction) are present
in the same closed contour, the watershed transform is used to assign the voxels to the closest centroid, assuring the
subdivided voxel groups all lie in a single connex region. Remains the case where interpolated centroids lie in regions

where no voxels are labelled as fiber. To create this labelling, the following method is used.

3.7. Volumetric post-processing: gap filling and artifact removal

As shown in Figure 6a, for each fiber identified in tracking, a sub-volume is created which is only large enough to
contain the voxels belonging to that fiber. A tube-like structuring element is created by stacking 2D circles (of the same
diameter as a fiber) at the same angle and direction as this fiber’s orientation vector, for a total height of a few voxels
longer than the largest gap created by stitching (or a default value for unstitched fibers). The morphological operation of
closing (scipy.ndimage.binary_closing function) is applied using this structuring element. As shown in Figure 6b, this
has two effects: it smooths the surface of the fiber, and it fills gaps in a manner that is inferred from existing geometry,
rather than prescribed. This is preferable because some fibers have an oblong rather than a circular shape, which this
method preserves. Also, strongly inclined fibers will have elongated cross-sections. The morphological operation of
opening (scipy.ndimage.binary_opening) is used afterwards with a ball structuring element, with a diameter slighly
under a fiber diameter. The effect of this is to remove the regions that are erroneously labelled as belonging to this
fiber: just for like pores, these false detections will be thin, and are readily removed by opening. In Figure 6¢c, we see
the topmost regions of the fiber after removal of such an erroneous shape (i.e., an artifact).

Making this operation on a subset of the entire volume is memory-efficient, and can be done in parallel. A last check
is made when projecting it back into the large volume: newly identified voxels should not spill into regions already
identified as another fiber, or a pore.

In Figure 7, we can see the effect of the morphological operations on several fibers at once, in a small region of
interest. In Figure 7a) are presented the fibers as obtained by tracking and assignment of voxels. We can see interruptions

of different sizes, as well as the same erroneous structures previously seen. In Figure 7b the effect of closing and
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Figure 6: Example of post-processing on a single fiber object made up of 4 stitched segments, leaving three gaps (tracking
performed along z). a) Fiber from previously labelled voxels, including erroneous structures. b) Output of morphological
closing with inclined rod structuring element: gaps are filled, but erroneous regions are expanded. ¢) Output of morphological
opening with ball structuring element: smoothing, removal of erroneous regions.

Opening
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Figure 7: Post-processing applied to a larger region showing several distinct fiber objects. a) Fiber segments as obtained
by assigning voxels to the tracking output, with several gaps. b) Morphological closing adds missing segments where
interpolation has occurred, and opening removes a few erroneous structures. c) Resulting volume of fibers.

opening are highlighted: closing fills in the gaps between interpolated segments, opening removes erroneous regions.

The resulting fibers in Figure 7c are a much more reliable representation of those present in the data.

3.8. Combining fibers from all reference directions (x, y, z)

As strongly inclined fibers are more easily detected by slicing in the transverse plane (x and y directions), the entire
segmentation procedure explained above is repeated twice more. Using the labelling obtained in the direction of main
alignment (z), all voxels where fibers were successfully identified (and not rejected for being too short or too steep)
are first removed from the pre-segmentation volume (substracted from the InSegt output). This way, only new fibers
can be found.

After the entire procedure is performed for both x and y directions, the fibers found need to be projected onto
the original frame orientation. The most problematic cases are long fibers which are inclined by close to 45° to more
than one of the reference directions. This results in partial capture of segments from potentially all three reference

frames, which for the x and y directions can potentially interfere with each other. Two more steps are taken to correct
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Figure 8: Extraction performed on original micro-CT scan of unidirectional graphite/epoxy composite. a) Sample data
slice, reproduced with authorization [51]. b) Probability density function of fiber deviation from main direction, as reported
by original authors, and as measured with OpenFiberSeg. The box and whisker plots for each peak represent the 5%, 25T,
50", 75" and 95™ percentiles for both segmentation methods, which are all within 0.5°, indicating good agreement between
the methods.

these problems. First, colliding voxels are identified and if their corresponding fiber objects are sufficiently aligned,
the objects are combined into a single fiber. Then the smart stitching method is called on all the fibers from all the
permutations, with the provision that only fibers from two different permutations are eligible to be stitched together.
This allows the reconstruction of fiber whose segments were obtained from more than one reference direction. Finally,
the volumetric post-processing method is applied again on the fibers that have been combined or stitched in this last

step, yielding the final segmentation of fibers present in the data.

4. Validation

The segmentation procedure was performed on 2 distinct datasets, whose analysis were previously published by
Czabaj [51, 58] and Creveling [52], and kindly made available to us. By performing the segmentation on the same
input data, we can compare our tracking results to theirs, and verify the degree of accuracy of OpenFiberSeg for the
type of materials on which these scans were performed. The code from these two projects not being public, only the

results in the original publications can be discussed.

4.1. Data from Czabaj et al, 2014

This dataset is obtained from a specimen of AS4/35016 graphite/epoxy unidirectional composite, formed into a
thin "matchstick" specimen. The resulting tomograph is presented in Figure 8a. The authors of this work used template
matching and a sophisticated method involving the Kalman filter and track stitching to track fibers across the volume,
and preventing fiber inter-penetration [51, 58].

As can be seen in Figure 8b, the shape of the histograms of angles measured with our tool vs that in [51] are quite
close, especially when considering the position of the 5%, 25%, 50, 75% and 95" percentiles, which are all within
less than 0.5° between our results and theirs. While the height of the central peak is 9% higher for our method when

compared to theirs, several reasons can account for this. When obtaining fiber centroids at each slice, we compute
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Figure 9: Extraction performed on micro-CT scan of carbon/epoxy laminate. a) rendering of original data, showing the
main angles of the three layers, relative to the vertical direction [52]. Reproduced with authorization. b) Probability density
function of fiber deviation from main direction, as reported in [52], and as measured with OpenFiberSeg. The bottom
portion shows zoom around the three main peaks, with generally good agreement between the output of the two methods.
The box and whisker plots for each peak represent the 5%, 25", 50", 75% and 95" percentiles for both segmentation
methods, when grouping the data around the three main peaks.

the moments of the fiber blobs, whereas their methods finds the best match for a pre-defined circular template: some
variability in centroid positions is likely to occur between the two methods. Secondly, when attempting to reproduce
their results, we needed to truncate the dataset as they did, leaving 508 out of 629 fibers, without knowing the exact
coordinates. Also, while all fibers presented are found automatically in OpenFiberSeg, in the original paper manual
segmentation of 4 missed fibers, and removal of 3 false one was done. They report a processing time of 2 hours on a

CPU capable of 4 simultaneous threads. Our method also executes in 2 hours when using 4 threads.

4.2. Data from Creveling et al. 2019

This data was obtained on a IM7/8552 carbon/epoxy laminate, from which a I mm? specimen was extracted. A
high-resolution micro-CT scan was performed, yielding a voxels size of 0.41 ym. As shown in Figure 9a, this specimen
has 3 plies, with fibers oriented at +45°, -60°, and +60°, as measured from the vertical direction. In the original paper,
the fibers were extracted using template matching and a more elaborate method of stitching. As can be seen in Figure
9b, there is only small deviation between the outputs of our method and theirs, especially when considering the position
of the percentiles for each peak. The remaining difference in peak heights can probably be explained by the different
method of obtaining centroids, i.e. template matching vs the direct calculation of center of mass of irregularly shaped
blobs, used in out method.

From these two analyses, we can assert that OpenFiberSeg of segmentation yields very similar results to state-of-the
art tools, at least when it comes to the tracking of fibers in bi-phasic, continuous fiber reinforced polymers. As we will
now show, OpenFiberSeg can handle a much larger number of fibers, with more randomness in orientation (hence

more contact between fibers) and to produce accurate results from partial detections, amidst porosity.
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Figure 10: Experimental validation: a) Comparison of fiber volume fraction obtained directly from the segmentation
output, vs. calculated from the known densities of matrix and reinforcement materials, as a function of fiber filling
fraction. The difference between the two is at most 4% (meaning if one method gives 10%, the other can give at most
14%). b) Comparison of specimen density, as calculated from the segmentation output and the density measured directly
with the help of a gas pycnometer. Very high agreement (mean error <2%) between the two indicates the proportions of
matrix, fiber and porosity as predicted by the segmentation are a reliable indicator of the proportions in the real material.

5. Results

5.1. Predicting fiber volume fraction and material density
For SFRP with several tens of thousands of individual fibers, getting a clear appreciation of the quality of the

segmentation is not straightforward. One way is using the segmentation data to predict properties such as the specimen

12 v

f f

from segmentation data, and can be calculated experimentally from the knowledge of the mass fractions used at the

density or the fiber volume fraction c¥. and compare them to values measured experimentally. The cY. is obtained directly
specimen preparation step, fiber and matrix density (from supplier data), and the pore volume fraction C: measured
by OpenFiberSeg. To independently validate that the segmentation tool produces the correct assessment of porosity,
the total density of each SFRP specimen is calculated, and compared to the measured experimental value of density.
Detailed calculations are presented in Supplementary Materials.

As shown in Figure 10a, there is generally good agreements between fiber volume fractions as predicted from
the segmentation output and those obtained by the mass fractions. The results from the segmentation output are
overestimated by at most 4% for some filling fractions. This variation can be explained considering how different
are the morphologies from low to high filling fractions (with porosity ranging from 10% to 40%), and the fact that no
tweaking of parameters is done to process them.

As shown in Figure 10b, the two methods of determining density are in high agreement (mean error of <2%), which
would only happen if all the volume fractions were correctly estimated, particularly c;;, which has a larger effect on
density, as pores occupy space but contribute no mass. Any remaining deviation between the two density measurements
can be explained by sampling error: the tomographs encompass a volume of 1 mm?>, while the specimen used for the
pycnometer measurement is ~200x larger. The scanned region might possibly have a local phase distributions slightly

different from the average. The much higher porosity (39%) of the 10 wt.% CF specimen explains the large departure
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Figure 11: Output of segmentation for 2 material compositions: a) PEEK with 15 wt.% CF and c) with 40 wt.% CF.
Different color maps are used to represent in which reference direction the fiber was detected. The majority of fibers are
detected in the out-of-place (z direction), and some in the in-plane directions x and y. In b), a closer look shows examples
of missed detections, and in d), we can observe that more false detections are present in the x direction, but the strongly
inclined fibers are also successfully captured.

of it’s density from the general trend. It can also explain the largest discrepancy between both methods, at 4.9% error:
possibly some helium leaks into the unusually large pores, leading to an overestimation of density from the instrument.
Ning et al. also reported an uncommonly high value of porosity for 10 wt.% CF filled acrylonitrile butadiene styrene
(ABS) (9.04% whereas specimen with 0-15% filling averaged at 2%) [31].

It remains possible however that the volume fractions are accurate on average, but only due to the number of
missed fiber detections being cancelled by false detections. To ascertain how reliable the output at the pixel level, the
following method is used. On a slice-by-slice basis, we can superimpose the segmentation output onto the raw data.
This visualization is presented in Figure 11 for two different material composition: in a) PEEK with 15 wt.% CF and in
b) PEEK with 40 wt.% CF. A different colormap was used to show which reference direction each fiber was detected
from. For both these materials, it is clearly visible that the vast majority of fibers present are identified, with only a
few missed fibers or false detections. Also, nearly full cross-section of each fiber is captured rather than a portion of
it. And while there are more false detections in the in-plane directions (as shown in Figure 11d), the fibers with strong
inclination (near-tangent to the x — y plane) are also successfully captured. To assess the segmentation precision, a
slice-by-slice analysis is presented in Video 1 for the specimen with 25 wt.% CF. For each studied slice, we compared
the fibers detected by OpenFiberSeg against the original data, and labelled false fibers or single true fibers fragmented
into segments as false positives (FP) and missed fibers or separate true fibers combined into one as false negative
(FN). This annotation is performed at 7 separate locations (2D slices) in the data, encompassing 3945 individual fiber
detections. Precision for this specimen (defined as the voxel ratio of TP/(TP+FP) ) is computed to 95.6%, with rates of
FP of 4.4% and FN of 1.6% (average across all filling ratios: precision: 93.1%, FP: 6.9%, FN: 1.5%). The majority of FP
are in the vicinity of pores, and are for short fibers (<20 pym). Overall, there is <1% occurence of fiber fragmentation

or false combination.
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Video 1: Slice-by-slice analysis of segmentation accuracy: PEEK 25 wt.% CF. The porosity and perimeter detection are
shown to be nearly perfect. The fiber extraction precision is measured at 95.6% for this specimen. Animated sweep of fibers
colorized first by length and then deviation highlight the trend by which longer fibers are better aligned and vice-versa.
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Figure 12: 2D histogram representation of the correlated lengths and angle of deviation from tracking direction (z) for
fibers present in a PEEK specimen with 40 wt.% CF filling ratio. Single-variable histograms are juxtaposed on the left-hand
and lower side, to highlight the relationship between the counts for each variable and the correlated density values.

5.2. Discussion

For each material specimen, we obtain a set of individual fibers, complete with their position in space, orientation
vector and length. In order to study the correlated distribution of lengths and orientations, and to compare them across
material composition, we produce the following visualization. In Figure 12, a 2D-histogram is presented for the fibers
present in a PEEK specimen with 40 wt.% CF. The lengths and deviation angle are both discretized into 256 bins,
and the color of each pixel represents the density (amount/bin) for that combination of length and deviation angle. A
logarithmic scale is used for the colormap, so that both high and low density regions are appreciable. Single-variable
histograms for lengths and deviation angle are also shown, making explicit the relation between bin count and the pixel
color mapping. The correlated histogram allows us to assert the inverse relation between fiber length and deviation:
longer fibers tend to be better aligned, and shorter fibers can deviate more (although the bulk of the distribution is
always at <30°). The extent of shear-induced alignment during the extrusion process is thus revealed, which could not
have been inferred from the single-variable histograms alone.

The same visualization allows us to compare the specimen between them: in Figure 13, all 8 specimen types are

juxtaposed, in order of increasing filling ratio. Fiber counts and processing times on a workstation with an Inte]™
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Figure 13: Correlated lengths and deviation histograms for PEEK SFRP with filling ratios of 5-40 wt.% CF. For all levels
of filling, there exists an inverse correlation between fiber length and deviation: longer fibers will be more aligned with the
extrusion direction. Processing time is given, along with fiber count for each scan.

19-10940X CPU, and 64GB of RAM are presented for each dataset. Here we can see that the shear-induced alignment
is present even at low fiber concentrations. This indicates it is attributable to fibers aligning with the flow direction,
more than interactions between fibers which are less frequent at low filling fraction. Also, for higher ratios, the most
noticeable increase (regions in red) is in the <100 ym, <30° range, suggesting more fiber breakage at these ratios, as
the proportion of fibers 100 ym and longer are essentially the same for 30 wt.% CF and above. The unusually large
proportion of short fibers at large deviations for the 40 wt.% CF also suggest more breakage for higher filling ratios.
Additionally, the lower fiber count at 35 wt.% compared to 30 wt.% suggests there is less fiber breakage at this filling
ratio.

The degree to which shear-induced alignment is more pronounced for longer fibers is illustrated in Figure 14.
Here, for each dataset, only the fibers of a certain length are selected (centered at 20 and 100 ym) and the histograms
of the deviation angles are compared. Clearly, the general tendency is that fibers tend to align with the flow direction
(the bulk of the distribution is always at >30°) but this phenomenon is markedly more prominent as longer fibers are
considered. One dataset (10 wt.% CF) doesn’t follow this trend, which can be explained by inordinately large porosity
for this specimen, probably changing the flow characteristics. The highest peak for long (100 y#m) fibers being for the

35 wt.% also indicates less fiber breakage at this filling ratio.

6. Conclusion

In this work, we presented OpenFiberSeg, a tool for fiber tracking and segmentation of individual fibers in
tomographic scans of SFRPs. Combining elements from several techniques, we propose original improvements such as
retroactive correction of labelling based on fiber reconstruction, as well as a detailed heuristic for stitching fibers from

partially detected segments. The method is shown to be robust and satisfactorily reproduces the results of 2 independent

Sosa-Rey et al.: Preprint submitted to Elsevier Page 20 of 25



486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

OpenFiberSeg: open-source segmentation of short fiber reinforced composites

Length=20+5um Length=100+5um Filling ratios (wt.%)
5

10

15

20

25

30

0 30 60 900 30 60 90 —— 3
Deviation angle (degrees) ~ ----- 40

10

Frequency (%)
W

Figure 14: Histograms of deviation angles for 2 different ranges of fiber lengths, centered at 20 and 100 ym, by specimen
filling fraction. Shear-induced alignment is present for all specimen, as evidenced by the bulk of the distribution being
below 30° for specimen. This effect is more pronounced for longer fibers for all filling ratios, except 10 wt.%, which can
be explained by unusually high porosity.

studies on continuous fiber reinforced composites. When applied to FFF SFRP with non-negligible porosity, it can be
used to corroborate the experimental measurement of porosity and fiber filling fraction, and produce a detailed portrait
of the correlated fiber lengths and orientation distributions for vastly dissimilar specimen composition (5-40 wt.%
filling ratio), yielding an average segmentation precision of 93.1% on a per-voxel basis. This tool can serve as a central
characterization and diagnostic method for the development of FFF SFRP materials and processes. However, it is not
designed for fibers with significant curvature, as fibers are represented by line segments, and up to 1% of fibers can be
fragmented or combined with another with which they are well aligned and in close proximity. By divulging the source
code, this project can reduce development time for other research groups, and be applied to a variety of use cases, such
as other types of SFRP, reinforced ceramics, concrete, etc. The precise knowledge of reinforcement and pore size and
position will be invaluable for the development of models involving elasticity, viscoelasticity, fracture dynamics, and

transport phenomena.

7. Source code and data repository

The full source code repository along with original tomographic data used in this work are available at https:

//github.com/1m2-poly/OpenFiberSeg.
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