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Abstract—The industrial standard for quality control of pro-
filed fibers is the visual inspection of a batch’s deviation from the
production master. This is performed by human experts using
cross-sectional micrographs. An alternative to this qualitative
analysis is to use metrics describing the desired morphological
characteristics of the fiber, so-called shape factors, in a quantita-
tive approach. Such a quantitative approach requires the manual
segmentation of profiled fibers in cross-sectional micrographs,
and is therefore time-consuming and economically infeasible.
Thus, an automated segmentation of profiled fibers is required
to facilitate industrial use of quantitative shape factor analysis.

We develop and present a pipeline for automated instance
segmentation of profiled fibers in cross-sectional micrographs.
The pipeline consists of preprocessing, seed generation, segmenta-
tion and candidate selection steps. Different configurations of the
pipeline were investigated and their performance was evaluated
across four profiled fiber types using manual segmentations as
groundtruth. For the best configuration, a median F1 score of
0.935 could be achieved over all four evaluated fiber types. The
developed pipeline is publicly available and expected to facilitate
the quantitative quality control of profiled fibers.

Index Terms—segmentation, profiled fiber, morphology analy-
sis, shape factor, automation, quality control, optical metrology

I. INTRODUCTION

In industry, the evaluation of profiled fibers during both
iterative development of new spinnerets and quality control
is currently performed by visual inspection of the fiber cross-
section in optical micrographs [1], [2]. Here, a trained expert
compares the cross-sections of fibers with the desired geome-
try that is derived from a production master approved by the
customer for quality control. The current procedure is manual
and of qualitative nature, as deviations between spun and
target geometry are not quantitatively evaluated. Results of the
evaluation are therefore strongly depending on the operator.

An alternative to this qualitative comparison with the pro-
duction master is to use so-called shape factors [3]. Shape
factors quantitatively describe the desired cross-sectional target
geometry and/or deviations from it [4]–[6]. For this purpose,
they employ common geometrical measures such as area, cir-
cumference and in/outcircle to define custom-tailored metrics
for a specific target geometry [6]. Shape factors were also
successfully correlated with various target properties such as
luster, handle or wicking [7]–[9].

While shape factors are thus superior to the qualitative
comparison currently employed in industry, they require a
laborious instance segmentation of fibers as a basis. Here, an
automated instance segmentation could greatly increase eco-
nomic viability of the process while simultaneously decreasing
subjectivity of the procedure.

In this work, we present an approach for automated instance
segmentation of profiled fibers in cross-sectional micrographs.
To the best of our knowledge, no prior work for automated
instance segmentation of profiled fibers exists so far. The code
for this manuscript is publicly available at https://github.com/
ORippler/profiled fiber seg.

II. IMAGE DATA

The goal of this work is an automated instance segmentation
of profiled fibers in cross-sectional micrographs. To produce
a cross-sectional micrograph, a perforated metal plate with a
small bore is commonly used. The hole is first filled with fibers
by using multiple strands and pulling them through the hole.
They are then cut from above and below the plate using a razor
blade (see Figure 1). Afterwards, the thin sample of fibers
remaining withing the hole is imaged by means of bright-field
microscopy. This procedure is illustrated in Figure 1, top.

The preparation procedure is fast: it takes at most 60
seconds for an experienced operator to prepare a sample.
However, the acquired images may suffer from artifacts caused
by the sample preparation. These consist of:

• Fiber dislocation, resulting in out of focus images.
• Non-planar cut-surface, resulting in edges on the fiber

cross-section.
• Fiber damage caused by the applied force, resulting in

deformed or even fragmented fibers.
Due to these artifacts, the resulting images are challenging

for automated segmentation (see Figure 1 bottom).

III. METHODS

To realize the aim of instance segmentation for profiled
fibers in cross-sectional micrographs, an image processing
pipeline was developed. The overall segmentation pipeline
consists of four logical blocks as can be seen in Figure 2:

• Preprocessing
• Seed generation



Fig. 1. Image acquisition pipeline. Top shows the sample preparation steps,
whereas bottom shows a representative cross-sectional micrograph for trilobal
fibers containing typical artifacts caused by sample preparation.

• Segmentation
• Candidate selection
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Fig. 2. Proposed segmentation pipeline.

The details of every step of the pipeline and the reasoning
behind them are outlined in the following:

A. Preprocessing

Preprocessing aims at reducing noise and increasing image
features used by the subsequent steps of the pipeline. In the
context of instance segmentation of profiled fibers, sensor
noise and illumination inhomogeneities need to be reduced,
while separability of close or even touching fibers should be
increased (see Figure 1 bottom).

Therefore, we first denoise the image in order to eliminate
sensor noise which would interfere with subsequent steps,
especially edge detection. While the denoising should remove
noise from the image, preservation of edges is of utmost
importance for a successful segmentation of fibers. Therefore,
non-local means denoising [10] was applied, which has been
shown to be more edge-preserving than other commonly ap-
plied filters such as Gaussian or median filters. The idea behind
non-local means is to denoise a given pixel by searching for
other pixels of similar values in other neighborhoods and to
use their mean to reduce the occurrence of noise. Based on
preliminary experiments, we set the filter parameter h to 4,
template window size f to 9, and search window size r to 21.

After denoising, we apply Contrast Limited Adaptive His-
togram Equliziation (CLAHE) to compensate illumination
inhomogeneities [11]. Here, tilesize was set to 21 and clip limit
to 3. CLAHE is required for the successful seed generation
employed in the next step.

Last, unsharp masking is applied in order to enhance edges
and increase separability of touching, neighbouring fibers. A
Laplacian kernel of size 3x3 was applied to the denoised image
before applying the CLAHE operation, as CLAHE was seen
to also increase contrast of surface defects on fibers during
preliminary experiments. The resulting image was subtracted
from the CLAHE-image, yielding an edge enhanced image.

Effects of the preprocessing steps are shown in Figure 3.

(a) unprocessed (b) fast nlm

(c) Clahe (d) laplace

Fig. 3. Effects of individual preprocessing steps. While non-local means
reduces white noise of the sensor (b), CLAHE is used to compensate
illumination inhomogeneities present in the image (c). Last, unsharp masking
with a laplacian is used to increase separability of individual fibers (d). Note:
visibility is best in the digital version of the manuscript.



B. Seed Generation

In order to achieve the goal of instance segmentation
for profiled fibers, seed-based algorithms are used in the
subsequent steps. These require individual seeds per fiber,
which were generated using the following procedure. First,
Otsu binary thresholding is applied to create a binary image,
separating the dark background from the brighter fibers [12].
Holes in the resulting binary images can be either touching
fibers or surface defects caused by the sample preparation
procedure (see Figure 1 bottom). Based on preliminary ex-
periments, holes smaller than 350px in size were filled to
smoothen surface defects while maintaining separability of
close/touching fibers.

The resulting image is not yet suitable to be used for
seeding, as in some cases the fiber contours of neighboring
elements are connected. This needs to be avoided in order
to achieve instance segmentation of profiled fibers. Therefore,
only a subsection of the marked foreground pixels was used
to denote individual seedpoints for every fiber. For that pur-
pose, the l2-distance map of the binary image is created to
maximimize general applicability of the developed approach
across a wide selection of fiber geometries and sizes. The
distance towards the nearest background pixel was calculated
for each pixel within the foreground. After normalization this
distance image is suitable to select the most central points
by thresholding. Different thresholds for the distance were
evaluated in this work.

C. Segmentation

For the refinement of the seeds into instance-level segmen-
tations, two algorithms were compared: The seeded watershed
algorithm and the grabcut algorithm. Both algorithms were
chosen based on their robust performance across segmentation
tasks demonstrated in literature. The algorithms, their param-
eters and their rationale will be described in the following:

1) Seeded Watershed: The seeded watershed algorithm
floods the image relief from seedpoints, using a grayscale
image as topography. It has a low runtime, as it segments all
fiber instances simultaneously. We use the algorithm proposed
by Meyer et al. [13] with the preprocessed image as input.
Furthermore, a background seed is generated by dilating the
the mask with filled holes twice with a kernel size of three.
Some fibers were oversegmented, often due to surface defects
larger than 350px affecting the distance transform. To combine
these segments, merging was additionally performed.

This merging was performed using a Region Adjacency
Graph [14]. A Region Adjacency Graph assigns weights to all
neighbouring segments and merges them hierarchically based
on these weights. Therefore, weights need to be assigned in
such a way that fibers are merged correctly. For that purpose,
a distance based weight function is implemented.

MaxSegmentSize equates to the greatest number of pixels of
the initial segments excluding the background. To ensure that

neighbouring fibers are not merged, two candidates eligible
for merging have to satisfy the following condition:

segmentSizeA + segmentSizeB < maxSegmentSize · 110%
(1)

If this condition holds, fiber segments can be merged
according to the following calculation of weight:

estMaxDist =
√

maxSegmentSize · 110% · 2 (2)

The idea behind this estimation is shown in Figure 4. The
space covered by the fiber (black) is assumed to roughly cover
as much space as the red square, which in turn covers half as
much space as the green square. The edge length of the green
square equals the wing span of the fiber. The wing span of
the greatest segment is assumed to be the maximal distance
between fiber segments that are supposed to be merged. This
value only acts as a soft cap within the weight evaluation
function. In addition, a small buffer is applied.

Furthermore the occurence of relatively small segments is
assumed to be that of segments, not that of a complete fiber. To
encourage their merging, the following sizeFactor is applied:

sizeFactor =
segmentSize

maxSegmentSize
(3)

This leads to the weight of a connection between two
segments being evaluated to:

weight(x) =

sizeFactor ·

{
x

estMaxDist 0 < x ≤ estMaxDist
( x

estMaxDist )
5 estMaxDist < x

(4)

With x being the distance of the two segment centroids.

Fig. 4. The goal is to find an upper limit to the distance between segments that
are still viable for merging. The wingspan of the greatest segment is chosen as
upper limit and its approximation is described here. The fiber roughly covers
the red square (left). The green square is double its size (right). The edge
length of the green square equals the wingspan of the fiber.

2) GrabCut: The GrabCut algorithm performs
fore/background extraction using graph cuts [15]. Given
a bounding box and optionally markers denoting sure
fore/background, it performs Gaussian Mixture Model (GMM)
based estimation of fore and background distributions. These



density distributions are used to construct a Markov Random
Field over the pixel labels, with an energy function promoting
connected regions sharing the same label. A graph cut
based optimization is employed to infer their values, and the
resulting fore/background labels used for seeding the next
iteration.

In the context of our pipeline, a bounding box is constructed
around every seed’s centroid. The height and width are chosen
to be max(210, 3 ∗ w) with w being width and height of
the initial bounding box. The reason for providing a minimal
bounding box size is that a fiber may be covered only by a
small seed initially. Afterwards, connected component analysis
was performed and only the component containing the initial
seed kept.

D. Candidate Selection

Candidate selection is necessary as the imaging artifacts
may lead to candidates that are implausible and should be re-
jected, as is done during manual quality control (see Figure 6).
These artifacts may lead to candidates that are either too small
(e.g. oversegmented fibers), too large (i.e. undersegmented
fibers) or otherwise implausible (i.e. segments generated in
out-of-focus areas containing image artifacts).

First, a size exclusion is performed to eliminate small
segments. Based on prior knowledge regarding the expected
size of produced fibers, only segments larger than 4000 px
were kept.

Next, Elliptic Fourier Descriptors (EFD) are utilized to
remove implausible candidates, e.g. candidates generated for
example in deformed image regions. EFD describe a closed
contour by means of a fourier series, and they are a commonly
applied shape descriptor [16]. EFD analysis yields fourier
coefficients of the corresponding fourier series. To remove
outliers, in a first step fourier coefficients are computed for
all candidate segments. Next, a Gaussian is fitted to all fourier
coefficients using the Minimum Covariance Determination, an
estimator robust to outliers [17]. Choosing a robust estimator
is crucial for properly estimating the Gaussian in contaminated
data, as is the case here. By computing the Mahalanobis
distance to the fitted distribution for every contour, an anomaly
score can be generated for every segment [18]. These scores
can then be thresholded to select only plausible segmentation
candidates.

The above procedure of using EFD-based candidate se-
lection only holds under the assumption that implausible
segmentations are outliers and not the norm.

IV. DATASET

Four different profiled fibers types are used for algorithm
evaluation to cover a broad variety of fiber geometries with
different complexity: Flat-shaped, trilobal, cross-shaped and
snowflake fibers. Figure 5 shows geometries that would be
considered perfect when encountered in samples. For each
fiber type, five images were captured using the acquisition
protocol outlined before under backlight illumination.

Fig. 5. Profiled fiber types used for algorithm evaluation. From left to right:
Flat-shaped, trilobal, cross-shaped, snowflake

In order to quantify segmentation performance of the devel-
oped approach, on average 43 fibers were segmented in each
captured image. During segmentation, the focus was put on
the representative sampling of fibers in all states. In total, the
dataset thus comprises four fibers types, 20 images and 860
manually annotated fibers.

V. RESULTS

In order to evaluated overall performance of the proposed
pipeline, it was applied to each image contained in the dataset
using varying parametrization. Here, distance thresholding for
seed generation was either 20% or 30% of the innermost
pixels. Further, for EFD based candidate selection, either no
unsupervised candidate selection was performed, or 50 and
75 percentiles of candidates were selected. Apart from the
two presented segmentation approaches, connected component
analysis of the preprocessed image was also performed with
a distance threshold of 10% to serve as a baseline.

The F1 score was employed subsequently to quantify the
accuracy of the generated segments and the merging proce-
dure. Scores were computed for every combination of man-
ual and automated segments. As not all fibers were labeled
inside each image, only segments that actually lie inside a
manually annotated fiber are considered during the follow-
ing quantitative evaluations. Further, only manually annotated
fibers actually detected by the pipeline were evaluated. Apart
from the F1 score, detection rate (i.e. fraction of manually
labeled fibers covered by at least one automatically generated
segment), oversegmentation rate (fraction of detected, man-
ually labeled fiber covered by more than one automatically
generated segment) and undersegmentation rate (fraction of
detected, manually annotated fibers covered by automatically
generated segments that themselves cover more than one
manually annotated fiber) are also evaluated (see Table I).

When assessing performance of the pipeline, it can be
seen that both grabcut and seeded watershed outperform the
connected component analysis baseline (see Table I). Fur-
ther, grabcut performs better than seeded watershed, achiev-
ing higher median and average F1 scores (0.900 and 0.826
vs. 882 and 0.792 respectively for 20% distance thresh-
old). Also, using smaller distance-threshold value yields
higher detection rates, F1 scores and lower oversegmenta-
tion/undersegmentation rates. Additionally, it can be seen that



TABLE I
PERFORMANCE OF THE PIPELINE UNDER DIFFERENT CONFIGURATIONS.
EVERY ROW DENOTES DIFFERENT CONFIGURATION, AND THE HIGHEST
VALUE IS BOLDFACED FOR MED F1, AVG F1 AND FOUND, INDICATING
BEST PERFORMANCE. FOR CATEGORIES OVERSEGMENTED (OVERSEG)

AND UNDERSEGMENTED (UNDERSEG), LOWER VALUE DENOTES BETTER
AND THE LOWEST VALUE IS BOLDFACED. CC XX/GC XX/WS XX STAND
FOR CONNECTED COMPONENTS, GRABCUT AND WATERSHED USING XX
THRESHOLD FOR SEED GENERATION RESPECTIVELY. EFD XX DENOTES

CANDIDATE SELECTION USING EFDS AND XX PERCENTILE.

found overseg underseg med F1 avg F1

cc 0.842 0.005 0.000 0.832 0.786
gc 20 0.879 0.078 0.004 0.900 0.826
gc 20 EFD 50 0.387 0.012 0.000 0.935 0.891
gc 20 EFD 75 0.527 0.028 0.000 0.928 0.870
gc 30 0.682 0.076 0.006 0.892 0.810
gc 30 EFD 50 0.301 0.011 0.000 0.926 0.860
gc 30 EFD 75 0.406 0.018 0.000 0.923 0.858
ws 20 0.934 0.069 0.015 0.882 0.792
ws 20 EFD 50 0.206 0.004 0.000 0.890 0.808
ws 20 EFD 75 0.322 0.009 0.000 0.890 0.814
ws 30 0.888 0.111 0.027 0.863 0.770
ws 30 EFD 50 0.258 0.007 0.000 0.884 0.811
ws 30 EFD 75 0.358 0.020 0.002 0.884 0.795

candidate selection by means of EFD and unsupervised can-
didate selection increases F1 scores of detected fibers, simul-
taneously reducing oversegmentation and undersegmentation
rates. For grabcut and 20% distance threshold for example,
the average F1 score increases from 0.826 to 0.891, the
oversegmentation rate is reduced from 7.8% to 1.2% and the
undersegmentation rate is reduced from 0.4% to 0.0% for the
50th percentile of candidates. However, it can be seen that with
decreasing selection rate of the EFD (i.e. lowering percentiles),
the detection rate is also reduced. This effect is stronger for
watershed compared to grabcut (from 0.934 to 0.322 vs. 0.879
to 0.527 for 50th percentile of candidates and 20% distance-
threshold for seeds). These effects are qualitatively shown in
Figure 6.

We also evaluate the performance of the pipeline on the
individual fiber types. Therefore, we apply the overall best
performing setting based on F1 scores, gc 20 EFD 50, to the
four fiber types (see Figure 7).

When assessing individual fiber level performance, median
F1 scores of 0.910, 0.933, 0.890, 0.953 and mean F1 scores of
0.892, 0.911, 0.841 and 0.926 were achieved respectively for
cross-shaped, flat-shaped, snowflake and trilobal fiber type.
Outliers with low F1 scores also indicate a small potential
for further improving the specificity of candidate selection
process. Overall, it can be seen that the pipeline with the
chosen settings works well and consistent across all fiber types.

VI. DISCUSSION

Automated instance segmentation of profiled fibers in cross-
sectional micrographs was demonstrated to be feasible using
the developed pipeline. Comparing the two presented segmen-
tation methods, the grabcut-based approach was shown to have
better segmentation performance compared to watershed-based
approaches, having higher average and median F1 scores.

(a) image (b) segmentations before EFD

(c) segments for 75 percentile EFD (d) segments for 50 percentile EFD

(e) manual annotation

Fig. 6. Representative image of unsupervised candidate selection performance
for trilobal fiber type.

While high detection rates are initially achieved for both meth-
ods, candidate selection was necessary to remove implausible
candidates generated by the pipeline in regions covered by
image artifacts, as well as over/undersegmented fibers (see
Figure 6 a, b). Therefore, an unsupervised candidate selection
algorithm based on EFD’s was developed. This algorithm was
shown to be successful in removing implausible candidates,
rendering the segmentation results fit for automated down-
stream analysis by means of shape factors.

While candidate selection was shown to be effective in
removing implausible candidates, viable candidates were also
removed as a byproduct (see Figure 6 b, c, d and Table I).
Therefore, we plan on integrating process knowledge about
desired fiber morphology into the candidate selection process,
further increasing both sensitivity and specificity of the candi-
date selection step. This could be realized by extracting shape
features such as EFD from expected target geometries, and
using these as a basis for comparison of generated candidates.
However, for process/spinneret development the expected tar-
get geometry is unknown, making such an approach infeasible.
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Fig. 7. Box-whisker plot of fiber level performance for the proposed pipeline.

VII. CONCLUSION

We presented and evaluated a pipeline for automated in-
stance segmentation of profiled fibers in cross-sectional micro-
graphs. The pipeline consists of four consecutively performed
steps, i.e. preprocessing, seed generation, segmentation and
candidate selection. The pipeline was subsequently evaluated
on an image dataset spanning four different geometry types,
20 images and 860 manually annotated fibers in different
configurations. In the best configuration, median and average
F1 scores of 0.935 and 0.891 could be achieved over all
fiber types, making the results fit for automated downstream
analysis by means of shape factors. In future work, we aim
to include additional fiber geometries in our evaluation with
even more complexity. We further aim to increase the effec-
tiveness of the crucial candidate selection step by incorporating
knowledge about the expected fiber geometries. We expect our
work to facilitate the economically viable quantitative quality
control of profiled fibers by means of automated shape factor
analysis.
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