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Abstract
We present methods for the geometric characterization of hierarchical 3D microstructures of continuously carbon fiber reinforced
composites made from stacked woven textile preforms, using X-ray CT and statistical image analysis. As the representative
volume of these composites is rather large (in-plane side length > 20 mm) and, simultaneously, contains very small details (<
10 µm), we propose to divide the characterization procedure into three steps, considering (1) single rovings, (2) single weave
layers, and (3) full laminates. In this paper, we focus on the geometry of single rovings and a single weave layer. Special
emphasis is put on deviations from idealized shapes, including deformation of the commonly assumed elliptical cross section
of single rovings, which results from the interaction between the undulating orthogonal rovings. We show that roving cross
sections exhibit periodic changes in shape corresponding to their position in the weave structure. Using a mathematical modeling
approach, we quantify the variability between rovings.

Keywords: X-ray phase contrast computed tomography, instance segmentation, U-net, carbon fiber reinforced composite,
statistical image analysis, weave structure

1 Introduction
Carbon fiber reinforced polymers (CFRPs) provide exceptional mechanical properties by combining specifically arranged strong
and stiff fibers or woven structures thereof with a ductile polymer matrix. The mechanical performance of CFRPs is largely
governed by the underlying fiber architecture, which follows a hierarchical organization from individual fibers to rovings, textile
layers, and laminate. This microstructure, as designed for the specific application, together with random variations therein,
determines the resulting mechanical behavior of the final composite, as well as the processing properties during its manufacturing.
As an example, the permeability of the semi finished textile controls the resin flow during the liquid molding processes through
the textiles pore structure, comprising microscale pores between individual fibers and mesoscale pores between adjacent rovings
[1]. To better understand the influence of the fiber structure on both mechanical and processing properties, data-driven in-
silico methods provide benefits over expensive experimental setups. However, these methods rely on the availability of realistic
digital models of the 3D microstructure of CFRPs, which in turn require detailed 3D characterization – typically based on X-ray
computed tomography (CT).
Despite many advances in data acquisition, e.g. µ-CT [2], phase-contrast [3–5] or dark-field imaging [5–7], and also data analysis
[8–11], quantitative 3D microstructure evaluation is still a challenge for highly inhomogeneous fiber reinforced polymer com-
posites, especially for composites with carbon fibers [12]. Large-field-of-view data sets with single-fiber resolution are needed
to produce realistic representative volume elements, including sufficient statistical variation, resulting in repeated scanning with
long acquisition times [13]. In addition to being expensive in costs and time, it puts high demands on the stability of the exper-
imental setup and on the radiation resistance of the investigated sample. Therefore, for the development of data-driven in-silico
methods, parametrized stochastic 3D models of the microstructure are a viable alternative, providing the geometry input for
spatially resolved numerical modeling and simulation of processing and material properties [14].
To obtain a realistic stochastic 3D microstructure model of a woven textile structure, a prior detailed analysis of the microstructure
is essential, with particular emphasis on the deviation from the ideal shape of the intended fiber architecture. This is important
because idealized geometry models have been shown to overestimate stiffness and strength due to their neglect of irregularities
in roving trajectories [15]. Additionally, the divergence of cross sections of the fiber bundles from assumed perfect shapes
is of interest [16]. To analyze these variations from an idealized geometry, accurate instance-wise segmentation is required.
Initially, a phase-wise segmentation of warp, weft and matrix can be performed, employing structural tensor techniques or deep
learning approaches such as U-nets [8, 10]. Identification and separation of individual rovings remain challenging due to frequent
contact and overlapping areas. Thus, some post-processing is necessary to obtain an instance-wise segmentation. For example, a
watershed algorithm can be combined with estimated roving trajectories [17].
Based on instance-wise segmentation, the roving trajectories and cross sections can be analyzed. For textile modeling, commonly
considered parameters include the weave pattern, roving spacing, and a simplified description of the shape of the rovings cross
sections. Typically, roving cross sections are assumed to be ellipses, power ellipses, or lenticular shapes [16, 18–20]. However,
these shapes do not accurately describe asymmetric cross sections, which is why independent variables are introduced for the
height of the upper and lower half of the cross section. Then, appropriate transition functions allow for smooth transitions



between symmetric and asymmetric cross sections; see [21]. Some modeling tools provide additional functionalities, for example,
simulating roving widening in crossover points [22], accounting for cross section deformations based on the roving-surface
intersections [23, 24] or allowing user-specified changes of different roving segments [22–24]. These developments emphasize
the need for a thorough understanding of the trajectories and cross sectional shapes of the rovings. In particular, cross sections
should not be assumed to be constant, but instead vary along each roving [21, 25]. To quantify these variations, we developed a
method for analyzing various aspects of cross sectional shapes. For this, we individually analyze the cross sections of each roving
at a large number of discrete positions along the roving. Then we compute the descriptors of size, asymmetry, and orientation of
each cross section. Tracking these parameters along each roving reveals quantifiable periodic patterns.
In the present paper, we apply this method to a single layer of textile preform with continuously woven carbon fibers. The
analysis of a single layer isolates the intrinsic geometric variability of individual rovings from distortions from inter-layer nesting
or compaction present in multilayer laminates. In addition to analyzing the shapes of the rovings as described above, we analyze
the variability in the weave pattern in terms of roving distance and orientation. Finally, we discuss possible causes, implications,
and relevance for textile models of the measured variability in CFRPs on different scales.

2 Methods
For the analysis of variability in the weave structure and roving cross sections, a single layer of textile preform embedded in
an epoxy matrix was considered. The sample was imaged via phase-contrast X-ray µ-CT, and the resulting data was segmented
using a 2.5D U-net.

2.1 Specimens
A single-ply laminate, consisting of a 2/2 twill G-weave (5 yarns/cm in both warp and weft; each yarn comprising 3000 carbon
fibers of 7 µm diameter) embedded in epoxy resin was analyzed. Warp and weft define the main fiber directions in the laminate.
Warp yarns run along the fabric and are pre-tensioned during weaving, whereas weft yarns run orthogonally to the warp yarns.
The specimen of size 27× 27× 2 mm3 was prepared by punching out a fabric section and embedding it in resin with minimal
residual stress to preserve the original microstructure. Embedding also prevented the release of electrically conductive carbon
fibers during scanning. A photograph of the embedded specimen is shown in Figure 1.

Figure 1: Embedded cutout of a 2/2 twill G-weave; the arrow indicates the 0° warp direction.

2.2 Data acquisition
X-ray CT scanning was performed with a Zeiss Versa 520 in phase-contrast configuration and a voxel size of 7.0 µm (see
Figure 2). Using a detector with 2024×2024 pixels, 2001 projections were recorded. This resulted in a field of view (FOV)
of 14.168×14.168×14.007 mm3. The accelerating voltage was 80 kV and the electrical power was 7 W. The projections were
acquired with an exposure time of 4.5 s per projection, at which the average intensity of the first projection was approximately
5000, resulting in a total scanning time of approximately 150 minutes. Note that the specimens were oriented so that both warp
and weft were positioned at a 45° angle relative to the rotation axis. This avoided the issue of 0° and 90° fibers attenuating X-rays
differently, thereby providing adequate contrast.

2.3 Preprocessing and segmentation of image data
The measured 3D image data was preprocessed to enable quantitative analysis of the weave structure and rovings. Therefore,
intensity normalization was performed on the gray value histogram to improve contrast and suppress outliers. More precisely,
the gray values of the voxels were linearly scaled and clamped between the 5%- and 95%-percentiles. The image was then
segmented into three phases, i.e., matrix, warp and weft, using a 2.5D U-net with depth 5, patch size 64× 64× 3 and an initial
filter count of 64 as implemented in Dragonfly software [26]. Therefore, slicing was performed in the through-plane direction to
facilitate differentiation between the roving orientations. Note that, hand labeling of only two slices was sufficient to generate the
ground-truth data for the neural network training. To improve phase-wise segmentation, holes were filled within the segmented
masks.
Formally, the resulting phase-wise segmentation can be defined by the mapping IP : W → {0,1,2}, where W ⊂ Z3 denotes the



Figure 2: From textile preform (left), to X-ray CT scan (center) and digital 3D representation(right).

sampling window with Z= {. . . ,−1,0,1, . . .}, and

IP(v) =


1, if v belongs to weft,
2, if v belongs to warp,
0, else,

for each v ∈W . To analyze individual rovings, an instance segmentation into n rovings R1, . . . ,Rn ⊂W was computed for some
n ∈ N= {1,2, . . .}, which is formally given by the mapping IR : W →{0,1, . . . ,n}, where

IR(v) =

{
i, if v belongs to Ri,

0, else,

for each v ∈ W . To obtain the instance segmentation, a morphological erosion with radius r = 5.0 was applied followed by a
dilation with radius r = 4.9 [27]. The connected components of the resulting image constitute the desired instance segmentation.
In addition, a slight curvature was detected in the data, which justified another post-processing step to correct it. Therefore, the
center of gravity, i.e., the center point of the laminate in through-plane direction, was determined at each in-plane position where
at least one voxel across all slices is assigned to a roving. A cubic polynomial then was fitted using the least squares method,
shifting all centers of gravity to the 0 line in through-plane direction. Using this cubic polynomial, the through-plane position
of the whole 3D image is corrected at each in-plane position, so that the curvature, remaining from sample preparation, then is
eliminated.

2.4 Statistical image analysis
Geometrical descriptors for cross sections. The geometry of each roving is essentially defined by its trajectory and its cross
sections. As cross sections vary along the trajectory of a roving, a detailed analysis and description of cross sections at a
sufficiently large number of positions is an important part of understanding the geometry of the roving [18, 28]. Based on the
previously obtained instance segmentation, the cross sections of each roving were computed and statistically analyzed. The cross
sections of an exemplarily selected roving at different longitudinal positions along the roving (denoted as y-positions) are shown
in Figure 3. Note that, as expected, the cross sections differ for each of these positions. In the following, we introduce various
geometrical descriptors to quantify these variations. For each i ∈ {1, . . .n}, we denote the cross section of the roving Ri at the
j-th y-position by Ci, j ⊂ Ri, where j ∈ {1, . . . ,mi}, and mi ∈N denotes the number of y-positions considered for Ri. Note that for
cross sectional descriptors a local coordinate system is considered where y points along the length of the roving, z is the global
through-plane direction and x is orthogonal to both; see Figure 3.
To more precisely specify the position of the cross section Ci, j, its centroid c(Ci, j) = (xi, j,yi, j,zi, j) ∈ Ci, j is determined. The
sequence c(Ci,1), . . .c(Ci,mi) of the cross section centroids may be considered as the centerline of the roving Ri, thus representing
its undulation and trajectories within the weave structure. In particular, the z-coordinates of the centroids change when the roving
passes underneath or over an orthogonal roving.
In addition to its position, the size of Ci, j is characterized by its area a(Ci, j), which is computed using the point-count method [29].
As basic descriptors of the cross sectional shape, the orientation and length of its major and minor axes are determined, where
the minor and major axes are computed by fitting a moment-equivalent ellipse to Ci, j, denoting their lengths by l1(Ci, j) and
l2(Ci, j), respectively. The orientation o(Ci, j) ∈ [−90◦,90◦) of Ci, j is given by the angle between the major axis and the z-axis of
the coordinate system of Ci, j. More details on the computation of the moment-equivalent ellipse can be found in [30].
For a precise characterization of the shape, various idealized cross sectional shapes, such as ellipses, power ellipses, and lenticular
shapes, are commonly assumed [18–20, 31, 32]. However, as visualized in Figure 3, the cross sections can exhibit an asymmetric



Figure 3: Cross sections along the roving shown at different y-positions.

and more complex shape where one side is relatively flat. In this paper, skewness is used to quantify this behavior. Therefore,
the vertical distribution of the number of voxels per row within Ci, j is considered. For this, Ci, j is first aligned horizontally
using o(Ci, j). Then, the number of voxels in each row along the z-direction is determined. The k-the row is denoted by rk
(k ∈ {1, . . . ,Ni, j}), where the number of rows that contain voxels belonging to Ci, j is denoted by Ni, j. For rk, the computed
normalized number of voxels pk(Ci, j) is obtained by dividing the number of voxels in the row by the number of voxels belonging
to Ci, j. Thus, the family {pk(Ci, j)}

Ni, j
k=1 defines a discrete, one-dimensional probability distribution of the number of voxels per

row along the z-direction. The mean position in the z-direction is then given by µi, j = ∑
Ni, j
k=1 rk(Ci, j)pk(Ci, j). To quantify the

asymmetry of Ci, j in the z-direction, the skewness is defined as

γ(Ci, j) =
∑

Ni, j
k=1(rk(Ci, j)−µi, j)

3

∑
Ni, j
k=1(rk(Ci, j)−µi, j)2

.

For a perfect elliptical cross section Ci, j, i.e., a symmetric distribution of the normalized number of voxels pk(Ci, j), the skewness
γ(Ci, j) is 0. Thus, the skewness of this distribution indicates how strongly and in which direction the cross section of the roving
deviates from a symmetric shape. For negative skewness, i.e., γ(Ci, j)< 0, the roving cross section is flatter at the bottom, while
positive skewness, i.e., γ(Ci, j)> 0, indicates that it is flatter at the top.

Descriptor evolution along rovings. The shape of the cross sections of the rovings changes along its length [25, 33, 34], see
Figure 3. As will be shown in Section 3.2, the z-position zi, j of the centroid c(Ci, j), the skewness γ(Ci, j), and the orientation
o(Ci, j) of the cross sections of Ri exhibit periodic patterns along the y-positions. We will model these patterns using sinusoidal
curves g : R→ R, given by

g(y) = Asin(2π f y+φ)+C, (1)

for y ∈R, where A, f ,φ ,C ∈R denote the amplitude, frequency, phase shift, and offset of the sinusoidal curve. These parameters
have to be calibrated for each roving Ri, (i = 1, . . . ,n) and each considered descriptor d, where d represents the z-position,
the skewness or the orientation of the cross section of a roving. For this purpose, we minimized the mean squared error
(MSE) between g(yi, j) and the corresponding descriptor value di, j at position yi, j ( j = 1, . . . ,mi). More precisely, the values
(Ai,d , fi,d ,φi,d ,Ci,d) ∈ R4 were determined by

(Ai,d , fi,d ,φi,d ,Ci,d) = argmin
(Ai,d , fi,d ,φi,d ,Ci,d)∈R4

1
mi

∑
(yi, j ,di, j)∈M

(g(yi, j)−di, j)
2, (2)

where M = (yi, j,di, j) is a set of pairs consisting of the position along the roving yi, j, ( j ∈ {1, . . . ,mi}) and the corresponding
descriptor value di, j ∈ R. The computation of the parameters was performed using curvefit of the python package scikit-learn
[35].

Analysis of the weave structure. In addition to individual rovings, the weave structure was analyzed. For this analysis, we
ignored the extent of the weave in the z-direction and focussed on the in-plane geometry. Thus, for each roving Ri (i∈ {1, . . . ,n}),
we computed its 2D projection Ii : W →{1,0} given by

Ii(x,y) =

{
1, if at least one voxel at position(x,y,z) for some through-plane coordinate belongs to Ri

0, else.

Then, Ii was used to extract the width and approximate centerline of the roving projection, by determining the boundaries of Ri
within the observation window W . Since rovings typically do not end within W only two boundaries should be present. To ensure
this, boundaries shorter than 2.1 mm (300 voxels) were considered as artifacts and were removed. The two remaining boundaries,



which are roughly parallel, then were used to determine the orientation and position of the roving projection by averaging the
orientations of both boundaries and computing their centroid.
Note that the resulting representation of each roving as a straight line in 2D, as shown in Figure 9a, is robust with respect to
possible measurement artifacts. From this representation, we computed the intersection points of each pair of rovings.

3 Results
3.1 Image segmentation
Using the procedure stated in Section 2.3, an instance segmentation of individual rovings was computed, where the results are
shown in Figure 4. More precisely, in Figure 4a, an in-plane slice of the CT-image is shown with normalized gray values, while
Figure 4b shows the corresponding result of the 2.5D U-net segmentation. These results indicate a good distinction between the
three phases, i.e., warp (orange), weft (blue), and matrix. Based on phase-wise segmentation, individual rovings were identified
using a morphological erosion followed by a morphological dilation; see Section 2.3. An instance segmentation of the in-plane
section is visualized in Figure 4c, while a 3D rendering of the instance segmentation is shown in Figure 4d. In total, 15 objects
were obtained from which 13 rovings were identified in the image after ignoring very small objects with fewer than 100.000
voxels. For the remainder of the manuscript, the numbering of the rovings in Figure 4d is used to distinguish between rovings.
In a last post-processing step, the curvature was corrected as discussed in Section 2.3.

Figure 4: (a) in-plane section of a single layer (X-ray CT data), (b) phase-wise segmented in-plane section, (c) instance-wise
segmented in-plane section, (d) instance-wise segmented single layer.

3.2 Cross section analysis along rovings
Based on the instance segmentation, the cross sections of each roving can be extracted. As shown in Figure 3 the cross sections
vary along the length of the roving. These variations can be quantified by computing the geometrical descriptors introduced in
Section 2.4 as functions of the y-position, i.e., the position along the roving. For consistency across rovings, we defined the zero
coordinate of the y-position in the weft direction by the centerline of roving 4, while in the warp direction it is defined by the
centerline of roving 11 (see the black lines in Figure 4c). This corresponds roughly to the center of the specimen in Section 2.1.
Figures 5 and 6 visualize the discussed descriptors for two exemplary rovings. Figure 5 shows the results for roving (10),
orientated in warp direction, while Figure 6 presents roving (5), orientated in weft direction. The vertical bars mark the regions
where the analyzed roving crosses other orthogonal rovings. More precisely, the intersection points are computed, and then a
Gaussian filter [36] with σ = 20 is used to dilate these points. Note that, due to the periodic nature of the weave structure, the
positions of orthogonal rovings are approximately evenly spaced.
In Figures 5a and 6a, the area of the cross sections along the roving is shown. In both cases, the area is between 0.18 mm2 and
0.26 mm2. Panels b and c show the lengths of the minor and major axes. Of these three descriptors, only the length of the minor
axis exhibits a recognizable roughly periodic pattern for both rovings, while the cross sectional area exhibits a similar trend only
for roving 5. The observed periodicity corresponds to intersections with orthogonal rovings, with maxima where the considered
roving lies flat above or below orthogonal rovings and minima where it passes between orthogonal rovings.
Figures 5d and 6d show the z-position of the rovings, where positive and negative values imply that the considered roving is
located above or below the orthogonal rovings, respectively. Together with the positions of the orthogonal rovings, as denoted
by the vertical bars, the z-positions are characteristic for the considered 2/2 twill weave.
Similarly to the z-positions, the skewness and orientation as shown in Figures 5e,f, and 6e,f exhibit obvious periodic patterns.
For both rovings considered, the skewness lies between −0.2 and 0.2. A negative skewness indicates that the roving is flatter at
the bottom, while a positive skewness indicates that it is flatter at the top. Combining this information with the z-position, we
can see that a positive skewness is observed if the roving is above the orthogonal rovings and a negative skewness is observed if
it is under the orthogonal rovings. Moreover, the skewness is roughly 0, when passing between orthogonal rovings.
A correlation can also be observed for the orientation and the z-position. An orientation of 0◦ indicates that the roving is aligned
parallel to the 2D plane. An orientation of o(Ci, j) = 0 occurs if the roving lies above or below two orthogonal rovings; see
Figures 5f and 6f.
The three descriptors z-position, skewness, and orientation exhibit a sinusoidal progression with similar wavelengths. Thus,
we fitted sinusoidal curves to each of these descriptors as explained in Section 2.4. Recall the common definition of the zero
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Figure 5: z-position (left), skewness (middle) and orientation (right) of the cross section of a selected roving (10) at different
longitudinal positions (y) with fitted sinus function. Vertical blue bars mark regions where the roving crosses other rovings,
clearly showing the 2/2 twill weave.
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Figure 6: z-position (left), skewness (middle) and orientation (right) of the cross section of a selected roving (5) at different
longitudinal positions (y) with fitted sinus function. Vertical orange bars mark regions where the roving crosses other rovings,
clearly showing the 2/2 twill weave.

coordinate of the y-position which is used to define the phase of the curves. Note that we only consider rovings with a length of
at least 3.5 mm to ensure that the sinusoidal curve is recognizable. The resulting parameters of the sinusoidal curve of Eq. (1) are
given in Table 1. In the following, we consider the wavelength ω = 2π/ f for better interpretability.

Table 1: Estimated sinusoidal parameters (wavelength ω = 2π/ f ) for each roving and each geometrical descriptors z-position,
skewness, and orientation. Colors indicate the roving direction: blue for weft and orange for warp. (par. = parameter).

descriptor par. R2 R3 R4 R5 R6 R7 R9 R10 R11 R12 R13

z-position
A 0.16 0.10 0.13 0.13 0.13 0.16 0.11 0.12 0.16 0.11 0.13

ω [mm] 8.53 7.92 8.43 9.03 8.58 10.55 7.85 8.35 8.90 8.15 11.55
Φ [mm] 0.90 5.61 3.86 2.29 0.59 5.27 5.60 3.66 2.48 0.85 5.30

C −0.02 0.03 0.01 −0.02 −0.01 0.05 0.00 0.01 0.01 0.01 0.01

skewness
A 0.18 0.15 0.16 0.15 0.11 0.24 0.19 0.17 0.25 0.29 0.19

ω [mm] 6.20 8.49 7.67 7.07 6.62 9.73 8.09 7.48 8.06 7.75 14.78
Φ [mm] 4.04 2.16 0.92 5.64 4.06 3.31 2.38 0.65 5.69 3.84 3.17

C −0.05 −0.02 −0.02 −0.02 0.05 0.00 0.00 −0.03 −0.01 −0.03 −0.04

orientation
A 132.96 2.22 3.69 2.87 2.47 7.19 3.41 2.95 3.40 3.06 9410.31

ω [mm] 65.03 8.08 9.25 7.84 6.18 8.67 8.25 7.54 8.18 7.48 482.19
Φ [mm] 1.71 0.90 5.33 4.00 2.91 1.53 4.07 2.32 0.84 5.99 4.71

C −126.15 0.78 −0.45 −0.74 0.63 −1.94 0.02 −0.20 0.04 0.56 9408.49

Considering the cross sectional orientation, the wavelengths of the rovings R2 and R13 are 65.03 and 482.19, respectively.
However, in all other cases the wavelength is between 6.18 and 14.78. Thus, the wavelengths of 65.03 and 482.19 appear to be



outliers, caused by the relatively short portions of the rovings R2 and R13 captured in the scan. In addition, for all other rovings,
the wavelength deviation for the three descriptors is at most 2.4. Thus, it can be observed that the sinusoidal curves of the three
descriptors have similar wavelengths for the most descriptors.
To further analyze the relation between the z-position, the skewness, and the orientation, the phase difference is calculated for all
of them in degree by

∆Φ
i
d1,d2

= min{|Φi
d1
−Φ

i
d2
|,2π −|Φi

d1
−Φ

i
d2
|} · 180

π
, (3)

where d1,d2 ∈ {z-position,skewness,orientation} and i ∈ {2,3,4,5,6,7,9,10,11,12,13}. The phase of the descriptors d1,d2 of
the i-th roving is denoted by Φi

d1
and Φi

d2
, respectively. For example, a phase difference of 180◦ means that the sinusoidal curve

of d1 has a minimum when the sinusoidal curve of d2 has a maximum. The results are shown in Figure 7.

0

50

100

150

200

ph
as

e 
di

ffe
re

nc
e 

 [°
]

Roving 2

Roving 3

Roving 4

Roving 5

Roving 6

Roving 7

Roving 9

Roving 10

Roving 11

Roving 12

Roving 13

180°
90°

(z-position, skewness)
(z-position, orientation)
(skewness, orientation)

Figure 7: Phase difference of z-position, skewness and orientation for warp rovings (orange) and weft rovings (blue).

The skewness tends to be phase shifted by 180◦ compared to the z-position. More precisely, the phase shift is between 160◦ and
180◦ for all rovings except for R7 and R13. The phase difference between orientation and z-position is between 75◦ and 105◦ for
R3,R4,R5,R9,R10 and R11. Recall that the sinusoidal fits for the cross sectional orientation of R2 and R13 seem to be outliers.
In addition, the error between the true descriptor values and the corresponding values predicted by fitting the sinusoidal curve
is shown in Figure 8. In general, no significant differences are observed between the two directions, with small errors for all
three descriptors. As can be seen in Figures 5d,f and 6d,f, errors in orientation and z-position occur mainly near the edge of the
sample. Since skewness involves more fluctuations along the entire roving, errors are evenly distributed across the entire roving.

Figure 8: Histograms of the errors between the true descriptor values and the corresponding values predicted by the fitted
sinusoidal curve, shown for all rovings in both directions. Left: z-position, middle: skewness, right: orientation.

3.3 Analysis of the weave structure
To analyze the weave structure, the centerlines of the rovings were used, see Section 2.4. Based on these centerlines, the
intersection points are determined. The resulting grid of the centerlines with the corresponding roving orientations is shown in
Figure 9a.
It is noticeable that there is an outlier in the warp direction with respect to the orientation at the edge with 55.8◦, while the other
values lie between 59.7◦ and 59.9◦. A greater variability in terms of orientation can be observed for the weft direction. Here, the
values are distributed between −32.2◦ and −34.4◦. In addition, the distances between two intersection points along the rovings
in different directions are analyzed and shown in Figure 9b. Due to the variations in roving orientation, some variations in the
distance between the intersection points are expected. More precisely, the standard deviations are 0.18mm and 0.14mm for the
weft and warp directions, while the mean is 2.02mm for both directions. Thus, some irregularities can be observed, especially
in the weft direction.
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Figure 9: Centerlines of the rovings with corresponding orientation (a) and histograms of the relative frequency of the distances
between two intersection points in warp (orange) and weft (blue).

4 Discussion
In order to better evaluate the results, it is necessary to consider how and to what extent the individual geometric descriptors
are influenced by segmentation and post-processing. For example, the quality of the instance segmentation directly influences
the analysis of the rovings and the weave structure. Recall that in a first step, a phase-wise segmentation based on U-net was
performed, providing good results which lead to a reasonable division into warp, weft and matrix, see Figure 4. Afterward, a
morphological erosion with radius r = 5.0 followed by a dilation with r = 4.9 is performed to obtain the instance segmentation.
Due to the chosen radii, boundary effects are possible. More precisely, there may be some small loss at the edges of the rovings,
as can be seen in Figure 4c. However, using a smaller radius or the same radius for the morphological erosion and subsequent
dilation does not lead to a complete separation of all rovings. Although some boundary effects may still occur, the overall
segmentation results remain satisfactory. Furthermore, it should be taken into account that the z-position, the skewness, and the
orientation are relatively stable against small segmentation errors, while the area and the length of the minor and major axes are
more sensitive. Moreover, the analysis of the weave structure is stable with respect to some boundary effects of the segmentation.
In addition, a slight curvature caused by sample preparation was observed for the specimen. This would have an influence on the
geometrical descriptors, especially on the orientation of the cross sections. Therefore, it was corrected on the basis of a cubic
polynomial, which corrects the systematic error. Although this correction is applied only in the through-plane direction, the
resulting structural distortion is minimal and negligible due to the absence of strong curvature.
The scanned rovings showed some limited splaying at a few roving ends, which is consistent with edge effects typically intro-
duced at the physical boundaries of punched specimens where the weave pattern becomes disrupted. In fact, the scanned region
originated from the central part of the specimen. Figure 1 confirms this, revealing approximately 11 rovings in each direction
and placing the expected geometric center of the sample in the vicinity of rovings 3, 4, 11, and 12. However, it should be noted
that the specimen consists of a single fabric layer and is inherently flexible before embedding (e.g., drapability during handling
or processing), which can lead to slight geometric changes. Such deformation effects cannot be entirely excluded, even under
careful handling. Taking all these aspects into account, it nevertheless becomes clear that the cross sections significantly vary
along rovings. This can be seen for all geometric descriptors. Especially in Figure 6 a, b, d, and e a periodic variation and
inter-connectivity of the area, length minor axis, z-position, skewness and orientation can be observed. The periodic variation
is less pronounced for the area and length of the minor axis; see Figure 5. Nevertheless, there appears to be a correlation such
that the area and length of the minor axis have a lower value when the roving runs through two orthogonal rovings compared
to when it lies on or below two orthogonal rovings. Since the number of fibers within a roving is constant, the fiber volume
content along the roving can be determined directly through the area. For roving 10 and 5 in Figure 5 and Figure 6, the fiber
volume content varies from 44% to 52% and 47% to 53%, respectively. This difference in the intra-tow fiber volume leads to
differences in the pore space on the microscale, which would then influence the impregnation of the tow fibers or may affect
microscale damage mechanisms. While this consideration assumes that the fiber structure was present prior to impregnation
and acknowledges possible tow rearrangement during resin flow, the observed differences may still offer valuable insights into
processing-related phenomena.
The periodic changes were most pronounced for z-position, skewness, and orientation. Thus, a sinusoidal curve was fitted to
further analyze these periodic changes. The use of periodic functions to describe the geometric oscillation in woven textiles is
fundamentally justified, as the architecture of woven structures is inherently periodic. In the case of a 2/2 twill weave, where each
roving undergoes an equal number of over- and under-crossings, a sinusoidal function represents a reasonable and mathematically
well-behaved approximation of the roving trajectory; see Figure 8. In addition, the approximation of the skewness and orientation
of the roving cross section leads to minor errors. However, there are two outliers in the sinusoidal curve fit, i.e., for the orientation
of R2 and R13, which leads to an unrealistic progression if one considers the subsequent course of the sinus. Only small portions of
these two rovings are captured in the image data. Thus, a larger image section would probably lead to a more realistic sinusoidal
curve.
Still, the remaining sinusoidal curve fits can be used to further analyze the relation between the geometrical descriptors based on



the phase shifts. Skewness is usually phase shifted by 180◦. Thus, the cross section is flatter at the bottom when the roving lies
above two orthogonal rovings and flatter at the top when the roving lies below two orthogonal rovings. The most likely reason
for this is that normal contact stresses at the crossing result in a rearrangement of the fibers within the roving, leading to local
compaction and flattening on the contacting side before the infusion of epoxy resin. This effect is further enhanced by the tension
during weaving or placement, which increases the normal stress and limits the roving’s ability to return to its original shape.
Although this phenomenon has been reported frequently in the literature; see [21, 37], it is rarely incorporated into stochastic
models. Skewness provides a way to quantify this effect and thereby facilitates its integration into a stochastic model. In addition,
the cross sectional orientation is usually phase shifted by 90◦. Thus, the cross section is aligned horizontally when the roving lies
below or over two orthogonal rovings.
It is important to emphasize that skewness and cross sectional orientation do not merely describe the shape of the rovings but
may directly influence the actual fiber trajectories inside the rovings. The regions analyzed correspond to the interior of the fiber
bundles, i.e., the domains in which the carbon fiber filaments reside. A periodic rotation of the cross section may indicate that
the fibers inside the roving experience a slight lateral redistribution, which means that their local alignment could deviate from
the nominal roving path.
In addition, the weave structure is analyzed. As can be seen in Figure 9, some irregularities can be observed in the roving
trajectories. The roving orientation is relatively stable for the rovings in the weft direction. Some larger variations can be observed
in the warp direction. The observed irregularities could be induced by the weaving process: During the fabric production, the
warp rovings are moved up and down to the shed through which the weft rovings are guided. This repeated motion may subject
the warp system to mechanical loading different from that of the weft rovings, which could contribute to slight differences in the
resulting roving geometries between both directions.
In general, some irregularities can be observed in the laminate based on geometrical descriptors. These irregularities influence the
mechanical properties of the material [15, 16]. Thus, a stochastic microstructure model should be able to display such variations.
The observed periodic variation can be used to model the roving cross sections. Although the purely sinusoidal representation
worked well for the presented 2/2 twill case, it should be noted that this may not necessarily hold for weave patterns with more
transitions or for satin weaves, where the roving path can deviate more strongly from a simple first-harmonic shape. However, the
approach could be extended by incorporating additional harmonics through a Fourier series. This would allow sharper transitions
and asymmetric features—such as local flattening or non-ideal roving bending—to be represented more accurately.

5 Conclusions
In this work, the µ-CT image of a single layer CFRP laminate, consisting of a 2/2 twill, was analyzed. Therefore, an instance
segmentation was performed using a 2.5D U-net with subsequent morphological erosion and dilation. Then, various geometric
descriptors, i.e., length of minor and major axes, z-position, skewness, and orientation, were computed for the roving cross
sections. For z-position, skewness and orientation a periodic progression was observed along the rovings, which can be modeled
by sinusoidal curves.The descriptors considered examine the variations in the cross-section along the rovings very precisely.
This enables very realistic stochastic structural modeling of the cross-section along the rovings. It is also observed that the
weave structures show some variation, especially the roving orientation in weft direction. Thus, it is observed that the roving
cross sections and the weave structures show some variation within the laminate. These variations should be displayed in a 3D
microstructure model, since they influence material properties. Consequently, the results of this work can be used as a preliminary
work for a realistic stochastic 3D microstructure model. Such a stochastic model enables the simulation of synthetic laminates,
which can then be used to make predictions about material properties using numerical simulations.
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