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 A B S T R A C T

Structural parts incorporating 3D-textile reinforced composites show great promise in high performance 
lightweight applications. For widespread industrial use, accurate predictions of mechanical properties are 
required. Experimental testing campaigns to generate these properties can be prohibitively expensive. To 
overcome this, meso scale models of the yarn architecture can be derived from X-ray Computed Tomography 
(XRCT), and computational homogenisation can be performed in the material’s as-manufactured configuration. 
In this work a fully automated pipeline for the prediction of the full 3D elastic properties of 3D-reinforced 
textile composites from XRCT scans is presented. The proposed methodology enables the study of variations 
in the as-manufactured material properties from a single large field of view XRCT scan encompassing multiple 
unit cells, such that finite element homogenisation can yield statistical information. The pipeline includes a 
machine learning based segmentation model, finite element meshing and boundary condition assignment, and 
a material mapping procedure. For segmentation, a for textile reinforced composites completely novel 3D U-net 
architecture can be utilised, owing to the use of a fully synthetic automatically labelled training data set. An 
application of the pipeline on a 3D-reinforced material sample results in accurately predicted homogenised 
elastic stiffnesses, with a deviation from experiments of less than 6.5%.
1. Introduction

Composite components incorporating 3D-textiles are gaining at-
tention partly due to their excellent impact and delamination resis-
tance [1]. This, among other factors is important for safety in aerospace 
where bird strikes, fan blade-offs, and high dynamic loads are ever 
present risks. Therefore, textile composites with 3D-reinforcements are 
becoming more widespread in the aerospace industry. The commer-
cially available LEAP engine, for example, utilises 3D-woven carbon 
fibre reinforced polymers (CFRP) in its fan blades and casing [2]. In 
order to increase the adoption of 3D-woven composites in the aerospace 
industry, accurate determination of elastic properties is paramount. For 
certification purposes it is further motivated to be able to give statistical 
measures on structural as-manufactured parts. A clear understanding of 
how material variations influence stiffness and strength, and how these 
properties are linked to the micro and meso scale material morphology, 
is essential for component manufacturers to reduce their safety factors. 
Reduced safety factors will lead to reduced use of material, making 
components more lightweight while saving raw material and energy.

∗ Corresponding author.
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To elucidate the effect of material morphology variations on me-
chanical properties, two approaches can be taken: experimental testing 
or numerical modelling. With physical testing, an excessive amount 
of samples would have to be manufactured and tested to obtain the 
necessary statistics. Furthermore, given that the material heterogeneity 
is typically in the order of tens of millimetres, standard test method 
for CFRP materials cannot be used. As a consequence, standard test 
methods have been adjusted such that the gauge regions accommodate 
a sufficiently large representative volume, cf. e.g. [3–6]. Still, these 
factors make numerical modelling a more feasible path forward. 

In terms of modelling, the material could realistically be considered 
on two scales: the meso (yarn) scale or the macro (homogenised) 
scale. Aiming to model large structural parts with high fidelity meso 
scale models, where reinforced yarns are explicitly represented, are 
prohibitively computationally expensive. Therefore, a macro scale ho-
mogenised model becomes necessary for evaluating structural designs, 
especially in the prototyping stage of product development. For such 
models to be reliable, the macro scale properties and their spatial 
variation have to be used as input.
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Numerically, such equivalent properties are typically derived
through finite element (FE) simulations of representative volume el-
ements (RVE), which capture the characteristic periodic structure of 
the woven material’s meso scale. For the purpose of performing RVE 
simulations, geometry that captures the material morphology accu-
rately needs to be derived. Geometry can be derived through purely 
geometric means using tools such as TexGen [7] or WiseTex [8]. This 
method can, however, result in far too idealised geometries that do not 
capture the as-manufactured properties of the studied material. As a 
consequence, there has been extensive work on modelling the weave 
process itself to generate more realistic RVE’s. This started with the 
Digital Element Method (DEM) through Wang et al. [9], refined by 
Zhou et al. [10] and has been further improved by several different 
research groups [11–14]. One drawback of this second approach is 
the extensive CPU time required per unit cell (UC), which makes 
larger testing campaigns challenging. An alternative high performance 
method utilising position based dynamics has recently been presented 
for yarn deformation modelling by Gao et al. [15]. For all these cases, 
it is however unclear how variability in the meso structure can be 
accounted for, even more so how it can be linked to variability in part 
geometry or manufacturing.

That said, in recent years it has become popular to derive com-
putational geometry from x-ray computed tomography (XRCT) scans. 
A clear benefit is that computational homogenisation of textile com-
posites then can be performed in the textile’s as-manufactured state, 
yielding realistic estimates of the elastic material properties. In fact, 
components could be scanned at various locations, such that realis-
tic material variability could be acquired and accounted for. Ewert 
et al. [16] have shown that such geometries can outperform comparable 
DEM derived geometries.

The main challenge of deriving meso scale RVE geometry from 
XRCT scans is the segmentation problem. Namely, categorising each 
voxel in the volume as its corresponding phase (pure matrix, weft yarn, 
warp yarn, or voids). Due to the significant material heterogeneity, and 
thereby to capture the entire UC, scans need to include a fairly large 
field of view. The demands on field of view increase even further if 
material variability statistics are to be extracted. For efficiency, scanned 
samples need to include several UCs. Having the desired field of view 
will inevitably result in poor contrast, making segmentation through 
classical methods, such as thresholding or watershed, difficult or even 
impossible [17,18]. Furthermore, assigning local yarn fibre volume 
fractions and local fibre orientations poses additional challenges.

As alternatives to thresholding or watershed, other researchers have 
utilised commercial fibre tracking software [19], structure tensor anal-
ysis [20–22], or variational methods [23–25] for segmentation. For 
particularly large field of view scans, which is necessary for cm scale 
UCs and/or multiple UC scans, these methods might fail. The reason is 
that they all rely on structural information that may not be resolved 
in a low contrast scan, or require very long computational times which 
could make industrial application difficult.

Machine learning based segmentation methods have become in-
creasingly popular for woven composites, and are seeing widespread 
use [26–28]. A drawback of machine learning based methods is the 
need for large labelled data sets. There has been work to get around 
this limitation by using synthetic data. This has for example been done 
by creating ‘‘pseudo CT’’ by training a surrogate model [29], using 
‘‘pseudo labels’’ derived from classical image processing methods [30], 
or fortifying the data set with synthetic data based on statistics from 
a manually labelled data set [31]. A fully synthetic data has been 
used for segmentation of a six-phase Al–Si alloy composite reinforced 
with ceramic fibres and particles by Tsamos et al. [32]. Furthermore, 
the current authors recently proposed a fully automated pipeline for 
training a machine learning based segmentation model entirely using 
synthetic data [33]. The initial application of this model to segment 
an XRCT scan of a layer-to-layer angle interlock reinforced composite 
material showed promise in terms of obtaining acceptable voxel-wise 
2 
accuracy. A drawback was, however, that continuity of reinforcement 
yarns could not be guaranteed, something that is being addressed in 
the current work.

With an accurate segmentation at hand, as-manufactured properties 
can be derived through computational homogenisation. In this work a 
fully automated and open source1 [34] pipeline to generate the neces-
sary finite element models directly from large field of view CT scans 
of 3D-woven composites is presented. The pipeline extends previous 
work in utilising fully synthetic training data for machine learning 
based segmentation of 3D-reinforced textile composites. In addition 
to segmentation, it now also handles model discretisation, mapping 
of local fibre orientation and volume fraction, FE input file genera-
tion, and elastic property homogenisation. The only manual labour 
required is the identification of individual UCs from a large field of view 
segmentation. To promote 3D continuity of the segmented volume, 
the segmentation problem is handled with a novel 3D-convolutional 
neural network. Extending the work by Jing et al. [35], who per-
formed meso scale elastic homogenisation of orthogonal weaves using 
an XRCT guided but manually defined geometry, the current work 
directly utilises the segmented volume information as basis for the 
numerical models. Furthermore, the current pipeline is free from any 
restrictions on (partially) manual data labelling, as done e.g. by Ahmed 
et al. [36]. Thereby, the pipeline enables a fully automated and efficient 
generation of multiple UC models from a single scan.

Leveraging the opportunity to automatically generate multiple UC 
models for macroscopic property extraction, we demonstrate the
pipeline on a layer-to-layer angle interlock composite. To study vari-
ability of properties and how these are linked to variations in the 
reinforcement architecture, six unique RVEs are derived from a single 
large field of view XRCT scan. We demonstrate that macroscopic elastic 
properties can be predicted in good agreement with experimental ob-
servations. As an additional finding, we observe that the variability in 
macroscopic properties is very small, even when noticeable variations 
in the reinforcement architecture are present.

2. Material sample and its XRCT scan

The studied material is a 3D-woven layer-to-layer angle interlock 
CFRP manufactured through resin transfer moulding (RTM). The yarns 
are made out of IM7 fibres [37] with a diameter of 5.2 μm. The warp and 
weft yarns are illustrated in blue and red respectively in Fig.  1(a). Warp 
yarns run in the main weaving direction of the machine and are held in 
tension during the manufacturing process. The weft yarns on the other 
hand run transversely to the warp yarns and are inserted during the 
weaving process. The fibre count is 12k and 24k for the weft and warp 
yarns, respectively. The matrix consists of RTM6 epoxy [38]. It should 
be noted that the weave has a quite large UC when compared with the 
scale of the fibre diameter. Further, it should be noted that the UC of 
this material is shorter in the warp direction compared to the other two 
directions. As shown in Fig.  1(a), the UC is 6.5 mm wide in the warp 
(1) direction, 21.5 mm long in the weft (2) direction, and 4 mm thick 
in the out-of-plane (3) direction. Fig.  1(a) also denotes and visualises 
the orientation conventions used in this paper. Further, it should be 
mentioned that the material contains some glass fibre tracer yarns that 
were used as aid during manufacturing. Since glass has a much higher 
x-ray attenuation than carbon fibres and epoxy, this can cause artifacts 
during XRCT scanning.

For the scan, a sample was created from 3 pieces cut out of a cured 
panel and stacked on top of each other using double-sided tape, see Fig. 
1(b). Each piece contains roughly 2 by 3 UCs. The stacking is performed 
to obtain a relatively low aspect ratio in the 13-plane of the sample, 

1 All data not explicitly referenced, that has been used in this manuscript 
can be generated with the provided code. If the original data (roughly 700 GB) 
is needed it will be made available on request.
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thereby yielding a relatively uniform x-ray attenuation when scanning. 
As a benefit, this allows for a large field of view XRCT scan which 
encompasses as many UCs as possible in a smaller scanning volume.

2.1. XRCT scan and sample reconstruction

The sample was scanned with a Zeiss XRadia 410 Versa lab-based 
XRCT scanner. It uses a Hamamatsu Photonics L8121-03 micro focus 
x-ray source with a tungsten target. There is a documented 200 μm
beryllium filter inside the source, but initial investigations suggests 
that there may be an additional undocumented 1 mm aluminium filter 
inside the source [33]. No additional filter is used. The detector in the 
imaging system is an ANDOR iKon-L DW936N-BV-556 CCD detector, 
with 2048 by 2048 pixels with dimensions 13.5 μm by 13.5 μm. One 
special feature of the Zeiss XRadia 410 Versa is the presence of an op-
tical magnification system between the x-ray scintillation panel and the 
detector. Here the 0.4 times magnification large field of view objective 
was used. The source to sample distance was set to 80mm, while the 
sample to detector distance was 150mm. An x-ray tube voltage of 40 kV
and power of 10W was used. The sample was rotated 360◦ where 3001 
projections, each with an exposure time of 5 s, were taken at equal 
angular intervals. Binning 4 was performed, which implies that each 
pixel in the output projections consisted of the average of 4 by 4 pixels. 
The geometric and objective magnification combined with the binning 
results in an effective voxel size of 46.96 μm.

The Feldkamp–Davis–Kress (FDK) technique [39], which is a gen-
eralisation of filtered back projection for cone beam scans, was used 
for tomographic reconstruction. The GPU implementation of FDK inside 
the ASTRA toolbox [40] was used to perform the reconstruction. The 
reconstructed scan and a manually annotated segmentation of the scan 
are hosted online [41].

A selection of cross-sectional images of the reconstruction are shown 
in Fig.  4 (left) below. The combination of the large field of view 
XRCT scan, together with the lack of contrast between the impregnated 
yarns and matrix pockets, makes automated segmentation (i.e. the 
assignment of a material phase to each voxel) challenging using tradi-
tional methods. For this reason, a machine learning based segmentation 
algorithm provides a promising path forward.

3. Machine learning based segmentation of textile reinforced com-
posites

The aim of the study is to develop a fully automated pipeline to 
predict the full elastic stiffness tensor of textile reinforced composites 
directly from CT images. As a first stage, segmenting the reconstruction 
is necessary. This process and its application to the sample introduced 
in Section 2 is discussed in more detail in the following subsections. 
It is further highlighted here that all novel contributions to this work 
are open source [34]. The training of the segmentation model has been 
carried out on a laptop with an Intel i9-13900H CPU, 32 GB of RAM, 
a 1 TB NVMe M.2 Performance SSD, and an Nvidia RTX 4080 Laptop 
GPU (12 GB VRAM).

3.1. Development and training of the machine learning model

Segmentation in this context entails assigning each voxel in the 
reconstructed XRCT scan to one of four phases: weft yarns, warp yarns, 
pure matrix, or air. For CFRP composites in particular, the similarity in 
x-ray attenuation between pure carbon fibres and hydro-carbon epoxy 
yields volumes with very poor contrast. As a consequence, classical 
segmentation strategies such as thresholding and watershed are often 
insufficient. Therefore, machine learning based segmentation models 
are gaining in popularity, as they can learn to effectively distinguish 
phase boundaries while ignoring noise and artifacts. The use of machine 
learning to carry out segmentation requires the generation of labelled 
3 
Fig. 1. The studied layer-to-layer angle interlock material is shown with the 
material coordinate system (1, 2, 3). A schematic of the UC is shown in (a) 
where weft yarns are shown in red, and warp yarns are shown in blue. Original 
graphics provided by courtesy of Oddy [6]. The specimen scanned in this study 
is displayed in (b).

3D training data, the construction of an appropriate neural network 
architecture and a strategy for the training process.

When it comes to the generation of labelled 3D training data, one 
major drawback and criticism of machine learning base approaches 
is the need for large data sets. This makes the use of traditional 
hand labelling challenging and exorbitantly time consuming. A pos-
sible alternative, and the one considered here, is the use of synthetic 
training data in which the constituents are automatically labelled. More 
specifically, in this work a method for the generation of synthetic, auto-
matically labelled training data, recently proposed by the authors [33], 
is used. Quantitative similarity to real data was demonstrated through 
comparisons of intensity histograms. Further, the ability of a neural 
network trained on synthetic data to segment real tomogram slices was 
demonstrated with 88% pixel-wise accuracy. In contrast to previous 
work in the field, cf. e.g. Tsamos et al. [32], the synthetic data includes 
physically motivated attenuation features, noise, and artifacts. Using 
this method, a data set with 700 volumes used for training, 150 
volumes for validation and 150 volumes for testing was generated. The 
exact same generation parameters used in the previous work were also 
used here. 

Once the training set has been generated, the architecture of the 
neural network must be considered. In the context of segmenting scans 
of textile reinforced composites, 2D U-net architectures have been 
widely used with great success, cf. e.g. Mendoza et al. [29], Zheng 
et al. [31], Sinchuk et al. [42], Ying et al. [28], and Cao et al. [43]. 
However, 2D U-net architectures lack the ability to ensure continu-
ity from one volume slice to the next. With the considered aim of 
generating volumetric model representation of the scanned samples a 
3D-convolutional network based on the U-net architecture was consid-
ered here. This choice was further supported by the promising results 
by Tsamos et al. [32] in segmenting an advanced multiphase composite 
using synthetic training data and a U-net with 3D convolution kernels.

The considered neural network segmentation model is implemented 
in the PyTorch [44] framework. The implemented architecture is dis-
played in Fig.  2. The network is constructed from 5 main building 
blocks. The Double convolution block consists of two chained groups 
consisting of a 3D convolution layer, a batch normalisation layer, and a 
ReLU activation function. The convolution layers use a kernel size of 3 
and a padding of 1. The Max pool block consists of a 3D max pool layer 
that utilises a kernel size of 2 and a stride of 2. The Up convolution block 
refers to a 3D transposed convolution with a kernel size of 2 and stride 
of 2. The Concatenation block concatenates the two inputs channel-wise. 
The final convolution block is a 3D convolution layer with kernel size 
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Fig. 2. The used 3D convolution U-net architecture is displayed. The input is a one channel (greyscale) XRCT image and the output with four channels represents 
the segmentation class probabilities. The structure of the Double convolution block is also shown.
1. Its purpose is to yield the desired number of output channels. All 
parameters not explicitly referred to use the PyTorch default values.

The training process itself requires further pre-processing of the 
training and validation data sets (splitting and normalisation), the 
definition of an appropriate loss function, and a selection of a set of im-
portant hyperparameters. The synthetic tomographic training volumes 
were 512 by 512 by 512 voxels in size. The volumes were divided into 
overlapping patches of 256 by 256 by 256 voxels, with a stride of 128. 
This means that each tomographic volume results in 27 data points. 
The input grey scale data is subject to 𝑧-score normalisation. This entail 
subtracting the mean and dividing by the standard deviation, where the 
statistics has been computed over the entire training set.

A loss function based on the Jaccard index (intersection over union) 
was used during training. Let 𝐴𝑖𝑗𝑘𝑙 be a four dimensional array rep-
resenting a segmented image, which is equal to one if a voxel with 
coordinates 𝑖, 𝑗, 𝑘 is of class 𝑙 and zero otherwise. The loss for a batch 
of predicted segmentations 𝐴𝑚

𝑖𝑗𝑘𝑙 and their corresponding arrays of the 
ground truths 𝐵𝑚

𝑖𝑗𝑘𝑙 is defined as 

𝐽 (𝐴,𝐵) = 1
𝑛b𝑛c

𝑛b
∑

𝑚=1

𝑛c
∑

𝑙=1

(

1 −

∑𝑛𝑥
𝑖=1

∑𝑛𝑦
𝑗=1

∑𝑛𝑧
𝑘=1 𝐴

𝑚
𝑖𝑗𝑘𝑙𝐵

𝑚
𝑖𝑗𝑘𝑙 + 𝜖

∑𝑛𝑥
𝑖=1

∑𝑛𝑦
𝑗=1

∑𝑛𝑧
𝑘=1(𝐴

𝑚
𝑖𝑗𝑘𝑙 + 𝐵𝑚

𝑖𝑗𝑘𝑙 − 𝐴𝑚
𝑖𝑗𝑘𝑙𝐵

𝑚
𝑖𝑗𝑘𝑙) + 𝜖

)

,

(1)

where 𝑛c, 𝑛b, 𝑛𝑥, 𝑛𝑦, and 𝑛𝑧 are the number of classes, the batch size, 
the image width, image height, and image depth respectively. The 
parameter 𝜖 is here set to 1 × 10−6 to prevent division by zero for data 
where one or several of the classes are not present.

When training, 𝐴 is obtained by passing the network output through 
a channel wise softmax function. This means that in practice the entries 
𝐴𝑖𝑗𝑘𝑙 are not strictly 1 or 0. A training batch size of 2 is used for 
gradient update computations. The model is trained with the ADAM 
optimizer for 10 epochs. The validation loss is evaluated online, which 
means that the loss is computed from a batch of the evaluation set after 
each gradient update. The validation set is roughly 5 times smaller 
than the training set. This means that the validation set is repeated 
about 5 times during one training epoch. The model was trained with 
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a starting learning rate of 0.001. The learning rate is reduced linearly 
after each gradient update until it reaches 0 at the end of epoch 5. 
Thereafter, the learning rate is re-set to 0.001, whereafter it again 
is reduced linearly until it reaches 0 at the end of epoch 10. This 
‘‘warm’’ restarting-type of learning rate scheduling has shown potential 
to improve convergence [45,46]. All other optimizer parameters are 
kept at the PyTorch default settings.

The model training and validation loss curves are displayed in 
Fig.  3. The loss does not show any signs of overfitting and reached 
stationary behaviour at the time of training termination. The model 
took approximately 73 h to train on the described laptop.

3.2. Segmentation results and discussion

Inference, i.e. segmentation of an entire sample (virtual or physical), 
took less than 20 s including all data input and output. To evaluate the 
segmentation performance of the model, three metrics were used. The
Jaccard index2 was computed on the testing set (composing synthetic 
but unseen data) using the same patch size and stride as for the Jaccard 
loss function during training and validation, but with a batch size 
of 1. The Precision metric 𝑃 , which represents the number of true 
positives divided by the sum of the true positives and false negatives, 
was computed3 as 

𝑃 (𝐴,𝐵) = 1
𝑛c

𝑛c
∑

𝑙=1

∑𝑛𝑥
𝑖=1

∑𝑛𝑦
𝑗=1

∑𝑛𝑧
𝑘=1 𝐴𝑖𝑗𝑘𝑙𝐵𝑖𝑗𝑘𝑙 + 𝜖

∑𝑛𝑥
𝑖=1

∑𝑛𝑦
𝑗=1

∑𝑛𝑧
𝑘=1 𝐴𝑖𝑗𝑘𝑙(1 − 𝐵𝑖𝑗𝑘𝑙) + 𝜖

, (2)

whereas for the defined loss, the output of the network is passed 
through a softmax function. Finally, the Recall metric 𝑅, defined as the 
ratio between true positives and the sum of true positives and false 
negatives, was computed as 

𝑅(𝐴,𝐵) = 1
𝑛c

𝑛c
∑

𝑙=1

∑𝑛𝑥
𝑖=1

∑𝑛𝑦
𝑗=1

∑𝑛𝑧
𝑘=1 𝐴𝑖𝑗𝑘𝑙𝐵𝑖𝑗𝑘𝑙 + 𝜖

∑𝑛𝑥
𝑖=1

∑𝑛𝑦
𝑗=1

∑𝑛𝑧
𝑘=1(1 − 𝐴𝑖𝑗𝑘𝑙)𝐵𝑖𝑗𝑘𝑙 + 𝜖

. (3)

2 This is computed like in Eq.  (1) removing ‘1−’ from the sum over 𝑛c.
3
 using the same notation as in Section 3.1.
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Fig. 3. A lin-log plot of the segmentation model loss is shown. Smoothing according to 𝑦[𝑛 + 1] = 0.01𝑥[𝑛] + 0.99𝑦[𝑛] has been applied to the data, where 𝑦[𝑛] is 

the smoothed data at step 𝑛 and 𝑥[𝑛] is the raw data.

Table 1
Evaluation metrics computed over the testing set. A higher number is better, 
where 1.0 is the maximum possible value.
 Metric Average Minimum Maximum 
 Jaccard index 0.958 0.897 0.977  
 Precision 0.978 0.948 0.988  
 Recall 0.978 0.942 0.988  

The 𝜖 parameter for all metrics uses the same value as in Section 3.1.
The average, the minimum, and the maximum of each metric are 

summarised in Table  1. It can be seen that the three metrics are 
very favourable. This indicates that the network has been sufficiently 
trained. The high minimums show that there is no overfitting that 
materialises through losing predictability on challenging outliers.

The XRCT scan of the physical sample was segmented4 with the 
trained model, using the same patch size, stride and similar normal-
isation as during training. However,since the glass fibre tracer yarns 
caused some high contrast artifacts not present in the training data, a 
0.6 cm−1 cut off value was used before normalisation (all voxels with a 
intensity value above 0.6 were set to 0.6). As overlapping patches were 
used to aid continuity and to prevent sharp borders between patches, 
the network outputs were summed up and the highest probability ma-
terial class was selected when reassembling the patches. Refer to Fig.  4 
for images of the XRCT data and the corresponding segmentations. The 
presented segmentations displays highly improved continuity of the 
weft yarns when compared with previously presented results in [33].

4. Computational RVE homogenisation

Following the segmentation of the XRCT reconstructions the next 
step in the pipeline is the creation of FE models of the considered RVEs. 
These models are used to predict the as-manufactured macroscopic 
elastic properties of the material (with statistical variations) through 
computational homogenisation of multiple UCs. In this study, the com-
mercial FE code ls-dyna is used for the numerical analysis, with all FE 
simulations carried out on an HPC cluster. It is however reiterated, 
that all novel contributions in this work are open source, and that any 
reproduction of the study can exchange the particular finite element 
solver without altering the conclusions.

Generating the RVE models requires, in this case, three distinct 
steps. Each of these will be discussed in greater detail in the fol-
lowing sections. First, the segmented volume must be discretised into

4 Before segmentation, the reconstructed volume was rotated such that the 
UC boundaries are aligned with the coordinate axes.
5 
continuum elements, where each element is assigned one of four mate-
rial classes (matrix, air, warp yarn, or weft yarn). Then, the general 
input file structure along with keywords for the specific FE-solver 
must be identified, and the appropriate periodic boundary conditions 
must be defined. Next, a micromechanical model must be selected to 
provide the material properties for the yarns. For this model, having 
the elastic properties of the carbon fibre and matrix as inputs (known 
from, e.g., technical data sheets), the local fibre volume fraction of the 
yarn must be approximated element-wise. Finally, the local orientation 
of the fibre reinforcements within the yarns must be predicted and 
mapped element-wise as well.

4.1. Finite element model

As previously mentioned, the RVE FE analyses were performed 
using the commercial code ls-dyna. More specifically, linear, static 
implicit analyses were considered. Due to the large number of elements 
in these models (see more details below), a direct solver is infea-
sible. Therefore, the iterative conjugate gradient solver with a local 
symmetric Gauss–Seidel pre-conditioner was used.

When meshing such RVEs, either non-conformal structured meshes 
or conformal meshes can be considered. Conformal meshes, which 
explicitly separate and follow the true geometry of the yarns and 
matrix pockets, have their benefits. However, they require specialised 
and intricate mesh generation tools. As an alternative non-conformal 
structured meshes are a favourable alternative, especially since the 
considered analysis in this work pertain strictly to the elastic regime. 
It has been demonstrated by Doitrand et al. [47] that the use of non-
conformal hexahedral elements is sufficient as long as they are small 
enough to accurately represent the yarn fibre volume fraction.

One approach, and what is considered in this work, is to per-
form a one-to-one mapping from each voxel in the segmented RVE 
volume to an 8-node hexahedral element, with nodes positioned at 
the corners of the corresponding voxel. Specifically in this case, the 
RVEs are discretised with ls-dyna’s trilinear and under-integrated EL-
EMENT_SOLID_ORTHO elements (ELFORM = 1).

A benefit of the structured mesh is that the application of periodic 
boundary conditions becomes straightforward. The absolute formula-
tion of the periodic boundary condition equations, as presented by 
Garoz et al. [48], was used. This formulation uses three corner nodes as 
so-called ’control nodes’ and one fixed ’reference node’, making it easy 
to impose the desired macroscopic infinitesimal strain tensor 𝜺. This is 
done by prescribing the displacement on the three control nodes (and 
fixing one node) as 
𝒖𝑖 = 𝜺 ⋅𝑿𝑖 𝑖 ∈ control node (𝒖fixed = 𝑿fixed = 0), (4)

where 𝒖  and 𝑿  are the node displacements and positions, respectively.
𝑖 𝑖
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Fig. 4. Two perpendicular slices of the rotated XRCT reconstruction (left) is shown next to their corresponding segmentations (right). For the XRCT scan brighter 
values correspond to higher attenuation (note the very bright tracer yarns). For the segmentation, black refers to air, dark grey refers to weft yarns, light grey 
refers to warp yarns, and white refers to pure matrix.
By performing a uniaxial strain controlled load simulation for each 
of the six strain components, each column of the macroscopic Voigt 
stiffness matrix can be computed as the resulting macroscopic stress 
components scaled by the inverse of the applied control strain. In this 
context, the macroscopic stress tensor, 𝝈̄, is computed from the stress 
tensor in each integration point, 𝝈, as 

𝝈̄ = 1
𝑉 ∫𝑉

𝝈𝑑𝑉 , (5)

where 𝑉  is the total volume of the RVE. Note that as all elements are 
equally sized in the voxel mesh, and one integration point per element 
is used, it is possible to compute the macroscale stress tensor by a 
simple average over all elements.

The orthotropic linear elastic material model MAT_ORTHOTROPIC_
ELASTIC is used for all elements. The pure matrix phase is simply 
assigned isotropic matrix material properties in the orthotropic linear 
elastic material model. In the case of the impregnated carbon fibre 
yarns, the transversely isotropic elastic properties are calculated us-
ing a micromechanical model that is discussed in greater detail in 
Section 4.2.

Finally, in this context, it should be noted that ls-dyna computes out-
put stresses in a finite deformation setting even if the linear momentum 
balance was solved for infinitesimal strains. To make this discrepancy 
negligible, a control strain of 0.01% was used for all load cases.

4.2. Micro-mechanical model and constituent properties

Since the FE models resolve individual yarns, but not individ-
ual fibres, the yarns are modelled as homogeneous and transversely 
 

6 
isotropic. To predict the linear elastic, transversely isotropic properties 
of the yarns, the Chamis micro mechanical model is used [49]. The 
model was initially developed for predicting UD laminate properties, 
but has been successfully used for the yarns of textile composites by 
several authors, cf. Stig et al. [50], Pierreux et al. [51], and Koptelov 
et al. [52]. To be specific, the yarn properties (∙y) are obtained in terms 
of transversely isotropic fibre properties (∙f), isotropic matrix properties 
(∙m) and the (local) volume fraction of fibres (𝑉 f) in each yarn as 

𝐸y
𝑥𝑥 = 𝑉 f𝐸f

𝑥𝑥 + (1 − 𝑉 f)𝐸m 𝜈y𝑥𝑦 = 𝑉 f𝜈f𝑥𝑦 + (1 − 𝑉 f)𝜈m = 𝜈y𝑥𝑧

𝐸y
𝑦𝑦 =

𝐸m

1 −
√

𝑉 f
(

1 − 𝐸m∕𝐸f
𝑦𝑦

) = 𝐸y
𝑧𝑧

𝐺y𝑥𝑦 =
𝐺m

1 −
√

𝑉 f
(

1 − 𝐺m∕𝐺f𝑥𝑦
) = 𝐺y𝑥𝑧

𝐺y𝑦𝑧 =
𝐺m

1 −
√

𝑉 f
(

1 − 𝐺m∕𝐺f𝑦𝑧
) 𝜈y𝑦𝑧 =

𝐸y
𝑦𝑦

2𝐺y𝑦𝑧
− 1

(6)

Here 𝑥 denotes the direction parallel to the yarn (or fibre), while 𝑦 and 
𝑧 denotes the two transverse directions.

The calculation of the yarn fibre volume fraction is discussed in 
more detail in Section 4.3. The constituent mechanical properties used 
in this work are given in Table  2. For the fibres, the longitudinal 
modulus is taken from the manufacturer’s data sheet [37], and the 
remaining properties are taken from the third world-wide failure exer-
cise [53]. For the matrix, the (tensile) modulus of RTM6 is also taken 
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Table 2
The material constituent mechanical properties.
 Property Value Reference 
 𝐸𝑥𝑥 f 276GPa [37,53]  
 𝐸𝑦𝑦 f 19GPa [53]  
 𝐺𝑥𝑦 f 27GPa [53]  
 𝐺𝑦𝑧 f 7GPa [53]  
 𝜈𝑥𝑦 f 0.2 [53]  
 𝐸m 3.1GPa [38,54]  
 𝜈m 0.36 [54]  

from the manufacturer’s data sheet [38], which aligns well to what 
was (independently) measured by Exner et al. [54]. Further, Exner 
et al. [54] also reported the Poisson’s ratio of the RTM6, which was 
used in this work.

4.3. Fibre orientation mapping

As the next step, the local yarn orientations need to be estimated 
and assigned to each element. To determine the local fibre orientation 
it is assumed that the fibres can be estimated to have no in-plane 
misalignment. Based on this assumption, and speaking broadly, the 
local fibre orientation is inferred with a structure tensor analysis of 
the segmented RVE, carried out in 2D on a per-slice basis. The Python 
package structure-tensor [55] was used for this analysis. For 
both yarn types respectively, the volume was sliced along the axis 
that is perpendicular to both the yarn direction and the out-of-plane 
direction. An example is visualised in Fig.  5.

The binary nature of the segmentation yields little gradient informa-
tion inside the yarns. This makes the structure tensor difficult to apply 
directly. Therefore, the Euclidean distance transform was computed for 
each slice, in which each segmented yarn voxel in the slice is assigned 
its distance to the closest voxel of any other class in the same slice. This 
creates ridge-shaped structures that follow the yarns, creating a large 
gradient perpendicular to the yarns and a near zero gradient along the 
yarns, which improves the accuracy of the structure tensor analysis, cf. 
Fig.  5a.

Furthermore, numerical issues arise when performing structure ten-
sor analysis of large regions of constant value. As a remedy, uniform 
random noise between 0 and 0.1 (the higher value corresponding to 
a 10th of a voxel) was added to the distance value of each pixel. 
Thereafter, the image was smoothed with a Gaussian filter with kernel 
size 1. The noised, smoothed, distance transformed slice, cf. Fig.  5c, 
was analysed with a 𝜌 parameter (integration kernel size) of 2.0 and a 
𝜎 (gradient kernel size) parameter of 0.25.

Finally, the eigenvectors resulting from the structure tensor analysis 
were examined. In the structure tensor analysis the eigenvector associ-
ated with the smallest eigenvalue of the structure tensor represents the 
direction of minimal variation in the underlying image [56], in this 
case corresponding to the local orientation of the yarns. As an example, 
considering an image with stripes. For this case, the gradient is large 
when going from a stripe to background, while small when following 
the stripes.

To visualise the outcome of the structure tensor analysis, the weft 
yarn orientations of one UC are shown in Fig.  6. Analysing the direction 
of eigenvectors, it can be found that the level of crimp (the magnitude 
of the out-of-plane component of the fibre orientation vectors) in 
the weft is very consistent, even though it was not strictly enforced. 
The average weft yarn unit orientation vector out-of-plane component 
magnitude was determined to be 0.135 with a standard deviation of 
only 0.003. In addition, the warp yarns display very low crimp in all the 
identified UCs and are not visualised. The average warp out-of-plane 
component magnitude was found to be 0.047 with a standard deviation 
of 0.003.
7 
4.4. Fibre volume fraction mapping

For the purpose of computing the local fibre volume fraction of 
the yarns, it should be noted that in the case of the warp yarns, the 
segmentation is able to clearly differentiate between one yarn instance 
and the next throughout the volume. This, in simple terms, would make 
the calculation of the local yarn fibre volume fraction straightforward 
given the total area of the yarn, the number of filaments in the yarn and 
the diameter of each filament. One challenging aspect to this material, 
however, is that in some slices the weft yarns are highly compacted and 
appear to merge with one another, cf. the side pieces in the 2–3 plane 
in Fig.  4. This makes it difficult to differentiate one weft yarn instance 
from the next. Therefore, to estimate the local fibre volume fraction in 
each element of the yarns the a priori known number of yarns and the 
number of fibres per yarn was exploited.

It is assumed that, for each yarn type, the fibre volume fraction can 
be approximated as constant per cross section of the segmented volume 
along each respective yarn weave direction. As such, the volume 
fraction of each yarn type is estimated by slicing the segmented UC 
along the axis parallel to the respective yarn direction. Refer to Fig.  7 
for a representative schematic. A first estimate of the slice-wise average 
volume fraction is given by the ratio between the theoretical total area 
of the fibres in a yarn type in a cross section and the area covered by 
voxels segmented as the same yarn type in the same cross section. The 
theoretical area covered by the fibres in a cross section is computed as

𝐴fibre = 𝑁fibre𝑁yarn
𝜋𝑑2fibre

4
, (7)

where 𝑑fibre is the fibre diameter, and 𝑁fibre and 𝑁yarn are the number 
of fibres per yarn and number of yarns per cross section, respectively 
(which depend on the yarn type). This first estimate is accurate if the 
yarns are perpendicular to the cross section in question. In reality, 
however, the yarns are not straight. This was compensated for by scal-
ing the area of each voxel with the unit orientation vector component 
in the yarn direction. That is, voxels where yarns are perpendicular 
to the cross section received a scale factor of 1, while other voxels 
representing up-wards or down-wards crimping yarn segments obtained 
a scale factor less than 1. In summary, the fibre volume fraction 
was thus estimated slice-wise by computing the ratio between the 
theoretical area covered by the fibres and the orientation-compensated 
area of the segmented voxels.

Finally, it is noted that, to avoid generating too many material cards, 
the volume fractions are binned into 20 bins that are equally spaced 
between the minimum yarn fibre volume fraction and the maximum 
yarn fibre volume fraction. For illustrative purposed, the fibre volume 
fraction inside both the weft and warp yarns is displayed in Fig.  8 for 
the same UC shown previously. As expected, the fibre volume fraction 
of the weft yarns is highest as it is squeezed between the rows of warp 
yarns. Further, it should be noted that the yarn fibre volume fractions 
vary between 64%–78%.

4.5. Results, discussion and comparison to experimental results

From the segmented data, six non-overlapping UCs were identified 
by hand. The UCs were selected where the segmentation was qual-
itatively the most accurate. It is here emphasised that this was the 
only manual labour performed in the entire pipeline. After the initial 
selection, the described segmentation, meshing and material mapping 
procedures were performed on all six UCs, respectively. Separate FE 
analyses of each of the identified UCs were then performed to estimate 
the elastic properties and their statistics. As previously discussed, this 
involves the application of six distinct load cases using periodic bound-
ary conditions, each of which represents a non-zero strain component. 
By carrying out first order computational homogenisation the entire 
stiffness tensor of the homogenised material sample can be computed.
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Fig. 5. The orientation analysis of a weft yarn is demonstrated. A small section of a slice along the warp direction is shown. 
Fig. 6. The weft yarn orientation vectors in one of the identified UCs are visualised. The colouring aids visualisation contrast, were bright colours represents a 
positive out-of-plane component and dark represents negative.
For each of the 6 UCs, 3 tensile (along weft, along warp, and 
out-of-plane), and 3 pure shear (in-plane, weft out-of-plane, and warp 
out-of-plane) tests were performed. For each load case, the macroscopic 
stress scaled by the macroscopic strain resulted in one column of the 
8 
Voigt stiffness matrix derived for the corresponding UC. Fig.  9 shows 
the normal stress in the weft direction, for the load case of pure 
elongation in the weft direction. The figure concerns the UC (no. 1) that 
is displayed in Figs.  6 and 8. The values of the homogenised stiffness 
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Fig. 7. The weft cross sections are shown in a slice along the weft direction. The colour bar refers to the voxel area scale factor due to the fibre direction.
Fig. 8. The fibre volume fractions of one of the identified UCs are displayed.
Table 3
The computed homogenised mean and standard deviation of the macroscopic 
engineering tensile and shear moduli for the six UCs are shown together with 
the measured in-plane experimental values. The values are given in GPa.
 Parameter 𝐸11 𝐸22 𝐸33 𝐺12 𝐺23 𝐺13  
 Experiment [6] 68.65 61.43 3.91  
 Sim. mean 71.92 57.75 9.10 4.11 3.60 3.28 
 Sim. std dev 0.62 1.11 0.04 0.08 0.08 0.06 

tensor of the same UC are given as 

𝐂1 =

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

72.9544 5.1803 4.1161 0.0155 0.0014 −0.3598
5.1798 60.1845 4.9221 −0.0947 −0.0275 −0.0392
4.1161 4.9221 9.6476 0.0023 0.0042 −0.0158
0.0046 −0.0228 0.0007 4.1954 −0.0066 −0.0008
0.0004 −0.0066 0.0012 −0.0066 3.5235 −0.0006
−0.0896 −0.0097 −0.0038 −0.0008 −0.0006 3.2249

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

GPa,

(8)

where 𝐂1 is the Voigt matrix representation thereof. It is evident that 
the resulting stiffness tensor demonstrates slight asymmetry. However, 
this is not unexpected, and given the relative magnitude of stiffness 
components, it has still been deemed acceptable. In addition, the lower 
left and upper right quadrants of the Voigt matrix representation of 
the stiffness tensor are not exactly zero as required by orthotropy. It is 
however deemed that, since the values in these quadrants are orders of 
magnitude smaller than the true non-zero components, the assumption 
of elastic orthotropy is still reasonable.
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Table 4
The computed mean and standard deviation of the homogenised macroscopic 
Poisson’s ratios for the six UCs.
 Parameter 𝜈12 𝜈21 𝜈23 𝜈32 𝜈13 𝜈31  
 Mean 0.0509 0.0409 0.4922 0.0776 0.3954 0.0500 
 Std dev 0.0031 0.0034 0.0034 0.0019 0.0032 0.0005 

To compensate for the minor asymmetry of the stiffness tensor, the 
extraction of engineering macroscopic properties was performed from 
the symmetrised Voigt stiffness matrix given by 

𝐂sym = 1
2
(

𝐂 + 𝐂𝑇 ) . (9)

Thereafter, the nine macroscopic elastic engineering parameters of 
orthotropy (using the coordinate convention in Fig.  1(a)) are easily 
identified from the compliance Voigt matrix through 

𝐒sym = 𝐂−1
sym =

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

1
𝐸11

− 𝜈21
𝐸22

− 𝜈31
𝐸33

0 0 0

− 𝜈12
𝐸11

1
𝐸22

− 𝜈32
𝐸33

0 0 0

− 𝜈13
𝐸11

− 𝜈23
𝐸22

1
𝐸33

0 0 0

0 0 0 1
𝐺12

0 0

0 0 0 0 1
𝐺23

0

0 0 0 0 0 1
𝐺13

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

. (10)

The macroscopic elastic parameters, computed on all of the analysed 
UCs, are displayed in Fig.  10. The average values of the tensile and 
shear moduli, and their standard deviations, are shown in Table  3. 
For comparison, also experimentally obtained tensile and shear moduli 
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Fig. 9. The normal stress in the weft (2) direction is shown for the pure elongation in the weft direction load case. Note the one-to-one correspondence between 
elements and segmentation voxels. The figure illustrates how the weft yarns carry the stress.
Fig. 10. The macroscopic elastic properties for each UC are displayed.
are presented in the same table. These moduli have been extracted 
for the exact same material from the cyclic test data obtained by 
Oddy et al. [6]. More specifically, each separate modulus has been 
determined via a linear least square fit of the stress–strain data of the 
earliest possible load cycle including the full strain range 𝛥𝜀 = 𝜀𝑚𝑎𝑥 −
𝜀𝑚𝑖𝑛 = 0.003−0.0015 (as stipulated by ASTM D3039 [57]). Furthermore, 

5 The test data in [6] was obtained through cyclic loading with a continu-
ously increasing strain range for each cycle. The ’earliest possible load cycle’ 
is thereby the first load cycle that contains the whole strain range
10 
the average Poisson’s ratios and their standard deviations are shown in 
Table  4.

From these results, it is observed that the predicted average of 
the tensile modulus in the warp direction differs with less than 4.7% 
compared to the experimental value. Similarly, the predicted aver-
age tensile modulus in the weft direction and the predicted average 
shear modulus show deviations of less than 6.4% and around 5%, 
respectively.

The small deviations from experimental values demonstrate the 
capability of the proposed pipeline in predicting the as-manufactured 
elastic properties of a 3D-woven CFRP. Moreover, owing to the fact 
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that several UCs can be investigated from only one XRCT scan, the 
variability in a material can be easily investigated.

It was surprising that the amount of out-of-plane fibre misalignment 
was as consistent as observed. At the same time, this explains the 
consistency in the predicted elastic properties. Still, as seen in the 
bottom left part of Fig.  4, there is a noticeable difference in warp 
yarn configuration between the three stacked pieces. The two pieces 
on each side have their warp yarns arranged in a U-shape, while the 
centre piece displays more straightly stacked warp yarns. It is likely 
that these morphological differences would have a larger impact if 
deformations increase (requiring finite strain simulations). As Oddy 
et al. [6] reported from their experiments, the material under study 
displayed yarn realignment for large strains. It is, however, evident 
that to extract linearly elastic properties (relevant for small strains), 
as long as the fibre volume fraction and orientation distribution is 
captured accurately enough, the analysis of a single UC is enough. This 
indicates that the samples under study have been manufactured in a 
fairly consistent manner.

5. Conclusion and future outlook

In this work, a fully automated and open source pipeline for the 
prediction of the elastic properties of 3D-woven composites in their 
as-manufactured state has been presented. The pipeline allows for auto-
mated segmentation of challenging large field of view scans, automated 
meshing and assignment of material orientations and properties as well 
as automated definitions of periodic boundary conditions for computa-
tional homogenisation. It includes a novel method for estimating the 
local yarn orientation in cases where instance segmentation is chal-
lenging or even impossible. In more detail, the 3D U-net architecture 
showed great promise in segmenting large field of view XRCT scans of 
CFRP composites.

Applying this pipeline to a resin-infused layer-to-layer angle inter-
lock weave, it has been demonstrated that macroscopic elastic prop-
erties can be predicted in good agreement with experimental obser-
vations. Highly accurate predictions (less than 6.5% deviation from 
experiments) of the full 3D elastic properties were achieved. This indi-
cates that the pipeline can be an efficient tool for predicting the elastic 
properties directly from large field of view XRCT scans of 3D-woven 
composites.

The execution of the pipeline is computationally efficient. When 
the segmentation model has been pre-trained, the time from a re-
constructed volume to an FE input file is less than a minute and 
fully automated. Being automated and efficient, the pipeline allows 
for several UCs to be generated from a single scan, which unlocks the 
possibility to estimate statistical information of the investigated mate-
rial properties. Interestingly, however, for the material under study, it 
was found that the elastic properties had very little statistical variation 
between UCs, even though the meso scale geometry had noticeable 
differences. Future works should investigate how large the variation 
in the meso scale geometry needs to be to yield significant variation in 
elastic properties.

Having validated the ability of the pipeline to accurately predict the 
elastic properties of as-manufactured samples, a relevant follow-up is 
the investigation of large deformations, plasticity and damage. In order 
to expand the analysis to these domains, the use of a voxel mesh be-
comes infeasible due the very large number of elements. Furthermore, 
a voxel mesh may yield artificial stress concentrations [58] that can er-
roneously initiate plasticity and damage [59]. As a consequence, future 
works should incorporate a conformal meshing approach. A meso scale 
model with conformal meshing of the yarns would however require 
instance segmentation of individual yarns. This has been done by 
Blusseau et al. [30], Mendoza et al. [29], and Fourrier et al. [22] among 
others. Future work could take inspiration from these approaches and 
generalise to allow for segmenting very low resolution, large field of 
11 
view scans studied in this work, and to eliminate remaining steps where 
manual input is necessary.

It is a challenging undertaking to generalise conformal meshing 
procedures to many large UCs. A possible alternative could be to encode 
not only phase ground truths in the training data, but also encode 
the yarn orientations and phase boundaries. Additionally, instead of 
predicting the segmentation as an intermediate step it would be in-
teresting to investigate inferring geometry descriptions directly in the 
neural network model. This would require finding an encoding for the 
geometry information that can handle arbitrary number of yarns, and 
arbitrary yarn shapes.
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