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ARTICLE INFO Abstract

Keywords: In the field of composite materials, mesoscale modeling based on X-ray computed tomography
Deep learning are very widespread nowadays. This descriptive method requires image processing to identify
Instance segmentation the different objects within the material. In the present study, two different instance segmentation
3D angle-interlock fabric approaches are proposed: 1) a method based on Mathematical Morphology and 2) a Deep
X-ray computed tomography Learning one. Both methods are applied to determine the yarns paths and their envelopes.

We succeed in both tasks on a dry 3D ply-to-ply angle-interlock fabric at low compaction
level. In absence of manual labelling of the yarns envelopes, we manage to train a Deep
Convolutional Neural Network (DCNN) on the pseudo-labeling provided by the morphological
method, improving the latter and showing the potential of deep learning for image segmentation
in this context, when yarns cross-sections are labelled by distance functions. At a higher level of
compaction, we also manage to recover the yarn paths thanks to deep learning.

1. Introduction

The growing interest of composite materials in many industrial fields is mainly motivated by their good mechanical
properties combined with a quite low density. There exists a great variety of composite materials according to the kind
of fibrous reinforcement and polymer employed for the impregnation which is then cured until final consolidation.
Before the impregnation and the curing steps, the weaving and forming processes are also crucial steps of the global
composite material manufacturing. Indeed, while the weaving could lead to miscellaneous topological mistakes,
forming could also lead to undesired phenomena such as waviness, wrinkles or locking [13, 33, 34, 25]. Such
phenomena are very linked to the type of reinforcement and could have a great influence on the mechanical properties
and on the lifetime (service time). It is important to add that such composite reinforcements could be described at two
different scales, hence increasing the complexity of these entangled materials: the microscale relative to the fibers and
the mesoscale corresponding to the yarn’s scale. Thus, the need for effective computational tools to model textiles and
predict the physical properties of these entangled materials, is obvious. Besides, they allow to massively study sensitive
parameters such as woven patterns, yarn morphologies and fiber volume fractions. Overall, two main families of textile

modelings could be distinguished:
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1. the predictive approaches, which are purely numerical methods aiming to predict the morphology of the textile
in a given state, and
2. the descriptive approaches, which are y-CT image-based modeling methods where the virtual model is deduced

from a volume of images of existing material combined with segmentation methods.

In such approaches, the micro and sub-mesoscale (“intermediate scale”) modeling could be achieved in limited
proportion compared to the whole material to avoid high computational costs. Hence, the common scale is the
mesoscale for which the main issue is to determine accurately the yarn shape (its trajectory and envelope) during
the forming.

In a predictive approach, the modeling of woven fabric at the fiber scale seems unrealistic because of the great
quantity of entities entailing a large number of degrees of freedom. For this reason, a method based on virtual
fibers (1 virtual fiber = a bundle of real fibers) produced a good description of micro-mechanisms by performing
sub-mesoscale simulations [59, 51, 38, 32, 20, 22, 19, 15, 21]. Thus, the wide literature on woven fabric modeling
leads to meso and sub-mesoscale textile generating softwares developed for two decades such as WiseTex [31, 55],
DFMA [56, 59], TexGen [51] and Multifil [20, 21]. Hence, the “as-molded” (as-manufactured) state could be computed
through simulations of the mesoscale forming process with the yarn mechanical behaviour [14].

The descriptive approaches mainly rely on high-resolution X-ray computed tomography (x-CT) which is widely
used nowadays in non-destructive control fields. This great tool was used for design and process modeling of aerospace
composites [42] as it provides spatial information allowing to follow the yarn (fiber) life from its manufacturing to its
forming process. For instance, yarn deformations induced by the manufacturing process were measured thanks to
the Digital Image Correlation (DIC) [36]. Similarly, Digital Volume Correlation (DVC) has proven to be a suitable
technique for establishing a novel differentiating tool based on full field measurements of 3D woven composites.
This approach provided a quantifiable description of woven by assessing metric differences (yarn deformations) and
topological differences (missing yarns) with respect to a reference one [35].

The segmentation method leading to a “digital material twin” can be classified as a region-based segmentation since
the main goal is to distinctly separate different classes of objects inside the images. However, nowadays, automated
procedures for computer tomography data transfer into finite elements models are missing in the literature [5]. Different
mesoscale segmentation approaches are described in the literature, depending on the labeling of images. They range
from a simple bimodal segmentation [3] (single global thresholding value for the whole volume to separate only
resin/porous media from yarns), to multimodal segmentation using clustering [57, 30] or optimization algorithms [7].
Moreover, many studies have shown that segmentation requires a trade-off between quite high enough resolution (e.g.,
from 1pm [40, 41] to 25um [3, 4, 7]) and contrast [18] to highlight the orientation and/or shape of yarns. Regarding

the analysis of u-CT tomographies, we shall distinguish between three categories of image processing tasks. First, the
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object detection consists in locating the yarns in images, without finding their boundaries. In this case, possible outputs
may be the yarns centers or their bounding boxes. Second, the semantic segmentation produces a partition of the pixels
(or voxels) of an image into several classes (e.g., yarn, resin, porosity). This is a more complex and more accurate task,
as it requires to find the object boundaries. Finally, the instance segmentation goes a step further, as different objects
of the same class are labelled differently (e.g., yarn,, yarn,, etc.). To achieve these tasks, many suitable methods
are widely presented in the literature, as reviewed next. The principal directions and the degree of microstructural
anisotropy of yarns can be measured through image local descriptors like the structure tensor [40, 53, 30, 39, 57, 58]).
This was successfully applied to separate the warp and weft yarns. However, this approach is efficient for suitable
contrast and resolution. In some cases, for binder identification, additional information related to the voxel orientation
is required [58]. A post-processing using mathematical morphology operations (closing, convex hull) is then necessary
to close and fill the yarn cross-sections as the results obtained with these methods remain a binary mask.Overall, the
degree of anisotropy and the average grey value have proven to be suitable to separate entities like the weft and warp
yarn groups as well as the resin/air voxels. However, they do not directly give a complete identification of each tow
(shape and label) requiring a full separation. Indeed, some issues remain when the yarn is in contact with its neighbour,
especially for high compacted states leading to high fiber volume fraction. Even at high resolution, yarns compressed
against each other look merged together. In such a case, defining proper contours of yarns accurately remains a complex
task.

The idea is then to apply clustering algorithms to identify all the subdomains. The two-parameters K-means
clustering algorithm has been studied and shown issues to emphasize yarn clusters [53]. Furthermore, a supervised
scheme seems to be the most efficient for clustering classification [1]. So, many works have applied a method
based on a machine learning clustering Gaussian Mixture Model (GMM) followed by a 3D mapping-smoothing
algorithm ([57, 30, 58]). These studies showed that the complete yarn separations still require additional final steps
(e.g., alphaShape function and element orientation [30, 58] or manual user intervention on first binary image [57]).
Bénézech and Couégnat [7] proposed an image-based variational segmentation relying on an iterative global-local
approach driven by a heuristic algorithm. The goal is to optimize the voxelized geometric model with respect to
the u-CT, through three terms: a) the gray levels, b) the local directions and, c) the interpenetrations between yarns
(regularization term). Additionally, yarn paths were described manually by a given number of points, then interpolated
using B-splines, whereas it is not necessary for the yarn sections in the slices. Indeed, it is an expansion method
since they initialize the model with small ellipses which grow up just after a few number of iterations. Sinchuk
et al. [52] developed another variational approach consisting in finding an approximation of the initial image by
minimizing the Mumford—Shah functional, also defined by three terms: a) the distance between the initial image and

its approximation, b) an approximation of the smoothness within sub-regions and c) the total length of the edges.
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Over the past few years, deep learning (DL) approaches, mainly Deep Neural Networks (DNNs) have yielded a
new generation of image segmentation models with remarkable performance improvements on popular benchmarks
resulting in what many regard as a paradigm shift in the field [47, 23]. Most of these benchmarks include thousands
or even millions of training data, composed of images with their respective ground-truth annotation [29]. For our
application the annotations could be an “a priori” shape of each phase, in a given slice of the image stack, targeted
by the segmentation (e.g., yarn path and/or sections, porosities). The creation of initial datasets is an essential point.
Indeed, it could be a very time-consuming procedure and operator dependent, as labelling is usually provided by
manual annotations [24, 2, 52]. This novel semantic segmentation technique was proposed to separate weft, warp and
resin phases inside 2D [2, 52] and 3D [2] reinforcements. The authors explored convolutional neural networks like
U-Net [52] and Residual architectures [2]. In both cases only the in-plane slices were used for the training, leading to
some issues when the neural networks were applied to the 3D fabric. Moreover, U-net was also applied recently [6] to
perform a semantic segmentation of a rod-shaped SiC—SiC composite, identifying four material phases: fibers, matrix,
pores, and environmental barrier coating (EBC). Finally, in [37] a Mask R-CNN network was trained on synthetic
but realistic images generated by a U-net from simplistic labelling. By this two-steps approach, the authors achieve
instance segmentation of yarns represented as finite element meshes without the need of manual labelling. The present
paper also deals with the yarn segmentation problem as an instance segmentation. Two approaches are considered
here: morphological and deep learning methods. The studied textile is a 3D ply-to-ply interlock dry reinforcement.
CT-images of the same sample at two different compaction states are available and shown in section 2. The main ideas
of our morphological and deep learning segmentation approaches are detailed in section 3. Then, the study focuses on
the detection of yarn paths for both samples and the assessment of results are presented in section 4. Finally, to predict
the yarn envelopes without any prior manual annotation, the pseudo-labels provided by the morphological approach are

used as a dataset to train a deep learning model. Yarn section detections are shown in section 5, along with discussions.

2. Material

2.1. Tomographic volume of 3D woven fabrics

The 3D woven fabric studied in this work is a ply-to-ply angle-interlock, composed of carbon fibre yarns. Two
samples from this woven pattern were studied at two different compaction steps: an uncompacted state (Figure 1a), and
a half-thickness sample (i.e., 50% thickness of the initial uncompacted state), called compacted state (Figure 1b). Each
sample was scanned with a GE Phoenix-Xray tomograph at a resolution of 20um. The image size is 1698 x 1814 x 402
voxels for the uncompacted state (Figure 1a) and 1725 x 1545 X 255 voxels for the compacted state (Figure 1b). In

these dry preforms the background is significantly darker than warp and weft yarn gray levels.

S.Blusseau et al.: Preprint submitted to Elsevier Page 4 of 25



Instance segmentation of 3D woven fabric from tomography images by MM and DL methods

(a) Initial woven pattern (b) Compacted woven pattern

Figure 1: Images from high-resolution X-ray computed tomography of a 3D woven at two different compaction levels.

)%
%ﬁ

Figure 2: Ground truth yarn paths of the uncompacted dry preform (first row) and the compacted one (second row). Blue
stands for warp paths and orange for weft.

2.2. Data labelling

For both tomographies described in the previous section, the yarn path (i.e., the centers of the yarns) were available
thanks to a manual labelling. Indeed, each warp and weft yarn path had been created by first clicking the center point
of each yarn every 30 slices. The complete path was then interpolated by B-spline functions, as shown in Figure 2.
This labelling was used for supervised learning as well as for quality assessment in the learning-free morphological
approach. Note that for the uncompacted state (Figure 1a), 39 warp and 36 weft yarns were annotated. Concerning
the second sample, compacted state (Figure 1b), annotations are available for 32 warp and 36 weft yarns. Concerning
the contours of the yarn cross-sections, no labeling was available. Hence, we used the output of our morphological

segmentation (Section 5.1) as labeling to train a deep learning model.

3. Methods

3.1. General concepts
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3.1.1. Image segmentation goals

In this paper, we address two image processing issues. On the one hand, we aim at reconstructing the yarn paths,
that is to say their centerlines. This boils down to detecting the location of yarns in each slice and, from these locations,
inferring as many paths as there are yarns in the tomography. On the other hand, the second target is to segment the
yarns themselves by detecting their individual contours. This kind of tasks is known as instance segmentation, since
we do not only seek which pixels belong to a yarn, but also to identify that there are several instances of yarns in each

slice, and finally in the whole tomography.

3.1.2. Classical image processing and Mathematical Morphology

Image processing researchers and engineers design and implement algorithms to process images automatically.
These algorithms are meant either to improve the quality of images or retrieve information from them, or both. Among
many others, two tasks are often addressed by image processing: object detection and image segmentation. The former
consists in finding whether, and where, a given object appears in an image. The latter consists in splitting the image
into meaningful regions, also called segments, each segment corresponding ideally to one object.

Before the recent and impressive success of deep convolutional neural networks (see section 3.1.3), most image
processing specialists would try to define relevant features for the targeted task. For example, in the case of object
detection, they would model the object by a set of features that characterize it: shape, size, colors, texture and so
on. These features would be translated into filfers applied to images to enhance the sought information. This very
broad class of approaches is what we call here classical image processing, as opposed to Deep Learning based image
processing, where the relevant features (hence, the filters) are learnt automatically by a neural network.

Mathematical Morphology (MM) [50] is one of the mathematical theories applied to classical image processing.
Its particularity is to define non-linear filters based on two kinds of elementary operators: dilations and erosions. A
dilation usually spreads the bright pixels of an image over local neighbourhoods, while an erosion spreads the dark
pixels. Iterating these operators thus produces the diffusion of local maxima and minima of the image, allowing its
topological analysis. The watershed transform [8, 10, 46] is built on this principle and is one of the most important
contributions of Mathematical Morphology to image segmentation. Its main idea is to see an image as a topological
surface. The pixels’ coordinates stand for locations on the ground and their values for the elevation of the ground.
Then segments provided by the watershed transform are the drainage basins of this surface, and the contours of objects
should be the watershed lines. In this paper morphological methods will be presented, not only to be compared to, but

also to be combined with deep learning.
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3.1.3. Deep Learning for image processing

The first main step in the Deep Learning method is to train a dataset for the learning phase of the algorithm.
Let {(xg, ¥4)}1<k<n be a training dataset of pairs, where each x is a data-sample from an input space X' and y; its
corresponding label from the output space Y. In our case, the x; s are the slices of a tomography, like those of Figures
la and 1b, and the y,s are images of the same size where the yarn paths or the strands contours are highlighted.
Learning from these data consists in using the examples {(x;, ¥)}<x<, to build a parametric map ¢ : & — Y that
accurately predicts the label y, | of any new data sample x,, , thatis: y,,; = ¢(x,,1). ADNN, in its simplest form, is
a compositional map that may be written as ¢ 15 := f@(g@ ... fD(gM(X))) where each £ is a nonlinear function
called activation function and each g(¥) is usually an affine application defined by its weight matrix W) and bias vector
bD: gO(Y) = WOY 45" Here 0 denotes the set of affine parameters [W, bV, ... W@ p@)and f = [fD ... fD]
the set of activation functions. The composed application f®og") is what we call a layer of the network. The term
deep in DNN refers to neural networks with many layers, usually d > 2. As we can see from the equation above, the
output of a layer becomes the input of the following one, except for the input and output layers, which are merely the
input and output of the whole network. When the input of a layer is an image (or a stack of images) the linear part of
the layer’s affine transformation is actually a convolution, and therefore the matrix W) is fully determined by a small
number of parameters, called the convolution kernel. Such a layer is called a convolutional layer, and neural networks
including such layers are referred to as convolutional neural networks (CNNs) [28].

CNNSs can model complex non-linear relationships and have shown their goodness in different kinds of problems
such as automatic speech recognition, image recognition, natural language processing, among others [17]. However,
one of the fundamental points is the selection of an adequate architecture [16], i.e. the structure of composition between
layers: number of layers, dimension of each layer’s output, size of the convolution kernels, type of activation functions.
In the training process, we would usually tune the parameters 8 so as to minimise the difference between the labels (ideal
maps y;) and the CNN outputs (estimated maps y;, = ¢,(x;)) at any training instance x;, such that the difference goes
to zero as the number of samples N increases. For that, we define a loss function I/(yy, y;) that represents the difference

between the labels and the CNN output. In an ideal case, we would like to find 6* such that:

0" = argmin Ey,, ey, cy [l05s(i 9(x)] )

where Ey, cx,), ey denotes the expected value over all possible pairs of (x, y), which is impossible to calculate in most

of scenarios . However, we can compute an approximation, called empirical risk [54], by averaging the loss function
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Figure 3: First step of the morphological processing (either for the detection of yarn paths or the segmentation of yarns
cross-sections). (a) Input slice. (b) Thresholded image. (c) Result after suppression of horizontal strands.

on a large set of training examples (X, ¥ )1 <x<n>

N
0 =arg maln g(; loss(y, P(xi)). 2)

This minimization is usually done via stochastic gradient descent (SGD) [27]. SGD starts from a certain initial 6
and then iteratively updates each parameter by moving it in the direction of the negative gradient with respect to the
loss function. The computation of gradient with respect to the loss function is done via a direct application of the chain
rule in networks, called back-propagation [48]. The term stochastic in SGD indicates that a random small number of
training samples, called a batch is used in the gradient calculation. This reduces considerably the computational cost
of the gradient evaluation. Additionally, by the law of large numbers, this stochastic gradient should be close to the full
sample one, though with some random fluctuations. A pass of the whole training set is called an epoch. Usually, after

each epoch, the error on a validation dataset is evaluated and when it stabilizes the training is complete.

3.2. Morphological method
3.2.1. Detection of yarn centers

We first address the task of finding the yarn path, or roughly speaking the center, of each strand in each slice of
a tomography. This section describes a slice-by-slice method based on Mathematical Morphology (see Section 3.1.2)
and designed for this purpose, to be compared to the deep learning approach of Section 3.3.3. The next section extends
the present method to the segmentation of yarns cross-sections. The following algorithmic pipeline combines some
of the newest methods in Mathematical Morphology as well as more classical ones. It counts two main steps and is

applied to each slice independently (except for one regularization step).

Step 1 The first step consists in thresholding the slice and suppressing the horizontal yarns, as shown in Figure 3.
The threshold is set automatically by Otsu’s method [43]. The suppression of the horizontal components relies on the
anisotropy of the structure tensors of the grayscale image (Figure 4a). More precisely, an adaptive opening of this

anisotropy image is performed, as described in [12] (Figure 4b). This morphological filtering yields a mask of the
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TP T

| o ——
(a) (b) (c)

Figure 4: More details on the first step illustrated in Figure 3. (a) Anisotropy image corresponding to the input slice of
figure 3. (b) Adaptive opening of the anisotropy image, as described in [12]. (c) Binary mask of the horizontal strands
obtained by thresholding the opened image. The complementary version of this mask is applied to figure 3b to get figure
3c.

horizontal, elongated components (Figure 4c), which is subtracted to the original thresholded image to obtain a result
similar to Figure 3c. The actual result of this process is a slightly noisier image. Regularized masks like Figure 3c, are

produced by applying a median filter along the depth direction of the tomography, that is, across slices.

Step 2 The second step aims at recovering the barycenters of the yarns from a binary image like Figure 3c. This
is achieved through two sub-steps, which both rely on classical morphological processing [49, 11]. First, filling small
holes and removing small noise components, to get denser shapes like in Figure 5b. Second, separating touching yarns.
In the first one, a fill-holes filter is applied, then a closing, a fill-holes again, and an area opening to remove small
components. The resulting connected components are then of two types: those with “normal” size for a yarn, and those
too large to be a unique yarn. In the first case, the yarn paths of the corresponding yarns are simply the barycenter
of the connected component. In the second case, the distance function of the large connected component is computed
(Figure 5c). The distance function of a component assigns to each of its pixels the distance to the background, that
is, to the complementary of the component in the image. When a large component is composed of several touching
yarns, a bottleneck usually appears near the edge between two yarns. The distance function is therefore lower in this
area than in the center of a yarn. Hence, the barycenters of touching yarns can usually be recovered by selecting the
pixels where the maxima of the distance function are achieved (Figure 5d). For the moment this was applied only to
the uncompacted woven pattern presented earlier, because the first step of the method, which is crucial, does not work

as well on compacted patterns.

3.2.2. Segmentation of yarn sections

For the segmentation of yarns, our morphological approach is very similar to the one described in section 3.2.1 for
the detection of yarn paths, as only the final steps differ. The first step is unchanged, and produces an output like figure
3c, from figure 3a as input. The second step also starts the same way, in order to get a binary mask of yarns like figure

5c.However, we are now interested in recovering the outlines of the yarns from that binary mask. When dealing with
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(b) (c) (d) ()

Figure 5: Second step of the morphological detection of yarn paths. (a) Result of the previous step, as in Figure 3c, showing
touching yarns. (b) Result of the morphological processing (fill-holes and closings) for the same crop. (c) The distance
functions of the connected components that are too large to be single yarns. (d) Significant maxima of the distance
function. (e) Barycenters of the regional maxima found in (d), as detections of the corresponding yarns. Note that the
center of the remaining yarn, not marked in (e), is simply recovered as the barycenter of the corresponding component in

(b).
—
i —
————
(a) (b)

Figure 6: Second step of the morphological segmentation of yarns cross-sections, for figure 3a as input. (a) Labelling
of yarns after morphological processing (fill-holes and closings) of figure 3c. (b) Distance functions associated with each
yarn. Brighter pixels indicate larger distances to the background. (c) Computed outlines of yarns with the morphological
approach.

components with “normal” size for a yarn, the corresponding outlines are simply the pixels at distance one from the
background (that is, pixels with value one in the distance function). Otherwise, connected components that are too large
to be unique yarns are split apart by applying the watershed algorithm [9, 10] on their reversed distance functions, using
as markers those detected by the method described in section 3.2.1. The overall result is a set of labelled components,
each one corresponding to one yarn (Figure 6a). A convenient way to encode simultaneously the outline of the yarns
and their ownership (in the case of touching strands), is to represent these components by their distance functions, as
in figure 6b. Indeed, recall that the distance function of a strand assigns to each pixel the distance to the background,
that is, the complementary of the strand in the image. Hence, by selecting the pixels at distance one, we recover the
outline of the strand, as shown in figure 6¢. At the same time, the distance function increases as we progress inside
the strand until its centre, characterized by a local maximum of the distance function. Therefore, the distance function
provides the outlines of objects as well as the objects they belong to. This is why we use this representation to train a

deep neural network to segment strands, in section 3.3.4.
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Figure 7: Architecture of U-net used for the yarn paths detection. The number of filters per layer is indicated.

3.3. Deep Learning method
Like in the morphological case, we first address the task of detecting the yarn paths and subsequently extend the

approach to the segmentation of the strand section.

3.3.1. Architecture

For the different tasks presented here, a Deep Convolutional Neural Network (DCNN) architecture, called U-
net [47], which was originally designed for biomedical image segmentation was used. The U-net architecture was
originally designed for biomedical image segmentation and has become very popular for its impressive performances.
A U-net maps an input image to an output image expected to show a segmentation of the input. As shown in figure
7, the computations performed by a U-net follow two main steps. In the first step, it keeps extracting and combining
features from the input image while reducing the spatial resolution by pooling filters at each layer. This is called the
contracting path. In the second step, called expansive path, it increases back the resolution using the accumulated
features to produce a new image of the same size as the input, where only the desired objects should be highlighted.
More precisely, for the yarn paths detection task, The contracting path consists of the repeated application of two 3 X 3
convolutions with a rectified linear unit (ReLU) activation and a 2 X 2 max pooling operation for downsampling. At
each downsampling step we have doubled the number of feature channels. Every step in the expansive path consists
of an upsampling of the feature map followed by a 2 X 2 convolution (“up-convolution”) that halves the number of
feature channels, a concatenation with the correspondingly cropped feature map from the contracting path, and two
3% 3 convolutions, each followed by a ReLU. In total our architecture has 490,993 parameters. For the segmentation of
the cross-sections, the architecture was almost the same except that the first layer contains four filters instead of eight,

and the last layer was a 1 X 1 convolution instead of a softmax layer as in figure 7.
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Figure 8: lllustration of the training protocol in the deep learning approach. (a) Partition of a tomography into training,
validation and test slices. (b) Set of random patches superimposed on a slice.

3.3.2. Training Protocol

One of the challenges we faced to apply the deep learning approach is that we only dispose of two 3D images with
their corresponding ground-truth, the yarns centers (see section 2). Hence, our training protocol is designed to avoid
model over-fitting. First, we propose to extract squared 2D patches with a random center position (see some examples
in figure 8b). The goal of random crops is to both prevent the selection bias and the redundancy of the data. We argue
that allowing the overlap is essential for the network to learn features shared between patches. Second, we use one
direction (warp or weft) during training and leave the other one for testing, as illustrated in figure 8a. The direction
used for training is itself split into training and validation slices. More specifically, the fraining set is composed of
10000 patches randomly selected from two thirds of the slices in one direction, and the validation set is composed of
1000 patches randomly selected from the remaining third in the same direction. When not specified otherwise, training
and test are run on images of the same level of compaction, but a mix can be done as we will see in section 4.3.2.
During training, at the end of each epoch, the current state of the model is evaluated on the training set to give an idea
of how well the model is learning, then the evaluation on the validation set tells how well the model is generalizing.
As we have explained in section 3.1.3, the training is stopped when the error on the validation set does not reduce
after some epochs [44]. Additionally, we run the training process on a single NVIDIA Titan XP GPU using ADAM
optimizer [26], with a mini-batch size of 64 and a learning rate of 0.001. In the sequel, we applied this procedure
to both compacted and uncompacted woven patterns simultaneously for the yarn paths detection (Section 3.3.3), and
to the uncompacted pattern only for the segmentation of cross-sections (Section 3.3.4). Obviously, we note that after

training, the deep learning model can be applied to any tomography slice.

3.3.3. Detection of yarns centers
Ground truth and labels: For this task, we had the necessary ground truth for supervised learning, namely the
coordinates of the yarn paths in each slice (see section 2.2). These coordinates were translated into binary images where

the yarn paths were marked by white squares, as shown in Figure 9. The neural network was thus trained to map a 2D
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Figure 9: Left: Input patch. Centre: Ground truth markers. Right: Output by the U-net in an early learning stage.

input image showing strands, to an output image where the yarn paths were marked in white on a black background.
Loss function: A performance measure commonly used for evaluating segmentation masks is the Jaccard index , also
called the intersection-over-union (IoU) score [45]. In the case of a binary ground truth image y and its gray-scale

estimation , this can be written

e+ 2 ylil - 3lil
e+ XN 1 + 5Ll =yl - 51D

J».y) = 3)

where y[i] and J[i] denote the values of images y and J at pixel i, N is the number of pixels in each image, and €
is a very small number preventing division by zero. Accordingly, the corresponding loss function to be employed in

empirical risk minimization (2) is loss(y, ) :=1—J (3, ).

3.3.4. Segmentation of yarns sections

The protocol followed here is very similar to the one in the detection of yarn paths. The training and validation
sets are generated the same way. Ground truth: Contrary to the case of yarn paths, no ground truth was available
for the outline of yarns. Indeed, such labelling is much harder and time consuming. Hence, in principle, supervised
learning was not possible. However, during the tests on yarn paths we noticed that in an early learning stage the U-net
would learn to roughly locate strands by extended markers more similar to the strand shapes than the small ground
truth markers (see right hand image in figure 9). This observation raised our hope that the designed model was capable
to learn the actual shapes of strands. We did not have any ground truth labelling of the strands outlines but we made
the hypothesis that, if given an approximate segmentation of strands as ground truth, the U-net could learn to perform
accurate segmentations provided the approximate labelling was unbiased. We chose to use as approximate labelling,
that we will call pseudo-labelling, the output of the morphological pipeline described in section 3.2.2. Hence, the label

images used to train the network here were the distance functions of yarns, as shown in figure 6b. Loss function: Here
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the loss function is not the Jaccard index anymore but the mean square error (MSE):

N
loss(y. ) = - 20111 = $UiD? 4
i=1

where N is the number of pixels in the input y and output . Here y is an input slice and j the distance function used

as a label (Figure 6b).

3.4. Post-processing: identification of yarn paths from independent detected points

The aim of this section is to determine the path of each yarn from the point clouds given by either the morphological
or the deep learning detections of yarns centers (Sections 3.2.1 and 3.3.3). Indeed, note that since the predictions of
the yarn centers or sections are made in each slice of the tomography independently, the labels of yarns have to be
reconstructed further. As we will see in section 4 (see for example figures 11 and 12), most detected points are close to
the actual yarn paths but some false positives and negatives detections also occur. Hence, we propose a post-processing
of the output point clouds in order to recover the yarns paths and remove false positives. This procedure counts two

main steps:

1. tracking: identifying candidate clusters of points to be yarn paths, and

2. parametric modeling: fitting each cluster with a parametric function.

1. Tracking: This first step consists in building tracks, that is to say sequences of detected points that are likely to
belong to the same yarn. A track is initialized by one detected point in one slice, and extended forward and backward
by points from subsequent and previous slices, complying with a smoothness criterion. To illustrate this step, let’s detail
one forward extension. Consider an incomplete track [py. ..., p,], where each point p; is identified by its coordinates
(x;, ¥;, z;), the last coordinate z; denoting the slice to which the point belongs and (x;, y;) its 2D coordinates within
the slice. Suppose we want to extend the track to a point from a subsequent slice s indexed by z* > z,. We denote
by p* = (x*, y*, z*) the closest point to p, in s and define d X = |x, — x*|,dY = |y, — y*|,dZ = |z, — z*|. Then
p* is appended to the track (that is, p,, | < p*)if \/m < min(ad Z, p,,,) for some parameters a > 0 and
Pmax > 0. This means p* needs to fall within the intersection of a cone pointing on p, and of slope a, and a cylinder
of central axis z, and radius p,,,,. If this condition is not fulfilled by any point in s, then we look further for one in a
subsequent slice. The range of subsequent slices to search (step, furthest slice) may vary. If no extension is found in
this range, then the forward tracking is over. The backward tracking works in the same way. By changing the initial
point and the range of subsequent (or previous) slices, we manage to build many tracks and with high probability the

desired yarn paths are among them.
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2. Parametric modeling: Among the set of tracks built in the previous step, some may be redundant (i.e. there
might be several tracks for the same yarn) and others may be wrong, in the sense that they might not follow a yarn
path. The goal of this step is to keep only accurate, mutually different tracks, using as criteria their fit to a parametric
model which is expected to suit yarns paths. Visualizing the tomography should tell what model seems realistic. In
the images considered here, the yarn path vary like sinusoids in one dimension (height) and are almost constant in the

other (width). Therefore we solve for each track [py, ..., p,] two least squares problems:

n K 2
¥ . 2k . 2kxm
(ags ... > ag by, ..., bg)" = arg ... dmn Z <yi —ap— Z [a cos(—r=2;) + by SIH(TZi)]>

by,....b
05+ QK 0150045 K) P k=1

and

n N 2
(cgs---scn)* =arg min )Z <xi—2csz.‘> ,

(€o---en k=0
where the period T, the number K of harmonics and the degree N of the polynomial are parameters to set. Only tracks
achieving a small mean squared error for these two problems are kept. Besides, comparing the best fits of two tracks
allows us to tell whether they correspond to the same yarn path or not. For instance, figure 10 shows two examples of
yarn tracks (in blue) and their parametric fits (in orange). The polynomial’s degree is N = 3, the number of harmonics
is K = 2 and the period is T = 1600. Note that the left hand track (Figure 10a) is discarded because of its poor fit to the
sinusoidal model in the height dimension, whereas the right hand track is kept (Figure 10b). In the latter, the parametric
model is somehow a smoothed version of the track built on the initial noisy output. If one iteration of this process does
not provide an adequate parameterization of all the yarn paths, it is possible to remove from the initial point cloud the
points associated with the found fibers, and repeat the tracking and parametric modeling on the residual point cloud.
As we will see in section 4, the initial point clouds output either by the morphological or deep learning method are
more or less noisy. When the point cloud is accurate enough, the model based post-processing may converge in one or
two iterations. When it is noisier, this may take a few more iterations, including a user interaction to select the correctly

found yarn paths before computing the residual point cloud.

4. Results on the identification of neutral fibres

4.1. Quality assessment

For each of the methods presented earlier on the detection of yarns centers (Sections 3.2.1 and 3.3.3), the output
is a set of coordinates representing the points detected as part of the neutral fibers in the tomography. We will call this
set the output point cloud. We compare the output point cloud to the ground truth neutral fibres marked as another
set of points, referred to as the ground truth point cloud. A ground truth point is considered as detected if at least one

output point is close enough to it. Proximity is measured by the Euclidean distance in three dimensions. The threshold
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Figure 10: Two examples of tracks (in blue) and their parametric fits (in orange).

defining detection is 25 pixels. Finally, as the performance of a method is given by its ability to detect just the neutral
fibres and no other object, we consider two quantities, precision and recall. The recall is the proportion of ground truth
points that are detected by the methods, while precision is the proportion of true positives among the output point

cloud. Both are numbers between zero and one, and the closer to one the better. From these two measures a unique

1=2. precision-recall

score called F1 score is computed as follows F — .
precision+recall

Again, the closer F1 to one, the better.

4.2. Results on the uncompacted dry preform
4.2.1. Morphological approach

Table 1 sums up the results of the morphological approach in terms of recall and precision. Figure 11 is a 3D
visualization of the detected points and their filtered version after post-processing (tracking and parameterization).
Although the raw results are already very satisfactory, the post-processing allows to remove most false positives, as
the improvement of precision shows. Additionally, it offers an identification of entire neutral fibres along the volume
(hence the yarns paths), instead of independent points. Note that in both warp and weft directions, some neutral fibres
were accurately reconstructed near the edges of the tomography although they were not labelled in the ground truth.

They were discarded in the computation of precision, not to undermine it unfairly.

4.2.2. Deep learning approach

The results of the deep learning approach are presented in the same manner as in section 4.2.1. Recall and precision
before and after post-processing are reported in Table 2, and the corresponding point clouds are shown in Figure
12. Comments on these results are very similar to those on the morphological approach (see section 4.2.1). Again,
post-processing improves mostly the precision and allows the identification of distinct neutral fibres throughout the
tomography. As previously, the detected neutral fibres that were not in the ground truth (although they do appear in

the tomography) were not included in the recall and precision computation.
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Warp Weft Both warp and weft

Figure 11: Points detected on the uncompacted dry preform by the morphological method (first row), and result after
post-processing (second row). The latter can be compared to the corresponding ground-truth in the first row of Figure 2.

Warp Weft Both warp and weft

Figure 12: Points detected on the uncompacted dry preform by the deep learning method (first row), and result after
post-processing (second row). The latter may be compared to the corresponding ground-truth in the first row of Figure 2.

4.3. Results on the compacted dry preform
4.3.1. Morphological approach

On the tomography of the compacted dry preform, the morphological approach does not perform as well as in the
uncompacted case. This is due to the suppression of transverse yarns (as illustrated in the uncompacted case in Figure

3), which is not very accurate here. As we can see in Figure 13, the output point clouds are a lot noisier. This leads
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Table 1 Table 2
Results of the morphological approach on the uncompacted Results of the deep learning approach on the uncompacted
dry preform, before and after post-processing. dry preform, before and after post-processing.
Warp Weft Warp Weft
Raw  Post-proc. Raw Post-proc. Raw  Post-proc. Raw Post-proc.
Recall .983 .984 .979 .990 Recall .980 .996 .979 .987
Precision .916 .984 .879 .982 Precision  .959 .996 962 .987
F1 score .948 .984 .926 .987 F1 score .969 .996 971 .987

Warp Weft Both warp and weft.

Figure 13: Points detected on the compacted dry preform by the morphological method. The quality of these point clouds
are too low to automatically recover the neutral fibres with our post-processing method.

to low precision levels, as shown in Figure 4. From these raw point clouds, the post-processing procedure described
in Figure 3.4 needs significantly more iterations and user interactions to recover parametric neutral fibres. Therefore,
we choose not to present the results of this post-processing step as it does not really correspond to a semi-automatic

method.

4.3.2. Deep learning approach

In a first attempt to apply our deep learning approach to compacted dry preform tomography, we used as training
data images from the same tomography but orthogonal direction with respect to the test direction (that is, we sampled
patches from the weft direction and tested on warp or the other way around). The results in terms of precision and
recall are presented in Table 3. They are significantly better than those of the morphological approach, but still not
good enough to recover good performance after post-processing. In particular, the drop in recall is explained by the
fact that the post-processing removes correctly detected points if they are not sufficient to recover the whole yarn path.

Therefore, we tried to add images from the non-compacted preform tomography, but still the orthogonal direction,
to the training data. This improved significantly the quality of the raw output point clouds, as shown in Table 5. From
the visualization of figure 14, top row, it appears that it is still quite noisier than for the initial uncompacted state. The
post-processing step needed therefore a few more iterations and user interactions than with the uncompacted pattern,
but the process still converged quickly. The final results after pre-processing, shown in figure 5 still need to be improved

in the weft direction, where we still get a drop in recall for the reasons explained earlier.
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Table 3

Results of the deep learning approach, before and after post-processing, on the compacted dry preform. Training: on the
compacted pattern, orthogonal direction.

Warp

Warp Weft
Raw  Post-proc. Raw Post-proc.
Recall .949 .839 .854 710
Precision  .851 .927 .782 .857
F1 score .897 .881 .817 77

Weft

Both warp and weft.

Figure 14: Points detected on the compacted dry preform by the deep learning method (first row), and result after

2.

Table 4

Results of the morphological approach on the compacted
dry preform. Because of the law precision levels, the proposed
post-processing is inefficient and no results are reported here.

Warp Weft
Raw  Post-proc. Raw  Post-proc.
Recall .903 - .825 -
Precision  .752 - .679 -
F1 score .821 - .745 -

post-processing (second row). The latter may be compared to the corresponding ground-truth in the second row of figure

Table 5

Results of the deep learning approach, before and after
post-processing, on the compacted dry preform.
Training: on both compacted and uncompacted patterns,
orthogonal direction.

Warp Weft
Raw  Post-proc. Raw  Post-proc.
Recall .980 .983 .895 .799
Precision  .901 .985 .824 .829
F1 score .939 .984 .858 .814

5. Results on the segmentation of yarn cross-sections

In this section we present the results obtained by both morphological and deep-learning approaches in the

segmentation of yarns cross-sections. As explained earlier, so far the morphological segmentation was successfully

achieved only on the uncompacted pattern, and the deep learning model could be trained only with the pseudo labels

provided by the latter method. Hence, the segmentation results presented here only concern the uncompacted pattern.
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Figure 15: Instance segmentation of yarns by the morphological pipeline (crops from two different warp slices). The coloured
lines are the found yarns outlines, corresponding to the distance functions shown on the left. Each color corresponds to a
unique yarn throughout the tomography.

Regarding their quality assessment, it can only be made based on visual inspection, as we lack a real ground truth for
this task. All the segmentation results are made available online, as indicated in the next subsections. Note that both

approaches provide high resolution contours, contrary to [37] where the output is a finite element mesh.

5.1. Results of the morphological approach

Figure 15 shows the results of the morphological segmentation of yarns cross-sections for two slices. Note
that in the images where the found contours are highlighted, each color corresponds to a unique yarn throughout
the whole tomography, yielding a 3D instance segmentation. This was made possible by the parameterization of
neutral fibres described in Section 3.4. We used the parameterized neutral fibres obtained from the morphological
detections not only to ensure 3D consistency in the instance segmentation, but also as markers in the watershed
transform allowing us to distinguish between touching yarns. For a visualization of the results on all slices, we pro-
vide the two following videos: https://drive.google.com/file/d/15rnxb1E4naZGX62geFAEdJ8929YnFxul/
view?usp=sharing (warp) and https://drive.google.com/file/d/1bTSWTsSUDLg1I0IR]j792h4xqxpMIP- _
M/view?usp=sharing (weft). For a frame by frame examination, the corresponding sequences of slices can be found
here: https://cloud.mines-paristech.fr/index.php/s/mFxfUt2NDYwLKI5. It appears that the labelling of
contours (and the associated distance functions) is satisfactory in most cases, but the edges between touching strands

are somewhat approximate and unstable.

5.2. Results of the deep learning approach

As described in Section 3.3.4, the labels used to train a U-net to segment yarns were the distance maps
produced by the morphological method. We observe that the model does learn to compute an output similar to a
distance function. A simple thresholding allows recovery of the connected components associated to the yarns, and
therefore most contours except those separating touching strands. The latter are computed thanks to a watershed
transform on the inverse of the output image, with the parameterized yarn paths of section 3.4 (those extracted

by deep learning) as inner markers. In many cases the model seems to better approximate the shapes of touching
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Figure 16: Instance segmentation of yarns by deep learning, shown on crops of two warp slices (after training on weft slices).
The coloured lines are the found yarns outlines, corresponding to the deep U-net's output shown on the left, which look
very similar to distance functions. Each color corresponds to a unique yarn throughout the tomography. For comparison,
the input slices are the same as in Figure 15.

Figure 17: Comparison of morphological and deep learning results on a low quality warp slice of the uncompacted preform
(the U-net was trained on weft slices). The two leftmost crops are the output of the morphological pipeline and the
corresponding yarns contours. The two rightmost images show the output of the deep neural network and the corresponding
contours, on the same crop. We can see the better robustness to artifacts of the DNN compared to the morphological
pipeline.

strands, and is more robust to artifacts. Two examples of results are shown in Figures 16 and 17, and the whole
results are presented in two videos available at the two following urls: https://drive.google.com/file/d/
10d_eEWhBbpz8Z1Q4uoTLOAZq6t-4j9kz/view?usp=sharing (warp) and https://drive.google.com/file/
d/1Sm_W6eal04PYupmgtu-q0-17YbRNS8C06/view?usp=sharing (weft). For a frame by frame examination, the
corresponding sequences of slices can be found here: https://cloud.mines-paristech.fr/index.php/s/

mFxfUt2NDYwLKIb.

6. Discussion and conclusion

In this paper we have presented two image processing frameworks aiming at extracting the yarns paths and their
envelopes from y-CT tomographies of a dry 3D ply-to-ply angle-interlock fabric, producing an instance segmentation
of yarns. One method is based on mathematical morphology and the other on deep learning. Regarding the extraction
of paths, both morphological and deep learning approaches performed very well on a non-compacted pattern, but
only the deep CNN output allowed to reach good results on a compacted pattern, after a training phase on mixed data

(compacted and uncompacted images). This seems to advocate in favour of deep learning in this very hard case, even
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though we suggest that a morphological (or other kind of) pre-processing of the data before training may help improve
the deep learning performance.

Regarding the segmentation of yarns, only a qualitative assessment can be made as no manual labelling was
available. Based on visual inspection, it seems that the morphological approach produces very satisfactory results
on the uncompacted pattern although the accuracy should be improved where yarns are in contact. On this same task,
we used the morphological output to train a deep learning model. From this experiment we can draw two important
conclusions. First, a deep architecture such as U-net can learn to approximate the distance function of the yarns cross
sections, which indicates that the distance function is a suitable labelling for such a supervised learning algorithm
on this task. Second, on a visual basis, the U-net seems to perform at least as well as the morphological algorithm it
learnt from. In particular, it behaves better at the edges between touching yarns and in slices affected by artifacts. This
shows that deep learning may be used successfully even without a manual labelling of data, provided we can produce
an automatic good quality pseudo-labelling.

In future works, we shall focus on the difficult issue of highly compacted fabrics. Indeed, the detection of yarns
centers can still be improved and the segmentation of yarns cross sections is not satisfactory yet. To achieve a good
quality pseudo-labelling, several strategies may be explored, such as pre-processing to regularize the data. More a
priori information on the shape of yarns and the expected woven pattern, can also be exploited. Furthermore, the deep

learning models we trained may be better adapted to compacted patterns through data augmentation strategies.
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