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Abstract

Imaging with X-ray computed tomography (CT) enables non-destructive 3D

characterisations of the micro-structure inside fibre composites. In this paper

we validate the use of X-ray CT coupled with image analysis for characteris-

ing unidirectional (UD) fibre composites. We compare X-ray CT at different

resolutions to optical microscopy and scanning electron microscopy, where we

characterise fibres by their diameters and positions. In addition to comparing

individual fibre diameters, we also model their spatial distribution, and com-

pare the obtained model parameters. Our study shows that X-ray CT is a high

precision technique for characterising fibre composites and, with our suggested

image analysis method for fibre detection, high precision is also obtained at

low resolutions. This has great potential, since it allows larger fields of view

to be analysed. Besides analysing representative volumes with high precision,

we demonstrate that based on our methodology for individual fibre segmenta-

tion it is now possible to study complete bundles at the fibre scale and reveal

inhomogeneities in the physical sample.
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1. Introduction

Imaging is an important method for characterising the micro-structure of

materials. Characterising a material requires measurements of the size and

shape of material features, and this often involves an automated image analysis

method. Therefore, the image-based characterisation of a material’s micro-5

structure can be seen as a coupling of the imaging system and the image analysis

method.

Some imaging modalities, like optical microscopy (OM) and scanning elec-

tron microscopy (SEM), directly depict the surface of the imaged sample. Other

modalities produce the image indirectly, and X-ray micro-CT (computed tomog-10

raphy) is such a method. Here the attenuation of X-rays penetrating a sample

is measured, and a volumetric image is reconstructed from multiple measure-

ments. Since the reconstruction model can introduce artefacts, it is important

to determine the accuracy of the measurements obtained from X-ray CT.

X-ray CT has shown to be useful for characterising the micro-structure of15

fibre composites [1], and the resolution of X-ray CT images allows for studying

fibre bundles or individual fibres in 3D [2]. Current X-ray micro-CT labora-

tory scanning systems produce volumetric images of 10003–20003 voxels, often

depicting more than 10000 distinguishable fibres, and synchrotron imaging can

give volumes containing more voxels. Automated image analysis methods are20

required to obtain quantitative information from such images.

With sufficient resolution it is possible to characterise individual fibres, which

typically involves a segmentation of the fibre to estimate its position and diam-

eter. Individual fibre segmentation poses several challenges. In composites with

high fibre volume fractions (FVFs) the fibres are touching, so it can be diffi-25

cult to distinguish them in an image. Image noise also makes it challenging to

automatically segment fibres, and reducing the noise in the image acquisition

process requires longer scan times. These challenges become more pronounced

when reducing the spatial resolution to include more fibres in the scanned vol-

ume.30
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X-ray CT imaging systems give some freedom in choosing the spatial reso-

lution of the recorded data, within the limits determined by the scanning setup.

However, there is a trade-off between the size of the imaged volume (field of

view) and pixel size (spatial resolution) which relates to the size of the small-

est distinguishable features. Increasing the field of view will reduce the spatial35

resolution. For this reason, it is important to investigate the accuracy of the

combined X-ray CT acquisition and analysis pipeline across resolutions.

Assessing the precision of a scanning system can be done using a physical

reference object (phantom), with known geometry and material properties, that

is similar to the target material. An example of validating the precision of X-40

ray CT scanning with a physical phantom was shown in [3]. Their approach

used a simple threshold-based analysis. In our investigation such a phantom

should resemble geometry of fibres, and producing such an object is difficult.

Alternatively, the size of the fibres can be compared with the results obtained

by a system that is more precise than micro-CT, which is why we use OM and45

SEM.

Employing virtual computerised phantoms, composed of artificially created

images, will provide a ground truth reference for the measurements, and this

has been used in e.g. [4, 5, 6]. Typically, it is difficult to make a virtual phantom

that resembles the imaging system accurately enough to assess the precision of50

the image analysis method over the specific scanning technique, in this case

micro-CT scanning. Another method for validating a quantification pipeline

(scanning technique and image analysis method) is to compare obtained mea-

sures to derived physical parameters, as shown in [7, 8, 9].

Studies for evaluating different tomographic techniques for characterising55

defects in composites have been performed in [10, 5, 11]. These studies focused

on porosity in composites, and have been carried out on images where individ-

ual fibres are not resolved. Nikishkov et al. [12] also performed void geometry

quantification using X-ray CT, and they validated their approach through mi-

croscopy measurements.60

Methods for segmenting densely packed UD fibres individually have been
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presented in [13] for a relatively small field of view and in [14] for a much

larger field of view. They both carried out finite element simulations based

on the segmented fibres. However, these methods were employed for scans of

relatively higher resolution with more pixels covering each fibre compared to65

the capabilities of our method. The average fibre sizes and pixel sizes reported

in [13, 14] give fibre diameters around 15 pixels whereas our low-resolution scan

has an average diameter of 6 pixels, which allows approximately six times more

fibres to be analysed for 2.5 times longer fibres. This significantly larger number

of fibres allows a more representative analysis. Segmenting individual fibres70

with high precision from low-resolution X-ray scans is necessary to facilitate

representative and accurate characterisations of the micro-structure inside UD

composites.

In [4, 8] we presented a model for fibre segmentation that can handle low-

quality scans containing many fibres. This method can deal with reduced con-75

trast between material phases. Hence, it is robust to noise [15] and, as shown

in [8], it is able to segment both glass and carbon UD fibres individually. In the

current paper we are now demonstrating that it allows precise segmentation of

fibres from low-resolution scans. The method characterises fibres in 3D with fi-

bre ”trajectories”, centre lines connecting the 2D centre coordinates that belong80

to the same fibre. In [8] the method was used for measuring individual fibre

orientations and relating these to the compression strength of the material. In

the current paper we use this segmentation method for estimating the diameter

and position of fibres to compare the measurements obtained from micro-CT

scans to those obtained from high-resolution SEM and OM images fibre by fibre.85

In our validation study, we compare the results obtained from laboratory

X-ray CT (XCT) at three resolutions, synchrotron radiation CT (SRCT), OM

and SEM images. The fibre diameter measured in pixels in the SRCT and high

resolution XCT is in the same range as the analysis in [13, 14] whereas the mid-

and low-resolution scans have fewer pixels per fibre diameter. This allows us to90

investigate how the loss in resolution affects the estimates of fibre diameter and

position, hereby assessing the degradation of the image analysis methods when
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increasing the imaged field of view.

We employ SEM and OM as reference for the validation. Since SEM and

OM images are obtained from a polished surface of the fibre sample, imaged95

orthogonal to the fibre direction, we can compute the fibre diameters with high

precision, by modelling fibres as circles. The OM and SEM images are of very

high spatial resolution with between two and fifteen times more pixels per fibre

diameter than the X-ray CT scans.

Our proposed validation strategy is based on a statistical analysis of the cor-100

relation of the fibre parameters and their spatial distribution obtained using the

different scanning modalities and two image analysis methods, our probabilistic

algorithm for individual fibre segmentation and the circular Hough transform,

that is well suited for recognising circular structures.

2. Materials105

This study is based on imaging a non-crimp fabric (NCF) glass fibre rein-

forced polymer. A detailed description of this type of composite is given in [16].

We could have also used other types of unidirectional (UD) composites, such as

composites manufactured using filament winding, pultrusion or pre-preg, and

even composites based on carbon fibres.110

In the specific NCF, glass fibres are arranged in bundles. The load-carrying

part of the composite is made of UD fibre bundles that are stitched on backing

bundles. Figure 1 shows the sample with the imaged surface marked in green

and the imaged volume delineated with a red box. The investigated fibres are

from the UD part of the composite. This fibre composite is specified to have115

approximately 4000 fibres per bundle, an overall fibre volume fraction (FVF) of

57% and an average fibre diameter of 17 µm.

For the SEM image to be acquired a thin layer of gold was added to the top

of the sample, which was polished away after scanning. The XCT images were

obtained by scanning the sample in a laboratory X-ray CT scanner (Carl Zeiss120

Versa 520) at three different resolutions, and the SRCT scan was acquired at

5



Figure 1: Glass fibre sample mounted for CT scanning. The volume outlined by the red box

has been CT-scanned, and the top surface in green has been imaged using SEM and OM.

the synchrotron ESRF (European Synchrotron Radiation Facility, ID19). For

XCT and SRCT the volumetric images were obtained indirectly by computing

the image using reconstruction methods. The reconstruction for the lab-based

XCT was performed with the software provided by the scanner supplier and for125

the SRCT image the filtered back projection algorithm was employed1.

Table 1 lists the pixel/voxel sizes reported by the instruments, which deviate

a little from those measured by comparing the images. Therefore, the image-

based measured pixel/voxel sizes relative to the OM image are also given in

Table 1. These were obtained through the image registration process described130

in Section 3.1.

Images from the six scans employed in this study are shown in Fig. 2 after ini-

tial alignment of the images. The different images have a very different amount

of pixels per fibre, which is easier to see in the digital version of the images or

in Fig. 4. The region employed for our validation study contains over 700 fibres135

in the UD bundle and its size is approximately the size of the images in Fig. 2,

of length 1.02 mm and width 0.42 mm. Additionally, the distribution of fibre

diameters was investigated across the full bundle, covered completely by the

1The data files for the six scans will be available as a data-in-brief article
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Table 1: Instrument reported and measured pixel/voxel sizes for the different scans.

Scan Reported Measured

SEM 0.1852 µm 0.1882 µm

OM 0.2908 µm (reference)

SRCT 0.6500 µm 0.6440 µm

XCTH 1.0376 µm 1.0356 µm

XCTM 1.6856 µm 1.6835 µm

XCTL 2.8059 µm 2.8082 µm

low-resolution X-ray scan, and containing thousands of fibres. The bundle has

an approximate length of 3 mm and a width of 1 mm. For the three-dimensional140

modalities, 60 slices in a depth of 0.6 mm were analysed. This depth is shown

in Fig. 1 to illustrate how much of the sample was included in the analysis.

3. Methods

To get an impression of the 3D structure of the sample, Fig. 3 shows a

3D rendering of the high-resolution XCT scan. Since we have cross-sectional145

images, fibres are modelled as circles, each of them defined by a centre point

and a diameter. These parameters are obtained by image segmentation.

3.1. Fibre segmentation and matching

Two image analysis methods were used for extracting fibre parameters, the

circular Hough transform [17, 18] and our probabilistic feature labelling method,150

which we have used for fibre detection in [8, 4].

The circular Hough transform is a two stage algorithm [17, 18]. In the first

stage an edge image is computed, and in the second stage circles are matched

to the edge image through a voting scheme. The algorithm we use has three

parameters including an edge parameter, determining when a pixel is considered155

an edge pixel, a sensitivity parameter, determining when a circle is detected, and
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(a) OM image. (b) Low resolution XCT image.

(c) SEM image. (d) Mid-resolution XCT image.

(e) SRCT image. (f) High resolution XCT image.

Figure 2: Aligned images from all six modalities to illustrate the region of interest employed

for our validation study. The number of pixels covering each fibre varies significantly between

modalities, and this can be better seen in Fig. 4 or in the digital version of the images.

a parameter giving a circle diameter range. In the employed implementation, the

diameter range is given as integers, which especially for low resolution images

will give a coarse approximation of the fibre diameters. To obtain a higher

precision in the diameter estimation, we up-scaled the CT-scanned images using160

linear interpolation. The SRCT and high-resolution XCT were up-scaled with

a factor 2, the mid-resolution XCT with a factor 3 and the low-resolution XCT

with a factor 4. Additionally, the sensitivity parameter was adjusted to find all

fibres in the set used for the comparison.

The probabilistic feature labelling is a general method that we have de-165

veloped for detecting repetitive image features [15, 8, 4]. The method detects

repetitive image features through a learning scheme based on limited user input,

and here we use it for detecting fibre centre points. This detection returns an
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Figure 3: Visualisation of fibres in the high-resolution XCT scan.

image where each pixel has a probability of being a centre point. To compute

the centre coordinates, the probability image is thresholded and the average170

position of each connected component gives the centre position of the fibre.

After detecting the centre points, diameters must be computed. Since the

employed UD fibres are very dense, it is reasonable to assume that fibres are

in contact. Thus, for our volumetric CT scan, we compute for each fibre a

diameter at every 2D slice as the distance to the closest fibre. Then, we average175

the 2D estimations across the 60 slices to obtain a single diameter per fibre.

By using the 3D trajectories to estimate the diameters we give extra robustness

to the measurements. However, the averaging can lead to overlapping fibres

because fibre trajectories wiggle and thus positions vary across the 2D slices.

For comparing diameter measurements across scanning modalities we use the180

positions from the top slice for matching corresponding fibres.

For a fibre to fibre comparison, we must establish correspondence between

the imaged fibres. Since the OM and SEM images are obtained from the top

surface of the sample and the micro-CT images are obtained just beneath this

surface, we assume that the relative position of fibres is the same for all modal-185

ities. Therefore, the main difference in fibre position between the images can

be modelled using a rotation, translation and scale. The transformation is com-
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puted using the model p = sRq+t, where p and q are coordinates of correspond-

ing points, s is a scaling factor, R is a rotation matrix and t is a translation.

The transformation parameters s, R and t are computed as the least squares fit190

from four manually annotated points.

After applying the transformation, the fibre parameters across all modalities

have a common coordinate system. The final fibre to fibre correspondence is

then found as the nearest neighbour using Euclidean distance. Examples of the

segmented fibres can be seen in Fig. 4.195

3.2. Statistical analysis

We consider the fibre diameter measurements by n = 10 different quantifi-

cation pipelines (referred to as ’methods’ from now on), listed in Tab. 2. Each

method consists of two steps: i) scanning technique (called ’mode’ from now

onward), which refers to a specific imaging modality and resolution, and ii) im-200

age analysis method (called ’algorithm’ from now onward). The six modes are

CT scans including synchrotron, high, medium, and low resolution laboratory

X-rays (abbreviated SRCT, XCTH, XCTM, XCTL) and microscopy images,

namely optical and scanning electron microscopy (abbreviated OM and SEM).

The algorithms are denoted Prob. for the analysis based on the probabilistic205

feature labelling in 3D and Hough for the circular Hough transform on the top

layer of the sample. We organise the measurements in two different ways: the

univariate and the multivariate approach.

Univariate approach. In the univariate approach we investigate the validity of

the diameter estimates obtained using the various modes and algorithms. This210

is done by describing the variation between fibre diameters as deterministic

contributions from the methods (or algorithm and modes) adjusting for the

individual fibre contributions.

If we want to separate contributions from algorithms and modes we use a

three-way factorial design model (Model I), symbolically written Algorithm ×215

Mode × Fibre. If we just focus upon the methods (combined effect of algorithm

and mode) we use a two-way layout (Model II) written Method × Fibre.
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Table 2: Model parameters for the univariate approach, statistical Models I and II.

Model I Model II

Algorithm × Mode × Fibre Method × Fibre

Abbrev. Alg., i = 1, 2 i j Dijk ν Dνk

SRCT Prob. 1 1 D(1,1,k) 1 D(1,k)

XCTH Prob. 1 2 D(1,2,k) 2 D(2,k)

XCTM Prob. 1 3 D(1,3,k) 3 D(3,k)

XCTL Prob. 1 4 D(1,4,k) 4 D(4,k)

SRCT Hough 2 1 D(2,1,k) 5 D(5,k)

XCTH Hough 2 2 D(2,2,k) 6 D(6,k)

XCTM Hough 2 3 D(2,3,k) 7 D(7,k)

XCTL Hough 2 4 D(2,4,k) 8 D(8,k)

OM Hough 2 5 D(2,5,k) 9 D(9,k)

SEM Hough 2 6 D(2,6,k) 10 D(10,k)

For the three-way layout we consider the measured diameter for fibre k,

algorithm i and mode j,

Model I: Dijk = µ+ αi + βj + (αβ)ij + γk + εijk,

i = 1, 2, j = 1, ..., 6 and k = 1, ..., N

where µ is the general level, αi is the deviation from the mean for algorithm i,220

βj is the deviation from the mean for mode j, (αβ)ij is the interaction between

algorithm and mode, and γk is the k’th fibre’s deviation from the mean. The

error terms εijk are assumed to be independent and normally distributed with

the same variance, i.e. εijk ∼ N (0, σ2). N is the number of fibres. Note that

we do not have measurements for all combinations of algorithm and mode since225

the 3D-based data analysis is not possible for the surface-based modes OM and

SEM.
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For the two-way model we describe the measured diameters as

Model II: Dνk = µ+ θν + γk + ενk, ν = 1, ..., 10 and k = 1, ..., N ,

with similar interpretations and assumptions as in Model I.

Until now, we ignored the spatial coordinates of the fibres but now we inves-230

tigate the possible dependence on the spatial layout by considering regression

on fibre coordinates, i.e. we fit polynomial models to the size of the diameter as

a function of the centre coordinates (xk, yk) for the k’th fibre. For the methods

ν = 1, ..., n we consider the models:

A: Dνk = γ(ν) + δ(ν)xk + ρ(ν)yk + η(ν)x2k + κ(ν)y2k + λ(ν)xkyk + ενk,

B: Dνk = γ(ν) + δxk + ρyk + ηx2k + κy2k + λxkyk + ενk,

C: Dνk = γ + δxk + ρyk + ηx2k + κy2k + λxkyk + ενk,

where the errors are independent and normally distributed ενk ∼ N (0, σ2). The235

first model corresponds to individual, quadratic surfaces, one for each method.

In the second case we have the same coefficients to the spatial coordinates for

all methods, only the intercepts γ(ν) are method-dependent. In the last case

we use the same surface for all methods.

The unknown parameters in the models above are estimated using ordinary240

least squares, and hypothesis on possible simplifications of the models are done

by means of suitable Analyses of Variance (ANOVA). For a detailed description

see for instance [19].

Multivariate approach. In the multivariate approach, we organise the observa-

tions in ten-dimensional vectors245

Dk = [D1,k, D2,k, D3,k, ..., D10,k]T , k = 1, ..., N .

Under the normality assumption, the multivariate distribution of the vectors

Dk is determined by the means and standard deviations of the coordinates (in

this case measured diameters) in the observation vector defined above, and the

correlations between those. The latter will be collected in the correlation matrix

12



Q =


1 · · · ρ1,10
...

. . .
...

ρ1,10 · · · 1

 ,

where ρr,s, r = 1, ..., 10, s = 1, ..., 10 is the correlation between the r’th and250

the s’th component in Dk. If we project Dk on the eigenvectors of Q we obtain

the so-called principal components (PC) of Dk. They are uncorrelated and the

first component describes the maximal variation amongst all linear combina-

tions (with normed coefficients) of D-components. The following components

maximise the variation subject to the constraint that they are uncorrelated with255

the previous. Such a Principal Component Analysis (PCA) [20] is thus a decom-

position of the often very correlated coordinates in the observation vector into

independent components describing decreasing amounts of the total variation.

4. Results and discussion

The field of view varies between scans, which constraints the amount of fibres260

that can be compared. Our comparison is based on N = 757 fibres. Fig. 2 shows

the fibres seen in all scans, and the overlap between these images defines the

region of interest where we have carried out the analysis. Only the fibres in the

lower part of the image have been analysed (circled in red in Fig. 4(a)), because

these are from a UD bundle that is orthogonal to the viewing direction. The265

upper fibres (not circled) are backing fibres that are at an angle of 45◦ relative

to the UD part. This difference in orientation is easily seen in the upper part

of the image in Fig. 3. Examples of the fibre segmentation are shown over the

different scans in Fig. 4.

Fig. 4 shows that most fibres are found quite precisely for all scans using270

both algorithms. The only exception is the low-resolution XCT analysed with

the circular Hough transform, where some non-existent fibres are detected, as

shown in Fig. 4(k). Since we focus on validation, we remove falsely detected

fibres by utilising the alignment of images to only keep the fibres also found
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(a) XCTH with fibres detected. (b) SEM (c) OM

(d) SRCT Prob. (e) XCTH Prob. (f) XCTM Prob. (g) XCTL Prob.

(h) SRCT Hough (i) XCTH Hough (j) XCTM Hough (k) XCTL Hough

Figure 4: Diameter estimates over scans. In (a) the diameters for the high-resolution XCT

scan. In (b-k) zoomed versions of all scans showing the diameter estimates inside the blue

square marked in (a) are shown. (k) shows some misdetected fibres using the Hough transform.

by other methods. It should be noted that the Hough transform algorithm275

would not be directly applicable for fibre segmentation at low resolutions when

reference detections (obtained through other methods) are not available.

4.1. Univariate approach

The result of the three-way (Model I) and two-way (Model II) analyses

presented in Section 3.2 showed a significant effect of all parameters, so there280

is significant difference between fibres, algorithm, mode, and the algorithm and

mode in combination.

Average diameters and deviations from the mean for the two-way analysis

(Model II) are given in Tab. 3. There are six groups of measurements, and
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Table 3: Multiple comparisons between the means (µ̂ + θ̂) of the 10 methods using Model

II. Average deviation is given by θ̂ν , and superscripts denote groups in which the average

diameters are not significantly different based on Tukey’s multiple comparison tests in a two-

way analysis of variance over Model II. The overall mean is µ̂ = 16.57 µm.

Algorithm Hough Probabilistic

Mode Mean: µ̂+ θ̂ν Deviation: θ̂ν Mean: µ̂+ θ̂ν Deviation: θ̂ν

SEM 17.05 µma,b 0.48 µm - -

OM 16.55 µmd −0.027 µm - -

SRCT 16.86 µmc 0.29 µm 17.15 µma 0.57 µm

XCTH 16.32 µme −0.25 µm 17.06 µma,b 0.48 µm

XCTM 16.26 µme −0.32 µm 16.96 µmb,c 0.39 µm

XCTL 14.96 µmf −1.62 µm 16.58 µmd 0.0026 µm

within each of these groups the estimated means are not significantly different.285

Fibre diameter estimates for groups a, b and c are very close to the product

specification of 17 µm, and the high-resolution SEM is in this group. Diameters

estimated from OM are on average 0.50 µm smaller than SEM, despite OM and

SEM having comparable pixel sizes. For the micro-CT modes, the diameter

estimates decrease with lower resolution, and this is especially pronounced when290

using the circular Hough transform. Here the estimate from low resolution

(classified in group f) is significantly different from all other estimates. A smaller

decrease is observed using the probabilistic feature labelling algorithm, where

only the low resolution is significantly different from SEM. Probabilistic feature

labelling also gives very consistent standard deviations independently of scan295

resolution.

Spatial distributions of diameters

For analysing the three spatial models presented in Section 3.2 we reduced

the set of fibres further, because least square estimates are sensitive to extreme

outliers. Therefore, we made an outlier test on the 6× 757 fibre measurements300
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using the studentised residuals from a simple two-sided ANOVA with fibres

and methods as factors. Residuals with an absolute value larger than 3.5 µm

were considered extreme and discarded from the analysis, leaving 738 fibres for

further statistical investigations. The simplification from model A to model B

is not statistically significant, i.e. we may assume that the coefficients to the305

linear and quadratic terms are independent of the method. However, model C

differs significantly from model B, i.e. we need individual intercept terms for

the six methods, which correspond to the significant difference in the means for

the methods depicted in Tab. 3. The fact that the spatial variation is the same

for all methods indicates that the spatial dependence of the diameter values is310

not an estimation artefact, but very likely expresses a real phenomenon possibly

due to inherent inhomogeneities in the fibre manufacturing process.

In Fig. 5(a) we show the spatial distribution of fibre diameters on the left,

computed by averaging the estimates obtained through the six methods to which

we fitted the spatial models (mentioned above), and the fitted model C on the315

right. Fig. 5(b) displays the diameter estimates for a complete UD bundle,

computed with the method comprised by the low-resolution XCT mode and

the probabilistic algorithm. Note that there is an agreement between Fig. 5(a)

left and Fig. 5(b), illustrating that fibre diameters for complete bundles can be

measured as accurately as when measured from high-resolution modes.320

Hence, our method for individual fibre segmentation can be employed to ob-

tain insights about the fibre manufacturing process, where fibres are produced in

bundles. Often, the design criteria is that fibre diameters should be constant in-

side each manufactured bundle. While it can be assumed that the manufactured

fibres have a constant diameter along their length, the fibre manufacturing pro-325

cess can introduce a variability in diameter from fibre to fibre. From the spatial

distribution of diameters in the bundle cross-section it is possible to quantify

the uncertainty around the design diameter and discover trends in the diameter

distribution, such as the one observed in Fig. 5.

Individual fibre diameters, combined with fibre positions, can also be used330

for computing the transverse stiffness and simulating the behaviour of the ma-
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(a)

(b)

Figure 5: Spatial distribution of diameter values. In (a) measured and predicted diameters

inside the RoI. On the left, individual fibres are coloured according to the average of the diam-

eter estimates across six methods. Contour lines (left) and surface (right) for the quadratic

fit in model C (based on N = 738 fibres) give the predicted diameter values. In (b) diame-

ters measured for the whole UD bundle from the low-resolution XCT mode with our Prob.

algorithm.

terial under transverse loading [21]. If combined with the 3D fibre trajectories,

the longitudinal stiffness and the compression strength of the measured micro-

structure can also be computed through finite element modelling. Moreover,

the formula by Budiansky [22] can be employed to estimate the compression335

strength from the measured fibre orientations [8] and, through Krenchel’s for-

mula [23], a fibre orientation efficiency factor can be estimated based on the
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individual fibre orientations to estimate the longitudinal stiffness of the sample.

4.2. Multivariate approach

Fig. 6 shows scatter plots and diameter distributions of methods using high-340

resolution modes (SEM, OM, SRCT and XCTH). The plot is coloured according

to three groups, i.e. the SEM and OM (blue), XCTH and SRCT using the circu-

lar Hough transform (green) and the probabilistic feature labelling (red). The

interactions between groups are shown in other colours. It can be seen that OM

has a general bias towards smaller diameters and that there is a good correspon-345

dence between segmentations obtained using the same algorithm whereas there

is a larger spread between measurements obtained with different algorithms.

The results of the PCA analysis in Tab. 4 show that the first principal

component is (approximately) proportional to the average of the values from all

methods, meaning that the six methods based on high-resolution modes capture350

the same variation in the data, which must be the physical variation in the

sample. The second principal component is a contrast between diameter values

obtained by the two algorithms, circular Hough transform and probabilistic

feature labelling. This confirms that there is a pronounced difference between

algorithms.355

Table 4: Principal components based on the covariance of high-resolution modes illustrated

in Fig. 6.

Alg. Hough Prob.

Mode OM SEM SRCT XCTH SRCT XCTH

PC1 0.4139 0.4178 0.4186 0.4130 0.3955 0.3898

PC2 -0.2977 -0.2827 -0.2825 -0.2461 0.5649 0.6099

A comparison of the micro-CT modes for each of the two algorithms is shown

in Fig. 7. The plot is divided into a blue part showing results obtained with the

probabilistic feature labelling, red showing results based on the circular Hough
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Figure 6: Scatter plots for diameters obtained for the high-resolution modes. Methods em-

ployed row-wise are OM, SEM, SRCT, and XCTH, first with the circular Hough transform

and then with the probabilistic feature labelling. The blue line is the identity line and the

blue ellipse is the 99% prediction ellipse for a new observation.

transform, and magenta showing the interactions. Again, it is evident that the

spread within groups is smaller than between groups, and especially the low-360

resolution XCT mode analysed with the circular Hough transform deviates very

much from the other methods.

The principal components in Tab. 5 show again that the first principal com-

ponent is approximately proportional to the mean of all methods and that the

second principal component captures the difference between the algorithms.365

Furthermore, it can be seen that the coefficient for the Hough algorithm over

XCTL deviates considerably from the others. This corresponds to the rather
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Figure 7: Scatter plots for diameters obtained with micro-CT imaging. Methods employed

row-wise are SRCT, and high-, mid-, and low-resolution XCT, first with Hough transform and

then with probabilistic feature labelling. The blue line is the identity line and the blue ellipse

is the 99% prediction ellipse for a new observation.

low correlation between values obtained with the Hough transform and with the

remaining methods, as mentioned when discussing Fig. 7.

A reasonable conclusion drawn from the statistical analysis is that we have370

reached the resolution limit for obtaining reliable results with the Hough trans-

form algorithm, while the probabilistic labelling still provides results consistent

with high-resolution images. The probabilistic algorithm is able to deal with

low-resolution scans because it is based on learning a dictionary from the data

at hand, which makes the algorithm flexible with respect to image contrast and375

resolution. Instead, the Hough algorithm relies on well-defined edges. For this
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reason, the results given by the latter algorithm degrade fast as fibre boundaries

become unclear to due pixellation.

Table 5: Principal components based on the covariance of micro-CT methods illustrated in

Fig. 7.

Alg. Prob. Hough

Mode SRCT XCTH XCTM XCTL SRCT XCTH XCTM XCTL

PC1 0.3777 0.3742 0.3777 0.3686 0.3650 0.3647 0.3352 0.2452

PC2 -0.2589 -0.2642 -0.2825 -0.2999 0.1932 0.1910 0.2777 0.7365

5. Conclusion

Our investigation demonstrates that X-ray CT combined with an adequate380

image analysis algorithm may have similar precision as scanning electron mi-

croscopy (SEM) and optical microscopy (OM) for characterising fibre compos-

ites based on diameters and centre positions, while it provides a non-destructive

characterisation in 3D. We also showed that high precision can be obtained even

if the resolution is lowered significantly, and we obtained results similar to SEM385

with X-ray CT images at nine times lower resolution and only a slight degrada-

tion in performance at fifteen times lower resolution. However, this performance

requires high precision methods for fibre segmentation, such as our probabilistic

feature labelling method. This illustrates that when using image-based charac-

terisation it is important to consider the imaging modality in combination with390

the image analysis method. In addition to high precision, X-ray CT combined

with the proposed segmentation method opens the possibility for high precision

analysis of large volumes, which has a great potential in giving insights for un-

derstanding the relation between fibre micro-structure and material properties.
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