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Abstract 
Fiber reinforced polymers are important materials for light-weight construction. Especially carbon 
fiber-reinforced polymers (CFRP) are of growing importance in the aviation industry. For design and 
in-service reasons, it is highly relevant to investigate and to characterize damages in such materials. 
Micro-computed tomography (µCT) can image the spatial structure of such defects non-destructively. 
Yet, the quantitative 3D-characterization of cracks and delaminations in CFRP is challenging due to 
noise, low x-ray absorption contrast, and in particular the low thickness of the crack structures 
compared to their extent. In this paper we will first present results of inner fracture surface 
characterization of artificial defects.  Furthermore, we will show how filters based on Eigen value 
decompositions of the Hessian matrix (second partial derivatives) can be used to characterize such 
defects. Specifically for flat structures such as delaminations/cracks the Eigen vector corresponding to 
the largest Eigen value of the Hessian matrix yields the local normal direction of cracks [1]. 
Additionally, the crack structure can be segmented based on the Eigen value analysis [2,3]. This 
method is applied to characterize fracture surfaces after impact. 
 
Keywords: µCT, carbon fiber-reinforced polymer, delamination, fracture, image segmentation, image 
analysis 

1  Introduction 
The latest designs in aeronautical applications are more and more based on CFRP material. Due to its 
inner material properties it allows light weight design approaches not possible with other materials. To 
make best use of CFRP not only the inner structure needs to be taken into account but also the 
characteristics of potential defects. This information from CT-data evaluation could be provided to 
support the design of aeronautical structures and also in-service questions. 
Micro-computed tomography (µCT) is a highly suitable tool for imaging the three dimensional 
microstructure and possible defects of carbon fiber-reinforced polymers. With achievable pixel 
spacings down to several µm and below, it is possible to resolve even single carbon fibers, which 
frequently possess diameters in the 5 µm-10 µm size regime, and fibre rovings. One limitation of the 
highly resolved image data is the size of the specimens used for imaging. In order to observe fracture 
patterns, one must image larger samples and therewith come coarser image resolutions. This is one 
cause for challenging image processing requirements. Nevertheless, µCT yields 3D-image data 
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suitable for describing a specimen's geometry from the single fiber-level up to layers and fracture 
surfaces. 
Quantitative 3D-image analysis of these materials is therefore an active field of research. Recently, 
there has been a lot of progress in the description of fiber systems both at the fiber (e.g. [7]) and at the 
laminate (e.g. [8]) levels. With this contribution, we propose a combination of existing algorithms to 
segment inner fracture surfaces from carbon fiber reinforced polymer (CFRP) specimens. Furthermore, 
we show how image analysis can be used to visualize and to quantitatively describe the evolution of 
damages. 

2  Imaging and Data 
The µ-CT system used to obtain the CT data information was especially designed for inspection of 
CFRP. The main features of the system are: 
 

• System: RayScan 150 – RayScanTechnologies 
– X-ray sources:  

• Microfocus tube 10 kV – 225 kV 
• Sub-microfocus tube with diamond target 

 10 kV – 160 kV 
• Focal spot 2 µm – 250 µm 

– Detector:  
• 1024 x 1024 à 200 µm, 16 bit 

– Software: RayScanTechnologies, Fraunhofer EZRT, Volume Graphics, and 
MAVI (Fraunhofer ITWM) 

• Acquisition, image processing, 3D and 2D reconstruction, visualization 
and quantitative evaluation 

– Manipulator: 2 translation axes (precision 1 µm) & 1 rotation axis 
• Inspected volume 

– depends on application and testing mode 
• Resolution:  

– X-Y: 2 µm to 150 µm 
 
The CT tests for this study were performed in the low x-ray energy range without pre-filtering. This 
allows higher contrast between fiber rovings and resin but causes higher extent of artifacts which 
didn’t play a significant role at this study. Depending on the sample, the voxel size range is between 15 
µm and 30 µm. The quantitative data evaluation was performed with MAVI. 
In the present report, three datasets will be analyzed with respect to their fracture surface of artificially 
induced defects. The datasets are called Sample No. 01, Sample No. 02 and Sample No. 03, where 
Sample No. 01 and Sample No. 02 show visually very similar fracture patterns whereas Sample No. 03 
shows damages due to an artificial impact. 

3  Image Segmentation 
Segmentation of fiber-reinforced polymers (rovings and resin) remains challenging. Yet, for specific 
situations and problem settings, it is possible to design applicable algorithms. Here, we develop a 
sequence of non-linear 3D-filtering, adaptive binarization and 3D-labeling to segment planar cracks 
within CFRP specimens. 
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3.1 Filtering Flat Structures 
In this section, we introduce a method for filtering flat structures which has been developed in [3]. 
There, the so-called vessel-enhancement filter by Frangi et al. [1] has been transferred to the detection 
and segmentation of walls in ceramic foams. The basic idea is the following: The Hessian matrix 
H(x,s) = 
 

, 
 
which is the 3x3 symmetric matrix of second partial derivatives, carries information about the local 
gray value structure of a 3D-image in every pixel. Lγ denotes the linear scale space representation of 
the image g(x) as defined by Lindeberg [4] with first partial derivatives 
 

. 
 
Here, G(x, s) is an isotropic Gaussian kernel with standard deviation s. The factor sγ is important to 
normalize derivatives across scales, and we used γ = 0.75 for all numerical experiments reported in the 
present paper. Second partial derivatives are defined analogously. Geometrically, the Hessian matrix 
represents a mapping of the unit sphere centered at pixel x to an ellipsoid. The shape of this ellipsoid - 
and therewith the local shape of the image structure - is described by the real Eigen values λ1 ≤ λ2 ≤ λ3 
of H. Let 
 

 
 
denote the normalized Eigen values. Then, the local image structures can be characterized as 
summarized in Table 1. 
 
In [1], three quantities were derived from the observations in Table 1, all of which can be computed 
from the three normalized Eigen values: 

• RA ∈ [0,1]: Describes how closely the local structure resembles a tube. 
• RB ∈ [0,1]: Describes how closely the local structure resembles a blob. 
• S ∈ R: The so-called "second-order structuredness", defined as S=√( λ1

2 + λ2
2 + λ3

2). Only for 
pixels where S > 0, the two quantities RA and RB will carry useful geometric information. 

For planar structures, [3] recombined these three quantities into a Gibbs measure W(x,s), i.e., W(x,s) is 
the product of three exponentials with scaled exponents RA, RB and 1-S. W(x,s) takes its maximum for 
planar local structures in 3D with thickness proportional to s. Since we do not know the thickness of a 
flat crack a priori, the final filtering result W(s) is obtained by searching over a range [smin, smax] of size 
parameters: 
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. 
 
For details regarding the filtering process, see [3]. To obtain the results shown further below, we set 
smin = 2 pixels and smax = 4 pixels. 
 

   Interpretation 
N N N Undefined or noise 
N N H- Plate-like, bright 
N N H+ Plate-like, dark 
N H- H- Tubular, bright 
N H+ H+ Tubular, dark 
H- H- H- Blob-like, bright 
H+ H+ H+ Blob-line, dark 

Table 1: Interpretation of the normalized  values of the Hessian matrix, reproduced from [1]. N denotes values 
close to zero, H+ values significantly larger than zero, H- significantly below zero. 

3.2 Binarization and Segmentation 
The filtering step results in a 3D-gray value image which needs to be segmented prior to analyzing the 
development of cracks. To this end, we apply a locally adaptive thresholding algorithm by Sauvola and 
Pietikäinen [5]. It uses a local threshold T(x) at pixel x computed from the first and second order gray 
value statistics within a cubic window centered at x. For a description of the 3D-case of this 
binarization method, cf. [6]. To produce the binarizations used below, we computed mean gray values 
and variances from 15 x 15 x 15 pixel windows with scalar contrast parameter λ = -3.0. 
After binarization, a connected component labeling assuming 26-neighborhood connectivity of the 
foreground (cracks) leads to crack segments that can be further analyzed. Note that one image segment 
must not necessarily cover exactly one crack or delamination. The segmentation process tends to break 
one void into a larger number of segments. Nevertheless, we use these segments to describe the 
structures of interest. 

4  Image Analysis 
As described in Section 3.1, the Hessian matrix H represents a mapping of the unit sphere centered at 
pixel x to an ellipsoid. Therefore, it carries information not only about the shape of the local image 
structures, but also on their orientation. For planar structures such as the artificially made inner fracture 
surfaces investigated in the present paper, that ellipsoid is actually a prolate spheroid with major axis 
direction parallel to the fracture surface's normal (cf. Table 1).  
In order to retrieve this direction at every fracture surface pixel location x, we compute the Eigen 
decomposition of H and obtain the surface normal as the Eigen vector to the largest Eigen value. We 
call this direction v(x). To compute a surface direction for every region Ri segmented as described in 
Section 3.2, we must aggregate the directions v(x). To this end, we average the outer products v(x)vt(x) 
over all x ∈ Ri, resulting in the so-called second-order orientation tensor Ti

(2) of the fracture surface i. 
To retrieve this region's normal direction from this 3x3 symmetric matrix, we once again apply an 
Eigen decomposition and use the Eigen vector to the largest Eigen value of Ti

(2) as an estimate, see e.g. 
[9, p. 33]. 
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This normal direction is a 3D-unit vector, which can equivalently be represented as a 3D-polar 
coordinate. A 3D-polar coordinate is a pair of angles, phi ("longitude") and theta ("colatitude"). phi 
represents a rotation about the z-axis and theta represents a rotation away from the z-axis, see  [9, p. 
18]. 

5  Results 
All processing and visualization results presented here have been generated using the MAVI software 
package (Fraunhofer ITWM, Kaiserslautern, Germany). 

 
Figure 1: Slice through Sample No. 03 with impact cracks visible in white or brighter shades of gray of an 

artificial defect. 

 
Figure 2: The corresponding result of the filtering for flat, plate-like structures as described in Section 3.1. 

 
Figure 3: Final segmentation result, where individual colors represent "labels" showing that some of the cracks 

could be separated in order to enable an analysis of the structures' size, shape and 3D-orientation. Note that these 
artificially induced fracture surfaces form a highly connected pore space in 3D, not clearly visible here, which 

complicated the segmentation process. 
 

Figures 1 to 3 demonstrate the steps of the segmentation process in one slice of the dataset Sample No. 
03, which shows the artificial impact on a CFRP specimen. Even though only one slice is shown here, 
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note that every single step of the segmentation routine operates using the complete three dimensional 
structure of this CT dataset. The segmentation parameters used here were as described in Section 3. 
 

 
Figure 4: Left: Sample No. 01, center: Sample No. 02 and right: Sample No. 03. Empirical distributions of the 

segments' surface normals, here only the theta-component of each polar coordinate is shown. Theta measures the 
angle away from the z-axis. Therefore, angles close to zero or 2π are generated from flat segments which are 

oriented in-plane. Sample No. 01 has a pronounced peak at π/4 = 45°, which is less visible for Sample No. 02. The 
segments on Sample No. 03 are in-plane with deviations from zero and 2π caused by the inner fracture surfaces 

due to impact. 
 
The inner fracture surfaces' normal directions carry information about the development of a crack 
within a CFRP sample. Figure 4 shows empirical distributions of their angle with respect to the z-axis. 
The z-axis corresponds to the out-of-plane direction for all three specimens. Therefore, it is the most 
relevant direction in these examples. Sample No. 02 contains intra-plane fractures and inter-plane 
fractures, which can be seen as a peak at π/4 = 45° in the left panel of Figure 4. Sample No. 02 shows a 
similar pattern, but there is no pronounced peak at π/4. Therefore, we can say that the artificial inner 
fracture surfaces in Sample No. 01 are more regular than those in Sample No. 02, and that it is more 
likely to find fracture surfaces connecting parallel layers in a 45° angle in Sample No. 01 than in  
Sample No. 02. 
For the impact specimen Sample No. 03, the surface normal distribution in the right panel of Figure 4 
can be clearly interpreted in conjunction with the slice in the impact direction shown in Figure 1: Less 
affected layers contribute to a peak close to 2π, i.e., these layers remain oriented orthogonally to the 
out-of-plane direction of this specimen. Yet, there is a clear deviation from the original normal 
direction for a large number of segmented regions. These are the fracture layers caused by impact in 
the out-of-plane direction, and their steepness can be judged from this plot. 



 

39 

 
Figure 5: Rendering of the component theta of the local surface normal directions for Sample No. 01. The colors 

are indicating the angles of local surface normal directions. 

6  Conclusions 
In this contribution, an image processing and analysis algorithm for detecting and quantifying inner 
fracture surfaces in µCT-reconstructions of CFRP specimens has been described. The segmentation 
process relies on a non-linear filter that has been adapted from tubular structures to the detection of flat 
surfaces. Using the resulting segmentation of fracture surfaces, we can obtain empirical distributions 
and visualizations of 3D-fracture surface normals. 
The method described in this contribution is one of the steps to develop CT from a defect detection 
method to a defect characterization technique. It could provide information to support decision making 
from the design and manufacturing to the in-service stages. This could help to optimize the design of 
new CFRP components and to reduce the amount of false indications where a good component is 
marked as reject due to defects because of lack of information.  
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