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Abstract  
Ceramic Matrix Composites (CMC) are promising future materials for jet aircraft engines. CMC parts 
are produced by piling fabric layers made of silicon carbide yarn. To detect defects in the parts, this 
study proposes a computational method in which each piece of yarn is recognized from volumetric 
models obtained by X-ray CT scanning. The method produces a set of curves, each of which represents 
a path of a piece of yarn. These curves can be used to detect defects in the yarn. 
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1  Introduction 
Ceramic matrix composites (CMC) are promising future materials for jet aircraft engines because of 
their advantageous material properties [1]. Figure 1(a) shows an example of such an engine part [2, 3]. 
The CMC part is produced by piling woven layers made of silicon carbide (SiC) yarn. Figure 1(b) 
shows a pre-assembled CMC part, and Fig. 1(c) shows a schematic of the woven structure in which the 
yarn is braided in three orthogonal directions. SiC is also used as the matrix material: it is infiltrated 
into the woven structure by chemical vapor infiltration (CVI) or other processes.  

Due to the demand for highly reliable CMC parts, rigorous technologies must be developed for 
monitoring and verifying quality during manufacturing. In particular, defects in the yarn, such as 
breaking, kinking, and meandering, must be detected and evaluated. One key technology is X-ray CT 
scanning for checking complex inner structures of CMC parts. From 3D volumetric models obtained 
by X-ray CT scanning, we have developed a computational method to recognize each piece of woven 
yarn in a CMC part. The method produces a set of curves, each of which represents a path along a 
piece of yarn. These curves enable us to detect such defects as those mentioned above. 
 

 

(a)                                                              (b)                                            (c) 
Figure 1: (a) CMC part [2], (b) Pre-assembled CMC part [2], and (c) woven structure. 
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2  Proposed Method 

2.1 Anisotropic Shinohara Filter 
We use a method based on a convolution filter proposed by Shinohara et al. [3]. First, we use the 
following function to binarize a volumetric model of the CMC part, which is obtained by CT scanning: 
 

1,
0,

 (1) 

 
Here  is the position of a voxel of the volumetric model,  is the CT value at , and  is a user 
defined threshold value. Then, the convolution filter (2) is applied to the binary volumetric model at 
each voxel, 
 

2 exp ⋅ , exp ⋅ , , 
(2) 

, ‖ ⋅ ‖. 
 

 represents a vector of the fiber orientation, and s and t are size parameters corresponding to fiber 
radius. The shape of this filter is designed so that it generates high value when the filter fits into a fiber 
in its orientation.  

The Shinohara filter assumes circular fibers, but our target fibers are rather flat (elliptic). So we 
propose an anisotropic Shinohara filter (ASF) based on the Shinohara filter (2). A schematic of the 
ASF is shown in Fig. 2 and its equations are as follows. 

 

, , 	 2	exp 1 ln 2 exp ln 2 	rect , 

(3) ′ , ′ , ′ , 

rect
1, | | 1
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Here,  is a rotation matrix whose rotation axis is z and rotation angle is . Unlike the Shinohara 
filter in Eq. 2, we use ln 2	 ⋅  because we intend , , 0 on 

the ellipsoid 1, where  and  are the lengths of the 

semi-major and semi-minor axes of an ellipse that approximates the 
cross-sectional shape of the yarn, respectively. The filter length  
should be more than twice max , . To recognize yarn 
correctly,  and  should be computed from the cross-sectional 
shape of the yarn and the resolution of the volume image. 

To find the yarn direction  at , we find 〈 , , 〉
argmax ∗ , , ; then the yarn direction  is given 
by cos sin , sin sin , cos . However, the 
computation cost is too high to find the yarn direction  at each 
point. Therefore, in the next section, we propose an efficient 
automatic tracing algorithm. 

 

 

Figure 2: Anisotropic 
Shinohara filter 
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2.2 Yarn-Tracing Algorithm 
 The proposed yarn-tracing algorithm is shown in Fig. 3. It consists of the following five steps: 

1. Binarization 
2. Initial orientation estimation 
3. Yarn center extraction 
4. Precise orientation estimation 
5. Yarn tracing 

These steps are explained in the following subsections. 

2.2.1 Binarization 
We use Eq. (1) with the user’s threshold c to binarize the input volume image. This produces binary 
voxels with value 1 for the background and 0 for the foreground.  
 

 
 
 
 

Figure 3: Overview of low-cost automatic tracing algorithm. 

 

2.2.2 Initial Orientation Estimation 
In this second step, we obtain a rough initial estimate of orientation. This initial orientation is used in 
succeeding steps. As candidates for the initial orientation, we sample about 1000 directions ,  evenly 
on the Gaussian hemisphere, and sample the rotation angle ψ every 5°. At each point  of the 
foreground voxels, we seek the one rotation angle pair that maximizes , ,  from all sampled 
combinations of rotation angle pairs.  
 

, , , , ∗ . (4) 
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If the maximum of 𝑔𝑏,𝜃,𝜓(𝒗) is below the threshold, the orientation is not defined at 𝒗. To accelerate 
this step, we can use the convolution theorem by applying a Fourier transformation ℱ[⋅]. 
 

𝐺𝑏,𝜃,𝜓(𝒖) = ℱ�𝑔𝑏,𝜃,𝜓(𝒙)� = ℱ�𝑓𝐵(𝒙) ∗ ℎ𝑏,𝜃,𝜓(𝒙)� = ℱ[𝑓𝐵(𝒙)]ℱ�ℎ𝑏,𝜃,𝜓(𝒙)� 
= 𝐹𝐵(𝒖)𝐻𝑏,𝜃,𝜓(𝒖). 

(5) 

 

2.2.3 Yarn Center Extraction 
To recognize complex yarn structures, it is useful to extract yarn medial curves. We extract the yarn 
center voxels by a thinning algorithm. This also reduces the number of voxels processed in later more 
computationally expensive steps. Since the target volume image is complex, a general thinning 
algorithm cannot correctly extract the yarn center. We utilize the output of the procedure in Sec. 2.2.2. 
By considering the ASF’s characteristics, the convolution value at a yarn center is higher than that of 
its edges. Therefore, we can extract yarn center voxels to find the local maximum of 𝑔𝑏,𝜃,𝜓(𝒗). 

Figure 4(a) is an image of the vector field that results from the procedure in Sec. 2.2.2. We 
compare the convolution value at voxel 𝒗 with those of its neighboring voxels. These neighboring 
voxels are chosen from the range between two planes perpendicular to the direction vector 𝒅(𝒗), as 
shown in Fig. 4(b). We find the voxel having the maximum convolution value in this range. Figure 
4(c) is the result of this center extraction procedure. 

2.2.4 Precise Orientation Estimation 
The initial orientations estimated in Sec. 2.2.2 are not sufficiently precise to detect fiber defects. To 
estimate yarn orientation more precisely, we optimize the convolution value 𝑔𝑏,𝜃,𝜓(𝒗) at center voxels 
with respect to 𝜙 ,𝜃, 𝜓 by using a hill-climbing method. Starting from the initial orientation obtained 
in Sec. 2.2.2, we use the following equation to update the orientation.  
 

〈𝜙,𝜃,𝜓〉(𝑘+1) =  〈𝜙,𝜃,𝜓〉(𝑘) + 𝛼 grad 𝑔𝑏(𝑘),𝜃(𝑘),𝜓(𝑘)(𝒗) 

=  〈𝜙,𝜃,𝜓〉(𝑘) + 𝛼 〈𝜕𝑔
(𝑘)

𝜕𝑏
, 𝜕𝑔

(𝑘)

𝜕𝜃
, 𝜕𝑔

(𝑘)

𝜕𝜓
〉. 

(6) 

 
Here 𝑘 denotes the iteration step and 𝛼 is an acceleration factor. The partial derivatives in Eq. (6) are 
approximated by linear interpolation. 
 

(a) (b) (c) 

Figure 4: Results of yarn center extraction. 
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2.2.5 Yarn Tracing 
The result obtained in Sec. 2.2.4 is no more than a vector field. To examine defects in a yarn, we trace 
each piece of yarn by integrating these orientation vectors. To trace a piece of yarn at a center point x, 
we consider the three regions shown in Fig. 5. 
・Region A: a grid-aligned cube whose center is  and width is 2 1 . 
・Region B: a cylindrical region centered at  with diameter 2  and axis in the direction . 
・Region C: forward and backward conical regions centered at  with a defined cone angle. 

If the target point  is in the intersection of the 
regions A, B, and C and the angle between  
and  is lower than a threshold, we classify 
,	and  can be connected. By repeating this step 

we trace yarns. 

3  Results 
Figure 6 shows experimental results for a simple 
CMC specimen whose volumetric image contained 
600 × 220 × 600 voxels. Figure 6(b) shows the 
recognized yarns in which each piece of yarn is 
identified by different colors. It can be seen that 
curves for the yarn are well extracted. Note that this 
specimen is not completely infiltrated because upon 
complete infiltration, the gap between yarns is filled 
with a matrix of the same material as that of the 
yarn; then the yarn cannot be captured by CT 
scanning. 

Figure 7 shows x-, y-, and z-yarn separated from those shown in Fig. 6(b). In Fig. 7(a) and 7(b), 
some curves are ruptured because some yarn voxels were lost during binarization. At such 
misidentified voxels, CT values are lower than those of their neighbors. Using a lower threshold may 
identify such voxels, but it makes gaps in the yarn disappear. In future work, we intend to improve our 
approach so we can recognize such yarn voxels correctly. 

Figure 8 shows results for another CMC specimen. Figure 8(b) contains the extracted medial 
curves of the yarn. This specimen includes an intentionally rotated layer of yarn. Figure 9(a) shows the 
extracted medial curves of this layer, and Fig. 9(b) shows the volumetric image of this layer. It is clear 
from these images that we can recognize the rotated layer correctly. In Fig. 9, there are more torn yarns 
than in Fig. 7. This was caused by the size of the gap between yarns. The latter specimen contains 
denser yarns, so gaps between yarns are narrow. In applying ASF, the filter range crosses into 
neighboring pieces of the yarn; therefore, the possibility of misrecognition increases in identifying torn 
yarn. 

Table 1 shows computation times for the five steps applied to the cases in Figs. 7 and 9. Though 
we tried to reduce computation time in various ways, we needed about 7 hours to analyze the larger 
model. Because the volumetric image is bigger when we apply our method to an entire CMC part, 
further increases in computation speed are necessary. From Table 1, it is clear that the initial 
orientation estimation requires most of the computation time. Therefore, our problem is to make this 
step more efficient. Since filtering is repeated many times in the step for initial orientation detection, 
we may be able to reduce calculation time significantly.  
 

Figure 5: Three regions around a vertex x to 
determine tracing direction. 



 

92 

 

(a) Volumetric model of a 
portion of CMC part (b) Extracted medial curves 

Figure 6: (a) Input volumetric model and (b) the recognized yarns. Different colors
identify pieces of yarn. 

(a) x-yarn (b) y-yarn (c) z-yarn 
Figure 7: Separated yarns in x, y, and z directions. 

(a) Volumetric model of portion of
CMC part including yarn defect 

(b) Extracted medial curves 

(a) Medial curves in a rotated layer (b) Volumetric image of a rotated layer 

Figure 8: Separated medial curves in the x, y, and z directions. 

Figure 9: Medial curves in an intentionally rotated layer. 
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Table 1. Computation times used by our method (s). 

 Case of Fig. 7 Case of Fig. 9 
Initial orientation estimation 15888 1452 

Yarn center extraction 2.29 0.2 
Precise orientation estimation 8368 431 

Yarn tracing 2.95 0.538 
Post processing 887 21 

4  Conclusions 
In this study we proposed a method for extracting yarn structures in CMC parts. An anisotropic 
Shinohara filter was proposed to estimate yarn orientations. Then, these orientations were used to trace 
medial curves of the yarn. Using simple specimens, we demonstrated that our method can extract the 
yarn structures in CMC parts. We need to improve the computational efficiency of the method, and 
also need to apply our method to more complex CMC parts. 
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