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Abstract 
X-ray inspection of Carbon Fiber Reinforced Polymer (CFRP) is time consuming. With classical reconstruction methods, 
many projections of the object from different orientations are required to obtain high quality reconstructions of the interior 
fiber composition. In this work, we propose to reconstruct the interior of the CFRP samples with a Neural Network Filtered 
Backprojection (NN-FBP) method. This method combines several FBP reconstructions with specifically designed filters and is 
therefore able to reconstruct images from fewer projections with a similar image quality while maintaining a high 
reconstruction speed.  
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1  Introduction 
Carbon Fiber Reinforces Polymer (CFRP) is a high-tech material used for many applications like sports goods, aerospace and 
civil engineering. It is made of bundles of carbon fibres, which provide the strength of the material, as well as a resin matrix 
acting as glue component. For most applications, it is important to know the directions of the fibers in the material as these are 
directly linked to the macroscopic properties of the material [1]. A way to inspect CFRP samples is by using X-rays since they 
are able to penetrate the material and provide us with information from the interior of the object. To visualize the fiber bundles, 
phase contrast computed tomography (PCCT) can be used [2]. In computed tomography, a source and detector will rotate 
around the object to acquire projections at different positions and combine them into a final reconstruction image of the interior 
of the sample, visualizing the polymer resin and carbon bundles.  
One way of scanning the data in PCCT is with a grating based interferometer [3]. Such an interferometer places three grids 
between the source and the detector. The first grid is placed in front of the source to obtain a coherent bundle, a second silicon 
grid is placed behind the object to be scanned and a third grid on a (fractional) Talbot distance right before the detector. With 
this modality, information can be retrieved on the absorption, the scattering and on the first derivative of the phase shift of the 
object. To obtain high quality reconstructions of the fibers, many projections should be taken around the object. Based on these 
projections, an absorption image can be reconstructed similar to the image as would be obtained from conventional computed 
tomography. It visualizes the absorption coefficients of the materials, which indicate the amount of X-rays that are absorbed by 
the material.  
In order to exploit the benefit of the phase contrast, not only one but several projections need to be taken from the same 
direction while the third grid is shifted parallel to the detector. This allows to reconstruct dark field data and phase contrast 
data as well. These modalities provide you with more detailed information on the carbon fibre bundles and the resin matrix. In 
dark field images, the amount of scattering of the object in a certain direction is visualized while phase contrast images show 
phase shifts of the X-rays appearing at the borders of materials. Combining information on the three image modalities will 
provide you with the most information about the carbon fibres. However, the shift of the third grid makes PCCT a very time-
consuming imaging modality. It is therefore beneficial to reduce the number of projections so that the acquisition time can be 
reduced. 
After data acquisition, several reconstruction techniques exist to reconstruct the projection data. They are often divided into 
two groups: analytical and iterative reconstruction methods. Advantages of the analytical reconstruction methods are that they 
are fast and provide good reconstructions, provided the availability of a large amount of input data. However, their 
performance drastically reduces when only few projections are available. Iterative reconstruction methods have the tendency to 
perform better when only limited data is present, but they are often very time-consuming, which is an undesired side-effect in 
sample inspection. Therefore, in this work, we propose to reconstruct the images of the PCCT with a neural network based 
reconstruction algorithm, the NN-FBP [4,5]. The method is based on an analytical method, the FBP, but the filter is optimized 
by a neural network. By combining several FBP reconstructions with different filters, the network allows to generate good 
reconstructions with less projection data than currently used in CFRP inspection. By reducing the number of projections, also 
the inspection time can be reduced. After a number of preprocessing steps, the technique can be applied on the three different 
imaging modalities: absorption images, dark field images and phase contrast images.  
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2  Method 
The three imaging modalities were reconstructed with the NN-FBP. This method trains several filters in a neural network 
based on a training dataset where the reconstruction images are a priori known. In a second step, it reconstructs the images 
with the different filters trained by the neural network and finally the images are combined into a final reconstruction image. A 
schematic of the reconstruction method for absorption images is shown in Figure 1. To obtain reconstructions of sufficient 
quality with a limited number of projections, the NN-FBP was used with four hidden nodes, which means that four different 
filters were trained. However, for each of the three imaging modalities, the preprocessing of the projection data was slightly 
different.  

 

 
Figure 1: Schematic of a neural network reconstructing an absorption image. 

2.1 Preprocessing for Absorption and Dark Field Images 
In absorption images, the absorption coefficient μ of the materials is reconstructed. According to the law of Beer-Lambert, a 
logarithmic relation exists between the absorption coefficient μ and the intensity of the acquired projection data: 
 

          ∫ �岫嫌, 建岻�嫌 =  − ln 岾銚轍濡銚轍認峇                      (1) 

 
Here 欠待追 is the intensity of the beam after passing through the sample and 欠待追 is the reference intensity of the flat-field.  
Assuming that a thin slice of the object scatters with a Gaussian angular probability distribution, the scattering can be 
described by a linear diffusion coefficient ϵ, which describes the specific scattering width per unit length: 
 

            ∫ �岫嫌, 建岻�嫌 =  −� ln岫�岻 = −� ln 岾銚迭濡 銚轍認銚迭認銚轍濡峇                                                 (2) 

 
where V is the visibility, 欠怠鎚 and 欠怠追 are the amplitudes of the cosine function measured at the detector when a sample is 
scanned versus the flatfield and m is a constant based on the grid size and distance between the grids. The relation between the 
linear diffusion coefficient and the visibility is also logarithmic. This means that the absorption and linear diffusion coefficient 
can be reconstructed by filtered backprojection. 

2.2 Prepocessing for Phase Contrast Images 
For the real part of the refractive index of an object, which is an indicator of the phase shift, we know: 
 ∫ �岫嫌, 建岻�嫌 =  − 怠� Φ                               (3) 

 

where Φ is the phase shift and k is the wave vector. However, at the detector, only the differential phase 
����  is measured. 

Fortunately, by exploiting the characteristic of the Fourier transform of a derivitave, it is possible to reconstruct the images 

with the Filtered Backprojection method when using the filter 
|追|態��追 in the Fourier domain. This filter can be transformed to the 

image domain. In the neural network, a real filter is preferred. Filtering the data with the real part of the resulting imaginary 
filter yields reconstruction images similar to the ones obtained by filtering in the Fourier space.  
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Figure 2: from left to right: Absorption based reconstruction image, dark field reconstruction image, phase contrast reconstruction image 

2.3 Neural Network FBP Reconstruction 
Before reconstruction, the projection data is rebinned to parallel beam. A normal FBP reconstruction is of the form: 
 ���岫捲, 検岻 = ∫ ∫ ℎ岫�岻 喧�岫建 − �岻 �� ��∞−∞態�待                  (4) 

 
In Eq.(4), 喧岫建 − �岻 is the projection data corresponding to ∫ �岫嫌, 建 − �岻�嫌, ∫ �岫嫌, 建 − �岻�嫌 or ∫ �岫嫌, 建 − �岻�嫌 and ℎ is the 
applied filter. In the neural network, we will now search for alternative filters to apply to the projection data. To do this, a 
multilayer perceptron is trained to reconstruct one pixel. The input of the neural network is then: 
 ��岫�岻 =  ∫ 喧�岫建 − �岻��態�待                                            (5) 

 
The output of a multilayer perceptron can be written as: 
 �岫�岻 = 剣�,�,�,長轍岫�岻 = �(∑ 圏��岫�ℎ−怠�=待 �� ∙ � − 決�岻 − 決待)             (6) 

 
Here, σ is a sigmoid activation function applied on every hidden node and output node to allow the network to model non-
linear functions as well. Biases b are substracted from every input node and output node to shift the decision boundary of the 
activation function, Nh is the number of hidden nodes, which is the number of different FBP filters, wi is a filter and qi is a 
weight used to combine the different reconstructions. Multiplication of the input with one of the trained filters of the neural 
network is then equivalent to performing an FBP reconstruction with a specific filter. The output of the network will be the 
attenuation coefficient for absorption data, or the linear diffusion coefficient or real part of the refractive index of a given pixel. 
In the network different filters are trained so that different FBP reconstructions can be combined and finally an improved value 
for the output pixel will be obtained. The same filters are used for every pixel in the image, so that the network can be trained 
on every pixel separately. After training, an NN-FBP reconstruction of the data can be obtained by combining the different 
FBP reconstructions made with the trained filters. The filters are the same for every projection.  

3  Experiments and Results 
To evaluate the performance of NN-FBP, six scans of four different CFRP samples were acquired. Two of the four samples 
were scanned twice with a 90degree rotation in between. Therefore, perpendicular slices of the pieces were handled as separate 
datasets. The samples were scanned in a circular cone-beam geometry with 1200 projections over a range of 360 degrees. 
Specifications of the system were: source object distance 140mm, source detector distance 286mm, detector pixel size 22.8μm, 
source voltage 35kV, source current 996μA. For each piece, the 20 most central slices were rebinned to a parallel beam 
geometry and reconstructed with conventional FBP using the ASTRA toolbox [6]. These FBP reconstructions based on 1200 
parallel projections were postprocessed and used as ground truth images with values between 0 and 65535 for the neural 
network.  
Based on the parallel projection data, the network was trained to reconstruct the images with a smaller number of projections 
between 60 and 600. Therefore, 60 images of three samples were used for training and 20 images of one sample for validation. 
From these 60 images, 100.000 pixels were selected, mainly from the region of the sample. The network was tested on 10 
images of one of the remaining samples. The scans of one sample were not used since the sample had a different structure 
compared to the rest.  
The reconstruction quality of the NN-FBP was compared to the reconstruction quality of FBP and SIRT based on 3 different 
quality measures: the Root Mean Squared Error (RMSE), the Most Apparent Distortion (MAD) [7] and the Feature Similarity 
Index (FSIM) [8]. All measures were evaluated on a mask on the image that only contains the CFRP, while the background 
was set to zero. In Figure 4, the results for the different quality measures and reconstruction methods are shown. For all 
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images, the NN-FBP performs better than FBP and SIRT in terms of the RMSE and the FSIM, and slightly worse than the FBP 
in terms of the MAD. Not surprisingly, for increasing number of projections, the reconstruction quality of FBP tends to be 
better, since the ground truth image is an FBP reconstruction. In the fourth graph, the reconstruction time is shown. The 
reconstruction time of NN-FBP is a bit higher than the time of FBP since several FBP reconstructions should be made, but it is 
much lower than the reconstruction time of SIRT. The reconstructions of a CFRP sample from absorption, dark field and phase 
contrast data based on 300 projections are shown in Figure 3. A SIRT reconstruction for phase contrast data is omitted since 
only the derivative of the phase was measured which makes the reconstruction with SIRT less straightforward. Figure 4 shows 
NN-FBP reconstructions of a CFRP sample with an increasing number of projections. For every method, the reconstructed 
image is compared to the ground truth, which is the postprocessed FBP reconstructed image based on 1200 projections. We see 
that the NN-FBP reconstruction is able to obtain good reconstructions, even with a limited number of projections. Furthermore 
it is less affected by noise than the other two reconstruction algorithms. However, NN-FBP has the tendency to reduce the 
spatial resolution of the reconstruction due to averaging. Therefore, it is necessary to acquire more data as well as to improve 
the quality of the ground truth image. This will allow the network to train the filters more specific and improve the result. The 
small improvement between the NN-FBP and FBP reconstructions might indicate that it could be beneficial to significantly 
reduce the number of projections to speed up the acquisition time, and reconstruct the images with the NN-FBP. The increase 
in reconstruction quality compared to FBP will outweight the small increase in reconstruction time.  
        

 
     (a)         (b) 

         
       (c)        (d) 

Figure 3: (a) RMSE, (b) MAD, (c) FSIM of the different reconstruction methods for absorption, dark field and phase contrast and (d) 
reconstruction time for FBP, SIRT with 200 iterations and NN-FBP for absorption images  
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    (a) Absorption image             (b) Dark field image        (c) Phase contrast image 

           (d) FBP reconstruction             (e) FBP reconstruction         (f) FBP reconstruction 
         

 

 
 

           (g) SIRT reconstruction            (h) SIRT reconstruction    
 

          (i) NN-FBP reconstruction                       (j) NN-FBP reconstruction            (k) NN-FBP reconstruction 
Figure 4: Reconstructions of absorption, dark field and phase contrast images with three different reconstruction methods based on 300 
projections (a)-(c) ground truth images, (d)-(f) FBP reconstructions, (g)-(h) SIRT reconstructions and (i)-(k) NN-FBP reconstructions 

3  Conclusion 
The NN-FBP allows to reconstruct images with good quality, even with a relatively low number of projections. The 
reconstruction quality of the NN-FBP in terms of the RMSE, MAD and FSIM is similar compared to the reconstruction quality 
of the other two classical reconstruction algorithms and the reconstructions are less noisy. Extra care should be given to the 
spatial resolution, which might decrease slightly. The main structure is however still visible and less noisy, even with a lower 
number of projections. Increasing the training dataset as well as improving the ‘ground truth’ images will improve the 
reconstruction quality of the neural network. In conclusion, the NN-FBP can be used to reduce the number of projections and 
therefore reduce the scanning time for CFRP inspection.  
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                     (a) Reconstruction 120 projections                  (b) Reconstruction 300 projections 
 

      (c)  Reconstruction 600 projections                 (d) Reconstruction 1200 projections 
Figure 5: Phase Contrast NN-FBP reconstructions of a CFRP sample with 120, 300, 600 and 1200 projections 
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