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Abstract:
In nondestructive testing and evaluation using cone-beam X-ray computed tomography (CBCT), X-ray scattering is a major
cause of degrading the quality of CT images. To correct the negative effects of scattering, recent studies focused on the deep
convolutional neural network (DCNN) for fast and accurate correction, and they trained the DCNNs using training data obtained
by X-ray simulation. However, such approaches have a drawback where accurately simulating the physical behavior of X-
rays requires considerable computational time. Moreover, it is unclear whether the simulated training data are effective to
real measured data. To address these problems, we propose a new scatter correction method based on deep semi-supervised
learning that can be applied to real measurements. Our training data are incomplete transmission images in which primary X-ray
intensities are obtained for a part of pixels. We introduce a data augmentation method based on X-ray radiology, which allows
us to significantly reduce training data in our semi-supervised learning. Through experiments using simulated data, this paper
shows that our semi-supervised method using a few training data works as effectively as a baseline fully supervised method.
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1 Introduction
Cone-beam X-ray computed tomography has been contributing greatly to industrial nondestructive testing and evaluation. How-
ever, various artifacts have still hindered obtaining high-quality volumetric CT images. Among them, the most common one is
the X-ray scattering artifact, and as with the other ones, it is physically inevitable. Therefore, a number of methods to correct
scattering have been proposed in the last decades [1, 5, 6, 8–10]. The recent progress in deep learning has also improved scatter
correction owing to many training data. Although such training data are often synthesized by computational X-ray simulation,
the quality of correction must be improved if real measured data could be used as training data because the accuracy of the
simulation is still imperfect. On the other hand, we can hardly use scatter-free projections or CT images as training data because
we no longer need the correction if we can obtain them easily.

To make the training with real data possible, we leverage traditional hardware-based scatter correction using beam hole array
(BHA) [7]. The BHA allows us to obtain the primary X-ray intensities, which can be detected only in a part of pixels nevertheless.
Therefore, we propose a semi-supervised learning method using such incomplete scatter-free images as training data. In this
study, we validate the proposed method on simulated data to show its potential in practical application to real measurements.
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Figure 1: Cone beam X-ray projection with a BHA (left), and a comparison of the transmission images shadowed and not
shadowed by the BHA (right).

2 Semi-supervised X-ray Scatter Correction
Our proposed method is outlined in Fig. 2 that uses two kinds of transmission images for training. The first image, Ip+s, which
includes both the primary and scatter X-rays, is obtained by ordinary scanning. The second one, Ip,mask, is obtained by placing
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the BHA between the object and the detector. As shown in Fig. 2, Ip,mask stores primary X-ray intensities only in a part of pixels.
Using the pairs of these images, we obtain the scatter-free transmission, Ip, using the DCNN. Specifically, the DCNN in our
method transforms Ip+s to Ip such that the masked pixels of Ip,mask are completed. To this end, we trained a DCNN in a previous
study [4] in a semi-supervised manner using the primary intensities partially obtained by Ip,mask.
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Ip, mask

data
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Figure 2: The outline of the proposed semi-supervised learning framework.

2.1 Beam hole array
The beam hole array (BHA) is hardware to suppress the amount of scattered X-ray entering detector pixels. The BHA is often
placed between the target object and the detector. To simulate X-ray transport over the BHA, we prepared a CAD model of the
BHA of a heavy metal plate with regularly spaced holes; 50 holes are in a row, and 50 holes are in a column. Hence, 2500
circular holes are placed in total. The size of each hole and the length between the two holes are shown in Fig. 3. As also shown
in this figure, the scatter-to-primary ratio (SPR) is reduced by the BHA; thereby, the red color to show the magnitude of SPR in
the middle image without the BHA turns into grey in the right image with the BHA. Furthermore, Table 1 shows that scanning
with BHA can achieve ten times as small SPR as that obtained without the BHA. It is worth noting that we can further reduce
scattered X-rays by decreasing the size of holes and increasing the number of holes.

1.0 cm

0.486 cm0.810 cm

SPR without BHA SPR with BHA

0

0.3

40.48 cm

Figure 3: The CAD model of a BHA used in our experiment (left) and simulated transmissions with the BHA (middle) and
without the BHA (right). The two right images are colored by the SPRs at each pixel.

SPR w/a BHA w/ BHA

mean 0.00795 0.000294

max 14.506 1.593

SD 0.0390 0.00263

Table 1: The mean and maximum SPR when scanning engine-cover component

2.2 Radiologic data augmentation
Data augmentation is a common practice to increase the amount of training data when only a few are available. In this way, the
DCNN can acquire robustness to various input data. In addition to standard data augmentation, such as flipping and rotation
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(mentioned in the next subsection), we incorporate a method based on X-ray radiology. To tell the conclusion first, we can
calculate an augmented image I′ by the formula.

I′ = αIγ , (1)

where I is an input image, and α and γ are two parameters to control the augmentation. This operation is based on the relation
between penetration length and X-ray attenuation. Changing α and γ approximately reproduces the different image appearances
obtained by varying linear attenuation coefficient (LAC) of the target material and X-ray tube voltage, although the LAC itself
differs by the materials and exposed X-ray energy.

Specifically, we can derive the above formula from the Lambert–Beer law, which expresses the relation between the intensity
of X-ray I and transmission length t using the original X-ray intensity I0 from the source and LAC µ . When X-ray travels over
the uniform material Z, the relation is written as

I(Z,E) = I0(E)exp(−µ(Z,E)t), (2)

where E is the tube voltage of the X-ray source. For different material Z′, the intensity I(Z′,E) is obtained as follows:

I(Z′,E) = I0 exp
(
−µ(Z′,E)t

)
= I0 exp

(
−µt

µ ′

µ

)
= (I0 exp(−µt))

µ ′
µ I

1− µ ′
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0

= I
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µ

0 I
µ ′
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where we denoted µ = µ(Z,E) and µ ′ = µ(Z′,E) for brevity. By putting γ = µ ′

µ
and α = I

1− µ ′
µ

0 = I1−γ

0 , we can obtain Eq. (1).
This derivation is also valid when energy E is changed to E ′′.
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Here, we denoted I
′′
0 = I0(E ′′) and µ ′′ = µ(Z,E ′′). In this case, we obtain Eq. (1) by putting γ = µ ′′

µ
and α = I
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0
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0
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0
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0
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.
In practice, we set the ranges of α and γ during data augmentation so that Eq. (1) can cover a few common materials (i.e., Al,

Fe, Ti, and Cu) and the tube voltage between 200 keV and 450 keV. We may consider the energy distribution of poly-chromatic
X-rays and the ratio of scattering to absorption to make the data augmentation more strict in physics. However, the computational
simplicity of Eq. (1) will be more effective in training DCNNs.

2.3 Loss function
We used four loss functions to train the DCNN. Here, we assume the images (e.g., Ip+s, Ip,mask, and Ip) have pixel values between
0 and 1. To this end, we divide the X-ray intensities of each image by a bright pixel at the air part in advance. The pixel value
“0” means that no X-ray photon reaches the pixel, whereas “1” means that the X-ray reaches the pixel almost without losing its
energy after being emitted from the X-ray source. We also assume that each image has M pixels (i.e., I ∈RM), and N transmission
images are scanned from different directions of X-ray projection.

The first one of four loss functions is the mean absolute error (MAE) between a predicted primary image Ip,pred and the masked
scatter-free image Ip,mask. Since Ip,mask has valid pixel values only in part, the MAE is calculated for non-masked pixels of Ip,mask.
This function has a role in encouraging the DCNN to reproduce the value at non-masked pixels where they include only a few
scattered X-rays. Therefore, the loss LMAE with the MAE is calculated as

LMAE =

N

∑
n=1

∥∥(In
p,pred − In

p,mask
)
⊙ In

mask

∥∥
1

N

∑
n=1

∥In
mask∥1

, (5)
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where In denotes the nth transmission among N, the operator ⊙ denotes an element-wise multiplication of two vectors, and ∥ · ∥1
denotes the ℓ1 norm of a vector.

The second one is introduced to interpolate the primary intensities in Ip,mask. Thereby, the difference of image gradients
∇Ip,pred and ∇Ip+s is penalized, where ∇I ∈ R2N denotes a vector taking the image gradients along x- and y-axes. As described
in [10], the X-ray scattering affects low-frequency signals of transmissions. Therefore the gradients ∇Ip,pred and ∇Ip+s will be
similar regardless of whether the scattering component is included or not. The loss for the gradients Lgrad is written as follows:

Lgrad =
1
N

N

∑
n=1

∥∥∇In
p,pred −∇In

p+s
∥∥

1

=
1
N

N

∑
1
2
(
∣∣∇xIn

p,pred −∇xIn
p+s

∣∣+ ∣∣∇yIn
p,pred −∇yIn

p,pred

∣∣), (6)

where ∇x and ∇y denote the operator to obtain a vector of image gradients along x- and y-axes, respectively.
The last two loss functions are defined by the total variation of the image. For estimated primary intensities Ip,pred and

scattering component Is = Ip+s − Ip,pred , the total variations using two different norms are calculated, respectively.

LTV 1 =
1
N

N

∑
n=1

(∥∥∇xIn
p,pred

∥∥
1
+
∥∥∇yIn

p,pred
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)
, (7)

LTV 2 =
1
N

N

∑
n=1

M

∑
i=1

√
(∇Is)2

i +(∇yIs)2
i , (8)

where (∇Is)i is the ith entry of ∇Is. Since the total variations of natural images are often small in general, these two losses work
to reduce noise and stabilize the learning of DCNN.

The total loss function is defined by summing up all the above losses.

L = LMAE +λgradLgrad +λTV 1LTV 1 +λTV 2LTV 2. (9)

The weights λgrad ,λTV 1,λTV 2 are introduced to balance the influence of losses. In the following experiments, we used λgrad =
0.1,λTV 1 = 0.01,λTV 2 = 0.01, which empirically obtains the good performance.

2.4 Training step
Network structure: As shown in Fig. 2, the DCNN takes a mini-batch of transmission images Ip+s as input and outputs the
image Is with only scatter components. We used the network shown in [4], which achieved a good result on industrial CT scatter
estimation in comparison with other candidates, such as autoencoder and U-net. Different from the original one, we introduced
batch normalization after each convolution layer to accelerate the training.

Image transformation: Before images are input to the network, we apply various image transformations as well as the afore-
mentioned radiologic data augmentation to the input. The list of image transformations that we used is as follows.

• Flip (optional): Images are flipped against each of the vertical and horizontal axes with 50% possibility.

• Rotation (optional): Images are rotated around the image center by a random degree of angle between −30◦ and 30◦.

• Scaling (optional): Images are resized by a random scaling ratio between 2/3 and 3/2.

• Crop (mandatory): The corner of images are randomly selected, and a portion of them are extracted. This transformation
reduces the size of input images to the DCNN and can reduce the computational cost for the network evaluation.

Optimizer and training epochs: Our proposed method is based on mini-batch training. We undergo the processes of the
mini-batch construction, data augmentation, forward network computation, and calculation of the loss function, and then, the
parameters of the network are updated by the adaptive momentum estimation (ADAM) [3]. Its learning rate is initialized to
1.0×10−4 and is scheduled to decrease by a factor of 0.9 for every 2000 training steps. The decay parameters of the ADAM are
set as (β1,β2) = (0.9,0.999). The network is trained for 100 epochs of training data. Here, one epoch consists of N/k training
steps, where N is the number of transmission images and k is the size of each mini-batch; therefore, the total number of training
steps is 100N/k.
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3 Experiments
We evaluated the performance of our method by comparing it with a fully supervised approach as a baseline. To validate the
conceptual adequacy of the proposed method, all the data used in the experiments in this paper were created by simulation.
Different from the proposed method, the scatter-free images with NO masked pixels are used for training the DCNN in the
baseline fully supervised method. Furthermore, the baseline method input the transmissions without radiologic data augmentation
and used only the MAE loss LMAE out of four losses introduced in Section 2.3. In contrast, the proposed method input the
transmissions after radiologic data augmentation and used all four losses.

3.1 Experimental setup
We prepared six CAD models of objects in Fig. 4 and synthesized transmission images for them through X-ray CT simulation
using software called aRTist [2]. Then, transmission images for the first four objects are used as training data, while those for
the last object are used as evaluation data. During the simulated scanning, the source-to-object distance was 70 cm, the object-to-
detector distance was 30 cm, and the number of projections was 1000 for each data. The other conditions varied by the samples
(e.g., tube voltage) are shown in Table 2.

In the following experiments, only “engine-cover” data are used for training our DCNN, while the data of all four training
samples are used for the fully supervised method. Here, the experiments use only simulated data in this paper, and we may be
able to increase the number of training data arbitrarily. Nevertheless, we used the data from only one sample because it will be
preferable to reduce the considerable machine time of the X-ray CT scanners needed to prepare much training data. In Table 2,
“SS” shows that the data are used for our semi-supervised learning method, while “FS” shows that the data are used for the
baseline fully supervised method.

Figure 4: Sample objects for training and testing. Objects inside the blue box are used as training data in fully-supervised learning
(FS), and the one inside the red box is used as that of semi-supervised learning (SS).

name engine-cover crank-cover titan-sample lion-model cylinder-head bike-pedal

usage train (SS, FS) train (FS) train (FS) train (FS) test (SS, FS) test (SS, FS)

material aluminum aluminum titanium aluminum aluminum aluminum

max length 20 cm 25 cm 20 cm 25 cm 25 cm 20 cm

tube voltage 200 kV 450 kV 200 kV 200 kV 300 kV 400 kV

Table 2: Scanning conditions of each component.

3.2 Results
In Fig. 5(a), the result of scatter correction is visualized in two manners; a reconstructed cross-section is shown in the left,
and the difference from scatter-free data is in the right. Small color saturation in our result demonstrates the scatter correction
is successful. As shown at the top of each difference image, the mean absolute percentage error (MAPE) over scatter-free
data is also decreased. In addition, the surface deviation from scatter-free data is also improved by the proposed method, as
shown in Fig. 5(b). The same results are also obtained for another bike-pedal example, where the MAPE of the reconstruction
image and the surface deviation from scatter-free data are improved by the proposed method compared with uncorrected data.
More surprisingly, the results are even better than those of the fully supervised method. These results suggest the successful
performance of the proposed method using a few data.

4 Conclusion and Future Work
In this paper, we synthesized transmission images where X-ray scattering is suppressed by the BHA and demonstrated that
the proposed semi-supervised learning using the synthesized data works well for X-ray scatter correction. Particularly, the
experimental results demonstrated that the radiologic data augmentation and loss functions contributed to the X-ray scatter
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Figure 5: (a) Correction results in reconstruction domain (left: cross-section, right: the difference from scatter-free data). (b)
Surface deviation from scatter-free data.
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Figure 6: (a) Correction results in reconstruction domain (left: cross-section, right: the difference from scatter-free data). (b)
Surface deviation from scatter-free data.
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correction. For future work, we would like to test the proposed method also with real measurements, although this paper only
showed the experiments using simulated data.
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