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Abstract

X-ray computed tomography (CT) allows for visualization of the interior of solid objects in a non-destructive and non-invasive

manner. However, producing high-precision measurements takes a long time because thousands of sharp transmission images

are required to reconstruct CT volumes. To address this problem, we propose a CT measurement method based on Convolutional

Neural Networks (CNNs) that yields sharp transmission images by deblurring blurry ones. In this method, first, blurry images are

obtained in a short measurement time, then they are deblurred by CNNs with fine-tuning and integrated by linear interpolation.

This method shortens the measurement time indirectly because the process related to the CNNs is fast with GPUs and the blurry

images with low levels of noise intensity do not require a long time. Besides, the fine-tuning may improve the output images’

sharpness. According to our experimental results, the proposed method is fast and can maintain the quality of data to a certain

extent.

Keywords: X-ray CT, deep convolutional neural network, deblurring, acceleration

1 Introduction

X-ray computed tomography (CT) is widely used in industrial applications. In general, producing high-precision measurements

is a lengthy process since many sharp transmission images are required to reconstruct clear CT volumes. Conventionally, the

measurement time is shortened by using intensive X-rays. However, the precision of measured objects is inevitably degraded

in this case because transmission images become blurry. At the same time, shortening the measurement time while maintaining

high precision is often required in many real-world applications, which is difficult to accomplish while also maintaining low

levels of noise intensity.

In this paper, we propose a fast CT measurement method called Rotational Fine-Tuning (RFT), which takes measurements

almost three times faster than the conventional method while maintaining high precision. First, blurry images are obtained in

short measurement time. Next, they are deblurred by Convolutional Neural Networks (CNNs) with fine-tuning before the outputs

are integrated by linear interpolation. The dataset for fine-tuning is composed of a few pairs of the measured object’s blurry and

sharp transmission images. The fine-tuning may improve the output images’ sharpness.

2 Method

To achieve fast measurements while maintaining precision, we employed CNNs to deblur blurry transmission images taken in

a short time, which are widely used in image processing [1]. In addition, to acquire the ability to deblur them, the CNNs are

Figure 1: Flowchart of the proposed RFT method. First, Nx sharp transmission images are imaged. Second, Ny blurry transmis-

sion images are also taken. Third, the pre-trained CNNs are fine-tuned by Nx pairs of sharp and blurry ones. Finally, all the blurry

transmission images are deblurred.
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Figure 2: Top row: an E-cigarette’s transmission images. Bottom row: its blurring kernels at five different angles estimated by

the least square method.

Figure 3: Top row: a stepped cylinder’s transmission images. Bottom row: its blurring kernels at five different angles by the least

square method.

pre-trained by many blurry and sharp transmission images of some objects before the measurement, which slightly improved our

CNNs’ performance.

In contrast to measuring sharp images, RFT can finish the measurement much faster since the process related to the CNNs does

not require a long time compared to the imaging time. Figure 1 illustrates the stages of our proposed method, taking blurry and

sharp transmission images, fine-tuning the CNNs, and deblurring transmission images using the tuned CNNs. Here, we describe

the detailed information about each stage.

2.1 Taking Transmission Images

To take sharp and blurry transmission images, the intensity of the current and voltage related to the X-ray generator, exposure

time of the X-ray detector, and the type and thickness of the filter passed by X-rays are decided before taking the measurements

required to obtain an appropriate sinogram (a set of transmission images). Then, the transmission images taken under these

conditions are treated as sharp. Let Nx be the number of sharp transmission images and Ny be the desired number of transmission

images sufficient to reconstruct the CT volume of the measured object. It should be noted that Nx was chosen to be much less than

Ny for fast measurement. After taking Nx sharp transmission images, we take Ny images by setting the intensity of the current

is multiplied by the magnification number N, the exposure time is divided by N, and setting the type and thickness of the filter

passed by X-rays to be the same as before. The sinogram taken under these conditions is treated as blurry.

2.2 Fine-Tuning and Deblurring

The blurring process is frequently modeled as a convolution with a linear and shift-invariant blurring filter, or a kernel that mainly

controls the performance of deblurring methods. In general, the kernel strongly depends on the scanned object and the X-ray

projection angle. Figures 2 and 3 show the transmission images and kernels of an E-cigarette and a stepped cylinder, respectively,

at five different angles. Even though we can derive Ny deblurred transmission images by deblurring the blurry ones with pre-

trained CNNs, this method may not work well due to two factors. First, the measured object’s blur kernels are quite different
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Figure 4: The overview of how to fine-tune Nx CNNs. Each CNN is fine-tuned by each pair of sharp and blurry transmission

images, whose projection angles are the same.

Figure 5: The overview of the integration of deblurred transmission images with linear interpolation.

from those of objects used in CNN pre-training. Second, the measured object’s kernels depend on projection angles. Based on

these factors, we propose RFT that utilizes several pairs of sharp and blurry transmission images of measured objects to train the

CNNs and takes projection angles into account in the deblur phase.

Let xi be the ith sharp transmission image (i = 0, . . . ,Nx −1) and y j be the jth blurry transmission image ( j = 0, . . . ,Ny −1). Note

that the indices are sorted by the projection angles. The angle intervals between each set of transmission images are the same.

Therefore, xis are taken in the interval 360◦/Nx and yis are taken in the interval 360◦/Ny; in the case that Ny is divisible by Nx, xi

and yiNb
’s projection angles are the same, where Nb = Ny/Nx. For simplicity, assume that Ny is divisible by Nx.

Next, we show how to deblur blurry transmission images. First, prepare Nx pre-trained CNNs and fine-tune the ith CNN by a pair

of xi and yiNb
. The initial parameters of the CNNs are the same but they would be different from each other after fine-tuning. Let

Mi be the ith fine-tuned CNN. Figure 4 illustrates the procedure.

After that, deblur the blurry transmission images between the two projection angles which correspond to xi and xi+1 by Mi and

Mi+1, where MNx = M0. The deblurred result is the linear interpolation of the two deblurred images based on the original blurry

image’s projection angle. Finally, apply this process to all blurry transmission images and output the deblurred transmission

images. Figure 5 shows the overview, and Algorithm 1 explains the detailed procedure.

Again, we consider two elements; (i) the difference between objects in the measurement phase and the pre-training phase and (ii)

the projection angles. The former is resolved by fine-tuning and the latter by the interpolation of two deblurred images.
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Algorithm 1 Rotational Fine-Tuning

1: for i = 0 to Nx −1 do

2: Fine-tune Mi by a pair of xi and yiNb

3: end for

4: for i = 0 to Nx −1 do

5: for j = 0 to Nb −1 do

6: Deblur (iNb + j)th blurry transmission image by Mi and Mi+1. The output is derived by linear interpolation.

7: (Output) = (The deblurred image by Mi) ×
Nb− j

Nb
+ (The deblurred image by Mi+1) × j

Nb

8: end for

9: end for

Figure 6: The CNNs’ architecture. All the activation functions are ReLU [2]. Originally, the input image size is arbitrary because

all the layers are convolutional layers.

2.3 CNN’s Architecture

Figure 6 shows the architecture of the CNNs used in this study. Note that the figure assumes the input image size is 184×184;

however, it is arbitrary since all the layers in this network are convolutional layers. Formally, this network is expressed as follows:

hl = σ(Wl ∗hl−1 +bl−1), l ∈ {1,2,3}, (1)

where hl is the hidden layer, Wl is the weight mapping the (l − 1)th layer to the lth one, and bl−1 is the bias. Note that h0

corresponds to the input image. σ(·) is the activation function and is the Rectified Linear Unit (ReLU) [2] in this study. The first

hidden layer h1 is generated by applying 32 two-dimensional convolution kernels of size 9×9. The second hidden layer h2 and

the output layer h3 are generated by applying 32 two-dimensional convolution kernels of size 3× 3. The network architecture

and its elements were empirically determined.

3 Experimental Results

First, we explain the detailed condition of CT measurements and reconstruction. Figure 7 shows all the objects used in our

experiment and Table 1 lists the scanning parameters. The magnification number N was four for all the objects used in our

experiment. They were recorded with METROTOM 1500, from Carl Zeiss AG. All the CT volumes were reconstructed by the

FDK algorithm [5].

Next, we give an explanation of how to regularize transmission images used in this study. Let x be each pixel value, which was

transformed by the function below,

I(x) = 1− x/MAX, (2)

under the assumption that each pixel value is in [0,MAX]. We used this function because the most straightforward regularization

function I(x) = x/MAX did not work well. We theorize that many pixels were close to white and this spoils the performance of

ReLU.

After that, we explain the computing environment and the learning conditions. All the experiments were built with Keras [3],

and Table 2 shows our computing environment. Nx was 1,000, and Ny was 10. The CNNs were pre-trained with 200,000 pairs

of small blurry and sharp patches which were randomly sampled from 1,000 pairs of blurry and sharp transmission images of

the porous aluminum A that were previously collected. Each pair of patches focuses on the same area of a transmission image.

The input patch size was 184× 184 and the output patch size was 172× 172. The optimization function was Adam[4]. The

minibatch size was 16, the epoch was 20, and the learning rate was 0.0001, which was multiplied by 0.8 after every 5 epochs.

In the fine-tuning phase, each CNN was fine-tuned with 12,800 pairs of patches randomly sampled from each pair of blurry and

sharp transmission image. The minibatch size was 32, and the epoch was 1. The amount of data for fine-tuning need not be large

because the CNNs were already pre-trained.
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Figure 7: All objects used in our experiment. From left to right: porous aluminum A, E-cigarette, and stepped cylinder. Scanning

parameters are listed in Table 1.

Table 1: Scanning parameters

Porous Aluminum A Sharp Blurry

Exposure Time [ms] 4000 1000

Tube Voltage [kV] 180 180

Tube Current [µA] 150 600

Filter [mm] Cu 0.25 Cu 0.25

Focal Spot Size [µm] 27 108

E-cigarette Sharp Blurry

Exposure Time [ms] 2000 500

Tube Voltage [kV] 130 130

Tube Current [µA] 200 800

Filter [mm] None None

Focal Spot Size [µm] 26 104

Metal Step Sharp Blurry

Exposure Time [ms] 4000 1000

Tube Voltage [kV] 200 200

Tube Current [µA] 200 800

Filter [mm] Cu 0.50 Cu 0.50

Focal Spot Size [µm] 40 160

Table 2: Computing environment

OS Ubuntu 16.04 LTS 64bit

CPU Intel(R) Core(TM) i7-5930 CPU @ 3.50GHz 12

GPU GeForce GTX TITAN X/PCle/SSE2 2

Memory 64 GB RAM

Programming Language Python v3.6.0

Library Keras v2.1.6, TensorFlow-GPU v1.7.0

Figure 8 shows the porous aluminum A’s result with its transmission images and cross-sections in the CT volume; no deblurring,

deblurred by the proposed method, and sharp. It is confirmed that the two methods surely improved the sharpness. Note that

the CNNs used in our study were pre-trained by the data collected from the porous aluminum A’s sinogram, and originally, the

CNNs should be pre-trained with the other objects’ data.

We conducted two experiments under these conditions.

3.1 Deblurred Transmission Images and CT Volumes

In this experiment, we compared cross-sections in the CT volumes of an E-cigarette reconstructed from blurry and deblurred

sinograms. Figure 9 shows the result. Our proposed method surely improved the sharpness of data. In addition, the deblurred

sinogram took 41 minutes to measure and process, while the original sharp sinogram measurement took 104 minutes.
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Figure 8: The result of the porous aluminum A. Top row: transmission images. Bottom row: cross-sections in the CT volumes.

From left to right: no deblurring, deblurring by the proposed method, and sharp. Their contrasts are adjusted for the sake of

comparison.

Figure 9: The result of an E-cigarette. Top row: transmission images. Bottom row: cross-sections in the CT volumes. From left

to right: no deblurring, deblurring by the proposed method, and sharp. Their contrasts are adjusted for the sake of comparison.
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Figure 10: The result of the stepped cylinder. Top row: a blurry scan (2,000 projections, one hour) with a spot size four

times larger than the voxel size. Bottom row: a CNN-deblurred result using ten additional sharp transmission images with the

appropriate spot-size. From left to right: transmission images, cross-sections in the CT volumes, extracted shapes, and surface

deviation maps from a shape obtained from a standard scan (2,000 projections, three hours).

3.2 Visual Comparison

To confirm the difference between blurry and deblurred images and the shortened measurement time, we prepared blurry and

sharp sinograms of a stepped cylinder, and deblurred blurry one. After that, we reconstructed CT volumes of blurry and deblurred

sinograms and extracted shapes using VG-Studio’s advanced mode. Figure 10 shows the result. The extracted shape of the blurry

scan was noisy and shrunk and our proposed method surely improved it. Moreover, the standard scan required three hours, but

the deblurred sinograms and our method each required only one hour.

4 Conclusion

In this paper, we proposed a CT measurement method called RFT that quickens the measurement process while maintaining its

precision. Our experiment proved that the proposed method shortens measurement time and can deblur well. In future work,

we plan to improve the quality of deblurring by employing the methods suggested in Krishnan et al.[6], Xu et al.[7], and so on.

Also, we will apply our method to other CT problems such as segmentation.
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