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1. Introduction

For minimizing the radiation damage in the
protective clothing material for workers or patients,
lead or lead-based compounds have been widely
utilized [1]. The radiation shielding material based on
the lead is heavy, and the environmental pollution is
severe upon disposal [2]. Recently, polymeric
composite shielding materials, which satisfy both
convenience and economics, have been studied. For
synthesizing polymeric composite, the composite
resin is created by mixing materials, and the mixing
ratio is modified again to satisfy both radiation
shielding performance and productivity. Because this
experimental procedure is uneconomic and time-
consuming, particle transport simulations such as
using the Monte Carlo N-Particle transport code
(MCNP) are used before the synthesis of the shielding
materials [3]. This procedure also needs large
computational cost, so a convenient and efficient
method for the estimation of the shielding
performance has been required for the developer of the
shielding materials. In this study, for efficiently
estimating the shielding performance, a dose estimator
in developing protective cloth materials for the
individual radiation shielding is proposed using a
regression model with artificial neural network.

2. Methods and Results
2.1 Data Generation

The target polymeric composite for the radiation
shielding material, is a mixture of barium sulfate
(BaS0,), bismuth (Bi), tungsten (W) and fiber. As a
designing step of the polymeric composite, the
composition is not fixed and the atomic density of
each material is, therefore, unknown.

To obtain the data for conducting the machine
learning, it is assumed that the fibers used in making
protective clothing do not affect the shielding
performance. Based on the composition boundaries
considering the chemical synthesis possibility, 500
datasets were produced using MCNP6 code with

mcplib04 cross section library [4]. In this simulation,
the 100 keV energy of the X-ray (used in medical
diagnosis purposes) was assumed, and the thickness of
the shielding was fixed to 3mm for considering the
production of the shielding cloth. As a preliminary
study of the regression performance, in this study, it
was assumed that the effective density of the shielding
material is 5 g/cm’, and mass fractions are only
changed as the input variable. By random sampling of
the mass fraction for each material, the doses passing
through shielding materials were converted by using
ICRP116 dose-rate conversion factor. For each
simulation, the particle history was determined that
the relative error of the response (dose) is under 1 %.

2.2 Artificial Regression Neural Network

Artificial Neural Network (ANN) [5] is one of the
machine learning algorithms used in the deep learning
technique. ANN can adjust weights through machine
learning in a network of nodes. Figure 1 is the
schematic diagram of the Artificial Regression Neural
Network (ARNN) used in this study.
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Fig. 1. Schematic diagram of ARNN

For constructing the neural network with 2 hidden
layers, Tensorflow with ReLU activation function
were used [6]. For the machine learning, following
cost function was implied:

cost = izgl(ﬂ(x(i)) _ y(i))z 1)

where H is a hypothesis, x isthe dataset value, y is
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the result given in dataset, and m is the number of
dataset. With the cost function, the gradient descent
method was used as the optimizer. 500 datasets
obtained by the MCNP simulations were used to
conduct machine learning of ARNN, and 50 additional
data were produced to verify the accuracy of the
radiation shielding performance of the trained ARNN.

2.3 Results

Figure 2 shows cost values during ARNN machine
learning. The costs decreased gradually and
converged about 150" step indicating that the machine
learning is well accomplished.
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Fig. 2. Cost value at each step of machine learning

Table 1 showed the sampled dose rates estimated by
ARNN and MCNP, which were not used in the
machine learning. The results estimated by the
artificial neural network agreed well within 5 %, and
therefore, it is expected that ARNN is applicable for
the prediction of dose rates in radiation shielding. In
addition, it was verified that the calculation time with
ARNN is under 1 s for each calculation.

Table 1. Comparison MCNP results with ARNN results and
total accuracy.

BaSOq4 Bi w MCNP ARNN
[w/o] [w/o] [w/o] Results Results
(mSv/h) (mSv/h)
0.08983 | 0.08983 | 0.72295 | 3.50E-08 3.36E-08
0.04094 | 0.73470 | 0.07436 | 2.60E-08 2.62E-08
0.03688 | 0.17832 | 0.63480 | 2.30E-08 | 2.31E-08

Total Accuracy of 50 data : 0.963 (relative difference
between MCNP and ARNN results)

3. Conclusions

In this study, the applicability of the ARNN for
replacing the conventional particle shielding
calculation was tested. A polymeric composite was
selected, and dose calculation performance on a
specific condition was evaluated. After generating 500

datasets, the machine learning with ARNN was
conducted. The results with 50 test sets showed that
the ARNN can accurately predict the radiation doses
with 96 % average accuracy. The dose estimator with
ARNN can dramatically improve the calculation
efficiency in the radiation shielding, and therefore, it
is expected to lead innovation in the field of radiation
shielding estimations.
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