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This_study aims to establish the basic technology for a portable

radioactivity monitoring device for planning an efficient soil decontamination plan. We developed a
machine learning system (deep neural network) that estimates the distribution of radioactive soil
contaminants in the depth direction with high accuracy. We assumed a virtual situation in which
radioisotopes are placed in the soil and simulated typical cases using a PHITS (Particle and Heavy
lon Transport code System). According to the data sets generated by the PHITS, a large amount of
training data for the deep neural network was generated using generative adversarial networks. We
created a deep neural network that can make high-precision estimates for the training data and
implemented it on an edge device. These indicated that the basic technology for a soil radioactivity
monitoring device with high-precision estimation was established.
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