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ABSTRACT

Recently, underground cavities on urban roads have prompted safety concerns. To provide countermeasures,
early detection and identification of cavities are essential. Ground-penetrating radar(GPR) is often used to detect

cavity by transmitting electromagnetic pulses and receiving the backscattered radiation from subsurface
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discontinuities. Collecting data in real-world environment and determining whether cavity exists requires much

manpower and time, and there is limitation due to the lack of numbers of cavity data. In this study, to

minimize the manpower and save time, we simulate cavity data in place of real-world data. We propose a

method of determining the existence of underground cavities by training deep neural network(DNN) model,

VGGNet-16, with GPR images produced by simulation. Through simulation, GPR images with and without a

cavity were created and used for training. Experimental result showed 92.3% test accuracy in classifying soils

with and without cavity models. To ensure the trained model learned cavity features effectively, we use

Score-CAM to visualize the model’s representation learning mechanism. Through visualization, we validated

that the model learned features that indicate the existence of cavity. In future work, we will verify the

similarity between simulated and real-world data and performance of the trained model using real-world data.
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