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Abstract: Ground Penetrating Radar (GPR), as a non-destructive technology, has been widely used to detect,
locate, and characterize subsurface objects. Example applications include underground utility mapping and
bridge deck deterioration assessment. However, manually interpreting the GPR scans to detect buried objects
and estimate their positions is time-consuming and labor-intensive. Hence, the automatic detection of targets is
necessary for practical application. To this end, this paper discusses the feasibility of using GPR to estimate
target positions, and reviews the progress made by domestic and international scholars on automatic hyperbolic
signature detection in GPR scans. Thereafter, this paper summarizes and compares the processing methods for
target detection. It is concluded that future research should focus on developing deep-learning based method to

automatically detect and estimate subsurface features for on-site applications.
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