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Spatio-Temporal Attention-based Kriging for Land Deformation Data Interpolation

LI Rong-fan,ZHONG Ting, WU Jin,ZHOU Fan and KUANG Ping

School of Information and Software Engineering, University of Electronic Science and Technology of China,Chengdu 610054, China
Abstract Landslide is one of the most common geological hazards,it causes significant damage to people’s life and property every
year. In order to prevent and control landslides.it is necessary to monitor the land surface extensively. However,insurmountable
difficulties such as severe climate and high monitoring cost impede the collection of land surface data,resulting in incomplete local
data,unbalanced data sampling and dynamic changes of monitoring points, which hinder the prevention and control research of
landslide and put forward new demand to the data collection and analysis. Existing methods try to handle incomplete data from
spatial perspective.which, however, ignore temporal dependencies that are important for data interpolation. To solve the above
problems, the incomplete INSAR data filling is studied, the spatio-temporal dependence is modeled by using the spatio-temporal
mask matrix,the multi-level spatial relationship is comprehensively studied by using multi-head attention,and a novel Kriging in-
terpolation method using spatio-temporal attention is proposed on the basis of Kriging. It realizes the deep understanding of com-
plex temporal and spatial features. Interpolation experiments on real-world INSAR datasets show that the proposed model is ca-
pable to learn sophisticated spatial and temporal features effectively, and achieves better performance than the state-of-the-art
methods in three different data interpolation scenarios.

Keywords Spatio-Temporal data mining,Spatio-Temporal attention,Kriging.Landslide, Interpolation
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Fig. 2 Spatio-Temporal multi-head attention
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