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Abstract Landslides are among the most common geological hazards, causing significant damage to life and property every year. It is
necessary to monitor the land surface extensively to prevent and control landslides. 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. Existing algorithms tried to handle incomplete data from spatial perspective,
which, however, ignored temporal dependencies that is important for data interpolation. To solve these problems, a novel Kriging-based
model is proposed, which models spatio-temporal dependencies by spatio-temporal masks and learns hierarchical spatial relationships
via multi-head attention network. Interpolation experiments on real-world INSAR datasets show that the proposed model is capable 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.
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Table 1 Performance of different algorithms

Algorithms RMSE MAE ACC R?
KPMF 0.125 0.093 0.854 0.243
kNN 0.109 0.071 0.931 0.586
OK 0.096 0.065 0.947 0.636
STAK (1) 0.072 0.050 0.978 0.763
STAK (2) 0.091 0.063 0.952 0.662
STAK (3) 0.087 0.060 0.957 0.689
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Fig.4 Discrete distribution of estimated error
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