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Abstract: In order to further improve the accuracy of spatial interpolation, generative adversarial
networks (GANs), least squares generative adversarial networks (LSGANs) and gaussian radial
basis neural network (GRBFNN) are built. The average data of 619 meteorological stations from
1960 to 2013 of the National Meteorological Science Data website are used, the interpolation re-
sults of precipitation and average temperature of the above three deep learning models are com-
pared with those of ordinary Kriging (OK) and inverse distance weighted (IDW), and the cross-
validation is also performed. The results show that the IDW method is better than the OK meth-
od in the spatial interpolation of precipitation and average temperature data of national meteoro-
logical stations. When there are plenty of training samples, the LSGANs model performs best in
spatial interpolation. When the number of training samples is small, the interpolation accuracy of
GRBFNN is the greatest. Elevation has a greater influence on the interpolation accuracy of aver-
age temperature, and a smaller influence on the interpolation accuracy of precipitation. Using L.S-
GANs and GRBFNN deep learning models help to expand the spatial interpolation ideas and ap-
plication range, and have a good prospect.
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Tab. 3 Comparison of interpolation results of precipitation
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Tab.4 Comparison of interpolation results
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