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Abstract: A salt farm extraction model based on large convolution kernel network (LCKNet) with effective receptive field theory is presented.

Based on the encoder-decoder structure, the LCKNet model enlarges the effective sensing field through the large convolution core module

(LCM) and global perception module (GRM) and enhances the ability to distinguish fragile objects such as rivers, beaches, reservoir pits and

ponds. The results show that LCKNet can effectively identify salt farms and easily mixed land, and can accurately and automatically identify salt

farms in complex areas.
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