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Spatio—temporal Monitoring and Analysis of Surface Water in Remote Sensing

Images Based on Deep Learning
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Abstract: The deep learning model relies on the quantity and quality of training samples, and there is a problem of adaptability to different types

of water bodies in the application of remote sensing image water extraction. We constructed a U-Net optimization model with attention mecha-

nism, used the sample training optimization model to extract water bodies from five annual remote sensing images of Hubei Province from 2001

to 2020, and statistically analyzed the spatio-temporal monitoring results of water body. The overall accuracy is 98.09%, the producer accuracy is

93.89%, the user accuracy is 95.48%, and the Kappa coefficient is 93.17%, which are higher than NDWI, U-Net, SVM methods. Through the da-

ta analysis of precipitation, temperature, population and urbanization rate, we studied the driving factors of sequential change of surface water ar-

ea in Hubei Province. The results show that the change of surface water area in Hubei Province is significantly positively correlated with the aver-

age annual precipitation, the population factor has an impact on the change of small water area such as paddy fields, and the correlations between

surface water area change and temperature and urbanization rate are not significant.
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