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Abstract: In this study, we took the satellite remote sensing images of coastal area with a spatial resolution of 0.54 m as the data source, and
classified the reclaimed land parcels into three types, such as fenced but not filled, filled but not used and filled but used (with construction facilities),
according to the geometric and spectral characteristics of temporal regulation of reclaimed land parcels. And then, we constructed a spectral deep
learning feature sample library to match with the target type of reclaimed land parcels on the coastline image, and used a multi-scale granularity
segmentation network model (MS-CNN) to identify this type of land parcels. Finally, we compared the image maps of three local areas from
2012 to 2022 to analyze the recognition effect of reclaimed land in different periods. The results show that MS-CNN can better identify the
reclaimed land as a whole, with the precision rate reaching 93.26%, the recall rate reaching 91.73%, and the F1-score reaching 92.5%, which
improves the feature expression ability of reclaimed land at both global and local scale granularity, improves the problem of wrong and omission
detection of multi-scale coexistence targets caused by the factors such as high spectral heterogeneity, and provides an accurate and feasible
method for reclaimed land identification monitoring.
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