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Land Coverage Extraction Based on Multi—scale Features Fusion Neural Network
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Abstract: The rapid development of deep learning provides a more effective approach and brighter prospects for interpretation of high-resolution

satellite remote sensing imageries. In this paper, we extracted land coverage information from high-resolution satellite remote sensing imageries

by producing a pixel wise dataset containing five common land coverage classes and using a semantic segmentation model based on the attention

enhanced and multi-scale features fusion neural network. The accuracy of the semantic segmentation model could be promoted by several ap-

proaches such as choosing special spectral bands, transfer learning with pre-trained models and modifying loss function. For the optimal extrac-

tion result, the mean F1, mean IoU and overall accuracy of the five land coverage classes are 78.6%, 66.8% and 85.0%, respectively. Except for

road, the F1 of crop and grass land, forest, building and water are all surpass 80%, and the boundaries of terrain objects in the classification chart

can be well matched with those in the images, which shows that the pixel wise dataset and semantic segmentation method established in this pa-

per can be used for the land coverage extraction from high-resolution satellite imageries.

Key words: deep learning, attention mechanism, multi-scale features fusion, satellite imagery, land coverage
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