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Abstract: Towards how to use deep learning semantic segmentation method to realize high performance segmentation of remote
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sensing image, three popular semantics segmentation algorithms based on deep learning are selected, which are SegNet, PSPnet and
Deeplabv3+. Based on the classification of four types of elements in high— resolution remote sensing images of a UAV in the south,
this paper takes the overall accuracy, average accuracy and MIoU as the accuracy measurement indicators, and comprehensively ana-
lyzes the performance of the three algorithms. The experimental results show that the overall accuracy of the three algorithms can be
improved by 2 to 5 percentage points with the support of migration learning. By replacing the PSPNet algorithm backbone network,
the contribution of different structural networks to accuracy is verified, and a backbone network with low complexity is optimized. U-
sing the idea of integrated learning, the result fusion of multi—algorithm model based on voting method can improve the overall accu-

racy by about 1%. The three algorithms have better segmentation effects on vegetation and water body than buildings and roads. A-

mong them, Deeplabv3+ algorithm has the highest accuracy. the overall accuracy reaches 89. 3% , and MIoU reaches 80. 4% , which

can achieve the robust segmentation of the elements.
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