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Abstract

sensing image segmentation network based on multi-level feature optimization fusion that focuses on the fusion of feature

To accurately segment ground objects from a high-resolution remote sensing image, we propose a remote

maps at different levels in the feature extraction skeleton network, performs reasonable and effective extractions, and
analyzes output feature map information by fusing different types of information in the network feature map.
Simultaneously, layer-by-layer multi-scale coding and decoding modules are used to refine the shallow feature map that
merges with the high-level feature map, and the different types of information are optimized to the high-level feature map.
The hollow convolution pyramid is then used to extract the information of different receptive fields on the high-level feature
map, and the output feature map of semantic segmentation is optimized. When conducting experiments on the ISPRS
Vaihingen dataset, the overall accuracy of the proposed network reaches 90. 34% , which effectively improves the accuracy
of remote sensing image target detection when compared with the classical semantic segmentation network. Moreover, to
prove the generalization of the proposed algorithm, a generalization experiment on the ISPRS Potsdam dataset is
conducted; the overall accuracy of this algorithm reaches 91. 47 %, proving its effectiveness.

Key words remote sensing; semantic segmentation; multi-scale encoding and decoding; feature fusion
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Fig. 1 Multi-level feature refinement and fusion network
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Table 1 Vaihingen training sample pixel category distribution
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Table 2 Object classification accuracy on Vaihingen dataset unit: %
ToU
Overall
Method ) o ) Mean IoU  Mean F,
Impervious surface  Building ~ Low vegetation  Tree Car accuracy
PSPNet 77.26 87.89 65.67 77.48 55.86 72.83 85.08 87.83
UNet 77.45 84.42 66.03 76.24 58.65 73.29 85.57 87.97
RefineNet 82.14 87.12 66. 69 74.57 56.87 73.48 85.82 88.16
Deeplab v3+ 83.77 89.92 67.93 78.67 62.46 76.55 87.90 89. 65
MRFNet (proposed) 84.37 90. 15 68. 04 79.21 63.49 77.05 88.24 90. 34
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Fig. 3 Comparison of MFRNet and classic semantic segmentation algorithms on Vathingen dataset
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Table 3 Object classification accuracy on Potsdam dataset unit: %
IoU
Overall
Method ) o Mean loU  Mean F,
Impervious surface  Building Low vegetable  Tree Car accuracy
MRFNet (proposed) 84.37 90. 15 68. 04 79.21 63.49 77.05 88. 24 91.47
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Fig. 4 Segmentation results of MFRNet on Potsdam dataset
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