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Abstract In view of the problems that the traditional neural network model tends to ignore difficult samples due to the
unbalanced classification of remote sensing image semantic segmentation data, and the reasoning results are hollow and the
segmentation accuracy decreases, a drill-shaped neural network semantic segmentation method is proposed. First, a new
bridge module is defined to fuse the shallow and deep feature information, thus more building details can be captured by the
network; second, in the deep learning segmentation model training, the multi loss function is used to improve the
extraction of difficult sample information; finally, to balance the differences of category training, the feature information is
extracted from remote sensing images at multiple levels, and the segmentation accuracy is improved. The experimental
results show that the average intersection to union ratio of the proposed method reaches 0. 849, the building missing rate
and wrong recognition rate are less, and the segmentation accuracy is improved compared with the existing methods.
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Table 1 DSNet parameter setting

Layer Input size Operation Output size
RelLU
X0 3X512X512 32, Conv(3X3) 32X512X512
BatchNorm
Rel.U
Xt 32X512X512 64, Conv(3X3) 64 X 256 X 256
BatchNorm
Rel.U
x=0 64 X256 X256 128 Conv(3X3) 128 X128 <128
BatchNorm
Rel.U
X0 128X 128X 128 256, Conv(3X3) 256 X 64X 64
BatchNorm
RelLU
X0 256 X 64 X 64 512, Conv(3X3) 512X 32X 32
BatchNorm
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Layer Input size

Operation Output size

X! 512X 32X 32

X*? 256 X 64 X 64

X"he 128X 128 X128

X().l,x[).ZXo.Bx(Lal 32><512><512

RelLU
256, Conv(3X3)
BatchNorm
RelLU
128, Conv(3X3)
BatchNorm
RelLU
64, Conv(3X3)
BatchNorm
RelLU
32, Conv(3X3)
BatchNorm

256 X 64X 64

128 X128 X128
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32X 512X 512
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Table 2 Ablation experiment

Model PA MPA mloU
DSNet+BCE+ Adam 0.901 0.954 0.831
DSNet+FL~+ Dics+ Adam 0.939 0.962 0.839
DSNet+FL+Dics+AdamW  0.941 0.977 0. 849
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Table 3 Comparison of model prediction and evaluation indexes

Model PA MPA mloU
PSPNet 0.898 0.913 0.797
UNet 0.913 0. 956 0.812
UNet+ + 0.928 0.961 0. 838

Proposed model 0.941 0.977 0. 849
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