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Abstract The remote sensing image semantic segmentation in rural areas is the basis for urban and rural planning,
vegetation and agricultural land detection. Segmentation of a high-resolution remote sensing image of rural areas is
difficult because of the complex image information. Herein, we designed a complete symmetric network structure
that includes a pooled index and a convolution used to fuse semantic information and image features. The Bottleneck
layer is constructed using 1 X1 convolution and employed to extract the details and reduce the parameter quantity,
deepen the filter depth to build an end-to-end semantic segmentation network, and improve the activation function to
further enhance network performance. The experimental results show that the accuracies of the proposed method
and the classical semantic segmentation networks U-Net and SegNet are 98.4%, 80.3%, and 98.1%, respectively
on the CCF dataset. Thus, the proposed method achieves better performance than the other two methods.
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Table 1 Information of labels

Feature category No. Label color (R,G,B)
Background 0 (0,0,0)
Vegetation 1 (50,205,50)
Building 2 (245, 254, 0)
Water 3 (0, 255, 255)
Road 4 (255, 92, 75)
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Fig. 6 Comparison of experimental results. (a) Original image; (b) original label visualization result; (c¢) U-Net
segmentation result; (d) SegNet segmentation result; (e) segmentation result of SegProNet+ Rel.LU; (f) segmentation

result of SegProNet+ELU
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Fig. 7 Comparison of experimental details. (a) Original label visualization result; (b) U-Net segmentation result; (c) SegNet

segmentation result; (d) segmentation result of SegProNet+ Rel.LU; (e) segmentation result of SegProNet+ ELU
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Table 3 Evaluation indicators of each method

Category Evaluation Vegetation Building Water Road
Precision 0.7565 0.5232 0.7368 0.6904

U-Net Recall 0.6341 0.7847 0.8237 0.7571
TIoU 0.5266 0.4575 0.6364 0.5652

Precision 0.8340 0.7254 0.8555 0.7576

SegNet Recall 0.8164 0.8338 0.8541 0.8722
TIoU 0.7023 0.6339 0.7464 0.6819

Precision 0.8533 0.7508 0.8837 0.7815

SegProNet Recall 0.8239 0.8587 0.8653 0.8736
ToU 0.7216 0.6682 0.7768 0.7021

Precision 0.8531 0.8861 0.8792 0.8664

SegProNet+ELU Recall 0.8534 0.7528 0.8914 0.8164
ToU 0.7441 0.6863 0.7942 0.7251
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