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Semantic segmentation of remote sensing images based on multi-scale feature

interaction and boundary optimization

ZHANG Han', NG Alex Hay-Man’, LIU Xun'
(1. School of Information Engineering, Guangdong University of Technology, Guangzhou 510006, China;
2. School of Civil and Transportation Engineering, Guangdong University of
Technology, Guangzhou 510006, China)

Abstract: Semantic segmentation of remote sensing images is a task of great theoretical importance and
practical values. Remote sensing images contain rich feature information, and the pixel information at the
boundary is also more difficult to determine, making segmentation more difficult. Based on the structure of
Mask2Former, an improved multi-scale feature interaction structure Mask2Former-MS and a boundary
optimization structure Mask2Former-BR were proposed, the former utilized bilinear interpolation for up-
sampling and down-sampling to achieve the effect of feature fusion, and a channel attention mechanism was

introduced to reduce the effect of redundant information. The latter utilized the atrous spatial pyramid pooling
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(ASPP) module for feature extraction, the different atrous rates was used to capture feature information at

different scales by each parallel atrous convolution branch of ASPP, and the ReLU layer and batch

normalization (BN) layer for activation and normalization were used to suppress gradient vanishing and made

the pixels at the boundary more accurate. The experimental results show that by comparing the U-Net network

and the Mask2Former structure on the Gaofen image dataset (GID), the optimal precision and optimal accuracy

of the improved Mask2Former-MS structure and the Mask2Former-BR structure are 88.82%, 85.90% and

89.56%, 87.46%, respectively, and the segmentation effect of the improved structures is better.

Key words: deep learning; semantic segmentation; remote sensing image; multi-scale features; boundary

optimization
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Class No. Label color (R, G, B)
Built-up 0 (255,0,0)
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Water 4 (0, 0,255)
Others 5 (0,0,0)
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Fig. 4 Example of training set for remote sensing images
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Fig. 5 Comparison of segmentation results
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Table 2 Evaluation indicators for each structure

Structure Evaluation Built-up Water Forest Meadow Farmland
U-Net ToU 0.6032 0.8165 0.6269 0.7148 0.6327
Accuracy 0.6674 0.8358 0.8052 0.7715 0.7063

Precision 0.8236 0.8391 0.7022 0.7835 0.8164

F-Score 0.6737 0.8489 0.7346 0.7868 0.744 1

U-Net-HED ToU 0.6249 0.8308 0.6483 0.7305 0.6591
Accuracy 0.6906 0.8576 0.8223 0.7832 0.7188

Precision 0.8513 0.8766 0.7317 0.8074 0.8519

F-Score 0.6964 0.8749 0.7597 0.8044 0.7684

Mask2Former ToU 0.6411 0.8983 0.6855 0.7694 0.6939
Accuracy 0.7100 0.9251 0.8818 0.8556 0.7446

Precision 0.9380 0.9682 0.7920 0.8820 0.903 1

F-Score 0.7787 0.9471 0.7943 0.8562 0.8093

Mask2Former-MS (Ours) ToU 0.6744 0.9240 0.7069 0.7953 0.7183
Accuracy 0.7415 0.9444 0.9039 0.8979 0.8790

Precision 0.9578 0,9886 0.8111 09111 0.9253

F-Score 0.8084 0.9605 0.8214 0.8860 0.8365

Mask2Former-BR(Ours) ToU 0.6787 0.9330 0.7136 0.7967 0.7202
Accuracy 0.7426 0.9453 0.9411 0.8934 0.8809

Precision 0.9635 0.9829 0.8399 0.9245 0.9255

F-Score 0.8114 0.9599 0.8164 0.8743 0.8373
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