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Semantic segmentation of remote sensing image based on
multimodal complementary feature learning

WANG Xingwu'’, LEI Tao'”, WANG Yingbo'?, GENG Xinzhe'?, ZHANG Yue'"’

(1. Shaanxi Joint Laboratory of Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China;
2. School of Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China)

Abstract: In the semantic segmentation of remote sensing images, the digital surface model can provide a correspond-
ing geometric representation of the spectral data, which can effectively increase segmentation accuracy. However, most
literature studies simply add or merge spectral and elevation features at different stages, ignoring the correlation and
complementarity between multimodal data. This makes the network unable to accurately segment some complex fea-
tures. This paper studies a multimodal data semantic segmentation network based on complementary feature learning.
The network uses the multicore maximum mean distance as a complementary constraint to extract similar and comple-
mentary features between two modal features. The complementary features are borrowed from each other before decod-
ing to enhance the feature sharing capability of the network. The proposed network is verified on the Potsdam and
Vaihingen datasets of ISPRS and achieves higher segmentation accuracy.

Keywords: computer vision; remote sensing image; image segmentation; convolutional neural network; semantic seg-

mentation; multimodal feature fusion; deep learning; complementary feature learning
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Table 1 Comparison of segmentation accuracies for the Potsdam dataset
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FCN8s 88.61 93.12 83.29 79.83 93.02 87.85 85.59
Deeplabv3+ 90.81 94.87 85.57 83.84 94.50 90.16 89.72
V-fuseNet 92.42 95.20 86.15 86.27 94.45 90.90 90.15
DP-DCN 92.53 95.36 87.21 86.32 95.42 91.37 90.45
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CFL-Net 93.35 96.51 88.01 88.62 95.88 92.47 91.21
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Fig.5 Comparison of the whole graph prediction results
for the Potsdam dataset
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Fig. 6 Comparison of small region segmentation results for the Potsdam dataset cropping
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Table 2 Comparison of segmentation accuracies for the Vaihingen dataset %
Tk ANiFE KT I B B AR 4 FHIF YN
FCN8s 88.76 92.38 76.54 85.85 74.77 83.67 86.57
Deeplabv3+ 90.32 92.89 77.57 87.85 79.02 85.53 88.41
V-fuseNet 90.52 93.21 79.26 88.12 78.79 85.98 89.08
DP-DCN 91.47 94.55 80.13 88.02 80.25 86.83 89.32
DSMFNet 91.78 95.83 82.03 89.52 81.21 88.02 90.05
CFL-Net 92.23 95.80 83.71 90.25 81.45 88.69 90.83
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Fig. 7 Comparison of small region segmentation results for Vaihingen dataset cropping
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Table 3 Results of the ablation experiments %
Tk SRS F,
DSM-branch 65.21 64.86
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