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Tab.1 Network early stage training accuracy comparison (%)
EES U”%E%%z 'ﬁi{%qz ﬁﬁ%$ mlOU i 10U %t 10U ﬁﬁzo e
EOEITES ESEiTES Rl ¥ 10U
Deeplab v3 - 50 19.91 12.15 87.90 82.21 94.30 70.13 60.35
Deeplab v3 - 101 18.92 12.37 87.00 81.65 94.19 69.11 58.05
PSPNet50 19.21 12.02 88.03 82.35 94.34 70.36 63.30
PSPNet101 18.33 12.22 87.92 82.27 94.32 70.23 63.27
ShelfNet50 18.01 12.48 89.19 82.75 94.33 71.16 63.60
ShelfNet101 21.17 13.15 86. 82 81.34 94.08 68.60 58.23
*2 MERZINEHEELR
Tab.2 Network final training accuracy comparison
g o T o T .
wrmn i h L g OV Rous souse SRR N
BEHLARAK — — 85.48 55.98 — — — —
SRR AL — — 79.82 46.27 — — — —
Deeplab v3 =50 13.85 10.13 90. 65 85.38 95.30 75.46 74.74 48.92
Deeplab v3 - 101 12.78 9.68 90. 88 85.70 95.41 75.98 75.68 68.35
PSPNet50 13.72 9.81 90.78 85.37 95.28 75.45 74.73 32.13
PSPNet101 10.95 8.66 92.44 87.25 95.88 78.63 78.01 51.86
ShelfNet50 11.54 9.08 92.38 86.71 95.65 77.76 77.05 14.02
ShelfNet101 12.05 9.31 91. 60 86.12 95.49 76.94 76.89 15.63
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Fig.6 —1 ShelfNetS0 network test set segmentation results
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Fig.6 —2 ShelfNet50 network test set segmentation results
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Research and comparative analysis on urban built — up area

extraction methods from high - resolution remote sensing

image based on semantic segmentation network

LIU Zhao, ZHAO Tong, LIAO Feifan, LI Shuai, LI Haiyang

(Institute of Transportation Engineering and Geomatics, Department of Civil

Engineering , Tsinghua University, Beijing 100084, China)

Abstract : The extraction of urban built — up areas plays an important role in urban development planning . To find
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out the method of extracting remote sensing image urban built — up area based on convolutional neural network
which can balance efficiency and recognition accuracy , the authors started with the principle of neural network
structure and compared as well as analyzed the internal structure of multiple semantic segmentation networks . The
semantic segmentation network was trained separately and the results were comparatively studied . The experimental
result shows that the ShelfNet — 50 network could ensure high recognition accuracy while training speed , achieved
77% foreground segmentation accuracy while training time was only 14 hours, and the result of ShelfNet — 50
network prediction was also highly consistent with the corresponding remote sensing image data . The experiment
confirms that ShelfNet — 50 network can be applied to high — resolution remote sensing image urban built — up area
extraction problems.

Keywords: high — resolution remote sensing image ; convolutional neural network ; semantic segmentation ; urban

built — up area
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