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Tab.1 Classification system of new constructed land
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Fig.1 Flowchart of deep learning method
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Tab.2 Evaluation of accuracy by deep learning
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Fig.2 Result of land use changes detecting based on deep learning
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Tab.4 Statistics of new constructed

land of Yanjiang District

[ e A [ BEA % V&1 3AE THI AR/ T
1A 5 45.9
1B 135 312.5
1D 2 21.5
1E 1 15.4
2 43 1 000.6
3A 3 59.1
3B 30 245.0
3D 2 3.6
TA 24 121.1
7B 3 76.8
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Tab.5 Accuracy of different types
based on TongZhou (%)
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1A 100.0 218.2 0.0 31.5
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&t 75.9 212.1 24.1 17.2
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Tab.6 Accuracy of different types
based on YanJiang (%)
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Research on new construction land information extraction based
on deep learning. Innovation exploration of the national
project of land use monitoring via remote sensing

WU Haiping' , HUANG Shicun®
(1. Institute of China Land Surveying and Planning, Beijing 100035, China; 2. China
Center for Resources Satellite Data and Applicaiion, Beijing 100094, China )

Abstract; The national project of land use monitoring via remote sensing has created millions of samples of new
construction land. Based on these data, the authors conducted a preliminary research on applying the deep learning
technology to automatically detect new constructions in comparison with the results generated by specialists. This
study demonstrates that the deep learning technology has a great potential for completing the task of monitoring land
use via remote sensing. It is believed that the efficiency of the project would be increased dramatically with minor
manual assistance when a recall accuracy reaches 80% .
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