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Abstract: The monitoring of idle land such as “supplied but not used” is an important task of the natural resources department on the dynamic
supervision of land market. Taking Google MobileNetV2 deep learning neural network as the core algorithm, using the historical data of Guang-
dong land market dynamic supervision system as the learning sample, we built an intelligent remote sensing monitoring system for post develop-
ment state of construction land supply based on ArcGIS and Baidu Paddle artificial intelligence platform. The case application shows that the rec-
ognition accuracy of remote sensing intelligent monitoring system for the post development state of construction land supply is higher than
93.95%. It can not only check the authenticity of information reported by the local government, but also give an early warning to the idle land.
The research shows that the research and development of artificial intelligence supervision technology based on the business data of natural re-
sources supervision can effectively promote the intelligent management of natural resources.
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