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Fig.1 Progress of the investigations of outfalls into rivers in China in the past 30 years
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Table1 Common remote sensing data sources for monitoring outfalls into rivers
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Fig.2 Classification and development history of object detection algorithms based on deep learning
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Review on the Progress of Remote Sensing Investigation of the
Outfalls into Rivers

Huang Yaohuan"?, Xiong Biao'*, Yang Haijun’, Wu Chengbin"*, Zhu Haitao’
(1.State Key Laboratory of Resources and Environmental Information System , Institute of Geographic Sciences
and Natural Resources Research, Chinese Academy of Sciences, Beijing 100101, China;
2.College of Resource and Environment, University of Chinese Academy of Sciences, Beijing 100049, China;
3.Ministry of Ecology and Environment Center for Satellite Application on Ecology and Environment,
Beijing 100094, China)

Abstract: Outfalls into rivers are the last checkpoint for man—-made pollutants flowing into rivers. Accurate in-
vestigation of them plays an important role in the protection of water resources and the prevention and control of
water pollution. Firstly, the progress of large—scale investigations of outfalls into rivers in the past 30 years were
reviewed and the four aspects of manual field survey, GIS accounting system construction, satellite remote
sensing monitoring and Unmanned Aerial Vehicle (UAV) investigation are introduced. Secondly, after analyz-
ing remote sensing monitoring techniques for outfalls into rivers, which are based on direct visual interpretation,
water environment parameters inversion and ground targets classification and other methods commonly used,
the limitations of the application of the above methods on UAV images are discussed. And then, through intro-
ducing briefly the principle of the object detection method based on deep learning, the application status and key
techniques of the deep learning—based object detection method implemented on the UAV remote sensing investi-
gation of outfalls into rivers are discussed. Finally, analyzing the application prospect of deep learning on the rec-
ognition of outfalls into rivers using UAV imagery and looking forward the research emphasis of monitoring
complex geographical objects including outfalls into rivers based on UAV remote sensing technique.

Key words: Outfalls into river; Investigation; Remote sensing; Unmanned Aerial Vehicle (UAV) ; Object de-

tection



