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Fig. 2 Remote sensing recognition results
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Fig. 3 Comparison of different types of black and odorous water body in different years
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Table 3 Contribution rate of influence factors to black and odorous water body
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Abstract To timely and accurately grasp the progress of black and odorous water body management and
treatment, as well as its spatial-temporal distribution, based on the "Beijing No.2" image data and the field
monitoring data of surface water quality detected at the same time, the deep learning algorithm was used to
identify the black and odorous water body with different water quality, and the geographic detector was
introduced to quantitatively analyze the causes of black and odorous water bodies. The results show that: the
total accuracy of the remote sensing identification of the black and odorous water body based on fast r-cnn
algorithm was about 90%, and the screening of the black and odorous water body in the built-up areas in Beijing
could be fulfilled within a few hours. In spatial dimension, the black and odorous water body mainly distributed
outside the central city, and concentrated in the North Canal and Daqinghe River Basin. In temporal dimension
within special treatment, the number and length of black and odorous water generally decreased, while the back
to black and odorous water body occurred occasionally. At the end of 2018, the black and odorous water bodied
were eliminated in the built-up areas in Beijing. Among the four quarters of one year, the best water
environment occurred in the first quater, and then was the second quater, the worst was the third quarter and it
changed better in the four quarter. Daxing District was selected as the representative to analyze its causes, and
eight indicators of internal and external sources were selected as risk factors. The soil nitrogen
content(contribution rate of 32.07%) and sewage discharge from surrounding livestock farm (contribution rate of
27.04%)were the dominant factors, while altitude(contribution rate of 8%), soil type(contribution rate of 7.6%)
and land use(contribution rate of 6.1%) contributed less to the black and odorous water body. Therefore, it could
accurately identify black and odorous water body in high-resolution remote sensing images based on fast r-cnn
algorithm, the technical framework is simple, which will help to timely and comprehensively grasp the
distribution and treatment progress of black and odorous water body. At the same time, the quantitative analysis
of the causes of black and odorous water body also provides a strong technical support for urban black and
odorous water remediation.

Keywords black and odorous water; remote sensing monitoring; object detection; deep learning;

geographical detector
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