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Abstract [ Objective |

paper proposed a road waterlogging depth extraction method based on deep residual neural network. [ Methods ]

In response to the high installation and maintenance costs of existing road waterlogging depth sensors, this
The method collected
data from multiple channels such as the “global eye system” “network platform” and “flood emergency rescue photos” ,[ Results] to
address the issues of insufficient quantity and low quality of the waterlogging image dataset. By labeling the dataset based on the
severity of waterlogging, the method solved the problem of inability to identify waterlogging depth in previous research, achieving an
accuracy of 96. 5% on the original test set. [ Conclusion] Conclusion from case analysis demonstrate the feasibility of using deep

residual neural network to extract waterlogging depth information from waterlogging images, meeting the accuracy requirements for

waterlogging monitoring in practical applications.
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