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Abstract: With the continuous development and application of artificial intelligence technology, the use of artificial intelligence
in the water conservancy industry is increasingly receiving widespread attention and application. This paper first describes the
development of the water industry and artificial intelligence technology. Then it summarizes, compares, and analyzes the current
applications of artificial intelligence technology in water irrigation, water body identification, water level monitoring, and water

quality analysis and prediction. Finally, a summary and prospect are made on the application of artificial intelligence in the water
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conservancy industry.
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