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Abstract: Artificial Intelligence has achieved great progresses in many areas such as environmental elements forecasting,
environmental qualification forecasting, meteorological elements forecasting and extreme weather forecasting. Specifically, the
environmental elements include cloud, fog, snow, solar, soil moisture, crop and lake. The environmental qualification consists of
both air quality and ocean quality. The meteorological elements contain precipitation, wind and temperature, while the extreme
weather is composed of hail, storm, lighting and floods.
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