A Deep Learning Approach to Subseasonal Forecasting of Severe Weather over the United States
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The deficiency in predictability at subseasonal timescales relative to that at
conventional weather prediction timescales is significant. With respect to severe
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longer timescales through consideration of various teleconnections. For example, amaEmamss m 0 |
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convolution. Final hook echo radar reflectivity is depicted in top right after full convolution. i . 5 - e
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; PPH Details: Conclusions/Future Work
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