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= Deep learning (DL) is powerful, and
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CNN is suitable for intercepting TC
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3. The DeepTCNet is in-line with SATCON but
1. A deep learning-based method that augmented o . .
2. Both (i) infusing the auxiliary physical systematically outperforms the ADT by 35% in

information and (ii) learning auxiliary physical TC intensity estimation. It also surpasses

by prior knowledge of TC, called DeepTCNet, is
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TC intensity and size. average improvement of 28%.



