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Introduction Verification
Climate change is associated with shifts in tropical cyclone (TC) behavior, We use independent ASCAT and SAR observations to evaluate DSAT performance.
including poleward migration, heavier rainfall, and a growing proportion of major
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Three-stage training strategy and performance evaluations
a Conclusions and Future direction
1. Pretrain CNN regressor 2. Train VIS* (PMW?) generator | 3. Finetune CNN regressor This study applies a deep learning approach to reconstruct global tropical cyclone (TC) wind
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* Date from 2004-2014; * Input IR+VIS* to the regressor structure. trends under a changing climate.
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b e A~13% increase in the fraction of major TCs over the past four decades.
7.5 [Ronly ~IR+PMW —IR+PMW* —IR+VIS* e A ~25% rise in the fraction of extreme TCs in terms of integrated kinetic energy (IKE), reflecting
/ stronger overall storm circulations.
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6.5 /\ A growing divergence in the TC population: TCs with very high IKE are becoming more common,
N\/\%AS while weaker TCs show little sign of intensification.
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These findings underscore that climate change may not only increase storm intensity for a subset

RIS IR IR I I of TCs, but also expand their overall wind structure and energy. This new dataset can help refine
Epoch climate model validation and deepen our understanding of TCs in a warming world.




