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Abstract:  
As AI-based precipita4on retrievals move into opera4onal use, transparent uncertainty 
characteriza4on is essen4al for assessing algorithm maturity, ensuring cross-agency 
comparability, and building user confidence. Yet most ML models provide point es4mates without 
meaningful confidence measures. Here we demonstrate a Bayesian deep learning approach, a 
ResNet with Monte Carlo dropout, applied to GPM Microwave Imager (GMI) 
convec4ve/stra4form precipita4on classifica4on, showing that this framework yields uncertainty 
es4mates that are physically interpretable, spa4ally coherent, and informa4ve for retrieval 
improvement. The method decomposes total predic4ve uncertainty into its aleatoric (inherent 
data ambiguity) and epistemic (model knowledge gap) components, offering dis4nct and 
complementary diagnos4c informa4on. Analysis of global GMI observa4ons demonstrates the 
value of this decomposi4on. Aleatoric uncertainty dominates total uncertainty by approximately 
two orders of magnitude, revealing that the fundamental ambiguity of passive microwave 
signatures, where two different precipita4on types produce similar brightness temperature 
signatures, is the primary limita4on, rather than insufficient model training. Both uncertainty 
components exhibit strong regime dependence, directly iden4fying training data gaps, such as 
those in high-la4tude precipita4on regimes, which are known to pose a challenge for passive 
microwave retrievals (e.g., mixed-phase processes, frozen surfaces, light precipita4on). The 
posterior predic4ve distribu4ons are found to be consistently unimodal with moderate logit-
space spread, sugges4ng stable performance suitable for opera4onal use. These results illustrate 
the benefits of decomposed uncertainty quan4fica4on for ML-based retrievals, with aleatoric 
dominance poin4ng to the need for richer informa4on content rather than simply more training 
data, and epistemic contribu4on indica4ng where training data augmenta4on would be most 
impacdul. 
 


