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Verification of applicability to future climate — ongoing work
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Preliminary conclusions

« LDM_res shows great performance also applied for precipitation and bigger (25x)
downscaling factors in terms of frequency distributions, energy spectra, spatial errors
(not shown) due to: the diffusion process and the residual approach

« Future climate reconstruction 1s reasonable against its numerical counterpart, but
further analyses are needed and are currently undergoing
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Future Work

- Evaluate performance over target extreme events
and perform a sensitivity analysis to the predictors

- Explore the ensemble potential of the diffusion
model
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