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1959, ML defined

1986,
Backpropagation

Since 1990s,
GPUs
ImageNet

DL advances




Where does machine learning fit in Earth system modeling?

Input Run Model Output
Observations | — Parameterizations — S2S Predictions
Initialization HPC Costs Feature Detection
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S2S simulations created using CESM2
(Richter et al. 2021; under review).
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Subseasonal reforecasts follow SubX ;\ﬁ
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protocol (Pegion et al. 2019). “«
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courtesy of Paul Dirmeyer (GMU/COLA)

Near real-time forecasts are ongoing
and contribute to the SubX multi- -7days  -30 days

model mean ensemble.

UL
\ .S. DEPARTMENT F
quus o

INNCAR (B)ENERGY

offce ol 335 catalyst

Science




Temperature skill
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Precipitation skill
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Climatology and lead time bias corrected anomalies

NOAA Global Precipitation Climatology Project
(GPCP) Climate Data Record (CDR), Daily V1.3
(1999-2020).

(Adler et al. 2017)

PNNCAR (@ ENERGY |y & Molina et al. (in prep.)



Climatology and lead time bias corrected anomalies

ERAS Daily Maximum and Minimum Temperature

Average (1999-2020).

(Hersbach et al. 2020)
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U-Net Architecture (training and validation: 1999-2015)
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U-Net Architecture (training and validation: 1999-2015)
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U-Net Architecture (training and validation: 1999-2015)
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U-Net Architecture (training and validation: 1999-2015)
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Skill of Week 3 Temperature Error Prediction (2016-2019)

T OF

U.S. DEPARTMEN
\Y/ENERGY

Office of
Science

Molina et al. (

All Seasons (0.41) DJF (0.39) MAM (0.44)
Y ® ¥ - & % &
JJA (0.44) SON (0.40)
’ *‘ﬁ' i.,- “a
T ‘. miY Y e
Lower Pearson Corr. Higher

in prep.)



Skill of Week 3 Precipitation Error Prediction (2016-2019)
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Skill of Week 3 Precipitation Prediction (2016-2019)
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Future work and apportunifigs:

» Application of Explainable Al.

» Comparison to other bias correction

methods.

* Creation of a large ML-based ensemble.
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