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Global Climate Models (GCMs) have bias
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E3SM (Energy Exascale Earth System Model) precipitation Bias
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= too frequent, too weak

= Qver predicts precipitation occurrence for rainfall rates
less than 15mm/day and under predicts the occurrence
of large rain events.
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RMSE 1.13
pew CORR  0.86

= Within CONUS, under-estimation of annual precipitation
at the Gulf Coast and over-estimation at the West-Coast.

= Al-3=3 AMIP
= H1-5=five ensemble his
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Current bias correction methods ——Quantile mapping

Quantile Mapping
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Post-processing bias correction method to correct
systematic distributional biases within the climate model.

maps the 1-D CDF of the simulated precipitation to that of
the observed precipitation for a given historical period.

Hard to improve the spatial structure.

Can lead to unrealistic distributions.

Accuracy deteriorates as historical and future simulation
periods diverge.
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Deep learning based bias correction—— UFNet
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Joint loss funtion
= UFNet combines two different deep learning architectures to effectively simulate highly realistic
precipitation fields.
= UFNet bias corrects the spatial distribution of precipitation and represents extreme precipitation well.
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Summary: current bias correction methods

Basic thinking:

Train the bias correction based on historical period, but apply it on the current and future climate.

Assumption: stationarity of the bias from historical and future.

Not true
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E3SM temperature bias changes

- Global surface air temperature anomaly (vs 1880-1909) Idealized CO, Forcing Simulations
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Bias increase from historical and current period. The sensitivity of Climate model to CO2 concentration is complex.
Golaz et al (2019)
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Challenge

1. How to capture the bias changes in the future and correct it?

Develop a deep learning based bias correction framework, which can predict the changes of bias in the future.

2. How to evaluate the performance of the bias correction model in the future?

pseudo observation : GFDL

- High performance; large difference with E3SM temperature; long time period (1850-2099)
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Data and Method

Input feature: 2m temperature from E3SM

pseudo observation : 2m temperature from GFDL

Resolution: 1 degree, daily

Training period: 1950-2021

Test period : 2022-2099

Baseline: EDCDFm bias correction method
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NSBC structure
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A LSTM for predicting the annual
temperature mean

A U-Net for capture the daily residual
bias in temperature.
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correct the mean and std of bias

Evaluation
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Evaluation: mean, std, skew, kurt
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Evaluation: annual changes of temperature in the future

(a) annual
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Evaluation: extremes
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Summary

= NSBC combines three different deep learning architectures to effectively simulate highly realistic
temperature fields, addressing the non-stationarity of biases - a significant challenge in bias

correction for future climate projections.

= NSBC uses LSTM to extrapolate future mean temperature and captures future climate change
features more accurately while preserving the spatial information's relevance.

= NSBC can make precise corrections to extreme temperature data, especially for heatwave events,
which is crucial for studying extreme events and conducting risk assessments.

" . "‘l
Lawrence Livermore National Laboratory N A‘Sﬁf_@i 15
LLNL-PRES-868338 National Nuclear Security Administration




This work performed under the auspices of the U.S. Department of Energy by Lawrence
Livermore National Laboratory under Contract DE-AC52-07/NA27344, and was
supported by the LLNL-LDRD Program under Project 22-SI-008.

Disclaimer

This document was prepared as an account of work sponsored by an agency of the United States government. Neither the United
States government nor Lawrence Livermore National Security, LLC, nor any of their employees makes any warranty, expressed or
implied, or assumes any legal liability or responsibility for the accuracy, completeness, or usefulness of any information, apparatus,
product, or process disclosed, or represents that its use would not infringe privately owned rights. Reference herein to any specific

]
. Lawrence leermore commercial product, process, or service by trade name, trademark, manufacturer, or otherwise does not necessarily constitute or

imply its endorsement, recommendation, or favoring by the United States government or Lawrence Livermore National Security, LLC.

]
Natlonal I aborato The views and opinions of authors expressed herein do not necessarily state or reflect those of the United States government or
Lawrence Livermore National Security, LLC, and shall not be used for advertising or product endorsement purposes.



