Top-of-Atmosphere Longwave Flux Retrievals from AIRS Using CERES and Machine Learning

R. Chris Wilson!, Mark Richardson!, Maria Hakuba!, Matt Lebsock?

1. Jet Propulsion Laboratory, California Institute of Technology, Pasadena CA, 91109.
Author Email: Robert.C.Wilson@jpl.nasa.gov

/ Motivation and Background \ Seasonal Variability Across 4 years

CERES Provides climate-quality TOA LW Fluxes measured from 5 — 50 pm Monthly Means on EVAL daye (200 (test <pi)

Validation Against CERES TOA LW Flux

Random forest predictions closely follow CERES across independent years
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Key Findings Limitations & Future Work

RF predictions remain tightly clustered around the 1:1 line across multiple years, with
RMSE approximately 3-4 W m™2and minimal bias B Reconstruct full equal-area global LW fields

Seasonal and latitudinal variability are preserved.
The RF model exhibits a small seasonal migration in maximum variability following the ITCZ

and reproduces monthly TOA LW structure across multiple years

Reduced-predictor model training retains the predictive skill.
Experiments using fewer principal components (10 PCs) and excluding solar zenith angle
show similar performance in global validation results and monthly comparisons to CERES

B Evaluate more years and look for performance during naturally occurring cycling
anomalies (e.g. ENSO)
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