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• CERES Provides climate-quality TOA LW Fluxes measured from 5 – 50 μm 
• AIRS hyperspectral radiances encode atmospheric state (3.7 – 15.4 μm)
• Potential risk of continuity gap between CERES and LIBERA motivates alternate 

approaches for TOA LW estimation
• Goal to predict CERES equivalent flux from AIRS using ML to provide 

possible TOA Longwave measurements until Libera launches
  

Motivation and Background

Data & Inputs

Dataset Variable/Description Use

AIRS l1c v6.7 Hyperspectral radiances (2645 
channels) gap filled and cleaned 
240 (6 minute) granules/day each with 
135x90 FOV

Predictors

CERES Daily TOA Longwave Flux 1o 

Swath is 1 hour and 360x180
Training Target

PSI7327nx26
45.mat

Eigenfunction developed from ~22000 
simulated spectra

Eigenfunctions for 
creating PCs

Datasets Overview Predictors Used in the Model

• AIRS radiances (3.7 – 15.4 μm)
• Transform to PCA following AIRS l1c 6.7 methodology 
• 20 – 35 PCs retained
• Additional predictors:

§ Mean Brightness Temperature 
§ Solar Zenith Angle 

(not always used)
§ Scan Angle of AIRS

• Average to cosine weighted 1 degree box 

10 AIRS granules = 1 hour of CERES

Predictors Contribution

Training and Testing Strategy
4 days per month for every month in 2003, 2006, 2012, 
and 2018
Global Coverage, aggregated to ~1o (latitude cosine 
weighted

10 random days in 2003 for training the RF.  All other days 
are used for testing

Validation Against CERES TOA LW Flux
Random forest predictions closely follow CERES across independent years

Summary Statistics

Year RMSE MAE Bias R2

2003

2006 3.52 2.27 -0.11 0.995

2012 3.59 2.36 -0.09 0.994

2018 3.72 2.46 0.14 0.994

Takeaway
Across independent years, RF-estimated 
TOA LW flux remains tightly clustered 
around the 1:1 line with low bias and 
RMSE near 3-4 W m-2

Seasonal Variability Across 4 years

Monthly TOA LW flux remains consistent with 
CERES across independent years
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Reduced Predictor Experiment
10 PCs and no Solar Zenith Angle

Performance 
Remains 
Similar using 
only 10 PCs 
and no SZA 

Prediction Variability (SD Dev)

Model Bias

Seasonal-Latitudinal Variability in Model Performance

Prediction variability follows a coherent seasonal 
migration,
while systematic bias remains weak.

Seasonal migration of variability:
Maximum variability shifts northward during boreal 
summer
and southward during boreal winter, consistent with 
the
migration of tropical convection.

Polar Seasonal bias structure:
Small coherent seasonal biases emerge at high latitudes (>60°N/S), 
with clear seasonal evolution. Biases are likely associated with 
seasonal changes in surface temperature inversions, snow/sea-ice 
state, and illumination/viewing geometry, representing a challenging 
regime for TOA longwave prediction.

Key Findings
1

2

3

AIRS reproduces CERES-equivalent TOA LW flux with strong skill.

Seasonal and latitudinal variability are preserved.

Reduced-predictor model training retains the predictive skill.
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RF predictions remain tightly clustered around the 1:1 line across multiple years, with 
RMSE approximately 3-4 W m-2 and minimal bias

The RF model exhibits a small seasonal migration in maximum variability following the ITCZ 
and reproduces monthly TOA LW structure across multiple years

Experiments using fewer principal components (10 PCs) and excluding solar zenith angle 
show similar performance in global validation results and monthly comparisons to CERES

Limitations & Future Work
Investigate seasonal high-latitude bias structure (>60o N/S)

Reconstruct full equal-area global LW fields

Assess sensitivity to reduced predictor sets and training strategy

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

Workflow for Estimating CERES-Equivalent TOA Longwave Flux from AIRS Using Random Forest 
Regression

INPUTS
PREPROCESSING & FEATURE 
ENGINEERING

TRAINING TARGET (CERES) MACHINE LEARNING 
MODEL OUTPUT

AIRS L1C Radiances
(hyperspectral)

1. Transform AIRS radiances 
to Principal Components

2. Add additional predictors
• Mean Brightness Temperature (MBT)
• Solar Zenith Angle (SZA)
• Viewing Geometry

3. Match AIRS and CERES 
    (in space/time)

CERES TOA Longwave Flux
(daily, 1° equal-area)

• Daily CERES product 
   (1o sampled)
• Training target for 
   random forest model Model configuration

• 400 trees
• Max depth = 30
• Min samples leaf = 4
• Max features = 0.7
• Bootstrap sampling

CERES-Equivalent
TOA Longwave Flux

(estimated from AIRS)

AIRS Sampling
• 13.5 km footprint
• 2 overpasses/day
• Global swath 

coverage

Spatial resolution: 1o equal-area bins
Temporal sampling: 2 times per day

At 1° equal-area resolution

2 times daily sampling from 
AIRS overpasses

Key Points
• Estimates are consistent 

with CERES daily 1o 
product

• Spatial Resolution is 1o 
equal area


