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Introduction
• Radiation balance: ܰ	 ൌ 	ܨ	 ൅ ߣ	 · ∆ܶ
• Climate sensitivity ିߣଵ	is a key factor that predicts the 

magnitude of global warming ∆ܶ	driven by radiative 
forcing ܨ; its sign and magnitude are controlled by 
radiative feedbacks: ߣ ൌ ்ߣ ൅ ௐ௏ߣ ൅ ஼ߣ ൅ ஺ߣ

• Method for quantifying feedback parameters ߣ௑
௑ߣ ൌ ∆ܴ௑/∆ܶ [W m-2 K-1]
- Partial Radiative Perturbation [Manabe & 

Weatherald 1988; Colman 2003]
∆ܴ௑ ൌ ܴ ܺ ൅ ∆ܺ െ ܴ ܺ , R computed by RTM
- Kernel method [Shell et al 2008; Soden et al 2008]
Non-cloud: ∆ܴ௑ ൌ ௑ܭ · ௑ܭ    ,ܺ∆ ൌ డோ

డ௑⁄
Cloud: ∆ܴ஼ ൌ ∆ܴ െ ∑∆ܴ௑
- Histogram method for cloud feedback [Zelinka et al 

2012]: ∆ܴ஼ ൌ fሺܪ஼, ߬஼ሻ
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A new set of kernels 
[Huang, Tan and Xia, 2017]

• ܴ ܺ : RRTM; TOA and surface 
• ܺ: ERAi
• Global 2.5ox2.5o, 5 years’ 6-

hourly atmos profiles used to 
compute KX, and then averaged 
at each grid point for every 
calendar month. 

• TOA: in agreement
KWV KT



Validation for the kernels: 
Radiation closure test

• Radiation closure test: comparison 
between GCM-simulated clear-sky 
radiation anomaly and that reproduced 
by the kernels: 

∆ܴ௧௢௧௔௟ൌ෍ܭ௑∆ܺ

• Test 1: global warming
• Test 2: unforced internal variability 

Global mean TOA and surface 
radiation anomaly in a CESM 
100‐yr control experiment. 

?

Radiation anomaly in a CESM 2xCO2 experiment
GCM‐simulated Kernel‐diagnosed 
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Limitations of the kernel method
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• Previous methods: Pros & Cons 
- PRP method 

∆ܴ௑ ൌ ܴோ்ெ ܺ ൅ ∆ܺ െ ܴோ்ெ ܺ
Evaluated as defined; 
Computationally expensive.
- Kernel method (approximation)
∆ܴ௑ ൌ ௑ܭ · ∆ܺ
Computationally inexpensive; 
Linearity assumption; ∆ܴ஼ as residual.

• Solution?
Predict R-X relationship with a computationally 
efficient, non-linear model - Neural Network (NN).

∆ܴ௑ ൌ ܴேே ܺ ൅ ∆ܺ െ ܴேே ܺ

Soden et al (2008): “Cloud 
feedbacks cannot be evaluated 
directly from a cloud radiative 
kernel because of strong 
nonlinearities.”
Shell et al (2008): “The remaining 
error is due to the fact that the 
surface albedo feedback is 
somewhat nonlinear, …, and the 
radiative kernel calculation 
depends on the size of the 
standard anomaly used. …”



ERA interim 
dataset

Neural Network Method
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INPUT:
Atmos State

X

TOA Outgoing Longwave Radiation

TOA Net Incoming Shortwave Radiation

OUTPUT:
Rad Flux

R



Validation of ࡺࡺOutgoing LW 
Radiation

Net incoming 
SW Radiation

Truth
(ERAi)

NN

Mean 
Bias
(NN-
Truth)

RMSE Truth (ERAi)
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• Validation 
Truth: ERAi data
Prediction: NN
• Error Statistics

- LW 
MB=0.16, 
RMSE=1.44

- SW
MB=0.04,
RMSE=3.10
Units: W m-2

* Based on monthly 
values at all locations
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Feedbacks: Kernel vs. NN
• Context: Interannual variation
• ∆ܴ௑	and ∆ܶ time series: deseasoned and 

detrended; 2007-2016 (not used in training)
• NN very well reproduces the global mean overall 

feedback ∆ܴ௧௢௧௔௟ from the ERAi data and 
feedbacks ∆ܴ௑	analyzed from the kernel method.
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Predicted with all the variables 
varying altogether
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Feedbacks: Kernel vs. NN
• Feedback parameter: ߣ ൌ ݏݏ݁ݎ݃݁ݎ ∆ܴ௑, ∆ܶ

• Good closure in clear-sky; noticeable non-closure in all-sky. Why?
Not strong global mean ∆ܴ௑- ∆ܶ relationship; inaccuracy in NN model;
non-linear relationship between feedbacks! 8
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Nonlinearity in albedo feedback
• ∆ܴ௑ ൌ ௑ܭ · ∆ܺ Albedo kernel KA is obtained by 

using small perturbation. If used to evaluated ∆ܴ஺	at large 
albedo changes, non-closure! [Shell et al. 2008]
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• In comparison, the 
NN method 
achieves better 
closure.
SW radiation anomaly of 
September 2012. Units: W m‐2

R

X



Cloud Feedback: NN vs. Kernel

Kernel: ∆ܴ஼ ൌ ∆ܴ െ ∑∆ܴ௑
NN: ∆ܴ஼ ൌ ܴேே ܥ ൅ ܥ∆ െ ܴேேሺܥሻ

Feedback: ߣ஼ ൌ ݏݏ݁ݎ݃݁ݎ ∆ܴ஼, ∆ܶ

• Similar patterns of cloud feedback 
from NN and kernel methods –
ENSO.

• Quantitative difference – nonlinear 
effect between cloud and non-cloud 
feedbacks!

10Cloud feedback. Units: W m‐2 / K
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Cloud Feedback: hi/mi/lo components
• NN method can directly assess the 

total and component cloud feedback
E.g., high cloud (Hi): 
∆ܴ஼_௛௜
ൌ ܴேே ݄ܿܿ ൅ ∆݄ܿܿ, ݓ݅ܿݐ ൅ ݓ݅ܿݐ∆
െ ܴேே ݄ܿܿ, ݓ݅ܿݐ

• High-cloud dominates the feedback 
for interannual radiation variability.

11Cloud feedback. Units: W m‐2 / K



Cloud Feedback: hi/mi/lo components
• NN method can directly assess the 

total and component cloud feedback
E.g., high cloud (Hi): 
∆ܴ஼_௛௜
ൌ ܴேே ݄ܿܿ ൅ ∆݄ܿܿ, ݓ݅ܿݐ ൅ ݓ݅ܿݐ∆
െ ܴேே ݄ܿܿ, ݓ݅ܿݐ

• Sum of components reproduces 
total cloud feedback – nonlinear 
coupling between the hi/mi/lo 
components very small!

12Cloud feedback. Units: W m‐2 / K



Conclusions
• A new set of kernels now available for TOA and surface radiative feedback analysis
• NN is a viable method for feedback analysis, with advantages:

– Accounts for nonlinearity, e.g., closure issue in the surface albedo feedback 
related to large Arctic sea ice melt

– Directly measures cloud feedback, which has strong nonlinear coupling with 
non-cloud feedbacks

– So far, proof-of-the-concept. Can be further improved, e.g., Global model vs. 
latitudinal/local models; selection of predictive variables 
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