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Introduction CSEM Model Improvements & Functionality Expansion

The Community Surface Emissivity Modeling (CSEM)

system developed at NOAA/NESDIS/STAR will be used

in the next major release of the Community Radiative

Transfer Model (CRTM) to support the direct radiance

assimilation of satellite surface sensitive channels and to

provide accurate surface emissivity condition in support

of the quality-control processes of data assimilation.

Both model accuracy and model computing efficiency

are essential for data assimilation.

Machine learning techniques have been applied in

developing the accurate and fast CSEM models from

physically sound but computationally expensive physics

models and from enormous observation data.

We present our latest work on utilizing the machine

learning (ML) techniques to reconstruct fast microwave

ocean surface emissivity from a computationally

expensive two-scale physics model, and to develop

prognostic land surface microwave emissivity model

from the instantaneous satellite retrievals.
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CRTM Land Surface Microwave Emissivity Model

Over land, the surface MW emissivity is simulated with a three-

medium-layer two-stream radiative transfer model (Weng et al. 2001, 

Chen et al. 2016).  In comparison with observations, the simulated land 
surface emissivity is  generally larger  than the instantaneous 
retrievals, and shows much less spatial  variability.

In light of the usage of satellite radiance observations in data
assimilation, instantaneous land emissivity retrievals generally
outperform the surface model except over the Amazon
rainforest area, where the surface model has certain
advantage to capture the surface sate variations (Y. Zhu,
2019)

AMSU-A NOAA19 channel 3 April 28 – May 28, 2019, Y. Zhu

Multi-layer Perceptron NN Learning System

 A prognostic MW land emissivity model based on machine
learning of the emissivity retrieval ensembles has been
developed to retain the dynamic response to surface state
variables (e.g., soil moisture) while alleviating the uncertainties
of the surface state variables.

• The improvements have significant impacts on CRTM
forward simulations. About 25% more observations can
be assimilated into GSI system.

 A new FASTEM version (NFASTEM) has been developed,
which is based on physical two-scale ocean surface
emissivity model and the latest machine learning technique.
All the Stokes components of NFASTEM are in good
agreement with the OBSERVATION in terms of both
magnitude and phase.
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where ഥ𝐼𝑠 is Stokes vector for scattered waves, and ധ𝑃(𝑘𝑠, 𝑘𝑖) is phase matrix.

 Full Stokes Model (Yueh, 1997) 

Stands for the ensemble averages over 

ocean surface waves 

where ധ𝑃0, ധ𝑃1 , ധ𝑃2 are in terms of the zero, first

and second orders of small perturbation method 

(SPM).

 The ocean surface wave spectrum 𝑊(𝑘𝜌, 𝜙𝑘) [Durden and Vesecky, 

1985]  is decomposed into large-scale and small-scale domains in light 

of the relative sizes of EM wave to the ocean waves. 

 Geometric Optics (GO) for large-scale waves 

 Small Perturbation Method (SPM) for small-scale waves 

 Hydrodynamic modulation for the small-scale ocean waves on the leeward faces of 

large-scale waves. 

 Empirical foam models and the semi-physical foam models based on the 

non-uniform permittivity profile assumptions of seawater foam layers. 

The MW ocean surface emissivity model (FASTEM) in
CRTM is a fast emulator of the two-scale physics model
by Yueh, 1997.

Due to the limitation of the polynomial regressions, FASTEM is
unable to approximate the original physics model on the entire
physics space. The current version FASTEM-6 doesn’t have the
3rd (U) and 4th (V) Stokes components. And the earlier FASTEM
version FASTEM-5 had the 3rd and 4th Stokes components, but
the azimuthal variation of the 3rd component is out of phase.
FASTEM is only valid up to 200GHz with view angle less than 60
degree.

• The tangent linear and adjoint modules of the ML-based
MW land physical model were also implemented to
support the radiance data assimilation of surface key
variables.
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where J(x) is Jacobian Matrix

Steepest descent if µk is  very large, and Gauss-

Newton if µk is  near zero, and otherwise Levenburg-

Marquardt

Fortran 2008 OOP Programming with  scalable for parallel 

computing features implemented

Hybrid setting of the activation function types  for different 

neuron layers

Variational and Evolutional Optimizers

• With adequate NN architecture (hidden layers, neurons of
each layers, etc) , multi-layer perceptron learning system is
able to approximate complex physics models of high
nonlinearity. It is found that NFASTEM may emulate the
original two-scale ocean surface emissivity model at very
high accuracy from 1GHz to 700GHz, and view angle from 0o

to 85o.

• NFASTEM also shows better agreement with in-situ observations..


