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1. Motivation

1.PMW-based precipitation retrieval is sensitive to land surface
characteristics and variations.

2.GPM radiometer algorithm (GPROF) needs
-- Historical emissivity data to construct the a priori database
- Real-time emissivity data to search the database

3. Emissivity contains rich information of other variables, such as
soil moisture, snow, water body, and vegetation.



Land surface emissivity affects precipitation retrievals
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Microwave emissivity contains rich information of terrestrial states

Vegetation
(e.g., Choudhury et al., 1987; Owe et al., 2001; Joseph
et al., 2010; Kurum et al, 2012)

Snow
(e.g., Pulliainen et al, 1999; Tedesco and Kim, 2006;
Foster et al., 2009)

Soil moisture
(e.g., Njoku and O’Neill, 1982; O’Neill et al., 2011)




2. Approaches to estimate emissivity

1.Interpolation/extrapolation of historical data (TELSEM).

2. Physical modeling (CRTM, CMEM, etc.)

3. Statistical modeling (based on relationship between historical
data and predictors)

This talk reports studies of 2 and 3.



Physical modeling

- Feeding emissivity models with land surface states from land surface
models% LIS)

1. CRTM (Weng et al., 2001)
2. CMEM (Holmes et al 2008)

-Models can be calibrated with historical data (Harrison et al., 2016)
-We examined two physical models, driven by NASA’s Land Information

System (LIS):
LIS-CRTM
CRTM H emissivity
by NESDIS
CMEM H emissivity
by ECMWF

LIS-CMEM

Precipitation, Soil, vegetation,
radiation, wind, and snow
pressure, . variables




Principles of physical modeling of land surface emissivity

- a layered, bottom-up approach
-- a semi-physical, semi-empirical business

Vegetation: tau-omega model
(e.g., Mo et al., 1982; Owe et al., 2001)

Snow: HUT model

(e.g., Pulliainen et al, 1999; Tedesco and Kim, 2006)

Surface roughness:
(e.g., Choudhury et al., 1979)

Bare, smooth soil:

Dielectric constant -> Fresnel equation -> emissivity
(e.g., Wang and Schmugge, 1980)
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Statistical modeling

Methodology:

1.Establish statistical relationship between emissivity and Tb or Tb-based indices, with
historical data
2.Use the relationship for real-time estimation of emissivity

Various statistical relationships (regressions) can be tested:

Emis = M1 (Tb)
Emis = M2 (Tb)

Statistical relationship between emissivity and MPDI
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Statistical modeling

We tested five (5) statistical models (Tian et al., 2016)

M1) method 1: single channel MPDI: 10G and its square (2-predictor)
M2) method 2: five-channel MPDI: 10~89G, linear terms only (5-predictor)
M3) method 3: 10-channel Tbs: 10~89G, linear terms only (10-predictor)

M4) method 4: 10-channel Tb and 5-channel MPDI, linear terms only (15-
predictor)

M5) method 5: 10-channel Tb, 10-channel Tb*2, and 5-channel MPDI (25-
predictor)



Evaluation of physical and statistical models

1.Study domain: SGP

2.Study period: 2009-2010 (2 years)

3.AMSR-E channels

4.Reference data: retrieved AMSR-E (Ringerud et al. 2014)
5.Performance metric: rmse difference

Surface characteristics of study domain
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LIS-CMEM modeled emissivities
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LIS-CRTM modeled emissivities
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Statistically modeled emissivities
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Summary of performance metrics

Table 1. Spatial Mean of the Room-Mean-Square Difference (RMSD) Between Each Method's Estimate and the Retrieved Emissivity Multiplied by 100

Method Name v 11H 19V 19H 3NV 37H 89V 89H
PHYS CMEM3_uncal 338 3.88 297 3.53 1.62 222 315 3.0
CMEM3_cal 147 1.71 139 1.68 1.9%4 277 383 473

CRTM2_uncal 143 252 150 281 1.72 255 358 372

CRTM2_cal 1.25 204 137 245 1.83 222 363 3.74

STAT M1 1.18 1.13 1.23 133 1.41 1.69 288 3.20
M2 1.12 1.07 1.18 1.19 1.35 135 264 275

M3 090 0.87 1.01 1.00 1.14 1.13 1.96 212

M4 090 0.86 1.01 1.00 1.14 1.13 1.94 209

M5 1.00 0.96 1.10 1.09 1.25 1.22 221 228

higher errors for higher-frequency channels

statistical models systematically outperformed physical models
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Summary:
We evaluated two approaches to estimate dynamic emissivity

* Physical modeling (CRTM, CMEM, etc.)

Pros: sound physical principles and processes
Cons: contains many uncertain parameters and requires
many inputs which are inaccurate (e.g., soil moisture)

* Statistical modeling (based on relationship between historical
data and predictors)
Pros: simple, ignorant of underlying physical processes

Cons: needs to find reliable predictors, if any. Ignorant of
underlying physical processes. Quality training data are critical.



We found:
Statistical models systematically outperformed physical models

Explanations and discussions:

1.Physical models rely on a large number of inputs, many of which
are currently not accurately simulated.

2.Real-time Tbs contains much information of emissivity dynamics.
Physical models are not currently exploiting this. This can be
improved with radiance data assimilation (e.g., MIRS).

3.We are extending our studies to the global scale. Some surface
types, such as snow cover, may be more challenging to physical
models than statistical ones.
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