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ABSTRACT 

 
The joint National Aeronautics and Space Administration (NASA) and Japanese 
Aerospace Exploration Agency (JAXA) Global Precipitation Mission (GPM) will 
provide considerably more observations over complex and dynamically changing 
land backgrounds.  Physically based precipitation retrieval using GPM’s satellite 
constellation of passive microwave (PMW) observations have to accommodate 
the spatially and temporally varying radiometric signature of the land surface to 
constrain the set of candidate rainfall solutions.  The challenge for retrieval 
algorithms is to identify and isolate precipitation profiles whose simulated 
observations agree with the satellite observations, and are also representative of 
the surface conditions.  Emissivity modeling results are presented from a 
physically based land algorithm that retrieves soil moisture, vegetation water 
content and surface temperature along with the emissivity using polarized 10, 18, 
and 37 GHz channel measurements from the WindSat sensor onboard the 
Coriolis satellite. The emissivity variability is analyzed in terms of means and 
covariance across the range of clear-scene surface properties observed between 
2003-2012.  The WindSat sensor has been orbiting onboard the (6 AM 
descending) sun-synchronous Coriolis satellite since early 2003 and (as of 
January 2013) still collecting data, providing ample data to examine the surface 
properties under a wide range of environmental conditions. 
 

1. INTRODUCTION 
 
Current strategies for the GPM-era radiometer and combined sensor (radar plus 
radiometer) algorithms are designed around retrieval principles that consult a-
priori hydrometeor profile databases, whose simulated brightness temperatures 
(TB) encompass the variability in hydrometeor microphysics, environment and 
underlying surface characteristics that will be observed from scenes captured by 
the satellite observations (Ferraro et. al., 2013; Kummerow et. al., 2011; 
Munchak et. al., 2011).   Since there are likely to be many potential hydrometeor 
profile solutions whose simulated TB matches the satellite-observed TB, it is 
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important to consider the candidate profiles whose underlying surface properties 
are consistent with the surface properties under the retrieval scene.  For 
example, a retrieval being carried out over a midlatitude agricultural area should 
not consider candidate profiles built with tropical forest land cover.  Over non-
snow covered land, the surface has a natural variability (vegetation conditions, 
soil type, roughness, etc.), which is manifested in its associated microwave land 
surface emissivity (MLSE).  In a Bayesian retrieval strategy, the estimate 
essentially considers profiles where the simulated TB agrees with the observed 
TB, under similar surface characteristics.  In a variational retrieval technique, 
forward radiative transfer model simulations are carried out representing the 
expected variability in the precipitation hydrometeor characteristics, as well as 
the MSLE (and in the combined algorithm, the radar backscatter cross section).  
The well-established ocean emissivity models (Liu et. al., 2011) require a small 
number of input parameters that are routinely available (e.g., sea surface 
temperature).  Land surface emissivity models are not so unified and require 
many more parameters that are not routinely observed.  For example, the 
Community Radiative Transfer Model (CRTM) treats non-ocean emissivity via 
separate emission/scattering modules for sea ice, snow cover (Yan et. al., 2008), 
vegetation canopy, bare soil and desert (Yan and Weng, 2011).  For precipitation 
retrieval purposes, it is desirable to isolate a few key bulk physical properties that 
influence the background MLSE and the covariance structure (snow cover and 
sea ice are excluded). 
 
The importance of the covariance structure is highlighted during the radiometer-
based retrieval procedure.  The inversion will identify a large number of 
precipitation profiles whose simulated TB matches the observed TB, many of 
which are physically unrealistic.  If only the mean emissivity is known, then many 
profiles will be possible candidates, provided the emissivities are within the 
allowable variances for each channel.  However, with knowledge of the emissivity 
covariance matrix, the retrieval is able to further dismiss candidate profiles that 
carry an unrealistic combination of surface emissivities.  For the case of the nine-
channel Tropical Rainfall Measuring Mission (TRMM) Microwave Imager (TMI), 
the 9x9 emissivity covariance matrix has 36 unique elements.  For GPM, the 
combined radar+radiometer precipitation retrieval algorithm can benefit from 
knowing how the surface emissivities at the 13 center channels of the GMI 
radiometer vary in relation to the radar backscatter cross section at the two 
frequencies of the Dual-Frequency Precipitation Radar (DPR) (Ku- and Ka-band), 
which implies a 15x15 covariance matrix with 105 unique elements, for each 
DPR beam position.   
 
Currently, the Tool to Estimate Land Surface Emissivity at Microwave 
Frequencies (TELSEM) procedure (Aires et. al., 2011) provides a means to 
obtain the monthly mean emissivity, the variance, and covariance.  However, in 
order to speed up the computation, there is a single correlation matrix for each 
class, from which to calculate the covariance.  The technique it is computationally 
efficient and has proven useful for Day-1 GPM precipitation retrievals.  For future 



physically-based precipitation retrievals, it would be beneficial to identify and 
track key surface parameters that control the nature of the emissivity mean and 
associated covariance. For example, if it can be determined that the emissivity 
correlation between certain MW channels strengthens for certain surfaces with 
larger soil moisture, then soil moisture can be one of the ancillary parameters 
that can be consulted during the retrieval process to retain candidate profiles with 
similar ranges of surface emissivities. 
 
In this manuscript, we present physical land surface modeling results using the 
WindSat microwave TB (Li et. al., 2010), which simultaneously retrieves 
geophysical properties (soil moisture, vegetation water content, surface 
temperature) and the associated V/H microwave surface emissivities at six of the 
WindSat channels (10H/V, 19H/V, 37H/V).  The algorithm was built upon a 
heritage multi-channel algorithm (Njoku et al., 2003; Njoku and Li, 1999), and has 
recently been adapted to TRMM Microwave Imager (TMI) data (not presented 
due to space limitations).  While there are dedicated soil moisture measurements 
(Albergel et. al., 2012), vegetation water content is a unique and important 
property that is carried by the physical modeling, and which not directly observed 
or often measured.  Previous studies have examined emissivity in terms of 
vegetation phenology using separate, independent datasets (Jones et. al., 2011; 
Prigent et. al., 2001), such as surface backscatter from scatterometers and 
synthetic aperture radar (SAR), and vegetation indices derived from optical and 
near-infrared observations from the Moderate Resolution Imaging 
Spectroradiometer (MODIS).  The benefit of the physical modeling is that all of 
these quantities are retrieved simultaneously from the same set of TB 
observations, allowing one to physically analyze how the emissivity spectrum 
changes with associated geophysical properties, the amount and timing of 
previous time precipitation (not examined in this manuscript), or in the case of the 
non sun-synchronous TRMM and GPM satellites, the diurnally changing surface 
temperature.  A brief description of the technique is first presented. 
 

2. PHYSICAL MODEL 
 
At the scale of a coarse radiometer footprint, given the large spatial variability 
and complex structures of vegetation, surface roughness, and land covers, a 
viable approach to model the radiative transfer processes is to use a 
parameterized zero-order radiative transfer model, which has limited validity due 
to multiple scattering. However, the model parameters are often retrieved from 
radiometric data and thus represent effective values that account for multiple 
scattering effects implicitly.  For a land surface with a layer of vegetation canopy, 
the land surface emission can be approximated using the well-established 
parameterized τ −ω  model, which has considerable heritage and has been 
discussed extensively in many publications (e.g., Kerr and Njoku, 1990; Njoku et 
al., 2003; Njoku and Li, 1999).   This model requires the vegetation optical depth 
τ  and albedo ω , the surface reflectivity (1-emissivity), and the atmospheric 
emission and optical depth between the surface and satellite.  The soil emissivity 



and reflectivity are influenced mainly by soil moisture and to a lesser degree, the 
soil texture and surface roughness.  Soil moisture increases the dielectric 
constant of soil-water mixture and thus decreases the soil emissivity; the surface 
roughness increases scattering and surface area, resulting in an increasing soil 
emissivity.  Wang and Choudhury (1981) parameterized the surface reflectivity 
empirically using rough surface parameters that are related to the emissivity 
enhancement and polarization mixing effects due to surface roughness, to adjust 
the smooth surface reflectivity together with a dielectric mixing model (Dobson et 
al., 1985).  
 
The emission and attenuation contributions by vegetation are parameterized 
through τ  and ω .  A linear relationship between the vegetation optical depth τ c  
and vegetation water content Wc  is assumed, where the slope of the relation is a 
fitting parameter that depends on vegetation structure, dielectric properties, and 
frequency (Seo et. al., 2010; van de Griend and Wigneron, 2004; Jackson and 
Schmugge, 1991). Different data analysis and modeling approaches have been 
used to derive the τ −ω model parameters from satellite and/or field experimental 
data (Njoku and Chan, 2006; van de Griend and Wigneron, 2004; Njoku and Li, 
1999).  The inverse retrieval model (Li et. al., 2010) has been developed with 
WindSat’s vertical and horizontal TB at 10.7, 18.7 and 37 GHz, resampled to the 
25-km resolution global cylindrical Equal-Area Scalable Earth (EASE) grid, and 
there are similar channels onboard TMI (10.7, 19.35, 37.1 GHz).  A land surface 
classification program filters out pixels unsuitable for soil moisture retrievals, 
which include inland water, ocean, mountainous terrain, snow, frozen ground, 
precipitation, dense vegetation and 10 GHz RFI (Li et al., 2006).  The retrieval is 
performed for deserts and areas of low to moderate vegetation.  Figure 1 depicts 
the global WindSat-derived soil moisture, vegetation water content, land surface 
temperature and 10H GHz emissivity aggregated from all overpasses during 
June 2011.  Notable soil moisture (top left panel) features are evident, such as 
the wetter regions of eastern Madagascar, the western India coastline, and the 
inland grasslands of southern Brazil.   The 10H emissivity (lower right panel) is 
scaled over a small range (0.75 to 1), showing corresponding high emissivity 
features over more vegetated areas (top right panel). 
 

  

  
 
Figure 1.  Left to right, from upper left: (a) WindSat-derived soil moisture (g g-1) during July 2011 
(red=dry, blue=wet), (b) corresponding vegetation water content in kg m2 (red=dense, blue=light),  
(c) corresponding land surface temperature in Celsius (red=warm, blue=cold), (d) corresponding 
10H GHz land surface emissivity (red=high, blue=low).   Missing data are in black. 



 
3. EMISSIVITY COVARIANCE ANALYSIS 

 
Classification-based emissivity models such as TELSEM accommodate the 
physical nature of the underlying surface through a clustering approach, which 
classifies the surface into a fixed number (typically less than 20) of classes, to 
identify “self-similar” surfaces.  The clustering is done for each month and 
provides the class number for each 0.25-degree latitude/longitude grid location.  
For each location, the mean and standard deviation of the emissivity are 
provided, and using the correlation matrix for each class, the covariance matrix 
can be computed.  However, while the resultant classes appear visually to 
correspond to particular surface types (e.g., vegetation, snow, etc.), the 
technique carries no physics within it.   To jointly study the surface physics with 
the electromagnetic surface properties, a land surface model is coupled to a 
radiative transfer model, and a large number of surface physical properties can 
be related to the TB that a satellite-based radiometer would observe (Tian et. al., 
2013).  The physical modeling approach here is essentially a hybrid of these two.  
Similar to TELSEM, the emissivities that are retrieved are consistent with the 
observed satellite observations.  It is similar to the land surface modeling in that a 
land model (a simple layer of vegetation overlying a surface) is used, and carries 
the bulk geophysical properties with it.  A unique and important property that is 
carried by the physical modeling and which not directly observed or often 
measured, is the vegetation water content.  Typically, this quantity is estimated 
from optical and/or near-infrared indices such as the Normalized Difference 
Vegetation Index (NDVI) or others (Yilmaz et. al., 2008; Hunt et. al., 2011), which 
respond to the upper leaf canopy greenness and not what the passive MW 
responds to, which is the total water in the combined plant leaf and stem 
structure. 
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Figure 2.  (Left) Map showing the locations of the small regions analyzed.  (Center) vegetation 
water content versus soil moisture for the SGP site, with a summer month (July) in red symbols 
and a winter month (January) in black symbols.  (Right) Same as center, but for the Mississippi 
Plains region. 
 
To examine how the vegetation water content and associated soil moisture 
conditions influence the emissivity properties, the WindSat retrievals were 



extracted over several small 1-degree regions from the entire 2003-2012 time 
period.  In Figure 2, the vegetation water content is plotted versus soil moisture 
for two regions over the central United States, the Mississippi River alluvial plains 
(34.7N-35.7N, 91.5W-90.5W) and the Southern Great Plains (SGP) (34.4N-
35.5N, 98.6W-97.7W), with a summer month (July) in red symbols and a winter 
month (January) in black symbols.  The SGP is lightly vegetated in both seasons 
and experience dry to wet soil moisture conditions, whereas the Mississippi 
Plains have similar soil moisture conditions in both seasons but distinctly larger 
vegetation conditions during the summer.  It is instructive to know how the 
associated emissivity properties vary under these same ranges of surface 
conditions, and for different land regions. 
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Figure 3.   Correlation scatterplots between emissivities for four channel combinations, under 
various ranges of soil moisture and vegetation water content.  Top row:   Vegetation water 
content  is less or greater than 2 kg m-2 indicated in black and red, respectively.  Botom row: Soil 
moisture is less or greater than 0.2 g g-1, indicated in black and red, respectively.  
 
In Figure 3, the associated emissivities from the Mississippi Plains region are 
plotted for four channel combinations (19V/10H, 19H/10H, 37V/19H, 37H/19H), 
for different ranges of soil moisture and vegetation water content.  The 
correlation is significant across all combinations, more variable for the cross-
polarized combinations as expected.  The slope of the correlation line appears to 
stay fairly as soil moisture rises and falls throughout the year, under varying 
vegetation conditions.   This substantiates the correlated nature of the emissivity 
and suggests there are a small number of controlling factors that jointly influence 
all channels.  Using clear-scene land emissivities within the ±38 degree TRMM 
latitudes, Turk et. al. (2013) developed a method to estimate the nine emissivity 
principal components from TMI channel combinations, which can be used to 
reconstruct the scene emissivity from any other set of TB observations. 
	  
To examine where the strongest (or weakest) correlated nature is most 
commonly found, Figure 4 shows a global map of the 10V/10H correlation 
coefficient, and the associated slope of the 10V/10H correlation line, for all 



WindSat data during January (the slope of the correlation line is only meaningful 
when the correlation coefficient exceeds ≈ 0.8).  The high correlation is sustained 
over most of the land areas within this latitude range with the notable exception 
of the Sahel transition zones, the dry areas of southern Africa and interior 
Australia.  Where the correlation exceeds ≈ 0.8, the 10V/10H slope ranges from 
0.5 to 0.8 (other channels not shown). During July (not shown), the high 
correlation breaks down over more regions, including portions of southeast 
Brazil, more of southern Africa and Australia, and southern Madagascar. 
	  

	   	  
 
Figure 4.  (a, left) Map of the correlation between the emissivity between the 10V/10H channels, 
for all January data collected by WindSat during 2003-2012.  The scale ranges from -0.4 to 1.  (b, 
right)  Map of the slope of the 10V/10H correlation line (only meaningful where there is a high 
correlation).  
 

4. PHASE SPACE ANALYSIS 
 
The analyses presented in the previous section suggest that there are 
predominant regions where the high inter-channel emissivity correlation is 
sustained.  To condense these observations and associated retrievals into 
physical space, the emissivity “phase space” diagrams are presented below.  
The phase space analyses depict the emissivity variability under different 
combinations of soil moisture and vegetation water content.  Figure 5a and 5b 
shows how the mean emissivity and associated standard deviation for the six 
different channels (10V, 10H, 19V, 19H, 37V, 37H) varies depending upon the 
surface state.  In general, emissivity is larger and stabilizes under larger 
vegetation water contents (e.g., becomes insensitive to soil moisture conditions), 
and very low soil moisture conditions (under 0.1 g g-1).  For vegetation water 
contents under ≈ 2 kg m-2, the emissivity is increasingly lower and more variable 
as soil moisture increases.   
 
Figure 6a and 6b present the phase diagrams for the correlation and slope of the 
correlation line, respectively.  The results show that the highest correlations are 
found for vegetation water contents under ≈ 2 kg m-2.   For 19V/10H, 37V/10H, 
and 37H/10H, the high correlation appears to follow a specific “band” of soil 
moisture and vegetation water content conditions.  The correlation falls off for 
extremely lightly vegetated, low soil moisture conditions, and for high vegetation, 
high soil moisture conditions (e.g., tropical forests).  The phase diagrams suggest 
that over geographical regions shown in the maps in Figure 1, soil moisture and 
vegetation water content are two of the key bulk factors controlling the MLSE 
mean and variability. 
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Figure 5.  (a, left) Average emissivity as a function of soil moisture and vegetation water content, 
for the six channels (10V, 10H, 19V, 19H, 37V, 37H) GHz.  (b, right) Standard deviation for the 
same six channels. 
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Figure 6.  (a, left) Correlation between emissivity from six different channel combinations (left to 
right from upper left: 10V/10H, 19V/10H, 19H/10H, 37V/10H, 37H/10H, and 37V/19H) GHz as a 
function of soil moisture and vegetation water content.  (b, right) Same, but the slope of the 
correlation line for the same six channel combinations. 
 



5. CONCLUSIONS 
 

Emissivity modeling results were presented from a physically-based land 
algorithm that retrieves soil moisture, vegetation water content and surface 
temperature along with the microwave land surface emissivity using polarized 10, 
18, and 37 GHz channel measurements from the WindSat sensor onboard the 
Coriolis satellite.  Using the set of clear-scene surfaces observed by WindSat 
between 2003-2012 (excluding water bodies, snow cover and regions of dense 
vegetation), the mean emissivity, variance and covariance were segmented by 
soil moisture and vegetation water content conditions.  In particular, the physical 
technique provides the vegetation water content, which is a key parameter to 
which microwave emissivity is highly dependent, but which is not directly 
observed or measured by space-based sensors.  Regions with moderate to light 
vegetation were shown to exhibit the largest emissivity variability and highest 
correlation between inter-channel emissivity.  The correlation structure was found 
to change throughout the year, with the global area covered with high correlation 
being more widespread during boreal winter months than during boreal summer 
months. 
 
The results are relevant to the design of future GPM-era physical precipitation 
retrieval techniques.   Physically-based precipitation profile retrievals will attempt 
to retrieve a surface rainrate and associated precipitation profile that is self-
consistent with the observed TB (for the combined sensor algorithm, the joint TB 
and radar reflectivity profile), which should not only reflect the expected 
precipitation microphysics of the region, but also is physically consistent with 
emissivity characteristics of the scene under consideration.  If the scene is known 
to possess well correlated inter-channel emissivities, a precipitation retrieval 
using a physical land model-based emissivity mean and covariance could be 
carried out.  However, given the innate difficulty of modeling the complex nature 
of many surfaces (freeze/thaw regions, snow cover with its own unique grain 
structure and melt water content, rapid change in vegetation following periods of 
sustained precipitation, etc.), this method of retrieval should be complemented 
with the precipitation retrieval obtained with the use of the established 
classification-based emissivity techniques.   
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