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Abstract. Satellite remote sensing is widely used for monitoring the changing planet Earth. Many remote 
sensing data products are being generated and used every day. Among these data products are the microwave 
remote sensing data of land surface soil moisture.  Soil moisture often limits the exchanges of water and 
energy between atmosphere and land surface, controls the partitioning of rainfall among evaporation, 
infiltration and runoff, and impacts vegetation photosynthetic rate and soil microbiologic respiratory 
activities. Their accuracy plays essential role for the success of their applications. Accurate measurement of 
this variable across the global land surface is thus required for global water, energy and carbon cycle sciences 
and many civil and military applications. Currently available satellite soil moisture data products have been 
generated from the low frequency channel observations of the currently flying microwave sensors (the 
TRMM Microwave Imager-TMI; Aqua Advanced Microwave Scanning Radiometer-AMSR-E, and Navel 
Research Lab’s WindSat). However, because of several accuracy issues all of these soil moisture data have 
not yet been used in operational applications. The most apparent accuracy issue is that the soil moisture data 
retrievals from the three different sensors are significantly different from each other even when they are 
retrieved with the same algorithm. This might have been caused by the calibration errors in their brightness 
temperatures. A Simultaneous Conical-scanning Overpass (SCO) method is tested to address this issue. 
Secondly, satellite sensor footprints are usually several orders larger than the local points where in situ soil 
moisture measurements for validation are obtained. How to appropriately compare the satellite soil moisture 
retrievals of large spatial areas with the in situ measurements becomes an important issue. A point-to-pixel 
mapping approach is examined for a solution of this issue. The third issue is how to handle biases of the soil 
moisture retrievals from land surface model (LSM) simulations when they are assimilated into the LSM. 
Existing solutions for this issue are summarized and whether these error-handling strategies are effective or 
reliable are discussed. Finally general conclusions of this study are presented for users who are interested in 
satellite soil moisture data assimilation. 
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1. Introduction 
Satellite remote sensing has become the most effective tool for monitoring the changing planet Earth. Since 
the launch of Earth Observing System Terra and Aqua satellites in 1999 and 2002 respectively, extensive 
amounts of remote sensing data of land surface properties have become available [1 Parkinson, 2002]. For 
example, land surface temperature data from the moderate resolution imaging spectroradiometers (MODIS) 
on both Aqua and Terra satellites, the operational advanced very high resolution radiometers (AVHRR) on 
NOAA polar satellites, and the imagers on the geostationary operational environmental satellites (GOES) 
have been available for many years. Satellite precipitation data from the various microwave sensors onboard 
the tropical rainfall monitoring mission (TRMM) and other satellites are freely available at increasing space 
and time resolutions. Data for snow cover, snow depth, vegetation dynamics and surface soil moisture have 
become available from a number of satellites. However, the potential maximal returns of these costly 
investments has not yet achieved because the advances of technology for the analysis and interpretation of 
these data have not progressed at proportional paces [2 Walker & Houser, 2003].   

Among these data products are the microwave remote sensing data of land surface soil moisture.  Soil 
moisture often limits the exchanges of water and energy between atmosphere and land surface, controls the 
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partitioning of rainfall among evaporation, infiltration and runoff, and impacts vegetation photosynthetic rate 
and soil microbiologic respiratory activities. Their accuracy plays essential role for the success of their 
applications. Accurate measurement of this variable across the global land surface is thus required for global 
water, energy and carbon cycle sciences and many civil and military applications. Currently available 
satellite soil moisture data products have been generated from the low frequency channel observations of the 
microwave sensors: the TRMM Microwave Imager-TMI [3 Bindlish et al, 2003], the Advanced Microwave 
Scanning Radiometer on Aqua-AMSR-E [4 Njoku et al, 2003], and Navel Research Lab’s WindSat on 
Coriolis [5 Li et al, 2007].  

However, all of these soil moisture retrievals have not been used in operational soil moisture relevant 
applications. This can be attributed to the emphases of these satellite missions on atmospheric prediction 
rather than hydrological applications, the relative immaturity of soil moisture retrieval algorithms from the 
satellite observations, the unsuitableness of hydrological models for ingesting the remote sensing information, 
and the limited understanding of the techniques to objectively constrain and improve the hydrological 
models by assimilating the remotely sensed soil moisture data. This study attempts to address three 
outstanding issues associated with the assimilation of the soil moisture data for numerical weather 
predictions (NWP). The first issue is how to account for the differences of observations between the satellite 
sensors. Secondly, satellite observation footprints are usually several folds larger than in situ measurements. 
How to appropriately compare the satellite soil moisture retrievals of large pixel areas with local point in situ 
measurements becomes an important issue. The third issue is how to handle biases of the soil moisture 
retrievals from land surface model (LSM) simulations when the observational data are to be assimilated into 
the LSM. In the following three sections of this paper, the details of these issues are described respectively. 
In Section 2, a simultaneous conical-scanning overpass (SCO) method designed for addressing the sensor 
calibration issue is tested. In Section 3, a point-to-pixel mapping approach is examined for the validation 
strategy issue. In Section 4, proposed solutions for handling the model or observation biases are presented 
and whether these bias-handling strategies are effective or reliable are discussed. Finally general conclusions 
of this study are summarized for users who are interested in satellite soil moisture data assimilation. 

2. Satellite Observation Calibration for Consistent Soil Moisture Data 

2.1. Soil Moisture Remote Sensing Principle and Retrieval Algorithms 
Soil moisture content can be remotely sensed because the significant difference of soil dielectric constants 
causes the microwave emissivity (e) of soil surface to vary significantly for dry and wet soils. The real part 
of the soil dielectric constant (a complex number) is about 3 for dry soil and 80 for water. Therefore, the soil 
moisture content (mv) of a land surface can be measured by its microwave emission, or its brightness 
temperature (TB). When the values of satellite observed brightness temperature (TB), surface skin temperature 
(Ts) and vegetation canopy temperature (Tc), vegetation cover optical depth (τp), and single scattering albedo 
(ωp) are known for either horizontal or vertical polarization (p), the value of emissivity ep can be obtained 
from 

TB,p = Ts ep exp (-τp/cosθ) + Tc (1 – ωp) [1 – exp (-τp/cosθ)] [1 + (1-ep) exp (-τp/cosθ)]          (1) 

where θ is he satellite sensor incident angle. Soil moisture mv can then be derived from ep with a dielectric 
mixing model [6 Dobson et al 1985]. The mv - ep relationship also has dependency on surface roughness 
which can be looked up from land surface type. Based on Eq. (1), various soil moisture retrieval algorithms 
are developed to retrieve soil moisture mv from brightness temperature TB. Therefore, the accuracy of TB 
directly impacts the accuracy of mv. 

The multi-channel inversion algorithm has been used for both NASA’s baseline AMSR-E soil moisture 
data product [4 Njoku et al 2003] and NRL’s WindSat soil moisture data product [5 Li et al 2007]. Assuming 
Ts = Tc in Eq. (1), minimizing the differences between the TB simulations of Eq. (1) and satellite observed TB 
values from the available C/X-band h- and v-polarization channels will result in retrieval values of soil 
moisture mv, surface temperatures Ts and Tc, and vegetation optical depth τp or its derivative vegetation water 
content W [4 Njoku et al 2003].  
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Considering the fact that the TB values from all C/X-band h- and v-polarization channels may strongly 
correlated with each other and that the C-band TB observations may severely contaminated by radio 
frequency interference (RFI), a single channel retrieval (SCR) algorithm in [7 Jackson 1993] uses h-pol X-
band (10.7GHz) TB to derive soil moisture. If in Eq. (1) Ts = Tc is known or can be derived from the 37 or 
36.5GHz v-pol TB, τp can be derived from optical sensor observations of vegetation density (e.g. NDVI), and 
ωp=0, then Eq. (1) without notation of polarization can be simplified to 

)]
cos

2exp(1[
θ
τ−

−= rSB RTT                                                                   (2) 

where Rr = (1-e) is rough surface reflectivity. Eq. (2) can then be used to derive Rr from TB observations. 
Equation Rs = Rr exp(h cos2θ) relates Rr to smooth surface reflectivity Rs with h being surface roughness. The 
dielectric constant mixing model in [6 Dobson et al 1985] is then used to derive soil moisture mv. Since the 
three existing satellites (TMI, AMSR-E and WindSat) have the C/X-band observations, this SCR algorithm 
may have the potential to generate consistent soil moisture data from all of them if they are calibrated well 
with each other.  

2.2. Simultaneous Conical-scanning Overpass (SCO) for TB Calibration 
There are currently three satellites (TMI, AMSR-E and WindSat) operating in space that carry X-band or 
both C- and X-band microwave sensors as listed in Table 1. All these satellites have the 37 or 36.5GHz 
sensors. The incident angles, equator crossing times and footprint sizes of TMI, AMSR-E and WindSat are 
similar or slightly different.  Their same channel TB values should be the same when they are looking at the 
same place the same time, that is, the simultaneous conical-scanning overpass (SCO) especially when they 
are used to retrieve soil moisture using the same retrieval algorithm. If the same channel TB values at SCOs 
are different, their constant difference at the SCOs can then be used to calibrate their TB observations with 
each other. Fig. 1 shows the concept of the SCOs between AMSR-E and TMI and between WindSat and 
TMI for two swaths of each of them. The black arrows point to the areas where the exact SCOs can be found. 
All SCO areas for the three sensors found during year 2003 and 2004 are shown in Fig. 2. 

Table 1. Characteristics of Currently Operating Soil Moisture Capable Satellite Microwave Sensors 

MW Sensors TMI AMSR-E WindSat 

Freq. (GHz) 10.7, 37 6.9, 10.7, 36.5 6.8, 10.7, 37 

Polarization H, V H, V H, V, ±45 

Swath (km) 759 1445 1025 

Incid Angle 53 55 53.5/49.9/53 

Eq X time Variable 13:30/01:30 18:00/06:00 

Footprint (km) 63/39 74/43 38/25 

Data Period 11/97 - 06/02 - 02/03 - 

 

 

Fig. 1: Simultaneous Conical-scanning Overpasses (SCO) concept between AMSR-E and TMI, and WindSat and TMI. 
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Fig. 2: Simultaneous Conical-scanning Overpasses (SCOs) between AMSR-E and WindSat, TMI and AMSR-E, TMI 
and WindSat found during year 2003 and 2004 (read marks). 

2.3. Cross-calibration among TMI, AMSR-E and WindSat 
With the TB data from the three sensors (TMI, AMSR-E and WindSat) at their SCOs, we have found that the 
soil moisture sensitive channels may have significant differences. Fig. 3 shows the scatter plots of 10.7GHz 
H-pol brightness temperature observations (TB10h) at the simultaneous conical-scanning overpasses (SCOs) 
between each two of the three sensors. The comparison statistics listed in the plots indicate that the 
differences are mostly consistent biases. These biases are almost the same for either high or low TB10h values 
for each pair of the sensors. Time series plots of TB10h values for each pair of the sensors (not shown here) do 
not show significant temporal changes of these biases. Therefore these mean biases can be used to calibrate 
any two of the sensors when the other is used as references. The consistency of TB biases is also found for 
other channels (e.g. the 37GHz v-pol used to retrieve surface physical temperature) of these three sensors. 
Therefore, all TB values of the channels common to TMI, AMSR-E and WindSat can be cross-calibrated to 
each other using their corresponding consistent biases found at the SCOs. 

 

 

Fig. 3: Comparisons of the 10.7GHz H-pol brightness temperature observations at simultaneous conical-scanning 
overpasses (SCOs) between each two of the three currently operating satellite microwave sensors. The comparison 

statistics listed in the plots indicate that the differences are significant but consistent for different TB10h levels. 

2.4. Soil Moisture Retrievals from Calibrated TMI, AMSR-E and WindSat Observations 
 

 

Fig. 4: Examples of global soil moisture data retrieved from the calibrated TB10h observations by TMI, AMSR-E and 
WindSat using the single channel retrieval algorithm. 

With the TB data from the three sensors (TMI, AMSR-E and WindSat) calibrated to AMSR-E, global soil 
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moisture retrievals have been obtained using the SCR algorithm. Implementation of the SCR algorithm 
requires values of Ts and τ to be known. The value of Ts can be retrieved from the 37 or 36.5GHz v-pol TB 
observations available from each of the three sensors according to [8 Owe et al 2001]. The value of τ is 
mainly determined by vegetation water content that can be derived from optical sensor (e.g. MODIS) NDVI 
observations [9 Jackson et al 1991]. Examples of implementing the SCR algorithm to TMI, AMSR-E and 
WindSat are provided in Fig. 4. It is shown that the retrievals from the three sensors are very similar and 
simple daily average of these three data sets could be a consistent global soil moisture data product for 
relevant applications.  

3. Validation of Satellite Remote Sensing Soil Moisture Data 

3.1. Satellite Remote Sensing Data Validation Strategy 
The second issue confronting application of satellite remote sensing soil moisture data is how to validate 
their accuracy. Satellite microwave remote sensing footprints are usually tens of kilometers in horizontal 
scale while in situ measurements of soil moisture can only represent ten of meters at most because spatial 
variation of soil moisture is usually very high [10 Western et al 1998]. Current soil moisture validation 
method matches the satellite retrieval with an average of multiple sites spreading across the satellite footprint 
[11 Jackson et al 2007]. Since the fraction of each of these sites within the footprint may be significantly 
different from that of the others, the average of the in situ measurements of these sites can not represent the 
soil moisture status of the whole footprint which is what the satellite sensor remotely observed. Further more, 
because of the resource limitation the number of in situ measurement sites within satellite footprint is usually 
significantly smaller than the number of land cover patches (e.g. 30 sample sites vs 25 x 25= 625 patches if 
each 1km land surface is a patch and satellite footprint or pixel is 25km by 25km). Therefore, a strategy for 
matching satellite pixels and in situ measurements of soil moisture more realistic than the simple average is 
needed. 

3.2. Point-to-Pixel Matching Method 
Most land pixels of satellite microwave sensor footprints are highly heterogeneous and may contain both 
high and low soil moisture land components (e.g. dry rocky soil and wet muddy ponds). Take a pixel with 
two simplest components as an example. One component (called C1)is dry soil with typical 5% [vol/vol] 
surface soil moisture. The other component (called C2) is wet agricultural field with 45% [vol/vol] soil 
moisture. If C1 occupies 90% of the pixel or satellite footprint and C2 10%, then 0.9*5% + 0.1*45% = 9% 
could be the representative soil moisture value observed by the satellite sensor. The satellite retrieval 9% 
apparently looks erroneous if compared with the simple average (25%). If C1 takes only 10% of the footprint 
and C2 90%, then the satellite retrieval could be 0.1*5%+0.9*45%=41% which looks very wrong to the 
simple averages (25%) too. Therefore, considering the fractional coverage of each in situ measurement 
within the satellite footprint or pixel is important when using the in situ measurement to validate satellite soil 
moisture retrievals. The point-to-pixel matching method simply accounts for the impact of this fractional 
coverage.  

Assuming there are n in situ soil moisture measurements (xi [vol/vol], i= 1, n) within a satellite footprint 
and each measurement represents the soil moisture of an areas that occupies p% of the satellite pixel, the 
representative in situ measurement for the satellite pixel should be  

mo = Σ p xi/100 [vol/vol]                                                                   (3) 
If each in situ measurement was obtained for a typical land cover type of the area, then the land cover 

type coverage within the pixel can be used as the value of p%. High resolution (e.g. 15 or 30 meter pixels) 
land cover maps can be obtained for the soil moisture validation sampling area from ASTER or Landsat TM 
images or even airphotos. 

3.3. Test Data from Walnut Gulch Watershed Data 
To validate satellite soil moisture observations, Agricultural Research Service of U. S. Department of 
Agriculture has setup continuous soil moisture measurements for four watersheds in Arizona, Oklahoma, 
Georgia and Idaho [12 Cosh et al 2005]. There are a total of 25 Stevens Water Hydra Probes installed 
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throughout or surrounding the Walnut Gulch Experimental Watershed in Arizona. Fig. 5 is an example of the 
in situ soil moisture measurements taken at 10:30am of July 22, 2003. The area shown involves four AMSR-
E 0.25° x 0.25° pixels. For the lower right pixel, there are only three in situ measurements: 0.01, 0.20 and 
0.15 [vol/vol]. Each of three numbers represents roughly 60, 10 and 30% of the pixel according to a Landsat 
TM image classification. The AMSR-E soil moisture retrieval for the pixel for the day is 0.08 [vol/vol].  If 
the simple average of the three measurements (0.12[vol/vol]), then the AMSR-E retrieval seems to have 0.04 
[vol/vol] error. Using Eq. (3), the error is only 0.01 [vol/vol].  

 

 

Fig. 5. Map of in situ soil moisture measurements of the USDA ARS Experimental Watershed in Walnut Gulch, 
Arizona at 10:30am of July 22, 2003. 

4. Error Handling for Soil Moisture Data Assimilation 

4.1. Soil Moisture Data Assimilation 
To use the satellite remote sensing soil moisture data products for numerical weather predictions (NWP) 
improvement, the data products need to be assimilated in to the NWP models through their land surface 
process modelling component. The currently most advanced soil moisture data assimilation method may the 
Ensemble Kalman Filter (EnKF) tested in [13 Reichle et al 2007]. However, the data assimilation method 
requires that the statistical mean of the observations match well with the modelled soil moisture mean. Any 
biases of the model simulations from the observed soil moisture or biases of the observed soil moisture from 
the model simulations will cause the assimilated results not to be optimal [14 Reichle & Koster 2004]. 
Therefore, how to do the bias correction becomes an issue for assimilating satellite remote sensing soil 
moisture data product in NWP models. 

4.2. Bias Correction Methods for Soil Moisture Data Assimilation 
Based on the characteristics of NASA’s baseline AMSR-E soil moisture data product, reference [14 Reichle 
& Koster 2004] treats the climatology difference between satellite retrievals and model simulations as the 
biases of AMSR-E data and proposed to use the cumulative distribution function (CDF) matching method for 
correcting the biases. However, we have tested the CDF matching method for assimilating the same AMSR-
E soil moisture data into the Noah LSM used in NOAA’s NWP models. Fig. 6 shows the AMSR-E soil 
moisture time series and their vlaues scaled to the Noah LSM climatology using the CDM matching method. 
The artifacts in the CDF stretched soil moisture data do not look realistic and the quality of the original 
AMSR-E soil moisture is not improved in the scaled one if compared with in situ measurements. This 
indicates that better bias correction method may be needed. Furthermore, CDF-matching observations to 
model simulations do seem right logically because the motivation for assimilating observations is that 
observations are more accurate that model simulations. 
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Fig. 6. Comparison between AMSR-E soil moisture retrievals, their CDF-matches and the Noah land surface model 
simulations for a site at Walnut Gulch, Arizona 

 

 

Fig. 7. Result of the Dee bias correction method for assimilating AMSR-E soil moisture into Noah LSM. 

Reference [15 Dee & Todling 2000] proposed an online bias correction method for correcting model 
simulation bias to observations. Reference [16] tested this method with the Noah land surface model. Result 
shown in Fig. 7 seems to be promising. More results in this study on bias correction will be presented during 
the Spatial Accuracy 2008 conference. 

5. Conclusions and Discussion 
Using the soil moisture remote sensing data products from NASA’s AMSR-E, three issues confronting 
satellite data assimilation are addressed. For the optimal results from assimilating satellite remote sensing 
data in numerical weather prediction models, the relevant satellite observations need to be calibrated before 
physical parameter retrievals. Otherwise, retrieval results may be inconsistent across similar satellite sensors. 
For validating the quality of the physical variable retrievals from calibrated satellite observations, an 
appropriate point-to-pixel matching method is needed when the satellite pixels are several orders larger than 
the spatial scale of the physical variable variations. Finally, in the data assimilation the CDF-matching 
method may cause artefacts in the rescaled observations while the Dee bias correction method may be useful 
approach for correcting the model simulation biases from the observations. 
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