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Introduction
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satellite based instruments is difficult due to infrequent x USDA operated Using a MSE Objective Function:

Imaging and the strong effects of speckle which require
spatial aggregation in order to extract soil moisture
Information. By calibrating a land surface model (LSM)
to backscatter image data it may be possible to temporally
track soil moisture behavior between overpasses (figure 1

X Semi-arid, sparse vegetation, sandy soils

x Meteorological flux station provides 9 years recorded
data at 20 minute intervals

X Time Domain Reflectometry (TDR) soil moisture
probes provide 4 years of recorded data at 20 minute

tOp), however the amount of aggregation necessary o intervals Time Series Comparison Chosen Parameter Location Histogram of Residuals
account for Speck|e reduces the Spatia] information To TDR Measurements In a Normalized Range at Every Time Step
density beyond what Is acceptable for some applications Simulation Period o _

hen extracting information from a sinale im Sin x Mar 97 Sep. 6. 2004 Calibration to TDR Measurements at Image Times
When extracting information from a single Image. - since o ' P-©, Using a MSE Objective Function:

the LSM provides correlation between soil moisture ' X 81 day warm-up period
values at different times, via knowledge of atmospheric ' Performance statistics
and other forcing conditions, it may be possible to exploit collected May30 1 Sep. 6
this correlation (figure 1 bottom) to reduce the spatial during the fall monsoon
aggregation necessary for extracting soil moisture season.
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Information carrying parameter in a speckle model which obtained with 3 looks in 2004. Calibration Using the Likelihood Objective Function

can simultaneously consider samples from both a (87.5mA  px8u |

homogenous area In a single backscatter image and in Surface Roughness Characterization

many images of a homogenous area over time. Although Surface roughness characteristics of the imaged land surface

the information carrying parameter changes with changes were needed in order to extract moisture information. This

in soil moisture - and thus between images - the LSM will was obtained using the method of Rahman et al., 2008 which

track these changes using knowledge of precipitation and

uses multiple radar images at different viewing angles to
differentiate the effects of roughness and dielectric constant
Information. This method requires knowledge of desiccated

state soil moisture content for the area as well as an image of
the environment at a dry point.
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long term behavior. Since the information carrying
parameter in a backscatter image can be directly related to
soil moisture, a LSM which provides a time series of
theoretical backscatter behavior related to soil moisture
estimations (figure 2) can by calibrated to raw image data
by maximizing this likelthood function.

Moran et al., 2004 outlined a set of target accuracy and Likelihood Objective Function

precision requirements for soil moisture information
retrieval (table 1).
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| Is the observed backscatter intensity at a
given location and time, s Is the mean
Intensity over a homogeneous target, and n IS
the speckle effect.

Mapping Parameter Requirement

Likelihood
MSE

8.583
7.545

5.592
5.499

-17.909
-17.405

6.565
5.499

Spatial Resolution 10to 100 m

Vertical resolution 15cm to > 1 m; Root Zone

Table 3 Calibration result statistics as compared to TDR measurements
assuming different sized (square) homogenous areas.

Spatial Coverage 1000 to 25000 km2

Quantization 374 levels, ranging from dry to very wet

Moderate, ~75%
Upon request to within 3z4 days of request

Accuracy

Product delivery

P(I\G)=i HE::!-;}::—(E} Conclusions

Table 1 Standardizedoil moisture product requirements for watershed
scale applications.

I=06 Xn x At small scales likelthood calibration comparing modeled

and measured backscatter across multiple images reduces the
effect of speckle noise on the objective function space as
compared to assimilating image-derived soil moisture
directly.

Model Calibration P(n)=exp(-n)

Since the mean speckle effect is zero, s will be the
theoretical non-speckled backscatter value for the target.

Model calibration (figure 2) involves identifying model
parameters which induce model behavior which iIs most
closely related to observed system behavior thus providing
for maximally accurate predictions of past behavior which,

- in theory, will correspond to maximally
accurate future predictions.
Figure 2: Schematic for
«. likelihood calibration of a soill
moisture model. The land surface

mod el used I s NC
column simulator and backscatter is
derived from soil moisture via the

integral equation backscatter model

S B (Fung, 1992)

X There Is a point at which the homogeneity assumption
(required for both types of satellite data-based calibration)
fails when larger areas are considered.

Likelihood Estimator for s Time Series:

Let I ={lI;|} j} where {j} are image pixels of a
homogenous target and S = {s,| ! t} where {t} are
Image times

L] o)) = o, X exp(-1/cy)
L(Z| D) o< [T, (1/5) X exp(-L/c)

x Satellite overpasses do not capture the range of behaviors
of the hydrologic system and thus do not contain information
about all hydrologic processes.

x Model error is significant; notice the overestimation of
peak soil moisture values even when all available in-situ data
are considered.
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