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What global soil moisture data products do we have What global soil moisture data products do we have 
from satellite observations?from satellite observations?

WhatWhat’’s the status of soil moisture data assimilation for s the status of soil moisture data assimilation for 
operational numerical weather predictions?operational numerical weather predictions?

Objectives:Objectives:
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Current Satellite Soil Moisture Sensors:Current Satellite Soil Moisture Sensors:
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VUT ESCAT (Wagner et al, 1999)VUT ESCAT (Wagner et al, 1999)
GSFC SMMR (Owe et al, 2001)GSFC SMMR (Owe et al, 2001)
USDA TMI (USDA TMI (BindlishBindlish et al, 2003)et al, 2003)
Princeton TMI (Princeton TMI (GaoGao et al, 2006)et al, 2006)
NASA AMSRNASA AMSR--E (Njoku et al, 2003)E (Njoku et al, 2003)
USDA AMSRUSDA AMSR--E (Jackson et al, 2007)E (Jackson et al, 2007)
VUA AMSRVUA AMSR--E (Owe et al, 2008)E (Owe et al, 2008)
USDA WindSat (Jackson et al, 2008)USDA WindSat (Jackson et al, 2008)
NRL WindSat (Li et al, 2008)NRL WindSat (Li et al, 2008)

Current Satellite Soil Moisture Data Products:Current Satellite Soil Moisture Data Products:
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USDA TMI (USDA TMI (BindlishBindlish et al, 2003)et al, 2003) ::

Daily Daily 
estimates, estimates, 

from July 06 to  from July 06 to  
July 21, 1999 July 21, 1999 

0.0 0.0 –– 0.52%v/v0.52%v/v

Not Not 
consistently consistently 

availableavailable
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Princeton University TMI (Princeton University TMI (GaoGao et al, 2006)et al, 2006) ::

Jan. 1, 1999 with quality masks applied, Jan. 1, 1999 with quality masks applied, Not consistently availableNot consistently available
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USDA WindSat (Jackson et al, 2008)USDA WindSat (Jackson et al, 2008) ::

WindSat global WindSat global 
volumetric soil volumetric soil 

moisture (%) for moisture (%) for 
July 30, 2005.July 30, 2005.

0.0 0.0 –– 0.5 0.5 v/vv/v

Not consistently Not consistently 
availableavailable
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NRL WindSat (Li et al, 2008)NRL WindSat (Li et al, 2008) ::

WindSat global volumetric soil moisture (%) and vegetation WindSat global volumetric soil moisture (%) and vegetation 
water content (kg/m2) retrievals for 1 water content (kg/m2) retrievals for 1 –– 12 September 2003.12 September 2003.
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NASA AMSRNASA AMSR--E (E (NjokuNjoku et al, 2003)et al, 2003) ::

Within US: Within US: 
0.1 0.1 –– 0.2 0.2 v/vv/v

Spatial and Spatial and 
temporal temporal 

variations too variations too 
smallsmall
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VUAVUA--GSFC AMSRGSFC AMSR--E (Owe et al, 2008)E (Owe et al, 2008) ::

Monthly for Monthly for 
July 2003: July 2003: 

Top: 6.9GHzTop: 6.9GHz
Bottom: 10.7 Bottom: 10.7 

GHzGHz

Not currently Not currently 
availableavailable
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VUT ESCAT (Wagner et al, 1999)VUT ESCAT (Wagner et al, 1999)
GSFC SMMR (Owe et al, 2001)GSFC SMMR (Owe et al, 2001)
USDA TMI (USDA TMI (BindlishBindlish et al, 2003)et al, 2003)
Princeton TMI (Princeton TMI (GaoGao et al, 2006)et al, 2006)
NASA AMSRNASA AMSR--E (Njoku et al, 2003)E (Njoku et al, 2003)
USDA AMSRUSDA AMSR--E (Jackson et al, 2007)E (Jackson et al, 2007)
VUA AMSRVUA AMSR--E (Owe et al, 2008)E (Owe et al, 2008)
USDA WindSat (Jackson et al, 2008)USDA WindSat (Jackson et al, 2008)
NRL WindSat (Li et al, 2008)NRL WindSat (Li et al, 2008)

Current Satellite Soil Moisture Data Products:Current Satellite Soil Moisture Data Products:
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Current Satellite Soil Moisture Products:Current Satellite Soil Moisture Products:

NASA AMSRNASA AMSR--E E 
Compared with Noah Compared with Noah 

Simulations Simulations 

Site 1: WG, AZ
Site 2: LW, OK
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Soil Moisture Sensor Comparison/Calibration:Soil Moisture Sensor Comparison/Calibration:
Simultaneous ConicalSimultaneous Conical--
scanning Overpass (SCO) scanning Overpass (SCO) 
between AMSRbetween AMSR--E and TMIE and TMI

Simultaneous ConicalSimultaneous Conical--
scanning Overpass (SCO) scanning Overpass (SCO) 
between WindSat and TMIbetween WindSat and TMI
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Soil Moisture Sensor Comparison/Calibration:Soil Moisture Sensor Comparison/Calibration:

TB10h:TB10h:
MBD   = MBD   = --0.7K 0.7K 
RMSE = 7.4KRMSE = 7.4K AMSRAMSR--E E vsvs TMITMI

TB36v:TB36v:
MBD   = 0.6K MBD   = 0.6K 
RMSE = 6.0KRMSE = 6.0K
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Soil Moisture Sensor Comparison/Calibration:Soil Moisture Sensor Comparison/Calibration:

TB10h:TB10h:
MBD   = 4.0K MBD   = 4.0K 
RMSE = 5.2KRMSE = 5.2K WindSat WindSat vsvs TMITMI

TB36v:TB36v:
MBD   = 5.4K MBD   = 5.4K 
RMSE = 6.7KRMSE = 6.7K
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TB,i
cmp = Tskin {er,p exp (-τi/cosθ) + 

(1 – ω) [1 – exp (-τi/cosθ)]
[1 + Rr,i exp (-τi/cosθ)]}

τi = b *VWC
Rr,i = Rs exp(h cos2θ)
Rs = f(ε)        -- Fresnel Equation
ε = g(SM)     -- Mixing model

TB,i
obs = TB06h , TB06v , TB10h , TB10v , TB18h , TB18v
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MultiMulti--channel Inversion Algorithm (MCI):channel Inversion Algorithm (MCI):

Soil Moisture Retrievals:Soil Moisture Retrievals:



Slide 18/36

TB10h = Ts [1 –Rr exp (-2τ /cosθ)]

Rr = Rs exp(h cos2θ)
Rs = f(ε)        -- Fresnel Equation
ε = g(SM)     -- Mixing model

Ts = reg1(TB37v) or Ts
LSM

τ = b * VWC
VWC = reg2(NDVI)

Single Channel Retrieval (SCR) Algorithm:Single Channel Retrieval (SCR) Algorithm:

Soil Moisture Retrievals:Soil Moisture Retrievals:

SCR can be applied to different sensors for a SCR can be applied to different sensors for a 
consistent satellite soil moisture data product.consistent satellite soil moisture data product.
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Comparison of Soil Moisture Retrievals:Comparison of Soil Moisture Retrievals:

SCRSCR SCRSCR

MCIMCI MCIMCI
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Current Satellite Soil Moisture Products:Current Satellite Soil Moisture Products:

NASA and USDA AMSRNASA and USDA AMSR--E E 
Compared with In Situ Compared with In Situ 

Measurements Measurements 
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Single Channel Retrieval Results:Single Channel Retrieval Results:

from TMIfrom TMI
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Single Channel Retrieval Results:Single Channel Retrieval Results:

from AMSRfrom AMSR--EE
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Single Channel Retrieval Results:Single Channel Retrieval Results:

from WindSatfrom WindSat
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NOAA Global Soil Moisture Data Portal:NOAA Global Soil Moisture Data Portal:
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Applications
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(Courtesy of Houser & Peters-Lidard, 2006) 

Data Assimilation in Land Information System (LIS):Data Assimilation in Land Information System (LIS):
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Data Assimilation in Land Information System (LIS):Data Assimilation in Land Information System (LIS):

(Courtesy of Kumar, 2008) 
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LIS and Global Forecast System (GFS) of NCEP:LIS and Global Forecast System (GFS) of NCEP:

(Courtesy of Peters-Lidard, 2007) 
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LISLIS--GFS Soil Moisture Data Assimilation Issues:GFS Soil Moisture Data Assimilation Issues:

1.1. Climatology difference between satellite data Climatology difference between satellite data 
products and Noah LSM simulations;products and Noah LSM simulations;

2.2. Optimal Optimal EnKFEnKF data assimilation requires correct data assimilation requires correct 
model and observation error variances parameters;model and observation error variances parameters;

3.3. Satellite sensing depth does not match with Noah Satellite sensing depth does not match with Noah 
LSM top soil layer depth.LSM top soil layer depth.
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Issue 1: Climatology differenceIssue 1: Climatology difference
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Solutions for Issue 1: CDF MatchingSolutions for Issue 1: CDF Matching

Data assimilation 
purpose is to 
correct model 
simulations with 
observations, but 
CDF matching 
seems to use 
model simulations 
to change 
observations.

CDF matching 
may cause some 
artifacts to 
observations.
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Solutions for Issue 1: Dee methodSolutions for Issue 1: Dee method

Simplified Scheme:

Full Scheme:
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Solutions for Issue 1: Dee methodSolutions for Issue 1: Dee method

(Courtesy of Luo, Houser & Zhan, 2008) 
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Solutions for Issue 1: Dee methodSolutions for Issue 1: Dee method

(Courtesy of Luo, Houser & Zhan, 2008) 
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Solution for Issue 2: Adaptive Solution for Issue 2: Adaptive EnKFEnKF

(Courtesy of Crow & van Loon, 2006) 

Crow & van Loon (2006) 
found that EnKF gives 
optimal results when the 
model error variance 
parameter makes the 
mean normalized 
innovation equals 1.

Rechiele et al (2008) 
tested that an adaptive 
EnKF with internal 
adjustments to model 
and observation errror
variances parameters is 
achievable.
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Solutions for Issue 3: Noah LSM top layer depthSolutions for Issue 3: Noah LSM top layer depth
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Satellite sensing 
depth 0.2 – 5cm

The depth difference 
may have impact on soil 
moisture diurnal cycling, 
drying down period 
length, and correlation 
between the top layer 
and the deeper layers 
which is the base for 
using top layer 
observation to update 
deep layer simulations.
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Current satellite soil moisture retrievals have significant Current satellite soil moisture retrievals have significant 
difference across sensors and retrieval algorithms.difference across sensors and retrieval algorithms.
Using Simultaneous ConicalUsing Simultaneous Conical--scanning Overpass (SCO) to scanning Overpass (SCO) to 
calibrate brightness temperature observations and the calibrate brightness temperature observations and the 
Single Channel Retrieval (SCR) algorithm may provide a Single Channel Retrieval (SCR) algorithm may provide a 
more consistent global soil moisture data product.more consistent global soil moisture data product.

Each of these satellite soil moisture data products may Each of these satellite soil moisture data products may 
have significantly different climatology from the Noah LSM have significantly different climatology from the Noah LSM 
climatology. Bias correction methods need to be further climatology. Bias correction methods need to be further 
tested and implemented in LIStested and implemented in LIS--GFS.GFS.
The The EnKFEnKF in LISin LIS--GFS needs to be examined for obtaining GFS needs to be examined for obtaining 
optimal soil moisture estimates.optimal soil moisture estimates.
Noah LSM top layer depth and correlation with deeper Noah LSM top layer depth and correlation with deeper 
layers need to be examined for assimilating shallow layers need to be examined for assimilating shallow 
observations of satellite sensors.observations of satellite sensors.

Conclusions/Conclusions/Future Work:Future Work:


