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Overview Progress Conclusions & Future Directions
Land surface data assimilation has been demonstrated and has great potential, but many open 
areas of research remain, including:

(i) better quantify and use model and observation errors; 
(ii) create model independent data assimilation algorithms that can account for non-linear land models; 
(iii) optimize data assimilation computational efficiency for use in large operational hydrological 

applications; 
(iv) use forward models to enable the assimilation of remote sensing radiances directly; 
(v) link model calibration and data assimilation to optimally use available observation information; 
(vi) create multivariate hydrologic assimilation methods to use multiple complementary observations; 
(vii) quantify the potential of data assimilation downscaling; and 
(viii) create methods to extract the primary information content from redundant/overlapping observations.  

Recent advances in understanding of land physical processes, satellite observing systems, and 
economical computing power, enables us to operationally merge model predictions and 
observations using data assimilation to address critical hydrologic issues.  In the future, we 
must develop a comprehensive land data assimilation framework using a patch-based, bias-
correcting, parameter-augmented local ensemble Kalman filter that is applicable for use in 
practical large-scale, high-resolution land-surface applications, taking the following steps:

(1) Develop the land data assimilation theory and framework to enable the multi-variate assimilation of 
relevant remote-sensing observations, using recently developed Kalman filter assimilation tools that allow 
propagation of subgrid variability in land surface models, while also practically imposing remote-sensing 
constraints at larger scales in an operational framework.

(2) Implement the framework in off-line setting that will provide value-added assimilated data products for use 
in satellite retrieval algorithms, as initial conditions to enable improved earth system model predictions, 
and that will enable Observing System Experiments (OSEs) and Observing System Simulation 
Experiments (OSSEs) to guide the development of future observing systems. 

(3) Integrate this land assimilation framework into coupled Earth System Model(s).  It is well known that the 
high-resolution time and space complexity of land surface phenomena have significant interaction with 
atmospheric, biogeochemical, and oceanic processes. 
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Charney et al. [1969] first 
suggested combining current and 
past data in an explicit dynamical 
model, using the model’s prognostic 
equations to provide time continuity 
and dynamic coupling amongst the 
fields.  This concept has evolved 
into a family of techniques known 
as data assimilation. In essence, 
hydrologic data assimilation aims to 
utilize both our hydrologic process 
knowledge as embodied in a 
hydrologic model, and information 
that can be gained from 
observations.  Both model 
predictions and observations are 
imperfect and we wish to use both 
synergistically to obtain a more 
accurate result.  Moreover, both 
contain different kinds of 
information, that when used 
together, provide an accuracy level 
that cannot be obtained when used 
individually. The data assimilation 
challenge is: given a (noisy) model 
of the system dynamics, find the 
best estimates of system states X 
from (noisy) observations Z.  Most 
current approaches to this problem 
are derived from either the direct 
observer (i.e. Kalman filter) or 
dynamic observer (i.e. variational
through time) techniques (Figure 1).

Hydrologic 
Quantity 

Remote-
Sensing 
Technique 

Time 
Scale  

Space 
Scale 

Accuracy Considerations Example Sensors 

Thermal 
infrared 

Hourly  
1day 
15days 

4km 
1km 
60m 

Tropical convective clouds only Geostationary 
MODIS, AVHRR 
Landsat, ASTER 

Passive 
microwave 

3hour 10km Land calibration problems TRMM, SSMI. AMSR, GPM Precipitation 

Active 
microwave 

Daily 10m Land calibration problems TRMM, GPM 

Passive 
microwave 

1-3days  25-50km  Limited to sparse vegetation, low 
topographic relief  

AMSR-E,SMOS,Hydros 
Surface soil 
moisture Active 

microwave 
3days 
30days  

3km  
10m  

Significant noise from vegetation 
and roughness  

 
ERS,JERS,RadarSat 

Surface skin 
temperature 

Thermal 
infrared 

1hour 
1day 
15days 

4km 
1km 
60m 

Soil/vegetation average, cloud 
contamination 

GOES 
MODIS, AVHRR 
Landsat, ASTER 

Snow cover Visible/thermal 
infrared 

1hour 
1day 
15days 

4km 
500m-1km 
30-60m 

Cloud contamination, vegetation 
masking, bright soil problems 

GOES 
MODIS, AVHRR 
Landsat, ASTER 

Passive 
microwave 

1-3days 10km Limited depth penetration AMSR-E 
Snow water 
equivalent Active 

microwave 
30days 100m Limited spatial coverage SnoSat or CLPP (proposed 

missions) 
Laser 10days 100m Cloud penetration problems ICESAT Water 

level/velocity Radar 30days 1km Limited to large rivers TOPEX/POSEIDON 
Total water 
storage 
changes 

Gravity 
changes 

30days 1000km Bulk water storage change GRACE 

Evaporation 
Thermal 
infrared  

1hour 
1day 
15days 

4km 
1km 
60m 

Significant assumptions GOES 
MODIS, AVHRR 
Landsat, ASTER 

 Table 1: Characteristics of hydrologic observations potentially available within the next decade.

Because of its importance, and our 
increasing ability to observe relevant 
hydrologic information remotely, it is 
expected that the amount of hydrologic 
remote sensing data will grow 
exponentially over the next decade.  
However, its usefulness will be limited 
by our ability to analyze and integrate 
diverse hydrologic information with 
hydrologic models.  Quantifying 
hydrologic process variability will 
require innovative interpretation of 
potentially large hydrologic observation 
volumes, due to observation type,
scale, and error disparities (Table 1). Though remote sensing can make spatially comprehensive 
measurements of various components of the hydrologic system, it cannot provide information on the 
entire system, and the measurements represent only a snap shot in time.  Land surface hydrology 
process models may be used to predict the temporal and spatial hydrologic system variations, but 
these predictions are often poor, due to model initialization, parameter and forcing errors, and 
inadequate model physics and/or resolution.  The effect of variations in instrument type, placement, 
calibration and accuracy of both remote sensing and in-situ hydrologic observations must also be 
quantified.  The complexities of future hydrologic observation scenarios will require systematic 
methods to organize and comprehend this information.  Therefore a comprehensive hydrologic data 
assimilation framework will be critical for future hydrologic observation and modeling systems.

Figure 1: Schematic of the a) direct observer and b) dynamic observer assimilation approaches.
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Figure 3: Shows how satellite observations of near-surface 
soil moisture content made by the scanning multifrequency
microwave radiometer (SMMR) may be used to constrain 
hydrologic model predictions of soil moisture throughout the 
root zone using data assimilation (Walker et al., 2003).

Figure 2: Example of how data assimilation supplements data and complements observations: (a) Numerical 
experiment results demonstrating how near-surface soil moisture measurements are used to retrieve the 
unobserved root zone soil moisture state using (left panel) direct insertion and (right panel) a statistical 
assimilation approach [Walker et al., 2001a]; (b) Six Push Broom Microwave Radiometer (PBMR) images 
gathered over the USDA-ARS Walnut Gulch Experimental Watershed in southeast Arizona were assimilated 
into the TOPLATS hydrological model using several alternative assimilation procedures [Houser et al., 1998].  
The observations were found to contain horizontal correlations with length scales of several tens of 
kilometres, thus allowing soil moisture information to be advected beyond the area of the observations.

Figure 6: Comparison of snow simulations on January 5, 1987 over North America for 
snow water equivalent (in mm, top row); snow depth (in mm, second row); average 
temperature (in °C, third row); and areal snow fraction (bottom row) from a) truth run 
(using spin up initial condition),b) assimilation run (with degraded initial condition and 
assimilation of daily total snow water equivalent observations), and c) control run (with 
degraded initial condition) [Sun et al., 2004].

Figure 7:  Differences between simulated and reanalysis (top left), assimilated and reanalysis 
(bottom left) mean skin temperature (K), and the resulting differences between simulated and 
reanalysis (top right), and assimilated and reanalysis (bottom right) mean sensible heat fluxes 
(Wm-2) for September through November 1992.  Global terrestrial mean bias and standard 
deviation (SD) for September through November are also noted [Radakovich et al., 2001].

Progress has been made on soil moisture, snow, surface 
temperature, runoff, and ET assimilation as illustrated here.

Figure 5:: Modeled snow water equivalent [mm] without (bottom left) and with 
(bottom right) assimilated MODIS snow cover (left top) for 17 Jan 2003 (Rodell and 
Houser, 2005).  Comparison with in-situ SWE observations s also shown (top right 
and far bottom).

Figure 4: Streamflow is assimilated into a land surface model to predict soil moisture in this 
twin experimentt, using a Bayesian nonlinear regression method (Rüdiger et al., 2004). 

Goal: 10 km Retrieval
~40 km Radiometer (h, v)
~1 km* Radar (hh, vv, hv)

36 km TBh, TBv data from 
Hydros radiometer simulator

9 km soil moisture 
retrieval product

3 km σhh, σvv, σhv data from 
Hydros radar simulator 

1 km soil moisture 
data from nature run

1

1
6

144

129
6

4.4
4.1
2.4

9km
RMSE [%v/v]

6.21.5Radiometer Inversions
6.03.2Radar Inversions
4.01.4Bayesian

3km36kmMethod

Figure 9: Bayesian active/passive microwave merging method produced better 
soil moisture retrievals than traditional numerical iteration inversions of the 
radar or radiometer observations. These results imply that the Bayesian 
merging method for retrieving soil moisture from radar and radiometer 
observations is a promising approach to achieving higher resolution soil 
moisture retrievals from satellite observations (Zhan et al., 2005). 

Retrieval Error Improvement of Method over Direct Radar Inversion
Improvement = |truth-Inversion|-|truth-EKF|


