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The emphasis of the NSF-funded  research activities are focused on non-

Gaussian data assimilation extensions to the existing DPEAS CIRA one-

dimensional variational (1DVAR) Optimal Estimator (C1DOE). 

 

The Gaussian data assimilation assumption is made not just in the larger 

DA systems, but also within many 1D variational retrieval systems, such 

as C1DOE, which are Maximum Likelihood estimation (MLE) Bayesian 

approaches. Thus, these 1D systems offer unique observational test 

beds for data assimilation methodology research studies. 

 

The baseline DPEAS data fusion methods include the use of 1DVAR 

data assimilation for satellite sounding data sets, and numerous real-time 

statistical analysis methods. Our new development activities to extend 

the current 1DVAR algorithm to use and test a new non-Gaussian data 

assimilation method are outlined below. After this initial observational 

testing stage, we plan more extensive 3DVAR WRF-based non-Gaussian 

extensions, leveraging what we learn in the 1DVAR non-Gaussian data 

assimilation DPEAS framework. 

 

 

 

1. Perform synthetic comparison tests. 

2. Develop a mixed distribution 1DVAR approach using the C1DOE 

framework components to see the impact of the different assumptions 

for the humidity component of the retrieval system. 

3. Compare this new mixed distribution approach against the assumed 

Gaussian and the transform approaches for different dynamical scales 

and for different seasons. 

4. Use conclusions from goals 1 and 2 to guide the design of a mixed 

distribution approach to the larger 3D or 4D VAR weather data 

assimilation systems. 

C1DOE in its current form is a traditional 1DVAR retrieval system with enhanced global data inputs, 

that make numerous studies and intercomparisons possible due to the C1DOE algorithm residing 

within the DPEAS framework (see Fig. 1). The diagnostic capabilities within C1DOE are robust, with 

over 500 data and diagnostic fields being generated for each satellite field-of-view. It is also possible 

to combine GPS and Infrared satellite data sets within the same data flow, making cloud analysis 

and advanced surface effect studies much easier. 

DPEAS/C1DOE ESSENTIALS 

Figure 4:  The top panel depicts mixing ratio (g/kg) from the 

Gaussian C1DOE retrieval  system.  The bottom panel contains 

relative frequencies for the corresponding levels in the atmosphere.    

Note the non-Gaussian behavior, specifically the mixed normal-

lognormal distributions.  This retrieval is from September 5th, 2005. 
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RETRIEVED VALUES 

Figure 1:  The data has been 

remapped to a 0.5 degree 

grid (~ 55 km resolution at 

equator) for this experiment, 

the native resolution of 

AMSU-B is 16 km at nadir, so 

higher resolution would be 

possible in the future 

COST FUNCTIONS 

CONCLUSIONS 

1. Spatial assumptions about the GDAS background distribution 

and the observational errors following a Gaussian background 

are clearly insufficient. 

2. A lognormal-normal model would better capture the bi-modal 

distribution corresponding to areas before and after a front. 

3. A lognormal-normal model may be required in different regions 

and may be seasonal-dependent. 

 

 
MOTIVATION OF RETRIEVAL AREA 

Figure 2:  Distribution of TPW from the 

GEONET network around Japan, about 

800 stations, from 2003 for winter and 

summer.  Lognormal and mixed-

distributions are clearly seen. 


