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Table 1 RMSE of geopotential height at each level
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Table 2 Cumulative relative RMSE
m 4 5 6 7 8 9 10 11 12 13 14 15
G(m) 86. 1 91.1 94.7 97.1 98.5 99.3 99.7 99.9 99.9 99.9 99.9 100
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Fig.3 A multivariate correlation model on the
singleobservation of geopotential height

(a. geopotential height ¢, b. wind component z,

c. wind component v)
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Fig.4 A multivariate correlation model on the

singleobservation of wind component
(a. geopotential height,b. wind component = ,

c. wind component v)
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Fig.5 A multivariate correlation model on the
singleobservation of wind component v
(a. geopotential height,b. wind component u ,

c. wind component v )}
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IDEA EXPERIMENTS OF GRAPES THREE- DIMENSIONAL VARIATIONAL
DATA ASSIMILATION SYSTEM

Hua Zhang Jisan Xue Shiyu Zhuang Guofu Zhu Zhu Zhongchen

( Chinese A cademy of Meteorological Sciences, Beijing 100081)
Abstract

T his paper introduces a new scheme of three— dimensional variational assimilation ( GRAPeS— 3DVAR),
which is suitable for a gridpoint model. The domain includes China area on horizontal dim ension and 15 manda
tory levels on vertical dimension. The schem e adopts stream function, unbalanced potential velocity, unbalanced
geopotential height and humidity as analysis variables which are independent of each other. The cost function
takes the way of incremental method. To solve the problems that B~ " are il conditioned and too large to be
computed, the background term is preconditioned using a sequence of variable transform, which improves the
convergence in the minimization process and avoids to calculate B~ ! directly. EOF decomposition is used as ver
tical component of analysis variable transform to project onto vertical modes and separate each three-dimensional
field into twe-dimensional field. Recursive filters is used as horizontal component of analysis variable transform.
LBF GS method is used on solution of optimization. Simple geostrophic balanced relationship is used. The system
has passed verifications strictly and proved to be credibility. In order to test the functions of the system, A series
of idea experiments were made. The results show a reasonable relationship among the mult+ variables and a fast
convergence in the minimized process.

Key words: Three dimensional Variational assimilation, Variable transform, Preconditioning.



