24 6

Vol .24 ,No .6
200311 ENVIRONMENTAL SCIENCE Nov..,2003
.RSA GLUE
1 2 1 1* L
, , , (1. , 100084 , E- mail :jchenl @
tsinghua .edu .cn; 2. s 110034)
) 3
s . ,RSA GLUE
N .RSA GLUE ,RSA
s GLUE > s
,RSA GLUE
; ; ;RSA ;GLUE
: X143 tA :0250-3301(2003)06-07-0009

Comparison of Optimum,RSA and GLUE Methods in Parameter Identifi-
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Abstract :Para meter identification plays a key role in environ mental model application . The optimization method is one of
the earliest and most widely used methods . However ,as the parameters by optimization may not fully fit the observa-
tions ,there is a risk that the errors may be enhanced in the decisiomr make stage . With this deficiency in consideration ,the
RSA and GLUE algorithms search for the feasible parameters not only to the optimum but also around the neighbors .
The difference between RSA and GLUE is that the RSA accepts the estimated parameters equally as the candidates for
application ; while the GLUE keeps the difference among the parameters as measured by likelihood.In addition for pa-
rameter identification ,both RSA and GLUE are efficient tools for global sensitivity analysis .
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