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ploit ensemble covariances and linear or non-
linear responses.

4. Results

From the methods described in section 3 we find:

2. Experiment Description a. Fig. 1a shows the experiment-maximum absolute correlation coeffi-

A set of four parameters (table 1) are varied, Figure 1: In (a) the maximum absolute correlation coefficient between Ag and 10-m wind speed cient at each grid point between AR and 12-h forecast 10-m wind speed.
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October 2006 over East Asia that are also sub- Figure 4. Standard deviations of time-space distributions of correlation coefficients

ject to Initial-condition, lateral boundary-condi- Figure 2. In (a) a map of the correlation coefficient between Ag and 10-m wind speed valid 1200 between 10-m wind speed and various parameters. The thin dashed line at 0.33 is the Here comments about applicability for estimation, forecasting, etc.

tion and land-surface uncertainty. UTC 09 October 2006. Contours are every 0.1, and only those points with p-values incidating expected value of the standard deviation, computed from a very large sample of

greater than 90% confidence in the correlation are contoured. In (b) the scatter between Ar and

correlations of random normal distributions of size 10 (the ensemble size). Only AR and
and R appear to elicit a meaninful linear signal. Scaling the parameter distribution
destroys thesignal of linearlity.

10-m wind speed at the point denoted with a ‘1" in (a). Random-like relationships between the
parameters and predictions are common.
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