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MSE, ; can be thought of as the mean-squared error if your “estimated

RCF reveals cross-variable model dynamic linking between interface
impact” was zero at all grid points

height observations and winds, with bimodal distributions.

RCFs can be used directly as a localization function
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Overall Skill Score

Correlation calculated over matched grid point pairs for one cycle, total of 900 map
correlation values. For each cycle, correlations were ranked from lowest to highest
among different localization experiments, and ‘count’ is the sum in each category
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(need to ‘localize’ the RCF localization!)
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Conclusions and Future Work
RCF function shows dynamical flow and time-shift dependencies
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