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Evaluation of Covariance Accuracy: Reduced cost
(a) Small scale variance, covariance

Motivation Experiment Design

(b) Large scale variance, covariance

Sampling error from small ensembles limits the accuracy of background error CNN was tested at small and large spatial scales within GETKF.
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o * Small scale reduced cost CNN (—91.8% members) still outperforms GC at short separations (<3 grid
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(MLGETKF) reduces spurious sampling error correlations. correlation structures even with reduced ensembles.

* CNN reduces both variance and off-diagonal errors and its correlation curve is Comparison of GETKF analysis
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perturbations W: Square roots of localization; F-yy : Trained CNN model.
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