Introduction

A globally relocatable regional ocean ensemble forecast system has
been developed. The representation of uncertainty in the ensemble
and the growth of uncertainty through the ensemble forecast are
controlled by the analysis error estimated by the analysis. Analysis
error estimated through model temporal variability or through forecast
error via the analysis Increment may over- or under-estimate the
error due to the Ilimited availability of subsurface
observations. We propose a method to estimate analysis error that
Includes model variability, recent model forecast error, and historical
model or climate uncertainty with specified error growth rates, and
accounts for the subsurface sampling. By including the growth back to
historical error estimates In the long periods between subsurface
sampling, we improve the ensemble spread as measured using both
verifying analyses and In situ and remote sensing observations.
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Forecast error In the Ensemble Transform

The ensemble transform rescales forecast
perturbations X to analysis perturbations X,
with a transformation T such that the global
perturbation variance normalized by the
forecast error variance Psis 1. In this way the
forecast error estimate from the analysis sets

the initial
cycle.
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Conclusions

The representation of uncertainty in the ensemble analysis and the
growth of uncertainty through the ensemble forecast are controlled
by the analysis error estimated by the NCODA analysis. We propose
a method to estimate analysis error that includes model variability,
recent model forecast error, and historical model or climate
uncertainty with specified error growth rates, and accounts for the
subsurface sampling. By including the growth back to historical
error estimates In the long periods between subsurface sampling, we
Improve the ensemble spread as measured using both verifying
analyses and observations. Future work on model uncertainty will
address under-prediction of growth in the ensemble spread.
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