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What is daten ossimilation 7

“...the process through which all the avail-

Tala,%ramd/ qu—’) able information is used to estimate as accurately as possible
the state of the atmospheric or oceanic flow”.

...interpolating

be nnett (Zooz) fields at one time, for subsequent use as initial data in a model
integration which may even be a genuine forecast”.

“...statistical combination of ob-
Ma[now{} (200‘,5) : servations and short-range forecasts”.
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Monte Carlo sampling
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