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Characteristic sub-classes j=1, ..., m of dominant
image types/sea conditions (1-4).

xk R RN ElE FrPy E¥
kR B R P

Characteristic/Dominant
|mage types/classes 1-4

= Lo RRR FD LR
B Y FEF NEN | .
B Br E -ﬂ B B BF
(a) Sub-Classes 1 (b) Sub-Classes 2 (c) Sub-Classes 3 o
. ; : 5 Dictionary i B
P 330 N B~ — 330
aY 5 A e Fwow. Fw Learning
P EAN, CEA AN 3
N\ R [l s ;
N R é o R W . ™ Hlerarchlcal
= :;gg . /\ ustering |
— {ffofffo?; ){E/ S /,s’-é SWe ,s'—g S ss
Elw_mﬂh_s_—__ i o \& N _‘/ [~ ]
5 3 5 5
(e) Windrose 1 (f) Windrose 2 (g) Windrose 3 (h) Windrose 4

In-situ data+ _ Forecast

compact model and sampling
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Predicting the environment using sparse data
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Estimate current conditions using:
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Example: Likelihood and RMSE
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(@) True SST 2018-05-17. (b) Estimated SST. (c) Likelihood and RMSE. (d) Estimation error.
Evaluation of prediction error using the compact model.
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b: 1 Mission duration [hrs]
Effects on mission duration and survey paths
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