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The Ot principle of data assimilation :
update the whole state given incomplete observations
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Sea ice data assimilation is ready
for seasonal-to-decadal prediction

Root Mean Squared Error September sea ice concentration
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predictions

18+

%16

N W\, l
L Initialized fromice =~ _______________ _______________

concentration only

10

1985 1990 1995 2000 2005 2010

[Massonnet et al., in revision]
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SIPN — Sea ice Prediction Network:
Manage and analyze sea ice outlooks

Probability of sea ice presence
(September 2014, 5 models)
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Www.arcus.org/sipn [Stroeve et al., submitted]



Model-based seasonal predictions:
consistent individual and collective behaviors
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Is the current generation of sea ice
outlooks are overconfident? Yes, probably.

Median & IQR of July predictions with observed September means, 2008-2014
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Why do model predictions
diverge from each other?
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Why do model predictions diverge from each other?

Because of chaotic atmosphere
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Why do model predictions diverge from each other?

Because models, physics,

* Because of chaotic atmosphere parameters are different

Sea ice thickness [m]
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Why do model predictions diverge from each other?

Sea ice thickness [m]

Because of chaotic atmosphere

Because models, physics,
parameters are different
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Actually, all of them!

Sea ice thickness [m]
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variance = variance = variance =
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Actually, all of them!

(and variances don't add up in reality, unlike here)
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Why do model predictions diverge from each other?

Because of chaotic
atmospheric fluctuations




Why do model predictions diverge from each other?

Because of chaotic Because model physics and
atmospheric fluctuations parameters are different




Why do model predictions diverge from each other?

Because of chaotic Because model physics and
atmospheric fluctuations parameters are different

Because of different
initial conditions
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Lessons learned & directions

Data assimilation

Seasonal sea ice
prediction

Estimation of
uncertainty

Lessons learned Open guestions
Appropriate for sea How to handle
ice initialization coupled initialization?

Can we expect skill in a
changing climate? What are
user-relevant diagnostics?

Joint efforts exist, skill still
to be demonstrated

How can we reevaluate
uncertainty properly? Ready
for the next outlook?

Predictions probably
overconfident
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Thank you!

francois.massonnet @uclouvain.be

www.climate.be/u/fmasson
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