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• Rigorously identified subgrid dynamics effects 

• Injecting likely small-scale dynamics 

• Predict extreme events 

• Quantification of modeling errors 
 

• Studying different likely scenarios and attractors 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Climate projections

Ensemble forecasts and data assimilation

Motivations
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Part I 
Location uncertainty

 4



v = w + �Ḃ
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Part II 
SQG under Moderate Uncertainty

SQG MU

Code available online
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Ensemble : uncertainty quantification
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Ensemble : uncertainty quantification
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Conclusion
Models under location uncertainty blindly describe unresolved triades 

• Conserve energy 

• Model derivation 

• Instabilities triggered,  
possibly followed by extreme events 

• Uncertainty quantification to address filter divergence
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Related works and outlooks
• Bifurcations (SQG) and attractor (Lorenz 63) exploration 

• Stabilization / destabilization of Reduced Order Model 

• Comparisons with data-driven     and Stochastic Lie Derivative approaches (Holm and coauthors) 

• Parametrization and tests based on higher-order statistics  
(curvature, energy flux through scales, bispectrum, …) 

• Mimic barotropization 

• Girsanov theorem for MLE and Bayesian estimations with satellite images 

• Learning      on SWOT data 

• Filtering / smoothing with (reduced) models under location uncertainty
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