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Scenario 3:             lnK r1                      
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Ensemble Kalman Filter 
with non-Gaussian prior ensemble
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Conclusions

• A marginal transformation helps a lot

• Even if there are not hard data

• There is lot of info in the transient heads

• I am not a normal guy
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Replace cokriging

• Try to use multiple point geostatistics to capture higher-
order statistics

•We do not have a training image of forecast errors
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Conclusions

•Method to include transient state data into multiple point 
simulation for history matching

• Including pressure in the data event requires considering 
the location in the updating

• Replace a large single training images by many smaller 
ones associated with a flow solution with wells and 
boundary conditions
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