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» Use Kullback-Leibler distance to measure information gain from an observation
» Use this metric as criteria to control DA frequency to make EnKF adaptive. » After several assimilations, the KLD dropped significantly, and correspondingly, there was minimal gain
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» Non-semetric measurement between two PDF’s: P,Q
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» In our calculations we used the disretized version of KLD.

Dic(PIIQ) = ) P()In(P(i)/Q(1)) 2)

» The Ensemble Kalman Filter is a recursive filter commonly used in geophysics models

» The filter consists of three phases:

(1) Compute Kalman gain observation
K = PeHy (HkPiHy + Re) ™! 3)

(2) Update estimate with measurement z
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» PDFs built from 20 member implementation of Ensemble Kalman Filter, a common filter method used in » Average Root Mean Square error comparison for three versions of shallow water model: No DA,

X = x + Kz — Hyx ) (4) geophysics simulations. Standard EnKF DA, and Adaptive EnKF DA.

(3) Update the error covariance » Width of PDFs represents deviation of ensemble

Py = (I — KeHy)P, (5) » Height of PDFs represents likelihood of values %

Conclusion

High Uncertainty Regions for each Assimilation time of Adaptive Scheme
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» The disappearance over time of high uncertainty areas show that the assimilation scheme is effective
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