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is analysed within a control volume.
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® view second-order statistics as data for inverse problems
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Thrust force: F = 5 P ACru?
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Extracted power: P = - pACp u’

* identify input statistics to account for available velocity statistics in output
Stochastic model:
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STOCHASTIC WAKE MODELS [5]

* Model dynamics of fluctuations (v) around base flow (0):

CONCLUSION
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