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Five-hole probe and its neural networ k algorithm

WAN G Hong-wei , CHEN Xiao-long
(National Key L aboratory of Science and Technology on'Aero- Engines,
School of Jet Propulson, Beijing Univerdsty. of Aeronautics and Astronautics,
Beijing 100191, China)

Abstract : Data reduction-methodsfor five-hole probe are investigated and a new method
based on artifieia neural network is developed:—The developed method isthen compared with
a three-dimensional linear interpolation one. Cencluson is drawn that the neura network
method-i's superior to the interpolation onein accuracy and robustness. The new developed
method is al o applicable to multi- hele probe through minor modifications.
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