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Abstract Considerng traditbnal adjusment m ethod w ithout calcu hting possible nonlinear be v een 1o tor
ad psments and fuselage vbratbn sgnals anew rotor ad psiment method based on general regressbn neural
netwotk (GRNN) and genetic algorithm was presented. GRNN network was enp byed to model the relatbr
shp between the rotor adjusments and the fuselage vibratbns whose inputs are rotor ad usiment paran eters
and whose outputs are acceleration measuraments along the three axes of rotor shaft and the fuselage W ith
helcopter vbratbn as ob pctive function genetic akorithm was used to make a global optin izatbn to find the
suitable rotor ad justments corresponding to the m nimun vibrations Flight test results ndicate that proposed
rotor adjusiment method canm inin ize fuselage vbration at fundanental rotor frequency abng the three axes
only in one or wo ad usm ent flights and that the neuralnetworksmay be updated to nclude new data thus ak
bw ng the system 1o evolve and m ature n the course of its use
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