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Fig 4 The effect of 8, and

Fig.5 The effect of f/a and %
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  F = f ( x , u | 𝜃 )


  m  (  u . −  v m r −  x G  r 2 ) =  F x


  m  (    v . m + u r +  x G  r . ) =  F y


   (  I z + m  x G 2 )  r . + m  x G  (    v . m + u r ) =  M  z m


  D =  {  (  x i ,    y i ) ,   i = 1 … n }


   y ^ = f ( x )


  f  ( x , u |  𝛽 s )


  f  ( x , u | 𝛽 =  𝛽 s + Δ 𝛽 )

