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Model Updating Using Radial Basis Function Neural Network
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ABSTRACT

It is well known that the finite element analysis often has an inaccuracy when it is in conflict with test
results. Model updating is concerned with the correction of analytical model by processing records of
response from test results. The famous one of the model updating methods is FRF sensitivity method.
However, it has demerit that the solution is not unique. So, the neural network is recommended when an
unique and exact solution is desired. The generalization ahility of radial basis function neural network is
used in model updating. As an application model, a cantilever and a rotor system are used. Specially the

machined clearance((,) of a journal bearing is updated.
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Fig. 1 Radial basis function neural network structure
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Fig. 3 Flow chart of model updating using RBF neural network
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Table 1 Physical properties
Density, Bending rigidity, Area, Length,
o (kg/m) EINN - m) Almd) L{m)
8029.25 8755 15%10™ 05

Table 2 Training pair for cantilever(1 parameter)

Input data(FRF) Target value(El)
H(25); H(25), H(25),
Table 3 Training pair for cantilever2 parameter)
Input
(I;‘ll:tl; { H(25) g5, 05 H(25) gg,5008.1 H(25) 93,3033]
(FRF) H(125) g5 500 H(125) g5 5081 ... H(125) g3 s033
Target
valte 88 8 .. 8.1 8.1 .. 93
8028 8028.1 ... 8028 8028.1 ... 8033
(EL o)
87.562 -
87.560 4
o 5581
z
= 87.556 -
%‘ 87.554 -
i 87.552
E 87.550
87.548 o

T T
10 100 1000

Y
Fig. 4 Effect of factor ¥ on mode! updating
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Table 4 Joumnal bearing design parameter
Viscosity{ ) 937 xX10-3N - ¢/m’
Diameter(D) 0.1005m
Machined clearance 095 mm
(C,)
Width(L) 50.23 mm
Clearance Ratio ~
(= C,/R) 000479
Load(W) 956.97 N
Rotating speed(N) 416.667 1ps
Table 5 Training pair for rotor system
Input data H(65) 2.0e ! H(65) 2.0le * . H(65) 3.0¢ !
(FRE) H(80) 50, «+ HBO) 510t .. H(80) 5404
Target value
[2.0e7* 2.01¢7* 2.02¢™* ... 3.0¢7"]
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