36 6 JOURNAL OF VIBRATION AND SHOCK Vol.36 No.6 2017

(1. 350116, 2. )

o ( non—
linear autoregressive with exogenous inputs NARX)

o NARX

; ; NARX ; ;
: TU352; TB535 DA DOI:10. 13465/j. enki. jvs. 2017.06. 022

Enhanced generalization of nonparametric model for magnetorheological dampers
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Abstract:  The dynamic modeling for magnetorheological ( MR) dampers to describe their highly nonlinear dynamic
characteristics is essential for the design and implementation of a smart MR control system. One critical concern in
constructing a nonparametric MR damper model by employing the artificial neural network technique is its generalization
capability which is also significant to guarantee the stability and reliability of the MR control system. The paper presents
the modeling of MR dampers with the employment of the NARX ( nonlinear autoregressive with exogenous inputs) network
technique within a Bayesian inference framework and addresses the enhancement of model prediction accuracy and
generalization capability in terms of the network architecture optimization and regularized network learning algorithm. The
Bayesian regularized NARX network model for the MR damper is demonstrated to outperform the non-regularized network
model with the superior prediction and generalization performance in the scenarios of harmonic and random excitations.
Therefore the proposed model with enhanced generalization is beneficial to realize the real4ime and robust smart control
of MR systems.
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Tab.2 Generalization performance of NARX network

models in harmonic excitation scenarios

/A

0 0.25 0.5 0.75 1.0

1 St /N 3.69 7.94 11.46 16.29 16.11
O /N 3.94  11.77 17.06 23.32 28.97
A,./% 6.35 32.54 32.83 30.15 44.39

2 Sma /N 26.91 12.35 17.80 24.29 31.32
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A,./% 9.21 71.35 74.87 71.44 66.13
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Tab.3 Random testing data sets for NARX network model

/g /Hz /A /Hz  RMS/N
1 0.20 0.5-10 1.25 - 939.4
2 0.12 0.5-10 Chirp 0-2 0.1-5 671.0
0.15 0.5-10 0-2 0-10 741.3

4 NARX

Tab. 4 Generalization performance of NARX network

models in random excitation scenarios

B /N B IN B/ Y0
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Fig.7 Comparison between predicted and measured

damper forces for random testing data set 3
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