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Abstract: To address the problems of empirical selection of coupling parameters, low
computational efficiency of finite element calculation, and large torsional vibration response in
traditional shaft system design, a parameter optimization method for shaft systems based on
machine learning and Bayesian algorithm was proposed. First, three surrogate models, namely
support vector regression (SVR), random forest (RF), and multilayer perceptron (MLP), were
constructed respectively to evaluate their prediction capabilities for torsional vibration response;
the results indicate that the RF surrogate model has better fitting accuracy and generalization
capability for predicting the torsional vibration responses, with a coefficient of determination
(R*) of 0.971 6. Then, the Bayesian algorithm was adopted to globally search for the optimal
structural parameters. Finally, the optimization results were analyzed to verify the effectiveness
of the method. The results indicate that after parameter optimization, the torsional vibration
amplitudes of most shaft segments are reduced by more than 30%, among which the torsional
angle amplitude of the coupling shaft segment is reduced from 0. 010 80 rad to 0. 001 16 rad,
with a reduction of 89.26%. A feasible scheme for the efficient modeling and precise
optimization of complex shaft systems is provided in this paper, which has good practical
engineering value and application potential.
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Fig. 1 Torsional vibration model of shaft system
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Fig.2 Simulation model of engine output torque
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shaft segment
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