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Abstract: [Purpose] To meet the demand for monitoring the operating status of the thrust bearing of the
podded propulsion (POD), [Method] a volatility evaluation method for POD thrust bearing condition
monitoring is proposed. A dynamic time warping (DTW) algorithm is employed to extract fluctuation
difference sequences from bearing signals. Signal complexity is quantified using sample entropy and
multiscale sample entropy (MSE). A modified membership function (MMF) is designed to overcome the
limitations of traditional hard-thresholding functions, and a condition assessment framework based on
entropy flow analysis, multivariate accumulation of Markov chains, and minimum entropy space is
established for comprehensive evaluation and anomaly prediction. [Result] Simulation results show that
the MMF method achieves Pearson correlation coefficients of 0.999 5 (Sine signal) and 0.999 6 (Logistic
signal), with sensitivity values of 1.870 3 and 1.947 6, respectively, significantly outperforming the hard-
thresholding function (HF) and the power-function-based membership function (PFMF). [Conclusion] The
proposed volatility evaluation system effectively characterizes the fluctuation behavior of POD thrust
bearing operation and demonstrates significant advantages in bearing condition monitoring and anomaly
prediction.
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