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Abstract: Bearings, as critical rotating components in precision instruments, directly affect the safety and stability of the
system. Therefore, accurate prediction of their remaining useful life (RUL) is crucial. Existing RUL prediction methods for
bearings can be classified into two types: physical model-based and data-driven approaches. Physical models offer high
interpretability and require fewer samples but suffer from low prediction accuracy and cannot be used for online prediction.
Data-driven methods, on the other hand, provide higher accuracy and support online prediction but require large amounts of
data and have poor generalization ability under varying operating conditions or between different equipment. To address these
limitations, a Wiener-ANN hybrid model is proposed for bearing RUL prediction, combining the advantages of both physical
models and data-driven approaches. The model optimizes the Wiener process using time-frequency domain features as multi-
source input data for the first-stage prediction. Subsequently, a three-layer artificial neural network (ANN) is trained using the
first-stage prediction results to optimize the model. The optimized Wiener model is then combined with the ANN to predict the
RUL of the test dataset. Comparisons with traditional Wiener models and ANN methods show that the proposed approach
significantly outperforms these methods in prediction accuracy and application performance, demonstrating strong potential
for engineering applications.
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