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ABSTRACT: A semi-observable state-based remaining useful life (RUL) prediction method for
machine tool cutters was proposed to improve accuracy by addressing the limitations of indirect
system state estimation based on multi—source sensor data during machining. A state—space pre-
diction model with an embedded mapping deviation compensation term was constructed by inte—
grating the multi—source sensor data with the tool system state information. First, a regression
network was used to establish a nonlinear mapping between the multi—source sensor data and the

tool system state, achieving an initial estimation of the semi-observable state. Subsequently, a
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system state regression error compensation algorithm was proposed to address the differences in

data distribution caused by different processing conditions, degradation modes, and tool types.

This algorithm achieved effective correction of system state estimation errors by predicting the de—

viation value of the state estimation at the next moment. Finally, based on a particle—filtering al-

gorithm, the tool degradation process was dynamically modeled using the corrected system states.

The prediction parameters were adaptively updated and validated using a tool degradation dataset.

The results show that the proposed method outperforms traditional neural network models in pre-

diction accuracy and significantly enhances the accuracy of the RUL prediction of machine tool

cutters.

KEYWORDS: remaining useful life prediction; semi—observable system; state correction; par—

ticle filtering
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