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Abstract: Thermal error is a critical factor affecting the motion accuracy of the direct-drive feed axis. Con-
ventional mechanistic models often exhibit low prediction accuracy due to the complexity of modeling and

solving; meanwhile, empirical models rely excessively on high-quality data and lack physical interpretabili-
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ty. This paper proposes a thermal error modeling method based on a Gated Mixture Physics-Informed
Neural Network (GM-PINN). First, an analysis of the thermal behavior during the operation of the direct-
drive feed axis is conducted to derive and establish the governing temperature control partial differential
equations, providing physical constraints for the model. Second, the GM-PINN model is constructed us-
ing a "Network Division—Gated Fusion" strategy. This strategy adaptively adjusts the integration of data-
driven and physics-driven components according to data features, effectively mitigating the training compe-
tition between the two. Experimental results demonstrate that this method successfully integrates the ad-
vantages of mechanistic analysis and data-driven approaches. Under low, medium, and high-speed operat-
ing conditions, the prediction errors remain within [ —0.42, 0.04] pm, [ —0.03, 0.74] pm, and
[—0.79, 1.85] pm, respectively. The proposed method possesses strong physical interpretability and is

particularly suitable for thermal error modeling where observational data are limited but the underlying

physical mechanisms are well-defined.
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Fig. 1 Direct-drive feed axis structure diagram
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Fig. 2 Direct-drive feed axis temperature field model
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Fig. 3 Axial segmentation of the direct-drive feed axis
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