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Abstract: To improve operation accuracy of precision machining experiment table, instrument of laser
interferometer and PT100 instrument etc. is adopted to measure position error of X and Z axis of four-
axis numerical control platform and temperature. Varying pattern between position error of X and Z
axis and temperature is analyzed and gained. Respectively employ support vector regression (SVR),
RBF and BP neural network method to establish thermal error model of X and Z axis and contrastive
analysis is performed. Result shows that matching performance and generalization ability of SVR
model are obviously greater than those of RBF and BP model. Error compensation experiment is per-
formed according to thermal error model of SVR, RBF and BP and experimental result shows that po-
sition error of X axis of numerical control platform decreases by 92. 3% to the largest degree, position
error of Z axis decreases by 90. 3% to the largest degree, and predictive capacity, compensation preci-
sion and robustness of SVR are obviously greater than those of RBF and BP neural network method.
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