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Abstract: In considering of the lower efficiency and worse prediction accuracy of the existing thermal
error modeling methods, a generalized Radial Basis Function (RBF) neural network modeling
approach was proposed to establish the thermal error model of Numerical Control(NC) machine tools.
The model theory and the corresponding steps based on this method were discussed. An experiment
on the spindle box of a NC guide rail grinder was performed, and two groups of independent thermal
error data were obtained by setting twelve critical temperature measuring points of spindle thermal
error. One group of the data was used for building the thermal error model of the spindle box system
based on generalized RBF neural network method and the other was used for verifying the correction
of the model. The study results show that the thermal error model based on generalized RBF neural
network method has high prediction precision and good generalization ability. By comparing the
generalized RBF neural network method with traditional RBF neural network modeling method, the

former shows better efficiency, robustness and prediction capacity, and it is an effective modeling
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method for the real-time thermal error compensation of NC machine tools.

Key words: generalized radial basis function; neural network; thermal error modeling; clustering

algorithm; generalization ability; robustness; Numerical Control(NC) guide rail grinder

1 3 =

LR PR U] 5 22 15 B A7 850 1 ) L s
T 51 1 15 22 gl B 52 AL KRS B ) R BRI R,
HEEW LA BIHLR B3R 21 60% ~T70%,
BRI 0 H R AT B ALK B 22 4 R 1 32
ik BRA E AT B T
AWM AR 0 B AR AR ST R WL R R E
B PR 25 LI OC R 1Y PR 25 TR B AL, SR 5 R HL
PRI A7 Fsf S5 A A 10 ) 1 P88 0 90 i A\ A 28 Ok F53000 L
PR 8 FAR 22 0 I J 280428 3R AP A 40 3k 6 Tt ) {1 42
TR N T2 2R G aE A7 #0015 22 (9 SRR . FRPF#b
2 1 O B S N7 P DAMER L R Ak, AT S S AL R
TR 22 R P Y 158 2 TR S AL

BUAR B R 22 S HLR A ] 8 AL AR A8 I £ 5 A
2 2R JEAZ MUK I B2 37 45 4 LT G 32 25 1 52
U TR A P = N S | 2 R N i R N R o
S BT A A BT A SR 25
BT v A7 E S I M 2 L B 47 18 P 22 O BE A 4 Bk
BT S R SUAS R 5 T R 28 T 45 LA 5 o Y A
I IE AT b BRAE ) ORI A7 0 VAR BE ) L LA RAEER
P B SR B R AL e AP 28 T 28 O AR 3R 1 A R R
FARC T Iz B T RG22 BT AT Y
25 45 Ay 1 — R T 4 JR) G ) 4% L B XS T
A A0 0 RO X X 4% ) R — A 3 R AL
Vs AT PR DT B 4% 2 ) SR RS, LA
Gy W N Jmy T AR, 7™ S e 1 A AR 1 S50 FIORG B
AR R K R Sk 1 42 ) B bR 4k (Radial Basis
Function, RBF) #t £ W £& >k H Jm & 4 3 7% . % 7
TN T A A i RO R R D R
FERGHEAT AR 42 Jmy 18 35 W 2%, {22 S 3 EEA T K
BEEE TS (H T3k R 2 S RBF M 45 19 Il 25 b
A XF R AR R 4% 5
RAFBEN SR AL T b 5 7 HE R S 0 25 5 300 2%
o ARG B AR R AR

J i RBE M 4% 9 I 3 7] 81, Moody A

Darken 2t T —F iy 15 A4~ B Be 21 5 9 1R & 2 >
A RBF #2845 (] 30 RBF M 4 HH
A P E TR D BIRURS JEE e |l bk I o A o
B JRr B MR A WG BIOEE BE R B 5 B R G 2E
ot

A SCLABRE R BV T 1) S U TR £ A R 58
NBEFERT G 5B )T L RBF 2 [ 2% Ky i
o AR 2 TR BY 1) 5 0k L OF PRAR 2 B T %05k
F0 AR R | e R 1 0 A E

2 #iRZ) L RBF AV 2 MK EH T %

ARSCHE A M GR 22 X RBF M 4 R 4% 45 1
mE 1 s,

Bl 1 TS RBF bt 25 B 4% 5 ¥y

Fig. 1 Structure of generalized RBF neural network
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Fig. 3 Non-contact infrared temperature detector
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Fig. 4 Spindle box system of gantry rail grinder
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Fig. 6 Measurement of spindle thermal error
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Fig. 7 Temperature rise in temperature measuring points
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Fig. 8 Thermal errors of spindle in three directions
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