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Thermal error model of machine tool spindle based on in-domain alignment
and transfer learning under variable working conditions

Zheng Yue,Fu Guoqiang,Lei Guoqiang, Zhou Linfeng, Zhu Sipei

(School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract: Thermal error modeling and compensation is an important tool to improve the machining accuracy of machine tools. It is
important to apply the obtained thermal error models to similar tasks to reduce the cost of model construction and data collection. In this
article, an easy transfer learning (EasyTL) with intra-domain alignment method for spindle thermal error modeling is proposed to realize
the transfer reuse of error models under different working conditions. Further, the respective effects of different types of intra-domain
alignment and distance matrices on model migration performance are analyzed. Finally, the EasyTL model is compared and validated with
machine learning kNN and deep learning CNN to predict the thermal errors of the Z-direction and Y-direction of spindle under different
working conditions, respectively. This method provides a new idea for modeling and compensating the thermal errors of machine
spindles. In addition, a workpiece compensation machining experiment is carried out according to the thermal error of the spindle
established by the thermal error prediction. The average error of the workpiece after compensation is reduced. This method provides a
new idea for the thermal error modeling and compensation.
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Table 2 Prediction results of different kernel functions

Raw Raw Raw Raw PCA PCA PCA PCA
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J5 2%/ pm? 0.70 8.83 10. 41 1.05 0. 68 8.83 11. 10 1.01
. GBF GBF GBF GBF CORAL CORAL CORAL CORAL
HE T y N
+EREG + K +RBF +R% +ER G +I [ +RBF +R%
KR/ wm 2.91 32.75 33.75 2.68 2.91 31.76 21.75 2.68
3958/ wm 0.15 6.09 4.45 0.07 0.13 4.76 -3.46 0. 06
724/ pm’® 0. 69 8.83 10.79 1. 00 0.72 8.75 10. 62 0.93
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Table 3 Prediction results of three models at certain speed

B KA RZERCRME/wm  BRETHE/ um 525/ pm?
kNN -0.12 -2.08 0.85
1 CNN 6.97 2.20 3.77
EasyTL -0.02 -1.58 0.72

3.2 ARTRTHRIREHEBISIE

AT IRFEA T O 3 Bz 22 087 B 5 AR
MRIRER 1 BO5H 2 4 55 3 4 0 4 SR 5 AT 4 415
Ko 4 LSBT MR £ 11 B I A R A4 B dl
FEbR Nk 4 s

kNN 8= CNN =+ FasyTL —— {324

40
30

E
i’?g 20
e 10
#

0

0 0.5 1.0 1.5 2.0 25 3.0 35 40
I [ /h

0 kNN 2 -0 -CNN# % -« -Fasy TLER 2

=]

g e0eoese 0 0000000
ﬁa 0 Y 1**;:.1‘**22::::1::::::::::‘11*"*‘
R/ 10

0 0.5 1.0 15 2.0 25 3.0 35 40
I [ /h
(a) 2 000 rpm - 4 000 rpm
(a) 2 000 rpm - 4 000 rpm
95 kNN —e-CNN —&—FasyTL ——FL3:44
20

£1s
# 10
% s
#

0
750 0.5 1.0 1.5 2.0 25 3.0 35 40
I [ /h
0 kNN % -o-CNN# % -& Fasy TLE 2

E
= (1] Aok A og Adedokok ke g g A AddddckkkkAdAA
§ ope m":mﬂoz:m:oomoo“

-10
0 0.5 1.0 15 2.0 25 3.0 35 40
I [)/h
(b) 2 000 rpm - 4 000 rpm(FKAHL)
(b) 2 000 rpm - 4 000 rpm (No cooling)
20 kNN —~CNN —*FasyTL —F3Z{H

g 30
# 20
o
# 10

0

0 0.5 1.0 1.5 2.0 25 3.0 35 40
I [/

i kNN % --CNN# 2+ FasyTLE %

5. 000000000040
:@ 0 W.{:’mi"-f»r- A A AhAdAAARAkddAAd
& 10

0 0.5 1.0 15 2.0 2.5 3.0 35 40
I [/

(c) 2 000 rpm — AFHE3E |
(¢) 2 000 rpm — Variable speed 1

KNN —e-CNN —+FasyTL ——ZL3:4H

AR ZE/um
— [}*) (o8] P
(=] (=] (=) (=] (=3

0 0.5 1.0 1.5 2.5 3.0 35 40

2.0
Fi ) /h
KNNFE 2 -0- CNNEE 25 - - Fasy TLIR £

=]
N S T Tee e s rassoeT e SSssssssine
I St
| 20 . eoe™® . . . . .
0 0.5 1.0 1.5 2.0 2.5 3.0 35 40
i [/h

(d) 2 000 rpm — AF &2
(d) 2 000 rpm — Variable speed 2

B 11 SEge g

Fig. 11 Experimental prediction results

R4 FHIATIMERMBTNER
Table 4 Prediction results of three models under

different conditions

my g ORI RS
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Fig. 12 Experimental predictions in Y-direction
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Fig. 14  Workpiece machining and error measurement
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