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Research on thermal error of CNC machine tool feed system
based on CNN-GRU combined neural network
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Abstract: The error caused by thermal deformation is one of the main factors affecting the accuracy of CNC machine tools. Correspondingly
a thermal error prediction method based on CNN-GRU combined neural network is proposed to reduce the impact of thermal error on the
accuracy of CNC machine tools. By conducting thermal error experiments, the temperature rise data and thermal error data of the linear
feed system of a specialized CNC machine tool are collected for spiral surfaces. Then the fuzzy c-means clustering and grey relation analysis
are carried out to screen temperature sensitive points in the feed system, and a CNN-GRU thermal error prediction model is established
using temperature rise data of temperature sensitive points and thermal error of feed system as data samples. To verify the accuracy and
practicality of model, a comparative analysis is conducted with traditional thermal error prediction models based on CNN-LSTM and LSTM.
The results showed that the CNN-GRU model possesses the high prediction accuracy and robustness, whose average absolute error, root
mean square error, and determination coefficient of the prediction results are better than those of the CNN-LSTM model and LSTM model.
The proposed thermal error model can lay the foundation for subsequent error compensation and provide ideas for predicting thermal errors
in CNC machine tools.
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Table 1 Installation position of temperature sensor
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Fig.2 Installation position of temperature sensor
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Fig.5 Temperature rise curve of measuring point
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Table 2 The temperature sensitive points of feed system
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Table 3 Prediction results of thermal error prediction model pm
SR LAL JE A CNN-GRU Y qf % CNN-LSTM Y X% LSTM Y qf 5%
1 -27.90 -27.10 0.800 0 -27.300 0.600 0 -24.900 3.000
2 -37. 60 -38. 80 1.200 0 -37.100 0.500 0 -32. 500 5.100
3 -45.70 —-46. 20 0.500 0 -45.100 0.600 0 -36. 700 9. 000
4 0 -2.68 2.680 0 -0.703 0.703 0 5. 160 5. 160
5 -1.20 -1.36 0.160 0 —-4.220 3.020 0 1. 880 3.080
6 11. 00 8.93 2.070 0 9.390 1.6100 3.020 7.980
7 16. 20 15.00 1.200 0 14. 900 1.300 0 3.480 12. 700
8 -9.30 -5.59 3.710 0 -3.300 6.000 0 15.700 2.290
25 8.70 3.57 5.1300 3. 850 4.8500 -0.598 9.300
26 26. 00 27.50 1.500 0 30. 100 4.100 0 35.700 9.700
27 33.50 34.20 0.700 0 32.300 1.200 0 37.500 4. 000
28 -3.60 -3.61 0.0100 —-2.040 1.560 0 -3.130 0.470
29 -4.60 -5.07 0.470 0 -4.520 0.080 0 -3.550 1. 050
30 -4.20 -4.94 0.740 0 -1.330 2.870 0 -4.010 0. 190
31 -4.20 -5.55 1.350 0 -1.570 2.6300 -4.560 0. 360
x4 PIREFTREITM ISR
Table 4 Evaluation indicators of thermal error 5 Z5 i@

prediction model

Ay Cimin/ WM €, /pm - MAE RMSE R?
CNN-GRU  5.90x1073 5.13 1.71 2.20 0. 995
CNN-LSTM 7. 40x107* 6. 00 2.30 2.85 0.952

LSTM 1.85x107! 20. 40 7.32 8.76 0.923

100 . N
—=— MR I E
80 | —e— CNN-GRU TRl
—a— CNN-LSTM TRliHE
OF o LSTM I
E 40
20 F
K
# ok
20F
40}
760 1 1 1 1 1 1 1

5 10 15 20 25 30 35
B oS

K9 BERITRINEE RN b

Fig. 9  Comparison of model prediction results

CNN-LSTM FIFETF LSTM 4% 45 #visk 22 T 42 /0 ELAg o

1o 8 TR BE

AR SC AR i T AR BILK Sy S 5 X 42, R
CNN Hfi 2 [ 245 BEAE AT RCHR HOSAIE RAIE R GRU i 28 o 45
YRR i B P a5, 357 CNN-GRU 1 o 2 #4158 24 Fil
TAERY L2 AR C 35 (B 2R 2R (5 DGR B 73 i 1k
73 B ALK 25 72 G0 U R IR T LK B 4L
HELE PR 22 i S IR, DI 2475 2 B AT = H B2 T
TR 7 #RaR 22 TN AY

B AEAS SCHR HY A PR 2 RTINS Y 1) A 0P R
P, 5500 AR [R]30 25 4 F i i 4R /Y CNN-LSTM A5 B Al
LSTM AR HEAT IR0 45 R XF L 73 A, 45 SRR AR SO #8 H3
[ CNN-GRU FAi5 22 1 I ASE A4 1) F000 K5 B2 1 00 % HoAsE
A, PRIEET CNN-GRU ZH 45 P 22 190 265 ) A 5 2 T3 0 462
R TG A P58 22 500 P B, A AP LR Y A8 2 4
B R AMESR A T — T A L
5%

[1] LIY,ZHAOW H, LAN S H, et al. A review on spindle
thermal error compensation in machine tools [ J ].
International Journal of Machine Tools and Manufacture,
2015, 95 20-38.

LIY, YUML, BAI Y M, et al. A review of thermal
Applied

(2]

error modeling methods for machine tools [ J ].



5510 1]

FILAH %5 FET CNN-GRU 2040 25 R 25 BB HLR HE 48 BB PR ZWF5T 225

[3]

(4]

(5]

[6]

(7]

(8]

(9]

[10]

[11]

Sciences, 2021, 11(11) . 5216.

BURbE , Bz, BRI, AF. TR A R AR
PEHURIAGR 2R B ()] AR AR 2 4L,
2021, 42(5) : 34-41.

WEI X Y, QIAN M Y, FENG X G, et al. Robust
modeling method for thermal error of CNC machine tools

based on partial least squares algorithm [ J]. Chinese

Journal of Scientific Instrument, 2021, 42(5) ; 34-41.
XUk, #hf, T, 55 BOEHLRIE LS PR 22 4h
PEF RIS 2R [J]. AR TR 24 4%, 2021, 57(3)
156-173.

LIU K, HAN W, WANG Y Q, et al. Review on thermal
error compensation for feed axes of CNC machine
tools[ J].
57(3) . 156-173.

Fhl, AT, ERK, S BUEPURR ZE /MR
BERRZEIR [T, Wi il i HR, 2022, 65(11):
104-111,119.

LYU X H, GUO Q J, WANG H T, et al. Summary of

key technologies for error compensation of CNC machine

Journal of Mechanical Engineering, 2021,

tools[ J]. Aeronautical Manufacturing Technology, 2022,
65(11): 104-111,119.
LIANG Y C, SU H, LU L H, et al

optimization of an ultra-precision machine tool by the

Thermal

thermal displacement decomposition and counteraction
method [ J ].
Manufacturing Technology, 2015, 76(1-4) ; 635-645.

SUN L J, REN M J, HONG H B, et al. Thermal error

reduction based on thermodynamics structure optimization

The International Journal of Advanced

method for an ultra-precision machine tool [ J]. The
Journal  of  Advanced
Technology, 2017, 88(5-8) ; 1267-1277.
CHEN T C, CHANG C J, HUNG J P, et al. Real-time
compensation  for
machine[ J]. Applied Sciences, 2016, 6(4) : 101.
XNEAG, BB, AR, A B TR/ TR PLIR 3
MPRIRZEAMEBARBITE[T]. P50, 2020,
36(6) . 130-133.

LIU H W, YANG R, XIANG H, et al.

thermal error compensation technology of machine tool

International Manufacturing

thermal errors of the milling

Research on
spindle on least square method[ J]. Machine Design and
Research, 2020, 36(6) . 130-133.

ZHANG J, LI B, ZHOU C X, et al. Positioning error
prediction and compensation of ball screw feed drive
system with different mounting conditions [ J ]. Proc
IMechE Part B: ] Engineering Manufacture, 2016,
230(12) : 2307-2311.

BRRE, M, BEIR, . BT RORGERIPLUR

(12]

[13]

[14]

[15]

[16]

[17]

PRI )]. DU TR 224, 2007(1)
58-61.

LIY X, YANG J G, LI Y Y, et al. Application of grey
system model to thermal error modeling on machine
tools[ J]. Journal of Wuhan University of Technology,
2007(1) : 58-61.

e, A, B, S LTI (5 B P B
RAH U B AR ()], R AR 22 iz, 2015,
36(11) : 2466-2472.

LI'Y, LI Y H, GAO F,

optimization of temperature measurement key points based

et al. Investigation on
on mutual information and improved fuzzy -clustering
analysis[ J ]. Chinese Journal of Scientific Instrument,
2015, 36(11) ; 2466-2472.

AE e, MEFR, PR, % RE B %k
SVM W BEL IR 22 FOMAAF 5T [ 1], s d Bk,
2021, 64(22) .48-55.

SHI'Y L, TIAN CH M, A Y G, et al. Research on
SFLA-SVM prediction method for feed axis thermal error
of CNC machine tool [ J]. Aeronautical Manufacturing
Technology, 2021, 64(22) : 48-55.

Wl 2R, NAT, . LT LSTM R 35 28 9 4%
B LR PR 22 BN 7 1 [0 ] SR AR 7 41
2020, 41(9) . 79-87.

TAN F, LI CH N, XIAO H, et al.
prediction method for CNC machine tool based on LSTM

A thermal error

recurrent neural network [ J ]. Chinese Journal of

Scientific Instrument, 2020, 41(9) . 79-87.

W, K, BT, L BT EHE BRI N
SR BAE LR R 22 L[], ML TR 2 4,
2019, 55(21) : 215-220.

LI B, ZHANG Y, WANG L P, et al. Modeling for CNC
machine tool thermal error based on genetic algorithm

optimization wavelet neural networks [ J ]. Journal of

Mechanical Engineering, 2019, 55(21) : 215-220.
HOOM, B, PR, 4. 25T CNN-LSTM [HLA%
N sE R0 5 A PR ()], AR 4
2019, 40(1) . 211-218.

HUI' W SH, LI H J, CHEN M, et al. Robotic tactile
recognition and adaptive grasping control based on CNN-
LSTM[ J].
2019, 40(1) . 211-218.

BERESC, 451, XM BT CNN-GRU AW &M
SR R T [0 ]. MR EER 2020, 44(9):
3416-3424.

YAO CH W, YANG P, LIU Z J. Load forecasting
method based on CNN-GRU hybrid neural network[]J].
Power System Technology, 2020, 44(9) . 3416-3424.

Chinese Journal of Scientific Instrument,



226 O & M B a4k

[18] SAJJAD M, KHAN Z A, ULLAH A, et al. A novel [25] XUENE, PhSCH, RPR €, . BT Attention-GRU 1Y
CNN-GRU-Based  hybrid  approach for short-term AHPEAR B d S R [ T]. K FHfE A ), 2022,
residential load forecasting[ J]. IEEE Access, 2020, 8. 43(2) . 226-232.

143759-143768. LIU G H, SUN W Q, WU ZH F, et al. Short-time

[19] L, BN, SZBE, AF. BETHRALBP B2 A AR photovoltaic power forecasting based on Attention-GRU
DURERN AR 2R B T]. TV HLA B s 3R 2, model[ J]. Acta Energiae Solaris Sinica, 2022, 43(2) :
2018, 24(6) : 1383-1390. . 226-230.

TA.N F, YIN M, PENG J,. et al. CNC machine tool [26] FARIDF, SREE, WA, 4 T CNN-GRU fUIEH:
spindle thermal error modeling based on ensemble FP FEHLI BN 5 3 I A F b TR [ 1], X
neural network [ J ]. Computer Integrated Manufacturing

Systems, 2018, 24(6) : 1383-1390. AR, 2021, 42(3) 123-131,

(201 A, BT, AR A ST I U AL R YANG Y Y, SONG AI G, SHEN SH X, et al. Operator
AR R B U R 2 A [ 1) P Ae recognition and adaptive speed control method of
TSR 2022, 56(8) ; 51-61. teleoperation robot based on CNN-GRU [ J]. Chinese
LIG L, CHEN X Y, LI ZH Y, et al. Thermal error Journal of Scientific Instrument, 2021, 42(3) . 123-131.
modeling of spindle for precision CNC machine tool based EEEN
on AO-CNN[J]. Journal of Xi’an Jiaotong University, FNSAE 735 T 1992 4RI 1995 4FAETL
2022, 56(8): 51-61. FRTl R 2 AR A2 b AR - 2237, T 2006

[21] UL, ZE e, 25606, 5. ELAAAE 15 2% e SFAERHARF AR LM L0, I
SOMBHBIBIG 1], SRR, 2022, 43(7) . PR K 5 LD T 5 e #4082, 1 L2k
72-81. Ui, FEEERI 5T T7 18 D 52 24 ok 0 5 g
XUK, LIGL, LIZH Y, et al. Research on decoupling THIR AL B HoR 5 & AR BB &
and step-by-step modelling of thermal positioning error of 4t .CAD/CAM/CAE AR,
the linear axis [ J ]. Chinese Journal of Scientific E-mail : sunxingw@ 126. com
Instrument, 2022, 43(7) : 72-81. Sun Xingwei received her B. Sc. degree and M. Sc. degree

[22] BkAK, BREME, SBE, 45 ETROM K 5K 65 both from Shenyang University of Technology in 1992 and 1995,
WHIALIR IR B S e 1], MURS W, and received her Ph. D. degree from Tianjin University in 2006.
2020, 48(22) : 85-90. She is currently a professor and a doctoral supervisor in the
ZHANG L, CHEN G H, ZHAO D ZH, et al. School of Mechanical Engineering at Shenyang University of
Optimization method of machine tool spindle temperature Technology. Her main research interests include complex surface
measuring point based on fuzzy clustering and grey measurement and NC machining trajectory optimization, CNC
theory[ J]. Machine Tool & Hydraulics, 2020, 48(22) . technology and dedicated integrated CNC system, and CAD/
85-90. CAM/CAE technology.

[23] JAl &, &pRmg, #HE. SRMAEMERGRT]. Wksk GEAE1EH) , 20 T 2006 4F
HHEALAR, 2017, 40(6) : 1229-1251. 2008 4F A1 2012 4FA7E 5 MOR 23R Ao 1 A
ZHOU F Y, JIN L P, DONG J. Review of convolutional LR BN TR H Tl R A BB T
neural network [ J]. Chinese Journal of Computers, SRRt , 2 EESETT ) D B 2% il 1 KT
2017, 40(6) : 1229-1251. g R G245,

[24] ®%%, WEME, HEF, % LT AENAER CNN- E-mail ; yangheran@ sut. edu. cn

LSTM&GRU 4143 AL Dy R 0 5k [T ]
2022, 55(5) . 47-56,110.

JIA R, YANG G H, ZHENG H F, et al. Combined wind
power prediction method based on CNN-LSTM&GRU with
2022, 55(5):

SHEEP N

adaptive weights [ J ]. Electric Power,

47-56,110.

Yang Heran ( Corresponding author) received his B. Sc.
degree, M. Sc. degree and Ph. D. degree all from Jilin University
in 2006, 2008 and 2012,

associate professor at Shenyang University of Technology. His

respectively. He is currently an

main research interests include digital manufacturing technology

and equipment of complex surface.



