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Abstract: To achieve a high-precision and highly generalizable thermal error model of machine tools,
a thermal image input-based ResNet method was proposed for thermal error modeling of CNC machine tool
spindles. A thermal image dataset labelled was constructed with thermal error rounding, and a ResNet-
based classification model was trained for thermal error prediction using thermal images as inputs. Consider-
ing the regression characteristics of the machine tool thermal error time series, a regression output layer
was constructed by integrating the probabilities of different classification labels from the classification output
layer in a weighted manner, enabling thermal error regression prediction without retraining. The deep fea-
tures of thermal images and the classification performance of the ResNet model were visualized , confirming
the effectiveness of ResNet in feature extraction and strong classification ability. Finally, the ResNet model
was compared with Googl.eNet and VGGNet models under different operating conditions, demonstrating
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the high accuracy and generalization of the ResNet-based thermal error classification and regression models.
Key words: thermal image; spindle thermal error; ResNet classification model; regression predic-

tion; feature visualization
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Tab.1 Experimental conditions setting
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Fig.2 Environmental temperature for three sets of

experiments at 2000 r/min
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Fig.6 Augmented thermal images
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Tab.3 Regression model metrics for different epoches
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other categories

— R BT I A SRS R ] L 1
ResNet 5 5§ BUR (9 FRAE #8545 0 BEIE AR
I b X 43 28 5 2 2 (0] (9 AS [R) o AT BIE B 1 i Ay
i) ResNet 15 51 BLAT [ 4f 1) 43 28008 .
32 ETT-SNEMRE S RGRATIML D
o ATAG BT F ) ResNet34 1 58 %) 1844 43 25
IR . R T -SNE 4 A G455 70 418 BRI 1) 15 2 oy
TEHEAT R 2 FUATAAL A3 BT . 8 50 B IR A
F Ik bf 1) ResNet34 B A0 , Jf 4K BUE 78 &% # )2
ZOH Y AR RN . SRS T bR v A R
PEMOWRFAESEATA B . f ) T-SNE AR ¥
o AR AIE B 2 ) A A )L DA T T A
T-SNE B 4 J& 09 FEAE o] 0846 25 - an & 16 e
7 o B Pt 38 AN ) 1 B BG5S 28R 4l 1A
KA AR W B X 5 . B R LR L8
ANRFEMW G Z 0 5 B W DA N5
FEEIRVE S 1 KRB C-5 M 2 KK C-6.45 2K
JEH C-10 FIEE 3 K8/ C-11 55, 7= A/l iR
W e R 28 A B S (E 1 L A B L C-5
1 C-6,C-10F1 C-11 %5 HL I A9 FE AR 0] BE7E B SEE
2 FEAR /N PR O R 0 B AR ) Y AR E
— MR . FBAENENEEEN, TLE B K
Z RN A B RSEHOCR A — /N A 1 A5
FEFABIEH I — M E S . C-1F1C-2,C-
6 F1 C-7, i B2 1 2Z 8] H A5 A Dt S BR 1 aR — 3
ZE LA BN BRI R 2 28 5] b HLA AT i SR 2R AL
L 2B TR 2 1 ResNet 43205 780 %k F 34 (5144 11
I R IRAT

e ®Cl X C20
ERY mC2 e C2l
" v R 6C3 mC2
- Ay +C4 ®C23
VPN g %xCs + C24
5o . * C-6 % C25
4 m | ®C7 % C26
il g swv | VC8 e C27

. .‘ i " e e $ X C- + C-
A SN ®Cll x C30
e . ¥ mC-12 C31
® L L ¢CI13 = (3R
T +C14 o C33
e x C15 + C-34
* C-16  * C-35
e C-17 % C36
V(I8 e C37
+C-19 v C-38

16 ResNet# 3 2000 r/min T ) T-SNE FJ {14k &£ R
Fig.16 T-SNE visualization results for ResNet model
at 2000 r/min

4 TR A

4.1 E F ResNet # iR & 7 F LB 70 B % F0
Z T E
4.1.1 BB FRIEIFIE
1 Bk ResNet 43 28 B AU £ HUTR 2 UCRRAIE
+ 2063 -



hE LM T AR 28 36 B 2 9 ) 2025 4F 9 H

B A 3P B ResNet, VGGNet 1 Googl.eNet 43
ZEBLALAE 2000 r/min T80 R B9 43 28 0 25 3 ik 47
XPL . 17 J8oR T P A E Y 3 Fh B Y AE 3 A
2000 r/min T #E AT #0522 T (4 45 5%, nT LA
3 oy SR AR EL AT O AR 2 AR RE L OF
H ResNet £ %1 1 #E # P% & T VGGNet £ 5 F1
GoogLeNet ##Y , % 3 W] F| H] ResNet g % 14 1
VR B 2 BT A EE T GoogleNet #8581 fil VG-
GNet £5 2 fig i 4 HU 3 R )2 A FFIE . RS
e Kok 22 L8 7 R % 22 (RMSE) . MAE 1 %1,
ResNet 73 2815 iy 38 (R 50 R I T GoogleNet Fll
VGGNet 50 25 H 10

2n — FREA
6+ W —— ResNet4 2 Ml {E
—— GoogLeNet/3 2T il{E

= VGGNet/3 2 E

PR 6/um

-22

30

38 i i Wbl [, A/\)\
0 40 80 120 160 200 240

i I #/min
17 2000 r/min TREEBE S LT ER
Fig.17 Classification prediction results of different
models at 2000 r/min
®5 2000 r/min TARER IR EE
Tab.5 Errors of different models at 2000 r/min pm

Pl N RMSE MAE
ResNet 5 1.65 0.84
GooglLeNet 7 2.35 1.42
VGGNet 6 2.39 1.76
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Tab.6 Errors of different models at 3000 r/min
and 4000 r/min

T [0 | MR
ResNet 6 1.72 0.98
3000 Googl.eNet 7 2.31 1.53
VGGNet 7 241 1.58
ResNet 6 1.66 0.93
4000 GoogLeNet 7 2.43 1.85
VGGNet 6 2.52 1.77
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Tab.7 Regression model results at 2000 r/min pm

By CON RMSE MAE
ResNet 4.64 1.59 1.05
Googl.eNet 6.17 2.38 1.68
VGGNet 6.31 2.41 1.85
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Tab.8 Regression model results at 3000 r/min pm

TR . 1% 10 fF 78 » ResNet #5% % i RMSE # 1.69
pm, MAE 4 1.23 pm, 308 F HABBLAY,
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Tab.10 Errors of different regression models in

Y-direction at 2000 r/min pm
Ry IC NG #-] RMSE MAE
ResNet 5 1.69 1.24
Googl.eNet 8 2.59 2.04
VGGNet 7 2.64 2.04

B NI T RMSE MAE
ResNet 5.75 1.68 1.07
Googl.eNet 6.93 2.44 1.65
VGGNet 7.38 2.51 1.65

%9 4000 r/min FEFERZER

Tab.9 Regression model results at 4000 r/min pm

oA PN RMSE MAE
ResNet 5.95 1.73 1.25
Googl.eNet 6.37 2.40 1.83
VGGNet 6.16 2.52 1.95
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