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Chaos self-evolution prediction method for motion
accuracy of CNC machine tools

Du Liuqing, Wang Yuxiao, Yu Yongwei
(College of Mechanical Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract ; Prediction models based on deep learning often suffer from “ catastrophic forgetting” caused by the inability to adapt to new
degraded data. This is currently a hot and difficult topic in the field of artificial intelligence research, and also one of the constraints on
the development of intelligent equipment. The accuracy evolution process of CNC machine tools has chaotic characteristics. Therefore, a
chaotic self-evolution prediction method for the motion accuracy of CNC machine tools based on chaos theory and incremental learning is
proposed. Firstly, it has been proven that the dynamic variation of motion errors in CNC machine tools is a chaotic evolution process of
a complex nonlinear dynamic system. It is proposed to reconstruct the evolution trajectory of the precision system in the chaotic phase
space through phase space reconstruction. Then, a motion accuracy chaotic evolution model based on deep long short-term memory
(LSTM) network is established, utilizing the LSTM network “s excellent ability to accurately capture long-term dependencies of time
series, to track the inherent laws of the evolution trajectory of CNC machine tool motion accuracy in chaotic phase space. Finally, a
learning without forgetting incremental learning method is proposed in the chaotic evolution model to establish a motion accuracy chaotic
self-evolution prediction model. This model uses joint optimization and knowledge distillation methods to update parameters, allowing the
model to adapt to new degraded data while also conveying the soft objectives of old tasks. It solves the problem of “ catastrophic
forgetting” during dataset updates, improving the accuracy and robusiness of long-term predictions. The experiment shows that the

evaluation indicators MSE ,MAE and MAPE predicted by the method proposed have decreased in fluctuation amplitude by 70.56% ,
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33.31%, and 35.77% , respectively, compared to the non-LwF module. This proves the accuracy of the proposed prediction method.

Further module ablation experiments also verify that the method proposed is superior to traditional methods in terms of prediction accuracy

and robustness.

Keywords : motion accuracy; catastrophic forgetting; chaotic self-evolution; long short-term memory neural network; incremental

learning
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in dataset 2
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in dataset 2
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Fig. 12 Training loss of the first chaotic self-evolution

in dataset 3
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Fig. 15 Prediction result of CSE-LSTM model

in the original dataset 1

3 M4 FW CSE-IL-LSTM A5 A K LwF 4 &5 2% >
TFETEAR G INEAG & 2 1 3 )5, TNDKS BEAT SR AR

R3 AEERZESTME R
Table 3 Comparison of multi-task prediction performance

among different models

K

. " MSE MAE MAPE/
Hte B it , , "
. m pm 0
e %
IL-LST™M 1.5499 0.9392 2.1767
CSE-IL-GRU 1.3488 0.8769 2.0339
LT CSE-IL-BiLSTM 1.3447 0.8771 2.0303
L=11-DI1L, . . . e
tEEL A
CSE-LSTM 1.5420 0.9392 2.1767

CSE-IL-LSTM 1.3382  0.8961 2.066 6

IL-LSTM 1.6386  0.9454 2.190 3
CSE-TL-GRU 1.360 6 0.8817 2.0432

B )
o CSE-IL-BiLSTM  1.4881 0.9540 2.1890
CSE-LSTM 1.7050 0.9616 2.2332
80w CSE-IL-ISTM  1.4495 0.8833 2.043 8
Ak IL-LSTM 1.2015 0.9392 2.176 7
CSE-IL-GRU 1.3812  0.7213 2.0339
2 CSE-IL-BiLSTM  1.5507 0.8613 1.8285
CSE-ISTM 1.2038 0.7043 1.5267
CSE-IL-LSTM  1.1821 0.6861 1.4836
IL-LSTM 1.8211 1.0034 2.3432
CSE-IL-GRU 16772 0.9594 2.2495

B )
o1 CSE-IL-BiLSTM  1.4888 0.9060 2.092 5

CSE-LSTM 2.6782  1.2671 2.9679

CSE-IL-LSTM 1.3800 0.8818 2.0546

IL-LSTM 1.4320 0.7774 1.6914

CSE-IL-GRU ~ 2.1353  0.9339 2.0605
H3W B } -
CSE-IL-BILSTM  1.2716 0.7252 1.569 3

i fE2
CSE-LSTM 2.2986 1.0886 2.3599
CSE-IL-LSTM 1.3031 0.7154 1.5582
IL-LSTM 17.3303 2.8618 5.7581
CSE-IL-GRU 16.4232 3.0921 6.2013
%3 CSE-IL-BiLSTM  16.2679 2.881 1 5.766 2
CSE-LSTM 16.7553 2.8959 5.8626
CSE-IL-LSTM 15.5290 2.9037 5.8076

X RBAEAE | BTEIN MSE MAE F1 MAPE XA 53 %)
W T 3.12% 1. 6% 1 0. 58% , F2 B CSE-IL-LSTM # #1
FEZAES5 MU RS i 7% 2 10000 v 1) 3% B35 4 F 45 X L A
T I T T AR PR R R | B O RIS
JE 5 AT K
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Table 4 Comparison of models’ prediction stability

error in dataset 1

e . I 2k 3 BUUKE
Eisluy i . N N b =
Ak Wi ufl EEh/%

IL-LSTM 1.54999 1.6386 1.8211 17.50
CSE-IL-GRU 1.3488 1.3606 1.6772 24.35

MSE
CSE-IL-BiLSTM  1.344 7 1.488 1 1.4888 7.97

/m
CSE-LSTM 1.5420 1.705 2.6782 73. 68
CSE-IL-LSTM 1.3382 1.4495 1.3800 3.12
IL-LSTM 0.9392 0.9454 1.003 4 6. 84
CSE-IL-GRU 0.876 9 0.8817 0.959 4 9.43

MAE
CSE-IL-BiLSTM  0.877 1 0.954 0 0.90 60 3.98

/ pm
CSE-LSTM 0.9392 0.9616 1.2671 34.91
CSE-IL-LSTM 0.8961 0.8833 0.8818 1. 60
IL-LSTM 2.176 7 2.1903 2.3432 7. 65
CSE-IL-GRU 2.0339 2.0432 2.2495 10. 60

MAPE
(%) CSE-IL-BiLSTM  2.0303 2.1890 2.0925 3.06

0
CSE-LSTM 2.176 7 2.2332 2.9679 36. 35
CSE-IL-LSTM 2.0666 2.0438 2.0546 0.58
4 & it

AWFFEAR T —Fh CSE-IL-LSTM R [ 78 £k 7 4
RS TR LR 12 20k BE A I ) 25 fbod A8 b B A
5 v Bt TN

1) $& T 3Rl S 3G 2 ) 1932 sk TR D
FE AT DORS FE 45 AL TR TG 3l ) 4 A B 4B R T 58
BILPRORG 3238 A P TR ol AR | 3 3l YR i A 28 [ A K & i
SIE B BCE AR IR 2 ] B AL BT, 45 A TR LSTM
W26 LwF 3mSR ST HT IH 45 10 B0 1 A 1
N 2% 2] 5 B A AL AR

2) #S7 T CSE-IL-LSTM A7 75 1R il i AL A5 A v 5|
AT TR (LwF ) 38 824 2] J5 i | REAS K 15 [B] 38 5 A% FE L
I VE A A | 38 A R 25 1R PRI 1O R R i A A
X THECHE B 1C 1L AR, i o T A5 R ) < ¢ M P gt 55 )
SRR = T AE R B ) 22 B 4 T HLARS B i 2 T
B HER M

3)SEEGIEM T CSE-IL-LSTM J5 i 75 42 T) T kG 28
VR TR TE I 1 7 18T 04 A S0P AR 5, 72 X 24 e 5
BV TEEAR T v X A BT A ) 0 o 1 B A
58 )7 i, W IR HHE 00 ) PF 4 35 R MSE MAE
MAPE W% 8l & & 53 5 F B& T 70.56% | 33.31% FlI

35.77% ,(JEM] T CSE-IL-LSTM J5 s I 7] F5T 00 f1¢) o4 o e
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