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Chaotic attractor characterization and transfer learning traceability for
motion error in CNC machine tools

Du Liuqing, Cui Kaihua, Yu Yongwei, Xu Kai

(College of Mechanical Engineering, Chongqing University of Technology ,Chongqging 400054, China)

Abstract : Motion error signals of CNC machine tools exhibit strong nonlinear and nonstationary characteristics, with scarce labeled data.
Conventional methods struggle to effectively separate and accurately identify error sources. To address this limitation, a motion error
traceability model for CNC machine tools is proposed based on chaotic attractors and transfer learning. First, one-dimensional time-series
signals of circular motion errors are mapped into a reconstructed phase space to obtain chaotic attractor phase portraits. Structural features
of chaotic attractors, which characterize the intrinsic dynamics of different error sources, are extracted to establish strong correlations with
potential error mechanisms. These features form the basis for error source identification. Then, to address the issue of low traceability
accuracy caused by overlapping chaotic attractors and significant scale variations among motion errors, a deep learning identification model
based on an improved Faster R-CNN is constructed. ResNet50 and a feature pyramid network are integrated to enhance the recognition
capability of chaotic attractors. Finally, to overcome the scarcity of labeled samples in CNC machine tools, transfer learning is introduced.
Pre-training on the COCO2017 source domain and freezing of the shallow layers enabled effective knowledge transfer to the target domain of
attractor phase portraits for motion error classification. This strategy significantly improves traceability performance under limited data
conditions. At an intersection over union (IoU) threshold of 0.5, the proposed model achieves average precisions of 98. 80% , 99. 64% ,
97.58% , and 99.97% for four typical motion error types: servo mismatch, reverse spikes, backlash, and cyclic error. Experimental

analysis shows that motion errors of CNC machine tools can be effectively represented by chaotic attractors. The proposed model achieves
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high error-source identification accuracy under various error conditions and demonstrates strong robustness.

Keywords : motion error; chaotic attractors; transfer learning; neural networks; error tracing
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Fig. 1  Circular motion trajectory of CNC machine tool
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Fig. 11 Chaotic attractor phase diagrams of composite motion

errors of backlash and cyclic error under different delay times

F1 HENKEDREHIESE K1

Table 1 CNC machine tool motion error dataset K1

REFEE WREARR FEARECR/ K
] fRR AN DG i SM 40
JR2 ) ik RS 40
J2 T [R] it BL 40
JRI R 25 CE 40
AR AR D B+ 52 ) % o SM&RS 20
i WA DG i+ 2 [ ] it SM&BL 20
R RS D P+ A 40 5% 2 SMCE 20
SR T+ 2 i ] it RSBL 20
S 1) i+ SR 22 RS&CE 20
S5 11 [ R+ S i 2 BL&CE 20
A IR AN D P+ S 1) e e+ 2] i i SM&RSBL 20
AR IR A D P+ ) e+ ] 400 5% 25 SMCE&RS 20
A R AN D P+ S 1) [ B2+ P 400 57 22 SMCE&BL 20
2 i -+ 2 g ] B+ S B0 DR 2 RSBL&CE 20
A FRAS G P+ S 1) 8% o+ 1) i) Bt SMCE&RSBL 20

+JH IR

F 1R T 4 FhEiRE sk 2 T 11 Al
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4 FhPARIR2E AR BN 4 A, 5 i T IR AS DE AE
FRI R 222 A B, DR R 1) 18] B A S 1) 6 v &2 45 1)
BN AT A3 AR TE NG 5 |45, PRI 30 T i 2 U3
T A3 B AR AY  FEAL s BR S I o hr 2 2ot
WEN6, Hi faRAVCHES, bric A SM; I [l # ol b5
08 RS; Al , ARiC N BL; AR 22, #5718 N CE; |
[i1] [6) i+ 52 [f1) 38 o, BR300 RSBL; 7] JIR AS DU g + J] 48 15
Z&,Fidh SMCE

T B AR A S R o v B SE R N SNR A
20,24 ,28.32,.36,40 dB M M R LLYT 7 A 4, Ot
2280 3k, KRR AR K1 WS A [R) AR M 7S 0 a0 oh B dE
£ K2, 32 660 5K, HARp24n3k 2 fros, Hofr < /7 SR 4l
R B TEE R

x2 HENKESHREHES K2

Table 2 CNC machine tool motion error dataset K2

SNR/dB FEA K/ %
/ 380
20 380
24 380
28 380
32 380
36 380
40 380

3.2 A%

SEIGIREE A Microsoft Windows10 %l bz (64 ) #
VERS ; 54F/R Intel (R) Core(TM) i7-12700F CPU, F2 4
2.10 GHz; NVIDIA GeForce RTX 3060GPU, 32 G % 17;
Pytorch R R 1. 7. 1, torchvision KRZ< 4 0. 8.2,

P BAENLIRIZ Bl 22 G IR 7 < 300 be ol Rl 23 1 5
AT AT IR 2 T U Sk, U2k A0 15 Ry 100,
F 2] 0. 001 ;AR BRI /N 45 R AT S AL Y
FEAILER B T R fL %5 ( stochastic gradient descent,SGD) 3
TPy, shie S EEE M 0.9, Yl Zhad 72 rp (91 2k bR 8
RN AL WA R, % R BRI R AT 2328 5 AL A ]
AT S
3.3 AXTEIRFIBR

KRG 2R (precision, P) | A [8]3% (recall , R) -1
xR (‘average precision, AP ) IS 34 05 B Y (E. ( mean
average precision, MAP) ARG A O 22 9T
H, (intersection of union, loU) 435115 & 4 0.5 #1 0. 75, 1
K% A [l 327 S0KE B2 I F SRS B 24 (90 A

P50/P75 . R50/R75 . AP50/AP75 F1 MAP50/MAP75, P,
R AP MAP 3SR (7) ~ (10) FiR,
TP

P= 7

TP + FP (7
TP

R= (8)

TP + FN

1

AP = [ P(R) - dR (9)
0
1 z

MAP = — Y AP, (10)
Z u=1

K, TP RN 73 B MUR IR 22 8k s FP 3%
TNIERDRE AR R IERE AR  FIN RN AR TE A
ARG A A R 2 FR %K

AKITTHEXNBENIRZ N R E Gia g2 7T
BT YR DU # AE IE A 2 25, U 45 SR (ToU 28 0.5) 4
&l 12~13 ffim.

W ToU 4 0.5 B, A SC7 VL X R IRASDC B | J2 [r] ek
v S )R SR 52 2 A RO ME R 2R 43 A 31 93.35% |
89.91% . 90.60% . 86.83% , # [Al R ik F| 98.99% .
100. 0% .99.31% . 100. 0% , V- Y445 B {5 AP50 43 51 35 3|

SM: 99.87% CE:9997%
(a) FABRAS L AL (b) AR

(a) Servo mismatch (b) Cyclic error

RS: 99.98% SMCE: 99.83%

SM: 99.96%

(o) il FRAN DL+ 52 I R e

(c) Servo mismatch + reverse spikes

(d) fRRAS DL e+ 301 3R 22

(d) Servo mismatch + cyclic error

CE: 99.93%
BL: 99.61%

) Q
BL:99.99% ~
CE:99.80% || §&~ ]

RSBL: 99.99%

98%

SM: 99

(e) I I 1) B+ i 3413 2 (F) A1 RAS DG P+ S 1) s e+ S 1) 7 R
(e) Backlash + cyclic (f) Servo mismatch + reverse
error spikes + backlash
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RSBL: 99.98%

SMCE:98,13}/{\‘>

RSBL: 100.00%

RSBLL: QL 99% RSBL:4D0-009

S

7

(2) R IR+ S v i B+ 5% 22 (1) fIBRAS D Fic+ i v+
(g) Reverse spikes + backlash + S5 I TR B+ ) R 22

(h) Servo mismatch + reverse spikes +
backlash + cyclic error

cyclic error

K12 asshiRz= 4R

Fig. 12 Recognition results of motion errors

SM: 100.00%

BL: 99.99%

(a) FIRAICES (b) 1l BRAN VT Fit+ 52 7] ] BiR
(a) Servo mismatch (b) Servo mismatch + backlash
CE: 99.99% RS: 99.99%

BL: 100.00%,,.

I

SMCE: 100.00%

(d) fARASVE e+ 52 [ i+ 3 iR 2
(d) Servo mismatch + reverse
spikes + cyclic error

P13 WA IRNE N aa sl 22 UM 45 R

Fig. 13 Recognition results of motion errors under

(c) S i [a) B+ i iR 2%

(c) Backlash + cyclic error

noisy conditions

98.80% . 99. 64% . 97.58% . 99.97% , ¥ ¥ K5 FF ¥ {4
MAP50 i5 %] 99. 00% , HIfii% & loU 24 0. 75 B}, MAP75
Wik F] 83.23% , AT IERRIBCR IR 3 PR,

DUAF T 158 22 U8 10 804 BE IR XK-L540 F18K ¥ 4 IR
CKY400B A5, FH I 25 - (1% 9 DRI ASE 5%k L 3 4 4 DU, 3
2SR NE 14 fros . AEBLSCIREE i il T M B T3, Pl
PRI 5 | FHHIE R ILBE Ty 822 A SO RIS RS v s i
TR YIZREEAS , 08 IE A IR B0 B LR A7 7E /Y
TR (ToU i 0. 5) , FRIIA SO i HAA B 9 S T
3.4 FtLLIRIS

H T BIEER S S W AT TR K2 S

R3I FXFERANBR

Table 3 Recognition performance of the proposed method

(%)
£zt SM RS BL CE
P75 66. 46 89. 32 86. 83 83.23
R75 70. 47 99. 34 95.19 95. 86
APT5 47.63 98. 09 91. 60 95.58

MAPT5 83.23
P50 93.35 89.91 90. 60 86. 83
R50 98.99 100. 00 99. 31 100. 00
AP50 98. 80 99. 64 97.58 99.97
MAP50 99. 00
RSBL: 86.88%
SMCE: 99.96% R gg,gi;% RS: 89.91%

o

V4
(a) B BERXK-L540 (b) B PRCKY400B
(a) CNC milling machine (b) CNC lathe CK'Y400B
XK-L540

K14 SEBREEEDLAR M
Fig. 14 Traceability of actual CNC machine tools

L5577 )l 4k ( BHETE Faster R-CNN W25 Fi)llZk) %
2 S REAR K 50% FEAT X LS

AT =0 Eegs SR an gk 4 iR, it i fsr )
Yk H R BRI IS T B = 19 MAPS0 1 MAP75, X Lt
gt I XN 25t ok (LA 43 5 4 5 1 0. 77 A 43 S H
4.02 E 3 RS HAERS T 50% YIZRFEAS , H MAPS0
FIMAP75 5 TAL G2 07 NI ZR R A BEAL, 24 ToU 2y
0.5 i, 3 FlR U () APSO G 4B 4% i, AS [R) 158 22 TR 1
AP50 #BIRF] T 95% LA L5 24 ToU A 0. 75 A}, fal lRAS DL FiE
A FAEAN R ZER B (A S50 R A2 IR B 5 74
I L5 R A AR, KA B2 S T B, 2 18 58 O =Rl 2k
SRR APT5 A 43.52% , il it i T N 4,
BB EhIR 2 R R B APT5 #4532 [R5 19 $2 55 ; CE
) AP75 2} 95. 58% , tb 3 FA% 48 Iy RN R i A T 4 v 1
8. 49 INHT ML,

AT )Ntk R EC A i Ze an &1 15 Bros
Bl 2 AU B RGN 38 o SR FHIE RS 27 2T 1 07 =X, AR SO
$EO7 R RENS AR H ARAT 55 10 50 Sk R AR A S, 1A
RUSE N HBRATE S5 B4R 20 A1, 26 I SR SO 403 2% oR B (A
FREE 0.03 £47, MiE R I REAW Al 50% B, Y1 25
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Table 4 Comparison results of different training methods

(%)
BEHR
UIEyEN ) AP50 AP75 MAP50  MAP75
EH#E
SM 95.36 43.52
) RS 99.73 95. 62
&G0 %5 98.23 79.21
BL 98.07 90. 60
CE 99.76 87.09
SM 97.42 50. 44
FH 50% RS 99. 64 96. 99
- 98. 84 83.00
A BL 98.97 91.03
CE 99.32 93. 54
SM 98. 80 47.63
RS 99. 64 98. 09
b 2= 99. 00 83.23
BL 97.58 91. 60
CE 99.97 95.58
071 —o—iEH%
06l —A— B S50%FE A
' —— 577
0.5
pu!
& 04
£
03
B
02
0.1
0 20 40 60 80 100
AR

B 15 AFENZRT7 SNtk ek B e h 2k

Fig. 15 Training loss curves under different training methods

PR PREE R 2 0. 04 2247, TR AL 57 N it 2k
PREUERA TR 0.08 A4,

A7 L F BRI MAP75 Qnl&l 16 frs ., 7E34
TR IS MAPTS 7EIER B 10 S 2 5
FETEBE R K s B I HE A 50% I, RS TE 24X
15 Bz T RE 155 7 NI kA R F] 40
BZIE TS, K15 f16 w5 ke
i 7 4R v A TR E 1 [ sl 8 s A A S SR

SR T SR AR SC SN M 7R AR AR B AR 1A R, R
gl 5 5 8O 4 KL 9 e 206 4 K2 s e 75 oA 8%
(dB=20,1c 0 K3) $di 42 R H A SCO7 ik b A7 X4 L 3250
RS TR MAP7S W 17 B, i TR 5
W) , 6 e TR P P 5% 5CH0E 42 b ) A DR B K ok LB

MAPT5/%
n
=1

—o— iR
207 —A— R 50%FE A
10F —— 14 R
9 20 40 60 80 100
AR EL

K16 ARG A MAPTS
Fig. 16 MAPT5 of models under different training methods

PIRDECHE SEAG IS 2, ] K1 5040 4R A A 8 B v A
K5 HE FR A K2 B AR ARG HE AR 22580/ (EE e sl e
JFERR H SR I Bt , U e sl e e, A SOk
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S 40t
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Fig. 17  MAPT5 of models under different datasets

N TP RAEARSCRE R PERE B T K2 B S
FEND DX 34 22 ) 4% ( mask region-based convolutional neural
network , Mask R-CNN ) F1 B8 YK 2 HE £ ] £ ( single shot
multibox detector, SSD) H Fr & M 5 v JE 47 X L S2 56, 4n
%5 7R, Mask R-CNN 4.3 MAP75 ik, SSD & T
BRI R 25 2R 13E S ResNetS0 2544, H: MAP75 55 F Mask
R-CNN 7%, Faster R-CNN #7% MAP75 f5c 5, ik 8] T
83.23% . fE AP J7ifi,3 FEIEI7E SM AR IR B2 L BE
2%, Hoh SSD 1) AP75 °H 54.81%, Mask R-CNN f1
AP75 4 52.76% ,Faster R-CNN [ AP75 y 47. 63% ;3 Fil
FERUAE RS B9 A6 I A% B I 3% BH B 3, Faster R-CNN {9
AP75 4 98.09% , Mask R-CNN f¥) AP75 & 80. 17% , SSD
i AP75 K 76. 88%
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Table 5 Transfer learning comparison of different models

(%)
(=R7S AP50 APT5 MAPS0  MAP75
SM 95.16 54.81
RS 99. 83 76. 88
SSD 98.27 73.47
BL 98.53 78.35
CE 99. 60 78. 12
SM 85.42 52.76
Mask RS 94.70 80. 17
90. 50 69.93
R-CNN BL 88.03 68.55
CE 85. 49 65.17
SM 98. 80 47.63
Faster RS 99. 64 98.09
99. 00 83.23
R-CNN BL 97.58 91. 60
CE 99.97 95.58
4 = 1

Tz gl iR 25 R 5 Bz 3 B py g 5 & )
JHR b BLAE Xk A £ AP F 8] 510 5 A 9 5 A 32 B RE
P T — M TR 5| T 5 1T R T B LR 12
SR ZEWI N J7 ik MBS T AL G073k, AR ST ¥ % 4% b
BARENRALE R GiB sh iR 2 N R KAF T
BH T T A 5% 2 YR B TRURS R R O A R 1, LA
H

1) ARG 51520 1 iz SR 2E R ARt )4
AR, H A AR ZE IR EAT SRR, TR 22 YR R R At
T B ELR

2) 38 5 SR FH 22 G2 38 R ) AR IR 0 M P ) O 0% A ke T
HEEHURIE SR 22 FEASHE LA I EL R A BT B AN 1 Y
)AL,

3) L R 5 ) DI R T a8 SRR IMEAR
I, (0 PSR S B SR MR R AR T B XA 12 2
K, B 1A AE /N A B Bl 22 IR 22 Wb A A
A

TER B AR 12 Bl 22 v 09 D9 A ikl -, R — 20
TAEREAT TR 5| 5 A1 18] 5 iz s iR 22 Al 5 R
e R SE A b 2R T iE SR AR
Sk
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