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Recognition of Tool Cutting State Under Least Squares
Support Vector Machine

NIE Peng, CHEN Xin
( School of Mechanical Engineering, Shenyang University of Aeronautics and Aviation, Shenyang 110136, China)

Abstract: A method of cuiting tool condition based on wavelet packet excellent time-frequency
characteristics and least squares support vector machine ( LS-SVM ) high-quality learning and
generalization ability with small samples is presented for a cutting tool state recognition system. Minimum
entropy criterion was adopted to decompose best wavelet packet for extracting feature of acoustic emission
signals, the feature vectors were constructed by the AE signals energy relative percentage of each band
accounted for the total energy, which were brought in multi-class LS-SVM classifier, and the
classification recognition of different cutting tool states was achieved. Results show that the multi-class
LS-SVM classifier is an efficient method for accurately recognizing the cutting tool states of the test
samples that contain feature vectors, when y =10 (penalty factor) and ¢® =1 ( RBF kernel parameter)
in the LS-SVM multi-classification algorithm with Gaussian kernel function.
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Fig.1 Binary wavelet packet decomposition tree schematic
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Fig.2 Optimal wavelet tree of acoustic emission signal
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Fig.3 Energy of AE after wavelet packet optimal decomposition under different tool states
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Fig.4 LS-SVM classification recognition process
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Table 1 Experimental cutting parameters

CiL: 5z 3:: 4 PIMIB R/ ity
(r+min~") mm (mm-r™")

1 140 0.4 0.3

2 140 0.6 0.51

3 220 0.4 0.15

4 220 0.2 0.51

5 280 0.2 0.3

6 280 0.4 0.51

7 280 0.6 0.51
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Table 2 Trained and tested samples

Ik F5 FAEME T KRB
1 0.9758 0.1979 0. 0855 0.0343 0.010 3 0.0023 .0005  IEFEYIH
2 0.9452 0.2893 0.1393 0.056 6 0.0197 0.004 1 L0006  WHIEH
! 3 0.9862 0.1496 0.0639 0.029 8 0.0113 0.0023 L0006 — B
4 0.956 1 0.200 5 0.0796 0.026 5 0. 009 3 0.002 3 L0162 EEEER
5 0.978 8 0.1859 0.080 6 0.0278 0.009 0 0.0022 L0006  IEFUIH
6 0.944 8 0.2616 0.060 6 0.0189 0. 006 5 0. 0017 .0004 VBB
2 7 0.9876 0.1428 0.0619 0.0227 0. 006 6 0.0015 L0005 — B
8 0.958 1 0.2531 0.1265 0.0426 0.0129 0.003 4 L0146  EEHR
9 0.974 8 0.269 3 0.1184 0.040 7 0.014 4 0.003 5 L0008  IEHEYIHI
10 0.946 9 0.3009 0. 106 5 0.038 8 0.0119 0.0029 L0008 W HIBS R
’ 11 0.9875 0.364 4 0.1436 0. 066 4 0.0193 0.004 4 .0004  —fEEEH
12 0.9577 0.3332 0. 089 2 0.0374 0.0167 0.003 5 L0130  REER
13 0.9773 0.2015 0.0595 0.0256 0.0122 0. 002 4 .0008  EFEUIHI
14 0.944 2 0.2377 0.0983 0.0584 0.0259 0.005 6 L0009 B
! 15 0.986 1 0.166 1 0.062 8 0.0296 0.0253 0.005 1 L0007 — B
16 0.955 1 0.272 4 0.092 3 0.053 4 0.0450 0.0079 L0146 FEEEH
17 0.970 3 0.1894 0.0539 0.0150 0.004 0 0.001 1 L0003 EEUH
18 0.9425 0.2131 0.064 4 0.0191 0.005 5 0.0013 L0002 HIHBER
: 19 0.989 8 0.2013 0.0879 0.0389 0.0194 0.002 8 L0005 — B R
20 0.9559 0.286 2 0.085 4 0.029 1 0.0103 0.002 4 L0121 EEEBR
21 0.9719 0.2247 0.063 3 0.0282 0.008 5 0.002 4 .0008  [EEIHI
22 0.9311 0.216 3 0.0625 0.017 1 0.005 0 0.0015 L0003 FHEER
6 23 0.9872 0.2383 0.094 6 0.040 1 0.0124 0.002 9 L0045  — @R
24 0.9579 0.293 4 0.0757 0.0229 0. 006 8 0.0016 L0153 FEEERIR
25 0.9779 0.193 4 0.0757 0.0229  0.0068 0.001 6 .0003  EHEIIHI
26 0.9315 0.2194 0.063 1 0.022 0 0.006 8 0.0017 L0004 WHIEIR
7 27 0.979 7 0.240 8 0.089 8 0.029 6 0.007 3 0.002 0 L0004 —JEEIR
28 0.956 2 0.297 3 0. 086 2 0.029 6 0.008 1 0.002 1 L0135 EEEER

%3 LS-SVM AESEAITERERT L
Table 3 Comparison of LS-SVM different parametric performances
v 0.1 0.1 0.1 0.5 0.5 0.5 1 1 1 10 10 10
o’ 1 5 10 1 5 10 1 5 10 1 5 10
SEKEE 0.5 0.75 0.75 0.75 0.67 0. 67 0.75 0.75 0.5 1 0.5 0.42
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Table 4 Classification results of tested samples at y =10,0° =1
HAFS 17 18 19 20 21 22 23 24 25 26 27 28
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