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Tool Wear Condition Monitoring based on
Principal Component Analysis and C-Support
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Abstract: In order to monitor tool wear condition (TWC),
the power-sensor-based monitoring system on the state of
machining tool wear was designed. The monitoring model of
TWC was proposed based on principal component analysis
(PCA) and C-support vector machine (C-SVM). Current and
power signals were obtained from power sensor during cutting
process. After that, the features of these signals were
extracted using PCA. The principal components, mainly
affecting TWC, were chosen as the input samples of C-SVM to
carry out monitoring the tool condition with accuracy. The
results of computerized numerical control (CNC) turning
machine tool show that the model is effective even in the case
of a small samples. Moreover, a comparison about the

monitoring and prognostics capahility between the presented
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method and back propagation (BP) neural network has been

made.
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Fig.1 Model of tool wear condition monitoring system
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Fig.2 Flank tool wear at the cutting edge

4260
§4240
g 4220
= 4200

4 180 1 1 1 1 1

0 5 10 15 20 25

t/s
aP

L/A
~] ~1 =]
< = N
—r T T 1

m;

10 15 20 25
t/s
b I
6.7
6.6
< 65
= 64 W
6.3
6.2 1 1 1 1 1
5 10 15 20 25
t/s
cl,
7.5
it
i 7.60
~'7.55
7.50
7.45 1 1 1 1 1
0 5 10 15 20 25
t/s
dI,

3 VIHEEMNERMIERES
Fig.3 Currents signal and power signal during cutting
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Tab.1 Origin data of current and power and the first and the second principal components

K5 L/A /A Is/A P/W Ve/mm Eig T2 TTERBRE
1 7.20 6. 22 6. 86 4 039. 42 0. 100 05 —2.056 8 0.119 6 1
2 7.33 6. 26 7.13 4123. 80 0.127 65 —1.364 9 —0.260 7 1
3 7.43 6. 23 7.08 4 128.04 0.147 20 —1.3417 —0.2885 1
4 7.40 6. 33 6. 80 4 071. 04 0. 167 90 —1.7050 0.3421 1
5 7.43 6. 24 7.01 4111.70 0.175 95 —1.446 5 —0.163 9 1
6 7.59 6. 29 7.00 4172. 38 0.184 00 —1.101 4 —0.117 2 1
7 7.59 6. 46 7.07 4 211.13 0.193 20 —0.730 3 0.116 2 1
8 7.59 6. 43 7.15 4217.13 0.212 75 —0.656 7 —0.063 4 1
9 7.53 6. 69 7.01 4 253.57 0.227 70 —0.5100 0. 690 5 1
10 7.65 6. 42 7.29 4 289. 43 0. 238 05 —0.293 6 —0.317 4 1
11 7.72 6. 58 7.28 4 339. 54 0.279 45 0.065 9 —0.013 6 1
12 7.76 6. 68 7.36 4 388. 61 0. 304 75 0.426 7 0.048 9 —1
13 8. 49 7.04 7.88 4 752,13 0. 372 60 3.032 6 —0.3239 —1
14 8. 46 7.26 8. 00 4 823.71 0. 416 30 3.553 6 —0.052 2 —1
15 8.55 7.47 8.03 4 917. 38 0. 433 55 4,128 0 0.283 5 —1
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Fig.4 Procedure of monitoring model
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Fig.6 Visualization of classification
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Tab.2 Predicted results of test data based on BP neural
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