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Abstract: Motorized spindle has become the most important part of modern numerical control. The performance of motorized spindle
can directly affect the efficiency of computerized numerical control (CNC). Diagnosing when the potential failure occurs can highly
extend CNC life, and increase its reliability and safety. But during the practical diagnosis process, it meets so many difficulties to
handle high dimensional eigenvalues of tremendous amount of original collected data. To fulfill the demand of accurate classification of
spindle failures, this paper reaches out a solution which based on principal component analysis (PCA) and K nearest neighbor (KNN)
for bearings failure classification. This solution is first using PCA to reduce dimensionality of eigenvector of original data to select
the principal component eigenvector and output the non-linear time series data. Set the outcome of PCA dimensionality reduction-the
non-linear time series data-as the input of KNN, thus to get the bearings failure classification. And comparing to the results that come
from decision tree and SVM, the conclusion shows that the accuracy of KNN combined with PCA 1is highly above decision tree and
SVM, which indicates that the method in this paper is an efficient way of spindle failure diagnosis method.
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Tab. 1 The feature vector data (8 sets)
FEAF S 1 SR TR bR 1 SR SUE 1 SR I TR b 1 SR Bk rpdabR 1 S HR TR bR
1 4.610862 0.005 502 6.120330 44.527280 2.149834
2 3.881546 0.005 682 5.147086 150.096 100 1.817003
3 3.732770 0.005 810 6.598471 202.497 000 1.774174
4 4360180 0.006 197 7.723216 267.063 500 1.851110
5 3.812987 0.006 158 4.982520 162.655200 1.797 198
6 3.595021 0.006 133 5.605 593 270.470 800 1.739 154
7 3.613104 0.006 183 5.188 697 253.976 800 1.740505
8 3.641769 0.006 048 5.336 050 204.770300 1.757710
FEATS 1 St E 1 SHIAERE IS S B ] 1 Sl LY
1 0.000 139 607 0.000 877 502 —0.010 195996 0.454
2 0.000 125339 0.000778 335 —0.002585010 0.388
3 0.000 126 046 0.000 785 905 —0.002 483 984 0.503
4 0.000 167 466 0.000 903 126 —0.002276 611 0.608
5 0.000 144 602 0.000 868 517 —0.002403 857 0.391
6 0.000 135230 0.000 835 347 —0.001 623 096 0.439
7 0.000 138 130 0.000 846215 —0.001 606 445 0.408
8 0.000 133237 0.000 826 860 —0.002 026 660 0.415
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Fig. 1 Line charts of transformation of characteristics
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Tab. 2 Contribution rate of partial feature components

FREAR 8 DTk
NE1 NHE2 HE3 HEA4
STTHR /% 56.196  13.562  10.837 9.264

RIS EE A 5.058 1.221 0.975 0.834

®3 MO

Tab. 3 Component matrix

Component

1 S5k 1 2 3 4

UK B2 i b 0.888 —0.237 —0.031 0.313
HRME 0.948 0.098 —0.074 —0.119
WEAE4EFR 0.399 —0.257 0.668 —0.394
[l QUIE L7 0.599 0.421 0.491 0.161
EE R 0.685 —0.384 —0.034 0.571
U 0.832 0.100 —0.398 —0.300
ESE 0.904 0.089 —0.302 —0.275
FEIME 0.070 0.864 0.020 0.221
WA 0.931 0.007 0.175 —0.014

TERE R 4 Aoy 2 05, w7 2208 oy
FIR A DL AR I A TR Bt T R4S 32 123 (1 52 )
FRIE . 78 3 oy Rk 2, A8 517 1) 2R B0 40 {5
K, U A% Fi bR R 1% T B IR RS R P K.
Ji 53 208 ) R B BE RS ST R I T
sk (12) fiw; FE ik X R E0E X (13) Br
e I Ciy RN i NSHONE § A TR
Bis Ty Ron 5 5 AR PR AFHEE G R
2. 3 B Ja SRAG B sy s g an X (14)~(17)
PR

I ZE, P, BiE: 25T PCA A KNN (6] H =52 W 7 v2:00F 57 277
C..
Xy =4 =12 12
J /T—,] J (12)
Xll X21 X31 T X’il
X12 X22 X32 e Xi2
X3 Xoz Xs3 X (13)
Xy Xoj Xz oo Xy

Fy =0.394x, + 0.42125 4+ 017723 + 0.26624+
0.304z5 + 0.36926 + 0.401z7 + 0.031xs+
0.413z4 (14)

Fy = —0.2142; + 0.088z5 — 0.232x3 + 0.3802,—
0.347x5 + 0.090z¢ + 0.080z7 + 0.781x5+
0.0069 (15)

F3 = —0.0312; — 0.074x5 + 0.676x3 + 0.4972,—
0.034z5 — 0.403z¢ — 0.30527 + 0.020x5+
0.177xq (16)

F, =0.3422; — 0.13025 — 0.43125 + 0.17624+
0.625z5 — 0.32876 — 0.301z7 + 0.24125—
0.01524 (17)

33 LRARBERDW
3.3.1 KNN F&E g 51

58, W VI ZRAE AT Bl . 5 AT S50
A ORI 1) BT R 7 B R i AR B S 50 A A 3
AR, AR 1~694 SO N, B A0/, 7 694 £ 8
fid, BRI s R 2 E T, HAE 694~889 A7 U B {H
SETEEEANK, 75 889 Ab th BRAS LI ) 44 5, F-AE 2>
LIRS PUE ETF. TSR RR AR B R bR 1
T FE bR B A 34 0 2, FLAS & S B i D v g e
RATIE R, WORE I 28 2 50 pT J I HS I B A
B A A B B IR R a0 mi o BT LA, JE N 694 1K — piAE R
il s B IR A& o5, B HL 889 A Oy 7™ HE A FRIR A
DAL, BEFEAREE R 204 3 FIOIRAS: 1~694 PR A IE
W, 695~889 Kk BEAI 4, 890~984 AR AS .

LUK, 37 KNN 3 A5 5G4 7 B0 A5 18 1)
K . K AR A T8 2 g N2
ERI K AE 200 8 AN ME, K BN A
Yy W R o 0 YIZRAEEE T KNN 732848, K {H



278 i T TR ER

2018 4 3 35 %

I AL, JXFEAS AR AR B SR A 2
FRTA], AT AN B 5 £ RSB S . KNN 702

®4 REHEE

Tab. 4 Confusion matrix
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Fig. 2 Accuracy in different K values
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Fig. 3 Confusion matrix under different classifiers
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Fig. 4 Accuracy of different algorithms
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