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Research on Fault Diagnosis of Improved Kernel Fisher Based on

Mahalanobis Distance in the Field of Chemical Industry
LV Peng-Fei' YAN Yun-Ju' LI Yue'

Abstract Aiming at the problems of the non-linear distribution, complex category, large amount of fault diagnosis data in
chemical industry and the difficulty of distinguishing fault features, a improved kernel Fisher fault diagnosis method based on
Mahalanobis distance is proposed in this paper. Firstly, due to the data with non-linear property, a new improved kernel Fisher
discriminant analysis method is proposed, which can effectively solve the sample aliasing phenomenon caused by large differ-
ence between classes and insufficient compact distance between classes after projection of original samples. In addition, using
the Euclidean distance in class spacing, the group average distance is used to replace the center of mass distance, which im-
proves the efficiency of operation and reduces the time complexity. Secondly, according to the rule of diagnostic accuracy
presented by the (RBF) in Fisher discriminant analysis (MKFD), a new method, interval “three-point method”, of selecting nuc-
lear parameters is proposed in this paper, which is used to replace the cross-validation method relying on experience in practic-
al application. Finally, faults are classified based on Mahalanobis distance using Tennessee-Sterman process. The proposed
method is compared with other improved kernel Fisher algorithm. The results show that (MKFD) can not only improve the cal-
culation efficiency of fault diagnosis, but also improve the accuracy of diagnosis.
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Table 1 Description of the selected fault sample sets
Fault Number Fault description Fault type s 60f
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7 WL C )1 R % V1R
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Table 2 The fault diagnosis accuracy based on different ker-

nel parameter 6(KFD)
The value of the Test The value of the Test
parameter ¢ accuracy (%) parameter ¢ accuracy (%)

0.1 25 30 81.25
0.2 30.31 40 80.94
0.8 50 70 53.13
2 66.88 90 51.56

4 75.63 100 45
8 78.44 160 43.75
10 79.38 180 33.44

JIt7r . DB AR RT DL B A Y A 12 W ) oA ik 2

0.2 30

le 90
BBtk o (L

180

K3 s Wi R 5 S BUE TR
Fig.3 Line diagram of the fault diagnosis accuracy and kernel
parameter
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H1 Breast cancer 73 %4, KR ) £ HALE &
HAME AL R, % T Tonosphere 1 Breast cancer 43
P, Hor RUE R 73 53155 92.8 % 1 95.4 %.
9] DAFE 4310 B A2 B2 () A8 R A i FH 12

R = HRISET RN

N T PR A SCE R R R, AT X DY
PR B2 W 7 Ve s SR AT Xy b, X DU Aoy
%53 54 KFD. CKFD. FDGLPPP?#1 MKFD. H i
TEAL Tl R A, 2 T4 Ja— R S AR e e Bk &
S RVE, XA EIEAME AR A R S5 G Bl
R8T R R R AR EE A5 S, TEX EdE AT R
FEFRELAT, BB KRS B PR, X JLA AL
H5ARSCE ST X, LIRS R LK 6
7.

A0 MKFD B4 FDGLPP 835531750 L,
FATE H MKFD & vk Wb 12 W i i R A% S 50

3.2

3 FIHIX A =0k R R A% S5 o X W 2 T A HERf ¢ (KFD)
Table 3 The accuracy of fault diagnosis of optimal kernel parameter by using the interval three-part method (KFD)

= =42 =03 ZorR4
BRI it X ]
X1 D(X1) X2 D(X2) X3 D(X3) X3 D(X4)
1 [1, 100] 1 50 % 34 79 % 67 51 % 100 459
2 [1, 67] 1 50 % 23 80 % 45 73.8 % 67 51%
3 [1,45] 1 50 % 15.7 79.4 % 30.3 81.25 % 45 73.8 %
4 [15.7, 45] 15.7 79.4 % 25.5 80 % 35.2 78.8 % 45 73.8 %
5 [15.7,35.2] 15.7 79.4 % 222 80.3 % 28.7 80.4 % 352 78.8 %
6 [22.2,35.2] 222 80.3 % 26.5 80 % 30.9 81.25 % 352 78.8 %
# 4 KFD Hi%M MKFD 505 N R SHU0 i R8s Wi 45 51
Table 4 The fault diagnosis with different kernel parameters in KFD algorithm and MKFD algorithm
The value of the Train Test The value of the Train Test
parameter ¢ in KFD accuracy (%) accuracy (%) parameter ¢ in MKFD accuracy (%) accuracy (%)
0.1 100 25 0.1 100 25
1 100 50 1 100 50
10 99.8 79.4 4 100 76.9
30 99.8 81.3 8 100 99.69
60 70.5 44.7 12 99.9 92.5
90 27.7 253 16 99.9 80.6
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Table 5 The fault diagnosis accuracy based on different ker- 90%
nel parameters o (Make the longitudinal table according to the ﬁ 88%
interval three-part method) 5 86%
Tonosphere Breast cancer (‘q 84%
The value of the Test The value of the Test 82%
parameter ¢ accuracy (%) parameter ¢ accuracy (%) 0%
1 78.9 1 31.7
78% 1 1 1 1 1
0 20 40 60 80 100 120
34 91.6 149 95.1 Tonosphere H1 o [HL{E
49 92 223 94.9
56 92.4 248 95.4 120%
59 92.8 297 95.4 100%
63 92.8 334 95.4 s 80%F
67 92.4 346 95.4 =
= 60% [
68 92 445 94.6 b
78 90.8 667 94 R 0%
100 86.1 1000 93.2 20%
, . . ‘ . . . R . . O% 1 1 1 1 1
o WOZE LU, T BLIBILIX 1) = 410 T R R AR 00 a0 G0 N 1000120
) % pone > TR NS N reast cancer ! o I
BSH, AR5 4 DI BT DR B AL o, Bhi i
B M 25k 99.69 %: i FDGLPP &1, 752 URAR 4 ORI 2 R 9724
Z S, Fs Bl AR I URVE SR, i NREIESS Fig.4 Line diagram of the fault diagnosis accuracy and kerne
22, w5 Bl AT SR VAT 2, 5 A ig4  Line diagram of the fault diagnosi y and kernel
K, #it MKFD SR RERTHR BB S EIRER. parameter

Wiy Hr# 8 W A: CKFD.FDGLPP - o o
MKFD =FSES B 0 =8,10,9 B, Wity SHEISATION L MKFD SRS {TACR AP 2
i 2R 35 B e e 4. MG AT LK B, FDGLPP 492 A1 %, XM LA H MKFD RETEIE AT 0% Lot
MKFD S mik 99% UA L, {H2 FDGLPP . X AN SB0i@ i o) Ll AR I, A SCH HVETESR

6 XA =S ORMR %S 4L o (MKFD)

Table 6 The iterative solution of the optimal kernel parameters c using interval partition method

= =OrE2 =OrE3 =4
EARIREL Xof R [X (1]

X D(X1) Xo D(X32) X3 D(X3) X3 D(X4)
1 [1, 100] 1 50.9 % 34 60.6 % 67 57.5% 100 58.1%
2 [1,67] 1 50.9 % 23 76.6 % 45 58.1 % 67 57.5%
3 [1,45] 1 50 % 15.7 96.3 % 30.3 63.8 % 45 58.1 %
4 [1,30.3] 1 50 % 10.8 99.69 % 20.5 84.69 % 30.3 63.8 %
5 [1,20.5] 1 50 % 7.5 99.38 % 14 97.81 % 20.5 84.69 %
6 [1, 14] 1 50 % 53 81.56 % 9.7 99.69 % 14 97.81 %

R7 ZXIIEFERA S o T2 WK HER 3 (FDGLPP)

Table 7 The fault diagnosis accuracy based on different kernel parameters ¢ by cross validation method

The value of the Test The value of the Test The value of the Test
parameter ¢ accuracy (%) parameter 6 accuracy (%) parameter 6 accuracy (%)

0.1 25 0.5 68.13 3 55.31

1 52.19 5 75.31 6 79.38

50 28.44 25 25.0 9 99.69

100 41.25 50 28.44 12 25.0

500 39.06 75 34.69 15 55.94

1000 38.75 95 40.0 18 25.0
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Table 8 Fault diagnosis results and running time of the

four models
Model  Optimal value of parameter ¢ Test accuracy (%) Test time (s)
KFD 30 81.25 3.90072
CKFD 8 97.81 4.14769
FDGLPP 10 99.69 9.30612
MKFD 9 99.69 3.86806
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