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Related and independent variable fault detection
method based on KPCA-SVM

GUO Jinyu, YU Huan, and LI Yuan

College of Information Engineering, Shenyang University of Chemical Technology, Shenyang110142, Liaoning Province, P. R. China

Abstract: In the real industrial process, some process variables are independent of other variables, a fault detection
method of related and independent variable based on kernel principal component analysis and support vector
machine (KPCA-SVM) is proposed to detect these independent variables separately from related variables. Firstly, a
variable division strategy based on mutual information is applied to divide the process variables into related variables
and independent variables by calculating the mutual information between variables. Then, KPCA and SVM models
are established in the related variable space and the independent variable space to monitor the test data. Compared
with the traditional KPCA and SVM methods, the KPCA-SVM method combines the advantages of KPCA in detecting
related variables and SVM methods in detecting independent variables, and improves the fault detection performance
of KPCA and SVM methods. Finally, the KPCA-SVM method is applied to the Tennessee-Eastman (TE) industrial
process for fault detection, and compared with KPCA, kernel entropy component analysis (KECA) and SVM
methods. The results show that the proposed KPCA-SVM method has a good detection effect and improves the

detection effect of multiple faults, among which the detection effect of minor fault 5 is significantly improved, which
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further verifies the effectiveness of the KPCA-SVM method.
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detection; related variables; independent variables
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1.1 KPCA 518

PCA JE—Fh PR LE i1k, TEALIRARZAPEAR G
RGN A BEAR S L & 44 . KPCA i AR 24
Jir ey A BSCH aok AR L A R B B AR S
], 7E R 4EREIE 25 0] o SR R A R AR A FIRAAE
. KPCA J5 ik a] IR A A T A 24

B ABHRIE X =[x, 2, -+, x,]" e R, H
Hr, x,(i=1,2,,n) e R, n NEEREL, m B =E
B FIFHAEL MW pREL 17 S5 U2 18] A S e i
B EYEREE S 0] B, DRRAE 25 6] oREAS (9 P 5 2500
M

=S @) [d(x)] (1)
1 CHOBFAENT ] A, FHERR V., WA

AV =CV = %2¢(x,-)[¢(xi)]T V=

LS (@) V) B(x) (2)
Soh, R COFORIEL VIERFEI 3R b
V=Yad(x) (3)

Hp, o, WM RLL.
1E (2) 55 P [F I @ (%,)(k = 1,2, -+, n)
AR, 4iERG) N1t

AZM@@LM@DZ

L3S (Blx), b)) (Blx) Dlx)) ()
SREEAETE B An X n AR
K, ={®(x), &(x)) (5)

WAL S AR R AR i

LB
K(xi,xj) =exp|————— (6)
g
Hrr, o R agaEE. W= (4) AT itk
Aiailgk = %2 \ o KK, (7)
i=1 1

i=1j=

XM M B K = (K,) e R #E 47 o fk b 2

K=K-IK - KI + IKI (8)

o, TR FRECR Un i n B 200 R
B X (Dt —fife, w4t

)ta=lKa (9)
n

KTIEVV, = 1,i=1,2,---,n. IR (3)F
R(OEH a =[a,, a,, -+, a, |"IH—1LHIEAEH

afaiz)%, i=1,2, -, n (10)

% 3 R B U T A BOE, ASBIFGE A e
H k(k < n) DK ARFAEAELC WY A RRAE ) 1, SE3
TR I REAE kA RRAE 1) B R IE R V, =
(V. V,, - V,].

PECNAFEA ., (% R, THE AR R
] b AR

b= (Vi @(x,)) = Ya(P(x,.), D(x))

1=1,2, - k (11)

MRRFEAS ) T2 F0 SPEGS T 2051 M
T = [ty b, JA [ 15 +oos 1, ] (12)
SPE= 12— Y0 (13)
Horp o ASHXIRAERE, HOo R BB K BET £

BERIRHEAE .
1.2 SVMJEIE

SVM 2l I h iy 32Kk z —, Jlid
P — PSR, X E U TR RO,
DA RO T 73 B AR B e Bz AR RE /) . AEAb 3
PERHEIT, SV BB AA) E 5 1] I - T8 % 4530
HEAT AR U — UL B R (), i =
1,2, - ',n}, x, € R",y, e {-1, +1}, W &0 #F m
W b D BOREAS (SR I £ ) 1Y el TR . B T
(@, b)EEATE

wx+b=0 (14)
Hrh, o RS (8] oy B HF TR s b oK
RIRET. 5 (w, b)REWS IERA /3 EHEAS, TG

wx, +b=1, v, =1
wx, +b<-1, y,=-1

H, o AFHEZS (8] h 4 B Tk s bl
FIREII .

2SI 1 SCA v 38 - TR 494 [ B B g 22 A
ey, RARENREE 2 8] R R T, R
P T SVM LAk o) AT H—1k . SVM By AR
EH

(15)



1

SAE, & FT KPCA-SVM AYAR I ST A8 Bl e iy s 17

. l 2
min (2||w|| ) o
s. t. yi(wxi + b) =1,
A RAER SV AR 700 X6f g 7 151 A B, B R A
Pz LEE 71, I AFESIE F C > 0 FIAL it A8 &
£ 20, WSVMAEAIE A S Ky

. l 2 -
min (2||w|| +Cizl§i) (17)

st y(wx, +0)>1-§,

SR A1) IS, OREIZ AR ) AR A D 4
IR, RS ) H PR

1 n
Llw.abpf)= ol + D¢+
i=1

i=1,2,--,n

i=1,2,-.,n

iai[l ¢ -y (ox, +b)]- iﬂifi (18)

H, Vi HFE T a =0, /L,-?O.L(a),a,b,p,,f)
o, bFERMS, 2HERET0, K
(18), Alf%

f(&)=wx' +b=Dayxs +b (19)
i=1

A FRAEZMEAEAS [N, 3 o e P B ST pR
D Koty A\ S ) e Ak 2 (] 37 Fe KR I
T I AT 1 N B A pRESCRT S S i 4R IS B
K(x,.,xj)=<¢(xi),¢(xj)> (20)
IR REUS 1 SVM BRI IR

f(x/) = sgn i aiyiK(xi,xj) +b (21)

Hr, sen W5 PREL.
2 T KPCA-SVM 8 #k B Al 77 3%

2.1 HXTEMMITEHXD

1 G0 SRR ASI y12 38 R A0 d 2 (]2 A O
M. SR, FESEPR Tkl ferd, & mZbeRE
AR, AECELVEADC, AUCRARLPEAG, A
N A ST EY 5 S S N A VA O L VA
AH AR AT 4 B AU ST W . AR s R) 43 ] DASE
AH AR 2 [ A DG, T BR AN A DCAS 1 X A
SRR

HEBYEESEX =%, %,, %, " e R, R
HEAG BIRHE RN G Z B A CR . BAF
BXTRAEFNAE MR OC R UL, vl ek
Broc & . AR SR i it Bl HL AR o (8] 2 57 M )

P, HHENSTE 50 B Y. AR Z A A OC
FEEE AT B A B e 24 HACY 248 AR B
MarEE, HAFESETO.

i o, (AT

H(x)=~[p(x)lgp(x)dr (22)
Horp, pla) B8 x, BRI . L, WASE:
%, Flw, HAGE N
Plx,x)
P(x)P(xz)

o, B, AR (23), AT

[(xl,xz)ZH(x1)+H(x2)—H(xl,x2) (24)
Hrp, H(x,, x,)5x, M, BECEH .

XA x, e R B B M Ep, e Rm!, H
HOLR Ay, 5 HAbm - 1R 2Z R EEE
. 5 p MEECH D, = | p.|-

N BENLEERE R = [r),ryy -oyr, "€ RMEY,
Hd, r(i=1,2,,m — 1) EEHEAN T E K5
W fisds. M8 SR H S m - IR E
FEEEAEER g e R" . RMEEMANERE
BRI, BATE r #00S T AR A X
At x,. XEWE q, TR ITTRMERRERO.
T q TGN, = | q. |, D, < N FR2 i x, JS7 T
HoAthAr &, BEAt », Z43 5] M AR R X,
A7 W BIAH DG AR B B X P Sy AR
() K1) 43 45 D BB 23 B X, R X R Ay, B X =
[X, Xy ]

2.2 KPCA-SVM R TII 45 B

V8 D L 5CHR R I X Sk R A B A X R
SEAR IR X, X W7 B 2 )AL 2 M R E L
R FR, KPCA X HEZ AR S ) AT AR 4 1) b 22
B R KPCA X AHDCAE b A TA I, 43 51145 2]
T F1SPE B4 HIFR 72, FMSPE,, . XF T2 284, K
FHSVM i#EA74325 . 2, KPCA-SVM fJ4tit1 = KS
TE S

I(xl,xz) = ﬂp(xpxz)lg

mez(m)

SVM#RZE R0,
T> < T2 MISPE < SPE,,  (25)
ek, HA

BB

1) TEIEH FMET, RAEIGEIE B X I i
TrinifEfL s

2) XF X PR a, TEEXN B
Bt p, Mg

IEH,
KS =



18 RN 2F 23R T AR 240 &
3) JFED,FIN,, FRI5MAE AR BRI A F1 12F0TE i
4) )[% X *JJJ éj\jjjcﬁ 5‘& %E |'§i_'; X, %[]3’ v E% Table 1 12 faults of TE process
SR X, 5 G Hk Hem)
5) HESFAHRAS R IF X, B9 KPCA #AY, 35 ] 1 A/CHEENEZRAR, BRSNS (i 4) Wk
W AR BERIFR 77, FSPE,, 5 2 BIRAMEEAME, AICHRICRAAS (Fid) R
6) At FH VI 25 B0 RN 3 A o B 114) A 37 A i 3 DIYHERREEE &AL (7 2) IS
B B A B SVM RS I B0, I X )1 R8s 5 BRI HIKIA TR % A Ak B iR
b, HoPIEE AR 0, MR RE N 1, 8 ABFICHITHE S B A (i 4) Bl
}ﬁﬁwfﬁvf%%i:m 10 CHBRMRE KA G2) B A
Ejﬁ“iﬁi;g&ﬁ B B 12 BEEAHIK A LREE &AL BB
M i ML
1) BARMEBIEY, i%%ﬁ, i 13 IR R
(EATBRIEZ B TRRAEAL , TR B 40 F o -
e - 15 R BERHE HIK IR DR it
AR Y AT AR R Y N e
2) WY B KPCA A |, (TR SiHET
1 SPE HEF SRR 19 K3 A
3) I SVM B Y, AT R4 2, 425 hR 20 FH AR
2k O BOECHE A s, T4 %ﬁKﬁIMﬂﬁ 1.8
yols R AE
4) RIS BAHEAG T, R ERS
== 12F
N oy
3 HEELE
0.6
3.1 TEt#
Hui, HZ7G-PH7% (Tennessee-Eastman, TE)
R E I TR R AR, e ST

FE5 A FEHIT, TRV AFTE 4 Fh N A A
C. D. EFEHSIERB, A=Y 6. HAE =Y
F. 6 TE R B 07 AR AR i A 22 43 2200 & A 12
MERY AR T BEERR AR A4 33 A8 HE RN 960 M
A Hidgr, 55161 ~ 960 MFEA A T 21 RN [RZE
RUATHLRRE , AT e HH b 12 Fh ) ARl (3R 1)k
B0E KPCA-SVM 7 Ay A 5k .
3.2 HIERE
PLTE Tolk B 50, BEHC500 4 1E # A
£ KPCA Il R85 4, S HUS 300 Ml e A
YERMAE ARG . BT 545 B AR 54 43 SR e 9 A4
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Fig. 1 Bar graph of variable division in TE process.
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Fig. 2 (Color online) Detection results of (a) KPCA, (b) KECA, (c) SVM, (d) KPCA-SVM detecting related variables and () KPCA-SVM
detecting independent variables methods for fault 3. In (a), (b) and (d), the solid line is for test set and the dash line is for 99% control limit.
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Fig. 3 (Color online) Detection results of (a) KPCA, (b) KECA, (c) SVM, (d) KPCA-SVM detecting related variables and () KPCA-SVM
detecting independent variables methods for fault 5. In (a), (b) and (d), the solid line is for test set and the dash line is for 99% control limit.
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KPCA 77 75 AN REAR f- HAG I 2 B b . KECA R4S
R AT KPCA B T2, {HJR{K T KPCA (9 SPE. H
Tk 5 NGB, Gt o b B AR ME AR I
K. ARG SVM 7L TAZRET A T SR
REAS A 5 2% > BB A RRAE , RRCRAL T
KPCA fl KECA. #f . KPCA, KECA F1SVM J7 ik,
KPCA-SVM J7 VA AR AR AR 1725 0] H ) SPE G i1 B
SRR RIR , R KPCA 75 B RENSAR I 1 J= [ 28

A, X 3 (a) FI(d), ATRABH B EH,
KPCA-SVM J7 200 AH G AR T B8 40 0 A I 24K B 4
It HL RGN ) s/ N

&2 2 A PRI i et AN [ e i 2 A g
FEAG I R L. 20T W, KPCA-SVM LAYk
BRI 23 A7 BH A T, F I 5 R R A 3
Rfghy. Horp, XFsREL, 20 5. 8, 12, 13118
P4 ik s A T R A B 100%; X k%3, 5. 10, 15,
19 701 20 (14l e RS R A0 AN [ R T

#2 KPCA.KECA SVM FI KPCA-SVM J5 3k TE i R s Bk 5 0 1
Table 2 Comparison of fault detection rates of KPCA, KECA, SVM, and KPCA-SVM for TE process %
g KPCA KECA VM KPCA-SVM
et T’ SPE CS T’ SPE SVM KS
1 100 100 100 100 100 100 100 100
2 100 100 100 100 100 100 100 100
3 6. 67 3.33 6. 67 26. 67 3.33 5.67 41.00 45.33
5 1.33 13.00 2.33 89. 00 2.00 100 0 100
8 100 100 100 55.67 100 100 18. 00 100
10 72.33 82.33 73.33 71.00 71.67 87.33 31. 67 89. 00
12 91. 00 100 100 100 95. 67 100 93.67 100
13 84. 00 100 100 86.33 98. 67 100 72.67 100
15 36.33 43.67 53.67 67.33 37.33 55.33 35.67 74.33
18 0 100 100 100 0 100 100 100
19 29. 67 66. 00 18. 67 41.67 10. 33 73.30 29.33 84. 00
20 62. 00 75.33 60. 33 55.33 64. 00 78.33 47.00 83.33
VIR % BB AT ARG I 56t 2 e T A s
7% iE EEWE: WK AR RIHIH (62273242) ‘
EEE N BeE (1975—), WL TR ERIAE. Wt 5

& —Fh LT KPCA-SVM (4 i A v, %
FHEET BAF B A28 5500 20 SR Wit S i B A8 %) 43
SR AHOCAR MM ST AR i, 35 KPCA FTSVM J5 53
ST 0 A 6 AR 523 [A] Ak 37 AR B 45 (] . KPCA-
SVM ik HEITE LR rp, (FESS5REH, 5
KPCA. KECA Fl1SVM J5 i AH I, KPCA-SVM J7 i%
BT T R A R AHFSY T EHFSY KPCA-
SVM J5 i 7E Tollask A8 BB A I i SE B S5 4 5, 4R
MM, SEBR Tk b i R AR A 2 2 [R] 56 R A A B i
AR, MR AR R, AR X AR A TR
YN 535 RS R kg, ATy
IRERCR . ABIFSR i i D SR Tl 54 A
50, XWRARMITE TAER 71 .

Fi) e WBRISWT . A AR L v

E-mail: 969554959@qq.com
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RGN i ()] TR R A 243 B T T, 2023, 40
(1): 14-21.
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