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Fault detection method based on KPCA residual direction

gradient and its application
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Abstract : Aiming at the fact that there is no preimage in nonlinear mapping and fault variable cannot be identified which result in that it
is difficult for engineering application of kernel principle analysis, an improved KPCA residual direction gradient algorithm is proposed to
overcome the above drawbacks in this paper. By use of the correlation between the partial differential of principle statistic and residual
statistic, the gram matrix partial differential intermediate computation process is simplified and the KPCA residual direction gradient
index is obtained, combined with residual statistic a new fault detection method is proposed. Nonlinear system simulation computation
shows that improved KPCA residual direction gradient method has excellent capability of fault variable identification while computational
complexity is greatly decreased and the calculation time is shortened. Furthermore, large-scale thermodynamic system application shows
that the proposed method has better capability in fault detection whenever in case of single fault or multiple faults and there is no residual
contamination while it is very suitable for engineering realization.

Keywords : kernel principal component analysis ( KPCA ) ; fault detection; direction gradient; fault variable identification; residual

contamination

HOR, AR I LISk —E 2B A2 0 608, & 248
MR R AR, HETE 20 BT — S0 iy Jr ki 3
JE4MT (principal component analysis, PCA) ™) {5 /N =
IETF Z o0 RN D7 AN Tolk g e Wi das i 564 R (partial least squares method, PLS) " 4% 3 JG4h#

0 3

i

kS H 3 .2017-04  Received Date: 2017-04
# FEATH  [HK A RBHEFLS (51176030) R TRE e 5| #E AA RIS 37354 (YKI201445) 750 H %3 1)



4 10 1]

(kernel principal component analysis, KPCA) ™ JH b %k
TRGCTH @B o o KPCA J2 PCA ARtk
PRE, EHE A T XHER NS BT HA , gt 5E A
GNP S M 4 R AGHI AR 4R

KPCA Ty it — AR e M A2 b i A S B 53t 31
el 2% ], 7 g 4 245 18] A R 32 50 20 B AR 24 10 i A 5
A TR T T0 0 o SR KPCA M A 25 6] 51 5
2 ) 4 AR LN B A 0 3o A% RS P R S B, R R
AFFAEBAR AT 50, DT 5 BO0 ik B A2 9 R TG
TR R AR UL, A e R T R R
SOk R E M ST R A R TR
Peix— e, SR AT KPCA J7ikRERS N T SE Pl 72,
itk AR )R

ASCRR T — Rtk g KPCA 5% 22 7 o b J3E i R A
753 @ 5T KPCA J5 ik geit i WA 3 RF ik , X 4%
FEICHIZ IR 22 PRI GE T4 1) O 1) 28 A R HEAT RO
MUER b A S P AT AR A S R, TR I T —Fh
T KPCA 52577 [ B BE Tk , 45 G v Mg BT 1)
WA 7 o BB BN SE Pr RS B i 1 4 SR 2 3
W57 B s A A AR S I

1 ETF KPCA Hy# sl

1.1 KPCA [F18

KPCA FyHEAR J5 PR 108 2o 1 2 P8 R K50 i A 2 [ ik
SR o A ) 45 A 25 8], 7R 25 [R] A 2 1 PCA 35038 X 17
THAZS F A AELNE R, . AL Al 1 5 S 2 Y
PR AR BRI B, S Ao P B R RBORR S T i A () B R AR s
(] R A LR PR 5C 2, BIA% R %

Bex; e R"(i =1,2,-,n) FR m 4ER I A2 1A] 38
AR R @ K R™ BRGTEIRFAE =S (6] F B

®:R" > F,x > ¢p(x) (1)
FRIEZS [A] N B R D 7 226 1y

¢ = Y )b (2)
SR AR AR 1) B

C'v = v (3)

1 (3) 15 C" AR A SFAE = v(v e R') N
S ik, ARTAFAER A BTXPIAOAFAER B v (TR
laE x, oo, x, PR B ZS [l BRRRAE ) i v, ]l AR
PG FRR

v, = Zafqb(xi) (4)
H ¢(x,) ERIBTAER(3) PSR, 1520
Ad(x,) +v) = d(x,) - (C'v) (5)

IR K

FITIBE 4 6T KPCA 58221 i) B HE A RN b B 2519
K, = (6(x) - b(x,) (6)
HER(4) [RAS (5) JF RIS
Aa = (1/n) Ke (7)
Bt () AEABAE TR v, F IR
(6(x) ) = Y ai((x) - $(x) (8)
B AR A x 2RI 25 R
(6(x) +v) = 3 ak(x,, ¥) 9)
{35 Y KPCA i A5 ATSEET 0 P B, B A2
> d(x) =0 (10)
B L
K=K-IK-KI +IKI, (11)

B p NIRRT, W IRIETE 25 6] F R A 1]
v Iike:

vive =1 k=1,-pp (12)
AT LU SR
Ma,ca,) =1 (13)

1.2 KPCA d 28+

Y KPCA &G 3 (AR5 e HE: 7° R0 Q et i,
T° FRR ECHIT R, Q WFR N B 7 J7 1R 25 (squared
prediction error, SPE) , {1t 3 %% 22 25 [A] ) 2% 1k, KPCA 1
SPE Gl RN

SPE = |@(x) - ®,(x) I = [&,(x) - ®,(x) [

(14)

f A% -

SPE:izf—izf (15)

HY TR AR 0 T 5k 2 23 (] i B0 23 32 3 W & 52 ),
SPE B Rk, R 285 25 5 LU, >R SPE Ge it f X 9
SRV AT R AR , R SPE 883 7047 B (R0 A6 0 1) 45
B F B

) MR B SRR K L (L8 K

2) K R KR AR R IE R X A R AR ) 4 IR
A (13) brifefbsb 3,

3) B F TR RAE S (9) THE AR AT i 4 23 ]
BT

4) TR TOLT P s B X Y SPE 48 it i E
I E B AERR

5) IR x, SN kTR

(k] = [k (X, x) ] = 1,0 (16)
Ao, BIOREA , O LETT K, o

6) 15 x,, AR F oo

t, = Y ak, (x,x,.) (17)
i=1
7) M SPE AH, 5 75 BB



2520 I # M F£ ¥ M H38 %5
s k(x;, x,.,) +tr(a' iinewfch a ‘
2 KPCA %REFH O EWEHIRE L ‘ (” v z‘ ( (avi ) ))
(19)
ﬂﬁﬁﬁj\mﬁk}:% U X — AN L R V= e Cp s FARE T DRI GIHR T 05Tk,
(v, v, ] e R™ v, = 1(L =1, ,m) MR Cy i TN LN AR XTSI 1 SPE [ BTHCR X, W BT
B ARE T ARG TR SPE 1 Bk R FEK . o W B8 %%/TWE%EWL @y
¥ ?FT/E%J:B’J%&{LJ%, /{ XA B k., R T RE A F IR
Croms = ] a’( Lk, k0, (18 ARUSTFLMIEE, &, k., A5 n x n BRI, SR ksl
i U JER R — LR N (Kuki) o0y = 1,0
c = |9SPE | _ ok(x,, %) 1 )
SPE et av; % == ;(xj,i - xncw,[) k(xj’ x,) (20)
Wik ) Ly e ) a(x —x )] xk(x,, 2o k(x,, 2L +
av; g ' ' ' '
(A - aq) (x]“. _xnew.i>2k(xp7 xnew) + (A - ap) (x(,,i - xnew,i)zk(xq’ xne\ %2 (x - new,i) +
(x,, —x,.,)7 ) xk(x;, x, )k(x,, x.) 72 (x,, =%, )7+ (x,, —x,, )" xk(x, x, )k(x,, x,.) +
%(al, +a, -24) x g(xm—x OCk(x, x,,) +7,Z‘,21 (x,, =%, )7+ (x, —x,, )7 xk(x,, x,, Vk(x,, x,,)]
(21)
A | Cont s = 2 (%, = X ) h(x, %) (28)
72{ k(x,, x;) (22) o Cyy (SPE dlI‘eCthIl gradient, SDG) F7/R %% A28 1
1y " ) (23) bepiw A E AN S B g S I X R S A e S
“W = 2k T8 2 5 DA A e A 0 e T e 3 BBy
4oL Ll Fx. %) (24) Hrel 0, 58 22 5 el BE B i W A B R B T B
= = P R KRR, I H R B e T e AR (R 50 n
F=(19) e N NFRIE A B R 5 R i L R E 1/
Copponi = = XANBCRE L, BARFR 22 T 1m) Bk B SR AL B B T R R AR
- HHE LS AT TN
o' J
. avZk(x X, )+tr( (a— K ) )‘ (25)
B (I8) FI(2S) FH, Cpps B Copn, #LEHE 3 (AEWAR

T T AR BB 5 XT?—/\%? Fe X s
R ALE & 2 RIS E S S AL SR

Croei = |e(f (ko kp)) | (26)
Copp o, =
%%ik(x,,x )+ u(f (kK )) (27)

i £ O) TS O) TR B B ) 22 pR B, Ik
T R FAS P . B B, £ O) FLf () B
A AR [R] A B v B, AR A R — B, i
L1 O WERISE T Cp ., FIA O B2 S Cpe
—3, HR¥E KPCA ¥ g, Crooni T Copp pon i FRHE
FiCPE BT A 6] B &8 1wt B AR As, I () BAE
Copponens THITHLI, 7€ L KPCA B3R 27 ARy

3.1 HEHhE
VAR RGUNT

x, =t +e,
{x2 =7 -3t +e,

Xy, == +38 +e,
e ey Fll ey SR EIIE N 0, 772554 0. 01 FYA N7
Wrordi, 0 e [0.01,2] o FIFZRGEA N 300 A, B
100 MEREBEEA, J5 200 AR, EMREEA b &
INPRRGRZE 1) MAAEA T A 101 EAE %, b Bl E
2l - 1:2) MAAEA T B 101 27 «, BB EE R fin 22
0.03(k — 100) ,k NEEAFF S 73 Bl R A o3 STk %
L5 ERE D7 B L T RS RN 12 R

(29)



5510 JETLR 2 T KPCA K22 75 1) B B2 10 B A 00 J5 32k e 1o 1 2521

‘MM q t'm” W‘ \‘“ ‘WM

1 1
0 50 100 150 200
(b) R 27 [ B EETE
(b) Residual direction gradient

BT R 1Y BER

Fig. 1 Variable identification of fault 1
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Fig.3 Fault 1 detection of separator A outlet pressure
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Fig.4 Fault 2 detection of separator A outlet pressure
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Fig.6  Multiple faults detection of different type points
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