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Abstract : Complex processes usually work under harzardous environment and varying operation conditions,and the process
data exhibits high nonlinearity , randomness and local manifold structure. In recent years, kernel locally linear embedding
(KLLE) has been successfully applied in fault detection for complex processes. However ,KLLE is an unsupervised learning
method and can preserve the nonlinear locality of the data while ignoring the global/nonlocal discriminant information. To
address the issue,a semi-supervised sparse discriminant kernel locally linear embedding( SSDKLLE ) approach is developed
and applied to fault detection for nonlinear process in this work. The main contributions of the developed algorithm are
summed as follows: (1) Exploiting the labeled and unlabeled data samples, semi-supervised learning and Fisher
discriminant analysis technique are introduced to KLLE, effectively revealing the global geometric discriminant information
hidden in the original data,and the performance of the proposed method is thus enhanced; (2) Considering that a signal can
be sparsely represented by a set of atoms through an optimization algorithm,sparse representation is introduced to determine
the neighborhood of the samples, improving the robustness and locality preserving of the proposed approach; (3) Local
neighborhood processing strategy and kernel trick are introduced to LLE to reduce nonlinearity and distributions of process
data with the changing operations,enhancing the performances of multimode and nonlinear process monitoring approaches.
Experimental result on TE simulation platform demonstrates the efficiency and effectiveness of the proposed algorithm.
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fEid 25 20 4F HL RO AKX Sl 0 Ak T AR e I A 2R 7 22 A ™ i B i R b R R E ], E &1k
TRZA A TARBOR N SR IR, — Ok, 1 PRI 5 o s AR 5 | HC PN 2 4 808 /)N T F Bl 2 Ta) 7Y
e, 2 S B 1 ( multivariate statistical process control, MSPC) J~ 32 N FHZE BB AG I 5 2 Wi, #
LI MSPC 77345 3 780 HT ( principal component analysis, PCA) , fi# /)N —- 7€ ( partial least squares, PLS) , Ji
3. EJC 43 M7 (independent component analysis, ICA) DA Jz Fisher % 51| 43 #7 ( Fisher discriminant analysis,
FDA) %4
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i 27 (sparse representation , SR ) X5 5 5 AN [A] R (1) B P 7 85T 28 347 DL D , AR AS [A) 4 4k 9 T
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2,825 T SRPE sh AR 2 Wtk e, SC[25] $2 1 2% 550 i A2 F5 % A (discriminant sparse preserving
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SRS X =[x, x, ] e R HARHMBAREE Y=[y,, -,y ] e R™",d /T D. {BUE R Hd
T AR R N b IR 2 L AR AR W= W, ) T AR Rl R IR B

arg min e( W)= ZN; Hx,' B iwijxfz ()
1= J=

N
Y W,=1, i=1,2,-,N,
t. =1

s. (2)
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AP N(x,) h x, BITAREE. JETRRACACERE M W AR AR A y, AT LAk R T S A 1R 22 e/ MUK I, B
arg min e(Y) = Z Hyi - Z Wijysz = (Y'MY) (3)

s.L. Y'Y=I,,
i M=(I-W)"(1I-W).
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AFR2Z R 2 W B Fi i KLLE (semisupervised sparse KLLE , SSKLLE) ; (2) @& i KFDA 5 SSKLLE
I [vd] 220 1 5 A0 198 JUART 2544, 4 v S AR e il BB A e
2.1 SSKLLE
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d’<¢<xi>,¢<xj>>:J” ¢<xi>sf;ff(x,> I 5)
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A, S, & XKBLS,, INn(p(x,)) | BRI x0 N x, 1
p-th T 4B AN (6) & X AT LLE i, S, AT KLk i 5
& (x) TERFRITAB I Y« T5 227, R ¢ (x,) 5 H AT WAL
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X FARCEAE R , A R AS 2 1] B 28 40 55 AN ] 1 7326
FEE A, XTI R B PR (230 AR A=
L) AR A (e, d) BB R TRAE R (a,b) Z[H]
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PR NG B, BUEHE XT (e, d) P& £ B 2R T4 1 RN aans XEaR
EI:EX#( a, b ) ) dEJ"r ;@ ﬁﬁ)‘]—i Xd. ( I ﬁﬂ ( e, f) ) Fﬁ/ﬂ\ {%‘E\i i3 ?j%j( Fig.1 Classification information hidden in data pairs
TRIZEEAE N (e, d). SFIEAREXT (e, f) Z I BB /N TR A (g, f) ZIHEE S, S AR AT 5 e L
X3, H B2 R STE.
WG ERITE o8 T SR M HRRCREA SARCREA R, FNTH B ST i
(I-r)d'(d(x;) ,(x;)), x,,x; same class,
Z,= (14r)/d'(d(x;) ,p(x;)), x,,x; different class, (7)
d'(d(x;),d(x;)), x, or x; unknown class,
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N

arg min &( W)= 21 (|ocx) - 2W,,¢(xj) [+ ﬁ w?) (8)

N
S W, =1,
j=1

W, =0, ¢(x) ¢ Nn(e(x,)),
A, Nn(x) FRoRFEA x BT EPAE G X T RIZREA A A8 K X S5 R AR | LT 0 174 i ) A i AR
N X TFARE i A A [VEHERE AR A FH 5 e 500 41 J 30 R0 42 J) S 05 B A M) T 8 v 240 19 25 ) o S 25
PR Ay B PE | FETT4R E 40 e ikt i 209 22 B 3 SKFDA 18 5o 1) FH 4 1A B 4 S 5 135 8 44 s R B 2 fr i ke
fig , A< SCH SKFDA ik A %l SKLLE Ak [nl i, $& 14 SSDKLLE 3%, 345 th HH AR .
2.2 SSDKLLE
MRAEAZ S T B RIS 18] 5 A4 1) & o th B HEAEHE ¢(X) A IEH &%, H

(9)

s.t.

P(X)=A"p(X), (10)

A, A R BALRE , SKFDA 1 E I ALK 150 A W S RIS N RREAE e 82 LR . 1)
S, =(1-B)S,+BI, (11)
S5 =(1-B) S, +BS,, (12)

X Be[0,1 RIS — MBI 0.5 1 JEHA GIE4e M LIRS, LS, 430 26 i) S B o6
W, HOEh

N

Sh=y 3w (e (x)) () () (13)

i j=1
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i,j=1

I N=N,+N, N, FI N, G350 bR e BEAR IR AR ICRE AR w! R w! 433 S 28 PRI 2 ) A,
Xh

11

N AT i?é i

Wl =N N T (15)
1/N,, otherwise ,
1
- =y =k kell2 - M

at,= (N TTNTRES L2 (16)
0, otherwise ,

KLy, EEA x, BIFRIC N, 9 kth ZEREACKCE:. ZERUME SCR B IE 2 18] T S AR AT I, FOE N
1 & T
Si=y Xl () () () (x)', (17)

oL w;,j:%. R B AR 4 AT A F BT

Simy X wl ) =B O LX) =4S L'(X) A, (18)

XH L'=D'-W',D i NxN WX R, KXHfICHR D!, = Zvl w! L W=[w! YRR S [R5 AR
B A TSN A=p(X)P. FRTUTEHS N
S,=P'¢p(X)"'¢p(X)L'$p(X)"'$p(X)P=P'KL'K'P, (19)

X OK=[k(x,,x;) 17 o AXSFRAZIERE & (x, ,x;) A2 Mercer S5 OA% BREL. A B R Ry 1E AR R, B
A'A=I, W A"A=P'KP=1 JR23X(13)  (14) XoF 1 (4 1E D) A2 P 2K (] HIORE S e e 46 hy

S =P'((1-B)KL"K'+BK)P=P'S, P, (20)
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PREAE LA S 42 Jmy S 25015 B, SR B HE ME 280 P T id i SR T T SSDKLLE ft Ak [l 2], /i

min J(P)=a 3, |P'o(X) (x,) - X WP (X)) | -(1-a)u(P'S;'S,P)=
atr(P"KMKP) —(1-a) tr( ;’TS,’M‘Ser) (22)
s.t. P'"KP=1, (23)
X e [0,1 ] LB R A IR 7 5 2 R B 515 SRR o () FORHEFER L, M= (I-W) ' (I-
W). TEERN AR AT IS} PPKP=P "¢ (X)"d(X)P=1, BIRAT SAEAR T 29100 23 B EAE 1 T0 4
PE R R 5 R FRICRUR PR ICEHRFE A, H AR R B — T 0% B 1 8 00 Jm 8 T LT B 2 ik
INFEARAEZS R N EE R EdE 2 m B E B, AR, Y a=0 B, _FRILfkin @ik
arg max J(P)=tw(P'S.'S,P)

i (24)
s.t. P'KP=1I.
FIRAL IR T Ge et al. $2H 9 SKFDA 2551 324510 FrnyE s 1 240,
IR 1 SKFDA BX N p Akl A an B X
p'S.p
arg max ](p)_pTS,wp (25)

s.t. p'Kp=1.
M AZARA TR EEEAN T 3K (24) Frs i A m] L
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XA KT R, p AN SRR . TS, RIS, 2 (26) XTI F A 5 20 (25) f A A
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HAE B 1 AT, 20 (24) B ML 4 T SKFDA B3 2 o= 1 I, %8 38 b 5 SKLLE. XA
LT S H o (B BRPRREE AOHT e B A R PR 0 4 S S 0 R A L, A A b I AR e %
YRR AR 2y ). R 2 i 3 (22) 1 (23) AR Ak IR fip e LB 58 R P 5 k.

R (22) F1(23) Fra Akl B bR R BRI 2 - SR 40T BT 7R Y Lagrange 75 &

L(P,\)=atr(P'"KMKP)-(1-a)tr(P"S.'S ,P)-A(P"KP-I) , (27)
X HL A R Lagrange . LExUo0I%t P AT A SKRFIFET 0 AT,
5L(§I;’\) =aKMKP+o( KMK)"P-(1-a)S.'S ,P-(1-a) (S:'S,) "P-2AKP=0, (28)
SL(PA) oo
Y =P KP-1=0. (29)
TR S, S, K DL N M PSRRI, 3R (27) ~ (29) HEAT B AT 15,
(a(KMK)"-(1-a)S.'S ) P=AKP. (30)

BCRESR 3 (22) i (23) B DAL LR F 1 )™ SURFAE AV, AR K (o KMK) '~(1-a)
S8, BORFEAE ] THFHED] B O<y, <y, <+ IR ARNT d R B NSRRI RHE R B p, py .,
(AR P OB, B P=(p, p,, - op, ] XETARIOBCIEREA x5 2 e (23S TR

U(x)=P'$(X) b(x)=P'k,, (31)
BCHL e, = (R, ) by ) oo ey o) ) B OB BRRCAT R0 B R 20005 RS, LS B 5
BABRA k0, )= exp(—y, [, %), BABRAS Ly, XS RO MERERE AR, o UL 12 o O 52 U o
AR AR Z T Y RO L R R AG I DT RESERR S ) | B0 b A R 3158, A
A TISC] 30 T4 s OB LR BB, 1 9, = 1/ (D2 ), D ol A% T i 2
TERE IO, FEHE BRI K (0. (b O LB KBS ik

K=K-KE-EK+EKE , (32)
KSR E=[e;]) -, € R™ e, = 1/N. BREAKE R A O AR AZ ]
i‘x =k 1, K-k I, +I ,KI,,, (33)

KL = (1/N) oy Ly = (1/N) e 5T SSDKLLE (1452 A& S REAG I B v B AN R R

B ARCEIRE X, RARICEURE X, i X=X, , X, |, A4 N d, BB 8y, IT48 M &,
ENSE B, I R o

s BRI P

AR R (32) O K X R RE A i 2 (4) BRI AR B A R As,
s, | =& BEFEA x, PHEHEALE Nn(P(x,)),i=1,2,- ,N.

K ) A A ) 5 sk | [l |
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M 8¢ SRl HUEAE R SO FIAAT SRS S9.

T ERIEEA |
ESi il

R4 *E*Eft( 30) VA P. @&M$€> ey B
S R TREA x, RIEC(33) TR PO A ) & : SSDi‘LLE
k. ARHGELIFIREA T 2=P k.. [ sz ge s || oo
R EH 2 ) 1 A Y
» i% 6 it KNN B FEA x B9S00, IE IR RS g ) oo e mumamensmmem
Gl Hj(’“‘" Fig.2 Schematic diagram of SSDKLLE for
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3 LWHE

FEASTT AT SEBRERAE (UCT B4R ) F TE s B8 5 0K i i 52 3, DATE 2O HERf b {4 11 SSDKLLE
HyPERE. FRATHE SSDKLLE 51478 LPP (supervised LPP SLPP) DSPP D) K ISKLLE''" Byk k4T H Ak

FEGTE T AR R i 1 AR — MBR IR [ 5,151, X (4) R 0 5 (E 1 R 107, 5K
(22) T S8 o 7E[0.1,0.8 ] PNIREE. T 45 3L T R i A S 4015 5.

3.1 UCI #iF%E

T J6AE Benchmark BUHRAR 1A TS50 07 L, 12 52 507 S0 S0 AR SCARE I 0T v AR H5 s R AR A 550 s 2 4b FHL 1Y)
BRPE X B 7 A BRI T B, o 2 A8 S 2 RS R A (NS RUE R 5 57 1#
18) , HAKPEEM UC Irvine HLEF24 2] E (http . //archive.ics.uci.edu/ml/) T 2. X L4 5 19 HARSE b1 0L
# 1.

TESEg T BB B UL L 209% MU FEA B AR AR ICAREAS IR B AE A AR AR ICHEAS X SSDKLLE
BRI TPAE SR L 2. F 2 WTLLE Y SSDKLLE £ F HAth 43254 k. 78 BT A3 i R AE S U 35 | SLPP
O3 TT IR AR R I I 25 , SSDKLLE H1 ISKLLE 53k PEREv] LA 3Z. SSDKLLE 53 Re A T H A 582,
HJFRAET SSDKLLE F T B A £l v i Jmy Ll 5 B 2 Jm S5 5015 B, B RAF I &% . A 3
FE ARSI AL, RN ARAS R AT PERE.

*1 UCIBEERNZITE xR2 THNHEENRERE

Table 1 Statistics of UCI data sets Table 2 Clustering accuracy on seven data sets %
data set size number of features  number of classes data sets SSDKLLE ISKLLE DSPP SLPP
MNIST 10 000 784 10 MNIST 82.6 76.5 70.6 68.3
Yale 165 4 096 15 Yale 93.7 89.4 87.1 84.1
Waveform 800 21 3 Waveform 75.5 73.8 72.3 61.9
Vowels 990 10 11 Vowel 72.4 69.6 67.7 63.9
Libras 360 90 15 Libras 79.6 77.8 75.9 72.2
Control Chart 600 60 6 Control Chart 80.8 79.1 76.8 71.5
Breast Cancer 569 30 2 Breast Cancer 99.3 97.5 97.1 95.4

3.2 TE Benchmark {f &

Tennessee Eastman (TE) {f EF- 5 B 208 )12 A T PEAh i R W Bk i A 3 TE R/ T
VERARE WA 3. Zad B R 5 A 2R AR, B % 2t P U Ny 28 e ds OB B 3 R A% B0l
FEZEHL 5 N ERAE AT, 0% 30 s B (148 AMUEUT 2. Bl A AR b A& AR AR,
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Fig.3 Schematic diagram of the TE process
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Table 3 TE process modeling variables
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Table 4 TE process monitoring variables
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