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Fault Detection Strategy Based on Principal Component Score
Difference of k Nearest Neighbors

ZHANG Cheng"? GAO Xian-Wen' LI Yuan?

Abstract In order to monitor a process with nonlinear and multimode characteristics effectively, this paper presents a
novel fault detection method using principal component score difference based on k nearest neighbors. In the proposed
method, firstly, real scores of samples are calculated through principal component analysis (PCA) method. Next, estimated
scores of samples are calculated using the mean of k£ nearest neighbors through a linear transformation. After that a score
difference matrix can be obtained through calculating the difference between the real scores and the estimated scores;
meanwhile, a residual matrix can be also obtained by reconstructing a sample using the estimated scores. At last, two
new statistics are built to monitor the variability of a sample in the score difference subspace (SDS) and residual subspace
(RS), respectively. It should be noted that the proposed difference method is able to eliminate the impact of data structure
on process monitoring and the new statistics can improve fault detection rate of a process. The efficiency of the proposed
method in this paper is tested in two simulated cases and in the Tennessee Eastman (TE) processes. The experimental
results indicate that the proposed method outperforms the conventional methods, such as PCA, KPCA, DPCA, and
FD-kENN.

Key words Principal component analysis (PCA), difference of scores, k nearest neighbors (kNN), multimode process,
Tennessee Eastman (TE) processes, fault detection

Citation Zhang Cheng, Gao Xian-Wen, Li Yuan. Fault detection strategy based on principal component score difference
of k nearest neighbors. Acta Automatica Sinica, 2020, 46(10): 2229—2238

FEBARAC L P T B o, A RO SR T vk R 2 AR R i T B o3 A SR ) R AT R AR,
RS ORI A2 7™ 2 MR A 0. i A DI, W 2 9% T Bl 9K 3h 1 2 42 8 40 v R 4 )
Wk 1 2018-03-22 SH H I 2018-07-05 (Multivariate statistical process control, MSPC)
Mamnus/cript received March 25, 2018; accepted July 5, 2018 ﬁY£ Eé};f‘:ﬁi@] Tr/iﬁjﬂ% ﬁﬂX?%TﬂéB@ﬁk%[172] .

[ FURBRE 34 (61490701, 61573088, 61673279), 114 144} % 5G4 #7 (Principal component analysis,

254 (2015020164) w1 N Sy N N
Supported by National Natural Science Foundation of China PCA) ﬂfj‘J**EFEEEJE’J MSPC 7:7/2 E‘,Zéﬂzlﬂﬂﬁ%ﬁi

(61490701, 61573088, 61673279) and National Natural Science I 21 A 77 5ok R p i R Ay ) A sk P - EUE I N

F i f Li ing Provi 1 4 vy P N . N
B s g Frovine (2015020164 SR PCA e W S M A A
ll%ecgjrﬁeg}??g ';lynf\,ssz?a?e[sE%gﬁ{gfgunfa%gﬁ S P B 4 7 2 (Cumulative percent variance,

- IR AR TR ) 1 \ gy — N .

BB 52 A B S 110142 T CPV) NS 1 5 D 6T 5 1) (Principal

1. College of Information Science and Engineering, Northeast- component subspace, PCS) Al ﬁj%ﬁ?/fﬂﬂ (Resjd_
ern University, Shenyang 110819 2. Research Center for Tech-
v yans ual subspace, RS). £ PCS 1 RS #, /3l H T2

nical Process Fault Diagnosis and Safety, Shenyang University
of Chemical Technology, Shenyang 110142



2230 H ]|

¥ {1

46 %

FIF- 7 il 22 (Square prediction error, SPE) W
ANGEVE R SE IR RE ACIRAS (IE 5 Bl ) a4l
WAER, BT PCA AN ) M Ra sy Wl SFE s 2 48 B 42
% e (Kernel PCA, KPCA)P! fzhzs
FI65 41 (Dynamic PCA, DPCA)IS), KPCA J&#;
5 I A e P A o i N T SRS 4 e R IR
] (Feature space, FS), SAJ57E FS 4T PCA J7
AT MO AT, KPCA &85 3l 3k F2 11
R PERFAE, e OIS A A S i 1 e A 0 81
DPCA &% B 2k B2 1 2h AR AL M Al 32 i 1. 7
DPCA Jyikth, el 1) i #2 i 1) 5 51 1) J7
R REAS IR 8)) A5 R I B 0 O A8 AR AIE, AR5 DY
IR PCA SEBIN 2L 8) A Mg &R AE 1 [A) 20 12
IOl TR S IR T PCA WARTR 7
SRR VAT 40, AR5 IAT PCA bk
. S REAT I FRATAR N ] T2 M SPE AN
S FEEAT IR RS, T? M SPE &M T B 2L
BRI, O LA s 00 o e b 3 ol B R AR
ST [ 43 A 0L 450y AR S A AE 2 B i ek
LNEAHICI, T2 F1 SPE 3 Bl 1 H AT BUIC i
FEET D% (Fault detection rate, FDR) B4 & 1%
K (False alarm rate, FAR)M.

IO AR St M 22 AR A I A R R ) ) e, He
SR N T ke T AR FI B A I (Fault detec-
tion using the k-nearest neighbor rule, FD-kNN)
J7VER . FD-ENN B 567 I 258 v 4 48 PG 24
AR kAR, REUREAEIL E T H
PR 2 AR e v Fabr HEAT R AR IR . TR
e G o R ) A ke A1 R 280 R S5 e A X e A U )
oM, ARG IE T PCA AR TIERAR
[y i R AW P R 12 A e 2 AR A g 3 - 1
FD-ENN 7£ 2 B ik i v HU e ar — MRy Ay
56 LI R ) SRS W, e A — A B N S 2 RS
T g B A U () B A 7 k. % B B FD-ENN th
ok EARVFE R SRR, — M T U kSRR
M| (Principal component-based k nearest neighbor
rule, PC-kNN) #3205 %751 HUAE E o028 [k
AT kAR BEAT Sl s s A
HFEA k AR, A I FD-ANN, PC-ENN
HAT w0, R0, FD-kKNN 1 PC-kNN Jivk BAT
FHR (g BRI o, 78 2 B 8 o SRAS S
i ZE G R 7= S G, RIS RS ARG e s, X
I 25 SRR P /I RS e 00 6 AN e gl b 3R I VR A
Fk, PC-kNN J7 i UL T FEAAE PCS A2
e, —B#hs 58 4 K AEAE RS Hi% 07 12 TR

BT AT AR 1 R 22 5 2R A 2o TR PR e A
), ASCHR R LT kAT AR oo Ay 22 08 1)
PR AT I K (Fault detection strategy based on

principal component score difference of k£ nearest
neighbors, kDiff-PCA). 7& kDiff-PCA v, H5EE
NGREE TP AR A & I AR R & I ME
FEAS; SRJ5E, M PCA THELNZRAE ) o - b,
[ oF SR A L TOS AR AR 1) 7045 70 Il # 36F
K, THEEEAFEA AT 7 75 0 10 B O SR AT R R K 2
oy YeRin); e, ARy 1A ISR B GE T AT
AR, EREARZERI T, AT IR
FEA AT 73 0 KA A BEAT A, % R X ) 1%
BRI H T

1 ExXoth

PB8E X e WINGESELT, SErb 0 A n 55 0B
KM FA RS, fE PCA o, H/sE 5 (1) i
X (YT ERINE O

1 T

C = mx X (1)
BNk, By ZH M C ST EAE 2 R,
Ay Ay N AR BB HEA R IEE, P =
(D1, Doy - 5D, A SRFAEAELAR R I (R RFAIE 17 2240 o
G, Wit CPV #iE T oot r RN 3R oo e
M P, = [p,,py, -+ ,p,]. TH, X BIEMFEAE
WA T = XP, B X nfUgsr i LR B

X=TP'+E (2)

b, B k2.
e R L R, PCA J5ik N T2 1 SPE
G B M EFEAZE PCS 1 RS HHPIRA (IEH
By ).
T? =tA 't (3)
SPE = ee" (4)
Hp, t = P, NEEA x 50108 A AT » A
FRAEAE A RN SRR e = ¢ — tP) WFEAR a 1
Bezzm . R EIRMNZ RN, T2 F1 SPE
sl R aT L st (5) At (6) AT,
r(m—1)(m+1)
m(m —r)
SPEyct, =g - X?L;a (6)
2 BT kiR ETEN E 5 RIS N RS
T PCA J7 18 5 AN B A 2 3R B2 AR 2k
PEAT 2 RS HEAE, DR SE L AR HoAfr Ll Rk 1 i 7
HEAT W B RS M B, 38 5 AN Be 3R A 2 NI = IR RS M 45
T = v end |1 A 4 BE | RS e A A A N
G T? Gevk i A BRI S, 2R R 2

Lo = Frmra (5



10 3

SRR SET ke AT AR AT 24 MR e 2231

FE R YE T8 T Gt 2 il BR B A e A 1) 45
HJ, Kl A 152 445 ) 2 SR RE A #FE Aff o 0 O R £ 1
FEA, B R RE AR O b 2 7 AR R oAk,
X (4) W1 SPE H T MR 2 A2 4k, i =X
(4) nrE e M

SPE = (xPP"—tP")(xPPT—tP")T =
[t tr)[t tr)" — 26tT + 1T = tuth (7)

Horh, tp AFEARMERER > ME. il (7) rH, A
K L, SPE WA ZER ) 2L 11
JTRR GRS, SREATR ZEAF 3 0 AP RIS, A T A
E B0 R AR A AL, SR, A SRR R 0RO
Ay Z2 K B oA RS 20 1 5 AR 5
A AT Rl AN RERE SPE P E A

N T BERAR AN 2RI PCA Ay
A R PCA R R A R, A $2
R R AR A 22 O3 IR A D U5

HOL, WHAAR x MEcHn R & IR, £E
Rt X N k AR R 2 1) & T ARFEAS

W, @ oo W IR kI ARFEARIIE m 1A
ZaaE AU
L&
_ = (4)
m=_ ; x (8)
tm = mpP, (9)

PRk, UM @ A t 5 kI sAhTHS
ot ey R s, Wik (10) FioR.

s=t—tm=(x —m)P, (10)

i3k (10) FTLAFE, s AR L gEfi RBEA @ 153
it m (0% 5. dLETRET R, R 2 5 om
012 @ — m FEIR ARAY m 24400 @ 1)
i BRI EE S REAS I R AHI A 8 2
S, RIS T LLSRAHFE A TAEAB I R0 19,
G b, A TSI R s AR
MEEHIE L BT, 2200 7 RN MR B ok
L 25 R T R 3.
R, B (11) 4 T2,

Tig=s¥,'s" (11)

Horh, By ANZRFEARR > 2050 S [P 7 250
B EFR 2 TS L i R gt

qag = (x — tMPOHY Y (x — tMPHT  (12)

Hrp B, BEREWHME E=X - TM™PT [fihh %
FE .

2 (10) mrgm, FdlsE S AL EZES 125
B AR AR R R SRS A5 A, A RS 90 22 53 ) HE 3

RZTCE AT, W T3 FES R KR (5) 2
17T . ST qaie, 2\ (12) FTRASCS Hedn FIE

qair = [(T —m) + em] 5] [(x —m) + em]” (13)

H, e, IHEARLMHMEMNLRZE. HREK e =
(x —m) + e,, ERURMNZ JTE 04, FFE gag 1
IR P LAt = (5) MEATHIE. A T OTMH, Thg
qaige MR BR AR AT DL HI % %5 7% (Kernel den-
sity estimation, KDE) #7#ii1®. KDE Jj k7
IR D R QA B T Iz IR 21,

ATV WA I R S W A B 2 AN
FEZATIN.

1) BSEk g

PR B WL (1) MR (2) TR
B33 F5 B T M B P

PR 2. ML (8) WEINGFEA o (1) k T4
BHE 3 e, WWIGREER ke I ARMERERE R M N
I (9) HHEINAEMA flTH RE R T = M P

IR 3. WA (10) tHEINZREAT 95 7 0 A b
S =T —T™, I8 S 1P J5 250 Sy,

P 4. MK (1) FX (12) HEUIZRREA
W Tig M qaie JFIEZERIR T3 4ucr M qairucw-

2) {EZ A

X TR FEA @,

PB 1. HE « 30 E ¢

B2, M (8) A x 1 k IR I &
m FERNE (9) U x W4 e,

F& 3. WA (10) tHF = KD Z0 1 s
MRS (11) MK (12) TH5 T35 A qais

PB4 4 Tig > Tiguer B qais > qaigvcr,
x NBEAEAS; B, @ b IR

T B RA ST The it EARNT
PC-KNN F1 PCA #1# D? (50 (14)) 5 T? 4eit &.

k

D> =" (¢ — V)t — ) (14)

=1

5 PC-kNN b, AR BARFIFEN A k14BN
[N (ERSE I AEE REZS W ei g = 2 N= S v & &7 L A i e
(1) FIxC (14) TR, ASCTTERNH T
VEREARTEAR 5 7250 1 A K284k, 1ff PC-ENN [
M D? WHEREARTE Boo P A4k, R, B4R
Tie 5 T% HATARRIG Y, H 2 75 AN 7] 1) -2 1)
(ZEor AR A To 1A ) PR . S5k,
A EF IR ZEG V& que AT SPE 4.
H150 (4) A2 (13) WTBLEH quig M SPE 735t
i R ¢ X REAEAT FA.



2232 H ]|

¥ {1

46 %

3 (AEXW
3.1 FELEBITF

FEAT T, Gl A AR R ] 1 2 22 e
EDifE-PCA B ZME. SHIIs 6 MR R,
HP AN 2 1y W TN KA

y=a"+e (15)

Hop Avig o 48 [—5, 5] IS0, e 22 [0, 2] |
(XS e R 4. 43 AR AR 0 F1J7 220 0.1
[l e A AR, 200 AN IEHREAS ] A Y
WL, IR R REAL S 200 ANMEEAS, HorbET 100 A
NAEIEH S BRI IGFEAS, 43R 1 8 3 %
ARy BN B A RO A ARSI 1

35 v : .
O kA
30t * RREEA |
O dkmsrA
25}
20
A 15

K1 AREAER T FEA UM

Fig.1 Nonlinear case: scatter plots of samples

N T BAUE A LI A R, AEAR Y o T
PCA {751, W PCA-T?. PCA-SPE. KPCA-T?
A KPCA-SPE 25 AGIEAT AR, [F N, & T
A L P F0 22 B Tk R AT I 19 5 FD-ENN 7E
A g, @ik CPV = 85% ffie PCA il
KPCA B3 7c80505 0 2 #1 6, Hoh KPCA Hi% ek
KOk P B T R B K (2, y) = exp(— ||z — y])%/8)
HE %25 8 = 30. Wil FARMNEK, FD-ANN FIA
SCOTVET AR KL k= 3. LLEJ5IRESR 99 % 1Y
3 I PR AT WA B A

Kl 2 45t PCA-T? Fl PCA-SPE ) b6 il
gL HAR PCA REREH IR L RE 7 22 A8 4b 5 KW
), {ESE AT gt T2 3R ANE 1 HoA et
SER T FE RS AS . Rk, PCA-T? f1 PCA-SPE
() B AT I 2R 0 0. 30 FH A 4 e do R e A 0 1)

KPCA J5iBAEAG] il ek il a5 R a3 pros. |
4 g5 1 KPCA i 4 D FI13 70 155 i 4 SO ke
AFEEFEA ) 045, i 4 AT LUE ), KPCA W
FHARLRME WS BE g il SR 2R Eidia i AR e ME 4 . (2
e T SRR A B AT B i 2 R HL R AT IRk
P AR, P S 01520 1) A FE AT AR
AR I ZRREA i BERE AR > 2. 25 F, KPCA 7
A Py RS T < 04 0.

20

K2 PCA kilgiR
Fig.2 Detection results using PCA

60)

047

02

SPE
>

0 100 200 300 400
P
(b) SPE
K3 KPCA il
Fig.3 Detection results using KPCA

K 5 45t FD-ENN J7 3248 A1) r i g e A il

i3 T LLE i, FD-ANN J7 v IE AN Ge A 80l it
PRk he Bl 20 0. 25 FD-ENN J7



10 3

SRR BLT kAR A T019 40 22 70 1A b R ) S s

T8 AR SR I R W e pro s N, oS o
[ /I ROE e s A U LA A (K A . A Sy
RIS I S5 R AN 6 P, LAl 45 R 04,
ALV RS RS  AGA 2 99 %0 Hwy T A i 1%
STk AEARICTTES, T2 Tk RERE WS T R 3
JUAE [ A AR S P Sk, S Re s 4G R 1 s M 12
WIZRREA BRI 0 RURE, PRI A ST B A e v D i
e I <.

F—T, FHITME = 25.069

F_TC, FRITAE = 24.259

-1 0 1 -1 0 1

Kl4 KPCA 7 4 0% msk
Fig.4 Contourlines of the first four PCs in KPCA

40

35

30

25+

0 100 200 300 400

Kl 5 FD-KNN 45 R
Fig.5 Detection results using FD-kNN

3.2 ZREHIF
A2 B 7 QAR B4

2233
FEARGLE 4 N iEARE, R
=t
M, FTERS t~U(—1,1)
y=2t+e, (16)
r=1t+e,
M, t~U(—-5,5)
y =50+ 2t + e,

Hod) o Aty AR EEAR R N AR & b AL
LA 200 MREA, AT 100 S BB
1 (M) 724, RFBHBRE 2 (M) 7oA. RIEQ
100 NFEA, Hod iy 50 AN My BERLAE R, & F
(P My AR FEREES My i ARy BNk
5, AR 100 ANEEEREAS. INZRFEAS (o), ISHFEA
(x) FIRREREAS (O) ST o Ay (P B &
7 JiR.

0 100 200 300 400

0 100 200 300 400

Kl 6 kDiff-PCA gl
Fig.6 Results using kDiff-PCA

iz, 40 PCA J77k, PC-ENN ik K
A SCTTIEREINAR. T 78 0 2 8000 B R0 A il
KRR 1.

K1 SHBCE, SRR R

Table 1  Setting of parameters, FDR and FAR
ik PCs k FDR FAR
PCA 2 — 0 0

PC-ENN 2 3 85 0

K S Wit 2 5 100 0

Kl 8 %5 th PCA Jidkxt Al iy beeksr i 45 2% mT
LA, PCA J7 idxd A (s sk i 2 ez, &
LR AE PCA Jiikh g uih & 17 FE I BRI
LG EArSUREHIEC AN S i -9 ATETE T i I T



2234 H F| 1 2 it 46 &
FTABIHPAAEH B 2SN, R R A8 U8B AR s Hob s RO RN, A A

EIFAN AL LR BBAAE (W9 Pros), AMTBEAR
T PCA J5 ik i bAer il %

70

o LA

60 | *  RRAEA
O ks
50t

- 30}
20¢
0}
o}
710 I
-6 -4 -2 0 2 4 6
X
K7 BT HEARUE

Fig.7 Multimodal case: scatter plots of samples

600

10°

N X
300 400

EZN
(b) SPE
K8 PCA g
Fig.8 Detection results using PCA

F ISR L0 T A WA RAFAE 2 B S5 M, i
R T EICH kAR VER PC-ANN £EA] h 3EAT
TR, K gs R 10. W LLE H, AL PCA JF
1%, PC-ENN J5 ki MOl = K de . i+
A v P AR B 1)y ZE AR 22 A W] A, B
AL 1A 0 TIORE P2 B S v o S, PR R
SHAR D (HEFKNTH SN D T H
G R A, D? IR 8 4l 2 ARSI
D? {EprokE HAWI RT3 Bas 1 D fH. 25k,

500

(¥ D* {EEE A1 D? {HPES. I, D? %
i B PR TR AR b e A S T, JERARE ) 15 %.

50
. /
]T 0 |
s
h -
-50
5 )
B o0 ’
-&
o s
-10
50 0 5010 5 0 5
#-1ot BT

9 ZRIEHIT: G HULE

Fig.9 Multimodal case: scatter plots of scores

10*

10° |

10°

FEA
K10 PC-kNN g3
Fig.10 Detection results using PC-ENN

ALV R I & S L 11, T RUE
ARSI IS I 2R 2] 100 %. B 12 45 AT
JIIEHREARAE Z2 0 T3 IR 0 A . T U, AN SCO7
TR 22 4 b B T S RE S 1 I L R 2 B 1R o0 A
TiE, TR] S A 7 A e 29 1 U8 PR R IR A B PR R
Hugsmtl. R, Ay vk BA S AR R RE.

4 TE 32

TE (Tennessee Eastman) i ##:& Downs %5 A
55T Tennessee Eastman 1457 28 & SEFR AL T2 5=
REFE BRI — N7 TR Rl Tz B R
0 RSS2 s Al TRl R A SRR AE, PR LR A



10 TRCEE: FET kAR 2 JO A 0 ZE 40 R B RS SR 2235
10°

diff

Gaite

300 400 500
FEA
() Gaier
Kl 11 kDiffEPCA Al 3
Fig.11 Results using kDiff-PCA

15 B 7732 N R s e 2 W T 5
21231 5] 13 45 TE RS 5 N EgAE R
JG. TE LR S 22 NMESNEA T, 19 Ak
AR R 11 AR R EA T AR SOk
[21] HEHL 33 MR HE (22 NMELSNEAZER 11 M
AR ) X EAT /0. TE 45 B3 T LUy
TAEREE, RIS 1 AR 324, fEAT b YIIZREL
PHAE R 1 FIBEA 3 19 2000 AN IFE 3 REAK %, JL

TR 1000 K H TR 1, R FRSRABE 3. W
FIAR SCT5 0 B Al G 77 4y NS 1 ik 8 (A
Wl Fy) F110 (Fy) KBS 3 Mk 5 (Fs), 8
(Fy) 5 10 (Fs) BT T SBA ), & Fhili b 35 5
1000 AMFEA FL B f 200 B %15 1 I RF 4L 210 f
g5

8

12 FEARFFIR 2203 MU

Fig.12 Scatter plots of score difference of samples

FEARG]h, £ T PCA AIA 7kl 2o ¥y i@
il CPV = 85 % #t47#fise. £ KPCA , & R%ik
WO s % B8 (E DPCA HF, nSCik [21) HTE,

R BEAS

AHIK

_______

[t |

®

e

&
)

R —— |

K13 TE idfe
Fig.13 Layout of TE process



2236 H F| 1 2 i 46 %
ZH lag = 2. FH 7] s W ey e e A % R

IRE L 2 A1 3. B 14~ 18 LA 7k T |k

A W o 18 A A 7 ) e, v R T T R A % .

g5 5L o B R AT T UM b

T2 BRI 2
Table 2 FDRs using different methods
ik Fy Fy Fs Fy Fs
PCA-T? 54.6 0.1 89.4 67.8 3.4
PCA-SPE 79.8 0.6 98.8 76.5 1.4
KPCA-T? 69.6 1.4 6.1 67.6 0.5
KPCA-SPE 83.5 1.4 65.5 83.5 2
DPCA-T? 84.1 0 93.5 75.9 4.5
DPCA-SPE 65.8 0.1 88.1 76.6 1.5
Tt 87.3 1.5 92.5 72.5 4.8
qaiff 92.5 90.3 100 92.5 95.1
3 HMINEMRE R
Table 3 FARSs using different methods
7% Fq Fo F3 Fu Fs
PCA-T? 0 0 1.5 1.5 1.5
PCA-SPE 0 0 2.5 2.5 2.5
KPCA-T? 0.5 0.5 2 2 2
KPCA-SPE 0 0 2.5 2.5 2.5
DPCA-T? 0 0 3 3 3
DPCA-SPE 0 0 2.5 2.5 2.5
T2 0 0 0.5 0.5 0.5
qaitt 0 0 1 1 1
10°
g e ¥, ‘f\
B i ' WN
10" WWM"{ i
0 2(I)O 4(.)0 6(I)O 8(30 1 000
FEAR
(@) To
10°
%\%ﬂ\“f.ﬁ\wﬂw
ey
1000 260 460 660 860 1 000
FEA
(b) g

Kl 14 Fi 1) kDiff-PCA il 3
Fig. 14 Detection results using kDiff-PCA of F;

Yt

800 1000

10°

ity

T,
/j\

A
>
=,

800 1000

Kl 15 F. If) kDiff-PCA K7l 1
Fig.15 Detection results using kDiff-PCA of F»

10°

T‘xzhﬂ'

1 000

Gain

40.0 6(30 80.0
S
(b) quir

Kl 16 Fs [¥) kDI-PCA K45 5

Fig.16 Detection results using kDiff-PCA of F3

I3 2 AL 42 1 Pl DU Y, AN SOy ik g g
ARORR EIR 5 Bk, ks A ik ] 90 % A
L EERER R Fy BRI AIAE] 100 %. LR
r, ARSCTTEAE TE 2 RS0 A R i 2
TALGITTIE. WOt qua PURCBEAT IR & T T
MG SPE. X Ui WIAS SO HIFEA kAT ME
1553 SR FEAS (1 J5 TR BE AT 203t 3 7 B EL 5 A e
B JBE, AT b Wb e 8 R A . 3 A1 )
Rl 25 R ] LUR ), AR ZE 2T PCA AR 7 ik
T BB T A I, [ I 3 2677 vk 2 RS i A
R e 2 A KD, A v iR By Fs
M Fy. ASCTEM kLRG> 220 i T Ry
ARLMEAN 22 A R A A [RTI, AH AR ST

1000



10 34 FRAEAE: He T kAR 3T I0 22 7 f A D) SR 2237

KPCA F1 DPCA J5ik, ATk B ALK
R R i (IS SR . 45 b, RSO — s
FH T 20 A2 ik R e A0 (1) A28 g k.

]OO’M 'E"_'WWW ]
0 200 400 600 800 1000
R
(@) Tan
105 -
f**/’f\””"\“’_
0 20 400 600 800 1 000
N
(b) gair

Bl 17 Fa ) kDIfE-PCA il 3
Fig. 17 Detection results using kDiff-PCA of F4

Tflif[

200 400 600 800 1 000
FEA
(a) Tﬁirr

Gairr
/
//
A
}
[
J

/ \gh/
il . .
0 200 400 600 800 1 000
FEA
(b) Guir

Kl 18 Fs (1 kDIfE-PCA Frillgh L
Fig. 18 Detection results using kDiff-PCA of F5

5 45t

AT S L b e N 2 A R AT W A
I, ASSCHE b T 2 e A 20 22 23 IR s I 5
W, 7303 2253 T3 TR RENG AR R ol 22 AR S Bl A
FREAEAFAE IR, RENS S ey i feesr P <. G A4
W 500 B b, A7 A A 29k, th T
ASCEN AL kLA EEAT 15 70 Ak v, DA I 48
B R ) R B ORBT TR — ANy 1) R, ASSC

10

11

12

13

JIEAETR) A TR RN 5 AR I — AT

i) L.
References
1 Peng Kai-Xiang, Ma Liang, Zhang Kai. Review of quality-

related fault detection and diagnosis techniques for complex
industrial processes. Acta Automatica Sinica, 2017, 43(3):
349—-365

(I, S, kil B2 T R BT A OC (i e i 55 2 Wi e
Rk, AR, 2017, 43(3): 349—365)

Su Q L, Chiu M S. Monitoring ph-shift reactive crystalliza-
tion of l-glutamic acid using moving window MPCA. Journal
of Chemical Engineering of Japan, 2016, 49(7): 680—688

Bakdi A, Kouadri A. A new adaptive PCA based threshold-
ing scheme for fault detection in complex systems. Chemo-
metrics & Intelligent Laboratory Systems, 2017, 49(7):
680—688

Zhang C, Gao X, Xu T, Li Y, Pang Y. Fault detection
and diagnosis strategy based on a weighted and com-
bined index in the residual subspace associated with
PCA. Journal of Chemometrics. [Online], available:
https://onlinelibrary.wiley.com/doi/abs/10.1002/cem.2981,
July 1, 2018.

Xu Y, Liu Y, Zhu Q. Multivariate time delay analysis
based local KPCA fault prognosis approach for nonlinear
processes. Chinese Journal of Chemical Engineering, 2016,
24(10): 1413—1422

Ammiche M, Kouadri A, Bensmail A. A modified moving
window dynamic PCA with fuzzy logic filter and application
to fault detection. Chemometrics & Intelligent Laboratory
Systems, 2018, 177(1): 100—113

Taouali O, Jaffel I, Lahdhiri H. New fault detection method
based on reduced kernel principal component analysis
(RKPCA). International Journal of Advanced Manufactur-
ing Technology, 2016, 85(5-8): 1—6

Zhang Y, Li S, Hu Z. Improved multi-scale kernel princi-
pal component analysis and its application for fault detec-
tion. Chemical Engineering Research & Design, 2012, 90(9):
1271-1280

Rato T J, Reis M S. Fault detection in the Tennessee East-
man benchmark process using dynamic principal compo-
nents analysis based on decorrelated residuals (DPCA-DR).
Chemometrics & Intelligent Laboratory Systems, 2013,
125(7): 101108

Wang G, Liu J, Zhang Y. A novel multimode data processing
method and its application in industrial process monitoring.
Journal of Chemometrics, 2015, 29(2): 126—138

Rato T J, Reis M S. Advantage of using decorrelated residu-
als in dynamic principal component analysis for monitoring
large-scale systems. Industrial & Engineering Chemistry Re-
search, 2013, 52(38): 13685—13698

He Q P, Wang J. Fault detection using the k-nearest neigh-
bor rule for semiconductor manufacturing processes. IEEE
Transactions on Semiconductor Manufacturing, 2007, 20(4):
345—354

Zhao S J, Zhang J, Xu Y M. Monitoring of processes with
multiple operating modes through multiple principle compo-
nent analysis models. Industrial & Engineering Chemistry
Research, 2004, 43(22): 7025—7035



2238 H ]| 24

S 46 %

14 Zhao S J, Zhang J, Xu'Y M. Performance monitoring of pro-
cesses with multiple operating modes through multiple PLS
models. Journal of Process Control, 2006, 16(7): 763—772

15 He Q P, Wang J. Large-scale semiconductor process fault de-
tection using a fast pattern recognition-based method. IEEE
Transactions on Semiconductor Manufacturing, 2010, 23(2):
194—-200

16 Ma H, Hu'Y, Shi H. A novel local neighborhood standardiza-
tion strategy and its application in fault detection of mul-
timode processes. Chemometrics & Intelligent Laboratory
Systems, 2012, 118(7): 287—300

17 Ma H, Hu Y, Shi H. Nonlinear process monitoring using
kernel principal component analysis. Chemical Engineering
Science, 2004, 59(1): 223—234

18 Samuel R T, Cao Y. Nonlinear process fault detection and
identification using kernel PCA and kernel density estima-
tion. Systems Science & Control Engineering, 2016, 4(1):
1-9

19 Kano M, Sakata T, Hasebe S. Just-in-time statistical pro-
cess control: adaptive monitoring of vinyl acetate monomer
process. World Congress, 2011, 18(1): 13157—13162

20 Wang G, Liu J, Li Y. Fault detection based on diffusion
maps and k nearest neighbour diffusion distance of fea-
ture space. Journal of Chemical Engineering of Japan, 2015,
48(9): 756—765

21 Wang J, He Q P. Multivariate statistical process monitoring
based on statistics pattern analysis. Industrial & Engineer-
ing Chemistry Research, 2010, 49(17): 7858—7869

22 Zhang Cheng, Guo Qing-Xiu, Li Yuan, Gao Xian-Wen.
Fault detection strategy based on difference of score re-
construction associated with principal component analysis.
Control Theory & Applications, 2019, 36(5): 774—782
(Fk B, FRHET5, 470, MBS0, Fe T E 0o MR 40 TE R 2 43 1A I R A
M. EHEe 5N, 2019, 36(5): T74—782)

23 Cheng C Y, Hsu C C, Chen M C. Adaptive kernel princi-
pal component analysis (KPCA) for monitoring small dis-
turbances of nonlinear processes. Industrial & Engineering
Chemistry Research, 2011, 49(5): 2254—2262

24 Yu H, Khan F. Improved latent variable models for nonlin-
ear and dynamic process monitoring. Chemical Engineering
Science, 2017, 168: 325—338

3k A VRRHAL ORI HER, R
LA R A SO B S U Wl S = S B 4
R RS

E-mail: zhangcheng@syuct.edu.cn
(ZHANG Cheng Associate profes-
sor at Shenyang University of Chemical
Technology, Ph. D. candidate at North-
eastern University. His main research

interest is fault diagnosis of processes.)

BEX  ARIEKFEHIR. 1998 F3RG AR
K LA, BT 10 0 Tl
LR AR S b2 W, Hcdls 2 A, BEEGR
. ASCEFEAEE .

E-mail: gaoxianwen@ise.neu.edu.cn
(GAO Xian-Wen Professor at
Northeastern University. He received
his Ph.D. degree from Northeastern
University in 1998. His research interest covers industrial
process monitoring and fault diagnosis, process data analy-
sis, and pattern recognition. Corresponding author of this

paper.)

F T ML TR HEER. 2004 3R
(SR DN i VA S 2 W DS
FRGEPUN, WA I, S AR R S I
E-mail: liyuan@mail.tsinghua.edu.cn
(LI Yuan Professor at Shenyang
University of Chemical Technology.
She received her Ph.D. degree from
Northeastern University in 2004. Her
research interest covers system identification, fault detec-
tion and classification, and data-driven complex process
fault diagnosis.)



