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ABSTRACT: A dynamic detection algorithm based on exponentially weighted slow feature analy—
sis (EWSFA) was proposed to address the limitations of traditional multivariate statistical pro—
cess monitoring methods in effectively extracting dynamic features in typical dynamic process
monitoring. First, the algorithm extracted a slow feature matrix by performing two singular value
decompositions on test data. Second, it employed the definition of slow features to optimize the

parameters, thereby determining the number of main slow features. Subsequently, monitoring sta—
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tistics were constructed and adjusted using an exponential weighted moving average. Finally, the
control limit was calculated and a dynamic fault detection strategy based on the confidence level
was developed. The performance of the algorithm was validated using the Tennessee Eastman
process (TEP) and an electric servo mechanism. In the TEP experiment, the fault detection
rates of the proposed EWSFA algorithm were improved by 24.19% and 1.65% compared with
those of the DPCA and SFA methods, respectively. In the experiment on the electric servo
mechanism, the fault detection rates of the proposed EWSFA increased by 1.66% and 1.09%, re-
spectively, compared with the DPCA and SFA methods. The results verified the superiority of

5039 B 3

the proposed method for fault detection.

KEYWORDS: multivariate statistical process monitoring;

slow feature analysis; exponential

weighted; dynamic fault detection; feature extraction

BARAe & E RA R G BES W 7% F 24
5 3L F i BT BB B kUL Sk T RN B Bl i
DL R TR R, Zon s it R
M (multivariate statistical process monitoring, MS-
PMD & —FP )3z R B B 95 2 5 v, 0
T 0 R B A N 2% k3 4 R R e i
FEEHE B HE 725 1], Ry A 58 11 5t I 50 B i 72
W

5 MSPM ik R 2R DT ILSE: —&E
1% 43 53 M1 (principal component analysis, PCA) .
Yang %57 i Sl PCA X BEASBCBE 20 0l a2 4%, P
I DT P 35 05 5 T DD 22 A 3 s A Y00 A A8 £ iy
— R, T RAK . LIS E PCA 2k
fitlh b B ) — BT 9 35 T H RS B SE T i SPE-R,
FEEVR SLAL R GE b0 B 4 5 i e A7 1 PR RE PEAL o
Ren 55" 48t — Bl 58 F 8080 3K 30 19 4F A7 15 B 35
PCABEARY i i W 458 o B0 5 (R as AT $2 T 17 kg e
K sso% , —Jefmf/N 3 (partial least squares,
PLS) . Kong 55" $& t — By A% 42 M fe /s —
PSR AT LA A4 b AR B A ) A R 2R
PERFIE, JFPE At 4w i M PERE . Yang 51 M i
TR 2 A8 R UM A 30T B R 3 A g b
S A IR AR EY  Reas X 58 F Rk T
I, Hasnen %5 " AL 58 19 W& A 3& N PLS kY
JE 44 PCA N BE Rl i IR AL IE ik, JF K
B B S B T B AT T O RSO B IE . =2
P75 43 M1 (independent component analysis,
ICA) . Kong 55" ) — Bl 5 T ICA #Y i i H 44
BERLIF A F ot PR AE R WA o Yang 58" 48— Fh Ok
T Bt AL AR AR RN A 2E TC A 118 S PR ke s A ) 65 A Y
o) B Lin SR UV —Fh 22 BRI B 43 A7 A
S B 3 b A RO RS I T 9, B A A 8 A T

R S

T RZECTM R, o T e e A s A+
P AR AR R ARG R AR T, R SE
MSPM J5 ARG & T MRS S ®. b T
fifp e ix — M, Zheng""4F Y Ji T PCA J5 ik I 42
i 31 &% PCA  (dynamic principal component analy -
sis, DPCAD . JE it 5] ABFAERH 8 455, B
AR HE S AL i M o T A OC R, AR AL LR
A7 VR AT DLE— 20 S IR A2 2 S AR AE . (HXF T
it e, ROAE HB E—Br A AEOC, Kol py 4E
L BFEWM . W, XS EIET, A
705 g 8 AR [) (%) Bsf i A B, T 2 2 R M X AN ] Y
WA REA A F A . R, DPCA S5 A
EIF R RORAL, 1 LA B A e W R i PR
AN AR

BeAh, ST M R bR O S A R
14 IE 38T (slow feature analysis, SFA) #f 42 H
R SEAAME Ry — M IC B RRAE S O, H
DN T A e g i, TR S A
B g OCBEE B o O R TE T R IR I ) 2218
T AZ AR, X S8R A S L R 1) A
o AR 3h R AR J7 T A L, SFA
CAE 2 DGR IZ N o Saafan 5P R Y —
P T F B SEA IR, I3 i 2 4 Bt 4 ik
TIZOT TR A A o TR —
T SEA KRG SR S I ik, BRI T AR AR 1Y
WAL AGEI F 43 28 4F 55 TP o Zhang 55 ™58 1o X 18 RRAE
PEAT B ALAL BE , A7 R T T 8l A A U R Gk
LW R R TS A S . AR, 2l SEA R i
GE it iR B8 % 18 Ah T P I R R R
S BB RS RS LR A TR AR

TE BRI b, A SCER Y — Fh 5L T 45 Bon kg



2025 4F R, 4.

BSOS A SR AT 3 BT 84 0 28 B A 00 57 1 101

FHE 53 #T (exponentially weighted slow feature anal—
ysis, EWSFA) B2 AR 52 o % I F 0 1
12 R S o, SRV RRETE P 5 15 B8 R
M LA ZH, B 328 R R A3
Mige it i, k48 BUMACE 2 7 W18 IESe it i
B, MRS EAE TR R, ) R A I SR
W&o 5 A SRR A L, AR ST iR EWS-
FAFZOERW T D 38 i 58 BOm AL 3 F 6
I S REAAE BRI Y AR A A MR IS b 3, A7
AR TSR ISR, 2) Mg RS H RSN
I RG0SR, S X R G s 2 R R T A T e A
WEm s 3) BT H Y475 - 1 2 5 # (Tennessee
Eastman process, TEP) FlH 8fj f] IR HLF4 52 56 PF-Al
SFEVETERE, AR SRR IR A 7 1) 52 B 1 FHFE AL

1 EWSFA &%

L1 IEHED R

FrifE SFA B35 38 1) -4 638 1 A i e Ipt
PRI, PACPREE AR Ak B R[] e 51 B 2 48 AR AR 1Y
FEAE

X =[x, w2, o, x,]€ RS2 2 50040
M n 2 FEARDNEG m BT RN, S=0s51,5, -,
$.)E R IRBFAEFIE, PIEZMER N

S=WX D

Hd . W=[wi, wa, =, w.JE R™™ 2 WL pR B SE
FE. SFA ) HFReRECH

min E { s} 2
LI PR B
E{s}=0 3)
E {s}=1 4
Vi#j:E {sis;}=0 (5

s s BB AFAEAE 5 s A XTI 8] 22 5 ¢ (9 — B
S
1.2 Bfr|EK#E

R TR (2, IR 2 KA 7 EH 5
(singular value decomposition, SVD) ., B %, Xt
B AR ZHERER AT SVD, B 7ETH BRAS 1 2 (A
MYAHCHE, Rk Hh

(x () x"(2)) =UAU" 6

A AT U 5350 B J7 22 56 B B REAE R0 B R Ay
fiE 1) i o

BEJS . XFIREOE AT A, Rk

(=AU (1) )

5 M Q = AU (b RBCR L fE

e (OB —B S8 (O, WA (o) oy 2
T SVD, ik N

(z (1) 2"(1)) = PQP" (8
BTz (0)=0x () Fls (0)=Pz (), 1EFFE

9 IS5 PR O Wl 3R
W=PQ= PA T )

1.3 SHHh
HT (D, AR IEs (1), IR
FROE AL 218 e, 75 Sk £ K M2 FRIEAE
FERS, I s (o) R 53 B 78 Ak A A5 Ak
B2 ER Gy, Al Rl
s (t)=Lsi st (10
K si =Lsi, 50, o0 s JCRZE 8 A8 1 1Y FEAE
st =L sker, skea, o sl FRERPEGE LI RRE
—J7 I, 8RR A D a] R T S g S ke
ISR A S — I, 2 AR 23
SIS R DU AR DA RS K B ST AR
WS, HATEE B E A SOR P s
A RRAE 2 SCoA ) 0] 2 25 8 0ok T A A A7 1 19 1
FRAE™Y, B
K. =card {s]A (s;)>max/{A (x)}} D
K. card (-} HEANESTHITEREANE; max)
{A(x)PHEARTA () q Lo, WE, &
Bq=0.1,
FEANBFHE R B K T RoR A
K=m—K. (12)
1.4 $EHMBEIE
15 B AR 9 F ¥ Cexponentially weighted
moving average, EWMA) 5 /& AL o)) F-#4 1%
WAL R, IALES 3l 7 35 32 %8 0 85040 3 o) 7
AR R, 7 A KA R 3P A, IR LAt
(B R A, B BUNE . EWMA WJE 48 24 5500 in
ALF A I Ta) 52 4R AR 9, FE A AR T AR
fEat REdE, R AR NAE. BOR % 4
, X PCAMAEWMA B, MR 5 & &
BF, B AN pE & A= w2 8K, PCABEN T4
IR RS 0 G N1 = 0 1 351 S Nl - S Y
EWMA 8951 A n] LUA 2R TF PCA 5535 09 5 ks A
MKSTEZ . [FBE, SFARIGEIHEINA EWMA JE¥ AT
DA R Tl I A DU A 2
T WIS R AR AR O, Mg g E R



102 KEFETRER IR

55 39 &4 3 1

T? =sls (13)
BRBAR TS Biztrh, WEAA. B
T EN RS S B AR AL . A
M B % A BRI 45 SR R s e, il EWMA X
Giitm AT, RKib=h
T ()=l (1)+(1—@) Ti(t—1) (14)
Kb o W EH T, HAH BN R IR ICIC TR B B
W T2 (O FTA VI ZFEAR G i 4 (A0 2
BEBGFEN—a, FXLL LG E
BRIFEEIE

Tllzm :){f,..a (15
Kb o MR BEVEATY R o TR E B

X oA
1.5 HBE4G ) 5 B

LT EWSTFA Ay il 55 16 00 55 W fu 55 5 2 45t
FAEL WS 24304y, R 1 s, Bk
L3 (Il

Il R
! LELR B

. o B I
‘*ﬂ%%fﬁﬁMW|H S
|
ii
|
v L RN Y
‘ HHEWSFAR R ‘ R

$ Al IR

i T |

1
I
1
1
|
1
1
1
1
1
1
1
1
:
1
| et |
1
1
|
1
1
1
1
I
1
1
|
1
1
1
1

THRFEHIR T

B 1 ETEWSFAMBERARIRE
Fig. 1 EWSFA-based fault detection process
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Table 1 FAR and FDR of TEP fault detection %
. DPCA SFA EWSFA
%' FAR FDR FAR FDR FAR FDR

IDV 1 000 99.13 021 99.63 0.0 99.75
IDV 2 125 9813 0.02 9850 0.0 99.25
IDV 4 125 31.13 000 9450 0.0 99.63
IDV 5 125 2775 0.16 9978 0.00 99.88
IDV 6 063 9925 091 99.63 079 99.88
IDV 7 125 9987 025 9981 0.04 99.88
IDV 8 063 9725 077 9775 001 98.88
IDV 10 125 4563 0.8 88.88 0.00 94.50
P 094 7477 031 9731 0.1  98.96
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% 3 B E RSN 8 FAR f1 FDR
Table 3 FAR and FDR of fault detection of the electric

servo mechanism %

DPCA SFA EWSFA

b
5 FAR FDR FAR FDR FAR FDR

1 0.19 98.85 059 9998 0.00 100.00
2 0.52  99.10 034 9796 024 97.69
3 0.00 30.18 0.00 31.89 0.00 3541

F¥ 024 76.04 031 76.61 0.08 77.70
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Fig. 6 EWSFA-based detection effect of fault 1
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