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An Industrial Process Monitoring Method Based on Total Measurement Point

Coupling Structure Analysis and Estimation

ZHAO Jian-Cheng"? ZHAO Chun-Hui"?

Abstract In the actual industrial scenario, it is necessary to collect a large number of data from measuring points
in the production process, so as to master the operational state of the production process. Traditional process mon-
itoring methods usually only evaluate whether the overall operation state is abnormal or not, or carry out hierarch-
ical evaluation of the state. These methods do not directly locate the fault location, which is not conducive to the
efficient maintenance of the fault. Therefore, in this paper, a monitoring model based on total measurement point
estimation is proposed, and the monitoring indicators are defined according to the deviation between the estimated
value and the actual value of total measurement points, so as to realize the separate and accurate monitoring of
total measurement points. In order to overcome the problems of incomplete monitoring and insufficient modeling of
coupling relationship between measuring points in the original monitoring method based on condition estimation, a
multi-kernel graph convolution network (MKGCN) is proposed. By treating the measuring points as a graph of the
total measurement points, the coupling relationship between measuring points is explicitly modeled, thus realizing
the synchronous estimation of total measuring points. In addition, for the on-line monitoring scenario, a self-itera-
tion method based on feature approximation is designed to overcome the estimation of some measurement points
due to the strong coupling between measurement points under abnormal system state. The method proposed in this
paper is verified on the actual data of induced draft fan in 1000 MW ultra-supercritical thermal power unit of
power plant. The results show that the monitoring method proposed in this paper can detect the fault measuring
points more accurately than other typical methods.

Key words Self-iterative feature replacement, multi-kernel graph convolutional network (MKGCN), total measure-
ment point estimation, fault detection
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PIRES KT G 1 RGB @ IE S, ¢ A
TEREL, R Tanh BUuE R HAd, SRR
W B e ARG Ay, FEAER IS (4T B
I, T ST 5 1] 2 AN OB TE I RHE R A B
PR B E W, 52 B B AR N 28 — S, AT 5K
PRAFANTT R E SRR R AR SR 38 i 2 AN ] )
o P 3[R E F S B4 2 00 5 P A YT SRR R R A N
BHr. MKGCN JZRit g #an# 3 pras (Bl LA
Cn =3, Cout =2 j\jfﬁﬂ)

WAk, 55— SR e 4 2% K0, 75—k
22 ST %% A, MKGCN A 2 HE S )2,
W 4 fros. FEJE 7 B R /NSZ AL R K /N
fil, 2 a#b, BIABEZAVIGENH T BERE, BH )
R R AR A I A B E0Z B BE R  RA
HEAWHEE S, WEZ R MR T,
AT L 2% AR PR I 38 = S, TR AR A — il
SERRRAEAG TH AN AR e ) 5T, AT AR A 2 (18),
RIAREEAZ B e R A Iaa i oA 1.

A = Onesqgxp (18)

MKGOCN JZ 52 21| 45 U 22 [0 28 1P o 448 ) 4%
MR K, 462 @EET, A SRS MEHE
F RGN, HARSR S e, BA RN
R . 5 R EIER TS, MKGCN @
BEBINA 2 2] AR, Re NS IE N B = B A0 EE R
BRI AR AT 55, LB AN JRURE 2 ot B s 1)

YFEIE IR
TEAG T R I 2Rk 72 7, BILSTM Ji i $2 X
R SRRy Y, PO IE SR I R
A HSY, MKGCON 2 5415 B 07 U5 AE 4R 1
N MK . FHAEETHRIg I (19) ~ (21) Pios:
LF = concat(Hl(l)7 H2(1))

2.3

(19)

FFE = concat(FC;(MK;)) (20)
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Fig.3  Calculation process of MKGCN layer
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Fig.4  The stacking use of MKGCN layers

min 7 = (mean (L7~ 1))
1,7
i=0,,n—13j=1,--,4xld (21)

FERARLINZI B, X MKGCN 2 R4 15 31
Z B TE Y RURFEFEFE MK, 58 R 25 AN 00 0K R 11
FHILIEILJZE (FC) 8 cou I IEIE K RFAE s 45 508
ERFIE R, 5 4615 B RFAIE 5 IR Kot B LSTM
A FC PN IEIE - B 1R AL A R 4R B D245
FIRRFAEBEATIE L. B TR T, A
FoAb T AUHE Bl MKGCN AT g A4 H
A5 SR AR HE BRI R RFAE .

REZR

BRI ZRad R, — 7 A B A kG
FE; 55— TR MKGCN ZR A H IR
FAFIES FC EM BILSTM JZ $2HUH B9 i 46 24
FRFIEREATIE L. MKGCN 2. & %8 2. BiL-
STM ZE¥&n 5 2 S8 BE R Xavier J7iEM
BAT VI, BTG 0. A 3 5 AR i 2=
(Root mean square error, RMSE) f& 5 5 4HFEE T

24

R BANE Dk e B AT I 25, RMSE $Rb55E XN

RMSE(Y,Y) = J i fj (i — 1)°

m
=1

(22)

Forr )y NEEA SR I R A SME, g MRS
B A FEA D SAE i I 20 At 1A
loss= RMSE + X x J (23)

FEINZRRLFE b, WL SRS AEE U 40 2% 5 Al TR
7= RMSE MtLABRHMZET. N T ARG
AR P IR AR FFRHIEIE T B H bR, WEESH N
WIZRFCH R 21 .

A = epoch + 10

Herb, epoch N RETYIGREAT BIRIFC AL
TR

AITFER T 2MAZHH AR R Tl &4
SIS D AS T, AR O A HLERAE B itk
P A I S B 240, B AREAZ a6 A 75 SNk A7 1A
AT MKGCN JZ v AL i 5 N 2 404

(24)

2.5
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RSB AR 5B I0 i 23R, A5 B AN A2 i £
S A, By TSI ASSCHR A TR A SR T A
I PP RE AN s 1] AR 15 6 R, RO SEBL T 4
W R FDAG . 2Tk, 725 S0l it — b S i 3
TG 22 A3 I R, B IR

3 ETHMTEEMNBEXGESEN
73

EFHILBINEENK T

D AR R 0 P 2 I 2 LR A %
e, BB ST B — SR T IE REAT 5L T 1

3.1

flvtsE o BB, SR, FERLHIBT B, 245
GUREIS | AT e 4 PR b T BOBE RS T 1 I A Al
TR PR, B AR IR BT SO A A
A RSB, BRI, AL
BiE 1 — M T RHEE L K B ST, HAZ0
AR X H R R 22 BRI A, A MKGCN
J25 R B A 30 (R AE X T PR AR AR AN T 5 4 A
JEU e K BREHCEL PR S AL, LTI B o 5 0
Xt H A s AT A T AR B TR

FeFRHEE T B F ISR 5 FrorR, X BL
BN R H S DUON B B b R RN IR R
R, HAUE H— N N\ EIE, HAmEiEa . &
HON B BRF AR AR AT 5 " B S, RO i%
I SR BCRFAE B B R 48 LE B AT IR TR

. W LR IR 23
it=10 b %) % X
I 1 rTLT T I
it : I Sk O )
(oo > . CHEF MKGON 21 X
BN s = Tl ARk iR —
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I HRHFE | RMSE
X% RLGILE (FO) )
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‘ e k(i) o
‘ g it e B SN
I flivHfiL -] it < ity 7S —
I ~ H e 57 it
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EECRFAE. WA 4% ) PR 1 () v 5 xR L 2R
3.3 7. 0, v N ERESEL, 9 N 4 HTHS 2000 55
TESR it YGEARH A THE.

IR E it = 0B, FET R AR N B, i
AT [ 4 S 00 i A 1 1 22 % B S BB A5 21 21 i AR
MIAGTHE. 2 55 o0 SR o 0 25 7
ol DR R - R 2R 5 R 0 110 S T e
Jm, LI A A TR ZE I T IR, BRI
ARG AR RAE T BH. BRI ARG IE
WAF LN WA AT MG T, TR 7 ) I H IS 1
ArEM SRR, BT I e A Tl
FoAI p A E 7R R G IEEE LR A THAE, B H
(R pi AR X AR I SSABL A T H = A2 T I, T
R EEARTT I, PG THE ST A4S, ek
S N T A7 UL 1 TR A BAAER T I W A R 1
. 7R HIER I IES, BEE ISR R T, B
"R R SR PN Pt AR A AL ) A T S PR 2 0 55
REAEHEAT B4, MITTIE A0 T8 B 12 e 0 W st R A0E % 3
Al R A TE BT, B B AR BN, AEAE R
WA A B R E AR B S EF, M5 E
2RI 20 T I 50T AN A A T

SR T AR 45 0 R 25 45 ) oK ik
ARIREL, M 2 RS SE PR ER. — T, X
T EBRIERRE ityax, MFFAEIEARIEUE T 15 58 11
B RIEARIREL it oy B, A5 1EIEAR 55— 5 TH, & X
T AN T AR Ry, 2 UOEARAS B Ak THE AR A
INFBE v B, BEEH R IEAR 2 Tk sl mrel
15 1RIEAR. — Ok, TEIEAR IR B A i W Sl )
CLA BT, i ARIREUE 2 I REfE 15 2 5 InvEE A 110
flTHE, (A THRER. Rtk BARRIEARK
AR ] AR A A 8 SRS 1) A0 23 AR 47 1 B2 SR 12 5

HAF—3ME, ZHERFENEH TETE
L IZAE PR MEST 28773, X MEST K771,
B iR B =S el S/ @Y AW RS Y O
TECSmE 7T IEFEEN, BRERTES,
MEST J7 i BgvH AR AL BE i 2 A 45 4 5T Af H IR
A5 ARAALEFPIRAS AR B 3t — P v,
SEASTHE R . W FARTRB I, BT A
B8] RS A o2 RiET MKGCN J2 /S 8047 d
HBEEREFE S MKGCN 212 B2 [ € 1,
b ERT T, MKGCN ER AT
RURFAE AR 0 5 8 110 AURRAE, RAR B A &
(A B 0 R IWRFAE, T IZ A5 T Bk 57 1 SRR AR XS
T AR S A THE AT, TR EE T 1 B A AR
JHFAP RIS 1 foR, HA PR EER RN split,
R (concat ) HIISHRAE.

Bk 1 AR BB BER T
1) it = 0, FREWIHARE T 99, 99, -, 40, VIMHELE

HEiRE FEC
2) R SOEAE R I FF 1L TM P
3) for it in [0, 1, -+, itmax):
4) TMP =LF
5) flag = False
6) for ¢ in n
7) if AMSPWai) 5 5
8) TMP;, .. = FEI*
9) flag = True
10) if not flag
11) break
12) else:
13) gittl, FEt+1 = MKGON(TM P)
SitHl it
14) if v, 7 ‘y:f’ .
15) break

3.2 WEERSZESRRENE—LITL

FEATT A KRS H IS AT ¥ P 3 H R AL B B
AN R I AR R B X A ) B MCER VR 5 T At — 2
FITHE

1) S HRFAE A R

B, et HIsd T, 2 EEREY
Fe WAV Bk S RFAE K. [ Kipf S50 32 i
BRI L

HUD = ¢ (D—%AD—%H(I)W(Z)) (25)

KGR % AAE FELR, IRZH GON &
FEAS Y RURFAEAHIE, MELLDX 7). SCHR [45) &M, %
PR 28 8 — MR IR SR S P08 X —A4
A M EmE, 2 GON ZHud 20, 2 E 3
I 7B AR ARSI [ —ME, R

L=D-A (26)
Lgw =D 3LD"3 (27)
) 1, v; € Cy
1) = ’ (28)
0, ’Uj ¢ Ci
lim (I — aLgy)"w =

m——+o0

D3 [lm, 1@ ... 1<k>} 9 (29)

Hep, o, FRnBERENEBESE, ac(0,1], we
R", 0 € R" XA ZZEEGRE, 5 E
— PR EDL, B e = 1, cow = 1, SRR ILIRIE N



10 H )

S 50 &

H = ¢ (AHOWD) (30)

arllyEE R, 5 (25) 530 (30) HARumE
X XHET, GCN HRHMERE T D 2AD 2
N IE UMk ) PR AR B R R 1 76 AR SCHR H A T A v
Bl MKGCN (48 8:4% A 221153800, HE
WAL ITTRIGE N 0. HTIIESE RN ESH—
WA 0, RS RT A A — A% iE o &, R
MR AN, B RERIASCR A Tanh B0E R
#, 76 JE S ML 2 Tanh(a) ~ @, 7E H AR BHCKN
R TP, HIEAE (—1, 1) 208, H X M4 1A
1T T min-max bR, AUE R A Xavier J7
ERAT I, MEATT e, I8 MKGCN
JZ I8 SR ZR PRI, 3 okt 2 2 o S 2.
1E HIEAGE R R, 2 R 0%k A F I RRAE,
TE I A5 RRAIE 350 R FH L SR AR REAE 1T S5 00 851
FEAE SR FH ) A2 b — VAR A5 21 I 38 W RRAE . KR 1E
FE 5 fERFF &AL RHE (BP &N s AE RS IE
UL B P A D) FE. FIOASF SR AL (1 57
HREE (RPN AR B 8 7 AR R AR ) F B, B
FE = FE, + FE;, (31)

X T HIEAUE R, SR ehE W 252K 100, 7T LA
W HIEAGT R R I I BCE — 801 MKGCON J2 54
PRI X e = VAT cou = 1HIHDL, B MKGCN
JE 1) TG it B (1) AP A8 L J2 v R A 1) .40 22 S8 T 1) 1
&, DGR T AER, € XiZZ 8w, IF
LW xw=W.FERERHILFE;,, 41 5N
W), W
H" = A"FE;,W'™ (32)
Chiang %51 5 — g fb B B M40, il
AR E WAL J5 A R B N — AN B R R T
15 BB R I R B 2 MR B B B ARRAE, R —
SEREFE b G2 il PG AR A i -3 e . AR ST AR A%
AS5Z MR, mFEHIARERALTENO, —E
TR Ehnsl 7~ g, Bl T EAEE, HH
R E R %, B m mor K, — i ae
TR T 0. AT LUANEE PG 50 A R BRI —
s, EH TR O T R 11 9 BN T A T R R ) e
L, Bp
IA™]2 < JIA|I7 (33)

AL <1, Hm— oo B, A7 — 0, 3
|A™ |, — 0, BJ A dhye s 0. Sk ar LLE A,
Z i MKGCN E& B RHE o FocséE T
0, B2 7 HBERFRIENIMEN. N 7RI
JAllL < 1, ASSCEECS R URASER R, S ZRaT [

PHAZBEATRLLS . AN R, WAE P 2% 2 1] 5] AL
HIENAGZ R, BRI

2) IEHRHIEM R B

FEROR, WRAE B, 2GR
RG] £ B AE SRR AR, — T, 6 T B R 2
AR B AL, 7R BB R b, fn 2 fd R 46
FRAE; S5 — 071, fEZRd R, 51 NFRHEE T4
W, ARG A

FE.= AFEW' (34)

RT3 3 38 3 20 A 1 B AR AR A 2 A A
TERFT BE AR FFANAR . I 7 T (R 3 1 5 AR
I FE R R A B R AE R AT REA 2K

ZEb, W T e =1 Mlegy = 1IHOL N HIER
WFERIROR. 7 e # 1 B o # 1 HI— BB, H
F MKGCN 2l & S i B, 6 F e, # 1 1
oL, AT 2 AN BB TE 1S S B0 3T cou # 1
(P L, REAEIE T 2 1 4 R AE R A 2 A kit d
HERLMEHE. X T—RIER T, GBS A
R A SCATS SO0 2 ST B AR AT R 7. %
FERM S, HIEHE IR R ARE AL A 2w
(87 52 4 2Bk IEW I e &R, X FEH
TLAFERIERG: 1) B a5 % A
AR AR ARGIEF BTN S FRA X R, A
T MER X > IE W R IE S 78 R, X2
MKGCN JZ f & SCATAE, @it £ i i i st kil
AR DG RBAT N A 2) RAAHIFIER
Bt MR AR E,; 3) ARIE M 4 4r
fERT R LS R R 3R, REER GRS 5%
A BB IS AR T A £R B 5 0 TR GG RRAE, 7T R
A BT oI — [ 3, SR T 2 5 SRVBE A 1 ARG
RN IEE LT AR, IEHFHEE L MKGCN
AL B UL 2 I 2= A D Vr i ok R S i
rh 7 BT DL R R R

ETAHRERENIER S E LN PR

R B S PR AR 7 R A SR A T R
T EMERE HOR AR FE AL 1T (Kernel density
estimation, KDE)" J7 ik @ I BR. 5 )2 5 1
W RUAE 4 IS 200 A 5 Al T HE W 22 1,

li =

3.3

i — 0

(35)

b, n I SUBEL, ! N 5 AN R 240 i I 2
IR 3T U ZRAF RORERY, 23 5906 43— NI R AE A

B ARGLIE T BAT B LR EA T 2= 1 D
TPRCER FEAS TF, A9 205 5 AN s R ZE 4 R 12, B

i:1527"'am; j:1727"'an
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fh—nlh;K(IhL) (36)
)= KDE ({lf }i:1 , significantlevel) (37)
FHorf, fy, AR 22 AR 4G A 3 0 R 2R B R
H, R KOG ST R . AEA SO BE R
h = 0.01, S&EMSHE signi ficant,,,, = 0.98, IZ{E AT
AR 2 B i
W R AE YN ZRATI R BOS YRR 68 0] 4T 1EHIR
A I AT HE A R Al T, U2 i B A
R THE S SEhRIN AR 2 18] A= i il THl 22 RMSE
T b e o AR ) ZRI BUAS 2 1R ZE 1 I R 1o I, 3
Bl Bz A P R T REAFAE R, R B R
BT HIEE 1 B PUERL A L0 s DR B
RIS 2 Fis.

Bk 2. £F MKGCN #EH TR MSNRBIE L

TERITT S Bt

1) )\ DCS Fl 7 s2id s g I 2Rt , 2 (046 Lol
WA BTSRRI s . VIR B, A
AT 5 6 TE 38T I (4O A7 R BRI SG IE. K 5K
P min-max BYEALF) [0, 1], XEE—NEARTFF 21,
T2, -, T, FEHTTIER

o= min {z;}

yi = .
pax {z;} - nin {z;}

2) FETWERRIEE, XS 8EH Xavier JiiE#EATH]
gtk MRAEC (23) R U BR R AL, (A H] S i 48 5
225 AET MKGCN A THER.

3) fEMIESE b, XTI GRer Bl iR, TS TR 2=,
f# /] KDE fliv1-43 2 # i BR.

FELR N HIB B

4) KM EBET) MFAK TR ¢ W2 e -1, -

2, -+, t —len+ 1L TR FE N len BIIEHARE, FHAE
F S ZRM B 1R 16 05 200G $038 EAT AR HE L. AR R
WERLF HET MKGON ERIb TSR, X 2461 ¢ i
ZI0 A I R AT A T, 15 BE THE.

5) 8 R R SIREARE e 7w RRAE, X S THE
HEATRAL.

6) ARHE AT E AN 2 BTN £ 10 A5 BR AR AT 2 1 SE I,
TRz, RIE G PR MRS 2 S,
L D i 2 e

4  REIEAR

FEARTT R, HeF SRR ) 5] LI S PRk
PREE, WA 1T MKGCN 5 HISAUSK
W% 1 e R M IR R AT BRAIE. A R PTAE
FOEHE « BB S DA A O R

4.1  HHEAR

SIXMLA L T BB I S )
BN —, W O A R, BRI AR,
P R 77, B SR N, AR A P T R
J&, M3 ISR, SERARMIR e TE 78 7. — HL.5] XML
RAEHE, TR FECENUSHL, S IR
Zg| KALEEA 33 AN A (A5, X 4 B & 2
= 1 R,

AR 5 AL IE 5 3247 B R B U 0B 20 5
DUARRA TR 3 [ e /6 3 I R0 S 00 R 4
AT I T MW R R . B AT T min-max FRifE
b, = (38) i .

vi — min {2}

= . (38)
jmax {z;}— min {a;}

K FI T @ AR B 4 BRI TR IBUY , 1T 80% Xl 43

R G LI R R

Table 1  Measuring points of induced draft fan
D55 VB I G Yy e s Yy

0 HRE T =0 E 11 FIRBLAKFRE] 22 FIRBLIh AR IR

1 IR 12 SN RIRIEE 1 23 SR Al ARG 1
2 FIXBLEHLAE T2 R E 1 13 SR flRiELE 2 24 1AL R AL 2
3 FIRBLEALE TR 2 14 G RHLE Hh AR 3 25 GIRBLH AR L 3
4 SIRBLALHLE T-LR L 3 15 G R EEAT 26 i al

5 SURHBLHEALKPHRS) 1 16 FIRHLF AL E S 5t 27 FIRBLH R

6 SIUXABLEHLKFIRS) 2 17 SRR RER L 1 28 SIRBLA L& 7

7 51 KL HL LA ARG 1 18 SIRBLHT R AR 2 29 FIRBLH R

8 FIXHL A LA R IR 2 19 FIXHLHT AR 3 30 51 RBLEH T R 4
9 SIRHMLHLIR 20 SR T i 31 SRR

10 71 RHLATE FL R3] 21 51 AL it 7 32 W




12 H 3

(8

v

¥ Eitd 50 %

RN, Ja 20% X453 MMAREE, T FF & SEFR I
N5 B EE 8% 3 min RAEE— IR H
TR AR BRI E IE W 00N SEPRR RS B, RAE
WKL) 8 K, W& 4000 AKAES, B8 T 1%
51 AL E EZ TAE TR IEHE (400 ~ 1000 MW),
DL 2 IR 3R e s D L N BRI B
Ah, —BAE IEH I TS U R s AT L K
79 300 (AR (T8 SCRR N MR 0 EHE 45 ) FH T PR A A
(P P e AR I S A R T
B, DA Sy R R R AR R P R R 1%
W R4 b BT IR IR FE Bl A E R AN B
AL VR, LT AR O, I 1. 4. 8.
12, 13, 14, 20, 27 PR SR E 78 Ha 25 AN AT
MR EIER. € X EEESGV, EENTEN
2 33ANEE; EX R EEEAF, EFANTTR
N8 AR FHRE, € LIEHZEES N, &
A WNICRNETIEHE A&, N T RIE R SR M ay
SEVE, AR SRR 7 IRAE ALY BASE 1) EdiE R AT
AE AL FE IR K P omT i H B0 A A BROIR A 35 S B
FH I o AR 2R 00 T S L BT RS, mT A
FH BT USCEE 380 1 250 o RS 0 AT R B 5 R AT 4
TR 21 PR A 1R 38 B 5 AT S

T SCHE ) S W Tk 45 32 AT IR AS I o5 TR B

—ERIAHIRME. R 1 UK 25U 58 R 8L
(Spearman’s rank correlation coefficient,
SRCC)!™ By 5HE 25 PEAl P AN Fi8 b5 1) (R AH R A2
PR RIS T8 (R 17 B 2R S AH SR S8 T I AN R AR 1Y)
FRAE 2 18 () B 7R AH 96 1% SRCC TR 741, 72
EZH, EAAELPEXT R W7 R 2 QK
FE LB E LN

o8

(ri =7) (si —3)
- (39)

§ (ri =725 (s — 5)°

K3

ps(T, S) =

M=

i=1

Horp, v, s KRB DA FHI £ p, g BB
Fegl. v ) — e, R p FHFHESUE pi KUK, s
I s, 245 g THPHESUG @ IFT IR

U0 SCR IR A SCAE AT BR 2 A G R R H
SRVPAG B S th &N T A SCE, E H SRCC
POTEFERE NI 6 Fros. I BEIERE R LA
XA 2R A B2 B 22 A e R X, I IR
WH.OAR LRATLE ], X2d T2 EE L
LKA R, Hgi 5B EE, mER®E T~ el
I Bl 15 L S SRR N AL T, 2 e Ak
T g ARSI, 2 A iR (i #E 2 [F) 25

Var(

Var2
Vard

Var6
Var8

Varl0O

Varl2

Varl4

Varl6

Varl8

Var20
Var22
Var24

Var26

Var28

Var30

Var32
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Varld

6
Fig.6

Varl6

Varl8
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Th. MKGON %%, 3% 4 fis. Hootne JORE AL
K B \\ ?:/ Sl . \\ 1 . ‘\ %—H‘ #é\

12 SRMEREMTRLMTS PU: B OGRS o 5 BORBUR 1d VR A

Z 8 Feng 551 fSLI0 Wi, A SCHT 2 H 1)
BT MKGCN {420l A vHBE AR 7 Fhoig F 1)
SHERGE AT L. BT — 3R A2, A SUHELS 2
BEANIN Al oA, AT — 26N A S it n] DU
RN E S, MUE PR bE 7 1A 7R R s S it
BN SIS THE. Bk BT B iR S i
/N3 [A 9 (Partial least squares regression,
PLSR) ", PR 2= 2 HL (ELM) PO, 4 7 52 W 4%
(FC)M, KA e Z M 4% (LSTM) P, — 445 A1
4% (Conv1D)PU, BN LE (GCN) (GCN 5K
MIFAFEAGI NN HI R, WIS MKGCN J7 %
F—80) M2 B8RS 7 (MEST) . &2
Fhew F B R T3 A 55 261 ARZe ik T
Pl 3 R R 28 J22 1) 4 B ) s B 20 A o B DA K 28 i
(1) 2 BRESATHITE.

FT MKGON {45l i Al v 85 8 (1) 45 A 2
ML an2e 2 s, B NETE 157k B Bil-
STM Al FC AN I8, i ol iE oy 24, i
MRS R e . [RIFERE T I GCON AL B iE
FN FOETE R, Sy NNk 3 prs. BT RLA
(RIVERE A 2 52 2SI 7 R 2, A8 A FF ) Py-
thon f152¥ 7 PLSR. ELM J7i%, fif] Paddle-
Paddle #E22523 T FC. LSTM. ConvlD. GCN.

FE5 oc NARFEAZ LA, Rl L@ IE S, TR g
FZE WX 28 7 V0 ) 2B T BN 5. BRARRE R E
Wk HE Tanh VEABEEE REL K BILSTM R [A]
& A ConvlD WL K/ len BN 4. BLAMA
EULT &M MEST 777k, N T ARIESRE A
P, BT A AR g 1 e ) E B S HCR AR 1
R IERATHE.

FC. LSTM. ConvlD. GCN fil MKGCN &%
PEARE 2% Af ] ERAEAN T (Adam) F7iEEAT
Y5, B FhIR FE 10 4 00 28 2 I 25 200 #&. WIAG% )
FREFEN 0.001, 2% R A 25 FIERON TR 50%,
LR KN BEE N 64. Hb) BT GCN. MKGCN,
MEST J77% 49 [R] i %o 4 il s 34T A o, 45t
EABE AR o B — AN s o AR B H A AR A B
AL, BT E RISk, MO SR B LR S
SEBRAI B E] . 78 MEST J5 ¥ 1 Se i id # o,
AT BE B TR PR AT 57 S B L IE 5 SRR AR B, DRt
ARSON SRS o 38 T H B oI, Hbp =05, T
DN AL DT B 1k T L SR 3 ) R A 5 AR A T
HEHERE.

RMSE . #1485} 1% %2 (Mean absolute error,
MAE) $845 o] FH T VP 45> i b 1 T B A0 L SEAE
[ EE . X ESHETF Ny = {y1, y2, - Ym ]
TMEFFA 9 = {01, G2y -+ G}, FEH, m HF

# 2  FET MKGCN 2 Lt A g5y
Table 2 Structure of working condition estimation model based on MKGCN layer

) RE= #H ZH PO R

L BiLSTM n [input_size = len, hidden_size = Id] None
FC n [input_size = len, output_size = 2 x Id]
2 MKGCON 1 [ew =1, now =n, feu =2xId Tanh
Cout = 0C, MOt = 1N, feou =4 X 1d]
3 FCO n [input_size = 4 x ld, output_size = 2 x ld] Tanh
4 FC1 n [input_size = 2 X ld, output_size = 1] Tanh
5 FC 2 n [input_size = oc, output_size = 1] None
FHIEEILE (FC) n [input_size = oc, output_size = 1] None
* 3  ET GON K LI TR E5
Table 3 Structure of working condition estimation model based on GCN

FF o 2 HH 28 Wod R
1 BiLSTM n [input_size = len, hidden_size = ld] None
2 GCN 1 [in_feature = 2 x Id, out_ feature = 4 x Id) Tanh
3 FCO n [input_size = 4 x ld, output_size = 2 x ld] Tanh
4 FC1 n [input_size = 2 X Id, output_size = Id] Tanh
5 FC2 n [input_size = Id, output_size = 1] None
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Table 4 Model implementation and parameter grid search range
J5 i Python S T 2 A Y
PLSR scikit-learn nc nc = {5, 10, 15, 20, 25}
ELM D.C. Lambert E, o E = {50, 100, 150, 200, 250},
’ a = {0.1, 0.3, 0.5, 0.7, 0.9}
FC PaddlePaddle Id ld = {8, 16, 32, 64, 128}
BiLSTM PaddlePaddle 1d 1d = {8, 16, 32, 64, 128}
ConvlD PaddlePaddle Id ld = {8, 16, 32, 64, 128}
GCN PaddlcPaddle i ld = {8, 16, 32, 64, 128}
MKGCN PaddlePaddle ld, oc = {:8’{21?;?2’7 ?‘é” g};}
HIKE. b R R R SR IR 4 T i
RMSE $&#5 € Xtz (22) fros, HET L2 8 ERESET S
KPR B IEAL T W TR 5t 2 Table 5  Grid search results and total parameters of
_ e . depth neural network method with
o V .
MAE fbsie LT optimal hyperparameters
m
MAE (y, §) = — S i — il (40) ik RS BRE SENRE
mia PLSR ne =15 n /
MAE % F L1 564080 B A 7 500 il BLMR  B-am.a=09 /
R MEST / 1 /
AL R IR R F1E VP BAY FC ld =128 n 5 x 10°
MrEge, Hod FLEE XX (41) i, Accuracy, BILSTM =128 " 6.9 x 10°
Recall, False,, False, 77 M NIEMZE. AREIZE, % ConviD ld =128 n 9 x 10°
R R Gen = Lo
MKGCN ld =8, oc = 32 1 1.8 x 10°

_ Accuracy x Recall x 2

Fl Accuracy + Recall (41)

Recall = 100% — False, (42)
Accuracy = 100% — False, (43)

A5 FH R 45 2R 15 21 F) A5 RS R ) B D 6 2

5 IR,
A d _EAS FIRR R (R A 5 R sk 6 Ak 7
Fws (G Bt 9 8- S A RE TR R KT 24E), R BL

6 NRBE EASFE R ) TG T4

G, FEZ TR AR g A b RS H g J
T MKGON #RE AU 280 fr s iR 24
B i, HRG S R B a) il o 4 il s,
1111 76 5 75 I BOH R SO B, MKGCN
RYE L 51N 2 8 4 R AR R i A RS L i
FE A T ERFAE AR, 1120 TR T 5 5
H, B AR, HAEE s SR X 4 B ) Tk

(RMSE)

Table 6  Results of different working condition estimation models on test data (RMSE)

A g PLSR ELM FC BiLSTM ConvlD GCN MEST MKGCN
var € N 0.042 0.064 0.059 0.052 0.060 0.042 0.005 0.044
var € F' 0.046 0.076 0.059 0.049 0.082 0.049 0.006 0.046

R 7 WREEE EARBRN T TSR (MAE)
Table 7 Results of different working condition estimation models on test data (MAE)

A PLSR ELM FC BiLSTM ConvlD GCN MEST MKGCN
var € N 0.034 0.052 0.049 0.043 0.051 0.034 0.004 0.036
var € F 0.039 0.066 0.050 0.041 0.070 0.043 0.005 0.039
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PRI, 52T MKGCN il THE R 8 A7 SR HE RO TN, TSR R LA EREI,
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%8 WIHUE & USSR (var € N)
Table 8 Monitoring indicators on monitoring data (var € N )
k=2 PLSR ELM FC BiLSTM ConvlD GCN MEST MKGCN
False, 13.267 29.573 34.267 27.392 42.581 23.568 2.853 4.500
False, 0 0 0 0 0 0 0 0
F1 92.895 82.648 79.324 84.131 72.951 86.642 98.553 97.698
9 IHHE EEMENIER (vare F)
Table 9 Monitoring indicators on monitoring data (var € F')
EiEts PLSR ELM FC BiLSTM ConvlD GCN MEST MKGCN
False, 15.958 30.583 31.375 32.390 37.162 10.769 0 10.769
False, 24.250 5.042 5.917 1.140 1.774 6.968 33.208 1.056
F1 79.681 80.203 79.362 80.302 76.644 91.092 80.090 93.836
MKGCN var 1 MKGCOCN var 4 MKGCOCN var 8
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Monitoring diagram of model based on MKGCN (var € F)
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Fig.8 Some abnormal variables partially missed by MEST method
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Table 10  Structure of working condition estimation model based on AE
FFs BEIS HH ZH Wi R
1 BiLSTM 1 [input_size = len, hidden_size = 2 x Id] None
2 FCO 1 [input_size = 4 x ld, output_size = 2 X Id] Tanh
3 FC1 1 [input_size = 2 X Id, output_size = Id] Tanh
4 FC 2 1 [input _size = ld, output_size = 2 x ld] Tanh
5 FC 3 1 [input_size = 2 X ld, output_size = n] None
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# 11  AE 5 MKGCN 325645 xf by *12 FAGHEIE S 2 S TE PR REX HE
(MKGCN £ 45 R [F% 6 ~ 9) Table 12 Performance comparison between single
Table 11  Comparison of experimental results between output channel and multiple output channels
AE and MKGCN (The experimental results of MKGCN _
EELAN oc=1 oc = 32
are the same as Tables 6 ~ 9)
RMSE, var € N 0.043 0.044
o
fiibs AE MKGEN RMSE, var € F 0.055 0.046
RMSE, var € N 0.020 0.044 MAE, var € N 0.035 0.036
RMSE, var € F 0-022 0-046 MAE, var € F 0.049 0.039
MAE, var € N 0.016 0.036
False, , var € N 38.486 4.500
MAE, var € F 0.019 0.039
False, , var € N 0 0
False, , var € N 38.811 4.500
F1, var e N 76.172 97.698
False, , var € N 0 0
False, , var € F 36.022 10.769
F1, var € N 75.922 97.698
False, , var € F 5.237 1.056
False, , var € F' 35.009 10.769
F1, var € F 76.385 93.836
False, , var € F 0.887 1.056
F1, var € F 78.505 93.836
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BiRES ZRERIEREXLE
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Fig.10  Visualization results of adjacency kernels in different channels
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Table 13 Performance comparison between single
input channel and multiple input channels

Eitan ek c2 el
RMSE, var € N 0.084 0.046 0.044
RMSE, var € F 0.044 0.044 0.046
MAE, var € N 0.072 0.038 0.036
MAE, var € F 0.037 0.038 0.039
False, , var € N 22.703 5.527 4.500
False, , var € N 0 0 0

F1, var e N 87.195 97.158 97.698
False, , var € F 33.405 15.372 10.769
False, , var € F' 16.765 10.093 1.056
F1, var e F 73.991 87.187 93.836
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Table 14  Comparison of self iteration effect
Ei=2an it=0 it=>5 it = 50
False, , var € N 11.662 7.527 4.500

False, , var € N 0 0 0
F1, var e N 93.808 96.089 97.698
False, , var € F' 11.740 12.289 10.769
False, , var € F 1.732 0.676 1.055
F1l, var € F 93.000 93.157 93.837
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Fig.11  Comparison of working condition estimated values of measuring point 12 and measuring point 25
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