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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 issue of abnormal 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.
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ment point estimation, fault detection

Citation Zhao Jian-Cheng, Zhao Chun-Hui. An industrial process monitoring method based on total measurement
point coupling structure analysis and estimation. Acta Automatica Sinica, 2024, 50(8): 1517-1538

Wk H 39 2022-02-07  S¢H H I 2022-09-06
Manuscript received February 7, 2022; accepted September 6,

2022

E X AR SN H T FES (62125306), [HFK HARRFHS
HATIH (62133003) % B

Supported by National Natural Science Foundation of China
for Distinguished Young Scholars (62125306) and National Nat-

ural Science Foundation of China (62133003)

KL TAEIE Wk

Recommended by Associate Editor YANG Hao

L WK SR 5 TREERE HUH 310027

1. College of Control Science and Engineering, Zhejiang Uni-
versity, Hangzhou 310027



1518 H 3

S 50 &

TP R 3 A7 PR W e T4 v AR 77 20 R
WA B EEE L. SR TR 2T L
BTN 5 5 2R Tl R R RE At Tl N T3
REM E BT 2 — L T R AN
[ Wiz 47, T BOMPEAE A R = )AL 3% s 4, Al
A5 Tl sk 5 (0 1 00 R0 2 W7 Rl — AN 52 2% 1) ) @),
T I T AE PR A B TARIRAS ) 8 77 2R
= A AT BRI, AT PR GE Tl AR = ik R i 42 5
A A Rl R, AR R AR
FE ARG, B A A0 R R TR B O R Bk T
BEA& MEREA (@ BRI

BT T A P AR R 52 A i, B 158 — 1 SR B
TN A= = s R S S A A ) LAY L 2 R K
B BX AN 1) DT R R IR T B 2 I ORVER L M
J3 52 B i AR T SR IS AT AR, AT kAT i
AT 0 0 1 Bt B 5 7 vk OB AT LRI 7T
PSR P AR R, BTGk i R 7
VRIE I ST I TR s ORI I St i
FR 8 Gt v 52 15 8 I 4% ) R K Wl 2 R aE AT R A,
W3 T FE 553 B (Principal component analysis,
PCA)7 #p% 53 #7 (Cointegration analysis, CA)®,
PRHIES#T (Slow feature analysis, SFA)P filt37
B33 1 (Independent component analysis, ICA)
(R 77200 S g X g 2t DL By ) ¢ 12 45 779
W72 B T Tl AR P2 R I S R 3 5
Ak, B4hS2s (Autoencoder, AE) g5 M/E—Hf
AR SR T, AR B S A e B A
A1) e R U T B 22 A S i v U g T ERAS T
VZ I RLF . AR, — FR A e N 7 v e A o AR
BAKBATREMIE S 1, BB AT IR B
BEAT 73 B Al 1X M7 NI AS B B 1 8 A LAl b
(1) W o o B A% SRR AR N 5, 5 B — 5 A R o
B SRR DR ) A v A B R AR R )
B, AR ) BRI A, AT T — 2 N G ik
—RE. Ak, X TR G, BRI 4E
P HME DA BRI AHRT &, B I A Al i
B, HART— 8RN TR AR 34T W e AL

KE R T 283 AW Tl f2is 1T
RAS . IR SR R e i 1 R & BB SR AR
SCHIR BN AT, 8 SO AN A R A
AT S 7 5 B4 3 B B R VR RN, B 2 AT
ZIE TR IBATIRES F & D A THE. 7EX I A5
AT R A T SR A E I A B S ST
B HH LI 2 35 O 22, 9 — S N L i A A 4 it e
122 T Tl B il b %%, — M4
A ) 7R 2 R BRI AGTH7 (Multivari-
ate state estimation technique, MEST), 7E 2% >4

WAS BT Z B MEST i H RSt IEH s
17261 N WCER B 1) 2 % 22 1) 1 s s A o AR e A2
FERE, A% H 24 i SE bRl 845 2 1)l 5l D125
i F %A B SRS THSRARBLEE, R B AR AL %o
P SEARFS AT IR AN, T 1F 2 24 5T RGOS
VR SRTAT, IX 7 9% — T T i R 1 A2 B Y
BOREGE, RELAEZ AR IE T BTG A
ARG B IRIRES, 1A 0 R G0 A2 & [V AE Y
a R RIATHINERE S %2, ZRE TR E;
oy —J7 > —Ppar SERT Y B, R0 B S
A LT H A R S BCA PR 5 I AR IS 1256 FE
BB AR AZA AR 2 T AR 2 i, A 1B
R, AT TGV R At S BT =2 IR S 1) S 5 1 0.

Ty PR AT I R T B R T X
T I AN BRI SO 5, R HAR I (S BT
Ha AT, X5 — BRI E AR 55 e A0 — 2
(1. Bl K& A% B A0 Tl B X 52 A ) 48
R R AR e SR AR, D B X s e B & 05 vk
St 7 SCHF. He 581 45 & i /N — 3 5H% (Partial
least squares, PLS) FIHlfR% Il (Extreme learn-
ing machine, ELM), XJ k&) & — HR T2 )
KA B FAT . Fan 552 256 2 R A% (Multi-
layer perceptron, MLP) FIX{ LASSO (Least abso-
lute shrinkage and selection operator) 52, X i
AT R R E L) () 4T . Zhang
LG0T T AR PR 2 ST B T ST IR A il AR
AR B R R A TR S =) 7 VA Tl ad AR B
ISR E] T AN . Ke P Rk T —Fh%ET
K5 12 M 4% (Long short term memory,
LSTM) B3 S50 &t sk [m] fic e B Wi im
G SO, FH,S & & HEAT B, I T LSTM
XAV B S A PEEAT A AR /). Yuan 2800 i
T 7T —FhEh BRI WM %, H T 76 S E AR th
#2151 R R AR M B A FFAE. Zhu ZEPY A H A
&M 2% (Convolutional neural networks, CNN),
N HFE B E L%, 7R SRR 3Rk SR M
T B AR S (AT IS, P A SC M. H B R S5 1Y) 2 — b S
T Tl 3k AR I I A R Y B S AR N 4% (Graph
convolutional network, GCN), ffi f§ LSTM i $iH
JRARFAE, A5 FH P4 220 0 26 4 Xt e A %AW (1]
PR DA — M AR A 8 77 vl AN S /D A
A3 S AE g R AR, RO D B s gk AT
o DU AN B8 4 T 78 40 b S O BRI 1B AT RS, B 22
W T A R AR Z [ AR SGPE. —Fnl BRI SRR 2 40
g S LY TN Z o Fe b o, AR AR
N BB SR, X AR TR AR AN BL AN TR BR



8 ARSI ) 2 B A R 0 S A T ) ke e T 92 1519

Sy EFR, T UL Sl T 8 BAR AR ST E, &
A RN AAZ I 5 R AR A O R A,
XI5 KB AU BT B BRI SR A
B, Hf @S2 MR, 2hint 2% 7).

BE o PP X 2 () KR, — S T B 77
%, Bl RS AR 28 B4 7 22 Bl T AT 55 v LA
RIEFHRCR. T BB, Bet% (7] I 5258 &
AHRT RURRE . 5K AR A R AR I L — 5k
P24 B AU, Ak R A A TR RRUBE 2R S B B
M P R AE 1R () 20 B . T R O A R
JE B 451, BRI RE. SRT, BT kA =i 2
A A, TP i 2 TR 56 R HE 2B AR
I . R, i T R S ) A e o R A
M, LSRR A, — R e AT R
AP, ] T T B g 5 1Y) 7 v BT
FHOCME FE B B 77 R, 3 P b 7 AR A 72 o 3] o ).
W S50 75 22 A8 5 15 18] 7 51 F0NAT: 55 Hh 32— Fi
TIRTF ISR 1 B 2 ) =, B T2 ) B 799 A
R AN R 3L 11 20 SRR 0% i 3 i 2 o AR R RE . SR
MM, b3k J7 VR AR E B — W AR R, X — A
HEHLE 2R 1 T R &, B SRR e R A R
5 785 HhIR Ak 22 I R TR IR B K &

M A SRR A T IR F RS, — N EE
3 ERASEIN 52 TA)AH OGO R A TR AR TG B 2 4 11
SR, 24 55 E 00 000 5 ) P B R O Ao i IR L 30
J ARG, W fRE 2 T BB T IR B AL AG
THE S IS, B AR R BT SO A% T
04 S R R A T ISR, BUE AR
43 S A R, B A YRR X R R T
BT I 77 R AT S U P T XS () A

A SCHTIA I A B A SO Tk i rp R —
X GATERAF IE T AR A I AL AR ST B ) 28
A PR — Fh B I 25 M R AR Al 11 55, AR LN AK
¥ (Adjacency kernel), Mt T 2 1% KEE
%% (Multi-kernel graph convolutional network,
MKGCN). Jfilid 2 20 W] 27 > i B B2 45 3] 4 &l
ACBEIAS [RL I8 8 I RRAE, AT T [R) Tl 355 T B 46544
RENHAESS LI T 787 S i@, fE42
Z 1% G RN 45 (1) Al b, AR SCHER AR ol #E rh
SeHRHIEIE L 200K, FF 91 N BRI, Al vk
RRAEIE T AN R AR e 7 W R AR, B R e L
0T S U0 R AR Atk AR I S B T, AN
TAE 7 55 15 00 R 9 B8 ST A m ) R Ak o AE
153 4 B A THE S, 8 R A A SE R
AL ) i 222 17 0, ) T 0 FEE 224 IS 2000 5t B R
FEVN R B, TR v A0 S B R 1R I 22,

SE RN R P2 PR 8 NP B B, AR 2 il BR AT
i 22 155 LB 52 I s A 1 R B, S A B R
.

ARSCH T ZE TR R

1) $2 b b T 00 18] R 5 45 4 0 A 5 0
TRZE AT A B I A R D M B S K A
SR 5K Tk A 7 A B I R A R, B —
T 22 % AR R 255, AT X 00 A 1 408 5 45 A R AT
B S 787 15 2] I 4RI AURFAE Y )
A HE, S AR RS T IR N R A T S
.

2) WAL 2 B G AR R 2% B B Al 5N T
RPAEIET (1 E B AT ¥k, F5 —Fha] S i 20 B A LA
2 P I R 37 6 22 T 22 4% A6 AR R 4% 1) T 0 A A5
M AE HIEAGLRE I R R AL AT A R,
Gef T ARG AR H I DU 7 8 D0 e xe A
It T3 R T, 8 2 AN I R R 7 A S AT
BE DR A A B At B A TR .

1 MEX7TE
TEA AT R, 9T AT M F A S, R K F
AR T VAT A 4

1.1 EERME

I AER, Kipf 5554 £ H (1) B AR X 28 45 2 Fh i
v P 5 AL B I AT 55 BAR B Iz R . A
W 2% fie 6 A7 R0 b 4tk L P 5 4 B IR R A . 2 IR
G=V, E), i, V 2EPSES, BERZET
WEES. & LB A, & — N n xn
FRE, n B R EAEL Wi e € B, Ma;; € A=
L, W a; € A=0. X5 TIIARRHEAERE, ey A0, 1]
Z . SRR A REEHERE D R

A=A+1, (1)
Di=7_ (2)
j=1

H, a; € A, Lo RN A n xon ITERALRERE. 58 X
HO NE 1R IRSARE, U S BE SON
HMHD — ¢ (D*%AB*%HU)W(Z)) (3)

Horp, =00, HO RYIERIHHE; WO hari
S HOERE, FTXRFAEREAT 2 PE 38 e ¢ O
Tanh #iE R %, D2 AD~ 3 TSI AR B0 BE 1 A
AEAL. HO 9 BT B SRR RS, RN
nox m, m NKINE RN R AE4ERZ. HOTD Oy
S P e R R A



1520 B | 1t =2 Eitd 50 %
1.2 LSTM BE5£iEiER RIBE 50 N X 43 9l B I 7] RIS 7 = 1A 4 A\ BiL-

LSTM 4G Hochreiter 4567 Fll Gers 2589 $2
T PR R 2 I 2% 1) — Rl AR A TR T )
KA @, LSTM g/l 1 fros. A
LSTM B e AR 24 117 B 21 4\ o, R0 HT— B 20 1
ANMIRZS 1~ BEOIRES hy_q, T8 A0 2 1 F2
TCRES hy ~ AR ¢ 5 TGP N2 AH L
LSTM A Rt 27 > His A7 78 KRR &
TEVF 28 POV ) 7 41 A 3T 55 sk A5 B et i 36

e
LSTM it 0N
iy = o (Wixe + by + Whihi_1 + bp;) (4)
fi= o (Wisxi + big + Whrhe1 + bry) (5)
o; = 0 (Wios + bio + Whohi—1 + bio) (6)
gt = §Wigms + big + Whghi 1 + bpg) (7)
cc=frxci1+ il xge (8)
h; =0 %€ (ct) (9)
yr = hy (10)

H, o 4 Sigmoid BUEH K EL, * &/~ Hadamard 7fe
A bis, bris bif, bug, bioy bros big, brg, Wii, Wi,
Wity Whiy Wioy, Who, Wig, Wiy AT 252 45
LSTM H T #E AN F8 b5 J7 52 5088 B & 1 i
RRIE. FEASCHR A 1 XA KR B iEAZ M 2% (Bi-
directional LSTM, BiLSTM)®, %, (11) Fis,
. concat %%Tﬁ*ﬁﬁé{/ﬁ,ﬁt RN X W) T IE A5
A LSTM JZBEIIFE, . WA X B R 4
A LSTM JZ38|f4E, B, 9 BILSTM %

STM Jz=, FifH H Rt AT P .
Wt = concat(ﬁt, %t) (11)

R 1] B K A B 1R A2 X 28 & — Fhei B9 LSTM
AR AR I TE 5 A 5 S 7 ) 2 BCECHE Hh IS
JPARFAE, AT B 78 43 H T 7 51 3R AT R A Y, X T
Z M I () P A FCA AR L R RCR.

Ak, A% EZ (Fully connected layer, FC)

FO) = ¢ (F(ifl)W(i) + b(i)) (12)

Horr, FO-D ZHT— 2 M2 R, wO e g
MRS

2 HEZENIMBELERT MG
=E
AT A TR ) 2 B 508 U )2 A A AR
[ BE P 50 2 R P LR O S B i 72
SRHEEITAR.

fETHR BB R A

FEASCAR 1 2 s [FB Al TR AL o, A
I At B A B 2 e S (0 B A
oK, T A A FH AR A 22 T 2 7 S F 0 A HE AT A
i, R RN EAE S Ve R — S, £
AP R, e AR R AR A AL BEAEIA Y
R RN I (1 DU A A A DRI A 2
R AR AR AR TR ) S B S T2+ 0 R Y, W]
LU G PR DRI A5 B SRR sk Ok S BOVE P A A T
fH. T A S I R AR ) — A i R, 4
BEAFAENLRE L AT 2R, W A7 7 — 2 RERE AAH SR A,
R R A 15 22 A EL ).

2.1

() o
T Cr1 " ™ c
P —— X
Tanh <Ian/}/1>
X
| o || o “ Tanh | | o | o o

-
“\3@

1
Fig. 1

LSTM W #45#4
Internal structure of LSTM



8 ARSI ) 2 B A R 0 S A T ) ke e T 92 1521

T ) e B N0 A T 11 22 4 Pl 2 R R 6 A
2 fs. 2T MKGON JZEIMGTHER S5, i1 4 4
BREHUR A, L3 2 T RHAE S USRI, T MKGCN
JEHVRFAE TR S BB il TH AR B LR R A @ I A e
FERFNIN 21, BRI X NS 3 A% I A

BEI AN S EHE. X KN AN, len], Hdin
I K, A AT s D — 5K e A ) e e o

T R, n BRI EIR UG len BT AN KRS,
Bl X O EKEN lenft, t—1, t—2, -+, t—len +
1 ISF 201 B >R 4 30 1 A B ) DN 2 A . AR R A

e RGUAE R F HOL T, A AT AUE 2T ¢ 1
ZN S THE. 0 T8 — A BAR B i, A7 {3

i S RRAE, Al T ¢ B 2R

15 2 i N BB FRAE SR USSR, X TR\ X,
FH 22 838 FRAE TR BB DR B 22 T8 0 i N\ BRRFAIE. A
SCAH AN N IEIE B ¢, = 2, 20 R A A K
FEHCAZ B AN A 1 R R UR W s H I REE, 15
BRI A, 2 x 1d] BIERAERE R HY L HY. Hoop
FEAEAE BE () EARR IR 28 280, N AR R s R Ak B
FitJeB (R, BN U7 1) LSTM 9 & 4t I RFE K
N ld, AEE R R BN 2 < 1d. HAR

P2, TERANEZ, &N S 2 Al i BiLSTM
BILSTM W 0w )\
BiLSTM\ \

WA 1 HRRAE

W 2 FRFAE

a7y

)

BiLSTM

A 0 R <¢#f§4§m 0
AT 1 R (s 1
<%§%&2

_’ E LF

[
[
[
[
[
Wi 2 AEE ) "7
[
[
[
[

TR 1 HIRFAE

RHIEIE TR

/
«_  HT MKGON RMFHERAHS 7

T 0 FOE LRSI

A FC HEAT— YR SREL. ph A8 5P/ S it
RIS B N 2 B BB AN (0 2 A i i
N T AR BB 0 A 40, 47T B
SR B 7 3tk 47, 9 R 6] 4 g
NS L R IR 0 N\, TR 5 B
S AT HE SR S i

fERT MKGON J2 WL S & b, 5 F
RSCH 2 A A AR ST T 4 R 5 o4 6
RSO A S5 T, 8 A A R R
Pl FLA 45 £ 0SSR B 4 S BT T R, MKGON J2 3%
SAFI AR MK, VR, EREE A
R B S B RRE. AU B3l
o 4 U A R A A AN MKGON 2, 78
) 2 /M A

FERSAE BT R, % MKGON 52t 0%
U 2T cone AT KA 4 x 10 HAE, PR F
{5 L 1 i 4 2 S DL AR S I, 06 2 6 et
FROAIE 4 A0 MU HL S AR GE, AT S AN
S N A T . A5
7% MKGON J2 LA 00 A 5 4424
AU R AR, T B 1 T e £ D
G B TR ) B S P PSR S

WA QS 0 f
B I T

‘ I/ SRS R L
N\ Coue MBI FRIRFAE

| RO J—awimms o, Mmair)

M 1 IR

’ﬁffgj)i’? Hﬁa‘eﬁ»ﬁ;‘mm 1H e 4\1@49@%@)

T 2 FE TR

{ m%%;iﬂg ]-—< ORI A 2 K0 4@1@%@

I FE MK

éﬁﬁz%m el 0 1 m@mn—@o—{ W{Fi%)ﬁ’a%ﬁﬁﬁmm L0 DB

B2 e I R T 2 R AR T S A

Fig.2  Structure of multi-kernel graph convolution model for total measurement points estimation
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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)°

y (22)
=1

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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WA T R 22 A B L, — 7 T e AR ) e vt 2T AR, R, N BB, RS
FHRAERE J7; 73— J7 Th Tk S 1 6 T B 1) 7 2 7 ] LR AT, AT e 2 DA I S BIORE TR 1B 0 s PR Ay
(1) S FEHE B A DRy S B0 1R K, 345 B AN i 1 Dy ity 2 THH PSR, RO AR iR BlS BB A Ho At
Uiy R, 55 T SEIE. AR SCHR RS TR AL SR T A WAL T IR, B AR R R, AT
N 3 R T AR i TR R G G &R, R R SR I T A Wl T —Fh 3 TRHEE T I B IR 7%, Ko 8
W AR A TE. FET e, 7B 5 SOt — iR A AR O H A iR 22 K I A, I MK GON
TGO 22 PR A R, L AR . JE B8 £ T B R R T T 11 0 A A T 4 B
[ 1 i s N JE UE KA B2 B ) S AR ALE AT Y B e 5 U 2
3 ETHMELNBERAZESEN AR
= AT ot A AT B T A T 4R
VER BT R E T 0 B EAR T E 5 B, AL
_ ) BN p S A o B R R R R R IE R
3.1 g%#ﬁ?E@i&E"]Ei%{%ﬁiﬁ ﬁ;u]:;‘:é,f/l—:‘ HR@H}I#/I\%’)\@\%‘ :H: > ‘—é‘/ )
: IS, HAREiE AR
WAV R 2 (B AR A = HLEE B A ¢ H SR R IE AL AT 5 “x 7 BE M | RN X
P, B 5 5] BX — AH ST T IE W 1B AT B L T 10 W A5 A AE SRR B 25 R B0 1E W s AT IR R 1R 21
it=0 M i/
Q%Eﬁ ! : R S RSBy, 510
A s — | — AR S R -
béfi’;%ﬁi} RMSE
X% WDEIEZ (FO) .
97 =0%) %
: . /a/RMSE( Vo g?':}’»h o i
| i i /// 41(&) S X
| L | Wl —
| SO %ﬂ:“ o bt
| A | ) \[Y ’
it =1
m%”iéﬁ&" x XX
gopme | rooo- | -
N R RMSE(y, 5/™")
:i\%}(é %\iﬁﬂf : : RMSE
FHEEIEZ (FO) i J
G 1 s : k - /;RMS;?((!(),- NN -
| i T O L NN
! | \\\\ ‘ ’:‘l // i

HRFAE

| HFERS T 21
. L=

Kl 5
Fig.5

EPES AWIRES

Self-iterative method
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R BRFAE. DA 6 A2 i PR 1 (4) A ok 58007 3K 38
3.37. 0, v RWERESEL, 98 N 4TI 200 55
TEER it UOEARE Al THE.

MIEARIRE it = 0B, FET R AR NS, 155
AT ) 4 Bl R A o ) 22 4% B S AR YA 21 S 1T AR
B THE. 25 TO0 N S B8 3 7
B DR e R 2R 0 N P ST R B R
ORI e o5 Ak TR ZE I T AR R, 1 B
N RG T ReRAE T BF. FEXMNRENSERSEIE
WG OL N AR AT G TE, DA TR 0 BT H B0 e 1)
A B E L. BT 5 (0 & 8t hk Tt
AR SBE A RS EFEAE 0L T BAGTHE, B R
(R0 et AR T Ath 0 SR A TH = A T, R
K EIERTTE, AT THE AT A 8, A ek
S WU R YA L D [T B AR T 5 I R ) iR A
. AE HIER S, B RS R AT, IR
iy B R RO RS AR AE AR AR A T H PR 2
REAEHEAT B4, MITTIE A0 T8 B 12 e 0 I st AR AiE % 3
I Ak TR BEAE BB, AR R
WA A B R E AR B S EF, M5 E
YT  ZIIE LR AN s A A

AR T P mT R 4 1 AR 2 45 1 A oK ik
AIREL, AT 2 RS SEi R sk, — 7T, & X
T RIERIREL it e, RIS EGE 1 152 5E 1)
B RKIEARIREL it B, 5 1EIEAR 9 — 5 TH, 8 X
TASTHAR A A v, P8 kA B AL THE AR 4L
AINFBRUE v B, Ui B se i s C & T lkesk, mTeL
5 EIEA. — ek U, PEIEAC IR B D I W Sl
AT, kAR ECE 2 i) 58 5 15 21 58 InvHE A 1
flTHE, (A THRER. Rt BARRIEARK
H5ORH 0 R AR AR A B 8 SR PR A0 3 R 4 ) 2 3R 0 e

HAS—9ME, ZHERTENEH TETE
FEICIZHEFE R MEST K757, X MEST K771,
MBS IR R, BT R — s AW
it E & wE 7 IEEE N, BRERIRES,
MEST J7 i B vH BARAL L I 2 A 15 4 /7 fd 1 H IR
55 AR AAARRES B AU FE Bt — 20 3
SEASTHE . X T AR B, BT A
B] R & 2k KRBT MKGCN 2/ S 30 1T 25,
HAEERERE+S MKGCN ZRSH02E e/, N
o E A R 3T, MKGON JER A H T
RURFIEIE A B 4 5 0799 RURRAE, RARBE A7 &I A
B 5 D% R IARFAIE , AT G20 20 ¥ R 57 5 4 R R e X
T HAb S A THE RT3, 2T REE T ) B IEAR
TG BRI 1 PR,

B 1 ETHEEEMBIER G E
1) it = 0, TR EIWILEAE A 99, 99, -+, 90, WIURHSAE

HipE FEO
2) & GBI FE I I FRIE Y TM P
3) for 4t in [0, 1, -, itmax):
4) TMP = LF
5) flag = False
6) for i in n
7) if AMSPWao) 5 5
8) TMP;, ---=FE}" ...
9) flag = True
10) if not flag
11) break
12) else:
13) gt FE?*t! = MKGCN(TMP)
e
14) if i, e <7
15) break

3.2 MBEERSHEETRENE—LITIL

FEATT R A0 F S AT i A R R AR (T B
AR IR B R F) O B S A ) AR V8 7 T /Rt — 20
HIRHE

1) S HRRAE R R

B, Wit B fE T, 2% EEHEY
e U] B SRR AE IR [ Kipf 550 52 0 ]
EA S

U — ¢ (D’%AD’%H(DW(”) (25)

KGR % AA S R, IRJZH) GON &
A FUARRIEAHIE, MELAIX 7. SCHR [45] 3281, K&
AR 2 52— RS IR T S S f 73 T — A4
B M ERE, 2 GON EHd 2, & i15H
I B AR AR ST [F —AME, B

L=D-A (26)

Lgw =D 3LD"3 (27)
) 1, v; € C;

1@>=:{ ! (28)
J O, Uj ¢ Ci
lim (I — BLgym)"w =

m——+o0

J)f%[IUJ,lmp...7lun}9 (29)

H, ¢ RREHRENEBED R, v RRNEHE
AN, BNRRIE, B e (0,1, we R", 0 cRF
T AR HMZZEGIRE, HE%E—MEN
WIEOL, Bl e = 1, cou = 1, LRI IIRIEN
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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)

T BIEAERE, STEAE M 220, o] LR
H kAR R T B E — 31 MKGCN 25402
IR FE. X e = 1 M ey = 1O, MBI MKGCN
)2 8] TG i B P AR AIE 18 T 2 R R A 1 R 46 22 8 AR
FE 2, QGRS T 48 I1ER, & S 8N w, FF
LW xw=W.EEFRERE FE,, L&t IR
iR E, ne
H" = A"FE;,W'™ (32)
Chiang %" R H —Fpom b B &£, @
SHEIE WAL 5 B AR BB — AN B R R T,
fES RS RISFE R B 2 AR B SRHE, R —
ERESE SRR IS AR A I S ). A SO AR
AS5Z MR, BT@EH LR ENMLITERNO, —&
FREE Bk T PR, Bl T E4EE, YA
ER IR Ry %, W m 7850 KB, — & fE18 0
HFRIT R T 0. AT DMCHIFE a0 1) £ BT B AR X —
AU, H TR R IR AR (YO U T A T A RIS U e
D
JA™ |1y < [IA]T (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
A3 B RGUEE LTI AR A SRR, I
TEUERAIX 73 I REE S R R, X 2 MKGCN
JE IR SRR, @ 2@ I8 i v, Xl s R ok &
BHATH I R 2) REA G IFAEEH EL 1,
M RAEAEARLVEN &K, 3) AR (1] 5545 1E AT fig

TRERNE, REEGRERTE T M HE
R BVREAE T O/ B 30 20 IR AR R AE, TT Re A B T
PRIX — ] B, SR 22 7 SR T A8 (1 KU R AR
& AR, IEFFIEE 4 MKGCN Ak
TEIE T E B 2 7= A D VR R TR S B 1 P 7
ERAT UL EIR &,

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

o, n ORI y) R 5D T 2
PR SNSRI IO AL, 20 3l X 4 — AN i AEAX

B RGUE R IZAT R RS A T 22 1 Dl
ITRCE AL T, AR BIER § AT R A IR Z iR 1, RP

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.

B 2. T MKGCN ##EIg TR SRR &%

BRI R I B

1) MG SR 2 Go N 1 s e o i R I R B0, S
AL Tl A 2 AT I R o A R 2
S B, A PR Tl 4 4% IE 5 A2 AT B TR R AT A
FIGAE. ¥ 303 min-max MG [0, 1), MG —4
YeARTH 21, @, -, an, FIEAL TR

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
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(8

g
¥

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 o mT S R IR B, R
HTUSCER 21 0 B0 o A Y 3R AT 1R B 5 T g, AT B T
TR SEF 21 WiPRAS 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)" [R5 B 25 VAl I AN T B 2 [8] R AH R 1.
PR FEAR 18 (R 30 2 R 2 AH S VE S5 T IX I N AR )
FRAE Z 18] 1 Bz R b AH S5 1% SRCC TR 741, 72
EZH, EE AL R, W7 R 2 & JHH K
R A E E LR

N
Z (’I‘i —F) (Sl — 3)
pslr ) = |- ®
2 (ri— )’ 2 (si— 5)°

Hrb, v, s REEEWDAMFE KN L p, g BIFHK
Feol. o )T r, 2K p THFHESUE pi FIRTIR, s
I s, 225 g THPHESE @ IET X

U0 SCR IR A SCAE AT B R 2 A A Ok AR E
KPP ECE A b &N 2 T8 AR S E, ) SRCC
ITEFEFEIE 6 Froas. WK EGE R BLE HY
XA 2R A B2 B 22 AR T e R X, I IR
W MR TR ATBE H, K2 T2 AR
MR AR B, g5 AL, AL IE W Lo T Eq]
I B DL S AR N AL i, 4 e Ak
T TARIRESI, 2R PR AR R T .

var 0

var 2

var 4

var 6

var 8

var 10

var 12

var 14

var 16

var 18

var 20
var 22

var 24

var 26

var 28

var 30

var 32

var 0
var 2
var 4
var 6
var 8
var 10
var 12
var 14

6
Fig.6

var 16

var 18
var 20
var 22
var 24

WIZREHR 0 TR AR S

Correlation between measuring points on training data
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42 EENSIREMGITAEN SR

ZH Feng S (5250 0T, B AR SCHTHE H 1)
5T MKGCN ()4 &I s AG TS A AN 7 Fheis FH
ZHEGER AT UL BT — 3R 12, A SUHELRS 2
BRI Rl THE, TN —Z N G2 $R AL v] B B
FRIAE 575, WUEFERIN LE 7 10 7R E R g e it
BRI R A VB B BT LT A AL B
/N3 [AH (Partial least squares regression,
PLSR)™I, MR 2 S HL (ELM) PO, 42 3% 32 ) 2%
(FC)™, KA L2 4% (LSTM) B, — 4 571
%% (Conv1D)PU, BRI LE (GCN)P (GCN sk
MIFAFEAGINNHIR M, NS MKGCN J5 4%
Fr—30) M2 B ARSI (MEST)Y. B &%
P BRSNS AT 55 B 26t JEZR 1 2T
B A N 4% J2 1 Al R0 A B A, DL Je 42 i
(1) 2 BRESATHITE.

FT MKGON [ 45l Al v 7 (1) 4 A 2
SN 2 Fiw, B NEIE &5k 3 Bil-
STM Fl FC PN IEE, fi il iE Ny 24, s
WSS R e . FIFESEE T B GON 41 0 HUd il
N HEE s, ST SRR 3 FR. BT AR
(P RE 25 B 52 B S8 7 sz, A8 R AT Py-
thon fL5ZH 7 PLSR. ELM J5i%, 1 ] Paddle-
Paddle HE4E528 T FC. LSTM. Conv1D. GCN,
MKGCN M%%, a5 4 fros. Hd ne AR 24T

&, B NFHEEG o NPURBUE; 1d MR )= 4E
FE (RIRFIEREE); oc NARHEAZ AL, BNt Kl 1E
. AR WS A R E N 5. B
EFE T 2, 5 WEFE Tanh 1E NBUE R 2. ¥
BiLSTM FJH 8] & 550 Conv1D MK/ len 1
BN 4 WANASCEI T 2P MEST ik AT
DRAE SEEG IR 2 P14, Bl B rh s i) 48 e 1) 3 288
SRR MRS R B 7 R AT R E

FC. LSTM. ConvlD. GCON 1 MKGCN &%
FEMA M 2% 8 B 1& A G T (Adam) J7iEET
YISk, RERRIRERIZE 2539112k 200 $&. WIGGH5: 2]
RWEN 0.001, F A 25 RN KM 50%,
LR KA EH 64. H, B T GCNL MKGCN,
MEST 7732 9 [R5 6 4= B e AT Al v 4, Haont
A AR S0 BE— AN S 3 A & HR I SO G B
B IO, BT RISk, WO SR LA A S
SEBRAII s B F]. 72 MEST J5 A sc gl 2 v
AJRE HH TR PR AT e S B R SR R AR B, R
AL SR IS o 3G N T HRE pI, Hothp =05, 1
DAL R, AT B 1b 75 2 SR 10 ) R e 5 A T
(ERTE 2208

RMSE . I 4E%F 1% % (Mean absolute error,
MAE) F8F5 ] FH T UPAl BN T b 1 T 008 R 5 S A
IR RS, & XNESEF Ny = {y1, Y2, -+, Ym )
TIN5 8 9 = {01, 92, -+, Gm )}, T, m AF
HIKFE.

* 2 T MKGCN Z 1 Lil v AR 2 45 4

Table 2 Structure of working condition estimation model based on MKGCN layer

Feis W% )2 HH 24 W e AL

L BiLSTM n [input_size = len, hidden_size = Id] None
FC n [input_size = len, output_size = 2 X ld]
2 MKGCN 1 en =1, now =n, few =2 x1d, Tonh
Cont = 0C, N0y = N, feqn = 4 X Id]
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
6 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 = HH 28 o e K
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




1530 H | = {5 50 &
F 4 RS SHN S R
Table 4 Model implementation and parameter grid search range
Jiid Python 11 S 2 MO R
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 1d 1d = {8, 16, 32, 64, 128}
BiLSTM PaddlePaddle 1d ld = {8, 16, 32, 64, 128}
Conv1D PaddlePaddle ld ld = {8, 16, 32, 64, 128}
GCN PaddlePaddle ld ld = {8, 16, 32, 64, 128}
MKGCN PaddlePaddle ld, oc = {:87{21,611?21 ?‘é” g};}
RMSE fatsiE L (22) Frow, BT L 36 F5 PR R G R R 4 i
HOIE B VTS T B ) TR R 2 ERMESH T SR
MAE 484558 XN Table 5  Grid search results and total parameters of
. depth neural network method with
MAE (y, § i Z s — ] (40) optimal hyperparameters
) 3 3
s ik RAESY By e
MAE J&T L) JEE0EE & VP8 1 80l & 1 f PLSR ne=15 " /
R ELM E =200, a = 0.9 n /
ASCAE R ik EE, FLE VP BIAA I MEST / / /
MrEge, Hd FLEE XX (41) i, Accuracy, FC b =128 " 510
Recall, False,, False, SN IER R A, % BIiLSTM ld =128 " 6.9 > 10°
;H;iz\ /E?&z Conv1lD ld =128 n 9 x 10°
Accuracy x Recall x 2 GON =64 ! 98> 10"
Fl1= Accuracy + Recall (41) MKGCN ld =8, oc = 32 1 18 x 10°
— o, — . N N SN .
Recall = 100% — False, (2) p A, FTDATG I, 75 % R IR o 2 10 5
Accuracy = 100% — False, (43) o ARSCIR BT MKGON #8724

A5 FH A% 15 2R 15 2 1) 5 R R ) B e 2 K
R 5 PR

A d _EAS FIRR R A 5 R sk 6 Ak 7
Fron (R 925 I R Ve RESR AR T 24E), R
N R A ML E NN ARG, F R

6 NRBE EASFE R ) TG T4

TR AR SR D B ST R Y
B AT Al T A B I A, TG 7 S S T s A TR
R, MKGON FALE i 51\ 22 3 45 1 AR
RS e 0 TH R L IR T 0 T s 4R AR R AR A, A
M4T2) VAT &R S8, A IR R, HatdEid

(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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X I R BT RIS, el 8 FrR. X
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Y 2B s A3 AT ) P 0 S A Az 00 EAELFE T
i AR W BRI 2RI E b, 52 >0 18 ol Y 1Y

4.3

# 8 WINEHE E& IR (var € N)
Table 8 Monitoring indicators on monitoring data (var € N)

Eizzan 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  WINHEE BB WIIERR (var € F)
Table 9  Monitoring indicators on monitoring data (var € F)

iz PLSR ELM FC BiLSTM Conv1D 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
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Table 10  Structure of working condition estimation model based on AE
FFs BEIS HH ZH W e A
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 FC3 1 [input_size = 2 X Id, output_size = n] None
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# 11  AE 5 MKGON s2a 45 Rttt R 12 i HEIE S 2 OB E P R L
(MKGCN £ 45 R [F% 6 ~ 9) Table 12 Performance comparison between single

Table 11  Comparison of experimental results between
AE and MKGCN (The experimental results of MKGCN
are the same as Tables 6 ~ 9)

LT AE MKGCN
RMSE, var € N 0.020 0.044
RMSE, var € F 0.022 0.046
MAE, var € N 0.016 0.036
MAE, var € F 0.019 0.039
False, , var € N 38.811 4.500
Falsey , var € N 0 0

F1, vare N 75.922 97.698
False, , var € F 35.009 10.769
False, , var € F 0.887 1.056

Fl, var e F 78.505 93.836

BiBES Z@ERIEREXT L

NT B MKGCON J2 H 2 i 16 P 0] 1 A
IR, A4 HIEIE R oc = 1, XS H 14 1E [8, 16,
32, 64, 128] Ju Bl N H T R, 155 oc = 1 B AL
S8 1d =128, WIS HE N 2.2 x 107. 524
HEIE A U R AR AR T EL ISR 12 foR. 722
B 2K S R Ak TR B R A AR T, i B
ZHHRERENGIANG B T AR S, B
WA R S SE R ERE TR, 25l
T (1) S DN A L A L 0 B B g
T8 [ LT BB A B R E K 1d kR
FHAGTRE B, (B A R AE 5 S0 AL 0] 1 T
FEAE— R R E R A, T TE SR TR AT
LT (1) S R I A 0 3 T . T 22 i b T R
(1 51 N BE % X6F WU 55 T6) (1) 2% 2R 5 22 K 4 . T i th
e

EZEGBREY, R 2 HAEAZ, LT

4.4

var 0

var 2

var 4

var 6

var 8

var 10
var 12

jm var 14
E var 16
& var 18
var 20

var 22

output channel and multiple output channels

b oc=1 oc = 32
RMSE, var € N 0.043 0.044
RMSE, var € F 0.055 0.046
MAE, var € N 0.035 0.036
MAE, var € F 0.049 0.039
False, , var € N 38.486 4.500
False, , var € N 0 0

F1, var e N 76.172 97.698
False, , var € F 36.022 10.769
False, , var € F 5.237 1.056

F1, var e F 76.385 93.836
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Table 13 Performance comparison between single Table 14  Comparison of self-iteration effect
i h 1 Itiple i h 1
input channel and multiple input channels v -0 it—s it — 50
ECI cn 2 eh? False, , var € N 11.662 7.527 4.500
in P
RMSE, var € N 0.084 0.046 0.044 False, , var € N 0 0 0
RMSE, var € F 0.044 0.044 0.046 F1, var e N 93.808 96.089 97.698
MAE, var € N 0.072 0.038 0.036 False, , var € F 11.740 12.289 10.769
MAE, var € F 0.037 0.038 0.039 False, , var € F 1.732 0.676 1.055
False, , var € N 22.703 5.527 4.500 Fl, var € F 93.000 93.157 93.837
False, , var € N 0 0 0
F1, var € N 87.195 97.158 97.698 5 ZERIE
False, , var € F 33.405 15.372 10.769 . a0 A
. = A /
False, . var € F L6.765 10,003 056 ARICHR %ﬁl@if’ﬂégw,ﬁ% 2 A IEZ
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Fig.11  Comparison of working condition estimated values of measuring point 12 and measuring point 25
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