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Abstract: The operation status of coal mills in coal-fired power plants is influenced by factors such as coal quality variations, load
fluctuations, and equipment aging, which can lead to dynamic shifts. Existing monitoring methods typically rely on the  offline
modeling, online deployment” approach, which is difficult to realize the adaptive, continuous and precise condition monitoring. It's
khown that knowledge distillation methods use lightweight student models to inherit the superior performance of complex teacher models,
facilitating the rapid model updates and online deployment. Therefore, we propose an adaptive condition monitoring method for coal mills
based on the continuous distillation. This method enables the quick adaptation to dynamic changes of coal mill during the operation
process by continuously guiding the student model through the teacher model and updating the student model online. Considering the
characteristics of coal mill data, we ropose the graph temporal convolutional network as the teacher model by combing the feature
extraction advantages of graph convolutional networks and temporal convolutional networks. The student model is constructed based on a
composite loss function, inheriting the knowledge from the teacher model via distillation loss and ensuring the monitoring accuracy with
supervised loss. The new parameter fusion strategy is designed to periodically update the student model’s parameters based on real-time
data, achieving the iterative optimization of the parameters. Validation with operational data of power plant shows that the proposed
method outperforms comparison methods in both monitoring accuracy and adaptability. At the normal operating conditions, the standard

deviation of prediction residuals under the continuous distillation approach is reduced by an average of 8.45% compared to the offline
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modeling method, significantly enhancing the stability of model. While in the abnormal operating scenarios, the proposed method

successfully captures the fault symptoms and issues early warning signals 116 hours in advance, while maintaining a zero false alarm

rate. In conclusion, the proposed method can improve the intelligence level of equipment operation and maintenance, demonstrating the

broad prospects for engineering applications.
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Fig.2  Graph convolutional network structure

3 3o P o 3 T B 1 2 0 K R AT B — B 4k
a7, Kipf 2517 758 P 5 AU (Y JE il 48 T fAy AL iR
GCN, A 8 RAR TR T3 58 24 B . GON B 3 8 =X
X (2) Fims.

H'""" =o(D"?AD "’ H"W" +p") (2)
K HYY FHY 53R 1+ 1 Z R LE9 SRR
FEFEA = A + T FoRTEABEIEIE A L3N A & 825 90
W ;D X R SRR s o (+) SRR SR W A
b\ SRR AR 1A 2 ) WS HOERE AV E

FIHALSE CNN J51% , GON RESSZERFEF > 10 A v il
B R BRSBTS A5 R S 28 R A) Y OCHR
AR FFESR I, AR TR TR IE I R Ik R
T3, 30 REIE AL BN G R A 428 £ ] () Y ZE AR | DT
TER IR RGN Z AR R h R I S e v 5 &
Bk
1.3 BfEIBRMLE

455 CNN F1 GCN FEAL 3 17 51 i dis i A7 76 SRy B, 6
A RSP I 8] 5 B A B ASRRAE . R ot I ) 45 AR )
#% (temporal convolutional network, TCN) # £ Hi | 8 4 5|
APURE A 5K B BB 76 OR R I (B0 — 2k iy
[ B K 7 I 32 B, S X 4K 7 91 Bl 25 R B PR
PRE

W&l 3 Fr 7R, TCN L5k 2% He Sy HEAS B0 M 2 1A
BAREIEFENADY R ERZE, B2 h Y kB RS
A IH—14k ReLU ?%)‘(?ﬁlglﬁ\])ropout W20 /Y, B
Ji 38 2 5 2 A S I A S AR R RS

Lot
¥« Dropout |
- 4

T S
; : - W

R —
ey ~ "

= aaw @
i : N L] I v )
i
R LIS

E_»ﬁ%%%ﬁj IS | +2%r1 Xt
A5

—

3 ISR AL

Fig.3 Temporal convolutional network structure

Pk BB AT N « = [%,,x,,,x, ], &
FURAE N w = [wy w0, ,w,_, ], EYTKREZEd FH
ok RE X (3) " FiR,

(x% 0) (1) = kz],wi°xt—d~i (3)
Ky = FRER kW EBE RN d e RS B RS L
Y d BRSBTSz B B 2 BT R AR A
BEAS I AR MR IRRAIE |

S RIE R TR] PSSR A TCN A T 24 115 e i b 4 S
TR By, HU5 AR 25 B 220 0% ARE DG, BT
B A Of P17 L THE 68 38 i A v 5 SR S ) o 2

R R IR (4) Fios
Y =f(xt’xtfl’.'.9xt*(k*l)d) (4)

BUAR S 577 1 R 2 P 2% s s B T 2 ) i, 5 | A 22
gt B ERZE R H = (5) B .
y =ReLU(x + F(x)) (5)



55 13 T A BT RRER AR A RO 1 S MR S e DB 5 369

Ap s F(-) FoRPZEY 5K R AR A 0 — AL AR
LA AL A I

TCN 38 i 4 745 AU B i LI 7 i a2 8
TEARAR IR 11 PR R 4 1] B A 0 AR AR IE . AH EE
T2 M 25 454, TCN A A7 R ve mnm il
GRS RE S AL B A4 0 TP AT 55 vh S B Pl 8
Rz ALTERE

2 ETRERBNEEMREENTZ

2.1 ERERME

IR 2 7 ik I PR R T BB IR S AE B 4
B3 GON I TCN HYFFAE S UL 3, $ 1 —Flholr st i
K] i A B 4% ( graph temporal convolutional network,
GTCN) ,iZ M4 B &5 F il 4 o

4 BRI A5

Fig.4  Graph temporal convolutional network structure

mE 4 P, 2728 BT ER A GTCN B 1
ek GON B | MR 4 A8 2 7] A9 I E BROL B A5 B 454, XF
B 2 A B R A T DG I AR s (R RRAE R B, B
BRI A 23 (AR AR D6 N TCN BB | 76 4 1E i ] o) R4
LA L 38 2t B oK AE B R A 22 RUBE Bsf ) A A
Sy SR AT ) AR R ) A LA XU, 7E TCN S5 5
A Dropout JZHATRENLIEALBE , )5, il ad 4 3 2 5K
PR @A, X — st 220 (4 B8 1 A5 T

PEH Y GTCON MR 247 3 S35 1) ZE4FTEHE L
J7 T il S BRI [R5 RS, Je 42 4 2 A8 1 i) )y
Bt v i 23 1A A R] 4R AE |, S B0HSE 438 AR S AU K 20
Z001H] 5 2) FEVT SRR Ty T, AR RR S B AT
H0 BRI T I RN HE B R 9 R A 2 ) ko S s )
3K, 3) GTCN FERUAH Eb st 2 P 45 BRI 4% 5L A5 T i PR f)
Bk W TR R B TS S A PR S [R] 5 B[] A M A
XPAST AESS . X FPRTAL A AN 5 GTCN 7EAb 3

FAAS T T3 B ik FL 2% 8 g A 3 B 380%, I e A AP AIX
LA RIS 7E 25 MR M 5ok [ i st rh, ik
P4 i R W) B A e T GTCON AR ) RE A8 42 A 5 o ple
RS HE R T
2.2 FHEFEBBAIEMNAS

A st it R T, 2 RV AL | B Bk Bl | AR A
FEAF M , AR TAEREH H W 2 o0, A4
PRS0 2 T ) 801 25 55 W) A DK B2 R I 8O, . S e 7
HRZRIR A LA L 42— AP RS2 H ol L, B
o, BOMB R SRS E M R TR T, A A R o R
> SRR S O R, AR S B o A m A . KL S Ol
BN ESE et S By VA )L

—
P LB D, WHERD, WHARED, VHHD,
~
a— VI Vi VI
gomgim (e |
Model T i !
| i
v AR SRR || AR
— I\ideﬁsm Model_SDH { Model_SD‘
Model_S, EH | S IEE
pegm Bl s pon ]‘ﬁ[ Bk ) ]
47K Model S, [#&| Model S |&| Model S,

K5 Fpgzsii A G pLS

Fig.5 Adaptive mechanism of continuous distillation
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Table 1 Coal mill related state variables
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Fig. 8 Condition monitoring results of the coal mill with different methods or models
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Table 3 Quantitative analysis results for the condition

monitoring of the coal mill
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