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Abstract: The precise and real-time prediction of the burning through point (BTP) is essential for optimizing process
operation. However, due to the strong nonlinearity and dynamic time-varying characteristics of the sintering process, high-
precision prediction of the BTP has been challenging. In this paper, an attention mechanism temporal convolutional network
(AM-TCN) model is proposed based on the knowledge of working conditions. First, stacked temporal convolution blocks
are developed to extract deep nonlinear features in the sintering process data. Second, the attention mechanism incorporates
the knowledge of historical working conditions, allowing the model to identify the significance of various extracted features
while preserving the time series features of the process data. Finally, an online BTP prediction model can be established.
The results of experiments using industrial data illustrate that the proposed AM-TCN model has good BTP prediction
accuracy, which is critical in improving the stability of the thermal state during the sintering process.

Key words: attention mechanism; temporal convolutional network; condition knowledge; burn through point; prediction

Citation: FANG Yijing, JIANG Zhaohui, Gui Weihua, et al. Burning through point prediction based on working
condition knowledge guided attention mechanism temporal convolutional network. Control Theory & Applications, 2024,
41(3): 447 - 453

1 55 RBRGE 2% s 5, TRBLR T8 R bed R e v 1, 2
W BN PO N TR B el R T s irty B RORAE ) i DR RIS, AR SR T, AR N,

SR, AP R N B A PR A OB, RN DRI, B S SN TR S e 2t i R K AR E i

Al ) B B A PR AT U2 545 4 A (burning throu- AT S A R 0

gh point, BTP)/& F5 42 FE 5 ey s B R L PRI 25 4L R BB A B 2R AL S OB, R

B E. N FResh & AT, SRR R, i Bk BABORMBISYEARLE, X550 i)

ks F139: 2022—09—30; % H - 2023—06—04.

T3@{ZE# . E-mail: jzh0903 @csu.edu.cn; Tel.: +86 15874291486.

R P

B E AR H (61927803), FEIZ 1 AR A GITH (61773406), 1 RE K2 S i ARIIHE 55k 55 2% 5 T3% 42.(202022s572) B B).
Supported by the National Natural Science Foundation of China (61927803, 61773406) and the Central South University Central University Basic
Scientific Research Task Business Expenses Special Funds (2020zzts572).



448 B owo#H w5 N

H41 %

[RJoe szt 2% PSR 52 B 1 )02 V. BEX R 4 rd
AL B, E A AFE T — RV . SCER (7]
SR F 2R € PR B MR 1 FF R TN R 45 2 i .
SCHR [ i A% Tk 5 #2245 AH 45 & L FH T B TP
To. SCHR 9142 H T BEFEHRTH I BE R i ST BTP
T P2 R SRS AL SCHR [ 10138 i A8 SRR R A A Y
S, R SRR EBTP IR, STk (1174
ST SRR 2 STATURSE AR T Pt ] A AR A
P AE R BTPAU IR . iR 77 BARTE e 2
T FEBTPI N EIAS T — R, H2 TR 2
TRIZ M, e AR e o o R 25 P4 (1) B2 2 AR 2 AN
I B AE.

A 18] 4 B M 2% (temporal convolutional network,
TCN) & VT AR AR Hh (1) — P BAG I 7 28 Ab 3 R 77 1)
BRI U211 5@ K R RN SIS
J7%, TCNEA B RTE . K AR, XA Y
IR T s B AR (5 2. 0 T e i B, M3
BHEAE BRGSO TH LU0 oh, tEbEE 2 28
ML NE, g 2% fi A B 3zt 22 2 AN 21l 7%
B2, SR, AL B TCNJG L X 23 il & 1 P &
ANRFAEAS B (1) B B, 5 2% FEAN R RFIE A B0 e 45
2 RPN 25 SR

R, ARSCEEH T — R TOUETR 5] S R ]
N 2% (attention mechanism temporal convolutional
network, AM-TCN)H| T 545 28 sl () & RE TN, v 1
RISt A B TOUE B, ASCR 25 A
i ()RR B B, R 2 A 0 s A 15 21 77 s AR AR
1) L, o P SE ARG FE O 12547 9 A, S IR
i 2 T AR EL. A 73R BOS A AR B 7 41 5 e g
2 i B (AN BhAS A DA, R FH MRS R I [R] A AR
P a R AR R IE S, 75 2T 2 1 N )i AR
AT HINRHER . N T X8 NMRHIER SRS
BITTHR, SINVERIHLE, 8 vH AR 20 Py sk T
SRR N B R R AR B R R A, TR A
BRI RE. B TIEREs | A= st e
PNEAT T SRIRIRE, 45 SRR P E B A BT
TS BE, v] LI e s g /e N s il st i 75
FRALAT RN Re s 2 AL EAE B
2 RS %

N [) 45 A5 X 288 2 AU I AR A5 S T B He i —
TR P A AR 22 IR 28 A5 e 3 2 p DR R AR R I
LS 7 2R, RS A AR R R A N IS 1 2 i s
B P52 i 5, AW I AR EIGE S, Wik
E 7S g R SR 2K BR8N\ A T[]
R RE, DX 25 RS2 B KB B 2 2 B R B K,
DLUIE Ry AR O T B BN . B PR ) 5 D 2
P .

gl ?)2 gt—th—lgt
it 2
77777 d=4
00000000900 0H OO0 Ok
1 | da=2
O O O Ok#fz
d=1
® @ ®HiNE

Ly Xy Ly Xy Lyyp e

K1 NEERRE

Fig. 1 Schematic diagram of temporal convolution
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