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Abstract: Drum index and sieving index are key indicators reflecting sinter quality. To address
the problem of low accuracy in traditional models caused by ignoring correlations between
indicators in the prediction of sinter quality indicators (drum index and sieving index) , a
prediction model based on multi-task learning and long short-term memory (MTL-LSTM) was
proposed. First, features strongly correlated with quality indicators were selected as inputs.
Then, the long short-term memory (LSTM) was used as a shared layer to capture the coupling
relationship between indicators via multi-task learning. This method realized information
interaction through the shared layer, effectively solving the problem of low accuracy in
independent predictions of traditional models. The results show that the MTL-LSTM model has
higher accuracy than other combination models, providing a new direction for the high-quality
production of sinter.
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Table 1 Sintering production process parameters
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Fig.2 Data processing results
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Table 2 Mean MIC of process parameters and two
quality indicators
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Fig. 3 Structure diagram of single-task and multi-task learning
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Table 3 Comparison results of drum index
prediction models

% MAE MSE RMSE

LSTM 0.15905  0.04787  0.21879
MTL-BPNN  0.11919  0.04145  0.19217
MTL-RNN 0.11460  0.03592  0.187 14
MTL-LSTM  0.10029  0.03402  0.175 94
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Table 4 Comparison results of sieving index
prediction models

Al MAE MSE RMSE

LSTM 0.11438  0.02269  0.150 64
MTL-BPNN  0.09368 0.01401  0.11838
MTL-RNN 0.08774  0.01054  0.102 69
MTL-LSTM  0.07520  0.00954  0.097 69
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Fig. 7 Drum index prediction results
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% 5 M RS R TF MTL-LSTM 69 5845 5 7 5 35 A7 Tm| A2 A 15
M 7~ 8 A] DAL 3] , MTL-LSTM f#i %l
(0N AR R R AR A IR 4 4 w

S, R 2ZE A A SRR N A Z
AR 24T 55 L 4 LSTM A5 750 F5 0 45 56 35 5
B, F 4y DX 1A H B 5 LS R O B4
MTL-BPNN H T A E 45 B 7 dE B fE ), 75 L 4k
I 220 1 T 00 52 T 7 3 BRI R TR A S A T 35
ZE A ATRHIE AR SCHE— 20 e T TN 35 25 1) A
oA, It TRz TR (E 9 FEL 10).

1750
1500
1250

§ 1000 |

750}
500
250}

RE%
B9 FEEHTNRENHELE
Fig.9 Frequency histogram of drum index
prediction error

1400 |
1200 |
1000

& soof

600 -
400
200

-0.4 -0.2 0 0.2 0.4
RE/%

E10 fEoEHBNRENHESE
Fig. 10 Frequency histogram of sieving index

prediction error

SR BN, R 2B R 2L P AEERE
BRI, 58 22 90 B e /0N . e rp T o A R T 25
TEAE£5% 11 25 25 FR N A b 323K 21 94.73% , T
o7 18 BUAE £0.5% 19 iR 22 25 PR N a3k )
98.23%. iX — 5 R R W], fir £ 113 i MTL-LSTM
PR RLURALTE - 3 PR RE A T 5 U A AL 38 REFE
Je 8 S B PN PR AR v B R M R e L 2R L
AR SCH Y 24T 45 LSTM BB 7 kS B Fa etk
T 22 45 ] Jy 1D 459 3 TR H B O A BE A% T o
M be gl b B 42 e Z [ RS G &R,
B R TAL Y

1) X 2S5 X Be 25 0 ot 12 48 b T AR /0%
JE A A ] A AH 6 ) R0 S SO DRSS 2 A i)
B, AR SCHR T BT MTL-LSTM 5455 i

EARTIIN A, Horp 24T 4522 2 i M5 B AL S 2 T

DAAR G- b il A A0 2 ) 31 AT 55 R R A 15 2, A
e EEE TR ENE P & I (R 95 -y =i
LSTM E A7 5 K4 B[] J7 51 b B AE 7, REAS AT 4K
P R AR () TR

2) AR SO B AL 5 MTL-BPNN,
MTL-RNN FIR #1472 AT 45 2% 2] b PR A (5 B
) LSTM 5 1% Eb |, Jir 2 4% 78U (1) MAE, MSE #
RMSE ¥ e HoAth 3 RS RIS, I HLi% 25 8200 A5
FE O BfF 3T 5 78 OV 19 15 2530 Bl £5% P B, #5 5E
F RO AE Ay R N 94.73% 5 7E AL VF AR 2270
FEl0.5% PN IS, i 43T S iy >R 2k 98.23%,
R ZAT 5524 2 % R R FE bR 8] R 515 B e
R A A5 e A TR TS

3) AR RESE B T R AR T R4 T —Fp
AT RLFE % BRI R bR Z B S R IR 1
Tk I EAAAE BEIE I 248 bRl ] i 4
BET i FH 7 28 B R SEBR e s A 7 S0
TR ECRHE AR AL T A0 S B , A B s
BT RE 5 REAERE IR A 3 H A .

S

[1] LiuS, Liu X1J, Lyu Q, et al. Comprehensive system based
on a DNN and LSTM for predicting sinter composition[J].
Applied Soft Computing, 2020, 95: 106574.

[2] Xia GL, WuZ X, Liu MY, et al. Prediction interval
estimation of sinter drum index based on light gradient
boosting machine and kernel density estimation [J].
Ironmaking & Steelmaking, 2023, 50(8): 909-920.

[3] Huang Q Y, Liu Z H, Liu Z C, et al. The strength
prediction model of iron ore sinter based on an artificial
neural network [J]. fronmaking & Steelmaking, 2023, 50
(2): 159-166.

[4] LiuS, Lyu Q, Liu X J, et al. Synthetically predicting the
quality index of sinter using machine learning model [J].
Ironmaking & Steelmaking, 2020, 47(7) : 828-836.

[5] NiuLL, Liu ZJ, Zhang J L, et al. Prediction of sinter
chemical composition based on ensemble learning
algorithms [ J]. Journal of Sustainable Metallurgy, 2023, 9
(3): 1168-1179.

[6] Hu J, Wu M, Zhang P, et al. Prediction performance
improvement via anomaly detection and correction of actual
production data in iron ore sintering process [J]. IEEE
Transactions on Industrial Informatics, 2020, 16 (12) :
7602-7612.

(F#%84W)



