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Prediction on rolling force in hot rolling of wide and thick plate based on deep learning
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Abstract: In order to improve the prediction accuracy of rolling force in the hot rolling production process control for wide and thick plate,
a deep learning network model integrating SIMS model was constructed to predict the rolling force of wide and thick plate in hot rolling.
Then, by using the deep learning framework, a deep learning network model based on residual connection was constructed, which integrat-
ed the calculated values of SIMS model, calculated the gradient of loss function through error back propagation, and updated and opti-
mized the weight parameters by using the optimization algorithm combining Mini-Batch and RMSProp. Furthermore, a shortcut was created
to inject the earlier signals into the downstream network layers by using the residual connection to introduce a pure linear information carry-
ing track, and the over fitting phenomenon of the model was suppressed by using the early-stopping mechanism and batch normalization
and other strategies to improve the prediction accuracy of the model. Based on the above modeling method, the rolling data of wide and
thick plate in hot rolling production line was modeled experimentally. The results show that taking the ratio of absolute value for relative
error less than 5% in the test set as the evaluation index, compared with the traditional SIMS model, the deep learning network integrating
SIMS model based on residual connection can achieve high-precision prediction of rolling force, and the prediction accuracy of the model
is improved by an average value of 21. 72%.
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Fig. 2 Loss function MSE change curves under different strategies
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Table 1 Corresponding structural parameters of each model
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Fig. 3 Schematic diagrams of structure for each experimental model

(a) Shallow neural network model ~ (b) Deep neural network model

(c¢) SIMS+deep neural network model

(d) SIMS+deep neural network model with residual connection
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Table 2 Prediction accuracies of each rolling force model
" ARXTERZZLE XA /N T 3% AEMIX FAXFIRZELEXIE/ N T 5% AEM
FL T MAE/KN ~ RMSE/KN  R?
Bl /% B i/ %

&4 SIMS #5i71 1999.45  2816.06 0. 9437 45.22 64.72

TRZ P 22 ) £ 5 1775.84  2535.62 0.9543  49.72 70. 04

TR 10 25 [ 244 A 7R 1450. 14 2240. 80 0.9643  59.50 78.36

SIMS+R 2 11 25 ) 45 A5 AU 1110.90  1928. 60 0.9736  71.37 85.92

SIMS+5E 2 RIRZ M A MR 1089.05  1849. 06 0. 9757 72.53 86. 44

IKF 78.36% , 1M SIMS+I 2 11 25 W 4845 RUAE T 2 4
LRI SE A Al A T SIMS AFU(E, 45 T
MPKS FEE—20 4 5, TR B RS E
BEAL TR M 482, SIMS +5% 22 3% 1 1Y 1R )2 fil
2 AR A4S TR AR A2 5 AR A B, AR
RELXHE/NT S%LEMREE T 5 Rk 86. 44%

FHHICR 2R 2 A BRSP4 R 5 LS 2 [A]
RIRIPIRR L, dnl&l 4 Fros, & 4 nTLARR I, M
TXSHRZAE T, SIMS + 5k 22 3% 41 1) TR J2 1 22 [0 46 A5
TR T 45 2R 5 S AR RS AR E AR DN
SIMS +5% 25 1 4 1) TR J2 ot 228 100 2% A 21 14 03000 45 23 19
FRARFIR2E 1 0 L BT FUANIEL 5 FR

AAAAA y=x e y=X —y=x
81 — y=(124%)x 81 — y=(1223%) 8 1 — y=(1£19%)x
z g g
q - <+
é 6 - E 6 i 6
< o l
o | =4 =
= 4 = 4 & 4
& 24 F 21 # 27
Hr
0 2 4 6 8 0 2 6 8 0 2 4 6 8
B J1FLSARL/(<10* kN) LA I BT/ (<104 kN) HL41 ST/ (<104 KN)
(@ (b) (©)
8 8
o z
g S 61
= <
£ 2
a4 2,
= &4
sl R
R E
E 24 = 2
=
0 2 4 6 8 0 2 4 6 8
HLH1 7 T SEAE/(x 104 kN) FLH1 7 YA /(<104 kN)
() ()

P 4 AR SL ) T BB AR A A

(a) 1%55 SIMS % (b) RIZMZ LR

(o) TREEPRZ W28 ARAY

(d) SIMS+EREEMZEFIBIY (o) SIMS+HL2E LR BIZ ML LR

Fig. 4  Scatter distributions of predicted values and true values for rolling forces in each model

(a) Traditional SIMS model
(d) SIMS+deep neural network model
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