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Abstract: With the improvement of computer operation level, data-driven technology is widely used in
metallurgical industry. Accurate prediction of rolling force is helpful to shorten the length of strip head and tail and
improve the yield of strip. In order to solve the problem of low prediction accuracy of data-driven model due to
blind feature extraction during pre-training,a deep hierarchical supervised preprocessing framework based on semi-
supervised stacked autoencoder (SS-SAE) was proposed for modeling rolling force prediction. In SS-SAE, several
semi-supervised autoencoders (SS-AEs) were trained in turn to extract target related features. Each SS-AE took
features from the previous hidden layer as new input to generate higher-order features. By stacking multiple SS-
AEs, the features related to deep targets could be gradually learned, while the deep network structure will gradually
reduce the irrelevant information. The simulation results show that the prediction accuracy of this model can be
controlled within 2%, and the high precision prediction of rolling force is realized.
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Fig.1  Structure of autoencoder
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Tab.1  Pseudocode of Adam optimization algorithm

Algorithm 1:Adam optimization algorithm

1 | Require: %% ) % o, — WAL B Al 10948 BOR IR
2 B By BN e

3 | Require: MIIGALSEL R 0, — B E B4 m, = 0,

4 BRI R e, = 0,35 =0

5 while 6, RIZEK do

6 t=t+1

7 R B T g, = Vo fi(6,-1)
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9 EH A e, =B, b+ (1-8,) -]
10 T — AT R 22 B Em, = m, /(1 - B))

11 P A ) A TR R 2518 TR 0, = v /(1 - BY)
12 TR SRR, =6, —a-m/(\[i, + &)

13 | end while

14 | return 256,
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Tab.2 Hyper-parameter of SS-SAE model
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Fig.5 Simulation diagram of rolling force

prediction model based on SS-SAE
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Tab.3  Comparison of prediction effects of different models

Rk RMSE MAPE R?
LA M 4 52.457 0.835 0.893
SAE 24.699 0.513 0.975
SS-SAE 16.305 0.326 0.982

& 6y =Fh 7 EEAE 500 MY R R (iR 2
M. AT i, T2 2 M s 458 1 I 2%
SHUEREHLI IR ALY, BT LLHAE DI 00 b B B i)
YRR 25 K 5T T SAE, e I Zrik 2250/,
{HJ2 SAE 1 Tl 25 HJ2 38 3 % g A B i B
Fay o 2 S R A, R BE R TIERRE 550 H A AR DG
PRI I 505 25 AR B B B K 5 2T SS-SAE [y il
DN ASE AR A $00 11 25 By B 4t B 5 BT 2 4 DG (8 R AIE
A7, PR SS-SAE 1] LUK B 471 N 245 01 i 5
,IF H L Z )2 M2 W 48 F SAE HAT /N R 1R
IR 22, Ak, 5 2 2 2 N 2% F1 SAE A5 A A
Lt , SS-SAE #5AU AT LA P i 3 e SSCIR S HLe s
IRZEBR,

—— L W %
600} —=SAE
—#—SS-SAE
500} |
£ a00f
0
E 3000
=
200}
100} k !
O, : A : : :
0 100 200 300 400 500

AR EL
6 AFMRIYN il 2

Fig.6 Training process of different models
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