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Bending Force Prediction Model in Hot Strip Rolling Based on
Artificial Neural Network Optimize by Genetic Algorithm
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Abstract; In view of the drawbacks of the traditional bending force preset model and the
characteristics of hot strip rolling, a bending force prediction model is built based on genetic
algorithm( GA ) and artificial neural network ( ANN) and the prediction is carried out on the end
stand of finishing mill using a large amount of production data from 1 580 mm hot rolling line in a
steel corp. The features of the model are as follows: a large number of actual data is used as input
for the ANN training, the influence of various input parameters are fully considered, the
framework of the model is relatively simple and easy to implement, and the overall performance is
evaluated by the mean absolute percentage error, root mean square error and correlation
coefficient. By comparing the predicted results with the experimental ones, the prediction
accuracy of the model is verified. It shows that the GA-ANN prediction model of roll bending
force can realize a high nonlinear fitting, which is suitable for improving the accuracy to control
head shape of hot strip rolling. This study provides guidance and test foundation for the actual
bending force setting.

Key words: artificial neural network; shape of hot strip rolling; production data; bending force;
genetic algorithm
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Fig. 1 BP network with a three-layer structure
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Table 1 Comparison of network performance with
the different neurons in hidden layers
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Fig. 2 Schematic diagram of optimizing ANN with GA
PR PR S T 05 1 52 2 R B2, R LA K
INEE T PSR S R TR R R R 5 3 R
AN A8 SUME AR S S M 30 53 il 4 o] 32 SCIA]
TV S A T A R, A RS A
REDRIE S0 7 A 25 1] Y 42 SR A8 2R T AN B TR Al il
N B R S e 2 S TR AR SCHUHE AR SR
T EIEREE LR 40, 58 SUME A AR S A 4y
B4 0.7 F10. 05.
2.1 ENESRE
PRI AT L3 /N 1) BRI SRR Ay 1 32
BRI, 3 17 R A e AR BB A% 354 21 R —AURNRE.
WV R TR A

Pz L (6)

_21 Ly, =51
Kf.n HEEEHR Z AT Gy T PR i
ARZTTHIHER T 5y AR | MR T .
2.2 IEPRIRME
VERR A R TERE A b e B E AT B AE o
TR B — AR, AR SCR FH 356 T3 b B L
B PR RIS AN § B p, hy

m:F/iF, (7)
P, AN i 3E B EAE N RS ARSL
2.3 TNIRE
28 ERAE LRl A B A8 R e £
AR Aoy M A8 4. AR S Y £ 2 5y =X
R S E G | i LA SE SRR T S 05E 3L 56 &
ANGeEAR A, RIS LA Gk A, 78 j 8 1938 X
WRES UM
Ay=Ay(1-m) +Am , (8)
A=A (1L-m) +Aym . (9)
K g 0 ~1 Z[EREHLEL



1720

AKX FFR(ARFFIR)

2.4 TRIRME
B SR TR 60 % ERE 7 1152
PR . SRS £ RS A2
AT AR R IR T

Ay + (A -A)f(g),r, >0.5;
) 1Au + (A, —A;)f(g) ,r, <0.5.

st =n1-g. (1)

KA A L TSR A R 55, R ry
H0~1 ZEFEHLEL; G N AT R G N
e KL R

3 AT ZE RS M

W IR SR 45 3] ) Bt 4R i A st R kAt
(A4 2 X 4% R A T 25 0 ) T BIE 9, Ao 428 D) 445 A
Nt R i ae ARtk th Ze an 1€l 3 e, o] LA
F 53548 40 R, TR 2245 /N8 0. 009 724.
AR A TR a8 0 B i & an il 4 s, &l
5 R TASCIR & B gL LR GA -
ANN A5 ANN A 53550 7E ) 2R il 4R 1
LR WM AR 0 [F I 43 B L, o VR Teie e
YIRS MR 4 | GA - ANN #8725 48
THOIAEL AN S BB A5 85O B A T ANN 24,
E 2% F, GA - ANN BRI A 5 KR 22 N
5.12% , 76 M 3k 45 b A B RIR 25 8 4.52% , T
ANN 5 B 78 P A~ B0 48 43 00 ol 6.07% F
5. 68% X F 4 UE I it AR SFVA AL B T 04k ik 2
LRV B T A T RO AR A (R

(10)

i

900
Z -

Y=(1-5.12%)x

B

y=(1+6.07%)x R o #°
o Z

P
7507 < i Y=(1-6.07%)x
700 | ;:: S
700 750 800 850
SEFRME/KN

900

10°

0 10 20 30 40
BARKE

B3 GA - ANN #&2Y1)l| 2R id 72 14 BE #h 2%
Fig. 3 Performance curves during the GA-ANN

model training process

92

0 1I0 2I0 30 4IO 5I0 60
AL REL
B4 BEEESNEMERZ
Fig. 4 Fitness curve of GA optimization

K6 7 GA - ANN HEAUAT ANN RS 7R 25
AEF A 2548 ) i BUI SR 1 MR T L)
A, SR ES T 35 B, 1 28 ) 2R A5 1Y
ST IAELAS AR 4 . SRy 7 B 4 T i

WHIT A GA - ANN BRI REARPERE, DIAHSCR

o Wik

= .52%
y=(1+4.52 )x’

800 850
SEFRME/KN

700 750 900

E5 EEFEIZGEMNIKE EEIFRR

Fig. 5 Regression effects of the models on training and testing sets



%12 FHRAE, L RN Z W &8 AL AR T B ) TRIRAE A 1721
720 (@) EhRE
a) —e— 5
900 —— éA—ANNﬁ?ﬂME
880 —+— ANNBUIM{E 1 ;
860 |
840 - » & 1 4
Z 820+
R 800+
% 780
760 \ A Ep ‘
740 | 3 °
720} } e
700 ®
680 L.
920 ~
g0} ® 3 éA—{AENNﬁ?ﬂME
880 L —— ANNTRII{E *
860 | ] (¢ 4 *
840 ]
E 820
R 800+ b
i 780
760 | ' )
740 1 4 )
720} O
700 | * ¢ 3 \
680 C1 1 1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100
L= ZNE ]
El6 GA -ANN R R N R
Fig. 6 Bending force prediction of GA-ANN model
(a)—IZEE; (b)—MLE.
R, V-4 Xf 1% 2% MAE, V- #1465 X A 75 % 2% 161 @  0GA_ANN
MAPE, ¥ 75 #15% 2% RMSE 1E Jy 5 B SEAfr 14 P fiE 14l u ANN
febn, TR E R 2 s, B’ 7 & GA — ANN £ 12}
15 ANN %) [- MAE, MAPE ,RMSE — i i% % w10 |
S L. ] o3t O 25 11 34 7 011 2548 1 J2 0 W st
b AR SCHEH Y GA — ANN R () 2% 351 152 2% 48 R or
FOHT LN T o 258 AL B AL 9 ANN AR | ‘;
YGIEB GA - ANN 5 R G808 B Jii1 7 Ay s 52 2R 44 0 —
SLAL BT O BUR , FLBORWI0NE (LAES 75, LA MAPER - MAE RMSE
ERTRIR B FHET B L R R I 16[®) oGA-ANN
e ST 3R T8 B 57k 14t mANN
%2 GA—ANN F1 ANN FiUAE RS £ 3545 12y
Table 2 Error indexes of GA-ANN and ANN model w10}
for training and testing predictions ﬁ 8
i PlERS MK 6r
R 4l
GA-ANN ANN GA-ANN ANN
2 L
R 0.9825  0.9550 0.9776  0.9580 oL —1l
MAPE/% MAE RMSE

MAE 7.7672 12.6900 8.8906  12.9836
MAPE  0.9770 1.5914 1.1199 1.624 1
RMSE 9.7734  26.660 8 11.126  29.6538

7 TRATMMREEFTE
Fig. 7 Bending force prediction error histogram

(a)—IZEgE; (b)—MHLE.



1722 ARRXFFR(BAFFIR) % 39 A

[4]
4 4k 1w

RS — PR T AR Sk A 2 R 2% 114
EL N R D R T 1, R R LA AR
PR ARG A T Ml 2% | L TR
FAR BESEE AL RO M 2 R s B b s ze 2 O
BRI APERE. SCHRATFE R, GA - ANN BERIAT L
SRR TR S 4R . IAh, GA — ANN F 1454y
a7 B, BERS AL FIAE L s & S5 SR M HAfE S (7
RE 15, HAARKAG R T 1. AR SRR L
B RBOE SR OE TR AL 5 B, X
SEpRA e B —RE B T

S

(1] ZEE SOESHMNERES [ M]. JEat. /2 Tl i i,
2016181 - 182.
(Wang Guo-dong. Strip profile and flatness control [ M ]. [9]
Beijing : Chemical Industry Press,2016:181 —182.)

(2] FEHE#& XHEE SRR ERATE I M]. Jtat,
4 Tl if A, 20001 - 10.
( Wang Guo-dong, Liu Xiang-hua. Artificial intelligence [10]
optimization of metal rolling process [ M ]. Beijing:
Metallurgy Industry Press,2000:1 —10. )

[ 3] Haykin S. Neural networks:a comprehensive foundation[ M].
New York ; Macmillan,1994.

Deng J,Gu D, Li X, et al. Structural reliability analysis for
implicit performance functions using artificial neural network
[J]. Structural Safety,2005,27(1) ;25 -48.

Mukhpadhyay A,Igbal A. Prediction of mechanical properties
of hot rolled, low-carbon steel strips using artificial neural
network [ J]. Materials and Manufacturing Processes,2005 ,
20(5) ;793 -812.

Mukhopadhyay A,Igbal A. Comparison of ANN and MARS
in prediction of property of steel strips [ J]. Applied Soft
Computing Technologies: The Challenge of Complexity,
2006,34(8) :329 —341.

Shahani A, Setayeshi S, Nodamaie S, et al. Prediction of
influence parameters on the hot rolling process using finite
element method and neural network [ J]. Journal of Materials
Processing Technology,2009,209(4) :1920 — 1935.

JAHe, ik, A KRB : R0 k5 L0 Hr
[M]. JE5T AU Tl Hh R, 2017 :24 - 26.

(Zhou Ying,Zhuo Jin-wu, Bian Yue-qing. Big data mining;
system approach and case analysis [ M |. Beijing; China
Machine Press,2017:24 - 26. )

Holland J H. Adaptation in natural and artificial systems:an
introductory analysis with applications to biology , control and
artificial intelligence[ M ]. Ann Arbor; University of Michigan
Press,1975.1 -2.

Ma C,Zhao L,Mei X, et al. Thermal error compensation of
high-speed spindle system based on a modified BP neural
network [ J . The International Journal of Advanced

Manufacturing Technology,2016,89(9) :3071 —3085.



