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Improvement of Thickness Accuracy in Hot-Rolling Mill
Using Neural Network and Genetic Algorithm
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Abstract

In the face of global competition, the
requirements for the continuously increasing
productivity, flexibility and quality (dimensional
accuracy, surface
properties) have imposed a major change on steel

mechanical properties and

manufacturing industries. The automation of hot
rolling process requires the developments of several
mathematical models for simulation and quantitative
description of the industrial operations involved. To
achieve this objectives, a new learning method with
neural network to improve the accuracy of rolling
force prediction in hot rolling mill is developed.
Also, Genetic Algorithm(GA) is applied to select
the optimal structure of the neural network and
compared with that of engineers experience. It is
shown from this research that both structure
selection methods can lead to similar results.
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ARAFEL AEA, AAAE T BEAT
AG@FANA olgHm on, olEd AFAF
9] 90%0]dL YAFTAHE B39 AAHT U
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2 A 4T FAREL AFY
EAEYH BRa &Y FAolgte FHAA A
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HZHAE AT A9 Axde 7ERe
2 ZAdoleg dt F&(acquisition)d}, v
A &)3tE  § E(pre-calculation), = 4] (model
equation), Pl e 2 FAH ¥ ERZ L AT AL
3 B (post-calculation) o2 FA=o] ot I3t
gdd gL FHAAE A Fad FEo] A
g Ad(F)Etd, dA(setting)dt= oo F,
gARAGE Aol &9 L7 A &
¥ A7 gh(setting value)& ZAA37] st W=
3 BEEA gAsFd EZE HFsoof @
). olE HEAME FEE 49 FF deolHE
7122 A A|real-time) FHo| F8H Rd
o8t A A Ab(pre-calculation) QX ol g RAE
o}n} 3l F A AH(post-calculation) Z o) MR
g ol g¥ozR a4z 2 J 4,
old] Hig ®E AFrt @us AYPH QU
£99] Siemens AGS IBSG(The Industrial and
Building System Group): EAF(Electric Arc
Fumnace)s} GZHAMY FdFHAAM d4d&dF, ¢
dAex, Ad ZHA R short-stroke EE
electrode position®} L 8918 4237 93
ARGzRe AR £, 19984 FF
Apstojo] A%t Baoshan Iron and Steel Corp.
AAA qAHFTE AF3drl As9 BP
(Backpropagation) ¢12]F& o]§% AFJ2F

-41-



S84 =dd AFAT®.
ANRHzPe F2I EZJHAH, 7
7t F7 el wel ggA1zke]l Frlekn, gaA
z7]gel o Ag HAH e g @
Aol Ak watA A A28 E Nz ¥
8 + dr 4 wdsd od gE dZ2F
%, 28jx 93t 9 ged ARG &
gatolo] a7t H&xUE HH, $EHAL FA F
a7 He 33 Fxe AR 440 2=
stoh. AR dEE9 ATAME 44aFAH Ao
NN NAZZRE LY AFEL FI3}F 9
Zd F3& T 9oy, HH ¢J¥FS
% 4 U AAYELY Txd FH dFE
a8 g Aot
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FRA YRAEFE oG] UFHZY
Fzd 24U RdSs VLASE GAAZ B
dstel AYS Fol e HHY T2E A%
fzgd Agsd AFPzP 72E FRe
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2848 A9 BAYLEZA FH Fa4
Bg4+g uFgERez Add $PALH
27 Aast F= AAe W4HN=Y 728
2 .

21 AR 2F 7=

Ao AAZ2Y F2E HA] 98 &
Fol A" dolEHE 1999 5€ 11983 coilsol
d@ deHE Az gFddvh AAFET
TFZH 2YF9 £ 7]1E€9 YRrE ¢4d8F
dEEde td A7dAN 4% 8 142
24392, Tarun Khannam”= 23} A4
29 &9 F£71 RoezRE ZREIdn 9
o2 AR3age] 24YF FdY 9 9E

fo

(iteration) 3 5& ZAAsto A9 B I2%9
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£ Levenberg-Marquardt BP ¢ ne}&& ol&
dgon, A{y HrHE s AAZH2Ye
JVEA Z71FL 0012 nAZHow, niololx
(bias)= 012 LAY YAAEE s 8
fow, 4T FFE(RF/RF,—1), B,
HEE, 25, Ceqz AA3FY.

22 AAGHRF P2 33 2 AYE

A guEEe olgsd ZAE A
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g 949z Edstd A Tz AP
Fa7) fstd, ted ge Wyon N
go] T2E m=3} Y. AAH2PY Tz
AN &Y% FAMS HEPS5S FAA Lu
&9] o) ZY(binary encoding)E Alg3te] =Y
& F 4Ax gudzy AulgL B4 A3
o AR T2E GA5AY. 72 18 ©i
A FHA guEe AAs P F2E 2
REA B3, o] FZE ulPoz AR
ggudel o# See s ¥ de ¥ 4
Azgs AAAZT ZYAole) exte 1A
zute] 27 ANE SHAZE 4288 o)A
e APE F5goz AEsq A4 SnAE
o AAE Az AL
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Table 1 Limits of search

000 Iteration : 100
1~3 : :
111 Iteration : 100
No. of neuron
000 .
in hidden layer : 4
4~6 :
i No. of neuron
in_hidden layer : 4

g BMEINLE AN BE
7] i3, & @FoA e Table 17 & 24y
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Fig. 1 Binary Coding of neural network structure
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Fig. 2 Structure of optimization using genetic
algorithm
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Fig. 3 Operation structure of genetic algorithm
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AR EaEFE ol&std A9 NP
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WA (parameten) 2 FH ol A3t 404, A
t 16, H|EE 0.8, Sl &F 0012 4R
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9o 292A7 ¥ $od FIA4E vAEE WL
602 Wi 42 AAsHr)

Optimal neural network structure using a GA
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Fig. 4 Search for Optimal neural network structure
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Fig. 5 Optimal number of neuron in hidden layer
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Optimal neural network structure using a GA
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Fig. 6 Optimal iteration
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Fig. 7 Comparison of predicted rolling force
using neural network and conventional

model
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Fig. 8 Comparison of rolling force error using
neural network and conventional model
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d&§ 449835 e B AFgsA wass)
skl ofele] A3} o] Poliak®o] Fo|H
PAM (Predictive Ability of modeD)& ©]&3l¢]
AEEE st

NPM

PAM=4L x100 @
A7NA, Npgre [ fmlco ) yge) o

239 8 YehiB, N,,e AA 42X 48
dehdt, adn REE AZR gasFels,
RF, & AALY 4a83¢ v e,

PAME 2339l 10% o] d43$ FE
dxoz pFde mde AYEE Y,
EEUAE =YY EES BARODH AN
FdsFel Qrht 2AA AFHEAE e
Wik,

Table 2 Comparison between neural network
with conventional model

84.1918 43.8336

Neural network 98.9343 18.6946
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