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load distribution of hot strip mills
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Abstract: A multi-objective evolutionary algorithm based on differential evolution is proposed, which takes the selection
by the non-dominated sorting and crowding distance. While ensuring the convergence to the Pareto optimal solution set,
this algirithm also increases the diversity of individual distribution. In the simulation comparison with non-dominated
sorting in genetic algorithms I (NSGA II), the multi-objective differential evolutionary algorithm is better than the NSGA
[l algorithm both in convergence and in diversity. Finally, this algorithm is applied to the load distribution calculation of
hot strip mills with given expressions of objective functions.
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2 % HirZE 5 #h A H % (Multi-objective dif-

ferential evolution algorithm)

2.1 FPEEWIL AL (nitialization)
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2.2 JFEZFCHEF (Non-dominated sorting)

WIEMOEEE TR SO R R AT HE Y, X BRI 3L
BRI6145 H (1) —FpPRadiHE ek

Step 1 X TP HEPriv ity B — AN AN EpP AT W R
AR

D %S, = ¢,n, = 0. pt EF#EPH R
AMAE, S I RAFTBCTE RN HE B p SCRC I AN, i 3
Fep )AL H 5
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2.3 HHFEE T H (Crowding distance)
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2.5 Z/3#1E(DE operation)
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2.6 FARAIEFE(Selection of offspring)

W B 22 03 AR 2R AN, [ s R REE &,
i AE SRR PP A8 AN B B BEN A AR, Rk
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2.7 £ H bs % 4 3 4k 5 vE P B(Multi-objective
differential evolution algorithm steps)
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Step 1 W& R BN, 5 K% AU Higen,
FHEEA B R BEXV mas XV nins K 2.1795 77 7556
HrpopEATHILAAL, X HBEATIEMY L JE SR HE A LA
SAMBF RS, i = 1.

Step 2 KM it sehr 3 K Epop T IEFEN /2
AARYL S ARt parent _pop, X ACARFRFEHEAT
FETPRAE (A NAL SERAE), 7B Rt i pop, FoAiE
RN /2.

Step 3 ¥poplS5popiEAT I & A= Hiinter _pop,
F FAAEAT AR SCECHE e A% B o 5, K
J 85 DR % B 38 N SR 2L T i A pop.

Step4 i =i+ 1, WHi < gen, MR [7[Step 2;

Wa > gen, W4kSE.
Step 5 i tHpop, Rl it K il in) 7 ¥y Paretodp tft

fRAE.
2.8 SRS It 8 (Algorithm convergence dis-
cussion)
EX 1 EFEERE, AN FEESBox 4L
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EX 2 4E—MOP, UL H L BEAA P AR
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2) Pown(0), Panown (1), -+ -, &I, B
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L 1 A4 %1 MOP [ Pareto fffil 7t
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Pknown(t + 1) =

N DSet(Pinown(t) U Peurrent (t + 1)) =
{2 € Paown(t) U Peurrent (t + 1)|=3y €
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Vt : Pknown(t + 1) > Pknown(t)v

WG 42).  UFEE
2.9 B (Testing)
R R o 2
MOP 1:

fi(z) =1 —e* sin’(6mx,),
=g(x )(1 = (f@)/9(2))),
g(z) =1+ 9(2 i/4)"%.
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Horba, FBUEEER0 <2, <1,i=1,--- ,6.
MOP 2:

S
fa(x)
fs(z) = (1 + g(x)) sin(0.57zy),

12

g(x) =32 (x—0.5)%

i=1

Horpa FPMEERR0 <z <1, i =1, 12,

wEELSHE MEEEN = 200, 16 AR
Hgen = 500, NSGA 1158 X 15748 5451 1 Jy20014,
CND-MOIDEH % 148 X M K 7R = 0.3, 4%
K 7F = 0.6. 3% 577545 2 ¥ Paretodw {1 il 45,
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Fig. 1 The result of CND-MOIDE, CND-MODE

and NSGA [l to MOP1

(x) = (1 + g(z)) cos(0.5mz1) cos(0.5mzs),
x) = (14 g(z)) cos(0.5mz1) sin(0.5mx2),

A

K2 CND-MOIDE, CND-MODEFINSGA I %}
MOP2: fif 45

Fig. 2 The result of CND-MOIDE, CND-MODE
and NSGA [l to MOP2
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Fig. 3 The convergence comparison of three algorithms
in MOP1 and MOP2
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Fig. 4 The diversity comparison of three algorithms
in MOP1 and MOP2

3 CND-MOIDE £ H #5 %1 47 73 Bic & ¥
(Load distribution algorithm based on CND-
MOIDE)

3.1  Hx R BRI 2 3R & 1 (Objective function and

constraints)
MR AL, FLHLIHT L HLZE N A 2% 8

FEELHLIA SR AT 1T, 1T S JL AL, 5 5% ks 2

FPEREER. SR 1 B Ar e $ i R 100

J:[f17f2)f3]7 (8)
fi :(Pl_KP2)2+(P2_P3)27

o KK TEAFERG PRy 25 AU 0 52 0 5L
I35 e R AN B s O R, A H TSI ™

0 < Iz g Imax7 (10)

hiz1 < h;.

3.2 fff 4 Hc 2P B (Load distribution steps)

J& T-CND-MOIDES v ) #GE #1417 2 H kx5
B A 20 IR

1) BEEAWIGE S B FLE . L2 DL AT %
fn;

2) FU G 7 B 20 56 2 3R E A LA Y 1
FEREAR B s

3) FH SCHR[1112 (T~ (10) T 545 HLEE 3% 5
S

4) i HJCND-MOIDESVERR ¥, 8 2R )5 43 e Ji
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ST AR LR SAT (), AL, ML TE I,
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6) % F AL 1 Aur 43 BL 1) Paretofii 4.

4 i EHF5U(Simulation)
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Fig. 5 The curve convex clusters of thickness, pressure

and relative crown value
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5 %5 (Conclusion)
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