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Parameter optimization on complex injection molding process
based on genetic algorithm

YE Huan—yue1 , JIA Xiang—wu2 , XU Bing—bing3 , SONG Xiao-wen’
(1. Department of Automotive Engneering, Zhejiang Traffic Technician Institute, Jinhua 321015, China;
2. Department of Mechanical and Electric Engineering, Zhejiang institute of communications, Hangzhou 311112,

Chinaj 3. College of Mechanical and Energy Engineering, Zhejiang University, Hangzhou 310027, China)

Abstract; Taking rear view mirror for example, we set the warpage of the plastic as the goal of the
optimization. We build mathematic model of injection moulding by regression analysis and neural
networks, and compare the effects of the two modles, and get the better one. The best modle is used as a
fit function in the genetic algorithm ( GA) , with which we can give the most appropriate parameter. Based
on this method, we can shorten the production time and improve the quality of the plastic part.
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Fig.1 The flow chart of genetic algorithm Fig.2 The Model
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Table 1 Comparison of the effect of regression analysis and RBF neural networks

= SR TR LR ST E I AR B[R] 7 HI 8] mYEE N RBI #i £ 4%
¥ T,/°C T,/C 0/s /s 13/ K912/ % IR 22/ %

1 205 42.5 0.75 5.5 25 4.6 4.1

2 215 52.5 2.25 5.5 35 4.8 0.8

3 225 47.5 2.25 11.5 25 16.2 0.3

4 225 57.5 1.25 5.5 45 6.5 0.1

5 235 47.5 1.75 5.5 55 1.3 2.9
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GGAP =0.9; %1t
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load rbf net;

FitnV = ranking(ObjV) ;

ObjV = targetalloc ( variable ) ;
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while gen < MAXGEN

FitnV = ranking( ObjV) ; % 43 Fci& v FEE
Selch = select ( sus’, variable , FitnV, GGAP) ;%

Biines
Selch = recombin ( %ovsp’,Selch ,0.7) ;% H4H
Selch = mutate (‘mutbga’, Selch, FieldDR ) ;%
i EL
G TE

ObjVSel = targetalloc ( Selch) ;% 115 F1X
EEANTSE I ¢IEN
[ variable ObjV ] = reins ( variable, Selch, 1,
1,0bjV,0bjVSel) ;% L
gen =gen +1;
trace (gen, 1) = min(ObjV); % i H %
PEREIRER
trace(gen,2) =sum( ObjV)/length( ObjV) ;
end
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[Y,I] =max(ObjV) ; % Al
plot(trace( :,1)) ;hold on;% KIIE4iH
plot(trace( :,2) ) ;grid;

legend ( * A4 | FREERAMERIARLE ) 5
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Fig.3 The Function sketch map of Genetic Algorithm
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