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Abstract : Injection-compression molding (ICM) has gained prominence as an advanced polymer lens manufacturing tech-
nique due to its advantages of low injection pressure and uniform mold cavity compression. However, the complex and nonlinear
interactions among ICM process parameters significantly hinder precise control over lens quality. ICM process for a plano-convex
lens, with the goal of optimizing optical imaging performance in terms of phase shift and phase shift uniformity was investigated.
Seven key process parameters, including mould temperature, melt temperature, injection time, packing time, packing pressure,
compression distance, and compression speed were selected as design variables. A Taguchi design of experiments coupled with
Moldflow simulations was employed to explore the process. The simulation results were evaluated using a smaller-the-better signal-
to-noise ratio model. The experimental simulation results were analyzed using a signal-to-noise ratio model with a small-scale char-
acteristic. The results indicate that the important process parameters affecting the phase shift target are holding time, holding pres-
sure, and injection time in order, while the most important process parameters affecting the uniformity target are holding pressure,

injection time, and melt temperature in order. These two imaging quality objectives are competitive and cannot be simultaneously
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optimized. Accordingly, a reliable predictive model was constructed based on a convolutional neural network enhanced with spatial

attention mechanism, and the optimal process parameters were obtained by using the fast elitist non-dominated sorting genetic algo-

rithm, in conjunction with a linear weighted aggregation method. Compared with the initial processing conditions, the optimized

settings lead to a 64.82% reduction in phase shift and a 5.76% improvement in uniformity, thereby significantly enhancing lens

quality.

Keywords : injection compression molding ; polymer lens ; multi objective optimization ; convolutional neural network ;

non-dominated sorting genetic algorithm
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Tab. 1 Initial molding process parameters

Factors Mould tempera- ~ Melt temperature/ Injection time/ Hold time/ Hold pressure/  Compression distance/  Compression speed/
ture/°C °C s °C MPa °C (mm-s")
Initial value 70 280 5 7 18 0.5 23
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Tab.2 Orthogonal experimental factor level setting
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Tab. 3 List of orthogonal experiments and lens imaging quality objectives (part)
N Factors Targets
o A/°C B/°C Cls D/s E/MPa F/mm G/(mm-s™") PH/(°) UPH
1 76 262 2 13 10 0.5 23 530.0 0.3209
2 64 250 5 13 14 0.5 24 565.7 03530
3 60 262 5 11 18 1.1 25 362.7 03757
4 80 268 2 13 20 0.8 25 448.1 0.4533
48 60 274 7 13 18 1.4 20 617.7 0.3818
49 80 280 4 5 14 1.4 23 551.0 03321
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Tab. 4 Test data set

No. Factors
APC  BIPC C/s D/s EMPa F/mm  G/(mm-s")
1 60 262 4 15 10 1.4 24
2 64 274 6 5 10 1.1 23
3 76 280 7 13 20 1.1 24
4 30 262 4 13 18 1.7 20
5 64 256 3 11 18 0.8 24
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Tab.5 Process parameters and lens imaging quality data before and after optimization

Factors Targets
ftems A/°C BI°C Cs  Dis  EMPa F/mm  Gimm-s')  PH/) PH/C) UPH
(Mod 360°)
Initial value 70 280 5 7 0.5 23 477.1 117.1 03542
Optimal value 75094 250003  4.656  9.019  10.603  1.878 21.535 408.653  48.653 03252
Simulation value 75.1 250.0 47 9 1.88 215 4012 412 03338
Optimization rate/% 64.82 5.76
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