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A study on the prediction of injection pressure and weight of injection-molded
product using Artificial Neural Network
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Abstract: This paper presents Artificial Neural Network(ANN) method to predict maximum injection pressure of injection
molding machine and weights of injection molding products. 5 hidden layers with 10 neurons is used in the ANN. The
ANN was conducted with 5 Input parameters and 2 response data. The input parameters, i.e., melt temperature, mold
temperature, fill time, packing pressure, and packing time were selected. The combination of the orthogonal array 127
data set and 23 randomly generated data set were applied in order to train and test for ANN. According to the
experimental result, error of the ANN for weights was 0.49 +0.23%. In case of maximum injection pressure, error of
the ANN was 1.40 £+ 1.19%. This value showed that ANN can be successfully predict the injection pressure and the

weights of injection molding products.
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Fig. 2 Cup mold used in this study(4 cavity)

Table 2 5 factors and 3 levels for L27
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Table 1 Properties of J-150 for injection molding 1 2 3
Cogeiss | Velvs | Ui e Fill time 0.5 1.0 15 sec
. . |Test temperature : 230°C
Melt flow index | 10| g/min \"“opo i ioad 2,16 ke Melt 210 25 240 C
temperature
Melt temperature 210 ~240, C Recommended Mold
Mold temperature | 40~60 | C Recommended temperature 30 4 60 ¢
Packing prssure 30 50 70 MPa
22. AEYE Packing time 1 2 3 sec
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Fig. 1 Injection molding machine(W1Z-220, LSMtron)

Fig. 3 Cup mold used in this study(4 cavity)

2.3. Artificial Neural Network(ANN)
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Fig. 4 Structure of ANN used this study
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Table 3 Results of DOE (L27)

Input index Output index
No. Fill time Melt — i Packing time Weight Max. Injection pressure
[level] temperature | temperature pressure [level] [e] [MPa]
[level] [level] [level]
1 1 1 1 1 1 14.552 679
2 1 1 1 1 2 14.879 675
3 1 1 1 1 3 15.054 679
4 2 1 2 3 1 14.210 552
5 2 1 2 3 2 14.114 551
6 2 1 2 3 3 13.939 566
7 3 1 3 2 1 14.212 526
8 3 1 3 2 2 14.201 519
9 3 1 3 2 3 14.245 S11
10 1 2 2 2 1 14.207 470
11 1 2 2 2 2 14.249 482
12 1 2 2 2 3 14.225 480
13 2 2 3 1 1 14.449 S11
14 2 2 3 1 2 14.711 506
15 2 2 3 1 3 14.825 381
16 3 2 1 3 1 14.231 489
17 3 2 1 3 2 14.135 493
18 3 2 1 3 3 13.905 505
19 1 3 3 3 1 14.209 404
20 1 3 3 3 2 14.264 409
21 1 3 3 3 3 14.313 404
22 2 3 1 2 1 14.252 423
23 2 3 1 2 2 14.300 416
24 2 3 1 2 3 14.254 425
25 3 3 2 1 1 14.279 421
26 3 3 2 1 2 14.299 412
27 3 3 2 1 3 14.268 407




Table 4 Results of random conditions

Input index Output index
No. Fill time teml;/[eitune teml;)/[e(;l:ture Il)):ecsksﬁge Packing time Weight Max. Injection pressure
[sec] [C] [C] [MP2] [sec] [e] [MPa]
28 1.2 210 52 37 1.8 14.690 436
29 1.1 211 32 32 2.1 14911 529
30 0.8 211 52 56 24 14.147 542
31 0.9 213 60 49 15 14222 514
32 0.6 214 47 40 1.7 14.441 421
33 0.9 217 44 51 1.7 14.203 510
34 1.1 217 52 46 1.6 14297 481
35 0.7 218 55 43 1.7 14.304 452
36 0.6 219 46 62 2.8 14.115 503
37 1.4 221 30 44 3.0 14.237 449
38 0.9 222 40 67 3.0 14.109 502
39 1.1 223 52 62 15 14.260 487
40 0.6 225 58 62 1.0 14.197 466
41 13 225 48 60 1.8 14232 479
42 1.1 227 39 40 2.8 14.443 410
43 1.4 228 41 59 29 14.032 486
44 0.5 232 30 42 2.6 14.310 436
45 14 233 42 36 2.0 14.431 371
46 0.8 234 38 59 2.6 14.241 449
47 0.8 236 34 65 1.6 14222 447
48 0.5 237 58 30 24 14.624 355
49 0.9 238 42 36 25 14.358 374
50 0.9 238 30 63 2.0 14315 425
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Fig. 5 Cost function graph for ANN
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Table 5 Comparison predictive data with experiment data for
experiment data set No. 33, 38, 43, 47

Weight Max. Injection pressure
- le] [MPa]
ANN Exp. %Error | ANN Exp. Y%Error
33 | 14151 | 14203 0.37 511 510 0.20
38 | 14.007 | 14.109 0.72 504 502 0.40
43 | 14.130 | 14.032 0.70 477 486 1.85
47 | 14.198 | 14222 0.17 461 447 3.13
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