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Injection Molding Quality Prediction Method Based on Two-stage Feature
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Abstract: During the injection molding processes, the dimensions of molded parts were easily affected
by the coupling of various complex factors. To improve prediction accuracy, a quality prediction method
was proposed based on temporal convolutional networks ( TCN) , Bidirectional gated recurrent units (Bi-
GRU), and squeeze-and-excitation (SE) attention mechanism ( TCN-BIGRU-SE). The TCN-BiGRU-
SE network was utilized to extract deep features from time-series data, characterizing the dynamic changes
during the injection molding processes. Quantitative feature values and dimensionless values from the injec-
tion and holding phases were extracted and stacked into a three-dimensional matrix, which was then dimen-
sionally reduced using convolutional neural networks (CNN) to capture the changing trends at critical
phases. By integrating high-frequency data, statistical features, and machine state information, an end-to-
end deep prediction model was constructed for the prediction of molded part size. Comparative, ablation,
and stability tests were conducted on the Foxconn injection molding dataset. along with generalization tests
on three types of injection experimental datasets. The results show that the model outperforms other meth-
ods on multiple evaluation metrics, demonstrating strong robustness and generalization capability.
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Fig.1 Main structure of the injection molding machine
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Tab.1 Description of partial features in the injection

molding process
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Tab.2 Dimensions and tolerance range of injection

parts
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Fig.2 Comparison of temperature and pressure action
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curves between qualified and unqualified products
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Fig.6 SE attention mechanism structure
2.2.4 Huber X &K
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F=Concat(X,Y,Z) (8)
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3 EBERE AN

Shy 56 UE BT £ 5 vk A RO Ll A 086 R AT R
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31 HEENA

A B A T 2 0 08 A R L 43 ol T TR A
B UEAZ ARG 5 . AR 56 GE A AR DO Tl K
B v R 00 1 A8 R B 4 L 4k 16 600 55K 11 5K
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1562~1672 4t B 1515 8. . 71 2 BL 3 R 25 B8 A i
WS, S BEEE A BR8Nk
BH S5 F0 1 A A 0l AT 41 4 BIL R S BOE . B
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127 AL ME RS 540 1ok H BOGEDALE 254 it
MY 3 98 S G A . SR AE 78 [F Allrounder 520E
1500-800 FE A ML b 247, R b T8 48 & Cn
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FEARZS L DABSBL S PR A Tolb A 7= R 8, 256 3Rk
BT = AT G 00 SRS L T AR AR A A
ZARRE IR T Iz R ). Horh— AR A SE
A (1167 B3k oA o e & 46 1 h (829, 1332 15
YK o T/ HE 25 A G B = AR AN F) 2046400 T A
1o B AR A & 24 Qi 9 O o R 5 R ) i A
1% B 2 SR B 1 2048 4E I T A5 5. AL 2 IR 25 7 5T
PR . [RLBE LA 81 2 By B A9 ) 4 o Ul A N ik
8 L T AR R AN DR A
32 HEEBSHIZE

A R ¥ £ T TensorFlow 2.10 & 2 3J
HEZLAE Python ¥ & L 328 . 32 17 37 5% 4 Windows
11 ¥ 1E &R 40, 6 1 i B 2 45 3.40 GHz Y Intel
Core i7-14700KF CPU, 8 GB & 17 ) NVIDIA
GeForce RTX 4060 GPU L) & 32 GB 18 47 N
£ . R M Adam it 16 5 I 25 B2 A, KL AU [y
batch_size ¥ & & 64, epoch & 400, % ] K N
0.001, 1 25 oK % 3% H Huber loss, #8504t 1k 1@
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Tab.3 Parameter settings of each network layer

i A REAIE o £4% )22 44 WESH LR -3
Input(sensor_input) (128,8) (None,128,8)
TCN (filters=64,kernel=3,dilation_rate=[1,2,4,8,16 ].dropout_rate=0.2) (None, 128,64)
15 SR A% I P B A BiGRU (units=64,return_sequences=True) (None,128,128)
SE Block (reduction_ratio=16) (None,1,128)
FC1 (units=512, activation="relu’) (None,512)
Input({j_input) (2,80) (None,2,80)
ConvlD (filters=64 .kernel=3.padding="same’, activation="relu’) (None.2,64)
ST HRAE SE Block (reduction_ratio=16)MaxPooling1D(pool _size=2) (None,1,64)
ConvlD (filters=64 .kernel=3,activation="relu’, padding='same’) Flatten (None,64)
FC2 (units=160,activation="relu") (None,160)
Input(state _input) .41 (None,41)
MTE LIRS A - — —
FC3,4 (units=41,activation="relu’ ) *2,dropout_rate=0.2 (None,41)
Concatenate - (None,713)
i i 2 MLP FC5,6 (units=512, activation="relu’)*2 ,dropout _rate=0.2 (None,512)
Out units=1 (None, 1)
3.3 EANESRE SRR TR AL BE B8 — I 38 3 AR G 1 2R O 2 18-
3.3.1 wBrigiw ¥ T LR AT P A R O B 30 0 MU T A 12 4

AWEGE LA AR ROE S 100 H AR JE T A
A AT 55 o A T PEAS BRI PERE L ERELLE 3
AT 48 b5 - 5 R BRI J5 15 22 (MSE) L
K226 %6 152 22 (MAE) T3 A 0%,
3.3.2 XH ==y

J T WS AT 3R TCN-BiIGRU-SE £ ¥4 1F il &
HBE A AE 1 304 ROF F0 000 v i M BB L 3 R T B A%
e bl 5 > B B 34 1] & 9] H Csupport vee-
tor regression, SVR) .M PR & B 2 F (XGBoost)
LightGBM, LA K& & UL (%) i )3 48 B B (MLP,
LSTM.,GRU, Transformer, CNN-GRU FlI CNN-
LSTMORERIAE g X b F 1

H T 1 Ge bl 2% > B RS fig 4 B2 BURT )7 e
TIE W 2 BRSSP R A 1 8 10 M LB i 22 556

FEAE RS PN I B 406 L R 00 A o 22 S5O VB A% G bl
A IR E . BB HEAT Z2 Wk ST I 2R A
KL 25 R E . A5 B ABLAE Sizel ~ Size3 i B AR
T 45 0k 4.

i # 40 F H . TCN-BIGRU-SE # #1 & 941
o FTARBIAITE 3 RT g Rl b Y RS T
B R MK MSE \MAE ., 5 &M RHH
1 G5 Bl 2% 2% > KR XGBoost AH L . i 47 8 % 78
Sizel~Size3 | # MSE { 4> %] F& A% T 20.0% .
11.2% F119.3% ; 5 % F i 48 BUBE Y GRU X
Eb . o S BEAR T 31.3%.22.4% F113.9% 5 5 — 1k
B e a9 A (CNN-GRU ., Transformer %5 ) A
LU A A T £ T L 3 3R B BT 4R 10 A B R B AP Y
e . TCN-BILSTM-SE 5 TCN-BiGRU-

x4 FEEER BTN M REXT L
Tab.4 Comparison of prediction performance of different models

_— : Sizel ‘ Size2 4 Size3
R° MSE {8 MAE {8 R’ MSE {H MAE {& R’ MSE {8 MAE {§
SVR 0.53 0.000 825 0.023 123 0.81 0.000 509 0.017 658 0.69 0.000 406 0.015 551
XGBoost 0.70 | 0.000 519 0.017 469 0.81 0.000 507 0.017 422 0.68 0.000 415 0.015 847
LightGBM 0.60 | 0.000 719 0.020 475 0.70 0.000 800 0.022 579 0.56 0.000 566 0.018 641
MLP 0.58 0.000 728 0.020 926 0.73 0.000 729 0.021 019 0.61 0.000 507 0.017 850
LSTM 0.69 0.000 552 0.018527 0.73 0.000 752 0.021 378 0.67 0.000 430 0.016 478
GRU 0.66 0.000 604 0.018 805 0.78 0.000 580 0.018 711 0.70 | 0.000 389 0.015 510
Transformer 0.74 | 0.000 454 0.016 421 0.83 0.000 464 0.016 628 0.72 0.000 363 0.014 904
CNN-GRU 0.75 0.000 440 0.015 839 0.79 0.000 580 0.018 447 0.72 0.000 366 0.014 663
CNN-LSTM 0.75 0.000 434 0.015640 | 0.79 0.000 562 0.018 172 0.72 0.000 364 0.014 595
TCN-BILSTM-SE 0.76 0.000 420 0.015 388 0.83 0.000 457 0.016 202 0.72 0.000 359 0.014 527
TCN-BiGRU-SE 0.77 | 0.000 415 0.014 983 0.83 | 0.000 450 0.015973 | 0.74 | 0.000 335 0.014 078
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Fig.7 Prediction performance of the
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Fig.8 Box plot of model stability
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Tab.5 Impact of different feature combinations on model prediction performance

AR A Sizel Size2 Size3
MSE MAE MSE MAE MSE MAE
453t 0.005 135 0.036 829 0.002 384 0.031 139 0.001 437 0.024 214
1R A 0.002 273 0.030 285 0.002 503 0.031 555 0.000 656 0.019 644
HLEFIRZS 0.001 961 0.029 203 0.001 759 0.029 362 0.002 351 0.033 088
it +HHla RS 0.004 637 0.037 401 0.003 282 0.034 318 0.001 315 0.023 194
[ RS e 0.003 726 0.034 728 0.001 016 0.023 633 0.001 450 0.023 932
AR BLER RS 0.001 025 0.023 320 0.001 360 0.026 253 0.002 147 0.029 931
FAR ST LR A 0.000 415 0.015 034 0.000 450 0.015 973 0.000 335 0.014 078
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K T 4B 5 1 (KNND Al XGBoost 75 k% e 3L i LA
B A S 06 25 SR B AR R M . TR RE O R ST g A i

3.5

P& 4 . Dataset2 Fl Dataset3 | > i %8 ¥ 5 46 il &

Bt 5 L P 0 DR AE TR (R A 3 98 T A R A
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[F) 1] it g ROST F50000 | [al A R B i 5, . 7E Datasetl
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Tab.6 Impact of ablation different modules on model prediction performance
N TR AR AR FH £ A e Sizel Size2 Size3

(PP R0 ALtk ) MSE MAE MSE MAE MSE MAE
(TCN, CNN, FC) 0.000 427 0.015 352 0.000 452 0.016 157 0.000 367 0.014 370
(BIGRU, CNN, FC) 0.000 438 0.015 703 0.000 482 0.016 759 0.000 366 0.014 383
(TCN-SE, CNN, FC) 0.000 430 0.015411 0.000 508 0.016 943 0.000 365 0.014 653
(TCN-BiGRU., CNN, FC) 0.000 418 0.015 350 0.000 470 0.016 404 0.000 377 0.014 749
(BIGRU-SE, CNN,FC) 0.000 421 0.015 234 0.000 455 0.016 283 0.000 351 0.014 250
(TCN-BIGRU-SE, FC, FC) 0.000 426 0.015 642 0.000 452 0.016 444 0.000 370 0.015 117
(TCN-BiGRU-SE, CNN, FC) 0.000 415 0.015 034 0.000 450 0.015973 0.000 335 0.014 078

®7T FREME-ANFTEIRHEELHRABR

Tab.7 Performance of the proposed model on three types of injection molding experimental datasets

g Datasetl Dataset2 Dataset3
R MSE MAE R MSE MAE R MSE MAE
LR 0.35 0.000 608 0.018 520 0.72 0.001 798 0.033 474 0.81 0.002 897 0.031 546
SVR 0.52 0.000 455 0.016 998 0.69 0.001 975 0.033 688 0.74 0.004 123 0.029 324
KNN 0.48 0.000 490 0.017 588 0.78 0.001 380 0.028 473 0.85 0.002 392 0.027 357
XGBoost 0.51 0.000 460 0.017 041 0.77 0.001 512 0.029 644 0.87 0.001 957 0.025 745
TCN-BIGRU-SE 0.54 0.000 435 0.016 753 0.80 0.001 249 0.028 315 0.83 0.002 756 0.027 607
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