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Injection molding product size prediction based on WOA-Stacking ensemble learning method
CHEN Zhonghang', WANG Zhouting’, SHEN Jiaming’, HU Yanhai', NI Dexiang”
(1. School of Mechanical Engineering and Mechanics, Ningbo University,Ningbo 315211, China;
2. Ningbo Hwamda Machinery Manufacturing Co., Ltd.,Ningbo 315000, China)

Abstract : In the existing machine learning-based injection molding product size prediction models, there is the problem that
the prediction accuracy of a single model is not high. In order to improve the accuracy of real-time monitoring of injection molding
product dimensional changes, an injection molding product size prediction method based on whale optimization algorithm (WOA)
optimized Stacking ensemble learning was proposed. First, the data collected from the injection molding process were integrated, the
outliers were screened using the 3o criterion, and the key features were selected by random forest and mutual information method as
the input features for the subsequent model. Second, in the Stacking ensemble learning framework, K-nearest neighbor, random
forest and light gradient boosting machine were selected as the base learners, and elastic net regression was selected as the meta
learner,and WOA was used to optimize the hyperparameters in each base learner to construct the WOA-Stacking ensemble learning
prediction model. Finally, the proposed model was applied to the injection molding product size prediction, and then other models
were compared and analyzed to verify the effectiveness of the present method. Taking the data of the 4th Industrial Big Data Innova-
tion Competition as an example, in the comparison experiment containing three ensemble models and three single models, the three-
dimensional size of the products were selected as the prediction target, and the experimental results showed that the WOA-Stacking
ensemble learning model had higher prediction accuracy and fitting ability.

Keywords : injection molding ; size prediction ; whale optimization algorithm ; Stacking ensemble learning ; feature selection
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Tab.1 Feature selection results

Feature name Meaning

Feature name Meaning

Pack time 2 Keep pressure for two periods of time

Maximum value of mould temperature machine

MouldTemp2_max P
- temperature sensor 2

Average value of mould temperature machine

MouldTemp2_mean £ l
- temperature sensor 2

spcTime System time at end of cycle
MouldTempl0_mean

MouldTemp13_mean

Average value of mould core temperature sensor 10

Average value of mould core temperature sensor 13

1J_ median Median value of nozzle injection pressure
Average value of mould core temperature

MouldTemp12
ouldTempl2_mean sensor 12

Sensor!_median Median value of in-mould pressure sensor 1

Sensor3_max Maximum value of in-mould pressure sensor 3

Sensor6_mean Average value of in-mould temperature sensor 6
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Tab.2 Comparison of feature selection results

Feature selection method MAE/mm RMSE/mm R’
Method of this article 0.016 1 0.0219 0.727 3
RF 0.016 5 0.0227 0.706 9
Pearson 0.017 1 0.023 3 0.692 7
Original features 0.017 4 0.0239 0.6757
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Tab.3 Comparison of model results

\:iriitc;;e Model category erfn]f/ Rl\n/fiE/ R’ Time/s
WOA-Stacking  0.0132  0.0182 08109 1.0655
BO-Stacking 0.0143 0.0197 0.7800 1.2998

Sizel Stacking 0.0153 0.0211 0.7484 1.5544
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Fig. 5 Prediction results of WOA-Stacking model
mr.

(1) 3 3o o U 0 32 7 9 ok R 50l o 10 S
{8, PRl I RF CH A BLE PR RRAE O 2k 7 U 350
PRECT S B RSH 0 S ERRAE , BRAIR T IR R B
FISEIR , B i T BEHY () TR BE T -

(2)f# F Stacking FE 24 2 456 T AN[R| sk ) 4%
(PG a7, AR T B — AR | ELAT O o A TS 5
F WOA B35 X} Stacking 5 il 2 2J (/) 3L 2 2] g8 251 7
SO E T ARAS M RE SR O 1 3k 2 2] 25 AT
BO-Stacking 5 8 F1 oK 28 1+ L4 A9 Stacking £ 7 , H
7 R A TIOIORG 2 o LS DU R Tl R A S
FEN B, WOA-Stacking £ il "% > A T H AT AL
SR 2 iR 2 TR R 22 AT FRAIL, e R A
AR UE T 3T AY WOA-Stacking #5575 1) 4 %%
M, AT —E A9 TARER M

I
[1] AMINABADI S S, TABATABAI P, STEINER A, et al. Industry
4.0 in-line Al quality control of plastic injection molded parts[J].
Polymers,2022,14(17):3 551-3 573.

(2]

[3]

(4]

(3]

(6]

(7]

(8]

[9]

[10]

(1]

GIM J, TURNG L S. A review of current advancements in high
surface quality injection molding: Measurement, influencing
factors, prediction, and control[J]. Polymer Testing, 2022, 115.
DOI:10.1016/j.polymertesting.2022.107718.

TR, SRR . 1] g B R R ARAR R 2L 5 W ) B AL LB 0], 785 23
TR TR, 2022,38(5):58-61, 68,

XU Yu, ZHANG lJihai. Vulcanization mechanism of natural rubber
compositions for injection molding[J]. Polymer Materials Science
& Engineering,2022,38(5):58-61,68.

T R TR, TV, 45 B TR ) B ek B 22 ) 2 R 22 15 it
BRI R G R R S s ) S TR )], AR ARLR T, 2020, 48(4):
62-68.

JI Ning, ZHANG Weixing, YU Yangyang, et al. Quality control
and prediction of injection molding based on RBF neural network
and MIGA[J]. Engineering Plastics Application,2020,48(4):62—68.
TG, D AR B4 2D TR A MRS i 15 P[], T
FEIRHR T, 2023,51(9):167-174.

WANG Yazhe, MA Qihua. Progress in application of machine
learning in field of composite materials[J]. Engineering Plastics
Application,2023,51(9):167-174.

PaRIZS R D, T6R6K D, AGEYEVA T, et al. Machine learning in
injection molding: An industry 4.0 method of quality prediction[J].
Sensors,2022,22(7):2 704-2 721.

XK, /NG, B e, 45 S TR b AR THILAYIE X PR
W 3 B8 AT 7 iy RO T A R[], i R LA 1A% , 2022, 33(8):
965-969.

LIU Yongxing, TANG Xiaoqi, ZHONG lJinglong, et al. Asymmet-
ric risk injection molding product size prediction model based on
LightGBM[J]. Engineering, 2022, 33(8):
965-969.

China Mechanical

KE K-C, HUANG M-S. Enhancement of multilayer perceptron
model training accuracy through the optimization of hyperparam-
eters: A case study of the quality prediction of injection-molded
parts[J]. The International Journal of Advanced Manufacturing
Technology,2022,118:2 247-2 263.
FARAHANI S, XU B, FILIPI Z, et al. A machine learning
approach to quality monitoring of injection molding process using
regression models[J]. International Journal of Computer Integrated
Manufacturing,2021,34(11):1 2231 236.
R, T, 24, %5 LT Stacking FE 27 2T B B 14 R~ 7
TN VR[] A BT R 224 (H SRR , 2022, 50(6):19-26.
SONG Jian, WANG Wenlong, LI Dong, et al. Injection molding
part size prediction method based on Stacking ensemble learning
[J]. Journal of South China University of Technology(Natural
Science Edition),2022,50(6):19-26.
KOO K, CHOI K, YOO D. Double ensemble technique for
improving the weight defect prediction of injection molding in
smart factories[J]. IEEE Access,2023,11:113 605-113 622.
(THE 163])



