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Abstract: The advancement of intelligent manufacturing is driving the evolution of polymer processing
into a new developmental stage. Artificial intelligence technologies, particularly machine learning (ML),
have become key enablers for overcoming the limitations of traditional empirical methods and achieving
intelligent optimization of processing workflows. In response to the current gap between ML education and
real engineering applications in polymer materials curricula, this study introduces a teaching innovation
that integrates data-driven intelligence with professional practice through an undergraduate hollow blow
molding experiment. Specifically, a hybrid approach combining a BP neural network with a genetic
algorithm was applied to optimize five critical process parameters in hollow blow molding: die temperature,
mold closing speed, airflow rate, blowing time, and cooling time. A predictive model was developed to
identify the optimal parameter set for maximizing the vertical compressive strength of molded parts.
Experimental validation confirmed the effectiveness of this approach, establishing a complete instructional
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loop encompassing component fabrication, data collection, model building, algorithmic optimization, and
result verification. The redesigned course not only strengthens students’ mastery of conventional polymer
processing techniques but also guides them through the entire workflow of applying ML to real-world
process optimization. This initiative effectively bridges ML theory with practical manufacturing scenarios,
while deepening students’ understanding of the “process-structure-property” relationship in polymer
science and fostering computational thinking framed around “data-model-decision”. The project offers
a replicable model for cultivating talent capable of supporting the transformation and upgrading of the
intelligent polymer manufacturing industry.

Keywords: Hollow blow molding; Machine learning; Teaching innovation; Curriculum development;
Polymer processing
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Figure 1 Experimental procedures and educational objectives
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Table 1 Process parameters and performance of each group
H5 TR (°C) GBUHEE (mm/s)  AAUE (L/min) RN 8] (s) Rt I 8] (s) T FL 3R 50 (N)
A 185 100 5 5 5 164+9
B 195 300 20 10 18 212+7
C 220 500 40 20 30 203+11
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Figure 2 The flow chart of the BP neural network coupled

GA optimization
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Table 2 The first 10 sets of data in the dataset
FRED  RFE2  FRE3 HRIE4 REES H bz
205 330 22 7 11 195
220 282 22 5 16 185
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190 318 22 10 12 213
185 100 5 5 5 164
195 300 20 10 18 212
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Figure 3 (a) Training set and test set loss curves during training process; (b) Distribution graph of predicted values and true

values in the test set; (c) Distribution graph of prediction residuals



6 s

2026 &

BRI A LV A B 51 TR 3 e AL, AR
(¥R 2 0.92, 2 W I 5 45 1 o £ 100 2% A2 2 il 2
AERA I IR R TUIE (L2280 5 Hs (TERE) 2
AR 2R, FLTR ZE BN B LA - PRI,
R B T SE R L RE 7, AT AER T S 96 5

RENS ELFEN A TN T fe i ST L Z 24 tiAt .

T3 BPHHL PR UL A DAL K
Table 3 Evaluation data on the fitting degree of the BP

neural network model

MSE RMSE MAE R?
2251 471 3.62 0.92
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Figure 4 (a) Fitness curve of the genetic algorithm; (b) Radar plot of the optimal feature combination
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Table 4 Optimization and validation results

BIOLE (CC)  AREEAE (mmys)  URIRE (Limin) PRV (s) FEESIEL R 18] () I R (N)
(FFAET) (FFIE2) (FFAIE3) (FF1E4) (RFAE ) R RAE SE BRI A
189 293 18 16 234 228+5
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