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This paper proposes a methodology to analyze the effect of in-mold conditions
(IMCs) on part quality for autonomous manufacturing in injection molding.
The IMC is the most important information affecting part quality in injection
molding because it presents detailed molding conditions in the cavity. To
utilize IMCs for monitoring, optimization, and control, the relationship
between IMC and quality should be analyzed. The main goal of the proposed
method is to use explainable artificial intelligence (XAI) to automate analysis
tasks and yield more objective and quantitative results than conventional
knowledge-driven methods based on previous knowledge and understanding.
The contributions of IMC features to the quality of a specific part quality and
the overall effect of IMC features on molding processes are analyzed by
applying XAI to IMC—Quality Al models. The analysis results can be further
utilized for specific quality-targeted monitoring and intelligent process
optimization based on IMCs.
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Fig. 1 XAI based analysis of the effect of in-mold condition (IMC) profile on injection-molded part quality. (a) Overall flow chart
of the proposed method. (b) Sample and cavity dimension with in-mold sensor locations. (¢) and (d) Cavity pressure and
mold surface temperature profiles, respectively. (e) and (f) Extracted process state points (PSPs) and similarity of IMC profiles
represented by PSPs. (g), (h) and (i) Imaging studio, alignment chart on sample fixture, and warpage measurement result
by image processing, respectively. (j), (k) and (I) Prediction performance of IMC-quality models for part weight, warpage
at thick wall, and thin wall, respectively. Note: EOF =End of filling.
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Table 1 Experiment equipment and material

Name
Arburg Allrounder 320S 500-150,
Arburg GmbH+Co KG

Homo-PP, Pro-fax PD702, LyondellBasell
Industries Holdings B.V., Netherlands

Equipment

Molding machine

Polymer material

Cavity pressure sensor PT465XL-7.5M,
P Dynisco LLC, USA
Mold surface Type 6192B,

Kistler Holdings AG, Switzerland
SC-2346 and PCI-6024E

with SCC-SG24 (for pressure),
SCC-TC02 (for temperature),

and SCC-DIO1 (for time reference),

National Instruments Corp., USA

PBW-3200,
Intelligent Weighing Technology Inc., USA

temperature sensor

Data acquisition
system

Weight measurement

D90, Nikon Corp., Japan

Imagi i .
maging device with SP 60 mm, Tamron Co., Ltd., Japan
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Table 2 Range of tested process parameters

Process parameter Range
Coolant temperature 30~60 °C
Injection speed (cavity) 30~50 cm’/s
Packing pressure 300~500 bar
Packing time 2.0~4.0 s
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Table 3 Search range of hyperparameter optimization

Hyperparameter Range
Number of hidden layers 1,2, 3
Number of neurons for each 8. 16, 32

hidden layer

Glorot normal, Glorot uniform,
He normal, He uniform,
LeCun normal, LeCun uniform

Weight initializer

ReLU, GELU, ELU, SELU,

Activation function .
softplus, swish

Optimizer Adadelta, Adam, Adamax

Learning rate 0.001, 0.01, 0.1
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Fig. 2 Effect of IMC features on each quality of specific specimen. (a), (b), and (c¢) Effect of IMC features on the lowest part

weight (PartWeight), and correlating cavity pressure, and mold surface temperature profile, respectively. (d), (e), and (f) Effect
of IMC features on the smallest warpage at thick wall (Warp-ThickWall), and correlating cavity pressure, and mold surface
temperature profile, respectively. (g), (h), and (i) Effect of IMC features on the smallest warpage at thin wall (Warp-ThinWall),
and correlating cavity pressure, and mold surface temperature profile, respectively.
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Fig. 3 Effect if IMC features on each quality of overall process. (a) Part weight, (b) warpage at thick wall, and (c) warpage at

thin wall.
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