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Abstract

The die-casting process is an important process for various industries, but there are limitations in the profitability and pro-
ductivity of related companies due to the high defect rate. In order to overcome this, this study has developed die-casting fault
detection modules based on industrial Al technologies. The developed module is constructed from three-stage models depending
on the characteristics of the dataset. The first-stage model conducts fault detection based on supervised learning from the dataset
without labels. The second-stage model realizes one-class classification based on semi-supervised learning, where the dataset
only has production success labels. The third-stage model corresponds to fault detection based on supervised learning, where the
dataset includes a small amount of production failure cases. The developed fault detection module exhibited outstanding per-
formance with roughly 96% accuracy for actual process data.
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Fig. 1. Framework of the fault detection medules.
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Fig. 2. Schematic diagram of the fingerprint imaging.

o ARs M ojnlx HolEt sseky WEk
o A7k HelRe GAs A7t stag Wasl @
o}, 718teke wgtolet olmlx] HlolEE slwkoR 9ole] 3
A e A, Yo VENTE 28F 93 Hae)

FHE U 52 A du dE S0 X723} o]
HAE HEgo R 905 ISOE, 270%=, 360% 3|7 HES
st A8 3| Wil FRE E%Zrt g5S st
= Aot} o]y st XM s 5o HHd UEHI=
7180l gEdE diolElet A Feje] dolEd 7%l
Hop 22 e 7h 31 wgke] FRE oS8 At

o Aol WM B Wk A HE FEle] B
gle] vlolEe] 9= dFe st Ea, AEA st
o o] ggo] =2 Fe| HolEle] A9+ 011294 4l
T7F dojA A drk. 9d vEHAS] SRS 7E

o]4 $=X] (anomaly score)E A& = 9o, 113}7:]] &)
AYFE ol VIFLE toPid” AFY BF AEe

g,

e

2.3 2t HIX|E EE HE 2E

A9 VR B HE BES AT SF FolEo]
F7IE AFE A5 &k EEelth. A 9ed &
APEL F FolE <5 (one-class classification)yS ©]&
sle] WA= (semi-supervised) 71WF B AES AYPT 5
QE=s FAHT olE f3lAM Hed 71 tEH2L one-
class classification 78] Z& 5 3}<] Fence-GAN (FGAN)
[9]°] E&HUTt. Tk olefgt Held 7IW darE|se] ol
A Jeje] diolHE AMstet] S Hold g Hdtt
= Al 2Rtete] AAY dlolele] AAR 5 Adxsto

Fingerprint image

— Order

arrangement
-




-372 -

Temperature ('C)

0 10 20 30 40 50 60 70
Time (sec)

100

Fig. 3. Example of the recurrence plot of die-casting process data.
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Fig. 4. Images generated by Fence-GAN by training epochs.
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Table 2. Performance of fault detection modules in each stage

Algorithm AUROC
Unsupervised o

Stage 1 (Geometric transformation) 93.70%
Semi-supervised o

Stage 2-1 (FGAN with RP) 91.76%
Semi-supervised o

Stage 2-1 (FGAN with MTF) 94.04%
Stage 3 Supervised 96.9%

g (Fully connected neural networks) (Accuracy)
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