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ABSTRACT

Article history:

This study proposes a predictive methodology for quality variability in contact-
lens injection molding using the patented “Al DX FOM cycle” framework. To
evaluate how early and accurately upstream nonconformity signals (#4000)
forecast downstream defects (#3000), field logs were structured into 24 standard

Received 25  August 2026
Revised 6 October 2026
Accepted 7 October 2026
Keywords:

Al DX FOMs cycle

Manufacturing data standardization
FOM-Qubit multi-dimensional analysis
Quality variability (QVt)
Nonconformity-to-defect prediction

Injection molding process optimization

data cells and mapped onto a 576-point multidimensional qubit analytical space
to formulate a time-series quality variability index (QVt). Empirical validation
using 1,388 mass-production batches revealed a 35-min leading time-lag between
#4000 operational anomalies and final optical defects, with the QVt forecasting
engine achieving high precision. By coupling this predictive warning with
multiparameter injection optimization and dynamic tolerance shift control, lens
roundness improved to below 2.95 um and the defect rate decreased from 1.7%
to 0.6% (a 64.7% reduction). Consequently, the operational maturity advanced
from Lv.2 to Lv.3.5, thus validating the systematic capability of the proposed Al

DX FOM framework.
1. M 2 $ACINE AFEA WEol 34 FH9 WEo] F& 3
Ti7] 9 A= Holeln o) A Az =Rl At 71A1A
1.1 A7 iy 2 =5 & Asishe ARARl 242 AgaT 2 FekaE AE Y
FdEdz Az AL Aol AY WIS o7s)7) B AR BolME AE 2)5stet HUE 850 Thgat] S
AA A AUt Jot4 Aol S7Eh F2H Aol AIA HlolEE Jites wAlY FaEE HET FA o5
chHstet Q) BEW vlg-AlY wA Wxe] £0 Fhe tEE REY Ak @Us] AYEn gl 5, AkE 3 5 uAst
A% QAL AT WA (batch) YA Al2Ele] RESE AAe £ R, 2% 5 A A A1EE At0] SShot) 7H A
ek wix AL A% 4, B me, W Q) m4 2y, ohE B4 MBS 270 Tk B Ao ERshe
9 Y B, S5 ol gL A, Ee 9 o] o2k BF  RYER Aawle] $50] BeAolrh. ofef w43 Aeis
3 Az gHo TN B 7 HE oFHo] FER B AN A U §714 vl 4 FA HolelE B Bal]

* Corresponding author. Tel.: +82-41-540-9930
E-mail address: df2030@hoseo.edu (Su Young Kim).

454


https://crossmark.crossref.org/dialog/?doi=10.7735/ksmte.2026.35.5.454&domain=http://journal.ksmte.kr/&uri_scheme=http:&cm_version=v1.5

Journal of the Korean Society of Manufacturing Technology Engineers 35:5 (2026) 454~461

-
L

st Ante 3%

T thrkee
E| $4o HEY S
I itk o2

AT = AR B

Aade] mqjo] thisn i,
of7s] 47 71=3 ShESE Kol

2|
golXe
0] AA| @3t A& Tloly Zte] T o
501, Hl7ksoll 7155 dul A FHEu
FAE A 7Hs &8 ol A
A l:t— é & 7ks FHl7E Elov 28
AR ¥7kEolL, o=
]}vlo:l o]i\]-’o Z7]9]

3
2

o
s
¥

o] AJ&

1900 28 el 411717} st oo
ety Az Be) 2eld FReMe A

go 1E19} 7*“‘0}
A F718ksta, #4E AAE 2aE Ve R 4 WEgE A
Aol A -3t 29 Alsst mEo T% | g Al
Az GAd gt AntE HEL NESHE A3 & AR
A&g A 9 BA AAZE 2, 441_ Az dsE A,
Qubit THAF 24 9l Al of|o]HE 7]&2 297t Al DX FOMs
Aol 7IRte] A5 AntE 3 29uE WHEC] MEA A

Q=] ATt
2 Q7] A A A2 FOMs 7[iro=
OlEE &&sto] *}i 383749 #4000 FA
#3000 2F $4 B dohd A oS5t st
712°0lth. o]& ?{-‘%‘5} | 943 ‘Al DX FOMs Cycle g
(100~3008)E #2350 FOM-Assist(EZ3}) — FOM-Qubit
(T 24) — QVHAIAIG A58 — #4000 Al
— #3000 EF o5 — 37 AR olojAle Adeg At HFA
2 ASUth *ﬂ—tu'— T+ AL oy At
@ FOM-Assist H|oJg] FF3H(100H): 0|2 AR 2I1Z 471
30335(#1000~#4000) 2 oM R AYeto] 2470 FF
tlojg] A 22 FA3RRIt
(2 FOM-Qubit ThtY 24
AA2 57671 B4 ZQJE.
A Aoz A7,
3 AAE QVt 7|5 &
#3000 FZ B 7ko dﬁg Alx}(tlme-lag)—g— F
mdo] A=
@ 34 =71 A
3t AkE Alo] mhejn]

ECT IR

I

0 39 ot N
rr

Hu

l

3 4% 27

(200): 24Code x 4M x 6ltems
TE5to] BERo] T Zlo] H=E

EE
=2

2 419 ol

=Y

g

A JR7Ie 3% U AN zRE e 2F AA o
ofElt molx, AZ Y oyX7t ZYE 4 9OBE, FOMs

718te] o] AA] gngjZ o AR dolglQ A xE FH3F
AP 0|2 Eaf A Adu] EAS WIS 4M TlolE ] BA
AAE T,

455

1, Manufacturing Raw Data 2, A DXFOMs Cycle 3, Application & Expansion
& Physical Layer (Patent-based Framework) (Future Work)
R Scope of This Study (In-Scope) .
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Fig. 1 Conceptual architecture of the AI DX FOMs cycle and
scope of this study
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Table 1 Raw dataset collection, 6M management attributes, and
FOM-assist standard data cell mapping scheme

Table 2 FOMs-based process operation data code system and
4M physical signal mapping

. . _ i ti 9
Raw dataset| - Origin 6M category| Key operational FOM-Assist Operation . .. Data-linked
source source . standard cell category Standard | Academic definition & . .
. (Management |  variables & . physical signal
(Physical (As-Is . . (Operation code (Patent code Process state
item) attributes . e & Source log
file) system) mapping) classification)
Date, Shift, Equip| MD-1000 / Pure effect ot Equipment PLC
ID, Planned Qty,|M-1000 (#1000 . € e. ective pr .uctlon run signal,
MES / Method . Production runtime where input Machin 1
manual_qgpr POP (MD) / Actual output, Production " ribute direct chine cycle
_2025.csv systems | Man (M) Theoretical performance / pe lormzr(licz #1000 resourcesd(;o(ril ;fe eyl time, Output
4 standard cycle | Value-added (Va uc-adde to standard conforming pulse count
fime (C/T) run) operation) products versus theoretical
standard cycle time (C/T). | manual_qpr_2025.
Date, Equip ID, | MC-2000 / csv
POP / Machine Start/End MD-2000 Real-time tooling
manual Setup lo (MC) /  |timestamp, Down (#2000 State where equipment is QR code scan,
downtime.csv sh:ets €| Method reason (Mold |Downtime loss / Downtime loss available but halted due to| ;.0 coieen
(MD) | exchange, Setup | SMED (Availability | #2000 | MO exchange (SMED), | giony) Biror
delay, Alarm) exchange) loss) line changeover, setup alarm timestamp
Date. Batch ID calibration, or waiting for _
Vision . L ? materials. manual downtime.
; fion Material |Equip ID, Defect| MT-3000 / csv
manual n?gez /" (MT) /| code (Tearing, | MC-3000 T :
reject.csv Ef | Machine |Cracking, Bleeding,| (#3000 Defect / e;lfo r;:source v;aste I.Xutoma.ted optical
e MC) Seating error), | Quality loss) . gy ) inspection (AOI)
reports incurred by defective parts| vision decision
Defect Qty Defect loss e )
(Quality loss) #3000 failing dimensional or signal, Defect
"ljlms;stamp, MC-4000 / ty optical inspection criteria ejection robot log
PLC . Injection peak MEF-4000 (tearing, cracking, bleeding
Machine > > 8 )
manual analog (MC) / pressure, Nozzle (#4000 seating). manual_reject.csv
abnormal.csv sTnsor Factor (MF) tefmp, Cll:impmg I\/Ionconfi).mutf/ . . High-froquency
0gs orce, asma Operal 1(?na Continuous machine analog sensor
voltage deviation| abnormality) running state where fine stream, Hydraulic
Product family, | MD-1000 - Nonconformity process parameters pressure sensor,
CAD / Mold cavity MD-4000 (Operatiqnal #4000 | (injection pressure, nozzle Thermocouple
manual ERP Method |depth spec, Lens|  threshold abnormality) temperature, plasma analog output
limit.csv master (MD) | curvature radius |(Process control voltage) deviate bt?y(?nd b |
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Table 3 Classification of AI DX FOMs cycle maturity levels
(FOM-maturity) and empirical implementation scope

Lv. 1 Basic logging Partial #1000 Pre-project
Record | Manual paper & | output; unlinked baseline
(0 ~ 20 pts)| Standalone excel | downtime logs; |Human error 1.2%,
G1/G2/G3 losses | delayed post-shift
unquantified entry, fragmented
logs
Lv. 2 Data Integration FOM As-Is (33.3 pts)
Connect |PLC, MES, POP &| standardization Bluetooth dial
(21 ~ 40 pts)| ERP interfacing | (#1000~#3000, gauge (1 pm);
4M); Gl tracked;| 8standard cells;
G2 loss partly |85% data integrity
captured
Lv. 3 Multi-Dimensiona | 576 Qubit points To-Be
Analyze 1 analysis structured (4Mx6);|(58.3 pts / Lv. 3.5)
(41 ~ 60 pts)| FOM-Qubit 576 G1/G2/G3 14 standard cells
correlation & mapped; active; defect 1.7%
Time-series QVt computed — 0.6%;
closed-loop SSt
verified
Lv. 4  |Al decision support| Predictive QVt |[In-Scope extension
Predict predictive (#4000 detection);| time-lag (35m)
(61 ~ 80 pts)| modeling & automated verified (MAE
Gen-Al root cause parameter 0.042, RMSE
recommendation 0.058);
Al framework
formulated
Lv. 5 |Al agent operation| Full 24 standard | Future expansion
Autonomous|  closed-loop cells active; Multi-agent
(81 ~ 100 pts) control & parameter autonomous smart
Digital twin self-correction; | factory & FaaS
continuous cloud ecosystem
self-learning
A WE AQVHE HES} st & Algs AlEhelM
8= AH|EEE E(overall equipment effectlveness, OEE)9]
30 A &4 eadl B SAGED), 715 SAEIES B,
M At (R TRl WA 0|2 FAE 34 WA ¥
doz et By B4 Azl
_ Nre'ect,t Z Tdown,t
QVi=W, - ()W (— )+ Wi - G ()
Nmtal,t Ttotal,t
0%7]}“] Nre]ectn_ /\];H t°ﬂ}\1—4 E%k Hel—l\g T Ntotal = % %U\\_]—Eoks
Tdownt'— ]% H] ]-E /\] Ttotalt'E‘ % 7]-% }\]71—01 Ot _g_zé
nise] B2 ME WAL, B oM AE HE7]9 1)
2 Boleln A% AR BESHE A Y 39 4 A5 BAE
UERITE Wi, Wa, Wi 8 HE710] 3719t AHP 242 7%
SHH 715 ALRM, T wi=1.08 HEsit 34 oius
MET Ot A U4, =3 2E 5 2 U9 AAY 230 ofF
B U A4BY 7ue] 24 WE LnYEL A8 42
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Table 4 Mold dimensional precision & measurement system

Table 5 Optimization of Key Injection Molding Process Parameters

performance Optimal
. Baseline .
Before After Quantitative Control Unit | condition T24 Parameter adjustment
Control item improvement improvement improvement parameter (As-ls) condition effect
(As-Is) (To-Be) results (To-Be)
Cumulative Nozzle +30°C increase

. i °C 180 210 . g

Holder & Rm J Cumulative bias of] deviation 76 “n,l bias temperature (Secures resin fluidity)
cumulative 93 um occurred |controlled within reduction & °C i
deviation a tolerance secured Mold +10°C increase
17 pm °C 55 65 (Prevents short shots &
- temperature
Precision Flow marks)
ng | Deviation of 85 um mach}mng Mlmmlz.ed. Holding ) -100 kgffem reduction
height " & uniform filling variation kgf/em 550 450 (Suppresses overfill
. across 12 Cavities .. pressure
deviation placement across cavities flash / burrs)
completed Holding s 4 0 -35 mm/s reduction
Measurement Paper-based Real-time Measurement speed s 3 1 (Prevents gate backflow)
data recording automatic time reduced by V-p 3 mm advance
L J . . 0
acquisition [& Post-hoc manual t};{;msnns:on via [60%, 1np:)1£ error switchover | mm 12 9 (Reduces machine error
system entry uetooth gauge rate 0% position at switchover)
Iniection -0.43 sec reduction
o} 7FE2] Al Wy, Wa, Was 2427 Qlz|uo] o AJat 2 Jﬁme sec | 0.64 021 (Uniform high-speed
A 10919 olgula AR FoR mEaigion], YBy Hlg ijection flling)
_ L -100 kgf/cm® reduction
S 7AZsto] A 3H5 L Als Baks = oA
A%30] A e R Wik A BFE, Wt o4 I‘f::st;‘r’: keffom?| 550 450 (Minimizes mold
B7H S8, W3S EE] iS4 HE Haz AASIYT 7S P residual stress)
W,=0.40, W»=0.30, W5=0.30, Q¥4 H]g(CR:0.032<0.10) o] , -0.21 sec elimination
- e ~ = - - Flash time | sec 0.21 0.00 (Optimizes injection
o}, o]& Foll AR A3t FA19] B A FETF ofue} A 34 cycle)
sHHE 9 olA] 5] QVt Aol ¢ Al RIFE =S A Radius .

5 deviation | um | 34 14 20 pm dimensional
shoit. 229 AAE QVt Al4=9] A7) MiEAE dISst7] 9 variance " ‘ ' variance reduction
ndle A7F ££48 aA o= 4455t= Long Short- Term

A AT s1ensto] o A A= 3071 A
Memory (LSTM) A17%8& A=sialon, A8 A= 3071 Al 4. A Al od
A, &492(64-32 =&, Dropout 0.2), Adam FE|UIo|A(S5E
0.001, 8ix] =7] 32) 2oz 5S st
W 213 sdes Sas g 41 MF ¥E 2 38 BUE K
. A Y 849 A4 HEL YHACE Aofs] 918 s
3.2 (300%) FOM-Matuity HZ2% M&T Wy} 29 °° ‘;°H Tores BT A j
) E CavityE €A5t= Holder ¥ Ring core & &% 7N ES
247} 2 vlole] o] Te) HIH(Celli B2 14, vl 09) e " °
9 A4 oS Ak Bl 7120 AYAE ASHE YA

< (1004 TH)E AFEste] & AsE SHAR ER
Z1o] A (3), Table 3 o]t}

M

rol

A Cell;

Maturity Score = ( 51

) %< 100 3

Table 304 QVt= 0~12 A3 #|40|th QVt & =
do] Aueg Agdez AFstr] sl Ha A2 (mean
absolute error, MAE)2} Al 52X (root mean squared
error, RMSE)Z H7IXE& ZoJsttt. MAE(0.042)= H#
4.2%9] 2} +%& UEeRYH, RMSE(0.058)2F MAES] &4
4E 394 ol & a7t HiAl" w2 dl& AgAe o]
St

Ol
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Aol 7] ZAAsta AlS QElstd H|EEAdT 27|l 9%t
o8] 2| (human error H|& F 1.2%) AH 32517 Y3l A
Wzo] HEQ] BEREA r}o|g Alo]A] A A|AHS FZslTt
(Table 4).
=9 A4 tofel:= %%?é A Ao]A|(Gate 1)5 3] AlA]
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U= #ejdel ma, 3 71E 3
]_

stol 5 24d §4 JE=r
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Table 6 Performance comparison of time-series forecasting

Table 8 Statistical analysis of defect rate and final yield for

algorithms 1,388 validated batches
t Algorithm/ [MAE |RMSE | Key characteristi R k oL Bef Aft Net
Category gori SE| Key characteristics & Remarks ttative |, efore . er e Test value
Model ! . improvement | improvement | performance
metric item . (p-value)
Traditional | ARIMA |0.128| 0.165 |Captures linear trends; limited in (As-Is) (To-Be) vanance
statistics | (2, 1, 2) reflecting complex non-linear Average defect -60.67%
fluctuations. quantity per Batch| 12.0 units | 4.0 units (8 units p < 0.05
(per 700 units) reduction)
Machine | Random [0.076]0.104 |Ensemble tree-based regression; Batch-level L1%
learning forest inherently lacks explicit temporal average defect rate 1.7% 0.6% ) f)p p < 0.05
: reduction
sequence modeling. (Defect Rate)
Process final 1%
Convention| GRU  |0.054|0.074 Recurrent neural network average yield 98.3% 99.4% inc.reazp; p < 0.01
al deep baseline; models sequential (Batch yield)
learning dependencies.
Proposed | Proposed [0.042|0.058 | Achieved the lowest prediction ®) o % ZJEE] T 9 7]E du El§ ] %4_ AL QVt O-ﬂ
model |(LSTM-based error (up to 64.8% error o Al ObAF Hak 7l5
QVt engine) reduction over the baseline). Az AA FAt EF AR ] MAE 0.042, RMSE 0.0589]
2 JUEE 7SSt AWA s de5s sl 52 TloH
Table 7 Improvement results of injection molding dimensional Aol A A AAI%B(ARIMA), HA412{ g (random forest), 71E H

accuracy and geometric roundness

. Before After Statistical
Collected analysis |. . Improvement| . .
tem improvement| improvement rate (%) significance
(As-Is)  |(To-Be / T24) (p-value)
Lower mold
injection thickness 52.83%
<
standard deviation 1.376 pm. | 0.649 pm reduction | ¥ 001
(0)
Mold max outer
. 67.58%
Diameter roundness | 9.10 um 295 um .A) p <0.01
reduction
error (Roundness)
Mold shrinkage
dimensional variance 63.16%
.. 114 42 . < 0.05
across cavities Hm Hm reduction P
(Range)

e g 245t & 433]9] AAE(try) HIAES
O A 227 A AFE 2A(T24 27)3} 712 FAF 279
H|x to]el& Table 59 Zth.

5. A5 21

MO
1z

51 AAZ ofIZ &

1,3887H At HijA]
e o 2k
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Z3t, #4000 2A FetulE o] QVt A 47t Ag5dt & #3000
o ZAgto] A HAA|IM HF HEE717HA] oF 358 (3H)
A A&}, peak lag k=3)2] A3 AIAE PS5 THr = 0.782,
p< 0.001).

5 2 22 M A
HlolelE Higo AAY BAg 49

r°1'
i

2]Jd(GRU)T H| 23t A= Table 63 Zth A|QteH LSTM 2
< 349 HAY TEEe 7PE & Hkgstel ARIMA HiH]
RMSE 7] 64.8%, Random Forest TH| 44.2%9] 4} 7+=
a2 gAlsionh

@ A4 @AY= A A T24 27 AL 3 Cavity'd A
A BZ2HA7E 1.376 pmollM 0.649 umZ 52.83% 7459
3, Be F A9 2= 9.10 umollA 2.95 um o|3tE
67.58% 7W%K Table 7).

@ EFs 7=y &8 A AN Ol-Eﬂ =23 ox, Hok X7+
A5 Wl 71918 Zgto] AAE]o] 7007 BiAE B
A% o] 1271014 4702 75T o] vl A EFEC] 1.7%0
A 0.6%2 UIZ ZA(64.7% 74, p < 0.05)3192 HE HH
282 98.3%00A 99.4%E FAEQTHTable 8).
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