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Abstract This study proposes an approach for predicting defects in manufacturing environments where
accurate defect labels in equipment operation data do not exist. This approach considers outliers as
potential signals of defect occurrence and generates pseudo-labels. For outlier detection, we employ
three algorithms with different characteristics: K-Nearest Neighbor (KNN), Isolation Forest, and Local
Outlier Factor (LOF). To enhance model reliability, we compare and analyze two reinforcement
strategies: (1) a majority-vote-based outlier detection method across the three models and (2) an
average of the outlier scores across the three models. To address the limitations of direct performance
evaluation due to the lack of labeled raw data, we validated the proposed method by applying the
model to labeled data collected from other equipment with similar process characteristics. Experimental
results show that, of the three approaches, the average of the outlier scores demonstrated the most
stability and superior predictive performance. This study demonstrates that practical defect prediction
is possible even in process data environments where defect labels are insufficient or absent, and
provides an empirical and methodological foundation for building a predictive maintenance system
based on the extrusion process.

Key Words : Internet of Things(IoT), artificial intelligence(Al), Extrusion process; Anomaly detection;
Defect prediction; Predictive maintenance; Unsupervised learning
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1. M2

1.1 A7 BiE

| A @AM AlA YEFSL Hlojg B4
71go] U] wet, AHEQIEY(Internet of Things,
IoT)o] 54 53t & 374 HA3lo]| FHelstA &
= Qlch Rt AlAZE ] W APAE 2ielo] FLatbE o
ol enr A% &% 5o ARE Axzloz A5}
i1, o]5 EAste] 34 old= melsiAY 4 WalkE

A&she A"l FEEIL JTH-5]. ESF o]t b
o[ElE FA5f Hlloly £4 7|HE AH8stH 34 ¥
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B 4 AL w3 doleg Autow %
A dEsha, AH TAL v WAske oA
7)40] 5| ATET UeHO, 10). et A4 34
dolHelS B9 A} A Y 397 Bek o
wo] AL Aot 7wl 4 ofE B 4
83171 ol ohao] gl HolEiE ofEA T8
Q7PE A% BA Hob 11, oleie v u
o, A HelES 71202 oS FXTHe HAE
511——]/5\— o]ﬂ ] :Ho _I_‘;'_Hl-“l th. o]/k]—;(]‘—- X—VJ—
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£ VR 4 5lok A o) S 8 el
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1.2 ¢ 2™ 2 7|0

£ Q7 o] gl 4% 34 dolEE ties
HAE X BAE B8 BF H5HS Ui
gA ehEe QST o) Ao AR Bde
FEI WS AN, 34 ol theat 2 R
A, 2 5 JPolA A8 7Rse thAl 2l gy 3

orZ Aotsttt. &4, Isolation Forest, Local Outlier
Factor, K-Nearest Neighbor& #|1s}al, T 714 ot
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2. 2 o7

oA BAl= AAEA 9 T4 RUE oA HHH
Q1 Agoltt. tEAQ] oA A YAHELEE=
Isolation Forest, Local Outlier Factor(LOF), Z1&1
K-Nearest Neighbor (KNN)°] <Qit}.  Isolation
Foreste= F4+9] B3 B3l tlolHE 137 Y
< 7I¥to & 5t ALt G847 dtE vl XY &
goz gz ZgF1 QUrH12, 13]. °o1F thst Ao
4] Isolation Forest®] W3 9 t}2 o]A4x] & 7|H3}
o] v|w7} o]FojF om[14, 15], AA Tlolg Aloj| 2-&
o o of] uES 2FSHAY AHT Q/do] F
ZEQITH16l. LOFE HolE 9] =4 UEg o]} vl
stof o]} B Bricts WHO R, SAH 34 =Y
g Eolo]A Independent Component Analysis@}
22 Y F4 71 94 2849 B lot [9]. 34,
KNN 715t o] &3] 7|92 A#@Ho|1 71t 1522
sl ohgRt 4t @7gollA] A-8o] 7hsshH, o=
B AART 22 HH|9] AR R A E8H A&
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£ 3HoAME= MAlEd 7Hte s 34 F IAske A
29 435 ZUEHSAW], E9 715 2} g
Agyst JglojdtA Ao 2 88 AL E =43}
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Z 352 9 glon, 59 ARIR01% AsAL A
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A7 EA3H22]. olF siEst] S8 A4 vlolE Rt
< Z8ste HAR ks 7I5E Ho] AjkE jloH,
Carrasco et al. 2 AJAQ 7|9t ¥R = o4 &2 &1
2E 7t A YAE B ol2et WHES HF 7t
54 AABIREHL1L B Yok, Al 28 (proxy
labeolu} kgt 2hilE E-8oto] RES Sy W HESl
e Al HIET 9loH[16, 23], o= AA Ad
A4l A oy 2pay HlE-S Astal 844 =9I
= H 7199 5= Stk EFeH, oA ¥R 7S
Isolation Forest, LOF, KNN ¥} Z-2 tji ¢18&E
FHOE WA grom, Tkt 4] 3-8 A2t §A
dlolg] 2 £= ZAIE sfdsty] gt M2 Hol
AT Qitk ofggt AFE2 AxY 2 3 4 A
g4 AR EA 719 A=A4T HE4E Eol= B8
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3. &7

3.1 G Y AT

% A= Zhllo] EA5HA] = AE
A 7hsdE "ASHL, ol AIXEA

HHE AXNE FHE S AR A
Az cﬁ% ':]c_;— 7 HlolEl= thi £ o F 2hdo] A
SEA 7] Hizoll, A5 Axshs 75k 4 A&
ndg A-gst7] ojPoh wehA £ AFolAe HIAE
sk 718t o] ] '] 71'HE Z-85to] tiA| 2hEE A
Aot olE HIEO R d& RS SiGohe AL F
01’1_4’ AARI At A= v 2ok (1) gRE &
573 dlo]ele] 2hdo] ExstA] 7] wiZoll, oA
A Bd9] 45 AFol ojzlZo] itk weEhA s bl
o|E|e} FAISE HloJElE Fu]3ttt. (2) Isolation Forest
(iForest), Local Outlier Factor(LOF), K-Nearest
Neighbor(KNN) Al 7F4] ¢18]&-E F£HE KA dlo]
Eof| H8-sto] 4J5-S H|as) P—‘jr £ AollA sig Al
g Meisto] vlusle olf= 7k BE2 oA
A 7oA Zpo)7t 7] “3]11—0]‘:}. iForest2 E
gk, LOFZ 9%k 7|9k 7183 KNN2 A 7[gto =z
7k o2 75EY] 4SS ARESt] oA £
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[Fig. 1] Flowchart
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£ AFolA AHEE dlojEls F 72 EEL A
A, 4& 34 dlolHe= AAYE FHE F=0] Jlom,
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[Fig. 2] Data of Extrusion Process

T agles Qs ¥MEdS 7HIH, ool EEo=
A3 A FLoll e v F714] WE, Auto]
4, EZE 5 o8 mgo] YertA|e, ofZet ¥l
A = AEEEAE g BEolb 712 A &
Ato R wofsly] ofgtt. &, HAAH HO]% kol
AAA ol g = AL, FAT WEo] WEA £
OfusHA] e = Aot WEbA AEAR1 13 7R B
glof= AV Jlom, TR AIAE] Bt A
AE WD = 9= HAlEd 71Nk oA HA Ea
Sttt & e ofFRt oA B AE £ A9
oA el 283k, AAE oS 2yt Zels) o)A
HA A2"EE AARH.

[Fig. 312 & A7oM AH&E + WA golgz, 74
= (Kaggle)olX Alsste A8 LUEHF HolEoltt
[24]. o] dolHdle 2k, ¥4, IF, & 5 ‘:‘roﬁi
=4 AdH a7t ZetE o] 9lon, 53] A4 &

71 BHE Aledne HolM 383 S8 Pﬂ‘jr.
ojFlor Q] & ghdo] EASHA ¥ UE &% Hl
olele} &, & HoJE= oA B4 Rl Fse 4
FHor 45T + Ue 7IE A= &2 & A
glolge] 22 Sk AlolE HRltt. [Fig. 2]9] 4&
74 HlolE7t AAIG 7Rtz AdAdo] oA LERY
< W, [Fig. 319] AH] ZUET Holg= 78 #53t
FTHOE 7|EF 0] A&Ado] jF oz ofsltt. olqt

of

Zpol& Qs k& 37 Hlole= AA| JAEA AA”
=0 A @%ﬂi Zu] ZYER dojels 2Y9)
HA Ase BrietL tiA| 2o Algde FES
B2 q%E 33Tt 5 Yo7t [Fig. 319 (a), (b),
(d = 9l goJelE2 AAGE [Fig. 219 (a), (b), ()2} 5L

Z579 dojg& FA= o] Slo] A% tAI7F st
‘3}51 wtslgint. olg Bol Y dlolEol| #HlolEo] 24
sto] s B7PE olEd BAIE antEos Hdt
= ot B dFoAME ol &85t Isolation
Forest, LOF, KNN E29] o] 3%] &A] 52 H|i-&
A5tk

N3 8

3
H A= Intel Core i9-14900K CPUS} NVIDIA
X 4090 GPU 7|5t9] H|ATE SgollA =ik
2 ERFE oS Bd FR0 a3 oA '
A D AAG BA4E 9L0] A = Qe SES AL
ALE AT} ol R & A= scikit-learn 2
£ ARE3So] iForest, LOF, KNN €18&S
ou, AAYE 715t A& AL PyTorch o]
31 = 01*9-5}04 LSTM nd= Asiginh E3L @a

ﬁﬁ 4——62,46}04 e T, A Y A B
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[Fig. 3] Kaggle equipment monitoring data

(Table 1) 4% &4

Category Item Specification
CPU Intel Core i19-14900K
GPU NVIDIA RTX 4090 24GB
Hardware
Memory 128GB RAM
Storage SSD 2TB
oS Windows 11
hon 3.13.7
SoftWare il
Scikit-learn 1.7.1
PyTorch 2.8.0+cu129

£ FolAe A AARE AT S 7REe R 7
3t 21k AXEIT}. WA, 2pfllo] EAfck= A RUEY
glo]glE ©]83}o] Isolation Forest(iForest), Local
Outlier Factor(LOF), K-Nearest Neighbor(KNN) &
d9] 712 52 Hlwgltt olF, Al 7HA] 4% i v
KT, oA A BH-E A-8sto] s Hke &
Agich viAgo g, A5 Bl 7P 9% i
U= T4 tlolEol A-&sto] A 2hdE s, o
£ 283 AAE 95 2Y 3y 2 AARIT

=

41 712 22 (iForest, LOF, KNN)

ghflo] EXjoh= 1] RUEY Ho|HE &8st
iForest, LOF, KNN9| 452 BH7RItt. 5 B7k=
&=3A7} Precision, Recall, Fl-score® 7|&0&
Paich. 712 REE9] 5 Bt i A BE2 =
YT 35 Blrh B4 AE] disiad= 99% ©l
Aol w2 AYgxg 24gon, EF AE0] deiME
oF 93%9] FAES 7153t AA| A== 98.6%=
U =& fefolnt By Al BEo] APt BE 5
S Uehdths d2 il 2Yo] 4% XolE =51
olPti= HAIE HojEr) mEki Tl mdo] AR
o 29 7F 23S 59 A T 7hedol A+
2838 & 9A=Z At (Table 2)= 718 ZdE
9] J5E& HojEr

At A

(Table 2) 718 24 H7} AH%

Index Precision Recall F1-score
Normal (0) 0.993 0.992 0.992
Anomaly (1) 0.930 0.934 0.932
Accuracy 0.986

4.2 T YA

A 599 o5 Fe Agstel, T 1Y ool §
U3 oA WA B olF HF oYXz 2%
SHe T4 Al A8tk Al Bdo] FU AL
HoigdE S, uhd P2 Hgw an
Recallo] 0.934°14 0.938% 453te, 24 Hehe
3 98.6%1A 98.8%= AAHHRALE. ol j4 Hol 2
A A, A Aol 9 Bd e HgEoln &

TAR] s e AT & UEe HoEd 59 &
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% SAERecal)d) £F FAL A1 Aol BFE
XA etk FolH A oJulg sRitk. (Table
e T P9 e ek

(Table 3) thZ WA J7h A&

Index Precision Recall F1-score
Normal (0) 0.993 0.993 0.993
Anomaly (1) 0.938 0.938 0.938
Accuracy 0.988

4.3 O|&X%| ’S—T— iy
@A o2
o7 A fiof, &
qhgox] Lgtet. wheba ZF W) o)A Fg 4t
of Hitg& e | 1% o
I A3} EF 8482 0.
0.8% =AUt 7‘45]’5— o= AT SdsHA
98.8%°]tt, Fl-score:= AZE FFANH0.2%)Ett. ol=
St BE WA RD 85 58 o] BE 7 AR
o aulHo s vldste], A Sajacl Hek o] g
X] Fe-& MAFSE AARRHE. (Table 4)+= ol 4] &
o B 49 452 UERdth

<Table 4) O]}E}X] 7‘%‘ %ﬂ- u} ] %7]_ X]j{-_

Index Precision Recall F1-score
Normal (0) 0.994 0.993 0.993
Anomaly (1) 0.938 0.942 0.940
Accuracy 0.988

4.4 LSTM 22 EHE 0=
(Table 5)& LSTMZ o|-&3lo] ths&
Y RS S5 AE Vbl S5 tigh of %
= oA X4 Wt S ARSSiA A Ron, AA|
HlolE9] 5%E ol AR A5ttt B4 S
3t Recall 2F 0.992 "¢ &2 £52 7|&3it). bt
o, ¥4 Ao g Recall2 0.52942, A4 &
F9 At Arrt XY £ S HojEth o=
LSTM 715t o|%] E77171 B3 dlole SllA B4
S 2o HesHA HASE = FFE Holn, EF '
A deole A7 ASZ UEhdch ol LSTM 7|4t
olxl ER717F B w9 Rzt A4 tiv] =9] R
dlolg 44 Hdo] B4 HdS -0 & Sh5dl=

S4NM &

=

WEFer A S E7] deelth 2

oM BgE =% e AA A S48 FAA ol
el JEIStaL JAARE, S wEo] Hlojg Zrte] 1)
3f Hi-%- BjasHAl BR2H et ol & HlolH
Dol B1gd 2 A4 HlolE o vls) 53] 34
SHA| YEh] w2l geid 7R 25 2Ee Y 2
giol w1 24 BAE Fudhe Aol A FF
AolM= oty 4, A Al A8, &4 o

ol

MY, 2l seheE 4 57t 53t 2 B39 9k A
SRS TPt 2N v sl et YIS A
2 27t gt

(Table 5) LSTM %B7} A%

Index Precision Recall F1-score
Normal (0) 0.9901 0.9557 0.9726
Anomaly (1) 0.1957 0.5294 0.2857

Accuracy 0.9472
5. &=
& AFoM= E}‘QO] EAsHA] = A= TA Tlo]
HE Tz S Wy sAe oS s B

E& Ajtelrt —;—’H Isolation Forest (iForest), Local
Outlier Factor(LOF), K-Nearest Neighbor(kNN)Z};
22 HAE oA &R 7S AEste] A 2hEE
Agstal, 2pdo] EAfst= v HYEE HolHE &
g3l mY AFALS A=st A An A mgo
718 e FASHA Uehh, o 9 Hs gt B
Ao B B2 A5 AE $AE QL) oS E3) 7]
olA}A] &2 mEE(LOF, kNN, lForest)A OJFA] "X
9] E4o| tE & Hoja, dE 7RIS 59l &
Ao g H5s I 4 k= AL HolEh EF,
AAE ghlS 7Hte 2 LSTM AAIE &2 343t 2
I A S0 deiie w2 4= Holu &%
o] A= Recalle] 0.52940] 14 E++3 Hlo|
g 3049 AE E-drt. oY A= 2hHo]
FARE 34 HolBoAE £ oFo] 7hsdhe HojF
o, 4E T4 JAEAD AL 15S 93 712E TS
S APtk oA 997t Qltt. FF AtolAe

tlolg Exrd EAIE sli4sh] gt 97 sk 59 71
He F8stn, diA =kl A B9 Fusts ol &

ZF &1 452 o2 AT HaUt 9ot EE Yanxia
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