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Manufacturing Process Anomaly Detection Using Adversarial
Autoencoder with Multiple Discriminator

Seunghee Lee + Jun-Geol Baek

Department of Industrial and Management Engineering, Korea University

When unexpected problems occur in manufacturing process, it is necessary to configure an anomaly detection
system to monitor and control them. Abnormal data are critical because they cause a decrease in yield and poor
quality. If abnormal data is not detected, the process continues and the loss becomes greater. Abnormal data have
fewer numbers than normal data, resulting in class imbalance problems. Therefore, we solve the data imbalance
problem by learning distribution of normal data only. Unlike conventional methods, adversarial autoencoder
(AAE) is able to create distributions similar to the original data through competitive learning using discriminator.
This paper proposes adversarial autoencoder with multiple discriminators, a method to learn the distribution of
normal data more accurately by adding two discriminators to AAE. We use Long Short-Term Memory (LSTM)
layer to fit the time series characteristics. Experiments confirm that the method proposed in this paper show great
anomaly detection performance.
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1}l Autoencoder(AE)+= S5 THA ol 4
3 W= 54 gg 21 gtk o= 1A
g v o]l 9] 0] Z(noise) & A A ZH & S5
A F4AE 93 Y vlolH Y EAE ¢ ¢y
g0l 89 AEE &-8-3F o] 4#] ©A = MSE(Mean Squared
A e ARSI ™) B % }Ol(reconstruc-
tion error)a YA A7 F(threshold) ] Bl E T3] o] o 5
A3 qhef o) vlolH7F A4 HlolHE S5H AEE F
H& A, 5 eaks AE Zo|BE o] HolHE #ET
T At} skA|RE MSE &4 3 g6k g Fis B
#O2 4 S3y| v ol 5 A7E 52| Al(blur) YA 3=

797 Atk B As stk o] A 'R Aol Y¢S 7
2 = ATHKim et al., 2020).

AAE(Adversarial Autoencoder)= AE T3¢ 24| &2 (latent
distribution)E HAAH= A/ HALE T8k T2 Z AERT &
O 382402 o]} A& T 4 v} AES} PR HA 2 A4
dolERte & s58 = 1 Sh5H HdS 5f B4 vlolE <}
oA Hlo|H & B 75t &A%t} T3k Variational Autoencoder
(VAE)9t= THEA AA HlolH 9] £2 5 A E A5t
2] grob e Hh= AH S ZE 9Tk AAE 7|9 o] B A= AE
7|5k o] A o} FARgE g 02 B 9 2k9} AIZke] vl
£ 53] o)/ tlo|E & ¥ 3hth(Makhzani et al., 2015).

B =g Az 3R o] FAE AT AE 7]REH] A28
W E& A o) tlolEl= A vlolEof Hls) MIE7}
AR 2o} FY 2~ BF o] 22 Z A4 vl o] HTHE: B8]
HIA 58508 AES Sha3tth sk &, 9 vlojH e 54
to] 8 o] xfo] 7} & 7ol o]} HloJH & B3 EF 51t
ojuf, 8t v o] ] Q1 A4 vl ol Elof] tht B E & Eo]7] 9l
AEl 37 8] AEAE E9)dte A4 Sh5S Bt =R skt

ol mdf A Holg7t o]} 7 FE & T8l E tole &
o, A7 HlolE o EAA GE A5 ol tolHE WHto R
oA ERAE FHH o R T4 Q=S A 2} &)

B =29 74L& o33 2 Al 27l A
A Rksh= g ol Bel Al A gt Al 372 Al
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Figure 1. Anomaly Detection Method
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Figure 2. The Proposed Method
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ojmf, 2} H2} D\, D, 5 S A vl o] B &) AT E(prior
distribution) &} 24 B7Y 21, 1) AL ZHA] 3 227 IS A £ =
7347 85 A7tk A <50 7k GAN(Generative Adversarial
Network) ] B0 4} AHE-5] = -g-of o]t} GAN A g Akt 2
AE AR 02 858 A7 =H A= 7 HlolH & T
olA AHAE Lol F8-& 7HA 1 A, A E A AT
THE7H o] H ¢} 217 Bl o B & T ishe 545 7HA] 2L )tk
o] & I FFAFIHA 2R 22 7 vlolH & W 4 e
ARAE D& 4= JA At o] A o] 4 A 8h<5o| thGoodfellow
etal.,2014).

AAES} PRI 2 AR BT} 71949 BEE mEtal
7HgekA] gas Yk FeEo| A 2 E AN F A
O S o] &35 th

D, & FallA 4 dlolE o Hdd Hlo|B & Hls5tA ih=
ol Aujg Y HlolH 9 EHEE EUNZE FIAEE s ETh

AT e T I o] FEREE AR 55 wet 45 = Al
Al dlolEle 4 E4E Sshetl 23 LSTM(Long
Short-Term Memory)& AH&-3HC} LSTM-2 72 W E$] F(neural
network) | 4] 3] & ©] 9] (hidden layer)7} 25 <8 125
o] F= 21479 gk 72 Recurrent Neural Network(RNN) 2]
k7ol A 7]2-7] £ (gradient vanishing) A & $+3}3] = et
0.2 3¢k darg]Fo]th LSTM-S RNNo|| Bl &) A 2] s
W= 9= A o] Atk LSTM-E AU A1 o] W3} i el &
S5 7 onE AAE HolE & Stgshet 2 A5
233} o], o] At o] Bl ] FA ¥ERE o] g} o] & H| o] H 9]
WA= 35T 5 Ae PP bidirection) LSTMS AHE-3Hth
(Hochreiter et al., 1997).

Encoder

29 ol Badk &4 Fere 70l 374419 A
7] =4 (adversarial loss) ¥} 17F4] ©] £ © XHreconstruction er-
ror) 2 A H
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ek A28 g= 4 FoH o F AP EE} IS A 5
T 213} ZOPA S SRt 484 D, = A= gl o3
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]W()Lxl/adv%I (z,g,Dzl) (1)
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to|E 9} AP RS S skA - E st 1 g g2
£ Hasfetd kol A2 D, & 4 (28 Hdl st 2 g
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282+ p = H3Y roll ofsf AR vlolH e} 4 HolH

Max L, , (x.f.D,) (€)
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Figure 3. The Structure of MDAAE
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2.2 &2 ¥ ¥ (Loss Distribution) 7|4k} o] AkA] €7]

7874 Hlo|E 21t 8H5o] ¥ MDAAE® A4 vlolH <] 54
EE A 3-& T4 A EE B4 vlo|H 7 MDAAES
T3kl WhEofxl B4 HolH = 4 tlole <l A% wlolH
g 2 2ol 7k L& Aolth &, £40] A2 Alolt). v A =
= o7} o) 3 tlol B 7, 874 Elo|E{ =7t k<5 AAE
£ Bt S v HAEE volHE &4o] 2 Aot

AAL dlol8 & A ElolEkE o] g3t RES 854
At 13 A HlolE Y] &4 X5 F&ato] H-g A
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B A7l Aldse o3 BA WHES A5 Bl
Al Az 7oA T sH= HolEH & e dds v
SHATE HolE = & vl 7HAE ARSIt NASA H|o] 3 E]
off] A2 T2 AHI} Q7] Wil 7 e BE S T
glojA B9 SAS sk3inh 71 9l Al i 9] HolEl o= 28
2RI} lolA o) BA B/ A5E SAs

3.1 glo]€ Al

(1) NASA Hloj g Hlo]H Al

Ao A AHES Hlo]E] F A HA B o] Bl = NASA o]
dlo]E Alo|th NASA Aol A 38 AlA 35 k& 974 7]
ZHEek 525k Aol A 11 w4702 o] ol thal 24 =
t} o] HlolEl Al 10R HF 02 7| 2H 12 AE A5 /) 3
U2 FAEY 7 5 o= 3 w0 3 T 20,48070 2] AIA 3HE
ZHA 3L T}, W o) 71 A1 A Dh= Algto] A dol] whel A2}
Hygekal 7Y E dlofElo)th. A wlolE] Alef disl] g o]
1 2k (fourier transform)& AH&-8F] A EE A|7F GG ol 4] 3}
T FHo = Hgtste] WakE gelsl] Bttt wlojy 1o =
ojoj A= A2l o] FabF FF o] FUkehE AS & AT
o] & o] Fito|gta 7MY & sta A Y-S H st Th

A wole o] eH-EQl AFA I A5 A SHE HolH
£ 29 8ol ARS8 o= HA| 9216702 Ho]E Al
45%01 k. A2 vl o]l 9} o] Hlo] Bl 7} 41%1 H| o] E €] B F-&
< 54E B 2Eo A3 o] = 11,26471 2 A Ho|E
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= dlo]5 wloefu]o]2olt), o]5 Ho|Eju|o] 22| ZF Hlo]
H Ao & gt 7] 9] glo]H & shute] ARl 2 7hgshe 5<k & Al
Ao 7153 SA A7} L3 o} ot Se 2w B o)
ot} Hlo|El &= & 7,16470 0] 1 7} g o]E] ] Zo| & 1520]t}

<Figure 5>& 2t © 2 VA A2 Hlo| Bl o} Wzt 0 &
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Figure 5. Description of Wafer Dataset
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g5 HolE 2 S~ B3 EAS 235 A8l A4
tlo] B 28t A& 819 15,4997 2 AHe-at Tt HlAERE
1,66571 9] Blo| Bl & A3 2L A4 90370 )3 76271 2 A
=

(3) FordA d]°] €] Al

FordA Hlo|E| A& 1'd ol AA +33 A-EFA =} vlo|HE
T35 Ank B o]} S| EA| o R whel S 27}
S ATt S BT oot vlolHE F 4,9217)
ol Zt to]§ ] o= 50101t

<Figure 6> THghA © 2 LR A2 H] o] o} WhzkA o =
UERH o) tlolE & HolFt) B4 S#2 vlo]E & 3,601
NE 73.18%E AHA8taL, o4 S8 29| HolH <= 1,320/ =
26.82%5 AHA| 3t} o] HlolH Al Fej 2~ B o] E A&

FordA Sensor Data

Value

Time

Figure 6. Description of FordA Dataset

& Holg Ao zE Fe) 2~ B d EAE 23] 6
A2 dlolE 27k 1A-S 519 11 2,281 712 AHESII T H| 2E
to]E] A O 22,6407 9] Tl Bl & ARS8 A Hlo|H
1,3207 o]/ dlolE 1,3207) 2 A 3FA T o] = g/ vl o] <}
o] tlo]E 9] v &-& ZA| 317] Sl gteltt

(3) FordB H|°]E] Al

FordB H] o] ] A2 FordA B0 8] Al 2} u}zk7kA] 2 11d of] A A
TR A-EF AL v oJE| 2 FA o] gl o S = B
olFolth £ o) S| EA| of o whet Fef 27} D
ATk HolE = % 4,4467]0]™ Z} v o] E] &) Zo]=5010]

<Figure 7>+ FetA 0 & LERd A3 vlo]E o} w7t o 7
UERd o] dlolEl 9] zto] & HoEt) FA el dHolH
£ 3,636/ 2 81.78%S 2HA|81L, o] S 2~2] Ho|E =810
NE 18.22%5 AHA| gt} o] vlo|H Al e~ Evtgo]l &
AE LTtk

g4 HolHZE Fel2 By EAE 25k Y& 44
tlo]E 21 A4S 319 11 2,826/ 2 A&t H|AERE
1,62071 €] Ho|H & ARE-SFAIL A 8107 o) 8107 &
/3 8F5AT. FordA ®lo] 8 A3} upz7tA & A7 Hlo|E 9} o] 4
dlol ]9 vl &S 2A 7] Yot

FordB Sensoer Data

Time

Figure 7. Description of FordB Dataset

3243 A3

(1) 292 57}

2 =RolA] AQHE mle] B9 4%5S wast] 95l AL,
AAE, GPND(Generative Probabilistic Novelty Detection with Adver-
sarial Autoencoders)S Bl 1l 7 0.2 A ¥ S A3t ct 5Y3
202 J5S lasly] el A et v, A8t
71 T LA skl sehrl e A2 <Table 1> 2tk T
9| et A2 1Ay setrE o ot

Table 1. Model Parameter Setup

Model Encoder Discriminator
AE (256,128,64) -
AAE (256,128,64) (128,64,1)
GPND (256,128,64) (128,64,1), (128,64,1)
(128,64,1), (128,64,1),
MDAAE (256,128,64) (128.64.1)

GPND+ AAEd] 2187} g 7i7F o F7Hd 20t Y
#E Ego] EHUE 58S 71 o AbAE 53}
o &0 EUEE Eole= AYE /A Qi) o] Bde o]
S W ol gty B8 ke Aolrt B AR 9
o oo 2 whHsA Ht

A A tlo]E1”] NASA o8 HlojEl = S A R7} ¢l
7] W&ol B A% 7} A £ EZ MAE (Mean Absolute Error)
£ A3 TE MAE= MSEQ Hl3) o] 43 Y3k A W
o} MSEE 2AHE AF3h7] wio] 2447F AAW A 45
4o AF o g AXA 7| Wo|th. MAEE ool 7
Asths A & 4tk

<Table 2>+ E& 8 &4 £3X 9| FYFh(median)©] T}, o] &
zdo] duh} 1 HloE & HSEkAl BUAZ 4= dEA ol
gk Hr7EE diolH o] B8-S Yehdt

Table 2. Median of Reconstruction Loss Distribution

Model

AE AAE GPND MDAAE

MAE 0.091 0.051 0.046 0.033
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e 2l MDAAE/] A5l 1%T—a}u}_ AL U 5
k. Hdol o Frh= A& BHlo] A 2el 2 54
% U Ags 58 5 vk Ak o4 o stk A

¢TIt

(2) o])\l— H E-’ /Hl: %17}
ol Ao 24 dlolE A FordA, FordB Ho]E Al
22 %’Hﬂ liEi e W7o R %ﬂl* B A
o T
i" A<

233 ATt. A I+= <Table 3>3 @E}.

Table 3. Classification Accuracy

Data | Accuracy Model
AE AAE GPND | MDAAE
Normal | 0.945 0.960 0.959 0.953
Wafer |Abnormal| 0.992 0.953 0.986 0.997
Total 0.966 0.974 0.971 0.974
Normal | 0.670 0.947 0.938 0.948
Ford A |Abnormal| 0.684 0.950 0.940 0.952
Total 0.679 0.948 0.939 0.950
Normal | 0.840 0.960 0.973 0.958
Ford B |Abnormal| 0.726 0.958 0.959 0.962
Total 0.783 0.959 0.966 0.960

Az A FA A= ol HolHE ERate Zlo] A4
HlolB & #7dhs ARt i T2tk Az FA A o

R 14 95%E UAIGHCZ A3t HrE A
£ oA Hlo]E] 7 A5 AE, AAE, GPNDXt} A
MDAAE 299 o]} &2 50| o] $-53lth= 2 &

Az FBAA T == AAE HolE & &8st
% A B ES AABA T 378 o]} A& AF FE
A A5S AstA7IA He delolth 34 o] o rm R
B HAEHA Be & A4S BR8] 8l 34 o) BA7L
FQ8kt}. kAR 44 dlofElol] HIg) o] vlo]El o] 7 &
A8 A 7] W&o vl B3 FA7 HAsHA frk NE
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