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ABSTRACT

Recently, deep-learning based anomaly detection technology for a failure diagnosis of industrial facilities is
receiving great attention. In general, the field of fault diagnosis and prediction has a characteristic that the
number of abnormal data is significantly smaller than the number of normal data. Therefore, it is common to
apply unsupervised learning assuming that most data are normal and train a model without labels. However, it
is difficult to expect high accuracy in unsupervised learning owing to the lack of knowledge of anomaly
features. In this paper paper, we propose a weakly supervised learning-based autoencoder that uses a small
amount of abnormal data for learning features of anomalies, thus improve the performance of autoencoder.
Experiments show that the proposed weakly supervised autoencoder is effective in improving the detection

performance compared to the various conventional anomaly detection models while having low complexity.
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Algorithm 1 Training weakly supervised autoencoder

Pre-training

Input: Unlabeled dataset U

Output: 0, as.t. Pr(L(x;0) < a) =p
1: Randomly initialize ©
2:fori=1topre n_epoch do

3 for j =1 to n_batch do

4: B « Randomly sample b from U
5: loss « %er'lz L(x; ©)

6 Perform Adam optimizer w.r.t. ©
7 End for

8: End for

Main training
Input: O, a, unlabeled dataset U, labeled anomaly dataset K, y
Output: ©
1: fori=1ton_epoch do
2:  forj=1ton_batch do
3 B « Randomly sample b with a half from U
and an another half from K

4: if y==0 then

5: loss « %erg L(x;0)

6: else if y==1 then

7 loss 3 Txepmax (¢ — L(x;©) 0)
8: end if

9: Perform Adam optimizer w.r.t. ©
10: End for
I1: End for

UTRIE 1. okt ke Sl 2rdad Sbas
Algorithm 1. The pseudo-code of weakly supervised
learning based autoencoder.
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ToyCar 5400 1059
ToyConveyor 5399 1110
Fan 4075 1475
Pump 3749 456
Slider 3504 890
Frolsish mel A 2924 326
Frolxisl =2l B 2486 318




Qlze Fgk 9El9 dole ol WA daelze] A% 34

=3l

7S Hrlsls ] E 2+ ROC-AUC(Area under
the ROC curve)& AH23199ch ROC+ H5-E(True
positive rate)t] 273 H-&(False positive rate)2] Lz}
o]t} ROC-AUC(®|3} AUC)= ROC FAl o} <3
q2] Gel& oJrlshe, 2 AUCE F¥l=E 783
= wde] Age] Frike oulE 7R ol

A4 dlelelnhE AR vIA = AR Skt
2% $H5 2 epoch$ 20003] 2 shaioieh. 24
3 dvE]EoRE ADAMS AMESlT E5ES
0.0012 A3}t sle]z|glzirle pi= 0.99°02 A

<]
a3, o] Fantllole Aol ehsle] Agaoz ol
o4l vhepal He] gholck e SIa deleit

HAEE 3, ol ddlele] 242t 2007E A<k
A B el AREE|ICh X 20 vehd dlo]
sl o] W] w2 %S 2, pr} 0.98¢04]
71 2 A5 HolA 0.95, 0.99914 % 2 2]
A= @ol, o2 dHlolE] AldlAx AQkEl okar
] Ze] Aubdel A5-S 24 |ddlE pE 0992 A
S37ell 2 Fei7} vk gt
7], DCASE Task29] Fan d|o]e]AlS &-83)0]
4 HA M ARERE o dlo]E] el ulE AUCE]

e Aels ERIF ol dolEe] FEne

E 2. po] W3lel] b s} AUCAHT HlaL
Table 2. Comparison of o and AUC performance
according to p

p 0.8 0.95 0.99 0.999
a 13.11 16.01 19.00 22.96
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0.9

0.85

08

075 - - 1
—6— Meanof weakly-supervised

= = =Max of weakly-supervised| |
Min of weakly-supervised
= = =Unsupervised

0,7"

AUC

0.65 -

06

0.55

05 L L L L L L L L
50 100 150 200 250 300 350 400 450 500

The number of anomaly data

T3] 4. F=ell ARE o)A dlole] A wE A% Wi
Fig. 4. Performance comparison according to the number
of labeled anomaly data used in training

{50,100, 150,200, 250,300, 350,400, 450,500} ©.& A
Astar, H7} dlelel= A4k 2007Y, o4k 200702 A
Azl on, Age 7t puic) 4315 HkE3sIIc) Sy
of| AREEE o)A Hlole| o] Jlpel] e AUCHS= 1
2 49} ) 7129 AR S 2 EQlFT] mdlo)
785 AUC7} 0.56 % veht Wb, Aoksh ofjh 2| =
g due]Es 538 o= o)) dleleE 5070
uk 2718 A2l Hd AUCT| 0718 2713 o
T sirk w3 Sherel] ARGH o4} Hlolele] 57
opdas A2 ] AUCl‘— *L% Bk

H~EE ¢ ol JulolEl S AlLgtRE
o|Ak Hleolel & F%—s}ai% o] 2 EQlIr]e} ot
Eahgro] 4% S EQIFT, USAD, A &3y 7]
2] MobileFaceNetV2U8e] o]A} e}x] A5 vla=
33} ) S EQlFH = vwE 3 7B 7]RA
H|A| Eak mdo]n], USAD« A 1F% nie} 2+
o] L EclFT|e} AuA Fao] FAlol 4= =dl
o]t} MobileFaceNetV2!'¥1:= DCASE20204] A A|
Hlo|e]Ale]] thale] 6 R =& A5S Bl mdlo]
t}. 53], Fandl|o]Elel] tiale] 7 =2 Ad5s Hrh

¥ 304 HoJx]Fo] USADL| 79 712 xuly
LS Bls) v|=sAY ezke] A Sk
Ralt) AhA o] ALEo) & nA| E3k5o] 3t
= Aol AdAYE & 4 stk DCASE2021
o|4] USAD$} f-AF3F GANomaly7|Ho] -85 Az}
7} (231614 HarElgled], SEQITH tie] foflgh
sAtel= HolA] o=tk ofel| nla| oFgt A=<y
o] A4 A% AR &4 Ayl 7| LEIFIC]e
vlg] Adge] A 3 e el 5 9k

rz F r;E R

@

A
tlo

)

E 3. 7 Holg Al digk AUC As wlaL
Table 3. AUC Performance comparison for each dataset

MobileFa Autoenco Weak'ly—

ceNetV2 der USAD  supervised
(AE) AE
ToyCar 0.93 0.78 0.81 0.97
ToyConveyor  0.64 0.72 0.70 0.96
Fan 0.88 0.65 0.66 0.92
Pump 091 0.72 0.72 0.92
Slider 0.99 0.84 0.81 0.98
Valve 0.92 0.66 0.67 0.82
qujdf 0.55 0.96 0.95 0.99
qudj 0.55 091 0.91 0.96
B 0.80 0.78 0.78 0.94
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