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Cai, S., Palazoglu, A., Zhang, L., & Hu, J. (2019). Process alarm prediction using deep learning and word embedding methods. ISA transactions, 85, 274-283.

Ince, T., Kiranyaz, S., Eren, L., Askar, M., & Gabbouj, M. (2016). Real-time motor fault detection by 1-D convolutional neural networks. IEEE Transactions on Industrial Electronics, 63(11), 7067-7075.

P W

Fei, G., & Liu, B. (2016, June). Breaking the closed world assumption in text classification. In Proceedings of the 2016 Conference of the North American Chapter of the Association for Computational




¢+ 712

OS 20lS 27 4%

= 22X SE0AM 2

=
= s 20lE EF 22 5 2EQ

ro
Ofn
>
n
uz
Jx
[o]
Hu
=3
0x

4438

A A YA W L ) L Y Lmm———
A A VA L L Y Lmm———
A VA VA Y L L Y Lmm———

I ot
bt Qeoteh

=-‘- & SAWM

QYT

OH

Of
o

Of
o




¢+ 72

OS 20lS 27 4%

- AH BHOIM LS SA CiEHOR Yy

=
- S HOIEER ZE AF ER

0S 201 2/ 2 E: Y=F(X)

212 G|0[E|(X) ’ ; ZE(Y)
3y | gz | wm | wms | wme | gms | gws
v
LAY 1 0 0 0 0 0 0
0 1 0 0 1 0 0
NANANNNNM
WWWWWWWWWWWW
MVWVWAWWWANWWY
0 1 0 0 0 1 0
AAYAYAYA ANV, V)
MWVWAWWWANWWY




rd
i

o

1.

2.
3.

A
A ER Y (1) VY REMER
ZI19 LEN ER= 4 SHAHE S HQ0|1T 2] D= F15ol= WA= 0|F0 &
DESHANM HEE BR SASHX| U2 RYCE ER
2t ZYAHZ One-class SVME 1510 aH&55HK| L2 ZeHA HE (Scholkopf et
Zt ZeA Q| ZA0| LS AL HIEHE &26t= CBS (center—based similarity) &7t 5_.%

2= (Fei & Liu, 2015)
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8157t =& (Bendale & Boult, 2016)

= CNN Ed FZ7|0| AI220|= =3 H|0|0{E HE¢t T 0|2 27 ZAS XEot0 HY 0|5 LEAM ERE =Y

(Shu et al., 2017)
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EVT-based MLC
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