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Anomaly detection of Machine Learning such as PCA anomaly detection and CNN image classification has been focused
on cross-sectional data. In this paper, two approaches has been suggested to apply ML techniques for identifying the failure
time of big time series data. PCA anomaly detection to identify time rows as normal or abnormal was suggested by converting
subjects identification problem to time domain. CNN image classification was suggested to identify the failure time by re-structuring
of time series data, which computed the correlation matrix of one minute data and converted to tiff image format. Also, LASSO,
one of feature selection methods, was applied to select the most affecting variables which could identify the failure status. For
the empirical study, time series data was collected in seconds from a power generator of 214 components for 25 minutes including
20 minutes before the failure time. The failure time was predicted and detected 9 minutes 17 seconds before the failure time
by PCA anomaly detection, but was not detected by the combination of LASSO and PCA because the target variable was binary
variable which was assigned on the base of the failure time. CNN image classification with the train data of 10 normal status

image and 5 failure status images detected just one minute before.
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<Figure 1> Result of LASSO Regression Model
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<Table 1> Five Items with the Biggest Standardized Coeffi-
cients of LASSO

Item Name Standardized Coefficient
01RCAODINTS501 0.00025
01RCAODINT505 0.00030
01RCAODINT105 0.00075
01RCAODINT401 0.00031
01RCAODING304 -0.00060
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<Figure 2> Result of PCA
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<Figure 3> Anomaly Detection by PCA
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<Table 2> Posterior Probability of being Failure with CNN
Image Classification

Time Data Type Failure Probability

-11 minute train 0.05

-6 minute train 0.0008

-5 minute test 0.37

-4 minute test 0.21

-3 minute test 0.05

-2 minute test 0.07

-1 minute test 0.61

0 minute train 0.9995

+5 minute train 0.9998
4.4 B

B Aol 2 ofge] gl BT B Ale
ZRE FHE T AAL wolHe g oY
A7l FAE o dEA 7MY} daAs dddol
& omA xviow wEste] CNN ofu#] EHHH
S Aste] o] B AHS Adste WS Algket
a1 AFEA s AAEAT e 4 7t
g wol MAE Fo FEANS FE §lste] LASSO
e Agageh 2o 1 old dole F4e] 4
A ok @ Ao BE dolE o AFRAL 9]
of AorE Py 7 Y MaE xR FAS
AU gor BAy] RENE old AHS duss
AT = ol

1997 AFH RE A5 AALD dole] w1 wE
7191& 80% Al wheh AEE 97 FAHRE WeeR
o WAL AAT Ax w2 A 9E 172 A
BH7] Aeb S Wolwtha AbdzIde] Hth
32404 Aol HEo A UR Bol &
FAE Falghe arvter 1 Ao JFS Fi=
¥ ASE e A2 BrbsEsi (B4, ) AH
713 BREWSE ofo] LASSO 7IWow Mg 2 4%
& FE RENEE PS8k JBAZE 09 o)l



38 Sehyug Kwon

Z 2k S48 dolHel FARE o X

gt A3 o AL FdEA ekorh 1
H0E)RHE FAE ol dHA 71w A o

2)E Vleew ARNE
4

> KU o o

™ o o -,

ffLoox X ol
N, oo it
)

>
©

i
[o
)
oo
ol
ot Mo

- =S e | AU
_0|L
o
>
fol
il

ﬂl?ii 1_1
SN
¥o, M |
o o by
>
>
2
™
.
=2
o2
Orp
o
EN
N
ko
-z o

:

N/ ST AN
oy o

1y

T,

=
B
o> X
ofo
ol
o
2
i
2
N
o
ox

X
ol
ol
~N
Ho
ol
ol :
9
TR
>,
)
)
g
o2t
o
o
=y
N
B ox

EL

A A 107] ©]v]

B
N

i3
of Ao =

o
O e U T DA = S 1

o
o,

N
mu & dlo
o i
>,
Y
Mz
=
o
wn o
Shid
(T

ki
o
L
o

o
o &
% i
a0
N do
o,
o
19 o
B
N
o N d
Mo @ oo
o it
B
L

o,
=)
)
o,
(d
o2

)

Rl

)
o
i)
N
)
ofj

LU
)
£
s
=)
N
frtl =
o o
s

2 2
ol
> ob
ol
ol
£
Lot

I
=
©
)
> Y
~

=
+ 3
—_ FN'
at)
do

e
i
S
oz

Lo ek (oo Lok B o >
L
N
ol
e
tlo
N
>
ol
rl
=
>,
wn

¢

o ©
X

o

L

Ax3

IR

e lo
u
A
il
i)

Ee)
rg
-

o

H

L

f

s

Moo
Y
e
:oé
iy
il
4

& =AE @l

References

[1] Ben-Hur, A., Horn, D., Siegelmann, H., and Vapnik,
V.N., Support vector clustering, Journal of Machine
Learning Research, 2011, Vol. 2, pp. 125-137.

[2] Bianco, A.M., Garcia, B.M., Martinez, E.J., and Yohai,
V.J., Detection in regression models with arima errors
using estimates, Journal of Forecasting, 2001, Vol. 20,
No. 8, pp. 565-579.

[3] Goodfellow, 1., Pouget-Abadie, J., Mirza, M., Xu, B.,
Warde-Farley, D., Ozair, S., Courville, A., and Bengio,
Y., Generative Adversarial Networks, Proceedings of
the International Conference on Neural Information
Proceeding Systems, 2014, pp. 2672-2680.

[4] Gulli, A. and Pal, S., Deep Learning with Keras : Imple-
menting deep learning models and neural networks with

the power of Python, Packt Publishing, 2017.

[5] James, A.A., An Introduction To Neural Networks, MIT
Press, 1995.

[6] Keras 2.3.1, https://pypi.org/project/Keras/, 2019.

[7] Kwon, S.H. and Oh, H.S., Construction of observational
locations for measuring water quality in the river area,
Journal of Society of Korea Industrial and Systems
Engineering, 2012, Vol. 35, No. 3 pp. 187-191.

[8] Kwon, S.H. and Oh, H.S., Short-term forecasting of
power demand, Journal of Society of Korea Industrial
and Systems Engineering, 2015, Vol. 38, No. 1, pp. 110-
117.

[9] Kwon, S.H., Data driven approach to forecast water
turnover, Journal of Society of Korea Industrial and
Systems Engineering, 2018, Vol. 41, No. 3, pp. 90-96.

[10] Lee, J.U., Jeon, H.S., and Kwon, D.I., Foreign and do-
mestic research trend in failure detection methodology,
Journal of the KSME, 2016, Vol. 56, No. 11, pp. 37-40.

[11] Sharma, N., Jain, V., and Mishra, A., An analysis of
convolutional neural networks for image classification,
Procedia Computer Science, 2018, Vol. 132, pp. 377-
384.

[12] Shyu, M., Chen, S., Sarinnapakorn, K., and Chang, L.,
A novelanomaly detection scheme based on principal
component classifier, CDM Foundation and New Direc-
tion of Data Mining workshop, 2003, pp. 172-179.

[13] Tibshirani, R., Regression shrinkage and selection via
the LASSO, Journal of the Royal Statistical Society,
Series B(methodological), 1996, Vol. 58, No. 1, pp. 267-
88.

[14] Tsay, R.S., Pena, D., and Pankratz, A.E., Outliers in
multivariate time series, Biometrika, 2000, Vol. 87, No.
4, pp. 789-804.

ORCID

Sehyug Kwon | http:/orcid.org/0000-0001-6195-9141



