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k= 0.635 0.782 0.693 0.727 0.684
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=
b}
rhu

oX
fE e
i
M
=
2
o
E%
=
~
E’,
=3
N
o
ol oy
r Um,
)
|
i)
lo,
oX,
olr
o
o
o
o
=‘|>L_‘,
N

~
v oK

L}oﬂ/q.q E 74 7{?4% 243l Hotelling T°Y 18] &2 A|oks}
AT 2 WAE Adsg ol gFech A A, Alek 7]

)

[o % kI

H rlo

:OL_"
g
g Jm
W lo ot fln
H o o8
N xS
E o %
— M
o, O.|>"_, 2
zo Mo >
2o~
X
P oo ™
w
o §
~ >~
o oz
T oo 1
X o e
oX, 0 o>
ofr = E 9
o 35 o
\O -
oo
O o7 4o
o &
N pop %o rok
=) oX.
) = off
o 9 o
3 o i -
o> of

o
&
0
rir
re
-
)
oSt
o
2
>
U r g_“
ful

(1) M. Crépey, A. Aouadi, and C. Rahal, "Anomaly
Detection on Financial Time Series by Principal
Component Analysis and Neural Networks,” Algorithms,
vol. 15, no. 3, pp. 1-21, 2022.

(2) T. Rato, M. Reis, E. Schmitt, M. Hubert, and B. De
Ketelaere, “A systematic comparison of PCA-based
statistical process monitoring methods for
high-dimensional, time-dependent processes,” AIChE J.,
vol. 62, no. 5, pp. 1478 -1493, 2016, doi:
10.1002/aic.15062.

(3) Asld, T4, AA4, 9% 25 an
ZF dlo|ele] AAYE e A4S %"]f& AZA]

olatg] Al 24, no.9 (2021) : 1251- 1260

(4) Youden, William J. "Index for rating diagnostic tests.”
Cancer 3.1 (1950): 32-35.

(5) T. Lee, L. K. Lee, and C. Kim, “Performance of
Machine Learning Algorithms for Class-Imbalanced
Process Fault Detection Problems,” in IEEE
Transactions on Semiconductor Manufacturing, Vol. 29,
No. 4, pp. 436 - 445, 2016.



