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A Prediction Scheme for Power Apparatus using Artificial Neural
Networks
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Abstract Failure of the power apparatus causes many inconveniences and problems due to power outage in all
places using power such as industry and home. The main causes of faults in the Power Apparatus are aging,
natural disasters such as typhoons and earthquakes, and animals. At present, the long high temperature status
1s monitored only by the assumption that a fault occurs when the temperature of the power apparatus becomes
higher. Therefore, it is difficult to cope with the failure of the power apparatus at the right time. In this paper,
Wwe propose a power apparatus monitoring system as an efficient countermeasure against general faults except
for faults caused by sudden natural disasters. The proposed monitoring system monitors the power apparatus in
real time by attaching a thermal sensor, collects the monitored data, and predicts the failure using the accumulated
information through learning using the artificial neural network. Through the learning and experimentation of
artificial neural network, it is shown that the proposed method is efficient.

Key Words : Power apparatus, Failure prediction, Artificial neural network, Realtime monitoring, Thermal sensor

1. M2 o] el e dofuls AAAbr) wiid 1004

of Edriar gtk ol2dt et delste] & w394

11 M2 o] 2017 F=¥ T AALN A ol E F2 0] £

FrolStEAIE 20179 119 197F 7)1kl ofahd of = sl iate AAbme] EAEe A H sk, -
SIE A 5 oA ntAV)E Tobsole A A g viEe] Besiria whlbl gtk

Received 2017-11-13  Revised 2017-12-07  Accepted 2017-12-20  Published 2017-12-31
"Corresponding author : Sang-Ho Lee (shlee@cbnu.ac kr)

201



I

H

J

d

&

171546 25 AlA Fhvetz AA]

]

2o

1

FYE

H|

J

A

4

%
<l

2
T

)

zt 7

[e]
2A

S, T = 7445ef itk =
o]

k=3

H=EX H7H e

2008 5

A Al e 4

)
<)

s
A

Qe

g AAl=

7] ApaLzk

~

oA
HOlE Kol A8 /IF
XY MR 2|

e
o2

oo 2y

S B2| Mdi(server)

( EolE Holoe)

o8 3

4ok}
+UE 2E GlOEF o2y

- 1299 +TE 2E Go[EZtel

Error Control & Analysis
X017} 55 oj4tolct

R IDZH
ERE R

2%y, o
o

-

gl o Bay

i

M|
it

| .
e

_—
EEHEY
Erlg
SUE GO 2 =)

o GlolEf ZLIE™

2

s ——

 esdod

A, WAF 1ROIC BN S

&
&

e 2& +3
kL3

il
1=
=
=

o

Fet71e A 60%

A

ot
A5

]

A
=

=i
=

B 2AL Ti7del 38.3%7F

=
Ao pegon, ¥e)

Al

HEHL

9

Il
o~

5
) A

[¢)

q

Z
!

2
T
d

)

Aeule) Agel 27 aTH
U

AL e

Fig. 2. System structure
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