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Abstract

In this study, a machine learning model was developed to automatically diagnose the type of failure issued to
wind power generators through the selection and extraction of the characteristics of the collected vibration signals.

Vibration data in this study were collected from wind power generators actually operating, and failure data for
each type that actually occurred were labeled. In particular, the frequency range of feature extraction was extracted
within the range within which most failures in wind power generators could be diagnosed. Vibration analysis in
failure diagnosis considered that most of the vibration analysis is evaluated by pattern and vibration magnitudes in
frequency domain, and artificial neural networks (ANN) were selected from various machine learning algorithms to
evaluate a fault classification model using actual vibration data of wind power generators. As a result, machine
learning using a vibration dataset of 9,800 was performed and the validation was performed, and the classification
accuracy was 99.6%.

Keywords
deep learning, machinery fault diagnosis, vibration analysis, wind generator

* (F)Bo|qol 2 7EATA AYATY * Received: May 27, 2022, Revised: Jun. 21, 2022, Accepted: Jun. 24, 2022
- ORCID: https://orcid.org/0000-0003-1483-923X * Corresponding Author: Woo-Jin Choi
= (F)Holglo 2~ Z|Ed T ATFA(AIAA)  VMS Co., Lid, Busan, Haeundae-gu, Centum jungang-ro 90, QB Centum,
- ORCID: https://orcid.org/0000-0002-2424-8954 1106, Korea.

Tel.: +82-51-782-2362, Email: wjchoi@vmsco.co.kr


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2022.20.6.129&domain=http://ki-it.com/&uri_scheme=http:&cm_version=v1.5

130 27 A5 volgE 283 ded 7wt 130y a7

A TH=(GT) A3l Fa37 oj7E WL
2 g4 F¥(Carbon neutral) A2 ey} GA|
b SAhs BFEINDOS I ekl
s Yt 24728 5] fa8 ey
A7) A4kl oF 31%E AX|she MusiE i
02 dquAgez gAsy] 98 dAEdA
AR Ao s Weaw glom
WA A el 9 DA A
9, A 9 A 49y E 9 A= AA 19

lem ARy ¥ B2 dA
FAuE ARG T E A8

B o ot ofN %2 o W

wtebA A AAR]] BFE 2 Tl 23t
a2 ew 53| High o|AE o &3k TEHIHL
AAACEE tAlUA=zA FET gtk 14
b FYEr|e] A¢ o8 dHdugs gE24
ool AH7F WA E25H oL T8 ATt Y
= UANucell)?] 4$ AGOZHE 50m ~ 100m

of $jx18kaL glof AHl #ef7h A ¥k 53] 3
FFEHEA A A T Al S4Bl
=

A(CM, Condition Monitoring) A|2ElS FEL¢77]
o] YA g F9 FFEQ Main Bearing, Gearbox,
Generator 52 314 7|A19] 1 Ao AH3sith
I dEA A, ol& SR AE A 2 e 7)1
= FellA i dTEa AT12).

H AANE ST gl e dubEl 4
GA A= el 719 AH(CBM, Condition Based
Maintenance)®} 17 oA 2 AXHA  FE(PHM,
Prognostics and Health Management) 5©¢] @o] &
Ha glovt FELAY ou] Arle A5 o)y
g Au7y 5o =Y 2l
1 o] AA 1 A A o S T

A7 A,

ole] £ % YA AR (GPU)E ©] A
o g ol 3 A%S 7HA 7|As:
o] F&3HA WA

]
ZH(Smart factory)

ot
AN

o> off Kl J
<

ol
IVt
e

X,
N

>,
A
=2,

7HA 5437 Aan

Foll= Ws o
I

2

)

2
JE
o
)
o
o
=
x0

on, = (o -

g & o

N
-

ol Mo

RS e ool
g
£
J|m
ol
ed

ofo

ofo
o rol ol
=
o2
[
4 o o

on >

o d

>

N

of2

12

=]

b
2N

2

NOAr o b0 M N S off
4

o

°

kI o

et

fe
ofp

TR 1)
=
%0
o
i
o
Ir
>

Loy
™

2 offt
=,
©

Moy
o o

oX
o
o
oo
o
o &
ofl
L)
e,
>
N
lo
—Q ro
oL Oﬂo-‘

o9k
=2
=
:()é
12
pi=!
rlo

N

ol
o

=?l_’4,
Mo
1%

of
ol

o
v

f:g
= o

Rl
o}

R
N
1o
>
24
N,
offt
=
o
=2

:|O l:o[l

ofl ﬂlilO
o 2 & 4y T

o i i
Lo = g0

i rit 2 2
Mr o oy >

S
o

borx i

1z 2

o ya
e
e
QL

R
N
ofr ﬁ
o,
£ =
ax o
=
o 2
o
[ o
HURENY
oz &
L
wa,
2 lil
rlr ol o
5 =
—O’ =
o rr
lo

2 XN om o o & oo N ol 2 Jo T
> =

2 off oX oX mE ru
2

rlr o

i g S 2
Jjm
o
N
e

fu ‘o
2o
ol
M,
2
-
=2
= 2
o

FEAAV|E FE3 F3d ds] 3z e
At AZE dujo|t), webd FEo oS
YAl U sldA] Adnle] s £y AAEE dut
Aog Fd 3 . 25mise 7hH i AL F7ko)
EA8lY g4 ko] pH FEG AUdez



Journal of KIIT. Vol. 20, No. 6, pp. 129-136, Jun. 30, 2022. pISSN 1598-8619, eISSN 2093-7571 131

AsAE g e o] golgk Holzh AExG TAEH AAs 2H7] W F2 Xl 17 29
A4 AHEHTH o] BAHAY LTE 74 SAE &8 & AsE
ISO 13372:200400 4= RG-S Fefzir e} 71 dolg Az AFstd Fs &4& ANt
GO R ol 7é913}bf] FEAE 2ol gk [B]4]. ol FELA79 o7t HAHTH
-&38ka, Fehe FEzde) t-gshe /g o ARl A7 2 BA Ade dAlste] 1Y 3
W ATE % 71 7H 2o H4u0: ol sk F vl A el A% vl 2
FARAse A5 B4 AAE 29 19 2ol oF Bl 24 Ase) BYA oJRE A
Work schedule

*

Malntenance orders

-
*

-

ek
¥,

Repalr,fRelnforceme
Replacement

LTE communication

problems report

_—
—

feedback

Inspection work

Vibration measurement Vibration analysis

a8 1. SHYMIo oist As 24 H®At
Fig. 1. Vibration analysis procedure for wind turbine
GE NDE (H,V]
Main bearing (MBRS) : V, H, A
GB GS (H,V) Gearbox low speed side (GB_RS) : V, H, A

Gearbox high speed side (GB GS) : V, H
Generator DE(Drive End) (GE_DE) side : V, H, A
Generator NDE(Non-Drive End) (GE_NDE) : side: V, H
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Vibration : 13 points
RPM signal : 1 point
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Fig. 2. Location of the vibration sensor of the wind turbine
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Table 2. Wind turbine failure type classification and
labeling number

No. | Fault frequency Meaning of an abbreviation

0 Normal Normal condition

1 1X Unbalancing, assembly, resonance

2 2X Misalignment of the shaft

3 GMF Faulty gearbox 1

4 BPF Bearing ba!l pass frequency for
inner race

5 BPFO Bearing ball pass frequency for
outer race

6 Loose Mechanical looseness, softfoot
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Fig. 4. Data Labeling by failure type
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