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Abstract

In this study, a fault diagnosis system for induction motors was developed using a low-cost piezoelectric sensor in
the frequency domain. Vibration data were collected from a simulator equipped with induction motors in normal,
rotor fault, and bearing fault conditions. The collected data were transformed into the frequency domain using the
Fast Fourier Transform (FFT). The resulting frequency-domain vectors were used as inputs to construct a Multilayer
Neural Network (MNN) and a 1D-Convolutional Neural Network (1D-CNN), and their classification performances
were compared through computer simulations. Furthermore, a real-time fault diagnosis program was implemented using
Raspberry Pi and a Graphical User Interface (GUI) based on the trained models. Experimental results confirmed that
an effective fault diagnosis system can be achieved even with low-cost hardware platforms.

Keywords
induction motor, fault diagnosis, raspberry pi, piezoelectric sensor, CNN, MNN, FFT

* ARty AR T A - Received: Jun. 19, 2025, Revised: Jul. 16, 2025, Accepted: Jul. 19, 2025
- ORCID": https://orcid.org/0009-0000-5395-2249 + Corresponding Author: In Soo Lee

- ORCID? https://orcid.org/0009-0008-5101-7124 School of Electronic and Electrical Engineering, Kyungpook National
- ORCID®: https://orcid.org/0009-0001-8581-3275 University, 80 Dachakro, Bukgu, Daegu, 702-701, Korea

w AEY e A7) FEE w2 AA AR Tel.: +82-53-950-7843, Email: insoolee@knu.ac.kr

- ORCID: http://orcid.org/0000-0001-9773-4710


http://orcid.org/0000-0001-8776-5185
https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2025.23.8.97&domain=https://ki-it.com/&uri_scheme=http:&cm_version=v1.5

FEATIE dd Ageld Fod 74 aa
T StuE, thEe] Ak ZokllM 3 sA A
Qe I3y fEAE719 ARl STt

A

R

7bAol a7td ® ol MY FF A, 1A=
A 5 o T4 8450 F1H0E a3 4
71 gREREol g AA Ax"le 75 vEd A
A g7l H IMgE @l lth Ee, 1
2 At AA e LabVIEWSF 28 if9 AZ
EdoE 7o g AFE, AHEHo] Bista A
AR 1K, =E Aol aFHE AUt B
wpebA], BlE-AQl Feky B3k &8 Ak glo] 9
A FE oY AR H5e FRE F e e

o Wg A7t 8=
B =2dAe A7 Fdzx 4
(Piezoelectric sensor)[4]E &3l F=X35714 W&
toleE F3T & ol SAHOE fH3r] 9
3l FI4 Y Y(Frequency domain)®AS 4333
o Fos g9 B2 FEd HSH(Fourier
o
=

A% volEE

A 4

)

maY

X
T

(A
o
N
N
D)
N
2
>
L

ehd % 9]

o o 12
N
o
g:(_)‘
)

e O
12 1 o2
T

oj# & dlolH o g Ao Fut

B8 7)A <5 (Machine learning) &11E]

o W
=
rLo¥o oot
O
i)
Y
4
_?{_:

i
bt
i
N2
>
ofo
D3
o
fm

N, N

Al
1D-Convolutional Neural Network)[7]<
Bl AlEgolds 8 1% It 45

T3 Ao ZAE HEOE

bolel 3, 23 &9 7%°| 3+ GUI(Graphical

User Interface)E Raspberry PiZ T-@3te] AA]
oA AAZE 17 gk 3 &7 7FeA =

3FSAT.

St o3t

[ Induction motor simulator ]
L

[ Piezoelectric sensor ]
<

l FFT |

[ 1D - Convolution Neural Network ]

-

[ Inference model + GUI ]
Normal Rotor fault Bearing fault
1= B B v i L el i = e

Fig. 1. Structure of fault diagnosis algorithm

&7
slo]

= v

o o fr TS
8ot duorfr & 4y



Journal of KIIT. Vol. 23, No. 8, pp. 97-104, Aug. 31, 2025. pISSN 1598-8619, eISSN 2093-7571 99

21 1Y Zct Hlojg| &=
s delH —’F’QQ fl?'& A Avle 19 200
ANEH QoH,
B, 334 3% ’“EH 311013‘ 17 el Al
Ae712 450 Stk 4 =719
ol 4 AAE Fe e, ol Tl
o8& skt

8 2. RE8S7| AlE8 0l
Fig. 2. Induction motor simulator

A AAoA EHEEE ASE ofdEI FHo|
o2 olg gAY 2ls=z WEstojor g a2y
Raspberry Pi= oFd=1 2l&e] txd W3 7|5
< AdsA @7 ‘q]llj*‘)ﬂ ADC(Analog to Digital
Converter)$] ADS1115[8] ZE< A3t} tlolH
= ADS11159] Ho] A% £4=9 860sample/sec=
3F oF 20027 FAEoH, T RES A
AMMZRE FH9 opdZ 1 235 YAE 2laz
H3kslo] Raspberry PiZ A& 2t JEl(B7, 3
A2 1%, wWoly 1AEE 33 F 93] &
st on, o]2RE 9748 LS FrR}o @
3 HolEE T3kt

22 FFT 7|8t t|olef tHet

AA A RN Bk Z1AA ggtelu =

oz Qlsh AT GIAY SNBoTE 3%
4% B33 B 6}1 oYL meA B =R
Ae Fe gdoz Wisl] AEE BASE
e Aeaan

>,
folr
m[m

FoF FEOE Fofste WHOEE F
Tﬂoﬂ 3 (Fourier series)l}  F2lo  HSK(Fourier
transform)©] Y¥HA O ® ARGHTE T2y of2gh
S A% A5 E e s, A4 AAE F
3 +HE AF dHolHe ol4tslE A E(Discrete
signal)©] 7] W&o o]zt Fg]o] HE(Discrete Fourier
transform)©] 8-},

N for k=0,1,... N—1(1)

HEe 4 ()3 o] AoHu, A
[n]% 2o A% Po WHE B9 F

walgt 4714 N AIHE
= F94 QusE dehin
(Real-valued) A1Z] i3] DFT 4
(Conjugate symmetry)< 7}A|H, ©]
ﬁL o] AMmeEE 159 Fojs
]

2T F dF< oudth

o
:EE
wHU

T A

Normal FFT

o 100 200 300 400
Frequency (Hz)

(@

130 Rotor Fault FFT

065

032

"

000

(1] 100 200 300 400
Frequency (Hz)

(b)

Bearing Fault FFT

0 100 200 300 400
Frequency (Hz)

(©
a8 3 ZE MEf® 1= FFT &3t
(@ M4, (o) sI™MA 1, (o) Hofd! o
Fig. 3. 1-second segments FFT for each motor condition
(a) Normal, (b) Rotor fault, (c) Bearing fault



100 #7148 b AME o]g3 For g9 7 fFRdE7] 2

AT DFTS] Atk 5= o(W)*e=, HE
Fol web F7HAQl Wz e At £57t
Ho|x = tho] gt} olo] B =RojA= Ak 2
AEZ O(NlogN)FEOE 297 dolg A
£ool M2y 888 =9 FFT(ZS FEof ¥3h
& AHg-gi

B =RdMe #8489 FF dolHE 12 B9
(=860 sample)= M| IHES} & & FFTE T332
o, 44 AFo|A 7]|(Magnitude) 2SS 54

HHEZ FE5t0] £7719 QY= Ao 7
Feje] 12 &9 FFT A= 21 39 yehd 3t

AL

23 Ald =22 7lgt 1Y 2R/

=A7F @EtEEs AHe 7R ReLU {918 AHE
staiem, s dagsoEs mpEae] ey

Al A A=}
Sk Momentum 7)H-& 238ty THE Adam[10]S A
29t S5 ES Adam EaE|Eol HEs 712k
1 00012 AASIHEOH, batch sizes 16, & 20
epocholl 2# S5 T3t

Convolution —t—

» e

Kemel ( 1*N )

Input signal Feature map

Pool layer

OnTF
Q\Vl,,/;"‘\ 9, ;

OL 2O
\

£O
VKK

AN R VY ‘ D
AN D ‘.0'6"

7;}" R

ML

Input layer
22 4 o Nz 2z
Fig. 4. Structure of MNN

Output layer

2.3.2 1D-CNN

ID-CNN2 12 HolEE adxozE AT
4 e ONN 122, ¢ AF Zojg #e Iy
72 E MYl BF AdSS HolW CPU
FAANE AATE T&o] 7hsd wE skl
gt Aol 9tk ¥ 55 ID-CNN9| 7|8

B =FoAE Grad-CAM(Gradient-weighted Class
Activation Mapping)[11] 7IHE H&3l 14 EF
Al Bdo] FE3 JAS NAH R G153 o,
o] vl o E ID-CNN9 72 Z7|& ARt

ANztste &443t W9l xZ2 convolutional layer]
=9 feature map?| indexE, yE< 72 HHI(BY, 2
B 14, #od )E HZE foly A&
indexE o], A4do] HA HebdE e <

o] £7ell o 2 719E P YEhih
Output layer

Fully-connected

Flatten layer

a2 5 1D-CNN #+=
Fig. 5. Structure of 1D-CNN



Journal of KIIT. Vol. 23, No. 8, pp. 97-104, Aug. 31, 2025. pISSN 1598-8619, eISSN 2093-7571 101

B =FoM= A HA convolutional layerdl| T3] U1 E02E AdamS AHESFAT
715 82 1A% FeeA AL =7] 37 55 7
7t A gsto] Grad-CAMS B3 2 =] &43} . ZAFE AlZ2o[M I MY 23t

7}
d9e v 1 23, 39 6oA B 4 3
o] A 35 &35k mdo A9 A e oF 31 AFH AlEo|M
1~50 index, 150 index F-olA &4} HF=H,
S| AA 14 AElE 200 index ©]4He] FolA &

g HolEE 2] 7 BUAR HlEHS AAS
HERE S8 31T 4 9, ol

i

A&7} At 3l 7] 918l 3025 200271A8 PSS Ao AF
g 14 A A4 A 1 Ao ~AHEHY 4390 2 AEolA 1707]9] AIHES dgloe
H= g2 22 FHE 9 150 index ©]2] G0 o, 7} JeEEE 33 SH T8t 510719 Al

A 23871 ZskAl Uelstth olx"E Ad =71 3 HEE FHIAT o] F 70%% train data®, Y
A= 7+ Aee 243 tde ~HEY Fx A} 2 30%c test data= ARESIRTH R Ay, 1
o7k WEE S B & gtk 73 2ol MNN 2 IDCNN 25 25 100%S)

Wi, A =71 59 A4 Ao A B2 AHITE Kol T nd % oAzl A
AR 1% e A A 30049 AF fﬂr e} < Ut 2& gelstsith
= 9]

e} FARE X5 B oy oy 1A e E3 Sfold® 789 kfold WAt HE5S T3l F
BT AfEo s ST WA vt F8 54 zdlo] Jdutsl HeS HIIRE 23, MNN 2l
o] e EelubA o AE Btk mEkA B ID-CNN =9 ¢$ 7k foldol Al 100%9] HE=E
=z 4= convolutional layer®] #A'd F7]E 302 Btk ol 3% dolHAl U= ¢ ok
AARsAY. B2 Y 729  convolutional ARl ER77F 7hsdhe oJvlstA| R, AA| 8744 €]
layer + 53 dense layer(64 units)2 TJ3FSATh 7t 7 A%s Wkl HaMe F7HE ARol

ol ReLU 43 345 Agsigion, Hzs 7€

Grad CAM Heatmap - Class: Normal

Grad-CAM Heatmap - Cl Rotor Grad-CAM Heatmap - Class: Bearing
! ik | .

80

sample Index
Sample Index

40

200 250
Feature Index Feature Index Feature Index

(@ (b) (©

Grad CAM Heatmap - Class: Normal Grad CAM Heatmap Class: Rotor

Grad CAM Heatmap - Class: Bearing
i

120 120 E 120

80 80

sample Index
sample Index

40 y 40 40

150 200 250 300 350 400 100 150 200 250 300 350

Feature Index Feature Index Feature Index

(d) (e) (f)
a8 6. 7 Z70ofl w2 A M convolutional layer &M st ® Hjw

@ A4 37| 3 ™4, b) A4 37| 3, s™A 0F, (o 714 37| 3, Hiofd 1%

d AE 37| 5 "4 (@) AL 37| 5, s|™A &, (f) A4 37| 5, Hlofzl &

Fig. 6. Grad—-CAM activation maps of the first convolutional layer according to kemnel size

(a) Kemel size 3, Normal, (b) Kernel size 3, Rotor fault, (c) Kemel size 3, Bearing fault,

(d) Kemel size 5, Normal, (e) Kemel size 5, Rotor fault, (f) Kerel size 5, Bearing fault



102 A71Y b AME o] dd Foe g9 7 fedsr] 2 Ad A" -

Normal

T
=
I’ Rotor fault 4
2
=

Bearing fault - ]

Nor'rnal Rotori fault Bearing fault
Predicted label
(a)
Confusion Matrix (1D-CNN)
Normal 0

©
s
© Rotor fault -
2
=

Bearing fault 0

Rotor fault Bearing fault
Predicted label

(b)
a8 7. 2EH Holgf 2F 23
(@ MNN 2% Z1t (b) ID-CNN &7 &zt
Fig. 7. Classification results by models
(a) MNN classification result, (b) 1D-CNN classification
result

Normal

32 4

ot

Z 1

AFH AEdod ARE vEgoE A4 FE
A 2'l3 GUIE T8tk Raspberry Pigk 947l

AXE Bkl 183 AT HolBE 3813
o, o2 1% YYE AMIWESF H FFTE 3

e
b oo ok

al
HE RE AIHEA dZo] dX3td 100%2]

Fault Diagnosis Program v x

@ Knu

Diagnosis System

Start

Complete

059

CNN Model MNN Model

Normal . Normal .
Rotor Fault ‘ Rotor Fault .
Bearing fault . Bearing fault .

(@

Fault Diagnosis Program v o~ ox

@® xnu

Diagnosis System
start |

Complete

059

CNN Model MNN Model

Normal . Normal ’
Rotor Fault . Rotor Fault ’
Bearing fault ‘ Bearing fault ‘

(b)

Fault Diagnosis Program v x

[ ) Kn u Diagnosis System

Start |

Complete

059

CNN Model MNN Model

Normal . Normal .
Rotor Fault . Rotor Fault .
Bearing fault . Bearing fault .

(©)
02l 8 FE2 zd 23 Ms sl
(@ H& 2% Z1 (b) MR 1% 2&F 23,

© Hlofd & B2& Zot
Fig. 8. Inference model classification performance
(a) Normal classification result, (b) Rotor fault classification
result, (c) Bearing fault classification result



Journal of KIIT. Vol. 23, No. 8, pp. 97-104, Aug. 31, 2025. pISSN 1598-8619, eISSN 2093-7571 103

1. 60Z AMAIZE =2 Ho|E
Table 1. Comparison of real-time inference accuracy for
60 seconds

L vl

MNN model CNN model
Normal 100.00% 100.00%
Rotor fault 98.33% 100.00%
Bearing fault 100.00% 100.00%
HHA, MNN Ed-2 A4 9 wlojg 17 e
A 100%] XéQE% HYA, 34 14

ME 6071 AL
98.33%] @252 E%E}.

wet AFE AlEgolddAe 7 Rd BF
100%] "3%3 Haoy, AATE SAHdAE
ID-CNN Edo] MNN Edo] Ha] =2 &7 A%
T8 e As 2 F ok

T3 AARE A2E AL T A4S S8
Raspberry Pi 37404 FFT 3] Al 9 72 24
AIHES Eﬂﬁ Ag Abe SAEGT. O A3
FFT 438 A7 0.00013sec/segmentZ A A|7F Z4
de TA7F flas st

FE AR AF, MNN B2 0.767sec/segment,

D-CNN =& (.768sec/segment= T =@ 7+ g
]Z_}T: A FYg FAE Hole AL ¢ 7 Atk

V. 28 & &= oA

re
(i
Sl
2
=
r{r
o&‘#

3}¥ ID-CNN =4S 7|dto
A7 4 ‘*WQ} Raspberry PiZ 4% AH|
=0 y& At HITE dn

md3} IDCNN 2
& *é%% BHPA T AA|
34 34 Ao
A ID-CNN 2do] 24 g 1.67% =& A
ST FAE Holn $4¢ ERF A% UeRh
E3F Raspberry Pi 7oA MIHE A AZE
A% 237, MNN 293 ID-CNN Zg9] F&
e A9 FYT FAE BHAT o]E 53
Edo] MNN Ed3 frARE AARE A
A3t & AGEE A FTFOEN A

ol Ade AU 5 AT

=
Z >

ri S
b
mlm
:[o

14
(R

2

sk

FL AT 4Y9S FAO 1HE F 3
wavelet transform 7|9F E4& 2 g35fe] 1%

& 59 dHolt

Acknowledgment

References

[1] R. Kumar, M. Andriollo, G. Cirrincione, M.
Cirrincione, and A. Tortella, "A Comprehensive
Review of Conventional and Intelligence-Based
Approaches for the Fault Diagnosis and Condition
Monitoring of Induction Motors", Energies, Vol.
15, No. 8938, pp. 24, Nov. 2022.
https://doi.org/10.3390/en15238938.

[2] IET Technical Committee Trend Report 2,
https://cosd.ksa.or.kt/NEWS/TC.html?bbs_no=446&b
oard code=view&page=7. [accessed: Jun. 12, 2025]

[3] D. H. Wang, J. H. Lee, S. J. Kim, M. C. Kim,
and I. S. Lee, "Fault Diagnosis of Induction
Motor using an Ensemble Method of Decision
Tree and Multilayer Neural Network", The Journal
of Korean Institute of Information Technology,
Vol. 20, No. 3, pp. 4755 Mar. 2022,
https://doi.org/10.14801/jkiit.2022.20.3.47.

[4] J. Yoon, D. He, and B. V. Hecke, "On the use of
a single piezoelectric strain sensor for wind
turbine planetary gearbox fault diagnosis”, IEEE
Transactions on Industrial Electronics, Vol. 62,
No. 10, pp.  6585-6590,  Oct.  2015.
https://doi.org/10.1109/TIE.2015.2442216.

[5] J. W. Cooley and J. W. Tukey, "An Algorithm
for the Machine Calculation of Complex Fourier
Series", Mathematics of Computation, Vol. 19, No.
90, pp. 297-301, Apr. 1965. https://doi.org/10.1090
/S0025-5718-1965-0178586-1.

[6] D. Rumelhart, G. Hinton, and R. Williams,



104 A719 b AME o] g3 For g9 7 fFdE7

"Learning representations by back-propagating
errors”, Nature, Vol. 323, pp. 533-536, Oct. 1986.
https://doi.org/10.1038/323533a0.

[7] L. Eren, T. Ince, and S. Kiranyaz, "A Generic
Intelligent Bearing Fault Diagnosis System Using
Compact Adaptive 1D CNN Classifier", J. Signal
Process. Syst., Vol. 91, pp. 179-189, Feb. 2019.
https://doi.org/10.1007/s11265-018-1378-3.

[8] ADSI1115 datasheet, https://www.alldatasheet.com/vi
ew.jsp?Searchword=Ads1115%20datasheet&gad sour
ce=1&gad campaignid=177213899&gclid=Cj0KCQj
w0qTCBhCmARIsAAj8C4Yj4IKr8f6WXSqddydsvV
kYzeSd81dT03ie-z-q1eNMLA4i1 GxZetMcaArguEALw
_weB. [accessed: Jun. 12, 2025]

[9] B. Ding, H. Qian, and J. Zhou, "Activation
functions and their characteristics in deep neural
networks",  Proc. Chinese Control and Decision
Conference (CCDC), Shenyang, China, pp.
1836-1841, Jul. 2018. https://doi.org/10.1109/CCDC.
2018.8407425.

[10] D. Kingma and J. Ba, "Adam: A Method for
Stochastic Optimization", Proc. Int. Conf. on Learn
ing Representations, Toulon, France, pp. 1-10,
Apr. 2017. https://doi.org/10.48550/arXiv.1412.6980.

[11] R. Selvaraju, M. Cogswell, A. Das, R. Vedantam,
D. Parikh, and D. Batra, "Grad-CAM: Visual
Explanations from Deep Networks via Gradient-Ba
sed Localization", Proc. IEEE Int. Conf. on Comp
uter Vision (ICCV), Venice, Italy, pp. 618-626,
Oct. 2017, https://doi.org/10.1109/ICCV.2017.74.

[12] H. G. Lee, S. M. Yoo, W. K. Hao, and L. S.
Lee, "Fault Diagnosis of Induction Motors Using a
Low-Cost Piezoelectric Sensor and Multilayer
Neural Network", Proc. KIIT Conf, Jeju, Korea,
pp. 359-363, Jun. 2025.

IS i L ol B

XMAL2IH

ol 3 I (Hwi Gyo Lee)
2025 2¢ : ALdsty
A7) A AA o] F- (3-8
20259 3¥ ~ #A4) . A5
A2 7] S8R A A
FAIEF . Al 7]HF 3] A4
ANde e ZEUETY 2 1%
Ak

M 21 (Seon Min Yoo)
20259 2€ : Fdistw
A8 (F A

AR F3Y A

Balgok ; AL 7% 337
Azge) e BUEY 2 3%
Ag

2 A 3t 2 (Wang Ke Hao)

2023 64 : stRlFHS Y
EEFE (T
o 20254 39 ~ B - AR
-» AAR7)F S AR

AFSE A4 2 A7 B9 ws

H-E8k2)
20089 3¢ ~ 2014'd 10€ : ARG HAAA7)ZshR
g

20149 11€ ~ @A) . A5y AAFHE 2
Al Eok : A28l 17T 9 uAsEA o, wiE g
SOC ¥ SOH #%4, 4173829 714 A5
A5y AA Az



	저가형 압전 센서를 이용한 주파수 영역 기반 유도전동기 고장 진단 시스템 구현
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 유도전동기 고장 진단 알고리즘
	Ⅲ. 컴퓨터 시뮬레이션 및 실험 결과
	Ⅳ. 결론 및 향후 과제
	References


