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Abstract: Abnormal operating sounds radiated from a moving transfer robot in LCD (liquid crystal display) product
lines have been used for the fault detection line of a robot instead of other source signals such as vibrations, acoustic
emissions, and electrical signals. Its advantage as a source signal makes it possible to monitor the status of multiple
faults by using only a microphone, despite a relatively low sensitivity. The wavelet packet transform for feature
extraction and the artificial neural network for fault classification are employed. It can be observed that the abnormal
operating sound is sufficiently useful as a source signal for the fault diagnosis of mechanical components as well as
other source signals.
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Fig. 1 Structure of fault diagnosis algorithm for a
moving transfer robot using the wavelet packet
transform and the artificial neural network
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Fig. 2 Experimental environment condition for the
recording of operating sound radiated from a
moving transfer robot in the actual mass

production facility
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Fig. 3 Comparison of the operating sounds before and
after the replacement of a bearing inside of the
workspace for a moving transfer robot; (a) Before,
(b) After
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Fig. 4 Comparison of the operating sounds before and
after the replacement of a bearing outside of the
workspace for a moving transfer robot; (a) Before,
(b) After

YIRS AL AR A4 A AT 815

2 o) woh ur} oA SFAQl SH A

lEr o9 I~
= dgolg. dA sk A
9Jr %‘f‘éol Xl?éﬂﬂ R FAHAZREAAM F
¥ Artificial biannual head ¢ 23 <

-
ok

N
N

ot
o &= AAH mpo]aRFES] A

2t o] ARES viH O =, Fig. 3 A9 %
T AFo Aole A s g 75
% Fig. 4 ¢] zfo]rrt} T

A s

o e

%
Z
o) folr

£

Ol-ﬂ _!ﬂ
b 2

~— 1o

o
o
0%
m
o,
4o
i
>{U

M me —{n:
qu =
L
ol J
2
_{
S
5&
i

fn 2 N B (o ol no ol 2 2 82 rlo

Hir
rlo
g,
o
k1
K
N
fo
[
o
Lo,
rlo
=
= Jo
off ME fu

x
|
b
o
2]
fere
RO

A B A AypA o =2, Fig. 2 ©f
ol o, slejupz, celm A
(linear motion guide)] W] 2H& A
AolA ozl W =gy, oA A
i Qe AAE BEVE gl BE

A2 AW Agste] At
LN

3.1 dlolEs H
ATHS JFR 1L 2 o]l;: ZAZH o ZHE
ot nga % obelst zko] st
= Als BE s, 2 3% e(t),= Yebd 4 3l

P
?l?

t}.
x(t)=s(t)+&(t) )
SNR(signal to noise ratio) = &/JA|717] 93 &
SHEQ g)E AYstar, Y3teE AE FEQ s(t)
o glolEEl W3l oS Haste] AFY % Q)
o}, WhHo], CWT(continuous wavelet transform)= 2
3 e Ao AAE Aset FAHA S
A5 mel i aA el o R AREE I §)
A Qb v 9- 2]t} DWT(discrete wavelet transform)
9 Al CQF(conjugate quadratic filters)E 7|WFo. 2 i}
8 dugFoes Agdd. 2y DWT = %g

T WY = vlE, w2 FI
oA dodezr e SdEE 7t 6&5,
WPT & =1 Fu¢ A% DWT &= 2,

MRA(multi-resolution analysis)2] 12 7]¥to =
ol W] dvtstyl FHE v Fu o



816 el - ol

A3} £ Fop oA FE A sLF
=S 7P gl 023t o]+ =, WPT 7} 7]
AARJA T8 e A3 AdelA 54 F= 3
ol de] AREH AL STk o] AT EF FAHRR
omBY tee= wAGA]] s 25 Aad
EAES FE3h=d WPT & ARESth WPT 9
dls gt 2o 4% 2 5 o

A, WPT o] o]&4<l 7/de ofefe} o] Al

W ()=2""w" (2t -k) )

A4 i ¢ k & 247 scale ¥} translation W7
Folu, 44 n & T35 A5 e node
w7 WEolth A O WPT = ofgfj e} 7ol
scaling &<} 7] fo]&2 714 E<F(mother
wavelet) ©|t},

w0 (D=4(t) 3)
W o (0= () )
3 9 )3 YA WPT & &3 728 i
BAQ wAR g 4 ok
W (O)=N2Y hW' ,2t=k) )
k
W o (0)=2Y gw' (2t=k)  ©
k

h(k) ¢ gk) ¥ LPF(low pass filter)2} HPF(high
pass filter)®] B A5 (coefficient)©] 3L, WP(wavelet
packet) Al & YEUE dYy © ofeielr Zol #
T 2% AT x@) 712 delgd 7AW,

Apole] Aol oalA Hojzit,

" :<x(t), w"j’k>:J‘x(t)w"j,kdt (7

I Ok

Low Pass Filter and Decimation

[ |-@—

High Pass Filter and Decimation
(0,0

/\

h 9
h g h g
L R i R
h g h g h g h 9
3,0) G @2 @3 G4 3.5 (38 @7
D N D N GED S D
h g h g h g h g h g h g h g h g

/N /N /N /N /N / N [/ N /7 \

(400 (41) (42) (43) (44) (45 (46) (47) (48 (49 (410) (411) (412) (413) (4,14) (4,15)

0 1 2 3 4 5 6 7 8 9 10 " 12 13 14 15

Fig. 5 Tree structure of wavelet packet transform with
four level layers

Ao R ZFy 2g AI x(H)E LPF AS<}
HPF A% A4 7 FE o= #3dch WPT 9 E
2] FZF(tree-structur) & scale UjZH S j o] wEt
TUS gIdES A= oY MY FEE
T35 o]l Atk WPT ¢ #&olA, 2Hs &g x(1)
7} 50kHz ° MEH o2 dd 55EAES Agts,
719 zhzhel FiEzhe
k7] 918 12.5kHz = =SIth
F = 50%9] overlap & AlAA 12,500 &
a3k 1L, Fig. 5 <} >

Z
=
o tiaf] vl @A Fo 16 FEFIoRE K

3.2 st Shannon Y E Z 1|

Shannon ANEZ3]o] o]Zx 9] 7I\d-& communication
theory*®¢} 7% Shannon(1949)°] <& &<
2 2NN A-F ATt 7A FEe As
@GS 9k Zhzbe] FEEF ke Al WP Al gdt
dolup doj e Hrtsked v AREH AT o
714 %% Shanmnon AE=ZI|+= thS-3 7Ho] WP
Aol g2 Agolr o] gt

N
E,=>(d",,) log((d",;)") ®)
k=1

M

2al 4 A S WPT & F3 2ozl 16 7l
AdE A (8)% AH83le] #F Shannon
AEZ O A WE e Juj= xdE 5 Aok

PZ[EO,EI,EZ,"',EIS] ©)

14,
[
i)
=2
-

m
lo <
ilh)
oot [
BN
o
lo,
=,

==
¥ 5 Shannon 1E 23] 9]
X

=
-0,
K

=2 ¥ Shannon AE=ZH O F7
31 Abolel 9 dlole AEEe
CEE FEEFEe] A% xd
H al = Zo] ZIthE L 9l
HA BE-F7He] ¥ Shannon NE Z 3|9

PR A #Ag]
Agol7] Wil e H A e Al
Daubechies 7] o] &3 7| # St9] 2pw 3}
o] o3l ¥< Shannon ANE 2T X nx+=
Qe 2AS] AAA, A5 WRT o 48

—}

o, 0,
N

o N
rlo

i

Jo n
oo HT v
o

g&.l
m1o=°'1:'
B
Ac)

o

S

fr rlo s o2 & < <
0,

=



LCD #319] &3 544l dojuzl wsta) 1744

Fig. 6 Comparison of the distribution of normalized
Shannon entropy for the original data samples
according to the fault conditions in a moving
transfer robot (a) Normal, (b) Bearing, (c)
Gearbox & Motor, (d) LM Guide
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Table 1 Results of the entropy based feature selection
method for the orthogonalization of input

vector
Fault #1 Fault#2 Fault #3
Rank Cearing) Sl(l‘gb?:g( o Subslg:;\e/[ gmgi?bspace
No. Entropy No. Entropy No. Entropy
1 4(0) 907 3(0) 720 1(O) 615
2 (g) 702 2(0) 683 11 (O) 479
3 5(0) 491 7(0) 552 3 471
4 7 375 6(0) 504 10 (O) 445
13
5 ©) 366 5 271 14 405
6 6 202 12 181 9(0O) 405
7 1 194 4 160 8 284
8 2 188 13 136 15 272
9 15 181 15 132 2 240
10 3 87 14 64 13 230
11 9 60 10 31 7 200
12 14 57 1 25 6 196
13 11 57 9 14 5 195
14 8 53 8 10 12 187
15 10 39 11 4 4 182
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Table 2 Classification of subspaces based on the entropy
based feature selection method
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Fig. 9 Comparison of the propagation path of normalized
Shannon entropy on the tree structure of wavelet
packet transform with four level layers; (a)
Bearing, (b) Gearbox & Motor, (c¢) LM Guide
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Table 4 Comparison of the error of trained ANN according
to the structure type of a hidden layer and the
improvement methods of input vector

No. StrIl{Ii(:;li::lOf Original Moiilﬁed Moiizﬁed
Layer
1 4 2.3984e-04 1.7919¢-04  1.6462 e-04
2 4-2 1.5414 e-04  1.1929¢-05  6.7836 ¢-06
RER 6 1.5081-04 14409 ¢-05  1.1293 ¢-05
4 6-2 9.4038 e-05  2.5031¢-06  4.2066 e-07
5 6-4 1.0027 e-04  2.4028 ¢-07  1.8079 e-07
e s 10793 ¢-04  3.6991¢-06  9.2306 ¢-07
7 8-2 8.5908 e-05  3.3607 e-07  3.1336 ¢-07
8 8-4 5.2277e-05 1.1480e-07  6.5526 ¢-08
9 8-6 3.7166 e-05  8.9970 ¢-08  3.8519 ¢-08
100 0 92218¢-05 3990307 33782¢-07
11 10-2 6.2529 e-05  6.2266 ¢-07  1.8487 ¢-07
12 10-4 6.7671 e-05  5.6235e-08  5.5971 e-08
13 10-6 3.2365e-05 3.3782¢-08  2.1299 ¢-08
14 10-8 2.6820e-05 1.7149¢-08  1.5436 -08
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