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Condition classification and fault diagnosis of
rotating machinery using support vector
machines

Won-Woo Hwang

Department of Interdisciplinary Program of
Acoustics and Vibration, Graduate School
Pukyong National University

ABSTRACT

Condition monitoring and fault diagnosis of rotating machinery has been received
considerable attention, which can increase machinery availability and performance,
reduce consequential damage, increase machine life, and reduce spare parts inventories
and breakdown maintenance. Since engineers who have expert knowledge and experience
are rare, the intelligent systems are necessary in the real world.

In this study, support vector machine (SVM) algorithm is applied for the intelligent
condition classitfication and fault diagnosis system of rotating machinery. Vibration
signals are selected as system input due to its easy measurement, high accuracy and
reliability. The discrete wavelet transform and feature extraction are used as
preprocessing. To detect multiple faults in rotating machinery. the strategies of multi

classification with kernel functions of SVM are utilized.

The test results were satisfied and achieved good success classification rate comparing
with existing artificial neural networks, such as SOM, LVQ and RBF. Therefore, SVM is

promising and suitable for real application.
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AANES] FEEAHL sbstal HE HHY UELAD ALF

(artificial neural network) S°l Utk HEZHR AF UFFE == Hopfield,

et

O 1

Rumelhart, ©}2 3] 4] E & (multi-layer perceptron), 2 -§ 3 3 o] &(adaptive resonance
theory, ART), Boltzmann machine, A}7]Z&2 357 A} & (self-organizing feature map,
SOFM), 3+ E] % =F3K(learning vector quantization, LVQ), radial basis function
(RBF) 21749 o] itk olglgh AAGLe S8, B2 2d, S5, 3}
A = | QA Bolol A da] 85I YTt

el 94 Zalgte 2L FojR Holg 2Ry 5 HRE AFHoew I
o= F-dll(detection)t FolF dHiolEE 2 7/ ojde 2FLE EHstd &
AL sletat= EAl(classificatiom® A vdol Atk o g HEIUY A

= oog onA el AFHLMRL NML Xray 5), AF A=
AR, AFE 44, B4 BR AR AsdE, AR, A, B2 A4 5

o] thofdt FEFOE 7HRL AT

AF NALE ol & AP ANEAE AAsE & A4S, e S S
g sjelo] BE¥E =577} old¢ng ssuAdA B 4o i dio]
Bl7} BastA dAck w8 TR HA(local minimum)E W] A =78
zqjel Ao APH o ojFofAH, LR AA 2 TAE R FH
#ol 43 e Adkene) e AE Fo] 913 o e FAZ W
o} 9t} e FHAHL Sl FAN Fojof & AR Hop Art (1)

ole)dt EASL AAsr] g HeteZ 1995 13 Vapnik o} 9] Universal
feed forward M| E 92 9] & E7F<! Support Vector Maching(SVM)©] A5 1 3L
2 oo dE FAVAdN AT 5 de 4TS AdEr] A sYM @
aHEL o)ge e Al D ARG A LS ARbeha, 9HAHY TS

Rag & g AY FARREH AST AFAIE ol &do Atd ¢z
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minimize optimization(SMO) ¢31¥ 52 A A QP(quadratic programming) o A&
ddsty] A ez AAE M F& A7) QP TAR Fuldte
Azt ol s wgog EV] o] E FE2A AL AHFH
FHAH QP HH3E FHY3=] vk Eb ez dre A7 E g5
olEle] A7]ef] met MAH R deprrt wepaA iy i o] Sl
HE oE F v Z8& 7HA2 vk =28 dAEd §2 #FA7F vl d g
€ 7FA G ok 2HA ulAddy FEE AE 49 el it

94 54 Fgo=o Mg g #E s A

agln o] o] wiAHoR oy FRE FHE SVME o] HAl 2
2(class)E 7HAIE AT Fdel] A7) g ez ol BRof 3
et AeFE o) &35 Multiclass shy A eFg A3t ch

A 3l AE derdel FHATIANA wids] A= Fa Agdd g
AE EFES HESYC

A 4ol e SVM F&(training) 2 Bl Eftesting) o AMEETE 4
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2. Support Vector Machine (SVM)

2.1 7|t

Ehdch syM e Ad S8l dlof BRe Pxel AU Adasl e
709 MAFAR & A54E S FUAA AYHoE T 3

24, diolg wold, HFH v, AFAF, <5, 9% Ad 5 AFH ©
offl A &F 1 glon uig EAstA AT AYH L Y,

2.2 Support Vector Machine *!

7] EA gyM & oA BE o] o] 5 2AAHSE FHOE T
Positive class, TH& 3HZ-& Negative class = theth T dlolE e AA7
ge 2AAEL 4 207 Zo] Fodrh

H:(w-x)+b=0

2.1
weRY. beR @1



A71M, we F dold Fge AAZ He 7FEAYE, xE N (g
B, b & %7 gk(threshold value)o] o},

H, fxi(w-x)+b=+1}
)

Positive Class

Negative Class

h
Piz :{x[(w-x)+b:-ﬂ‘
b LHi{xi v x)+5=0}]

Iw|

Y

Fig. 2.1 Binary classification of dataset by SVM

Fig. 2.1 & ©& Y dolg Jgol AAVL s 24AE 7 o o8l Vo
H& Bol3 Atk svM & A% ZF Ed a0 3 7 AR dlelH e
Ael(marginy7t HH7E HA stvk A 7HE QA s Mo dut Apzbg o)
o8 A< support vector (SV) 2 87, o] SV ol ¥ g FTEL F U
T BEE AEEo] xgH 7] wiel ol& A9E yuiz dolEHE Aa
AA ol #HAride} makd dio]e o) overfitting ¥ BlAE Alzte] A|H oz
EE HelHE AMgste 8 dauzFel vdtd maA gk 2 dHolE
off thgt A=A g4 (decision function)®> A (2.2)¢} Zr}.

J»

f(x)=sign((w-x)+b) 2.2)



F 2FAY H 3 Aolel ARE P 4 (23)3 2ow, o] gl
7 Sojof gt

margin:-g— (2.3)
lw]
3 22)% 2.3y& e ste] veldd, 4 .49 T

Minimize

1

Wl

(2.4)

subject to

y(w-x)+b)21 ,y ={+lor -1}

2 2.4Y8 E7] #3ke Lagrange % 9(multipliers)2 &2y 0y, 20 7S

< %439, Lagrangian & 2] (2.5)9} Zo] #r}

l N N N
L(w,b,a)=5||w|| —Za,.y,.(w-x,+b)+2ari (2.5)
i P
oL aL _ o o
A71M, —=0, —=0°]2, ol ZZ th&3} Fo] frdr}
ow b
N
w=2a,y‘x

= (2.6)

2 2.6)2 2 2.5 s WA,

WIU-



Maximize
N 1 N
Ly(a)= Za,. —EZaiajyiiji ‘X,
=1 iy

subjectto &, 20,/=1,2,--- N

.Z)V:alyf = O
=1

2.7)

4 eNg B o & 7Y F den. o o F A 2600 AU w
T 5 Ak 4 26 AHgstd AR T A @nF AAYEE A 28
I Zr

i=1

f(x)zsign[zvza,y,(x,-x)+b} (2.8)

wteba, oA THAIF b & I HE, A =2E ¥ dHolH
A "k 9714 pE SVM 9 T g9 SMO oA Faf

23 AY g4 110

SVM 2 zAAWoelgt Relse HAY g5l o4 EFE £t 19
Gooie] Bae A4 S8EANA 92 dese dRFY tol MY
Hoz ¥¥ab) 9o 284 49 @5d o8 £RY FRdE @AE 7
AA He, o]& S5 Uigtez N AP 48 Fhe HolHES AU
5% 30 Aoz Ad(mapping) o2 e 57 FdelM HgH
o2 g £ vk A Q9T S AT HETFE Yehdn 22y o
R o R o] AMdgherE dEld QA W

X = (X, X307 %,) = BX) = (D (x). D, (x),+, Dy (%)) 2.9)
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Input space Feature space

A f
O O
O . O O
] d(x) D
o~ © Ol
O o ©
O o O

Fig. 2.2 Transformation to linear feature space from nonlinear input space

A 295 AR 3 A 2.8)0] dYdsE v @
f(x) =sign (ia ¥, (P(x)-O(x,)) +b} (2.10)

A71A, WA @x)PENE SAFT dedA AP H0E ALdg F Ude A
dah K(x, x) = O(x)}@( x)& WASH 4 2.11)7 o] "ot

f(x)=sign[ia,y,K(x,x,)+b) (2.1

kA, 4 (2.10)& Bt SVM o] Bl A dE 3 AFAEL 5
Foz WEdo BERE Qo

AgHA e AFHA ALYTTEE Linear, Polynomial, Sigmoid, Dirichlet,
Laplacian RBF 2 Gaussian RBF F°] ot Ztzhel A el 22 Table 2.1 3 o
M, Fig. 23S Ad 559 JhE BoF 1 goh

@A), Gaussian RBF A8 &7 71 Bol AH85n Jon, B A &
#38 BEAN & A5S 29T A" Gaussian RBF A2 $5¢] v]7]

..12_



of wtatmElQl AY Z(kernel width) o &t SVM o} Awrsl AFgoll Ait 3
sbo nAch o] Fulge e AATe} glo} ool 5HE nEstoof
g} B
) oo el US 2 Agde ZE FA HolEe] Ztzbo] shte dHolH
2 7FEs 2 At svM 2 R 9] dHeolEo dif ofE A= dHold
2 A g £y WE £F Ao AAs ook
) o 9 ol UF AL AL 2= A dolee] Z4zke] do]E 7t support
vector & 7HEHolx FA A WolME BT 2F7F HA% A=E 7
2o} diolee] s 189 &%

Table 2.1 Formulation of kernel function

Kernel Function Formulation
Linear Kx,y)=x-y
Polynomial K(xy)=(xy+1)’
Sigmoid K(x.y)=tanh{axx-y/b+2)
Dirichlet K(x,y) = {sin(N + 0.5} x (x—-y)}/{Zxsin((x ~y)}/2)}
Laplacian RBF K(x.y)=x-y]
Gaussian RBF K(x,¥)= exp{—(“:vy“z /26° )}

_13_



Linear kernel function Polynomial kemel function{d=2)

- T ' H 1 I T
08 ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
B
2 B 1 S S NN g
2 2
; 1 %
= = 04} g
) 02} ; i
1 % 05 0 Y 1
Paints Points
(a) Linear kernel function (b) Polynomial kernel function {d = 2)
Sigmoide kemel function Dirichlet kernel function
, ! T 50 r ; ?
40 - e -
1] RN S ................ 4
.::: gl |
3 B
= =
-20, Y 0
Points Points
(c) Sigmod kernel function (d) Dirichlet kernel function
Laplacian RBF kemel function Gaussian RBF kernel function
. ‘ / ; .
08 / N
-/
206} R
(i /
0.2 i
% 05 0 08 1 03 08 0 08 1
. Points ) . Points )
(¢) Laplacian RBF kernel function (f) Gaussian RBF kemel function

Fig. 2.3 The typical waveform of kernel functions
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2.4 Sequence Minimize Optimization "'

Sequence Minimize Optimization (SOM) €22} 52 SVM & 854]7]7] A8,
71Ee] Bt fAg wygez b HE &S 3719 Quadratic
Programming (QP) £ A2 ol A AH QP HH 3 EA4E A €oh. sMo =
QP #AE A Wi &7] wio] W FIEA AL 2HHEQ FX
A QP HHstE P&tA] oki=rh Fgk dad dree] A7|E g5 o]y
A7l me} APHo R Gepdch whaba ol Wik 9Fe] g dlolHE
thEg & oL, E Shre] A8 F e AlE SYVM 9 2F #E Hrlsked
A e & 7] el A M % St ool <fo] B A -po Agtsiclh

SR EEEEES
SMO %3258 BHYSE A3 Be q
o o %g Fevh 2

2.4.1 Lagrange &
€ reh=d o] el FA
Agre A 212), FEFAE A 2.13)F Foh

N l N
LD(a):zai_.izaiajyliji'xj (2]2)
i=] ij
N
Say =0 2.13)
1=1

A 213 Z2UE o188 o, @ & HAF A o @2 Aol @t
oz ANAT a9 4 213 BT o] & & vk

Id ld
Vi, + ¥y, = yion + yye; = const (2.14)

Fig. 24 £ 4 (2.14F YERd Zolth ol FAFEE Yl 722 o
o] A g go] "

|
—
[
b



L =max(0,a —a) .
. ) i Id Ifyl * ¥
H=min(C,C+a," —a°)
(2.15)
ol o
L =max(0,a, d +af2'd -C) |
. 1§ d ify, =y,
H=min(C,a™ +a;°)
a,=C a,=C
a,=0 a,=C o=0 a,=C
oczzO a,=0
NWFEY=a-a, =y yEn=a+a,=y
Fig. 2.4 ya, +y,a, =y’ + y,a = const.
PSS Fof 2W
L, (a)=a, +a,+const
1
_E(ylylxlTxlalz + yzyzxzxzazz (2 16)

N
+ 2y|y2x]7x2a1a2 + Z[Za,y,x: )(ylxlal + yzxzaz)

=3

+ const)

Al (2.16)9 A

N
_ T
\«'J. = E a, VX, xj
=3

old old old r old 7
=u; +07 —a Yy x, -y Y X x,

of 7] A, uc;ld _ xi'wold ~polH, X, 9] @1’]— gkoic}

T

T . _ — Loy
lxz,v}.-Za,y,x! X, y=0+sa, s=yy, & T

T T
K,=xx,K,,=x;x,,K,, =x



W4 (2.16)& T3 o] Hr
L(a)=a+a,- %(K“a,2 +K,a; +25K o,
+2yva, +2y,v,a,)+ const
=%(2K12 -K, -K,))al (VR

+(1—S+SK“}’—SK!2}/+y2VI *yzvz)az
+ const

ﬂzzKlz_Kll“Klza} FI o 9o AFe o Fo

I=s+3K, ¥y —sK,y+y,v,~ »v,

(2.18)
- y2 (Evlold _Ezold)_nagld
A7IA M = -y, ZH Al F @ Apor,
4 (218)& A (217l dislskd FEEd A (2197 o] P
]- 2 ald old old
LD(a):Enarz +(y2 (E, -FE; )—rya2 )a2+const (2.19)
A AL @ A8 14 2 24 oS F3E & g
ZLD :na2+(y2 (Evlo]d_Ezold)__ﬂazold)
a2
s (2.20)
d°L -
da;

A7) 4 EYPFoE AhgEE A7) AT 1A w2 go) o olojof o
o} A,

Hew old

¥, ( Elold _ E;Id)
a, =a, +——=

7

2.21)
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o] "t} 4 (2,159 AAZEL nEFd
H ifa™ >H;

a;cwﬁlippcd — a;ew if L < a;"w < H’ (222)
L ifad™ <,
el s,
™ =a + s - ag™) (2.23)

242 SAIZE b o] AA
A S22} E(x, y)ot 522k "Bk AEGx, )= S gt

N
E(x’y)zzaryzx:rx_b_y

i=1

AE(X,y) = Aa,yX; X + A, p,X, X — Ab
A b E(x,y)™ =02 wolnz 2(223) 9|t Tl A}
E(x,y)"™ = E(x, )™ + AE(x, y)
uhEkA,
Ab=E(x,y)" + A,y x| X+ Aa, p, X)X (2.24)

7 gt}
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2.5 Multi-class SVMs &) = &F

V&Aoo R SVM & ol BFE YT, 48 FWEE A E HA &
fokoll o] AgolE HAZE k. ZeliA o} FEET] g wWetez o3
el el oier oieke dEFEe] AL HEAY AFOo2E one-
against-all‘ A one-against-one! ", directed acyclic graph!'” 2 binary tree!''%5 3 2
= RE] AUtk B AT = wol AHEH I ol 712 one-against-all Y

¥} one-against-one WHE o] &3}

o

2.5.1 One-against-all 7}

ol M 7] multi-class EF3HE T3] Hal ALRE =dolr) £ 79
FHE Rl Al k1 7Be] SVM o] sy, StEHlolE T k1 ) BT
Fdsht FEHe 2&& vEhlE @hd(labe) 2 FHE & SYM o whel debdl
oo 7Hd, i WA SVM & A% 9k o YA E HEe 48 e a4

o AFHE dgdlelHE +1 @& 7Y UoA F & i &=
sadlolEle= -1 g& 7k 28X T E SEdelEE o §3ld ggEtn
n A o] YR E- vlelEo Wt FAFHe R SVM 9 3 3 O Axigto] +]
BE =ET SVMolA o AHE wdsA |t

_]9;



Data input

'

Condition decision

Fig. 2.5 One-against-all approach

2.5.2 One-against-one 7|y

o] W& one-against-all B 28 kk-1)2 H2] SVM 22 FAHY, 2
Zte] shgdiolHE FlY £458 YEhilE dojg et pAdAD = siA
SVM & class 1 ¥ class 2 THo. 2 7A€ S oolElE 710, o} dlo]E o
A= class | class 2 ol sl At 25384 Ak 284 o2 Ki-1)2
71l svM o] dgasirt vjFie] dHolHe dizk EL BE SVM & S
T MY B FE @S UM E922 1 248 BEHEA 9

_20>



Data input

c2 C3 Cc3 C8
C1 C1 c2 c7
{(+) {+) (+} (+)
//’/f’/l\‘\;\\ No
~==_"_ Only one of max{No. of C1,C2..... @ =
-l STl
—
YesI
Decision Non—-Decision

Fig. 2.6 One-against-one approach

_21_



3. 3 H7IAY A s 5A

3.1 7l&

AdiA o 7 3AstE RE BAE ALY 2ay Asde] vl7dd Fo
olated [Fo] WAEA Aok gk du AF FL d¥lgE A= FE
oy 840 dF, 2%, oH, &, S 9 =EdX(stress)7t 285kl
HEHAE HolA =W, 1Ho Ryl o A, vig], BH, niE,
WE WMy Fo &40 HAstm gk FA, ol &4l A e,
| o] AkS, SNE T 228 Aol wAdrh EE &9 LS
A=A dn AR =g $£F e A, A o o] dNkg, dAFA
o] AEHY L ojFddel BAst ol o AFoIlu ol¥E, TE
So] vhepdr) o] HellMds HES HHM HATIA A LA W
o e JAFEA diste] awnAch

rir
ki S
%

& [17,18
32 g3y

Ado] wojP oz AAFo] Q= HAZL 7tal IAd= EAE JAHAY
sk, AN AF Av 2HAL] AdDxel o AT A, THAE
apg} Bl o Wgow <l A F FHA FAFAH LAFA
% AElE E53 H(unbalance)ol 2t FHrt.

29y Az 3 A3E A4 H(centrifugal force)o] LA A, A AA= o=
3k Aol FAol 1Y FHol i &5 W EFE A @i Aol Al

_22,



npe} whEe] FHol AR orbing 2ElW M 2F8c IAEY T F(whirling
motion)2 Al Hol wo] PR WMEsE o] AAHAH WFo| WA

Fig. 3.13 Zo] gke 9o FAFA G7} FAZFORRE (E HAlo]
ol 9A ALz 02 YA A& W EEFE dHY K =Mew® 0%
gdde 9714 M2 4o FAkg), e WH(m), ot DTS E(rad/s)
o|t},

Fig. 3.1 Simple rotor with an unbalance

AHE Fe I AF el A el 7] W], FdFe] 3 Al
mebA B M e 3 #WE(rotating vector)olth. o] AAHH L2 HojP o2 HY
HARE Zrigiddte]l #AHZ 7] wijwol, #HAH S AFEHA & AW
ZlxE Aegdnt a2y, #ojye] gastthE Hojg 2 JE e

ARAZE M HAY e2] F9 U = Me= B H(unbalance)oletal 3, 3
HEQ A48 S 187 13 IFHPer J& dAEstn I3 WELE 59
2zb & gAEo g AsE WAANU ool F wojgolA 3o W3

#7) F, EHE AF WEFS 1 x £ (F & ad Fuagioly AF

¢

2

flo



HES Wb ko] Atk Ed 5 owloj¥ Al e flth

Fig. 3.13F Zo] AFd Hls] F77t && dgo A9Ee AY BHFo]

2ol ARk, A Qe Wste] FAI7E 2 A= AH &3 F(static unbalance)}
&3 &3 3(dynamic unbalance)e] AT £ Ari FH EHFPL AL
Ae WFS A EFER gov, F ol fdate AR 180°9 =9
“} (out of phase)o] Hr}.

gHAle] 2H3E WA= 49 AEY A oo AR
gt} o7 BFd ¥y, AR A AA] HE(rubbing)ol 9 A
Ao F3, WA vt 2§24 ol Ao R A ¥y L wE B
ol AUt EHY o wAHse AFEHS e 2ok

D AFEdze A 3g& =3 39 (harmonic waveform)©) T},

2) AeANEY Fo5 2HEHA A ALz 1X el IA Jehdr)

3) A £ FUto wEt IXAFEe] 533 F1go

33 Ay g 8

HEEF(misalignment)E EHF To] AFPAY JEES A
W2 7Ae dFe® AeH7 Bt 2Y TE A7 go] 53 L g
A7 ZIAR 29 $F7] FE S} Pol B SxFE ol&HE 7|4
ga9te] Ager o|Fojx Qth wjFo] F rjALre Ao 275 =Y
of wj AER A HAol dtHoltt GHREReE AL TESH HF
Fol T2 FAA Mol A @7 wRe] & ZAFo] WAHE FNS T
et AP EFo] 9o JAA Fo] FAHCR FEA7] i, 9F 4o
27153l A71a, 2R o8 JAFE T

HEEZF = Fig. 329 Eol A FHEF(parallel misalignment), Az A
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& (angular misalignment) 122 HA 2 H7} HYPYEapo) Tty HY
e B 37192 U 4 vk F2 A% E4HS AHRY olgel gl
) FF Az A7+ 9192 23} 93 (harmonic waveform)o]t},

2) WEREe] JF T 2AEDA X AET 2X ARL Fa

G- 1X AR 2XA 8o 2A yEpde)
EdoA 1X 8ol A i

}\

Hm

7
N & B AFFAS 2
9 AFA Fo) H53

5) AEE 3o Ugsn, AFL 5o Zo] upat 2obar.

. 1 |\ =

| |

(a) Parallel misalignment _ (b) Angular misalignment

==

(c) Combined misalignment

Fig. 4.2 Misalignment type
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2894 BYERE VA 2% F MY A duE o uwe
HERE, 28 %o del =57l aiEd g4 ZastA Azbsjol )
ER AT B AEEF] 9% WEL = FAo HAZAT o3}
Wzl FHY] o A% Po) AW £ A2 YA A YA
€t Table 3.191E 85 FPEFo) 8 ATEA 2o]2 ey}

Table 3.1 The difference between unbalance and misalignment

=9%F 4% 4 BF
o IXol A L& ZF 2aA o 1Xo] HE £ Y 4B
o WHANEO] digt 2 AF AE . 5o 2 AE
o 2XHIglo} Ry « Skt ME AE5A st
o £EF7e WEd AE B4 o e £

34 33

& (resonance) WL A HolM AFE= FANFY FHisl pzel @
Trideret TAY FAE 24 A% SZHE AL Bt 92 sha
Hel s A2 FdFe B8y AFolAY §9 I (urbulence) FE
AM FAHE AT dRLolth HAZ e BHEY R A} 7 A
FHE o2 BE) A¥oz A9HY 129 Ay B s AdE=
LFASTe vizsld F¢ FHojetn e 5 AEo] LA}

T ol AF] G 4¥nd they g

) fdgel g AFoT 1X JED Jeoo

2) e} £x HslelT A BAo] FAHI gagtk o= A

H3tA =Hd FAA o] AlgpRith

(2



3) XY WEke] At R sl ofdke] FAHol M2 gt
4) A3 Avlel Al TR o)t AFL Aztol Aol wer HHY
At
ool 37kA AF AWEFY, AEEH T A% A2 g Uu
A FHe AFeg AA AFEA 90%ol 4 A st Utk @l A
LS ols 7He] dEHS &2 B3d YT L 40% F FIEFL 30%,
3 20% FEo|t}

3.5 #loly A%

M) F (bearing)E FA7]AS] &4 Mg 2 Aol FFH JgS 7
As M 8T A AL L Fo shdolrh AwkE el AT AN BAy
g B FAES FE vol¥ AA Agolyd e W d@Ho
dagch meb dolyel BAEE Alig BAE fA7A Alx" AA
o] FHol d¥FE vF Wk ofet Alxde] &4 AXo] mE Y AA
4 £4& 2dI AVIHE opF &40 u Foo] 71 FEAA Ho Y
o] ARt AgEAdd dste] dwsich

Fig 345 WIEH PB4 Wolhel 2 wWolds FEE UElL o
A, olF, g AFA 23 ez pAse Q. B wojyg e Fx4
=3 &2 FM(clearance)E 21 10w, FoNEE Mg AF AFE W
el AEAE ol WolDel 9B HeslolA AFolL wlol el
9974 A Kol

= Wolge] uge] Ao dg BEAe Fasrt dEHY, o] 9 44
W&o 2712 HWeBe deig & F Ak E #olgeld Yelys 7B
AL A AE FagE obed goh
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Number of Bulls (V)

Coniac.f

a-j F Ball Diameter (Bd) Angle

Fig. 3.4 Geometry of ball bearing

o 7|2¥ F 34 (fundamental train frequency, FTF):
FTF = ﬂ[] —E(—i—cosqi
2 Pd

o B AH 5 5}5(ball spin frequency, BSF):

BSF = %(rps)ril —(%J cos’ 4
o Y& T F3<3(ball pass frequency of outer race, BPFO):
BPFO = N(FTF)
o & 53 F3F(ball pass frequency of inner race, BPFI) :
BP¥l = N(rps— FTF)
A71M, Bd = 22 AE, PdE 93 HAY, N2 B9

12% 45, ¢= A54E Dw

,28_

Pitch ‘
Diameter {Pd)

e
0,




iy
iy

L ER

4.1 718

iz g Adze 7149 7 e W dAF JF 5FE A
Atk T2z JAFE ST FHFo 2N 7[Ae] e et 7F A%
YU WG F Avh AT FAHL Azt ME NF AFo wigE A
A He SAE AG ASE 7wkes Hdg AsAHEE B9 74
of e mE s 5ZS FEL 7 U clH AP E FA FF(feature
extraction)o] B} 1. 8}9}, EA ZZ o] r|Rgae tjey g}

) S3FE J8stA dEstoof gt

) LT EAFS Ao met MakA] g3 A grolojof gtk

3) MR vE e SAF Atojol: Flgh 78] 3lojof stk

4 S3AFY 7= 4 dHE FE 29+ z23 stelA 7heg

Z|ojok ghr}

2 54 72 shetn g

42.1 A 49
1) ¥ (Mean)
HEe AAG Hze AAE dEss oy @ go Edwch

X +X,+tXx 1
X =2 L=—>"x, (4.1)
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e BE BEgE ¥ Arol JzeAn IR 4549 9%
of W =, oldlet g 4AL K a Aok
© A A5 Aze] @B WA F& oolrh

3 (x,-%)=0
D BE e AAY A5 e gEe] Wi AFFE G Qe
ol @ 7ol geel AFFRo ok

X ®) (s a)

2) ¥ x}(Standard deviation)

AAIE N5o AXE FHEE 452 BAF EFHAIE AL 7HEEA R
BEAATE Aol viE] ow)7t e HEoltk 24 #AS@ES] AT &
AE A AT FEURE BRI 2L 9IS AHRDT "y KZ2Y
e ol &8 AAE AF FERE A E7|7E Sl BEHare] F o
& 24.2)9 2t}

(4.2)

3) o = (Skewness)
AAE Az A #E5gh

5 £ WARES BT 1}
B e Ameta @k F#n 7

A YA HE=

o



gaolnh vhd @Ed BEAA D A% nE AW 9 o E(negative
skewness)E 7HA ) FH¥|giFole}t &tx, QEFo 7 71 wAE XA %) 9
EE M Rl gt dEE dE Ao Al ADFE b))
FRE7E ADE ovsla $egAold o4 FujgAom & Fold 0
ol @s 7Y dEE Aae e oew g

{d Pearson 9
Fad FFUEE ANGH JolE FFAE UE gow Fai= uw
Holo}
¥ -mode 3(¥—median)

B = ~

o2 (e

o 7] M, mode® #HW g, median Fogk2 ojvsich
@ B W BFHAE] B E o) &3 Wy
HE2] & E A (moment coefficient of skewness =& anomaly)® F&ts

Bog 7 wol Atgdrt AFonyE HAE MAFIE FFEUA e
HAw oz e gholth

p=tE (4.3)
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0.5 g -0
0.4t
8 >0 £,<0
0.3F
=
k-
0.2
01
0 1 1 1 L 1 )
s 4 3 -2 1 0 1 2 3 4 5

Fig. 4.1 The relation of skewness and probability density function

4) 3 X (Kurtosis)

A=s 99 4 ZAEE ot 22 o] 145e goz o
Fel AF 718 FAK) Aol Feo os) AFAck Ed Haxs} 3
2HE Hojgely 7lojTdA R 59 HFE, Hrt D g o] &
g}

A=s AAD AE9 gEdeds B2¥7 Ze Hdo xS vehhs
Exoln), goM Hd9e HE, RFEA, Y7t 2% 21 shaE A
°f X et 9& 397 2g F g, wetM AR ¢ Fze U
Bzl S8 B2 E0l FHl AFHL AEE Jehit @<l dE7 98
A Aok AE9 HEAT AYE @ 2ok

#Fd
%

15y
ﬁ2 = N (4.4)

4
g

AAG A7 AFEEE M A9 AL AFE 300, AE A%} 3 o
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AY AS YFEzuc w2 27 §aFH: leptokurtic), 380+ &S A7
¢+ A (platykurtic)°o} Bt

08 T

g; =0
06 L

p(x)

5 4 -3 -2 -1

Fig. 4.2 The relation of kurtosis and probability density function

5) A & A (RMS)

Ao Ag =g vehhE 549 4% AFE s s e B
o024 RMSHS AHEata gtk ol HFA 9 AR scatter?] HR(EAH7E
Tgslo} glom Ao e waEg ngsta 159 FAFH FHE e
W ouA S 18 adgd AEL gASER A5 279 ®do) M A
Fatch RMS ] Ao 4.5 &t

X, = (4.5)
6) 37345 (Shape factor)
A% 9] overallgtel sk AF B2 ¥E vepdoh
S/F = Zms (4.6)

=|
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7) 3} 318 (Crest factor)

2% 9] Peak@t T overallgt?) ®BlE veERNH, #lojHoly 7]oje] ATE A
Hod A2 gtk o #e AE HE AMY AMEHE FF719 gaintt
DA Byo] 2= EAL VepdT sndge] Hoe H@nd Erh

X

C/F=—= (4.7)
X

ms

422 735 99
1) Frequency center

Frequency center: oAb AlAE HNEE A Fu5 dolA RS o 2%
59 9o A Ui oo FojAe A@s)n gol thebdct

A4 AlFo] e Frequency centert Tt 2t

[ " resthar
F/C = —
[ s(dr

o] 2k A o] e Frequency center?] 3 o]4& thg-3t gt}

n

le‘xr

FC == (48)

2%2 x’
i=1

4714 sy e ~AEYE FBTH
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2) Mean square frequency

A& A5 dF Mean square frequency s TS5 o)

|1 s(har

0

[ sthar

MSF =

o]A M %o tiE Mean square frequencyt Th23} g},

2%

MSF= —=2.

47rzzn: x;
i1

3) Root mean square frequency

RMSF=+MSF

4) Variance frequency
A 2H9EYN FY FR5E FHoz o
48 UERE gholth
[ (r-FC)-s(ndr
VF = —
|, sthar

ke
rir

VF=MSF-(FCY

5) Root variance frequency

RVF=yVF

(4.9)

(4.10)

(4.11)

(4.12)



4.2.3 Entropy 99

1) Entropy estimation = entropy error
A E = 9] (Entropy)2tE §ol= FRo|E T T4 ol ofn B dlo]
4 g3t Sl Ao FEE EAEY] Aste) o) ARH AMEHo ok
Tt AR AAA FHoHE dERV Y I oy 2ANTA
olm]of A "Hoji} FH el %Famount of information)& H7FstE 7|E o824 AR
T ou| g #RenP S dEZAE BEAAe a2 Algro] At
A3 1940 tho]  Shannonol 2|a} AAH AU
FEEHQ Aol SHAY dA depvle HE x Al 23 v e &
& ¥ 7 (random variables)o| ™ Z" o %3t} Entropy function 2] (4.13)% o]
#

oX
do

£

H(x)= j p(x)-In p(x)dx (4.13)

o714, ¥ T estimation error, p(¥)T D=8 r(density function), p(¥/z") &

of W

34 =8 (conditional density function), 2171 2] moments E{x"}, Z" 2 7}
e 439 AL ebdn) 3 ol 9] Orthogonai- projection©} &0
3l entropy errorft-& AAME = b P

1o

{Orthogonal-Projection ©] Z]
@ x(k/mye 2"
@ xk/m)=3%(k/m)—-x(k)2 Z"WolA BE HEHELS Fuo]t}
@ x(k/m)< Hilbert YE]F7E X oA FY3H
@ estimation error X(k / m) = E{|| %(k/m)|[’} ©1t}. 22l errors

4 FEAS MAY F E{EKk/m)X (k/m)} =min < 7}At}h
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| X(k/m)

| z" )

X (state space)

Fig.4.3 Orthogonal projection

2) Lower bound$} upper bound

Lower bound®} upper boundi= AAIE 4% digh 3| AE1W} A A
o shgte) AAZE YeR D Utk o]59 AHAALE A 4149 Fh

delta
2 (4.14)
elta

Lower =max(x)-

Upper =max(x)+

714, delta = max(x) - mn(x)
| n-1

ol

43 ol g3t Ay B

dol &8 AL 1980 o] Eoidhy dwaA A7 AFT olELRE

oR
129 F]o & M(Fourier analysis)o] 713 Q& o]8H FAE FEF}Y]

gt AZFATh FEd s @AlE ANIZE BAY o 11 %9 AR



i
-

YRot FopARE FA sobd § ks Aot o FAE
71 A% 71€9 A2 WHoRE Feo s AE do dAxS )
HEA 7 Gabor ME FE Short-time ol ] Fo] Qdrh 2, o
M gL 2R HAFe] 5K Rtk 1 ojfFEE AxF9 A7 u
X B 7bse Alse] Fag 99yl vl FsAge A, e EF

g Alojoll X1Z 9 BAHP0R of7|H e ESUHGibbs @) Tl S5

44

&

o

=N
=
=

e
=

g, olg|gt A Yolx Fo AL FaAE AA Az YA}
EAG Hg Afol JFHAER 77 dEvE Dol At oA e @S
HNA37] 95t AAH Ao] Karhunen-Loeve HBHo}z gk o] ¥hH 2 i Al
S50 EAH EA wet 7 o2 BasisES Folop 7] ofFo] 2AF
580 gt FA7F Uk

dol 2 AL 1 714E dAELTY FAGE FAAM AZFT
(renormalization group)°} &, 89| 33l 4 (harmonic analysis) Z°ll 4] Calderon-
Zygmund Operatoro] &, 12|31 A& a2 Foto] theiadx He] W3 o]& Fol
FaoAd.

geolEa #H4AL 1 AL (multi-resolution) HA T A F-FIF FAl A
Ex 283 compact support 54 5208 & FRAHoZ EXF= HHGA
% (non-stationary signal)& ¥A&=d 5% AzA e 7igelr o2 H &)
Ao NAGFE TYsta 714 @4 Wolg EFe 2N nFgy Yt
Ao Y9 #A4E(resolutionE Fojx, ¥ 71A T Azt Fof et
olFgogR Zt Fukg Aol At mE HsE xdY & UTh A 7
A g B FFY St AME AL Fig 440 dAClA ®ol AHEH
T Daubechies ¥& LHERISIT-
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1 15 I 1 1
1 05 a5 05
0.5
0 0
0 . ? a5
05 -5 05 -
-1 | -1 -1 -1
0 1 2 01 2 34 o 2 4 6 0 2 4 6 0 5 10
db2 db3 db4 dbs db6
1 1 i 1
05 05 05 as
O 0 o 0
05 05 05 05
-1 -1 -1 -i
0 5 10 15 05 10 1% 0o 5 10 15 0 5 10 15
db? dbs dbo dbla

Fig. 4.4 Daubechies basis functions

431 A% Yol B3 W
3.

,J
rx

o] 23 ¥ 3HContinuous Wavelet Transform, CWT)2 &4 W4
F) e Aold 7)A dolBER W, 9o F& A ATl o HEd Aol
ok AZF g (09 % dolER WML N5 Zol Feldrh

rlo

CWT(aby= [ fOOF et

1 1—b (4.13)
v )
A71H, o= 2AY FetulE, b Hol FHelulg, v 1A dolERE UEH
b glolEY WE A= SR HoloA AE (17t 2ALHL Hold

r2

ojEaiTtel A@dg 2uigch dolE WP o] FaF A
dole AT} S, AAYE & hEe ot
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432 oAk gol &3 WE

Az golBm WadME BE 2ALAA 9o)ER AFE AL}ERE =2
o A7e oFtm B dolHE At o AHE B estr] A
o]4b fojrEl WMEE 29 FHol Hie 2AYAM Heled HEg TAFe
2 ARHS SA G AeelA AMALE B Folo 2o A Hg
o 23} o|at ¢fol&8l W F(Discrete Wavelet Transform, DWT)oll Ao} 2=
Q s g0 BolBR FF Hot A 46T 2ol AelEn.

P =) (2t —k)

(4.16)
Y=Y (- dr+k-N+1D
k

A 714, N& 29) F#Ql ol A%, ¢ & AR sl Bl £
HET R )

o

Nch =2, zcchb =26 4.17

A714, § Kronecker ZEFS 9T §IT}

_40_



51 QAnE 28 FEF AF7) A EFE

2 oA AA" G5 #8848 AR Astd HAl AdE=
Wgng 28 GEE 42719 Ay BFE oI FEIHAT

51.1 e} 57 AL2E

e B8 A" AR FERE Fig 513 gk 2R AR JIARTEH 7
2% Al(accelerometer)?t #Fe] 2 2 E(microphone) &9 AME o] &3te] 9 M=
(raw signal)®} HE, & AAG dolEe] AD BFE B3 ol fojE =z B
3, golB% BAF EAY A7) 5L olgstd 54 FF, SVME ol F
2o BFe gRgoz FAH U

5.1.2 HolH HE
A4 o), B avie] WAL FRE FF7|E Yo ¥ AEE FH
37 A% NETAGG 2L AFE FHsT] AT vo]ARES o8t A
= = Assqrh A5 AdE 48 4o Fos
g e 40967001 th Fig. 528 ol ©E

42 NFE Fig 53 A% A5 A 39& JERAAT
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T Data Acauisition
(DSP/AD)

'

(Wavelet transform, Stat

Feature Extraction

istics)

Y

Database for Train

!

Training
(SMO aigorithm)

Update

'

Classification
(SVM algorithm)

‘ Database of SVs

.

——

-

e

T

“Normal/Abn ormé{j’"

-1 Training Process

Condition !dentification

[

Classification Process

Fig. 5.1 The structure of condition classification

o
2

o ©
8 B

-0.02 4

amplitude (V)

&
®,

T T T T T T N !
000 002 004 006 008 010

T T
012 014
fime (sec)

{a) Healthy condition

0.16




amplitude (V)
6 &6 o o o
T 8 8 8 X

T i v T T T A ¥ T T T T 1
000 ©O02 004 006 008 010 012 014 016
time (sec)

(b) Faulty condition

Fig. 5.2 Time-waveform noise signals.

SARANAR AR

VY

1 v 1 M T v 1 M 1 v T A T

002 004 006 008 010 012 014 016
time (sec)

amplitude (V)

1= =
= o
o 3

1

o
o
S

(a) Healthy condition

)
—_
o

amplitude (V)

1

& =) o o

—

= ] 2 R
" 1 L A

T T L T M T M T M T N T M
000 002 004 006 008 010 012 014 016
time (sec)

(b) Faulty condition

Fig. 5.3. Time-waveform vibration signals
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513 53 F&
i 71419 7 g Bhstr] s 4 ¢EV] 2 10 AR AALE AR

2 Daubeches D10 $o) &8 wgs 8519t 2 A7 AFEHF 99 Br}
DENS GolH AN % BT AU PR $oTE ¥ ¢ YA

A tevel 15-E level 474R| 9] T Fodo Uit FAF EFFQ HA, BEF
Az, AL, WS 7 level B2 F 167019 SAFE FalALt

Fig. 5.45 A2 A3l gt level 4744 2] Yol ER HE A& eyl e
9, Fig. 5.5 © & A5o] g AAE eplA

Original signal and details Original signal and details

b«
(]

Amplitude(V)

002 054 006 00F 010 042 0.4 048 002 004 008 008 0.10 012 014 0.16
Time(s) Time(s)
(a) Healthy condition (b) Faulty condition

Fig. 5.4. Original and detail sub-bands noise signals
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Original signal and details
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{(a) Healthy condition

Original signal and details
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d3o.eo
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Time(s)

(b) Faulty condition

Fig. 5.5. Original and detail sub-bands vibration signals

Fig. 5.6 A&

Az
E% level 4714 9] 53

o 9 Azol ojg FAY 54
2tg e Zoln

£, Fig. 5.791& 4dol

105 -—
- C1;
084 o &2
06
0%+
0.2 L/ -
-
004

T T T T T T T T T g
N1 N2 N3 N4 N5 A1 A2 A3 A4 A5

(a) Mean (Cy) and standard deviation (C;)

08 |- i

06

a4 -

024

00+

N1 N2 N3 N4 N5 A1 AZ A3 A4 A

(b) Skewness ((';) and kurtosis (Cy)

Fig. 5.6. Moment coefficient of the time-waveform noise signal
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T T T T T T T T T T T T T T T T T T T T
N1 N2 N3 N4 N5 A1 A2 A3 A4 A5 N1 N2 N3 N4 N5 A1 A2 A3 A4 A5

(a) Level 1 (5~10kHz) {b) Level 2 (2.5~5kHz)

' N1‘N2'N3 'N4'NSTA1 IAZ A3 A4 A5 ' N‘I'NZ[NS INA’NS‘A‘\ A2 AS A4 P\Sl
(c) Level 3 (1.25~2.5kHz) (d) Level 4 (0.625~1.25kHz)

Fig. 5.7. Moment coefficient of wavelet transformed data (Noise)

>
fof  mn

dlold A
59} A% Azl ¢ A5 A7k AE} level 47412 SolER ¥
st NEE At Zhzhel wskel A geold staich FA dielE = 707
@7 12 A, B3 a2, % 287, HEE doEE 30707
W 3704, A4 187, 2% 127)E AHEskaT

svMe] &2 9sta plawsh Ak sMO ¢ ES AHEEGn AE ¥
zzx oubA 0@ Wo| ALg8HE Gaussian RBF A Y& AME31SITh RBF A ¥
g g 9olA ARl o SeteEel AY E g2 wE P T
of A4 Fhconstant width)2} Jack? Nandi®!lol] 2l #A|otd HFAA H7F

n

1.4 A

b
r

o
=]

—
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o A}E-3 Ph(averaged widthyS AHEE%TH  Fig. 6.8% 6.9°1 RBF Ag Zof
g BEE7 svel 5 vehlide

Heo- Noise
—n— _Vibration

Classification rate(%)

RBF kernel width

(a) Classification rate

o Noise
—a— Vibration

Number of SVs
W
e
L

0.1 . ' 1 ' 10 o 1'(1)0
RBF kernel width

(b) Number of support vectors
Fig. 5.8. RBF kernel width for time-waveforrm data
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i | —o - Noise
—4 - \ibration

100 - -

904 4
god (i

7044 i i

Classification rate(%)

80 -

01 ' 1 S 10 l 160
RBF Kernel Width

(a) Classification rate

: | —c— Noise
. |_-»-- Vibration

T03egy oo i

Number of SVs

RBF kernel width

(b) Number of support vectors
Fig. 5.9. RBF kernel width for wavelet-transformed data
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Table 5.13F 520i= 3§ AFE Ak &% Az A EFEC
j00%olelon, AE AFY AL 100%, 96.7%Ach =3 AR average width
oAb AMTH constant width #E AHEE A7 o e wRES
LrERR -

Table 5.1 Performance comparisons of SVMs for time-waveform data

Classification rate RBF

Classtifier Data (%) kemel width Number of $Vs
SVM Noise 93.3 (28/30) 0.198 25
(average width)  vibration  90.0 (27/30) 0.218 25
SVM Noise 100 (30/30) 1.80 13 (optimum)
(constant width)  vipration 100 (30/30) 2.00 12 (optimum)

Table 5.2 Performance comparisons of SVMs for wavelet transformed data

Classifier Data Classiﬁ((:,’a/lot)ion rate kemlz?\ii dth Number of SVs
SVM Noise 86.7 (26/30) 0.278 59
(average width)  vibration 96.7 (29/30) 0.375 53
SVM Noise 100 (30/30) 1.7 18 (optimum)
(constant width)  vipration  96.7 (29/30) 5.4 10 (optimum)

52 3| A7NAL 2F AGH

B e E oY FAAE M A YA A% g skl Al Al
g oruglS3 AL ol gl F8#4L W Bokor =g 24
oA} o1 Alz el SOFM, LVQ, RBF A A9 #e) ¥7F AaE ¥, HE Y
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Fig. 5.10. The structure of fault diagnosis system
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Fig. 5.11. The structure of machinery fault simulator
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Table 6.3 Description of each fault condition

Fault type Label Description
Normal Cl | No fault
Outer race C2 | Aspalling on the outer raceway surface
Inner race C3 | Aspalling on the inner raceway surface
Bearing
Ball C4 | Aspalling on the ball surface
Complex C5 | Multiple defects with a outer, inner and ball
Angular C6 | Angular eccentricity : 0.7 °
Misalignment
Parallel C7 | Parallel eccentricity : 2mm
Unbalance C8 | Mechanical unbalance : 578 g-mm
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2 0.2 4
_g 1 .
_,_E_ 0.0
& J
Z 021
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(a) Normal condition
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Fig. 5.12. The time waveform signals from machinery fault simulator
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Fig. 5.13. Feature extraction of the time waveform signals
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Table 5.4. Attribute label of each input feature

Attribute label

Feature Time Wavelet Wavelet Wavelet
waveform level 1 level 2 level 3
Mean 1 9 17 25
RMS 2 10 18 26
Shape factor 3 11 19 27
Skewness 4 12 20 28
Kurtosis 5 13 21 29
Crest factor 6 14 22 30
Entropy estimation 7 15 23 31
Entropy error 8 16 24 32
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Fig. 5.14. Effectiveness factor of features
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Table 5.5 Fault classification results due to kernel and multi-class classification strategy

Kernel Multi-class Class.iﬁcation rate (%)  Number Training
approach Training  Testing of SVs time (s)
Linear One vs. one 100 93.75 44 1.25
One vs. all 98.125 90.00 55 12.10
Polynomial One vs. one 100 93.75 41 0.93
=D One vs. all 98.125 90.00 55 20.56
Polynomial One vs. one 100 92.5 37 0.94
(d=2) One vs. all 100 90.00 38 28.31
Polynomial One vs. one 100 93.75 37 0.94
(d=3) One vs. all 100 88.75 32 22.45
Polynomial One vs. one 100 93.75 36 0.98
(d=4) One vs. all 100 91.25 36 62.66
Gaussian RBF ~ One vs. one 100 98.75 43 3.37
(o=0.168) One vs. all 100 92.50 44 9.90

Table 5.63F Fig. 5.1501%= svMel & HolH T Atgsth: 573 getvlg
= wEE S 2942 dehia ok gurdos o] AHEEhE RBF
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njEje] 4o uhgl A MgHoR FrhEHAT
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SOFM, LVQ, RBF A1 7w3} 25 ZAF4E 4 iﬂ_fs}%igtﬁ, 71 Ay SVMo] thE
N7 G ERT o e ERE 2ol g st
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Table 5.6 Performance comparison of SVM with feature selection by using RBF

kernels and one-against-one method

Kernel Test No.

fle\]a(iﬁ?:s Input features Wigth Sug)c/‘:gss S(gs F:;?::l(g‘;g
2 16,24 0.142 62.50 54 1.87
4 8.16,22,24 0.50 96.25 49 2.09
6 8,16,22,23,24,31 0.152 96.25 41 2.21
8 8.16,18,22,23,24,26,31 0.168 98.75 43 3.37
10 6,8,16,18,22,23,24,26,31,32 0.162 98.75 48 2.85
12 6.7.8,14,16,18,22,23.24,26,31,32  0.145 100 49 3.91
16 2,5,6,7,8,14,15,16,18,21,22,23, 0.10 100 53 4.62
24,26,31,32
24 12,3,4,5.6,7,8,10,12,13,14,15,16,  0.28 100 56 7.07
18,21,22,23,24,26,29,30,31,32

8 Time waveform (1-8) 0.25 98.75 51 3.23
32 All(1-32) 0.60 97.50 67 7.49

100

95 1

LR Rl U S G A S =
§ DS RS VTSR N U0 N R TR VO NSO SO c
L
L g oo e Test success
601 . """ '3 """ e T - 4—Traan1ng tlme 0

0 2'4 6 8 101214 16 1820222426283032
Number of selected features

Fig. 5.15. Performance of SVMs for different number of selected features
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Table 5.7 Classification results of SVM, SOFM, LVQ and RBF networks

Classifier SOFM LVQ RBF SVM
Success rate (%) 93 93 89 98.75
Network structure 80-54 80-40 80-35-42 43
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