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Design of Optimized Radial Basis Function Neural Networks Classifier Using EMC
Sensor for Partial Discharge Pattern Recognition
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Abstract - In this study, the design methodology of pattern classification is introduced for avoiding faults through partial
discharge occurring in the power facilities and local sites. In order to classify some partial discharge types according to the
characteristics of each feature, the model is constructed by using the Radial Basis Function Neural Networks(RBFNNs) and
Particle Swarm Optimization(PSO). In the input layer of the RBFNNSs, the feature vector is searched and the dimension is
reduced through Principal Component Analysis(PCA) and PSO. In the hidden layer, the fuzzy coefficients of the fuzzy
clustering method(FCM) are tuned using PSO. Raw datasets for partial discharge are obtained through the Motor Insulation
Monitoring System(MIMS) instrument using an Epoxy Mica Coupling(EMC) sensor. The preprocessed datasets for partial
discharge are acquired through the Phase Resolved Partial Discharge Analysis(PRPDA) preprocessing algorithm to obtain partial
discharge types such as void, corona, surface, and slot discharges. Also, when the amplitude size is considered as two types of
both the maximum value and the average value in the process for extracting the preprocessed datasets, two different kinds of
feature datasets are produced. In this study, the classification ratio between the proposed RBFNNs model and other classifiers
is shown by using the two different kinds of feature datasets, and also we demonstrate the proposed model shows superiority

from the viewpoint of classification performance.
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3) B 2R (Surface discharge)

dugoR FARY FHolM Yollks WMo FARO)
5 A3 7o) bEYe MANOR BOMEA T Ase
Hed U A2 Aold 2oz BUe meh BZol WA
o] SuiEl WHo] WAHCL oS EW WA 2 Aduy
Folah Btk

4) &% WA (Slot discharge)

2o FHA, gX, #AF FA 9 ] S0F O|R0A o
A &xg tHoZ 2 o {Xlol witA thgst K012
H} =]

71711 A7 GHEAYU i@ 2 ZRA0 A
dojut ®71A AEH AT ojutal AV dst 3o
A Ez](Treeing)0] A7ICt AuE oz Agh HQojA HEg
Fo] LAE Y AGSEQ RO FRAQ &AL Fafsil.

— g
o S
0%

22 ROAFE S8t EolE 74
7}. EMC(Epoxy Mica Coupling) AA]

EMC MA= AW7], 2, @&7], Hg7)er te
e AR Ze AC nEYe AIF oo tish BE EA

1393



7|Es=2X| 663 9% 20174 9¥

&N
&

2g Ao flgt AXoltt. & 2EEE) 4o
H31 8kV, 18kV, 28k V A #HdzE FRECE eSS
AAIZ17) QEiA ARQRE Bt dXol 2Este] Axls
Zi0] £90L} AA9] RIE= Fulo] wet gy AX =

4

fr o W e
=
0%

Lt EMC AIKE ol8%! tolH &4 % Al2" 74

B2 Ao 7 HEEE -0 AFgEE oy Al &
EMC MAE olgslo] BE WA =4 HolHE FISdly| {st
A ZAXO EE ofgl 1" 10 LERNRILE HYUE o1gst
WEAE 38KV~ 68KV AO|Z LS QVistal EESHIA )
= FE Ao noAde AASIT] ojnf dhdshs RE WA
9 & ASE EMC AAZE FeLh o] 5% 4158 MIMS
ZHIE B3l THEARIAl &2

tlolHE 5ot €t

HV PD free
Transformer

ks “é.‘%“‘“ 7| [ =
2.8kV ~ 6.8kV. IS —|m
1

8] 1 EMC AIAE olgst HEWE =8 A4 /fEe:
Fig. 1 Concept map of partial discharge measurement system
using EMC sensor

o} gloly AP Iy

PRPDA: 7}&
8} BofoA] o] AFRE 1 QUTE PRPDAE MIMSEH|E

XZ0] F7)(Amplitude : AMP)Q} =8 Zl=<=(Pulse Per Second
: PPS) AHME Ze= FE HIOII—H 60 Hz9] A Qado] 5H
AZILE o] EFE BE UE ASE g 155 o)k 58 &0
™ 900 AE Als7E AXIOIA NEOI AFEE =0T} 0
2 gd Also] oist BA =37 g ()t wE &+
n(®)2 UEo] BASH= giolt ol 188 16%
He gdg 3¢t 18 20ih

ge] deidl dukshe WAl EHolal Sl

3 E35
S

o mk —
B |

Of
!
18

g B2 HolE 75

2 A7olMe o Flo) tigt Az &, a9l dole 16.66
msQl RESE ASE Fgsta SHE UolEHE Soto] Hlo]
EIE &S ol Sk HlojE g 9140] 360°Q AsE 2° It

=

Aog FHo 1807 Fooz REghrt BeE 7 o ¢
AMPQ} PPS A K7} 40l HoJE]
= 3607171 ©ck. olof thet Aye

1394

. ~MP /\
1

N rrs

N

-

I8 2 REEA Holy 53
Fig. 2 Superposition of partial discharge data set

3 --- Closs

AMP  PPS

S

AMP  PPS PPS 1

<«

AMP  PPS PPS 2

S

AMP  PPS PPS 3

bl

LdlyJL s JL_x_J

AMP  PPS PPS 4

J% 3 EPRPDA HHOZE 15 R doly FyEd
Fig. 3 The partial discharge data set features built PRPDA
method

3. PSOE 0o|g8%t FCM”7|gt RBFNNs H882%7] 47
3.1 PSO(Particle Swarm Optimization)

AR EL’S. Rt FuEEe Mot BaV] Het 22 AlSH
AsAPAS HEFEOR & F YaIglEoIL). O180] HEstal
?““5401 8olotH H=sh 8t AAIRIE ALgsto THE &EA W
HED FgRoR s B 7} shssiol ZE9
SIE whE AIRE Ot MME Ch &2 =Rokl= PSOE A
8ol AE IhHE 2 CHB].

EJ&LE
4 g Tl
o %

30

Ton o
>
N

3.2 PCA(Principle Component Analysis)

ZHRI A Ol%@t}. =N ) ?JEJH]OIHOW Hx}% o7 %
AbHE dHol7] TR 4 A A9 AA oolE FHE
Z|thet RAISHEA] HAsH= & 1 71 £Q5ith AFE F45
= i 1= AA giE 71og
& HoJEE HO|E 2507H,
ohxj 24502 #8500 &
1,2007H9] EMEJ% Z¥R Al %U:}. Z} HoJEE 360 RLOE O]
FoIA QUr 360 AHAY YEH4E FHRE BEMHE Ed AF



S B Ee AgN @US fHnt & U 8508 A
AP 4 k. B Agloae %ewm = AU5E o
Holo] AgsIE st S QuLES ol e me)
BE WEen dsg ;Lanmo&tﬂ o] 2o tigt JdBE FHol
MY 9 TFolA A TR Bihe).

3.3 AM¢tEl RBFNNs flHER7]9 2

(=)
2 v
@ Ok 1S ¢ £ gl Agoliol S WS sopt

%80} 71889 Q4 IA F VKR 98

15 AEAEQ welyh BZOIT AQHE RBFNNs
HEHER= AZIEY ZiHteg Yo i, 7sE EE
EA AR, 485, FERE UN0 SESITL TR 7 #
S 7IRAICNL 22 ALY VIR SE dgeE et
& =E0Ae= FCME AMESH HOJHE SFE= Lol 34
#e oty DA FHRA HEE S8R 4 o
niete] Agtee HA7ksAl gt Joik RFASEMEE Sl
EROAE 2B £Ho2 LA Y, o AA7IEAY g
Arsshll ke ZieREE wE 1;}/\1 XA T e NEE=E
MYEFES AISSITHT].

“dote 7}

& e, o

>£

Eoro

BEAE(LE) 7

[ 2040

zy rE%

X — ( \ i Ri(®) 1
Xy — | Principal Fuzzy Ry(x) -

X I
i Component C-Means R;(x) H :

; I
> Va

Analysi Clustering R.(x)
X35> alysis g 1

18 4 PSOZ 0]&3t FCM 7|¥t RBFNNs &11E]&
Fig. 4 FCM-based RBFNNs algorithm using PSO

B2 =RojAE= PSOE 0|88t FCM 7]dt RBFNNs HElS A}
BRI %E—O] 5*&5— —E 'ﬂd% EdiA 28 gA9 E

HolEe g1 & Sds
u.qgmafr: By tﬂom% BT AE SFHo]
A3l AHEL, 2HSeZ Sole SPHoHE FCM
g Solo] 253 2HFEE AN oln) 2959 T
e SoaH Vel ued Fil £58ks 71ES FAR
9] g5k2=0] At Yt S A

7t g SO Ed
oI} FCME Sofl Aldte et Aa7FsXE olgsto] 2t

Hr
A
i
Rl
=E=\
rm
o
>
)
-{0

{3l EMCHIME o8¢t ZX=kEl RBFNNs =77| a7

Trans. KIEE. Vol. 66, No. 9, SEP, 2017

E“EH/\ HE EYE Aot AR8EE HEVIEX= 1A Ag

E(Linear), 2} A8 FE(Quadratic), HHE 2a Ay =&
(Modlﬁed Quadratic)0] QIO & =F0A= 1AAE AIESIA
CH10]. TFekA] HEf9] HE7MERIE AFETO 2R off A1) T
Al 13zl 22 ojd TRo|AQ siAo] Zhssitt

HUOSL

IF z;; is Ayand - and z, is Ay then f; (zy,...z,) (1)

OI7IM ;= YEHH, 4,% FCMol 98t i(i=1,,¢)H
A OES 2% 8, f(2)E iti=1,5)dm S0 g
WA A TEO] CHIAOILL FCME ASHORA HEIS
HolAE &4 SeE Aold SHolME a% 9 Jss
FSICE Al (D9 'then' OJF 73§H°] }@&% HERS &
ANERAZ, HA A9 22 pEZ S F2ERA UE
Y9 HEEHS WA ?z_u?cﬁ FefiZTt. ol
Z0] 71 RBFNNs LX= WAl FEE 7[Hoez & YEYA
TERE T, ZdE, éﬂij‘j— FERC} L
ZER HlHol SAsitt

> JIHI k’

7:]0] ==

dol Al 7IX] 71sH

34 FWtR % 5§ W SR a8

He ClolEH 9] 0] A
gt Wy g FEl@E T THRAIR S 5§ Ahst
Ch B =89 RI¢tsH= RBFNNst: 7]&E 7HRAIQF g thal
FCME ASSIRTE FCME HIssst 3iE, &4, S 89 7I1E
g &9l HoHE ERcte SadECs, Holget 2t SHAH
QLo AT|E VEORE 4AFFEE =350 HoHE BRIt
o]E §V\-1 6}/\01 X%%IE 7H1E:lle]. EO%H ]-o]—/\] 7]1:!} RBFNNs
Yo 24E g SHE 3318 & Atk ok HAE S
&l FCM ZEHR 582 +deEntb][6]. SEHFE ThAl9] miin|
B A4 Least Square Estimator(LSE) ShEHHE AMESH0]
HES AASL LSEe QRRIEY 0] Havt Hes ATE
Fgon U RS9 ASE o ®oll F6t7] miZol A9
2o shzol 8 7hsslth

= "o Ay T 532 Foj
:

4. AEHOIA ¥ di} rE
41 49 AQ & FR}

= M”18t RBFNNs&
ol & &atALt. -‘?—z‘é}@ EZ & AMPE

0] ooz Alstol g5
Hwsh F&st SilelEs

S WE 28 4
Hgiow %1 b

& HlolEel wE
LT

HEE BAsto]l L gt oz miRinEE ddstol g 2
Fae =oldtt kot uE 27719 FAE dse gkt

EAR AEEE =07] QeliA FAAHoHE okl & 19
5-Fold Cross Validationg AMZ5t0] k&1t 452 Easto] A
e st

1395



7|Es=2X| 663 9% 20174 9¥

= 1 5-Fold Cross ValidationE O]&¢%t Bt E&7]

Table 1 Average classifier using 5-Fold Cross Validation

5-Fold Cross Validation= HIOIEIE Shgole IPHOIA &AL
FOZ shtol HolHE ERFalAl Zal HBol Algsto] 2 2
T4 = " 2Re 2 dse B9 WolA stuel gte
2 Ul BR1E @74]‘} skst AS0l AESIAl &2 HA
E HolHE Y"olo] AAES AESITE BF 182 o9
CHAIQF 2Tt

[Step 1] FEEH AIRE Solo] Holdg o
SXRO|A REEE EH0] 22 AIRE 7K1l Rodde o
Ch olmf Alg7t O ol Aoz Algd + gle W7kl 22

o] REuEol 54 HolEE ZHNILL

ml

-

[Step 2] ©lOIE AAE]
MIMSEHIE Sdal 8% HoHE dal ¢#Z PRPDAZIH
o] 37

S 0|&3sto] HH9 =A7iel UHE += HolHE AT €
Ch. ol AMPE FHiglem & ZI0IX Hugler & Z0KE
pSksin

[Step 3] & W&

360°9] {14k, 0|8 2° 7HHoR EJ|o] 1807 FYor B
Sich o] AR 9 & AMPQ} PPSE WAIZ EFT HlolHE
Zk=7) =t (s 3607H)

[Step 4] HEHQ HEWA R
AEHoR HE WHE ERS: WAL 5% Ho
o :_

12007, LEHSI} 3607HE &|QHEl RBFNNso %1 5t0] 25
A Eck ol FHst gaglEe S iEH ERES =94,
AR BAHE 8510 =2 A9 HlolH ZolA FHAES
HOlH JtoZ E0IFHA] B2 Al O S0l BA0] 7}
SalA =t

42 kg 43

RBFNNs SHEER7IE Folst7] QI AERe] Y¥ogs
360719 WSS HASIIIEIES Sato] [40 80] A &
ods BA 9 F4s67iH SZUoEE A}%o}ﬁt} ES 2435
wE9 et FeMOl HAISH Ak FAsh danlEs %6
247} [2 4], [11 30] 3t & 71F £2 g5 BN 2 &
g S~ G HoEHE 50%E sEalll, 30%sE d5, LHHI
20%= EIAE HOJEE AHSSIITE Hlo 1Ei91 A7t A7) Wi

|)l

1396

o] EHHE TIEAl2 Type 191 Linear@Z 1WAAIZI, 1 HO|
S50 g5e o aeiuH9 B Hel ‘3—: F &g} nktnlg
= ol & 29} Zo] AFstAr11].

E 2 PSOE 0O]&%t RBFNNs ¥ 3EE ¢Jsh alat|g]
Table 2 Parameters for building of RBFNNs model using PSO

PSOHH uHIH

No. of Generations 100
Swarm Size 50
Viax 20%
(Woin Wi, ) [0.4 09]
G G 20
SHHE oFA] Rbe Type 1 (Linear)
ECEEL
No. of Dimensions [40 80]
No. of Rules [2 4]
Fuzzification coefficient (1.1 3.0]

43 A HolESt Bg HolH FELA e Hlal

tlolHE dAlElske oM 2o 4718 Fd= ot &
Fe met dae ol —’F%’%‘ mo] & 2709 SFHOEZ} Lt
QA €tk o] &= 9] SFHOEZF oA 2 REWHE ot
e Sd& HoleAl T8e Soto] Hial golsl &oh WA K

o|E HHOl EAS Negative(0 oAl 90°)Qt Positive(180° 0l A

270°)Eo] AMP 2 PPS7} WRE By o] MEIEAS HOl

E} Foizto] 4 HolH 18 (a9 Bwgel E4 oy 18
(b)7} HIS=eE gkals HOITHA4].

v B w ™ E}
Degree Degree
(@ IZe FYReE &Y (b) A=g Faglos &Y

J8 5 Holt dol AUl Begt 54 Hl
Fig 5 Pattern feature comparison of void discharge data of
maximum and average value

02

AZY BHo EFe MY 14 90°9F 270°
gog JEA AMP @ PPS7F WEE BRLo| "
ERACE FUigte] &4 tlolg I8 (@2 Bdgte
a9 (7t Higl gakg HOJRIEE I (0)9] 8<% 71E0
90°9} 270°9] LEOF AMPQ} PPSQ| B2 LV} &= E
HOICh

mlm

J{m rrrl 0{>1
o Jm o>
o 010

E
]

OE

Oﬁﬂ_u_\:

wo rir



b
\\jwWWWWWH

N

WWMWW\H‘!‘T‘T’;
N

] m %

(a) NZE FOigtoz &Y
J8 6 AZL} Mol gty Bagt 54 Hlu
Fig 6 Pattern feature comparison of corona discharge data

(b) WEES BAgOE &Y

of maximum and average value

FEH @Al EXE Positive(180°0llA] 270°) LT} Negative (0°
oA 90°)Foll AMP ¥ PPS7} WFE Ex L0 HEEZS LIEL
WIth SFAITE ZUigte] §4 HlolH I8 (a)= B 1 7es
Ho|XEF Hgtel £ ol I8 (b)& Positive?} Negative:F
29 BELTL HISEk] B2 WEo] EFE UEZ|7E EoshH
BHAORE= HO|E ddo] E-IL HSsobA Kol Ztt,

Degree
(a) NZE FOigtoz &Y (b TES HHGoZ &4

I8 7 W 9™ oy Ui geg 54

Fig 7 Pattern feature comparison of surface discharge data

lu

of maximum and average value

)
pab)

£ 99 EFe oA AdYEs W 9y dE
Negative(0°0llA1 90°)HT} Positive(180°0llAl 270°)Z0] AMP X
PPS7} WRE EXLO| jHEZS LIEMDE SR B WE
I IERIRZ ZUigel B4 HolH I8 (e EESHA 1 7
£ HoXE "HEgel EF dole 18 (e PositiveSt
Negative B10] BE L7} H|sslo] BH W&o EXS LERY
717y BHssiy FHAMdOZE HolE @AI ZHEA EF)
H|Z=5HA] HOJZILY,

» /\
/ N\

/s,

(@ €% Y9 d=s b) €% B9 I=s
Yoz e g gdgior 243 Hd
J" 8 % 44 tloly =uigtat vl 54 Hlu

o
discharge data of

=

Fig 8 Pattern feature comparison of slo
maximum and average value

{3l EMCHIME o8¢t ZX=kEl RBFNNs =77| a7

40

Trans. KIEE. Vol. 66, No. 9, SEP, 2017

44 e S 45 87t

FHSE AHERE wWet otAl Bote WE Hluelth FESE
AHESIAl BUE AF, 489 k& & [2 4] FYojA HR|E}
A 209 o, AEHEI(RIES)= PCAE AMESO] Qo= 4F
SIFRACE PCAE ARESHAl Bke 2L UMAl BE ulebnle
zde SYUoA sto A5l HIwStch AlQHEl RBFNNs e
7] Eek ofLet AE328y SVM BR771% AFsto] mid
2Res et 1eil HoHE FEYY AMPE] FUHg)
HlojEfel Hatgt HolE = 7HKZ LWrOlA %= Hlulel] HRtTh

# 3 A9 RBFNNsg o|&¢t i HlojH9 AE &t
Table 3 Results of experiment of average data using proposed

RBFNNs
Opt |NR| Di PCA TR_CR TE CR
40 | 95.62+048 | 94.00+1.33

with | 50 | 96.50+0.30 | 93.91+0.86

2 PCA | 60 | 97.16%0.31 | 93.91+0.86

70 | 97.52+0.26 | 93.16+1.43

without PCA | 100.00£0.0 | 85.75+1.75

without ‘ 40 | 96.81+0.66 | 95.16%1.40
360 | with | 50 | 97.62+048 | 94.25+1.07

Opt 5 PCA | 60 | 98.31x0.17 | 94.50+0.90
70 | 98.70+0.11 | 95.16%0.75

40 | 98.20+020 | 96.000.69

. with | 50 | 98564020 | 95.58+1.08

PCA | 60 | 99.00£0.28 | 95.66%1.12

70 | 99.37+012 | 95.58+1.33

with Opt| 3 |2.757 60 99.20£0.29 | 96.31+1.87

Optimization(Opt), Number of rules(NR), Fuzzification coefficient(FC),
Number of dimensions(Di), Number of reduced dimensions using PC
A(PCA), Training data for classification rate(ZR_CR), Test data for cl
assification rate(7E CR)
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H 4 BP-NNE 0|25 =P mjEi0ls] AvkErgt HoE)
Table 4 Results of partial discharge pattern recognition using
BP-NN(Average data)

NH LR MC NI TR_CR TE CR

15 0.005 0.15 300 86.71+6.55 83.17+5.87
25 0.005 | 0.15 300 88.56+3.55 84.75+4.19
35 0.005 0.15 300 85.52%16.5 81.58+14.0
45 0.005 0.15 300 65.04£20.0 63.58+18.6

Number of Hidden Nodes(NH), Learning Rate(LR), Momentum
Coefficient(MC), Number of Interation(NI)

Q2 E 4= 7|E9 U}E Back Propagation-Neural Networks

(BP-NN) Tde FEHH HOHE Eoxl S5EES 0.005, &2
e ASE 015 AUISS 30022 AN 2959 L&
FE [15 45] GYolA] 10991 =4 WHIE FHA] S5t
HAEE HWsIh 1 23 24359 =4 259 o, S5 o
50| 88%, HIAE A50] 84% W8 BEREE /1 &2 858

HojFa Ut SHAITH AMeHEl RBFNNs £577|HTH= HORl=

d5& UEML Atk

=Training - Testing|
50 100 150 200 250 300 50 100 150 200 250 300
Learning Iteration Learning Iteration

sl5o] W2 Q141E(15 Nodes)  (b) 850 W2 Q141E(15 Nodes)

Classification Rate (CR)
Classification Rate (CR)

—rriing  Testing]

5
&

Classification Rate (CR)

Classification Rate (CR)

—Traiing - Testing] i traning —Testing
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(c) gh5oll M2 AAE(35 Nodes)

Learning Iteration

(@) k50 e QAA]E(45 Nodes)

%" 9 BP-NN 9Jgt HHAE@— T3 HOE)
Fig 9 Pattern recognition for BP-NN (Average data)
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Table 5 Partial discharge pattern recognition wusing SVM
(Average data)
Type Di PCA TR CR TE CR
40 96.47+0.55 92.75+1.54
with 50 97.16+0.37 92.50+1.74
1 PCA 60 97.77+0.15 93.75+0.65
70 97.75+0.27 93.00+0.99
without PCA 100.00+0.0 87.83+1.70
40 100.00£0.0 88.83+0.90
with | 50 100.00£0.0 89.58+1.21
q PCA 60 100.00£0.0 88.50+2.40
70 100.00£0.0 87.75+0.95
360 without PCA 100.00£0.0 90.08+1.54
40 99.97+0.04 88.16+1.92
with | 50 99.97+0.04 87.50+2.30
D PCA 60 99.97+0.04 86.25+2.31
70 99.89+0.10 82.91+2.48
without PCA 82.47+0.72 66.75+3.49
40 100.00£0.0 57.16+1.36
with | 50 100.00£0.0 48.33+3.04
r PCA 60 100.00+0.0 41.83+1.27
70 100.00+0.0 37.50+0.65
without PCA 100.00+0.0 36.25+0.00

linear(), quadratic(q), polynomial function(p), rbf function(r)

E 5= SVM REES 18] YW linear, quadratic,
polynomial, rbf FEE BAHE Solo] AHs-E A= A
Hotal, HSAIAZIEA dsg UEIDh 5 FHE 2Aye
AFESHAl 2 whel Fw Hlul it A &l 4719
CtA] R £ linearg AEISI PCAE E8F AYLTE 600
2 1, sk As0] 97%, HIAE As0] 93% oAl ijE BR
€2 71 £2 g2 HOFLE quadratico] ST PCAE
AESHA] a4 AESFE IR YIS o PCAE AISIIS
HECE U2 Y BRES HojFal UHA] thgA]olAls PCA
g Si= Zlo] e BRg0] SUAY FoHE RBFNNs ERF7|H
Tl "ojXles dsg€ HOFAL. RELRO Holg F&E2
AMPO| gt AEisto] EAHOIHE Hol Aokl RBFNNs
Ry A SAIEEE BO{7MHA] HIws Al Bk ofuet
71&20 pYs AAZEWy SVME 8 St7IEA oiEl 2R
£ HuHC ol HolH F&E FE9 Fe "ol of
U FUigke olgdto] EYUOIHE AFgsto] &4 HEE Hiw 3
23] BT

I 62 AotE HEoA FHAsH LiIglES AMESIAl &2 A
I ARESE Ag WHROlA Aldlal, PSOE ANESHK] ge gl
OME #ESLE [2 4] ¥Y9oz HAG AG4E 2002 1EA|
il APeE FEE BAHE Eslo] Qo2 AFsiol iiE &
FES UEHICL miAWoR FEE BAHS AREsH 2 AL
SHAl Z9te W9 Ak QISHER}E= PCAE AMSSls o
g BERel 45k £ ugte SQIRith &7t 4i0]ar &}
A7t 50 m sky A0l 99%, HIAE HE0] 98%% 71
£2 g BEFgE HORCL AT oz AFsh -t
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Table 6 Results of experiment of maximum data using proposed

RBFNNs
Opt |NR | Di PCA TR CR TE CR
40 | 98.00+0.29 | 97.41+1.15
with | 50 | 98.20+0.23 | 97.66+0.91
2 PCA | 60 | 9845013 | 97.66+095
70 | 98.79+0.11 | 97.66+0.75
without PCA | 100.00+0.0 | 85.50+1.87
without _ 40 | 98.68+0.09 | 98.00+0.90
360 | with | 50 | 99.00+0.11 | 98.16+0.95
Opt 3 PCA | 60 | 99.37+0.12 | 97.83+0.95
70 | 99504028 | 98.25+1.03
40 | 99.27+0.16 | 98.50+0.47
. with | 50 | 9950+0.13 | 98.91+0.75
PCA | 60 | 99.68+0.07 | 9841+1.19
70 | 99.75+0.05 | 98.66+1.36
with Opt | 3 | 2.468 75 99.86+0.07 | 98.950.88

E 7 BP-NNE 0|5t FEIE sfEQlA] AukEHigt tlole)
Table 7 Results of partial discharge pattern recognition using
BP-NN(Maximum data)

NH LR MC NI TR CR TE CR

100 00013 | 0.005 300 89.85+3.85 89.67+4.41
110 00013 | 0.005 300 95.23+1.62 93.33£1.72
120 00013 | 0.005 300 89.83+8.84 87.83+7.27
130 00013 | 0.005 300 86.73+12.8 85.67+13.0

Classification Rate (CR)

[=rrining - Tosting

=Training - Testing
50 100 150 200 250 300 50 100 150 200 250 300

Learning lteration

(a) S50l WE QIAE(100 Nodes)

Learning lteration

(b S50l WE QXE110 Nodes)

Classification Rate (CR)

[m=Training - Tosting . . ==Training -~ Testing.
50 100 150 200 250 300 0 50 100 150 200 250 300
Learning Iteration Learning lteration
(o) Skz0l T Q1A1E(120 Nodes) (d) k50l e QIAFE(130 Nodes)

1% 10 BP-NN 9|5t sfEQIAE (UL TIOIE)
Fig 10 Pattern recognition for BP-NN (Maximum data)
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£ 0.005, HHE4E= 30092 WFAIFHCH LE4 100014 1307}

Al 1091 24389 LB HeE Fo7h o mE ds
HwFct Bla 2 =47t 1108 i iE BERE ss ds

0] 95%, HAE A0l 93%= 7MY 46tk I8 102
BP-NN 1EES oA RELA FUgt toler €2 48
zZople WEE 7 LErr} JeiE2 UERIQICH

FE 8 SVME ol8e R wfdQlA] ATKESEE HlolED)

Table 8 Partial discharge pattern recognition using SVM (Maximum

data)
Type | Di PCA TR CR TE CR
40 97.79+0.23 96.00+0.47
with 50 97.87+0.37 96.08+0.63
1 PCA 60 98.10+0.25 95.25+1.54
70 97.87+0.36 94.50+0.45
without PCA 100.00+0.0 90.41+2.22
40 100.00+0.0 96.25+1.06
with 50 100.00£0.0 94.25+0.54
a PCA 60 100.00+0.0 93.16+1.46
70 100.00+0.0 92.16+2.25
ag0 | Without PCA 100.000.0 90.00+1.25
40 100.000.0 94.33+1.49
with 50 100.00£0.0 92.25+0.81
) PCA 60 99.95+0.05 89.83+0.86
70 99.93+0.05 89.00+0.22
without PCA 81.97+0.38 50.75+3.49
40 100.00+0.0 52.25+3.56
with 50 100.00£0.0 39.91+1.70
r PCA 60 100.00+0.0 36.91+0.22
70 100.00+0.0 36.50+0.37
without PCA 100.00+0.0 36.25+0.00

2 7|E9 T2 g SVMo| FHFt HlolHE EojA 2z
TAl 98 Linear, Quadratic, Polynomial, RBF HIC} 7]&9]
A 3602 FEE BAHE Sofo] 44 HiEHoR HalE F
ot FEE BAHE AFEotAl ZRte met dnt
Lt &7 A=AE Hll A EQATE THA] 0] Quadratic
2 a0 &7 409 W, s 850

100%, HAE 450] 96%% 7He £2 452 HolFil ot
I 9= PSOE O|&% RBFNNs HEI} 7]E9 012 zd A
ZA329 sVM HE £89] i ERE oML 2 ZEHE
U2 458 BotA g mocir delsk Aotk =& <, T
Sha], AHEC] HSHE Fo] dsg B, FEE BAHS Al
g3 M9 Hdsit AISSIAl EUeE HE HuS FER
2AHE Algolo] BERSe Wl O £2 dsg HoFULE 5
HOEE F&Eok= IHHoA TES 71§ E izt =

M EAOZ H2 SHUOHE FE5I0IA HI LIERARATE
MA ZEg FUFoz Adsio] 2 54 Hoert 4 7
THEC] §AEg o UEHL Bdglos FEIE te
Hojele] §&o] zHges HJE mETt ESsto] EF/7I00
5+ HoHE 29 dsg Huwdl2 d1t MRt JEE FH
FOE B2 HoEY " 2FE0] U U2 i fEes B
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olFch FEFOR HANES Eoto] HAY TEIEE B
ol me Hsol 2 Aol QA B A0l 9%, HAE 4
50| 96%E PAI A3t 2 e

E 9 ZHolHE PRI {0 mE AHE oy ERe Hlu
Table 9 Comparison of pattern classification rate selected
according to types of Models for each dataset

Types of | \o | 7| pe| PcA TR CR TE CR
Models
110 m 95.23+162 | 93.33+1.72
NN[11] ¢ X
% a 88.56+355 | 8475+4.19
a| m| O} 40| 10000£00 | 96.25+1.02
SVM[12] | N/A
1| a| 0] 60| 97.77£0.15 | 93754065
without | 4 m| O/ 50| 9950013 | 9891+0.75
> PSO | 4 L2 O] 40| 98.20+0.20 | 96.00+0.69
To
with | 3 m | | 75] 99862007 | 98954088
PSO |3 a 60| 99.20+029 | 96.31%+1.87

Type(T), Data extraction method(De), constant(c), maximum data(m),
average data(a), Proposed model(Pro)

54 8
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