% 2 & % ¢ 4 &

Electric Power Automation Equipment

$£38% F5H
201845 A

Vol.38 No.5
May 2018 &

J&T KELM-VPMCD Jj {519 AR S Jay i it L 2 B it B XA il

YA 3 S T T IR
(1. % AKF HERELHRAABRELLEE, T £ 071003,
2. B ) Z R A A 8], db i 100101)

WE. AT R BIAE £ Rt B R T R EARA 6 19 8, 388 T —FP A TR S I % N
A A (KELM-VPMCD) #) & %n By 35k v, £ A 69 4% 5 5 ik, @it KELM 33 & 4a B 3 2k b £ A 84 | 25 4F K 34T
Dk, RIG 3T & B3R R A S hn b B S48 B 69 K FRMALA AR 33X AR A xda) X AR R 24T = )2 TR
M, ARYE AR TN R £ T Ao, A8 Otsu Fik ik B iR £ WA, i@ BA R A S AR A B 3fakd £ A 47

R LEREFR, T Tr i3 T R4t B3k £ A LA & 309 SE A 125 &
KR : BB s BE X IR A AR S ST AL & TR AL A

B[4S T™ 835 XERARIRED ;A

0 5§

H o L R — IR AL 2 PERE I I 45 425 T
BN ML 421817, R PD (Partial Dis-
charge ) J& H1 <, — IR A5 N BB 48 2% 45 4k 1 H 224k JR
FEERBIER ol 74 44 4 kA LB
ANTA], 5 RS Y JRy i F S B AN [, AN ) ) Jey R 7k
FEL S TR IR 75 4 2 1t S A 4 R BE AN ], DRI, i
17 JRAR R B R E 2 T — AR
ASVEAS 7 T AR

SRR B N TAE i F A
T Ry B8 s H ) 4 R b, W B o 2R T s R
1 P2 2% ANN ( Artificial Neural Network ) |37
Fem AL SVM ( Support Vector Machine ) | #5055 B 2
FC(Fuzzy Cluster) F1 Il #4328 BC ( Bayesian Clas-
sifier) 4 , X $E 7 VA AE TAR TP AR EAS T RAF A9 20 255K
R BIEARER N R & AR O A 1Y R A e 1
YIGHEA P () JR Ao 2688 . B TR g T
JRITR IO S I GRAE AR 2 Hp A il — b 2 Rl i 2R Y
)RR, A 43 207 6 TR - AT IR A2, i
TESEPRA TREN I, T i e B 4 i 2
FE, B 1Y JRl e S R Gt A B v AR ] BE AL 7
JITA JRy BB L A W SRAAAE — 2 L , 1T ) 4
X6 g BIAEA BE TR R ELR IEAT AT, BRI, ey
T 6 R 2 B 1) Jay 08 i P A AR 2 Jay vl s L A =X
PO T A — 0 BN 2 TR O IX — 7 T A AR
.

H AT EI2 W e, B3 26 05 g i) F U R
HIRIUREA . B2y T LARI ok % B Ak 1T
TrEM RT3 2 28, BEALTT T AR — 7 A

W B #A:2018-01-15; & H #3:2018-03-29

E&WH: B A AHF ALK T A (51677072)

Project supported by the National Natural Science Foundation
of China(51677072)

DOI:10.16081/j.issn.1006-6047.2018.05.021

RPN AT AR 2R 0 RS 18 A I P % R A,
Fr A M4 2 T2 T 2% B (B RO A 32y R RIS R
Ao YREAHUAR LA R, 5 3 Al A st R At
ESFEARH A R, 5003 A BB 3 5 B0 R 25
IR A 25, DI TS T2 % H AR AE AR A 1 A 1) 1)
R R EEAE A R AL 0CSVM
( One-Class Support Vector Machine ) F1 37 43 [a] 12 2045
#534R"" SVDD ( Support Vector Data Description ) ,iX 2
T 5 DA AE— o R B2 B 4838, B AR T A BRI FEA
Bl i po e H AR R BOR B A 25 1 B AT I AL
T B e T BE AR T TR AR 1K
TBAEARRARBE F AR TN ZRAE A B 1 L 25 T 24K
LR, IF TR RCRIR K, Yok, — S RAEA P
AT LA T ARRREA I U1, (HIX SE55 0k R 23R
JE PR ARG , T ELXT T 2850 R R A A 7 3R 17 IS 218
AT E H 0

R B IR AL =R ] VPMCD ( Variable
Predictive Model based Class Discriminate ) 42 [f Rahuraj
SN A — RGN i . VPMCD Jr ik AR
A AL Z A AH BN FE I R |, ST AN [R] A 2800
XoF AR AR AR A ST S 3k b AR (L 2 TR AH BN 7R G
RIS AR (VPM) o A HTEE S AR VPM X
DR A R REAE [ S 247 [0 0 000, ) P 0 5 2
-5 iy A ) R g, M T S ERASE SRAR

SR, VPMCD Jy 25 it FiY 22 500 =X i 1 T 325 22 7
VPM, S iR AR O, Jo B A AR AR 25 i 1 4 KM
AT R I A B, 3 M E BR A T O ek
B 2% 2 #1, ELM ( Extreme Learning Machine ) 32 i
Huang %5 A4 Hi (19— Fh 502 5 151 0 28 P 28 500, %
T A PR BR 2 2T HL(KELM ) K A sk 05 | A ELM
A8 A /N 5 S A ELM, B R E 28K
b W SGE B 2 AR S

ACHEH T — AL T KELM 1 i VPMCD
(KELM-VPMCD) J5 3% , FH T 1H 51 AR 0 Jay 8 s v 28



142 € 2 8

% W & &

£38%

T o G, MRS [ 1 J 3 v A 2R 2R 4 SRy 3 T
FEAS SR IBORH L P9 TR R A 170 55 SR 0, o KELM [m]
J95 VPMCD J7 k454, 1 KELM [a] )5 45 78 45 A it
VPMCD 753 r i) 2 1 20 1o i A 2 I 2k 2 R 2 7
(SRR A ARAF AR ) VM SR R I 25
G745 VPM IR A AT 100 5 B, M3l Otsu
SRR XA AR 1] S5 3 4 9 B2 077 2 30 o B (L, 4 7
AR B e TR 2R R E A S R A

1 KELM-VPMCD FixpE A FIE

1.1 VPMCD 7R 5 A R

PR —REAS w AT p AR AR A, FEARAE 1)
BRAAT SRR N =X, X,, X, ], x PRIE—45
AEME X, 5 HAM A 1 DB 2 AT — &
(RS AR LR BRBOE R Y REA AR [F I, 45
R AR 22 8] (A B DGR ), Sy 7 PR [l o e
AT T R RAEARIE(E X, —X, M E R
VPM,, LA X UREAS 5 AE (B34 7 [ 03 T30, 36—
A SRR REAS I () T BRI 43, W ARAEME X, # o
S 7 (925 B TSR VPM, | A PEF8 AR 3 B4 35
LEPERR (L) AP AC BRI (L) | Rk 38 A 7
(QD) FI—yAEAI (Q) M,

SRFEAR X, FEATTS0N , H R 7 1 725 75000 A 75
VPM, W] 2750 :

Xi:f(Xj"”VXlab{’”'9bn’r>+8 (1>

q
Hpisj<i<p Hj.q#ish, . b, W ZHGr
FEEBINECH. r<p-1;e M2
X F R FEAR ST T AR (g 2 R B A
et X, HO AR f 6, WS HL b, —b, Rl 20
] 17 T 92 3R A AR A -
Y=D-B (2)

Forp, Y RS e W AE, B X R BN D by g A7
i 1 2 I s 8 B OB R SO

XFF2R b RhREAS A, TR R S A0 B B0
AUHT S T, AR 48 T A8 B X, /YA [ 4H 5, 7T 45 2
Co Ffr X, 78 BEFMAE R VPMY | LASBL AR 22 7 A
TN E AR R AL, TR IR VPME R,

min J,(B)=min || D-B-X, |’ (3)

XFT g MORFI I REAS AL, 28 5 I 2Rt ST g xp
ANTUALRS VPM! (k=1,2,-,g) .

VPMCD J7 3 0 B LR A LT VPME 7851 gxp
AFHIE S TN X, DA ] — 200 R B R AE R A 791
R J5 R (| S™ || 5/ A 40 500 pR A, e R A
ISR T o028 BIAREAR SR L™

P n
 _ . Ey o . _ kN2
L = arg min ISl = arg mlni:EI(X[ X;)® (4)

1.2 KELM ByE AR IE

ELM J2—Ff 57 0 iy B 22 Jif ) 04 22 X 2% . A
PRGN T M ELM {0 i — 1153 J)
AT AT H D28 1) e ASCAEL, A R g 37 T I 4% 132
FURE Sy F2E ) T, A Ry AR Lt A5 R T,
AR ARG R AR T ORIERIREAE Y, ELM
BRI S5 an e 1 s o

Wy & (x), by
7

Bu O

X

Ty

gx(x), by

B | ELM pM 4544
Fig.1 Network structure of ELM
B N MIGREAS | (x,00) 1L B A x, =
[ X, X, ’Xip:IT e R", Hinf A t=[T,,T,,,
T, ] eR", & KAKE R S B R ECh g, (%)
) ELM ) £8 4851 AT LA IR O -

K
Yy = Zﬂjgj(xi;wj'7bj> S 172"“’N (5)
j=1

Horby, e R™ S R 25 0% (6 B, 9 B HERT 25
it 2 B AUE s &, (x5 00, 0,) AR AN TR
SRS PR s o0, IS AR TR R AR A
T Z 8] AU 5 by O 48 58 A B 2 T R
i 5

LRI R g () RE T IR ZEHUE AL N D

B DA 3 Iy, — o, | = O, 778

K
t,=Y Beglw, ~x +b) i=1.2,- N (6)
=

HHAUE B WK TR IR E 7 R4 H =
BT /N3 ff B~ o ARPE U S, HoAk =X
(7) B
B =H'T=H'(HH")™' (7)
Hrb H 2 ELM R )2 5 e H o R & 2
SRR H ) S Tk 309 2 5 i ) oo
TERS S JZ R A (x) RENAIE DL T W 4% R
I ELM Rt R R A B 2y, 25 A0 B HL AR
M HH' .
0, =HH'
{Qi,j:h‘(xi) .h<xj):K(xi’xj)
oL R () RBRE R ST PR K () SR 2L
HBOE AR ) B R E (RBF) #%, an=(9) .

(8)

J
i}



B 4 T KELM-VPMCD 77 4k B oA R 3 i v 2 28 py A X ) 14

%54
_ | x;=x; || ’
K(x;,x;)= exp( —2) (9)
ag
Hr o MZSHL
KELM B0 it o
y(x)=h(x)H' (I/C+HH") 'T=
K(x,x,)
{ (I/C+0y,,)"'T (10)
K(x,xy)

Horp TR C RS SEL

FHEST ELM, KELM 5575 AN 75 B0 ) 45 it
BRSO RRAE LR R A B (x) 1 2R DL Ky
R AN TR B B3 2 ) 6 A R 2, 1T
R mEr K(-) fEARE AR KELM
BEAY e A
1.3 EF KELM-VPMCD g9#&E =10 Bl /5%

FEJ VPMCD J7 v, 4K 40 1 25 °F- 7 Fl de /)
e e LB VP Bf A7 ™ E G 1 405 Tl A
JEH BB AR . AR KELM B84 5
VPMCD Jy i A %) 22 35 3 i 1o 87 (5] 09 65 A A 144 7 (]
JE B

KELM-VPMCD J5 ¥ S Bl A 7

(1) PIZr5ae,

a. PR 1 X0 F g 2@, Jhli e NV NI
A, H N=ny 4ot +otn, o FERREARFFAEAL x, =
[le ’XjZ’”"ij] (j=1,2,-+,N),

b. 2.4 k=1.i=1,

C. /ﬂ}g% 3 ’fjﬂ’ﬁﬁ?g‘ﬁ%%ﬁ Ck *ﬂ&%ﬁ OLo

d. 2DIR 4 FIH n, D5k AT, R
KELM [ JF%} 55 @ ANMRHEE ST VP!

e. BIESi—i+1 JEAAIR 4, HE i=p B4R
TEH o

£ TR 6 heh+ 1, fEIF IR 3—5, HE k=g I
SR R, YIZRILRTE gxp 1> VPM,

(2) M5 A

a. IR 1 XTF n AIAREA, S BURFIEE x, =
[le ’X,z’ . ’X,-,JJ (j=1,2,,n),

b. L#E2: 4 j=1k=1,

. B PR 3. WAE— M BEA X, FI ] VPM—
VPN X X, —X, JEAT B, 378 B X = (X,
XJ(L’Z,...’X%]O

P

d. U4 HEEBIHRE TR S} =Y (X, -
Xh2,

e UE S heh+ 1, JEIRETE 3 4, L E k=g i}
SESIRER . AT 22 577 15 /Iy 260 50 o 4,
75 x; BORBIRES L () AT (11) B

P ~
: = i k= : kN2
L (x;) = arg min IS Il = arg min ; (X, - X})

(11)

£, PR 6.+ 1 JHALIR 3—5, HE j=n B4
A, 2, SRR TR T R AR ST A
14 REHEFESHT

PEFE UCT #7219 Iris Fl Seeds %4l £ E 1T
i BB, B ik KELM-VPMCD J5 3% T 17, Iris
RS 3 B8R, BASIRE & 4 MEtE, B2k
B FEVLARER 50 41, Hidr 30 AAE I ZRkEA 20 41
YERIMAEEAS . Seeds FUHEEEAL 5 3 88, B4 AL
WAL T AN E PR, B R LA R 70 41, Hrp 40
e RINGHREA, 30 AR MERFEA . WA ST i
5 VPMCD J5 ik BP i 28 W 45 Al SVM Jy7 3k 47 %)
Hoo BP e W28 e £ 3 2, BiE BRI BE £ sigmoid
PRIEL; SVM Jrikit H RBF A% sRid. 2 2% 5610
PUNSE R NF R A1 s, R asRnl i,
X T Tris F1 Seeds i #ig 42 , #H# T HoAth J7 %, KELM-
VPMCD J5 85 HA TR & 0 IE R =, Bl BEA 2
XTI REA T2
2 ETF KELM-VPMCD FiZERIRFMBERALE
FARHIR A

F| I KELM-VPMCD J5 36 X R AR AR R4 7
KA IR RN G 10 3 Rl 2R B g VPM
X % IR A [ AT R AT TS0, 4 T 00 452 25 °F-
JrL, DATRIN R 2% 07 R 24 B /N T 058 B A
AV pR KR, I I R AR R A T S R AR .
FAEARANE FATA 0174 Jm 5Bk H 2 A DA A8 1%
FEA Y SRR Al FEL 2R B SR R A

FIF VPM X n A~ J5y 5 0 HE AR A 19 45 S R AIE AR
R TION , JR O 5 25 05 Al A S (=1,
2,0 ,n) o A AR REA R T4 ¢ KRB
FCHL 2L, UL P AR R B9 VMR AT 15000 7 45 31 14
S, BZAE LB K ] P, 45 S B2 T 4 R F6)
{8, WIS BH 32 Jmy 3 5 FE A AR AN T F e 28 Jm A R
ol Ry S 3 FEL A R 1) 15 2 - 5 AR (EL BT Hy Otsu B
AR JET KELM-VPMCD o REA il v 28 8 11
PRR A 2 R

F£T KELM-VPMCD f{RE 7 i it 26 7030 51 HL A
AT,

a. DU A AR AR RIS B 5 A S, K
P& 1.3 FI XSGRkt AR FEAT I 5, 2 57 A0 B Y A% 1 T
MR VPMY

b. 4 k=1, FH VPM;—VPM! 344 S HHE
A AT, A FUAR R Sepy(j=1,2, -+ ,n4+N)

e IR Sep, YR KNI 738 1—m 25,
Horp max{ Sepy b6k 25 4% m, min { Sepyj PXF IV SRR 1



44 & D 8 it %

£38%

51 2 (@315 Gz
mxp R AR
YIl 1 1
U VP.M1 VP.MP
ﬁ : :
VPM{ .. VPM}
x
=}
5 g 8T
ngXp

(a) Vgt
(IR A R B |

-

|ﬁ%§ﬁ&5ﬁ%ﬁ%ﬁ§&m

|mmﬁ%ﬁﬁﬁ§¥ﬁﬁmﬁ&mk——ﬂ§

BRIZEAYEY
J5 GRS

REERI LA |

(b) PHH

B 2 E-TF KELM-VPMCD 753500 B ER A B K BV IR 5 iRt 72
Fig.2 Flowchart of recognition of PD types based on
KELM-VPMCD method

d. FIF Otsu SEIEXS B AT Sep, K020 BI(E T, If3K
3 Tﬁﬂilﬂ@lﬁﬁ Sskuro
%%ﬁﬁi%%ﬂo ] AREAE TH R 2, W%
AR A SE U S R A 0 s 4 AN T, k) k2
PREARTEATH k+1 SO 5

f. 5 k=k+1, EELHEDb—e HE k=g 45,
2, ML G b A e T R0 R SR 28 Y
IFEA C 258 AIE AT T 402K

g Y k=g I, MAEASE G IR AR FEAF) 51
AT Ry ER SR AR A

3 EEMERERRNRERS

3.1 BEMBEERNRESHIERK

Fa L LB R O TR SRR 5, T S 8 5
HRR T A T ARG, BRI HEL A L R T
X 4 FftfE O R AR TY AnTA] 3 BT o

ASTCR A 42 14 ok e oL 3 % W D00 ) A R A
R JHIY IR AR i D TEC60270—2000, 52 56 Hh fif

FH TWPD-2F &R i 25 & SR AETCRAR 5, ok
FESF R g 40 MHz, %7 55 ) 40~300 kHz, &5 JE 52565
G2k TWI 5133 — 10/100 am'"7" | 52642 28 &
B 4 FiR o ASSCULERAS T R 30 s 15 2 i B a7k
H— A JRER A

(a) BB (b) BRI

() SRR (d) HEHH

B3 4MEEMEEE
Fig.3 Four types of PD model

TV
SRR

Flﬁbc%%. .

E aNizd

= DST-4
SRR

B4 KBEREETEE
Fig.4 Experimental wiring diagram

ARSOR A SCHR [ 17 ] 32 H A 56 128 73 B3 7 il
VMD ( Variational Mode Decomposition ) 581 FIAEAS
HIAFESR BTV 18 SR ] VMD BE X RS 1
A JEI U3 N T R T REA T 0 i L 45 B 4SS [ s
AR 1) [T AT RS R B SR R B2 e A JBORE:
A s i BRI REAS AN [ 25 o B A A A g
[F) ¥ A A B AL [6]
3.2 HANFERES

N Y FESY B UEAS ST $E T3 25 A ROk, AR SR
YRR 4 ) e AR v ) — T Sy 2 R0 Jm) A i
LRI, LA 3 7ol ) ST i ASE LA Oy  TEEAS LS
AR AR 2R T . I 3 2R 2R A SRl el
FEAS R BERLA D — 73155 FMBUE IR RIS L 1Y )=y
PR AL [F) 4 AR A . SR E FIZE R Ry
FRHCRAEA T KELM-VPMCD 432 88 #E4 71 25 LA
FEAHR Y VPM, SR J5 X IR A 204 4 B




£5H

B 4 T KELM-VPMCD 77 4k B oA R 3 i v 2 28 py A X ) 149

BRI R AT S0 S SRAEREAR, AL
200 MEEAS 3 L 128 Y Y TR H, A& B BILIE B 30
A M ONGAEASE S o FELAIR 20 DR FIZEBL )
TR FEA 5T 4R BT A © NS B AR A, S [
BMRAEA R o IXFE PRI, I ZhkE A
£ 5 90 MAEAS, MAAEA P A0 35 80 MREA
M AR H R 2R AL, ) KELM-VPMCD
T RN ZRAEA SEA TN, 9K Ja X I A A k47 [m]
AT, 753 B A AR A 1 1R 25 7 7 . R DKL 7
AL (PSO) FIEALA BB (C, o) , SR IG X REA
TrRZER 7359, TR T Otsu 3SR il 45 b 2 1R
BRI B T ST 15 2515 Fll, AR S
IOREFH m=50, MUK T BEE A [F] JRy B i vl 28 Y
VE AR R R S B, FE T A T RERY TS DL T , oAk
JE WIS ELL B 25 A Jry B 50 L 2 B AAE Otsu 55
VT AR IR 1R
F1 BH(C,0) RIREFHMA Osu HE
Table 1 Parameters( C,o) and Qtsu thresholds of MSE

JRyHT A F 2 (C,o) T RETV I
B (0.51,1.41) 12 0.079 8

HOW R H (0.47,0.13) 21 0.100 8
FFRURCH (0.50,0.18) 15 0.097 5
Ry G (0.50,1.05) 14 0.103 6

F ] KELM-VPMCD J7 353} Ryl il i e A 47
INZRFI , [F]f 5 OCSVM ., SVDD 1% B Ak 1107
LV B ARGE VPMCD J5 5 X REAR S5 (1 PR 1 245 2R ok
FIXf . Hor,0CSVM & SVDD J7 i 4% i i i
PR, S BT D5 ik 10 % B b A R e 3 vy 0 2
PRI o 25 T7 I BIAHSES RO SR AP R A2

ARURIBERE AN[R] 14 Jay ST FEL S TR AR DAy oA T ) Sy
TR IY ] AN ] P50 T 3k 6 Je 38 e LR AR HEA
AV 1P N G R A1 B i D S B A
9 75 908 © R -5 2R SRy S P 21 TR g T 4 2R DL
TR A3. B FIRBITTEERS 4 B[R] 1 R
FL TR R TE A U A DL R SR P A 3R A4

H1Z% A3 A4 iR 0 Bl 45, KELM-VPMCD
T R AR A PR e e vy, U RICR e
JEHAER X R R 0 A S B A A, KELM-VPMCD
IR B BOR B AL T Al O ke X R R
KELM-VPMCD J5 353 5% J& 1 45 il 3 (8] (9 4 £E
HRAR I HE S 1 1248 VPMCD J7 3k o [l DR 450 74 A
JE TG RO P R ME R (LR, FRE M S . 3 A3 R4
AR, B EE A [R] I 1Y (1 Jr 8 i A A A D R A
JRyER T B REA A TN, B 732 1 OCSVM Ty
555 SVDD JiiE g B 45 R 22 W 8, X Je ly T
OCSVM 5 SVDD J5 ik 52 # A 2 [] o i ik 4 (9 23 A
SO U o BEA M e rP AR 7, 6N 2K []
ZES/N WBIORAE s e 2, BRORICR 220 S O 4

0.4
0.3

502

02 Tx

0—0.1 0
* BORBUBCR , o SRR, + BIFHE , o L%
BS BEMEFERFEES T
Fig.5 Distribution of features of PD samples

PSSR Jry i B HEL B A o I ik 9 25 [ A0 A BT v
X, Xy F1Xs O FREAEZS [A] A = ZEHF AL

RS, YU I ZREEA S ) 22 AR K,
PRI IO B AR FL R R 2 T L A R e
JCHLZERIS , OCSVM J5k -5 SVDD J5 353 RAAEA
HIRBIRCR IR 22 o 1 KELM-VPMCD J5 i 5% th % 4
TRFAEAELIA] B N AR AR, PR G A A AL 1] ) R
7 EATAE RS AR BE , AEREAS SO B0 elORE AR o i
B RE R A KA r R

RIS, BEXT 4 Bl R L T, 4545 3% A3 3R
A4 FIPE 5 ZER50 AT AT AT - H S 08 i R RCR B
HUAR OSSR PR RO B 22 o X2 i T A
JHACFEL PR HAC Pk o R A T S P A P B SR v R e
S 14225 (5] 73 A7 5 P R AR A D A T ARORS AR F £
Jey R AR AR 25 18] 3 A G310, 2R N 22 5 R, BT AR
IERA

4 Hig

T HL 8 Jr 350 s H A U H A e X R
S (1R J A H R A TR PRI R ) [ R, AR SCHRE S T
—Fh 3T KELM-VPMCD F Jaiffs il F A = i i
TR H N H 7 15 28 Sy s H AR 0 v, 52
BT R A 5 L AL 1 TE A R

a. KELM-VPMCD J5 i 78 43 1| F F# AEAF f2: 22 [
IR N AE 2R, DL E RS H 2 T () VPM X oA
SIS (1) JRy 350 PR AR AR A (] U 0 L ) 35 2
BN, UL, A Osu B8 57 1% 22 BIE S ,
KELM-VPMCD J7 3 AT LA 250 8 1) R H1 268 R Ry
TR RS

b. KELM-VPMCD J5 #:3% Ff] KELM [a] 74 784 %
AT DR L2 00 o O A R G T R TR S5 45 R AR
T RMER [R]85, AHAC T BP fRZE 45 I SVM 432
771, KELM-VPMCD J5 7L % & S 450/0, e 17 30
JR B E AL AT RE

c. SIEGER 2T A, KELM-VPMCD Jy
PAE NP XN AR AR BESRAR, 72U R AR 4
b RREARJSNA] S PN 22 53 55 AT i ORS¢ v 1) O
RV



49 & D 8 it %

£38%

do AR SO SR S 30 K000 X BT 8 H 1 O 3
A1 7 Bk, 52 PR TAE A, AT REAT A5 B 2 Fh 2 R RIR
TN R AR o PR, FESE PR R, 7R 2 42
B RE BREAAE 9 U ZRREAS S 0 0 B 5 D00 A A 75
#ETEMmAE.

ES
ALHFATPEEERANS T, 4L
B!
B F LA T M 4 5% (http : / www.epae.cn)

SE

[ 1] B, KFHE, BRz. MRS g T4
MFAS A ik (1], A A S 4, 2017,37(7) : 178-
183.

DUAN Weirun,ZHANG YUhui, LI Tianyun. Subspace reconstruction
to suppress periodic narrowband noises of partial discharge signals
[J]. Electric Power Automation Equipment,2017,37 (7). 178-
183.

XL, R, i, 5. BT K QB3 Y 4 A A8 He 4 Jm i e
BT, ey B ghfbis g ,2013,33(5) :89-93.

LIU Fan,ZHANG Yun, YAO Xiao, et al. Recognition of PD mode
based on KNN algorithm for converter transformer [ J]. Electric
Power Automation Equipment,2013,33(5) :89-93.

FJSU™, S5, B S . BE T s (R Sk i 22 M 28 e R UL E
T R R AR R P g R [T]. T B S ik,
2005,25(8) :43-47.

TIAN Zhiguang,ZHANG Huifen, LANG Liguo. Application of genetic

algorithm based on neural network in UHF PD recognition of gene-

—
\S}
[

—
(5]
[

rator stator [ J]. Electric Power Automation Equipment, 2005, 25
(8):43-47.

[ 4] SHW, G Ry, Rt RS L AR 520
B R R SEAIUI[T]. AR, 2011,35(3) £ 135-139.
GONG Yanpeng, LIU Youwei, WU Liyuan. Identification of partial
discharge in gas insulated switchgears with fractal theory and
support vector machine [ J]. Power System Technology, 2011, 35
(3) :135-139.

[ 5] B, JEsm 8, 7 MU0, 2. H T GK #EMT IR A LS-SVC Ay

GIS JRa i R RPN [T ). WD RGP 5 1, 2014, 42
(20) :38-45.
YANG Zhichao,FAN Lixin, YANG Chengshun, et al. Identification
of partial discharge in gas insulated switchgears based on GK fuzzy
clustering & LS-SVM [ J]. Power System Protection and Control,
2014,42(20) :38-45.

[ 61 BRATE, W5, MU, 4. FE TR D307 10 R 3 s v 12 1

BRI T]. RN 5%k ,2016,33(9) :51-55.

CHEN Xinmei, PAN Xiaoyan, LU Guanghui, et al. A partial dis-

charge diagnosis model based on naive Bayes[ J]. Computer Appli-

cations and Software,2016,33(9) ;51-55.

TARASSENKO L,HAYTON P,CERNEAZ N, et al. Novelty detec-

tion for the identification of masses in mammograms[ C ] // Interna-

[7

[

tional Conference on Artificial Neural Networks. Cambridge,UK:
IET, 1995 :442-447.

[ 8 ] XIAO Y,WANG H,XU W. Parameter selection of Gaussian kernel
for one-class SVM[ J]. IEEE Transactions on Cybernetics,2015,45
(5):941-953.

[ 9] DAVID M J T. Support vector data description[ J]. Journal of Ma-
chine Learning Research,2004,54( 1) ;45-66.

[10] RAO R, LAKSHMINARAYANAN S. VPMCD: variable interaction
modeling approach for class discrimination in biological systems[ ] ].
Febs Letters,2007,581(5) :826-830.

[11] Bz, BT s O B U B e e LR B2 W5
[D]. Kb #IF R, 2015.
LUO Songrong. Research on fault diagnosis method for rotating ma-
chinery using variable predictive model based class discriminate
[D]. Changsha;Hunan University,2015.

[12] 475, WRIETE 2208, 46, T Bk 2 3 1 T /Y VPMCD

AR SRR R W B L] xsh 5 ehid, 2014,

33(19) :157-163.

YANG Yu,PAN Haiyang, LI Jie,et al. VPMCD approach based on

improved polynomial response surface and its application rolling

bearing fault diagnosis[ J]. Journal of Vibration and Shock,2014,

33(19) :157-163.

R, KT 5, XU T A% e BIOH R > HLAR) ol e T 2 3 9

N5k (], H T AR 2441, 2015,30(8) :218-224.

LIU Nian, ZHANG Qingxin, LIU Haitao. Online short-term load

forecasting based on ELM with kernel algorithm in micro-grid envi-

[13

[l

ronment[ J |. Transactions of China Electrotechnical Society,2015,
30(8) :218-224.

[14] FESPH, WA, XA, 55 BT LB/l ELM B 25 [ 45
R R PH AR AR B 50 [T ] #B00 B B Ak 45 ,2014,34(8) ¢
7-12.

WANG Shouxiang, WANG Yawen,LIU Yan, et al. Hourly solar ra-
diation forecasting based on EMD and ELM neural network [ J].
Electric Power Automation Equipment,2014,34(8) .7-12.

[15] #Bia, R30I, X E 5. B TR HE 0 AL R AZ AR BR =7 2T Bl

T fg JXUFE D 2 O TR 0 i [T ] b [ AL TR 244, 2015,

35(H4F]) ; 146-153.

YANG Xiyun, GUAN Wenyuan,LIU Yuqi,et al. Prediction intervals

forecasts of wind power based on PSO-KELM[ J]. Proceedings of the

CSEE,2015,35( Supplement) : 146-153.

ITHE, T, 2838 JETF CA M OTSU (1 B iR & LA R R 5y

FOELI]. o A3 ki, 2011,31(9) :92-95.

MEN Hong, YU Jiaxue,QIN Leil. Segmentation of electric equipment

infrared image based on CA and OTSU[ J]. Electric Power Automa-

tion Equipment,2011,31(9) ;92-95.

[17] B0 & AR A, EXIE, A, BT VMD 2 ROBE I A8 e de N
YR TRACE S R E SR S 2r 28 [ T]. i TR 2440, 2016,
31(19) :208-217.

JIA Yafei,ZHU Yongli, WANG Liuwang, et al. Feature extraction

and classification on partial discharge signals of power transformers

[16

[

based on VMD and multiscale entropy [ J]. Transactions of China
Electrotechnical Society,2016,31(19) :208-217.

{EZEE T
BEAR (1993—), B, R E A, H
PN LHRAL EBMA GG AL A
§'% Y& ) Fe 34 12 7 18 ( E-mail ; gaojiacheng1993@
163.com) ;
ERE(1972—), B, LB ARA, &
. BIARINF, BT A AR A FE
B

47 #:45 ( E-mail ; caoyq@600795.com.cn) ;
AAF (1963—) , B /I FEMA B, , Z2HR
@ AR B A AL BN 5 % 4t & M (E-mail ; yonglipw@
163.com) .



%58 PR, 45 BT KELM-VPMCD J7 i B AR R Al L 28 T A X i i) 47

Pattern recognition of unknown PD types based on KELM-VPMCD
GAO Jiacheng' ,CAO Yanqing”,ZHU Yongli' ,JIA Yafei'

(1. State Key Laboratory of Alternate Electrical Power System with Renewable Energy Sources,North China Electric Power University,

Baoding 071003, China ;2. GD Power Development Co., Ltd. ,Beijing 100101, China)
Abstract : In order to solve the problem that the unknown PD( Partial Discharge) types cannot be recognized correct-
ly,a method based on KELM-VPMCD ( Kernel Extreme Learning Machine-Variable Predictive Model based Class
Discriminate ) is proposed to recognize the unknown PD types. The samples with the known PD types are trained by
the KELM,and the corresponding VPMs ( Variable Predictive Models) are constructed and used for the regression
prediction of testing samples. According to the quadratic sum of regression prediction errors, the thresholds are set by
Otsu algorithm to recognize the PD types of samples. The recognition results show that the proposed method can re-
cognize the unknown PD types with high accuracy.
Key words : partial discharge ; pattern recognition ; KELM ; VPMCD
S S T
(E42% 140 R continued from page 140)
R B R T 16 g v 4R B A 2% M5 ) 5 3 T 4 by (E-mail ; 10 4 B X A 2R B ] L I 9T

1328255563@qq.com) ; A #(1992—), B, Thd A, R LR L, LS
RAM(1986—) , B, T d A ERL AL FRF @A KIS KNG R
BEEEAACE AL P £ & & (1993—), 8, FAZEALALHRR A FLH

MEF(191—) , B, kB LA AL AR F 1) A iy b, R A X Ml O

Fault diagnosis of high-voltage circuit breaker based on convolution neural network
HUANG Xinbo,HU Xiaowen,ZHU Yongcan, WEI Xueqian,ZHOU Yan,GAO Hua
(College of Electronics and Information, Xi’an Polytechnic University , Xi’an 710048 , China)
Abstract ; The traditional fault diagnosis methods of high-voltage circuit breaker rely too heavily on artificial expe-
rience and cannot precisely reflect the relationship between the characteristic parameters and fault types, so their ac-
curacies are low. In order to solve this issue,it is proposed to diagnose the high-voltage circuit breaker fault by CNN
( Convolution Neural Network ). Combined with the characteristics of breaking coil and closing coil currents in high-
voltage circuit breaker,the fault diagnosis model is built and then trained by the null point fault characteristic para-
meters to obtain the corresponding fault types. The simulative results show that with the overall accuracy of 93.68% ,
the proposed algorithm has a great advantage comparing with other algorithms based on the neural network.
Key words: electric circuit breakers; high-voltage circuit breakers; convolution neural network ; breaking coil and

closing coil currents;fault diagnosis



B3R
& AL UCI BURERIRA &
TableAl Results of recognition on UCI database

LIESLD TR 1%
HREE BP 4t SVMI VPMCD KELM-VPMCD BP i SVMy VPMCD  KELM-VPMCD
EES % BES ik

Setosa 100.00 100.00 100.00 100.00

Iris  Versicolor 100.00 100.00 95.00 100.00 96.67 96.67 93.33 98.33
Virginica 90.00 90.00 85.00 95.00
Seedl 86.67 90.00 86.67 90.00

Seeds Seed2 86.67 86.67 76.67 93.33 87.78 88.87 76.67 91.11
Seed3 90.00 90.00 66.67 90.00

% A2 OCSVM, SVDD #1 VPMCD 5AHEXS#
TableA2 Parameters of OCSVM, SVDD and VPMCD methods

(C, o)
Sk Gie syt VPMCD 752 %
OCSVM J7i%  SVDD Jiik

X1=12.98X,2+46.17X5718.56X,X5+18.98X,+19.99X5+0.48,
BRI (0.21,088) (010, 0.50)  X,=-50.39X;°-41.88X3*+11.02X1X5-22.74X1+20.14X5-0.04,
X3=52.79X,2+74.42X,2+5.72X1 X-13.75X1-6.06X,+1.71
X1=44.80X52-19.31X5?+21.25X,X3-21.98X,+3.56 X5+2.15,
R BRI (0.11, 0.26)  (0.23, 0.17)  X,=-9.59X,?+43.85X5’+4.75X,X+8.40X;-17.68X3-0.29,
X3=-52.60X1%+22.93X,2+47 74X, Xo+34.81X,-26.98X,-4.54
X1=12.58X,2-39.64X52-7.41X,X5-4.18X,-1.19X5+1.42,
EF AR (0.67, 0.50)  (0.45, 0.18)  X,=26.82X;,?+12.21Xs?+0.90X1Xs-32.63X1+3.96X3+9.46,,
X3=-59.45X,%+30.44X,2-21.43X; Xo+84.28X,+53.22X,-32.25
X1=-80.29X,%+8.64X3%-18.42X,X5+6.91X,+50.40X5+0.21,
RS2 (0.27, 023)  (0.16, 0.20) X2=16.69%,2-41.18X5%-4.19X1 X3-17.96X,-9.59X5+4.86,,
X3=-23.52X,24+81.76 X,2+32.47 X1 X2+25.98X,+27.23X,-7.18

& A3 TREIRMEMHMEBERT, SRR AENERRARIZE
Table A3 Recognition rate of different methods under different unknown PD types

AR 1% B EAI%/%
N AVUEN
T H 7l OCSVM SVDDJ; #J#fiit VPMCD KELM-VPMCD  OCSVM SVDD  ZJEfhit  VPMCD KELM-VPMCD
KA ik s i ik i i i i i ik
BTk .4 91.67 93.33 93.33 96.67 98.33

93.75 95.00 92.50 97.50 98.75
il AR 100 100 95.00 100 100
Wt 4 78.33 81.67 78.33 95.00 96.67
) 78.75 80.00 76.25 96.25 97.50
TR F 50 75.00 70.00 70.00 100 100
FHRR I 4 83.33 85.00 80.00 91.67 96.67

80.00 83.75 76.25 93.75 97.50
GEN N 70.00 80.00 65.00 100 100
R ik .4 91.67 91.67 90.00 98.33 98.33

93.75 93.75 90.00 98.75 98.75
H ARA 100 100 90.00 100 100




F A4 ZHRANGEXNE SR B LB IR A
TableA4 Recognition rate of different PD types by different methods

%%
SR B LAY KEL-VPMCD J5
OCSVM J5i% SVDD Ji% B A VPMCD 77V o
=223 & 91.25 93.75 86.25 100 100
HRORT AR HA 78.75 81.25 83.75 86.25 95.00
RGE 80.00 82.50 78.75 90.00 97.50
P2 S, 93.75 93.75 86.25 98.75 100
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