$£38% FoH
2018 £9 A

@ ) 8 % & &

Electric Power Automation Equipment

Vol.38 No.9
Sept. 2018 &

=T WNN-GNN-SVM £H & 55 15 28 HE 2%
T % ) 1R] Ry ) F ] e 7Y

KA W iE
(BMERToE AN EARFFRLE, EE 401123)

FHE 54T DAY ZE ML (WNN) & EAYZ M2 (GNN) | L& & ZH(SVM) TR 7 % 69 R 22 ) A 421 #F
AL (PSO) JLik 2biX 3 bR A TM 7 sk 34T T 2 M Atk F% WNN,GNN SVM 5 PSO-BP H ikt 4740
AT E T AATMAER R AR RE T T R AR T AT B M A, A sHER
R . 3% PSO H x5 , WNN . GNN SVM TR AR ¢y A AF EAF 2 TR S, LA Rf —BAF F

50 TR A

KR . & H E R %R, DGA;PSO-BP ik ; 20 A-FRm AL A

RESEES.TM 41 SCERFRIRAG A

0 s5lI§

HL ) e ) RGE T i A, Hos
RS HHE R R B B M2 2T0 e B 47, i ) A2 Tk
AR AR ity Vi AR A AR 3 B R AR A R
578 TR e B AR KOG R 5 01, DR kg il b i A I
7M1 DGA ( Dissolved Gas Analysis ) £ A A9 I FH %2 A
Iz T E 7 S il e I A AR AR AR 4 B
IR 1] (19 A2 A 0 2R 2 B b Ry Z2 4E I (8] 77 51 20 41 A
A Te] P ] ] oy = A [ sk ] 16 B HE 51, €055 7 |l 28
JE &S TR ARG s 7R G0 5 v i i A AR
S ECRTNTE DG FR | PRI AT 3 2k 2 8] 5 3] 1) 0 48
7N IR AR B IE AR O, I LAk g Bl % v, ) 78
FERS ORISR T

SCHR[ 7 14—t ) DL i 37 2 - il 25 0 28 A5 Y
IO FH T 30 A 3 O ) T G e DL S 20 5 il 2
o0 245 Hy Iz 1) A 49 il 25 00 246 A i) i R B3 ( RBE) Al 28
PO 24 ¥ B, 12 2 G 5 AR R v 0 A B L T AR
TE o SCHRL 8 ] Re B 15t 1% S50k Fl BP ot 28 W) 28 16k 5
IO TRk % %5 a1 [] 91 000 T RCR AR T B
— BP PRZE R ZE TN RY , SCHK [ 9 ] 45 1 ) A JEL 4
AL AL BP M M2 R RER AL (PSO) Bk
A S Iy EE AL (SVMY) IS TP 2 A 451 X 2 % PR
p I HLZH B HEAT TN A4 25 TN A4 & R T,
PO P JEL 30 B A S0 I EL A R v OIS B, DL RIS
ST ] Py 91 S50 107 FH A A ), AR A0 AR BT 2
R 1) 91 AT (AU 5 O 7 — S I TR] 4 P 254 T
WA EH#A:2017-07-11;1&[2 H#1:2018-07-13
HEEMB . TR TABAFENBHAFILA D (cstc2017-
jeyiAX0461) ; F R W ¥, A 3] AHH0R B (2018 #r A 44)
Project supported by the Research on Basic Science and Frontier

Technology in Chongqing ( cstc2017jcyiAX0461) and the Science
and Technology Project of Chongqing Electric Power Company

(2018 Chongging Electric Power Company Technology 4#)

DOTI:10.16081/j.1ssn.1006—6047.2018.09.023

BABKELRNHME,

H 14 22 SCHk 35 I R 5 — B 8] )3 81 F0 0 5 v
B0 BP i 22 W) 45 FIAR [i1) 6 i 28 o 4 21101 S s
BRI 7 % 38 A %) DR 8 AU BB R AT 1B IE W] AR
FEA —ERERBINRCR ik — 20 4 v S
JE2E P T AL A TN | B4 b B — U AR
R IR — 2 LA T A A 2 A ) 2 — T
HRETRY (1 (I AT ) i v T BE 1 A

Jy— 7 AR R R R B LY
B2 — A H 70 e A e, DRl BB 5 | ke v )
KATHL N BB 2 B H ) A% e 2 e, [ B il T 2%
RSHEERNE DCA VE iz X A8 R A5 il i W ik
H A O A SCHRE DGA 24l 5 BP B2 [ 48 MRS 4R
FeAR DL K SVM 55 45 4 X6 A8 1 48 i B 308 17 202
Wt ol AR SORE NI 2 I 4% (WNN) R (4 22 )
4% (GNN) A1 SVM #7454, FFmad b PRI b ik
ik BP i 28 W 4 ( PSO-BP ) 5.3 X% L1 | WNN
GNN . SVM #4704k, %t L 748 e 2% DGA [y 5 Bif (1]
80 AT e 1

ARICHEEA T WNN GNN SVM {4 J5 B, 43531
VEICT HARF A A AR 2, R PSO B3k XX
3 PR —T Ty vk AT A S e R TR T
PSO-BP 553 F s [a] 7 51 41 & AR A | 4 S5 1
T A BN B ABGR BT R vk . ARG
ZE RN T HL AR R g DGA BLds 1, I LA by FEfi
XT HL 778 PR g i S R T ) e Y AT — i 4R =
1 B—EE SN A EREE ST
1.1 E-F WNN g9t 8) FF 51 5

N PR 1 AN RE/NE PR 280 RS S R
A1, /NI o3 B B 5 o3 ol — R ANk pRi K
B E N /NI AR 4 S 48 FE I — JE AN PR o (1)



i5¢) & 0 8 % w it %

=38 %

V75 HEAFRE y TSR 1E S x (1)
AR

fKVJ)=1Jma(0¢F;Tj& y>0 (1)

Sy =
X (1) BEAT SRR A TR oAy .

1= f dreerein >0 2)

WNN JZTE BP it 25 o 28 St - DL/ N FE pR R A
SRR R AR 1 R, HAR NS 1 R, B
EF"X“X%"'\XM%? WNN El’\]ﬁﬁ)\;Yl\Yz\---\KV j‘]
WNN f%i s 00, M1 0, WNN BUH,i=1,2,- ,M,j=
1,2, J(J R/ FE R Bs e ) ,1=1,2, - ,N, 4
BANIEL[ X, Xy, e, Xy, ] A /NS bR Bl Herp
— /N 3 PRER ) B T RO

Ew”Xi -7
h(j)=h = j=1.2,000 (3)
Horft () AW I AT Ry, m, SN
55 j A/INEHE B U FT R

: 7N

1 WNN #E3h
Fig.1 Topology of WNN
1.2 E-F GNN Byt 8 51 Fi
JRERSERI AT K AN 8 R T MR &
VAT B« (1=0,1,2, -, K-1) 4T B
I SR EIE] 0 2 ol IR RO KA,
W ny ) o3 J7 R AT BRI . DA AR Sk g
B FPHI R (), — R BINA G BN v (¢) , T
MZERHy 2(0) , W n DS SE GNN BRI 133 7
R
dy,

g"'al}’l=b19/2+b2y3+"'+bu—1yn (4)

Ho y, -1y, N GNN W5 AZS 8Ly, i GNN %
Hj;al \bl \b2\'”\b"71ﬁ%ﬁ%ﬁ*&ﬂ@%ﬁo é'\ bly2+
b2y3+"'+b,rly,L:u’muﬁ(‘l)E"]@%ﬁ?:

yi= e (5)

Hodr b RRE R
Bl (5) B3] BP M R4 BN n B A 1
i pg GNN, =R a5 aniEl 2 frs, B, e

AZHUT5 ;6NN 438 A B .C.D 4 2, MEREN .
0, =a,,0,=-y,(0),0,=2b_,/a,(i=2,3,-,n),
w3i:]+eialt<i:2739”.’n) o

AE BE CE DR

i yz(t) ;
101

Bl 2 GNN I E
Fig.2 Topology of GNN

1.3 EF SVM RYET ] Fe 31 F5ui
SVM 5 BP #i & W28 S M5 201, SVM. H (]
T A R R R R e S
()7 X, Sh R e 3 ok, SVM H T IE LG
TN ) B A AR ok — AN e i or 25w, B s 2 il
WHFEAR BRI KR ZE /N, WA LD
A ey ) L A = 1,2, e Ly, o R 0

B, gLk mE s (6) Fimn,
S(x)=w®(x)+b (6)
ff(x)

70 =52 (a) K (e, )b

0,=0;

.
-0, =0

|K(x2,x)| |K(x2,x)| |K(x,_,x)|

x, X, X,

B3 SVM #h3h
Fig.3 Topology of SVM

IR £, &7 WK w b BIRIEEHAL R .

o1 < .
mln?Hw | +CZ(§,: +&7)
i=1
sit. y,~wd(x,) -b<se+¢,
=y + wd(x,) +h<e+ ¢
Eiaoa fi* 20

I Largrange PREL, JT 4640 % BIE X5 T 15
[l R A

i=1,2,- L

f(x)=w"d(x)+b"= EL: (a; —a )K(x;,x)+b"
(7)
Hrp, ¢ ANE R o, Al o 4 Largrange A+
K(x,,x)= @ (x,) D (x) A% FEEL, 7Tk FH e Az m)
FrZ R, =X (8) FiR
lx-x1?

K(xi’x):e_T:e_ng,’XHz (8)
I SVM B0 J% 10 2 456 1K 28 € A



%91 B>, 45 H T WINN-GNN-SVM LA 5 bk 18 FE 2 0 527 U 50 57
BB g,

2 WNN-GNN-SVM H&E & Expss

PRALFL T —FP 5 e T B ) ) T EL A R T
PERUR TR E M, B Ty LB EF 8« xy o k.,
WNN  GNN SVM *F1% 7 52 i 1] )52 41) B F0E K«
e, (0BT 2 3 4B %E . WNN  GNN  SVM
TR ) , PRI 22460 E A .

E:[(eﬂ)ynJI:(eit)zxn]T i=1,2,3 (9)
o 1,23 B4R I%E R WNN  GNN SVMje, =
P(t)-P,(t) , W& ¢ BEZI B0 3R 22, P,(¢) S P A
[BF, fegdl G Wy .

P'(1)=w, P (1) +w,P,(t) +w,Py(1) (10)
H w0+ w,+wy =1, 2 W=[w, w, w, | A AU
LML A BIIMAREL, SetEdl & R 2 - Fh .

S=2(iwiei,)2=WTEW (11)

t=1
R SRASZH A PN ASE A B e AL R W, AT
A R — R FI ]
min S=W'EW
{s.t. R'=1,R"=(1 1 1)
kL5 | A Largrange 5T 2A(R"W-1) , 53 51 %f
W Hl A K S15 .
d[ WEW-2A(R'W-1) ]

(12)

=0=EW-AR=0=

dw
W=AE 'R (13)
T _ T _
d[ WEW-2A(R'"W 1)]:0:)RT AE-'R=1>
da
A=(R'E"'R)™' (14)

Rt E A R EL W=E"'R/(R"E"'R) ,,

FEUCHEA b B2 —Fh T BP 2 25 A
(1] ) 4 20 45 T ABE A5 AT A 280 R P 45 Ao 3500 7 12 1Y)
P, H5E v 8] 7 270 T A B AN PT S A A AR
TR Py BEA AR R R

a. FF] WNN GNN ,SVM 43 5% 5] (] /5 31 i 47
T JfaE et PSO SR AL KA bt DAl A2 6

b. FETLL 3 Pl — 88U 1) T 45 R | 45 G
AR T % FAFBGR B S B T 45

c. PR TIIAS A 4 41K G HINZE AR R BP #
22 A ] B, LLJRUGG D 2 i Ta) 51 /R Sy BP
PR X 2 Hm o ) i, ST G T BP M MK AL &
BEAUTE R ] PSO Sk AT OLAk , AR Fh 5 an &1 4
Fis

3 BB ES SR

3.1 JRIAEIRAIEEN S AL IR
AR R 7 TR A Ao A 3 e e e S T 4 i A

PSO ZHITLAE] A2 | a2 | B2 ity

WNN Oy @
)
gigy| AGNN
s} [A] i
izl SVM
EY

SAH | ~ ; ~

B 4 ET PSO-BP HikpyRtE) F 5 A & Bl iR 2
Fig.4 Combined forecasting model of time series
based on PSO-BP algorithm

BRRAE SR, SR EEAFE AR (H,) A b
(CO,) W%E(CH,) . Z%E(CHy) . LM (CH,) (&
FR(C,H, ) 6 BB AR, AR 5 it B L A1) 0] T il B
SRV PR LA S M7 AR R A AT
HIMEAR 28 DGA B, &30 St 7 1 (., bl
JE AT T BRI | & A5 P AR B AR R o B 38y
BT, VAU F e 2 PR B AR B BCR 191 36 E
AT HRR LA TR Ty ik i e

WNN GNN F1 SVM i % i 1] 15 4 = A8 H ke
S, A TR R AR T8 AN 3 Ak 5 R SR
i, LA TR R R R ) 5 B bR A B AT
5 R B S AR XTI R ] A S Bl
B0 o, SCH i B O# A F 5 O MATLAB
(R2009b) , i1 7345 K Intel Core i5 —3230,4 G NAE,
500 G i #, 3# 7 MATLAB EE AT mapminmax , 4k
& apply Fll reverse 1T 275 /£ WNN  GNN 1 SVM )
PN A
3.1.1 SVM Fam| 4 A

K FH e T A [ A% pRESAE R SVM A% R B, 15 I
IS B FEAUE R C MRS g, T
A SUIEJFEHE G i PSO Bt SVM AR AL E TS %L
S, 2 SVM AR A TN AR PSO Bk S
BB EI T ¢, = 1.5 ¢, = 1.7, BE LS
300, K7 FAPEE A B KRB A 20, SVM AL T R 4K
Cel0.1,100] , #% K Z% g €[0.01,1 000],SVM
Cross Validation 28R IR BB E R 3, XA SIK
RV I [R] P B R4 7 F000 s, SVML 1) e A S 00k
BEH C=5.66 g=0.25; % F e A B4 B0 e 18] 7 51
HEATTM B, SVM B AESEE B N C=1.41 g=
0.18,

PSO B X SVM B ILAE AR WKL 5, SVM X &
A AR S B s ] 5] T 285 SR L 6
3.1.2 WNN Ffm £ A

WNN SHE .5 A A S AN
FLI0MNBREET 8 2825 2 o 0.01, 22 2] %
R R 200 WK 5 N 45 i 28 5t 18] A A ) 4 1 1



@ ® 0 & & L % %138 %
& 100 ® L6x10% |
— R Siana ol
§ h&r’ﬁ 1.1x 10 -\/ﬁ;:ff“’ et
% " ®  6.0x10°
= < 4x10° | _
ﬁg 40 E ! L L | ﬁﬁ X Py -_,-"-l,'“x;/.?e'oag.:e
0 50 100 150 200 B 2x10 I
AR B 0 5 1.0 1.5 2.0 2.5
—— BAEENE, —— FIEN
: ._Ug‘ SFA P N 27IR=2
5 PSO HRGAL SVM R —=— [} A] ¥ 3 B SL{H ,, —e— SVM-PSO Fiilli{&
Fig.5 Optimizing effect of PSO algorithm on SVM —»— SVM ThllE

1.6x 10

ﬁl.lxw“‘ﬁm

6.0x 107
4x10° |

‘ﬁ 2% 105 _M
O 1 1 1 1 ]

5 10 15 20 25
Ve IRcg
—— W FFIELME, —o— SVM-PSO Hilll{E
—v— SVM Hilli{E
Bl 6 SVM XSS A0 Ry Bt i) 5 5 Bl 45 R
Fig.6 Prediction results of time series of H,

and CH, volume fractions by SVM

randn PRECFENL IR AE ; 76 2% > & #2 7 R H Morlet
NP FE PR, B PSO X WNN 47 /9 45 A%
{ELFN R 2800 BUE I P Ak B2 v, PSO Bk I S 80%
E5H SVM — &, WNN 78 X% &5 B e 74 FH 0 B it
(] P B P 5% 22 AR Ak R A’ 7 iR, B 7 Af
U 7E PSO B340 4k WNN {193 B2 v | i 25 36 16 1k
BRI I, 35 N BE pR U AE A LRk A 2 b i 8
B AR TR, X R B PSO X WNN /1
FUE A28 o0 B (8 /9 £ Ak 2 72 28 7 8 T 008, itk
B AT

SR

e iA R

i 16 [ -

ﬁ -

JE ) AR

5 2 - Tt e e e em ./Ff%dﬁ: ) -u

7 5 10 15 20
BHARWEL

Bl 7 WNN FliR 2z s R
Fig.7 Prediction error convergence of WNN

WNN U Y BE ARG B0t T 7 510 ) T 00 45
RN 8 Pk, B AL, 280 PSO Bk Ab)E,
WNN 14 T 25 SR BN 30 ek 1) ) LS (L, EL GG 15
AN 8] 91 5 P00 A 2 A v, AR 000 I 91 328 i 4
B AR R S
3.1.3 WNN Fam| 4 A

GNN 5 %} W 28 W IR A S KL a b, HEATRIIRAE,
i3 rand pRECBENLIBLE , oI il 22 25 9 10 1k
SRS a, b, by by by by bg, EPLALIE R PSO
PR SHUCES 4.1.2 b —2, GNN fRIE 5
XPRFAE SR AR 23 B0 B0 JL 0 I 18] 7 51 47—tk R

B8 WNN XSS R IR TR B i8] 7 51 i T 45 R
Fig.8 Prediction results of time series of H,
and CH, volume fractions by WNN

hin, BE ] 5 5L B AE FR KA AL R SR
i — oy 7 R AT G, it PSO kAR
ALJE I GNN TR0 A% 76 35 07 32 PR 3 {1 it 2% AUk B0
AR 9 Fros, H AT UL 3 R RR [ 128 T DR
/Ni#E TR, IEW T PSO kb GNN )&
EE,

0 10 20 30 40 50
AR B
B9 ENERHEMERIBELXER
Fig.9 Relationship between fitness function
and iteration number

GNN X &S H B AR B 43 st [a] )37 51) 1 i 45
WA 10 Frs, i E AL 2t PSo Bk )G,
GNN Ay TR 22452 =5, {6 GNN X i 10 A4 ] /7 571
TN B I, BT S A ] 5] Bk AR
TH

K 1.6x10* 1

= ol TSN
r& 1.1x10
v M‘*’d

6.0x 10
4x10°

Eﬁ 105 —WW
B 0 . . . L !

5 10 15 20 25
IHE] 515
—=— WA FFIHSEME, —e—SVM-PSO HilllfE
—v— SVM FjiE
B 10 GNN M &S, R B 8 FF 5 gy i 45 R
Fig.10 Prediction results of time series of H, and

CH, volume fractions by GNN
3.2 AFREUMEIE TN iE 5l
PR, e SC LA e PR FR o3 30t 18] e 57 2 431)
XS M AR FEAT 1S . K4 SVM-PSO it 452
A WNN-PSO TR GNN-PSO T30 45 5 14 751 1)
{55 FLSC 8] 7 5045 3 F000 D2 25 A e BR T
i s 22 HE R o TR




£9H KA, 55 BT WNN-GNN-SVM ZH 551 ) A8 He A5 TH1 (0,335 b i) 371 i 482 7 e
034551 0.0623  —0.13 L
~0.3516 { ~0.016 2 | ~0.579 7 T 10
| | BR
0.286 | 0.0388 | 4.232 e
E E O - - L 1 1 ]
~0.340 1| 0.2845 | 17.8122 T 10 15 a0 s
0.5317 -0.162 1 -0.279 iy E)E2IRes
e= : § : § : —=— I [ P31 S
13348 | 23964 03081 | 2V —=-BP A1 HZ R Bl
27231 ¢ 1.081 5.573 3 B 12 PSO-BP A& HINE B BIMBR
-0.781 7 E -2.6155 E _0.469 6 F1g12 Prediction result of PSO-BP combination model
11381 | 1.2739 | 1.696 1 & 12 FEHH BP 1 25 0 28 2H 4 T A5 750 %) T 0 (i

| -0.1083 | —1.2474 | -1.423 1|
SVM-PSO WNN-PSO GNN-PSO
AERE P T R 22 5 B E A
E:[(eit)fsxn:l [ (eit)3xn:|'|‘:
20.151 6 17.4262 26.914 0
17.426 2 30.288 6 33.630 7 (25)
26.914 0 33.630 7 474.833 8
B 2= E U W=E"'R/(R"E"'R)
PRRNLH A TSRS () B AL R B W
W=[0.8328 0.1865 -0.0193] (26)
IR LA e 2 P A 7R Sy
P'(t)=0.832 8P,(1)+0.186 5 P,(1)—0.019 3P,(¢)
(27)
AL Ge 2 A FUIAS TR T 45 S 5 | SRS [a] P 51
HEATRT L, g5 SR an & 11 B,
4x10°

-W"'A\-’\-
] ﬁ 2x10°° fv
0 1 1 1 1 J

5 10 15 20 25
W FFS
—=— [ ] 31 S AE
—o— fEGH AR BIIE
11 fE5:E & TS EIFN 2 R
Fig.11 Prediction result of traditional combination model
P 11 2 B B HASU AR K TE A 4% Gt 20 45 T A5
AT RE P e (A BR 23 50 1) iRk 8] 7 271) 00 4 2 3ok — 25
FET5 BT 15 /> 18] 7 51) 5 A F000 (5 56 AR 1k 1]
G ESH — 2, 7R J5 10 AW ] g0 4b 3L 1
T 22 o
3.3 ETF PSO-BP EiXMAGTRE
SCH 4R R A1 0N AT R T SVM-PSO
WNN-PSO ,GNN-PSO FIE S 4 & Tt A5 28 i) il £
A INOHE BP B2 W25 1R A R BEE N 4 4 i
JRBEE 1A T ALA TR R et A I 1] 5
R E R ZIC RO E N 6 4 PSO Rk Tife
BP M2 R4 O RUE AN 220, BP M2 25 20
B PRI [ U 25 SR an 8] 12 R

e

SIS ] 5 9 SR AR A W) 4, 220 PSO Bk LAk
Ji , BP #2225 20 5 TIOR3 BRL i 5 ) F P
5 RE I TR PERE

4 itig

FI ] SVM, WNN , GNN . SVM-PSO , WNN-PSO ,
GNN-PSO (44 A8 3EF PSO-BP kA G
AU ASE ARk FE o A AR 43 B AT T, AR 4k FR o AR AR
A3 BT 8] P 371 B A 5 T AR 500 3 T 4 %o - 3435
2 E, Wi B, oR4axHRZE E, FUFHIHI
JE B E, 4 A H8 bR R TERE 25 A T AL AR (1) T 0Ok
BE A 13 fis, B B EE RS 1— 8 4 Rilx
% SVM,PSO-SVM . WNN  PSO-WNN . GNN . PSO-GNN
AL fESHA R FETF PSO-BP Bkl &
TR

0.2 -
g 0.1 F \ ®re
0 1 \.I 1 .\
2 4 6 8
BB E TS
ST -
4t -
o3 -~
a 2o *-
1 2 3 4 5 6 7 8
B EE TS
25¢
20 F
o 15}
S0t
0.5 + o — -
0 1 P — L L -~
1 2 3 4 5 6 7 8
TE RS
1.00 - e
- /'«.
0.95 -l”’ b
0.90 /
0.85 1 L L

MBS
B 13 FusEB B R R b
Fig.13 Comparison among predicting models

& 13 B SVM _WNN . GNN £ 44 PSO & 4



i60) & 0 8 % w it %

=38 %

fIE, FIR2E E, BTRIRZE E, I RAXTIRZE E,
5 B AR, P 50 A OC B R A E, 3K, 33X U B B[]
J7 5 FRCIORG 1 B 4 =, AR S B AL AL RN T PSO-
BP BRI A TR F) 4 AR F8 AR08 T 1
1 6 FhFIIAR Y | FERH T LA TS AL (R f 3, HL 3k
F PSO-BP Bk AL AT E, K, E, BAK,
FLA I RS

5 #ig

ACAHT T WNN,GNN  SVM 4 JE 3 3 17 FH
PSO Bt iR 3 FhIEATI 5 e -4 T 454 S 508
b, $EH T PSO-BP B vk 4l A Bull L7, PSO
LA WNN GNN  SVM T3 A5 75 1) 4 Fh &5
FaZH0n] i v LIRS B K WNN  GNN [ SVM Fil ]
Wi 5 PSO-BP Bk T4 A, 3T PSO Bk
AL A TR AR TR () F F NG5 F S50, 2 A R R A pp—
BT S A ORGSO R A S0 i3
T F A i (23 A R 1] 8 T ] T D &R
gt HoAthy s} 8] 7 5] A T

SE Lk

[ 1] 377 Xl 220, 55 TR 2 07 vk 21 BO AR LA 3128
TR R SRR [ 1], B ML TR S 4R, 2008, 28
(31):108-113.

YANG Tingfang, LIU Pei, LI Zhe, et al. A new combination forecas-
ting model for concentration prediction of dissolved gases in trans-
former oil[ J]. Proceedings of the CSEE,2008,28(31) ;108-113.

(2] W, PR, 2T, 55, Ol 2 A% A AR 5 ] d AL F0 J7

1 M AR R 5 45 ) A% 75 i 5000 o g 2 T 0 ). HLAR T 2
4R ,2016,52(1) :87-93.
LEI Yaguo,CHEN Wu, LI Naipeng, et al. A relevance vector ma-
chine prediction method based on adaptive multi-kernel combination
and its application to remaining useful life prediction of machinery
[J]. Journal of Mechanical Engineering,2016,52(1) :87-93.

[ 3] Bkae, 2l 22 Rl A, 728 T e T 60 18 A 2 M 0 o 400 3 2

PR T[], I BT R S i, 2014, 34 (9) < 1446-
1453.
LIANG Yongliang, LI Kejun,ZHAO Jianguo,et al. Research on the
dynamic monitoring cycle adjustment strategy of transformer chroma-
tography on-line monitoring devices[ J]. Proceedings of the CSEE,
2014,34(9) :1446-1453.

[ 4] fhnse, Bkl S8, 55, 25T DGA 1) QPSO-BP RIS IR &%
WS W ERTELT]. HTRHLEE,2016,52(2) :57-61.

CHENG Jiatang, DUAN Zhimei, XIONG Yan, et al. Dissolved gas
analysis based QPSO-BP model for transformer fault diagnosis[ J].
High Voltage Apparatus,2016,52(2) :57-61.

[ 5] BRBHEENE, R, 2850, 45, 3 12 oR D) 46 1 XL el Ty 25 S 0 7

WHTTELT]. B Al ks ,2016,36(9) :80-86.

OUYANG Tinghui, ZHA Xiaoming, QIN Liang, et al. Short-term

wind power prediction based on kernel function switching[ J]. Elec-

tric Power Automation Equipment,2016,36(9) :80-86.

AR, Bt R AR /N TR S 1) Al 1 T et ) e 1) T

[J]. #yBEE4R,2006,55(2) :555-563.

REN Ren,XU Jin,ZHU Shihua. Prediction of chaotic time sequence

[ 6

[

using least squares support vector domain[ J]. Acta Physica Sinica,
2006,55(2) :555-563.

FHIE 2R, FAEC, P0G, TR0 SR 3 55 o B N A [ )1 g 281 £
AT 5[] . H ) A S ki 4% ,2016,36(10) :134-140.

ZU Xiangrong, TIAN Min, BAI Yan. Short-term load forecasting

[7

[—

based on fuzzy clustering and functional wavelet-kernel regression

[J]. Electric Power Automation Equipment,2016,36 (10) : 134-

140.

JRDRRA~ RAS TS KT B it £ 3B Rl BP9 45 (1 ) I] 7 37 35

MLT]. FRGNTEFH,2007,19(21) :5055-5058.

ZHOU Huiren,ZHENG Pie. Time series forecasting based on hie-

rarchical genetic algorithm and BP neural network[J]. Journal of

System Simulation,2007,19(21) :5055-5058.

[ 9] AT 115 B0k, %, 3T B0 BP-SVM-ELM 5807k SOM-

LSF IR0 DGR A A TN [ J]. R HHL TR A0,
2016,36(12) :3334-3342.
SHAN Yinghao,FU Qing, GENG Xuan,et al. Combined forecasting
of photovoltaic power generation in microgrid based on the improved
BP-SVM-ELM and SOM-LSF with particlization[ J]. Proceedings of
the CSEE,2016,36(12) :3334-3342.

[10] #4757 , BBOKAS , B4R, 45, JE T 345 1h) 2 ] 3 (3% I 8] J 471) Tt
WLI]. hE AT AR ,2005,25(17) :110-114.

YANG Jinfang,ZHAI Yongjie, WANG Dongfeng, et al. Time series
prediction based on support vector regression[ J]. Proceedings of
the CSEE,2005,25(17) :110-114.

[11] FEAESC, E AT FET DU 30 I D0 £ T4 B2 5 72 ) 2% 14y W, 728 s 8%
W2k )], ) A Sk, 2018,38(5) :129-135.
WANG Dewen, LEI Qian. Fault diagnosis of power transformer based
on BR-DBN[ J]. Electric Power Automation Equipment,2018,38
(5):129-135.

[12] BRAEAYY B4 BRBR AF . BT HE AR FIAR 3 27 T AL 19 8 S5 389 XL
LIRS AR L) ], T Ed AL TR0, 2013,33(25)
33-40.

ZHANG Xueqing, LIANG Jun,ZHANG Xi, et al. Combined model

for ultra short-term wind power prediction based on sample entropy

[8

[—

and extreme learning machine[ J]. Proceedings of the CSEE,2013,
33(25) :33-40.

[13] BoFe W57 R, Ml A, 55, N L2 I 45 FfE Bl & B AR AE A8

JEARAR S PP AG 9 R ()], @ iR £ R, 2014, 40 (3)
822-828.
RUAN Ling, XIE Qijia, GAO Shengyou, et al. Application of artificial
neural network and information fusion technology in power trans-
former condition assessment[ J]. High Voltage Engineering, 2014,
40(3) :822-828.

[14] AW PNABT, 2/ NR 56, Tk T ST RE L PR 2B i i il ) B I
ARSI T]. LR 2006,30(4) :65-73.

XIONG Hao,SUN Caixin, LI Xiaohu, et al. Power transformer fault
diagnosis based on clonal selection classification algorithm [ J .
Power System Technology,2006,30(4) :65-73.

[15] 4R350 kI 200, A5 B TR BE T TR IR R B T P 22 I 2% 1Y
TN R BRI [ ], B3 A sl ki %, 2018,38(5) :
36-42.

NIU Zhewen, YU Zeyuan, LI Bo,et al. Short-term wind power fore-
casting model based on deep gated recurrent unit neural network
[J]. Electric Power Automation Equipment,2018,38(5) ;36-42.

[16] REMs  PhAH, 25/, 45, BT s R 43 43 S8 00k i vl 1 78
TEEIZWIT]. IR 2006,30(4) :65-73.

XIONG Hao,SUN Caixin, LI Xiaohu, et al. Power transformer fault

diagnosis based on clonal selection classification algorithm [ J ].



EoH M4, 5 FET WNN-GNN-SVM ZH-A 5734 19748 it €00 3 i 15 /3 57 T A5 2 ®

Power System Technology,2006,30(4) :65-73. [21] FRIE W, WREE , F2 T8 45 BT EEMD 1 LS-SVM A% B () XU H,
[17] #3057, A AT 25k, 5. SE T R AUE /Y 4 G B8 18 W AR DRI [ 1], B B shikik£,2018,38(5) :27-35.
JEASHREL )] R ,2013,37(1) :190-194. CHENG Qiming, CHEN Lu, CHENG Yinman, et al. Shori-term

YANG Tingfang, ZHOU Lixing, LI Jinglu, et al. Power transformer
fault diagnosis based on optimal weights combined model [ J].
Power System Technology,2013,37( 1) :190-194.

(18] XIERg , YN8, A8, 55, JE T 3F B0 IR 20t 5 oot Wl iy 2 >

wind power forecasting method based on EEMD and LS-SVM model
[J]. Electric Power Automation Equipment,2018,38(5) :27-35.
[22] E46ZR, FHE R, BT OO 2 IR B R 22 2 LTt

52(1) :162-169. 43-49.

LIU Yanan, FAN Lixin, XU Gang, et al. Concentration prediction WANG Jidong, RAN Ran, SONG Zhilin. Probability forecast of

model of dissolved gases in transformer oil based on NMF and im- short-term photovoltaic power generation based on improved depth

proved ELM[ J]. High Voltage Apparatus,2016,52( 1) ;:162-169. restricted Boltzmann machine algorithm [ J]. Electric Power Auto-
[19] Shim B R EG R, 5K & LT 530 % & 1 S N B 0 LR K- mation Equipment,2018,38(5) :43-49.

means AL [J]. WAL LR SF,2018,40(1) :184-190.

MA Fumin, LU Ruiqiang, ZHANG Tengfei. Rough K-means cluste- VEE”A

ring based on local density adaptive measure[ J]. Computer Engi-
neering & Science,2018,40( 1) :184-190.

[20] Pk, WHEDS, RACK], %, JEF KELM-VPMCD J7 3% K AR
SR I BRI [ D], H ) A SR & L 2018.38(5) ;

RS (1986 —), B, FRA, HA T
A2 WL KFR/ A FHEL G LM RA

')

141-147.

s o 5 b B O i
GAO Jiacheng,CAO Yanging,ZHU Yongli,et al. Pattern recognition it A SFg % S R R
of unknown PD types based on KELM-VPMCD[ J]. Electric Power (E-mail :526793305@qq.com)

Automation Equipment,2018,38(5) :141-147.

Predicting model of transformer DGA time series based on

WNN-GNN-SVM combined algorithm
ZHANG Shiling, YAO Qiang
( Chongging Electric Power Research Institute of State Grid Chongqing Electric Power Company , Chongqing 401123, China)

Abstract: The principle of prediction methods based on WNN ( Wavelet Neural Network ) , GNN ( Gray Neural Net-
work ) and SVM( Support Vector Machine) is analyzed. The structure parameters of the above three basic predicting
methods are optimized based on PSO ( Particle Swarm Optimization ) algorithm. The WNN-based , GNN-based and
SVM-based predicting models are combined with PSO-BP algorithm and the calculation method of the optimal weight
coefficient of the combined forecasting model is deduced. Case study results show that the accuracy of WNN-based ,
GNN-based and SVM-based predicting models is improved by optimizing the topological structure parameters with
PSO algorithm, and the combined predicting model has higher accuracy than single models.

Key words : power transformers ; DGA ; PSO-BP algorithm ; combination predicting model



