@ hHLRER

16 2019 4£ 11 A

Electric Power Engineering Technology

F38 % HoH)

DOI:10.12158/j.2096-3203.2019.06.003

BT RE B AR M4 M2 4EE

SR A0 28 T A SRR A2 I8 T 0%

x X, WA, A
(ARG KA 12, I 1 510640)

W B ATHESREREE, R RN T RS, B A MR 5 4 EAZ B R oA T XA 6 A, P ik
FREFIER, RAHRZREREZENBET AT RELHOEEZ IR E S, LB AKX B T EEN S
BHEBMNE,RET —HAREATREERRLF S LERERSOEERUBLW F ik, B5 FRSARNTESSE
BORARE S RN KBES IR, AES I EFTRERBERATHRA, AR T EE EER S LK
I, A 5 AR A8 45 3 T R B2 KA SR A G B IE S, xE 3R 220 KV £ Tt 474 K, 25 R A9,
P AR k0 W A BRI R 5 Y 4%  BhiE T 5% ik 6 TAT A A ALk,

KR HEIER; 5 LR ERE SR W R E RS HR 2 R REFIM

HESES TM741 SERARAEED A

0 3l

s R Ge L I AR E T B AT B R T AR
FEZS I RAE o 78 T A G R L 00 S5 o i i,
HEAESEO™E G B, 78 FE 2% & A #CRE i 5 R Ax
LU R AT P A R B X R 5
R s e, £ B A ) o S B R T
RS I R S A —

L 70 U % 4 4 T 2 T e WA B R T % 4
Rl B O A3 L, 7 0 B 5 R 30 , o EG T i ) TR
AR A T TN, H AR A A B o7 i PR L
SERBHE %, BT, — R 2 AR R85
AL T 7 P AT R ) e — A g ik
ALETRBPE L e A R AT
L EREAR T %07 v s H O R e T v, 15
AT A2 2 245 1 55 HL (support vector ma-
chine, SVM)'"" Lo ARG 07k, fiE
RS RE R A, T Vi v Ak TR AT ], i
ST 7 L A — S B , TS Pk S B 1k
BB 4 TG 7 P 28 1 5 AR e, (L 2 45 ol
1, BRI 3% 97, R AF A ERT HL 047l 15 4% W U RS
A IR SR 5wk v R AR B vk B, {H
TR N b 28 150 46 32 B AR LA AR SR 11
S REST  H AR IR B A b 2 10 Ol Bk 47
23] | [RIAFAE R 2 ) RO AR M B0 218 A5 5 &
P JR BRSBTS 1 2 2006 4F- 2 H
—FIRIZ UL S ik ML ) AU
R TR RE S S B A AE USRI 1 R

WA B £7.2019-05-11 ;45 = B £7.2019-06-21
AL E BRARAFLALTBR A (51577073)

3B 472 :2096-3203(2019) 06-0016-08

AR S U BT T B R M, {H 75 72 T g i
W2 Wy 5 TG 1) AT A T kR A0 B B SCRR [ 18—
19 PREIREE % ) 5 A8 a2 Wb, BUS 1 R 474K
R (AN AN BR 9l 68335 43 A, AN BB 4 1 b iR
IRZ Y RIS i i

SCHREETIREE 22 2 Bl 2 M 4%, B 56k MM i 2
PR BY /K 2% & #l, (restricted boltzmann machine, RBM )
WeBIE R Z M 4, FEAETRZ A 43 254 AL, TP
R T # IR E B E M4 (deep believe network,
DBN) W7 IR, 255 2 45 B RGBT, 1t
TP s 435 114 22 448 B A 0 M 0 4 g BB A g A
P T IR B {5 X 2% FN 22 48 B {5 8 Rl 5 1) 28 TR
ARTCRREIZ WAL Y 3 A AT 34 B RS TR 5 4 %
FEDN S B, SCh T 2 07 2 AH b A B3 LA S0
FAFAE 4 HURE 0 I 5 12 W IR A R B n i it
ARSI AR 7 SRR B2 W 5 v AR
FA B

1 REFIMEMBKZE T

DRBEE > 2 DA N R it 25 I 45 11 DA P
fifk Ay il A S P AU N I DRI o 22 34 12 45 4 1 TR
B2 IR M4 A 2 B R I 2 M 4 2
o B A 505 3t M/ R AR i IO A T R AR
MIRE ST o TRIZSA ) — b B iy~ 2] 7 5K, mT 1
MR B TCARZEFEA KR S i Zhad 72, Ak
TSR, S R 7 I ERf 5%

DR ) M W 28 n] LI o — S5 H £
NEREZMZM AT TSR 3 R N LMz
2%, REAE KSR F 1 HCR LA 0 00 1 B 1 o 2
ik K L AE R, DTS2 5 53 2, 0 S o



XUSCHEE 55 T U E R NS M LEE B RS 1AL R4 SRi2 W 5 ik 17

B e AR 5N A7 TR EE o7 > B[]
FURTREE 2 ) 9 253500 Ak T B 2 M 4%
FT B oSS A T RBM 3 K26,

FHEE T HARRIRL, JE T RBM ##2 ) DBN 7
HA ZH S A X B A B | REAS B 47
SRS R, DR 6 2 4 1 248 J3E 53l Ak 2L A o
AT HS T T AR i ) TE A R K A T R
T 22 G- RF ) Bl B o SR SO s O T
RBM M 2 £ i (1) DBN A5 B i 47 748 s % ik B
2.

1.1 RBM

RBM S —F i e e BUE LI HA R FREE
(kb2 g > ] R 2 2 241, 1% M
AT R 2 MRS RIS RS RS AR
&, 05I 0,1 Fom . BURZE 2 U JC B I 4k
B, A 5 K2 2D BE T, Al DU U K dls 2
> BV W 4L , AR R SE AN 1

E 1 RBM 2R EZEH
Fig.1 Layer-structure of RBM model
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Fig.2 Structure diagram of deep believe network
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Table 1 Power transformer fault diagnosis
input characteristic set
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Table 2 Transformer fault code
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Table 3 Classification of training samples
in three different situations
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Table 4 Comparison of diagnostic performance
of different diagnostic methods
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Transformer fault diagnosis method based on deep learning and

multi-dimensional information fusion
LIU Wenze, ZHANG Jun, DENG Yan
(School of Electric Power,South China University of Technology , Guangzhou 510640, China)

Abstract: The paper constructs a deep learning fault classification model for fault diagnosis using a Sparse Restricted Boltzmann

Machine ( Sparse-RBM ) based on the deep learning ( DP) theory, in order to synthesize multi-dimensional information,

determine transformer defects quickly and accurately, and solve the problem that multi-dimensional information fusion weights

are difficult to determine. Combined with the multi-dimensional monitoring of large transformers, a transformer fault diagnosis

method based on multi-dimensional information fusion and deep believe network is proposed.The method can utilize the massive

unlabeled multi-dimensional monitoring data of the transformer as the learning sample, and only needs a small amount of tagged

data for auxiliary optimization. The trained model can make an accurate fault diagnosis of the transformer body state according to

the real-time online multi-dimensional monitoring data of transformers. The diagnosis test of a 220 kV main transformer in a city

is carried out. The test results show that the accuracy of the method proposed in the paper is improved by 4% compared with the

existing one.

Keywords : power transformer ; multi-dimensional information fusion ;fault diagnosis;deep learning; Sparse-RBM
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