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Transformer fault diagnosis based on bayesian network and hypothesis testing
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(Electric Power Science Research Institute, State Grid Ningxia Electric Power Co. ,Ltd. , Yinchuan 750011, China)

Abstract: Accurate diagnosis of power transformer faults is essential to the reliable operation of the power grid. To a-
chieve this goal, this paper proposes a new multi-class probabilistic diagnostic model based on bayesian network and
hypothesis testing of dissolved gas analysis. The bayesian network model can embed expert knowledge, learn data
patterns from data and infer uncertainties related to diagnosis results, and improve the data selection process through
hypothesis testing. Based on the IEC TCI10 data set, this paper compares three traditional diagnostic methods to per-
form diagnostic experiments to verify the effectiveness of the proposed model. The results show that the maximum
diagnostic accuracy of the proposed diagnostic model is 88. 9% , which is greatly improved compared to traditional di-
agnostic methods.

Key words: dissolved gas analysis;transformer fault diagnosis;bayesian network;normality test;fault classification

B A R e s b il L Ry AL, ) WL R A R S WA AT RN R A AR Y AR R
AR 25 5B 7 g o PR ) 2 4 AT i) e T B A HH R SR R B T 7 A Y SRR A A TR L
o | SN E N 5 B <R VAL 2o 7 B S v | (A A 171 13 i S AR B (dissolved gas analysis, DGA) #E47 19748

s H#1:2021-01-22; &[5 H #§ :2021-03-05
EEmAB W75l A R A #H S &R (2020YCYF0112)
WS AT THE1986-) , T 18+, s G TR I, 32 22 A= Al 7 3% 4 RS M WU 5 AR B 5% 5 E-maail : 232464433 @qq. com



5536 &5 6 W

i 7 A, A5 S DI S0 ) 4% R AR A A 6 14 AR S S W 2 21

s i 0 5% A S TPl - 2 — A B B A7 o v T ik
A 1T T B S 8] 4 A% 00 AR A ik R T S B2 W T
[ENECE DI

T DGA BF X R A B 1Y 78 Al 3Ok 43
AR CRAT N, HHTC A 4 F A [R5 T LR
DGA 438775 . il 4 . Doernenburg #7? . Rogers It
HIE 5K Duval =Mkt 8. X887 P AR 4 4 2 K
T LG 232 B TE A B X AR R 2 R R AT 4 28 (H R
BT AR DGA 2 W J7 12 75 78 Th 4 B 3 28 b A
7 7] 73

1) H HTC A T8 SR B i — R 9028 R 4%
W12 W 5k R 3 B R B {HL S8 Ty 3k 4 Y 4 AR
FHE G 1 HICE: A2 iS5 12 W 45 2R 00 OC B R 1 o
(EAEDSEEE

2) N [F SRR 2 W 5 vk i3S Y AR [, — 267
1238 ] 112 W R 0031 0 IR T A — 288 ) R A
2 H A ik HE T2 W B IR O i, 4n e
19/ A

3) AW 45 12 W Al Rl R 1002
BRI, T RE T BOA [F)12 W J7 1k 4 X R — i e A
O S IR R Y T D N

X3 A L T T AR RS W
PERE . 4 1 s flikak 2L FR ), AF Y N L4 s TR T
N T REHOR B2 Wy J7 i, H X 26 07 1k 2 SR I 12
REAY AR 7R BB % e, B =2 X W B SR R
3 U B AT A 3R s B340 AR S T AS S 72 T 48
B R il R Z B BB 5 R OC R . e Abh, BRI A
RS 100 %0 B A5 BE 43 Tie 45 A g e 485 =X, T R 7
W 2E S P JE L R 7 T S5 B [ A AR A7
TR

Ry T2 SC A Y — o e T i 5 DL I S ) 4% AR A 1
o 36 1) E R A2 T AE R A A, DL o iR 3 T LL R R &
1) DGA 121 5 2 1 3 22 Jmg BR A, DL i S0 A8 A —
T A1 30 T A AR R AR s 5 il e =2 ) 1 s o R AR G
93— WAL T 5 MRS WA X L 0 5% 1 R
PREL B G T RNHf e Yedr i, MFRE Rl AR TR
AT il P Y 8 TR A i s W R AR S %

1 DUy R 25 42 W i 2l

D1 -7 B 2% (bayesian networks, BN) J& fifi A bii

PLIEE AR 2 R 7R BEAIL S B 2 (AR AKAF 56 R SE 1t
BEAIDE . BN BRI S5 B 2 A R A, A
ARZSHR AT DL e St 3 e 9F 5% 748 B A AR AR 0 . A DL
Hr 0 2 £ AU v, m] A ] JE 26 Bl (directed acyclic
graph, DAG) Z/R AL | Z MY R, BK
DAG i p DHEHLZ A KRN X = (X, =
X, = o XA
LR, DA W AR 22 [ (0 AP, i 1 TR, TE
BN P& f R —f M 21 B 2, W3R H &,
2o TGRS & o RS — A x, 1
AR

1 X, =T050

x| p(x1)

(xd ) 1 0.8

x| % Pl"“xz’”' 0] 02
00| 0.2
0[1] 03
1{0] 0.6
1/1] 05

p (walxy)

P (x3lvz,21)

B 1 &R % )
Figure 1 Discrete bayesian network example
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Figure 2 Schematic diagram of bayesian diagnosis network
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Table 3 Fault diagnosis classification results
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£1 N/A N/A HL R ML K
£2 K N/A P2 # #
£3 N/A R P! EA A
£4  N/A N/A SRR R R
£5 G N/A # EH® EH
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F4 AR BRIK
Table 4 Volume fraction of gas 10°°
RS %
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H. 1 330 66 2031 9340 200 134
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C2H, 66 7 3 6 200 A5
C2Hg 20 2 20 60 50 157
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Table 5 Comparison of fault diagnosis classification models
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