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Tab.1 Discretization rules

A Y i LI B BRI

it 0 1 2 ity 0 1 2
S, [0.10000,1.00000) [0,0.10000) [1.00000, + ) S, [0,0.05900)  [0.05900,0.60000) [0.60000, + o )
S, [0,0.71572) [0.71572,1.90622) [1.90622, + o ) Sio [0,1.00000) [1.00000, + o ) -
S, [0,0.00625) [0.00625,0.22930) [0.22930, + ) Sy [0,0.30000)  [0.30000,0.90000) [0.90000, + o )
S, [0,0.00501) [0.00501,0.52304) [0.52304, + o ) Si [0,0.30000)  [0.30000,0.90000) [0.90000, + o )
Ss [0,0. 10020) [0.10020,3.00020) [3.00020, + o ) Sis [0,0.30000)  [0.30000,0.90000) [0.90000, + o )
Se [0,0.02203) [0.02203,0.61300) [0.61300, + ) S [0,0.20000)  [0.20000,0.70000) [0.70000, + o )
S, [0,0. 16500) [0.16500,2.17003) [2.17003, + o ) Sis [0,0.20000)  [0.20000,0.70000) [0.70000, + o )
Sq [0,1.00300) [1.00300,3.00100) [3.00100, + o ) S [0,0.59949)  [0.59949,0.83228) [0.83228, + )

FR2 RINRER
Tab.2 Minimum decision table

Fe S S S S Sy Sp Sy Su S ERYFS S S, S S Sy Sy, Sy S S, KA
1 0 1 0 1 1 1 0 1 2 F 17 1 2 0 0o 172 1 0 0 1 K
2 2 2 0 0 0 1 0 0 1 F 18 1 o1 2 2 1 0 1 0 0 F
3 2 172 0 1 0 1 0 1 2 F, 19 2 2 1 0 0 1 0 0 0 Fy
4 2 2 0 0 0 2 0 0 2 F 20 0 2 1 1 1 1 0 1 1 F,
5 2 2 1 0 0 1 0 0 0 F 21 1 2 0 0 1 1 0 0 0/1 F,
6 2 2 0 1 0 1 0 1 172 F, 22 1 2 0 0 2 1 0 0 1 F,
7 2 1 0 1 0 1 0 1 172 F, 23 1 0 0 1 2 0 0 1 0 F,
8 2 1 1 1 0 1 0 1 1 F 24 1 1 1 2 1 0 1 1 0o F,
9 2 1 0 0 0 0 0 1 0 F 25 1 2 o1 0 172 1 0 0 1 F,
10 02 0 0 2 0 0 0 1 2 F, | 26 2 2 1 1 1 1 0 0 1 F,
11 2 1 0 2 0 1 0 1 2 F, | 27 0 1 1 172 1 1 0 1 1 F
12 2 1 o1 1 0 1 0 1 1 F, | 28 0 0 1 2 01 0 1 1 0 F
13 2 0 1 2 0 0 0 1 1 F, 29 1 0 1 2 1 0 1 1 0 Fy
14 2 0 0 2 0 0 0 172 2 F,| 30 1 2 1 0 2 1 0 0 0 F
15 0 1 1 2 1 0 2 1 0 F;| 31 2 0 1 2 0 0 1 1 0 F
16 1 2 0 0 1 1 0 0 0 F, 32 2 2 1 2 0 1 0 0 2 Fi
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Tab.3 Sample data
- FRIE SRR/ (pl/L) ?j{ 3
H, CH, CH, CH, CH *H¥
I 21.00 124.00 5.00 183.00 45.00 F,

2 68.70  9.05 34. 88
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Tab.4 Basic probability assignment and fusion results

Jrak iy m(F,) m(F,) m(Fs) m(F,) m(Fs) m(9) HiWr
BPNN 1 0.4597 0.2235 0.0162 0.0349 0.0239 0.2515 F,
2 0. 0668 0. 0082 0.0996 0. 5469 0.0673 0.2285 F,
SYM 1 0.1025 0.5549 0.0254 0. 0084 0. 0844 0. 1554 F,
2 0.0034 0.0369 0. 0444 0. 5838 0.0148 0. 1428 F,
Bayesian 1 0.0412 0. 6944 0.0029 0.0185 0.0797 0. 1302 F,
2 0.1391 0.2925 0.2136 0. 1472 0.0615 0.1253 F,
DS 1 0.0193 0.8702 0.0002 0.0003 0.0018 0. 0685 F,
2 0.0008 0.0033 0.0545 0. 8082 0. 0096 0.1168 F,
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Fig.2 Comparison of different diagnostic methods
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and method of this article
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Fault diagnosis of transformer based on rough set theory
and decision information fusion

LI Chun-mao, ZHOU Mo-mo, YUAN Hai-man, GAO Bo, WU Guang-ning
(School of Electrical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract: Aiming at the problem of information uncertainty and redundancy of transformer fault feature and the sin-
gularity of traditional method of fault diagnosis, a fault diagnosis model of transformer based on rough set theory and
multi information fusion is proposed. Firstly, 16 groups of characteristic gas ratios are considered as fault character-
istic parameters, and information is extracted by discretization rules and rough set to reduce feature information re-
dundancy effectively. Additionally, the reduced atiribute set is used as the input of BP neural network ( BPNN),
support vector machine (SVM) and Bayesian network to diagnose the fault types. Finally, the decision fusion of
three kinds of preliminary judgment results is made by DS information fusion rules to obtain more efficient fault
judgment conclusion. Example analysis shows that the proposed method can effectively reduce the impact of redun-
dant feature information on the diagnosis result and solve the conflict of evidence fusion, and improve the accuracy
of fault recognition. It’s easy to see the performance of the method is superior to the single diagnosis method.

Key words: transformer; Dempater-Shafer theory; attribute reduction; discretization ;rough set theory ; information

fusion; fault diagnosis



