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Abstract: To solve the fault diagnosis of oil-filled transformer, an approach based on attribute reduction
of differential rough set with directed acyclic graph-support vector machine (DAG-SVM) is proposed to
rapidly identify fault reasons. Fault decision table of volume of dissolved gas in oil-filled transformer is
firstly established according to historical data and corresponding fault type. Then data of condition at-
tributes are discretized by means of equal frequency division method, differentiated attribute reduction is
conducted by means of discernibility matrix in rough set theory for decision table, and diagnosis rules
between every two kinds of faults are set up, so the redundant attributes of low identification are re-
moved. Finally, multi-classified diagnosis classifier DAG-SVM is constructed by SVMs, in which the
data of reduced attributes are character vectors. Case analysis indicates that this method improves the
accuracy of fault diagnosis in system detection.
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Fig. 2 Fault diagnosis diagram of DAG-SVM based on

differentiated attribute reduction
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low-temperature discharge

U a a, as a, as Fault
1 2 1 2 1 1 0
2 2 1 2 1 2 0
3 2 1 2 3 2 0
4 4 1 1 1 3 1
5 4 1 2 1 3 1
6 4 1 1 1 3 1
7 4 3 1 1 3 1

T {ansaz saysaqsas ) PR R FRAE SR (H. . CH, L Co H
CoHy Gy Hy } 4k B {8, 3R v 22 7 HO6F I 10 #5018 o i Al ik
BRI - Faule A e 0 A 1 23 30 278 1E B RMIR IR A A

M 20 (2D d 1] J M 4R 1) 29 1T O

fu=A {aiasas sa,as »a,azasas } 7

70 T i 1 R S R R A v ) 22 20 R R
2. 22T IE RN (ar as ), BEBTIE WA
AR 55 AR I AT DA o X AN SR S A T
Oy B ALt LAt A [F) i I 2 R R) 1% 24 1 S P 45
U 3 PR,

®2 TEREERSHEEMBENESER

Tab.2 Transformer discernibility matrix of normal condi-
tion and low-temperature discharge
u; Uy Uus
Uy ajdaszds ajazds ajaszdaqgds
us aas aas a)das
Us ayazds ajasds ayazdgds
u 1dzdzds ayazasds aydazazdgds

R3 LTEHEMEEAFEML

Tab.3 Reduced attributes of transformer faults
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Fig.3 DAG-SVM classifier based on differentiated at-

tribute reduction
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Tab.4 Comparison of fault diagnosis by different algorithms
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