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Fault Diagnosis of Transformer Based on Multi-information Fusion

YUAN Haiman, WU Guangning
(School of Electrical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract: For current fault diagnosis of power transformer, the method based on dissolved gas chromatographic data
analysis is insufficient in fault information, and its diagnostic capability based on single algorithm is limited. This pa-
per proposes a transformer fault diagnosis method based on multiple information fusion. The method firstly combines
the data of electrical test with 17 groups of the concentrations of characteristic gas components in oil to achieve more
fault information. The feature sensitivity evaluation and the kernel principal component analysis (KPCA) are used to
reduce the feature dimension of the selected fault data to realize complementary of the multi-level fault information.
Then, the nine-dimensional features after dimension reduction are taken as the input characteristic parameters of the
BP neural network , the support vector machine (SVM) and the Bayesian method to determine fault type. Subsequent-
ly, a conclusion is output if there is no disagreement on the preliminary diagnosis result, otherwise, the basic belief
assignment of each evidence is recalculated and the Dempster combination rule is used for decision fusion to make
more reasonable fault judgment. Example analysis shows that the proposed method can effectively deal with the prob-
lems of insufficient information and single method, and improve diagnostic accuracy.
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Table 1 Transformer fault feature set
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Table 2 Types of power transformer fault
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Fig.2 Relationship between the reparability index

and the filter scale factor
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Table 3 Eigenvalues and the contribution rate

B WE i e, O
5 ' 1%
1 S, 6.549 23.256 23.256
2 S,y 5.353 18.668 41.924
3 S 3.920 13.942 55.886
4 S, 2.667 9.974 65.840
5 Sis 2.012 8.242 74.082
6 S 1.625 6.347 80.429
7 S, 1314 5.240 85.669
8 S, 1.197 4.109 89.778
9 Su 1.003 3.634 93.412
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Fig.4 Variation trend of contribution rate along

with the main element
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Table 4 Sample data

H, CH:  GH,  GH CHe  TRUHE BROSEMII/A  SEHA AN BU% R /pC BB R
49.2 332 14 499 150 159 0.090 0.70 74 F,
53.9 8.3 7.1 6.0 1.1 1.30 0.115 0.80 190 F,
59450 79640 574 26979.0 58350 1.07 0.238 0.92 512 ¥,
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Table 5 BP diagnostic output

F F. F; Fs Fs Fe F,
0.6328 0.3305 0.0512 0.0169 0.0235 0.0671 0.0749
0.0735 0.0102 0.6997 0.0701 0.1292 0.0495 0.1003

0.0032 0.5202 0.0217 0.1059 0.1307 0.001 1 0.2609
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Table 6 SVM diagnostic output
F F, Fs F. Fs Fe F,

0.1346 0.7294 0.0097 0.1122 0.0334 0.0514 0.0395
0.0047 0.0511 0.8109 0.0219 0.0615 0.2403 0.001 5
0.0209 0.0061 0.1526 0.6005 0.0022 0.0007 0.3306
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Table 7 Bayesian diagnostic output

F F, Fs Fy Fs Fe F,
0.0527 0.8902 0.0237 0.1023 0.0037 0.0131 0.029 3
0.0719 0.7608 0.1512 0.0318 0.1104 0.002 4 0.008 3
0.0344 0.0086 0.0912 0.1577 0.0822 0.0013 0.7211
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Table 8 The output of the BPA based on BP diagnostic

m(F) m(F>) m(F5) m(Fs) m(Fs) m(F) m(F) m(6)
0.406 7 02124 0.0329 0.0109 0.0151 0.043 1 0.048 1 0.2307
0.0527 0.007 3 0.502 0 0.050 3 0.0927 0.0355 0.0720 0.187 5
0.002 3 0.367 3 0.0153 0.074 8 0.092 3 0.000 8 0.1842 0.263 1
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Table 9 The output of the BPA based on SVM diagnostic

m(F)) m(F>) m(F5) m(Fs) m(Fs) m(Fs) m(F;) m(6)
0.102 4 0.5549 0.007 4 0.085 4 0.0254 0.039 1 0.030 1 0.1554
0.003 4 0.036 8 0.5839 0.0158 0.044 3 0.1730 0.001 1 0.141 8
0.0150 0.004 4 0.109 6 0.4313 0.001 6 0.000 5 02374 0.200 2

%10 E T Bayesiani2 B % H 89 BPA
Table 10 The output of the BPA based on Bayesian diagnostic

m(Fy) m(F>) m(Fs) m(Fy) m(Fs) m(Fs) m(F-) m(6)
0.041 1 0.694 5 0.018 5 0.079 8 0.0029 0.0102 0.0229 0.130 1
0.139 1 0.147 2 02925 0.061 5 02136 0.004 6 0.016 1 0.1253
0.0253 0.006 3 0.067 2 0.116 2 0.060 6 0.0010 0.5312 0.1922
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Table 11 Fault decision fusion results of D-S evidence theory

m(F) m(k,) m(ls) m(Fs) m(Fs) m(Fs) m(F5) m(6)
0.018 776 0.897 661 0.000 049 0.000 811 0.000 012 0.000 189 0.000 363 0.082 155
0.000 262 0.000 418 0.904 187 0.000 515 0.009 246 0.000 301 0.000 013 0.085 058
0.000 030 0.000 336 0.003 715 0.123 361 0.000 291 0.000 000 0.765 082 0.107 185
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