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Fig.1 Flowchart of identifying transformer fault
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Table 1 Training and testing sample sets
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Table 2 Fault states and corresponding codes

R ity LA Gty

N (1,-1,-1,-1,-1,-1) T, (-1,-1,-1,1,-1,-1)
T, (-1,1,-1,-1,-1,-1) D, (-1,-1,-1,-1,1,-1)
T, (=1,-1,1,-1,-1,-1) D, (-1,-1,-1,-1,-1,1)
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Fig.2 Change curve of fitness vs. number of iteration
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Table 3 Fault identification results of testing set
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K& B/ N T, T, T, D, D, E#E/%
N 40 40 0 0 0 0 0 100.00
T, 29 0 27 2 0 0 0 93.10
T, 35 0 0 34 1 0 0 97.14
T, 40 0 0 0 38 0 1 95.00
D, 20 0 0 1 0 17 2 85.00
D, 40 0 0 1 3 1 35 87.50
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Table 4 Statistical results of identification accuracy of
training and testing sets
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Fig.3 Comparison of fitness curves among three methods
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Table 5 Comparison of calculation accuracy among
different methods

Jrye e UIZREEBUN BB R
MR/ A B/ % IEWEE/ % W /s
ELM 20 78.50 77.67 0.0537
PSO-ELM 20 90.00 87.38 26.0760
GA-ELM 20 87.50 82.52 25.0940
SA-ELM 20 97.66 93.63 21.3750
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Table 6 Fault samples
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1 6.54 74522 273490 2132.60  1467.90
2 0 1433 7603 13153 37142
3 2421 39.94 84.06 878 6444
4 28654 84324 128450 213550  2055.80
5 0 114.18 0 0 0
6 100.11 24.66 7.13 0 3.74
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Table 7 Identification results of fault sample
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Transformer fault identification method based on

self-adaptive extreme learning machine

WU Jiekang, QIN Weimei, LIANG Haohao,JIN Shangting, LUO Weiming

(School of Automation,Guangdong University of Technology,Guangzhou 510006, China)
Abstract: In view of the problem of limited data processing ability and low accuracy of single intelligent
algorithm when the cumulative scale and complexity of transformer state data increase,a transformer fault
identification method based on self-adaptive extreme learning machine is proposed. The IA (Immune Algo-
rithm) is used to classify the superior and inferior particle populations due to its diversity adjustment
mechanism and storage mechanism, and the superior and inferior particles are evolved in different ways.
The PSO (Particle Swarm Optimization) algorithm improved by IA effectively overcomes the shortcoming
that the population is prone to premature development and thus leads to evolutionary stagnation, and im-
proves the global optimization ability. On the basis of parameter optimization,the transformer fault identifi-
cation model is established according to the optimization output results. The experimental results show that
the fault identification accuracy of the proposed method is higher than the ELM (Extreme Learning Ma-
chine) method, the PSO-ELM (Particle Swarm Optimization-based Extreme Learning Machine) method and
the GA-ELM(Genetic Algorithm-based Extreme Learning Machine) method.
Key words: power transformers; fault identification; immune algorithm; particle swarm optimization algorithm; ex-

treme learning machine



