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Transformer fault diagnosis based on an artificial bee colony-support vector
machine optimization algorithm

XIE Guomin', NI Leshui'
(College of Electrical and Control Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: The fault of a transformer cannot be accurately diagnosed when the fault information is small. An improved
artificial bee colony algorithm is proposed to optimize the fault diagnosis method of the support vector machine. First,
Principal Component Analysis (PCA) is used to extract the features of the input variables. This reduces the dimension of
the feature vector and avoids the overlap of the variable information. Secondly, through two-dimensional uniform based
population initialization and an Euclidean distance-based food source update, this paper improves the traditional Artificial
Bee Colony (ABC) algorithm, and then tests the performance of the Improved Bee Colony Algorithm (IABC) and ABC
and Particle Swarm Optimization (PSO). Search rate and convergence are improved significantly. By using IABC
optimization Support Vector Machine (SVM) parameters, the new eigenvalues extracted by PCA are input into
IABC-SVM, GA-SVM, PSO-SVM models and the diagnostic results are compared. Finally, the method has high
diagnostic accuracy, uses a simple model, and has strong generalization ability.
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Table 1 Eigenvalue and cumulative variance contribution rate

%) LA JTEEDTIRAR/ Y% BT ZE TR %
1 3.213 35.700 35.700
2 1.960 21.778 57478
3 1.286 14.284 71.762
4 1.048 11.648 83.410
5 0.850 9.449 92.859
6 0.426 4.731 97.590
7 0.153 1.703 99.294
8 0.051 0.562 99.856
9 0.013 0.144 100.000
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Table 2 Comparison before and after PCA extraction

PCA P4 PCA P4k
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— GA—SYM Pso-syM IABC-SYM
E#IH/% EHF% E#IH/%

IEH 100.00 100.00 100.00
PRI A 71.37 75.47 92.95
[z 79.83 80.25 91.24
(59 GEN 70.46 82.31 92.76
[ G 81.25 83.27 92.45
LiAr IERI % 80.58 84.26 93.88
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