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Transformer DGA fault diagnosis based on the random forest feature

optimization and MAEPSO-ELM algorithm

DING Xuehui', XU Hailin*, LUO Yingting®, YANG Xin', E Shenglong®

(1. School of Electric & Information Engineering,Changsha University of Science & Technology,Changsha 410114, China;

2. Guangdong Electric Power Research Institute, Guangdong Power Grid Co. , Ltd. ,Guangzhou 510080, China)

Abstract: A transformer DGA fault diagnosis method is proposed based on the random forest feature optimization and
multi-scale cooperative mutation particle swarm limit learning machine for the problems that different input character-
istics effects the diagnosis results and the low accuracy of particle swarm algorithm optimization limit learning ma-
chine. Firstly, the candidate feature set is established on the basis of the DGA data in the fault sample. The random
forest algorithm is utilized to calculate the feature importance scores and rank them in a descending order. The opti-
mal input features are then selected by the sequence forward selection method. Next, aiming at the problem of diffi-
cult parameter selection of extreme learning machine, a multi-scale cooperative mutation particle swarm optimization
algorithm is introduced for optimization. Finally, the method is compared for the diagnostic performance with the
IEC three-ratio method and different combinations of extreme learning machines. An example shows that the pro-
posed method has higher diagnostic accuracy.
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Figure 5 Diagnosis accuracy of different methods
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