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Abstract: In order to improve the accuracy of the transformer fault diagnosis model, a transformer fault diagnosis

model based on BP neural network optimized by intervention bidirectional butterfly optimization algorithm (IBBOA)

is proposed. In IBBOA-BP, the introduction of adaptive weight can better coordinate the global and local search abili-

ty of bidirectional butterfly optimization algorithm (BBOA) ; the introduction of mutation operator improves the diver-

sity of butterfly population and avoids butterfly individual falling into local optimum. By IBBOA to optimize the

weights and thresholds of the BP neural network, the BP neural network is prevented from falling into the local opti-

mum, and the reliability of the transformer fault diagnosis model is improved. In addition, the test function is used in

the article, and compared with the particle swarm optimization algorithm (PSO) and the standard butterfly optimiza-

tion algorithm (BOA). It is verified that the global optimization ability, accuracy and convergence speed of the IB-

BOA algorithm have been improved. The simulation calculation proves that the diagnostic accuracy of the IBBOA-BP
fault diagnosis model is 10. 447 7% and 5. 970 1% higher than that of the PSO-BP and BOA-BP diagnosis models,

respectively.
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