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Transformer Fault Diagnosis Based on Matrix Eigenvalue Analysis
and Optimized Fuzzy Clustering of Seeker Optimization Algorithm
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Abstract: A fuzzy clustering model is presented considering the uncertainty of transformer fault diagnosis and a matrix eigen—
value analysis method is proposed to estimate the correct number of clusters which can implement the unsupervised fault diag—
nosis. Aiming at the problem existed in fuzzy ¢ — means clustering algorithm which is applied to transformer fault diagnosis
seeker optimization algorithm ( SOA) is introduced to obtain the optimized initial clustering center. SOA simulates human ran—
dom search behavior and overcomes the defects of particle swarm optimization ( PSO) and genetic algorithm ( GA) with local
search and poor convergence. Simulation results show that SOA has a higher convergence speed and a better global searching
ability. Comparing with the traditional intelligent optimization algorithms SOA is more effective and robust which can give a
reference for transformer fault diagnosis.
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