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Fig. 1 Wavelet packet 3-layer decomposition
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Fig. 4 Ship power system structure
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Table 2 Comparison of three algorithms for diagnostic output

BRI PSO-BP GA-PSO-BP it GA-PSO-BP
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BCG 011 ~0.064 1, 1.062 4, 1.066 2 0.030 6, 0.964 0, 1.038 5 0.0115, 1.012 6, 0.994 5
ABC 100 0.986 1, —0.024 1, 0.014 0 1.0114, -0.007 0, 0.001 6 0.993 2, 0.012 4, 0.010 6
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Table 4 Diagnostic recognition rate of three algorithms

LWk MZE R HARE PRI/ %
PSO-BP 75 5 80 93.75
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Fault Diagnosis of Ship Power System Based on Improved GA-PSO Algorithm

LI Chao, XUE Shi-long”
(Logistics Engineering College, Shanghai Maritime University, Shanghai 201306, China)

[ Abstract] In order to solve the problem of accuracy and rapidity of ship power system fault identification, based
on BP neural network prediction, an improved particle swarm optimization (PSO) and genetic algorithm ( GA) hy-
brid BP neural network method is proposed. The improvement includes two aspects: one is to improve the inertia
weight and learning factor of the particle swarm; the other is to improve the mutation probability and crossover prob-
ability of the genetic algorithm. Wavelet packet decomposition is performed on the three-phase voltage signal at the
time of failure, and the energy entropy of each frequency segment is extracted as a fault feature. After testing, the
accuracy of the optimized algorithm is obviously improved, the number of neural network training and the error are
reduced, and the reliability of the improved GA-PSO-BP algorithm and the practicability for fault diagnosis of the
ship power system are verified.

[ Key words] ship power system wavelet packet analysis BP neural network GA-PSO algorithm

fault diagnosis



