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Mechanical Fault Diagnosis of On-load Tap Changer Based on MPE and Improved
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Abstract: A mechanical fault diagnosis method of on-load tap-changer (OLTC) is proposed based on MPE and im-
proved K-means algorithm. First, different mechanical faults of OLTC are simulated, and the vibration signals are
collected. Second, in order to realize the fault diagnosis of OLTC under nonlinear vibration signals, the multi-scale
permutation entropy (MPE) is used to extract the features of OLTC mechanical fault state. Third, the K-means clus-
tering algorithm optimized by particle swarm is used to diagnose the mechanical fault of OLTC. Finally, the proposed
method is applied to the mechanical fault diagnosis of OLTC, and is compared with the methods based on traditional
K-means algorithm and BP neural network. The results show that the proposed diagnosis method based on MPE and
improved K-means algorithm is suitable for mechanical fault diagnosis of OLTC, and it has high stability and better
diagnosis effect than the both methods based on traditional K-means algorithm and BP network.
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J¥ 5 1 2 3 4 5 6 7 8 9 10
03288 03365 02578 02645 02528 02995 03047 03002 02961  0.2932
05164 05303 03953 03997 03896 04534 04591 04591 04606  0.4453
06276 06386 04778 04846 04780 05404 05445 05445 05417  0.5324
06912 07116 05415 05368 05498 05987 05919 05919 05936  0.5863
07385 07591  0.6022 05980 06015 06301 06327 06327 06351 06293
07810  0.8093  0.6479 06369 06555 06761 06664  0.6664 06792  0.6694

MPE 08096  0.8354  0.6919 06847 06945 07130 06953  0.6953 07039  0.692 1
0.8338  0.8490  0.7224 07176 07258  0.7327 07136 07136 07290  0.7241
08606 08718  0.7552  0.7580 07615 07661 07442 07442  0.7638  0.7445
08871 09120 08011 08070 07959 07867  0.7953  0.7953  0.8027  0.800 1
09208 09188  0.8423 08365  0.8229 08377 08358 08358 08342  0.8237
09373 09445 08674 08725  0.8483 08654 08559 08559 08691  0.8657

25 1 1 2 2 2 3 3 3 3 3
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