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Fault Location of Steam Turbine Rotor Based on XGBoost Algorithm
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Abstract: A fault location method of steam turbine rotor was proposed based on XGBoost algorithm. First-
ly, the characteristics of the original sample set composed of fault types and related parameters were ana-
lyzed to evaluate the importance of each feature. Then, the XGBoost algorithm was used to build fault lo-
cation model of steam turbine rotor, so as to use rotor fault data to train and test the model. Finally, spe-
cific fault causes were linked to the fault knowledge base, based on which, corresponding fault repair
measures were taken. Results show that compared with random forest (RF) and gradient boosting decision
tree (GBDT) model, XGBoost model can identify 9 fault causes of turbine rotor under three types of faults
effectively, which shows higher classification accuracy.
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Fig. 2 Flowchart of fault location of steam turbine rotor based on
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Tab.3 Preprocessed data sets
HT1 HT2 HE1 F1 F2 F3
1 —0.313 950 —1. 069 800 —0. 144 480 —0.894 427 190 1.414 213 562 —0.534 522 484 F23
2 —1.336 960 —0.979 080 —0.948 120 —0.894 427 190 —0.707 106 780 1. 870 828 693 F31
3 —0.418 370 —1.614 090 —0. 546 300 —0.894 427 190 —0.707 106 780 1. 870 828 693 F32
449 1. 058 430 1. 440 195 0. 900 258 1.118 033 989 —0.707 106 780 —0.534 522 484 F11

450 1. 045 868 1. 149 048 —0.385 570 1.118 033 989 —0.707 106 780 —0.534 522 484 F11
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Tab.8 Fault knowledge base of steam turbine high pressure rotor
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