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Abstract; To confirm the leading factors affecting the operation status of gas turbine during combustion
adjustment, firstly, 14 parameters, such as natural gas pressure, natural gas temperature, compressor ex-
haust temperature and compressor inlet temperature and so on, which affect the operating state, are taken
as input variables, and the power, combustion chamber acceleration and NO, mass concentration that
characterize the operating state of the gas turbine are taken as output variables to establish an Elman neu-
ral network model optimized by particle swarm optimization algorithm and obtain the connection weights
between the hidden layer, the input layer and the output layer; then, Olden method is used to deal with
the connection weights of the neural network to obtain the quantitative value expression of the significance
of each factor on the operation status of the gas turbine, and a method for the significance analysis of the
factors affecting the operation status of the gas turbine in the combustion adjustment process is estab-
lished; finally, combined with the operation data of the gas turbine, the calculation and analysis are car-
ried out. The results show that the operation status of the gas turbine is mainly affected by five factors,
such as exhaust temperature, premixed gas pressure and flow, duty gas flow, compressor inlet differential

pressure and inlet guide vane opening. In addition, the input parameters need to be adjusted as a whole
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in the combustion adjustment process to ensure that the gas turbine combustion is always in a stable and

low NO,, emission area.

Key words: combustion adjustment process, particle swarm optimization algorithm, Elman neural net-

work , Olden method, sensitivity analysis
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Fig. 2 PSO-Elman-Olden neural network process
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actual value of PSO-Elman neural network
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