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Research on NO, Emission Prediction of Gas Turbine
based on CNN-LSTM

DONG Yuan-bo,MAO Da-jun,ZHANG Ming-ming
( School of Automation Engineering, Shanghai University of Electric Power,Shanghai, China, Post Code ;200090 )

Abstract: In view of the current problem of excessive NO,. emissions in gas turbine power plants,the ac-
curate prediction model of NO,. emission is the basis of reducing NO, emission. Therefore,a new NO,. e-
mission prediction method based on the combined model of CNN and LSTM is proposed. The historical
NO, emission data and the state parameters of gas turbine combustion are constructed into a feature map
format by sliding window algorithm , which are input into CNN ,its convolutional layer and pooling layer are
used to extract feature vectors that characterize the dynamic changes of NO,. ,which are transformed into a
time series format and then input into LSTM to further explore the internal rules,and realize the NO, e-
mission prediction. In the end, the historical operation data of a Mitsubishi gas turbine are used for the
test. The result shows that the relative mean square error eq, of CNN-LSTM is 1. 811 mg/m’ , and the
feasibility of this method is verified by comparing with PCA-BP ,PCA-RNN and PCA-LSTM models.

Key words: gas turbine ,NO, prediction, CNN,LSTM
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Fig. 2 Structure chart of CNN-LSTM prediction model
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Tab. 2 Model performance corresponded with

three optimization algorithms
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Fig. 3 Variation of loss functions of the model optimized

by three algorithms in the training process
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Tab. 3 Comparison of prediction errors with different
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