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Prediction of oxygen content in boiler flue gas of thermal power unit
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(1. School of Energy and Power Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China;
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Abstract: Thermal power plants mainly use zirconia sensors and magnetic oxygen sensors to measure
the oxygen content in the flue gas. Due to the heavy dust in the measurement environment, and
corrosive media such as sulfide, etc. the measurement ring chamber is prone to blockage and the thermal
element corrosion. Therefore it has poor stability, large measurement errors, and is prone to failure.
Aiming at this situation, a measurement model based on genetic algorithm and neural network was
proposed. According to the existing measurement points and mechanism analysis of the power plant, the
auxiliary variables of the model were preliminarily selected, and the data was preprocessed before
modeling. The Laida rule was used to remove the gross errors and the five-point three-time smoothing
filter was used to remove the noise. Partial least squares was used for principal component analysis. The
genetic algorithm was finally used to optimize the weight threshold of the neural network. A feedback
neural network model based on the genetic algorithm to optimize the initial weight and threshold was

constructed. The results show that the neural network based on genetic algorithm optimization has high
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accuracy in predicting the oxygen content of flue gas, and the convergence speed is fast.

Keywords: oxygen content in flue gas; BP neural network; genetic algorithm; five-point three-time

smooth filter; partial least squares
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Fig.1 Structure of BP neural network model
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Fig.2 Flow chart of BP neural network optimized by genetic algorithm
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Fig. 3 On-site operation raw data
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Tab.1 Contribution rate of input to output
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Tab.2 Auxiliary variable part of operating data

AR AR 1 2 3 - 199 200
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HLASAT/MW 17598 17551  175.58 175.58 176.14
BRE/(m s 47401 47052 472.49 467.48  467.03
S/ (th ) 11512 113.01 113.94 109.41  114.42
FIKEJI1/MPa 1778 1770 17.71 1777 17.86
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Fig.6 Error analysis of partial minimum quadratic regression
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Tab.3 Relationship between the number of iterations and the
number of hidden layer nodes
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Fig.7 Optimal objective function value during population
iteration
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Fig. 9 Comparison of predicted and true values
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Fig.10 Relative error graph of sample points
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Fig. 12 Relative error graph of sample points with additional
random amount
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Fig. 13 Effect of total air volume on oxygen content in flue gas
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Fig. 14 Influence of coal feed rate on flue gas oxygen content
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