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Abstract: Based on the data collected from selective catalytic reduction (SCR) reaction system of
a 350 MW coal-fired unit in a thermal power plant, neural network predictive control method was
used to study the prediction and control of nitrogen oxides emission in power plant tail gas.
Firstly, the non-linear model of SCR denitrification system was modeled and nonlinear
autoregressive model was used to estimate the model. Then, by using the predictive control
method to control the ammonia injection, the tail gas could achieve the standard of discharge
limitation, and the amount of ammonia and ammonia escape could also be reduced, resulting in
the enhancement of economic efficiency. The controller was optimized by the steepest gradient
method and the control variable was constrained by the performance function to achieve the
expected output. Finally, compared with the measured date in the field, the simulation results
show that the neural network predictive control scheme can predict the amount of ammonia sprayed
in the future at a finite time.
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Fig. 1 Model predictive control framework
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Fig. 7 Predictive and measured linear regression
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Fig. 8 Neural network predictive control block diagram
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