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Abstract: In order to accurately measure the concentration of NO, at the boiler outlet, aiming at com-
plex nonlinearity of coal-fired boiler, a NO, concentration prediction model based on nonlinear Gaussian
mixture regression (NGMR) was proposed. A time window sliding method, along with singular value de-
composition, was used to realize steady judgement; furtherly, mutual information (MI) was adopted to i-
dentify the correlation between different variables and NO, emission concentrations, thereby the input
variables of model were determined; with the selected input variables, a NO, concentration prediction
model was established based on NGMR ; based on the operation data of a 660 MW coal-fired power unit,
the proposed NGMR model was compared and analyzed with artificial neural network ( ANN) , support
vector machine (SVR) and extreme learning machine (ELM) models. The results show that for NGMR,
root mean square error (RMSE) is 4.66 mg/m’ , average absolute error (MAE) is 3.98 mg/Nm’, and
absolute error coefficient (R*) is 0.9. And the 10-fold cross-validation results also show that NGMR

model has better prediction accuracy and generalization ability.
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Tab. 1 Process and target variables selected for modeling

S — KR/ t-h !

A/ %

A-F AR /teh !

A-F BE—UAE/th !

AA-EF 2 0PI/ %
A-E 253 BT (SOFA) /%
A-B JZEBRITIH(CCOFA) /%
NO,, HEM e/ mg+m 3

2 % A RO
HLAL 571 fif/ MW [318, 661 ]
MR /th ! [142.3,294.5]

[1311.5, 2243.6]
[1.7,5.5]

[43.69,51.487, [36.58, 54.26], [39.02,52.86], [30.06,56.05], [0,51.21], [0.43.21]
[95.21,115.84], [95.14,110.31], [92.02,114.86], [99.86,132.05], [0,103.82], [0.113.16]
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[52.7,98.5], [64.2,99.2], [63.3,98.8], [51.6,99.4], [48.7,94.2]

[3.7,82.5], [1.1, 87.3]
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Fig. 4 Schematic diagram of NO, emissions concentration prediction process in a coal-fired boiler
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Tab. 2 Comparison of predicted results by different modeling methods

RMSE MAE R?
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ANN 6.39 9.03 4.93 7.45 0.86 0.75
SVR 7.35 7.93 5.92 6.64 0.86 0.82
ELM 7.92 8.42 6.08 6.71 0.81 0.78
NGMR 4.03 4.66 3.46 3.98 0.92 0.90
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Fig. 6 Distribution of predicted values for different models
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