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Abstract: The accurate prediction of SO, and NOy emission mass concentrations can effectively guide the control
of pollutants emissions, which is of great significance for the environmental protection operation of circulating
fluidized bed (CFB) units. A 330 MW CFB unit is taken as the research object, and the Pearson coefficient is used
to realize the screening of input variables, and the interquartile range (IQR) method is applied to screen the
outliers and replace them with the normalization at the same time, to complete the data preprocessing.
Subsequently, the features of input variables are extracted by convolutional neural network (CNN), and by
entering into the gate-recurrent unit (GRU) the time-series features are processed. The multi-head self-attention
(MHA) mechanism is introduced to capture the important relationships between features, and the model output is
obtained after training. Finally, the results of the test set are evaluated using the mean absolute error (MAE), mean
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absolute percentage error (MAPE), and the coefficient of determination (R?). The results show that the model is
able to predict the pollutants mass concentration in CFBs more accurately and achieve good prediction results,
and the superior performance of the model is proved by the comparison of ablation experiments with the model.
The proposed CNN-GRU-MHA model can realize the monitoring and optimization guidance of pollutants
emissions CFB units, so that the power plant can adjust the operation parameters in time to ensure that the

pollutants emissions meet the standards.
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Tab.3 The NOx prediction results of each model under
steady state condition

TR MAE/(mg m=3) MAPE/% R2
LST™M 45495 11.97 0.604 3
GRU 3.8387 9.87 0.686 3
CNN-LSTM 4.086 6 10.63 0.663 3
CNN-GRU 3.3322 9.05 0.765 1
CNN-LSTM-ATTENTION 36173 9.38 0.728 0
CNN-GRU-ATTENTION 3.7573 9.91 0.7025
CNN-GRU-MHA 2.390 0 5.99 0.846 5
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Fig.11 The SO2 prediction results under static condition
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Tab.4 The SOz prediction results of each model under
steady state condition

fm MAE/(mg m3) MAPE/% R?
LSTM 43036 2089 07090
GRU 44721 2226  0.6988
CNN-LSTM 43450 2036 07198
CNN-GRU 42449 1967 07136
CNN-LSTM-ATTENTION 3.9338 1756 0.7513
CNN-GRU-ATTENTION 3.0849 1459 08592
CNN-GRU-MHA 2.8059 1312 08788
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Fig.12 The NOx prediction results under variable
load conditions
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Tab.5 The NOx prediction results of each model under
variable load conditions

R MAE/(mgm=3)  MAPE/% R2
LSTM 9.300 7 23.48 0.3433
GRU 6.299 1 14.71 05025
CNN-LSTM 5976 13.76 05123
CNN-GRU 5.6710 12.48 05179
CNN-LSTM-ATTENTION 42700 8.88 0.690 6
CNN-GRU-ATTENTION 40227 8.52 0.7205
CNN-GRU-MHA 2.960 6 5.33 0.856 3
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Fig.13 The SO prediction results under variable load
conditions
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Tab.6 The SO prediction results of each model under
variable load conditions

R MAE/(mg m=3)  MAPE/% R2
LSTM 6.624 0 29.93 0.625 8
GRU 5.5756 27.34 0.636 9
CNN-LSTM 3.596 8 25.17 0.796 6
CNN-GRU 29101 17.45 0.816 0
CNN-LSTM-ATTENTION 3.746 7 24.79 0.7470
CNN-GRU-ATTENTION 3.407 7 22,57 0.798 5
CNN-GRU-MHA 2.3348 1352 0.876 0
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