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Dynamic prediction model of sulphur dioxide concentration for
WFGD system based on CNN-BiGRU-Attention

Gao Jia"?  Tian Xuefeng'® Jiang Jiading' Peng Xianyong” Zhou Huaichun®
(1. School of Energy Engineering, Xinjiang Institute of Engineering, Urumgqi 830023, China;2. School of Low-Carbon
Energy and Power Engineering, China University of Mining and Technology,Xuzhou 221116, China)

Abstract: A dynamic prediction model of sulfur dioxide concentration is proposed to address the challenge of accurate
measurement of sulfur dioxide emission concentration at the exit of a limestone-gypsum wet flue gas desulfurization
system under deep peaking. The model integrates a convolutional neural network (CNN), a bidirectional gated
recurrent unit (BiGRU), and an attention mechanism to predict the sulfur dioxide concentration. The model developes
utilizes kernel principal component analysis to determine seven characteristic variables, which are then used as inputs to
the model. The attentional mechanism is combined with CNN and BiGRU to construct a model for predicting
SO, concentration at the outlet of the desulfurization system. A simulation experiment is conducted with the FDG
system of an operating 600 MW supercritical unit as the research object. The simulation results demonstrate that the
average absolute error MSE of the dynamic model established in this paper is 0. 706 4 mg/m’, the root mean square
error RMSE is 0. 912 5 mg/m’, and the average relative error is 6. 27 %, which is 25.07%, 23.45%, and 17.28%
lower compared with CNN-BiGRU, and even lower than CNN and BiGRU; The coefficient of determination of the
dynamic model was 96.74% , which was 3.91%, 5.26%, and 9. 66% higher than CNN-BiGRU, BiGRU, and CNN
models respectively. This outcome indicates that the dynamic model based on CNN-BiGRU-Attention exhibits high
prediction accuracy and learning ability, and can accurately predict the trend of SO, concentration at the outlet of the
desulfurization system.

Keywords: wet flue gas desulfurization system; SO, concentration prediction; dynamic modeling; KPCA; CNN-
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Table 2 Variance contribution and cumulative contribution of

each principal component after dimension reduction in KPCA
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KPCA1 0.340 471 079 0.340 471 079
KPCA2 0.285 367 538 0.625 838 618
KPCA3 0.063 658 048 0.689 496 665
KPCA4 0.046 265 351 0.735 762 017
KPCAS 0.036 008 721 0.771 770 737
KPCA6 0.026 025 511 0. 797 796 249
KPCA7 0.018 066 936 0.815 863 185
KPCAS 0.013 787 487 0.829 650 672
KPCA9 0.013 256 256 0. 842 906 928
KPCA10 0.012 519 173 0. 855 426 101
KPCA1l 0.011 265 0.866 691 101
KPCA12 0.008 915 113 0.875 606 214
KPCA13 0.007 445 899 0.883 052 113
KPCA14 0.006 837 02 0. 889 889 133
KPCA15 0.006 618 82 0.896 507 953
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