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Abstract: To meet the high requirements of selective catalytic reduction (SCR) systems in coal-fired power plants
for accurate and low-latency prediction of nitrogen oxides (NOy) mass concentrations, this study designs and
proposes a soft sensing and deployment framework that balances high accuracy and real-time performance. Using
more than 110 000 sets of high-dimensional operational data from a 660 MW coal-fired unit, a systematic
comparison of deep learning (DL) and XGBoost models was conducted on a unified platform. Time series cross-
validation combined with grid search was employed to optimize hyperparameters, and model performance was
comprehensively evaluated in terms of predictive accuracy, computational efficiency, and interpretability via local
interpretable model-agnostic explanations. On this basis, an “edge-embedded” collaborative deployment strategy
was proposed, in which the DL model is deployed on edge servers to deliver high-accuracy predictions, while the
XGBoost model is embedded into the distributed control system (DCS) to ensure real-time responsiveness. The
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results show that the DL model outperforms XGBoost in dynamic response and predictive accuracy, achieving root
mean square errors approximately 10% lower than that of the XGBoost, and maintaining stability under highly
fluctuating conditions. Variable importance analysis highlights flue gas oxygen content, burner wall temperature,
and total air volume as the dominant factors affecting NOx formation. The proposed collaborative architecture can
theoretically achieve millisecond-level inference and provide offline fault tolerance, offering a practical pathway
for intelligent ammonia injection control and combustion optimization.
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Tab.1 Performance comparison of multiple NOx emission prediction models on the test set
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