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Abstract: An stacking ensemble model forecasting NO, emission was proposed. Considering the differ-
ence of data observation and training principles, a two-layer stacking model embedded various machine
learning algorithms such as gated recurrent unit (GRU) ,eXtreme gradient hoosting ( XGBoost) and ran-
dom forest (RF) was established to realize the NO, emission prediction. The elastic network (EN) was
applied to extract the data from the DCS and eliminate the coupling of each feature variable,and the ex-
tracted data was used as inpul of stacking ensemble model. With the data of thermal power plant history as
practical examples ,the results show that the root mean square error of stacking ensemble model is 6. 945
mg/m’ ,which is 13.350% ~52.186% lower than that of single models. The operation parameters of the
equipment can be better adjusted according to accurate prediction results of stacking ensemble model,
which is of great significance to ensure the NOx concentration in the appropriate range.
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