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Abstract: In view of the complex variation law and strong autocorrelation of nitrogen oxides emission mass
concentration of circulating fluidized bed (CFB) boiler, by using relevant variables and their historical
information, ensemble learning online models of nitrogen oxides emission mass concentration are established. The
ensemble learning online models include the autoregressive integrated moving average (ARIMA), random forest
(RF), gradient boosting (GBDT), and eXtreme gradient boosting (XGBoost) model. The prediction results are
compared and selected, among which the GBDT regressor is the best. In order to further improve the prediction
effect of the model, a GBDT differential regression model is established by combining the first-order difference
with the GBDT regression algorithm. The tests show that the established GBDT differential regression model has
better prediction performance than the aforementioned models. The mean squared error of the predicted value is
20.2% lower than that of the simple GBDT regressor, and 46.5% lower than that of the online sequential extreme
learning machine (OS-ELM) model used in the reference. The online model also fully considers avoiding the
influence of the instrument purge process, and has strong practicability.
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Fig.1 Schematic diagram of the logical relationship between
the variables used in modeling in the process
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Fig.2 The autocorrelation graph and partial autocorrelation
graph of NOx variable
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Fig.3 The stationarity of NOx variable and its
first-order difference
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Tab.2 The top 3 combinations of p, d, g and their
corresponding AIC values
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time points of independent variables on the prediction effect
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Tab.3 Optimal network structural parameters and
corresponding scores of ensemble learning regressors
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Fig.6 The prediction effect of GBDT regression model
on NOx variable
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Tab.4 The optimal network structural parameters and
corresponding scores of ensemble learning differential

regressors
RF %4y GBDT %4  XGBoost 4}
n_estimators 40 32 12
max_depth 15 12 11
score 0.329 0.342 0.325
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Fig.7 The prediction effect of GBDT differential regression
model on NOx variable
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Tab.5 Comparison of three types of model performance
indicators studied in this paper

—
ARIMA GBDT GBDT  GBDT %45

FEGy GBDT %t Lt
R? 0.918 0.948 0.959 1.1%
Svae 1.338 1.095 0.973 -11.1%
Sse 4507 2.837 2.264 -20.2%

* 6 ANRMRE S S E TSR 1 REIEARAT bL
Tab.6 Performance index comparison between the optimal
model in this paper and the model in literature
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Fig.9 Prediction effect with purge process
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