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Abstract

Based on the data-driven method, a prediction model was established for the NOx concentration at
the SCR denitrification inlet of a 660MW coal-fired unit of a thermal power plant in northwest
China. Firstly, the data collected by the DCS system of the thermal power plant is preprocessed, in-
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cluding the start-up judgment and LOF algorithm to screen out the data for outliers. Then, the
random forest algorithm is used for feature selection. Finally, the NOx concentration at the SCR
denitrification inlet was predicted by Wavenet model, LSTM (Long Short-Term Memory Network)
model and SVR (Support Vector Regression) model. The results show that Wavenet performs bet-
ter in terms of prediction time and evaluation indicators. The mean absolute percentage error
(MAPE) is only 1.31%, and the r2 coefficient of determination reaches 0.97. This fully shows that
the proposed Wavenet model has relatively good predictive ability.
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Table 1. Feature variables after random forest feature selection
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Flgure 1. (a) is a fully connected neural network, and (b) is a convolutional neural network
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Figure 2. Causal convolution with four layers
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Figure 3. Four-layer void causal convolutional neural network
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Figure 4. Wavenet neural network model stacked with 6-layer
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Figure 7. Structure of the output layer
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Figure 9. Epoch decline plot of training set loss and validation set loss
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Figure 10. (a) is the fitting diagram of the test set, and (b) is the fitting diagram of one of the segments
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