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Abstract: By establishing an effective NO, concentration prediction model, the NO, emissions from waste

incineration plants can be reduced. The NO, concentration is affected by multiple process variables. A NO.,

concentration prediction method based on an autoencoder (AE) and a long short-term memory neural net-

work (LLSTM) is proposed, taking into account the temporal and spatial features of the variables. The au-
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toencoder(AE) is used to extract the deep-level multidimensional information features of the original data
and transform them into low-dimensional data features, which can preserve a large amount of information
from the original data while reducing the complexity of the prediction network. The long short-term mem-
ory neural network (LSTM) is used to establish the NO, concentration prediction model, which can auto-
matically identify the temporal and spatial features in the data and is used to train and optimize the LSTM
network parameters. This study takes the combustion data of a boiler in a waste incineration plant in
Chongging as the research object and uses data mining technology to process the original data. Then, the
autoencoder (AE) is used to extract the deep-level multidimensional information features of the data,
which are input into the LSTM network for modeling. The improved AE-LSTM NO, concentration predic-
tion model is established by training and optimizing the LSTM network parameters with standardized oper-
ating condition data. Experimental results show that the improved model increases the prediction accuracy
by 5.4% and reduces the root-mean-square error by 0.128 compared to the LSTM model, demonstrating
that the method adopted in this study has good application value and can effectively reduce NO, emissions
from waste incineration plants.
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