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Abstract — Prediction and control of nitrogen oxides (NO,) emission is of great interest in industry due to stricter
environmental regulations. Herein, we propose an artificial intelligence (Al)-based framework for prediction of NO,
emission. The framework includes pre-processing of data for training of neural networks and evaluation of the Al-based
models. In this work, Long-Short-Term Memory (LSTM), one of the recurrent neural networks, was adopted to reflect
the time series characteristics of NO, emissions. A decision tree was used to determine a time window of LSTM prior to
training of the network. The neural network was trained with operational data from a heating furnace. The optimal
model was obtained by optimizing hyper-parameters. The LSTM model provided a reliable prediction of NO, emission
for both training and test data, showing an accuracy of 93% or more. The application of the proposed Al-based
framework will provide new opportunities for predicting the emission of various air pollutants with time series
characteristics.
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Fig. 1. Example of correlation analysis. (a) Low correlation case, (b) High correlation case.
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Fig. 2. (a) Structure of Feed-Forward Neural Network (FFNN), (b) Structure of Recurrent Neural Network (RNN).

Fig. 3. Structure of long short-term memory (LSTM) network [28].
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Table 1. Process variables of heating furnace

e e _H =

Variables Description of variables
1-2 Air flowrates in the top and bottom of the preheating zone
3 Temperature in the preheating zone

4-13  Airflowrates in the top and bottom of the heating and soaking zones
14 - 23 Fuel gas flowrates in the top and bottom of the heating and soaking zones
24 -33 Temperatures in the top and bottom of the heating and soaking zones

34 Air temperature

35 Total air flowrate

36 Preheater pressure

37 O, concentration in the preheating zone
38-39 O, concentrations in the heating and soaking zones

40 Air-fuel ratio
41-47 Fuel gas composition

48 Theoretical NOy emission
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Table 2. Model performance result for NO, prediction

Case# Hidden Dimension  Iteration  Train RMSE Test RMSE
1 100 0.202 0.163
2 300 0.115 0.187
3 6 500 0.090 0.159
4 1000 0.047 0.086

Optimal iteration 361 0.034 0.034
5 100 0.151 0.173
6 300 0.089 0.142
7 12 500 0.068 0.123
8 1000 0.028 0.077

Optimal iteration 751 0.043 0.043
9 100 0.060 0.105
10 300 0.027 0.070
11 16 500 0.022 0.075
12 1000 0.019 0.082

Optimal iteration 211 0.034 0.063
13 100 0.058 0.104
14 300 0.026 0.090
15 20 500 0.023 0.087
16 1000 0.019 0.088

Optimal iteration 718 0.046 0.068
17 100 0.069 0.106
18 300 0.030 0.062
19 24 500 0.023 0.065
20 1000 0.017 0.067

Optimal iteration 705 0.032 0.032
21 100 0.059 0.124
22 300 0.027 0.077
23 48 500 0.020 0.072
24 1000 0.017 0.062

Optimal iteration 755 0.032 0.032
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Fig. 7. Parity plot of train and test sets for the developed NO, prediction model.
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