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ABSTRACT: Aiming at the problem that delay time is
difficult to determine and prediction accuracy is low in
building prediction model of SCR system, a dynamic
modeling scheme based on a hybrid of multiple data-driven
algorithms was proposed. First, processed abnormal values
and normalized the data. To improve the relevance of the
input data, used MIC to estimate delay time and
reconstructed production data. Then used combined feature
selection method to determine input variables. To further
mine data information, VMD was used to decompose input
time series. Finally, established NOx emission prediction
model combining ELM and EC model. Experimental results
based on actual historical operating data show that the
MAPE of predicted results is 2.61%. Model sensitivity
analysis shows that besides the amount of ammonia injection,
the inlet oxygen concentration and the flue gas temperature
have a significant impact on NOx emission, which should be

considered in SCR process control and optimization.
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Fig1 Schematic of the SCR system of a power station
boiler
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Table 1 Operating range of the parameters related to

SCR
R4 AT ARG W%
HIONOx #KE  mg/Nm3 21.378-37.241
AHNOx #E  mg/Nm3 89.921-317.043 NOx
N ERIF/ S % 3.673-5.856 02,
A CO M mg/Nm3 4.275-864.527 co
TSI E Nm3/h 115.333-149.616
AN FES ST kPa -1.155 - -0.549
N VRS °C 350.000-371.427 T
e m3/h 43.813-129.658 0
iR AL R U A 0.220-0.708 34B
H RS R ) kPa -1.614 - -0.979 Pou
HH VRO °C 350.876-371.053 Tout
H I 0 iRk % 3.566-6.161 0204
A kiR ppm 1.878-2.379 NH3
B S g7 MW 765.312-967.453 Ne
SR t/h 251.343-357.814 TF
S t/h 2783.210-3406.900 74
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Table 2 Delay time between input variables and SCR NOx concentration at the outlet
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ZRE 1 Z P AT R B RR VO H B
TEERTT &, H PB4 7525 B A (classification
and regression tree, CART). [ AL £ (random
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Table 3 Sorting results of importance of single features

selection algorithm (after normalization)

A AR CART RF XGBoost
NOx 0.241 0.159 0.055
02 0.21 0.254 0.189
Cco 0.305 0.096 0.068

0.176 0.032 0.019
0.165 0.041 0.025
Ty 0.361 0.304 0.302
0 1 1 1
34B 0 0 0
Pout 0.186 0.021 0.029
Tout 0.301 0315 0.506
020u 0.2 0.152 0.25
NH3 0.144 0.118 0.187
Ne 0.249 0.151 0218
TF 0.126 0.089 0.077
TA 0.311 0.183 0.204
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Fig2 Sorting results of importance by a combined

feature selection algorithm
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Fig 7 Scatter plot of measured and predicted NOx emissions value of different models : (al) (b1) (c1) (d1) reconstructed

data sets considering time-delay, (a2) (b2) (c2) (d2) original data sets
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Table4 Comparisons of NOx emissions predictions errors by different models trained with two data sets
ELM DNN RBFNN SVR
P ERR

Yd Nd Yd Nd Yd Nd Yd Nd
MSE 222 4.67 2.56 4.70 2.89 3.90 3.05 4.78
MAE 1.20 1.77 1.26 1.75 1.39 1.59 1.41 1.79
MAPE 4.28% 6.48% 4.58%  6.42% 4.84%  5.80% 5.06 6.49%
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Table5 Comparison of model error before and after

feature selection
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LT AT 2.61 1.30 4.64%
ELM
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FEAE T AT 2.86 1.36 4.97%
DNN
FHIEERE 5 2.56 1.26 4.58%
REEEPEAT 3.05 1.42 5.18%
RBFNN
LIRS 2.89 1.39 4.84%
RHEERE AT 3.38 1.50 5.42%
SVR
FHIERT S 3.05 1.41 5.06%
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Fig 9 Box-plot of prediction absolute error of varied
models (with and without VMD)
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Table6 Comparison of model error before and after error

correction
PR VMD-ELM  EC-VMD-ELM
MSE 1.79 0.87
MAE 1.02 0.73
MAPE 3.63% 2.61%
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Fig 10 Prediction curves of NOx emission on test set
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The NOx emissions of coal-fired power plants cause
critical environmental pollution and endanger human
health. The SCR system, with the characteristics of easy
installation and high denitrification efficiency, has been
extensively applied in the post-treatment of the NOx
emissions in coal-fired power plants. However, due to
nonlinearity, large delay time, and strong disturbance of
SCR system, SCR modeling is a challenging problem.

Aiming at predicting NOx emission at the outlet of
SCR system, a dynamic prediction model based on hybrid
data-driven algorithms is proposed in this paper. The flow
of the proposed modeling algorithm is shown in Figl.

The modeling steps are as follows:

Step1: Collect the practical data from the SIS system.
The sample period is 10s.

Setp2: Delete the outliers in the practical data.

Step3: Estimate the delay time between each relative
variable and the NOx emissions at the outlet of SCR
system. And reconstruct the modeling data according to
the delay time.

INITIAL MODEL

acquire actual production
data from SIS
process outliers in
modeling data

Determine the delay time
and reconstruct the data

combined feature
selection method

v
| VMD |

Step4: The input variables of the prediction model
are determined using the combined feature selection
method.

Step5:  The
decomposed by VMD. Combine the decomposition data

ammonia injection amount is

and the remaining variables to form the input dataset X(t).
Step6: Build the VMD-ELM model as initial model
to predict the NOx emissions. The initial prediction result
is denoted as y, (t) .
Step7: Build the error correction model to correct
the prediction result y, (t) of initial model.

Step8: Get the output of hybrid predictive model by
superimposing the initial prediction value and the error
correction value.

Experimental results based on practical data show that
the MAPE of predicted results is 2.61%. The proposed model
has high accuracy in predicting the NOx emissions at the outlet
of SCR system. In this abstract, Figure 1 is on page 6 of the

original paper.
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Fig. 1 Framework of SCR hybrid predictive model



