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ABSTRACT: The design of the SCR denitrification system
in coal-fired power plants requires the efficient denitrifi-
cation efficiency and the low cost. Hence, it is essential to
accurately calculate the volume of SCR denitrification
catalysts. The flue gas conditions of thermal power plants
are complex and changeable. Flue gas temperature, flue gas
flow, inlet and outlet NO, concentrations, and other
parameters all affect the volume of the SCR catalyst.
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Therefore, catalyst volume prediction is a multi-
factor coupling problem. For this feature, the BP neural
network model was used to predict the volume design of the
catalyst, and the neural network modeling based on genetic
algorithm optimization was investigated for the structural
defects of the BP neural network model. The results show
that the prediction accuracy of BP neural network model
optimized by genetic algorithm is promising, which
provides a new way for catalyst volume design of SCR
denitrification.

KEY WORDS: SCR catalyst; catalyst volume prediction;
BP neural network; genetic algorithm
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Fig. 1 BP neural network structure diagram
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Fig. 2 The flow chart of genetic algorithms
optimized BP neural network
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Tab.1 Part of the training sample data

L mREY HEONOGK  HH NOHK KROyWPEl  R@RAE/ 240000 T4 fHEAL 71
e (Nm¥h)  FE/(mg/Nm®)  J¥/(mg/Nm®) (g/Nm?) (mgINm®)  JEiEHE AR LE 2 T AR HAm®
1 270000 135 100 350 24.6 6.07 28.05 0.27 276 26.27
2 140000 140 100 350 24.6 6.07 28.05 0.33 276 15.57
3 454 274 140 64 350 16 2.50 32.30 0.56 288 75.23
4 431 651 140 60 350 16 2.50 30.60 0.59 276 80.84
5 197986 168 60 359 30 7.59 28.05 0.70 316 31.01
6 1191600 400 80 365 62 2.50 28.05 0.81 276 388.67
7 847020 450 88 370 35 2.28 28.90 0.81 276 280.36
8 1239689 600 200 385 50 2.28 28.05 0.67 276 412.33
9 1106790 650 100 353 65 2.28 28.05 0.85 276 439.07
10 1100000 700 150 387 41 1.90 28.05 0.79 316 377.72
11 252500 400 50 350 36 2.28 28.05 0.89 316 79.68
12 672775 600 2 348 70 2.28 28.05 0.85 276 260.82
13 735469 600 2 350 47.9 2.28 28.05 0.85 276 285.12
14 1170000 850 90 396 40 2.28 28.05 0.90 282 519.11
15 474807 400 50 360 25 2.28 28.05 0.88 316 148.87
16 560000 700 50 360 30 2.28 28.05 0.93 316 220.56
17 350000 200 80 350 40 2.28 28.05 0.61 294 76.97
18 206899 300 100 340 45 3.95 28.05 0.68 276 51.40
19 1300000 600 100 370 42 2.28 28.05 0.84 276 26.27
20 65629.4 1000 100 350 1 2.28 28.05 0.90 276 15.57
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Fig. 3 BP network prediction errors produced by the
different number of hidden layers neurons
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Tab.2 BP neural network parameter setting
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Tab. 3 Prediction sample input parameters
TS =S HEC NOGIKRIES  Hi LT NOL ik &/ BREIC RAYWIE RIS 24000h -_— HEAb L
(Nm?/h) (mg/Nm®) (mg/Nm®) e (g/Nm?) (mg/Nm®) i o FH B
2099 165 380 57 386 72 2.28 29.16 0.86 284
750000 350 70 360 40 2.28 34 0.81 276
1169150 100 40 385 70 2.28 30.6 0.62 276
x4 BPHAMETNERRE
Tab. 4 Prediction values and errors of BP neural network
MAAFEFAZ Sl /m® BP MIA ML TRME/M®  FAEARIRZE/% TRIME PRI IRZE%  HHREZ% MWK RETF T R?
675.13 705.0320 44291
197.96 195.506 7 1.2393 3.3155 3.626 5 0.999 8
211 201.9730 42782
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Fig. 4 GABP network prediction mean errors produced
by the different number of hidden layers neurons
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Tab.5 GABP neural network parameter setting
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Tab. 6 Prediction values and errors of 300 -
GABP neural network 200 [~
fefer) PG HWG AR HIXE 1 ' 5 ' 3
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675.13  685.2808  1.5035 E > BP GA?’P %*%WJ%?MHL:%'—?E@;{EE‘JWI:B
10796 2052411 36781 21453 24057 0.999 7 Fig. 5 Comparison of real values \-Nlt-h BP network and
GABP network predictions
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Tab. 7 Comparison between BP neural network and
GABP neural network prediction results

T AL A A BP #ifi 28 W 4% GABP #fi £ 1 2%
HAH/m® TR /mM® TR 2% BN /m® B 2%
675.13 705.0320 4.4291 685.280 8 1.5035
197.96 195.506 7 1.2393 205.2411 3.6781
211.00 201.9730 4278 2 208.353 5 1.254 3
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Tab. 8 Error comparison between BP neural network
and GABP neural network prediction results
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