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Abstract

For the purpose of achieving online monitoring of dust concentration, the online monitoring pa-
rameters in DCS system are adopted to analyze the factors which influence the concentration of
smoke dust, and the BP neural network and support vector machine are used to propose an
on-line monitoring method for dust concentration proposed. Simulation and prediction are based
on the operating data of a power plant 600 MW unit. The simulation results show that the predic-
tion accuracy of the two models is both more than 96%, and the prediction error of BP model is
less than 4%, while the error of SVM model is even less than 2.5%. On the whole, these two models
are ideal for dust concentration monitoring, but the accuracy of the SVM model is relatively higher,
and it has higher generalization ability, and is more stable. Therefore, it can be a kind of effective
method for on-line monitoring.
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Figure 1. The algorithm flow of BP neural network
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Figure 3. Forecast output of BP neutral network
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Figure 4. The prediction error of BP neutral network
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Figure 5. Forecast output of SVM
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Figure 6. The Prediction error of SVM
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Table 1. Model test results
= 1. fREIREE R
AR AR ZE%
A= B far o 5 . . :
2 2 I RHE BP 15 [ 28 T (& SVM Tl { BP 145 X 2% SVM
1 393.3565 30.2249 29.9759 29.9533 -0.8238 -0.8986
2 357.6374 36.8956 37.019 36.566 0.4133 -0.8933
3 382.6412 30.8159 31.9897 31.4571 1.2475 2.0807
4 407.1855 29.6506 29.5148 30.0911 2.5737 1.4856
5 414.2293 31.5782 31.0413 31.3146 -1.7002 -0.8348
6 443.1802 30.4092 29.9186 29.736 0.5299 -2.2138
7 458.5025 26.6811 26.9115 26.7407 0.8635 0.2234
8 465.8155 23.2229 23.5126 23.4369 1.2475 0.9215
9 510.6798 26.2112 26.8858 26.4741 2.5737 1.003
10 537.6342 26.136 26.2745 26.1217 0.5299 -0.0547
11 542.5109 22.988 23.083 22.8723 0.4133 -0.5033
12 547.091 23.4209 23.0847 22.9892 -1.4355 -1.8432
13 554.1823 25.2151 25.9938 24,9734 3.0882 -0.9586
14 559.6688 23.1851 22.9105 23.049 -1.1844 -0.587
15 586.56 25.0822 25.6056 25.4531 2.0867 1.4787
16 596.5223 26.2865 25.9218 25.9839 -0.8238 -1.1512
17 600.4488 26.7272 26.7106 26.8793 -1.7002 0.5691
18 608.378 26.6438 27.4055 27.2595 0.8635 2.3109
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Table 2. Comparison of modeling results
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