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NOyx Emission Concentration of Coal-Fired Boiler Prediction Based on Improved PSO
Parameter Optimized LSSVM

Sun Weihong', Tong Xiao', Li Qiang®

(1. College of Mechanical and Electrical Engineering, China Jiliang University, Hangzhou, 310018, China;
2. The Special Equipment Inspection Institute in Xinjiang Uygur Autonomous Region, Urumgi, 830011, China)

Abstract: In order to improve the accuracy of NOy emission concentration prediction of the coal-fired boil-
er and more accurately monitor the NOy pollution, this paper proposes a prediction method based on the
least squares support vector machines (LSSVM) and the improved particle swarm optimization (PSO).
According to LSSVM forecasting theory as well as the uncertainty of LSSVM parameter selection, an im-
proved PSO algorithm to optimize the parameters of the model is used, a model of NO emission charac-
teristics is established, and the prediction results are compared with the results of other two methods
simultaneously. Results indicate that LSSVM is an effective modeling method which has higher fitting
degree; the combination of improved PSO and LSSVM can improve the prediction accuracy and the gener-
alization ability, and LSSVM is superior to the other two parameter optimization algorithms in the NOy
emissions concentration forecast.

Key words: coal-fired boiler; least squares support vector machine; improved particle swarm optimiza-

tion; NOy emission concentration
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Table 1 Comparison of measured and forecasted values of NOy emission concentration

T S A LR LR PSO-LSSVM ik PSO-LSSVM
1 778. 45 777. 244 777.921 778. 446
2 716. 00 720. 633 720. 220 720. 043
3 753. 50 755.902 754. 821 753. 200
4 817. 65 802. 845 804.198 804. 738
5 906. 05 888. 046 889.597 890. 221
6 787. 40 798. 294 796. 941 795. 025
7 763. 30 739. 889 743.502 744, 258
8 619. 05 628. 025 625.599 623. 022
9 649,75 666. 244 665. 536 663.616
10 634. 65 648. 633 647. 286 646. 526
11 735.10 747.002 746. 039 744,181
12 754, 35 761. 696 760. 007 759. 579
13 738. 20 705. 886 708.182 710. 174
14 650. 35 658.517 657.774 657.492
15 621. 00 618. 464 619. 087 619.729
16 584. 50 598. 075 596. 598 594, 421
17 577.00 575. 455 575. 888 576. 234
18 552. 00 572,231 569.170 566.426
19 626. 50 641. 990 640. 726 639. 707
20 609. 00 621.787 619.819 618.997
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