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Application of PSO-LIBSVM in Modeling of Sewage Water Quality

Liu Bang, Qin Bin, Wang Xin, Zhu Wanli
( School of Electrical and Information Engineering, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract : Aiming at complex nonlinear problems in an sequencing batch type activated sludge process (SBR) and
poor precision of sewage water quality model established by conventional neural network, applies an support vector
machine to set up BOD soft measurement model, and improves the SVM parameter through particle swarm optimization. The
simulation results show that compared with the BP neural network and standard SVM model, the PSO-LIBSVM has small
error and high precision. It decreases the model complexity, improves its generalization ability, and achieves good predic-
tion effect.
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