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PSO-SVM algorithm based on chasing particle and adaptive mutation and
evaluation of aquaculture water quality

WEI Chao', ZHANG Gang'", HAN Xiang-lan’, CAI Yong-sheng', FENG Zhi-min'
( 1.Faculty of Maritime and Transportation, Ningbo University, Ningbo 315211, China; 2.Branch of Information and
Computer Science, Ningbo Institute of Technology, Zhejiang University, Ningbo 315110, China )

Abstract: Aim to improve the accuracy and speed of SVM classification in water quality evaluation, the PSO
optimization method is applied to optimize the key parameters of SVM algorithm in this paper. A new adaptive
adjustment of particle velocity method is proposed, which is based on the consideration of taking particle swarm
fitness variance as evaluation criterion and using chasing particle position to replace local optimization particle
position. First, an attracting domain is defined by the distance between farthest two particles. Then, by position
variation factor making the particle jump out of the local optimal attracting domain regularly with the constantly
iterations. Thus, the particle location can be adaptively mutated. Convergence tests on four different functions
shows that the proposed improved algorithm is increased by more than 20 times in convergence accuracy
comparing to another two kinds of particle swarm algorithm. Last, the improved PSO-SVM is applied in
five-level water quality classification test based on the collected 5439 group water quality data. Contrast with
the other three classification methods, the improved PSO-SVM algorithm has the highest convergence rate and
convergence accuracy. The error rate of water quality evaluation is 1.54%, which can effectively meet the actual
water quality classification requirements.

Key words: water quality evaluation; support vector machine; particle swarm algorithm; adaptive mutation



