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Black-box modeling based on PSO and SVM for underwater vehicles

BIAN Jingwei, KOU Liwei, XIANG Ji

(College of Electrical Engineering, Zhejiang University, Hangzhou 310027, China)

Abstract; The existing mathematical model of underwater vehicles is difficult to match the actual model with new
emerging of underwater vehicles. In order to deal with modeling problem and predict space motion for new
underwater vehicles, a black-box modeling method based on particle swarm optimization ( PSO) and support vector
machine ( SVM ) was proposed. Nonlinear mapping relationship between state of motion and thrusters for
underwater vehicles was constructed by SVM. Optimal parameters of SVM were obtained through PSO algorithm.
Then, a black-box model was established for underwater vehicles. Finally, by judging whether thrusters vary with
time, space motion of a new kind of quadrotor underwater vehicle was adopted to verify the effectiveness of the
proposed method. Space motion prediction results were evaluated by the root mean square error. The experimental
results demonstrated that root mean square errors of the space motion prediction results were small. Space motion
prediction results were in accordance with the actual space motion. The black-box model constructed by PSO and
SUM was basically identical with the actual model and could effectively predict the space motion of underwater
vehicles.

Keywords : underwater vehicle ; black-box modeling; support vector machine (SVM) ; particle swarm optimization

(PSO) ; space motion
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Fig.1  Flow chart of selecting optimal parameters with PSO
algorithm
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Fig.2  Sample of the quadrotor-like unmanned underwater
vehicle prototype
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Tab.1 Precision of prediction results when u is constant

BIRE w/(mes~1) o/ (mes™1) w/(mes™1) p/(rad-s~") ¢/ (rad-s™") r/(rades™")
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Fig.3  Results of training and prediction when u is constant
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Tab.2  Precision of prediction results when u varies with time
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IR 2% (RMSE) 1.97 1.07 1.46 4.96x1073 1.62x1072 4.32
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Fig.4 Results of training and prediction when u varies with time
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