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Abstract

Dynamics of AUV has heavy nonlinearities and many unknown parameters due
to its bluff shape and low cruising speed. Intelligent algorithms, therefore, are
required to overcome these nonlinearities and unkown system dynamics. Several
identification techniques have been suggested for the application of control of
underwater vehicles during last decade. This paper applies the neural network to
identification and motion control problem of AUVs. Nonlinear dynamic systems of
an AUV are identified using feedforward neural network. Simulation results show
that the learned neural network can generate the motion of AUV. This paper,
also, suggest an adaptive control scheme up-dates the controller weights with
reference model and feedforward neural network using error back propagation.
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Table 1. Characteristics of an AUV
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