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Abstract: Aiming at the multi-AUVs task assignment and path planning in the ocean current underwater environment
with multi-obstacles, a novel autonomous task assignment and path planning algorithm is presented based on the biological
inspired neural network model and grid map, and the impact of ocean current on path planning is considered. Firstly, the
biologically inspired neural network model is established, and which is used to represent the working environment of the
AUV. Each neuron in the neural network corresponds to the position unit in the grid map. Then, activity values of all
AUVs of each target in the BINN map are compared, and the AUV with the largest active value is selected as its winning
AUV for a certain target. The task assignment of multi-AUVs is realized. Finally, the actual direction of AUV navigation
for ocean current environment is determined according to the vector synthesis algorithm. The simulation results show the
effectiveness of the proposed multi-AUVs task assignment and path planning for the underwater environment with obstacles
and ocean current.
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Fig. 3 Vector synthesis under the influence of ocean currents
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Fig. 4 AUV steering under the influence of ocean currents
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