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Deep learning prediction method for hydrodynamics of underwater
vehicle based on bubble physics

YUE Jie-shun, WANG Jing-zhu, YE Shu-ran, WANG Yi-wei

(Institute of Mechanics, Chinese Academy of Sciences, Beijing 100190.
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Abstract: The hydrodynamics evolution caused by cavitation is of great significance in the
movement of underwater vehicles. In order to be able to quickly predict the complex bottom
pressure fluctnation caused by cavitation during the underwater launch, a deep learning network
with physical constraints is proposed. This network model is constructed based on
one-dimensional convolutional network and an encoding-decoding. A physical-constrained input
data set is constructed by introducing the theoretical mechanism of bubble, realizing the capture
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of different physical processes. The testing and verification show that the network proposed in
this paper can quickly and accurately predict the hydrodynamics of the vehicle for any launching
conditions. The predicted pressure curve during any stage, including the smooth stage, the
transitional stage, as well as the oscillation are consistent with the numerical simulation results.
As a result, this method can provide a basis for the prediction of motion and trajectory of the
underwater vehicle.

Key words: Cavitation; hydrodynamics; underwater vehicle; physical constraints; deep learning.
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