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A ship hull offset feature cognition and generation method
based on conditional deep convolutional generative
adversarial networks

DU Lin', LI Sheng—zhong®, LI Guang—nian', SHU Yue—hui', LIU Zi-xiang®, ZHAO Feng?
(1. Maritime and Transportation College, Ningbo University, Ningbo 315000, China;
2. China Ship Scientific Research Center, Wuxi 214082, China)

Abstract: The hull form modelling progress in ship design is significantly relied on the parent hull database
and the professional designers well trained with CAD software, and it is usually a time and experience costly
work. The conditional generation of ship hull with both geometrical and locational features by training an arti-
ficial neural network was concerned by this paper. The geometrical feature means the overall shape variety of
ship designs like bulbous bow, stern shaft, etc., the locational feature means the shape difference between
stern, front and mid-body of ships. Firstly, a conditional deep—convolutional generative adversarial network

(CDC-GAN) was constructed to distinguish the geometrical and locational features individually; Secondly,
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the CDC-GAN was well trained to learn and generate these features with different resolutions and categories,
from easy to hard; In the end, the training cost and performance of networks were compared and concluded to
prove the capability of CDC-~GAN in solving ship hull form generating issues. This paper is based on au-
thors’ previous investigation with regular GAN, and it provides a further exploration about the potential of
CDC-GAN in ship design.
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Fig.2 Research content and plan of this paper
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Fig.4 Three global geometrical features in details (view from starboard)
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Fig.8 CDC-GAN training and converging details of local positioning features
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Fig.13 Samples from trained CDC and GAN (Four singlefeature cases)
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Fig.14 Samples from trained CDC—GAN (Four multi—features cases)
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Fig.15 Comparison of samples with different geometrical features
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