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Hull Performance Estimation Using Deep Learning

— =

BAHFFERT FRARIIZE G

B [ g / e —# AMAYA Ichiro
LT 1| eetent ettt adel Wi P ARAI Hiroshi
A OKAMOTO Naoya

|
/
. /|

0.25
<

0.00
0.00 0.05 0.10 0.15 0.20 0.25

1000 Cw

Mo

IR EHT, BEHE OEMRI BCRBRIIKE T D & ZARKE N, BREFESMER LB, %
FHE OEMEP M RO BRIICE EN TV D, IO OMAE b U RHCIEA 35 2 &0
TENIE, MR OER DRSO ND ZENYETE D, ZDOROOE—#HL LT, TELEH
ENTWDET 4 =TT == 7O L HREER OBRZE X T 2 & BRI 21T 272,

AAEBR CREAM - MRl L TV DRI IR R ©H 5 1 HHRHUR IR L O B R e P& L LT,
IKFERBROFE R 2 FE L, BFEOHHT —Z ISV HEY — L L i LR ER A BE R HET
LT LR LT,

Summary

Hull form design is strongly dependent on the expertise and experience of the engineer. Since the
hull form implicitly includes the expert knowledge and experience of the engineer, if those can be
utilized in the hull form design, it can be expected that it will lead to further efficiency of hull form
design. As a first step to that goal, possibility of deriving the relationship between hull form and
wave-making resistance coefficient and form factor (these are typical hull performance factors) is
examined by using deep learning techniques. It is confirmed that typical hull performance factors
can be estimated accurately by comparing with statistical estimation model based on the tank test

results.
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Table 1 RMSE comparison of 5-fold cross-validation
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Fig.6 Examples with large estimation error
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