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In this paper, we introduce the machine learning model to estimate the nominal wake field of a ship from the afterbody hullform

using a 3 dimensional CNN (Convolutional Neural Network) model, The convolution layers extract the features of the hullform and

they are connected to

the nominal wake field, In this research, two different models were tested, The one learns the velocity

field itself while the other learns the Fourier coefficients expressing the wake field, Both models showed about 4% volumetric

mean velocity error for the test data not used in the learning process, In the case study of two sample ships included in the test

data, the direct prediction model showed the better estimation results than the Fourier coefficient based model, Application cases

for estimating cavitation performance using the developed model were also introduced,
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2023)
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Fig. 15 Nominal wake field comparison of the sample bulk

carrier (direct prediction model, left: Pred., right: Exp.)

Fig. 16 Nominal wake field comparison of the sample container
carrier (Fourier coeff. prediction model, left: Pred.,

right: Exp.)
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Fig. 18 Radial mean velocity distribution from the direct
prediction model (left: container carrier, right: bulk
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Fig. 19 Radial mean velocity distribution from the Fourier
coeff. prediction model (left: container carrier,
right: bulk carrier)
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Table 1. Principal particulars and numerical test conditions

Particulars Container Bulk
Model prop. dia. 250mm 250mm
No. of blades 6 4
Hub—dia. ratio 0.18 0.16
Mean pitch ratio abt. 1.1 abt. 0.66
Expanded area ratio abt. 0.83 abt. 0.53
Rotational dir. right right
Target ship speed abt. 20knt. abt. 15knt.
Advanced coeff. abt. 0.74 abt. 0.39
Cavitation No. 3.199 2.526
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Fig. 23 Comparison of cavity volume (sample container
carrier)
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