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Abstract : The resistance performance evaluation of general ships using computational fluid dynamics requires a lot of time and cost, and various

methods are being studied to reduce the time and cost. Existing methods using main particulars or cross sections of ships have limitations in estimating

resistance performance that is greatly dependent on the shape of the ship. In this paper, we propose a deep neural network model that can quickly

predict the resistance performance of the hull surface by inputting the geometric information of the hullform mesh. The proposed deep neural network

model based on Perceiver 10 can immediately predict resistance performance, unlike computational fluid dynamics techniques that require calculation in

each time step. It shows the result of estimating the resistance performance with an average error of less than 1% in the data set for a 50 K tanker

ship, a type of low-speed full ship.
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Fig. 1. Difference in the process for estimating resistance

performance between CFD and DNN.
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Fig. 2. Structure of multi-head attention layer.
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Fig. 3. The Transformer model architecture. Embedding and

positional encoding layers are omitted for simplicity.
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Fig. 5. Hull form of 50K tanker ship.

Fig. 6. Computational grid for CFD.

Table 1. Specification of 50K tanker ship and CFD parameters

L, 177 m
breadth 322 m
draft Il m
displacement volume 475415 m’
speed 14.5 knots
turbulence model (Reynolds SlgleES Transport)
number of grids 1464135
simulation time 15s
Atime 0.02 s
scale ratio 29.037
CFD software STAR-CCM+
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Fig. 7. Visualization of resistance performance test data set.
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Fig. 8. Visualization of resistance performance prediction results.
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Fig. 9. Example of hull form physical quantity prediction. (breadth: 32.6 m, draft: 10.4 m).

Table 2. Hyperparameters to train deep neural network 9] SA & M L 22 X&) FANS| 24 WE e 2
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Table 3. Comparison of resistance performance prediction error

loss function
MAE
MSE

smooth L1
MAE
MSE

smooth L1

input aggregation test error (%)
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