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During the ship hull design process, resistance performance estimation is generally calculated by simulation using computational fluid
dynamics, Since such hull resistance performance simulation requires a lot of time and computation resources, the time taken for simulation
is reduced by CPU clusters having more than tens of cores in order to complete the hull design within the required deadline of the
ship owner, In this paper, we propose a method for estimating resistance performance of ship hull by simulation using a graph neural
network, This method converts the 3D geometric information of the hull mesh and the physical quantity of the surface into a mathematical
graph, and is implemented as a deep learning model that predicts the future simulation state from the input state, The method proposed
in the resistance performance experiment of simple hull showed an average error of about 3.5 % throughout the simulation,

Keywords : Mesh based simulation(BlA| 7[g8F AIZ2{|0[4), Graph neural network(2{I A1), Resistance performance(Maals),
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Fig. 1 Simple ship hull for experiment.
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Fig. 2 Computational grid for experiment.

Table 1 Specifications of simple ship hull and parameters

of CFD simulation.
Length 09 m
Breadth 0.16 m
Draft 0.063 m
Design speed 0.891 m/s
Simulaton time 5s
Atime 0.02 s
Number of steps 250
Number of grids 48258
242 5Z0(0f, off 0.02= AlZh 7H4o=2 S MET 2502 Al
S0l MBS mAl FEj2 T SIICE

AlZ2[o[MojlM ZHZE
M2f(total pressure)t EESE
2 AREsIien], & FalE&(water volume fraction)S

o=z AlEsiicth

=Tz Meds At st

Metk22(wall shear stress)
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Fig. 3 Graph neural network architecture used in this paper

(+: add, []: concatenate).

Table 2 Hyperparameters for graph neural network learning
(MP=: message passing).

Number of epochs 500
Batch size 8
Optimizer Adam

Initial learning rate 1.0x107*

1.0x107°

Learning rate decay

(after 300th epoch)

Loss function

Mean squared error

Activation function SiLU
Length of latent vector 128
Number of hidden layers 2
Number of MP” layers 8
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time CFD GNN

o e——  ——
-5.75 154. 314, 474; 634, -5.75 154. 314. 474, 634,

o e——  ——
-5.75 154. 314. 474; 634. -5.75 154. 314. 474. 634.

oo m—— ——
-5.75 154. 314. 474; 634. -5.75 154. 314. 474, 634,

oo ——  ——
-5.75 154. 314. 474; 634. -5.75 154. 314. 474, 634,

o ————  ——
-5.75 154. 314, 474; 634, -5.75 154. 314. 474, 634

Fig. 4 Total pressure examples simulated with base breadth hull.

time CFD GNN

o1 | M | —
-2.956 -2.217 -1.478 —0.7;9 0.000 -2.956 -2.217 -1.478 -0.739 0.000

o2+ | T | —
-2.956 -2.217 -1.478 —0.7;9 0.000 -2.956 -2.217 -1.478 -0.739 0.000

S —— | —— ‘
-2.956 -2.217 -1.478 —0.7?9 0.000 -2.956 -2.217 -1.478 -0.739 0.000

e i ——————— '
-2.956 -2.217 -1.478 —0.799 0.000 -2.956 -2.217 -1.478 -0.739 0.000

L F—————— ‘
-2.956 -2.217 -1.478 —0.7;9 0.000 -2.956 -2.217 -1.478 -0.739 0.000

Fig. 5 Wall shear stress (x—axis) examples simulated with base breadth hull.
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time CFD GNN
-0.429 -0.216 -0.002 0.211 0.425 -0.429 -0.216 -0.002 0211 0.425
I — N s {
-0.429 -0.216 -0.002 0.211 0.425 -0.429 -0.216 -0.002 0.211 0.425
-0.429 -0.216 -0.002 0.211 0.425 -0.429 -0.216 -0.002 0211 0.425
e — N O
-0.429 -0.216 -0.002 0.211 0.425 -0.429 -0.216 -0.002 0.211 0.425

-0.429 -0.216 -0.002 0.211 0.425 -0.429 -0.216 -0.002 0.211 0.425

Fig. 6 Wall shear stress (y—axis) examples simulated with base breadth hull.

time CFD GNN
-0.454 -0.278 -0.102 0.074 0.249 -0.454 -0.278 -0.102 0.074 0.249
-0.454 -0.278 -0.102 0.074 0.249 -0.454 -0.278 -0.102 0.074 0.249
-0.454 -0.278 -0.102 0.074 0.249 -0.454 -0.278 -0.102 0.074 0.249
-0.454 -0.278 -0.102 0.074 0.249 -0.454 -0.278 -0.102 0.074 0.249
-0.454 -0.278 -0.102 0.074 0.249 -0.454 -0.278 -0.102 0.074 0.249

Fig. 7 Wall shear stress (z—axis) examples simulated with base breadth hull.
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time CFD GNN
f— ]
e — e —

0.000 0.250 0.500 0.750 1.000

e e———————————————————
02 s | [ L ————————
0.000 0.250 0.500 0.750 1.000 0.000 0.250 0.500 0.750 1.000
e eeee—————————————————————————————
03 s | L —
0.000 0.250 0.500 0.750 1.000 0.000 0.250 0.500 0.750 1.000
I —
o4 | e | | I
0.000 0.250 0.500 0.750 1.000 0.000 0.250 0.500 0.750 1.000
T —
05 s | [

0.000 0.250 0.500 0.750 1.000

0.000 0.250 0.500 0.750 1.000

Fig. 8 Water volume fraction examples simulated with base breadth hull.
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Fig. 9 Comparison of resistance performance simulation using test set.

H=1} SiLU(Sigmoid Linear Unit)
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Table 3 Error of resistance prediction using test set (MAE=:
mean absolute error over the entire time step).

case | R, (CFD) | Ry, (GNN) error MAE*

5% | 0.21511 0.21396 | 0.535 % | 2.493 %
0 % | 0.22160 0.22367 0.933 % | 2.721 %
+5 % | 0.23067 0.23693 2.715 % | 5.151 %
avg. - - 1.394 % | 3.455 %
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