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The prediction of ship resistance performance is typically obtained by Computational Fluid Dynamics (CFD) simulations or model
tests in towing tank. However, these methods are both costly and time—consuming, so hull-form designers use statistical
methods for a quick feed—back during the early design stage, It is well known that results from statistical methods are often less
accurate compared to those from CFD simulations or model tests, To overcome this problem, this study suggests a new
approach using a Convolution Neural Network (CNN) with voxelized hull-form data, By converting the original Computer Aided
Design (CAD) data into three dimensional voxels, the CNN is able to abstract the hull-form data, focusing only on important
features, For the verification, suggested method in this study was compared to a parametric method that uses hull parameters
such as length overall and block coefficient as inputs, The results showed that the use of voxelized data significantly improves
resistance performance prediction accuracy, compared to the parametric approach,
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Fig. 1 Simplified architecture of multi-input model using CNN and embedding

JSNAK, Vol. 60, No. 2, April 2023

1k



BINE AT ZUSIE SRS M8 HE AS o2
2 2 ELgI_E_ AI_IZ):IEJ- Object 1 0.6 ‘ 03 ‘ 0.1 ‘ ‘
= - j Embedding Model 08 | 05 | 03
SHE MOl trel AT PEE Rueled e O mbeing Moce [osfoa | - ]
2o o[0|X] B PA Xzl £2 2E=ict M8E M Object 3 04 ‘ 02 ‘ 09 ‘ ‘
7ol Clgiy] H{ o I-_._._6|- EAIKHO S . . . .
das Held 7iE Aol 2 o SeHez EHEE Fig. 3 Process of an embedding functions used in a deep
convolution) 34k, %’éﬁF 2= (activation  function), learning framework such as Pytorch

(

(pooling) YIAkS =AMciZ gt
2 TASIL ofx[Lof| 2ked

St (Krizhevsky et al., 20

1
= ool Sag FE%H o

= dixlsi 22(deep) 2!

EEEH H= =
= O

O
r=
1> O M 0z

i

F

i

ol
=
mju
02 0

E
=0c

7). OILEH EWE— oLk2 ofofx| £
[X=21

(kernel)Ol2k= n x m 37(9| &
On|XIE MSFE BV 22HM HAMX|l= —?—E‘P—I Z+ o[o|x|
oF 49| g2 Fskl 0l& BF gt 42 £8Co=2 9|

v
= v
off SheEich Mee| SMaks £ 3% H|olE THollM XMl

2.3 2UH|E

2 F= Aldo] M2| oM EB=s TIHez T
0f, B, XA 22 HE HEHZ Hiiske LS 2lojeict
55|, clojut 82 Helstke =AY AledE 7R HloE:e
Eeld 2o ARBEE HEZE #3sP| elS7] mEol M
7|HE E&dll S 42 AHs HEZ Halet 3 Heid 22
of XMk o mEo| XX ZoplMe = UM
_<|3_

(word embedding)O|2k= E&i0| ARREICE <Al H|o[E{2| &
ol = tllolele| gt XIHE HE{slslo] olarldUol] Iz HE

Spil sB S et 2t telo| S| TR0 shElol

T2y 2Yo| Fgiol SIHl YES F 4 ok W2l of

S sizsp| 2lsh MY kel B0l Besich Pyoch
paz=1

7 2
(Paszke et al., 2019) Z2 Held =2l 30M AW 25
2 X|el5iH, e PHel oAl Fig. 3ol LIERHRICE Eaid
A 30l MSshs Y Eee T2 AldojAzlol =
Fo| ZEH UA7| IR0l Fn, Draft, A& S 22 A4 Ho[g]
o| ool a2 ME=7| ofFch

Element-wise product

Nl

N
Feature map

Fig. 2 An example of convolution operation

Fully connected layer

(Embedding layer)

Object 1
Object 2 0 038 ‘ 0.5 ‘ 03 ‘ ‘
/0\\
RN - O
A ’6‘
Object 3 ., \

Fig. 4 Process of an embedding using fully connected
layer

EEPEW = AFoIME elStldYe| 7|xV} e 2RHEE

o| =N Al_@ Mol A=) 2kMoiZ

Te el ToIN KlRsks UMY BhE
o clolEiE sl AEoR Ueisisic),

3. tllole +4
3.1 lolel 7He

= A7ollM El2ld 22| gieR MBS StE H|olH
= SMskE Metol gakHlols, 7+ HE(Fn, Draft) HO[EO|
1, Egge 2ol MRy HIOIEZ & Al ZHX|0|oi o
£ Table 10 LERAACE 2dgint E24gfel 2ol 2t LiE
24

2Ml(voxel)0|2t volumeT} pixele| gHdojz ZAMls 3pE T
C|

=
B8k 20|k 3Rt TISIEtE BA MBS HT AR L) T o

—

Table 1 Data description for resistance prediction of ship
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Fig. 5 Bunny models voxelized in different resolutions
(Zhou et al., 2020)
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Table 2 Numerical setup for resistance prediction of ship

Item Description Remark
Convection term | 2nd-Upwind scheme
Unsteady term 1st order
Free surface V.O.F.
treatment (Volume Of Fluid)
RSM Linear
Turbulence model (Reynolds Stress pressure
Model) strain
Wall function High Y+ wall treatment| Y;* ~ 50
Grid system Trimmer Unstrugtured
grid
Total number of About 2.0M
grid
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Table 3 Comparison of results between CFD and EFD

Full-scale | Model-scale Ry Coi | Diff.
speed speed IN] |(x 10| [%]
[Knots] [m/s]
CFD 81.5618| 3.552 | 0.06
EFD
24.0 2.197
(Feng 81.5415| 3.550 | -
et al.,
2020)

1 Velocity-inlet

Pressure-outlet

Fig. 9 Definition of CFD boundary conditions
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. 12 The shape of a patrol ship created by Orca3D

Table 4 Minimum and maximum values of ship speed, LOA,
breath, and depth by ship type
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Table 6 Data description for parameter—-based resistance
performance prediction
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Fig. 13 Structure of deep learning regression model using 2D CNN
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Table 7 Hyper parameter for parameter—based resistance
performance prediction

Table 8 The comparison of R2 score from present method
and parametric method

Batch Learning Hidden Number of
. Epochs . .
size rate layer size | hidden layer
377 3500 0.0002 100 1
12

Present method
----------- Parametric method

11}

R2 Score
o
w0
T

o
@
T

07k 3

06

T 2 3 4_5_ 6 7 8 9 1
Trial Number

Fig. 14 Comparison of R2 scores in presented method

deep learning model and parameter—based deep

learning model
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No. 1 2 3 4 5
Present | 0.989 | 0.991 | 0.994 | 0.947 | 0.995
method

Parametric 0819 | 0665 | 0.773 | 0.764 | 0.759
method

No. 6 ! 8 9 10
Present | 4 984 | 0.994 | 0.987 | 0.996 | 0.905
method

Parametric 0694 | 0871 | 0.688 | 0.862 | 0.731
method
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Table 9 Comparison of the predicted values of the present method and the parametric method
Ship Present method Parametric method
Ship type [iri](zetg] Hull | Observation [N] EStl{?\]a]tlon ﬁi?ﬁd[u,ﬁ Diff. [%] Esnﬂw\la]tlon gik;fs.ol[u,\tﬁ Diff. [%]
C-A 161.76 163.10 1.34 0.83 242 .81 81.05 50.11
C-B 139.87 134.54 5.33 3.81 216.52 76.65 54.80
Cogﬁi”er 24 | c-c 187.97 201.64 | 13.67 7.27 215.39 | 27.42 14.59
P C-D 207.95 206.17 1.78 0.86 251.11 43.16 20.75
C-E 185.85 179.61 6.24 3.36 205.57 19.72 10.61
20 T-A 366.60 363.51 3.09 0.84 321.87 44.73 12.20
ngi‘:}er 20 | T-B 375.86 363.95 | 11.91 3.17 359.79 | 16.07 4.28
14 T-C 106.42 110.34 3.92 3.68 150.94 44.52 41.83
, 7.5 P-A 21.73 21.06 0.67 3.08 26.69 4.96 22.83
Patrol ship
12.5 P-B 76.47 77.83 1.36 1.78 71.47 5.00 6.54
Research 4 R-A 13.08 12.99 0.09 0.69 13.83 0.75 5.73
ship 7 R-B 48.56 46.90 1.66 3.42 55.78 7.22 14.87
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