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Pixel level prediction of dynamic pressure distribution on hull surface based
on convolutional neural network

Dayeon Kim', Jeongbeom Seo , Inwon Lee'

Abstract In these days, the rapid development in prediction technology using artificial intelligent is
being applied in a variety of engineering fields. Especially, dimensionality reduction technologies such
as autoencoder and convolutional neural network have enabled the classification and regression of
high-dimensional data. In particular, pixel level prediction technology enables semantic segmentation
(fine-grained classification), or physical value prediction for each pixel such as depth or surface
normal estimation. In this study, the pressure distribution of the ship's surface was estimated at the
pixel level based on the artificial neural network. First, a potential flow analysis was performed on
the hull form data generated by transforming the baseline hull form data to construct 429 datasets
for learning. Thereafter, a neural network with a U-shape structure was configured to learn the pressure
value at the node position of the pretreated hull form. As a result, for the hull form included in
training set, it was confirmed that the neural network can make a good prediction for pressure
distribution. But in case of container ship, which is not included and have different characteristics,
the network couldn’t give a reasonable result.

Key Words : Pixel level prediction, Artificial intelligence, Flow around a ship hull, Pressure
distribution prediction, Unet
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Fig. 4. Convolutional neural network
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3. Methodology
31 M9 Ho[E{2| 14

E Ao E LNG $9H43 LPG SykA

a8 A8 sekeuAd & 7zlo] yE Mg
dleEl & ZHM“E} 71E*4'<ﬂ4 At -
d<ee] A|9= Table 1 JJr 2 ol R

RIS

143 7je) *ﬁ u}t P
7} A9 My MelE 7lE g Fa an
o upz} AA o7 A om WSk 3l
ZFAEE A= Kim et al.®F a1 7 A=
Table 2°1 3%713}3IT)
Table 1. Main particular and size of bulb of
baseline hull form data
LBP | B T | Speed | Liub | Boun | Boun
unit m m m knot m m m
1 1330 | 214 | 74 16.0 |3.76 | 1.49 | 3.14
2 1225 | 208 | 3.8 13.5 | 451 1.75 391
3 1522 | 256 | 83 16.0 |[3.76 | 1.80 | 3.52
4 165.0 | 28.0 | 9.5 16.0 |4.76 | 1.11 | 2.09
5 219.0 | 322 | 11.0 | 185 |6.51]229|4.71
6 2720 | 434 | 11.7 | 19.5 | 827 3.37|5.00
7 282.0 | 456 | 11.5| 195 |8521]4.92]3.18

Table 2. Range of variation parameters of parametric
modification function

Type Variation range

LBP -LBP/20, 0, LBP/20

B -B/10, 0, B/10

heu -T/10, -T/30, T/30
Beub -Byu/10, 0, Bpu/10
Lut ~Lyup /8, 0, Lpuar/8
Cp curve -LBP/100, 0, LBP/100
Speed 0.8xV,, V,, 1.2xV;
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Fig. 6. Hull surface zone division and
pre-processing of input hull and pressure

2l 7 7] flske] A dH skl
wE A4 g5E Axe] A 24S Ak
At

A Ee A f e W}E o s e
Gz dehlz] flstel -4 A #He F
571€] ahf o= ‘/‘rTME‘r 53] sh=el 4
ojfgFow L WSS RHol, it AdgrellA
53e o walEs Hols Z1g awste] T
A& AlEsslitt ol F- 7 W el E4)

Sl He 9 7HFow REste] AEE 4
A o] vlolE = d At (Fig. 6) 7
e B wo] Weko & 6471 dojgko g
64712 Fowm A4Skl W AR dlolE <t
e dlolE = ZH2) 64 x 64 x 39} 64 x 64 x 19]
i o] Jef= A eleqlnh

3.3 Unete| 4

SkA
or=—
I‘H

al
x =

E oo A AR Unetd] @A =2
Fig. 7°ﬂ weststo] YERl o A
Table 3¢l A2l 213 P} 24T T
o gl ek A wAAAS HolE
$3J(data representation)S AxY wHAFo=
W= Qmreh ol b nAAA Fez
Bl fade e 5 Q. duEe
2 2o APl e o 4EE nolF)
A 5 el s
2 Sald aes
NARE A
32004 ASE EEE A E
He= HEd4d o2 ONNS AR =

N
forle ol rlo

_J_L

rE
=)



82 ek - AR - o]l

Encoder

P

Max
pooling I]

e O

Max
pooling

Dec°der Answer

l] Vpsampling

Upsarpbing

Fig. 7. Overall structure of Unet showing CNN layer for one zone
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Table 3. Parameters of Encoder

size | number | padding | activation
Conv1 3x3 8 relu
Pooll 2x2 -
Conv2 3x3 16 relu
Pool2 2x2 - Same
Conv3 3x3 32 relu
Pool3 2x2
Conv4 3x3 64 relu
Pool4 2x2

Table 4. Parameters of Fully Connected Layers

number of nodes activation
FC1
FC7 5120
FC2 1280 Leakyrelu
FCo6

(alpha = 0.2)

FC3 320
FC5
FC4 80
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Fig. 8. Comparison between potential simulation
and Al prediction of 13k PC(a,b,c) and KCS(d);
10.8knot (a), 13.5knot (b), 16.2knot (c), and
24.0knot (d)
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Fig. 9. Al prediction results of pressure distribution, error and MSE with consecutive varying speed condition
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Fig. 10. Pressure distribution of 13k PC (a) and
KCS (b); solid line: 19.0 station
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5. Conclusion
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