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A Study on the Risk of Propeller Cavitation Erosion Using Convolutional

Neural Network
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Cavitation erosion is one of the major factors causing damage by lowering the structural strength of the marine propeller and the
risk of it has been qualitatively evaluated by each institution with their own criteria based on the experiences, In this study, in order
to quantitatively evaluate the risk of cavitation erosion on the propeller, we implement a deep learning algorithm based on a convolutional
neural network, We train and verify it using the model tests results, including cavitation characteristics of various ship types, Here,
we adopt the validated well—known networks such as VGG, GoogLeNet, and ResNet, and the results are compared with the expert” s
qualitative prediction results to confirm the feasibility of the prediction algorithm using a convolutional neural network,

-

Keywords : Convolutional Neural Network(CNN, SfAg AMA3) Deep learning(E2{Y), Propeller(Z2E2Y), Cavitation(ZHH|E|0]A),

Erosion(ZAl)
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TEECEH o] & X T7ollM ot st HES 2ol= iH|E|

ol
1>

{ ZIE SISAIZSEM ZZHY 4o whE 7isE(o]
4

oldel B2, J1Eot Susipiy ZeHe Eeol NEsel 5 o 218 CISSIE SO HiRS0l #ES) v8sa 2ot
2 0| ZAlo| =@ 2lolo| E £ 9Jc} TaEE oA (Shora et al., 2017; Chao et al., 2020). = Hd7& Sl +
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Fig. 1 Basic deep learning structure
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Fig. 2 Activation functions in Perceptron model
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Fig. 4 VGG16 model structure
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Fig. 5 GoogLeNet Inception model structure
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3.3.1 &5 Hioly 74 & Ex}

3H5S fIsh M| dlole M2 Fig. 71 Zch HA M|
HlolE{Al (dataset)2 E&(training), S (validation), A& (test)
oMoz LixT, Z3HE HOo[EHAMS o|85l 2HE
SHEAIZICE ol AEE Hlo|EfMlE o|83l0] ZH ol Hatr
(accuracy) ¥ &4 & ghloss)2 ALEIC) oluf, AEE O
OlefMl2 =& ofo[efMlof] Z&=X| o2 o[0|X|E ARZSIH

00

Dataset

Model Performance evaluation

Fig. 7 Training and test dataset
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87| 2o, T tlofe] A2 sjx| 37|(batch size) 2 01

0f 2N sH&E Hlo|EiMle AT M, oMoz gk
Sl= gr2Slit|ElolMel B FHulEo|MoZ olsh FlAlo| 9
HMo| Rt Bkt Cnormal). EA fIHE7F =2 FHH(E|

A
o[ =i (erosion)2 SF237HH[E|0l42] F7|(volume) 7t FHE
of k2t Fiu|E|olMe| HAHAM EAEEHOE SMSH= Fi|
E|0|4(S.C., Separated Cavitation from sheet cavitation)z
Sr2E JHH(HolMI SRi=0] Z2EHM sk 7|
EolM(1.C., Isolated Cavitation)22 &F513ict of mf, Ho]
HAlg FMsk= 2t ojojX|e ZEAlY Al 2YeH YN
FZ5I%en, st5oll S&6t 2(0I0|X| i 28 2,400
N, ASE 1,2007H, AIEE 3007H)2| ciefst 37| & MEq)
FHH|EfolME= =240 ZItE ARSSISICE EESE A 3.1.Eof|
M dZsIR0| e MEEE =0[7| flstf &, ols, 3

7| Het 52 S510] 3 HolEe| JhE SEAIZC
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HEST =S Mash AAY 35 Zale| s H|nE ¢
aif 4702] e ETt £3 B2 2= 21Ekst S E A4 simple
CNN)2 Table 11} 20| FASIACE. Table 10lA Eolgt 4= U
=0| sl DR FMNETt £3 53 wZopio 48 4o} of
o|xjel EME FESIICL 0| TYoA Zt M Znt £ S0l
ZE2ot= EM Y2 AlZdstsio] shaEl ZE{S0| OfEA s
Esli5h=x| atelslgct Fig. 95 242t edEnt 28 52 x|
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Fig. 9 Activation channels passing the first convolution and pooling layer
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Fig. 10 Activation channels passing the last convolution and pooling layer(Top: Erosion, Bottom: Normal)

Table 1 Model summary of simple CNN

AL

EMS ZbxEh ZAK

Hols 2

B EHEICHFig. 10). Table 10l

Layer (type) Output shape Param # output shape2 M= ZEe| F7(|ef A4S LIELIN, 715
Conv2d_1 (Conv2D) | (None, 148, 148, 32) | 896 | m2jolefe] = S5 HSst LEfel 371et ol
Max_pooling2d_1 (None, 74, 74, 32) 0 2t Sotsict zEMoz EFCHo HXY 1719 o g2 &
Conv2d_2 (ConveD) | (None, 72, 72, 64) | 18496 S5l ot sid 22E 0lSsh S 50 oflFoll 2 StgE=
Max_pooling2d_2 | (None, 36, 36, 64) 0 el B X A4S gemet &4  AS Fig. 1101 e
Conv20_3 (Corv2D) | (None, 34, 34, 128) | 73856 Higlck S58 A3 8 HlolEiel 230l tHet Za== 12
Max_pooling2d_3 (None. 17. 17, 128) 0 T 7= A golg = ?lon], Sk Ho[EAMle] &4
Conv2d_4 (Conv2D) | (None, 15, 15, 128) | 147584 B SE3H0 off 7R E=I2loy SRS 438 HlojEe]
Max_pooling2d_4 (Nore. 7. 7. 128) 0 ek EHE VKX %?:.*%_ sfoleh 4= =0 o[XH ‘f*
flatten_1 (Flatten) (None, 6272) 0 &8 GlolEo skdsiol £= Jggﬂ':__% =E 6_1@-%_ e e
dense_1 (Dense) (None, 128512) | 802944 (overfitinglol2ra Bejgtcy, mo| Heke 2do] F28 tol
dense_2 (Dense) (None, 1) 387 B3l o d2 olmes =2 _ngﬂ?% =0 D'jk! =d
& dlo|efAl o]2|e| clekst Hof TSt = H2 slals

Total params: 1,044,163 USho| 0|E Slldols Ho 2= O B2 =3 E Ho[gAlS

Trainable params- 1,044,163 stESLE, MTsHregulation), H2F x=H, =Z0FR(drop
Non-—trainable params: 0 out) o He Mesll Hste MEo| EREs Zi= oo
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2 Blolof S}, Table 2= AIEE Hlo[E{Alo] Chst siY =&
o Mtz g HoiFECt Z} 7iu|E|olM ool siEeh= Ehsoll
ARSEX| k2 o[o|X|E 2Hof i g2 TS f, =2
Qo| 0|2 & PHEE ety 10l Ik 2 Zk=ct 6
g pElol A S.C.(Separated Cavitation)2 H|2lst CIE 7Y
HIE|O|M m{E o] MEtTrt HojRle &eldh 4= AcK10e-5 O]
slo| Hetre 022 B[R, & AFolMe 2E& HolEA
Pt

ol Met=lof 7| WZoll, 7|&E AFE S8l & FAE HES
3 oS M2sj0{ 2t Do EN % mjolsln &Esk Fu|g|
ol &4l o F HEE = st nA} o1ict

Training and validation accuracy

1.0 1
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0.6
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® Training acc
—— Validation acc
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0.0
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Training and validation loss
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—— Validation loss
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i ()
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'@,
0.0 0000000000000
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Fig. 11 Training and validation accuracy and loss using
simple CNN

Table 2 Accuracy of test dataset using simple CNN

Z=7t 106 O|&k BIISIACE. olof el =HE E1|0|E1’i' s
ol-2} ZEE olo[EAloll CHet Mehe 3 &4

o THes Eolgt = RIchFig. 12). E5H ZZE {0 Zl4
waket 7ksMol =2 FHd(Elold THE(S.C., 1.C.)oll EiSt

= oL} EAl 7H=M0| L2 (normal)
o|Xjofl CHet o= Hetz= 86. 8%01| OxcHTable 4) =i
T ¢ oEs dez JiMs sl
GoogleNet(Inception V3) = (Table 5) VGG E”'J"—F H| st
01 =O=o| 7I0|7|. |;|.|El: 45” ~ S Z—LOP(' |:|H:|1 HdE# _—I.Lx0| ol/'k:|A=1
2SS M2s10] MA mi2fo|H JHg= 2F 1.5 v SIkSISIC.
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Fig. 12 Training and validation accuracy and loss using
VGG16

Table 4 Accuracy of test dataset using VGG16

S.C. I.C. Normal S.C. I.C. Normal
S.C 1.000 0.000 0.000 S.C 1.000 0.000 0.000
I.C. 0.000 0.597 0.403 I.C. 0.000 1.000 0.000
Normal 0.141 0.000 0.859 Normal 0.132 0.000 0.868
Table 3 Model summary using VGG16 Table 5 Model summary using GooglLeNet
Layer (type) Output shape Param # Layer (type) Output shape Param #
vgg16 (Model) (None, 4, 4, 512)| 14,714,688 Inception_v3 (Model) | (None, 3, 3, 2,048)| 21,802,784
flatten_1 (Flatten) (Nore, 8,192) 0 flatten_1 (Flatten) | (None, 18,432) 0
dense_1 (Dense) (None, 256) 2,097,408 dense_1 (Dense) (None, 256) 4,718,848
dense_2 (Dense) (None, 3) 771 dense_2 (Dense) (None, 3) 771

Total params: 16,812,867
Trainable params: 16,812,867
Non—-trainable params: 0

Total params: 26,522,403
Trainable params: 26,487,971
Non—-trainable params: 0

MM 2 M5t 22 VGG 22 (Table 3)2, A 47129
SN En ERES s 7

A toksh SR & A2 (simple CNN)Z}
Wl mh, &o| Zlo|7} 48 oA ZlofX|of M| Z2lo|E

etz Matel=2 ! M 58 MBS 2021 62
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2 VGG 2ol vl Metot thek 5% S71erE =elsiict
OX|HOZ ResNet 2E=(Table 7) GooglLeNet 2Rz} H|ws}
01 Z2| Zo[7f CHf 38 HT ZOJRl v AZ| oA HAlg ©
5101 M m2lole Jis= cH2f 1,581 S7kIIct E5H A

A WAlg MESoZM F0| ZoESLE 50| oy M
SO0| Moteld 7|& RHES| EHAES iZsIRUct g &
HE M50 kgt 2ot BE diEol tisl 92% olAle] £&
St st et & g2 2fEsI%ieni(Fig. 14), 7]

=

2 GoogleNet 2Eo| Z1}

Training and validation accuracy
1.0 _/_u-‘_

0.6

0.4 4

024 @ Training acc
—— Validation acc

— =1 o= 0.0 r r . .
o =lol< 0 10 20 30 40 50
ot FAtetE =olsIicHTable 8). » e
Training and validation loss
1.0 A @ Training loss
Training and validation accuracy 0.8 1 — Validation loss
1.0 ‘wa 10000000000000000000090009 0.6 4
0.8 0.4 4
0.6 - 0.2 -
3
0.4 0.0 1 9%0000ea, . . ;
02| @ Trainingacc o 10 20 30 40 50
N Validation acc Fig. 14 Training and validation accuracy and loss using ResNet
o 10 20 30 40 50
Training and validation loss Table 8 Accuracy of test dataset using ResNet
1.0 4 ® Training loss
. — Validation loss S.C. I.C. Normal
0.6 4 S.C 1.000 0.000 0.000
0.4 4 I.C. 0.000 1.000 0.000
0.2 ‘M‘\—/\/\/\_\
’ ®oo, Normal 0.076 0.000 0.924
0.0 ~..”. . . : P
0 10 20 30 40 50
Flg 13 Training and validation accuracy and loss Using Table 9 Training time according to network models

Inception V3

Table 6 Accuracy of test dataset using Inception V3

S.C. I.C. Normal
S.C 1.000 0.000 0.000
I.C. 0.000 1.000 0.000
Normal 0.076 0.000 0.924
Table 7 Model summary using ResNet
Layer (type) Output Shape Param #
Inception_v3 (Model) | (None, 3, 3, 2,048)| 21,802,784
flatten_1 (Flatten) (None, 18,432) 0
dense_1 (Dense) (None, 256) 4,718,848
dense_2 (Dense) (None, 3) 771

Total params: 26,522,403
Trainable params: 26,487,971
Non-trainable params: 0

ZEX2z 7t 2| w2t skaS 2ol 22F AlZES Table
9oi| Blwsto LIER{RICE. m2lalE 7Ha ChH| GoogleNett

ResNet 222 M&et Z2pt =2 o5 Hazel S8 23

0

T

. . No. of
Model Training time 0- 9
parameters

Simple CNN | 1,133.205s (18.9 min) 1,044,163

VGG 1,264.249s (21.1 min)| 16,812,867

GooglLeNet  [1,293.572s (21.6 min)| 26,522,408

ResNet 1,307.147s (21.8 min)| 36,695,939
4. 2 &

2 oM =28 oA LSk FHH|E|0lM FA 2H
TE MYHOoR X Esl B 4 Y el Yo BHE A
dU=S T|ueR Hafd Yne|ES FHIsSINICt thett fME
AAY TEE TESD 7|E ATE Sof B PAE Y9
DU g3t oty Ao} ulWBIYC) 01 Saf 2t mHel
S42 molstn S28 AulEold 4 of% yaTE ==
SIIA} SIRICE & LT IR 2ol SES fIg B2l Zolvt
Zo{E4= sigo| HETI| Folalg stelsigiond, So| Zof
M= s50| OffD A50| MolEle sAke Telel g =
M, ol 74 BAlo| ¥, JIBAIE Msle WAle| HE S
o= SfAE £ 22 AlsICt E3t 7| s Y=
zHEo| A fIEDI £2 JHHHOIME BEE MR &
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