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Machine learning prediction method for wave loads on ship
hull with missing experimental data
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Abstract: The precise determination of low-frequency wave loads on ship hulls is an indispensable cornerstone
and core challenge in hull structural design. Low-cost ship model testing is often employed in engineering to
forecast wave loads. However, test data frequently suffer from deficiencies or abnormalities due to various
reasons. Consequently, predicting wave loads from data with defects or anomalies, remains a major engineering
challenge. This paper presented an efficient method for accurately determining the wave design loads on ship
hulls, specifically tailored to handle deficient or abnormal test data. By integrating 5,400 sets of wave load data
calculated using two-dimensional strip theory, a machine learning transfer network was constructed. To address
deficient data, we innovatively introduced a fine-tuning network layer, and designed a novel loss function that
ignores zero terms, thereby enhancing the network's adaptability. This method achieved rapid wave load
forecasting by transferring simulation results to ship model tests, with an accuracy better than 90%. This technique
enhances design efficiency, reduces labor costs, and maximizes data utilization, providing a reliable and efficient
solution for wave load prediction in hull structural design.
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Fig.3 Training curves of vertical bending moment for different models
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Fig.5 Probability distribution of relative errors in vertical bending moment predictions by various models
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Tab.4 Architecture parameters of transform layer network
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> ltanh(ao,)] !
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Tab.5 Parameters of target ship

HENE S WLk ) SHBUE HEE S WLk ) e 2 e
B /m 311 Wz K /m 9.8
HI/m 27 W HEAK A 67 000
BT KER FE/m 36.2 BIE Y 0.613
3.2 AREIK IS

IR UNIE 9 Frs, HAE R 12 40, RSB MABHRIME T R XA & FMA T ) 53
3 B, 25 B R A B, R E T 04 W EE 5 S A A R T [ e 3, T A L
BB, IR B F 481 1K, Ao B om B AT R RE . RBEAE IR A iz S, 76 53 Be li)
Wt A 3 Ao 3000 A O A g I e A A S 1 U0 YR 5 R B e

K9 i i A
Fig.9 Pictures of the tank experiment
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TR bR g P A A T DR 25 2k S W O, I HLR A3 3 AN B, 17 1E 4 AR 2
TR 2 20 BRI . I, K28 B RO S AL I e i e B, A AT I R

4 MIREE

XEFIER TN SR 28 4548, TN SRR RS B, anes 2 B R, I ZRBias 21 T AR 4r A8l

‘fi 5 E 200 %/FUH é/ﬁﬁ I/J E 5 *ﬁ ELJ ﬂj Uﬂlj LOSS {Elz% Trainning and validation loss
2 0.001 LU, BEHTHEA I 26 A0 53 (Anf&] 10 0.0025 | T rainning loss
R o
0.0020 |
XFIERE, TSR D, H 5HR D00
T HH I A L LA R AR ORI 2 '
51, AN YIRS RIS Sl T BN Al 000101
36 6 FIH T R TS . AL f SRR e AN
AL TS Ty WY 2| T Y 222 (6] . . . . . . A A .
3B T O, WHT R TR T2 0 25 50 75 100 125 150 175 200
PR B P12 (Multi-fidelity artificial neural Epochs
network, MANN) X1 1% Ay #4717 9 T3 24 i K10 SRR RIZ IS
iz, ASCIR A 2O R 45 R DL A6 e o Fig.10 Convergence of transform network
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Tab.6 Cases for comparison
T fii i /m-s ™ FRAE R /s A L /m e
T — 9.262 12.7 14 135
T 5.145 12.7 14 180
TH= 9.262 12.25 18.5 120

B 11~13 ke 7~9, [RIIEXFEE b T —HE0 5 05 B3 AR SCE RS~ > IR 28y T L ST
MANN F TR 45 R .
x7 BREMRERBETHRGER TR —
Tab.7 Wave load prediction results of target ship of Condition 1

i B fE 2D-STiH 5 R TL#iH1E RE MANNT} R
5 2269.4 2870.6 26.5% 2138.9 5.7% 2366.31 4.2%
10 6365.8 3310.2 48.0% 6494.5 2.0% 6875.72 8.0%

145 3661.1 1231.7 66.3% 3778.9 3.2% 3893.63 6.3%

%8 BIrMBREEHIRGER TR
Tab.8 Wave load forecasting results of target ship of Condition 2

BT A HEE 2D-STi & R TLT#% T2 MANNTi TR
5 (B 2919.2 — 2604.4 — 2508.6 —
10 6472.6 41254 36.2% 5865.2 9.3% 6311.4 2.4%

145 3913.9 1460.6 62.6% 3873.1 1.5% 42634 8.9%

®9 BIRMMBREEIRERTR=
Tab.9 Wave load forecasting results of target ship of Condition 3

BEA RIS 2D-STif 44 wE TLT R T2 MANNT wE
5 2391.8 2883.1 20.5% 2440.0 2.1% 2259.6 5.53%
10 6482.6 3901.7 39.8% 6350.0 2.0% 6305.6 2.73%

14.5 3955.9 1542.0 61.0% 4115.9 4.1% 3721.3 5.93%
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Fig.11 Wave load forecasting results of target ship of
Condition 1
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Fig.12 Wave load forecasting results of target ship of
Condition 2
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Fig.13 Wave load forecasting results of target ship of
Condition 3
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