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In the field of Naval Architecture, the
application of AI can be of considerable
relevance.

This study presents the development of the SPRAI tool, based on
AI algorithms, which allows the assessment of the seakeeping of
a ship, with very short pre-processing and calculation times.
The AI will determine the added masses, damping and external
forces required to calculate the seakeeping of conventional
monohull vessels.

      
ିఠ௧

I. Introduction and objectives
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The methodology used for the generation
of the SPRAI tool is described. This tool
is capable of predicting the seakeeping
of monohull vessels in displacement
condition.

The error made by the SPRAI must 
be acceptable.

The inference time has to be very 
short.

 It must be able to solve the diffraction 
radiation problem in early design 
stages.

I. Introduction and objectives
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III. Data sets Generation: Base ships

60 Base ships
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1,5 ≤  
𝐿

𝐵
 ≥  8,0

1,0 ≤  
𝐵

𝐷
 ≥  5,5

Parametric transformation:

 100 Cases per base ship
 6.000 Cases 

III. Data sets Generation: Data Augmentation
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Hypothesis

 The flow is considered potential.

 The wave amplitude is small. 

 A linear relationship between wave amplitude and 
ship motion is considered.

 The ship is a rigid solid.

Resolución del problema 

 The BEM method is used in the frequency domain.

𝜔 = 𝜔 − 𝜔
ଶ  

𝑈

𝑔
 cos 𝛽
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𝐴ଷଵ 0 𝐴ଷଷ

     

0 𝐴ଵହ 0
𝐴ଶସ 0 𝐴ଶ

0 𝐴ଷହ 0
0 𝐴ସଶ 0

𝐴ହଵ 0 𝐴ହଷ

0 𝐴ଶ 0
     

𝐴ସସ 0 𝐴ସ
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0 𝐵ଵହ 0
𝐵ଶସ 0 𝐵ଶ

0 𝐵ଷହ 0
0 𝐵ସଶ 0

𝐵ହଵ 0 𝐵ହଷ
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III. Data sets Generation: Encounter Frequency
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III. Data sets Generation: Mesh Transformation
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 Inputs The main dimensions and form coefficients

 Targets Added mass and damping matrices and excitation forces

Aij ; Bij ; FDif  ;  FFK ;  𝛿; 𝛿ி = 𝑓 𝐹𝑛, 𝜔, 𝛽,
B

L
,
𝐷

L
, Cୠ, C, C୫, Cୡ,

X

L
,
Z

𝐷

The diffraction-radiation 
problem is solved. BEM code.

𝐴; 𝐵;  𝐹; 𝐹ி; 𝛿; 𝛿ி

 Dimensionless: 𝐿 = 1 𝑚

 12 Wave heading:   0 ≤ 𝛽 ≥  𝜋

 14 Wave lengths: 


ହ
≥ 𝜆 ≤ 3𝐿

 7 Speeds: 0,025 ≥ 𝐹𝑛 ≤ 0,30

𝟏. 𝟑𝟔𝟓 𝝎𝒆 per 𝑆ℎ𝑖𝑝  
(𝟓, 𝟔 × 𝟏𝟎𝟔)

III. Data sets Generation: Simulation
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 Traslado: origin of coordinates (BEM)  C.d.C. (training)

 Normalisation of databases

𝑀ന �̈� + 𝐴௫௫ �̈� + 𝐴௫ఏ �̈� + 𝐵௫௫ �̇� + 𝐵௫ఏ �̇� + 𝐶௫௫ 𝑥 + 𝐶௫ఏ 𝜃 = 𝑓

 𝐼 ന  �̈� + 𝐴ఏ௫ �̈� + 𝐴ఏఏ �̈� + 𝐵ఏ௫ �̇� + 𝐵ఏఏ �̇� + 𝐶ఏ௫ 𝑥 + 𝐶ఏఏ 𝜃 = 𝑚

1 +
𝑎௫௫

∇ 𝜌
 +

𝑎௫ఏ

∇ 𝜌
k +

𝑏௫௫

∇ 𝜌 𝜔
+

𝑏௫ఏ

∇ 𝜌 𝜔
𝑘 +

𝑐௫௫

∇ 𝜌 𝜔
+

𝑐௫௫

∇ 𝜌 𝜔
𝑘 =

𝑓

∇ 𝜌𝜉 𝜔
ଶ

1 +
𝑎ఏ௫

𝐼 𝑘
 +

𝑎ఏఏ

𝐼
+

𝑏ఏ௫

𝐼 𝑘 𝜔
+

𝑏ఏఏ

𝐼 𝜔
+

𝑐ఏ௫

𝐼 𝜔
+

𝑐ఏఏ

𝐼 𝑔𝑘
ଶ =

𝑚

𝐼 𝜉 𝜔
ଶ  𝑘

𝑥~𝑂 𝜉  

�̇� ~𝑂 𝜉𝜔

�̈� ~𝑂(𝜉𝜔ଶ)

𝜃~𝑂 𝜉𝑘  

�̇� ~𝑂 𝜉𝑘𝜔

�̈� ~𝑂(𝜉𝑘𝜔ଶ)

III. Data sets Generation: Data processing

𝑘 =
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 Added Mass and Damping

 1.365 points of 𝜔

 Not affected by the Fn a curve with 1.365 points

 Affected by the Fn 7 curves with 195 points

 1.365  31 points of 𝜔

 195  15 points of 𝜔

III. Data sets Generation: Data Filtering
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𝑎ଵଵ
∗ , 𝑎ଵଷ

∗ , 𝑎ଷଵ
∗

𝑎ଶଶ
∗ , 𝑎ଶସ

∗ , 𝑎ଷଷ
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𝑎ଵହ
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∗  
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∗ , 𝑏
∗
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L
,
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L
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L
,
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𝜔ୣ,
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L
,
𝐷

L
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X

L
,
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𝐷

𝐹𝑛, 𝜔ୣ,
B

L
,
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, Cୠ, C, C୫,

X

L
,
Z

𝐷

𝐹𝑛, 𝜔ୣ,
B

L
,
𝐷

L
, Cୠ, C, C୫, Cୡ,

X

L
,
Z

𝐷

𝐹𝑛, 𝜔ୣ,
B

L
,
𝐷

L
, Cୠ, C୫, Cୡ,

X

L
,
Z

𝐷

INPUT

TARGET
𝑓௫ , 𝑓௫ ଷ, 𝑓௫  

𝑓௫ ଽ 

𝑓௫ ଵଶ, 𝑓௫ ଵହ , 𝑓௫ ଵ଼ 

𝑓௬ ଷ, 𝑓௬  , 𝑓௬ ଽ, 𝑓௬ ଵଶ, 𝑓௬ ଵହ

𝑓௭ , 𝑓௭ ଷ, 𝑓௭ , 𝑓௭ ଽ,
𝑓௭ ଵଶ, 𝑓௭ ଵହ, 𝑓௭ ଵ଼

𝑚௫ ଷ, 𝑚௫ 

𝑚௫ ଽ

𝑚௫ ଵଶ, 𝑚௫ ଵହ

𝑚௬ , 𝑚௬ ଷ, 𝑚௬ 

𝑚௬ ଽ

𝑚௬ ଵଶ, 𝑚௬ ଵହ, 𝑚௬ ଵ଼

𝑚௭ ଷ, 𝑚௭  , 𝑚௭ ଽ, 𝑚௭ ଵଶ, 𝑚௭ ଵହ

𝐹𝑛, 
𝜔,
B

L
,

𝐷

L
,

 Cୠ,
C,

 C୫,
X

L
,

Z

𝐷
,

INPUT

TARGET

III. Data sets Generation: Data Sets
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 70% training, 15% validation y 15% test

 MPL on Keras together with Tensorflow GPU-Nvidia

 Model Checkpoint Overfitting

3 – 4 – 5 Capas

30 – 40 – 50 Neuronas

Adam, RMSpropOptimizadores

Sigmoid, ReLU
Funciones de 

activación

300Máx. Epoch

MAELoss function

IV. Training
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 General cargo
 Practical
 FPSO
 Sailing ship
 Work Vessel
 Yacht

V. Results
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V. Results: General cargo
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V. Results: Practical
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V. Results: FPSO
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V. Results: Sailing ship
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V. Results: Work Vessel
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V. Results: Yacht
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𝑁𝑅𝐸 =
𝑡

∗ − 𝑝
∗

𝑚á𝑥 1, 𝑡
∗

𝑀𝑁𝑅𝐸 =
∑ 𝑁𝑅𝐸

ଶ
ୀଵ

𝑛

Prediction error : Results:
 In the added mass and damping matrices we 

have an average MNRE of 6,09 % y 5,21 %. 

 The average MNRE of  the sine and cosine 
terms of  the excitation forces are 3,95 % y 
3,69 %.

 The average MNRE for RAOs typically less 
than 1 %.

V. Results: Summary



VI. Conclusions
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 An extensive, comprehensive and generalised database has 
been generated. 

 A large number of  ANNs have been generated and trained with 
a large number of  hyperparameter combinations to identify the 
best ANN.

 The ANNs developed show similar accuracy to the BEM codes.

 Speed up to 4.000 is achieved compared to a conventional 
calculation code.

 ANNs to predict hydrodynamic loads for seakeeping in the early stages of  design without the need to know the 
exact hull geometry. Fn range 0,025 to 0,30.



VI. Conclusions
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Thanks for your time
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