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Abstract 
 

This paper proposes an integrated design method using machine learning based on a database of 
structured grids on hull surfaces. Machine learning requires a high-quality, large database, therefore 
the learning database should be created and stored efficiently and preferably automatically. In 
addition, the data format should be flexible so that a designer can incorporate a hull form manually 
made in CAD. This paper demonstrates a design example of a machine learning design method using 
the Imaged Hull surface Representation method and the Convolutional Neural Network and discusses 
the effectiveness of this method in ship design. 

 
1. Introduction 
 
There has been a growing interest in hull form design because of the increase in fuel costs due to the 
use of alternative fuels in the near future and the recent rising oil prices caused by imbalance in 
supply and demand. What is required for hull form design in next generation is faster and more 
efficient design method, and automation of hull form design that does not rely on tacit knowledge. 
 
The current mainstream of hull design is Simulation Based Design (SBD), which generally consists of 
three design systems: performance evaluation tool, shape deformation tool, and optimization tool, e.g. 
ITTC (2008). For each of the three optimization tools, detailed research is being conducted. From a 
practical standpoint, particular emphasis has been placed on the problem of speeding up the design 
process. For example, Kandasamy et al. (2011) proposed a method called multi-fidelity optimization, 
which combines potential-based Computational Fluid Dynamics (CFD) (low-fidelity) and Reynolds 
averaged Navier Stokes (RaNS)-based CFD (high-fidelity). In this method, global optimization with a 
wide design space is first performed by potential-based CFD, and then detailed hull form optimization 
with a narrow design space is performed by RaNS-based CFD based on the results of global 
optimization. In this way, potential-based CFD and RaNS-based CFD are used alone or in 
combination as performance evaluation tools in SBD. However, it is still a challenge to design 
optimal hull form with practical computation time. 
 
On the other hand, as an effort to formalize tacit knowledge, a lot of efforts has been put into applying 
machine learning techniques to ship design. In early 2000, Matumura and Ura (1998) applied 
Artificial Neural Network (ANN) technique to predict wave marking resistance from the input 
parameters of ship length, width, Froude number. Following this, Kanai (2000), Mesbahi and Bertram 
(2000), Bertram and Mesbahi (2004) and Mason et al. (2005) presented some models to predict calm-
water propulsive performances using ANNs. These ANNs handle only up to 10 input parameters of 
principal dimensions that cannot represent complex three-dimensional hull forms. Radojcic and 
Kalajdzic (2017) proposed an ANN model to estimate resistance and trim based on the systematic 
generated hull form database, and Margari et al. (2018) also modeled another series tank-test results. 
Although the ANN technique has been advanced in the last 20 years, input parameters of these models 
are still dimensional information of ship, such as lengthbeam ratio, slenderness ratio, longitudinal 
center of gravity (LCG). Kazemi et al. (2021) designed a stepped planning craft using ANN trained by 
CFD database, which can estimate resistance from loading weight, LCG position, step type and step 
position. In this model, some local shape parameters began to be applied that is easy to parameterize 
in the hull form. Cepowski (2020) applied an ANN to estimate added resistance by means of ship's 
principal dimensions, block coefficient and Froude number. However, these machine learning 
methods are limited in the number of input parameters and have not yet been able to capture the 
detailed local shape of hull form. 
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To attempt to capture the local shape of hull form by machine learning, Ichinose and Taniguchi 
(2021) proposed wake field prediction method by Imaged Hull surface Representation method (IHR). 
The limitation of input parameters of machine learning is caused by overfitting problem in 
conventional neural networks. Convolutional Neural Network (CNN) widely used for image analysis 
contribute to solve the problems and enable to increase input parameters and capture detail shape of 
hull from. The IHR utilizes a structured grid on the hull surface to represent a hull with more than 
20,000 data and is suitable for learning data of CNN that can overwhelm the overfitting problem. This 
CNN model can predict wake field on the propeller plane with acceptable accuracy for hull form and 
propeller design. Based on the IHR, it may be possible to formalize the relationship between the 
detailed shape of the three-dimensional phase of the hull form, the propulsive performance, and the 
flow field by analyzing the hull form database not only with the flow field but also with the 
propulsive performance using machine learning. 
 
This paper proposes a hull form design method based on machine learning as one of the design 
methods that contribute to reducing the time and the automation of hull form design. This method is 
characterized by the fact that this design method directly constructs a hull form database from the 
structural grid of the hull surface in Computational Fluid Dynamics (CFD) and integrates this 
database into all of the shape deformation, CFD evaluation, and machine learning operations. In the 
deformation, hull form blending enables deformation with a high degree of freedom and easy 
incorporation of past existing hull forms. In addition, CFD calculations are faster than those on 
unstructured grids, which is necessary for database (DB). Furthermore, in machine learning, the 
application of the CNN method has made it possible to represent the hull form with a much larger 
number of data points than before, thereby improving the estimation accuracy and extending it to the 
detailed hull form, which was previously limited to the selection of the principal dimensions. This 
paper also demonstrates a design example of the machine learning design method using the IHR and 
the CNN and discusses the effectiveness of this method in ship design. 
 
2. Overview of the proposal design method 
 
The present design method has been developed as an effort to formalize tacit knowledge of designers 
by analyzing a pre-prepared RaNS-based CFD hull form database using IHR as the basic technology 
through machine learning. This design system is a hull form design system suitable for machine 
learning that integrates deformation, data structure, and analysis. 
 
In order to use machine learning methods in practical design, it is necessary to increase the hull form 
database intermittently in daily design practice. In conventional SBD, as in Fig. 1, most hull form data 
produced in optimization process has been deleted except the one for final product after a design 
process completed. The few hull form data survived in former studies is used as initial hull forms for 
the next design process, while almost all other hull forms are discarded. This hinders the implementa-
tion of ship design based on machine learning, which requires a large amount of training data. 

 

 
Fig.1: Challenges in conventional simulation-based design model 
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In a hull design method based on machine learning, it is necessary to have a mechanism to increase 
the hull database efficiently in daily design. For this, the following factors need to be considered. 
 

- Data structure: how to make a database 
- Database analysis methods: differences in analysis methods depending on data structure 

 
The proposal design method employs the Imaged Hull surface Representation (IHR) as data structure 
on database, which has equivalent data structure to the structured grid on the hull surface in CFD. 
This data structure of database has following two advantages for creating database. First, as for CFD 
simulation, the calculation time of the structural grids tends to be shorter than that of the unstructured 
grids so that the database can be generated efficiently, since the third-order interpolation of the influx 
term enables reducing the number of grids and shortens the calculation time, Ohashi et al. (2019). In 
addition, the use of an overset grid can also consider energy-saving devices. Second, to create various 
hull forms automatically, Adaptability of hull form deformation methods is essential for the data 
structure of hull form. Since the hull surface is treated as a point group in the IHR, various methods 
such as the Lackenby (1950) method, Free Form Deformation, Sederberg and Parry (1986), Peri and 
Campana (2008), and hull form blending (morphing) create a new hull form by mixing a plurality of 
hull forms can be easily adapted. Furthermore, the use of segmented meshes provides the flexibility 
for designers to incorporate hand-made CAD hull forms into the database. 
 
The hull form blending method is a method of generating a hull form from some basic hull forms. 
When the N-th basic hull forms are represented by resolvable discrete surface points (𝑃𝑖⃗⃗ ) – e.g., grid 
points on hull surface in CFD -, new hull form (�⃗� ) is obtained by the operation of Eq. (1) in the hull 
form blending method like Fig.2. 
 

�⃗� = ∑𝑎𝑖𝑃𝑖⃗⃗ 
𝑁

𝑖=0

 

where ∑ 𝑎𝑖
𝑁
𝑖 = 1 

(1) 

 
When N is 2, two-hull ship blending can be realized by the following equation: 
 

𝑎1 = 𝛼,  𝑎2 = (1 − 𝛼)  (2) 
 

 
Fig.2: Image of hull form blending (morphing) 

 
By adopting specific hull forms that designers manually create with some intention as basic hull, the 
hull form blending method enable to visualize the changes of propulsive performance and flow fields 
and help us recognize the relation between hull form and performance, Ichinose et al. (2017). 
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The present design method adopts the CNN as a database analysis method to predict propulsive per-
formance like wave-making resistance, form factor, and self-propulsion factor, and estimate flow field 
around ship aiming to preventing acoustic noise or vibration generated by revolution of a propeller. 
Although the CNN prediction method can handle unparametrized hull form database, parametrized 
hull form database help designer to understand the nature of physical phenomena by visualizing the 
performance distribution in design space. In the present method, hull form blending method is applied 
for organizing unparametrized data to be parametrized and visualized as shown in Fig.3. This will 
contribute to understand the characteristics of hull form and propulsive performance and contribute to 
the formalization of tacit knowledge of designers. 
 

 
Fig.3: Data flow in the present design system with machine learning 

 
3. Data structure of hull form database 
 
For the data structure of the database, the IHR based on the structured-hull-surface grid is adopted to 
use for analysis in CNN. The IHR has several additional advantages as a data structure in database 
creation and storage. Machine learning requires a high-quality, large database, therefore the learning 
database should be created and stored efficiently and preferably automatically and should also be 
flexible so that a designer can incorporate a hull form manually made in CAD. In this regard, the 
utilization of the structured hull surface grid is invaluable as the data structure of the learning database.  
 
Fig.4 shows an overview of the IHR. The main point of the representation is the two-dimensional grid 
format of the hull surface. A structured grid based CFD format has the same structure as the image 
data. The image data are represented by three primary colors (cyan, magenta and yellow) on the 
vertical (i) and horizontal (j) pixels. The hull-form structured grid is also expressed as i × j structure 
data with (x, y, z) coordinates, which have the same data structure as the three primary colors in the 
image data. 

 
Fig.4: Imaged Hull surface Representation method 
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For ANNs, this representation has two advantages over the conventional parametric hull-form 
representation method. First, this representation has a higher degree of freedom in hull-form 
expression than do conventional hull-form representations based on hull parameters. The proposed 
method can practically describe any curved surface with no limitations. Second, data augmentation 
can be achieved by placing different grids on the same hull form. In general, the number of CFD 
results is often limited, but machine learning needs large amounts of training data. Given that the 
number of grids of the database is sufficient and the CFD calculation result converges to the correct 
value even if the grid arrangement is changed, the proposed method can use data augmented by 
creating multiple grids with different hull surface grids from a single CFD calculation result. 
 
4. Database analysis methods 
 
Taniguchi and Ichinose (2020) presented the wake field prediction method utilizing Convolutional 
Neural Network. The present method extends this architecture to prediction of propulsive perfor-
mance components predict propulsive performance like wave-making resistance, form factor, and 
self-propulsion factor. 
 
The architecture of the proposed CNN that predicts each propulsive performance components is 
shown in Fig.5. This model is built this model referencing the Generative Adversarial Networks 
(GAN) model proposed by Radford et al. (2016) and adjusting the convolution layer and filter size to 
applied to our hull surface data. In Fig.4, the rectified linear unit activation function (ReLU) is a 
commonly used activation function in CNNs, and batch normalization (BN) is a technique for stan-
dardizing data to accelerate neural network training. In this architecture, the imaged hull-form data of 
the input data is on the left-side of the figure, and the model generates the value of the stern wake 
flow on the right-side. The first three processes in this model imply convolution operations to extract 
the high-level feature of each hull form, and the dense processes indicate fully connected layers to 
learn non-linear combination of the high-level features as represented by the output of the 
convolutional layers. The proposed CNN was coded using Keras, https://github.com/fchollet/keras. 
 

 
Fig.5: CNN architecture of present prediction 

 
In the training of this CNN model, mean square errors (MSE) of each of the flow velocity is applied to 
the loss function; MSE is defined by Eq. (3).  

 

𝑀𝑆𝐸 =
1
𝑛

∑(𝑦𝑖– 𝑦�̂�)2
𝑛−1

𝑖=0

 (3) 

 
where 𝑦𝑖 are the ground truth values, 𝑦�̂� predicted values of each hull form, and n the number of data 
available for the training. As the solver of optimization to reduce the loss function in the training, 
Adam method, Kingma and Ba (2015), is applied in the present research. The learning rate is 2×10-4 
in the referenced paper, Radford et al. (2016), but because the number of images available for 
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learning is limited, the learning rate of the present paper is set to 1×10-6 through trial and error 
observing the loss function of training and validation data. 
 
Based on this method, hull form recommendation in Fig.2 can be realized in the following two ways. 
First, this machine learning model replaces CFD tool in conventional Simulation Based Design (SBD) 
methods. That enables reduction of the design time to fit within a practical design time, since the 
average prediction speed of the machine learning model is more than 100,000 times faster than that of 
RaNS based CFD, Ichinose and Taniguchi (2021). The other unique method is to find the hull form 
from the ideal wake flow by solving the inverse problem of predicting the wake filed from the hull 
form. Ichinose and Tahara (2019) proposed a wake design system using hull form database for ESD 
design as shown in Fig.6. The system analyzes the pre-built hull form and flow field database using a 
combination of the nearest neighbor method and the hull form blending method and obtains the 
specific shape of the hull form that realizes the desired wake flow as the output of the system. 
Ichinose demonstrated the design a hull form with a suitable companion current for ESD and achieved 
output power reduction with ESD in a tank test by the system. 

 

 
Fig.6: The overview of a wake field design system, Ichinose and Tahara (2019) 

 
4. Results 

 
This chapter demonstrates the effectiveness of the present method by conducting a trial prediction and 
design. The dataset of the present study is the domestic 749 GT dataset, which contains 2,730 hull 
forms and double-model resistances, which is solved by the three-dimensional incompressible 
Reynolds averaged Navier Stokes (RaNS) equation. An in-house structured CFD solver, NAGISA, 
Ohashi et al. (2019), was employed to solve the discretized RaNS equation with one-equation turbu-
lent model, modified Spalart-Allmaras (MSA). This solver and turbulence model are normally used 
for hull form design at NMRI to estimate model-scale flow filed. The calculation grids of basic hull 
forms without any appendages at full loads and even keels were generated with HO topology, 
0.9 million cells in half side (i × j × k = 174 × 64 × 80) at model scale. On the center plane of the hull, a 
symmetry condition is assigned, and the result is mirrored after the calculation. The minimum spacing 
normal to wall is set to be y+<1.0 for constant 𝑅𝑛=1.0 × 107. The effect of free surface is considered to 
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be small and ignored in all cases. An investigation on gird uncertainty for this calculative configura-
tion was carried out in in the previous study, Ichinose and Tahara (2019), and we judged that the 
present grids have the same acceptable uncertainty level as in this research. The main dimensions of 
this dataset are presented in Table I; only the aft part (from S.S. 3.0 to the aft end) is deformed, Fig.7. 
 

 
Fig.7: Examples of frame lines at S.S. 1.0 and aft profiles of hull forms in the dataset 

 
Table I: Main dimensions of the 749 GT general cargo dataset 

Ship length: LPP 79.0 m 
Ship Breadth: B 13.0 m 
Design Draft: d 4.7 m 
Block coefficient: CB 0.72 

 
The 2,730 CFD dataset mentioned here is randomly divide by two components: training set, and test 
set. The 20% of all 2,730 dataset (564) is held out as test set which is used to provide an unbiased 
evaluation on a final model. The other 80% (2,184) data is used for training of the present CNN 
model to determine the parameters, this set is called training set. 
 
The training set is used for training of the present CNN model, and it takes about 10 minutes for 2,000 
epochs using a computer equipped as follows: CPU: AMD EPYC 7302P (16 Core, 3Ghz) ×1; GPU: 
NVIDIA RTX3090 24GB Memory GPU ×2. In the training, the training set (2,184) is divided further 
as 90% (1,966) training data and 10% (218) validation data, randomly. This validation data is used to 
predict the response of the fitted model which is trained by the training data. 
 

  
Fig.8: Loss function convergence history for proposed CNN 
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Fig.8 shows a convergence history for the loss function of the proposed CNN. The abscissa represents 
epochs, which is the number of times all the training vectors are used once to update the weights, the 
ordinate represents the loss function value, and train and val present historical training and validation 
data, respectively. The convergence history shows that overfitting did not occur with the proposed 
CNN on this training data. 
 
Fig.9 reveals the distribution of the variance of the prediction resistance results of the present model, 
the distribution of the prediction results of the present model for test set (564). The graph indicates 
that the difference between the prediction results and test set is almost entirely within the range of 
±0.25%, which is sufficiently acceptable for practical design. 
 

 
Fig.9: Distribution of the prediction results of resistance for test datasets 

 
Fig.10 shows the histogram of the difference between test data and a predicted value for the test set. 
Zhe difference is normalized by minimum and maximum values of all datasets and presents in per-
centage expression. The standard deviation is 0.008 and most of the test data is placed within 0.02. 
 

 
Fig.10: Histogram of difference between test and predict value of resistance 
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The average estimation speed for each hull form prediction is approximately 0.001 seconds, which is 
more than 100,000 times faster than are physics-based simulations, which require approximately an 
hour for each prediction. It will be necessary to determine whether this model can be adapted to other 
performance parameters, such as the self-propulsion factors, and how general and accurate it is, by 
accumulating more data. 
 
5. Concluding Remarks 
 
This paper proposed a hull form design method based on machine learning as one of the design 
methods that contribute to reducing the time and the automation of hull form design. This method is 
characterized by the fact that this design method directly constructs a hull form database from the 
structural grid of the hull surface in CFD and integrates this database into all of the shape deformation, 
CFD evaluation, and machine learning operations. In the deformation, hull form blending enables 
deformation with a high degree of freedom and easy incorporation of past existing hull forms. In 
addition, CFD calculations are faster than those on unstructured grids, which is necessary for DB. 
Furthermore, in machine learning, the application of the CNN method has made it possible to 
represent the hull form with a much larger number of data points than before, thereby improving the 
estimation accuracy and extending it to the detailed hull form, which was previously limited to the 
selection of the principal dimensions.  
 
The demonstration of the present method shows that the model can predict resistance within ±0.25% 
for the domestic 749 GT dataset.  
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