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Abstract 
 

In this paper, a concept of the hull form design support tool based on the machine learning is 
described. We developed a short-estimation-time stern wake prediction method based on the convo-
lutional neural network, and the process by which recommendations on the hull form are given is 
considered. The neural network model is trained using computational results by computational fluid 
dynamics (CFD). However, this method does not replace CFD, but extends design charts. 

 
1. Introduction  
 
In recent years, the propulsion performance design of ships, such as environmental requirements and 
EEDI, etc., requires designs that satisfy various purposes, requirements, and constraints. At present, 
designs utilizing computational fluid dynamics (CFD) are being performed in addition to towing tests. 
However, these take a long time to obtain the results, and the optimization of hull form takes several 
weeks in some cases. On the other hand, there are studies that uses machine learning for a simple 
estimation at the early stage of design. For example, Matsumura et al (1998) are studying a method 
for predicting performance values using neural networks. However, its input is contracted to some 
parameters such as length, width, Froude number, etc., and the degree of freedom of the hull shape is 
limited. 
 
It is important for designers to understand the relationship between the hull form and the flow field, 
such as where to change the hull shape to obtain the desired flow field. In this paper, we focus on the 
supporting designers by presenting the wake results predicted by the machine learning model in a 
short time. The designer will be able to see the flow results almost as soon as the hull form is 
modified. We constructed a machine learning model that predicts the stern flow field using the hull 
shape expressed as an image. The model was trained using a pair of the hull form and the calculation 
result by CFD. The validity was confirmed by comparison with CFD results. And we also studied the 
optimization method using this machine learning model. The optimal hull form to fit the desired flow 
field was obtained in a few minutes. It is noted that our research intent is to develop cooperative 
design toolsets of CFD and machine learning according to the design process. The present method 
will extents the designer’s knowledge and insight in the hull form design process, in which 
conventionally craftsman’s knowledge and the design charts play a key role.  
 
2. Related work  
 
There are studies using machine learning for a prediction of the propulsion performance. Matsumura 
et al. (1998), Kanai (2010), Margari et al. (2018), Cepowski et al. (2019), have studied the multi-
layer perceptron model to predict the performance values. These method predict the scalar value 
related to the propulsion performance such as the wave drag coefficient by using the parameters 
representing the curved surface of the hull and dimensionless numbers such as the Froude number. 
Takagi et al. (2019) make predictions using image data obtained by projecting the hull shape from 
various angles as input. These studies have good approximation results for predicting scalar value.  
 
On the other hand, as a method of predicting the flow field, for example, Kim et al. (2019), developed 
the Deep Fluids, which is a generative machine learning model and performs time series fluid 
simulation such as smoke, spheres dropping on a basin and viscous dam break. Ichinose et al. (2019), 
have proposed a method of constructing a database of CFD calculation results and interpolating the 
stern flow field from the database. 
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In this study, in order to express the shape of the hull more flexibly and appropriately, we defined the 
input data in an image format with a different approach from that of Takagi et al. (2019) and Kim et 
al. (2019). Our study is the extension of the work of Ichinose et al. (2019) to support designers' quick 
understanding and optimization using a generative machine learning model. 
 
3. Design support tool based on machine learning 
 
Designing the hull form satisfying many demands and a lot of restriction is not easy for not only a 
young designer, but also an expert. The designer need to understand the relationship between the hull 
form and flow field. In this paper, there are two purposes of the design support tool based on machine 
learning. The one is the training and supporting to understand the fluid flow for the designers, and the 
another is the recommendation and the automatic generation of the initial hull form design. Fig.1 
shows the concept of propulsion performance design tool based on machine learning. The machine 
learning is conducted using the training data from the database with hull forms, CFD and experiment 
results. The designer can get the predicted flow instantly by changing the hull form and learn the 
relationship through the interaction to the machine learning model. And the recommendation of the 
optimal hull form is also shown. The verification is conducted by CFD and towing test. If the error of 
prediction is large, the re-training of the prediction model is also conducted and its precision increases. 
The optimal hull form will be determined in a less calculation of CFD. After this chapter, we will 
build a concrete machine learning model and verify the predicted results. 
 

 
Fig.1: Flow of the design tool based on machine learning 

 
4. A generative model for prediction of stern wake 
 
In this section, a stern wake prediction method based on machine learning is presented. This method 
can shorten the time of the hydrodynamical performance prediction compared to the CFD method. 
The proposed method is assumed to be applied in the early design stage which usually has the 
limitation of time. This machine learning model is trained by the data set of hull form and CFD-
estimated flow field. Conventionally, the hull form representations for machine learning had some 
limitation in the degree of freedom. The previous studies have attempted to represent the 3D curved 
hull surface with only 10~20 parameters. In our approach, the 2D structured grid expressing 3D 
curved surface is directly used for the input datasets of machine learning. This makes it possible to 
represent the hull shape with almost no restrictions. The velocity at the stern is calculated by CFD. 
The obtained velocity results are also expressed as image data in the same way as the hull shape, and 
the relationship between the hull shape and the stern flow field is used as training data. In this paper, a 
generative model was constructed with reference to the deconvolutional neural network used in the 
image generation model. 
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4.1. Representation of hull form and flow field 
 
In CFD analysis, the hull surface which has three-dimensional coordinate (x, y, z) is represented with 
n × m two-dimensional structured grid utilizing the coordinate transformation method. This 2D 
structured grid data can map to the RGB color model image data with no restrictions as shown in 
Fig.2. The n × m two-dimensional grid which is a linear mapping of the original coordination of (x, y, 
z) is regarded as n × m × 3 image data which has three colors expression (Red, Green, Blue). The 
values of (x, y, z) are normalized, and these x, y, z correspond to RGB color model’s R, G, B 
respectively. As a result, it can be used as an input to a convolutional neural network, and the hull 
shape can be expressed in a more practical form without significant restrictions. We supposed to call 
this conversion Image-based Hull form Representation (IHR). The grid used for training here is 64 × 
128.  
 
The stern flow field calculated by CFD is represented as discrete values on a concentric circle centred 
on the propeller axis. The flow velocity in the vessel longitudinal direction is also expressed as q × r × 
1 image data divided into q in the circumferential direction and r in the radial direction. The partition 
used for training in this paper is 32 × 16. The nonlinear relationship between the hull shape as the 
image data and the stern flow field is predicted using a generative machine learning model. 

 
Fig.2: Image-based Hull form Representation (IHR) 

 
4.2. Architecture of network 
 
In this paper, we refer to the generative model such as DCGAN of Radford et al. (2016). The stern 
flow prediction model with convolutional and transpose convolutional neural network is constructed. 
Fig.3 shows the architecture of the prediction model. Blue arrow shows the convolutional neural 
network, green arrows indicates the transpose convolutional neural network and black arrows denote 
the reshape operator. The left-side input is the IHR image data representing the hull shape described 
in Subsection 4.1, and the right-side output is the image data representing the stern wake flow. The 
features of input hull form are extracted by convolution, and the flow field is generated by transpose 
convolution. 
 

 
Fig.3: Architecture of the prediction model 
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4.3. Training data  
 
As training datasets, we use the results of the stern flow field calculated by CFD analysis, NEPTUNE 
of Hirata, etc. (1999). In this paper, the 16 different basic hull forms were created, and the datasets 
with 2200 hull shapes were constructed from these basic hull forms linear combination. Here, the sum 
of the coefficients of the linear combination is generated to be 1.0. Fig.4 shows examples of a line of 
basic hull forms. The left-side figure in Fig.4 shows the hull shape on the port side of the stern as an 
example. The vertical axis represents the vertical direction and the horizontal axis represents the width 
direction. The 8 lines shown in different colors indicate one hull shape line for each basic hull type. 
Similarly, the right-side figure shows the horizontal axis as the longitudinal direction of the ship. The 
basic hull forms have different stern shapes. Fig.5 shows an example of the stern flow velocity 
obtained by CFD analysis. The left figure shows the flow velocity of the stern flow field with a color 
map and contour lines, and the right figure shows the flow velocity at a radius = 0.7 with the 
horizontal axis as an angle. In this study, the left figure is predicted by machine learning. 
 
Table I shows the datasets structure used for training and validation. 1947 data were used for learning 
and 253 data were used for verification. The basic hull shape data is represented from 0001 to 0016, 
the 1157 data is created by 8 linear combinations from 0001 to 0008, and the 790 data is generated by 
combinations from 0009 to 0016. A total of 1947 hull forms were used for training of the model. In 
addition, the 253 verification data is created by combinations from 0001 to 0004, 0009 to 00012. 
Since the shape of the hull is not expected to change significantly if the type of ship is determined, the 
variation from the average value of the basic hull types 0001 to 0008 is applied for machine learning. 
The stern flow field, which is the output, is also converted as the variation. 
 

  
Fig.4: Examples of a line of basic hull forms 
 

 
Fig.5: Examples of a stern wake results calculated by CFD 
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Table I: Train and validation datasets 
 Datasets size Basic hull forms number 

Train dataset 1947 1157 0001 ~ 0008 
790 0009 ~ 0016 

Validation dataset 253 0001 ~ 0004, 0009 ~ 0012 
 
4.4. Loss function 
 
In this study, we did not simply apply the error of the flow velocity to the loss function. The 
utilization of the gradient information is studied. The gradient of flow velocity related the fluid 
dynamic forces, it is important information for prediction. We added the terms of the gradient error to 
the loss function, which is the similar approach of Deep Fluids of Kim et al. (2019). Here, the ,t pI I  
are the true and predicted stern flow image data, and the loss function L  can be expressed as follows: 

MSE( ) MSE( )     t p t pL lI I I I                                     (1) 
Here, MSE  indicates the function of mean square error, and l  denotes the weight of the error of 
gradient of flow. It is expected that not only flow velocity but also gradient of velocity can be 
predicted accurately. Fig.6 shows the predicted examples without or with the gradient loss factor. The 
flow velocity at a radius = 0.7 with the horizontal axis as an angle is shown. The blue line is the 
correct answer, and the red line is the predicted value. The left-side figure shows the results without 
the gradient loss factor. There is the roughness around 2.5~3.5 rad. On the other hand, from the right-
side figure with the gradient loss factor, the smooth line can be obtained.  
 

 
Fig.6: Comparison of the predicted result without or with the gradient loss factor 

 
5. Results 
 
The learning model described in Section 4 was trained using the training datasets described in 
Subsection 4.3. The batch size is 512, and the epoch number is 3000. First, Fig.7 shows the transition 
of the value of the loss function for the training data and the validation data. The vertical axis is the 
value of the loss function, the horizontal axis is the number of training epochs, the blue line shows the 
loss value for the training data, and the orange line denotes the value for the validation data. From this 
figure, the value also decreased for the validation data, and learning progressed without over-fitting 
until 3000 epochs.  
 
Next, Fig.8 shows the examples of prediction results by the neural network. The above left-side two 
figures show the true and predicted stern velocity in the longitudinal direction by the machine learning 
model from the validation data using a color map and contour lines. We have a good matching results. 
The contour line of 0.6 around 4.5 rad is different, but here the value does not change much and the 
contour line changes by a slight difference, so the numerical error is not large. The above right-side 
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figure shows the flow velocity value at a radius of 0.7. The blue line is the correct answer, and the red 
line is the predicted value. From this figure, the high accuracy of the prediction was confirmed. The 
figure below in Fig.8 shows the result with the largest error in the validation data. We can also 
confirm that the prediction is highly accurate even if the overall value of the velocity changes. 
However, the error is large near 4.5 rad. We regard this problem is a future subject on a practical 
accuracy for the examination at the initial design stage. 
 
Although the calculation speed cannot be compared directly, we also check the calculation time of 
each method. When all 2,200 hull forms were analysed by CFD, 5 computers with 2 Intel Xeon Gold 
6148 (20 core 2.2GHz) were used in parallel and it took about 120 hours. On the other hand, the 
prediction time for 2200 stern flow fields was about 18 seconds using 1 core of Intel (R) Core ™ i7-
6800K. In the CFD analysis, the information other than the stern flow field in the longitude direction 
was also calculated, so it was not possible to make a general comparison, but it was confirmed that the 
calculation speed of the proposed method was very high. 
 

 
Fig.7: Examples of a stern wake results calculated by CFD 

 

  

 
Fig.8: Examples of the prediction results by the proposed method 
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6. Optimization of hull form 
 
At the early stage of the design, the optimal hull form is studied in consideration of various 
constraints and various purposes. For example, high propulsion performance, large dead-weight, high 
fuel-efficient, low-vibration are required. It is considered that the study speed can be dramatically 
improved by the proposed prediction method. Here, we consider the problem of optimizing the hull 
shape to achieve the target stern flow field, and consider hull form optimization combining this 
prediction method and the gradient method. 
 
6.1. Formulation of optimization problem  
  
In this paper, the hull form is assumed to be expressed as a linear combination using 16 basic hull 
forms, the design parameters are 16 weight coefficients ( 1~16)ia i . And, since these coefficient 
sums are adjusted to be 1, there are 15 parameters. The objective function is expressed as the mean 
square error from the target stern flow field, the optimization problem can be defined as a 
minimization problem that finds 16 coefficients that minimize this error with a constraint as follows: 

16

1

Find ( 1 ~ 16)
Minimize MSE( )

Subject to 1


 
 

 



i

t p

i
i

a i

a

v v
                                                            (2) 

Here, ,t pv v  show the target and predicted stern flow velocity respectively.  
 
6.2. Results of optimization 
  
At first, 530 hull forms represented by the combinations of the basic hull forms from 0001 to 0004, 
0009 to 0012 were generated besides the training and validation data shown in Table I, and its flow 
velocity were calculated by CFD. A solution with a small velocity gradient is selected as the target 
flow from 530 data, with the intention of suppressing the pressure fluctuation for low vibration. For 
this target flow field, the design parameters for minimizing the objective function defined in Section 
6.1 were determined using the gradient method. The objective function can be calculated very quickly 
because this machine learning model is used. Fig.9 and Fig.10 show the optimization results. The left-
side two figures in Fig.9 show the stern flow field, and we can confirm that the optimal solution close 
to the target flow field was obtained. From the right-side figure, it can be confirmed that the flow field 
is quantitatively close.  
 
 

  
Fig.9: Examples of the prediction results by the proposed method 
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          (a) target hull form                (b) optimization results                 (c)  hull form lines on stern 

Fig.10: Examples of the prediction results by the proposed method. 
 
Fig.10 shows the correct hull shape with the target flow field, and the hull shape obtained by 
optimization. The blue lines show the target hull forms, and the red lines show the hull form by the 
optimization calculation, and we can confirm that very similar solutions can be obtained. Also, these 
1000 iterations are completed in about 6 minutes. 
 
7. Conclusion 
 
In this paper, as a prediction method of the flow field generated by hull form, a machine learning 
model was constructed with reference to the generative model. Its training was performed based on 
the dataset created by CFD analysis. As a result, high-precision results were confirmed for the 
validation data. In addition, we defined an optimization problem to find the target stern flow field, and 
optimized it using the gradient method. From a result of the one example, it was possible to obtain the 
hull shape that resulted in the desired stern flow field. In the early stage of the design, it can be 
expected that this estimation method and the optimization method will be combined to find the 
desired hull form, and to perform CFD analysis to confirm the results. 
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