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A B S T R A C T

To avoid the increase in computational costs caused by the growing number of design variables in full hull form 
optimization of ship hydrodynamic performance, this study develops a nonlinear and efficient dimensionality 
reduction method based on deep neural networks in this paper. With deep neural networks as the basic 
framework, nonlinear and efficient dimensionality reduction of the design space in the early stage of ship hy
drodynamic performance optimization is achieved by constructing a dimensionality reduction network and a 
reconstruction network suitable for the hull geometric database. Taking a VLCC hull form as the test case, this 
study discusses three key issues in the nonlinear and efficient dimensionality reduction method, and identifies 
the training data processing method, training stopping criterion, and method for determining the range of the 
low-dimensional space. Using the DTMB 5415 hull form as a practical application case, the hydrodynamic 
performance optimization of the DTMB 5415 full hull form is carried out through CFD simulation, to verify the 
applicability and efficiency of the developed nonlinear and efficient dimensionality reduction method in hull 
form optimization. Both the conditions with and without the nonlinear dimensionality reduction method can 
achieve a hull resistance reduction of more than 6 %. The results show that the developed efficient nonlinear 
dimensionality reduction method can reduce the number of computational samples by 80 % while ensuring the 
optimization effect, thereby significantly improving the efficiency of hull form optimization.

1. Introduction

Ship hull lines optimization constitutes an important component of 
the green ship technology. By optimizing ship hull lines, hull resistance 
can be reduced, which in turn decreases hull fuel consumption. 
Currently, simulation-based design optimization (SBDO) for ships has 
achieved sufficient development and application (Grigoropoulos and 
Chalkias, 2010; Huang and Chi, 2016; Kim and Yang, 2010; Wilson 
et al., 2010). Hull form optimization based on numerical simulation 
integrates hull form deformation technology, numerical simulation 
technology, surrogate model construction, and intelligent optimization 
algorithms. Its main process framework is shown in Fig. 1.

Step 1: We should select the deformation region of the hull form, for 
example, deform the bow line or stern line. Step 2: According to the 
deformation region, we should determine the number of deformation 
variables and the deformation variable scope. Then the sampling 

method is used to sample different deformation variable values in design 
space. The sample method includes Latin hypercube sampling (LHS), 
Optimal Latin Hypercube Sampling (OLHS) (Miao and Wan, 2020), 
Sobol (Wei et al., 2025), and so on (Chang et al., 2023). Step 3: Many 
hull forms are obtained by deforming the initial hull form using defor
mation tools, such as Free Form Deformation (Guo et al., 2024), Radial 
Basis Function Deformation (Feng et al., 2021a), Shifting Deformation 
(Kim and Yang, 2010), and so on. Step 4: The objective hydrodynamic 
performance is obtained by numerical simulation software. For example, 
if we optimize the hull resistance, we should use software to calculate 
the hull resistance. The simulation software has OpenFOAM, Fluent, 
STAR CCM+, and so on. Step 5: When we get the deformation variables 
and corresponding hydrodynamic objective values, the surrogate model 
is used to establish the relationship between the deformation variables 
and the objective values. The surrogate model includes Kriging (Liu 
et al., 2022a), Neural Network, Response Surface, and so on (Zhang 
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et al., 2021). Step 6: After establishing the surrogate model, the opti
mization algorithm is used to obtain the theoretical optimal objective 
values and optimal deformation variables. The optimization algorithm 
includes Genetic Algorithm (GA) (Dejhalla et al., 2001), Particle Swarm 
Optimization (PSO) (Zheng et al., 2021), Simulated Annealing (SA) 
(Wen et al., 2006), and so on. Step 7: According to the optimal defor
mation variables, the optimal hull forms are obtained by the same 
deformation method. Step 8, the hydrodynamic objectives are calcu
lated by the same numerical simulation based on optimal hull forms in 
order to verify the theory optimal objective values. The above steps 
demonstrate a complete ship form optimization process based on SBDO 
technology.

Ship form hydrodynamic optimization includes single-objective 
optimization and multi-objective optimization. Single-objective opti
mization refers to the optimization carried out for a single ship perfor
mance objective that designers prioritize, such as resistance 
optimization (without considering seakeeping performance) (Lin et al., 
2018; Park et al., 2015; Zhang et al., 2009, 2018), seakeeping optimi
zation (without considering resistance performance) (Bagheri et al., 
2014; Khosravi Babadi and Ghassemi, 2024), and maneuverability 
optimization (Kim et al., 2021), etc. Multi-objective optimization means 
optimization conducted for multiple objectives simultaneously, such as 
resistance optimization at different speeds, and joint optimization of 
resistance and seakeeping performance, and so on (Diez et al., 2015b; 
Feng et al., 2021b; Guan et al., 2022; Yang et al., 2025).

For the dimensionality reduction application in hull form optimiza
tion, refer to Fig. 2. When we get a lot of hull forms, and construct a hull 
form database. The dimensionality reduction can be used to extract the 
principal hull form features. Thus, we can use a small number of ship 
forms with key characteristics to represent the original ship form data
base, thereby reducing the number of ship forms requiring numerical 
calculation and decreasing computational time consumption.

Data dimensionality reduction is an algorithm commonly used in the 
fields of machine learning and statistics (Jia et al., 2022; Reddy et al., 
2020; Van Der Maaten et al., 2009). Data dimensionality reduction re
fers to the process of reducing the number of variables to obtain a set of 
"uncorrelated" principal variables under certain constraints. Reducing 
the dimensionality of data can save storage space on the computer, 
eliminate the noise in the data, and improve the performance of machine 
learning algorithms.

The data dimensionality reduction method extracts the main feature 
dimensions of the original dataset and reduces the dimensionality of the 
original data, as shown in Fig. 3. After dimensionality reduction and 
reconstruction, data cannot be fully restored to their original values, and 
there will be a relative error between the reconstructed data and the 
original data. The main features of the original data are extracted by 

minimizing this relative error, ensuring that the extracted key features 
can represent the characteristics of the original data and thus avoiding 
interference from useless information in the original data. There are two 
ways to achieve dimensionality reduction and reconstruction between 
data dimensions: linear dimensionality reduction and nonlinear 
dimensionality reduction. Dimensionality reduction methods are mainly 
classified into linear dimensionality reduction and nonlinear dimen
sionality reduction.

Linear dimensionality reduction

Linear dimensionality reduction methods map high-dimensional 
data to a low-dimensional space by constructing a linear mapping 
relationship. Linear methods are computationally efficient and suitable 
for linearly structured data. Main linear dimensionality reduction 
methods include: Principal Component Analysis (PCA, also known as 
Proper Orthogonal Decomposition, POD); Factor Analysis (FA); Singular 
Value Decomposition (SVD); Fisher Linear Discriminant Analysis 
(FLDA), and so on.

Nonlinear dimensionality reduction

Nonlinear dimensionality reduction methods address the nonlinear 
relationships in datasets by constructing nonlinear mapping relation
ships to achieve nonlinear projection from high-dimensional to low- 
dimensional spaces. Nonlinear dimensionality reduction methods 
include: Kernel Principal Component Analysis (Kernel PCA, KPCA); 
Kernel Fisher Discriminant Analysis (KFDA); Deep neural networks 
(DNN); Isometric Mapping (Isomap), and so on. As illustrated in Fig. 4, 
these methods form a systematic framework for dimensionality reduc
tion, enabling targeted data processing based on dataset characteristics.

Compared with linear dimensionality reduction, nonlinear dimen
sionality reduction performs better. It can achieve the nonlinear com
bination of dimensions. Take the design variables in hull form 
optimization as an example: for the four variables of the length of the 
ship "L", the breadth of the ship "B", the depth of the ship "H", and the 
block coefficient " Cb", the difference between linear dimensionality 
reduction and nonlinear dimensionality reduction is shown in Fig. 5. 
The initial design space dimensionality is four. A three-design space 
dimensionality can be obtained by linear dimensionality. While a one- 
design space dimensionality design space can be obtained by 
nonlinear dimensionality reduction. This example is only used to 
demonstrate the algorithmic differences between linear and non-linear 
dimensionality reduction methods. For the original 4-dimensional 
space in Fig. 3, non-linear methods can reduce it to a lower dimen
sion, rather than just reducing it by two fewer dimensions compared to 

Fig. 1. Simulation-based design optimization framework (SBDO).
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the result of linear methods. Compared with the linear combination of 
dimensions, the nonlinear combination of the original high dimensions 
can achieve dimensionality reduction to a lower dimension, and the new 
dimensional variables obtained no longer have specific physical mean
ings compared with the high-dimensional variables, but are abstract 
new variables (Zhang et al., 2023).

Under the framework of ship hydrodynamic performance optimiza
tion based on the surrogate model, when conducting the full hull form 
optimization, large-scale deformation design needs to be carried out for 
the initial hull form, as Fig. 6. Under these optimization requirements, 
the selection of a large number of design variables will be selected. The 
increase in the number of design variables means an increase in the 
dimension of the hull form design space. To ensure the prediction ac
curacy of the surrogate model, the number of samples that need to be 
calculated based on CFD within the initial hull form design space also 
needs to be increased. The number of samples required is generally not 
less than 10 times the number of design variables (Liu et al., 2022a). The 
increase in dimensionality leads to a sharp surge in computational cost, 
which greatly restricts the development of hull form hydrodynamic 
performance optimization applications toward full hull form optimiza
tion. The computational workload grows exponentially with the in
crease of design variables, and it faces the serious problem of the "curse 
of dimensionality” (Chen, 2016).

When conducting high-dimensional global hull form optimization, 
the main deformation features can be extracted based on dimensionality 
reduction, so the number of design variables can be reduced, and the 
number of samples that need to be numerically calculated can be greatly 
reduced. The optimization efficiency of the ship's hydrodynamic per
formance can be improved. Therefore, numerous scholars have con
ducted relevant research in the field of dimensionality reduction for ship 
hydrodynamic performance optimization.

Chen et al. (2015) employed the Free-Form Deformation (FFD) 
method to deform a high-speed catamaran, constructing different hull 
form models and establishing a hull form geometric database. They 
reduced the design space dimension of the hull form database using the 
Karhunen–Loève Expansion (KLE), a linear dimensionality reduction 
method. The viscous flow approach was used to calculate the calm water 
resistance of the catamaran, and ultimately, a 9.63 % reduction in 
resistance was achieved. Meanwhile, compared with traditional opti
mization methods, the optimization efficiency of the KLE-based linear 
dimensionality reduction method was improved by 90 %. Diez et al. 
(2015a) focused on design space dimensionality reduction in the early 
stage of hull form optimization. They also applied the KLE linear 
dimensionality reduction theory to reduce the design space dimension 
for the resistance optimization of high-speed catamarans. They verified 

Fig. 2. SBDO framework with design-space dimensionality reduction.

Fig. 3. Design space dimensionality reduction.

Fig. 4. Classification of dimensionality reduction methods.

Fig. 5. Difference between linear and nonlinear dimensionality reduction.
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the condition where the original space (with more than 20 dimensions) 
was reduced to 1, 2, 3, and 4 dimensions, respectively, achieving 95 % 
information retention of the original space. The authors also pointed out 
that the KLE method, as a linear dimensionality reduction technique, is 
not suitable for high-dimensional nonlinear cases. Liu et al. (2021) used 
the Proper Orthogonal Decomposition (POD) linear dimensionality 
reduction method to reduce the design space dimension in the early 
stage of resistance optimization in calm water for the Wigley hull form. 
The Radial Basis Function (RBF) and Shifting deformation methods were 
utilized to deform the Wigley hull form, with a total of 7 parameters 
controlling the hull lines. The design space was reduced to 5 dimensions 
while retaining 95 % of the information from the original geometric 
database, and the geometric model reconstruction errors under different 
dimension selections were compared. Based on design space dimen
sionality reduction, dimensionality reduction and reconstruction of the 
free surface of the calm water resistance of the Wigley hull form were 
conducted using the obtained flow field data of different hull forms, 
initially achieving the learning and prediction of the flow field, see 
(Fig. 7).

Çelik et al. (2021) used the Principal Component Analysis (PCA) 
linear dimensionality reduction method for drag optimization of 
energy-saving appendages at the ship stern. First, they used PCA to 
reduce the dimension of the high-dimensional design space, and then 
applied machine learning to predict the drag of the ship hull with 
energy-saving appendages. A surrogate model was established based on 
a neural network to construct the nonlinear mapping relationship be
tween design variables and optimization objectives. The viscous flow 
method was used for numerical simulation of the airfoil appendages at 
the ship stern. Eventually, a 70 % reduction in dimension was achieved, 
along with a 1.2 % drag optimization amplitude. Serani et al. (2022)
used the KLE linear dimensionality reduction method to conduct a 
multi-objective optimization design for the drag and seakeeping per
formance of the DTMB 5415 hull form. Both viscous flow and potential 
flow methods were adopted for numerical calculation, with a total of 
270 viscous flow cases and 7300 potential flow cases computed to build 
a dataset. Dimensionality reduction was carried out while retaining 65 
% of the original geometric information. In the end, a maximum 4.9 % 
reduction in drag and a 10.5 % improvement in seakeeping performance 
were realized. D'Agostino et al. (2020) adopted the PCA method to 
perform linear dimensionality reduction of the design space for the 
resistance optimization of the DTMB 5415 hull form in calm water. They 

used deformation methods, including Free-Form Deformation, Radial 
Basis Function, and Global Modification Function, to construct different 
hull shapes. Specifically, the FFD deformation method was used to select 
100 control points, generating 2579 sample hull forms to build Data 
Space 1; the RBF method was employed to select 25 deformation pa
rameters, producing 5078 DTMB 5415 different hull forms to establish 
Data Space 2; and the GMF method was utilized to choose 27 defor
mation parameters, creating 6653 DTMB 5415 hull forms to construct 
Data Space 3. The potential flow method was applied to evaluate the 
resistance of the different hull forms in calm water, and the particle 
swarm optimization method was used for optimization. Finally, the PCA 
dimensionality reduction method reduced the dimensions of the initial 
design spaces to 14, 21, and 17 dimensions, respectively, and a 
maximum drag reduction of 16.9 % was achieved, as shown in Fig. 8.

Demo et al. (2021) utilized the POD linear dimensionality reduction 
method and genetic algorithm for dimensionality reduction of the design 
space and optimization. By adjusting the hull form parameters, they 
employed the RBF method to deform the computational domain 
mesh—this ensured the high quality and unchanged topological struc
ture of the original mesh. Taking the DTC hull form as the standard test 
case, 25 design variables were selected to control hull deformation. The 
POD dimensionality reduction method was used to reduce the dimen
sion from 25 to 20, and a total drag reduction of 1.2 % was achieved.

It can be observed from the research in recent years that linear 
dimensionality reduction methods have been extensively studied and 
explored in hull form hydrodynamic performance optimization, such as 
the KLE and PCA. However, linear dimensionality reduction methods 
have certain limitations in their ability to reduce the dimension of 
simple high-dimensional spaces. As the number of dimensions continues 
to increase, this drawback gradually becomes more prominent. There
fore, nonlinear dimensionality reduction methods have also begun to 
attract attention from researchers.

D'Agostino et al. (2017) compared the performance of different 
nonlinear dimensionality reduction methods. They applied the linear 
dimensionality reduction method (PCA) and nonlinear dimensionality 
reduction methods (Kernel Principal Component Analysis (KPCA), Local 
Principal Component Analysis (LPCA), and Denoising Autoencoder 
(DAE)) to reduce the design space dimension for resistance optimization 
of the DTMB 5415 hull form. A 27-dimensional design space was con
structed and reduced using different dimensionality reduction methods, 
as shown in Fig. 9. The neural network-based dimensionality reduction 
method achieved the best performance, with a relatively small Root 
Mean Squared Error (RMSE) and an 81.5 % reduction in dimensions. At 
the same time, D'Agostino et al. (2018) applied a DNN for nonlinear 
dimensionality reduction of the DTMB 5415 hull form. The network 
consisted of 5 layers, with 27 design variables as input, and 9000 sam
ples of different hull forms through deformation tools were generated — 
these samples served as training data to develop a nonlinear 

Fig. 6. Numerical optimization design process for the large multiple parameters in hull form optimization.

Fig. 7. Deformation of a modified Wigley based on RBF and shifting methods 
(Liu et al., 2021).
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dimensionality reduction model via neural network training. Mean
while, PCA was used for comparison and analysis. The results showed 
that the deep neural networks could reduce the original 27 dimensions 
to 12, achieving a 56 % reduction rate; in contrast, PCA could only 
reduce 27 dimensions to 21, with a reduction rate of 22 %. Finally, both 
linear and nonlinear dimensionality reduction methods achieved an 
approximate 10 % drag reduction. It can be concluded that compared 
with linear dimensionality reduction, nonlinear dimensionality reduc
tion can significantly reduce the data of the original high-dimensional 
space while ensuring optimization effectiveness, and extract more crit
ical geometric database information.

Compared with the research and application of linear dimensionality 
reduction methods in ship hydrodynamic performance optimization, the 
use and study of nonlinear dimensionality reduction methods have not 
yet been extensively carried out. From the current research, nonlinear 
dimensionality reduction methods based on neural network architec
tures exhibit relatively excellent performance in both dimensionality 
reduction effect and robustness. However, the exploration of deep 
neural networks in design space dimensionality reduction for the field of 
hull form optimization remains insufficient. There are no published 
papers investigating aspects such as how to construct models to achieve 
better training efficiency, the methods for processing ship hull form 
data, and so on.

This paper focuses on applying deep neural network-based nonlinear 
dimensionality reduction methods to hull form optimization between 

step 3 and step 4 (see Fig. 2). Three key issues of nonlinear dimen
sionality reduction of design space in hull form optimization are dis
cussed. Discussion and determination are conducted on the 
preprocessing of input data, the criterion for judging the number of low- 
dimensional spaces, and the scope of low-dimensional spaces. The res
olution of these three key issues enables the application of nonlinear 
dimensionality reduction methods based on deep neural networks in 
ship form optimization. After addressing the three key issues, the DTMB 
ship form resistance optimization is selected for application. 28 design 
variables are designed to construct a ship form database. By training a 
deep neural network-based nonlinear dimensionality reduction model, 
the reduction from 28 dimensions to 6 dimensions is achieved, thus 
cutting down the number of cases required to build the surrogate model 
from 280 to only 60. By comparing the optimization results obtained 
with and without the dimensionality reduction method, it is verified that 
the ship form optimization framework based on the nonlinear dimen
sionality reduction method can also achieve resistance optimization 
while reducing the time consumption of numerical calculations. 
Reducing the number of required computational samples via nonlinear 
dimensionality reduction effectively enhances the efficiency of hull form 
optimization.

The remaining part of the paper proceeds as follows. In Section 2, we 
introduce the hull form optimization framework based on a surrogate 
model and deep neural networks theory. In Section 3, three key issues 
regarding the application of deep neural networks for design space 
dimensionality reduction in hull form optimization are discussed. In 
Section 4, an application of nonlinear dimensionality reduction based on 
the proposed deep neural networks for DTMB 5415 is conducted. The 
results are analyzed and compared with another scholar's study based on 
linear dimensionality reduction.

2. Methods

2.1. Hull form optimization theory

The hull form framework based on surrogate model is applied in this 
study(Han et al., 2012; Huang and Chi, 2016; Zhu et al., 2024). The 
procedure is shown in Fig. 10.

This optimization framework primarily comprises three components. 
First, a deformation tool is used to conduct parametric deformation on 
the hull's geometry, generating a new hull geometric shape. Using these 
new geometries, numerical calculation tools are applied to compute the 
hydrodynamic performance of the new hull forms, thus obtaining 

Fig. 8. Example of reconstruction error of three sample hulls (D'Agostino et al., 2020).

Fig. 9. Comparison of different dimensionality reduction methods of DTMB 
5415 design space(D'Agostino et al., 2017).
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relevant hydrodynamic data (including resistance, seakeeping, and 
maneuverability). Next, a surrogate model is built using the deformation 
variables and corresponding hydrodynamic data, establishing a map
ping relationship between the deformation variables and hydrodynamic 
performance. Finally, the constructed surrogate model is used with an 
optimization algorithm to obtain the theoretical optimal values and 
their corresponding optimal deformation variables. With these optimal 
variables, the deformation tool from the first step is reused to generate 
the optimal hull geometry. Numerical calculation tools are then reap
plied to obtain the hydrodynamic performance of this optimal hull, 
which is compared against the theoretical optimal results. This process 
verifies hull form optimization results.

The main geometric deformation methods include the FFD method, 
the RBF method, and the Shifting method. This paper uses the RBF 
method to perform geometric deformation on the hull form. The dis
tance between an arbitrary point X and the center point Xi can be 
written as follows: 

ϕ(‖X − Xi‖), i=1, 2,…, n (1) 

The expression of the interpolation function is as follows: 

s(X) =
∑N

j=1
λjϕ
( ⃦
⃦X − Xj

⃦
⃦
)
+ p(X) (2) 

Here, X denotes the displacement function, which is the movement 
displacement of control points on the hull form.N donate the number of 

control points. Xj =
(

xj, yj, zj

)
denotes the center of each radial basis 

function. The basis function φ is the distance function for Euclidean 
distance. The Compact Support Radial Basis Function (CSRBF) is 
selected as the basis function: 

ϕ(‖X‖)=
{{

(1 − ‖X‖)4
(4‖X‖ + 1) 0 ≤ ‖X‖ ≤ 1
0 ‖X‖ > 1

(3) 

p(X) = c1 + c2x + c3y + c4z (4) 

The RBF deformation method theory is not the focus of this paper, so 
no further elaboration will be provided here, and relevant theories can 
be found in the references (Larsson and Schaback, 2024).

For hydrodynamic performance calculation tools, OpenFOAM is 
used to calculate the resistance of different hull forms in this paper. It is 
based on the viscous flow theory, integrated with a six-degree-of- 
freedom (6-DOF) hull motion module, and its governing equations are 
the incompressible Reynolds-Averaged Navier-Stokes (RANS) equa
tions: 

∇ ⋅ U = 0 (5) 

∂ρU
∂t

+∇ ⋅ (ρU)=∇pd − g ⋅∇ρ+∇ ⋅
(

μeff∇U
)
+(∇U) ⋅∇μeff + fσ + fs

(6) 

Among the variables, U denotes the velocity field of the computa
tional domain; pd = p − ρg⋅x stands for the dynamic pressure field, where 
ρ is the density of gas or liquid; g denotes the gravitational acceleration; 
μeff = ρ(v+vt) represents the effective dynamic viscosity coefficient, 
with the kinematic viscosity coefficient v and the eddy viscosity vt; fσ is 
the surface tension, and fs is the source term in the wave-damping zone. 

The VOF method (Rusche, 2002) is adopted to capture the gas-liquid 
interface, and the k-ω SST turbulence model (Menter et al., 2003) is 
used for numerical calculations. Relevant viscous numerical theories can 
be found in the references (Liu et al., 2022b).

In this paper, a single-objective genetic algorithm is used to obtain an 
optimal hull form. The general formulas are shown in Eq. (7) and Eq. (8). 

minimize f(x) (7) 

subject to gi(x)≤0, i = 1, 2...., p hj(x) = 0, j = 1, 2...., q (8) 

Here, x = (x1,…., xm) represents the design variables; f(x) is the 
objective function; gi(x) ≤ 0 denotes the inequality constraints; hj(x) =
0 denotes the equality constraints, and both p and q are greater than 0.

The genetic algorithm is a type of intelligent algorithm and belongs 
to the category of gradient-free optimization algorithms. By defining an 
initial population (i.e., the values of initial design variables) and 
implementing genetic operations such as selection, crossover, and mu
tation among individual members of the population, the algorithm se
lects these individuals using an objective function. Through continuous 
iteration, it identifies the optimal individual (corresponding to the 
optimal objective function value) and the optimal design variables. The 
flow chart of this algorithm is illustrated in Fig. 11 (Lambora et al., 
2019).

2.2. Nonlinear dimensionality theory and deep neural networks

In artificial intelligence frameworks, ANN possess enormous poten
tial in terms of nonlinear fitting capabilities. A neural network consists 
of multiple or even hundreds or thousands of neurons. When the number 
of layers in a neural network increases, it can be called a Deep neural 

Fig. 10. The framework procedure of hull form optimization.

Fig. 11. Flow chart of the genetic algorithm.
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network (DNN). Compared with a shallow neural network, the addi
tional layers in deep neural networks enable better abstract expression 
of the model and enhance its ability to fit complex nonlinear systems.

The neuron is one of the important components of a neural network. 
Each neuron is responsible for receiving signal inputs and outputting 
feedback information. Fig. 12 illustrates the structure of a neuron, which 
mainly consists of three parts: information input, activation function, 
and output. The information input can come from the inputs of other 
neurons or external data. For each input xi, there corresponds a weight 
wi , which represents the importance of this input relative to the infor
mation inputs from other neurons.

The expression of the sigmoid activation function is shown in Eq. (9), 
and its function graph is presented in Fig. 13: 

f(x)=
1

1 + e− x (9) 

The output range of the sigmoid function is [0, 1], so it is capable of 
normalizing the input. When a probability output is required, using the 
sigmoid function offers greater advantages. However, it has drawbacks: 
the function tends to suffer from gradient vanishing at both ends of the 
axes. It involves exponential operations, so its computational efficiency 
is lower compared to other activation functions.

The Tanh activation function is shown in Eq. (10), and its function 
graph is presented in Fig. 13. The Tanh activation function also exhibits 
an "S"-shaped curve, but its function value range is [− 1, 1]. When the 
input data is relatively large or small, it also tends to suffer from the 
phenomenon of gradient vanishing, which is not conducive to the up
date of neuron weights during the training process. For this activation 
function, a negative input results in a negative output, a positive input 
leads to a positive output, and an input of 0 produces an output of 0. This 
property gives it certain advantages over the sigmoid function. 

f(x)= tan h(x) =
2

1 + e− 2x − 1 (10) 

The ReLU activation function is shown in Eq. (11), and its function 
graph is presented in Fig. 13: 

f(x)=
{

max(0, x),
0

x ≥ 0
, x < 0 (11) 

The ReLU activation function is a very popular and one of the most 
commonly used activation functions in deep learning. Compared with 
the sigmoid function and Tanh function, it does not suffer from gradient 
saturation when the input is positive. Due to its simple functional form, 
its computational efficiency is higher than that of the sigmoid function 
and the Tanh function. However, when the input is negative, the func
tion becomes inactive and always outputs 0, which has a significant 

impact on gradient backpropagation (there is a problem of gradient 
vanishing).

The training process and principle of neural networks will be 
explained here using a simple 3-layer neural network as an example. The 
network structure is shown in Fig. 14. Here, X represents the network 
input data; Wl denotes the weight matrix from the l-1 layer to the l-th 
layer, which consists of wl

ij (indicating the weight from the j-th neuron in 

the l − 1-th layer to the i-th neuron in the i-th layer); the matrix bl is 
composed of biases bl

1, bl
2,…, bl

nl from the (l − 1)-th layer to the l-th 
layer; the matrix zl is made up of inputs zl

1, zl
2,…, zl

nl; and the matrix al 

consists of outputs al
1, al

2,…, al
nl of the activation function f in thel-th 

layer. Based on the above definitions, the second layer of the neural 
network can be expressed as: 

a2
1 = f

(
z2

1
)
= f
(
w2

11x1 +w2
12x2 +w2

13x3 + b2
1
)

a2
2 = f

(
z2

2
)
= f
(
w2

21x1 +w2
22x2 +w2

23x3 + b2
2
)
a2

3 = f
(
z2

3
)

= f
(
w2

31x1 +w2
32x2 +w2

33x3 + b2
3
) (12) 

A similar derivation method can be used to obtain the output of the 
three-layer neural network: 

a3
1 = f

(
z3

1
)
= f
(
w3

11a2
1 +w3

12a2
2 +w3

13a2
3 + b3

1
)
a3

2 = f
(
z3

2
)

= f
(
w3

21a2
1 +w3

22a2
2 +w3

23a2
3 + b3

2
) (13) 

Expressed in matrix form: 

al = f
(
zl)= f

(
Wla(l− 1) + bl

)
(14) 

Eq. (14) illustrates the forward propagation process of neural 
network data. After obtaining the output, it is compared with the stan
dard expected output in the training set to calculate the error. Based on 
this error, the weights W and biases b of each layer are dynamically 
adjusted to minimize the error.

Assume there are N training data samples denoted as 
(
xi, yi). The 

error for the i-th training data sample can be expressed as: 

errori =0.5*
⃦
⃦yi − oi⃦⃦ (15) 

Here, oi represents the output of the neural network, and yi is the 
standard expected output. The total error of all training samples is: 

errortotal =

∑N

i=1
errori

N
(16) 

From Eq. (14) and Eq. (15), it can be seen that the error depends on 
the weights and biases. During the training process, the overall error can 
be minimized by continuously adjusting the weights and biases.

Expand the error E down to the hidden layer: 

E= 0.5*
((

y1 − f
(
w3

11a2
1 + w3

12a2
2 + w3

13a2
3 + b3

1
))2

+
(
y2 − f

(
w3

21a2
1 + w3

22a2
2 + w3

23a2
3 + b3

2
))2) (17) 

Calculate the derivative of the output layer weights: 

∂E
∂w3

11
= −

(
y1 − a3

1
)
fʹ
(
z3

1
)
a2

1δl
i =

∂E
∂zl

i
(18) 

We can get this: 

∂E
∂w3

11
= δ3

1a2
1 (19) 

The following expression can be obtained in the same way. 

∂E
∂w3

12
= δ3

1a2
2 

Fig. 12. Input and output of a neural.
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∂E
∂w3

13
= δ3

1a2
2 

∂E
∂w3

21
= δ3

2a2
1 

∂E
∂w3

22
= δ3

2a2
2

∂E
∂w3

23
= δ3

2a2
3 (20) 

Referring to the general condition, the following can be obtained: 

∂E
∂wL

ij
= δL

i a
L− 1
j (1≤ i≤ nL,1≤ j≤ nL− 1)δL

i = −
(
yi − aL

i
)
fʹ
(
zL

i
)

(1≤ i≤ nL)

(21) 

Here, L denotes the total number of layers of the neural network. 
After considering the output layer, for the hidden layers, the same result 
can be obtained using the chain rule for differentiation and the differ
entiation rule for the sum of functions. 

∂E
∂wl

ij
=

∂E
∂zl

i

zl
i

∂wl
ij
= δl

ia
l− 1
l δl

i =
∑nl+1

j=1
δl+1

j
∂zl+1

j

∂zl
i
=

(
∑nl+1

j=1
δl+1

j wl+1
ji

)

fʹ
(
zl

i
)

(22) 

δl
i can be obtained from δl+1

j , and the derivation process of error 
backpropagation can be observed. For the update of biases b in the 
output layer and hidden layers, the formulas are as follows: 

∂E
∂bl

i
=

∂E
∂zl

i

zl
i

∂bl
i
= δl

i 

δL
i = −

(
yi − aL

i
)
fʹ
(
zL

i
)

δl
i =

(
∑nl+1

j=1
δl+1

j wl+1
ji

)

fʹ
(
zl

i
)

∂E
∂wl

ij
= δl

ia
l− 1
l

∂E
∂bl

i
= δl

i (23) 

From the above derivation, it can be concluded that the four core 
formulas of the error backpropagation algorithm can be summarized as 
Eq. (23). Through the brief introduction to the forward transmission of 
information and backward transmission of errors in the three-layer 
neural network above, the theoretical architecture and basic training 
ideology of the neural network have been presented.

A neural network model can achieve a complex nonlinear mapping 
relationship between the input layer and the output layer through 
training with sample data. Applying this nonlinear fitting capability to 
dimensionality reduction will be a research direction with great 

Fig. 13. Activation function.

Fig. 14. 3-layer neural network.

Fig. 15. Dimensionality reduction based on neural network framework.
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application potential. By constructing a symmetric neural network—
where the input data is equal to the output data and the number of 
neurons in the middle layer is less than that in the input layer—the 
neural network model can achieve the effect of "learning by itself" 
through training. This is also called an Autoencoder (AE) in the field of 
machine learning, and the structure of this deep network model is shown 
in Fig. 15.

In the process of optimizing the hydrodynamic performance of hull 
form, it is necessary to use deformation methods to generate a series of 
ship surface deformations with different hull forms based on the initial 
high-dimensional design space, thereby forming a geometric model 
database of hull form. This database contains all samples of geometric 
deformations of hull form in the high-dimensional design space.

After establishing the geometric database, a deep neural networks 
can be used to reduce the dimensionality of the database, lowering the 
original high-dimensional design space to a low-dimensional design 
space, and then, experimental design sampling is conducted in the low- 
dimensional design space. Due to the reduced dimensionality, the 
number of required samples is correspondingly decreased, thereby 
reducing the number of samples that need to be calculated by CFD. Here, 
the input of the neural network is the geometric model information of 
the hull forms, and the output is also its own geometric information. The 
deep neural networks achieve the effect of "self-replication" by adjusting 
network parameters, as shown in Fig. 16.

The dimensionality reduction and reconstruction of the design space 
can be described by the following formula: 

L=E
(
W1Xoriginal + b1

)
Xreconstruct =D(W2L+ b2) (24) 

Xoriginal denotes high-dimensional input data, Xreconstruct denotes the 
reconstructed high-dimensional data, and L denotes the low- 
dimensional space data. H represents the weight matrix, and b repre
sents the bias matrix. The function E( ⋅) denotes the dimensionality 
reduction function from high dimension to low dimension, and D( ⋅)
denotes the reconstruction function from low dimension to high 
dimension.

To evaluate whether a deep neural network meets practical re
quirements, it is sufficient to judge based on the Root Mean Squared 
Error (RMSE) between the input and output data. A lower RMSE in
dicates that the neural network achieves a better "self-replication" effect. 
The error is defined as the following formula: 

RMSEtotal =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
M
∑M

i=1

⃦
⃦
⃦Xoriginal

i − Xreconstruct
i

⃦
⃦
⃦

√
√
√
√ (25) 

Here, X original
i denotes the original coordinates of the i-th deformable 

hull form, X reconstruct
i denotes the reconstructed coordinates of the i-th 

deformable hull form, and M denotes the total number of deformable 
hull forms. During the training process, the training accuracy is used to 
measure the prediction accuracy of the deep neural networks in the 
training process, and the formula for accuracy is as follows: 

Accuracytotal =
N
M

=
N

M1 + M2
(26) 

Here, M1 denotes the number of samples in the training set, M2 de
notes the number of samples in the test set, and N denotes the total 
number of samples correctly mapped by the model.

According to the error criterion in Eq. (25) and Eq. (26), the estab
lished geometric database of deformable hull forms is used as the 
training set to conduct iterative training on the deep neural networks 
model, dynamically adjust the weights W and biases b in the neural 
network structure, and finally form a robust dimensionality reduction 
and reconstruction model to realize the dimensionality reduction and 
reconstruction of the design space.

3. Discussion on key issues of nonlinear dimensionality 
reduction of design space in hull form optimization

In hull form optimization, the input data is the geometric data in
formation of the deformable hull form, and the output is also the data 
information of the deformable hull form. By designing fewer neurons in 
the neural network that is lower than the dimensionality of the original 
design space, the mapping of the geometric information of the 
deformable hull form in a lower-dimensional space is realized, and thus 
dimensionality reduction is achieved.

This dimensionality reduction approach still requires discussion in 
the following aspects: First, how to process the input data to better 
obtain a more robust deep neural networks dimensionality reduction 
model; second, how to determine the convergence criterion of the deep 
neural networks training and how to confirm the final dimensionality of 
the low-dimensional space; third, how to define the variation range of 
each dimension in the new low-dimensional space. Further discussions 
will be conducted on the above three aspects to obtain a more robust 
deep neural networks dimensionality reduction model suitable for the 
field of hull form optimization.

3.1. Input data processing method of hull form in the deep neural 
networks dimensionality reduction model

The essence of training and learning in deep neural networks lies in 

Fig. 16. Schematic of dimensionality reduction based on deep neural networks.
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learning input data and its internal features; therefore, the quality of 
input data directly affects the training results of deep neural networks. 
In the field of deep learning, commonly used data preprocessing 
methods include normalization, standardization, and so on. For hull 
form optimization, the input and output are the coordinate information 
of geometric points on the hull surface. Each coordinate point consists of 
3 numbers: (x,y,z), and the hull geometric information of each deformed 
hull form needs to be input into the deep neural networks dimension
ality reduction model.

Thus, there are two data processing modes: 

1. The first mode is to input complete coordinates into the deep neural 
networks, i.e., inputting Xoriginal;

2. The second data processing and input mode is to input in the form of 
differences (Xi-Xoriginal

)
, where Xi represents the coordinates of the 

i-th deformed hull form, and Xoriginal represents the coordinates of the 
original hull form. The displacement variation is used as the data 
input.

To compare the impact of these two data processing and input 
methods on the training of the dimensionality reduction model, the 
VLCC (Very Large Crude Carrier) ship form is taken as an example to 
research design space dimensionality reduction.

The VLCC model has a total length of 8.162m, a molded width of 
1.473m, and a molded depth of 0.736m. First, the RBF deformation 
method is used to deform the VLCC hull form, generating a series of 
deformed hull forms to form the geometric database. The positions of 
RBF control points are selected as shown in Fig. 17. A total of 21 control 
points is selected to deform the bow and stern lines of the VLCC hull 
form, to achieve the full-ship lines optimization design. The selection 
range of 21 design variables is shown in Table 1.

In the 21-dimensional design space, 5000 sample points are sampled 
using the optimal Latin hypercube method. Here, the distribution of 
sampling points for variables X2, X20, X7, and X14 is selected for 
demonstration, as shown in Fig. 18.

The maximum deformation displacement of the VLCC is max(Δx) =
0.031087m, and the average displacement is average(Δx) = 0.014571m 
(where Δx represents the absolute displacement value of the hull's 
deformed geometric points in the x, y, and z directions). A 9-layer deep 
neural network architecture is used to train the VLCC hull form geo
metric database, which includes 7 hidden layers. The number of neurons 
in the middle layer is 10, indicating that the original 21-dimensional 
design space is reduced to a 10-dimensional space. Once the deep neu
ral network is successfully trained, a ship form can be reconstructed 
using 10 variables, meaning that the hull deformation originally 
controlled by 21 variables is now controlled by 10 design variables. The 
network structure of the deep neural networks dimensionality reduction 
model is shown in Fig. 19.

With 5000 deformed ship models as the database, 80 % of them are 
used as training data and 20 % as test data. The batch size is set to 800, 
the Adam optimizer is adopted, and the ReLU function is used as the 
activation function. Optimization is performed using RMSE as the loss 
function, with a total of 20,000 iterations of training conducted. The 
differences in dimensionality reduction effects obtained by different 
ship form data processing and input methods are observed.

3.1.1. The first data processing and input method
First, input is made using hull coordinate points. After 20,000 iter

ations of training, the changes in RMSE and the model training accuracy 
are shown in Fig. 20. It can be seen from the figure that during the 
training process, the RMSE kept oscillating, with the minimum value 
being 2.57 × 10− 3 m. The accuracy also oscillated drastically, with the 
maximum accuracy being 33.14 %.

Sample 1,000, sample 3000 and sample 5000 are randomly selected 
from the training samples for reconstruction and comparison with the 
original samples to observe the range and distribution of reconstruction 
errors, as shown in Fig. 21. It can be seen from the figure that the 
maximum reconstruction error reaches 0.01m, while the average 
deformation displacement average (Δx) = 0.014571m, and the error 
amplitude reaches 68.6 % of the average displacement, indicating that 
the reconstruction effect is very poor. In terms of accuracy, it also os
cillates continuously, and the accuracy does not exceed 40 %. From the 
above two training indicators, it can be seen that it is difficult for the 
deep neural networks to learn the main information in the ship form 
database when simply using the hull coordinates as input.

3.1.2. The second data processing and input method
With the displacement of model mesh nodes as input, the changes in 

RMSE and accuracy during the training process of the nonlinear 
dimensionality reduction model are shown in Fig. 22. After 20,000 
training iterations, the final average RMSE is approximately 7.53 ×
10− 6 m, and the accuracy is around 95.68 %.

To verify the dimensionality reduction and reconstruction perfor
mance of the hull model, 3 samples are randomly selected from the 
training samples to compare the error distribution between the original 
hull form and the reconstructed hull form. The sample numbers are 
sample 1000, sample 3000, and sample 5000, as shown in Fig. 23. It can 
be seen from the figure that the maximum reconstruction error of the 3 
random samples is all below 8 × 10− 5 m. The VLCC has a ship length of 
8.162m, a maximum deformation displacement of 0.031087m, and an 
average deformation displacement of 0.014571m; the reconstruction 
error is less than 1 % of the average displacement. The constructed 
nonlinear dimensionality reduction network successfully reduces the 
21-dimensional design space to a 10-dimensional space, and can 
reconstruct the original 21-dimensional high-dimensional space infor
mation from the 10-dimensional low-dimensional space with high 
quality.

3.1.3. Analysis of differences in hull form data processing methods in the 
deep neural networks dimensionality reduction model

Fig. 24 shows data for the two input methods using VLCC as an 
example. It can be seen from the figure that the data input of the first 
method is disorganized and cannot distinguish between deformed and 
non-deformed regions. Compared with the first method, the input data 

Fig. 17. Distribution of RBF control points at bow and stern of VLCC.

Table 1 
Design space range of deformation parameters for VLCC.

Design variable Deformation direction arrangement/m

X1 Y [-0.01,0.01]
X2 Y [-0.01,0.01]
… … … … … …
X21 Y [-0.01,0.01]
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input by the displacement method can clearly distinguish between 
deformed and non-deformed regions, and the displacement values of 
non-deformed grid points are always 0, as shown in Fig. 24.

By analyzing the differences between data input in coordinate form 
and data input in displacement form, there are two main reasons why 
the first method cannot obtain a robust dimensionality reduction model: 

(1) Due to the differences in dimensions of the hull in the x, y, and z 
directions. Generally, there are significant differences between 
the length, width, and molded depth of a ship form. The VLCC 
ship form has an overall length of 8.162m, a molded width of 
1.473m, and a molded depth of 0.736m. Therefore, the grid co
ordinate points on the geometric surface of the hull range from 
0 to 8.162, and most of the coordinate data are within 1.473. As a 

result, the amount of invalid data unrelated to deformation and 
the disorder of the dataset are significantly increased.

(2) Data between deformed and non-deformed regions. The geo
metric coordinates of the deformed regions have changed 
significantly, and the deep neural networks can learn these 
changes. For non-deformed regions, the geometric coordinates 
remain unchanged, but there are obvious differences between the 
coordinates. Taking VLCC as an example, the bow and stern have 
deformed, but the grid coordinates within the 5m range of the 
parallel midbody length have not changed. There is no obvious 
difference between the data of the deformed and non-deformed 
regions. The dataset cannot clearly reflect the difference be
tween deformed and non-deformed regions, so it is difficult for 
the deep neural networks to learn the laws between the data and 

Fig. 18. Distribution of sampling points inside the design space for deformation variables X2, X20, X7, and X14.

Fig. 19. Dimensionality reduction and reconstruction model establish of VLCC.

Fig. 20. RMSE and accuracy evolution during the training process.
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extract the main hull deformation information. With 
displacement-based input, the data redundancy is significantly 
reduced, and a clear distinction between deformed and non- 

deformed regions can be achieved. Therefore, good neural 
network training results can be obtained, leading to an efficient 
dimensionality reduction network that meets the requirements.

Fig. 21. Reconstruction error distribution for 3 random VLCC samples.

Fig. 22. Loss change and accuracy change during the training process.

Fig. 23. Reconstruction error distribution for 4 random VLCC samples.

Fig. 24. Two types of data input.
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It can be seen that for hull form optimization, due to the high 
sensitivity of the nonlinear dimensionality reduction method based on 
deep neural networks to input data, the deformation displacement 
should be used as the input training data for in-depth training in the hull 
form database. This enables in-depth extraction of the main deformation 
information of the deformed regions in the ship form database, and re
alizes the representation of the main information of hull deformation 
using a smaller number of low-dimensional parameters.

3.2. The number dimensionality of the low-dimensional space in the deep 
neural networks dimensionality reduction model

When training deep neural networks, the criteria for determining the 
dimensionality of the low-dimensional space still require further 
research. During the training of deep neural networks, the RMSE error 
between the original input data and the reconstructed data is usually 
used as the criterion to evaluate the dimensionality reduction effect of 
the neural network. Taking the nonlinear dimensionality reduction of 
the VLCC hull form design space as an example again, the same deep 
neural network settings as in Section 3.1 are used. By setting the number 
of neurons in the middle-hidden layer to 12/10/8/6/4/2, a total of 5000 
pre-training iterations is conducted to observe the changes in RMSE 
error and training accuracy under different low-dimensional spaces, as 
shown in Fig. 25.

It can be seen from the figure that the greater the percentage of 
dimensionality reduction, the larger the pre-training error of the deep 
neural networks. The changes in RMSE values are shown in Table 2. The 
maximum deformation displacement of the VLCC is max (Δx) =
0.031087m, and the average displacement is average (Δx) =

0.014571m. Through multiple training comparisons, it is found that 
when the reconstruction error RMSE≤1 %*average(Δx) (i.e., setting 
RMSE to be less than 1.46 × 10− 4 m), the reconstruction error of training 
samples can be ensured to be within the range of 0.1 mm or less. It can be 
seen from Table 2 that the dimensions meeting the reconstruction error 
condition RMSE≤1 % * average(Δx) are 8, 10, and 12. The pre-training 
results show that the minimum dimension is 8; if the dimension is 
further reduced, the reconstruction error will no longer meet the re
quirements of practical engineering.

From the research on the dimensionality reduction of the VLCC hull 
form design space, it is known that when the reconstruction error meets 
RMSE≤1 %*average(Δ x), the reconstruction error of training samples 
can be ensured to be within 0.1 mm (for the hull at the model scale). This 
reconstruction accuracy meets the requirements of practical engineering 
design. This criterion will be used for determining the dimensionality 
reduction of the design space in subsequent studies.

3.3. The range of the low-dimensional design space in the deep neural 
networks dimensionality reduction model

After determining the input data processing and the dimensionality 

of the low-dimensional space for the deep neural networks dimension
ality reduction model, there remains a crucial issue to explore: the dis
tribution of new variables in the low-dimensional space.

For the deep neural networks dimensionality reduction model, each 
dimension in the high-dimensional space has a specific physical mean
ing—it represents and controls the deformation of a certain part of the 
hull in a specific direction. However, after nonlinear dimensionality 
reduction via the deep neural networks, each dimension in the low- 
dimensional space has no specific physical meaning; instead, it is an 
extraction of the key geometric information from the original ship form 
database. Once the low-dimensional space is obtained, it is necessary to 
conduct new experimental sampling within this low-dimensional space, 
then reconstruct new hull forms for hydrodynamic performance evalu
ation by a reconstruction network. Therefore, the distribution of the 
low-dimensional space must be clarified to facilitate sampling.

Again, taking VLCC as an example and using the same deep neural 
networks settings as in Section 3.1, the number of neurons in the middle- 
hidden layer is set to 8, and 20,000 training iterations are conducted. 
The final RMSE is 7.76 × 10− 6 m, and the accuracy is 96.375 %.

The distribution of all sample points in the low-dimensional space is 
visualized, as shown in Figs. 26 and 27. It can be seen from the figures 
that the spatial distribution patterns of the new variables in the low- 
dimensional space are diverse.

To ensure the accuracy of the range estimation for the new variables 
in the low-dimensional space, each sample in the database should cover 
the original design space as fully as possible. Therefore, this paper 
adopts a "dense sampling" strategy: by constructing a large number of 
samples, it ensures coverage of all regions in the low-dimensional space, 
thereby determining the range of the low-dimensional design space.

After obtaining the range of the low-dimensional space, experi
mental design methods are used for sampling to ensure that all sample 
points lie within the low-dimensional space. This prevents sampling 
outside the range of the low-dimensional space, which would generate 
unreasonable (unrealistic) new hull forms.

Based on introducing the basic theory, this section discusses the 
applicability and key issues of deep neural networks in the dimension
ality reduction of the hull form optimization design space. Taking the 
VLCC ship form as a test example, the constructed deep neural networks 
is used for design space dimensionality reduction. Three issues in the 
deep neural networks dimensionality reduction model are explored 

Fig. 25. Variation of RMSE and training correctness in different low-dimensional spaces.

Table 2 
RMSE in different low-dimensional designspace.

dimensionality value/m

2 9.70*10− 4

4 2.73*10− 4

6 1.51*10− 4

8 9.17*10− 5

10 1.06*10− 4

12 8.89*10− 5
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through VLCC studies: the ship form data processing and input method, 
the determination of the dimensionality of the low-dimensional space, 
and the determination of the range of the low-dimensional design space. 
In terms of input data processing, using deformation displacement as 
training data can obtain a more robust nonlinear dimensionality 
reduction model. Regarding the convergence criterion, the dimension
ality of the reduced space is determined using 1 % of the average 
displacement as the judgment criterion. When the training error of the 
deep neural networks meets RMSE ≤ 1%*average(Δx) The current low- 
dimensional space can be considered capable of reconstructing the high- 
dimensional space with high accuracy. For the determination of the low- 
dimensional space range, a "dense sampling" strategy is adopted to 
conduct extensive sampling in the high-dimensional design space. This 
ensures that the training sample points after dimensionality reduction 
cover the entire low-dimensional space, thereby obtaining the distri
bution range of the low-dimensional space. On this basis, experimental 
design sampling is performed within the low-dimensional space range, 
and new ship forms are generated through the reconstruction network 
for hydrodynamic calculation.

4. Demonstration application

In this subsection, the DTMB 5415 hull form, which is widely used in 
practical engineering, is selected for the design space dimensionality 
reduction application. This selection aims to verify the applicability and 
effectiveness of the high-efficiency design space dimensionality reduc
tion module in practical hull form optimization. Taking the DTMB 5415 
hull form as the nonlinear dimensionality reduction application case, its 
bare hull resistance is optimized without any appendages in calm water. 
We focus on the hull resistance optimization and don't consider the 
seakeeping or maneuverability performance optimization in this paper. 
A low-resistance hull form obtained at the model scale—while meeting 
constraints like displacement and wetted surface area—will still have 

lower resistance than the original real ship after formula-based calcu
lation. Hence, this paper does not extend the analysis to the real ship. 
The CFD numerical calculation is used to compute the resistance per
formance of all samples. The calm-water resistance optimization results 
of the DTMB 5415 hull form are compared between the conditions with 
and without dimensionality reduction. Meanwhile, the improvement in 
optimization efficiency is also compared.

The demonstration application follows three key steps: first, veri
fying the accuracy of the CFD settings through standard experimental- 
numerical validation, so, we can get a high-precise numerical simula
tion settings to ensure the reliability of calculation results and optimi
zation results, see section 4.1; secondly, after obtaining the high-precise 
numerical simulation settings, we need to define the hydrodynamic 
performance optimization problem and performing design space 
dimensionality reduction. In section 4.2, we set the DTMB 5415 resis
tance optimization condition, and set 28 deformation variables to create 
a hull form database. Based on the hull form database, the deep neural 
network is used to establish the dimensionality reduction model and 
achieve reducing the original 28-dimensional design space to 6 di
mensions; finally, in section 4.3, based on results in section 4.2, the 300 
hull forms are selected from hull form database to conduct hull form 
optimization and we obtain the optimization results in initial high- 
dimensional design space. Then, the 60 hull forms are selected from 
the low-dimensional design space to conduct hull form optimization, 
and we obtain the optimization results in the low-dimensional design 
space. We compare the optimization results and optimization efficiency 
between the initial high-dimensional design space and the low- 
dimensional design space. And at the same time, the nonlinear dimen
sionality reduction method is compared with other scholars' study work.

4.1. CFD benchmark validation of the DTMB

The first step, a highly precise numerical setting needs to be obtained 

Fig. 26. Training sample points distribution of X1_lowspace, X2_lowspace, X3_lowspace and X4_lowspace in low-dimensional space.

Fig. 27. Training sample points distribution of X5_lowspace, X6_lowspace, X7_lowspace and X8_lowspace in low-dimensional space.
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by benchmark validation.
This subsection focuses on the numerical validation for the DTMB 

5415. The hull geometric structure includes a sonar dome and a transom 
stern. The hull's propulsion is provided by twin propellers, which are 
driven by shafts supported by struts. The geometric view of the model is 
shown in Fig. 28, and the principal parameters of the DTMB 5415 model 
are presented in Table 3.

This subsection verifies the calm-water resistance of the DTMB 5415 
at Fr = 0.18, which corresponds to the speed of 1.347 m/s. To accelerate 
calculation speed and improve computational efficiency, a half-domain 
is used for meshing. The computational domain size is defined as: -1.0* 
Lpp ≤ x ≤ 3.0*Lpp, 0.0 ≤ y ≤ 1.0*Lpp, -1.0*Lpp ≤ z ≤ 0.5*Lpp. The range 
of the computational domain is shown in Fig. 29. The meshing is per
formed using snappyHexMesh—a meshing tool of OpenFOAM—with 
the following key parameters controlled: yPlus ≅ 40; The height of the 
first boundary layer mesh is 1.5 × 10− 3 m; The number of boundary 
layers is 10; The expansion ratio of the boundary layer mesh is 1.2. The 
total mesh count of the computational domain is 3.82 million. Local 
refinement is applied in the free-surface region to capture free-surface 
waves with high precision. The mesh division at the free surface is 
shown in Fig. 30. A two-phase flow solver is used for the calculation. The 
total resistance results are presented in Table 4, with a final calculation 
error of 3.77 %. This error is controlled within 5 %, meeting the re
quirements of simulation calculations. Figs. 31 and 32 show the hull 
bottom surface pressure distribution contour and the free-surface Kelvin 
wave of the DTMB 5415 form at Fr = 0.18, respectively. It can be seen 
from the figures that the flow field calculation results are relatively 
stable, and the finally obtained resistance calculation data are reliable. 

In subsequent simulations, this set of mesh and case parameter settings 
can be used for viscous flow numerical simulations of other sample hull 
forms.

Based on this mesh, mesh convergence verification is conducted. 
Three sets of meshes (coarse, medium, and fine) are designed, with a 
mesh size scaling factor of 

̅̅̅
2

√
. The meshes with different resolutions are 

shown in Fig. 33. Their mesh counts are 1.094 million, 3.317 million, 
and 6.829 million, respectively. The same viscous flow simulation set
tings are used for calculations, and the final resistance results are pre
sented in

Table 5. Through calculation, the grid convergence index RG = 0.37 
is obtained. Since RG falls within the range of 0–1, it is classified as 
consistent convergence according to the mesh convergence criteria 
(Stern et al., 2006). To ensure the accuracy of calculation results while 
considering computational efficiency, the medium-scale mesh will be 
used for subsequent numerical calculations.

4.2. Design of the DTMB hull form optimization condition and 
dimensionality reduction of design space

4.2.1. Design of the DTMB hull form optimization condition
This subsection focuses on the optimization condition design of the 

DTMB 5415 hull form. Based on the theoretical foundation of CFD cal
culations, it optimizes the total resistance Rt(x) of DTMB 5415 at a 
moderate speed with Fr = 0.18. Meanwhile, restrictions are imposed on 
the principal dimensions of the hull to ensure that the deformed hull 
form meets practical building requirements. The mathematical expres
sion and constraints of the optimization problem are shown in Eq. (27)
and Eq. (28). When determining the range of design variables, consid
eration is given to the constraints on aspects such as the hull form's 
width, displacement, and wetted surface area. The variation of 
displacement is controlled within 5 %, the variation of wetted surface 
area within 5 %, and the variation of hull width within 1 %, to ensure 

Fig. 28. DTMB 5415 model.

Fig. 30. Mesh around the free surface.

Table 4 
Comparison of calculation and model experiment results of resistance.

Rp (N) Rf (N) Rt (N) CFD-Ct EFD-Ct Error

7.9 8.25 16.15 3.83*10− 3 3.98*10− 3 3.77 %

Table 3 
DTMB 5415 model principal parameters.

Item Value

λ 1/24.8
Lpp (m) 5.719
L
WL 

(m) 5.726
T (m) 0.248
BWL (m) 0.768
∇(m

3
) 0.554

Fig. 29. Computational domain setting of DTMB 5415.
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that the modified hull form still meets the actual design requirements. 

Fr=0.18 min Rt(x) (27) 

Subject to 

Lpp(x)= Lpp initial 

|ΔB(x)| ≤ 0.01B0 

|ΔV(x)| ≤ 0.05V0 

|ΔS(x)| ≤0.05S0 − 0.0005 ≤ x ≤ 0.0005 (28) 

4.2.2. Hull form database establish and dimensionality reduction model 
establish

In this subsection, we introduce the deformation variable selection 
and establish the hull form database. Based on the hull form database, a 
deep neural network is used for obtaining a dimensionality reduction 

model. The underwater part of the DTMB 5415 hull form is deformed 
using the RBF deformation method (the length between perpendiculars 
of the initial hull for deformation is 1m), with the control points selected 
as shown in Fig. 34.

A total of 28 control points is selected to control full hull deformation 
on the underwater part of the DTMB 5415, to realize the comprehensive 
hull line optimization and achieve the optimal matching of the bow and 
stern hull lines. These 28 control points donate 28 dimensions of the 
design space, representing the design variables X1, X2 … …X27, X28, 
respectively. To generate a sufficient number of training samples for 
building a geometric database to train the dimensionality reduction 
model of the deep neural networks, the optimal Latin hypercube sam
pling method is used for sampling in the high-dimensional design space, 
with a total of 5000 sample points collected. The value ranges of each 
design variable are shown in Table 6. Due to the large number of vari
ables, only the sampling distributions of variables X2, X12, X1, and X20 in 
the design space are presented here (the length between perpendiculars 
of the initial hull for deformation is 1m), as shown in Fig. 35, and the 
distributions of other variables are similar to these.

Dimensionality reduction of the design space is only used for hull 
form data processing in the early stage of hull form optimization, and 
not all training samples in the hull form database will participate in the 
CFD calculation. For example, in this paper, 28 design variables are used 
to optimize the DTMB hull form. Theoretically, it is necessary to 
calculate the CFD resistance of 280 hull forms, resulting in an extremely 
large amount of calculation. When a deformation tool is used to generate 
5000 different hull forms based on 28 deformation parameters to form a 
hull form database, the deep neural network is used to carry out 
dimensionality reduction model training and extract 6 main features 
from the database. The number of extracted features is far less than 28, 
so the design space composed of these 6 features is a low-dimensional 
design space. We only need to calculate the resistance of 60 hull forms 
to achieve the optimization effect that would otherwise require calcu
lating the resistance of 280 hull forms. Originally, we needed to calcu
late the resistance of 280 hull forms, but now we only need to calculate 
the resistance of 60 hull forms to carry out the optimization work. These 
280 hull forms can be randomly selected from the hull form database 
within the design space or randomly generated using deformation 
software. It is not necessary to perform CFD calculations on all 5000 hull 
forms in the database.

The underwater part of the DTMB 5415 hull form is deformed using 
the RBF morphing method to construct a model database with different 
hull forms, which contains 5000 deformed hull form samples based on 
the initial hull form. Each hull form is expressed by means of discrete 
grid points, and each hull geometry file includes its model grid co
ordinates and geometric topological relationships, as shown in Fig. 36
and Table 7.

The maximum displacement of the hull deformation is max(Δx) =
7.8*10-3 m and the average displacement is max(Δx) = 1.55*10-3 m. A 
program is used to extract the grid point displacement data as the input 

Fig. 31. Pressure distribution on the bottom of DTMB 5415.

Fig. 32. DTMB 5415 free surface Kelvin wave.

Fig. 33. Three different sizes of computational domain grids.

Table 5 
Verification of mesh convergence of DTMB 5415.

mesh Value (million) Ct

Coarse 1.094 3.64*10− 3

Medium 3.317 3.83*10− 3

Fine 6.829 3.90*10− 3

RG 0.37

Fig. 34. Distribution of deformation control points based on RBF deformation.

Table 6 
The arrangement of design variables.

Design variables Value arrangement/m

X1 [-0.0005 0.0005]
X2 [-0.0005 0.0005]
… …. … …
X27 [-0.0005 0.0005]
X28 [-0.0005 0.0005]
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and output of the neural network. A 9-layer neural network is employed 
to train and reduce the dimensionality of the constructed data, as shown 
in Fig. 37. The number of neurons in the middle layer corresponds to the 
dimension of the low-dimensional space. There are 7 hidden layers, and 
the Adam optimizer is used. Among the 5000 samples, 20 % are used as 
the validation set and 80 % as the training set. RMSE is selected as the 
optimization target for the loss, and the change in training accuracy is 

monitored simultaneously.
To determine the dimension of the final low-dimensional space, the 

network is first pre-trained. The number of neurons in the middle layer is 
set to 2, 4, 6, 8, 10, 12, 14, 16, and 18, respectively, which represents 
reducing the original 28-dimensional high-dimensional space to di
mensions of 2, 4, 6, 8, 10, 12, 14, 16, and 18. The number of training 
epochs is consistently maintained at 5000, and other network training 
parameters remain unchanged. After pre-training the neural network, 
the variations of the training RMSE and training accuracy with the 
dimension are finally obtained, as shown in Fig. 38.

As can be seen from the figure, with the reduction of dimensions, the 
training error (RMSE) increases continuously. When the dimension is 
reduced to 2, the training error is approximately 1.0*10− 4 m, while the 
average deformation displacement of all samples is about 1.55*10− 3 m. 
The displacement prediction error is over 6.45 % and fails to meet the 
requirement of being less than 1 % of the average deformation 
displacement. To minimize the prediction error as much as possible 
while ensuring that the trained deep neural networks can achieve high- 
precision dimensionality reduction, reconstruction, and lower- 
dimensional mapping, the dimension is reduced to 6 in this paper. 
When the dimension of the low-dimensional space is 6, the pre-trained 
RMSE of the dimensionality reduction model is 5.15*10− 6 m, which is 
lower than 1 % *average(Δx), and the accuracy rate is 62.66 %.

After determining the dimension of the low-dimensional space, 
through 25,000 training iterations, the RMSE is controlled at 2.55*10− 6 

m, and the training accuracy rate reaches 96.38 %, which meets the 
accuracy requirements for model construction. This model can thus be 
used for design space dimensionality reduction. During the training 

Fig. 35. Design variables X2, X12 and X1, X20 sampling points distribution.

Fig. 36. DTMB 5415 model surface mesh under waterline.

Table 7 
The example of a sample hull surface mesh point coordinate.

Number X coordinate/m Y coordinate/m Z coordinate/m

1 − 0.3239 − 5.29415*10− 6 − 0.04336
2 0.3895 − 7.46956*10− 6 − 0.05123
… … … … … … … …
5049 − 0.4940 0.003008 − 0.004473
5050 − 0.4941 0.001512 − 0.004544

Fig. 37. Dimensionality reduction and reconstruction model building of DTMB.
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process, the prediction error (RMSE) decreases continuously with the 
increase in the number of training iterations and finally stabilizes. 
Meanwhile, the prediction accuracy rate during training increases with 
the number of training iterations and eventually stabilizes at approxi
mately 96.38 %, as shown in Fig. 39. Through training iterations, a 
nonlinear dimensionality reduction model is finally obtained, which can 
realize the nonlinear mapping from 28 dimensions to 6 dimensions. The 
trained nonlinear dimensionality reduction model is used for dimen
sionality reduction and reconstruction to verify the reconstruction error 
and reconstruction capability of the nonlinear dimensionality reduction 
model. Sample 500, 1000, 1500, and 2000 are randomly selected from 
the training set for reconstruction. The error distribution between the 
reconstructed hull form and the original sample hull form is compared to 
verify the reconstruction effect, as shown in Fig. 40.

As can be seen from Fig. 40, after dimensionality reduction and 
reconstruction of the 4 randomly selected samples using the model, the 
maximum error is on the order of 10− 6. The reconstruction error is very 
low, and the nonlinear dimensionality reduction model exhibits stable 
and excellent performance in terms of dimensionality reduction and 
reconstruction capabilities, meeting the requirements.

Based on the constructed dimensionality reduction model, the dis
tribution of sample points mapped from the high-dimensional space to 
the low-dimensional space for the hull form geometric database can be 
obtained, as shown in Fig. 41. As observed from the figure, the mapped 
points from the high-dimensional space to the low-dimensional space 
show a concentrated trend. This indicates that the main hull deforma
tion information has been extracted in the low-dimensional space, which 
is effectively concentrated and reflected in the low-dimensional space.

After obtaining the main feature information in the low-dimensional 
space, a set of new variables in the low-dimensional space can be 
derived, namely X1_lowspace, X2_lowspace … …X5_lowspace, X6_lowspace. The dis
tribution ranges of these new variables are shown in Table 8. It should be 
noted that each variable in the high-dimensional space has a specific 

physical meaning related to deformation. However, the new variables 
obtained after dimensionality reduction no longer correspond to prac
tical physical meanings; instead, they represent a collection of extracted 
information.

As can be seen from Fig. 41, the distribution of sample points in the 
low-dimensional space does not take a regular shape. To describe the 
data distribution in the low-dimensional space as accurately as possible, 
a large amount of training data is used to increase the number of mapped 
points in the low-dimensional space—specifically, the "dense sampling" 
method is adopted to maximize the accuracy of describing the distri
bution of sample points in the low-dimensional space. After obtaining 
the mapping range of the high-dimensional space in the low- 
dimensional space via the dimensionality reduction model, the 
optimal Latin hypercube sampling method is used to sample 60 sample 
points in the low-dimensional space in accordance with the 10 times 
criterion for design variables. The distribution of the newly sampled 

Fig. 38. Training loss and accuracy under different dimensionality.

Fig. 39. Loss change and accuracy evolution during the training process.

Fig. 40. Reconstruction error distribution for three random samples.
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points in the low-dimensional space is shown in Fig. 42.
After obtaining the sample points in the low-dimensional space using 

the optimal Latin hypercube sampling method, the reconstruction 
network is employed to reconstruct new hull forms. These newly 
reconstructed hull forms contain the key information from the geometric 
hull form database of the original data. 60 sampling points are sampled 
in the low-dimensional space, and through reconstruction, 60 different 
hull forms are obtained. New Hull Form 20, New Hull Form 40, and New 
Hull Form 60 are randomly selected for comparison with the initial hull 
form lines, as shown in Fig. 43.

It can be observed from the figure that the hull form lines of the new 
hull forms obtained through resampling and reconstruction are smooth, 
and there are certain differences in form lines compared with the initial 
hull form. This also indicates that the deep neural network-based 
nonlinear dimensionality reduction model training and construction 
have good applicability and effectiveness.

4.3. Comparison and analysis between non-dimensionality reduction and 
dimensionality reduction optimization

This subsection compares the calm water resistance optimization 
results of DTMB 5415 with and without the application of nonlinear 
dimensionality reduction methods.

4.3.1. Optimization results in a high-dimensional design space
In this subsection, we select 300 hull forms from the hull form 

database and conduct hull form optimization based on the 300 hull form 
resistance data. According to the principle of 10 times dimension sam
pling, 280 hull forms should be sampled in the high-dimensional space 
for numerical calculation of hydrodynamic performance. In this paper, 
300 hull forms are randomly selected from the 5000 sample hull forms 
for CFD calculation, and 20 extra hull forms beyond the theoretical 
number, enabling more resistance data collection. The values of the 28 
design variables corresponding to these 300 hull forms cover the range 
in the initial design space in Table 6. The distribution of variables X1 and 
X28 is selected for display, as shown in Fig. 44.

The viscous flow fields of 300 sample hull forms are calculated using 
the CFD viscous flow method to obtain data on free surface waves and 
hull resistance coefficients. Fig. 45 shows a comparison of the free sur
face waves between Sample Hull Form 120 and Sample Hull Form 300 
among the 300 sample hull forms.

After obtaining the CFD data of 300 sample hulls, the Kriging model 
is used to establish the nonlinear mapping relationship between the 
design variables and the resistance coefficients in the 28-dimensional 
space. Fig. 46 shows the cross-validation results of the Kriging model 

Fig. 41. Distribution of mapping points in low-dimensional space.

Table 8 
Design variable arrangement in low-space.

Design variables Value arrangement

X1_lowspace [-0.04 0.05]
X2_lowspace [-0.07 0.01]
X3_lowspace [-0.025 0.06]
X4_lowspace [-0.078 0.026]
X5_lowspace [-0.04 0.06]
X6_lowspace [-0.03 0.09]
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in the high-dimensional space. It can be seen from the figure that the 
Kriging model constructed in the high-dimensional space has good sta
bility. The RMSE between the sample calculated values fcal and the 
Kriging model predicted values fest is 1.09*10− 4.

Fig. 47 shows the iterative optimization variation of the total resis
tance coefficient Ct in the optimization process using the single- 
objective genetic algorithm. After 440 iterations of optimization, the 
theoretically optimal total resistance coefficient in the high-dimensional 

space is obtained as Ct = 3.06*10− 3, and the values of the 28 optimal 
variables are shown in Table 9.

The optimal hull form in the high-dimensional space is obtained 
using the RBF morphing method based on the optimal variables, as 
shown in Fig. 48. In terms of line shape changes, the trend is to reduce 
the underwater wetted surface area to decrease frictional resistance, 
which is consistent with physical laws.

Fig. 42. Distribution of sampling points in low-dimensional space.

Fig. 43. Hull lines comparison of the three new hull forms with the initial hull form.
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4.3.2. Optimization results in a low-dimensional design space
In this subsection, 60 hull forms are generated in a low-dimensional 

design space, and hull form optimization is conducted based on the 60 
hull form resistance data. After obtaining the high-dimensional opti

mization results, the resistance coefficient data of different hull forms in 
the low-dimensional space are calculated by CFD using 60 sample hull 
forms reconstructed from the low-dimensional space. The Kriging sur
rogate model is used to establish the nonlinear mapping relationship 
between the variable parameters and hull resistance in the low- 
dimensional space (6 variables). Cross-validation is used to verify the 
generalization ability and stability of the constructed Kriging model in 
the low-dimensional space, as shown in Fig. 49. It can be seen from the 
figure that the Kriging model constructed in the low-dimensional space 
has good generalization ability, with data points basically distributed 
near the center line. The RMSE between the sample calculated values fcal 

Fig. 44. Sample point distributions about design variables X1 and X28 for CFD 
calculations in the initial high-dimensional space.

Fig. 45. Comparison of sample 120 and sample 300 free surface.

Fig. 46. Cross-validation of the Kriging model in high-dimensional space.

Fig. 47. Resistance coefficient evolution in genetic algorithm optimiza
tion iterations.

Table 9 
Values of optimal design variables in high-dimensional space.

Design 
variables

value/m Design 
variables

value/m Design 
variables

value/m

X1 − 4.54*10− 4 X11 − 4.76*10− 4 X21 − 5.00*10− 4

X2 − 1.10*10− 4 X12 4.99*10− 4 X22 − 5.00*10− 4

X3 − 4.76*10− 4 X13 − 4.78*10− 4 X23 − 5.00*10− 4

X4 − 4.98*10− 4 X14 − 4.29*10− 4 X24 − 4.93*10− 4

X5 − 5.00*10− 4 X15 − 4.38*10− 4 X25 − 5.00*10− 4

X6 4.99*10− 4 X16 − 4.17*10− 4 X26 − 4.23*10− 4

X7 − 4.17*10− 4 X17 − 5.00*10− 4 X27 − 4.22*10− 4

X8 4.99*10− 4 X18 − 4.49*10− 4 X28 − 5.00*10− 4

X9 4.98*10− 4 X19 − 5.00*10− 4 ​ ​
X10 5.00*10− 4 X20 − 5.00*10− 4 ​ ​

Fig. 48. Optimal DTMB 5145 underwater form in high-dimensional space.
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and the Kriging model predicted values fest is 1.6*10− 4.
Fig. 50 shows the iterative optimization variation of the total resis

tance coefficient during the optimization process using the single- 
objective genetic algorithm. After 570 iterations of optimization, the 
theoretically optimal total resistance coefficient in the low-dimensional 
space is obtained as Ct = 2.80*10− 3, and the values of the 6 optimal 
variables are shown in Table 10. These 6 optimal variables in the low- 
dimensional space have no physical meanings. After obtaining the 
optimal parameters in the low-dimensional space, the reconstruction 
network is used to reconstruct the optimal hull form, which is then 
compared with the initial hull form lines, as shown in Fig. 51.

4.3.3. Optimization results comparison and analysis between non- 
dimensionality reduction and dimensionality reduction optimization

In this subsection, we compare the optimization results between non- 
dimensionality reduction and dimensionality reduction optimization, 
and at the same time, we also compare the nonlinear dimensionality 
reduction optimization results with another scholar's linear dimension
ality reduction optimization results. The optimization results in the 
high-dimensional space and the low-dimensional space are compared, as 
shown in Table 11. It can be seen from the table that the total resistance 
optimization amplitude of the optimal hull form obtained in the high- 

dimensional space is 6.52 %, and that in the low-dimensional space is 
7.83 %. Both are lower than the calm water resistance of the initial hull 
form, achieving similar optimization effects. It can be concluded that the 
use of proposed nonlinear dimensionality reduction methods not only 
reduces the number of calculation cases required but also ensures the 
final optimization effect of hydrodynamic performance.

Fig. 52 shows a comparison of the free surface of the optimized hull 
forms (obtained before and after dimensionality reduction) with those of 
the initial hull form. The wave-making range around the hulls of the 
optimized hull forms is reduced, and the Kelvin waves are narrower. The 
change in the underwater form lines reduces the overall wave-making of 
the hull with a decrease in the wave-making area. This change in the 
Kelvin wave is consistent between the optimized hull forms before and 
after dimensionality reduction.

Fig. 53 presents the relative pressure distribution at the bow of the 
hulls before and after dimensionality reduction. The width of the sonar 
dome at the bow of the optimized hull forms is reduced, and the areas of 
the high-pressure and low-pressure regions are correspondingly 
decreased. There is a significant difference in the bow wave-making 
between the optimized hull forms and the initial hull form, indicating 
the form lines of the bow inflow section have a direct impact on the 
evolution of free surface waves at the bow.

In the application, a nonlinear design space dimensionality reduction 
method based on deep neural networks was used to reduce the design 
space of the hull form DTMB 5415 in the early stage of hydrodynamic 
performance optimization. First, the CFD simulation method was used to 
calculate 300 sample hull forms in the high-dimensional space, and a 
final resistance reduction of 6.52 % was achieved. After using the effi
cient dimensionality reduction, only 60 sample hull forms' hydrody
namic performance needed to be calculated in the low-dimensional 
space, resulting in a final resistance reduction of 7.83 %. The application 

Fig. 49. Cross-validation of the Kriging model in low-dimensional space.

Fig. 50. Resistance coefficient evolution in genetic algorithm optimization it
erations in low-dimensional space.

Table 10 
Values of optimal design variables in low-dimensional space.

Design variables value Design variables value

X1_lowspace 0.0161 X4_lowspace − 0.0610
X2_lowspace − 0.0530 X5_lowspace 0.0173
X3_lowspace − 0.0211 X6_lowspace − 0.0410

Fig. 51. Optimal DTMB 5145 underwater forms in low-dimensional space.

Table 11 
Comparison of the optimization effect of the resistance of DTMB5415 before and 
after dimensional reduction.

Design variables Theory optimal Ct CFD verification Ct optimization

Initial – 3.83*10− 3 –
Dimensionality before 3.06*10− 3 3.58*10− 3 6.52 %
Dimensionality after 2.80*10− 3 3.53*10− 3 7.83 %
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results show that similar resistance optimization amplitudes can be 
obtained with and without the dimensionality reduction method. In 
terms of computational efficiency, the number of sample hull forms that 
need to be calculated was reduced from at least 300 to only 60, repre
senting an 80 % improvement in computational efficiency while 
achieving a similar optimization effect, as shown in Table 12.

Compared with the linear dimensionality reduction method used by 
researchers such as D'Agostino et al. (2020) in 2020 to reduce the design 
space of the DTMB 5415 hull form (which reduced the 25-dimensional 
design space to 21 dimensions), the nonlinear dimensionality reduc
tion based on deep neural networks achieves a lower-dimensional 
reduction—reducing the 28-dimensional space to 6 dimen
sions—demonstrating the strong dimensionality reduction capability of 
nonlinear dimensionality reduction. These test results show the appli
cation potential and prospects of the developed efficient dimensionality 
reduction module in the practical optimization of ship hydrodynamic 
performance, as shown in Table 13.

5. Summary

In this paper, based on the nonlinear mapping theory of deep neural 

networks, this study constructs an efficient nonlinear dimensionality 
reduction model for the design space in hull form optimization. A 
database of hull geometric models is built using hull deformation tools, 
and the nonlinear dimensionality reduction model is applied to reduce 
the dimensionality of the high-dimensional model database. This pro
cess extracts the key geometric information features of the hull geo
metric database in the high-dimensional space, and then reconstructs 
the high-dimensional hull geometric models via a reconstruction neural 
network.

This paper discusses and summarizes three major issues regarding 
the applicability of nonlinear dimensionality reduction methods in the 
field of hull form optimization. Taking a VLCC hull form as the test case, 
RBF is used for hull form deformation to establish a hull form database 
containing 5000 hull form samples. 9-layer deep neural networks is used 
to construct the dimensionality reduction and reconstruction model. 
Firstly, the impact of hull form data processing methods on training 
results is studied by inputting data processed through different pre
processing approaches. The results indicate that using deformed hull 
form displacement data as the training input can obtain a more robust 
and efficient dimensionality reduction model. By setting different di
mensions for the low-dimensional space, the criteria for determining the 
optimal dimension of the low-dimensional space are discussed. Through 
tests, it is confirmed that when the training error of the deep neural 
networks is less than 1 % of the average deformation displacement, the 
current low-dimensional space can reconstruct the high-dimensional 
space with high accuracy. Finally, a "dense sampling" strategy is adop
ted to determine the range of the low-dimensional space. The distribu
tion pattern of the new variables of the VLCC hull form, reduced to an 8- 
dimensional space, is visualized.

In the practical application of hull form optimization, the resistance 
performance of DTMB 5415 is selected as the optimization target. By 
comparing the optimization results with and without the nonlinear 
dimensionality reduction method, it is verified that the proposed effi
cient dimensionality reduction method can significantly reduce 
computational costs while ensuring optimization effects. After training, 

Fig. 52. Free surface comparison between non-dimensionality reduction and dimensionality reduction.

Fig. 53. Relative pressure distribution comparison of hull surface between non- 
dimensionality reduction and dimensionality reduction.

Table 12 
Summary of nonlinear dimensionality reduction application.

high-dimensional design 
space

low-dimensional design 
space

Design parameter 
number

28 6

CFD calculation 
number

300 60

Resistance 
optimization

6.52 % 7.83 %

Efficiency 
improvement

80 %

Table 13 
Comparison between linear dimensionality reduction and nonlinear dimen
sionality reduction.

D'Agostino et al. (2020) This paper

Hull DTMB 5415
Optimization object Resistance in calm water
Deformation method RBF
Simulation method Potential theory Viscous theory
Initial design space 

dimensionality
25 28

Sample number 5078 5000
Dimensionality 

reduction method
Karhunen–Loève expansion 
(KLE) linear method

Deep neural networks 
nonlinear method

Low-space 
dimensionality

21 6
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the constructed nonlinear dimensionality reduction model achieves a 
training accuracy of over 96.38 % and can reduce the original 28-dimen
sional space to a 6-dimensional space. In the high-dimensional space, 
300 randomly selected sample hull forms are subjected to CFD calcu
lations. Combined with the Kriging surrogate model and genetic algo
rithm, the optimization of the calm water resistance of DTMB 5415 is 
finally achieved in the high-dimensional space, with an optimization 
amplitude of 6.52 %. In the low-dimensional space, 60 sampling points 
are selected, and corresponding hull forms are reconstructed through 
the reconstruction network. These hull forms also use high-fidelity CFD 
calculations. With the support of the Kriging surrogate model and ge
netic algorithm, the resistance optimization amplitude achieved in the 
low-dimensional space reaches 7.83 %. The dimensionality reduction 
optimization application on the DTMB 5415 hull form demonstrates that 
applying the efficient nonlinear dimensionality reduction method in the 
multi-parameter optimization of the full hull can reduce computational 
costs by approximately 80 % while maintaining excellent optimization 
results.

The nonlinear dimensionality reduction method enables the multi- 
parameter optimization design of the entire hull form, avoiding the 
exponential growth of computational costs caused by the increase in the 
dimension of the design space. This improves the efficiency of hull form 
optimization and reduces the cost of numerical calculations. Certain 
limitations remain in this study. For instance, resistance data analysis 
has not been extended to the real hull for further analysis. Additionally, 
no improved approach for defining the variable distribution range 
within the low-dimensional space is presented. Moreover, this study 
only performs simple calm water resistance optimization, without 
extending the optimization to ship maneuverability and seakeeping. In 
the future, we will carry out ship maneuverability and seakeeping 
optimization based on nonlinear dimensionality reduction, aiming to 
reduce the number of calculations required for maneuverability and 
seakeeping analyses in the optimization process.
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