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ABSTRACT

Many design variables are often required for the optimization design of
the whole hull, thus numerous new sample hulls need to be calculated.
The dimensionality reduction of design space is essential for the
optimization of whole ship design, which can save the consumption of
calculation resources. In this paper, a nonlinear dimensionality reduction
method called Auto Encoder (AE) based on the neural network is used
to optimize the total resistance of the DTMB hull under Fr=0.18 in calm
water. Firstly, based on the radius basis function modification method in
in-house hull form optimization software—OPTShip-SJTU, a series of
hull forms can be obtained under the high-dimensional design space.
Then the neural network model is established and trained based on these
hull forms. And the low dimensionality space information can be gotten
after training. The new hull forms are gotten by the trained neural
network. And then the viscous solver naoe-FOAM-SJTU is applied to
calculate the resistance of new hull forms. The Kriging theory is used to
construct the surrogate model, and the single-objective genetic algorithm
is applied to get the lowest total drag hull based on the Kriging surrogate
model. Finally, it shows the nonlinear dimensionality reduction method
has the capacity for dimensionality reduction in hull form optimization.
And we also can obtain optimization results under reduced-
dimensionality design space compared with initial high design space.

KEY WORDS: CFD; nonlinear dimensionality reduction; AE;
OPTShip-SJTU; total drag optimization;

INTRODUCTION

Simulation-based design optimization (SBDO) becomes the main
technique for the design optimization process(Lin, 2018; Liu, 2018g;
Nazemian, 2021) in recent years. And the gradient-free methods are also
widely used in many fields(Liu, 2020; Park, 2015). Although the
gradient-free methods have a wide range, it faces huge time-consuming
and curse-of-dimensionality when the design variables increase. Design
space dimensionality reduction is an effective measure to solve this
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problem (D’ Agostino, 2017; Reddy, 2020). SBDO consists of three main
elements as shown in Fig. 1: (1) hull form deformation tools; (2) the
hydrodynamic performance evaluation; (3) high-efficiency optimization
algorithms. The dimensionality reduction is applied in pre-processing of
hull form modification. The types of dimensionality methods are divided
into linear dimensionality (Cunningham, 2015) and non-linear
dimensionality method(DeMers, 1993). The difference is whether the
linear conversion is used in the dimensionality reduction process.
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Fig. 1The flowchart of hull form optimization based on dimensionality
reduction

In the past few years, many scholars focus on the dimensionality
reduction application in hull form optimization. In the aspect of linear
dimensionality reduction, Liu (2021) used a linear dimensionality
reduction method called principal components analysis (PCA) to
decrease the number of design variables and achieved multi-physics field
learning based on proper orthogonal decomposition. Diez (2015)
suppose the Karhunen-Loéve expansion (KLE) method in
dimensionality reduction and conduct an off-line dimensionality
reduction method for single- and multi-disciplinary shape optimization
based on the Karhunen-Loéve expansion technique, which is also a
linear dimensionality reduction method(Diez, 2016). D’ Agostino (2020)
used an off-line dimensionality reduction method based on the
Karhunen—Loéve expansion to optimize a DTMB model. Khan (2021)
combined geometry- and physics-informed principal component
analysis and the active subspace method in shape optimization. In an
aspect of the non-linear dimensionality method, D’Agostino (2017)
compared several non-linear dimensionality reduction methods. The
dimensionality reduction methods are Kernel Principle Analysis
(KPAC), Local Principle Analysis (LPA), and Deep Auto Encoder
(DAE). They concluded that the Deep Autoencoder showed the best
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performance overall. Serani (2016) optimized the calm-water drag of
DMTB by reducing the dimensionality of the design spaces, and the
deformation methods are free form deformation, radial basis function,
and global modification function. The dimensionality reduction methods
are KLE, LPCA, KPCA, and DAE.

In this paper, for reducing the computational burden and improving
optimization efficiency, we use a non-linear dimensionality based on a
neural network to conduct dimensionality reduction at the pre-processing
of optimization. We optimize the total resistance of a baseline model
DTMB 5415 under Fr=0.18 in calm water. The in-house OPTShip-SJITU
is applied to conduct this optimization. The radius basis function
deformation method is applied to modify the hull form based on the
initial hull form. Before hydrodynamic performance evaluation, the
neural network called autoencoder is applied to achieve dimensionality
reduction. Naoe-FOAM-SJTU is used to calculate the resistance of the
new hull forms obtained from the low dimensionality. The Kriging
model is established based on the difference hull form hydrodynamic
performances. The single-objective genetic algorithm is applied to
search for the lowest total drag hull form.

METHODS

Radial Basis Function Deformation

There are many hull form deformation techniques, including the Shifting
method, Radial Basis Function method (RBF), Global Modification
Function method (GMF), and Free Form Deformation (FFD). In this
paper, we use the RBF deformation method to modify the hull form. The
distance between an arbitrary point X and center point X; can be written

as follow:
s(Ix=x1. (1)
The interpolate function used in modifying the hull form is defined as:

()= Y24 (lx-x ) + p(x) @)

Wheres X denotes the displacement function, which is the movement
displacement of control points on the hull form. N is the number of
control points. X; = (x;,y,z;) denotes the center of each radial basis
function. Basis function ¢ is the distance function about Euclidean
distance. The Compact Support Radial Basis Function (CSRBF) is
selected as the basis function (Buhmann, 2001):

s(IxID = {{(1—||X|I) (allxl+1)

0
p(X) is the low order polynomial of the affine transformation, which can
be described as:

i =120

o<|x|l <1
©))

x> 2

p(X)=c +cx+cy+cz (4)
The movement distance of control points is known, thus
s(x)=f . j=12..N (5)

For calculating the unknown coefficient, an attached condition is added,
shown as follow:

2 ap(x)=0 j=12...N (6)
According to the above, we can summarize follow equations:
f M q\(21
= )
0 qg O c
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where

A=[A, 4, AT (8)
c=[c.c,.c,.cl 9)
f=[f,f.f,f] (10)
Mi‘i :¢(||X|_XJ||)’ i,j:1,2,"',n (11)
XX X !

Y, Y, Y,
q= 12)

7, oz, z
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We can get the coefficients by solving these functions. By substituting
coordinates of all mesh nodes into the interpolation function, the
displacement of corresponding grid nodes can be obtained, and all grid
nodes can be relocated accordingly. A box mesh deformation is selected
as the example using radial basis function. The deformation effect is
shown in Fig. 2

N

Fig. 2 The diagram of RBF deformation

Non-linear Dimensionality Reduction Method

To achieve the design space dimensionality reduction, the neural
network is applied. The architecture of neural work contains three parts
in general: input layer, hidden layers, and output layer. Each layer
contains some neurons, a 4 layers neural network is selected as example,
shown in Fig. 3. The mapping relationships between the input layer and
output layer can be gotten by training the neural network parameters.
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Fig. 3 The architecture of neural network (4 layers neural network)
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Fig. 4 Example of a neuron

Fig. 4 demonstrates a mathematical formula for a neuron in a neural
network. f is a activation function, and the input of this function is
weighted summation——(b + Y7L, x;w;), b is bias. The bias is also a
weight. There are 2 broad categories of activation, linear and non-linear,
like Rectified Linear Units (ReLU), Tanh, Sigmoid activation, and so on.
3 layers trained neural network function can be expressed by the
following formula:

J K
Q= ;wi,-ag;wjk oy + Y X W) +h, ) +by  (13)

Where 0;is the output variable; x,,is the input variable; W, Wj,, W;; are
the weights of neurons in each layer; by, b, j, bs;are the threshold value
of each layer of neurons; i, j, k are the number of neurons in the input
layer, the hidden layer, and the output layer in the neural network.

The autoencoder is a structurally symmetrical neural network. It
contents two parts, encoder, and decoder, shown in Fig. 5. The encoder
maps the raw data to the compressed data (low dimensionality). The
decoder maps the compressed data to the initial high dimensionality. The
flowchart can be described as following functions:

| =E(Hgh) (14)
h=D(H,l) (15)

Where h is the high dimensionality input data, H is a relative weight
matrix of an artificial neural network. I is the low dimensionality data. i
is the reconstruction data. To verify the neural network model is stable
and the low dimensionality can express the initial high dimensionality
data information, mean square error (MSE) between the initial input data
and reconstruction data is selected as the optimization objective. The
neural network parameter H is evaluated by minimizing the MSE. The
formula is shown as Eq. (4).
18, ao
MSE ==>"|lh-h|| (16)
Sia

The dimensionality number of low dimensionality space is lower than
the number of design variables. It means the number of middle layer
neurons is lower than the number of design variables. For hull form
optimization, the number of sampling points varies exponentially with
the number of design variables. After dimensionality reduction, the
number of sampling points descends greatly and the time-consuming
spending in calculation sampling points hydrodynamic performance
decreases.
When a trained neural network is established, the low dimensionality
data information can be gotten. We can sample from the low
dimensionality and get the new hull form utilizing the decoder neural
network. After getting the hull forms from the lower dimensionality, we
can get an optimal hull form from these hull forms. The flowchart is
shown in Fig. 6.
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Fig. 6 Flowchart of dimensionality reduction for hull form optimization

Surrogate Model and Optimization Algorithm

Based on the hull forms and corresponding hydrodynamic performance
data, the surrogate model can be used to fitting the reflection between
the hull forms and hydrodynamic performances. the surrogate model is
applied to establish the relationship between the hydrodynamic
performance and the hull form deformation parameters. The surrogate
models have the Kriging model (Liu, 2018b), Response surface
methodology (RSM) (Kim, 2011), Support Vector Regression
(SVR) (Smola, 2004), and neural network (Liu, 2020). In this
paper, we use the Kriging model as the surrogate model. The Kriging
model is presented firstly in 1951 by Krige (Krige, 1951). The Kriging
model is a interpolate model, which is the linear weighted sum of
sampling function values:

900 =D w0y
i=1

The w® is the weights. For calculating the weights, the stochastic
process approach is used:

Y(X)=5+Z(x) @
The B is an unknown constant, denote the mathematical expectation of
Y(x). The Z(x) satisfy normally distributed (0, ¢"2), and non-zero
covariance. By introducing a probabilistic approach, we can get any
unknown function value. After establishing the Kriging surrogate model,
we can use the optimization algorithm to search the lowest resistance
hull form. The single-objective genetic algorithm is used in this paper.
The algorithm is divided into 5 parts:
(1) Generating the initial population and encoder the value of each
individual called genic encoder;
(2) Calculating the fitting value of each individual. The smaller the
fitting value, the better individual;
(3) Selected the good performance individual as the next generation;
(4) The genic of each individual cross to create new individual;
(5) Changing the new individual genetic code randomly;
The flowchart of genetic algorithm is shown in Fig. 7. The iterations are
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250 and the initial population is 60, the crossover fraction of genes
swapped between individuals is set as 0.8, and the mutation rate is 0.2.

Initial Population

Crossing

‘Variation

Calculating Fitting

Satisfy?

Fig. 7 The flowchart of genetic algorithm

APPLICATION
Design Space Construction and Hull Form Deformation
In this paper, a baseline model DTMB 5415 is selected as the

optimization objective hull. The shape and main particulars of the hull
are shown in Fig. 8 and Table 1.

Dy T ——

Fig. 8 DTMB model

Table 1. the main particulars of DTMB

parameter value

Length between perpendiculars/ m 5.719
Length of waterline/ m 5.726
Displacement volume of a hull/ m3 0.554
Draft/ m 0.248

The maximum beam of waterline/ m 0.768

The optimization objective is total resistance. The optimization problem
can be described as follows. For the low dimensionality space, the x €
R!. For the high dimensionality space, the x € R".The optimization is
conducted in low dimensionality.

minimize R (X)
subject to Lpp (x)= Lppiinitial
AB(x) < 0.01B,

| AV (X) |< 0.0V,
| AS(x) < 0.05S,
—0.005< x <0.005

28 mesh points are selected as the deformation design variables. the
distribution of deformation points on the hull surface is shown in Fig. 9.
The experimental design method called Optimized Latin Hypercube
Sampling method (OLHS) is applied to obtain the sampling points. The

ranges of 28 design variables are listed in Table 2. The distribution of
design variables about X1 and X20 is shown in Fig. 10.

Fig. 9 The selected deformation points distribution

Table 2 the range of design variables

Design variables Deformation direction Value range
—0. <X
Xt y 0.005 < X,
< 0.005
—0. <X
X, y 0.005 < X,
< 0.005
—0. <X
Xos y 0.005 < X,g
< 0.005
0.00057 .
o.0001 -
0.0003
0.00024 ¢
__0.0001
G CLt.
o 0.00004. 7. -
= -0.0001 4,
-0.00029 . . e
0.0003" ’
0. 0001 4
~0.0005 T — — J
0. 00050 0. 00025 0.00000 0.00025 0.00050
X1 (m)

Fig. 10 The distribution of design variables about X1 and Xz2o

After getting the sampling points, the RBF deformation based on the
deformation module of OPTShip-SJTU is used to create different hull
forms, see Fig. 11, the deformation effect of DTMB 5415 utilizing RBF
Deformation method. 5600 hulls form are generated by the RBF
deformation method to generate the hull form data set. Based on the hull
form data set, the neural network achieves using several variables to
express the hull form data set information, which is the dimensionality
reduction.

Sampling point 1

Sampling point 3

Sampling point 1

' N\ \

Sampling point 3

N \
' SO

Fig. 11 The deformation diagram

Fig. 12 The mesh points of DTMB
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Dimensionality Reduction Model Establishment

The number of hull mesh is 5050, shown in Fig. 12. The example of a
sampling hull mesh point coordinates is shown in Table 3. The mesh
point coordinates are selected as the input and the output is also the mesh
point coordinates, which means learning itself by this neural network.
The autoencoder architecture is shown in Fig. 13.

Table 3 The example of a sampling hull mesh point coordinates

Number X coordinate y coordinate z coordinate
1 -0.323991 -5.29415e-06 -0.0433653
2 0.3895 -7.46956e-06 -0.0512381
5049 -0.494027 0.00300887 -0.00447348
5050 -0.494111 0.00151207 -0.004544
AR AR
Y o KU Lo k| l.{“l L v | \;*
s =W\ S SENRE (| o
coordinat "*.‘v‘l . "xli“x - Y /% coordinates
\" \ “\ 7 “‘;‘
A : A \ I

300

Fig. 13 The established neural network for dimensionality reduction

150 50 6 50 156 300

The neural network is established based on the open-source artificial
intelligence platform TensorFlow. The number of middle layer neurons
is 6, less than the initial 28 design variables. The total layer number is 7.
The total number of neurons is 1006. The activation function is Relu.
Adam is selected as the optimizer, the MSE is the optimization objective
for training. 4480 hull forms are used to train the neural network model.
1120 hull forms are used to verify the neural network model. After 500
iterations, the MSE reaches about 0.03 and satisfies the requirement,
shown in Fig. 14.

100 200

Fig. 14 The MSE trend during train

300 400 500

ing

For evaluating the reconstruction error between the initial hull form and
reconstruct hull form obtained from decoder neural network, sampling
point 1 and sampling 2 are selected as the comparison to check the
reconstruction error, see Fig. 15. The max error is 0.00038 and satisfies
the requirement.

Reconstruction error

2E-05 8E-05 0.00014 0.0002 0.00026 0.00032 0.00038

AR TS e i — N
T T —_—— .

Fig. 15 The reconstruction error of sampling 1 and sampling 2
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Low Dimensionality Sampling and Optimization

Based on the trained neural network, we can get low dimensionality
information. According to the trained neural network, we can get the
boundary of low dimensionality, see Table 4.

Table 4 The boundary of low dimensionality space

Low dimensionality design variables range
X —2442 <X, <161.1
X} —0.005 < X}, < 0.005
X3 —0.005 < X} < 0.005
X, —0.005 < X, < 0.005
X! —0.005 < X! < 0.005
X! —0.005 < X! < 0.005

After getting the boundary of low dimensionality space, the OLHS
method is also applied to sample from the low dimensionality space. Fig.
16 shows the distribution of X and X.

* Jow_space point

200 c e

100 A

©
— 100
200 4
-300

—400 1

T
50
X'1

T T T
-200 -150  -100

Fig. 16 The distribution of X; and X

When the low dimensionality space samplings are gotten, the decoder is
used to obtain the reconstructed hull form, the reconstruction effect can
refer to Fig. 17. Benefit from the auto-encoder, only 60 cases need to be
calculated by naoe-FOAM-SJTU to get the resistance of hull. If the
dimensionality reduction is not used, 280 hull forms need to be
calculated for optimization.

Fig. 17 The hull form sample 58 reconstructed from low dimensionality
space

Based on the 60 hull form resistances, the Kriging model is established
based on the Kriging theory. The single-objective genetic algorithm is
used to obtain the optimal hull form. And the final optimization result
can be summarized in Table 5. According to the optimization results,
we can realize non-linear dimensionality reduction can also get the
optimal hull form, and it can improve the optimization efficiency greatly
at the same time.

Fig. 18 demonstrates the hull form line comparison between the initial
hull form and optimal hull form.



Table 5 The optimization results

Rt/*10°3 Optimization effect
Initial hull form 3.97
Optimal hull form (obtained 19.31%
. . . 3.17
from low dimensionality)

— Initial
NN

NN Y

— Opt (low dimensionality)

Fig. 18 The hull line comparison between the initial hull form and
optimal hull forms

CONCLUSIONS

In this paper, the neural network called autoencoder is applied to conduct
dimensionality reduction at pre-processing of hull form optimization. the
baseline model DTMB is selected as the optimization hull. The
resistance is the optimization objective at the Fr=0.18 under calm water
condition. Results indicate the non-leaner dimensionality reduction
method can be used for hull form optimization and improving the
optimization efficiency. The optimal hull form still can be gotten under
the low dimensionality space. Non-linear dimensionality method can
achieve a lower dimensionality information extraction compared with
linear dimensionality reduction. But the non-linear dimensionality
method cannot describe the rule in low dimensionality. Some
conclusions can be summarized as following points:

(1) the OPTShip-SJTU has the capacity for design space dimensionality
reduction in hull form optimization.

(2) the application of a neural network can achieve a better
dimensionality reduction effect.

(3) the resistance drops by 19.31%, and the hull form optimization
efficiency has increased by about 79.6%.

(4) compared with other methods, the non-linear dimensionality method
can obtain a better efficiency improvement and keep a good optimization
result.

ACKNOWLEDGEMENTS

This work was supported by the National Natural Science
Foundation of China (51879159, 52131102), and the National
Key Research and Development Program of China
(2019YFB1704200), to which the authors are most grateful.

REFERENCE

Buhmann, M. (2001). "A new class of radial basis functions with
compact support." Mathematics of Computation, 70(233), 307-318.

Cunningham, J. P., & Ghahramani, Z. (2015). "Linear dimensionality
reduction: Survey, insights, and generalizations." The Journal of
Machine Learning Research, 16(1), 2859-2900.

D’Agostino, D., Serani, A., Campana, E. F., & Diez, M. (2017).
Nonlinear Methods for Design-Space Dimensionality Reduction in

3500

Shape Optimization. In Machine Learning, Optimization, and Big
Data (pp. 121-132).

D’Agostino, D., Serani, A., & Diez, M. (2020). "Design-space
assessment and dimensionality reduction: An off-line method for
shape reparameterization in simulation-based optimization." Ocean
Engineering, 197. doi:10.1016/j.oceaneng.2019.106852

DeMers, D., & Cottrell, G. W. (1993). "Non-linear dimensionality
reduction,” Advances in neural information processing systems, 580-
587

Diez, M., Campana, E. F., & Stern, F. (2015). "Design-space
dimensionality reduction in shape optimization by Karhunen-Loéve
expansion.” Computer methods in applied mechanics and
engineering, 283, 1525-1544. doi:10.1016/j.cma.2014.10.042

Diez, M., Serani, A., Campana, E. F., Volpi, S., & Stern, F. (2016).
"Design Space Dimensionality Reduction for Single- and Multi-
Disciplinary ~ Shape  Optimization,” 17th  AIAA/ISSMO
Multidisciplinary Analysis and Optimization Conference.

Khan, S., Serani, A., Diez, M., & Kaklis, P. (2021). "Physics-informed
feature-to-feature learning for design-space dimensionality
reduction in shape optimisation,”" AIAA Scitech 2021 Forum, 1235

Kim, H., Yang, C., Jeong, S., & Noblesse, F. (2011). "Hull form design
exploration based on response surface method," The Twenty-first
International Offshore and Polar Engineering Conference,

Krige, D. G. (1951). "A statistical approach to some basic mine valuation
problems on the Witwatersrand." Journal of the Southern African
Institute of Mining and Metallurgy, 52(6), 119-139.

Lin, Y., He, J., & Li, K. (2018). "Hull form design optimization of twin-
skeg fishing vessel for minimum resistance based on surrogate
model." Advances in Engineering Software, 123, 38-50.
doi:https://doi.org/10.1016/j.advengsoft.2018.05.010

Liu, X., & Wan, D. (2018a). "Hull Form Optimization Design of KCS at
Full Speed Range Based on Resistance Performance in Calm Water,"
The 28th International Ocean and Polar Engineering Conference, All
Days

Liu, x., & Wan, D. (2018b). "Hull form optimization design of KCS at
full speed range based on resistance performance in calm water," The
28th International Ocean and Polar Engineering Conference,

Liu, X., Zhao, W., & Wan, D. (2021). "Linear reduced order method for
design-space dimensionality reduction and flow-field learning in
hull form optimization." Ocean Engineering, 237, 109680.
doi:https://doi.org/10.1016/j.0ceaneng.2021.109680

Liu, Z., Liu, X., & Wan, D. (2020). "Wigley Hull Design Optimization
Based on Artificial Neural Network and Genetic Algorithm," The
Fourteenth ISOPE Pacific/Asia Offshore Mechanics Symposium,

Nazemian, A., & Ghadimi, P. (2021). "Global optimization of trimaran
hull form to get minimum resistance by slender body method."
Journal of the Brazilian Society of Mechanical Sciences and
Engineering, 43(2), 67. doi:10.1007/s40430-020-02791-8

Park, J.-H., Choi, J.-E., & Chun, H.-H. (2015). "Hull-form optimization
of KSUEZMAX to enhance resistance performance.” International
Journal of Naval Architecture and Ocean Engineering, 7(1), 100-114.
doi:https://doi.org/10.1515/ijnace-2015-0008

Reddy, G. T., Reddy, M. P. K., Lakshmanna, K., Kaluri, R., Rajput, D.
S., Srivastava, G., & Baker, T. (2020). "Analysis of Dimensionality
Reduction Techniques on Big Data." IEEE Access, 8, 54776-54788.
d0i:10.1109/access.2020.2980942

Serani, A., Fasano, G., Liuzzi, G., Lucidi, S., lemma, U., Campana, E.
F., ... Diez, M. (2016). "Ship hydrodynamic optimization by local
hybridization of deterministic derivative-free global algorithms."
Applied Ocean Research, 59, 115-128.

doi:10.1016/j.apor.2016.04.006

Smola, A. J., & Schdkopf, B. (2004). "A tutorial on support vector
regression." Statistics and computing, 14(3), 199-222.


https://doi.org/10.1016/j.advengsoft.2018.05.010
https://doi.org/10.1016/j.oceaneng.2021.109680
https://doi.org/10.1515/ijnaoe-2015-0008



