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a b s t r a c t

Shape design optimization for Blended-wing-body Underwater Gliders (BWBUGs) is usually computa-
tionally expensive. In our previous work, a simplified shape optimization (SSO) strategy is proposed to
alleviate the computational burden, which optimizes some of the Sectional Airfoils (SAs) instead of
optimizing the 3-D shape of the BWBUG directly. Test results show that SSO can obtain a good result at a
much smaller computational cost when three SAs are adopted. In this paper, the performance of SSO is
investigated with a different number of SAs selected from the BWBUG, and the results are compared with
that of the Direct Shape Optimization (DSO) strategy. Results indicate that SSO tends to perform better
with more SAs or even outperforms the DSO strategy in some cases, and the amount of saved compu-
tational cost also increases when more SAs are adopted, which provides some reference significance and
enlarges the applicability range of SSO.

© 2020 Society of Naval Architects of Korea. Production and hosting by Elsevier B.V. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

As the application scope of Autonomous Underwater Vehicles
(AUV) is expanding gradually, more and more attentions have been
attracted to this field. Underwater Glider (UG) (Stommel, 1989) is a
kind of AUV and has been successfully applied for oceanographic
sensing and data collection (Graver and Grady, 2005). UGs can glide
through thewater by controlling their buoyancy and converting the
lift on wings into propulsive force without a power propulsion
system (Bachmayer et al., 2004). Therefore, UGs possess many
merits over traditional AUVs, such as low costs, long-range and
extended-duration. Some kinds of UGs have already been devel-
oped over the past two decades, such as Slocum (Webb et al., 2001),
Spray (Sherman et al., 2001), Seaglider (Eriksen et al., 2001), and
Deepglider (Osse and Eriksen, 2007). The shapes of the above-
mentioned UGs mainly consist of revolving body, wings and con-
trol surfaces, which generally have a smaller Lift-to-Drag Ratio
(LDR). As the LDRs of the shapes primarily determine the perfor-
mance of UGs, some Blended-Wing-Body (BWB) shapes in the
aerospace field were applied to the shape design of UGs to further
improve the performance of UGs (Hildebrand et al., 2009; ONR,

2006). Since BWB shapes have some merits over others, such as
higher maximum LDRs and lower wetted area-to-volume ratios,
the blended-wing-body underwater gliders (BWBUGs) can glide
farther in a gliding cycle.

In general, the shape design optimization for BWBUGs attempts
to maximize the LDR (Sun et al., 2015, 2017). However, calculating
the LDRs of BWBUGs is time-consuming and then the shape opti-
mization turns to be a typical computationally expensive black-box
problem. Surrogate-based Optimization (SBO) methods are usually
good ways of tackling this kind of problem with a reduced
computational burden (Dong et al., 2018a, 2018b; Li et al., 2019;Wu
et al., 2019). The commonly used surrogate models (SMs) include
Polynomial Response Surface Method (PRSM) (Box and Draper,
1987), kriging (Sacks et al., 1989), Artificial Neural Network (ANN)
(Elanayar and Shin, 1994), Support Vector Regression (SVR) (Smola
and Scholkopf, 2004), Radial Basis Function (RBF) (Mullur and
Messac, 2005), multivariate interpolation (Wang et al., 2010) and
polynomial chaos expansion (Xiu, 2010), etc. Kriging is one of the
most popular (Li et al., 2018; Passos and Luersen, 2017) because it
cannot only offer better approximations for nonlinear multidi-
mensional problems but also can provide the mean square error
estimation at unknown locations. Besides, sequential sampling
criteria are always combined with SM in SBO (Dong et al., 2018c,
2018d; Liu et al., 2012). By selecting the candidate samples with
sequential sampling criteria iteratively, the sample set is extended
and the SBO process can continue.
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Although the SBO method is adopted, the design optimization
process can still be time-consuming in some cases. For example,
every evaluation of objective function is computationally expensive
and the optimization requires a large number of evaluations. To
overcome this problem, researchers have proposed some simplified
methods or strategies to further reduce the computational cost in
engineering designs. For example, Romanenko et al. (2014) pro-
posed a simplified simultaneous perturbation stochastic approxi-
mation algorithm to optimize the free decoding parameters. It
shows that the simplified method can make a significant reduction
in computational and labor costs. Pereira et al. (2015) developed a
simplified model for the electricity planning of power plants allo-
cation based on the available resources, and the comparison results
show that the simplified model dramatically reduces the compu-
tational time needed for optimization. Besides, Guo et al. (2015)
presented some simplified numerical methods for damage pre-
dictions in metal forming process modeling and optimization.
These simplified approaches are efficient and useful numerical
tools in the preliminary design and optimization. In order to
simplify the structure of a passenger coach, Zhang et al. (2016)
utilized the property-based beam modeling method to replace
the dimension-based method. The result indicates that the me-
chanical performances of the structure can be well modeled and
simulated with the property-based beam, and the optimization
efficiency is also improved. The primary purpose of these simplified
methods is to get a relatively accurate solution by using less
computational cost or making expensive problems feasible for
optimization.

As mentioned before that shape optimization of BWBUGs is also
computationally expensive if maximizing the LDR of the BWBUG is
used as the objective directly. In our previous work, a Simplified
Shape Optimization (SSO) strategy was presented to cope with this
deficiency (Li et al., 2018). The core ides of the simplified method is
to replace the 3-D shape optimization problem with two-
dimensional (2-D) airfoil design problems, and then the opti-
mized Sectional Airfoils (SAs) are used to form the 3-D shape.
Though the effectiveness of SSO strategy is verified, only a three-
section BWBUG shape is optimized as an illustration in the previ-
ous work. In this work, the performance of the SSO strategy is
further discussed to extend its applicability range. The BWBUGs
with a different number of SAs are investigated to observe how the
performance of SSO varies with respect to the number of SAs. Be-
sides, The SSO results are also compared with that of the Direct
Shape Optimization (DSO) strategy. The main conclusions of this
work include:

C With the numbers of SAs increase, the difference between
SSO and DSO results diminishes, which indicate that the
performance of SSO becomes better.

C When more SAs are taken into consideration, the shape
optimization problem can be high-dimensional and hard to
solve. Then the SSO strategy can even outperform the DSO
strategy when computational resources are limited.

C The consumption of computing resource involved in SSO is a
lot less than that in DSO, and this difference expands with
the number of SAs increases.

C The result differences between SSO and DSO are relatively
small and increasing the number of SAs cannot improve the
performance significantly. Therefore, the appropriate num-
ber of SAs for SSO needs to be mainly determined by the
available computing resources.

C Since the SAs can be straight optimized separately, SSO has a
good parallel ability. When parallel computing resources are
available, the shape design optimization process can be
reduced to a greater extent.

The remainder of this paper is organized as follows. Section 2
parameterize the BWBUG and describes the details of the shape
optimization problem. Section 3 illustrates the numerical methods
in this paper. Then the previously proposed SSO strategy is briefly
described in Section 4, and the shapes with a different number of
SAs are optimized with the SSO and DSO strategies, respectively. In
section 5, the optimization results of SSO and DSO are compared,
and the performance of the SSO is further discussed. In the end, we
summarize this work and discuss the merits and deficiencies of this
work.

2. Shape design optimization problem

Generally, the shape of a BWBUG is mainly determined by the
planform and the shapes of the cross-sections. In this work, the
planform of the BWBUG is fixed for simplicity as shown in Fig. 1.
The values of the planform parameters are listed in Table 1. Where
DB and DC are the offsets of sections B and C along the X direction, LA
is the distance between section A and section B along Z direction,
and LB is the distance between section B and section C along Z di-
rection. CA, CB and CC are the chord lengths of the crucial sections
which determine the shape of the planform. Then, the shape of the
BWBUG is simply determined by the shapes of SAs. Previously, we
used an SSO strategy to get the optimal BWBUG inwhich only three
SAs are optimized, and results indicated that the computational
expense is significantly reduced. The purpose of this work is to
investigate the performance of the SSO strategy with a different
number of SAs. Therefore, several SAs need to be selected along the
spanwise direction, and the details will be illustrated in Section 4.

2.1. Parameterization

Firstly, the design variables of the BWBUG shape need to be
determined in this problem. Since SAsmainly determines the shape
of the BWBUG, it is feasible to parameterize the SAs first and then
the parameters of the SAs constitute the design variables of the
BWBUG. Among the commonly used airfoil parameterization
methods (Hicks and Henne, 1978; Sobieczky, 1980, 1999), the Class-
Shape function Transformation (CST) method is adopted here. It
represents a two-dimensional geometry by the product of a class
function, C(x/c), and a shape function, S(x/c) plus a term that
characterizes the trailing edge thickness. The main formulas of the
CST method are listed as Eqs. (1)e(3).

�y
c

�
¼C

�x
c

�
S
�x
c

�
þ x

c
Dzte
c

(1)

C
�x
c

�
¼
�x
c

�N1h
1� x

c

iN2
for 0� x

c
� 1 (2)

S
�x
c

�
¼

Xn

i¼0

�
Ai $Ki;n$

�x
c

�i
$
�
1� x

c

�n�i
�

(3)

where c is the chord length of the airfoil, x and y are the coordinate
values of the points on an airfoil, n is the order of the Bernstein
polynomial and Dzte is the trailing edge thickness. The exponents
N1 and N2 determine the type of geometry. When representing an
airfoil with a round head and sharp tail, N1 ¼ 1/2 and N2 ¼ 1 is
generally adopted. The coefficients Ki,n can be calculated with Eq.
(4) and Ai are the weights of the Bernstein polynomial.

Ki;n ¼
�
n
i

�
¼ n!
i!ðn� iÞ! (4)

Generally, a larger n will make the fitting more accurate but

C. Li et al. / International Journal of Naval Architecture and Ocean Engineering 12 (2020) 455e467456



result in more design variables. Kulfan et al. (Kulfan and Bussoletti,
2006) suggested that 4-6 order Bernstein polynomial is enough to
fit a conventional airfoil with sufficient accuracy. Therefore, a four-
order Bernstein polynomial is chosen as the shape function here.
Besides, a modified CST method is adopted in which the airfoil is
parameterized based on a baseline airfoil. Then, the upper part of
an airfoil can be expressed as Eq. (5) and y0(x) refers to the baseline
airfoil.
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It can be seen from Eq. (5) that Ai are the only parameters that
need to be determined when representing an airfoil curve. As
described in Fig. 2, a symmetrical airfoil curve can be represented
with five parameters and the total number of variables for a
BWBUG is depended upon the number of SAs that need to be
optimized.

2.2. Optimization problem

In this paper, the goal of shape optimization is to maximize the
LDR of the BWBUG. In general, a thinner shape tends to have a
higher LDR, but a smaller internal space. However, it is essential for
BWBUGs to have enough inner space to hold more fuel and other
necessary equipment. Therefore, some standard NACA airfoils are
first selected as the baseline airfoils of the SAs that need to be
optimized. To keep enough volume for BWBUG, we constrain the
Maximum Relative Thicknesses (MRTs) of the optimized SAs to be
larger than that of the baseline airfoils. Then the optimization
problem can be formulized as Eq. (6).

Fig. 1. Shape and planform of the BWBUG.

Table 1
Values of the parameters of the planform.

Parameters LA/mm LB/mm CA/mm CB/mm CC/mm DB/mm DC/mm

Values 500 1000 1000 350 100 450 900

Fig. 2. Parameters of the sectional airfoils.
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where X represents the design variables of the BWBUG shape, N is
the number of SAs that need to be optimized; LB and UB are the
lower and upper boundaries of the design space; TN

0 and TN (X)
denote the MRTs of the N-th baseline airfoil and the N-th optimized
SA, respectively. In order to investigate the performance of SSO
with different numbers of SAs, N is varied and set as odd numbers
from three to eleven in this paper.

3. Numerical methods

The objectives of the optimizations in this paper are the LDRs of
airfoils and BWBUGs. The commonly used method to calculate the
LDRs is the Computational Fluid Dynamics (CFD) based method. In
this study, the commercial software ANSYS is utilized to perform
these calculations. However, the optimization needs to call the
calculations iteratively. In order to reduce the manual workload of
the settings, the replay scripts in ANSYS ICEM and journal file in
ANSYS Fluent are combined to build an automatic calculation
procedure. The details of the numerical method are described
below. The validation of the simulation is illustrated in our previ-
ously published paper, and readers who are interested in this part
can refer to that paper (Li et al., 2018).

3.1. Domain and mesh settings

Based on the design variables, the corresponding geometrical
model is created. Then a replay script is used to generate the
structured mesh. The shape of the computational domain is a box-
topology and the geometry of the BWBUG is placed in the center of
the domain at the origin of the coordinates. The size of the domain
is set to [-6Cl, 9Cl] m � [-5Cl, 5Cl] m � [0, 6Cl] m, where Cl is the
reference length of the computational model. The front and the
lower surfaces of the domain are set as the velocity inlet, while the
upper and back surfaces of the domain are set as the pressure
outlet. The surface in the x-y plane is set as the symmetry plane and
the rest surface of the fluid domain is deemed as a wall. The
computational domain and the automatically generated mesh of
the BWBUG are shown in Fig. 3. Totally, 674625 meshes are
generated for the BWBUG computational model, in which 100980
meshes are generated in the O-block. The LDRs of the SAs are also
calculated with a similar method. The airfoil is put in the center of
the rectangular computational domain and the size of the domain
is set to [-15Cl, 20Cl] m� [-10Cl, 10Cl] m. As shown in Fig. 4, the front
and the lower edges of the domain are set as the velocity inlet,
while the upper and back edges are set as the pressure outlet. The
mesh number for the airfoil computational model is 41502 and
5502 of them are O-block grids.

3.2. CFD solver

When simulating the hydrodynamic performance of the model,
water-liquid is selected as the fluid material which is regarded as

incompressible fluid with a density of 998.2 kg/m3, and the dy-
namic viscosity is 1.003 � 10�3 Pa/s. The k-u Shear Stress Transport
(SST) turbulence model is adopted to solve the Reynolds-Averaged
Navier-Stokes control equations and the yþ is set as 5. The magni-
tude of the inlet velocity is set to 1 m/s. For the sake of simplicity,
the angle of attack is consistently set to 6� in this work. Besides, the
pressure at the pressure outlet is set to be 0 Pa. The convergence
criterion is that the root-mean-square residual is less than 10�5 for
each equation or the total number of iterations reaches 900. Test
results show that each simulation of the BWBUG costs about
24 mins while one simulation of the airfoil costs about 2 mins with
a Quad core processor (Intel Core i7-2600 CPU, 3.40 GHz).

4. Performance study of the SSO strategy

4.1. Brief description of the SSO strategy for BWBUG

The core idea of the SSO strategy is to replace the computa-
tionally expensive 3-D simulations with cheaper 2-D simulations.
Specifically, only some of the SAs of the BWBUG is optimized during
shape optimization. Besides, a kriging-based constrained SBO
method is adopted in SSO to further reduce the computational cost.
The previous test results indicate that SSO can obtain a similar
result to that of the direct shape optimization strategy with a much
smaller computational cost. The brief procedures of SSO and the
flowchart of the adopted SBO method are shown in Fig. 5.

The right half of Fig. 5 shows the main steps of the SBO method,
specifically, the point with maximal modified expected improve-
ment and the optimal point of the predictor are added into the
sample set in each iteration to update the surrogate model. Readers
who are interested in this part can refer to the reference (Li et al.,
2018).

4.2. SSO with different number of SAs

SSO can reducemuch computational time at the cost of getting a
slightly worse result, but how the number of optimized SAs affects
the SSO strategy was not investigated previously. That is why the
performance study is implemented in this work, and the aim is to
make SSO more applicable for different problems. In this work, the
SSO is performed in different cases, which are defined as follows:

Case 1. Three SAs are optimized to get the optimal BWBUG, N¼ 3;

Case 2. Five SAs are optimized to get the optimal BWBUG, N ¼ 5;

Case 3. Seven SAs are optimized to get the optimal BWBUG, N¼ 7;

Case 4. Nine SAs are optimized to get the optimal BWBUG, N ¼ 9;

Case 5. Eleven SAs are optimized to get the optimal BWBUG,
N ¼ 11;

It should be mentioned again that the planform shape of the
BWBUG is fixed in this work. So when the number of SAs equals

Maximize LDRðXÞ ¼ f ðA1
0; A1

1; A1
2; A1

3; A1
4; //; AN

0 ; AN
1 ; AN

2 ; AN
3 ; AN

4 Þ
X2½LB; UB�;

s:t: T1ðXÞ � T01 ;

T2ðXÞ � T02 ;

«

TNðXÞ � T0N;

(6)
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Fig. 3. Computational domain and the mesh of BWBUGs.

Fig. 4. Computational domain and the mesh of airfoils.

Fig. 5. Flowchart of the SSO strategy for BWBUGs.
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Fig. 6. Locations of the SAs along the spanwise direction in different cases.

Table 2
Values of the invariant parameters when five SAs are optimized.

Parameters L1 L2 L3 L4 C1 C2 C3
Values/mm 250 250 500 500 1000 675 350

Parameters C4 C5 D2 D3 D4 D5

Values/mm 225 100 225 450 675 900

Table 3
Values of the invariant parameters when seven SAs are optimized.

Parameters L1 L2 L3 L4 L5 L6 C1 C2 C3 C4
Values/mm 150 150 200 300 300 400 1000 805 610 350

Parameters C5 C6 C7 D2 D3 D4 D5 D6 D7

Values/mm 275 175 100 135 270 450 585 765 900

C. Li et al. / International Journal of Naval Architecture and Ocean Engineering 12 (2020) 455e467460



three (N¼ 3), Sections A, B and C in Fig.1 are directly selected as the
SAs that need to be optimized, which is shown in Fig. 6(a). In order
to keep the planform shape consistent in all cases, the three sec-
tions A, B and C are contained in all cases, and some other sections
are selected between them to increase the number of SAs.

The locations of the SAs along the spanwise direction in all cases
are demonstrated in Fig. 6(a)e(e). Based on the shape of the fixed
planform, the offset values of the SAs along the X direction, the
distances between SAs along Z direction and the chord lengths of
the SAs in different cases can be calculated. The values of these
invariant parameters are listed in Tables 2e5, where Li denotes the
distance between i-th and (iþ1)-th SAs, Ci represents the chord
length of the i-th SA, and Di refers to the offset of the i-th SA along
the X direction.

As described in Section 2, the SAs are parameterized with a
modified CST method, and then some baseline airfoils need to be
selected for the SAs first. In this work, the standard symmetric
NACA airfoils are selected as the baseline airfoils. Generally, the
middle SA of the BWBUG is thicker than the wing tips, then the
BUWBG can have enough internal space and owns a higher LDR at
the same time. Therefore, the SAs in different locations utilize
different baseline airfoils, and all the selected NACA airfoils are
listed in Table 6. It should be noted that the names of the airfoils in
Table 6 are abbreviated by omitting the letters in front of the
numbers. The shapes formed with these baseline airfoils are
regarded as the initial BWBUG shape and the hydrodynamic per-
formances of the initial shapes in all the Cases are listed in Table 7.

The design spaces need to be defined first and then performing
the optimization. In this work, each of the optimized SA is confined
within another two NACA airfoils, and the two boundary airfoils are
selected based on the baseline airfoils. Among all the cases, eleven
baseline airfoils are used to parameterize the SAs that need to be
optimized totally. Then, the boundary airfoils for all the SAs are
selected corresponding to the baseline airfoils and are shown in

Table 8. The design scopes of the variables in Table 8 are obtained by
the least square fitting between the SAs and boundary airfoils.

Then the SSO strategy is applied to deal with these Cases, and all
the SAs are optimized with a kriging-based global optimization
method. For each SA, 20 initial samples selected by optimal Latin
hypercube sampling method are used to construct the initial sur-
rogate model. Then the optimization proceeds iteratively until the
number of iteration reaches 50. Based on the author's experience,
50 times iteration is enough to get a relatively good result for this
problem since the true optima are unknown. The optimization
results for all Cases are listed in Tables 9e13, and the results are
compared with the initial shapes. Results indicate that SSO is valid
in all the Cases, and all the LDRs of the initial shapes have been
improved. To illustrate the differences between the initial shapes
and optimized shapes, the optimized SAs and baseline airfoils of the
BWBUG are compared here. Due to space limitation, only the
optimized SAs and baseline airfoils in Case 1 are given in
Fig. 7(a)e(c) as an example, and the optimized SAs in other cases
are similar to that in Case 1. Fig. 7 indicates that the optimized SAs
are thinner than the baseline airfoils in the tail half. Besides, the
pressure distribution comparisons of the optimized and initial
shapes are shown in Figs. 8e12. It is evident that the high-pressure
area in the lower surface of the optimized shape is larger than that
in the initial shape while the pressure distributions in the upper
surfaces have a small difference. Therefore, greater lifts are gener-
ated for the optimized BWBUGs. Results indicate that the optimized
BWBUGs have a 3.74%, 3.75%, 3.13%, 3.64% and 3.74% higher LDRs
over the initial shapes, respectively. It seems that the improve-
ments are not regular for all test cases because it is hard to keep the
initial shapes identical in all the Cases. However, this phenomenon
does not affect the aim of this work which emphasizes the per-
formance of SSO and the focus is on how SSO differs from DSOwith
a different number of optimized SAs.

Table 4
Values of the invariant parameters when nine SAs are optimized.

Parameters L1 L2 L3 L4 L5 L6 L7 L8 C1
Values/mm 125 125 125 125 250 250 250 250 1000

Parameters C2 C3 C4 C5 C6 C7 C8 C9 D2

Values/mm 837.5 675 512.5 350 287.5 225 162.5 100 112.5

Parameters D3 D4 D5 D6 D7 D8 D9

Values/mm 225 337.5 450 562.5 675 787.5 900

Table 5
Values of the invariant parameters when eleven SAs are optimized.

Parameters L1 L2 L3 L4 L5 L6 L7 L8 L9 L10 C1
Values/mm 100 100 100 100 100 200 200 200 200 200 1000

Parameters C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 D2

Values/mm 870 610 480 350 300 250 200 225 150 100 90

Parameters D3 D4 D5 D6 D7 D8 D9 D10 D11

Values/mm 180 270 360 450 540 630 720 810 900

Table 6
Baseline airfoils of the SAs in different cases.

Sections 1 2 3 4 5 6 7 8 9 10 11

Case 1 0022 0016 0012 / / / / / / / /
Case 2 0022 0019 0016 0014 0012 / / / / / /
Case 3 0022 0020 0018 0016 0014 0013 0012 / / / /
Case 4 0022 0020 0018 0017 0016 0015 0014 0013 0012 / /
Case 5 0022 0021 0020 0018 0017 0016 0015 0014 0014 0013 0012

Table 7
Hydrodynamic performances of the initial shapes in test cases.

Cases Cl Cd Cl/Cd

Case 1 0.4010 0.0222 18.0631
Case 2 0.4051 0.0224 18.0848
Case 3 0.4062 0.0222 18.2973
Case 4 0.4064 0.0223 18.2242
Case 5 0.4048 0.0223 18.1525
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4.3. Direct shape optimizations corresponding to SSO cases

In order to compare the performances of SSO and DSO strate-
gies, the shapes of the BWBUGs are also optimized by DSO strategy
in this part. Specifically, the LDRs of the BWBUG with respect to all
the design variables are treated as the objectives directly and are
optimized by SBO method. For consistency, another five cases are
defined with corresponding to SSO Cases. Similar to the definition
of design variables in DSO, the design spaces of the DSO Cases are

also composed of the design scopes of SAs in SSO Cases.

Case 6. All the parameters of the three SAs in Case 1 are regarded
as the design variables, and the total number of design variables
d ¼ 15;

Case 7. All the parameters of the five SAs in Case 2 are regarded as
the design variables, and the total number of design variables
d ¼ 25;

Case 8. All the parameters of the seven SAs in Case 3 are regarded
as the design variables, and the total number of design variables
d ¼ 35;

Case 9. All the parameters of the nine SAs in Case 4 are regarded
as the design variables, and the total number of design variables
d ¼ 45;

Case 10. All the parameters of the eleven SAs in Case 5 are
regarded as the design variables, and the total number of design
variables d ¼ 55.

The DSO processes utilize the same kriging-based global opti-
mizationmethod as that in SSO. Based on the dimensions d of these
problems, the initial sample sizes are defined as 6d in all the Cases.
The initial kriging model is updated iteratively until the stop
criteria are reached. Because of the limited computing resources, all
the test cases stops when the number of iterations reaches 100. The
iteration processes are given in Fig. 13 and the detailed optimiza-
tion results are listed in Table 14, respectively. Fig. 13 shows that
higher LDRs were obtained in all cases through 100 iterations, and

Table 8
Design scopes of the SAs in all cases.

Baseline airfoil Lower boundary Upper boundary Design scopes

NACA0022 NACA0016 NACA0028 LB ¼ ½�0:0860; � 0:0741; � 0:0835; � 0:0574; � 0:0861�
UB ¼ ½0:0860; 0:0741; 0:0835; 0:0574; 0:0861�

NACA0021 NACA0015 NACA0027 LB ¼ ½�0:0860; � 0:0741; � 0:0835; � 0:0574; � 0:0861�
UB ¼ ½0:0860; 0:0741; 0:0835; 0:0574; 0:0861�

NACA0020 NACA0015 NACA0025 LB ¼ ½�0:0717; � 0:0618; � 0:0696; � 0:0478; � 0:0718�
UB ¼ ½ 0:0717; 0:0618; 0:0696; 0:0478; 0:0718�

NACA0019 NACA0014 NACA0024 LB ¼ ½�0:0717; � 0:0618; � 0:0696; � 0:0478; � 0:0718�
UB ¼ ½ 0:0717; 0:0618; 0:0696; 0:0478; 0:0718�

NACA0018 NACA0013 NACA0023 LB ¼ ½�0:0717; � 0:0618; � 0:0696; � 0:0478; � 0:0718�
UB ¼ ½ 0:0717; 0:0618; 0:0696; 0:0478; 0:0718�

NACA0017 NACA0012 NACA0022 LB ¼ ½�0:0717; � 0:0618; � 0:0696; � 0:0478; � 0:0718�
UB ¼ ½ 0:0717; 0:0618; 0:0696; 0:0478; 0:0718�

NACA0016 NACA 0012 NACA 0020 LB ¼ ½�0:0573; � 0:0494; � 0:0557; � 0:0383; � 0:0574�
UB ¼ ½ 0:0573; 0:0494; 0:0557; 0:0383; 0:0574�

NACA0015 NACA0011 NACA0019 LB ¼ ½�0:0573; � 0:0494; � 0:0557; � 0:0383; � 0:0574�
UB ¼ ½ 0:0573; 0:0494; 0:0557; 0:0383; 0:0574�

NACA0014 NACA0011 NACA0017 LB ¼ ½�0:0430; � 0:0371; � 0:0417; � 0:0287; � 0:0431�
UB ¼ ½ 0:0430; 0:0371; 0:0417;0:0287; 0:0431�

NACA0013 NACA0010 NACA0016 LB ¼ ½�0:0430; � 0:0371; � 0:0417; � 0:0287; � 0:0431�
UB ¼ ½ 0:0430; 0:0371; 0:0417;0:0287; 0:0431�

NACA0012 NACA0010 NACA0014 LB ¼ ½�0:0287; � 0:0247; � 0:0278; � 0:0191; � 0:0287�
UB ¼ ½ 0:0287; 0:0247; 0:0278; 0:0191; 0:0287�

Table 9
Optimization results of Case 1.

Models Lift-to-Drag Ratios

Section 1 Section 2 Section 3 BWBUG

Initial shape 28.7381 27.7434 23.5231 18.0631
Optimized shape 33.3263 30.2232 24.6458 18.7379
Improvement 15.97% 8.94% 4.77% 3.74%

Table 10
Optimization results of Case 2.

Models Lift-to-Drag Ratios

Section 1 Section 2 Section 3 Section 4 Section 5 BWBUG

Initial shape 28.7381 30.0989 27.7434 26.0232 23.5251 18.0848
Optimized shape 33.3263 33.5722 30.2232 27.7928 24.6458 18.7630
Improvement 15.97% 11.54% 8.94% 6.80% 4.76% 3.75%

Table 11
Optimization results of Case 3.

Models Lift-to-Drag Ratios

Section 1 Section 2 Section 3 Section 4

Initial shape 28.7381 30.1473 30.3973 27.7434
Optimized shape 33.3263 33.8854 33.7391 30.2232
Improvement 15.97% 12.40% 10.99% 8.94%

Section 5 Section 6 Section 7 BWBUG

Initial shape 27.5327 25.2705 23.5251 18.2973
Optimized shape 29.2351 26.8472 24.6458 18.8692
Improvement 6.18% 6.24% 4.76% 3.13%

Table 12
Optimization results of Case 4.

Models Lift-to-Drag Ratios

Section 1 Section 2 Section 3 Section 4 Section 5

Initial shape 28.7381 30.4629 31.2395 30.0661 27.7434
Optimized shape 33.3263 34.1870 34.5585 33.1430 30.2232
Improvement 15.97% 12.23% 10.62% 10.23% 8.94%

Section 6 Section 7 Section 8 Section 9 BWBUG

Initial shape 27.0571 26.0232 24.8458 23.5251 18.2242
Optimized shape 29.9495 28.7632 26.3551 24.6458 18.8867
Improvement 10.69% 10.53% 6.07% 4.76% 3.64%
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Table 13
Optimization results of Case 5.

Models Lift-to-Drag Ratios

Section 1 Section 2 Section 3 Section 4 Section 5 Section 6

Initial shape 28.7381 29.2694 29.4841 30.3973 29.4880 27.7434
Optimized shape 33.3263 33.7914 33.2185 33.7393 32.1488 30.2232
Improvement 15.97% 15.45% 12.67% 10.99% 9.02% 8.94%

Section 7 Section 8 Section 9 Section 10 Section 11 BWBUG

Initial shape 27.4085 26.7890 25.2509 24.4279 23.5251 18.1525
Optimized shape 29.7104 28.4258 27.0241 25.5880 24.6458 18.8310
Improvement 8.40% 6.11% 7.02% 4.75% 4.76% 3.74%

Fig. 7. Shape differences between the optimized SAs and baseline airfoils in Case 1.

Fig. 8. Pressure distribution of the initial and optimized shape in Case 1.

Fig. 9. Pressure distribution of the initial and optimized shape in Case 2.

C. Li et al. / International Journal of Naval Architecture and Ocean Engineering 12 (2020) 455e467 463



the optimal results of DSO strategy will be compared with that of
the SSO strategy in the following discussion.

5. Results discussion

Based on the optimization results obtained, the performance of
the SSO strategy with a different number of SAs is discussed in this
section. The SSO results are compared with DSO results mainly on
two aspects, the quality and the efficiency. The maximum LDRs
measure the quality of the optimum while the efficiency of the
shape optimization process is chiefly judged by the CUP time
involved. The detailed comparison results are listed in Table 15. To
illustrate the differences between SSO and DSO strategies more
intuitively, Figs. 14 and 15 give the comparisons of LDRs and CPU
time, separately. The negative values in differences mean that the

DSO results are worse than the SSO results.
The results indicate that SSO can perform better than the DSO

strategy with more SAs taken into consideration. On one hand, the
quality of the SSO results is only slightly worse than that of the DSO.
As demonstrated in Fig. 14, the LDRs of SSO results are smaller than
the corresponding DSO results when the number of SAs is less than
7. However, with the number of SAs increase, the SSO results even
appear better than that of DSO, for example, when the number of
SAs is 9 or 11. Though the DSO results areworse than that of the SSO
in some cases, we have to admit that the DSO has the potential to
get better results because it uses the actual objective in the opti-
mization, while SSO only takes the SA shapes of the BWBUG into
optimization. Therefore, the DSO strategy is doomed to obtain a
better result when the computing resources are abundant. The
optimization problems in SSO are only five-dimensional problems,

Fig. 10. Pressure distribution of the initial and optimized shape in Case 3.

Fig. 11. Pressure distribution of the initial and optimized shape in Case 4.

Fig. 12. Pressure distribution of the initial and optimized shape in Case 5.
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and then it is very likely to find the global optimum within 50 it-
erations, while the dimensions in Case 9 and Case 10 are 45 and 55,

respectively. Then, the DSO becomes the high-dimensional black-
box problem and it is hard to get the global optimum within 100
iterations. That is why DSO results of Case 9 and Case 10 appear
worse than that of the SSO. To prove this point, we performed extra
50 iterations on Case 9 and 10 to see if the results can be refined,
and the extra iterations are shown in Fig. 16. Results indicate that
the LDRs of Case 9 and Case10 are improved to 18.8967 and 18.8373
respectively, which are a little bit better than that of the SSO.
However, the improvements are at the cost of using extra 100 3-D
simulations in each case.

On the other hand, the CPU time of SSO is a lot less than that in
DSO. As the number of SAs increases, the CUP time in DSO raises at a
higher speed. Then, the more SAs are involved, the more CPU time

Fig. 13. Iteration process of DSO test Cases.

Table 14
Optimization results of DSO test Cases.

Models Lift-to-Drag Ratios

Case 6 Case 7 Case 8 Case 9 Case 10

Initial shape 18.0631 18.0848 18.2973 18.2242 18.1525
Optimized shape 18.7901 18.8049 18.8892 18.8144 18.6725
Improvement 4.02% 3.98% 3.23% 3.24% 2.86%

Table 15
Results comparison between SSO and DSO among all Cases (the values in brackets in Case 9 and 10 are the results with extra 50 iterations).

N ¼ 3 Case 1 (SSO) Case 6 (DSO) Differences

Lift-to-Drag Ratios 18.7379 18.7901 0.0522
Improvement 3.74% 4.02% 0.55%
Number of Simulations 360 (2-D simulation) 290 (3-D simulation) /

CPU time (h) z12.0 z116.0 z104

N ¼ 5 Case 2 (SSO) Case 7 (DSO) Differences
Lift-to-Drag Ratios 18.7630 18.8049 0.0419
Improvement 3.75% 3.98% 0.23%
Number of Simulations 600 (2-D simulation) 350 (3-D simulation) /

CPU time (h) z20.0 z140.0 z120.0

N ¼ 7 Case 3 (SSO) Case 8 (DSO) Differences
Lift-to-Drag Ratios 18.8692 18.8892 0.0200
Improvement 3.13% 3.23% 0.10%
Number of Simulations 840 (2-D simulation) 410 (3-D simulation) /

CPU time (h) z28 z164.0 z136.0

N ¼ 9 Case 4 (SSO) Case 9 (DSO) Differences
Lift-to-Drag Ratios 18.8867 18.8144 (18.8967) �0.0723 (0.0100)
Improvement 3.64% 3.24% (3.69%) �0.40% (0.05%)
Number of Simulations 1080 (2-D simulation) 470 (3-D simulation) /

CPU time (h) z36.0 z188.0 z152.0

N ¼ 11 Case 5 (SSO) Case 10 (DSO) Differences
Lift-to-Drag Ratios 18.8310 18.6725 (18.8373) �0.1585 (0.0062)
Improvement 3.74% 2.86% (3.77%) �0.88% (0.03%)
Number of Simulations 1320 (2-D simulation) 530 (3-D simulation) /
CPU time (h) z44.0 z212.0 z168.0

Fig. 14. Results comparison of SSO and DSO with respect to the number of SAs.
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SSO can save. In general, the SSO strategy only takes about 10%e
20% of the computational cost in DSO. To sum up, the SSO strategy
can perform better if more SAs are optimized. With the number of
SAs increase, the difference between DSO and SSO results will
decrease, and SSO even performs better when the computational
resources are limited.

6. Conclusion

In this work, the performance of a simplified shape optimization
strategy is studied. For shape optimization of BWBUGs, surrogate-
based methods are usually adopted while the computational
burden is still heavy with a large number of 3-D simulations
required. A simplified shape optimization strategy SSO was previ-
ously presented to reduce the computational expense by opti-
mizing a finite number of SAs of the BWBUG. Then, only 2-D
simulations are required and the computational cost is significantly
reduced. The SSO strategy is tested and the result is just a little
worse than that of the DSO strategywhile simply takes about 16% of

the computational cost. However, only three SAs are used to verify
the SSO strategy and how SSO performs with a different number of
SAs was not discussed. To make up this deficiency, we investigate
the performance of SSO in this paper. Firstly, three to eleven SAs are
selected from a BWBUGwith a fixed planform shape. Then, the SSO
strategy is implemented with a different number of SAs taken into
consideration. Besides, the BWBUGs with a different number of SAs
are also optimized with the DSO strategy to make a reference.
Finally, the results of SSO and DSO are compared and how the
performance of SSO varies with the number of SAs is discussed.

The main conclusions of this work can be summarized as fol-
lows: (1) With the numbers of SAs increase, the difference between
SSO and DSO results diminishes, which indicates that the perfor-
mance of SSO becomes better. (2) The shape optimization problem
can be high-dimensional and hard to solve when more SAs are
adopted. Then the SSO strategy can even outperform the DSO
strategy when computational resources are not abundant enough
to solve the problem directly. (3) The consumption of computing
resource involved in SSO is a lot less than that in DSO, and this
difference expands with the number of SAs increases. (4) Although
SSO can save more computational cost when more SAs are opti-
mized, the SSO also requires more computational cost. Besides, the
result differences between SSO and DSO are relatively small in all
the cases and increasing the number of SAs cannot improve the
performance significantly. Therefore, the appropriate number of
SAs for SSO needs to be mainly determined by the available
computing resources. (5) In SSO, the SAs can be straight optimized
separately, which shows the parallel ability of this strategy. When
parallel computing resources are available, the shape design opti-
mization process can be reduced to a greater extent.

There are also some insufficiencies of this work. For example,
the performance of SSO is only investigated based on a relatively
simple BWBUG shape, and some more complex BWBUG is not
discussed. Besides, how to combine the planform optimization in
SSO is not discussed. These insufficiencies will be further studied in
our future work.
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