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Abstract

In this paper, multi-objective optimization of a multi-bubble pressure cabin in the underwater glider with Blended-Wing-Body (BWB) is
carried out using Kriging and the Non-dominated Sorting Genetic Algorithm (NSGA-II). Two objective functions are considered: buoyancy-
weight ratio and internal volume. Multi-bubble pressure cabin has a strong compressive capacity, and makes full use of the fuselage space.
Parametric modeling of the multi-bubble pressure cabin structure is automatic generated using UG secondary development. Finite Element
Analysis (FEA) is employed to study the structural performance using the commercial software ANSYS. The weight of the primary structure is
determined from the volume of the Finite Element Structure (FES). The stress limit is taken into account as the constraint condition. Finally,
Technique for Ordering Preferences by Similarity to Ideal Solution (TOPSIS) method is used to find some trade-off optimum design points from
all non-dominated optimum design points represented by the Pareto fronts. The best solution is compared with the initial design results to prove
the efficiency and applicability of this optimization method.
Copyright © 2017 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/).
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1. Introduction

Underwater glider (Javaid et al., 2014) is a new type of
Autonomous Underwater Vehicles (AUV) which changes
movement state by adjusting buoyancy and converts the lift on
wings into propulsive force. Compared to the traditional pro-
peller propulsion underwater vehicle, gliders have excellent
hydrodynamic performance and cruising capacity which sat-
isfies long-range and extended-duration deployments. BWB
configuration was used to the design of underwater gliders in
order to achieve higher hydrodynamic efficiency. This
configuration has no clear dividing line between the wings and
the main body of the craft, which provides higher maximum
lift to drag ratio and lower wetted area to volume ratio. Jenkins

et al. (2012) have fully studied the feasibility of BWB un-
derwater gliders. ONR (Hildebrand et al., 2010) developed a
BWB design model, “Liberdade X-Ray”, which is the world's
largest known underwater glider. The Z-Ray underwater glider
was a modified form of the X-Ray underwater glider which
completed in March 2010.

In conventional torpedo-shaped underwater glider, circular
fuselage can efficiently handle external pressure through hoop
stress. Mukhopadhyay (1996) showed that in non-circular
cross sections, such as those present in the BWB aircraft
fuselage, large bending stresses are induced from internal
pressure and present a critical loading condition. A wide va-
riety of structural concepts have been proposed for the BWB
aircraft fuselage. The first BWB designs proposed by Liebeck
(2002) used traditional skin and stringer arrangements, two
structural concepts were considered: (1) a thin arched pressure
vessel above and below each cabin; (2) a thick sandwich
structure for both the upper and lower wing surfaces. In order
to take advantage of circular cross sections, later designs used
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pressures shells to contain the cabin pressure and a separate
outer skin to handle the wing bending loads. Both light hon-
eycomb material and cross-ribbed concepts have been pro-
posed to connect the inner and outer skin. Another structural
concept for the BWB fuselage uses flat sandwich panels where
a deep sandwich shell with composite skins and honeycomb
core simultaneously handle the internal pressure and wing
bending loads.

Mukhopadhyay et al. (2012, 2016) developed a multi-
bubble stiffened pressure vessel concept. In this design, the
two merging bubble sections meet with the intercabin vertical
wall at an angle so surface in-plane membrane forces are in
self-equilibrium. This geometrical arrangement could reduce
undue bending at these joints, thereby preserving the advan-
tage of a cylindrical-section fuselage, under internal cabin
pressure. Additional cross-ribbed outer shell structures appear
to be quite effective to provide buckling stability and carry
spanwise bending loads. The multi-bubble could reduce the
overall weight by about 20e30% compared to using all flat
surfaces. This result is ambiguous because the investigations
were only based on finite element analyses of a section of the
fuselage and it is unclear how the fuselage was designed nor
integrated into the total structure.

Geuskens et al. (2008, 2011, 2012) presented the interior
configuration of multi-bubble pressure cabin used in BWB
aircraft in detail. The multi-bubble composed of cylindrical,
spherical, toroidal and tapered membrane elements was
analyzed under internal pressure about 0.08 MPa. Linear
membrane theory was used to assess the membrane forces and
deformations in the pressurized structure. The structural effi-
ciency was defined as the ratio of the mass and the pressurized
volume of the pressure vessel. Multi-bubble pressure cabin is
also suitable for BWB underwater glider. The structural per-
formance of multi-bubble pressure cabin can be obtained by
the FEA.

The effective area is defined as the ratio of the inscribed
rectangle by the frontal area as shown in as Fig. 1. The
structural efficiency is defined as the ratio of the pressurized
volume and the mass of the pressure vessel. Compared to the
single pressure hull, multi-bubble pressure cabin has higher
effective area and lower structural efficiency. In addition,
multi-bubble pressure cabin can takes full use of the under-
water glider's geometrical space. Therefore, multi-bubble
pressure cabin is particularly interesting for underwater
glider applications.

For the multi-objective problems which involve a large
number of function evaluations, the optimization algorithms

based on community intelligence, such as Genetic Algorithm
(GA) and Particle Swarm Optimization (PSO) algorithm, have
been widely applied and the good performances have been
validated (Chen et al., 2012). Some Multi-Objective Optimi-
zations (MOO) in modern design problems often involve
intensive computation and costly simulation, such as
Computational Fluid Dynamics (CFD) and Finite Element
Analysis (FEA). So the huge computational overhead is the
main challenge in the application of these community based
optimization methods to deal with the MOO problems
involving costly simulations.

One effective way to reduce the number of expensive
computational evaluations in global optimization is to employ
the efficient Surrogate-Based Optimization (SBO) technology
(Queipo et al., 2005). The SBO search process includes three
steps: (a) select sample points; (b) construct a Surrogate
Model (SM); and (c) resample promising points. To get a
better initial SM with fewer sample points, a variety of Design
Of Experiments (DOE) methods have been introduced,
including Latin Hypercube Sampling (LHS) (Iman, 2008),
Optimal Latin Hypercube Sampling (OLHS) (Jin et al., 2005),
uniform design method (Liao et al., 2008) etc. Common SM
methods include Polynomial Response Surface (PRS)
(Viswamurthy and Ganguli, 2007), Radial Basis Function
(RBF) (Myers et al., 2016), Kriging (Forrester and Keane,
2009), Support Vector Regression (SVR) (Yang et al., 2002),
Multivariate Adaptive Regression Spline (MARS) (Friedman,
1991), Adaptive and Interactive Modeling System (AIMS)
(Yang et al., 2005), neural network (Saijal et al., 2011) etc.

In problems with at least two conflicting objectives, a set of
optimal solutions exists as a result of the trade-offs between
these objectives. Different versions of multi-objective evolu-
tionary and metaheuristic algorithms have been successfully
used to develop Pareto fronts, including Non-dominated
Sorting Genetic Algorithm II (NSGA-II) (Chang et al.,
2005); Ant Colony Optimization (ACO) (Jalali et al., 2007);
Honey Bees Mating Optimization (HBMO) (Haddad et al.,
2006); Particle Swarm Optimization (PSO) (Fallah-
Mehdipour et al., 2011); Ant Lion Optimizer (ALO)
(Mirjalili, 2015).

Rajagopal and Ganguli (2008) processed a conceptual
design of UAV using Kriging based multi-objective genetic
algorithm. Li et al. (2008) presented a new multi-objective
design optimization approach in which the Kriging-based
metamodeling is embedded within a MOGA. Chen et al.
(2015) discussed multi-objective optimization of the vehicle
ride comfort based on Kriging approximate model and NSGA-

Fig. 1. Effective area (EA) for different cylinder configurations.
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II. Gu et al. (2013) combined a Kriging model and non-
dominated sorting genetic algorithm II (NSGA-II) for
MOOP of vehicle occupant restraint system design under
frontal crash, and obtained the enhanced results compared
with the original design. Jie et al. (2016) incorporated the
Kriging model within the conventional multi-objective particle
swarm optimization (MOPSO) for expensive black-box
problems. Sun et al. (2011) used radial basis function model
and MOPSO for multi-objective sheet metal forming optimi-
zation, a comparison was made between the NSGA-II and
MOPSO methods.

This paper considers a two-objective optimization strategy
of maximizing the internal volume as well as maximizing the
buoyancy-weight ratio of a multi-bubble pressure cabin in
underwater glider with blended-wing-body. Section 2 presents
the multi-bubble pressure cabin's parametric structure model;
Section 3 focuses on the settings for finite element analysis;
Section 4 and section 5 introduce the optimization process;
Section 6 investigates TOPSIS method used to select trade-off
optimum points among the Pareto front; Section 7 analyzes the
optimization results in detail and section 8 makes a summary.

2. Parametric model

The multi-bubble pressure cabin is composed of four
different elements: (1) the cylinder which is a constituent of
the multi-cylinder, (2) the multi-sphere that close the multi-
bubble, (3) the toroidal shells that are connected into multi-
torus, and (4) the stiffener used to provide support in the
bonding area. The multi-sphere configured in closed-cell
configuration. All shell elements are assumed to be sub-
jected to uniform external normal pressure. The multi-bubble
pressure cabin is shown as Fig. 2.

Fig. 3 shows the definition of multi-bubble pressure cabin's
parameters. R1, R2, R3 are the radius of cylinder, a1, a2, a3, a4
are rotation angle, a5 is the angle of multi-torus, l1, l2 are the
extruded distance, t1 is shell thickness, t2 is the thickness of
support beam, t3 is the thickness of stiffener. In this paper,
l1 ¼ 650 mm, l2 ¼ 400 mm, a5 ¼ 30�. a2, a4 can be derived
from Eqs. (1) and (2). The remaining eight parameters are
selected as design variables.

R1 sina1 ¼ R2 sina2

R2 sina3 ¼ R3 sina4

Multi-cylinder is considered as thin cylinders because t/
R < 0.1, with t being the thickness and R the outside radius
(Annaratone, 2007). If only the average value of the hoop
stresses is considered, the normal force is:

N ¼ PR ð1Þ
For multi-cylinder and multi-torus, the critical pressure Pc

will be:

Pc ¼ ss

t

R
ð2Þ

where P is external pressure, ss is the yield strength.
For multi-sphere, the critical pressure Ps is given by:

Ps ¼ ss

2t

R
ð3Þ

In this paper, the modeling of the BWB underwater glider is
described by using two types of parameters: the planform
shape parameters which describe the shape characteristics of
the glider; the profile parameters which describe the spanwise
profile shape. A total of 16 design variables are used. The wing
span is 5000 mm, the fuselage length is 2500 mm, and the
fuselage width is 500 mm. Fig. 4 displays the relative positions
of multi-bubble pressure cabin and BWB underwater glider
fuselage in a three-dimensional space, where R1 ¼ 140 mm,
R2 ¼ 130 mm, R3 ¼ 120 mm, a1 ¼ 450, a3 ¼ 450, t1 ¼ 8 mm,
t2 ¼ 10 mm, t3 ¼ 6 mm.

The overall structure of BWB underwater glider which
consists of multi-bubble pressure cabin, frame structure and
skin is shown in Fig. 5.

3. Numerical analysis

The structural numerical simulations of BWB underwater
glider's multi-bubble pressure cabin presented in this paper is
carried out based on Finite Element Analysis (FEA) method
using the commercial software ANSYS. The buoyancy-weight
ratio and internal volume are set as objective functions while

Fig. 2. Multi-bubble pressure cabin: (a) three dimensional views, (b) cross-section.
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the maximum Von-Mises stress is taken into account as the
constraint condition.

Aluminum material is used with isotropic elastic Young's
modulus E ¼ 71 GPa, Poisson ratio m ¼ 0.33, and density
r ¼ 2770 kg/m3. The BWB underwater glider's maximum
operational depth is 1000 m, therefore, the pressure cabin
suffered uniform external pressure of 10 MPa. Structured grids

with hexahedral cells are used in all the calculations. In this
study, each case has 1.95 million grids, the FEA process costs
about 0.25 h with a computer of Intel(R) Xeon(R) CPU X5690
@3.47 GHz for each case which corresponds to one experi-
mental design point. Finite element model of multi-bubble
pressure cabin is shown as Fig. 6.

4. Method

4.1. Multi-objective optimization

Multi-objective optimization, which is also called multi-
criterion optimization or vector optimization, has been
defined as finding a vector of decision variables satisfying

Fig. 3. Definition of multi-bubble pressure cabin: (a) multi-cylinder, (b) cross-section.

Fig. 4. Three-view rendering of multi-bubble pressure cabin and BWB un-

derwater glider fuselage. Fig. 5. Structure arrangement of BWB underwater glider.
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constraints to give acceptable values to all objective functions.
In these problems, there are several objectives or cost func-
tions (a vector of objectives) to be optimized (minimized or
maximized) simultaneously. For Multi-Objective Optimization
Problems (MOOP), there is a set of non-dominated solutions,
known as Pareto optimal solutions or Pareto front. Multi-
objective optimization problems can be generalized as
follows:

find X ¼ ½x1;x2; :::; xn�T8>><
>>:

max FðXÞ ¼ ½G1ðXÞ;G2ðXÞ; :::;GmðXÞ�

s:t:

8<
:

XL � X � XU

giðXÞ � 0; i¼ 1;2; :::;p
hjðXÞ ¼ 0; j¼ 1;2; :::;q

ð4Þ

where x1, x2, …, xn are the design variables, n is the dimension
of design variables, m is the number of objective functions, p is
the number of inequality constraints, q is the number of
equality constraints, XL and XU are the lower and upper bounds
of design variables, respectively.

4.2. Kriging model

The Kriging model expresses the unknown function byðxÞ as
byðxÞ ¼ bþ ZðxÞ ð5Þ
where x is an n-dimensional vector (n design variables), b
represents a linear regression part. ZðxÞ represents a local
deviation from the global model, and ZðxÞ is a model of a
Gaussian and stationary random process with zero mean and
covariance (Wang et al., 2010):

E½ZðxÞ� ¼ 0 ð6Þ

E½ZðxÞZðxiÞ� ¼ s2Rðx;xiÞ ð7Þ
where s2 is the variance of stationary random process. Rðx; xiÞ
is the spatial correlation function which represents the corre-
lation between ZðxÞ and ZðxiÞ, and it is related to the distance
between the two corresponding points x and xi. The Spatial
Correlation Function (SCF) is defined as:

Rðx;xiÞ ¼ exp½ � dðx;xiÞ� ð8Þ

dðx;xiÞ ¼
Xn

k¼1

qkðxki � xkÞ2 ð9Þ

where dðx; xiÞ is a special weighted distance, qkðqk > 0Þ is the
k-th element of correlation vector parameter q. According to
the spatial correlation function, the correlation matrix can be
defined as:

R¼

2
664
Rðx1;x1Þ Rðx1;x2Þ / Rðx1;xNÞ
Rðx2;x1Þ Rðx2;x2Þ / Rðx2;xNÞ

« « 1 «
RðxN ;x1Þ RðxN ;x2Þ / RðxN ;xNÞ

3
775 ð10Þ

Each element of this matrix R is a spatial correlation
function of two known points, and this matrix R shows each
possible combination of all known points. The correlation
between an unknown point x and the N known sample points is
represented by a vector rðxÞ:

rðxÞ ¼ fRðx;x1Þ Rðx;x2Þ / Rðx;xNÞ gT ð11Þ
The Kriging predictor byðxÞ is:

byðxÞ ¼ bbþ rTðxÞR�1
�
Y�Ebb� ð12Þ

Fig. 6. Structured grids of multi-bubble pressure cabin.
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where Y is N-dimensional vector, and bb is the least-squares
estimated of b:

Y¼ f yðx1Þ yðx2Þ … yðxNÞ gT ð13Þ

bb ¼ �
ETR�1E

��1
ETR�1Y ð14Þ

The Kriging predictor byðxÞ has uncertainty, and this un-
certainty is expressed as

bs 2ðxÞ ¼ s2
n
1� rTðxÞR�1rðxÞ

þ �
1�ETR�1rðxÞ�2�ETR�1E

��1
o

ð15Þ

where bs2ðxÞ is the mean squared error of byðxÞ, and it indicates
the uncertainty at the point x. When point x into sample point,
the value of bs2ðxÞ converges to zero. This means that the
uncertainty of the estimation point largely depends on the
distance from sample points, in other words, the farther point x
to the sample point, the more uncertain is the prediction byðxÞ.
4.3. NSGA-II

The non-dominated sorting genetic algorithm II (NSGA-II)
proposed by Deb et al. (2002) is an evolutionary optimization
algorithm, which is an extended form of the genetic algorithm.
It is one of the most widely used multi-objective algorithms
since it provides excellent results as compared with other
multi-objective algorithms proposed (Coello, 2006). A brief
description of processes of NSGA-II is presented in Fig. 7.

The main steps of the NSGA-II are respectively given as
follows:

Step 1 Initialize the parent population, and compute the
constraints and objectives of each individual.

Step 2 Rank the population using non-domination criteria,
compute the crowding distance.

Step 3 Apply the genetic operators of selection, crossover
and mutation to generate a child population and validate the
child population.

Step 4 Combine the parent and child populations, rank
them and re-compute the crowding distance. Apply elitism to
select the best N individuals from the combined population.

Step 5 Add all rank ¼ 1 solutions to the archive and update
the archive by removing all dominated and duplicated
solutions.

Step 6 Return to Step 3 if it does not meet the termination
criterion. Otherwise, record the candidate Pareto optimal set in
the archive and output results.

5. Kriging based NSGA-II optimization method

The Kriging based NSGA-II optimization method is suit-
able for multi-objective problems involving computationally
expensive black-box objective function. To visually show the
process of the proposed method, the flowchart is given blow
(Fig. 8).

The Kriging based NSGA-II is summarized as follows:
Step 1 Design of experiment: apply DOE to generate N

sample points over the entire design space.
Step 2 Carry on finite element analysis using the N sample

points and store the results in the sample.
Step 3 Rank all samples based on their computational

values.
Step 4 Construct objective and constraint functions of the

Kriging surrogate model. Here, sample values use the true
computational values.

End

Evaluation

Ranking

Selection

Crossover

Mutation

Evaluation of children
population

Ranking of parent and
children population

Select best N individuals
based on elitism

Print results

Start

Gen < maxgen?

Yes

No

Initialize population
Gen=0

Fig. 7. Flowchart of NSGA-II.

Initial process

Generate samples by DOE

Finite element analysis

Initialize the samples
database

Construct kriging model

NSGA-II

Obtain the current optimal
solutions

Obtain Pareto front

Satisfied the
convergence?

Loop process

End

Add points and carry on
finite element analysis

Update the order of all the
samples

Yes

No

Fig. 8. Flowchart of optimization process.
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Step 5 Obtain the child population generated by NSGA-II.
Step 6 Perform finite element analyses at the children

population.
Step 7 Add the children population solutions to samples

database and update, obtain the Pareto front.
Step 8 Repeat the steps 4 to 7 until the Pareto front is

almost unchanged.

6. TOPSIS method

The Pareto front obtained by Kriging based NSGA-II
optimization algorithm prepares a set of non-dominated
design points. It is necessary to employ some methods to
choose the trade-off optimal design point through the Pareto
front. Technique for Order Preference by Similarity to Ideal
Solution (TOPSIS) applies a weight or an importance factor to
each objective function and proposes a point according to
these importance factors (Opricovic and Tzeng, 2004). The
method comprises the following steps:

(1) The values of objective functions (S) and weight of each
objective (W) must be determined. Sij is the i-th optimum
point of the j-th objective function. Wj represents the
weight of j-th objective function which must satisfy the
following equation:

Xm

j¼1
Wj ¼ 1 ð16Þ

(2) Normalize Sij:

S
^

ij ¼ SijffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPt
i¼1S

2
ij

q for i¼ 1;2;,,,;t; j¼ 1;2;,,,;m ð17Þ

(3) Multiply the normalized matrix with related weight
factors:

S
_

ij ¼Wj � S
^

ij ð18Þ

(4) Find values of S� and Sþ according to the following
equations:

(5) Find the separation measures D�
i and Dþ

i for each Pareto
point:

D�
i ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXm

j¼1

�
S
_

ij � S�j
�2

r
for i¼ 1;2;,,,;t; j¼ 1;2;,,,;m

ð21Þ

Dþ
i ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXm

j¼1

�
S
_

ij � Sþj
�2

r
for i¼ 1;2;,,,;t; j¼ 1;2;,,,;m

ð22Þ
(6) Calculate Di which represents the relative accuracy of

each Pareto curve:

Di ¼ D�
i

Dþ
i þD�

i

; 0� Di � 1 ð23Þ

(7) The maximum value of Di will be selected, the corre-
sponding objective functions' values and optimum design
variables will be determined.

7. Optimization of multi-bubble pressure cabin

7.1. Multi-objective problem

In this study, the internal volume is defined as the available
volume of the multi-bubble pressure cabin; the buoyancy-
weight ratio is defined as the ratio of the pressurized volume
and the mass of the multi-bubble pressure cabin. Compared to
the single cylinder pressure cabin, multi-cylinder pressure
cabin has higher internal volume, but the buoyancy-weight
ratio is relatively small. The sphere structure and torus struc-
ture share the same conclusion. So the internal volume and the
buoyancy-weight ratio are conflicting, they cannot get high
performance simultaneously.

The sketch of multi-cylinder as shown in Fig. 3 (a) is on the
cross section of Z ¼ 1500 mm. The multi-bubble pressure
cabin is completely inside the fuselage of BWB underwater
glider, we can find the value range of R1, R2, R3, a1, a3 by
satisfying the boundary constraint. Then the finite element
analyses are carried out at the design points received from
random sampling method. The approximate value range of t1,
t2, t3 can be obtained by considering the stress constraint.

The multi-objective optimization problem of multi-bubble
pressure cabin can be defined as follows:

S� ¼
�
min

�
S
_

11; S
_

21;,,,; S
_

t1

�
;min

�
S
_

12; S
_

22;,,,; S
_

t2

�
; :::;min

�
S
_

1m; S
_

2m;,,,; S
_

tm

��
ð19Þ

Sþ ¼
�
max

�
S
_

11; S
_

21;,,,; S
_

t1

�
;max

�
S
_

12; S
_

22;,,,; S
_

t2

�
; :::;max

�
S
_

1m; S
_

2m;,,,; S
_

tm

��
ð20Þ
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8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

max FðXÞ ¼ ½V ; B=W �
s:t: 130� R1 � 140
120� R2 � 130
110� R3 � 120
45� a1 � 55
45� a3 � 55
7� t1 � 12
8� t2 � 16
5� t3 � 10
smax � ss=g1

ð24Þ

where, V represents internal volume, B/W is buoyancy-weight
ratio, R1, R2, R3, a1, a3, t1, t2, t3 are the design variables, smax

represents the maximum Von-Mises stress, ss is the yield
strength of the material, and the stress safety factor g1 ¼ 1.2.

7.2. Results and discussion

The Optimal Latin Hypercube Sampling (OLHS) method
can generate more homogenously distributed sampling points
in the design space and capture the higher order of non-
linearity at a larger number of levels with fewer design
points compared to Latin Hypercube Sampling (LHS). In
order to ensure the accuracy of surrogate model, 80 design
points are generated by OLHS in the design space for the eight
design variables (R1, R2, R3, a1, a3, t1, t2, t3). Then the finite
element analyses are presented at these design points. The
Kriging surrogate models of V, B/W and smax are constructed
based on the FEA results above.

The process of Pareto multi-objective optimization is
accomplished by using the NSGA-II approach where a pop-
ulation size of 30 and a generation number of 500 have been

chosen. Each iteration generates approximately 30 new design
points. Finally, after seven iterations, the Pareto front no
longer changed, and then the iteration is stopped. As a result of
281 finite element analyses, 139 feasible solutions satisfying
the constraint condition together with 142 infeasible solutions
unsatisfying the constraint conditions are received. A total
number of 24 Pareto optimal design points have been obtained
during the multi-objective optimization process, the corre-
sponding objective functions value and constraint value are
shown in Table 1.

Fig. 9 illustrates the changing process of the Pareto front.
The design point K on the initial Pareto front is selected as
initial design point. The Pareto front is significantly getting
better and narrower as the number of iterations increases.

Table 2 shows the trade-off optimal design point obtained
through the Pareto front using TOPSIS method, where W1 is
the weight of internal volume, W2 is the weight of buoyancy-
weight ratio. Values of design variables and objective func-
tions for the optimum design points A, B, C, D, and E are
presented. The optimal design point A stands for the maximum
buoyancy-weight ratio while the optimal design point E stands
for the maximum internal volume, respectively. This result can
be obtained by single-objective optimization.

The internal volume of multi-bubble pressure cabin from
point A to point B is increased by 0.45% with a decrease in
buoyancy-weight ratio by 0.05%. The internal volume of
multi-bubble pressure cabin from point B to point C is
increased by 5.53% with a decrease in buoyancy-weight ratio
by 6.89%. Optimum design point C decreases 0.41% in in-
ternal volume compare with that of point D while its
buoyancy-weight ratio improves 0.46% compare with that of
point D. Optimum design point D decreases 0.49% in internal

Table 1

Pareto optimal design points.

R1/mm R2/mm R3/mm a1/mm a3/mm t1/mm t2/mm t3/mm V/dm3 B/W Stress/MPa

1 137.414 129.641 120.000 45.000 45.000 8.827 11.925 6.027 221.698 2.516 278.310

2 137.577 127.002 120.000 49.874 45.115 7.920 9.287 7.215 208.212 2.792 273.310

3 137.582 126.992 120.000 50.302 45.115 7.839 9.288 7.215 207.277 2.806 275.230

4 137.140 127.876 120.000 45.000 45.000 8.418 11.293 5.375 218.874 2.614 270.980

5 137.421 128.354 120.000 45.000 45.000 8.418 11.349 5.589 219.720 2.612 273.620

6 137.441 128.205 120.000 45.000 45.000 8.418 11.293 5.751 219.488 2.613 275.990

7 137.714 128.368 120.000 45.000 45.000 8.455 11.303 5.538 219.780 2.609 275.050

8 137.714 128.524 120.000 45.000 45.000 8.455 11.303 5.720 220.029 2.608 271.900

9 137.783 128.933 120.000 45.000 45.000 8.455 11.405 6.137 220.619 2.600 276.260

10 137.878 128.933 120.000 45.000 45.000 8.453 11.405 6.341 220.624 2.598 273.160

11 137.982 128.933 120.000 45.000 45.000 8.454 11.405 6.476 220.633 2.596 274.660

12 140.000 125.954 120.000 45.545 45.000 8.265 10.571 7.362 215.711 2.655 270.750

13 140.000 125.395 120.000 46.298 45.000 8.169 10.330 7.366 213.287 2.680 268.360

14 140.000 125.553 120.000 45.681 45.000 8.301 10.302 7.438 214.772 2.661 266.420

15 140.000 125.664 120.000 45.464 45.000 8.150 10.800 7.549 215.454 2.659 275.970

16 140.000 125.667 120.000 45.819 45.000 8.303 10.291 7.243 214.679 2.663 266.020

17 140.000 125.746 120.000 45.681 45.000 8.301 10.330 7.438 215.105 2.660 269.600

18 140.000 125.763 120.000 46.950 45.000 8.260 9.950 7.376 212.404 2.685 273.810

19 140.000 125.821 120.000 46.857 45.000 8.020 10.677 7.468 212.699 2.682 275.920

20 140.000 125.861 119.973 46.947 45.000 8.151 10.285 7.399 212.504 2.683 275.920

21 140.000 125.957 120.000 46.527 45.000 8.184 10.305 7.708 213.667 2.677 275.040

22 140.000 125.962 120.000 45.000 45.000 8.287 10.662 7.849 216.837 2.644 277.370

23 140.000 126.032 120.000 46.129 45.000 8.285 10.266 7.525 214.600 2.665 268.030

24 140.000 126.093 120.000 46.527 45.000 8.184 10.370 7.719 213.855 2.673 269.910
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volume compares with that of point E while its buoyancy-
weight ratio improves 3.34% compare with that of point E.
So it is clear that point A is the best design among the five
optimum design points.

Compared with the initial point K, the optimum design
point A improves 6.11% in internal volume and 24% in
buoyancy-weight ratio. This comparison proves the multi-
objective optimization process is effective.

The finite element analysis results of the optimum design
points A, B, C, D, E and initial design point K are shown in
Fig. 10, respectively.

Most of the maximum equivalent stress points appear at the
junction of two shells of different geometry. The stiffener is
essential to the multi-bubble pressure cabin. The maximum

equivalent stress will increase significantly without the stiff-
ener. Since the thickness of the multi-bubble pressure cabin is
the same and the radius of the intermediate section is larger
than that of both sides, the equivalent stress of the intermediate
section is larger than that of both sides. Furthermore, the
equivalent stress of the multi-sphere is relatively small
compared to the equivalent stress of the multi-cylinder and
multi-torus.

8. Conclusions

An effective structural optimization approach for BWB
underwater glider's multi-bubble pressure cabin is proposed in
this paper. This method integrated the Design Of Experiment

Pareto optimal
Feasible solution

V(dm3)
(a)

B
/W

K

(b)
V(dm3)

B
/W

Pareto optimal
Feasible solution

Pareto optimal
Feasible solution

Pareto optimal
Feasible solution

Pareto optimal
Feasible solution

B
/W

B
/W

(d)
V(dm3)

(c)
V(dm3)

Fig. 9. Pareto front: (a) initial sample; (b) the first iteration; (c) the 4th iteration; (d) the 7th iteration.

Table 2

Sets of optimization parameters.

W2 W2 R1/mm R2/mm R3/mm a1/mm a3/mm t1/mm t2/mm t3/mm V/dm3 B/W Stress/MPa

A 0 1 137.582 126.992 120.000 50.302 45.115 7.839 9.288 7.215 207.277 2.806 275.230

B 0.25 0.75 137.577 127.002 120.000 49.874 45.115 7.920 9.287 7.215 208.212 2.792 273.310

C 0.5 0.5 137.421 128.354 120.000 45.000 45.000 8.418 11.349 5.589 219.720 2.612 273.620

D 0.75 0.25 137.783 128.933 120.000 45.000 45.000 8.455 11.405 6.137 220.619 2.600 276.260

E 1 0 137.414 129.641 120.000 45.000 45.000 8.827 11.925 6.027 221.698 2.516 278.310

Initial point K 137.590 122.530 118.100 45.380 47.910 8.582 14.580 8.924 195.340 2.263 255.170
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Fig. 10. The finite element analysis results: (a) design point A, (b) design point B, (c) design point C, (d) design point D, (e) design point E, (f) initial design point K.
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(DOE), parametric structure modeling, Finite Element Anal-
ysis (FEA), Kriging and NSGA-II through MATLAB. The
multi-objective optimization is formulated in terms of two
objectives and one constraint with eight design variables. It is
found that the internal volume and buoyancy-weight ratio of
the multi-bubble pressure cabin are two conflict objectives.
After seven iterations, the final Pareto front is obtained, and it
is obviously superior to the Pareto front obtained by the pre-
vious iterations. In order to find the trade-off design point
among the non-dominated Pareto optimal points, Technique
for Order Preference by Similarity to Ideal Solution (TOPSIS)
method is investigated with a serious of weight factor. The
best design point is selected among the five optimum design
points. The finite element analyses show that the structural
efficiency of the best design point has been greatly improved
compared with the initial point. The results demonstrate that
this optimization process is applicable and efficient in solving
multi-objective engineering problems. The follow-up of this
research project focuses on increasing design variables,
improving parametric models and making the prototype of
multi-bubble pressure cabin. The effect of opening holes on
the stiffener will also be studied.
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