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a b s t r a c t

Hydrofoil is the direct component to generate thrust for underwater glider. It is significant to improve
propulsion efficiency of hydrofoil. This study optimizes the shape of a hydrofoil using Free-Form
Deformation (FFD) parametric approach and Surrogate-based Optimization (SBO) algorithm. FFD
approach performs a volume outside the hydrofoil and the position changes of control points in the
volume parameterize hydrofoil's geometric shape. SBO with adaptive parallel sampling method is
regarded as a promising approach for CFD-based optimization. Combination of existing sampling
methods is being widely used recently. This paper chooses several well-known methods for combination.
Investigations are implemented to figure out how many and which methods should be included and the
best combination strategy is provided. As the hydrofoil can be stretched from airfoil, the optimizations
are carried out on a 2D airfoil and a 3D hydrofoil, respectively. The lift-drag ratios are compared among
optimized and original hydrofoils. Results show that both lift-drag-ratios of optimized hydrofoils
improve more than 90%. Besides, this paper preliminarily explores the optimization of hydrofoil with
root-tip-ratio. Results show that optimizing 3D hydrofoil directly achieves slightly better results than 2D
airfoil.
© 2018 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

In recent years, there has been an increasing interest in
exploring ocean environment and exploiting ocean resources. Un-
derwater vehicles play major roles for achieving this goal. Due to
harsh environment and volume restriction of energy, underwater
vehicles should be energy efficient in order to endure long range
and working duration. Underwater glider is a type of Autonomous
Underwater Vehicles (AUVs) that glides through the ocean by
controlling their buoyancy and converting the lift on hydrofoils into
propulsive force to propel themselves forward (Bachmayer et al.,
2004). The advantages of gliders include low cost, capability for
long-range, extended-duration deployments and cheap to reuse.
Since the concept of underwater glider was envisioned in 1989
(Stommel, 1989), many underwater gliders, also called legacy
gliders, such as Slocum (Webb et al., 2001), Spray (Sherman et al.,
2001), and Seaglider (Eriksen et al., 2001), have been successfully
applied in oceanographic sensing and data collection (Graver,

2005). Recently, new configurations of gliders (Hildebrand et al.,
2009) have aroused researchers' interests and some works have
been done (Sun et al., 2015, 2017).

Typical configuration of underwater glider includes revolving
hull, hydrofoils and other appendages. Hull shape makes critical
roles in lower drag and reduction in drag results in improved per-
formance. Sherman et al. (2001) carried out pool tests of four hull
prototypes and results showed that all four shapes have approxi-
mately constant drag coefficients and the slender ellipsoid has the
smallest drag coefficient. The researches of shape optimization of
revolving hull are very rich (Alvarez et al., 2009; Joung et al., 2012).
Hydrofoil produces lift and its performance is highly sensitive to
changes of the surface geometry, there are greater interests in
shape optimization of hydrofoil (Garg et al., 2015). For Slocum and
Spray the simple lifting surfaces with rectangle section are adopted
and the geometry could be optimized to achieve better hydrody-
namic performance. The steady-state gliding motion of the un-
derwater gliders is symmetrical and saw-tooth cyclical so the
section of the hydrofoil is symmetrical. This study adopts Spray's
hydrofoil as optimized target and the objective is to obtain higher
lift-drag-ratio (L/D).

With the development of computing capabilities and
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Computational Fluid Dynamics (CFD) techniques, CFD-based opti-
mizations are becoming more and more popular. It greatly im-
proves efficiency and saves resources. Shape optimization of
propulsors using CFD has been tackled in the aerospace industry, as
well as naval architecture and ocean engineering. However,
different fluid properties between water and air make the optimi-
zation process not exactly the same. The density of water is three
orders of magnitude higher than air and the kinematic viscosity of
water is an order of magnitude lower. The compressibility of water
is almost neglect and fluid forces are directly proportional to fluid
density (Young et al., 2016). On the other hand, wings applied in
aerospace industry produce huge lift to balance the aircraft weight
and the structure factors also need to take into consideration
because of high speed and vibrations. For applications in ocean
engineering, the additional difficulties of dealing with free-surface
calculations, waves, slamming and two-phase flows increase
computational costs. Extensive researches on CFD-based shape
optimization have been carried out to improve efficiency, including
shape parameterization (Joung et al., 2012; Volpi et al., 2017),
algorithmic studies on derivative-free optimization algorithms
(Dong et al., 2017a), use of single and multi-objective optimization
algorithms (Gao et al., 2016; Dong et al., 2017b), use of single and
multi-fidelity surrogate models (Leifsson et al., 2013; Baowei et al.,
2017), development and application of multidisciplinary design
optimization architectures (Zhang et al., 2017).

The efficiency of a CFD-based optimization can be dramatically
improved by using surrogatemodels (Jones et al., 1998). A surrogate
model is an approximate model of true function and in fact opti-
mization method finds the optimal solution of surrogate model.
Widely used surrogate models include Polynomial Response Sur-
face (PRS), Kriging, Radial Basis Function (RBF), Support Vector
Regression (SVR) and so on. As building accurate surrogate model
needs huge number of samples, adaptive sampling methods are
proposed. After the surrogate model is first built, sampling
methods choose new samples and the surrogate model will be
updated. Sampling methods should keep balance between global
exploration and local exploitation (Forrester and Keane, 2009).
Since Sampling methods play major role in Surrogate-based Opti-
mization (SBO), so far many of them have beenwidely used, such as
Minimizing the Predictor (MP), maximizing the Expected
Improvement (EI) (Jones et al., 1998), Maximizing the Mean
Squared Error (MSE) (Forrester and Keane, 2009), maximizing the
Probability of Improvement (PI) and minimizing the Lower Bound
(LB) (Jin et al., 2002), etc. At the same time, with the development of
parallel computation, many researchers tried to add more than one
sample in each iteration. Sobester (Sbester et al., 2004) used the
method of picking n best local maximum of EI as newly added
samples. Ginsbourger et al. (2010) developed a Kriging believer
algorithm which finds the minimum of a function of several vari-
ables. Viana et al. (Viana and Haftka, 2010) selected n points by
approximated computation of PI. They found the approach could
deliver better results in a fraction of the optimization cycles. Dong
(Dong et al., 2016) proposed a Multi-Start Space Reduction (MSSR)
algorithm for expensive black-box problems. Liu et al. (2017) pro-
posed a parallel infilling method which chooses samples based on a
combination of multiple infill methods. The applications on con-
strained drag minimizations of ONERA-M6 and DLR-F4 wings
demonstrated the effectiveness of the method.

This article is inspired by shape optimization of underwater
glider hydrofoils. First, a framework of CFD-based hydrodynamic
coefficient calculation is established, including geometric parame-
terization and CFD solver. Especially, Free-Form Deformation (FFD)
approach is applied for parameterization. Second, SBO with adap-
tive parallel sampling method is introduced and investigations are
executed to find best combination of different sampling methods.

Third, the optimization processes are conducted on 2D airfoil and
3D hydrofoil, respectively. Comparisons are carried out between
original and two optimized hydrofoils. Finally, conclusions are
drawn and future research focuses are figured out for this study.

2. Methodology

Spray is a small underwater vehicle (50 kg weight, 2m long)
with operating speed of 0.25e0.35m/s and range up to 4700 km
(Sherman et al., 2001). Its configuration includes hydrodynamic
hull shape, hydrofoils and vertical stabilizer. Fig. 1 shows the
outline of Spray and the sizes of its hydrofoil. The parameters of
hydrofoil are introduced from reference (Sherman et al., 2001) and
it is an upright planformwith 0.49m span, 0.12m chord and 4mm
thickness. For CFD-based optimization of the hydrofoil, a frame-
work should be built so that the optimization process can execute
automatically. The framework mainly contains parameterization
and CFD solver.

2.1. Geometric parameterization of hydrofoil

The geometry of a hydrofoil plays major role in hydrodynamic
performance. The methods that describe the geometry of hydrofoil
include Class function\Shape function Transformation (CST)
approach (Kulfan, 2008) and FFD approach (Sederberg and Parry,
1986). CST method describes airfoil shape and the geometry of a
hydrofoil can be obtained by interpolation. FFD approach was first
proposed by Sederberg and Parry 1986, which owns strong ability
of geometric shape deformation. Recently, FFD technique was
applied to aircraft configuration design. For example, Volpi et al.
(Volpi et al., 2017) have applied FFD method to a 3D hydrofoil for
Shape modification and design space assessment. They found that
with increasing number of control points in the FFD volume, the
geometric variance is reduced.

FFD involves a mapping from R3 to R3 through a trivariate
tensor product Bernstein polynomial. As a remarkably versatile
tool, FFD can sculpt solids bounded by any analytic surface: planes,
quadrics, parametric surfaces patches, or implicit surfaces. Con-
straints can be placed on the FFD to control the degree to which the
volume of the solid changes.

The object is imposed in a local coordinate system on a paral-
lepiped region. Any point X(x,y,z) in (s,t,u) coordinates can be
expressed as

X ¼ X0 þ sSþ tT þ uU (1)

The (s,t,u) coordinates of X can be found using linear algebra. A
vector solution is given as

s ¼ T � UðX � X0Þ
T � U$S

; t ¼ S� UðX � X0Þ
S� U$T

;u ¼ S� TðX � X0Þ
S� T$U

(2)

Then impose a grid of control points Pijk on the parallelpipe.
These form l þ 1 planes in the S direction, m þ 1 planes in the T
direction and n þ 1 planes in the U direction. These points lie on a
lattice and their locations are defined

Pijk ¼ X0 þ
i
l
Sþ j

m
Sþ k

n
S (3)

The deformation is specified by moving the Pijk from their pri-
mary lattice positions. The deformed position of an arbitrary point
X is showed as
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Pffd ¼
Xl
i¼0

Xm
j¼0

Xn
k¼0

BilðsÞBjmðtÞBknðuÞ$Pi;j;k (4)

where

BilðsÞ ¼
ðlÞ!

ðiÞ!ðl� iÞ!s
ið1� sÞl�i

BjmðtÞ ¼
ðmÞ!

ðjÞ!ðm� jÞ!t
jð1� tÞm�j

BknðuÞ ¼
ðnÞ!

ðkÞ!ðn� kÞ!u
kð1� uÞn�k

(5)

Besides, two or more FFDs can maintain cross-boundary deriv-
ative continuity when they are in a piecewise manner. Fig. 2 shows
FFD volume and embedded NACA0012 airfoil. Nine FFD control
points are distributed uniformly along each edge of the volume. Left
figure is the original shape and the right is the deformed one. Two
control points on both sides compress internally and specific lo-
cations of airfoil deform accordingly.

2.2. Numerical method

2.2.1. CFD solver
The numerical simulation presented in this paper is carried out

using the commercial software ANSYS CFX, based on finite volume
method. The fluid is water which is considered incompressible with
a density of 998.2 kg/m3 and a dynamic viscosity of
1.003� 10�3 Pa/s. The k� u Shear Stress Transport (SST) turbu-
lence model is adopted to solve the 3D Reynolds-Averaged Navier-
Stokes control equations. The convergence criteria is that the root-

mean-square residual is less than 10�5 for each equation or the
total number of iterations has reached 60.

2.2.2. Domain and mesh settings
The shape of the computational domain is configured a box-

topology where the hydrofoil is placed in the center, also at the
origin of the coordinates. Using the span (Ls) as the reference
length, the size of fluid domain is [-15Ls, 20Ls]m� [-10Ls, 10Ls]
m� [0, 10Ls]m. The inlet velocity at the front of the domain is set to
be equivalent to the glider velocity, 0.3m/s. The pressure at the end
of the domain is set to be 0 Pa. A symmetry plane in a xy-plane is
applied and the wall condition was allocated to other surfaces.
Fig. 3 shows the computational domain and auto-generated mesh
of the hydrofoil. Structured grid with automatically generated
technique is applied in this study and O-block grids are used to
capture the viscous boundary layer. Totally 734350 cells (yþ ¼ 1) are
generated.

2.2.3. Accuracy of CFD simulation
To validate the calculating accuracy, simulation results should

be compared with experiment results. This paper adopts the
experiment results conducted in reference (Zarruk et al., 2014). In
this study, experimental study is conducted on two 3D tapered
NACA0009 hydrofoils. The geometry of the hydrofoils is coincident
while type two has a thicker trailing edge. Hydrofoils were tested in
a water tunnel at University of Tasmania. In this paper, the results
are mainly compared with SS hydrofoil with standard NACA0009
model. The geometry of the hydrofoil is an unswept trapezoidal
planform of 0.3m span, 0.12m base chord, and 0.06m tip chord
(aspect ratio 3.33). The mesh used for numerical validation is a
structured grid with 630645 cells (yþ¼ 1). Fig. 4 shows geometry of
the hydrofoil and detailed mesh of boundary layers.

Fig. 1. Outline of Spray and geometry of the hydrofoil.

Fig. 2. FFD volume and embedded airfoil.
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Fig. 5 shows comparison between the CFD predictions and the
experimental measurements with Re¼ 1.0� 106. It can be seen that
there is a good agreement between simulation and experiment
results. The simulated lift coefficients (Cl) are a little larger than
experimental ones when angle of attack is smaller 3.5�. When angle
of attack is greater, simulated Cl became smaller. The simulated
drag coefficients (Cd) shows similar trends with Cl. The demarcation
angle is 4.4�. When angle of attack is 4�, Cl is under predicted by
approximate 1.43% and Cd is over predicted by 7.99% than experi-
mental values. Generally speaking, simulation results can replace
experimental results for optimization.

2.2.4. Mesh independence study
To make sure the simulation results are independent to mesh

size, simulated results with different mesh sizes and yþ values are
compared. Three mesh sizes, 630645 (yþ¼ 1), 1112359 (yþ¼ 0.8),
2254349 (yþ¼ 0.5) are provided. Out-field condition, Re and angle
of attack is set as 1.0� 106 and 4�, respectively. The results shown in
Table 1 indicate the Cl and Cd are basically equal for coarsest and
finest mesh. The differences are of 0.28% in Cl and 4.46% in Cd. In this
study, considering both efficiency and accuracy, the least mesh size
(734350 cells) is used in the optimization process.

2.3. Optimization problem formulation

The optimization is carried out on the hydrofoil that provided by
Sherman (Sherman et al., 2001). As they estimated, the optimal
angle of attack and velocity are 3.4�and 0.3m/s. The objective, Lift-
Drag ratio (L/D), is maximized. As optimization algorithm usually
finds minimum of the objective, the opposite of L/D is applied. The
design variables are control points of FFD whose number is nine.
During the optimization process, the motions of control points are
just along the thickness direction. The sectional shape is symmet-
rical so the motions of control points are adverse along the thick-
ness direction. The constraint just includes limitation of design
variable. It is not necessary to limit lift and drag coefficient lonely;
the initial thickness of the hydrofoil is thin and most of the control
points are set to expand to make the hydrofoil thicker. With lower
velocity, the cavitation performance does not need consideration.

Fig. 3. Computational domain and auto-generated mesh.

Fig. 4. Geometry of hydrofoil and details of the boundary layers.

Fig. 5. Hydrodynamic coefficients between simulation and experiment measurements.

Table 1
Hydrodynamic coefficients using different mesh sizes and yþ values.

Mesh Size yþ Cl Cd

630645 1 0.3192 0.0157
1112359 0.8 0.3193 0.0154
2254349 0.5 0.3201 0.0150
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Minimize : �L=D
s:t: xli < xi < xui ; i21;2:::; 9

(6)

As the sectional shape is same, the hydrofoil can be regarded as a
stretch of a 2D airfoil along spanwise direction. In this study, two
different optimization processes are executed. One is optimization
of 2D airfoil and the other one is optimization of 3D hydrofoil. The
optimized airfoil would be stretched to hydrofoil and the two
optimization results will be compared with each other. Fig. 6 shows
initial volume of hydrofoil and the control points will move ac-
cording to Y direction.

3. Surrogate-based optimization with adaptive parallel
sampling methods

In SBO, adaptive sampling algorithms contribute to identify
promising region quickly and most algorithms usually add one
sample per cycle. However, it could be more efficient with access to
parallel simulations. After several samples have been chosen, their
responses can be simulated in parallel and the efficiency will be
improved dramatically. Liu et al. (2012) compared the performance
of five typical sampling methods (MP, EI, PI, LB, MSE) and results
showed MSE performs worse than others. The reason may be that
MSE just samples on regions with large errors. However, finding
optimum needs densely sampling in promising region.MSEwill not
sample in this kind of region so that the optimum couldn't be found
rapidly. In 2016 Liu et al. (2017) combined the other four sampling
methods for shape optimization of transonic wings and the results
showed the proposed method is more effective than existing par-
allel infill strategies.

Intuitively, adding several samples per cycle will be more
effective than adding one because each kind of sampling method
has been proved valid in literature. On the other hand, as each
sampling method's goal is similar, there are possibilities that these
methods locate similar samples, which can lead to waste of re-
sources. Is it more efficient that adding four points than three per
cycle? When parallel resources are limited slightly, which ones
should be included and which ones should be excluded? This study
also adopts Liu's method of combining several methods as parallel
sampling strategy and compares performance of parallel sampling
methods with different sample methods combining and gave a
conclusion about the combination of parallel sampling strategies.

3.1. Kriging

Kriging was first proposed by Krige (1951) and Sacks (Sacks
et al., 1989) developed the concept of predicting response of in-
terest based on existing samples. Kriging forecasts a response
through a constant regression and a stochastic process.

f ðxÞ ¼ mþ ZðxÞ (7)

where f(x) is the response of interest, m is the known globally
approximation function and Z(x) is the stochastic process with a

mean value of zero and covariance of

COV
h
Z
�
xi
�
; Z
�
xj
�i

¼ s2z R
�
xi; xj

�
(8)

where Rij is the correlation function between two points xi and xj.
s2z is the process variance. In this paper, a Gaussian function is used
as the correlation function, defines by

R
�
xi; xj

�
¼ exp

(
�
Xnd

k¼1

qk

�
xik � xjk

�2)
(9)

where qk are the unknown parameters to be determined. Once the
correlation function is selected, the response f is predicted as

bf ðxÞ ¼ bm þ rT ðxÞR�1ðf � 1bmÞ (10)

where r is the vector of correlations between point x and known
points. f is the vector of current responses. m is the generalized least
squares estimator,

bm ¼ 1TR�1f
1TR�11

(11)

Kriging prediction variance can also be estimated,

s2ðxÞ ¼ s2z

"
1� rTR�1r þ

�
1� 1TR�1r

�2
1TR�11

#
(12)

bs2
z ¼ ðy� 1bmÞTR�1ðf � 1bmÞ

n
(13)

3.2. Adaptive sampling methods

A good sampling method should keep balance between global
exploration and local exploitation. First, this study describes four
types of sampling methods and then discusses the most efficient
strategy of parallel sampling.

3.2.1. Minimizing the predictor (MP)
Assuming a surrogate model is globally accurate and MP basi-

cally searches for optimum of the surrogate model. After finding
optimum through a global optimizer, it needs validation of running
true function at this point. Initially, unlikely can the surrogate
model be accurate in the whole domain, especially in the region of
the optimum. Validations of the optimum should be done several
times. After a new sample and its response are obtained, the sur-
rogate model is re-fitted to all the samples so that in the optimum
region the surrogate model will be more accuracy. Although MP is
widely used in SBO, its shortcoming is also obvious. When the
function is multimodal, MP usually becomes trapped into a local
optimum and unlikely to jump out of it. Overall,MP is regarded as a
pure exploitation method and it should combine with other
exploration method.

3.2.2. Probability of improvement (PI)
The concept of PI is to find the point where the probability of

improving the function beyond some target is the highest (Jones,
2001). At any given sample, the function value is treated as a
realization of a random variable Y(x)with mean and standard error.
The probability that the predicted value is better than current best
value is given by:Fig. 6. Initial control volume of hydrofoil.
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PI ¼ F

 
fmin � bf ðxÞ

sðxÞ

!
(14)

where Fð,Þ is the Normal cumulative distribution function. As PI
locates more samples around the current best point, the standard
error in this region becomes small. PI drives to search elsewhere
where the standard error is higher until it is less than a threshold.

3.2.3. Excepted improvement (EI)
PI tries to find the probability that there will be some im-

provements, EI calculates the amount of improvement. Assuming
fmin is the present best value, an improvement can be expressed as
I¼ fmin -Y(x). Then the expected improvement is given by:

E

"
IðxÞ

#
¼
�
fmin � bf ðxÞ�F

 
fmin � bf ðxÞ

sðxÞ

!
þ sðxÞf

 
fmin � bf ðxÞ

sðxÞ

!

(15)

where F and f are cumulative distribution and the probability
distribution function of a normal distribution, respectively. Jones
had talked about its merits and demerits in reference (Jones, 2001).
The merits include avoiding setting a desired improvement,
densely iterations under certain assumptions, simple stopping rule
and the demerit is that it takes a long time to find the global
minimum. Because initial sample is highly deceptive sometimes,
fairly exhaustive search around initial best point is needed before
globally search. EI is one of the most widely used adaptive sampling
methods.

3.2.4. Statistical Lower Bound (LB)
The LB method simply balances exploitation and exploration

using following expression:

LBðxÞ ¼ bf ðxÞ � A� sðxÞ (16)

where A is a user-defined constant which controls the degree of
exploitation and exploration. Larger A means the effect of bf ðxÞ be-
comes negligible and minimizing LB(x) is equivalent to find
maximum of s(x). Smaller A means that the search will focus on
minimizing bf ðxÞ. A problem for this sampling method is finding
suitable values of A. Choosing a suitable value of A for all functions
is impossible. In this study, according to Jones' practice, A is defined
as 5.

3.3. Analytical test

3.3.1. Procedure settings
To validate whether adding more samples per cycle can lead to

better results, this study picks three methods out of forementioned
four sampling methods to form a combination and the number of
combinations is C3

4 ¼ 4. All the four methods compose a combi-
nation and five combinations are presented. We don't provide
combinations of two samples because we think it can't behave as
well as the other two kinds of combinations. M, P, E, L are abbre-
viations of MP, PI, EI and LB. The abbreviations of five combinations
are MPEL, MPE, MPL, MEL and PEL. The comparisons are conducted
using 4 well-known test functions, Sasena, Hartman3, Hartman6
and Sphere. Their basic information is introduced in Table 2. The
dimensions of the test functions relate to 2, 3, 6, 10 and number of
initial samples is quadruple of their dimensions. Number of itera-
tions (NIT) is fixed for certain function and total Number of Func-
tion Evaluations (NFE) is different. Every optimization process is
executed 10 times to get statistical results and all the results are

average values. Researchers who are interested in detailed infor-
mation of the test functions can refer to reference (Bingham).

3.3.2. Results
Fig. 7 shows convergence history of five combinations with

same NIT. At each iteration, MPEL adds one more sample than the
other four methods and the NFE is different. It can be seen that
MPEL converges faster than the other four methods at first in
Sasena, Hartman 3, Hartman 6 except Sphere, in which MEL con-
verges the fastest. This situation is reasonable Because MPEL adds
one more sample per cycle. With more samples, the surrogate
model can bemore accuracy. However, for CFD-based optimization,
designers don't know howmany iterations are needed beforehand.
Usually NIT is maximized (exhausting the computing resources) to
make surewe can get the best result. As we can see, most of the five
methods can find optimumwith different convergence rates under
given iterations. But the latter four methods spend less time
because of fewer NFE. MPEL performances the best in first three
functions except for Sphere. Although PEL behaves best in Sasena
among the four methods, it is a worse option no matter in
convergence rate and precision on Hartman6 and Sphere functions.
The reason may be that without MP method, it can't identify the
optimum of surrogate model (global or local) greedily. MP is a
necessary part in combination. Among last three methods which
own MP as an element, MPE behaves better on the latter two
functions. MPE converges the fastest for Hartman6 and although in
Sphere at first it converges a little slower, it gets the best solution at
last. In a word, with the assumption of same NIT, four combinations
can obtain same accuracy asMPELwith fewer function evaluations.
Besides, for Spherewhose dimension is similar with problem in this
study, MPE performances as good as MPEL.

To compare the performance of five methods with same NFE,
four methods (MPE, MPL, MEL, PEL) should execute more steps. For
example, under same NIT for Sasena, NFE of the latter four methods
is 10 times less than that of MPEL. Three more iterations should be
done. Fig. 8 shows the convergence of five methods on three test
functions. It doesn't give the results for Hartman6 because all the
five methods nearly get same results. For the three functions,MPEL
doesn't show better aforementioned features than other four
methods. PEL, MEL and MPE behave best for Sasena, Hartman3 and
Sphere functions, respectively. For the first two functions, all the
strategies can convergewith different rate. For sphere,MEL behaves
better at first but soon MPL and MPE exceed it. The larger view of
Sphere shows MPE, MPL and MEL outperform MPEL.

Fig. 9 shows boxplots of optimum using five combinations. For
Hartman6, all the five strategies get similar global optimum with
same initial samples and the boxplots show similar features. For
other three functions, PEL always behaves the worst in both accu-
racy and stability.MPEL performances best in Seana and Hartman3.
MPE andMEL are also very stable, butMPE performs more accuracy
and stability in Sasena and Sphere.

In this part, we investigate the effect of adding three or four
samples per cycle. Results show that although MPEL usually con-
verges faster than other four strategies, the results of MPE and MEL
are comparable with it. Note that they achieve it by using fewer
samples and if the NFE is equivalent, their results are even better
than MPEL. The reason should be concluded in following aspects.
First, the factor,MP, plays an important role in finding the optimum
of surrogate model and through several iterations it will find the
global or local optimum. When NFE is same, MPE and MEL execute
more times of MP. Second, with same NFE, adding fewer samples
per cycle makes better results. Because these methods may find
similar samples which couldn't effectively update the surrogate
model. As the convergence condition is preset NFE, we think two
out of the three samples are enough to update the surrogate model.

X. Wang et al. / International Journal of Naval Architecture and Ocean Engineering 10 (2018) 730e740 735



Table 2
Basic information of four test functions.

Function Dim Initial Samples Iterations� (samples per cycle) Total samples

Sasena 2 8 10� (4,3) 48, 38
Hartman3 3 12 10� (4,3) 52, 42
Hartman6 6 24 30� (4,3) 144, 114
Sphere 10 40 50� (4,3) 240, 190

Fig. 7. Convergence history of five combinations with same NIT.

Fig. 8. Convergence of five combinations with same NFE.
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In conclusion, this study chooses MPE for optimization of hydrofoil
because it behaves best in Sphere both in accuracy and stability.

3.4. Settings of optimization algorithm

For the optimization of hydrofoil, 50 initial samples are selected
by LHS and maximum number of simulations is 200 for both op-
timizations. Kriging is adapted as the surrogatemodel and Gaussian
function is set as the correlation function. Each cycle three samples
which are chosen by MPE will be added and totally fifty iterations
are needed. To find the global optimum of MP, EI and PI, MATLAB
optimization algorithm fmincon with a multi-start strategy is
adopted. fmincon finds minimum of constrained nonlinear multi-
variable functions. For optimizations of the three functions, no
constraints except lower and upper bounds are included. With a
random starting point, fminicon will achieve an optimum and the
process is repeated for 50 times. The minimum out of 50 results is
regarded as global minimum of each function. The CFD simulations
are executed in parallel on three high performance computers.

4. Results and discussion

At the end of optimization process, the objective basically con-
verges. Fig. 10 shows optimized volumes and section shapes. Left
figure shows optimized shape of 2D airfoil and the right is the
sectional shape of 3D hydrofoil. The first and the last control point
are set to contract while other points expand. Maximum thickness
of optimized airfoil becomes thicker and they look more like an
airfoil than before. The results of the two processes are slightly
different. The control points of leading edge of airfoil change

obviously than that of hydrofoil, which increases gradually. At the
vicinity of maximum thickness, shape of airfoil is relatively steady
while that of hydrofoil decreases. It is interesting that the position
of maximum thickness is located nearly 40% of chord, which is
similar with NACA airfoil. The changes of airfoil shape also show the
same trend with the control volume. After reaching the maximum
thickness, the thickness decreases to zero slowly. Fig. 11 gives 3D
configuration of optimized hydrofoils and control volumes.

Table 3 shows hydrodynamic coefficients of original and opti-
mized results. For airfoil, the reference length is the chord while
the reference area for hydrofoil is the product of span and mean
chord. Cl and Cd of Original hydrofoil is 0.35 and 0.0634, both of
which are larger than optimized values. Optimized airfoil and
hydrofoil achieves larger L/D. The optimized results improved
91.39% and 92.39%, respectively, which are nearly double of orig-
inal one. The reason of significant improvement in L/D is sharp
reduction in Cd. Compared with airfoil, optimized hydrofoil gen-
erates smaller Cd. Table 4 gives comparison of predicted and vali-
dated Cl and Cd at optimal design. It could be seen that the
predictions of surrogate model are accurate enough with CFD
simulations, with 1.03% and 0.84% differences in Cl and Cd for airfoil
and 2.01% and 3.55% differences for hydrofoil.

Fig. 12 shows comparison of pressure contours for original and
two optimized hydrofoils. With sharp leading edge, both high
pressure gradient and low pressure gradient of original hydrofoil
are huge and dense, which will translate to increment in the
strength of the tip vortex. This is the main reason for generation of
huge drag. The changes of pressure gradient on other area are not
obvious. Two optimized hydrofoils show mild pressure gradients
and at the trailing edge the pressure distributions are reasonable.

Fig. 9. Boxplots of optimum using five combinations on four functions.
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To understand the importance of carrying out a 3D optimization,
a fully 3D hydrofoil optimization is also conducted. The hydrofoil
has a root-tip-ratio of 2 and its parameters are shown in Fig. 13. The
number of design variables increases. One control sectionwith nine
more points is added along the spanwise direction and totally 27
design variables are included. Fig. 13 shows original and optimized
hydrofoils and their corresponding FFD volumes. It can be seen that
optimized hydrofoil owns better hydrodynamic shape. Table 5
shows hydrodynamic coefficients of initial and optimized hydro-
foils. The sectional shape of the stretched hydrofoil is also from the
2D airfoil. It can be seen that both of the optimized hydrofoils
behave better for L/D. Optimized hydrofoils have smaller Cl and Cd.
Larger reductions in Cd play major role for the increment of L/D. In
view of the results, optimizing 3D hydrofoil directly will have larger
L/D. It promotes Cl at the expense of little increase of Cd. The reason
may be the consideration of spanwise variation, compared with
optimization of 2D one.

Fig. 10. Optimized volumes and shapes of airfoil.

Fig. 11. Optimized volumes and hydrofoils.

Table 3
Comparison of hydrodynamic coefficients of initial and optimized hydrofoils.

Model Cl Cd L/D Percent

Original 0.3500 0.06340 5.5166
Airfoil 0.3193 0.02615 12.2122
Stretched airfoil 0.2667 0.02526 10.5582 91.39%
Hydrofoil 0.2632 0.02480 10.6129 92.39%

Table 4
Comparison of predicted and validated Cl and Cd at the optimal design.

Model Coefficients By surrogate By CFD Errors

Airfoil Cl 0.3226 0.3193 1.03%
Cd 0.02637 0.02615 0.84%

Hydrofoil Cl 0.2685 0.2632 2.01%
Cd 0.02392 0.02480 3.55%

Fig. 12. Counters of original and optimized hydrofoils.
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5. Conclusions

In this paper, hydrofoil of underwater glider ‘Spray’ is optimized
through CFD-based optimization. The main contributions of the
study include as follows.

(1) A calculating framework of hydrofoil is built, includes
parameterization using FFD approach and CFD solver using
ANSYS CFX.

(2) SBO with adaptive parallel sampling strategy is employed to
optimize L/D of the hydrofoil. For parallel sampling strategy,
investigations show that sampling method, MPE, combines
MP, PI and EI performances the best considering convergence
rate, accuracy and stability.

(3) Optimization processes are executed on 2D airfoil and 3D
hydrofoil, respectively. The optimized airfoil is stretched to
hydrofoil. Results show that both optimized hydrofoils
outperform the original one, improving more than 90%.
Optimizing hydrofoil directly achieves slightly better results.

(4) Future researches need to focus on increasing number of
control points and sections of control volume and figure out
the relations between them and optimized results.
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