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a b s t r a c t

Autonomous Underwater Vehicle (AUV), which are becoming more and more important in ocean
exploitation tasks, needs energy conservation urgently when sailing the complex mission path in long
time cruise. As hull lines optimization design becomes the key factor, which closely related with resis-
tance, in AUV preliminary design stage, uncertainty parameters need to be considered seriously. In this
research, Myring axial symmetry revolution body with parameterized expression is assumed as AUV hull
lines, and its travelling resistance is obtained via modified DATCOM formula. The problems of AUV hull
lines design for the minimum travelling resistance with uncertain parameters are studied. Based on
reliability-based optimization design technology, Design For Six Sigma (DFSS) for high quality level is
conducted, and is proved more reliability for the actual environment disturbance.
© 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/).

1. Introduction

Autonomous Underwater Vehicle (AUV) is becoming more and
more important in ocean exploitation tasks. Currently, complex
mission path and long time cruise need energy conservation ur-
gently, and this is closely related with travelling resistance. In the
preliminary design stage, AUV hull lines optimization design be-
comes the key factor. This led to studies of underwater robots shape
optimization design: Joung et al. (2009) (Joung et al., 2009)
described a design method using Computational Fluid Dynamics
(CFD) for determining the hull resistance of AUV under develop-
ment; Vasudev (2014) (Vasudev and Lakshmi, 2014) demonstrated
the flexibility of Non-dominated Sorting Genetic Algorithm (NSGA-
II) and its ability to identify optimum preliminary designs of the
AUV; and Xia G (2016) (Guo-qing et al., 2016) proposed a multi-
objective optimization study of AUV's principal parameters in
conceptual design. However, relevant studies aremostly carried out
on simplified (or hypothetic) external marine environment, thus
some important parameters, such as principal dimensions and
travelling speed, are usually assumed as deterministic and constant
in design process.

Uncertainty of such parameters is unavoidable in the actual
navigation and experimental observation. If still considering a
constant value, there would be errors in result. Although the errors
are small in most cases, but in the design process, continuous
iteration and mutual coupling may cause the final result to have a
large deviation. Then greater quality risk would come into sight. So
neglect of uncertainty influence would lead to a low reliability
result with some potential hidden dangers in practical application.
Apparently, it's more reasonable to set such uncertainty parameters
as form of uncertainty randomvariable in calculation, and the effect
of uncertainty on the response target should be considered.

In recent years, the influence of uncertain parameters is grad-
ually taken seriously in the naval architecture and ocean engi-
neering. M Diez (2009) (Diez and Peri, 2009, 2010) takes the lead in
considering influence of uncertain parameters on ship design:
principal dimensions of container ship are optimized by Robust
Design (RD) and Robust Optimization Design (ROD). Afterwards, M
Diez team (2011e2015) introduced RD and ROD to ship hull
Simulation Based Design (SBD) system, and series of researches are
conducted: design objective is developed from principal di-
mensions to hull lines (Wei et al., 2013; Diez et al., 2014), single
uncertain parameter to multiple, speed disturbance to wave
response (Leotardi et al., 2015; Campana, 2015), which reflects the
idea: “from coarse to fine, from simple to complex”. Meanwhile, S
Hannapel (2010) (Hannapel and Vlahopoulos, 2010)introduced
uncertain factors to constraint condition, the expectation and
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variance of objective function are considered. A Papani (2014)
(Apostolos et al., 2014) considered the wave load and ship sway
response uncertainty, hydrodynamic response of ship structure is
described by cross spectral combination. The common character-
istic of above researches was: uncertainty parameters are intro-
duced into the design or optimization system as a priori knowledge,
but the result's quality and reliability are not evaluated, that would
lead the design result having low quality level, and a high failure
probability when attending in the further detailed design.

From the statistical point of view, Reliability-Based Optimization
Design (RBOD) (2016) (Fang-yi et al., 2016; Richard et al., 2016;
Ba-Abbad et al., 2015)considers the uncertainty of probabilistic
model of constraints, at the beginning of design. By means of reli-
ability analysis and quality optimization, RBOD can obtain high
quality results that meet the requirements of performance, reli-
ability and constraints. As a high demand and special kind of RBOD,
Design for Six Sigma (DFSS) (Sebastian and Derlukiewicz, 2012)
could effectively ensure the quality level to reach “6s”, which is
widely used in many engineering design fields.

As summary, with respect to previous studies, key factors of
different definitions were listed here:

$ Deterministic Optimization Design (DOD): The conventional
optimization method with deterministic or certainty variables
and constrains.

$ Robust Optimization Design (ROD): Optimization process con-
siders uncertainty of the objective or target function;

$ Reliability-Based Optimization Design (RBOD): This method
focuses on constraints, which are treated as probabilistic in-
equalities and given a statistical feasible region.

$ Design for Six Sigma (DFSS): It is a special kind of RBOD with
high quality requirement of “6s” quality level, and is widely
used in industrial design.

While ROD is mainly focused on expectation or variance of the
objective function, the RBOD and DFSS concentrates on the prob-
abilistic handling of constraints, which can be a fine solving way for
the quality requirements and probabilistic constraints.

In this research, Myring axial symmetry revolution body with
parameterized expression is assumed as AUV hull lines, and its
travelling resistance is obtained via modified DATCOM formula. The
problems of AUV hull lines design for the minimum travelling
resistance with uncertainty parameters existing are studied. Based
on reliability-based optimization design technology, a 6-sigma
design target for quality level is conducted, and is proved high
reliability for the actual environment disturbance.

2. AUV case study

2.1. Myring axial symmetry revolution body

Regular axial symmetry revolution body of AUV includesMyring
type, Nystrom type, Kaax type and Water-drop type, which head
and tail shape can be got by specific formula. This study takes
Myring type for example, hull lines function is shown in Eq. (1):

where: a is fore-body length; b is parallel middle body length; c is
after-body length; d is middle body diameter; x is the distance from
the top of the head; r(x) is radius at position x; n and q are pa-
rameters to control the curve shape. The illustration diagram of
Myring axial symmetry revolution body is shown in Fig. 1.

2.2. Resistance calculation formula

As an underwater travelling vehicle, methods for obtaining
resistance of axial symmetry revolution body mainly includes
empirical formula, CFDmethod andmodel test. Relatively speaking,
the biggest advantage of empirical formula is high computing
speed, but shortcoming is low accuracy in the design process.

DATCOM method is used for calculating missile and torpedo
travelling resistance and is introduced to AUV resistance calculation
by Barros (Barros et al., 2008 (De Barros and De Sa, 2008)), which is
shown in Eq. (2):
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where: Rt is travelling resistance of AUV, Cf is friction resistance
coefficient, and 1957-ITTC recommended formula is used here; lB is
the whole body length; SS is wet surface area of body hull; SB is
cross-sectional area of middle body; u is travelling speed.

In order to validate the enough accuracy of DATCOM formula for
this study, CFD results would be used as the criterion, 10 typical
cases are both calculated by DATCOM and CFD. Design variables and
resistance results are shown in Table 1 and Fig. 2.

There is, in Fig. 2, a certain deviation between DATCOM and CFD
results, and this kind of deviation increases along with speed. A
modification can be done through binomial fitting the absolute
error of the two results, and fitting formula is got as:

Rt0¼ 0:2u2 þ 0:247u� 0:1084 (3)

Thus, modified DATCOM formula can be obtained as:

Rt ¼ Rt þ Rt0 (4)
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Fig. 1. Illustration diagram of Myring axial symmetry revolution body.
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where: Rt is the modified DATCOM formula for estimating AUV
resistance with satisfactory accuracy; Rt is the original resistance as
in Eq. (2); Rt0 is modification value as in Eq. (3) (see Fig. 3).

Resistance results of modified DATCOM formula is shown in
Fig. 4, which reflects the excellent fitting accuracy, and can be used
in the following design process.

2.3. Design constraints

In order to ensure that the internal volume of designed AUV is
not significantly reduced, and the travelling performancemaintains
acceptable, displacement of AUV body is taking as one constraint
condition:

Disp>aD0 (5)

where: Disp is displacement of design AUV body, and D0 is of initial
body, which can be calculated via “Simpson Method” by the hull

points; a is control parameter for design margins, which is set 0.95
in this study.

Because numbers of equipments are needed to load in the inner
space, invalid volume rate of AUV body should be limited to a low
level, which indicates the proportion of unavailable volume in the
whole volume of AUV body, as is shown in Eq. (6):

Inr ¼ Dispin=Disp (6)

where: Inr is invalid volume rate, which makes quantification of
invalid volume inside the hull, and as the case study, threshold of
Inr is taken 10% for the appropriate constraints; Dispin is the invalid
volume shown in Fig. 5; b (in Fig. 5) is a control parameter on behalf
of invalid volume limitation, and in order to ensure the hull with
sufficient space to accommodate the internal equipments, b is set
0.10 in this study.

2.4. Deterministic Optimization Design (DOD)

With deterministic design variables and constraints, Deter-
ministic Optimization Design (DOD) model for AUV minimum
resistance is established, as is shown in Table 2:

As is shown in Table 2, three exploratory optimization tech-
niques are introduced here: Adaptive Simulated Annealing (ASA)
(Oliveira Junior et al., 2012), in which the adaptive processing is
carried out on the choice of the internal probability of the algo-
rithm, thus the convergence speed and computation time are both
improved versus the original algorithm. Multi-Island Genetic Al-
gorithm (MIGA) (Rubio-Solar et al., 2008), which divides the pop-
ulation into several islands and makes group more diverse; Particle
Swarm Optimization (PSO) (Yan-xia and Guo-yuan, 1967), which
are all well suited for solving highly non-linear problemswith short
running analysis codes. Among the three techniques, their may be
some operational difference such as setting convergence criterion
and inner parameters. For the parallel analysis, total iterations

Table 1
Design variables of 10 typical cases for accuracy validation.

Design Variables a (mm) b (mm) c (mm) d (mm) n q (�) u (m/s)

Values 280 50 504 150 0.8 20 0.3e2.1
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numbers are all set as 2000, and other parameters are set respec-
tively as in Table 2.

After 2000 iterations of each technique, results are shown in
Table 3. And the objective values in optimization process are shown
in Fig. 6.

3. Sensitivity analysis

In order to analyze the changing influence of each variable on
outputs, it's necessary to take the sensitivity analysis of design
variables and constants to the constraints and objective.

As a powerful Design of Experiments (DOE) tool, Random Latin
Hypercube (RLH) is adopted here, for its ability of effective space
filling and of nonlinear response fitting. As a multidimensional
stratified sampling method, RLH has significant savings in the
number of samples, and is more superiority than Monte Carlo
method when estimate the mean and variance. Also, compared to
other DOEmethods, it is loose in RLH for the classification of design
level, and times of experiments could be controlled artificially,
which provides the outstanding flexibility and freedom in engi-
neering analysis.

Travelling speed u is a key factor in AUV resistance calculation,
which is shown in Eqs. (2) and (4), thus taking u as an input factor in
sensitivity analysis is necessary. The sensitivity analysis execution
plan via RLH is shown in Fig. 7.

Under certain rules of RLH, 1500 experiment points are gener-
ated. Main effect curve and Pareto contributions of inputs are

shown in Fig. 8, which can reflect the effect degree of each input on
each output.

As is shown in Fig. 8, input factors d and b have great effect on
the three outputs, then n and u is also sensitive for the objective Rt.
In order to reduce computational complexity, it's necessary to
extract the main factors and ignore minor factors for the following
reliability analysis and design. Thus through sensitivity analysis,
input factors: b, d, n and u are taken into account as significant
factors to the response outputs.

4. Reliability analysis

In the actual design process, input factors are often subject to
interference of uncertainty parameters, which are usually repre-
sented in form of randomvariables. Because random disturbance of
parameters is neglected in deterministic optimization, the optimal
result is easy to be at the “edge position” of feasible region. Once
disturbance occurs, deterministic optimal result is likely to fall into
infeasible region, thus its reliability is hard to be guaranteed.

Because an accurate modeling of input distributions form
observed data can be simply established and replaced, a normal
distribution is assumed for all the random parameters (both the
design variables and the noises) in this study. Furthermore,
assessing probability density functions from observed data is
outside the scopes of the present work and, therefore, no further
addressed.

Reliability is the probability that performance of result satisfies
the constraint condition. Sigma level is a comprehensive index to
measure design quality, relationship between reliability and sigma
level is shown in Fig. 9. Form reliability analysis, reliability or sigma
level of the certain designs can be obtained for the further analysis
and optimization.

Two most typical sigma levels are “3s” and “6s”. 3s level means
the distance between mean value and quality constraint of design
performance index is ±3s. The reliability of “3s level” is 99.7%, and
short million defective rate is 2700� 10�6. Form long term, if there
is 1.5s mass shift in system, the defective rate would substantially
increase to 66803� 10�6. Therefore, “3s level” has increasingly
been considered unacceptable level. Reliability and short million
defective rate of “6s level” are 99.9999998% and 0.002� 10�6, and
if there is 1.5s mass shift in system, form long term, the defective
rate of “6s level” is lower than 3.4� 10�6, which can be well
accepted in engineering design and is far superior to “3s level”.

First Order Reliability Method (FORM), which is suitable for
normal distribution in particular, is adopted here to do the reli-
ability analysis. FORM takes advantage of desirable properties of
the standard normal probability distribution, and reliability index
is defined as the shortest distance from the origin of the standard
normal space to a point on the failure surface. Mathematically,
determining the reliability index is a minimization problem with
one equality constraint. Problemmodel of FORM is shown in Fig.10.

Mean value and standard deviation of respond output of FORM
is as in Eq. (7):
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where: xi is random variable.
Reliability analysis model of deterministic optimal result in

Section 2.4 is shown in Table 4. As the standard deviation, s is
defined 1%*m, because in most design cases, s has direct relation-
ship with m and is usually defined as a small percentage of m.

Table 2
Deterministic optimization model for AUV minimum resistance.

Objective:C Minimum Rt
Design variables:C a: Range: [100, 400], Initial value: 280 (mm)
C b: Range: [0, 400], Initial value: 50 (mm)
C c: Range: [300, 800], Initial value: 504 (mm)
C d: Range: [100, 300], Initial value: 150 (mm)
C n: Range: [0, 2.5], Initial value: 2.0
C q: Range: [0, 25], Initial value: 20 (�)
Constraints:C Displacement Disp> .95D0¼ 9.109 (kg)
C Invalid Volume Rate Inr< 10%
Constants:C Travelling speed u, 2.0 (m/s)
Optimization techniques:C Adaptive Simulated Annealing (ASA):

Max num of generated designs: 2000
Convergence epsilon: 1e-8
Init param-temperature: 1.0
Max num of failed designs: 5

C Multi-Island Genetic Algorithm (MIGA):
Sub-population size: 20
Num of islands: 10
Num of generations: 10

C Particle Swarm Optimization (PSO):
Max iterations: 50
Num of particles: 40
Max velocity: 0.1
Inertia: 0.9

Table 3
Deterministic Optimization Design (DOD) result.

Variables Initial ASA MIGA PSO

Inputs a (mm) 280 139.2 350.5 159.8
b (mm) 50 161.9 83.9 218.2
c (mm) 504 757.1 425.1 460.3
d (mm) 150 134.3 152.1 146.5
n 2.0 0.837 2.031 0.697
q (�) 20 9.53 5.15 16.08

Outputs Disp (kg) 9.588 9.115 9.148 9.157
Inr (%) 7.04 9.91 9.94 9.87
Rt (N) 4.489 4.397 4.209 4.248
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The optimization objective Rt and two constraints: Disp and Inr
are evaluated by reliability analysis. Under the random disturbance
of design variables and noises, their probability distributions are
shown in Fig. 11.

The reliability analysis results are shown in Table 5. As is shown,
there are slight differences among Disp analysis results of the three
methods (ASA, MIGA, and PSO): s levels are all below 1.0 thus re-
liabilities are too low to accept in engineering. s levels of Inr are
higher than Disp and reliabilities are of significant increase, but still
not reaching the “6s” design standard.

In order to improve reliability and s levels of constraints: Disp
and Inr, it's necessary to conduct the Reliability-Based Optimization
Design (RBOD). As a typical reliability design method, Design For
Six Sigma (DFSS) could effectively ensure results to reach “6s”,
which is widely used in many engineering design fields, and is
introduced in this study.

5. AUV shape optimization based on DFSS

Reliability-Based Optimization Design (RBOD) is to find a reli-
ability result which is far away the failure surface, and in the case of
uncertain parameters, it can effectively reduce infeasible proba-
bility, thus to improve the design result's reliability. Illustration of
reliability optimization is shown in Fig. 12.

Mathematical model of reliability-based optimization problem
is expressed as in Eq. (8):

8<
:

Minimize FðmðXÞ; sðXÞÞ
Subject to GðmðXÞ; sðXÞÞ<0
XLSL þ DX � X � XUSL � DX

(8)

where: X is random variables; F and G is target function and con-
straints function of RBOD, which are defined by expectation m and

Fig. 6. Objective values in Deterministic Optimization Design (DOD) process.
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Fig. 7. Sensitivity analysis execution plan.
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standard deviation s; ±DX is the fluctuation region of X; XLSL and
XUSL are lower bound and upper bound of design variables.

Target function F can be further decomposed into two parts:
“Mean on target” and “Minimize variation”:

F ¼
Xl

i¼1

�
u1i
S1i

ðmi �MiÞ2 þ
u2i
S2i

s2i

�
(9)

where: i is component index of performance parameter set; M is
expected average performance target; u1 and u2 are weights of
expectation m and standard deviation s, S1 and S2 are normalization
coefficients of m and s.

Mathematical constraints G in Eq. (8) can be converted to quality
constraints Gq which are expressed as “Sigma level”, that can
ensure the results quality in a specific sigma level. Quality con-
straints include: expectation m, standard deviation s and sigma
level number n:
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Table 4
Reliability analysis model.

Objective:C Evaluating s-levels of DOD results in Section 2.4.
Design variables:C a: Constant, DOD value
C b: Normal, m¼DOD value, s ¼ 1%*m
C c: Constant, DOD value
C d: Normal, m¼DOD value, s ¼ 1%*m
C n: Normal, m¼DOD value, s ¼ 1%*m
C q: Constant, DOD value
Random Noises:C u, Normal, m¼ 2.0 (m/s), s ¼ 1%*m
Quality Constraints:C Disp> .95D0¼ 9.109 (kg)
C Inr< 10%
Analysis Method:C First Order Reliability Method (FORM):

MPP maximum iterations: 40
Finite difference step size: 0.01
Minimum finite difference step size: 0.001
Most probable points absolute convergence: 1.0e-4
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�
Gq ¼ mþ ns � Upper Limit
Gq ¼ m� ns � Lower Limit (10)

In Eq. (10), sigma level number n represents strict level of result
quality requirement. Design For Six Sigma (DFSS) requires that all
constraints must be met n� 6.

Considering the uncertainty of variables, deterministic optimi-
zation result via MIGA in Section 2.4 is taken as the initial optimi-
zation scheme. Aiming at finding the minimum m and s of Rt, and
alsomeeting “6s” level of constraints, DFSS is conducting as follows
in Table 6:

Because of the DFSS double nested structure, time consumption
is an issue of concern. If numbers of iterations of MIGA and FORM
maintain as in the DOD and reliability analysis, time cost would
become huge and unacceptable, thus appropriate reduction of the

Fig. 11. Probability distribution results of reliability analysis.

x1±Δx
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Δf2

x1
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Infeasible region

Constraint

x1: Deterministic optimal point
x2: Reliability-based optimal point

Design variable x

f(x)

Fig. 12. Illustration of reliability-based optimization design.

Table 6
The AUV DFSS model for minimum Rt.

Objective:C Minimum m and s of Rt, namely min f¼ m þ 0.01*s
Design variables:C a: Constant, Range: [100, 400], Initial value: 280 (mm)
C b: Normal, Range: [0, 400], Initial value: m¼ 50 (mm), s ¼ 1%*m
C c: Constant, Range: [300, 800], Initial value: 504 (mm)
C d: Normal, Range: [100, 300], Initial value: m¼ 150 (mm), s ¼ 1%*m
C n: Normal, Range: [0, 2.5], Initial value: m¼ 2.0, s ¼ 1%*m
C q: Constant, Range: [0, 25], Initial value: 20 (�)
Random noise:C u, Normal, m¼ 2.0 (m/s), s ¼ 1%*m
Quality Constraints:C Disp> .95D0¼ 9.109 (kg), s Level > 6.0
C Inr < 10%, s Level > 6.0
Design Method:C MIGA:

Sub-population size: 10
Num of islands: 5
Num of generations: 5

C FORM:
MPP maximum iterations: 40
Finite difference step size: 0.01

Table 5
Reliability analysis of DOD optimal results.

Unit ASA MIGA PSO

Disp kg m¼ 9.115;
s¼ 0.167;
Reliability: 51.35%;
s Level: 0.696

m¼ 9.148;
s¼ 0.183;
Reliability: 58.497%;
s Level: 0.815

m¼ 9.157;
s¼ 0.176;
Reliability: 60.92%;
s Level: 0.858

Inr % m¼ 9.91;
s¼ 0.106;
Reliability: 99.997%;
s Level: 3.284

m¼ 9.94;
s¼ 0.113;
Reliability: 99.99%;
s Level: 1.284

m¼ 9.87;
s¼ 0.109;
Reliability: 99.999%;
s Level: 4.552

Rt N m¼ 4.397,
s¼ 0.074

m¼ 4.209,
s¼ 0.083

m¼ 4.248,
s¼ 0.091

Table 7
Results comparison of two optimal design method.

Variables Initial DOD results DFSS result

ASA MIGA PSO

Inputs a (mm) 280 139.2 350.5 159.8 238.8
b (mm) 50 161.9 83.9 218.2 203.9
c (mm) 504 757.1 425.1 460.3 432.3
d (mm) 150 134.3 152.1 146.5 145.1
n 2.0 0.837 2.031 0.697 0.869
q (�) 20 9.53 5.15 16.08 16.07

Outputs Disp (kg) m 9.588 9.115 9.148 9.157 9.243
s e 0.167 0.183 0.176 0.097
s Level - 0.696 0.815 0.858 6.635

Inr (%) m 7.04 9.91 9.94 9.87 9.53
s e 0.106 0.113 0.109 0.021
s Level - 3.248 1.284 4.552 8

Rt (N) m 4.489 4.397 4.209 4.248 4.284
s e 0.074 0.083 0.091 0.085

Fig. 13. AUV body shape contour lines comparison.
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iterations could effectively accelerate computation. As is shown,
numbers of iterations is set in Table 6, there are 10000 iteration
steps totally in the DFSS process.

After optimization, DFSS result which could meet “6s” level of
constraints is obtained. DOD results and DFSS result are both shown
in Table 7. From Table 7, we can see that, the optimization objective
Rt of DFSS is slightly worse than MIGA and PSO in the DOD, but the
two constraints: displacement and invalid volume rate are getting
satisfactory s levels and more far away form failure surface.
Therefore, DFSS result has stronger immunity for the disturbance of
uncertain factors.

For shape comparison, contour lines of the initial scheme, DOD
results and DFSS result are showed in Fig. 13. Apparently, DOD
result has greater shape changing and DFSS's change is compara-
tively placed in the middle. In conclusion, DFSS can get a more
reliability shape result and without great changing of the conven-
tional DOD result.

The change of AUV shape affects flow field around it directly.
Vector field, such as pressure and velocity, distribution of different
shapes can be directly simulated by means of Computational Fluid
Dynamics (CFD). For observation and analysis, flow field of DFSS
result is simulated via CFD, and is compared with initial scheme
and DFSS result, which are shown in Table 7. CFD simulation results
are shown in Fig. 14.

As is shown in Fig. 14, pressure and velocity distribution around
AUV can be clearly expressed by different color contours, and small
changes in shape can lead to large changes in flow field contours
around. In Fig. 14 (a), for the three schemes, pressure distribution
around the fore-body and after-body are roughly the same, and
pressure around the middle-bodies reflects some differences. Ve-
locity contours in Fig. 14 (b), showing the same tendency as in (a),
and from a holistic perspective, AUV bodies of MIGA and DFSS have
better streamline, with higher rectification effect.

6. Conclusions

This paper considered the problems of AUV hull lines design for
the minimum resistance with uncertain parameters. Based on
reliability-based optimization design technology, a 6-sigma design
target for quality level is conducted, which have more reliability for
the actual environment disturbance. This paper researches theo-
retically the reliability analysis and optimization method. Further
work is to conduct high reliability constraints and higher quality
level for AUV design and may other aspects of naval architecture.
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