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Vectorization assumes the conversion of constraints into objective functions. It turns a single-
objective, or scalar, optimization into a search for a Pareto optimal set, which will enhance the
search for the optimum. Vectorization is studied here within a structural optimization of fast ferry’s
midship section for the minimum of steel weight. Optimization applies a simple genetic algorithm
(GA), whose performance is observed over both scalar and vectorized problem formulations.
The obtained results show that the applied GA can improve the referenced design, and that the
improvement can be significantly better if vectorization is applied.
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Vektorizacija u strukturalnoj optimizaciji brzoga trajekta

Izvorni znanstveni rad

Vektorizacija podrazumijeva promjenu ograni¢enja u funkcije cilja. Time se jednokriterijalna, ili
skalarna, optimizacija generalizira u potragu za Pareto optimalnim skupom $to pobolj$ava potragu
za optimumom. Ovaj rad proucava vektorizaciju na primjeru strukturalne optimizacije glavnog
rebra brzoga trajekta. Optimizacija je izvrS§ena pomocu jednostavnoga genetskog algoritma, Cije
su znacajke promotrene za skalarnu i vektoriziranu formulaciju problema. Rezultati optimizacije
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1 Introduction

Design optimization is an important part of modern shipbuild-
ing. Its mathematical formalization of the design process helps a
designer to determine the best combination of design parameter
values in order to fulfil the design objectives using an appropriate
search algorithm. In this paper we elaborate on the possibility to
improve this process within the aspect of structural design of an
88 m long fast passenger/car ferry.

Problems involving the optimization of ship structures are
often spanned in highly nonlinear design spaces. Strength and
stiftness formulations are polynomials of higher order, while the
objective function is rarely linear. This can then result in a forma-
tion of a non-convex feasible space that cannot be readily handled
using the classical gradient-based methods as the concavities can
end the search prematurely. Yet, these methods are efficient in
their search for the local minima, so if considering the optimiza-
tion in the phase of preliminary design these problematic features
disappear. The amount of applied constraints drastically limit the
feasible space, so that it can be either sequentially linearized and
solved with linear programming, see [1] and [2], or separated
into a series of convex problems and solved accordingly with
the non-linear gradient based method [3]. Zanic et al. [4] and
Rigo [5] show on different practical cases, including thousands
of constraints and hundreds of design variables, that these ap-
proaches result in significant improvements within an acceptable
computational time period.

pokazuju pobolj$anja u odnosu na prototip, osobito pri uporabi vektorizacije.
Kljuéne rijeéi: geneticki algoritam, strukturalna optimizacija, trajekti, vektorizacija

However, as indicated in the ISSC report on design principles
and criteria [6, p.588], optimization often becomes a computa-
tional “nightmare” when considering constraints such as vibra-
tions, which cause infeasibility holes within the feasible space,
or when variables are non-continuous as in the considered case
study. The aid can be found then in the application of genetic
algorithms (GA). Gas can deal with such problems as they work
solely with the objectives functions and not with their derivatives
or with constraints. Gas based on the binary coding of variables
can also deal with integer or discrete values, but they can expe-
rience problems of local minima [7]. If within a population of
designs a sufficient diversity is not maintained, the Gas will have
difficulty to map the entire design space, and can therefore gener-
ate designs in the close neighbourhood of local minima. These
problems often occur when the problem needs to be solved in as
few generations as possible and with small population size, thus
forcing the algorithm to strictly follow the fittest design within a
population. In the design of ship structures this is often demanded
as the computation of structural response is costly. Within this
study we will explore the possibilities to enhance the performance
of Gas for structural optimization. We will concentrate on the
approach addressed as vectorization, by which all the constraints
are converted into additional objectives and a single-objective
optimization problem is solved as a multi-objective problem.

These theoretical concepts and their implementation to a GA
are further elaborated within the next two chapters. In chapter
four, the postulated approach is applied to the structural design

BRODGSRADNJA 11

58(2007)1, 11-17



A. KLANAC, J. JELOVICA

VECTORIZATION INTHE STRUCTURAL OPTIMIZATION OF A FAST FERRY

of a fast ferry, the results of which are further discussed in the
fifth chapter.

2 Vectorization

Let a constrained single-objective, or scalar problem (SO),
over a set of design variables x

Q={xeXcR"lg(x)20,Yjel.I}, minf (x), ()

be understood as a multi-objective, or vector optimization prob-
lem (VO)

min{ £, ()., (x). (). ®
in which the constraints g; are relaxed and represented as addi-
tional objectives f/ jel..1. Let us address this as vectorization.
Constraint representation in (2) needs to enable minimization
towards a desirable value, which is taken at zero, following the
feasibility condition of (1). Therefore, Deb [9] and Osyczka et
al. [10] choose to represent the constraints using the heavy side
function, as

f,

J

(X)z{—gj (x),ifg,(x)<0 )

0, otherwise.

Even though the constraints are relaxed, this representation
differentiates between feasible and infeasible designs. Yet it
does not preserve the information on the constraint magnitude
for the feasible designs. Hence, the relative distances between
the points in the feasible design space are lost, and the designs
become ranked solely on f. To avoid this drawback, an alterna-
tive “absolute” representation can be proposed:

f,(x) =g, (x)]. @)

All the information on the position of feasible designs is now
preserved, but the information on the feasibility is dropped. By
adopting these two constraint representations, two types of vector
problem of (2) are formed, the VO-1, which applies representa-
tion in (4), and the VO-2 applying the constraint representation
of (3).

According to Steuer [11], by solving the VO for a Pareto
front it is possible to solve the SO for a scalar optimum x”, so that
each optimum in SO is at least weakly Pareto optimal solution
in VO, while one scalar optimum is efficient, or strongly Pareto
optimal. Generally, any alternative x belonging to Pareto front
Xis weakly Pareto optimal, where Xis defined as

)A(={XEX|ﬂXk,f(Xk)<f(X),VXkEX\X}, (5)
and some alternatives are strongly Pareto optimal if
Elxk,f(xk)ﬁf(x),‘v’xkeX\x. (6)
Here f stands for a vector of objectives defined in (2), and the
applied inequalities “<” and “<” are vector inequalities.

The validity of this statement is easy to prove for VO-1 and -2 as
X' by definition possess the least value of f,. During the optimization

there might exist infeasible designs which possess lower values of f
than x*, hence these might dominate over it. In the case of VO-2, this
is avoided by assigning f,(x)=0, Vjel..1 forevery feasible
design, but in the case of VO-1, x* will be guaranteed Pareto op-
timality only if it lies on any constraint boundary, where fj(x*)=0,
j €1...I. Thus, the solution of VO-1 will from the set of feasible
designs prefer those which are on the boundaries, as well as those
which are in their neighbourhood as the constraint representation
will maintain the information on the relative position of designs.
This is particularly significant for the studied problem of weight
minimization as X" in such problems is regularly found on the
boundary of the feasible space.

VO-2 will, on the other hand, give the advantage to any fea-
sible design over infeasible, but without specific classification
among them. Hence, the VO-2 could lead towards more incon-
sistent search in which no specific advantages will be given to a
design on the feasible boundary, where X" might be expected. It is
also easy to see that for VO-2 any feasible design x* will always
be contained in the axis of f, and if x* = x", x", will be efficient,
due to the constraint representation of (3).

3 Implementation to a genetic algorithm

Within this paper we apply a single GA to perform optimiza-
tion in both vectorized and scalar form. The concept of solution
is applied through fitness ¢ calculation. If dealing with the SO,
it is possible to apply the following simple formula:

o |Big—1f,(x'), ifx €Q
(p(x )_ {O, otherwise '

)

which is a simplified piecewise form of the Penalty function
approach, see [12] for more, in which now all the infeasible
solutions are equally, but also maximally penalized to a value
of zero. Big is a large enough constant used to assign higher
fitness to designs having smaller objective function, since SO
involves minimization. This simplified formulation of a penalty
function is beneficial as it preserves the nature of the objective
function and avoids possible non-linearities due to the exclusion
of constraints, but it also neglects the information on the rate of
infeasibility, as all infeasible designs receive the same fitness of
zero. All the information on designs which are close to optimum,
but are infeasible, cannot be then used to further improve the
feasible designs.

If solving the vectorized problem, the formulation of the fit-
ness function should account for the performance of the designs
over multiple objectives, which in this case are the original ob-
jective function and the constraints. The convenient measure of
merit is then the Pareto optimality. Yet, in this case, where we
desire to obtain the scalar optimum, this criterion is insufficient.
Therefore, the following fitness function is proposed:

. maxd(x)+;i,if x eX

o(x)= d(x) ®)
maxd(x)—d (xi ) , otherwise

which ranks designs on the basis of the obtained Pareto optimality

within a population and the distance d to the reference point I
in an objective space Y = {f(x)|Vx e X}. In this case, L is the
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point containing the minimum values of every objective within
a population. As the problem deals with objectives of different
physical meaning, such as weight, thickness, stress, etc., the
objective space needs to be normalized to avoid pitfalls caused
by large differences in the magnitudes of functions in (2). The
normalization is performed by bounding this space within a unit
interval, where 0 now presents the minimum of the objective for
the current population, and 1 its maximum. Hence, I={0}, and
if, similarly to [10], we apply the weighted Euclidean function
as measure, the distance to I is found as

1/2
d(x):{ij (73] } ,
st. 0<w, <1, )
ij =1

where f” stands for a normalized value of an objective.

The choice of the weighting coefficient w enables now a
biased search for the part of the Pareto front assumed to contain
the scalar optimum. It is dependent, however, on the choice of the
problem and constraint representation. For VO-2, the weighting
coefficient w, of the objective function should be taken as w, < w,
Vj e 1...1, depending also on the number of constraints, in order
to concentrate the search within a neighbourhood of points with
8= 0. For VO-1, the choice of the w, is more difficult and several
options might have to be tried before obtaining the acceptable
result. A possible strategy is to first approach the points bearing
minimal values of f, using w, >> W, Vj € 1...1and then, if the
amount of obtained feasible designs is low, gradually reduce

Figure 1 A half of the ferry’s midship section with marked design
variables x
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the values of w, to allow for finding more feasible designs. Ad-
ditionally we modify the fitness function in (8) by penalizing the
infeasible designs, see (10), and preventing them to enter into
next generation to force generations consisting of mostly Pareto

optimal points, out of which one would be x".

1 . N
max d(x)+———, if X' €(QNX
<P(xi)= d(x) ( )
maxd(x)—d(x'), otherwise

10)

4 Optimization of a fast ferry

The presented vectorization concepts are shown on a practical
example of the minimum weight design of a fast ferry’s midship
section; see Figure 1. The results are compared with the classical
scalar approach of (1) with the fitness function of (7).

4.1 The structural design model

The ship is designed under the rule requirements of DNV
for a high speed, light craft and a naval surface craft [13]. It
is considered in fully loaded condition, for both crest and hol-
low landing, with the amplitudes of M, = 143778 kKNm and
M, ow= 157572 KNm.

The axle load of 1.0 t/axle for the car deck, at 4600 mm
from the keel, is applied on the tyre print areas of 115 x 88
mm. The load on the passenger deck is taken as for the weather
deck following the assumption that the superstructure does not
contribute to the global strength of the ship. Other local loads,
such as water pressure, are applied according to the Rules. The
applied aluminium alloys 5083 and 6082 are used respectively
for plating and stiffeners, with the yield strength of 106 MPa and
84 MPa and the material factor f, of 0.44 and 0.35. The Young
modulus of 70 GPa and the Poisson coefficient of 0.28 are the
same for both alloys.

Design variables include the scantlings of all the longitudinal
elements except girders, as well as the spacing of the longitudinal
stiffeners. Table 3 lists all the design variables with minimal and
maximal bounds. Generally, the minimum plate thickness of 5
mm was chosen due to a possible severe increase in deformations
during the welding of thinner plates. Same wise, the minimum
longitudinal spacing is selected at 200 mm.

The objective function f; is defined trough the total area of
all longitudinal elements in one half of the midship section, in-
cluding girders. Applied minimal requirements for the thickness
and the size of longitudinals are given through Pt.3 Ch.3 Sec.5
of [13], namely paragraphs B100 and C100 and Tables B1 and
C1. Additionally, all the structural elements are checked for the
buckling due to the longitudinal global hull girder loads, see
Pt.3 Ch.3 Sec.10 [13, p.27]. The distribution of global hull shear
loads is not specifically studied, but it is accounted for through
the requirement for minimal thickness of plates.

4.2 The GA model

Variables are binary coded with 4 bit long strings, based on
their integer representation, with the step of 0.5 mm for the plate
thickness, 0.7 cm? for the size of longitudinals and 10 mm for
their spacing. A population of 50 design alternatives, or individu-

BRODGSRADNJA 1 3

58(2007)1, 11-17



A. KLANAC, J. JELOVICA

VECTORIZATION INTHE STRUCTURAL OPTIMIZATION OF A FAST FERRY

als, is created within each generation following the randomly
generated initial population. Based on the computed fitness of
an individual, the GA uses a weighted roulette wheel to select
designs for the mating pool. Individuals’ chromosomes, or a
binary string of variable values, are mated with a probability of
0.8 using the randomly selected single point cross-over between
two consecutive individuals in the mating pool. Subsequently,
the individuals’ chromosomes are mutated bit-wise with a prob-
ability of 0.03.

Following the conclusions of chapter 3, VO-1 uses high
weighting coefficient w, of 0.5 for f, while wj’s equally share
the difference to 1, so that the biased search of Pareto optimal
designs in Y will concentrate on the lowest attainable values of
f,. VO-2 uses the weighting coefficient w, of 0.05 to bring the
search closer to the axes of f with wj’s equally sharing the dif-
ference to 1.

4.3 The results

We analyze 10 optimization runs of each of the applied ap-
proaches. The following 13 measures are applied to capture the
particular performance:

Table 1  Optimization results for the best runs
Tablica 1 Rezultati optimizacije za najbolje prolaze

- The minimum of the objective function f (x™) and its genera-
tion G ,, for the best run,

- The difference between the f (x™) and £ (x*') in per cent,

- The mean #_, and the dispersion o, of the fittest designs x”
for the best run,

- Generation of the first crossing of the x* below the m.,

fo(x*)<mx’

- The objective function value f (x),) of the top 1% designs

x"_, and their generations of obtainment Gx";%’

1%’

- The objective function value f (x7,) of the fittest designs X7,
within 1% of the f (x™), and their generations of obtainment
G L)

X

10

1% . .
- The mean . and the dispersion ](I)O'#X* of the M for all 10

runs,

- The mean “m, .,
)

all 10 runs,

and the dispersion "s of the f (x™) for

fo(x**)

- The mean “m .. and the dispersion S, .. of the G... for
all 10 runs e b e

Table 1 and Table 2 present these measures for the best run,
and for all 10 runs respectively. Furthermore, Figures 2 to 4 il-
lustrate the optimization history for the best runs.

VO-1 VO-2 SO
£,(x™) [m?] 0.3905 0.3922 0.4129
G... 99 278 34
£ (x)-f,(x™") [%] 7.5 7.1 22
U, [m’] 0.4123 0.4154 0.4457
O, in per cent of 4, 33 2.7 2.2
e 16 32 8
0.3905 0.3922 0.4129
0.3905 0.3942 0.4130
f(x,) [m?] 0.3915 0.3949 0.4191
0.3930 0.3964 0.4195
0.3954 0.3965 0.4207
99 278 34
100 279 35
Gy, 101 405 320
% 103 296 60
308 382 160
8'2382 0.3922 0.4129
f,(x7;,) [m*] ‘ 0.3942 0.4130
0\ 19 0.3915 0.3949
0.3930 .
99
100 278 34
G.. 279
103
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Table 2 Optimization results for all the computed runs
Tablica 2 Rezultati optimizacije za sve izvedene prolaze

VO-1 VO-2 SO
", ] 0.4153 0.4184 0.4465
"o, .. in per cent of ‘i, 0.57 0.64 0.43
iy ey 0] 0.3940 03950 0.4175
“]‘sfo(x**) in per cent of “l’mfo(x**) 0.7 0.6 0.9
MGy 282.40 296.70 250.60
'1Sgye: in per cent of “mg . 56.3 35.6 62.3
fO o
0,49 e e O Mean
L O
0,47 e . X**
& x* 1%
0,45 e ................... . X** 1%
043 1 __________________________ o Figure 2 Optimization history for the VO-1 best
’ o 2 o o run with marked minimum weight
B '?-?} e designs per generation x" and its
y 5 P So_ d . mean, global minimum x”, top 1 per
041 13 5 age by T LR e P - cent best performing designs x*_1%,
: : i : and designs within 1 per cent of the
: : : obtained minimum weight x”_1%
0.39 % : : : Slika2 Povijest optimizacija za VO-1 najbolji
' T T o S S prolaz s oznacenim projektima naj-
: : : : manje tezine po generaciji X" i njihovi
f : f o sredniji, globalni minimum x*, gornjih
0,37 : : ; Generation —| 1 % najboljih projekata x"_1%, i pro-
jekata unutar 1 % t x”_1% dobivenih
0 100 200 300 400 500 najmanjih tezina.
fo
0,49
0,47
0,45
043 Figure 3 Optimization history for the VO-2 best
’ run with marked minimum weight
designs per generation x" and its
mean, global minimum x”, top 1 per
0,41 cent best performing designs x"_1%,
and designs within 1 per cent of the
obtained minimum weight x”_1%
Slika3 Povijest optimizacija za VO-2 najbolji

0,39

Generation |

0,37 :

400 500

prolaz s oznac¢enim projektima naj-
manje tezine po generaciji x* i njihovi
sredniji, globalni minimum x**, gornjih
1 % najboljih projekata x*_1%, i pro-
jekata unutar 1 % t x**_1% dobivenih
najmanjih tezina.
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o X**_1%
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Figure 4 Optimization history for the SO best run with marked
minimum weight designs per generation x" and its mean,
global minimum x”, top 1 per cent best performing
designs x"_1%, and designs within 1 per cent of the
obtained minimum weight x”_1%

Povijest optimizacija za SO najbolji prolaz s ozna¢enim
projektima najmanje teZine po generaciji x* i njihovi
sredniji, globalni minimum x**, gornjih 1 % najboljih pro-
jekata x*_1%, i projekata unutar 1 % t x**_1% dobivenih
najmanjih tezina.

Slika 4

5 Discussion

Clearly, the results show that GA managed to improve on the
referenced design using all the presented approaches. The VO-1
has performed the best by reducing the cross sectional area of the
midship section by 7.5 per cent. It is closely followed by the VO-2
with a 7.1 per cent improvement, while the SO failed to perform
better than 2.2 per cent. The obtained improvements are therefore
in line with the typical improvements in literature, as e.g. in [4].

Solving the vectorized problems obtains better results than
solving the problem in the original representation of SO. The
VOs find the smaller minimums of the objective function, but
also generally fitter designs throughout generations, see f (x™) in
Table 1 and "“m My (o and “l’,u in Table 1. See also Figures 2 to
4 for the 111ustra%10n of the differences. The dispersion of these
values is small for all the approaches, hence the significance of
means is high, see 'Us, L and "s_ . In Table 1 and Figure 2 we
can see that for the best run of VO- 1, a series of four designs
within 1 per cent of the minimum are obtained already around
the 100" generation, see f, (x 5 and G e

Table 3 provides a comparison bettWeen the obtained mini-
mum weight design, now taken to be the minimum of VO-1x7;,
its standardized version x;  and the referenced design x™". In
comparison with the reference, the optimization reduced the spac-
ing of longitudinals, which then generally caused the reduction of
plate thicknesses and size of longitudinals. Due to the application

Table 3 Design variables with min - max bounds and values for the reference x', computed optimum X, , and its standardized ver-

Sion X, 4

Tablica 3 Projektne varuable sa min-maks grani¢nim vrijednostima za odnosne x™', prora¢unati optimumi x_ . i njihove standardizirane

vrijednosti x;,

Design variable Min Max x! XVo. X and
Thickness of passenger deck — strake 1, x, [mm] 5 12.5 8 5.5 7
Thickness of passenger deck — strake 2, x. [mm] 5 12.5 8 9.5 8
Thickness of passenger deck — strake 3, x, [mm] 5 12.5 8 9 9
Thickness of passenger deck — strake 4, x, [mm] 5 12.5 8 9 9
Thickness of shear strake 1, x. [mm] 5 12.5 9 5 7.5
Thickness of side shell — strake 1, x, [mm] 5 12.5 8 5.5 5.5
Thickness of side shell — strake 2, x, [mm] 5 12.5 8 7.5 5.5
Bilge strake, x, [mm] 6 13.5 9 6.5 6.5
Thickness of bottom shell — strake 1, x, [mm] 7 14.5 10 8 8
Thickness of bottom shell — strake 2, x,, [mm] 7 14.5 11 9 9
Thickness of bottom shell — strake 3, x,, [mm] 7 14.5 12 13 13
Keel plate, x_ [mm] B 8 15.5 12 14 14
Thickness of car deck — strake 1, x,, [mm|] 5 12.5 8 6 6
Thickness of car deck — strake 2, x,. [mm)] 5 12.5 8 6.5 6
Thickness of car deck — strake 3, x,, [mm|] 5 12.5 8 6 6
Thickness of car deck — strake 4, x,. [mm] 5 12.5 8 6 6
Size of passenger deck longitudinals, x_ [cm?] 54 15.9 9.31 6.80 6.75
Spacing of passenger deck long’s, x,, [mm] 200 350 300 210 210
Size of upper side shell longitudinals, x,, [cm?] 54 15.9 6.20 5.40 5.40
Spacing of upper side shell long’s, x, [mm] 200 350 400 230 230
Size of lower side shell longitudinals, x,, [cm?] 5.4 15.9 6.20 8.20 5.40
Spacing of lower side shell long’s, x., [mm] 200 350 350 230 230
Size of bilge longitudinals, x_. [cm?] 5.4 15.9 6.20 7.50 7.74
Spacing of bilge longitudinals, x.. [mm] 200 350 350 230 230
Size of bottom shell longitudinals, x_. [cm?] 5.4 15.9 12.40 13.10 13.83
Spacing of bottom shell longitudinals, x_ [mm] 200 350 300 280 280
Size of car deck longitudinals, x._ [cm?] 5.4 15.9 12.4 5.4 5.4
Spacing of car deck longitudinals, x_. [mm] 200 350 300 200 200
Total area of a half of the midship section [m?] 0.4221 0.3905 0.3885
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of different classification rules within this study, the reference
breaks the constraints of longitudinal strength as well as the mini-
mal requirements for the side shell and bilge plate thickness and
their stiffener size. Following that, the obtained minimum weight
design is actively constrained by the longitudinal strength, thus
some of the passenger deck strakes, as well as the lowest parts of
the bottom shell, including the keel, are thickened in comparison to
the reference, while the spacing of their stiffeners is reduced with
additional increase in the size of the bottom stiffeners.

After the optimization was completed we reduced some of
the obtained variable values from X’:fo_ \» namely the size of the
lower side longitudinals and the thickness of the 2" car deck
strake. Within this process we additionally standardized the size
of longitudinals, interchanged the thicknesses of the shear strake
and the 2" side shell strake to obtain a rational distribution of the
plate thickness over the side, and reduced the difference between
the neighbouring strakes in the passenger deck. We attained a
lower value of f, by the additional 0.5 per cent. Obviously, X,
is not then the global minimum, but it has approached active
constraints the most, which is typical for GAs as convergence
to the global minimum cannot be guaranteed for some finite
number of generations.

6 Conclusion

Within this paper we presented an alternative approach to sin-
gle-objective optimization problems, addressed as vectorization.
Using the large-scale problem as an example, we have shown that
the consideration of constraints as additional objectives alongside
the original objective function can provide benefits regarding the
achieved minimum weight design.

Two approaches to vectorization have been compared, one
considering the formulating of constraints with a heavy side
function, in which feasible designs receive the minimum value
of a constraint function, and the other with the constraint func-
tion values represented as their absolutes. These were then im-
plemented into a simple genetic algorithm and confronted in the
case study with the single-objective conventional approach. The
obtained results seem to encourage vectorization as both of the
vectorization approaches outmatched the conventional approach.
The compared minimum weight design is 8 per cent better than
the referenced design.

Vectorization, as presented in this study, might however face
difficulties if e.g. the ship structural design problem expands over
the overall ship structure, in which case the number of constraints
explodes into thousands. Thus, vectorization should be further
studied and improved in order to tackle such problems. But, fol-
lowing on the results presented here, vectorization can already
find its use and offer efficient design optimization.

Acknowledgments

This study was supported by the MARSTRUCT network of
excellence on ship structures, funded by the European Union,

the Technology Development Centre of Finland — TEKES and
the Finnish shipbuilding and shipping industries through the
projects TORMAKE and CONSTRUCT. For this help they are
gratefully acknowledged.

References

[1] MISTREE, F., HUGHES, O.F., PHUOC, H.B.: “An opti-
mization method for the design of large, highly constrained
complex systems”, Engineering Optimization, 5, 1981, p.
179-197.

[2] HUGHES, O.F., MISTREE, F., ZANIC, V.: “A practical
method for the rational design of ship structures”, J. Ship
Research, 24(2), 1980, p. 101-113.

[3] RIGO, PH. and FLEURY, C.: “Scantlings optimization
based on convex linearization and a dual approach”-Part
II, Marine Structures, 14, 2001, p. 631-649.

[4] ZANIC, V., JANCUEV, T., ANDRIC, J.: “Mathematical
Models for Analysis and Optimization in Concept and Pre-
liminary Ship Structural Design”, IMAM, Naples, 2000 p.
15-22.

[5] RIGO,PH.: “An integrated software for scantlings optimiza-
tion and least production cost”, Ship Technology Research,
50,2003, p. 126-141.

[6] ISSC - Committee IV.1: “Design principles and criteria”,
16" INTERNATIONAL SHIP AND OFFSHORE STRUC-
TURES CONGRESS 20-25 AUGUST 2006 SOUTHAMP-
TON, UK (available online at http://www.issc.ac/).

[71 KNOWLES, J.D., WATSON, R.A., CORNE, D.W.:
“Reducing Local Optima in Single-Objective Problems
by Multi-Objectivization”, in ZITZLER, E., et al. (Eds.):
EMO 2001, Lecture notes in computer science 1993, 2001,
p. 269-283 (Springer-Verlag Berlin Heidelberg).

[8] KLAMROTH, K and TIND, J.: “Constrained Optimization
Using Multiple Objective Programming”, Technical report,
Institute of Applied Mechanics, University of Erlangen-
Nuremberg. Submitted to J. Global Optimization (available
online at http://www.math.ku.dk/~tind/multiconstraint.
pdf/).

[9] DEB, K.: “Multi-Objective Optimization Using Evolution-
ary Algorithms”, 2001 (John Wiley & Sons: Chichester).

[10] OSYCZKA, A.,KRENICH, S., TAMURA, H., GOLDBER,
D.E.: “A Bicriterion Approach to Constrained Optimization
Problems Using Genetic Algorithms”, Evolutionary Opti-
mization — An International Journal on the Internet, 2(1),
2000, p. 43-54.

[11] STEUER, R.E.: “Multiple criteria optimization: theory, com-
putation, and application”, 1986 (John Wiley & Sons).

[12] BAZARAA, M.S., SHERALI, H.D., SHETTY, C.M.:
“Nonlinear Programming: Theory and Algorithms”, 1993
(John Wiley & Sons).

[13] ...: “Rules for Classification of High Speed, Light Craft and
Naval Surface Craft”, Det Norske Veritas, Hovik, 2005.

17

BRODGSRADNJA

58(2007)1, 11-17




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 15%)
  /CalRGBProfile (ColorMatch RGB)
  /CalCMYKProfile (U.S. Sheetfed Uncoated v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages false
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


