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Abstract—Ship design is a complex engineering activity
which requires a multidisciplinary consideration in arriving
at design objectives and constraints. An optimal design of
such problems require a multi-objective optimization method
that is capable of finding multiple trade-off solutions, not
only to choose a preferred solution for implementation, but
also to have a deeper understanding of the interactions
among design variables. In this paper, we consider two ship
design models involving uncertainties in design variables,
and demonstrate the usefulness of an evolutionary multi-
objective optimization (EMO) method and subsequent data
analysis procedures in arriving at valuable design principles
that enhance the knowledge of a designer. The study is ped-
agogical yet provide key insights of ship design issues and
importantly outlines the systematic procedure for applying
the technology to other more complex design problems.

I. INTRODUCTION
Most engineering design activities are better achieved

through an optimization task in which a number of
design variables are found for maximizing or minimizing
one or more design goals and by satisfying a number
of constraint functions. When multiple conflicting ob-
jectives are considered simultaneously, the optimization
task results in a set of Pareto-optimal solutions which
possess an inherent trade-off in the objectives [7].

Classical multi-objective optimization methods [16],
[4] scalarize multiple objectives into a single composite
objective function, which can then be optimized using
a single-objective optimization method. Although such
a principle can be used repeatedly to generate a set of
trade-off solutions, studies have demonstrated that due
to the absence of any parallel search ability, they are
computationally expensive [20]. Proposed in the begin-
ning of nineties, evolutionary multi-objective optimiza-
tion (EMO) methods were shown to be capable of finding
multiple trade-off solutions in a single simulation run
[7], [6], [5], [24]. Due to their population approach and
parallel search ability, EMO methods have gained an

increasing popularity, particularly during the last decade.
The use of an EMO method to an engineering design

problem has a number of advantages. First, as discussed
above, an EMO method can find multiple trade-off de-
signs in a single simulation. Second, the presence of mul-
tiple efficient designs allow a designer to analyze them
to reveal design principles that are common to them.
Since these principles are properties of high-performing
designs, it is not surprising that they are valuable to
the designers. This data analysis task was called as the
innovization task by the first author [12]. Starting with
manual innovization studies, the first author and his
students have developed automated innovization pro-
cedures based on machine learning approaches in the
recent past [2], [1], [3]. Third, EMO methods enable han-
dling different practicalities associated with engineering
design problems. One such practicality is the handling of
uncertainties in design variables. Recent studies on robust
and reliability based EMO studies have amply demon-
strated their usefulness in engineering design activities
[11], [10], [23], [22], [13].

In this paper, we apply the above-mentioned com-
bination of multi-objective optimization, data analysis
and uncertainty handling techniques to ship design prob-
lems. A ship design problem must be considered for a
number of different objectives related to cost, weight,
performance and cargo carrying abilities [26], [25]. Here,
we consider two different ship design models [15], [19]
and demonstrate the use of the proposed optimization
and subsequent data analysis and uncertainty handling
procedures to arrive at valuable insights and design
principles related to optimized ships. The presence and
discovery of such useful knowledge in ship design prob-
lems demonstrated in this paper should be repeated to
other routine design problems.

In the remainder of this paper, we provide a brief de-
scription of the principles of existing ship design studies



in Section II. The next section presents a simplistic ship
design model and optimized results for two conflicting
objectives of design. Thereafter, the data analysis and
uncertainty handling methods demonstrate the useful-
ness of these procedures by revealing important design
relationships among design variables and objectives. Sec-
tion IV considers a more involved ship design model
[19], [14] and repeats the multi-objective, data analysis
and uncertainty studies to reveal further insights about
ship design. Finally, Section V concludes the findings of
this study.

II. EXISTING STUDIES ON OPTIMAL SHIP DESIGN
Ship design is a complicated process involving var-

ious parameters and considerations. Besides the sizing
parameters which will determine the shape and size of
the ship, the velocity, power needed to run the ship,
fuel consumption, cargo carrying capacity, ship cost, and
annual running cost are all important considerations.
Although most of the above functionalities can be quan-
tified for a ship using fluid mechanics and simplistic
models [15], [19], [14], more complicated excel data based
design procedure are also followed in the literature [17],
[18]. In this paper, we consider two proposed mathe-
matical models of ship design and demonstrate the use
of a multi-objective design optimization methodology
coupled with a reliability-based design procedure for
obtaining high-performing designs. Unlike other existing
studies, here we highlight a knowledge extraction proce-
dure performed using the optimized trade-off designs to
reveal useful and interesting design principles for ship
design that go a long way of having a greater insight to
the effect of uncertainties in designing a ship.

III. MCKESSON MODEL
In this first task, we use a simplified ship design

model [15] as a bi-objective optimization problem:

Minimize ANNUAL COST (in $/year),
Maximize TRANSPORT (in Tonne-miles/year),
Subject to GM ≥ 0,

5, 000 ≤ DWT ≤ 100, 000 (Tonnes),
12 ≤ Vel ≤ 22 (Knots),
10 ≤ Beam ≤ 30 (m).

(1)

The variables of this problem are DWT (Tonnes), Vel
(Knots), and Beam (m). The model is an intentionally
simplistic model created for use as an undergraduate
programming exercise. The calculation of two objective
functions and constraint function GM are provided in
Appendix A.

The variables of this problem are DWT (Tonnes), Vel
(Knots), and Beam (m). The calculation of two objective
functions and constraint function GM are provided in
Appendix A.

First, we use the elitist non-dominated sorting genetic
algorithm (NSGA-II) [9] to obtain a set of optimized
trade-off solutions. Following parameter values are used:
population size=100, number of generations=4,000, SBX
crossover [8] probability pc=1 and index ηc = 15, polyno-
mial mutation [7] probability pm=0.1 and index ηm = 20.
Figure 1 shows these obtained trade-off solutions. Each
point in the figure is a different ship configuration mark-
ing a trade-off between the two objectives: (i) Annual cost
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Fig. 1. NSGA-II obtained trade-off Pareto-optimal solutions for bi-
objective ship design problem and a particular single-objective optimal
solution.

and (ii) Transport capacity. The trade-off is clear from the
plot. Solution C is best for the annual cost, but is worst
for transport capacity, whereas solution T is the best for
transport capacity, but comes with a large annual cost.

Some researchers avoid the complications involved
in solving a multi-objective problem by forming a single
composite objective using problem information. For this
problem, one reasonable composite objective would be
to maximize the ratio transport capacity to annual cost
– a single objective function. We optimize the single-
objective problem using Matlab’s fmincon() algorithm
and obtain a single optimal solution, marked as ‘A’ in the
Figure 1. The single-objective treatment produces a single
solution on the trade-off frontier, while a consideration
of two conflicting objectives produce a set of trade-off
solutions of which the single-objective optimal solution
is one. Thus, a bi-objective treatment produces a num-
ber of alternative solutions, thereby allowing decision-
makers to (i) understand the trade-offs exist between
two or more original objectives and (ii) then choose
a single preferred solution by carefully analyzing the
trade-off. Such benefits of multi-objective optimization
has been the main prime-movers for the increasing
popularity of evolutionary multi-objective optimization
(EMO) methodologies for the past two decades [7].

A. Knowledge Discovery from Optimal Solutions
The application of an EMO methodology to a design

problem has now become a routine activity. But in this
paper, we highlight and recommend the usefulness of
two post-optimality aspects. In this subsection, we dis-
cuss the use of a recently proposed innovization technique
[12], [2] that analyzes the obtained trade-off solutions
and bring out hidden relationships among design vari-
ables and objectives as a data-mining task. Such as task is
promising to provide us with a deeper knowledge about
the design problem.

In Figure 2, we plot all three variable values as a func-
tion of one of the objectives (annual cost) for all obtained
trade-off solutions. Following observation is made. There
seems to be a phase change in trade-off solutions for
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Fig. 2. Variation of three variables (DWT, Vel and Beam) for different
Pareto-optimal solutions. A phase-changing pattern beyond annual cost
of 4.6 M$ and a transport capacity of about 5 Billion Tonne-miles/year
(dashed vertical line) is observed.

ships having an annual cost of around 4.6 M$/year and
a transport capacity of about 5 Billion Tonne-miles/year
(dashed vertical line). Up until this critical annual cost
value, the velocity must be more or less kept constant
at its lower bound at 12 Knots, but beam length must
be increased monotonically from its lower bound to
its upper bound for an increasing transport capacity.
Thereafter, an increase in transport capacity must come
from a fixed beam length of 30 m (its allowable upper
bound) and a steady increase in velocity. Interesting,
increased transport capacity requires a slight decreasing
trend in DWT. The existence of a critical phase-changing
design philosophy at a transport cost of around 5 Billion
Tonne-miles/year emerges as an valuable insight for this
ship design task. It is also observed that for most of these
trade-off solutions, the constraint value GM is very close
to zero, thereby meaning that the constraint (GM≥ 0) is
critical for the optimal design of the ship.

B. Handling Uncertainties and Reliable Designs
Next, we consider another important practicality in

the ship design task from the point of view of uncer-
tainties involved in adhering to the prescribed variable
values in practice. Here, all three variables are considered
to be uncertain using a Gaussian distribution with a
standard deviation proportional to 5% of their values.
That is, if the Vel is 20 Knots, it is assumed to vary
normally around 20 Knots with a standard deviation of
5% of 20 Knots, or 1 Knot. Similar considerations are
made for other two variables as well. The stochastic bi-
objective optimization [11] becomes as follows:

Minimize ANNUAL COST (in $/year),
Maximize TRANSPORT (in Tonne-miles/year),
Subject to Prob(GM ≥ 0) ≥ R,

5, 000 ≤ DWT ≤ 100, 000 (Tonnes),
12 ≤ Vel ≤ 22 (Knots),
10 ≤ Beam ≤ 30 (m).

(2)

The original constraint is now changed into a chance
constraint: the probability that the constraint satisfies

(that is, GM ≥ 0) is at least a given reliability value
R. Our multi-objective optimization methodology is now
changed to handle the above chance constraint using the
RIA approach [11], [21].

Figure 3 shows the effect of the reliability value R on
the obtained trade-off frontier. The ‘Deterministic’ front
comes from Figure 1, where no uncertainty was consid-
ered. With an increase in reliability (R) value, the trade-
off front becomes worse. That is, to have an identical
transport capacity, a more reliable design demands a
larger annual cost.
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Fig. 3. NSGA-II obtained trade-off Pareto-optimal solutions for bi-
objective ship design problem with uncertainty in three design param-
eters.

Figure 4 shows the variation of three variables for
Pareto-optimal solutions with different reliability values.
Following conclusions can be drawn from these solu-
tions:

 10

 10000
 20000
 30000
 40000
 50000
 60000
 70000
 80000
 90000

95% Reliability
90% Reliability
80% Reliability

Deterministic

 22 20 18  16 14  14  18  22  26  30

Beam (m)Vel (Knots)

DWT (Tonnes)

 12

 0

Fig. 4. Variation of three variables (DWT, velocity and beam length)
for different Pareto-optimal solutions under different reliability values.
Different levels of reliability comes mainly from carefully choosing the
DWT variable; the other two variables do not affect the reliability of
ship significantly.

1) Interestingly, uncertainties in beam length and
velocity do not affect the ship’s reliability against
infeasibility much.

2) The main variable affecting the reliability is
DWT which must be reduced with an increasing
reliability requirement.



3) Additionally, a higher reliability against con-
straint failure comes with a decreased DWT
(lighter ship). The recommended DWT values
must be reduced from 85,000 Tonnes (determin-
istic solutions) to 79,000 Tonnes at 80% reliability
or to 75,000 Tonnes at 90% reliability or down to
70,000 Tonnes at 95% reliability.

C. Increased Bound on Beam
Figure 2 indicated that the upper bound of the beam

(which was fixed at 30 m) controls the phase change.
Here, we investigate the effect of increasing this upper
bound. We allow the beam length to be as high as
60 m and redo the above bi-objective reliability based
optimization study. Figure 5 shows the new trade-off
frontiers for different reliability values. The figure also
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Fig. 5. NSGA-II obtained trade-off Pareto-optimal solutions for bi-
objective ship design problem with uncertainty in three design param-
eters for an increased upper bound on beam length of 60 m.

shows the deterministic trade-off front found in the
previous case with upper bound of beam being 30 m. It is
clear that the relaxation of upper bound on beam allows
better trade-off solutions to be found. But interestingly,
now the effect of reliability of design is relatively an
unimportant parameter. All fronts are similar. This is an
important result indicating that there exists an optimal
beam value that vanishes the sensitivity of designs due
to uncertainties in the three variables.

Interesting, relaxing the beam length makes most
optimal designs to reach the full effect of DWT (hitting
its allowed upper bound of 100,000 Tonnes) and there is
a slight difference in beam length. For the Deterministic
front, optimal beam length is 31.5 m, for 80% reliability
front it is 33 m, for 90% reliability is 34 m and for 95% it
is 34.2 m. Interestingly, although up to 60 m Beam length
is allowed, the DWT limit of 100,000 Tonnes require at
most 34.2 m beam length for an optimal performance.
Thus, a slight increase in beam length, from 30 to 34.2
m, made the designs insensitive to uncertainties in three
design variables. Such is the power of multi-objective
optimization studies. They can not only provide useful
optimal variable values, but importantly can provide

valuable insights about the problem, which are usually
not obvious and are otherwise difficult to obtain.

IV. SEN-BULKER SHIP MODEL
The Sen-Bulker model involves a more realistic ship

design model [19]. The model has six variables, nine con-
straints, and three objectives, as described in Appendix B.
Three objectives – minimization of light ship mass (LS),
minimization of transportation cost (TC) and maximiza-
tion of annual cargo capacity (AC) – are considered in
our study. Although a trade-off between ship mass and
annual cargo is intuitive, it is expected that the ship
mass and transportation cost will be correlated. To make
all objectives to be of same type, we multiply annual
cargo by −1 and minimize all three objectives, although
this conversion is mandatory for an evolutionary multi-
objective optimization method.

First, we optimize the above problem without any
uncertainty consideration. NSGA-II is used with follow-
ing parameter values: Following parameter values are
used: population size=100, number of generations=6,000,
SBX crossover probability pc=0.9 and index ηc = 15,
polynomial mutation probability pm=0.167 and index
ηm = 20. Resulting three-dimensional trade-off solutions
are shown in Figure 6. The trade-off between ship mass
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Fig. 6. Three-objective Pareto-optimal front of Sen-Bulker ship model.

and annual cargo is obvious from the z-x plane. Heavier
ships are required to carry larger annual cargo. Although
this is intuitive, the optimization task quantifies the
trade-off exactly. It is also interesting to note the range of
values of ship mass and annual cargo which constitutes
the trade-off designs. The ship mass can vary between
0.905 to 9.262 K-Tonne, while the annual cargo varies
from 0.5 to 1.3 M-Tonne. Table I presents the six variables

TABLE I. THREE EXTREME OPTIMAL SOLUTIONS ARE SHOWN.

Best L B D T CB V TC LS AC
m m m m kts £/Tn K-Tn M-Tn

TC 270.13 44.84 22.21 16.24 0.63 14 9.44 2.13 0.868
LS 196.76 31.64 15.11 11.28 0.63 14 11.33 0.91 0.496
AC 479.34 73.17 36.40 25.97 0.63 14 14.49 8.96 1.241

and corresponding objective values for the three extreme
solutions.



For most part of the trade-off front, ship mass and
transportation cost/Tonne of cargo values are correlated
as shown by the plot in the x-y plane. For ships capable
of carrying large annual cargo (more than about 0.7 M-
Tonne) the ship mass and transportation costs requires
a trade-off. Interestingly, although the ships with largest
annual cargo carrying capacity is heaviest, but the trans-
portation cost for carrying unit Tonne of cargo is small-
est. The optimized solutions and the inherent trade-off
they possess provide a plethora of interesting knowledge
about ship design. After such a task, a decision-making
task is needed to choose a preferred solution.

A. Knowledge Extraction from Optimized Designs
We now analyze the NSGA-II obtained trade-off so-

lutions (a total of six variables and respective three
objective values) and search for any simplistic pair-
wise relationship (we refer to relevant ‘knowledge’ here)
between the entities. Several interesting relationships are
observed. We describe them next.

Figure 7 shows the relationship between two of the
six variables – depth (D) and draft (T ), both in m.
Interestingly, there is a linear relationship preserved by
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these two variables for all trade-off optimized designs:

D = 1.443T − 1.195. (3)

As observed from the figure, a δT increase in the draft
of a ship (indicating the portion of the depth which
is underwater) should make a 1.443∆T increase in the
depth of the ship. This is remarkable and was not
something which was intuitive from the ship design
model. A three-objective optimization and an analysis
of obtained optimized solutions reveal such an inter-
esting and potentially useful relationship. It indicates
that any one of these two variables can be chosen by
the designer. Then, the other variable value must be
chosen by the above equation to come up with ships
that are optimal and no other value will produce an
optimal ship. Archimedes’s theorem indicates that for a
rectangular hollow box with an average density of ρ(< 1)

the following linear relationship holds:

D = T
1

ρ
. (4)

A ship has a different geometry than a rectangular
box and therefore the relationship is also expected to
be different, but the remarkable similarity of the two
equations ((3) and (4)) supports our finding.

A further analysis to the nine-dimensional data is
made and it is found that two other design variables –
velocity (V ) and block coefficient (Cb) – must be fixed to
14 knots and 0.63, respectively, to produce optimal ship:
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Fig. 8. Block coefficient Cb versus light ship mass for the Sen-Bulker
ship model.

Cb = 0.63, V = 14 knots. (5)

It is also observed that each of the four design vari-
ables – length (L), beam width (B), depth (D) and draft
(T ), all in m – is correlated with the ship mass (in K-
Tonne), as follows:

L = 202M0.4,

B = 34.4M0.34,

D = 17.0M0.35,

T = 12.5M0.34.

Figure 9 makes a log-log plot of variables with the
ship mass. A linear relationship in a log-log plot indi-
cates a polynomial behavior, as stated above. The above
relationship found preserved among optimized trade-
off solutions can be useful in getting ‘thumb-rules’ or
back-of-the-envelope calculations for estimating different
variable values for a typical desired mass of the ship.
Interestingly, for a heavier ship all four design variables
must be increased in a monotonic manner. It is also
obvious that in for the entire range of optimal ships, the
length of the ship has the highest dimension, followed
by the beam width, then the depth, and finally the draft,
which is the smallest dimension.
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B. Uncertainty in Design Variables and Knowledge Extrac-
tion

We now consider five of the six variables (except
x4 = Cb) to be uncertain and varying with a Gaussian
distribution around their prescribed values with stan-
dard deviation of xx. Three different reliability values
are used to find trade-off optimized designs. Figure 10
shows the three sets of designs on a two-objective plot.
An interesting outcome is revealed: ‘Larger reliability
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Fig. 10. Two-objective Pareto-optimal front of Sen-Bulker ship model.

comes only from a heavier ship carrying a heavier an-
nual cargo’. Here is roughly the range of ship mass for
different reliability values:

R = 0.85, mass in [6.0, 8.5] K-Tonne,
R = 0.75, mass in [4.0, 9.0] K-Tonne,
R = 0.50, mass in [2.0, 9.0] K-Tonne.

We now plot the four sizing variables with the ship
mass to investigate for any correlation between them. We
observe from Figure 11 that a higher reliability design is
associated with a larger length (L) and also the length
is correlated to the ship mass: L = 207M0.35, which is
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slightly different from that observed in the deterministic
study.

A plot of beam width with ship mass in Figure 12 also
reveals a similar relationship: B = 31.5M0.35. Finally Fig-
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Fig. 12. Beam (B) versus Ship Mass (M ) for the Sen-Bulker ship
model.

ures 13 and 14 reveal the monotonic variation of depth
and draft values with the ship mass: D = 19Mass0.32.
and Larger reliability values come from larger depth
(D): D = 19Mass0.32 and T = 13.1Mass0.30, respectively.
These relationships are slightly different from those ob-
tained from the deterministic study, but account for the
uncertainty in the design variables.

As we observed a direct relationship between depth
and draft in Figure 7 for the deterministic case, we find
a similar relationship for uncertainty-based optimized
solutions with draft and length in Figure 15. The fitted
relationship is T = 0.098 + 0.057L. These are interesting
knowledge extracted from the trade-off optimized solu-
tions, which would be valuable to the ship designers.
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V. CONCLUSIONS
Many engineering design tasks are achieved through

multi-objective optimization methods in which two or
more conflicting objectives are simultaneously consid-
ered for obtaining trade-off designs. In this paper, we
have considered two different ship design models and
optimized them using an evolutionary multi-objective
optimization algorithm. The main contribution of this
study has been to demonstrate two post-optimality tasks
which can reveal interesting insights related to the design
task. First, a data analysis procedure has been applied
to the obtained trade-off optimized designs and useful
design principles have been revealed. Second, some of
the design variables have been considered to be un-
certain and objectives have been re-optimized to find
a reliable frontier of trade-off solutions. A further data
analysis has revealed important insights about variables
that are relatively insensitive for an increased reliability
of designs.

This study demonstrates the practical importance of
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Fig. 15. Relationship between Draft (T ) and Length (L) for the Sen-
Bulker ship model.

using multi-objective optimization and subsequent data
analysis to an engineering design problem and should
spur interests to designers for performing similar studies
in other design activities using evolutionary methods.
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APPENDIX

A. EVALUATION OF A DESIGN USING MCKESSEN’S
MODEL

The following pseudo-code is used for evaluating
a design, represented by three variables. If constraint
violation is negative, the design is infeasible.

[f, Constr] = McKessen_ship_model(x)
{
[DWT, Vknots, Beam] = x;
LBP = 100.0; CB1 = 1.0; CB2 = 1.0; Ps = 0.0;
i = 0 ;
Condition = 0;
while( i == 0 || Condition == 1)
{
LBP = LBP*pow((CB2/CB1), 1.0/3.0);
Depth = 0.087 * LBP;
Draft = 0.73 * Depth;
FN_l = 0.51444*Vknots/sqrt(9.81*LBP);
CB1 = 0.7+0.125*atan((23.0-100.0*FN_l)/4.0);

W_Steel = 0.07 * LBP * Depth * Beam;
W_Power = 0.25 * Ps;
W_LightShip = W_Steel + W_Power;
W_FullLoad = W_LightShip + DWT;
Displacement = W_FullLoad / 1.025;
Ps = 2.0 * pow(FN_l, 3.0) * W_FullLoad;
CB2 = Displacement / LBP / Draft / Beam;
if (CB1 < 0.99 * CB2 || CB1 > 1.01 * CB2)

Condition = 1;
else

Condition = 0;
i++;

}
COST_Acq = 1000.0*Ps+1000.0*W_LightShip;
COST_Wages = 25.0 * 150000.0;
COST_Fuel = 0.25 * Ps * 4800.0;
COST_Operation = COST_Wages + COST_Fuel;
AnnualCOST = COST_Operation+1.0/30.0*COST_Acq;
TRANSPORT = 4800.0 * Vknots * DWT;
f = [AnnaulCOST, -TRANSPORT];

/* Constraint Evaluation */
KG = Depth / 2.0;
KB = Draft / 2.0;
I_T = 0.5 * LBP * pow(Beam, 3.0) / 12.0;
BM = I_T / Displacement;
GM = KB + BM - KG;
Constr = GM;

}

B. EVALUATION OF A DESIGN USING SEN-BULKER
MODEL

The functional forms of a(CB) and b(CB) are given
elsewhere [19]. A solution having positive value for all
constraints is considered feasible. The allowable variable
values are 190 ≤ L ≤ 500 m, 10 ≤ T ≤ 27 m, 12 ≤ D ≤ 51
m, 0.63 ≤ CB ≤ 0.75, 22 ≤ B ≤ 75 m, and 14 ≤ V ≤ 18
Knots.

[f, Constr] = Sen-Bulker_ship_model(x)
{
[L,T,D,C_B,B,V] = x;
Displ = 1.025*L*B*T*C_B;
P = Displˆ(2/3)*Vˆ3/(b(C_B)*V/(9.8065*L)ˆ.5

+ a(C_B));
Steel_mass = 0.0034*Lˆ1.7*Bˆ0.7*Dˆ0.4*C_Bˆ0.5;
Outfit_mass = Lˆ0.8*Bˆ0.6*Dˆ0.3*C_Bˆ0.1;
Machine_mass = 0.17*Pˆ0.9;
Dead_wt = Displ - Ship_mass;
Daily_consmp = 0.2+0.19*P*0.024;
Sea_days = 5000/(24*V);
Fuel_carried = Daily_consmp*(Sea_days+5);
Crew = 2*Dead_wtˆ0.5;
Cargo_dw = Dead_wt-Fuel_carried-Crew;
Port_days = 2*(Cargo_dw/8000 + 0.5);
Ship_cost = 1.3*(2000*Steel_massˆ0.85

+ 3500*Outfit_mass+2400*Pˆ0.8);
Running_cost= 40000*Dead_wtˆ0.3;
Fuel_cost = 1.05*Daily_consmp*Sea_days*100;
Port_cost = 6.3*Dead_wtˆ0.8;
Voyage_cost = Fuel_cost + port_cost;
RTPA = 350/(Sea_days + Port_days);
Annual_cost = 0.2*Ship_cost+Running_cost

+ Voyage_cost*RTPA;
Annual_cargo = Cargo_dw * RTPA;
Light_ship_mass = Steel_mass + Outfit_mass

+ Machine_mass;
Transp_cost = Annual_cost/Annual_cargo;
f = [Transp_cost, Light_ship_mass/10ˆ4,



-Annual_cargo/10ˆ6];
/* Constraint Evaluation */
GM = 0.53*T+(0.085*C_B-0.002)*Bˆ2/(T*C_B)

+ 0.52*D+1;
Constr(1)=L/B - 6; Constr(2)=15 - L/D;
Constr(3) = 19 - L/T;
Constr(4) = 0.45*Dead_wtˆ0.31 - T;
Constr(5) = 0.7*D+0.7-T; Constr(6)=Dead_wt-3000;
Constr(7) = 500000 - Dead_wt;
Constr(8) = 0.32-V/(9.8065*L)ˆ0.5;
Constr(9) = GM - 0.07*B;

}


