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Abstract: With the continuous prosperity and development of the shipping industry, it is necessary
and meaningful to plan a safe, green, and efficient route for ships sailing far away. In this study, a
hybrid multicriteria ship route planning method based on improved particle swarm optimization–
genetic algorithm is presented, which aims to optimize the meteorological risk, fuel consumption, and
navigation time associated with a ship. The proposed algorithm not only has the fast convergence of
the particle swarm algorithm but also improves the diversity of solutions by applying the crossover
operation, selection operation, and multigroup elite selection operation of the genetic algorithm and
improving the Pareto optimal frontier distribution. Based on the Pareto optimal solution set obtained
by the algorithm, the minimum-navigation-time route, the minimum-fuel-consumption route, the
minimum-navigation-risk route, and the recommended route can be obtained. Herein, a simulation
experiment is conducted with respect to a container ship, and the optimization route is compared
and analyzed. Experimental results show that the proposed algorithm can plan a series of feasible
ship routes to ensure safety, greenness, and economy and that it provides route selection references
for captains and shipping companies.

Keywords: multicriteria route planning; genetic algorithm; particle swarm optimization; oceanic
meteorological routing

1. Introduction

With the progress of navigation technology, the safety and energy-saving problems
associated with maritime navigation have gradually become the focus of human attention.
Severe winds, waves, and other meteorological factors seriously affect the safety of ships
when sailing at sea. Currently, the weather forecasting technology has rapidly developed.
The weather forecast information can be used to plan routes for ships to avoid severe winds
and waves. Recently, the International Maritime Organization (IMO) and governments
have paid close attention to the air pollution and energy consumption of ships. In 2018,
the IMO adopted the “preliminary strategy for greenhouse gas emission reduction of IMO
ships,” thereby sending a strong signal to the international community that the shipping
industry is turning into a low-carbon industry [1]. The reduction of fuel consumption and
carbon emissions through reasonable route planning is an important measure in response
to the low-carbon strategy. To plan an efficient route, the captain must completely utilize
the weather forecast data according to the voyage mission and characteristics of the ship
and avoid selecting high-risk routes against winds and waves. The following elements
must be fully considered when planning multicriteria ship routes.

• The navigation time of the ship must be reduced.
• The fuel consumption of ships must be reduced.
• Areas with severe sea conditions must be avoided, ship rolling must be reduced, and

the safety of ships and cargo must be ensured.

J. Mar. Sci. Eng. 2021, 9, 357. https://doi.org/10.3390/jmse9040357 https://www.mdpi.com/journal/jmse

https://www.mdpi.com/journal/jmse
https://www.mdpi.com
https://orcid.org/0000-0001-5902-120X
https://orcid.org/0000-0002-9313-2293
https://orcid.org/0000-0002-4947-750X
https://doi.org/10.3390/jmse9040357
https://doi.org/10.3390/jmse9040357
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/jmse9040357
https://www.mdpi.com/journal/jmse
https://www.mdpi.com/article/10.3390/jmse9040357?type=check_update&version=3


J. Mar. Sci. Eng. 2021, 9, 357 2 of 21

In the case of the first element, regardless of ship stalls and weather risks, the great
circle route is an ideal route because of the short voyage, thereby reducing the navigation
time [2]. The main method for realizing the second element is to select the economic route.
The main method for realizing the third element is to select safe routes that avoid areas
with high meteorological risks based on weather forecast data and ship characteristics. The
prosperity and development of shipping can be further promoted by finding an appropriate
methodology to comprehensively consider the three elements to design reasonable, safe,
and green alternative routes for ships.

Currently, with the rapid development of the optimization theory, some single-criteria
and multicriteria route planning algorithms for ships have been proposed. Initially, some
traditional mathematical methods were applied to solve the problem of ship route planning.

For example, James applied the isochron method to solve the problem of ship route
planning under meteorological conditions [3]. However, this method has the “isochron
loop” problem, making it unsuitable for computer-aided calculation. To solve this problem,
Hagiwara et al. proposed a modified isochron method [4], and Lin et al. proposed a three-
dimensional modified isochron method [5]. These two methods consider minimum fuel
consumption and minimum navigation time as optimization goals. The route is optimized,
but there is still a problem of complex calculations. Smierzchalski et al. used the isochron
method for generating the initial route and used the evolutionary algorithm to obtain
the optimal ship route [6]. Shao et al. proposed a forward, three-dimensional, dynamic
planning algorithm and planned the route intending to minimize fuel consumption [7].
Sen [8] used Dijkstra’s algorithm to solve the multicriteria route planning problem of ships,
focusing on the optimization goals of navigation time. Mannarini et al. [9] used a graph-
search method with time-dependent edge weights to optimize ship routes. The optimal
route may be longer in terms of miles sailed, and yet it is faster and safer than the geodetic
route between the same departure and arrival locations. With the continuous development
of intelligent optimization algorithms and big data, these technologies are gradually being
used to solve the problem of ship route planning. For example, Wang et al. used real-
coded genetic algorithms to plan ship routes with the goal of minimizing navigation
time and risk [10]. Chuang et al. applied the fuzzy genetic method by considering the
transportation and berthing time of container ships and planned ship routes [11]. Wang et al.
considered ship maneuverability and applied a double-loop genetic algorithm to achieve
dynamic path planning for ships [12]. Vlachos used a simulated annealing algorithm to
plan the optimal ship path based on predicted wind and wave data [13]. Tsou used the
ant colony algorithm and genetic algorithm to plan the route of ships with minimum
fuel consumption [14]. Zhang et al. proposed an improved multiobjective ant colony
algorithm by considering navigation time and navigation risk as the optimization goals
and performed ship route planning [15]. Vettor et al. applied a multiobjective evolutionary
algorithm to plan the best weather route for ships [16,17]. He et al. generated an optimized
route for the ship based on historical automatic identification system (AIS) data. Although
the length of the generated route is slightly smaller than the actual ship’s trajectory, in a
complicated environment, some routes may cross obstacles or be in shallow waters [18].
The combination of particle swarm optimization and genetic algorithm has a good effect
on solving the route optimization problems. Abd-El-Wahed et al. verified the superiority
of the combination of particle swarm optimization (PSO) and genetic algorithm (GA) in
solving nonlinear optimization problems [19]. Liu et al. proposed a method in which GA
and PSO were combined to solve route planning problems in restricted waters with a single
optimization goal [20].

Although various solution algorithms have been developed for route planning prob-
lems, majority of them are based on a single criterion or on two criteria without considering
more optimization goals and providing more routes for selection. To solve this problem,
this study proposes a multicriteria ship route planning method based on an improved
PSO–GA to provide more route options for captains and shipping companies. The research
content and structure of this paper are as follows.
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First, this study establishes the framework of multicriteria route planning based on
the elements of multicriteria route planning and ship navigation characteristics. Second, a
mathematical model related to shipping route design is established, including mathemati-
cal models of navigation time, fuel consumption, and navigation risk. Then, considering
the static constraints (coastlines, islands, and reefs) and dynamic constraints (severe wind
and wave areas) observed at sea, the multicriteria PSO–GA is proposed to solve the route
planning problem. Here, particle cooperative operations are used to improve the conver-
gence speed of the algorithm. Further, crossover, mutation operations, and multigroup elite
selection operations are used to enhance the diversity of the population. The improved
Pareto frontier solution selection strategy is used to avoid the algorithm from falling into
local optimality. Finally, the recommended route selection criteria are proposed based on
the Pareto optimal frontier and Pareto optimal solution set obtained using the algorithm. A
simulation experiment is designed for a container ship. Experimental results show that the
proposed algorithm can plan the route to ensure safety, economy, and time savings and
that it can provide a recommended route as well as a series of alternative routes.

2. Methods
2.1. Multicriteria Route Planning Framework

This study establishes a multicriteria route planning framework to introduce the
structure of this study more clearly. As shown in Figure 1, the framework consists of
six parts, i.e., optimization criteria, ship speed analysis, model construction, multicriteria
algorithm, route evaluation, and route selection.

Figure 1. Multicriteria route planning framework.

The optimization criteria include the navigation time, meteorological risk, and fuel
consumption. The navigation time can be obtained by adding the time associated with
each route segment. Further, meteorological risks are numerically processed according
to the potential risks caused by wind and waves to the ship. Fuel consumption is sim-
ulated by parameters such as rated power and ship speed. The speed loss of the ship
under wind and wave conditions is analyzed in the ship speed analysis part. The model
construction part includes construction of the route model and the population coding
method. The multicriteria algorithm includes particle cooperative operation, crossover
operation, mutation operation, multigroup elite selection, and improved Pareto solution set
distribution method. The main evaluation criteria of the route evaluation part include time
savings, safety, and economy. Route selection includes two parts. One part is to provide
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multiple route solution sets obtained via algorithm optimization, whereas the other part
aims to provide the recommended route that best meets the requirements based on custom
target values.

2.2. Optimization Criteria

It is necessary to establish guidelines for ship route optimization to reflect the quality
of ship routes. Further, different objective functions must be designed according to the
optimization criteria to evaluate the performance of the route. This study uses the following
three variables to measure the performance of routes: navigation time, meteorological risk,
and fuel consumption.

2.2.1. Navigation Time

As shown in Figure 2, the route planned in this study includes a series of waypoints.
Therefore, the total navigation time of the ship from the departure point to the target point
can be obtained by adding the time spent on each route, as shown in Equation (1).

Ttotal =
n−1

∑
i=0

ti; ti =
Li

Vi
a

(1)

Figure 2. Route diagram comprising multiple waypoints.

Here, Ttotal is the total navigation time of the ship, ti is the navigation time of the ship
on each route section, and Vi

a is the actual speed of the ship on the ith route segment. If
Earth is considered as an ellipsoid, the length of any two points on the Mercator projection
map can be calculated as follows [10]:
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(

π

4
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2

)(
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) e
2
]
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[
tan
(

π

4
+

λ1

2

)(
1− e sin λ1

1 + e sin λ1

) e
2
]

, (2)

Lrh = (λ2 − λ1) · sec ϕrh, (3)

where λ1 and l1 are the latitude and longitude coordinates of the first point, respectively,
λ2 and l2 are the latitude and longitude coordinates of the second point, respectively, ϕrh is
the direction of the rhumb line, Lrh is the distance between two points (in radians), and e
is the eccentricity of Earth. The above formula can be applied to ships sailing along the
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non-isolatitude lines. However, in the case of isolatitude lines, i.e., when the ship’s heading
is 90◦ or 270◦, the following equation can be applied.

Lrh = (l2 − l1) · cos λ1. (4)

2.2.2. Meteorological Risk

It is necessary to understand the degree of threats to the safety of ship navigation
caused by weather and ocean conditions. The IMO has given out information on how
the captain should choose the route to avoid the navigation risk zone under severe sea
conditions [21], but it did not assess the overall risk status of the route. In this section, we
comprehensively consider wind, waves, and seakeeping to assess ship navigation risks and
propose a comprehensive risk calculation formula to adapt to route optimization under
good and severe sea conditions.

According to the “2008 International Intact Stability Regulations” [22], the stability
criterion K should satisfy Equation (5) to ensure that ships navigate safely in strong winds.

K =
Lq

L f
≥ 1, (5)

where Lq represents the minimum overturning moment arm, which can be obtained from
the dynamic stability curve and roll angle. L f represents the wind pressure roll arm, and
its value can be obtained using Equations (6) and (7).

L f =
P · A f · Z

1000 · g · ∆ , (6)

P =
Cp · ρ · u2

2
, (7)

where P represents the unit calculated wind pressure, A f represents the wind area of
the ship, Z represents the height from the center of the wind area to the water surface, g
represents the acceleration of gravity, ∆ represents the ship displacement,Cp represents the
wind pressure coefficient, ρ represents the air density, and u represents the average wind
speed. Based on Equations (5)–(7), the crosswind speed that the ship can withstand 10 m
above the sea surface should satisfy Equation (8).

u10 ≤ u10max = 40 ·
(

10
Z

) 1
8
·
√

10 · ∆ · Lq

Cp · A f · Z
, (8)

According to the maximum crosswind that can be withstood by the ship, a numerical
expression of the risk of wind to the ship is established, as shown in Equation (9), where
ucross represents the lateral wind speed experienced by the ship. The risk is a gradual
process. We think that when the value is greater than 0.6, it is unacceptable. When it is less
than 0.6, a route with as low a risk value as possible should be chosen.

riskwind =

{ ucross
u10max

, i f the value is less than 1
1 , else

. (9)

Under severe weather conditions, rolling is an important factor that causes a ship to
capsize [23]. Therefore, in this study, the risk value caused by waves is described according
to the rolling of the ship. The encounter period between the ship and wave is shown in
Equation (10).

TE =
λ∣∣∣1.25 ·

√
λ + V · cos µ

∣∣∣ , (10)
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where λ represents the wavelength, V represents the shipping speed, and µ represents the
angle between the ship’s motion direction and wave direction.

The natural rolling period, Tθ , of the ship can be calculated as follows:

Tθ =
2 · C · B√

GM
, (11)

where C represents the rolling period of the ship, B represents the width of the ship, and
GM represents the height of initial stability.

According to the resonance theory of a ship in waves, the ship is in the harmonic
rolling area when 0.70 < Tθ/TE < 1.3. In this area, a ship may have a large roll angle,
threatening its safety [23]. Therefore, we have established a numerical expression for the
risk of waves to ships as follows.

riskwave =


Tθ
TE

, i f 0 ≤ Tθ
TE

< 1
2− Tθ

TE
, i f 1 ≤ Tθ

TE
< 2

0 , Tθ
TE
≥ 2

. (12)

According to Equation (12), there is an absolute risk when riskwave > 0.7, and when it
is less than 0.7, the risk gradually decreases.

To study the ship’s motion state in wind and waves, seakeeping is a factor that must
be considered. There are many factors that affect seakeeping, such as the ship’s roll, pitch,
heave, the probability of the green water on deck, the probability of slamming occurrence,
and bow vertical acceleration, etc. In this study, seakeeping is determined by the following
three factors: the amplitude of the pitch motion, the probability of slamming occurrence,
and the probability of green water on deck. The limit values of the pitch amplitude
are based on the NATO STANAG, Standardization Agreement, 4154 criteria, slamming
probability and green water on deck probability comply with the NORDFORSK 1987
criteria [24,25], as detailed in Table 1.

Table 1. General operability limiting criteria for ships.

Root mean square of pitch amplitude (RMSpl) 1.5 degrees

Slamming probability (Pspl) 0.03 (L ≤ 100 m) or 0.01 (L ≤ 330 m)

Green water on deck probability (Pwdl) 0.05

The ship’s risk obtained by considering seakeeping is determined according to Equa-
tion (13) [26]:

riskseakeeping = 1−max

{
0;

(
1−

RMSp

RMSpl

)
·
(

1−
Psp

Pspl

)
·
(

1− Pwd
Pwdl

)}
, (13)

where RMSp is the root mean square (RMS) of the pitch motion amplitude, Psp is the
probability of occurrence of slamming, Pwd is the probability of water on deck.

Based on the ship Response Amplitude Operator, the RMS of the pitch motion ampli-
tude is determined according to the following equation [27,28]:

RMSp =

√∫ ∞

0
|H5(ωe)|2 · Sς(ωe), (14)

where H5 is the speed-dependent pitch motion transfer function, Sς is the wave spectrum,
ωe = ω−ω2ψ is the encounter wave frequency that satisfies the Doppler shift equation,
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depending on the absolute wave frequency, ω, and the factor ψ = U · cos(µ/g), where the
vessel speed is denoted by U and µ denotes the heading angle [29].

Psp = e
−( vcr2

2C2
s ·m2,r

+ d2

2C2
s ·m0,r

)
, (15)

where vcr = 0.093
√

g · L is the threshold velocity, Cs is the swell up coefficient, and d is
the ship draught at the forward perpendicular. m0,r and m2,r denote the zero-order and
second-order spectral moments of the ship’s relative motion as regards the sea surface [29].

Pwd = e
−

f 2
b

2C2
s ·m0,r , (16)

where fb is the freeboard at the ship forward perpendicular.
Based on the above analysis, we established the comprehensive risk of the ship being

disturbed by winds and waves in the ith route segment as follows:

riski = a1 · riski
wind + a2 · riski

wave + a3 · riski
seakeeping,

3

∑
j=1

aj = 1, (17)

Because the navigation risk is a gradual process, when ai = 1/3, we believe that when
the risk value is greater than 0.6, the route will be discarded. When the route value is less
than 0.6, although the route is acceptable, it is still better to keep the risk value is as small
as possible. The risk distribution of the entire route is

risk =
{

risk0, risk1, · · · , riskn−2, riskn−1
}

. (18)

Therefore, the total risk of a route is

RISK = max(risk). (19)

2.2.3. Fuel Consumption

The total fuel consumption associated with each ship route can be obtained by adding
the fuel consumption in multiple route sections. The total fuel consumption of a ship can
be given as follows:

f f uel =
m−1

∑
i=1

(Qti · ti). (20)

The fuel consumption of a ship during navigation is related to many factors such as
the main engine structure, ship type structure, loading capacity, sailing speed, fuel type,
and sea conditions. The best way to develop a reliable speed–consumption function is
by collecting real data about the speed and the corresponding consumption [30]. The
speed–consumption function is described as an exponential function, with vessel design as
a constant and speed as a variable in the exponent. In this paper, Euler’s number, e, was
taken as the basis to simplify later calculation. The ship’s fuel consumption per unit time
can be represented as follows:

Qti = a · eb·v, (21)

where a and b are parameters calculated for each vessel by exponential regression. The
total fuel consumption of the ship can be approximated by Equations (20) and (21).

2.3. Ship Speed Loss

When a ship is sailing, winds and waves will cause additional resistance. The actual
speed of the ship under winds and waves will be lower than the speed in still water when
keeping the ship’s propulsion power constant [31]. The speed loss of the ship will affect
the navigation time and fuel consumption and considerably affect the results of the ship’s
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multicriteria route planning. Therefore, speed loss is a factor that must be considered
during route planning.

The following methods are mainly used to estimate the ship’s speed loss. The first
method is theoretical derivation calculation, based on which the actual speed of the ship can
be estimated from the perspective of system energy conservation. However, this method
is cumbersome and difficult to calculate. The second method is the test method, which
uses equipment, such as pools and wind tunnels, to simulate the ship for determining the
speed loss. However, the overall applicability of this method is poor. The third method is
an experimental method, wherein a large amount of actual observation data is used. After
statistical analysis, an empirical formula is obtained for estimating the stall. Because the
third method is conducive for the introduction of the algorithm presented in this study, the
calculation formula of ship speed loss proposed by Feng was used here [32].

Va = V0 −
(

1.08 · h− 0.126 · q · h + 2.77 · 10−3 · F · cos α
)
·
(

1− 2.33 · 10−7 · D ·V0

)
. (22)

where Va is the actual speed of the ship under winds and waves, V0 is the hydrostatic speed
of the ship, F is the wind speed, D is the actual displacement of the ship, h is the significant
wave height, q is the relative angle between the ship’s heading and wave direction, and α
is the relative angle between the ship’s heading and wind direction.

According to the above analysis, when the ship sails in rough weather, the ship will
have slamming occurrence and the green water on the deck. In order to ensure the safety
of navigation, the captain will take the initiative to reduce the speed of the ship. Therefore,
seakeeping must be considered to calculate the maximum speed allowed in wind and
waves. In this study, when the maximum speed is exceeded, the probability of the route
being selected decreases. The maximum allowable speed is determined as follows [10].

Vc = exp
[
0.13 · (µ(q)− h)1.6

]
+ r(q), (23)

where µ(q) = 12.0 + 1.4 · 10−4 · q2.3, r(q) = 7.0 + 4.0 · 10−4 · q2.3.

2.4. Population Model

The population of multicriteria PSO–GA comprises multiple individuals, and each
individual is represented by a series of latitude and longitude coordinates. In Equation (19),
a shipping route is represented, where Xi is a two-dimensional vector containing longitude
and latitude values.

X = [X0, X1, · · ·Xi · ··, Xn−1, Xn]. (24)

Each route can be generated in a limited search area based on the reference route. The
reference route is the high-frequency route of the ship in previous voyage missions. The
limited search area is the area expanded on both sides of the reference route based on the
historical route characteristics of the ship. As shown in Figure 3, S and E are the starting
and ending points, respectively, the reference route is the great circle route between these
two points, and the area enclosed by the dash-dotted line is the search area of the ship
waypoint. The upper boundary of the search area is UB, whereas the lower boundary is
LB, which are represented by Equations (25) and (26), respectively.

UB = {Up0 · · · Upi · · · Upn}, (25)

LB = {Low0 · · · Lowi · · · Lown}, (26)
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Figure 3. Expansion area. The great circle route is the reference route.

Here, Upi and Lowi represent the position coordinates of the upper boundary point
and the lower boundary point, respectively. Individuals are randomly generated according
to a uniform distribution to make the initial population evenly distributed in the entire
solution space and increase the diversity of the initial population according to Equation (27).
After multiple generations, the initial population is obtained.

X′ = rand · {UB− LB}+ LB. (27)

2.5. Particle Swarm Optimization and Genetic Algorithm

PSO and GA are intelligent optimization algorithms developed recently and are widely
used in path planning. The PSO algorithm is a random search algorithm based on group
cooperation [33]. In PSO, the particle updates itself by tracking two “extremums,” among
which the first is called the individual optimal solution and the second is called the global
optimal solution. PSO updates the position through Equations (28) and (29).

vk+1
id = ω · vk

id + c1 · rand ·
(

ppBest − xk
id

)
+ c2 · rand ·

(
pgBest − xk

id

)
, (28)

xk+1
id = xk

id + vk+1
id , i = 1, 2, . . . , m; d = 1, 2, . . . , D, (29)

where vk
id is the particle velocity of the dth dimension of the mth particle in the kth iteration

and xk
id is the particle position of the dth dimension of the mth particle in the kth iteration.

ω, c1, and c2 are the coefficients, and rand is a uniform random number in the range of
(0, 1).

GA is an optimization method developed based on Darwin’s theory of natural selec-
tion [34]. When implementing GA, each individual is given a fitness level, which is the
standard for measuring the quality of the individual. Then, the population is subjected to
the selection, crossover, and mutation operations for obtaining a new population. Iterations
are performed until the desired result is obtained.

2.6. Multicriteria Route Planning Algorithm

PSO and GA obtain good results when solving single-criteria problems but not when
solving multicriteria problems. Therefore, this study combines PSO with GA and proposes mul-
ticriteria PSO–GA to solve the problem of ship route planning. The proposed algorithm mainly
combines the particle cooperative operation associated with PSO, crossover operation, mutation
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operation, and multigroup elite selection operation in GA and improves the distribution of the
Pareto solution set [34]. The flow chart of the algorithm is shown in Figure 4.

Figure 4. Flow chart of the multicriteria route planning algorithm.

The algorithm flow will be analyzed in detail below to introduce the operation steps
in the algorithm more clearly.

2.6.1. Particle Cooperative Operation

The particles in the population constantly update their positions through information
exchange according to the individual and global optimal solutions. At the beginning
of the iteration, the ω in Equation (28) must be large to increase the diversity of the
population. As the number of iterations increases, the solution tends to become optimal.
ω is gradually reduced to improve the convergence speed of the algorithm. Therefore,
the speed update is determined according to Equation (30), whereas the position update
is determined according to Equation (29), where MaxGen is the maximum number of
iterations. The updated speed will be lower than MaxV. Further, the route through land
will be regenerated.

vk+1
id =

(
1−

(
0.4

MaxGen

)
· i
)
· vk

id + c1 · rand ·
(

ppBest − xk
id

)
+ c2 · rand ·

(
pgBest − xk

id

)
. (30)

2.6.2. Crossover Operation

In this study, the arithmetic crossover method is used to generate two new individuals
from the linear combination of two individuals. By assuming that the two individuals are
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Xg
1 and Xg

2 , the calculation method of the new individual after the crossover operation is
as follows: {

Xg+1
1 = Xg

1 + α · (Xg
2 − Xg

1 )
′

Xg+1
2 = Xg

2 + α · (Xg
1 − Xg

2 )
′ , (31)

where α is a vector parameter with the same dimension as the individual and is a random
number in the (0, 1) interval. When the route after the crossover operation passes over
land, the crossover operation must be repeated until the required route is obtained or the
set number of repetitions is reached.

2.6.3. Mutation Operation

This study uses the reference route as the mean value to perform a single-point
Gaussian mutation to improve the local search capability of the algorithm and search for
the optimal route near the reference route. The Gaussian distribution can be determined
as follows:

f (x) =
1√
2πσ

e−
(x−µ)2

2σ2 , (32)

where µ is the coordinate value of the mutation position. The variable generated ac-
cording to the Gaussian distribution has a 99.73% probability of falling in the interval
(µ− 3σ, µ + 3σ). Therefore, σ can be determined as follows:

σ =
|UBi − Xi|

3
. (33)

2.6.4. Multigroup Elite Selection Operation

This study comprehensively processes the original population, the population after
particle coordination, and the population after crossover and mutation to improve the
quality of the global optimal solution. The three populations are merged to perform
nondominated sorting, and the individual in the front after sorting is considered to be the
new individual of the next generation. Domination and nondomination can be given as
follows [34]:

u = F
(

p′
)
= min

{
f1
(

p′
)
, f2
(

p′
)
, . . . , fn0

(
p′
)}

, (34)

u′ = F
(
q′
)
= min

{
f1
(
q′
)
, f2
(
q′
)
, . . . , fn0

(
q′
)}

, (35)

f f
[
∀i ∈ {1, . . . , n0}, ui ≤ ui

′] ∧ [∃i ∈ {1, . . . , n0}, ui < ui
′], (36)

where p′ and q′ are the decision variable vectors and the position information of the two
particles is represented in the algorithm. u and u′ are the optimization target vectors of
the two particles p′ and q′, respectively. Because there are three optimization targets in
this study, n = 3. If the performance vectors u and u′ satisfy Equation (36), then particle p′

dominates q′. If a particle neither dominates nor is dominated by other particles, the particle
is called a nondominated solution. The set of all particles that satisfy the nondominated
solution is called a nondominated solution set.

The crowding distance between the particles at each domination level can be defined
as follows to further evaluate the performance of the particles in each domination level.

Crowd(m) =
n0

∑
j=1

f j(m + 1)− f j(m− 1)
f jMax − f jMin

, m = 2, 3, . . . , N′ − 1, (37)

where Crowd(m) is the crowded distance of the mth particle, f j is the jth objective function
value, f jMax and f jMin are the maximum and minimum values of the jth optimization
target, respectively, N′ is the number of particles at the same dominance level, and the
crowding distance for edge particles is set to infinity.

Finally, after completing the improvement of the Pareto solution set in Section 2.6.5, a
particle is randomly selected as the global optimal particle from among the particles with
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the highest dominating level and a degree of crowding not equal to infinity. Moreover,
in each iteration, the dominant status of individuals in the population will be calculated
according to Equation (36), and the population will be sorted according to the dominant
level and crowding degree. Individuals with higher dominance levels will be preferentially
selected to the next generation, the higher the dominance level of an individual, the closer
it will be to the Pareto optimal frontier. After many iterations, individuals in the population
will continue to move closer to the Pareto optimal frontier [34].

2.6.5. Improved Pareto Solution Set Distribution

In the Pareto optimal solution set obtained in Section 2.6.4, there may be cases in
which multiple solutions are clustered in adjacent areas. This study will use the following
steps to improve the Pareto solution distribution generated in Section 2.6.4 to make the
Pareto solution set more evenly distributed in the entire solution space and avoid local
convergence of the algorithm.

(1) Sort the individuals in the solution set with the highest dominance level according
to the navigation risk value from small to large.

(2) Calculate the Euclidean distance, disi, between the nondominated solution i and
the nondominated solution i + 1 in the target space. Here, fi(j) represents the jth objective
function value of the ith nondominated solution.

disi =

√√√√ n

∑
j=1

[ fi(j)− fi+1(j)]2, (38)

(3) Determine whether disi is less than the specified value dis_set, which is determined
according to Equation (39), where num represents the number of nondominated solutions.
If disi−1 < dis_set and disi < dis_set, delete the nondominated solution i and calculate
the Euclidean distance between the nondominated solution i− 1 and the nondominated
solution i + 1 and assign it to disi−1.

dis_set =

num−1
∑

i=1
disi

n− 1
, (39)

(4) Determine whether the number of nondominated solutions exceeds the set value
SetNum. If yes, move to step 5; otherwise, skip to step 6.

(5) Delete p = num− SetNum nondominated solutions in the crowded area to simplify
the nondominated solutions in the crowded area. The flowchart is shown in Figure 5.

dis = {dis1, dis2, · · · , disnum−2, disnum−1}. (40)

(6) Return an improved set of Pareto solutions.

2.6.6. Recommended Routes

According to the Pareto frontier and Pareto solution set obtained using the proposed
algorithm, the recommended route can be given as follows:

Z = min

( n

∑
j=1

aj ·
∣∣cij − yj

∣∣2) 1
2
,

n

∑
j=1

aj = 1, (i = 1, 2, . . . , M), (41)

where cij is the normalized value of the jth objective function of the ith particle, yj is
the normalized value of the expected objective function, which, respectively, indicate the
navigation time, fuel consumption, and acceptable navigation risk set by the shipping
company or captain before the start of the navigation mission. M is the number of particles
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in the Pareto solution set, and Z is the recommended route in which the conditions given
on the right side of the equation are satisfied.

Figure 5. Flow chart of step 5 for improved Pareto distribution.

3. Results
3.1. Algorithm Parameter Setting

The experimental ship in this study was an S-175 container ship. The ship parameters
are shown in Table 2.

Table 2. S-175 container ship parameters.

Parameter Length Breadth Depth Draught Displacement Metacentric Height

Value 175 m 25.4 m 15.4 m 9.5 m 23,740 m3 1.022 m

The sailing area expands in both the directions along the angle bisector of the reference
route. In experiment one and experiment two, the extension was 8 degrees in two directions,
respectively. Meteorological data comes from the public database of the European Center
for Mid-range Weather Forecast. Some ship speed and fuel consumption data used for
curve fitting are shown in Table 3. In Equation (21), a = 0.1255 (95% confidence interval:
(0.1171, 0.1339)), b = 0.2444 (95% confidence interval: (0.2395, 0.2493)). Root mean squared
error (RMSE): 0.02781. Coefficient of determination (R-square): 0.9995. The parameters of
the multicriteria algorithm are presented in Table 4.
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In this table, Gen represents the number of algorithm iterations, PoPu represents
the number of populations,c1 and c2 represent the parameters in PSO, Mu represents the
uniform mutation probability, Cr represents the crossover probability, SetNum represents
the specified maximum number of nondominated solutions, and MaxV represents the
maximum velocity of the particle swarm. For Equation (41), in the three experiments,
the weight coefficients aj of risk, fuel consumption, and time are set to 0.4, 0.3, and 0.3,
respectively. This study establishes a visual simulation interface for the convenience of
ship route optimization, as shown in Figure 6.

Table 3. Ship speed and fuel consumption data.

Velocity (kn) 10 10.5 11 11.5 12 12.5 13 13.5 14 14.5 15

Fuel consumption (tons/hour) 1.40 1.62 1.86 2.11 2.38 2.68 2.30 3.36 3.85 4.34 4.91

Table 4. Algorithm parameter values.

Gen PoPu c1 c2 Mu Cr SetNum MaxV

100 50 2 2 0.2 0.7 40 0.8

Figure 6. Multicriteria route planning simulation interface.

3.2. Experimental Results and Analysis

The multicriteria ship route of the S-175 container ship was optimized according
to the algorithm parameters set in the previous subsection. This study included three
experiments. The first was to plan routes in sea under good weather conditions, the second
was to plan routes in sea under severe weather conditions, and the third was to plan routes
under complex offshore conditions. In Experiment one and Experiment two, the number
of route segments was set to 7, and the number of route segments in Experiment three was
set to 10.

3.2.1. Good Weather Conditions

The starting and ending ports of the ship are St. John’s (47 N, 52 W) and Porto (41 N,
9 W), respectively. According to the weather forecast, from 1 to 7 July 2019, the ships
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sailing along the great circle route will not encounter strong winds and waves. Under
this condition, the great circle route between the two ports is set as the reference route.
We conducted 20 repeated experiments for this sea state and got the average navigation
time of the recommended route to be 135.850 and the variance to be 0.942. The average
risk was 0.239, and the variance was 2.41 × 10−5. The average fuel consumption was
490.533, and the variance was 48.703. A group of experiments were then selected for a
detailed description.

After algorithm optimization, the Pareto optimal solution set of the multicriteria route
is shown in Figure 7a. The Pareto optimal frontier solution is shown in Figure 7b. According
to the route position information in Pareto solution collection, routes with the minimum
navigation time, risk, and fuel consumption were obtained. The expected navigation time
was set to 135 h, the navigation risk was set to 0.24, and the fuel consumption was set to
485 tons. According to the above-expected values and Equation (41), the recommended
route was obtained, which is a compromise route obtained by balancing the three objectives.
This route not only ensures that the navigation risk is within an acceptable range, but also
reduces the navigation time and fuel consumption as much as possible. The schematic of
the above four routes and the great circle route is shown in Figure 7c. The recommended
route is shown in Figure 7d.

Figure 7. Ship route optimization results under good sea conditions: (a) the Pareto optimal solution
set of the multicriteria route; (b) the Pareto optimal frontier solution; (c) great circle route and four
optimized routes; and (d) recommended routes.

According to Table 5 and Figure 7, the minimum-time route and the minimum-fuel-
consumption route basically coincide with the great circle route, and the voyage difference
was only 4.5 and 9.52 nmi respectively, indicating that the algorithm has better route
search performance. The minimum-time route, the safest route, and the minimum-fuel-
consumption route are calculated by the Pareto solution set according to a single criterion.
In the recommended route, these three factors are integrated to obtain a compromised and
improved ship route. Further, the captain can obtain another recommended route according
to the different expected objective function values. When sailing on the recommended
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route, the position of the ship at four different navigation times is shown in Figure 8. Under
good sea conditions, the ship can sail along the recommended route with low navigation
risk, fuel consumption, and navigation time.

Table 5. Objective function values of five routes in good sea conditions.

- Distance (nmi) Time (h) Risk Fuel (tons)

Minimum-time Route 1872.32 134.222 0.250 486.112
Safest Route 2166.99 154.289 0.209 572.946

Minimum-Fuel Route 1877.34 134.724 0.250 485.937
Great Circle Route 1867.82 133.919 0.259 484.787

Recommended Route 1867.85 133.919 0.256 484.785

Figure 8. Position of the ship under good sea conditions at four different navigation times. (a–d) show
the positions of the ship with respect to the wave height map at different times.

3.2.2. Severe Weather Conditions

A multicriteria ship route planning was performed for severe weather conditions in
the ship sailing area to prove the effectiveness of the algorithm presented in this study. The
starting and ending ports of the ship were St. John’s (47 N, 52 W) and Porto (41 N, 9 W),
respectively. According to weather forecasts, from 22 to 29 July 2019, if the ship sailed along
the rhumb line, it would encounter strong winds and waves. Under such sea conditions, the
rhumb line between the two ports is set as the reference route. We conducted 20 repeated
experiments for this sea state and got the average navigation time of the recommended
route to be 157.170 and the variance to be 0.421. The average risk was 0.416, and the
variance was 2.06 × 10−4. The average fuel consumption was 437.988, and the variance
was 33.739. A group of experiments were then selected for a detailed description.

After algorithm optimization, the Pareto optimal solution set of the weather route is
shown in Figure 9a. The Pareto optimal frontier solution is presented in Figure 9b. Ac-
cording to the route position information in the Pareto solution, routes with the minimum
navigation time, safety risk, and fuel consumption can be obtained. The expected naviga-
tion time was set to 152 h, the navigation risk was set to 0.42, and the fuel consumption was



J. Mar. Sci. Eng. 2021, 9, 357 17 of 21

set to 430 tons. The five optimized routes are shown in Figure 9c. The recommended route
is shown in Figure 9d, and the specific data of the optimized route are presented in Table 6.

Figure 9. Ship route optimization results under severe conditions: (a) the Pareto optimal solution
set of the multicriteria route; (b) the Pareto optimal frontier solution; (c) great circle route and four
optimized routes; and (d) recommended routes.

Table 6. Objective function values of five routes in severe conditions.

- Distance (nmi) Time (h) Risk Fuel (tons)

Minimum-time Route 2027.22 156.785 0.469 437.612
Safest Route 2179.30 165.677 0.405 487.839

Minimum-fuel Route 2024.04 156.922 0.476 435.241
Great Circle Route 1867.85 155.732 0.562 366.094

Recommended Route 2075.98 158.815 0.442 458.005

According to Table 6 and Figure 9, when the ship sails along the great circle route, the
voyage was reduced by 159.37 and 208.13 nmi than the minimum navigation time route
and recommended route, respectively. However, the navigation time was only reduced by
1.118 and 3.083 h, respectively. Thus, when the ship is sailing along the great circle route,
large wind waves cause serious speed loss to the ship and the ship is exposed to great risks.
Therefore, sailing along the great circle route is not suitable. According to Equation (41)
and the above-mentioned expected objective function value, a compromise route with an
objective function value close to the expected value was selected in the Pareto solution
set. When sailing according to the recommended route, the position of the ship at four
different navigation times is shown in Figure 10. Under severe sea conditions, the ship
could sail along the recommended route with low navigation risk, fuel consumption, and
navigation time.
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Figure 10. Position of the ship in severe conditions at four different navigation times. (a–d) show the
position of the ship with respect to the wave height map at different times.

3.2.3. Complex Offshore Conditions

Multicriteria ship route planning was performed in the waters near the Cape of Good
Hope to verify the effectiveness of the algorithm for route planning near coastal waters.
The starting position of the ship was (23 S, 6 E), and the destination position was (26 S,
42 E). According to the weather forecast, from 1st to 7th March 2019, the ships sailing along
the reference route will encounter heavy winds and waves. We conducted 20 repeated
experiments for this sea state and got the average navigation time of the recommended
route to be 183.668 and the variance to be 2.725. The average risk was 0.404, and the
variance was 4.05 × 10−5. The average fuel consumption was 526.396, and the variance
was 29.624. A group of experiments were then selected for a detailed description.

In this sea state, the Pareto optimal solution set of the ship route after algorithm
optimization is shown in Figure 11a. The Pareto optimal frontier solution is shown in
Figure 11b. According to the route position information in the Pareto solution set, the
smallest-sailing-time route, the least-risk route, and the least-fuel-consumption route can
be separately calculated. The expected navigation time was set to 180 h, the navigation risk
was set to 0.4, and the fuel consumption was set to 510 tons for obtaining the recommended
route. The four routes are presented in Figure 11c. The recommended route is shown in
Figure 11d, and specific data related to the four optimized routes are shown in Table 7.

Table 7. Objective function values of five routes in complex offshore conditions.

- Distance (nmi) Time (h) Risk Fuel (tons)

Minimum-time Route 2334.73 182.562 0.412 526.436
Safest Route 2520.17 196.435 0.402 573.419

Minimum-fuel Route 2344.30 184.569 0.420 522.402
Recommended Route 2335.18 182.754 0.413 525.953

According to Table 7 and Figure 11, routes satisfying different criteria under comprehen-
sive offshore sea conditions can be obtained after algorithm optimization. The recommended
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route is based on the expected objective function value. According to Equation (41), a recom-
mended route close to the expected target value was selected in the Pareto optimal solution
set. Compared with the minimum-time route, the recommended route had 0.01 higher
navigation risk and 0.192 h longer navigation time, but it saved 0.483 tons of fuel. The
position of the ship when sailing on the recommended route at four different navigation
times is shown in Figure 12. Under complex sea conditions, it was possible to sail along the
recommended route with low navigation risk, fuel consumption, and navigation time.

Figure 11. Ship route optimization results under complex offshore conditions: (a) the Pareto optimal
solution set of the multicriteria route; (b) the Pareto optimal frontier solution; (c) great circle route
and four optimized routes; and (d) recommended routes.

Figure 12. Position of the ship under complex offshore conditions at four different navigation times.
(a–d) show the position of the ship with respect to the wave height map at different times.
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4. Discussion

According to the characteristics of ship navigation, this study establishes a multicri-
teria route planning framework for ships comprising optimization criteria, ship speed
analysis, model construction, multicriteria algorithms, route evaluation, and route selection.
There are three criteria for ship route optimization: minimum navigation time, minimum
navigation risk, and minimum fuel consumption. For navigation risk, this study proposes
a comprehensive route risk assessment model that considers wind, waves, and seakeeping.
Regarding fuel consumption, this study established a mathematical model of ship fuel
consumption through fitting methods. Based on this framework, this study proposes a ship
multicriteria route planning method using the improved PSO–GA. The proposed algorithm
not only has the fast convergence of the particle swarm algorithm but also improves the
diversity of solutions by applying the crossover operation, selection operation, and multi-
group elite selection operation of the genetic algorithm and improving the Pareto optimal
frontier distribution. By solving the route planning algorithm, the routes with the minimum
navigation time, fuel consumption, and navigation risk as well as the recommended route
can be obtained. In addition, the captain can customize the appropriate route according to
the route solution set to ensure that the ship can sail efficiently, safely, and economically.
We conduct experiments for three different situations to verify the performance of the
algorithm. According to the experimental results, the recommended route can be obtained
by integrating the three aforementioned indicators, based on which the area with severe
winds and waves can be avoided and minimum navigation time and fuel consumption can
be realized. Therefore, the ship multicriteria route planning algorithm proposed in this
study is feasible and effective.

Although this study has established a multicriteria route planning algorithm for ships,
there are still shortcomings, which must be improved and perfected, mainly as follows.

• Risk assessment module: In this study, only the impact of winds, waves, and seakeep-
ing on the ship is considered for risk assessment, whereas visibility and the impact
of other ships at sea on the ship are ignored. Future studies will consider more ship
risk factors.

• Recommended route strategy: In this study, the recommended route can be accu-
rately determined based on the three expected target values. However, it is difficult
to determine the target value under the unknown conditions associated with the
historical route.
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