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 Abstract – The maritime industry is crucial for 
global trade and the promotion of economic 
development. However, it faces major challenges, 
especially in tackling complex NP-hard problems that 
require effective decision support. To overcome these 
challenges, nature-inspired metaheuristic algorithms 
have proven to be powerful tools for optimization 
processes in the maritime sector. This paper provides a 
systematic overview of the application of these 
algorithms to various maritime problems, including 
collision avoidance, ship routing, tugboat scheduling, 
evacuation planning, container stowage, berth 
allocation, quay crane allocation, transport 
optimisation, search and rescue operations, hydrant 
location optimization and the damage stability problem. 
In addition, new optimisation algorithms are constantly 
being presented in the literature to further improve 
performance in various applications. As shown in this 
paper, recent algorithms such as The Pelican 
Optimization Algorithm, The Squirrel Search 
Optimization Algorithm, The Snow Leopard 
Optimization Algorithm and The Deer Hunting 
Optimization Algorithm have outperformed traditional 
metaheuristics in optimising known test functions, 
suggesting that they may offer promising improvements 
for solving complex maritime optimization problems. 

Keywords – Algorithm comparison, maritime 
industry, nature-inspired metaheuristics, optimization. 

DOI: 10.18421/TEM153-24 
https://doi.org/10.18421/TEM153-24 

Corresponding author: Matej Šuper, 
University of Rijeka, Faculty of Maritime Studies, 
Studentska 2, Rijeka, Croatia   
Email: matej.super@pfri.uniri.hr  

Received:   28 August 2025. 
Revised:     10 January 2026. 
Accepted:  17 January 2026. 
Published: 27 August 2026. 

© 2026 Matej Šuper et al.; published by 
UIKTEN. This work is licensed under the Creative Commons 
Attribution-NonCommercial-NoDerivs 4.0 License. 

The article is published with Open Access at 
https://www.temjournal.com/ 

1. Introduction

An efficient maritime industry is essential for the 
economic growth of countries and regions of the 
world. Conversely, major disruptions in the industry 
can have a serious impact on global trade and 
economy [1], [2]. An example of a major disruption is 
the stranding of the container ship “Ever Given” in 
2021 in the Suez Canal, Egypt which caused a 
blockage that lasted 6 days [3]. The delay, according 
to Allianz Insurance report, caused additional costs in 
global trade from a range of 6 to 10 billion dollars as 
well as delays in the delivery of the goods. The 
indirect effects included short-term increases in 
shipping costs and the rise in oil prices [4]. 

To avoid unpredictable negative events or mitigate 
the consequences of those that cannot be avoided, it is 
essential to make the best possible decisions at that 
moment for each stakeholder in a particular process. 
The use of computational tools, such as optimization 
algorithms, can assist in improving problem-solving 
and decision-making processes. Optimization, i.e. the 
search for an optimal solution to a problem, is directly 
and indirectly beneficial. Because of the limitations of 
resources (mainly time and money), optimization is 
widely used in most industries with complex 
processes: in engineering (shipbuilding), healthcare 
(E.R. waiting rooms), finance (maximizing net profit), 
transportation, business planning and in the maritime 
industry (route optimization, collision avoidance, 
container stowage, etc.) [5]. The optimization 
algorithms can be divided into two types: 
deterministic and stochastic. Deterministic algorithms 
follow strict procedures, and the path and values of the 
variables and the functions are repeatable (particular 
input will give the same output) while stochastic 
algorithms always include randomness. Deterministic 
algorithms produce precise solutions, but their 
substantial time consumption makes them impractical 
for solving nondeterministic polynomial time hard 
problems (NP-hard problems) in the maritime 
industry.  
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The stochastic algorithms are used in hard 
optimization problems for a quality solution (in a 
reasonable time frame), but cannot guarantee that the 
solution is optimal. There are two types of stochastic 
algorithms: heuristic (search for the optimal solution 
by trial and error) and metaheuristic (incorporates 
intelligence in the trial-and-error process) [5]. The 
nature-inspired metaheuristic algorithms are a part of 
stochastic metaheuristic algorithms, which have 
proven to be highly effective in solving a wide range 
of NP-hard problems. 

Some of the most recognised metaheuristic 
algorithms used to solve optimization problems in the 
maritime industry are the Genetic Algorithm (GA) [6], 
Ant Colony Optimization (ACO) [7], Evolutionary 
Algorithms (EA) [8] and the Particle Swarm 
Optimization Algorithm (PSO) [9]. There is a 
significant number of studies that use metaheuristic 
algorithms to solve complex optimization problems in 
the maritime industry, showing how effective they are 
in handling these challenges.   

Hence the first contribution of this paper is a 
review of a large number of NP-hard problems in the 
maritime industry and an analysis of current proposed 
solutions in research literature, which are utilizing 
nature-inspired metaheuristic algorithms. The 
optimization problems in the maritime industry 
include: collision avoidance, ship routing, tugboat 
scheduling, evacuation planning, container stowage, 
berth allocation, quay crane allocation, transportation 
optimization, SAR operation, fire hydrant location 
optimization and damage stability problem. 

To address optimization problems in the maritime 
industry, multiple metaheuristic algorithms may be 
used, since a single algorithm that works well for one 
problem may not necessarily provide optimal results 
for others. This idea is captured by the No Free Lunch 
Theorem (NFL), as described in [10]. Because of the 
NFL theorem and the no-size-fits-all nature of these 
algorithms, new metaheuristics continue to emerge to 
offer potentially better solutions to various 
optimization problems.  

As a second contribution to this paper, several 
newer algorithms that have not yet been researched for 
their potential use in the maritime industry are 
presented. These algorithms have demonstrated 
excellent performance in optimization processes on 
well-known test functions surpassing the effectiveness 
of the algorithms most widely applied in the maritime 
industry; the GA and PSO.  Among the new 
algorithms is the Pelican Optimization Algorithm 
[11], the Squirrel Search Algorithm [12], the Snow 
Leopard Optimization Algorithm [13] and the Deer 
Hunting Optimization Algorithm [14].  

These newer algorithms are expected to enhance 
the solutions to the optimization problems in the 
maritime industry.  

Given their enhanced performance, these 
algorithms present promising alternatives for 
addressing complex optimization challenges in this 
domain. Moreover, their success in test environments 
indicates strong potential for real-world applications, 
positioning them as valuable tools for advancing 
optimization practices within the maritime sector. 

As a third contribution of this work, an evaluation 
and comparative analysis between all four algorithms 
have been conducted, based on the optimization 
results obtained for well-known test functions in [11], 
[12], [13], [14]. 

The following sections will explore the 
optimization challenges within the maritime industry 
and introduce new approaches to address these 
challenges. 

2. Optimization Problems in the Maritime
Industry

The maritime industry encompasses a variety of 
operational and logistical challenges, many of which 
are characterized by complex optimization problems. 
Numerous problems in this area are classified as NP-
hard, meaning that they are computationally intensive 
and cannot be solved efficiently using conventional 
algorithms. Tackling these problems requires 
sophisticated optimization techniques and innovative 
methods. This section deals with eleven important 
optimization problems in the maritime industry that 
have been optimized by applying metaheuristic 
algorithms. These problems include collision 
avoidance, ship routing, tugboat scheduling, 
evacuation planning, container stowage, berth 
allocation, quay crane allocation, transportation 
optimization, search and rescue (SAR) operations, fire 
hydrant location optimization and damage stability. 
Each of these topics presents unique challenges and 
requires tailored optimization strategies to improve 
operational efficiency and effectiveness. 

2.1. Collision Avoidance 

With regard to the safe navigation of a ship, 
avoiding collisions is one of the main tasks of a 
navigational officer of the watch. Due to different 
regulations in different countries, the shipping 
industry has started to regulate collision avoidance. 
Today, the Convention on the International 
Regulations for Preventing Collisions at Sea, 1972 
(COLREG) is in force. The convention establishes 
rules to ensure safe navigation and prevent collisions 
at sea [15]. 
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The COLREGs include 41 rules divided into six 
sections. According to COLREGS, collision 
avoidance situations can be categorized into three 
types [16]: Head-on situation, Crossing situation and 
Overtaking situation. 

Avoiding ship collisions involves intricate 
decision-making processes to ensure safe navigation. 
These processes include [17]: Collecting data about 
the voyage, Data pre-processing, Vessel encounter 
classification, Collision risk level calculation, 
Collision avoidance method selection and Collision 
avoidance optimization. 

Due to all these processes, it is difficult to create a 
precise mathematical model to describe ship 
collisions. For this reason, in recent years academics 
started to implement metaheuristic algorithms such as 
the GA, ACO, PSO, etc. in the field of collision 
avoidance. 

Authors in [18] used GA to optimize the direction 
and speed of unmanned surface ships. Equally 
important, a decision support tool based on GA is 
developed that can recommend the shortest route for 
collision avoidance, taking into account both safety 
and economic factors [19]. Next, an optimization 
method based on a GA is applied to find optimal ship 
trajectories considering various navigation constraints 
on inland waterways [20].  Trajectory planning for 
collision avoidance is performed using several GA 
and the linear expansion algorithm [21]. Additionally 
[22] considers collision risk, economic factors, 
COLREGS and collision avoidance time for 
unmanned surface vehicle. Also, an automatic control 
system for manoeuvring vessels in collision situations 
was developed using improved GA that incorporates 
COLREGs and a stochastic predictor to identify 
obstacles and predict collision hazards [23]. 
Furthermore, an improved GA for path planning of 
unmanned surface vehicles for lake patrol is proposed, 
which can generate shorter and safer paths compared 
to the traditional GA [24]. The ship speed is 
incorporated into the cost function of the GA and 
modified based on the navigation environment and the 
cost function value to ensure safe navigation in busy 
areas in [25]. Moreover, two methods, the branch-and-
bound method and the GA, are presented in [26] for 
identifying the best safe route for a ship during a 
potential collision situation using fuzzy set theory. 
Authors [27] proposed hybrid GA which generates 
optimal trajectories that meet the safety and distance 
requirements. 

The EA used in [28], [29] considers the boundaries 
of the manoeuvring area, navigation obstacles, and 
other moving vessels, and reduces the problem of 
collision avoidance at sea to a dynamic optimization 
task with static and dynamic constraints. Study [30] 
proposed a collision avoidance system for unmanned 
surface based on the COLREGs and an improved 
differential EA.  

An EA for trajectory planning of multiple vessels 
is presented by [31], that finds near-optimal safe 
trajectories in real time. Subsequently an EA models 
ship trajectories to avoid collisions in dynamic 
environments [32]. An EA method, for planning safe 
ship trajectories within traffic separation schemes is 
presented, that combines course alterations and speed 
reduction manoeuvres [33]. A method called 
“evolutionary sets of safe trajectories” is presented 
[34], which uses EA and game theoretic principles to 
obtain a close-to-optimal set of safe trajectories for all 
participating vessels involved in a multi-vessel 
situation. An improved multi-objective EA utilized 
[35] to optimize the ship collision avoidance strategies 
by balancing safety and economy, using the avoidance 
angle, time to action point, and fuzzy ship domain to 
assess the risk of collision. A multi-objective EA is 
used [36] to search for the optimal collision avoidance 
strategy for vessels, considering both safety and 
economic factors. 

A new approach to path planning for ships in 
dynamic environments using ACO that can be applied 
in decision support systems on board ships or in 
obstacle detection and avoidance systems for 
unmanned surface vehicles [37]. Collision avoidance 
model based on ACO is presented [38], which 
integrates navigation practices, maritime regulations, 
and real-time AIS data to plan safe and economical 
collision avoidance paths for ships. 

A PSO is implemented by authors [39] to plan ship 
paths and reduce the risk of collisions between ships 
navigating in open water. The paper [40] presents a 
method for preventing ship collisions by formulating 
it as a multi-objective constrained optimization 
problem based on ship manoeuvring equations and 
motion data, and solving it using a PSO algorithm to 
determine the best collision avoidance path and ship 
control actions. 

Finally, Artificial Fish Swarm Algorithm (AFS) is 
integrated with ECDIS and can provide decision 
support to the officer on watch [41]. 

2.2. Ship Routing Problem 

Passage planning is a critical process for all 
vessels, ensuring safe navigation from one port to 
another. The most important stages consist of [42]: 
Appraisal, Planning, Execution and Monitoring. 
Appraisal includes the collection of relevant 
information for the planned passage, identification of 
all critical areas and risk assessment using charts, pilot 
books, weather routes and local/international rules and 
regulations. Planning is the actual development of the 
passage plan, based on the appraisal, it includes the 
entire voyage plan from berth to berth, taking into 
account potential hazards, favourable routes, etc. (in 
the planning phase electronic or paper charts are used 
for route development).  
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Execution is the stage that includes following the 
passage plan (while underway) and prioritizing safe 
and efficient navigation. Monitoring is keeping track 
of the ship’s progress, ensuring that the plan is adhered 
to and updating the plan with any new safety-related 
information (e.g., navigational warnings, etc.). 

When planning multicriteria ship routes, the 
following factors are essential [43]: 

1. Reducing navigation time - efficient routes should
minimize the time spent at sea.

2. Lowering fuel consumption - optimal routes help
reduce fuel usage.

3. Avoiding severe sea conditions - routes should
steer clear of areas with challenging weather
conditions to enhance ship and cargo safety.

The authors [44] have developed GA for
optimizing ship routes in dynamic weather conditions, 
with the aim of determining the minimum voyage 
time. Next, GA is used for the development of a 
weather routing method to determine the optimal route 
[45]. The study [46] developed and solved a 
capacitated vehicle routing problem involving 
pickups, drop-offs and strict time windows using GA 
to determine optimal routes for a container ship fleet 
supplying the islands of the Aegean archipelago. 
Paper [47] deals with the planning of container liner 
shipping service networks while also considering the 
movement and allocation of empty containers. A 
quadratic optimization GA for ship route planning is 
proposed [48], which takes into account ship 
manoeuvrability constraints and is validated by 
experiments on a test fireboat. 

The GA in [49] included several innovative 
techniques, such as a fitness assignment method, a 
hybrid mutation operator, and population diversity 
strategies, to improve the search for the optimal 
solution. Additionally, [50] authors provide a new 
application and extension of the Vehicle Routing 
Problem with time windows (VRPTW) for offshore 
logistics. Also, a new modified GA for solving a ship 
routing problem with container handling is presented 
[51]. The fisheries survey problem, which is a voyage 
routing problem, with multiple ports and visiting 
locations is solved with the use of GA [52]. 

A project to develop a new solution for ship 
weather routing, using the EA is described [53], which 
improves handling of uncertainties by improving 
predictions of a ship’s performance and its behavior 
under different sea conditions through the use of 
ensemble forecasting and real-time data assimilation. 

An improved ACO algorithm for solving the ship 
weather routing problem is introduced [54]. The aim 
of the algorithm is to find the most efficient 
transoceanic route for ships in a fast, accurate and 
cost-effective manner.  

The authors in [55] present an ACO approach to 
optimize ship routing for transoceanic voyages with 
the goal of reducing fuel consumption and 
environmental impact while considering navigational 
safety. An enhanced method built upon an improved 
ACO is introduced [56] to address the ship weather-
routing optimization problem, taking into account 
navigational safety, fuel use, and voyage duration.  

Equally important, [43], [57] a hybrid heuristic 
algorithm combining GA and PSO is introduced to 
improve the accuracy and robustness of shipping route 
planning in restricted maritime traffic networks. 

SA algorithm is used to determine the optimal ship 
routing by minimizing cost function [58]. 

2.3. Tugboat Scheduling 

With the rapid growth of international maritime 
trade, the auxiliary operations in the port, which 
include ship arrival and departure, loading and 
discharging, etc., are becoming more and more 
complex from year to year [59]. Tugs play a critical 
role in manoeuvring operations, and without tugboats, 
large vessels are at greater risk of grounding and/or 
collision. Tugs provide pushing or towing assistance 
to ensure that the ship sails in a wanted direction [60], 
[61]. To avoid delays, maximize the profit of the port 
service and reduce fuel consumption, a tugboat 
scheduling problem (optimization problem) must be 
solved using scientific methods. Among others, 
metaheuristic algorithms inspired by nature are 
proposed to solve the tugboat scheduling problem. 

Firstly, in [62] the authors start from the route 
design (taking the shortest route for the goal) and 
propose the use of GA to optimize the tugboat route. 
Next, [63] an optimization model is proposed with aim 
of reducing the wait time of the ship and the operating 
cost of the tug using GA. Paper [64] proposes an 
optimization model using GA for tugboat scheduling 
in multi-terminal seaports to minimize the idle 
distance while considering uncertainties. A GA-based 
optimization model for scheduling tugboats in a port 
to reduce the waiting time of ships and the operating 
costs of tugboats is presented [65]. 

The EA in [66] is proposed with the aim of 
reducing overall completion time. Additionally, EA is 
used to optimize a model [67], [68]. The algorithm 
considers the characteristics of a large number of 
vessels entering and leaving the port and calculates the 
fuel consumption of the tugs. 

A hybrid ACO algorithm with the goal of reducing 
the overall total operating time of all tugboats in port 
is proposed [69]. ACO is also applied [70] to find the 
best scheduling plan. GA and ACO are combined [71] 
to solve the tugboat scheduling problem in container 
terminals. 
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PSO is utilized in, [72] for the container terminal 
tugboat scheduling problem and for the resource 
allocation problem. In [59], a relatively new Grey 
Wolf algorithm is proposed for the tugboat scheduling 
problem that considers multiple berths, time windows, 
and operational uncertainties with the objective of 
minimizing the total cost of fuel and delays. 

2.4. Evacuation Planning 

In 2022 20.4 million passengers travelled onboard 
cruise ships to various destinations. This number is 
expected to double by the year 2027 [73]. Both the 
current and projected number of passengers increase 
the number of potential fatalities. In a period of 7 
years, from 2011 to 2018, at least 2526 fatalities were 
reported on passenger ships [74]. 

For this reason, an efficient evacuation plan must 
be implemented. A ship evacuation consists of three 
parts: 1. Response, 2. Evacuation, 3. Embarkation and 
launching period [75]. Part 2, the evacuation and the 
evacuation time are the central part of the ship 
evacuation process. The response period begins after 
the initial announcement and lasts until the decision 
has been made to proceed to a mustering point. 

Once the decision has been made, the evacuation 
starts (from the starting point to the assembly point), 
after which the launching period begins. Ship 
evacuation is a complex problem in which various 
aspects such as the environment (in which the ship is 
sailing), the layout of a ship, the behavior of 
passengers and crew and personal characteristics (age, 
gender, physical condition) must be taken into account 
[74]. 

GA is used to optimize the layout of evacuation 
routes on passenger ships to minimize the evacuation 
time [76]. EA is used in [77] with the objectives of 
optimal path finding and optimal safe area selection. 
An improved ACO algorithm is presented for multi-
path crowd evacuation planning (considering the 
speed and density of a crowd) [78]. PSO [79] is used 
to simulate the evacuation behavior on ships. 

2.5. Container Stowage 

Maritime transportation is an important part of 
global transportation, with container traffic 
accounting for more than 15% [1]. A container 
terminal is a crucial link in the container transportation 
process as it facilitates the transfer of containers 
between land transportation (trucks, trains) and sea 
transportation (ships). 

Efficient operation of container terminals depends 
on optimizing the stowage, loading, and unloading of 
containers.  

Terminals face several challenges (berth 
allocation, container stacking, and transport 
optimization) that must be addressed to reduce waiting 
times for ships, trains and trucks, thereby increasing 
throughput [80]. 

Container stowage optimization, i.e. the creation of 
a stowage plan with the aim of minimizing 
unnecessary container shifts and thereby reducing 
loading and unloading times, is an important factor in 
efficient terminal operation. Terminal operators 
review and refine the stowage plan, with the aim of 
minimizing container relocations and optimizing the 
stacking distances between the berth and storage areas 
in order to increase efficiency. In addition to 
optimizing container stowage, the strength and 
stability of the ship must also be taken into account.  

All processes between the ship and terminal are 
interlinked, so that the optimization of one side (ship) 
cannot work without the optimization of the other side 
(terminal). Since stowage planning is considered an 
NP-hard problem various metaheuristic solutions are 
proposed [81].  

GA model is presented [80] to reduce the number 
of container relocations within a single bay. Also, GA 
is utilized with the aim of minimizing the number of 
container movements required [82]. The authors in 
[83] use GA for a planning method, which comprises 
two steps: selecting the containers for relocation, 
building a relocation plan for the selected containers. 
Additionally, a GA is used [84] to integrate container-
transfer and container-location models to determine 
the optimal storage locations and handling schedule. 
Next, GA is presented to solve an extended version of 
the storage space allocation problem in a container 
terminal, which involves allocating different types of 
containers to storage blocks to balance workload and 
minimize storage/retrieval times [85]. GA with the 
aim of minimizing the turnaround time of container 
ships is utilized [86]. Paper , [87] use GA to solve the 
container relocation problem with the aim of 
minimizing the number of additional container 
relocations required. GA is suggested [88] for the 
problem which also incorporates ship stability 
constraints. A new problem called the “block 
relocation problem with weights (BRP-W)” is 
presented [89] and describes the development of a 
“global retrieval heuristic (GRH)” algorithm 
embedded within a GA optimization method to solve 
this problem. Study [90] presents a simulation-
optimization method that combines a GA with the goal 
of reducing the total number of container movements. 
The 3D container ship loading planning problem is 
formulated [91] and propose a new representation 
called “Representation by Rules” to efficiently solve 
it using GA. 



TEM Journal. Volume 15, Issue 3, pages 2321-2339, ISSN 2217-8309, DOI: 10.18421/TEM153-24, August 2026. 

2326  TEM Journal – Volume 15 / Number 3 / 2026. 

A multi-objective evolutionary algorithm (EA) is 
used to solve the problem in [92], [93], with objectives 
including ship stability optimization and the 
minimization of container shifts. 

ACO with the objective of minimizing crane 
operation time is utilized in [94]. 

A Simulated annealing algorithm (SA) is 
advocated in [95], seeking to minimize the relocations 
of containers that block access to the one scheduled 
for retrieval.  

Finally, a Coronavirus algorithm (CA) in [96] is 
applied for optimization of stowage for dangerous 
goods. 

2.6. Berth Allocation Problem 

As already mentioned before, one of the challenges 
facing terminals is the berth allocation (scheduling) 
problem. The berth scheduling problem is a decision-
making problem, in which the arriving ships need to 
be assigned to the available berth, and the order of the 
service for the vessel needs to be determined for each 
berth on the terminal [97]. The planning process can 
be divided into three levels [98]: Monthly planning, 
Weekly planning and Daily planning 

A comparative analysis of three metaheuristic 
algorithms, GA, ACO, and SA, is presented [99] to 
solve the bulk port problem, aiming to minimise the 
total penalty cost associated with violating the time 
windows specified in the chartering contracts. Next, 
[100], [101] address the problem using GA for 
optimizing multi-user container terminal with 
indented berths for handling mega-containerships and 
feeder ships. Additionally, multi-objective GA is 
developed [102] to address the trade-off between 
operational efficiency/cost and daytime preference in 
berth allocation scheduling. GA to solve the berth 
allocation and quay crane assignment problem, aiming 
to minimize the total service time while maximizing 
buffer times to absorb potential disruptions is used in 
[103]. Three hybrid GA’s were utilised [104] to solve 
the berth allocation problem and quay crane 
assignment problem simultaneously. 

EA formulates the coupling problem between berth 
allocation and quay crane assignment [105], taking 
into account the interactions between these two 
aspects. Also, a new solution method based on the 
differential EA to solve the problem is proposed [106]. 
A study [107] proposes a decision model, using an EA 
that aims to minimize the costs associated with the 
berth allocation schedule, including delay costs and 
costs related to non-optimal berthing locations, based 
on the concept of service level. A novel, self-adaptive 
EA to solve the problem at container terminals and 
compare its performance against other evolutionary 
algorithms with different parameter control strategies 
is suggested [108].  

Mathematical model and hybrid EA for the 
problem, with the objective of minimizing both the 
total service cost and carbon dioxide emissions (due 
to container handling) is presented in [109]. 

Multi-objective ACO is showcased [110], [111], 
[112].  to solve the problem in container ports, with 
the objectives of ship schedule optimization to 
minimize service time and departure delays. 

Finally, [113] proposes a PSO approach that 
assigns ships to berths and minimizes waiting and 
handling times. 

2.7. Quay Crane Allocation 

The quay crane split is the allocation of available 
cranes to specific ships alongside the terminal. The 
crane allocation problem is important to solve because 
if an insufficient number of cranes are allocated to a 
ship, the loading/unloading process slows down 
(which increases costs and makes berth allocation 
more difficult). The objective of quay crane 
optimization is to allocate the optimal number of 
cranes to a ship (minimizing vessel time in port while 
maximizing economic utilization) [114]. The Quay 
crane allocation is also proven to be an NP-hard 
problem and the use of different metaheuristic 
algorithms has been proposed [115].  

GA, which simultaneously considers two 
interdependent problems: quay crane scheduling and 
quay crane assignment is utilised [116]. Studies [117], 
[118] describe the development of a GA approach to 
efficiently schedule two quay cranes with non-
interference constraints at the Narvik container 
terminal. In [119] GA is proposed and the 
effectiveness of the model and algorithm is 
demonstrated through several methods: comparing 
scheduling results with those found in the literature for 
a single ship, comparing scheduling results between 
multiple ships and a single ship, and simulating 
dynamic quay crane scheduling across multiple ships. 
Paper [120] proposes GA for assigning quay cranes 
based on a vessel priority list and the bay area 
partition. Study [121] proposes a multi-objective 
hybrid GA approach to solve the problem and obtain 
the best solution. 

Equally important, [122] suggests an improved 
discrete PSO algorithm to solve the problem, with the 
objective of minimizing the turnaround time of ships. 

2.8. Transportation Optimization 

The transportation of containers at the container 
terminal can be divided into horizontal and vertical 
transport (stacking cranes). Horizontal transport can 
be divided into quayside which links the stacking area 
to the vessel and landside transport, which connect the 
stacking area to trucks or trains.  
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The vehicles used for horizontal transportation are 
trucks, straddle carriers, automated guided vehicles, 
etc. 

The transportation optimization of container 
transfer considers synchronization with the quay and 
stacking cranes. The objective of transportation 
optimization is to increase the productivity of vehicles 
that operate between vessel and stacking area, and 
stacking area and train/truck by defining the optimal 
work schedule for each vehicle (to minimize transfer 
time and empty running distance). Crane wait time has 
to be reduced as much as possible as well.  

An adaptive GA approach is shown [123] for the 
synchronised scheduling of parts and automated 
guided vehicles (AGVs) in a flexible manufacturing 
system environment, to minimize penalty cost and 
machine idle time. A general scheduling model for 
container terminal logistics problems is introduced 
[124], demonstrating its application to various real-
world scheduling scenarios and evaluating GA 
approaches for solving the model. The GA-based 
approach was implemented [125] for the terminal 
scheduling system and tested, demonstrating that it 
could reduce the overall time-related cost of container 
transfers. 

The EA is used [126] with the primary objective of 
shortening vessel port time by maximizing gantry 
crane productivity and minimizing the delay times of 
container transport. 

2.9. SAR Operation 

The purpose of the Search and Rescue (SAR) 
operation is to determine the position of people in 
distress as quickly as possible. The longer the person 
is in the water, the lower the chance of survival [15]. 

An appropriately designed route helps shorten the 
SAR time and increase the efficiency of the operation. 
There are many voyage planning algorithms that are 
based on ideal environmental conditions and do not 
consider wind, waves, currents and other conditions 
specific to a SAR operation, so there is a need for an 
algorithm that considers both static and dynamic 
obstacles. Two research papers [127], [128] use 
nature-inspired ACO algorithm for the optimization of 
path planning in the SAR operation. 

2.10. Fire Hydrant Location Optimization 

The positioning of a fire hydrant on a ship is an 
important part of ship design. The optimal positioning 
of hydrants requires a detailed analysis of potential 
fire hazards.  

Designers must consider various factors including 
applicable regulations, technical specifications and 
hazard assessments. Applicable regulations include 
SOLAS (International Convention for the Safety of 
Life at Sea, 1974) with its FFS Code (International 
Code for Fire Safety Systems) and classification 
society rules. Based on the aforementioned 
regulations, designers start by designing a layout of 
the hydrants for the ship which includes the minimum 
number and location of hydrants to maximize the 
effectiveness of the system (effectiveness also 
depends on the type of hydrant, water pressure and 
accessibility). The hydrant locations can be 
determined by manual calculation, empirically, or by 
the use of optimization algorithms. A computer-aided 
design system for the optimal positioning of fire 
hydrants, using the PSO algorithm is suggested [129]. 

2.11. Damage Stability 

Damage stability calculations assess a ship’s 
ability to resist capsizing and return to equilibrium in 
both calm water and waves, ensuring it retains 
adequate buoyancy and stability even after one or 
more compartments have been breached [130]. The 
IMO (International Maritime Organization) has been 
updating and enhancing rules related to damage 
stability throughout the years. Along with IMO, 
academic researchers have been developing ways to 
calculate and enhance damage stability [131], [132]. 
Research is divided into a probabilistic and a 
deterministic approach and metaheuristic algorithms 
can be used to optimize the damage stability of ships. 
Firstly, in [131], a collaborative optimization 
algorithm combining reinforcement learning and PSO 
improves ship damage stability design. Secondly, 
[132] proposes a framework for optimization of the 
damage stability characteristics of a Ro-Ro passenger 
ship using probabilistic damage stability analysis and 
PSO to improve the safety of the ship design. 

2.12. Overview of NP-Hard Problems in the Maritime 
Industry 

To improve the understanding of the use of 
metaheuristics in the maritime industry, Table 1 
presents an overview of all the problems listed in 
Sections 2.1 through 2.11, along with the relevant 
papers in which specific metaheuristic algorithms are 
used to address these optimization problems.  

This table aims to provide a summary of the use of 
metaheuristic algorithms across various optimization 
challenges within the maritime industry.
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Table 1. Nature inspired metaheuristics in maritime industry 

Problem/Algorithm GA EA ACO PSO AFS SA Hybrid GWO CA 

Collision avoidance 

[18], 
[19], 
[20], 
[21], 
[22], 
[23], 
[24], 
[25], 
[26], 
[27] 

[28], 
[29], 
[30], 
[31], 
[32], 
[33], 
[34], 
[35], 
[36] 

[37], 
[38] 

[39], 
[40] [41] N / A N / A N / A N / A 

Ship routing 

[44], 
[45], 
[46], 
[47], 
[48], 
[49], 
[50], 
[51], 
[52] 

[53] 
[54], 
[55], 
[56] 

N / A N / A [58] 
PSO,G
A [43], 

[57] 
N / A N / A 

Tugboat scheduling 

[62], 
[63] 
[64], 
[65] 

[66], 
[67], 
[68] 

[70] [72], N / A N / A 

SA. 
ACO 
[69] 
GA, 
ACO 
[71] 

[59] N / A 

Evacuation planning [76] [77] [78] [79] N / A N / A N / A N / A N / A 

Container stowage 

[80], 
[82], 
[83], 
[84], 
[85], 
[86], 
[87], 
[88] 
[89], 
[90], 
[91] 

[92], 
[93] [94] N / A N / A [95] N / A N / A [96] 

Berth allocation 

[99] 
[100], 
[101], 
[102], 
[103], 
[104] 

[105], 
[106], 
[107], 
[108], 
[109], 

[110], 
[111], 
[112] 

[113] N / A [99] N / A N / A N / A 

Quay crane allocation 

[116], 
[117], 
[118], 
[119], 
[120] 

N / A N / A [122] N / A N / A N / A N / A N / A 

Transportation 
optimization 

[123], 
[124], 
[125] 

[126] N / A N / A N / A N / A N / A N / A N / A 

SAR operation N / A N / A [127], 
[128] N / A N / A N / A N / A N / A N / A 

Fire hydrant location N / A N / A N / A [129] N / A N / A N / A N / A N / A 

Damage stability N / A N / A N / A [131] 
[132] N / A N / A N / A N / A N / A 
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The analysis of Table 1 shows that the 
metaheuristic algorithms most frequently used to 
solve optimization problems in the research for 
maritime industry are the GA (51 papers), the EA (22 
papers) and the PSO algorithm (12 papers). 

Since GA and PSO are among the most commonly 
used optimization algorithms, they were used in 
Section 4 to assess and compare the effectiveness of 
novel state-of-the-art algorithms through the use of 
benchmark test functions.  

These newer algorithms have shown better test 
function performance compared to the GA and PSO in 
[11], [12], [13], [14]. The evaluation suggests that 
these algorithms could achieve optimal results in 
solving optimization problems in the maritime 
industry. Accordingly, algorithms and their 
pseudocodes are presented in Section 3. 

3. State of the Art Algorithms for Maritime
Industry Optimization Problems

The four state-of-the-art algorithms to which the 
GA and PSO will be compared are the Pelican 
Optimization algorithm (POA), the Squirrel search 
algorithm (SSA), Snow Leopard Optimization 
algorithm (SLOA) and the Deer Hunting Optimization 
Algorithm (DHOA). In the following section, a 
comprehensive description of each algorithm is 
provided, detailing the underlying principles that 
guide their design and implementation. Additionally, 
the pseudocode for each algorithm is presented, 
offering a clear and structured overview of their 
fundamental operations. This serves to highlight the 
distinctive features of these algorithms, facilitating a 
comparison with GA and PSO in subsequent sections. 

3.1. Pelican Optimization Algorithm 

POA is a novel metaheuristic inspired by the 
hunting behavior of pelicans. Pelicans typically hunt 
in groups, coordinating their efforts. When they spot 
prey, they dive from heights of around 15 meters. As 
they descend, they extend their wings to skim the 
water’s surface, driving fish towards shallower waters 
for easier capture. During the catch, pelicans scoop up 
a significant amount of water along with their prey, 
necessitating a forward thrust of the head to drain the 
excess water before swallowing [133]. Figure 1 
presents the pseudocode for the algorithm described 
and provides a clear and structured overview of its 
basic operations. This pseudocode serves as a 
blueprint that describes the main steps and procedures 
that the algorithm performs to solve optimization 
problems. 

Figure 1. POA algorithm pseudocode [11] 

3.2. Squirrel Search Algorithm 

SSA is modeled after the foraging behavior of 
flying squirrels. In favorable weather, these squirrels 
glide from tree to tree in search of food [12]. They eat 
acorns when available and continue searching for 
higher-quality food sources, such as hickory nuts, to 
cache for the winter. During winter time, flying 
squirrels are less active but they do not hibernate, 
therefore facing a higher risk of predation due to the 
lack of cover. This foraging cycle is repeated 
throughout their lives and is the foundation of SSA. A 
distinctive feature of this algorithm is the use of the 
Lévy distribution, a powerful mathematical tool that 
improves global exploration in this and other 
metaheuristic algorithms [134], [135]. Figure 2 
provides the pseudocode for the algorithm described 
and gives a concise and organized overview of its core 
functions. 
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Figure 2. SSA algorithm pseudocode [133] 

3.3. Snow Leopard Optimization Algorithm 

The SLOA metaheuristic is inspired by the natural 
behavior of snow leopards. Snow leopards mark their 
territory with scent and move in a zigzag pattern to 
communicate their location and track each other. They 
hunt by using rocky cliffs for cover, which allows 
them to approach their prey stealthily. Once they are 
close enough, they slowly creep forward before 
making a sudden dash to catch and kill the prey by 
biting its neck. This behavior of leopards is made up 
of four components: migration routes, prey searching 
(as mentioned), reproduction, and mortality [13]. In 
Figure 3 the pseudocode for the described algorithm, 
presents a streamlined and well-structured summary 
of its main functions. 

Figure 3. SLOA algorithm pseudocode [13] 

3.4. Deer Hunting Optimization Algorithm 

The DHOA is the algorithm modelled on the 
hunting strategies of deer hunters. In this method, two 
hunters move in a coordinated manner towards the 
optimal position until they successfully reach the 
target deer. In addition, deer have strong sense of 
alertness and can detect danger with a sense of smell 
that is 60 times more sensitive than that of humans. 
They warn others with aggressive kicks and loud sniff. 
Deer can also perceive UH (Ultra High) frequency 
sounds which exceed human hearing. For this reason, 
the algorithm must consider not only the movements 
of the hunters, but also the behavior characteristics of 
a deer. The aim of the proposed metaheuristic is to 
identify the optimal human hunting position by 
analysing the deer’s behaviour and characteristics. A 
deer possess vision roughly five times sharper than 
that of humans, have a peripheral field of view ranging 
from 250 to 270 degrees, and can detect even the 
slightest movements [14].  
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Figure 4 presents the pseudocode for the described 
algorithm, providing a concise and organized 
summary of its primary functions. 

Figure 4. DHOA pseudocode [133] 

4. State of the Art Algorithms for Maritime
Industry Optimization Problems

In this section, a comparative analysis of three 
algorithms is presented, focusing on their performance 
on a set of standardized test functions. These test 
functions, used in [11], [12], [13], [14] served as a 
benchmark for evaluating the efficiency of each 
algorithm. In this paper, four new algorithms are 
compared with the well-established GA and PSO to 
gain a broader perspective on their performance. 

The core of the analysis consists of a ranking 
system that assigns first, second and third place, based 
on the performance of each algorithm compared to the 
others on test functions from [11], [12], [13], [14] .  

The use of previously validated test functions 
ensures that the comparative analysis is based on 
reliable and well-established benchmarks, enhancing 
the validity of the findings. The insights derived from 
this ranking system are intended to guide future 
research and development efforts, helping to identify 
the most effective algorithms for various optimization 
challenges. This chapter aims to contribute to the 
continuous development of optimization techniques 
by providing a detailed comparison of multiple 
algorithms across a diverse set of test functions. 

4.1. POA-GA-PSO Evaluation 

The comparison between test function results of 
POA, GA and the PSO is shown in Figure 5. For the 
evaluation, results of twenty-three objective test 
functions from [11] have been used. When an 
algorithm is placed first, it means that it had a better 
result (closest to optimal) than the others on a single 
particular test function. Second place, on the other 
hand, indicates a middle-tier performance. Third place 
indicates the lowest performance among the three and 
highlights relative inefficiency of the algorithm on 
that particular test function. By aggregating these 
rankings across multiple test functions, the figures in 
this chapter provide an assessment of each algorithm. 
The frequency with which an algorithm places first, 
second or third serves as a quantitative measure of its 
overall effectiveness. 

Figure 5.  Performance rankings of POA, GA and PSO 
across test functions: frequency of 1st, 2nd and 3rd place 

results [11] 

The POA emerged as the most robust algorithm, 
achieving the first place in thirteen out of the twenty-
three test functions, demonstrating its superiority over 
GA and PSO in most cases. POA ranked second in 
three functions and third in seven. In comparison, the 
GA exhibited competitive performance, securing first 
place in seven test functions. However, it displayed 
variability in its effectiveness, ranking second in eight 
test functions and third in another eight, suggesting a 
more fluctuating performance relative to POA. The 
PSO, while often regarded as a strong algorithm, 
achieved first place in only three of the test functions. 
Despite this, it consistently performed at a mid-tier 
level, ranking second in 12 test functions. However, it 
also recorded the highest number of last-place 
finishes, ranking third in eight test functions. These 
results provide a clear ranking of the algorithms, with 
the POA demonstrating the best overall performance, 
followed by GA, and PSO, which although highly 
competitive in mid-tier rankings, showed the least 
effectiveness in securing first place results. 
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7
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Table 2.  Head-to-head comparison of POA, GA and PSO 

Algorithm Comparison 
POA-GA 13:10 
POA-PSO 15:8 
GA-PSO 12:11 

Table 2 presents a head-to-head comparison 
between the algorithms with the number of “wins” and 
“losses” between algorithm pairs on optimization 
results of 23 test functions, highlighting the relative 
performance of POA, GA, and PSO. While the POA 
demonstrates superior overall results, with 13 “wins” 
over GA and 15 “wins” over PSO there are some test 
functions where it underperforms compared to the 
other algorithms. This result is consistent with the No 
Free Lunch (NFL) theorem, which posits that an 
algorithm excelling on one set of problems may not 
necessarily outperform others on different problem 
sets. Given the POA’s strong performance on the 
majority of test functions, it is reasonable to presume 
that it may also offer advantages in solving 
optimization challenges within the maritime industry. 

4.2. SSA, GA and PSO Evaluation 

The comparison of optimization results among 
SSA, GA, and PSO is illustrated in Figure 6. Results 
of twenty-six objective test functions from [12] were 
used for the evaluation, and the rankings for all three 
algorithms for these functions are shown. 

Figure 6.  Performance rankings of SSA, GA and PSO 
across test functions: frequency of 1st, 2nd and 3rd place 

results [12] 

The SSA demonstrates the strongest overall 
performance when compared to GA and PSO. Out of 
the results of 26 test functions, SSA achieved the 
highest rank in 20, significantly outperforming the 
other two algorithms. In contrast, GA secured the best 
result in only three functions, while PSO led in just 
one, which it shared with SSA. Additionally, three 
functions resulted in equal scores for all three 
algorithms.  

The SSA ranked second in three test functions and 
did not place third in any of the 26 functions. GA, 
while competitive, ranked second in 13 functions but 
fell to last place in seven. PSO, although occasionally 
achieving mid-tier performance with six second-place 
rankings, ranked last in 16 functions, indicating a 
relative weakness in comparison to SSA and GA. 
These results underscore SSA’s dominance across the 
test functions, with GA performing moderately and 
PSO showing the least effectiveness. 

Table 3.  Head-to-head comparison of SSA, GA and PSO 

Algorithm comparison 
SSA-GA 20:3 
SSA-PSO 22:0 
GA-PSO 16:7 

Table 3 presents a pairwise comparison of the 
algorithms, with SSA demonstrating the strongest 
overall performance with 20 “wins” over GA and 22 
“wins” over PSO. However, as with the previous case 
involving POA, the No Free Lunch (NFL) theorem 
remains applicable. While SSA excels in many 
instances, it does not guarantee superior performance 
across all problem sets, underscoring that no single 
algorithm performs optimally across all optimization 
problems. Given SSA’s performance across the 
majority of test functions, it is reasonable to infer that 
it may also provide significant advantages in 
addressing optimization challenges within the 
maritime industry. 

4.3. SLOA-GA-PSO Evaluation 

The optimization results of the SLOA, GA, and 
PSO are compared in Figure 7. A total of twenty-three 
objective test functions results from [13] were used for 
the evaluation, and the results for all three algorithms 
on these functions are presented. 

Figure 7.  Performance rankings of SLOA, GA and PSO 
across test functions: frequency of 1st, 2nd and 3rd place 

results [13] 
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The SLOA achieved the best overall performance 
in comparison to GA and PSO. Out of the results of 23 
test functions, SLOA ranked highest in 19, 
significantly outperforming both GA and PSO. In 
contrast, GA secured the top position in only one 
function, while PSO ranked first in three functions, 
one of which was shared with SLOA. Additionally, 
one of the 23 functions resulted in equal scores across 
all three algorithms. SLOA ranked second in two test 
functions and placed last in only one. GA, while 
competitive in certain cases, ranked second in seven 
functions and finished third in 14, indicating greater 
variability in its performance. PSO, despite showing 
some mid-tier success with 11 second-place rankings, 
ranked last in eight functions, revealing a relative 
weakness compared to SLOA and GA. These results 
highlight SLOA’s dominance across the test 
functions, with PSO showing moderate effectiveness 
and GA performing least effectively. 

Table 4. Head-to-head comparison of SLOA, GA and PSO 

Algorithm comparison 
SLOA-GA 22:1 
SLOA-PSO 18:3 

GA-PSO 8:14 

Table 4 presents a comparison between pairs of 
algorithms with SLOA demonstrating the strongest 
performance on the test functions with 22 “wins” 
against GA and 18 “wins” against PSO. However, as 
with the previous cases, the No Free Lunch (NFL) 
theorem remains relevant. While SLOA excels in 
many functions, this does not guarantee its superiority 
across all problem sets, emphasizing that no single 
algorithm is universally optimal for every 
optimization challenge. Similarly, based on SLOA’s 
consistently superior results, it is plausible to presume 
that this algorithm could offer considerable benefits 
for solving various optimization problems in the 
maritime sector as well. 

4.4. DHOA-GA-PSO Evaluation 

The optimization results of the DHOA, GA, and 
PSO are shown in Figure 8. The evaluation was 
conducted using the results of thirty-three objective 
test functions from [14], and the outcomes for all three 
algorithms on these functions are displayed. 

Figure 8.  Performance rankings of DHOA, GA and PSO 
across test functions: frequency of 1st, 2nd and 3rd place 

results [14] 

The DHOA demonstrated the strongest overall 
performance compared to GA and PSO, having the 
most optimal result in 21 out of 33 test functions. In 
contrast, GA ranked first in 10 functions, while PSO 
secured the top position in 13 functions, with 11 of 
these being shared with DHOA. DHOA consistently 
performed well, achieving second place in 10 
functions and placing last in only two, underscoring 
its robustness across the majority of test cases. GA, 
while competitive, ranked second in 19 functions and 
placed third in four, suggesting a more variable 
performance. PSO, despite showing strength with 12 
second-place finishes, ranked worst in eight test 
functions, indicating a relative weakness compared to 
DHOA and GA. These results emphasize DHOA’s 
dominance across the test functions, with GA showing 
moderate effectiveness and PSO performing the least 
effective overall. 

Table 5.  Head-to-head comparison of DHOA, GA and 
PSO 

Algorithm comparison 
DHOA-GA 22:11 
DHOA-PSO 19:2 

GA-PSO 14:19 

Table 5 presents a comparison between pairs of 
algorithms, with DHOA exhibiting the strongest 
performance across, with 22 “wins” against GA and 
19 “wins” against PSO. However, as in previous 
cases, the No Free Lunch (NFL) theorem applies. 
While DHOA performs exceptionally well on many 
test functions, this does not ensure its superiority 
across all problem sets. Given DHOA’s consistently 
superior performance, it is reasonable to presume that 
this algorithm may provide significant advantages in 
addressing a range of optimization problems within 
the maritime sector. 
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4.5.  DHOA-SSA-POA-SLOA Evaluation 

For the evaluation between the DHOA, SSA, POA 
and SLOA, the test results from the authors in [133] 
are used in this section. Figure 9 illustrates the 
comparative performance of the algorithms, with each 
bar representing the percentage of instances in which 
one algorithm outperformed another across the test 
functions. In the figure, blue bars denote the 
performance of Algorithm 1, while orange bars 
represent Algorithm 2. 

Figure 9. DHOA-SSA-POA-SLOA comparison 

The data reveals that DHOA outperformed SSA, 
demonstrating its relative strength in comparison. 
POA generally exceeded the performance of both 
DHOA and SSA, indicating its superior efficacy in 
most test scenarios. SLOA, while also outperforming 
DHOA and SSA, showed a level of performance that 
was comparable to POA, suggesting that it is 
competitive with POA but not superior. These 
observations highlight that no single algorithm 
consistently outperforms all others across all test 
functions. This variability reinforces the No Free 
Lunch (NFL) theorem.  

5. Conclusion

In summary, optimization remains a critical 
component for enhancing efficiency in the maritime 
industry. This paper presents eleven optimization 
problems in the maritime industry which include: 
Collision avoidance, Ship routing, Tugboat 
scheduling, Evacuation planning, Container stowage, 
Berth allocation, Quay crane allocation, 
Transportation optimization, SAR operation, Fire 
hydrant location optimization and Damage stability. 
In research literature, these problems have been 
addressed using well-known nature-inspired 
metaheuristic algorithms, such as Genetic Algorithms, 
Ant Colony Optimization, and Particle Swarm 
Optimization.  

Recent developments have introduced newer 
metaheuristic algorithms, such as the Pelican 
Optimization Algorithm, Squirrel Search Algorithm, 
Snow Leopard Optimization Algorithm, and Deer 
Hunting Optimization Algorithm.  

In this paper, the results from test functions are 
used to compare the performance of the newer 
algorithms against the older, well-known ones. 
According to these results, newer algorithms 
outperform traditional algorithms, which suggest their 
promising potential for solving complex optimization 
problems more effectively in the maritime sector. 
These results can serve as a baseline for future 
research and utilization of nature-inspired 
metaheuristics in the maritime industry. 

However, the disadvantage of using the results of 
a test function is that the optimization algorithms are 
not compared with a problem but with a result of a test 
function. For future research, the newer algorithms 
could be compared to older ones, for a specific 
optimization problem in the maritime industry. This 
could give a better insight into the effectiveness of the 
algorithm for a specific problem. 

It is also important to understand the No Free 
Lunch Theorem (NFL) which states that no single 
algorithm is superior for all. 

Overall, while new emerging metaheuristic 
algorithms could provide better results, the choice of 
an algorithm must be matched to the specific nature of 
the problem. Continued research with both well-
known and newer algorithms is important for 
achieving optimal results in the maritime industry. 

References: 

[1]. United Nations Conference on Trade and 
Development. (2023). Review of maritime transport 
2023: Towards a green and just transition 
(UNCTAD/RMT/2023). United Nations. 

[2]. Nguyen, T. T., et al. (2023). Managing disruptions in 
the maritime industry–a systematic literature 
review. Maritime business review, 8(2), 170-190. 

[3]. Ramos, K. G., et al. (2021). Suez Canal blockage and 
its global impact on healthcare amidst the COVID-19 
pandemic. International maritime health, 72(2), 145-
146.  

[4]. Li, R. (2022). The impact of transportation delays on 
the supply chain—Using the Suez Canal as an 
example. 2022 2nd International Conference on 
Business Administration and Data Science (BADS 
2022), 899-905. Atlantis Press. 

[5]. Yang, X. S. (2010). Nature-inspired metaheuristic 
algorithms. Luniver press. 

[6]. Mitchell, M. (1998). An introduction to genetic 
algorithms. MIT press. 

[7]. Dorigo, M., Colorni, A., & Maniezzo, V. (1991). 
Distributed optimization by ant colonies. Proceedings of 
the first European conference on artificial life, 134-142. 

62.50%

25.00% 25.00%
12.50% 12.50%

55.56%

37.50%

75.00% 75.00%
87.50% 87.50%

44.44%

0%
10%
20%
30%
40%
50%
60%
70%
80%
90%

100%

Algorithm 1 Algorithm 2



TEM Journal. Volume 15, Issue 3, pages 2321-2339, ISSN 2217-8309, DOI: 10.18421/TEM153-24, August 2026. 

TEM Journal – Volume 15 / Number 3 / 2026.   2335 

[8]. Bartz‐Beielstein, T., et al. (2014). Evolutionary 
algorithms. Wiley Interdisciplinary Reviews: Data 
Mining and Knowledge Discovery, 4(3), 178-195. 

[9]. Kennedy, J., & Eberhart, R. (1995). Particle swarm 
optimization. Proceedings of the IEEE International 
Conference on Neural Networks (ICNN’95), 1942–
1948. IEEE. 

[10]. Wolpert, D. H., & Macready, W. G. (2002). No free 
lunch theorems for optimization. IEEE transactions on 
evolutionary computation, 1(1), 67-82. 

[11]. Trojovský, P., & Dehghani, M. (2022). Pelican 
optimization algorithm: A novel nature-inspired 
algorithm for engineering applications. Sensors, 22(3), 
855. 

[12]. Jain, M., Singh, V., & Rani, A. (2019). A novel 
nature-inspired algorithm for optimization: Squirrel 
search algorithm. Swarm and evolutionary 
computation, 44, 148-175. 

[13]. Coufal, P., et al. (2021). Snow leopard optimization 
algorithm: a new nature-based optimization algorithm 
for solving optimization problems. Mathematics, 9(21), 
2832. 

[14]. Brammya, G., et al. (2019). Deer hunting optimization 
algorithm: A new nature-inspired meta-heuristic 
paradigm. The Computer Journal, 133. 

[15]. Zec, D. (2001). Sigurnost na moru. Pomorski fakultet 
u Rijeci. 

[16]. International Maritime Organization. (1972). 
Convention on the international regulations for 
preventing collisions at sea (COLREGs). IMO. 

[17]. Weifeng, L. I., & Wenyao, M. A. (2016). Simulation 
on vessel intelligent collision avoidance based on 
artificial fish swarm algorithm. Polish Maritime 
Research, 23(S1 (91)), 138-143. 

[18]. Guo, H., et al. (2019). Optimal search path planning 
for unmanned surface vehicle based on an improved 
genetic algorithm. Computers & Electrical 
Engineering, 79, 106467. 

[19]. Tsou, M. C., Kao, S. L., & Su, C. M. (2010). Decision 
support from genetic algorithms for ship collision 
avoidance route planning and alerts. The Journal of 
Navigation, 63(1), 167-182. 

[20]. Cheng, X. D., Liu, Z. Y., & Zhang, X. T. (2006). 
Trajectory optimization for ship collision avoidance 
system using genetic algorithm. OCEANS 2006-Asia 
Pacific, 1-5.  

[21]. Ni, S., Liu, Z., & Cai, Y. (2019). Ship 
manoeuvrability-based simulation for ship navigation in 
collision situations. Journal of marine Science and 
Engineering, 7(4), 90. 

[22]. Ning, J., et al. (2020). COLREGs-compliant 
unmanned surface vehicles collision avoidance based on 
multi-objective genetic algorithm. IEEE Access, 8, 
190367–190377. 

[23]. Zeng, X., Ito, M., & Shimizu, E. (2001). Building an 
automatic control system of maneuvering ship in 
collision situation with genetic algorithms. Proceedings 
of the American Control Conference, 4, 2852–2853. 

[24]. Long, Y., et al. (2018). Application of improved 
genetic algorithm to unmanned surface vehicle path 
planning. 2018 IEEE 7th Data Driven Control and 
Learning Systems Conference (DDCLS), 209-212.  

[25]. Zeng, X. M., Ito, M., & Shimizu, E. (2000). Collision 
avoidance of moving obstacles for ship with genetic 
algorithm. In 6th International Workshop on Advanced 
Motion Control. Proceedings (Cat. No. 00TH8494), 
513-518.  

[26]. Mohamed-Seghir, M. (2012). The branch-and-bound 
method and genetic algorithm in avoidance of ships 
collisions in fuzzy environment. Polish Maritime 
Research, 45-49. 

[27]. Ni, S., Liu, Z., Cai, Y., & Wang, X. (2018). Modelling 
of ship’s trajectory planning in collision situations by 
hybrid genetic algorithm. Polish Maritime 
Research, 25(3 (99)), 14-25. 

[28]. Śmieszchalski, R. (2004). An evolutionary method of 
ship's trajectory planning. Przegląd 
Elektrotechniczny, 80, 358-362. 

[29]. Smierzchalski, R. (1999). Evolutionary trajectory 
planning of ships in navigation traffic areas. Journal of 
marine science and technology, 4(1), 1-6. 

[30]. Xiao, Z., et al. (2024). COLREGs-compliant 
unmanned surface vehicles collision avoidance based on 
improved differential evolution algorithm. Expert 
Systems with Applications, 237, 121499. 

[31]. Szlapczynski, R., & Szlapczynska, J. (2012). On 
evolutionary computing in multi-ship trajectory 
planning. Applied Intelligence, 37(2), 155-174. 

[32]. Smierzchalski, R., & Michalewicz, Z. (2000). 
Modeling of ship trajectory in collision situations by an 
evolutionary algorithm. IEEE Transactions on 
Evolutionary Computation, 4(3), 227-241. 

[33]. Szlapczynski, R. (2013). Evolutionary sets of safe 
ship trajectories with speed reduction manoeuvres 
within traffic separation schemes. Polish Maritime 
Research, 21(1), 20–27. 

[34]. Szlapczynski, R., & Szlapczynska, J. (2012). 
Customized crossover in evolutionary sets of safe ship 
trajectories. International Journal of Applied 
Mathematics and Computer Science, 22(4), 999. 

[35]. Li, J., et al. (2019). Ship’s trajectory planning based 
on improved multiobjective algorithm for collision 
avoidance. Journal of Advanced
Transportation, 2019(1), 4068783. 

[36]. Xu, Q., Zhang, C., & Wang, N. (2014). Multiobjective 
optimization based vessel collision avoidance strategy 
optimization. Mathematical Problems in 
Engineering, 2014(1), 914689. 

[37]. Lazarowska, A. (2015). Ship's trajectory planning for 
collision avoidance at sea based on ant colony 
optimisation. The Journal of Navigation, 68(2), 291-
307. 

[38]. Tsou, M. C., & Hsueh, C. K. (2010). The study of ship 
collision avoidance route planning by ant colony 
algorithm. Journal of marine science and 
technology, 18(5), 16. 

[39]. Kang, Y. T., et al. (2018). Collision avoidance path 
planning for ships by particle swarm 
optimization. Journal of Marine Science and 
Technology, 26(6), 3. 

[40]. Li-Jia, C., & Li-Wen, H. (2012). Ship collision 
avoidance path planning by PSO based on maneuvering 
equation. Future Wireless Networks and Information 
Systems, 675–682. 



TEM Journal. Volume 15, Issue 3, pages 2321-2339, ISSN 2217-8309, DOI: 10.18421/TEM153-24, August 2026. 

2336  TEM Journal – Volume 15 / Number 3 / 2026. 

[41]. Weifeng, L. I., & Wenyao, M. A. (2016). Simulation 
on vessel intelligent collision avoidance based on 
artificial fish swarm algorithm. Polish Maritime 
Research, 23(S1(91)), 138-143. 

[42]. International Maritime Organization. (1999). 
Guidelines for voyage planning (IMO Resolution 
A.893(21)). IMO. 

[43]. Zhao, W., et al. (2021). Multicriteria ship route 
planning method based on improved particle swarm 
optimization–genetic algorithm. Journal of Marine 
Science and Engineering, 9(4), 357. 

[44]. Maki, A., et al. (2011). A new weather-routing system 
that accounts for ship stability based on a real-coded 
genetic algorithm. Journal of marine science and 
technology, 16(3), 311-322. 

[45]. Kim, B., & Kim, T. W. (2017). Weather routing for 
offshore transportation using genetic algorithm. Applied 
Ocean Research, 63, 262-275. 

[46]. Karlaftis, M. G., Kepaptsoglou, K., & Sambracos, E. 
(2009). Containership routing with time deadlines and 
simultaneous deliveries and pick-ups. Transportation 
Research Part E: Logistics and Transportation 
Review, 45(1), 210-221. 

[47]. Shintani, K., et al. (2007). The container shipping 
network design problem with empty container 
repositioning. Transportation Research Part E: 
Logistics and Transportation Review, 43(1), 39-59. 

[48]. Wang, L., et al. (2020). Ship route planning based on 
double-cycling genetic algorithm considering ship 
maneuverability constraint. IEEE Access, 8, 190746-
190759. 

[49]. Wang, H. B., et al. (2018). Application of real-coded 
genetic algorithm in ship weather routing. The Journal 
of Navigation, 71(4), 989-1010. 

[50]. Vahedi, M., & Taknezhad, F. (2021). A routing and 
scheduling problem in offshore logistics management 
with time windows and different ships. Journal of 
Research in Science, Engineering and Technology, 9(2), 
1-16. 

[51]. Charalambopoulos, N., & Nearchou, A. C. (2021). 
Ship routing using genetic algorithms. Operations 
Research Forum, 2(3). 

[52]. Mesquita, M., et al. (2017). A metaheuristic approach 
to fisheries survey route planning. International 
Transactions in Operational Research, 24(3), 439-464. 

[53]. Vettor, R., & Soares, C. G. (2016). Development of a 
ship weather routing system. Ocean Engineering, 123, 
1-14. 

[54]. Li, P. F., Wang, H. B., & He, D. Q. (2018). Ship 
weather routing based on improved ant colony 
optimization algorithm. 2018 IEEE Industrial Cyber-
Physical Systems (ICPS), 310-315.  

[55]. Tsou, M. C., & Cheng, H. C. (2013). An ant colony 
algorithm for efficient ship routing. Polish Maritime 
Research, 20(3), 28–38. 

[56]. Zhang, G., et al. (2021). Application of improved 
multi-objective ant colony optimization algorithm in 
ship weather routing. Journal of Ocean University of 
China, 20(1), 45-55. 

[57]. Liu, Z., et al. (2018). A robust GA/PSO-hybrid 
algorithm in intelligent shipping route planning systems 
for maritime traffic networks. Journal of Internet 
Technology, 19(6), 1635-1644. 

[58]. Kosmas, O. T., & Vlachos, D. S. (2012). Simulated 
annealing for optimal ship routing. Computers & 
Operations Research, 39(3), 576-581. 

[59]. Li, B., et al. (2023). Tugboat scheduling with multiple 
berthing bases under uncertainty. Journal of Marine 
Science and Engineering, 11(11), 2180.  

[60]. Paulauskas, V., et al. (2021). The influence of port 
tugs on improving the navigational safety of the 
port. Journal of Marine Science and Engineering, 9(3), 
342. 

[61]. Wei, X., et al. (2023). Dynamic tugboat scheduling 
for container ports. Maritime Policy & 
Management, 50(4), 492-514. 

[62]. Li, K., Zhuo, Y., & Luo, X. (2022). Optimization 
method of fuel saving and cost reduction of tugboat 
main engine based on genetic algorithm. International 
Journal of System Assurance Engineering and 
Management, 13(1), 605–614. 

[63]. Zong, X., et al. (2023). Research of Tugboat 
Scheduling Optimization Based on Q-Learning and 
Genetic Algorithm. 2023 IEEE 11th Joint International 
Information Technology and Artificial Intelligence 
Conference (ITAIC), 11, 743-752.  

[64]. Sun, C., Li, M., Chen, L., & Chen, P. (2024). Dynamic 
tugboat scheduling for large seaports with multiple 
terminals. Journal of Marine Science and 
Engineering, 12(1), 170. 

[65]. Wu, Y., et al. (2022). Research on port tugboat 
scheduling optimization based on Genetic Algorithm. 
2022 2nd International Conference on Computational 
Modeling, Simulation and Data Analysis (CMSDA), 
165-170.  

[66]. Wenwen, Y. (2010). Research of tugboat operation 
scheduling problem based on hybrid evolutionary 
strategy. The 2nd International Conference on 
Information Science and Engineering, 1438-1441.  

[67]. Huiling, Z., Yugang, Z., & Yimiao, G. U. (2023). 
Research on tugboat multi-objective optimal scheduling 
considering time and fuel consumption. Operations 
Research and Management Science, 32(7), 56. 

[68]. Liu, Z. (2009). Hybrid evolutionary strategy 
optimization for port tugboat operation scheduling. 
2009 Third International Symposium on Intelligent 
Information Technology Application, 3, 511-515.  

[69]. Xu, Q., Mao, J., & Jin, Z. (2012). Simulated 
Annealing‐Based Ant Colony Algorithm for Tugboat 
Scheduling Optimization. Mathematical Problems in 
Engineering, 2012(1), 246978. 

[70]. Wang, S., et al. (2012). Tugboat scheduling problem 
based on trust-based ant colony 
optimization. International conference on information 
computing and applications, 373-380.  

[71]. Wang, S., & Meng, B. (2007). Resource allocation 
and scheduling problem based on genetic algorithm and 
ant colony optimization. Pacific-Asia Conference on 
Knowledge Discovery and Data Mining, 879-886.  

[72]. Chang, D. F., Hu, X. N., & Bian, Z. C. (2012). A 
research on port tug dynamic scheduling model and 
algorithm. Advanced Materials Research, 524, 832-
835.  
Doi: 10.4028/www.scientific.net/AMR.524-527.832 



TEM Journal. Volume 15, Issue 3, pages 2321-2339, ISSN 2217-8309, DOI: 10.18421/TEM153-24, August 2026. 

TEM Journal – Volume 15 / Number 3 / 2026.   2337 

[73]. Cruise Lines International Association. (2023). State 
of the cruise industry: September 2023 update. Cruise 
Lines International Association. 

[74]. Arshad, H., Emblemsvåg, J., Li, G., & Ostnes, R. 
(2022). Determinants, methods, and solutions of 
evacuation models for passenger ships: A systematic 
literature review. Ocean Engineering, 263, 112371. 

[75]. International Maritime Organization. (2016). Revised 
guidelines on evacuation analysis for new and existing 
passenger ships (MSC.1/Circ.1533). International 
Maritime Organization.  

[76]. Łozowicka, D. (2021). The design of the arrangement 
of evacuation routes on a passenger ship using the 
method of genetic algorithms. Plos one, 16(8), 
e0255993. Doi: 10.1371/journal.pone.0255993 

[77]. Saadatseresht, M., Mansourian, A., & Taleai, M. 
(2009). Evacuation planning using multiobjective 
evolutionary optimization approach. European journal 
of operational research, 198(1), 305-314. 

[78]. Liu, L., et al. (2021). Dynamic evacuation planning on 
cruise ships based on an improved ant colony system 
(IACS). Journal of Marine Science and 
Engineering, 9(2), 220. 

[79]. Yuan, G. N., et al. (2014). Passengers’ evacuation in 
ships based on neighborhood particle swarm 
optimization. Mathematical Problems in 
Engineering, 2014(1), 939723.  
Doi: 10.1155/2014/939723 

[80]. Maglić, L., Gulić, M., & Maglić, L. (2020). 
Optimization of container relocation operations in port 
container terminals. Transport, 35(1), 37–47.  
Doi: 10.3846/transport.2019.11628 

[81]. Avriel, M., & Penn, M. (1993). Exact and 
approximate solutions of the container ship stowage 
problem. Computers & industrial engineering, 25(1-4), 
271-274. 

[82]. Gheith, M., Eltawil, A. B., & Harraz, N. A. (2016). 
Solving the container pre-marshalling problem using 
variable length genetic algorithms. Engineering 
Optimization, 48(4), 687-705. 
Doi: 10.1080/0305215X.2015.1031661 

[83]. Gheith, M., Eltawil, A. B., & Harraz, N. A. (2016). 
Solving the container pre-marshalling problem using 
variable length genetic algorithms. Engineering 
Optimization, 48(4), 687-705. 

[84]. Kozan, E., & Preston, P. (2006). Mathematical 
modelling of container transfers and storage locations at 
seaport terminals. OR spectrum, 28(4), 519-537. 

[85]. Bazzazi, M., Safaei, N., & Javadian, N. (2009). A 
genetic algorithm to solve the storage space allocation 
problem in a container terminal. Computers & 
Industrial Engineering, 56(1), 44-52. 

[86]. Preston, P., & Kozan, E. (2001). An approach to 
determine storage locations of containers at seaport 
terminals. Computers & Operations Research, 28(10), 
983-995. 

[87]. Kozan, E., & Preston, P. (1999). Genetic algorithms 
to schedule container transfers at multimodal 
terminals. International transactions in operational 
research, 6(3), 311-329. 

[88]. Dubrovsky, O., Levitin, G., & Penn, M. (2002). A 
genetic algorithm with a compact solution encoding for 
the container ship stowage problem. Journal of 
Heuristics, 8(6), 585-599. 

[89]. Hussein, M., & Petering, M. E. (2012). Genetic 
algorithm-based simulation optimization of stacking 
algorithms for yard cranes to reduce fuel consumption 
at seaport container transshipment terminals. 2012 IEEE 
Congress on Evolutionary Computation, 1-8.  

[90]. Junqueira, C., de Azevedo, A. T., & Ohishi, T. (2022). 
Solving the integrated multi-port stowage planning and 
container relocation problems with a genetic algorithm 
and simulation. Applied Sciences, 12(16), 8191.  
Doi: 10.3390/app12168191 

[91]. Azevedo, A. T., et al. (2018). Solving the 3D stowage 
planning problem integrated with the quay crane 
scheduling problem by representation by rules and 
genetic algorithm. Applied Soft Computing, 65, 495-
516. Doi: 10.1016/j.asoc.2018.01.006 

[92]. Zhang, Z., & Lee, C. Y. (2015). Multiobjective 
approaches for the ship stowage planning problem 
considering ship stability and container rehandles. IEEE 
Transactions on Systems, Man, and Cybernetics: 
Systems, 46(10), 1374-1389. 
Doi: 10.1109/TSMC.2015.2504104 

[93]. Wang, Y., Shi, G., & Hirayama, K. (2022). Many-
objective container stowage optimization based on 
improved NSGA-III. Journal of Marine Science and 
Engineering, 10(4), 517. Doi: 10.3390/jmse10040517 

[94]. Jovanovic, R., Tuba, M., & Voß, S. (2019). An 
efficient ant colony optimization algorithm for the 
blocks relocation problem. European Journal of 
Operational Research, 274(1), 78-90. 

[95]. ElWakil, M., Gheith, M., & Eltawil, A. (2019, 
April). A new simulated annealing based method for the 
container relocation problem. 2019 6th international 
conference on control, decision and information 
technologies (CoDIT), 1432-1437.  

[96]. Abdelali, C., Khadidja, Y., & Bellatreche, L. (2023). 
Optimization of dangerous goods stowage: A hybrid 
approach between faster R-CNN and coronavirus 
metaheuristic. 2023 IEEE International Conference on 
Big Data (BigData), 2561-2569.  
Doi: 10.1109/BigData59044.2023.10386793 

[97]. Bierwirth, C., & Meisel, F. (2015). A follow-up 
survey of berth allocation and quay crane scheduling 
problems in container terminals. European Journal of 
Operational Research, 244(3), 675-689.  
Doi: 10.1016/J.EJOR.2014.12.030 

[98]. Kavoosi, M., et al.. (2020). Berth scheduling at 
marine container terminals: A universal island-based 
metaheuristic approach. Maritime Business 
Review, 5(1), 30-66.  
Doi: 10.1108/MABR-08-2019-0032  

[99]. Atencio, F. N., & Casseres, D. M. (2018). A 
comparative analysis of metaheuristics for berth 
allocation in bulk ports: A real world application. IFAC-
PapersOnLine, 51(11), 1281-1286. 
Doi: 10.1016/j.ifacol.2018.08.356 

[100]. Imai, A., Nishimura, E., & Papadimitriou, S. (2008). 
Berthing ships at a multi-user container terminal with a 
limited quay capacity. Transportation Research Part E: 
Logistics and Transportation Review, 44(1), 136-151. 
Doi: 10.1016/j.tre.2006.05.002 

[101]. Imai, A., et al. (2007). Berth allocation at indented 
berths for mega-containerships. European Journal of 
Operational Research, 179(2), 579-593. 
Doi: 10.1016/j.ejor.2006.03.034 



TEM Journal. Volume 15, Issue 3, pages 2321-2339, ISSN 2217-8309, DOI: 10.18421/TEM153-24, August 2026. 

2338  TEM Journal – Volume 15 / Number 3 / 2026. 

[102]. Hu, Z. H. (2015). Multi-objective genetic algorithm 
for berth allocation problem considering daytime 
preference. Computers & Industrial Engineering, 89, 2-
14. Doi: 10.1016/j.cie.2015.04.035

[103]. Rodriguez-Molins, M., et al. (2014). A genetic 
algorithm for robust berth allocation and quay crane 
assignment. Progress in artificial intelligence, 2(4), 
177-192. Doi: 10.1007/s13748-014-0056-3 

[104]. Hsu, H. P., et al. (2019). A hybrid GA with variable 
quay crane assignment for solving berth allocation 
problem and quay crane assignment problem 
simultaneously. Sustainability, 11(7), 2018. 
Doi: 10.3390/su11072018 

[105]. Yang, C., Wang, X., & Li, Z. (2012). An 
optimization approach for coupling problem of berth 
allocation and quay crane assignment in container 
terminal. Computers & Industrial Engineering, 63(1), 
243-253. Doi: 10.1016/j.cie.2012.03.004 

[106]. Şahin, C., & Kuvvetli, Y. (2016). Differential 
evolution based meta-heuristic algorithm for dynamic 
continuous berth allocation problem. Applied 
Mathematical Modelling, 40(23-24), 10679-10688. 
Doi: 10.1016/j.apm.2016.08.017  

[107]. Liu, C., et al. (2016). A decision model for berth 
allocation under uncertainty considering service level 
using an adaptive differential evolution algorithm. Asia-
Pacific Journal of Operational Research, 33(06), 
1650049. 

[108]. Dulebenets, M. A., Kavoosi, M., Abioye, O., & 
Pasha, J. (2018). A self-adaptive evolutionary algorithm 
for the berth scheduling problem: Towards efficient 
parameter control. Algorithms, 11(7), 100.   
Doi: 10.3390/a11070100  

[109]. Dulebenets, M. A. (2017). Application of 
evolutionary computation for berth scheduling at marine 
container terminals: Parameter tuning versus parameter 
control. IEEE Transactions on Intelligent 
Transportation Systems, 19(1), 25-37. 
Doi: 10.1109/TITS.2017.2688132  

[110]. Dulebenets, M. A., et al. (2017). Minimizing carbon 
dioxide emissions due to container handling at marine 
container terminals via hybrid evolutionary algorithms. 
IEEE Access, 5, 8131–8147.  
Doi: 10.1109/ACCESS.2017.2693030  

[111]. Cheong, C. Y., & Tan, K. C. (2008). A multi-
objective multi-colony ant algorithm for solving the 
berth allocation problem. Advances of computational 
intelligence in industrial systems, 333-350.  
Doi: 10.1007/978-3-540-78297-1_16  

[112]. Tong, C. J., Lau, H. C., & Lim, A. (1999). Ant 
colony optimization for the ship berthing problem. 
Annual Asian Computing Science Conference, 359-370. 
 Ting, C. J., Wu, K. C., & Chou, H. (2014). Particle 
swarm optimization algorithm for the berth allocation 
problem. Expert Systems with Applications, 41(4), 
1543-1550. Doi: 10.1016/j.eswa.2013.08.051 

[113]. Gulić, M., Maglić, L., & Valčić, S. (2018). Nature 
inspired metaheuristics for optimizing problems at a 
container terminal. Pomorstvo, 32(1), 10-20. 

[114]. Pinedo, M. (2002). Scheduling: Theory, algorithms 
and systems. Springer. 

[115]. Diabat, A., & Theodorou, E. (2014). An integrated 
quay crane assignment and scheduling 
problem. Computers & Industrial Engineering, 73, 115-
123. Doi: 10.1016/j.cie.2013.12.012 

[116]. Hakam, M. H., Solvang, W. D., & Hammervoll, T. 
(2012). A genetic algorithm approach for quay crane 
scheduling with non-interference constraints at Narvik 
container terminal. International Journal of Logistics 
Research and Applications, 15(4), 269-281. 
Doi: 10.1080/13675567.2012.741220 

[117]. Wang, Y., Chen, Y., & Wang, K. (2009). A case 
study of genetic algorithms for quay crane 
scheduling. Opportunities and challenges for next-
generation applied intelligence, 119-125.  
Doi: 10.1007/978-3-540-92814-0_19  

[118]. Zhihong, J. I. N., & Na, L. I. (2011). Optimization of 
quay crane dynamic scheduling based on berth 
schedules in container terminal. Journal of 
Transportation Systems Engineering and Information 
Technology, 11(3), 58-64. 
Doi: 10.1016/S1570-6672(10)60123-7  

[119]. Lu, Z., Han, X., & Xi, L. (2011). Simultaneous berth 
and quay crane allocation problem in container 
terminal. Advanced Science Letters, 4(6-7), 2113-2118. 

[120]. Liang, C., Guo, J., & Yang, Y. (2011). Multi-
objective hybrid genetic algorithm for quay crane 
dynamic assignment in berth allocation planning. 
Journal of Intelligent Manufacturing, 22(3), 471–479. 
Doi: 10.1007/s10845-009-0304-8  

[121]. Wang, S., Zheng, J., Zheng, K., Guo, J., & Liu, X. 
(2012). Multi-resource scheduling problem based on an 
improved discrete particle swarm optimization. Physics 
Procedia, 25, 576–582.  
Doi: 10.1016/j.phpro.2012.03.128  

[122]. Jerald, J., et al. (2006). Simultaneous scheduling of 
parts and automated guided vehicles in an FMS 
environment using adaptive genetic algorithm. The 
International Journal of Advanced Manufacturing 
Technology, 29(5), 584-589.  
Doi: 10.1007/s00170-005-2529-9  

[123]. Hartmann, S. (2004). A general framework for 
scheduling equipment and manpower at container 
terminals. OR Spectrum, 26(1), 51-74.  
Doi: 10.1007/s00291-003-0149-z 

[125]. Skinner, B., et al. (2013). Optimisation for job 
scheduling at automated container terminals using 
genetic algorithm. Computers & Industrial Engineering, 
64(1), 511-523. Doi: 10.1016/j.cie.2012.08.012 

[126]. Bose, J., et al. (2000). Vehicle dispatching at seaport 
container terminals using evolutionary algorithms. 
Proceedings of the 33rd annual Hawaii international 
conference on system sciences. 

[127]. Morin, M., Abi-Zeid, I., & Quimper, C. G. (2023). 
Ant colony optimization for path planning in search and 
rescue operations. European Journal of Operational 
Research, 305(1), 53-63. 
Doi: 10.1016/j.ejor.2022.06.019  

[128]. Zhang, H., et al. (2020). Optimal search and rescue 
route design using an improved ant colony optimization. 
Information Technology and Control, 49(3), 438-447. 
Doi: 10.5755/j01.itc.49.3.25295  

[129]. Gomułka, P. (2023). Computer-aided system for 
layout of fire hydrants on boards designed vessel using 
the particle swarm optimization algorithm. Polish 
Maritime Research, 30(4), 4–16.  
Doi: 10.2478/pomr-2023-0053 



TEM Journal. Volume 15, Issue 3, pages 2321-2339, ISSN 2217-8309, DOI: 10.18421/TEM153-24, August 2026. 

TEM Journal – Volume 15 / Number 3 / 2026.   2339 

[130]. Huang, X., et al. (2022). A collaborative 
optimization algorithm for ship damage stability design. 
Journal of Physics: Conference Series, 2203(1), 
012071. Doi: 10.1088/1742-6596/2203/1/012071  

[131]. International Maritime Organization. (2017). 
Resolution MSC.421(98): Amendments to the 
International Convention for the Safety of Life at Sea, 
1974, as amended. International Maritime Organization. 

[132]. Sarıoğlu, B. S. (2018). Optimization of Damage 
Stability Characteristics in RO-RO Passenger Ship 
Design. GiDB Dergi, (12), 3-20. 

[133]. Gulić, M., Žuškin, M., & Kvaternik, V. (2023). An 
overview and comparison of selected state-of-the-art 
algorithms inspired by nature. TEM Journal, 12(3), 
1281. 

[134]. Jensi, R., & Jiji, G. W. (2016). An enhanced particle 
swarm optimization with levy flight for global 
optimization. Applied Soft Computing, 43, 248-261. 

[135]. Xie, J., Zhou, Y., & Chen, H. (2013). A novel bat 
algorithm based on differential operator and Lévy 
flights trajectory. Computational intelligence and 
neuroscience, 2013(1), 453812. 
Doi: 10.1155/2013/453812


