
Academic Editor: Graciliano 
Nicolás Marichal

Received: 29 September 2026
Revised: 28 October 2026
Accepted: 2 November 2026
Published: 5 November 2026

Copyright: © 2026 by the authors. 
Licensee MDPI, Basel, Switzerland. 
This article is an open access article 
distributed under the terms and 
conditions of the Creative Commons 
Attribution (CC BY) license.

Article

Rethinking Maritime Search Patterns from an IAMSAR 
Perspective: A Scenario-Based Evaluation of Novel Patterns
Şerif Can Gökçe 1 , * , Ercan Akan 2  and Emre Çakmak 3 

1  Department of Marine Engineering, Barbaros Hayrettin Naval Architecture and Maritime Faculty,
Iskenderun Technical University, Iskenderun 31200, Hatay, Turkey

2  Department of Maritime Transportation Management Engineering, Barbaros Hayrettin Naval Architecture and 
Maritime Faculty, Iskenderun Technical University, Iskenderun 31200, Hatay, Turkey; ercan.akan@iste.edu.tr

3  Department of Industrial Engineering, Faculty of Engineering and Natural Sciences, Istinye University,
Sarıyer 34396, Istanbul, Turkey; emre.cakmak@istinye.edu.tr

* Correspondence: serif.gokce@iste.edu.tr

Abstract

Search and Rescue (SAR) operations are conducted to locate and safely rescue individuals 
or objects in distress as rapidly as possible following maritime emergencies. In this process, 
operational performance depends not only on determining the target’s probable location 
but also on the specific search pattern used to scan the search area. The aim of this study is 
to develop alternative search patterns to the parallel and expanding square search patterns 
used within the International Aeronautical and Maritime Search and Rescue (IAMSAR) 
methodology. To this end, Hilbert, Moore, Morton, V-formation, pentagonal, hexagonal, 
octagonal, and spiral search patterns were mathematically defined and rendered for algo-
rithmic implementation. The patterns underwent a three-stage evaluation process. The first 
stage assessed baseline performance independently of external factors; the second stage 
evaluated behaviour under different initial target locations; and the third stage assessed 
target detection performance for five distinct types of drifting targets under varying wind, 
current, and search area conditions. The results revealed that the Moore pattern achieved 
the highest number of fastest target detections in the parallel search group, followed by the 
Hilbert pattern, while the Morton pattern stood out in terms of second-fastest detection 
counts. In the expanding square search group, the spiral pattern achieved the highest 
number of fastest target detections, followed by the hexagonal and expanding square pat-
terns, while the expanding square pattern ranked first in second-fastest detection counts, 
followed by the octagonal pattern. However, the relative performance of the patterns var-
ied depending on search area size and environmental conditions. The study’s primary 
contribution is treating search pattern selection as an independent SAR planning variable, 
offering viable alternatives to IAMSAR patterns, and establishing a reproducible, extensible 
framework through mathematical and algorithmic definitions that can be used in future 
optimisation, decision support, and area-scanning initiatives. In doing so, the study frames 
the question “which search pattern can most effectively cover the designated search area?” 
as a systematic research problem alongside the fundamental SAR question: “Where should 
the target be searched for?”
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1. Introduction
Today, transportation systems are of critical importance to the sustainability of global 

trade and supply chains. Because approximately 71% of the Earth’s surface consists of 
seas, oceans, and other bodies of water, and more than 80% of the cargo transported in 
international trade is carried by sea, maritime transport has become a fundamental compo-
nent of the global transportation system [1]. Maritime transport moves large volumes of 
cargo over long distances at relatively low unit costs, further enhancing its importance in 
international trade. However, increased maritime traffic and cargo volumes also increase 
the risk of maritime accidents [2]. According to data from the European Maritime Safety 
Agency (EMSA), 26,751 maritime accidents were reported between 2015 and 2024, aver-
aging about 2675 accidents per year. During the same period, 415 accidents resulted in 
609 fatalities [3]. Maritime accidents result in more than loss of life and injuries; they also 
cause environmental pollution, economic losses, liability for compensation, and operational 
disruptions in transportation systems [4]. Therefore, responding quickly and effectively to 
maritime accidents is fundamental to maritime safety.

The primary objective of search and rescue (SAR) operations following maritime 
emergencies is to locate and safely rescue individuals or objects in distress as rapidly as 
possible. To facilitate this, the International Maritime Consultative Organisation (IMCO) 
was established in 1948 to promote international maritime safety through a framework 
of common standards. The organisation was later renamed the International Maritime 
Organisation (IMO). Among its principal responsibilities, the IMO supports international 
cooperation and develops unified standards to ensure safety, operational efficiency, and 
the prevention of pollution from ships engaged in international maritime transport [5]. A 
key achievement of this organisational framework was the adoption of the International 
Convention on Maritime Search and Rescue (SAR Convention) in Hamburg in 1979. The 
Convention seeks to establish a coordinated international SAR system for rescuing persons 
in distress at sea [6].

The IAMSAR Manual was developed by the IMO and the International Civil Aviation 
Organisation (ICAO) to support operational coordination under the SAR Convention. 
The IAMSAR Manual consists of three volumes. Volume I addresses the organisation, 
management, and international cooperation of SAR systems; Volume II covers mission 
coordination and the planning and execution of SAR operations; and Volume III addresses 
the operational procedures that can be implemented by ships, rescue units, and aircraft at 
the scene of an incident [7]. Within this framework, determining the search area, using 
available SAR resources, and selecting an appropriate search pattern are fundamental 
planning decisions that directly affect the operation’s success [7].

The maritime SAR literature has also evolved to address the development of the various 
components of this operational process. Drift modelling studies have evolved from deter-
mining object-specific leeway behaviour to creating time-dependent and probability-based 
search areas; Breivik et al. [8], Wu et al. [9], and Jeong et al. [10] are significant examples of 
this research direction. On search planning and resource allocation, Cho et al. [11], Miao 
et al. [12], and Esmaeilpour et al. [13] developed models for route optimisation, multi-
platform coordination, and more efficient use of search resources. In parallel, Zhao et al. [14], 
Geng et al. [15], and Martinez Esteso et al. [16] focused on unmanned aerial vehicle (UAV)-
based target detection, while Gronbäck et al. [17] examined the effect of UAV deployment 
on response times, and Tavakoli et al. [18] investigated the role of environmental conditions 
on safe SAR operations. Pessôa et al. [19] also presented an approach to improve the opera-
tional feasibility of standard SAR procedures by transferring IAMSAR-based calculations to 
a digital decision support environment. These studies have significantly advanced estimates 
of where a target might be located during SAR operations, how to define the search area, 
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how to allocate resources, how to optimise routes, and how to detect the target. However, 
while the majority of studies in the literature focus on optimising a specific component 
of the existing search process, the development of new search patterns that directly serve 
as alternatives to the standard search patterns used under IAMSAR, and the systematic 
comparison of these patterns under the same initial, environmental, and target conditions, 
has taken a back seat.

The aim of this study is to develop alternative search patterns to the parallel and expanding 
square search patterns used within the IAMSAR methodology. To this end, eight alternative 
search patterns, Hilbert, Moore, Morton, V formation, pentagonal, hexagonal, octagonal, and 
spiral, were algorithmically generated and implemented. The study focuses on determining 
which pattern can more effectively scan a defined search area, rather than merely estimating 
the target’s probable location or mathematically optimising an existing route.

A three-stage test framework was developed to systematically evaluate the perfor-
mance of the proposed search patterns. In the first stage, the objective was to compare 
the basic characteristics of the patterns by evaluating the search performance of standard 
patterns used under IAMSAR and alternative patterns in designated areas without external 
environmental influences. In the second stage, search areas were divided into grid-based 
sectors to examine the effect of different starting positions of the drifting target on search 
performance, and targets were modelled to start from the centre of each sector. In the 
third phase, wind and current speeds and directions were incorporated into the system; 
datasets and scenarios were created for five different types of drifting persons/objects by 
utilising their respective drift, sinking, and hydrodynamic characteristics. Thus, standard 
and alternative patterns were applied under the same conditions and compared in terms of 
target detection performance, search time, and distance covered.

In this regard, the study goes beyond applying IAMSAR search patterns as standard 
operating procedures and treats the search pattern as a measurable, comparable SAR 
planning variable. By comparing alternative patterns developed within the scope of this 
study under different search area sizes, drift conditions, and target characteristics, the study 
aims to provide an alternative pattern for IAMSAR-based search planning and establish a 
comparative foundation for future adaptive SAR decision support systems.

The remainder of the article is organised as follows: Section 2 presents the relevant 
literature; Section 3 explains the methodological framework; Section 4 presents the appli-
cation and findings; Section 5 discusses the results; and Section 6 presents the theoretical, 
managerial, and operational implications of the study, along with conclusions and directions 
for future research.

2. Literature Review
The literature review is organised under five headings, reflecting the complementary 

core components of maritime search and rescue (SAR) operations. First, drift estimation 
and probabilistic search area models aimed at determining the likely location of a drifting 
person or object are examined. Next, studies on search patterns, route optimisation, and 
resource allocation for the effective scanning of the defined search area are evaluated. 
Third, approaches involving UAVs, artificial intelligence, and real-time target detection are 
discussed considering emerging technologies. Under the fourth heading, early warning, 
risk analysis, and the impact of environmental conditions on SAR operations are examined; 
finally, decision support systems, organisational structure, communications, and human 
factors are evaluated. This classification presents the holistic structure of the SAR process, 
from determining the target’s probable location to scanning the search area, detecting the 
target, and implementing operational decisions.
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2.1. Drift Estimation and Determination of the Probabilistic Search Area
Developing an effective search plan for maritime search and rescue operations depends 

on accurately predicting the time-dependent position of a missing person or object under the 
influence of wind, currents, and waves. Research in this field indicates a shift from fixed and 
generalised drift coefficients to increasingly detailed, object- and region-specific stochastic 
models. Breivik and Allen [20] and Breivik et al. [8] showed that Monte Carlo-based 
models can calculate the probabilistic position distribution of a search object by combining 
wind, surface current, and object-specific leeway behaviours, highlighting the importance 
of standardised field measurements. Subsequent studies have adapted this approach to 
target characteristics and regional conditions. Brushett et al. [21] examined various small 
marine vessels, Meng et al. [22] studied fishing boats, Tu et al. [23] examined the drift 
characteristics of people who had fallen into the water in various postures, and Tu et al. [24] 
examined those of lifeboats of different capacities; they demonstrated that the target type 
and configuration can result in significant differences in drift behaviour. Wu et al. [25], by 
contrast, showed that regional leeway models can better represent actual drift trajectories 
than generalised models using sea-area-specific coefficients. This approach has moved 
beyond using drift solely to define the search area and now directly informs search planning. 
Wu et al. [9] integrated probability maps derived from drift models into deep reinforcement 
learning-based coverage path planning, ensuring that high-probability areas are scanned 
first; Jeong et al. [10], by contrast, developed a dynamic search planning approach that 
combines time-dependent particle distributions with genetic algorithm-based SAR unit 
deployment. These developments show that in SAR planning, the search area should be 
treated not as a fixed geometric region but as a dynamic, probabilistic area that changes 
over time due to the target’s movement and environmental effects. However, accurately 
predicting the target’s likely location constitutes only the first stage of search success; the 
next fundamental problem is determining which route and search pattern to use to scan 
the defined area with available resources.

2.2. Search Patterns, Route Optimisation, and Resource Allocation
The second major area of research in the SAR literature concerns which route to use 

to scan the designated search area and how to allocate available resources. SAR Plan, 
developed by Abi Zeid and Frost [26], was one of the early decision support systems 
designed to allocate resources in a way that maximises the probability of mission success. 
Ferrari and Chen [27] demonstrated that heterogeneous aircraft fleets can be optimised in 
terms of coverage area, flight time, and cost for offshore SAR operations. Cho et al. [11], 
on the other hand, developed a two-stage coverage path planning approach for multiple 
UAVs; in the first stage, they transformed the search area into a grid-based graph, and in 
the second stage, they used a mixed-integer linear programming model that minimises the 
total mission completion time and a randomised search heuristic approach for large-scale 
problems. The fact that the model produces high-quality results in short computation times, 
with an optimality deviation of approximately 0.7%, and was validated in a real marine 
environment using two different UAVs underscores the importance of these optimisation 
methods in terms of operational feasibility.

While Ai et al. [28] used reinforcement learning to prioritise areas with a high proba-
bility of detection, Laperrière Robillard et al. [29] used machine learning to rapidly estimate 
the probability of success for search plans, and Ma et al. [30] developed a multi-objective 
resource allocation model that simultaneously evaluates cost, safety, and response time. 
Morin et al. [31] addressed the direct optimisation of search paths for moving targets 
using an ant colony optimisation approach, while Li et al. [32], Wang et al. [33], and 
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Wen et al. [34] focused on task sharing among heterogeneous autonomous vehicles, ASV 
AUV coordination, and dynamic task assignment based on varying target probabilities.

Recent studies have extended this optimisation approach to moving target and multi-
source problems. Miao et al. [12] addressed UAV-based moving target search as an opti-
misation problem that maximises the probability of capture and developed the EMGJO 
algorithm, which combines motion coding, triangular walk, cooperative search, and co-
variance matrix learning strategies. Evaluations conducted across six different scenarios 
reported that the algorithm produced higher search accuracy and more efficient search 
paths compared to the methods under consideration. However, the researchers noted 
that uncertainties in real maritime environments and multi-UAV coordination need to be 
addressed separately in the future. Esmaeilpour et al. [13], on the other hand, developed 
a hybrid model and solve approach that combines mathematical programming with sim-
ulation to address the problem of insufficient optimisation of the number of search units, 
search duration, and horizontal operational resolution in existing SAR decision support 
systems. Tested on eighteen realistic Canadian SAR cases, the method demonstrated that 
allowing for variable search effort can eliminate unnecessary units and result in search 
effort savings on the order of hundreds of nautical miles.

When evaluated collectively, these studies show the literature shifting from fixed, 
predefined routes to adaptive optimisation systems that simultaneously evaluate target 
probability, movement, mission duration, safety, and resource utilisation. However, just 
as important as mathematical optimisation of the search route is the platform’s ability to 
reach the target quickly and reliably detect it during the search. These factors constitute 
another fundamental aspect of operational success.

2.3. UAVs, Artificial Intelligence, and Real-Time Target Detection
Correctly determining the search route is not sufficient on its own; the ability of search 

platforms to rapidly reach vast maritime areas and reliably detect small targets on the sea 
surface is a key component of SAR success. Advances in UAV technology have therefore 
established a significant area of research in the maritime SAR literature, both as a search 
platform and as a detection system. Zhao et al. [14] demonstrated the limitations of standard 
anchor box configurations in detecting swimmers, life jackets, and other small maritime 
targets in the ‘SeaDronesSee’ dataset and improved detection performance through data-
driven heuristic anchor optimisation. Geng et al. [15] improved detection of small and 
low-visibility targets, particularly using the MSR YOLO model they developed on the 
MSRTD dataset, created from images captured in real marine environments. Martinez 
Esteso et al. [16], on the other hand, systematically evaluated classification, segmentation, 
object detection, tracking, and synthetic data studies related to human detection at sea 
using UAV images, identifying small target size, complex backgrounds caused by waves 
and foam, variable lighting and weather conditions, and the limited amount of real-world 
data as the primary challenges.

UAV research is clearly not limited to image-based target detection. Gronbäck et al. [17] 
used historical SAR cases and commercial vessel locations in Sweden to evaluate, via a 
geographic simulation model, the impact of deploying UAVs from commercial vessels or 
ground stations on response times. In scenarios incorporating wind, temperature, precipi-
tation, UAV speed, range, and take-off time, the study demonstrated that UAV deployment 
could potentially reduce response times by approximately 7–16 min compared to historical 
SAR response times; while land-based fixed-wing UAVs offer a time advantage, the choice of 
system must be evaluated in conjunction with cost and platform characteristics. The study’s 
results indicate a potential reduction in response time of about 10 min for maritime-based 
UAVs and about 15 min for land-based UAVs. Thus, the UAV literature is expanding from 
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the question “How can the target be detected?” to “Where should the search asset be 
deployed, and how quickly can it reach the scene?”

Zha et al. [35], by contrast, propose a different sensor-based approach. In this study, the 
term “SAR” refers to Synthetic Aperture Radar, not search and rescue. The developed radar-
based ship detection approach improves detection performance, particularly in complex 
coastal backgrounds, and provides maritime situational awareness that can complement 
optical systems under low visibility or adverse meteorological conditions. However, because 
UAV availability and advanced sensor performance depend directly on environmental 
conditions, SAR planning requires a joint assessment of technological capabilities and 
meteorological oceanographic operational conditions.

2.4. Early Warning, Risk Analysis, and Environmental Conditions
Another research group approaches SAR effectiveness not merely as post-incident 

search operations but within the framework of pre-incident risk assessment, early warn-
ing, and the environmental conditions encountered during operations. Brown et al. [36] 
highlighted the importance of early-warning infrastructure by demonstrating that techno-
logical advancements in distress beacon systems, such as EPIRBs and PLBs, can signifi-
cantly reduce the time between an alert and notification to the rescue coordination centre. 
Kayıran et al. [37] analysed accidents in Turkish Search and Rescue (SAR) regions during 
the 2001–2019 period using a Bayesian network approach and demonstrated that accident 
patterns and SAR requirements vary according to region, season, time, and meteorolog-
ical conditions. Kengpol and Chanchittakarn [38] developed a neural network model to 
predict high-risk areas in advance by utilising past man-overboard incidents along with 
geographic and meteorological variables, while Qiao et al. [39] highlighted the importance 
of emergency decision making, personnel competence, and coastal support by analysing 
the causal structure of major maritime accidents.

Tavakoli et al. [18], by evaluating the impact of environmental conditions on SAR 
operations from a different perspective, developed a simplified method for calculating 
the probability of occurrence and the waiting time for low-wave quiescent periods in 
terms of the safety of helicopter operations to be conducted on a ship’s deck or at the sea 
surface. The study demonstrated that, by utilising the probability distributions of low-wave 
sequences, safe operational windows can be predicted on a geographic scale even with 
limited meteorological and oceanographic data. The researchers also emphasise that wind, 
waves, and currents not only affect the drift of the target and the delineation of the search 
area but also limit the ability of rescue units to operate safely. Therefore, environmental data 
should be considered not only as inputs that determine where the target is drifting for SAR 
purposes but also as operational constraints that determine when and with which assets a 
search and rescue operation can be safely conducted. This underscores the importance of 
decision support infrastructure that ensures environmental and risk information is conveyed 
quickly and accurately to decision makers in the field.

2.5. Decision Support, Organisational Structure, Communication, and Human Factors
The success of a SAR system does not depend solely on the development of advanced 

tracking or optimisation models; these methods must be integrated with standard pro-
cedures, communication infrastructure, human factors, and operational decision-making 
processes. Norrington et al. [40] examined the reliability of SAR coordination centres 
using a Bayesian Belief Network approach, demonstrating the importance of organisational 
and human factors in system performance. Benz et al. [41] developed a comprehensive 
framework for the Arctic SAR system covering port infrastructure, equipment, communica-
tions, navigation, standards, and international cooperation, while Christodoulou et al. [42] 
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emphasised the importance of interagency cooperation and infrastructure investments in 
Arctic regions due to distance, ice conditions, and limited communication infrastructure. 
Ettinger et al. [43], on the other hand, demonstrated that the medical competence of SAR 
teams and interagency training are integral components of operational capacity.

In this context, Pessôa et al. [19] have developed an important decision support ap-
plication directly related to IAMSAR. The researchers developed a validation tool capable 
of assessing the Brazilian Navy’s new SAR decision support system’s compliance with the 
computational models outlined in Sections 4 and 5 of IAMSAR Volume II; they designed 
the system to utilise inputs such as meteorological data, available search units, target type, 
search distance, and elapsed time. In addition, a standalone application capable of operating 
on board a vessel without requiring an internet connection was created. The results of the 
study demonstrated that this application serves as a practical decision-making aid capable 
of accelerating the calculation of the search area and the updating of SAR calculations on 
board; it was recommended that search patterns be adapted in the future based on meteoro-
logical conditions and the defined search area. Berbić et al. [44], meanwhile, demonstrated 
that AIS data can be used with machine learning to predict vessel movements and identify 
abnormal behaviour, thereby highlighting the importance of maritime situational awareness 
for decision support systems.

Providing one of the most recent examples of this development, Esmaeilpour et al. [13] 
expanded the operational capabilities of the decision support system by integrating the 
simulation-based probability of success assessment used in the existing CANSARP/SAR 
Optimiser framework with mathematical optimisation. The developed approach addresses 
safe spatial separation, variable search effort, the number of search units, and search duration 
within the same decision framework, thereby converting a portion of the fixed inputs in 
classical decision support systems into directly optimisable variables. This indicates that, in 
the future, SAR decision support systems may evolve from being mere tools that perform 
standard calculations into adaptive decision systems that evaluate drift estimation, resource 
selection, search routes, and environmental conditions in real time.

2.6. Comprehensive Review of the Literature and Transition to the Study
When evaluated together, these studies show that the maritime SAR literature has 

evolved into an integrated structure of complementary phases. Drift models address the 
question “Where might the target be?”; environmental and risk models address “Where and 
under what conditions can a search be conducted?”; route and resource optimisation studies 
address “How should the search be planned using available resources?”; UAV and artificial 
intelligence approaches seek to answer the question “How can the search area be reached 
more quickly and how can the target be detected?”; and decision support systems seek to 
answer “How can all this information be translated into an operational decision?” In the 
current literature, Cho et al. [11], Wu et al. [9], Miao et al. [12], and Esmaeilpour et al. [13] 
focus on the optimisation of search routes and resources; Zhao et al. [14], Geng et al. [15], 
Martinez Esteso et al. [16], and Gronbäck et al. [17] have made significant contributions to 
UAV target detection and response capabilities; Tavakoli et al. [18] have focused on envi-
ronmental operational conditions; and Pessôa et al. [19] have contributed to the digitisation 
of IAMSAR-based decision support. However, while a significant portion of the existing 
literature focuses on estimating the target’s location, optimising the current route, allocating 
resources, or detecting the target, studies that directly examine the standard search patterns 
defined within the IAMSAR framework remain in the background. This gap manifests as a 
limitation in the systematic comparison of different patterns in terms of distance, time, and 
area geometry under the same initial and search conditions. Therefore, the development 
of alternative patterns to the standard search patterns used in IAMSAR, their algorithmic 
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implementation, and their comparison with standard patterns under the same conditions 
across different search area sizes, target types, and wind and current conditions constitutes 
a natural research direction that complements the drift, optimisation, and decision support 
studies in the literature. Such an approach establishes a direct link between existing SAR 
research and the research problem of this study by adding the question “Which pattern 
can most effectively scan the defined search area?” to the questions “Where should the 
target be searched for?” and “How should the search route be optimised?”, which have 
been predominantly addressed in the literature.

3. Methodology
This section will explain the patterns used in search and rescue operations under 

IAMSAR. Next, this section will explain patterns that serve as alternatives to those currently 
used in search and rescue operations. Finally, it will describe the drift system and the sector 
system used to determine when objects begin to drift.

3.1. IAMSAR Patterns
Patterns recognised by the International Aeronautical and Maritime Search and Rescue 

Manual, including the parallel search pattern, the coordinated air sea search pattern, the 
expanding square search pattern, the sector search pattern, the track search pattern, and 
the contour search pattern, are also available.

The parallel search pattern is used to search a wide area when the hazard’s location is 
unknown. It is very effective over bodies of water and open, flat terrain. The search starts 
at a corner of the area. The search legs are parallel to each other and to the long sides of 
the lower rectangle. The parallel search pattern can be used with a single vessel or with 
two, three, four, or more vessels. As shown in Figure 1, it is based on scanning linear lines 
parallel to one another from one end to the other and shifting them by the search interval at 
the ends of the lines [45].

 

Figure 1. IAMSAR search patterns.

The expanding square search pattern is effective when the object’s location is known to 
be within certain boundaries. The starting point is always the object’s last known location. 
As shown in Figure 1, the vessel increases its distance travelled by the search swath width 
(S) every two turns and changes its direction by 90∘. AIMSAR recommends a search track 
width of at least 2 nautical miles [45].

The sector search pattern, as shown in Figure 1, is an area search method that uses 
overlapping cross-shaped legs. It is used when the location of the object being searched for 
is known precisely and the search area is very small; because of the small coverage area, the 
search is conducted by either one ship or one aircraft. For aircraft, the search pattern radius 
ranges from 5 to 20 nautical miles, while for ships, it ranges from 2 to 5 nautical miles [45].

The track search pattern is used when an aircraft or ship has gone missing without 
leaving a trail along a known route; aviation sectors typically use this pattern because 
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aircraft travel so fast. In the track search pattern, the search is conducted with a ½ S search 
interval around the track [45].

Contour search, on the other hand, is used when sharp changes in elevation make 
other models impractical such as around mountains and in valleys. When conducted by 
aircraft, this method begins at the highest peak and proceeds from top to bottom, using a 
new search altitude for each turn.

If an On-Scene Coordinator (OSC) is present, the Coordinated Ship Aircraft Search 
Model is used. While the vessel continues along its route as directed by the OSC serving as 
a waypoint for the aircraft, the aircraft conducts most of the search. Conversely, as shown 
in Figure 1, the aircraft can fly in a straight line while the vessel conducts most of the search 
using the parallel search method [45].

All the patterns mentioned above are used in search and rescue operations under the 
IAMSAR framework. While each has different applications, the parallel search pattern and 
the expanding square search pattern are the most widely accepted and frequently used in 
the maritime sector. These patterns are based on the mathematical formulas in the IAMSAR 
Manual, and alternative patterns have been developed and tested using the same criteria.

3.2. Alternative Approach Patterns
This section describes the search patterns we propose as alternatives to the parallel 

and expanding square search patterns used in the maritime sector under IAMSAR.

3.2.1. Parallel Search Pattern Alternatives
As an alternative to the parallel search pattern, the V-formation search pattern, which 

is based on the flight patterns of flocks of birds, was tested alongside the Hilbert curve, 
Morton Z curve, and Moore curve patterns used in fractal geometry.

Morton (Z-Order) Curve Pattern
The Morton curve is a discrete fractal search pattern based on bit interleaving of 

the sequential arrangement of the bits of multidimensional spatial coordinates in binary 
form [46]. The Morton curve is formulated in Equations (1)–(4).

𝑛 = ⌈log2(
max(𝑊, 𝐻)

𝑆 )⌉ (1)

𝑥𝑖 = (𝑎𝑛−1𝑎𝑛−2 … 𝑎1𝑎0)2 (2)

𝑦𝑖 = (𝑏𝑛−1𝑏𝑛−2 … 𝑏1𝑏0)2, 𝑥𝑖, 𝑦𝑖 ∈ {0, 1 … , 2𝑛 − 1} (3)

𝑧 = (𝑏𝑛−1𝑎𝑛−1𝑏𝑛−2𝑎𝑛−2 … 𝑏0𝑎0)2 = ∑
𝑛−1

𝑗=0
(𝑎𝑗 ⋅ 22𝑗 + 𝑏𝑗 ⋅ 22𝑗+1), 𝑧 ∈ Z+ (4)

where
n: order;
xi , yi : cell position in binary 2;
z: one-dimensional Morton code determining the cell’s order along the orbit;
W: total width of the search area;
H: total height of the search area;
S: track spacing;
aj ,bj : coordinate components.
An orbit consists of cell centre coordinates arranged in ascending order of the z code 

(z0  < z1  < z2  …).
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Hilbert Curve Pattern
The Hilbert curve is a fractal structure that maximises continuity at adjacent cell transitions 

and minimises changes in direction. It is generated step by step using the Lindenmayer (L 
System) rules as follows [47]. The Hilbert curve is formulated in Equations (5)–(9).

L ⟶ −RF + LFL + FR− (5)

R ⟶ +LF − RFR − FL+ (6)

Δ𝐿 =
max(𝑊, 𝐻)

2𝑛 (7)

xm  = xm −1 +ΔL ⋅ cos(𝜃m ) (8)

ym  = ym −1 +ΔL ⋅ sin(𝜃m ) (9)

where
L, R: directional production rule alphabet in a Lindenmayer grammar;
F: forward movement and drawing step in a Lindenmayer grammar;
+: (π/2 radians clockwise);
−: (π/2 radians counterclockwise);
n: iteration order;
ΔL: scalar length of each linear F step;
𝜃m : instantaneous direction angle during curve formation;
xm ,ym : Cartesian position components.

Moore Curve Pattern
The Moore curve is a structural variation of the Hilbert curve, and its main advantage is 

that the search path ends near where it begins (like a closed-loop scheme). It uses the same 
grammar rules (L and R derivations) as the Hilbert curve. The Moore curve is formulated 
in Equations (10)–(12).

LFL + F + LFL (10)

𝑥𝑚 = 𝑥𝑚−1 + (
max(𝑊, 𝐻)

2𝑛 )cos(𝜃𝑚) (11)

𝑦𝑚 = 𝑦𝑚−1 + (
max(𝑊, 𝐻)

2𝑛 )sin(𝜃𝑚) (12)

where
⌊…⌋: base function;
xm ,ym : orbit nodes;
ym : vertical step parameter (condition: m ∈ N, ym ≤ H).

V-Formation Pattern
This pattern is an alternative to the parallel pattern based on the zigzag formation 

we see when looking up at the sky during bird migrations. Instead of making sharp turns 
in each back-and-forth cycle, it scans the area with vertical steps equal to half the search 
interval (S/2). The Cartesian coordinate sequence of the orbital nodes is based on the 
principle that the horizontal boundaries (0 and W) oscillate using the floor function. The V 
formation is formulated in Equations (13) and (14).

𝑥𝑚 =
𝑊
2 ⋅ (1 − (−1)⌊ 𝑚

2 ⌋) (13)

𝑦𝑚 = 𝑚 ⋅
𝑆
2 (14)

where
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⌊…⌋: base function;
xm ,ym : orbit nodes;
ym : vertical step parameter (condition: m ∈ N, ym ≤ H).
As the index m increases sequentially, the sequence xm  generates the period 0, W, W, 0, 

0, W, W… and forms zigzag transition blocks.

3.2.2. Expanding Square Search Pattern Alternatives
As alternatives to the expanding square search pattern, the Archimedean spiral pattern, 

the pentagonal search pattern, the hexagonal search pattern, and the octagonal search 
pattern were tested.

Spiral Pattern
In continuous-time orbit planning, the spiral pattern is a search pattern generated by 

taking the derivative of the polar distance from the centre (r) with respect to the instanta-
neous angle (θ), where the derivative is held constant. The spiral is formulated in Equations 
(15)–(17).

dr
d𝜃 =

𝑆
2𝜋 (15)

𝑥(𝜃) = 𝑥𝑐 +
𝑆

2𝜋 𝜃cos(𝜃) (16)

𝑦(𝜃) = 𝑦𝑐 +
𝑆

2𝜋 𝜃sin(𝜃), 𝜃 ∈ [0, 𝜃𝑚𝑎𝑥] (17)

where
S: track spacing;
xc : horizontal coordinate of the centre point of the search area;
yc : vertical coordinate of the centre point of the search area;
x, y: horizontal and vertical positions, either independent or dependent on a parametric 

function;
𝜃: instantaneous angular displacement in the polar coordinate system;
r: polar distance from the centre.

Regular Polygons with N Sides
For a regular N-gon (N ≥ 3), the coordinates of the j vertex (j = 0, 1,…, N 1) of the 

polygon can be expressed using the following general formula. The polygons are formulated 
in Equations (18) and (19).

𝑥𝑚,𝑗 = 𝑥𝑐 + (


𝑚 ⋅ 𝑆
cos( 𝜋

𝑁 )
)


cos(𝜃0 + 𝑗
2𝜋
𝑁 ) (18)

𝑦𝑚,𝑗 = 𝑦𝑐 + (


𝑚 ⋅ 𝑆
cos( 𝜋

𝑁 )
)


sin(𝜃0 + 𝑗
2𝜋
𝑁 ) (19)

where
N: number of sides of a regular polygon;
m: ring index;
j: vertex index of the polygon;
xm ,j : horizontal (X axis) coordinate of the j vertex in the m ring;
ym ,j : vertical (Y axis) coordinate of the j vertex in the m ring;
xc , yc : Cartesian coordinates of the centre;
S: track spacing;
𝜃0 : initial phase angle;
𝜋: radian.
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This formula is used to create pentagonal (N = 5), hexagonal (N = 6), and octagonal 
(N = 8) patterns.

3.2.3. Continuity of the Generated Search Routes
Equations (1)–(19) define the geometric structures and coordinate-generation meth-

ods for the proposed alternative search patterns. To ensure that these coordinates form 
continuous search paths, a common path-generation method is applied to all patterns. In 
this method, the generated coordinates are arranged in a specific order, and each pair of 
consecutive coordinates is connected by a linear segment. The mathematical continuity of 
the resulting routes is shown below.

Definition 1. Search Route Construction
Let the ordered sequence of coordinates generated by a search pattern be defined as follows:

𝒫  = (P0 , P1 , …, PM ), Pk  = (xk , yk ), M ≥ 1 (20)

A route segment connecting two consecutive coordinates is expressed by the following parametric 
function:

γk (t) = (1 − t)Pk  + tPk + 1 , t ∈ [0, 1], k = 0, …, M − 1 (21)

The entire search path is obtained by joining these segments end to end while preserving the 
defined order of their coordinates.

Proposition 1. Continuity of the Generated Search Route
For any finite, ordered sequence of coordinates with at least two valid coordinates, the sequential 

linear connection method defined by Equation (21) generates a geometrically continuous search path.

Proof.  Since each γk (t) segment is an affine function of the parameter t, it is continuous on 
the interval [0, 1]. At the transition between two consecutive segments, the endpoint of the 
previous segment and the starting point of the next segment satisfy the following equation:

γk (1) = Pk + 1  = γk + 1 (0), k = 0, …, M − 2 (22)

Consequently, consecutive segments share a common endpoint, and joining these 
segments in sequence forms a continuous, piecewise-linear path. This demonstrates the 
geometric continuity of the resulting search path. In the computational implementation, 
this route-generation method is applied consistently to all search patterns. For each ordered 
sequence of coordinates, the total route length is calculated as follows:

L = ∑
M−1

k=0
√(xk+1 − xk)2 + (yk+1 − yk)

2
(23)

The proposed definition and proof of continuity apply to all search patterns evalu-
ated in this study. The ordered coordinates in the parallel, Hilbert, Moore, Morton, and 
V-formation patterns are connected via consecutive linear segments. Similarly, in the ex-
panding square, pentagonal, hexagonal, and octagonal patterns, successive route points are 
connected using the same method. This method creates continuous connections between 
spatially non-adjacent coordinates in the Morton pattern and between successive loops in 
the polygon patterns. In the spiral pattern, the continuous parametric curve is represented 
in a computational environment by sequentially combining sampled coordinates.

In the mathematical formulation, the same sequential route segments form the basis 
for calculating travel distances, travel times, and target detection conditions. Thus, the coor-
dinate sequences generated by mathematical expressions and the associated computational 
route-generation method ensure geometric continuity of search routes regardless of the 
patterns’ geometric structure whenever at least two valid coordinates are present. □
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3.3. Sector System and Leeway System
The search areas are divided into square-shaped subsectors starting from the centre to 

determine the starting points of the objects to be drifted; this allows for testing each pattern’s 
ability to detect the drifted objects. The drifting motion of the object is also calculated based 
on the wind and current acting on the object, as well as the object’s submersion ratio and 
aerodynamic drift, and is included in the tests.

3.3.1. Sector System
The total search area has been divided into square subsectors for optimisation and 

target tracking. A two-dimensional grid system was constructed by taking the centre of the 
search area (xc ,yc ) as the origin [11].

Sector Centre Calculation
When calculating sector centres, the centre points (tx ,ty ) are first determined, and an 

absolute boundary check is performed in the [0, W] × [0, H] space to eliminate imaginary 
nodes outside the area [11]. The sector centre is formulated in Equations (24)–(27).

tx  = xc  + ix ⋅ dsec (24)

ty  = yc  + iy ⋅ dsec (25)

𝑖𝑥 ∈ [−⌊
𝑊

2 ⋅ 𝑑sec
⌋ − 2, ⌊

𝑊
2 ⋅ 𝑑sec

⌋ + 2] (26)

𝑖𝑦 ∈ [−⌊
𝐻

2 ⋅ 𝑑sec
⌋ − 2, ⌊

𝐻
2 ⋅ 𝑑sec

⌋ + 2] (27)

where
W: area width;
H: area height;
dsec : sector edge length (km);
xc ,yc : centre coordinates;
tx ,ty : centre coordinates of a sector with indices ix  ve iy ;
ix , iy : sector indices.

Spiral ID Algorithm
The prioritisation of sectors is carried out in a spiral matrix arrangement consisting of 

layers expanding outward from the centre. The unique identification number (ID_spiral) of 
a sector with the index pair (ix ,iy ) is derived using a piecewise function based on the layer 
index (k), which represents its distance from the centre [11]. The Spiral ID is formulated in 
Equations (28)–(31).

k = max(|ix |,|iy |) (28)

For the innermost central cell (ix  = 0,iy  = 0 ⟹ k = 0),

IDspiral (0,0) = 1 (29)

For all other outer layers (k ≥ 1), the highest ID value (Smax ) in that layer is the square 
boundary coefficient of the corresponding layer.

Smax  = (2k + 1)2 (30)

IDspiral(𝑖𝑥, 𝑖𝑦) =

{


𝑆max − (𝑘 − 𝑖𝑥) if 𝑖𝑦 = −k (bottom edge)
𝑆max − 2𝑘 − (𝑖𝑦 + 𝑘) if 𝑖𝑥 = −k (left edge)
𝑆max − 4𝑘 − (𝑖𝑥 + 𝑘) if 𝑖𝑦 = k (upper edge)

𝑆max − 6𝑘 − (𝑘 − 𝑖𝑦) else (right edge)

(31)
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where
ix , iy : sector indices;
k: layer index representing the sector’s distance from the centre;
Smax : square boundary coefficient of the relevant layer;
IDspiral : unique identification number of a sector with indices ix  and iy .

Defining Sector Boundaries
All sectors in which the search operation will be conducted are arranged in an optimised 

hierarchy from the centre outward and fed into the simulation’s target matrix as input [11]. 
The Sector Boundaries are formulated in Equation (32).

𝐴sec = {(𝑥, 𝑦) ∈ R2|(𝑡𝑥 −
𝑑sec

2 ) ≤ 𝑥 ≤ (𝑡𝑥 +
𝑑sec

2 ) ∧ (𝑡𝑦 −
𝑑sec

2 ) ≤ 𝑦 ≤ (𝑡𝑦 +
𝑑sec

2 )} (32)

where
Asec : two-dimensional square area in space occupied by a specific sector;
xc ,yc : centre coordinates of the total search area (km);
dsec : side length of a sector square;
ix ,iy : horizontal and vertical relative index steps of the sector relative to the centre;
tx ,ty : absolute centre coordinates of the relevant sector;
k: spiral layer number in which the cell is located (Z+ );
Smax : highest boundary index value in the current layer;
IDspiral : sector’s unique priority number.

3.3.2. Leeway System
The movement of targets floating freely on the water surface (person in water, oil drum, 

40-foot container, life raft canopy with drogue, mine, etc.) is modelled as the superposition 
of surface current- and wind-induced drift (leeway) vectors. The instantaneous change in 
position in spacetime is calculated using the following steps [8].

Standardisation of Wind Speed
Using the wind speed (W10 ) at the standard meteorological measurement height of 10 

m as a reference, the wind speed (Vwind , knot) is converted to the International System of 
Units (m/s). The wind speed standardisation is formulated in Equation (33).

W10  = Vwind × 0.514444 (33)

where
W10 : wind speed at a height of 10 m (m/s);
Vwind : wind speed provided as input (knots).
Equation (33) uses 1 knot = 0.514444 m/s. When wind speed is required in km/h,

1 knot = 1.852 km/h.

Leeway Speed
Leeway speed is defined as the velocity of a drifting object relative to the surrounding 

water that arises primarily from wind forcing and is governed by the object’s aerodynamic 
and hydrodynamic characteristics, including its degree of immersion [8]. The leeway speed 
is formulated in Equations (34)–(37).

Ld  = (ad ⋅ W10  + bd ) ⋅ I (34)

Lc  = (ac ⋅ W10  + bc ) ⋅ I (35)
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Vdw  = 3.6 ⋅ Ld (36)

Vcw  = 3.6 ⋅ Lc (37)

where
Ld : downwind leeway (m/s);
Lc : crosswind leeway (m/s);
ad ,bd : wind direction drift coefficients;
ac ,bc : crosswind drift coefficients;
I: object immersion factor (immersion, 0 < I ≤ 1);
Vdw , Vcw : conversion to km/h to adapt the drift velocities Ld  and Lc  to the scale.
Equations (34)–(37) convert the leeway speeds from m/s to km/h using 1 m/s = 3.6 km/h.

Jibe Model
The target’s lateral drift direction is not fixed and jibes to the right or left of the wind 

over time. If the following inequality holds for a uniformly distributed random variable, 
R∼U(0,1), then J changes sign [8]. The jibe model is formulated in Equation (38).

𝑅 < 𝑃jibe ⋅ (
Δ𝑡

3600) ⟹ 𝐽(𝑡 + Δ𝑡) = −𝐽(𝑡) (38)

where
J: direction of lateral drift (J ∈ {−1,1});
Pjibe : target-specific probability of a change in direction;
Δt: time in seconds.

Vector Decomposition
The X and Y components (km/h) of the velocity vectors acting on the target are 

formulated as follows [8]. Wind and current directions are measured clockwise from 
geographic north (0∘) and indicate where they move (x: east; y: north). To reverse a 
meteorological wind-from direction, add 180∘ before input. The vector decomposition is 
formulated in Equations (39)–(45).

vdw ,x  = Vdw ⋅ cos(90∘ − 𝜃w ) (39)

vdw ,y  = Vdw ⋅ sin(90∘ − 𝜃w ) (40)

vcw ,x  = Vcw ⋅ cos(90∘ − (𝜃w  + 90∘ ⋅ J)) (41)

vcw ,y  = Vcw ⋅ sin(90∘ − (𝜃w  + 90∘ ⋅ J)) (42)

vcurr (km/h) = 1.852 ⋅ Vcurr (knots) (43)

vcurr ,x  = Vcurr ⋅ cos(90∘ − 𝜃c ) (44)

vcurr ,y  = Vcurr ⋅ sin(90∘ − 𝜃c ) (45)

where
𝜃w : wind direction;
𝜃c : current direction;
Vdw , Vcw : downwind and crosswind leeway speeds (km/h);
Vcurr : current speed after conversion (km/h);
vdw ,x , vdw ,y : wind direction vector components;
vcw ,x , vcw ,y : wind lateral vector components;
vcurr ,x , vcurr ,y : surface current vector components.
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Total Relocation and Location Update
At the selected time step (Δth , hour), the total displacement (Δx,Δy) caused by the 

linear wind, the crosswind, and the surface current is obtained by the superposition of the 
corresponding vectors [8]. All velocity components are in km/h; multiplying by the time 
step in hours gives the total displacement in km. The total relocation and location update is 
formulated in Equations (46)–(50).

Δx = (vdw ,x  + vcw ,x  + vcurr ,x )⋅Δth (46)

Δy = (vdw ,y  + vcw ,y  + vcurr ,y )⋅Δth (47)

For Equations (46) and (47), the time step from Equation (38) is converted to hours 
(velocity: km/h; displacement: km):

Δ𝑡ℎ
= Δ𝑡/3600 (48)

Accordingly, the object’s new position (Pnew ) in two-dimensional space at time t+Δt is 
updated using the differential approximation as follows.

x(t+Δt) = x(t)+Δx (49)

y(t+Δt) = y(t)+Δy (50)

where
Δx, Δy: total displacement caused by the wind, lateral currents, and surface currents;
Δt: time step size.

4. Application and Validation
This section first describes the limits established for comparing, under equal conditions, 

the patterns proposed as alternatives to the parallel search pattern and the expanding square 
search pattern within the IAMSAR framework, and the test phases derived from these limits; 
it then presents the test results.

4.1. Definition of Dataset Parameters and Scenario Generation
Under the IAMSAR framework, it was necessary to establish test environments under 

equal conditions to compare the parallel search pattern and the expanding square search 
pattern used in the maritime sector with the patterns proposed as alternative to these. To 
this end, the parameters and limits listed in Table 1 were defined. As shown in Table 1, 
the study area was limited to ranges increasing in increments of 5 km2  and 500 km2 . Wind 
speed and current speed were assumed to be in the range of 0–5 knots, while wind and 
current directions were taken in the range of 0–315 degrees at successive 45-degree intervals. 
Finally, five different objects were selected, with values for wind direction drift coefficients 
(ad , bd ), crosswind drift coefficients (ac , bc ), the object’s submersion ratio (I), and the 
crosswind drift direction (J) as shown in Table 2. These are as follows, along with their 
abbreviations: person in water (PIW), 40-foot container (Container 40’), life raft canopy 
with drogue (LCRF), WW2 mine (MINE), and oil drum (OilDrum).

Finally, the vessel’s speed was kept constant at 10 knots; while wind affecting the vessel 
was considered, the current was disregarded. The search interval (s) is specified in the 
IAMSAR Manual as a minimum of 2 miles under normal visibility conditions, and a search 
interval of 2 miles was used in the tests. These limits were established to ensure that visual 
observation can be conducted effectively during search and rescue (SAR) operations.
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Table 1. Dataset boundary conditions and parameters.

Area Wind Speed Wind Direction Current Speed Current Direction Objects

5 45 200 0 0 0 0 -

10 50 250 1 45 1 45 PIW

15 60 300 2 90 2 90 Con40’

20 70 350 3 135 3 135 LCRF

25 80 400 4 180 4 180 MINE

30 90 450 5 225 5 225 OilDrum

35 100 500 270 270

40 150 315 315

Table 2. Drifting object parameters.

Drifting Object ad bd ac bc I J
PIW 0.025 0.00 0.010 0.00 1.00 0.00

Cont40 0.014 0.00 0.000 0.00 0.95 0.00
OilDrum 0.0076 0.00 0.035 0.00 0.70 0.05

MINE 0.020 0.00 0.030 0.00 0.90 0.04
LCRF 0.030 0.00 0.000 0.00 1.00 0.00

After determining the parameters shown in Table 1, the parallel search pattern, the 
expanding square search pattern, and alternative patterns were tested in three stages. In 
the first stage (i), an area search was conducted without any external factors, that is, with 
wind and current speeds set to 0 knots and without a drifting object. The objective of the 
first stage was to determine the area search times, which represent the pure capabilities 
of the patterns. The second stage (ii) served as a transition phase, during which a sector 
system was established for the areas to be scanned. The objective was to create a sector 
system to identify where objects would begin to drift due to wind and current. In the final 
stage, datasets generated from various combinations of search area sizes, wind speeds, 
and current speeds and directions, as defined in Table 1, were used for each of the five 
different types of drifting objects. The generated datasets were coded in the format [Test 
Group] [Object][Wind][Current], as shown in Table 3. In this coding system, AltEs and 
AltPar represent the expanding square and parallel search pattern groups, respectively, 
while the object code identifies the drifting-object type (e.g., PIW: person in water). The 
W and C codes indicate wind and current speeds in knots, respectively. For example, 
AltEs_PIW_W3_C1 represents the expanding square search pattern group with a PIW 
target under wind and current speeds of 3 and 1 knots, respectively. Therefore, in this 
study, a total of 184,000 scenarios were generated for each of the two search pattern groups, 
parallel search and expanding square search, resulting in 368,000 scenarios overall. These 
scenarios encompass all possible combinations of 23 different search area sizes, 5 wind 
speeds, 5 current speeds, 8 wind directions, 8 current directions, and 5 types of drifting 
objects. Furthermore, as presented in Table 3, a total of 250 scenarios were defined for 
the two search pattern groups, namely, parallel search and expanding square search, with 
125 scenarios assigned to each group. For each group, the 125 scenarios were obtained 
from combinations of 5 wind speeds, 5 current speeds, and 5 types of drifting objects 
(5 × 5 × 5 = 125). Each scenario was further evaluated across 23 different search area sizes, 
8 wind directions, and 8 current directions, resulting in 1472 cases per primary scenario 
(23 × 8 × 8 = 1472). Accordingly, 184,000 scenario cases were generated for each search 
pattern group (125 × 1472 = 184,000), yielding a total of 368,000 scenario cases across both 
groups (184,000 × 2 = 368,000). Accordingly, the scenarios generated from these datasets 
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were implemented in Python (version 3.13), and the results were obtained using Jupyter 
Notebook (version 7.4.5). All analyses were performed on a computer equipped with an 
Intel Core Ultra 7 258V processor (2.20 GHz), 32 GB of RAM, and an Intel Arc 140V GPU.

The purpose of the final stage was to determine which pattern could detect drifting 
objects the fastest using the results of the datasets created with the parameters in Table 1, 
under what conditions each pattern could detect or miss objects, and which object had a 
higher detection rate based on the area, as well as to propose alternative patterns to those 
accepted in the maritime sector under the IAMSAR framework. Figure 2 illustrates how 
the images were rendered across a 200 km2  area to show the samples used in all tests. For 
the parallel search pattern and its alternatives, the starting point is defined as the top-right 
corner of the search area. In this study, due to algorithmic requirements, the Moore pattern 
is initiated at the point closest to the standard starting position. For the expanding square 
search pattern and its alternatives, the starting point is set at the centre of the search area; in 
all these patterns, the initial movement is directed to the left (along the −X axis), followed 
by a clockwise progression that expands outward from the centre.

    
(a) Hilbert Curve (b) Moore Curve (c) Morton Curve (d) V Formation 

    
(e) Pentagonal  (f) Hexagonal (g) Octagonal (h) Spiral 

Figure 2. Generated search patterns for an area of 200 km2 .

All stages in this study used a deterministic scenario approach based on predefined 
mathematical models and fixed input parameters. In the first phase, search areas, pattern-
generation formulas, and scanning parameters were predetermined, and wind and current 
speeds were assumed to be 0 knots. In the final stage, scenarios created from combinations 
of different search area sizes, wind and current speeds, and their directions were applied 
to five different types of drifting objects. Although different parameter combinations pro-
duced different performance results, because no components involved random variability, 
repeated calculations under the same conditions yielded identical results. Therefore, repeat-
ing the same scenarios does not constitute independent random observations. The objective 
is to directly compare the performance of search patterns under predefined parameter 
combinations, rather than to make statistical inferences about randomly sampled sea condi-
tions. In this context, no inferential statistical significance tests were applied; performance 
evaluations were conducted based on calculated scan times, distances travelled, target 
detection times, and detection rankings. Therefore, the performance rankings reflect results 
calculated under the evaluated conditions and should not be interpreted as evidence of a 
statistically significant advantage across all possible sea conditions.
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Table 3. Dataset of the scenarios.

Expanding Square Search Pattern and Alternatives Parallel Search Pattern and Alternatives

AltEs_PIW_W1_C1 AltEs_Cont40_W1_C1 AltEs_LCRF_W1_C1 AltEs_MINE_W1_C1 AltEs_Oil-
Drum_W1_C1

Alt-
Par_PIW_W1_C1

Alt-
Par_Cont40_W1_C1

Alt-
Par_LCRF_W1_C1

Alt-
Par_MINE_W1_C1

AltPar_Oil-
Drum_W1_C1
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Expanding Square Search Pattern and Alternatives Parallel Search Pattern and Alternatives
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4.2. Stage 1: Baseline Area Coverage Performance Evaluation
Table 4 presents the results of the first stage of the study, in which 23 area coverage tests 

were conducted to compare the performance of IAMSAR-recommended search patterns 
and their proposed alternatives under identical environmental conditions. To eliminate the 
influence of external environmental factors on search pattern performance, both wind and 
current speeds were set to 0 knots, and no drifting objects were included in the evaluation.

Search patterns were evaluated in two separate groups based on their starting positions. 
The first group consists of the parallel search pattern, which begins at a corner of the search 
area, and the alternatively proposed Hilbert, Morton, Moore, and V-formation patterns. 
The second group includes the expanding square, pentagonal, hexagonal, octagonal, and 
spiral search patterns, which begin at the centre of the search area. For all search patterns 
in both groups, track spacing (S) was kept constant at 2 nautical miles, and this value 
formed the basis for mathematically generating the search routes. Each search pattern was 
evaluated independently for each search area of varying sizes ranging from 5 to 500 km2 , 
as specified in Table 4. All patterns within the same group were tested under the same 
search area boundaries and the same environmental conditions. Search routes were mathe-
matically generated to cover the entire predefined search area, based on a specified 2 NM 
track spacing. Each search pattern continued until it reached the final coordinate of the 
route generated according to the mathematical structure of the relevant algorithm and the 
boundaries of the defined search area. The criterion for completing the search operation 
was defined as reaching the final coordinate determined by the algorithm, and this principle 
was applied uniformly across all search patterns. The route-planning process followed the 
principle of including all sections of the defined search areas within the planned search 
scope, ensuring that no sub-area was intentionally excluded from the search. Thus, the 
total distance travelled and completion times for all search patterns were compared under 
standardised line spacing and environmental conditions. This evaluation focuses on total 
distance travelled and time to complete the routes created for the defined search areas, 
rather than on the probability of detecting the search object.

Table 4 has two main columns showing results for the parallel search pattern and its 
alternatives, and the expanding square search pattern and its alternatives. Each column 
includes the names of the fastest and second-fastest patterns, the distance covered, and the 
time taken. When examining the results for the parallel search pattern and its alternatives in 
the first column covering areas of 5–500 km, the Hilbert search pattern and the parallel search 
pattern stand out as the top two performers. As the area increases, the parallel search pattern 
performs better, while the Hilbert search pattern performs well in smaller areas. Additionally, 
the Hilbert search pattern was the fastest to scan the area within the 130–200 km2  range. In 
second place, the Morton curve search pattern was successful in small areas, but as the area 
increased, the parallel and Hilbert search patterns became the second-fastest area-scanning 
patterns when they did not take first place. When examining the results for the expanding 
square search pattern and alternative search patterns in the second column, the expanding 
square pattern scans areas in the ranges 35–50 km2  and 90–120 km2  more quickly, while in other 
areas the hexagonal and pentagonal patterns scan more quickly. When examining second-
place performance, we observe that even when it does not rank first, the expanding square 
search pattern is not the second-fastest pattern for areas up to 250 km2 , and that the alternative 
patterns yield better results. For areas of 250 km2  and above, however, the expanding square 
search pattern is the second-fastest pattern.

https://doi.org/10.3390/jmse14212095

https://doi.org/10.3390/jmse14212095


J. Mar. Sci. Eng. 2026, 14, 2095 22 of 41

Table 4. Area coverage efficiency test.

Parallel Search Pattern and Alternatives Expanding Square Search Pattern and Alternatives

Area Fastest Pattern Second-Fastest Pattern Fastest Pattern Second-Fastest Pattern
Name Total Distance Time Name Total Distance Time Name Total Distance Time Name Total Distance Time

5 Hilbert 3.35 0.18 Morton 3.82 0.21 Expanding Square 1.12 0.06 Spiral 4.56 0.25
10 Hilbert 4.74 0.26 Morton 5.4 0.29 Expanding Square 1.58 0.09 Spiral 8.76 0.47
15 Hilbert 14.52 0.78 Parallel 15.32 0.83 Pentagonal 10.56 0.57 Octagonal 11.77 0.64
20 Hilbert 16.77 0.91 Parallel 17.12 0.92 Pentagonal 10.56 0.57 Octagonal 11.77 0.64
25 Parallel 18.7 1.01 Hilbert 18.75 1.01 Pentagonal 10.56 0.57 Octagonal 11.77 0.64
30 Parallel 20.14 1.09 Hilbert 20.54 1.11 Pentagonal 10.56 0.57 Expanding Square 15.7 0.85
35 Hilbert 22.19 1.2 Morton 29.06 1.57 Expanding Square 15.92 0.86 Hexagonal 19.25 1.04
40 Hilbert 23.72 1.28 Parallel 30.85 1.67 Expanding Square 16.13 0.87 Hexagonal 19.25 1.04
45 Hilbert 25.16 1.36 Parallel 32.39 1.75 Expanding Square 16.32 0.88 Hexagonal 19.25 1.04
50 Hilbert 26.52 1.43 Parallel 33.84 1.83 Expanding Square 16.5 0.89 Hexagonal 19.25 1.04
60 Parallel 46.14 2.49 Hilbert 61 3.29 Hexagonal 19.25 1.04 Pentagonal 34.01 1.84
70 Parallel 49.24 2.66 Hilbert 65.89 3.56 Hexagonal 22.45 1.21 Pentagonal 34.01 1.84
80 Parallel 52.13 2.81 Hilbert 70.44 3.8 Hexagonal 22.45 1.21 Pentagonal 34.01 1.84
90 Parallel 66.18 3.57 Hilbert 74.71 4.03 Expanding Square 45.49 2.46 Hexagonal 57.74 3.12
100 Parallel 69.26 3.74 Hilbert 78.75 4.25 Expanding Square 45.74 2.47 Hexagonal 57.74 3.12
110 Parallel 72.19 3.9 Hilbert 82.59 4.46 Expanding Square 45.99 2.48 Hexagonal 57.74 3.12
120 Parallel 74.99 4.05 Hilbert 86.27 4.66 Expanding Square 46.22 2.5 Hexagonal 57.74 3.12
130 Hilbert 89.79 4.85 Parallel 90.92 4.91 Hexagonal 57.74 3.12 Pentagonal 70.74 3.82
140 Hilbert 93.18 5.03 Parallel 93.94 5.07 Hexagonal 57.74 3.12 Pentagonal 70.74 3.82
150 Hilbert 96.45 5.21 Parallel 96.84 5.23 Hexagonal 64.16 3.46 Pentagonal 70.74 3.82
200 Hilbert 111.37 6.01 Parallel 126.1 6.81 Expanding Square 90.41 4.88 Hexagonal 115.48 6.24
250 Parallel 157.12 8.48 Hilbert 251.99 13.61 Hexagonal 115.48 6.24 Expanding Square 148.66 8.03
300 Parallel 189.87 10.25 Hilbert 276.05 14.91 Hexagonal 125.1 6.75 Expanding Square 149.41 8.07
350 Parallel 224.31 12.11 Hilbert 298.16 16.1 Pentagonal 184.34 9.95 Hexagonal 192.47 10.39
400 Parallel 238.52 12.88 Hilbert 318.75 17.21 Hexagonal 192.47 10.39 Expanding Square 222.98 12.04
450 Parallel 274.93 14.85 Hilbert 338.09 18.26 Hexagonal 205.3 11.09 Expanding Square 223.59 12.07
500 Parallel 312.91 16.9 Hilbert 356.37 19.24 Hexagonal 205.3 11.09 Expanding Square 311.2 16.8

Note: The area was calculated in km2 , the total distance travelled in km, and the time in hours.
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4.3. Stage 2: Sector System for Determining the Initial Positions of Drifting Objects
This stage is a transitional phase in which the sector system is established for the objects 

to drift. Each sector covers an area of 2 × 2 km2 , and the sectors expand in a spiral pattern 
starting from the centre, depending on the size of the area. As shown in Figure 3, 121 
sectors were created within a 500 km2  area, and the objects at the centre of each sector were 
drifted by the variable wind and current from the datasets in Table 3 for the final stage. 
This stage supports the final stage of dataset analysis, regardless of the area scanned by the 
patterns, and establishes a standard starting position for the drifted object across all areas 
to be scanned.

Figure 3. A 500 km2  area sector system.

4.4. Stage 3: Comprehensive Scenario-Based Search Pattern Performance Evaluation
In this stage, scenarios created using the datasets in Table 3 were tested under equal 

conditions, comparing alternative search patterns to both the parallel search pattern and 
the expanding square search pattern, and results were obtained. The results are as follows.

Figure 4 shows the number of times the parallel search pattern and its alternatives 
detected drifting objects in the fastest and second-fastest times across all datasets. In the 
graph, the orange bars represent the number of instances in which a pattern achieved the 
fastest detection time compared to the other alternatives, while the blue bars represent 
the number of instances in which it achieved the second-fastest detection time. Overall, 
the Moore pattern ranked first with 1,380,980 fastest detections, followed by the Hilbert 
pattern with 1,248,807 detections. The Morton pattern achieved the highest number of 
second-fastest detection times, with 1,597,079, followed by the Hilbert pattern, which ranked 
second with 852,108 second-fastest detection times. The parallel search pattern, however, 
was behind its alternatives with 258,428 fastest and 253,539 second-fastest detections.
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Figure 4. Parallel search pattern and alternatives.

Figure 5 shows the number of times drifting objects were detected in the fastest and 
second-fastest times across all datasets using the expanding square search pattern and its 
alternatives. The orange bars represent the number of instances where the fastest detection 
time was achieved, while the blue bars represent the number of instances where the second-
fastest detection time was achieved. The results show that the spiral pattern stood out 
significantly from the other patterns, with 2,148,058 fastest detections. The spiral pattern 
was followed by the hexagon pattern with 1,092,066 fastest detections and the expanding 
square pattern with 882,062 fastest detections. For second-fastest detections, the expanding 
square pattern ranked first with 1,673,627 detections, while the octagon pattern achieved 
1,209,647 and the hexagon pattern achieved 904,556 detections.

Figure 5. Expanding square search pattern and alternatives.

Figure 6 shows the number of times the expanding square search pattern and its 
alternatives achieved the shortest detection time for a drifting object of the PIW type under 
conditions of 3-knot wind and a 1-knot current across different search areas. The results 
show that the expanding square pattern achieves the highest values in areas between 20 
and 35 km2 , while the spiral pattern achieves the highest values in areas between 70 and 
350 km2 . While the spiral and hexagonal patterns yielded similar results in areas ranging 
from 40 to 60 km2 , the spiral and octagonal patterns achieved comparable values in a 400 

https://doi.org/10.3390/jmse14212095

https://doi.org/10.3390/jmse14212095


J. Mar. Sci. Eng. 2026, 14, 2095 25 of 41

km2  area, and the octagonal pattern yielded the highest detection count in areas ranging 
from 450 to 500 km2 .

Figure 7 shows the number of times the expanding square search pattern and its 
alternatives achieved the shortest detection time for a drifting object of the PIW type under 
conditions of 3-knot wind and 3-knot current across different search areas. The results 
show that the spiral pattern generally achieves the highest detection counts in areas ranging 
from 20 to 500 km2 . The hexagonal pattern showed higher detection counts than the other 
alternatives, particularly in areas of 70 km2  and larger, while the octagonal pattern showed 
higher detection counts in areas ranging from 300 to 500 km2 .

Figure 8 shows the numbers required to achieve the shortest detection time for a 
drifting object of the PIW type under conditions of 3-knot wind and a 5-knot current, using 
the expanding square search pattern and its alternatives across different search areas. The 
results show that the spiral pattern achieves the highest detection counts across all areas 
from 20 to 500 km2 . The hexagonal pattern showed more pronounced detection counts, 
particularly in areas of 70 km2  and larger; the expanding square pattern in areas of 150 km2 
and larger; and the octagonal pattern in areas of 300 km2  and larger.

Figure 9 shows the number of times the parallel search pattern and its alternatives 
achieved the shortest detection time for a drifting object of the PIW type under conditions 
of 3-knot wind and a 1-knot current across different search areas. The results show that the 
Moore pattern generally achieves the highest detection counts in areas ranging from 20 to 
100 km2 . In areas ranging from 110 to 500 km2 , however, the Hilbert pattern stands out and 
achieves the highest detection counts, particularly in areas of 300 km2  and larger.

Figure 10 shows the number of times the parallel search pattern and its alternatives 
achieved the shortest detection time for a drifting object of the PIW type under conditions 
of 3-knot wind and a 3-knot current across different search areas. The results show that the 
Moore pattern generally achieves the highest detection counts in areas ranging from 20 to 
140 km2 , while in areas between 45 and 50 km2 , it yields values close to those of the Morton 
pattern. In areas ranging from 150 to 500 km2 , the Hilbert pattern achieves the highest 
detection counts, while both the Moore and Morton patterns show increased detection 
counts, particularly in areas of 300 km2  and larger.

Figure 11 shows the number of detections required to achieve the shortest detection 
time for a drifting object of the PIW type under conditions of 3-knot wind and a 5-knot 
current using the parallel search pattern and its alternatives across different search areas. 
The results show that, for areas ranging from 20 to 140 km2 , the Moore pattern generally 
achieves the highest number of detections. While the Hilbert and Moore patterns show 
similar results for areas between 150 and 200 km2 , the Moore pattern achieved the highest 
detection counts for areas between 250 and 350 km2 , the Hilbert pattern for the 400 km2 
area, and the Moore pattern again for areas between 450 and 500 km2 .

In conclusion, the Moore and Hilbert patterns achieve higher numbers of drifting 
objects detected in the shortest time than the traditional parallel search pattern. In contrast, 
while the spiral pattern stands out in total objects detected in the shortest time, the relative 
performance of the expanding square pattern and other alternatives varies with search area 
size and wind and current conditions. Area-based comparisons show that the patterns 
yielding the shortest detection times can vary across different scenarios, and that the 
relative advantages of the patterns depend on the environmental and operational conditions 
under evaluation. Details of the results presented in Figures 4–11 can be found in the 
Supplementary Materials.
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Figure 6. Expanding square search pattern and alternatives in scenario AltEs_PIW_W3_C1.
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Figure 7. Expanding square search pattern and alternatives in scenario AltEs_PIW_W3_C3.
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Figure 8. Expanding square search pattern and alternatives in scenario AltEs_PIW_W3_C5.
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Figure 9. Parallel search pattern and alternatives in scenario AltPar_PIW_W3_C1.
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Figure 10. Parallel search pattern and alternatives in scenario AltPar_PIW_W3_C3.
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Figure 11. Parallel search pattern and alternatives in scenario AltPar_PIW_W3_C5.
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4.5. Sensitivity Analysis
To evaluate the sensitivity of search patterns to changes in environmental conditions, 

a single-variable sensitivity analysis was conducted using the datasets created in the third 
phase. To this end, in Analysis A, the current speed was kept constant at 1 knot while the 
wind speed was varied between 1 and 5 knots; in Analysis B, the wind speed was kept 
constant at 1 knot while the current speed was varied between 1 and 5 knots. A PIW was 
used as the drifting object type. While keeping the other scenario parameters constant, 
changes in the target detection performance and success rankings of both search pattern 
groups were compared. The parameters used in the analyses are presented in Table 5.

Table 5. Parameters used in sensitivity analysis.

Parameter Analysis A Analysis B
Drifting Object PIW PIW

Wind (knot) 1, 2, 3, 4, 5 1
Current (knot) 1 1, 2, 3, 4, 5

Purpose of the evaluation Wind speed sensitivity Current speed sensitivity

As part of the sensitivity analysis, the effects of changes in wind and current speeds on 
the success rates of search patterns in initially detecting drifting objects were examined. For 
both pattern groups, heat maps visualised first-detection success rates across different speed 
values. Figure 12 presents the results for the parallel search pattern and its alternatives, while 
Figure 13 presents the results for the expanding square search pattern and its alternatives.

 Analysis A Analysis B 
Wind (knot) 1 2 3 4 5  Current (knot) 1 2 3 4 5   Freq.  

Hilbert 37.9 38.4 38.7 38.8 38.8   Hilbert 37.9 33.5 32.8 32.2 31.1     50.0 
Moore 33.1 33.2 33.3 33.4 33.4   Moore 33.1 35.7 38.4 41.2 45.0     37.5 
Morton 13.3 12.9 12.8 12.8 12.9   Morton 13.3 18.3 18.6 18.3 18.2     25.0 
Parallel 11.6 11.3 11.1 11.0 10.8   Parallel 11.6 8.3 6.2 4.8 3.5     12.5 

V Formation 4.1 4.1 4.1 4.1 4.1   V Formation 4.1 4.3 4.1 3.6 2.2     0.0 

Figure 12. Sensitivity analysis of parallel search pattern and alternatives.

Analysis A Analysis B 
Wind (knot) 1 2 3 4 5   Current (knot) 1 2 3 4 5       Freq. 

Spiral 38.3 38.9 39.6 39.8 39.8   Spiral 38.3 38.2 42.4 44.4 43.6     50.0 
Hexagonal 19.7 19.9 19.2 19.4 19.0   Hexagonal 19.7 21.9 21.8 21.5 20.7     37.5 
Octagonal 18.6 18.7 18.8 18.8 19.0   Octagonal 18.6 15.4 12.5 10.4 9.2     25.0 

Exp. Square 17.0 16.8 17.2 17.1 17.5   Exp. Square 17.0 17.0 17.2 17.8 20.4     12.5 
Pentagonal 6.4 5.7 5.1 5.0 4.8   Pentagonal 6.4 7.5 6.1 5.9 6.1     0.0 

Figure 13. Sensitivity analysis of expanding square search pattern and alternatives.

In the results of Analysis A, wind speeds from 1 to 5 knots did not alter the pattern, 
with the highest first-detection rate in both pattern groups. In the parallel search group, 
the initial detection rate of the Hilbert pattern increased from 37.85% to 38.81%, while in 
the expanding square search group, the initial detection rate of the spiral pattern rose from 
38.29% to 39.80%. In Analysis B, the initial detection rates changed more significantly as 
current speed increased. In the expanding square group, the spiral pattern maintained the 
highest initial detection rate, rising from 38.3% to 43.6% across all current speeds, while in 
the parallel search group, the Hilbert pattern had the highest initial detection rate at 37.9% 
at a current speed of 1 knot; at current speeds of 2 knots and above, the Moore pattern rose 
from 35.7% to 45%, becoming the pattern with the highest initial detection rate.

https://doi.org/10.3390/jmse14212095

https://doi.org/10.3390/jmse14212095


J. Mar. Sci. Eng. 2026, 14, 2095 29 of 41

Overall, the sensitivity analysis shows that initial detection performance remains rela-
tively stable under changes in wind speed but is more strongly affected by changes in current 
speed. This indicates shows that the effectiveness of different search patterns depends on 
specific environmental conditions. However, the sensitivity analysis conducted is limited to 
the selected drifting object and the specified ranges of environmental parameters; it does 
not account for sensor characteristics, ship manoeuvring dynamics, or time-dependent 
environmental variability under actual operational conditions.

5. Results and Discussion
The SAR Convention aims to ensure that contracting states conduct search and rescue 

operations for persons in distress at sea within a framework of coordinated, standardised 
procedures. The IAMSAR Manual, which supports the operational implementation of 
this framework, provides standard methods for planning, coordinating, and executing 
search and rescue operations in the maritime and aviation sectors. In this study, scenarios 
representing different environmental and operational conditions were developed to evaluate 
the performance of traditional search patterns used under the IAMSAR framework and to 
compare the effectiveness of search patterns developed as alternatives.

The primary motivation for selecting these alternative patterns was to highlight differ-
ences in distance covered, search time, and target detection performance when scanning the 
same search area using different search patterns. Accordingly, the Hilbert, Moore, Morton, 
and V-formation patterns were evaluated as alternatives to the parallel search pattern. The 
Hilbert and Moore curves are space-filling search patterns that provide high spatial continu-
ity between adjacent regions within the area. The Morton curve, by contrast, offers a distinct 
search pattern that scans the area using a hierarchical, orderly spatial sequence [48]. The 
purpose of including these three patterns is to examine the effect on SAR performance of 
scanning the area with more holistic, highly continuous paths, as opposed to the standard 
linear parallel scanning approach. In contrast, the V-formation pattern was evaluated as a 
biologically inspired search pattern based on the coordinated movement patterns observed 
in bird flocks, and the applicability of this distinct scanning organisation to the SAR problem 
was investigated [49].

As alternatives to the expanding square search pattern, pentagonal, hexagonal, octag-
onal, and spiral patterns were selected. A common feature of these patterns is that they 
allow the search to expand outward from a specific centre or datum point. The pentagonal, 
hexagonal, and octagonal patterns were used to evaluate the effect on performance of 
altering the number of corners and the direction change structure in the expanding square 
approach; the spiral pattern, meanwhile, was considered as an alternative search pattern 
that provides a more continuous expansion outward from the centre rather than sharp 
corner transitions. Thus, the aim was not only to compare the performance of different 
patterns but also to examine how transforming the same basic search logic into different 
pattern geometries alters the operational results.

Instead of evaluating pattern performance directly under environmental variables, 
we implemented a three-stage testing process to distinguish performance differences at-
tributable to the search pattern from those caused by environmental effects as follows:
• In the first stage, the system excluded external influences such as wind, current, and 

target drift and tested the standard patterns used under IAMSAR, along with the 
proposed alternative patterns, under the same initial and search area conditions. In 
this stage, the distance travelled and the search time required by the patterns to scan 
the defined area were primarily evaluated. The aim was to establish the baseline 
performance of each search pattern independently of environmental conditions and to 
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more accurately assess, in subsequent stages, the extent to which observed changes 
stemmed from geometry versus environmental and target-dependent factors.

• In the second stage, considering that in real SAR operations the target may be located 
at different points within the search area, a sector-based structure was applied to the 
search areas. For this purpose, the areas to be scanned were divided into sectors using 
a grid system, and the centre of each sector was defined as a possible target starting 
point. By initiating the drift of a person or object from different sector centres, the 
study avoided evaluating the pattern’s performance against a single datum or target 
location. This allowed a systematic examination of how the same pattern would behave 
toward targets in different regions of the search area and facilitated the creation of a 
more comprehensive starting position structure for the drift scenarios applied in the 
final stage.

• In the final stage, the model was further adapted to real operational conditions, and 
wind, current, and target drift were evaluated together. The speeds and directions 
of wind and current were determined; additionally, datasets were created for five 
different types of drifting people/objects by utilising their respective sinking, drift-
ing, and drift characteristics. Standard and alternative patterns were run under the 
same initial conditions for different search area sizes, target types, and environmental 
conditions, and their target detection performances were compared. Thus, the study 
evolved into a phased evaluation structure, starting with purely geometric area search 
performance in the first phase, incorporating variability in the target’s initial position 
in the second phase, and encompassing environmental drift and target characteristics 
in the third phase.
Furthermore, to ensure that comparisons were made between patterns with similar 

starting points and search logic, the patterns were evaluated in two main groups. In the 
first group, the IAMSAR parallel search pattern was compared with the Hilbert, Moore, 
Morton, and V-formation patterns. In the second group, the expanding square search 
pattern was evaluated alongside the pentagonal, hexagonal, octagonal, and spiral search 
patterns. This grouping was intended to reduce bias from directly comparing patterns with 
significantly different characteristics within a single group and to enable a more meaningful 
evaluation among patterns with similar search logic. The area search analyses conducted in 
the initial phase, independently of external factors, provided a baseline for comparison for 
subsequent scenarios. In this phase, the patterns were analysed independently of additional 
uncertainties that could be introduced by target movement, wind, and currents, and the 
differences in distance and time required by the search patterns to scan the area were 
examined. Consequently, the target detection performances obtained in subsequent phases 
were evaluated not only in terms of environmental variables but also by considering the 
initial search patterns.

Table 4 shows the area search results from the first stage, with no wind or current 
effects and no drifting targets. Among the parallel search patterns and their alternatives, 
the Hilbert and parallel search patterns had the shortest area search times. The Hilbert 
pattern achieved the shortest search time, particularly in smaller areas and within the 
130–200 km2  range, while the parallel search pattern became more advantageous as the 
area size increased. For the second-shortest search times, the Morton pattern stood out in 
small areas, while in larger areas the parallel and Hilbert patterns ranked second when they 
were not first. In the expanding square search pattern group, the expanding square pattern 
achieved the shortest area search time in the 35–50 km2  and 90–120 km2  ranges, while the 
pentagon and hexagon patterns stood out in other areas. The expanding square pattern 
achieved the second-shortest search time in areas of 250 km2  and larger. In the second stage, 
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the sector system shown in Figure 3 was created, and the initial positions of the drifting 
objects were integrated into this system.

In the final stage, the parallel search pattern was compared with the Hilbert, Moore, 
Morton, and V-formation patterns. When all scenarios were evaluated together, the Moore 
pattern ranked first in the number of drifting objects detected in the shortest time, followed 
by the Hilbert pattern; the Morton pattern, meanwhile, stood out for the number of instances 
in which it achieved the second-shortest detection time. These three alternative patterns 
achieved faster detections than the traditional parallel search pattern across all evaluated 
scenarios. However, it was observed that the relative performance of the patterns varied 
depending on the size of the search area and environmental conditions. Indeed, in area-
based PIW scenarios, the Moore pattern performed better in smaller areas, while the Hilbert 
pattern stood out in specific sections of larger areas; changes in current conditions also 
influenced this distribution. The geometric structures of the Hilbert and Moore patterns, 
which provide spatial continuity, may help explain differences in encounter times with 
targets. However, this explanation is based on an interpretation of the pattern’s geometry 
and must be validated under actual operational conditions. The V-formation pattern, by 
contrast, was behind the traditional parallel search pattern in total detections. These results 
indicate that alternative patterns can offer advantages in the evaluated scenarios, but that 
no single pattern can be considered unconditionally superior for all search area sizes and 
environmental conditions. The SAR literature also emphasises the effects of target motion 
and time-dependent spatial probability distributions on search planning. While Wu et al. [9] 
focused on prioritising regions with high detection probability using drift-dependent target 
probability distributions, Jeong et al. [10] showed that time-dependent particle distributions 
affect SAR unit deployment and search performance. Although these studies do not directly 
prove the superiority of a specific search pattern, they support the view that target motion 
cannot be evaluated independently of search planning.

The expanding square search pattern was compared with pentagonal, hexagonal, 
octagonal, and spiral search patterns. When all scenarios were evaluated together, the spiral 
pattern stood out for detecting the most drifting objects in the shortest time, followed by 
the hexagonal and expanding square patterns. For the second-shortest detection time, the 
expanding square pattern ranked first, while the octagonal pattern ranked second. This 
indicates that the alternative patterns differ not only in the total number of fastest detections 
but also in the second-fastest detection results. However, detailed analyses based on search 
area size and environmental conditions revealed variations in the relative performance 
of the patterns. In the selected PIW scenarios, the spiral pattern generally achieved the 
most first detections, while results for the expanding square, hexagonal, and octagonal 
patterns varied with search area size and current conditions. The traditional expanding 
square pattern, on the other hand, achieved the shortest scan time within specific small area 
intervals in the first stage, where environmental effects were absent. The spiral pattern’s 
geometric structure, which continuously expands from the centre outward, may offer an 
advantage in the time it takes to encounter drifting targets. Similarly, the different direction-
changing structures of polygonal patterns can interact in various ways with the target’s 
motion and the characteristics of the search area. However, these explanations rely on 
a geometric interpretation of the current results, and the effects have not been directly 
measured. Therefore, the identified advantages must be verified under real maritime 
conditions, accounting for the ships’ manoeuvrability and sensor characteristics. The results 
show that search pattern performance depends not only on geometric shape but also on 
the interaction between the generated trajectory, the target’s motion, and the search area. 
Consequently, when applying different search geometries to SAR systems, trajectory length, 
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turn structure, outward expansion from the centre, and conditions for encountering a 
moving target need to be evaluated collectively.

The five different types of drifting targets used in the scenarios resulted in variations 
in detection times; however, this effect was less pronounced than the variations caused by 
wind and current speeds. This finding indicates that while drifting behaviour dependent 
on target type is important, the effect of environmental drift forces on performance can 
be more pronounced in the evaluated scenarios. The literature has also shown that an 
object’s type and configuration alter its drift trajectory. It has been shown that the type of 
watercraft, the posture of a person who has fallen into the water, and the characteristics of a 
life raft result in distinct drift characteristics. The findings of this study, however, indicate 
that these target-induced drift differences may affect not only the location of the potential 
search area but also the relative performance of the search patterns used. In addition, 
the area-based detection and miss rates of the drifting targets were evaluated as a third 
performance indicator for each search pattern. Detailed results for this analysis are provided 
in Appendix A.

The target detection and miss rates calculated in this study are based on a detection 
criterion defined by the distances of drifting targets from the search route. As a result, these 
rates do not directly reflect visual obstructions that may arise under rough sea conditions 
or the proportion of the unique area physically covered by the search patterns. Accordingly, 
target detection success should be evaluated separately from the probability of visual 
detection and area coverage efficiency under actual sea conditions.

Overall, when all results were evaluated together, the Moore pattern ranked first in the 
parallel search group in terms of the number of target detections achieved in the shortest 
time, followed by the Hilbert pattern, while the Morton pattern stood out particularly in 
the number of detections achieved in the second-shortest detection times. The traditional 
parallel search pattern and the V formation, however, were behind their alternatives in 
these metrics. In the expanding square group, the spiral pattern clearly outperformed 
the hexagon and expanding square patterns in the total number of fastest detections. For 
second-fastest detection counts, the expanding square and octagon patterns stood out. 
However, evaluations based on area and environmental conditions indicate that the relative 
performance of the patterns can vary depending on the size of the search area, wind and 
current conditions, and the characteristics of the drifting target.

The study’s three-stage evaluation framework is also significant for interpreting these 
results. In the first stage, the characteristics of the patterns were determined independently 
of environmental effects; in the second stage, different starting positions of the target 
within the search area were incorporated into the system; and in the final stage, wind, 
current, and target-specific drift characteristics were evaluated together. This approach 
ensured that pattern performance was examined not under a single condition but under 
progressively increasing operational complexity. Thus, the results obtained reveal not 
only detection success in a specific scenario but also the interaction between the search 
pattern and environmental and target-dependent variables. When evaluated alongside 
fundamental trends in the existing SAR literature, the study’s distinguishing features become 
clearer. Current studies primarily focus on modelling target drift, estimating the target’s 
probabilistic location, optimising the search route, allocating resources, and detecting the 
target via sensors or UAV systems. While these approaches have significantly improved 
various stages of SAR operations, the development of new patterns that could serve as 
alternatives to the standard IAMSAR search patterns and the direct comparison of these 
patterns under the same drift, environmental, and search area conditions have remained 
relatively limited in the literature.
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This study proposes alternative search patterns to parallel and expanding square 
search patterns to address this research gap; it mathematically formulates these patterns, 
implements them algorithmically, and compares their performance with standard IAMSAR 
patterns under the same conditions. Defining the proposed patterns not only as conceptual 
search structures but also as reproducible mathematical structures enable their reuse, 
parametric modification, and integration into different systems in future SAR planning 
models. This structure lets researchers evaluate patterns under different search space 
configurations, environmental conditions, target behaviours, and platform characteristics 
without recreating the underlying search logic. Consequently, the contribution of this 
study is not limited to comparing pattern performances; it also provides a reproducible and 
extensible search pattern framework that can be used in future optimisation, simulation, 
and decision support applications. The findings also indicate that the choice of search 
pattern should be considered not merely as a fixed procedural element but as an operational 
planning variable that interacts with wind and current conditions, the size of the search 
area, the target’s initial position, and the target’s mobility. However, the results do not 
support unconditionally using a specific alternative pattern in place of standard IAMSAR 
patterns. On the contrary, the findings indicate that a single search pattern may not be 
optimal for all SAR scenarios, and that pattern selection should be based on mission-specific 
conditions. Scenarios with low drift, more confined areas, and a reliable datum may not 
benefit as much from the same search pattern as scenarios characterised by high wind 
current effects, extensive search areas, and higher target mobility. Therefore, comparing 
standard and alternative patterns before the mission under the same environmental and 
operational inputs can enable more flexible, data-driven pattern selection in SAR planning.

Consequently, this study directly addresses the question “Which pattern can most 
effectively scan the defined search area?” in addition to the traditionally emphasised 
questions in SAR planning: “Where might the target be located?” and “How should the 
search route be optimised?” This approach moves beyond treating search pattern selection 
as merely a standard operational procedure; instead, it treats it as a SAR planning variable 
that can be compared in conjunction with environmental conditions and target behaviour 
and integrated into future decision support systems.

5.1. Theoretical Implications
The current literature on maritime search and rescue increasingly focuses on drift 

modelling, probability-based search planning, route optimisation, and resource allocation; 
in contrast, it addresses the search pattern only to a limited extent as an independent 
determinant of operational performance. Breivik et al. [8] established the theoretical foun-
dation for object-specific drift estimation using the leeway approach, while subsequent 
studies have extended this approach toward the integration of the target’s probabilistic 
distribution into search planning. Wu et al. [9] integrated drift-based probability maps into 
coverage path planning using deep reinforcement learning, while Jeong et al. [10] utilised 
time-dependent particle distributions for the dynamic deployment of SAR units and search 
planning. Similarly, Morin et al. [31], Miao et al. [12], and Esmaeilpour et al. [13] have 
focused primarily on optimising the search path, the process of reaching the target, and 
multiple SAR sources.

This study extends the existing literature by conceptualising the search pattern as a 
distinct component of SAR performance. While previous studies have largely focused on 
questions such as where the target might be located or how to optimise an existing search 
route, this study directly examines how the search pattern used to scan the search area 
affects operational outcomes. In this context, the study develops alternative geometries 
to the standard search patterns used under IAMSAR and comparatively tests them across 
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different datasets and scenarios. Thus, the study extends the current optimisation-based 
SAR approach by systematically comparing search pattern structures.

Furthermore, the proposed approach enables the evaluation of the relationship between 
search area characteristics, pattern geometry, search duration, and distance covered within a 
common analytical framework. In this regard, the study raises the question “Which pattern 
can most effectively scan the defined search area?” as a systematic research problem, in 
addition to the questions “Where should the search be conducted?” and “How should the 
search route be optimised?”, which are primarily addressed in current SAR theory. Thus, 
the selection of a search pattern moves from an operational preference to a theoretically 
examinable component of SAR planning. This approach provides a conceptual foundation 
for future work that integrates pattern geometry with drift models, probability distributions, 
environmental conditions, and adaptive decision support systems.

5.2. Practical Implications
The findings of this study indicate that selecting a search pattern in maritime search 

and rescue operations can be approached not merely as a standard procedure but as an 
operational decision evaluated based on the size of the search area, the target’s drift charac-
teristics, and environmental conditions. While the standard patterns used under IAMSAR 
remain the primary reference in SAR planning, the alternative patterns evaluated in this 
study offer complementary options under specific scenario conditions. Across all scenarios 
in the parallel search group, the Moore and Hilbert patterns achieved the fastest detection 
time, while the Morton pattern achieved the second-fastest detection time, indicating that 
comparing these alternatives based on mission conditions could be beneficial. However, 
considering performance differences related to area size and environmental conditions, it is 
not appropriate to unconditionally recommend any of these patterns as a replacement for 
the traditional parallel search pattern.

Similarly, in operations that use the expanding square search pattern, it is important to 
reassess the pattern choice based on environmental and operational conditions. The aggre-
gate results across all scenarios show that the spiral pattern achieves the fastest detection 
time, while the traditional expanding square pattern yields the second-fastest detection 
time. However, the expanding square pattern achieves the fastest scanning time for certain 
area sizes in the initial phase when environmental effects are absent, showing that it retains 
its advantage under certain conditions. Therefore, comparing the spiral, hexagonal, and 
other alternative patterns with the traditional expanding square pattern, particularly by 
considering search area size and the target’s drift behaviour, may offer additional options 
for operational planning. This approach also aligns with studies emphasising that environ-
mental variables affect both target movement and operational planning. Tavakoli et al. [18] 
have shown that meteorological and oceanographic conditions affect the time windows 
during which SAR operations can be safely conducted.

The fact that the patterns developed in the study are algorithmically coded also pro-
vides a practical advantage for transferring the findings to decision support systems. Before 
a SAR mission, standard and alternative patterns can be run from the same starting position, 
search area, target type, and wind and current conditions to compare estimated search 
time, distance covered, and target detection performance. Thus, the mission coordinator 
or operations planner can select the pattern not only based on a predefined procedure but 
also by considering quantitative results from mission-specific scenarios. This approach 
is consistent with the digital operations planning approach presented by the IAMSAR-
compliant decision support and verification tool developed by Pessôa et al. [19]. The study 
in question demonstrated that variables such as meteorology, target type, available units, 
search distance, and elapsed time can be evaluated within a single decision support envi-
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ronment. Similarly, Esmaeilpour et al. [13] demonstrated that search time and resource 
utilisation can be optimised in a decision support approach combining simulation with 
mathematical optimisation, and that flexible search efforts can yield significant operational 
savings. Therefore, pre-mission comparison of the proposed patterns can contribute to the 
more effective use of available SAR resources, particularly in operations where mission 
duration, range, or fuel is limited.

Although fractal search patterns, such as those proposed by Hilbert and Moore, show 
strong target detection performance in the scenarios, their complex geometric structures 
may pose challenges for real-world maritime operations. Short route segments and frequent 
course changes can make it difficult to follow these patterns manually, increasing watch 
officers’ workload and making it harder to follow the planned route precisely. However, 
these patterns are not limited to autonomous maritime vehicles. They may also apply to 
conventional ships equipped with appropriate navigation planning and automatic route-
tracking systems. However, these systems do not eliminate ships’ physical manoeuvring 
constraints. The present study did not directly evaluate the operational challenges that 
may arise from manual route tracking, the crew’s workload, or the effects of automatic 
route-tracking systems on performance. Therefore, it has not yet been confirmed that the 
performance advantages identified in the scenarios will be maintained to the same extent 
in real-world ship operations.

Another important factor affecting the performance of search patterns under actual 
sea conditions is the limitations on visual detection imposed by sea state. Particularly in 
rough sea conditions, small targets near the water’s surface may be partially or completely 
obscured by waves, making them undetectable even if they are within the target detection 
range. In addition, because the relationship between the vessel’s course and the direction 
of the waves can affect target observability, the detection performance of search patterns 
involving cross-course or curved routes may vary under different sea conditions. From this 
perspective, it is important to distinguish between the route range and the effective search 
width, which depends on the target’s characteristics, the search platform, and environmental 
conditions when evaluating search patterns. A decrease in the effective scan width can 
lead to a lower probability of target detection, even if the same route range is maintained. 
Furthermore, different search zones and areas can affect area coverage efficiency, which 
determines how much of the search area is effectively searched. Although the present study 
compared all search patterns under a common detection criterion, it did not directly model 
wave-induced visual blind spots or variations in effective scanning width depending on 
sea state and course direction. Therefore, assessing whether the performance differences 
identified between the patterns will be maintained to the same extent under actual sea 
conditions requires accounting for these factors as well.

From a practical application perspective, another important issue is the phased valida-
tion of alternative patterns before they are directly converted into operational standards. 
In the first phase, tests conducted in a simulation environment under various sea and 
weather conditions can be used; in the second phase, training and field exercises; and in 
subsequent phases, controlled real-world operational tests. In this process, the platforms’ 
turning radius and manoeuvrability, cruising speed, fuel or battery capacity, sensor field of 
view and detection probability, communication constraints, and real-time wind and current 
changes must also be incorporated into the model. The existing literature also supports this 
requirement. Cho et al. [11] tested the multi-UAV coverage path approach they developed 
in a real marine environment and demonstrated that the actual mission duration could differ 
from simulation results due to wind and communication uncertainties. Miao et al. [12] 
also emphasised that, despite successful results in simulations, uncertainties and disruptive 
effects in real maritime environments must be separately evaluated in terms of algorithm 
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performance. This allows for an assessment of whether the pattern advantages identified in 
the simulation environment are maintained under actual operational conditions.

In this study, although wind and current speeds varied across scenarios created from 
different datasets, they were assumed to remain constant within each scenario. This ap-
proach controls for temporal and spatial environmental variability by enabling comparisons 
of different search patterns under the same environmental conditions. However, in real 
marine environments, wind and current conditions vary by time and location, which can 
affect drifting target trajectories, detection times, and the relative performance of search 
patterns. Therefore, the results must be evaluated within the model assumptions, where 
environmental conditions are constant throughout each scenario. Future studies aim to 
evaluate the proposed search patterns under more realistic environmental conditions by 
integrating temporally and spatially varying wind and current fields into the system.

Existing IAMSAR search patterns offer significant advantages in terms of coordination 
and operational feasibility, particularly in multi-vessel operations. However, using the 
alternative patterns proposed in this study in multi-vessel operations requires integrating 
them with existing search and rescue coordination procedures. In this context, dividing 
search areas into sub-zones among vessels, pre-planning vessel routes, maintaining appro-
priate safety distances, and implementing coordinated communication procedures can help 
manage potential collision risks. However, because the present study focuses on comparing 
individual search patterns, the scenario base scope did not include multi-vessel coordination 
and collision avoidance mechanisms.

6. Conclusions
This study compared standard IAMSAR search patterns used in maritime search and 

rescue operations with alternative patterns and systematically investigated how the search 
pattern affects target detection performance. Accordingly, scenarios were created in which 
different types of drifting targets, wind and current speeds, and search area sizes were varied; 
the parallel search pattern was compared with the Hilbert, Moore, Morton, and V-formation 
patterns, while the expanding square search pattern was compared with pentagonal, hexag-
onal, octagonal, and spiral patterns. Thus, the comparative analysis framework evaluated 
patterns with similar initial and scanning logic under the same operational conditions.

The findings indicate that search patterns yield different results for detecting drifting 
objects. In the parallel search group, across all scenarios combined, the Moore pattern 
achieved the highest number of instances with the fastest detection time, followed by the 
Hilbert pattern, while the Morton pattern stood out particularly in the number of instances 
with the second-fastest detection time. The V-formation pattern, however, was behind the 
traditional parallel search pattern in the overall evaluation. In the expanding square group, 
the spiral pattern stood out significantly in the number of times the fastest detection time 
was achieved, while the hexagonal and expanding square patterns followed it. For the 
number of times the second-fastest detection time was achieved, the expanding square and 
octagonal patterns stood out. However, the fact that the traditional parallel and expanding 
square patterns provided advantages at certain area sizes demonstrated that the superiority 
of alternative patterns cannot be generalised to all search conditions.

Another important finding is that the relative performance of search patterns depends 
on environmental conditions and search area size. While variations in wind and current 
speeds affect the movements of drifting targets and the conditions under which they en-
counter search patterns, the expansion of the search area has also led to differences in the 
detection performance of the patterns. This is demonstrated by the fact that the superi-
ority of the Moore and Hilbert patterns in area-based evaluations varies under different 
conditions, while in the expanding square group, the relative performance of the spiral and 
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other patterns differs depending on environmental parameters. Furthermore, the sensitivity 
analysis showed that the patterns with the highest initial detection rates remained dominant 
under changes in wind speed, whereas the leading pattern in the parallel search group 
could change under changes in current speed. Although detection times differed across 
five drifting object types, the evaluated scenarios showed that these differences were less 
pronounced than the variations caused by changes in wind and current speeds. These 
findings indicate that search pattern performance depends on interactions among target 
type, target movement, environmental conditions, and search area characteristics.

However, the performance differences in this study reflect deterministic scenarios based 
on predefined parameter combinations. Therefore, the performance rankings presented 
are valid only within the evaluated scenarios and should not be interpreted as indicating 
statistically significant superiority under all sea conditions, which may vary and involve 
uncertainty. In future studies, incorporating probabilistic environmental variability and 
uncertainties into the model will allow a more comprehensive examination of the statistical 
significance of performance differences between search patterns and their consistency 
across conditions.

In this regard, the study provides a complementary contribution to the current SAR 
literature on drift estimation, probability-based search planning, route optimisation, re-
source allocation, and target detection. While existing research primarily addresses where 
a target might be located or how an existing search route can be optimised, this study 
directly investigates which pattern would be more effective for scanning the search area. 
Therefore, the primary contribution of this study is not the invalidation of the standard 
patterns used under IAMSAR or the proposal of a single universal alternative; rather, it is 
its demonstration that the relative performance of different patterns may vary depending 
on the search area, environmental conditions, and target mobility and the provision of 
measurable alternatives to IAMSAR-based search planning.

Beyond this comparative contribution, the study also contributes to the SAR literature 
by mathematically formulating the proposed search patterns and making them algorith-
mically implementable. This framework enables researchers to reproduce, reuse, modify, 
and integrate the patterns into different models in future SAR optimisation, simulation, 
and decision support studies. In addition, the three-stage evaluation framework offers 
a methodological contribution by first examining the pattern’s performance through a 
baseline analysis independently of external influences, then gradually analysing it under 
scenarios involving different target starting positions, and finally examining it under sce-
narios that include wind, current, and target-specific drift characteristics. Consequently, 
this study’s contribution is not limited to identifying high-performance search patterns; it 
also provides a reusable, extensible framework for investigating search pattern selection 
under different operational conditions.

However, because the study’s results came from data-based scenarios, the alternative 
patterns must be validated under real-world sea conditions before they can be implemented 
in operations. Future studies should include the platforms’ manoeuvrability, turning radius, 
fuel consumption, sensor field of view and target detection probability, variable sea condi-
tions, wave-induced visual obstructions, changes in effective scanning width, area coverage 
efficiency, communication constraints, and real-time wind and current variations. In addition, 
evaluating the feasibility of applying fractal search patterns, particularly in conjunction with 
manual navigation and automatic route-following systems in terms of crew workload and op-
erational performance, will be an important part of future research. Furthermore, integrating 
the alternative patterns with dynamic drift models, time-dependent probability maps, and 
adaptive decision support systems could enable the search pattern to be automatically selected 
or reconfigured based on changing conditions during operations. Accordingly, future studies 
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plan to test hybrid search patterns that combine different search patterns in a complementary 
manner using multiple SAR platforms. As part of these studies, the aim is to more thoroughly 
investigate the operational feasibility and generalisability of the proposed patterns by evaluat-
ing route coordination, maintaining safe distances between vessels, and managing collision 
risks during simultaneous search operations.
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Appendix A. Notation and Symbols

Table A1. Notation and symbols used in this study.

Symbol/Abbreviation Meaning/Definition
Asec Two-dimensional square spatial area occupied by an identified sector
ac ,bc Crosswind leeway coefficients
ad ,bd Downwind leeway coefficients
aj ,bj Coordinate components used in the Morton curve
dsec Side length of a sector square
F Forward movement and drawing command in the Lindenmayer 

grammar
H Height of the search area
I Immersion factor of the object in water
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Table A1. Cont.

Symbol/Abbreviation Meaning/Definition
IDspiral Identification number of a sector

ix ,iy 
Relative horizontal and vertical sector index offsets with respect

to the centre
J Jibe
j Polygon vertex index
k Layer index representing the sector’s distance from the centre

L,R Direction control symbols in the Lindenmayer
Lc Crosswind leeway
Ld Downwind leeway
m Ring index for polygons
N Number of sides of a regular polygon
n Iteration level, order

Pjibe Target-specific base probability of a jibe
R Uniformly distributed random variable

Rm Radial growth multiplier
r Polar distance from the centre

rm Radius of the inscribed circle
S Track spacing

Smax Maximum valid square grid index value
tx ,ty Absolute centre coordinates of the corresponding sector
Vcurr Current speed
Vcw Crosswind leeway speed
Vdw Downwind leeway speed

Vwind Input wind speed
v(curr,x) ,v(curr,y) Surface current velocity vector X and Y components
v(cw,x) ,v(cw,y) Crosswind leeway vector X and Y components
v(dw,x) ,v(dw,y) Downwind leeway vector X and Y components

W Total width of the search area
W10 Wind speed at a height of 10 m
x,y Horizontal and vertical positions defined independently or by a 

parametric function
xc ,yc Cartesian coordinates of the centre of the overall search area
xi ,yi Cell position in Morton curve

xm ,ym Cartesian position components
x(m,j) ,y(m,j) Horizontal and vertical coordinates

z One-dimensional Morton code defining the ordering of a cell along the 
traversal path

ΔL Scalar length of each linear step
Δt Time step size in seconds
Δth Time step size in hours used for position updates

Δx,Δy Total displacement along the X and Y axes caused by wind and current
𝜃 Instantaneous angular displacement in the polar coordinate system
𝜃0 Initial phase angle
𝜃c Current direction angle
𝜃m Heading angle during curve generation
𝜃w Wind direction angle
𝜋 Radian

⌊…⌋ Floor function
+/− Clockwise (𝜋/2) and counterclockwise (𝜋/2) rotation operators
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