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ABSTRACT: Nowadays Search and Rescue (SAR) operations still face three main problems: the management and 

coordination between the decision team and the rescue team, the prediction of the location of the drifting object, and 

the choice of the better search pattern to execute the search operation. This paper addresses the second and third 

problem, which corresponds to the operation planning phase. A SAR decision support system (DSS) is developed. 

The objective is to provide information to support the decision on where to allocate the search effort and on the search 

pattern to use, in order to achieve a successful operation in the most efficient way. The search planning tool 

incorporates a drift model with uncertainty propagation to define the probability density map of the object location 

based on the initial position and the effect of winds and currents on its trajectory. This allows to define 

probabilistically the search area where the target should be found based on all information collected at the time of 

the distress occurrence. Then, the search planning tool simulates different search strategies in other to assess their 

efficiency measured in terms of probability and time to find the missing object. The tool uses the Monte Carlo 

Simulation method to produce probability density maps of the location of the drifting object and to assess the 

efficiency of the search strategy based on operational parameters  of the search and rescue units and on the search 

pattern adopted to cover the searching area. Four different occurrences in Portuguese waters are study to assess the 

efficiency of the SAR operations to demonstrate the applicability of the developed search planning tool.  
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1 INTRODUCTION 

Although Portugal is a relatively small country, it 

has a vast maritime territory where many vessels 

circulate every day due to its geographic location, 

Portugal serves as a unique link between the European 

continent and the American and African continents. 

Since Portugal has a large amount of maritime traffic, 

maritime accidents are likely to happen due to the 

weather conditions. Therefore, a good SAR system is 

needed to prevent any casualties resulting from these 

incidents. 

SAR decision support systems (DSSs) are used to 

help the SAR Mission Coordinator (SMC) to better 

prepare and plan the SAR mission. A SAR DSS is a 

search planning tool, which should have a drift model 

with uncertainty propagation incorporated, to generate 

a search area based on the estimations of the  initial 

position of the target and its motion due to winds and 

currents, according to the information collected 

related to the distress occurrence. Then the tool must 

be capable to define the search area where the target 

should be found, and create a probability density 

distribution of the location of the target (Allen and 

Plourde 1999). Lastly, it should simulate search 

operations in other to assess their efficiency in 

achieving the operation success.  

As examples of SAR DSS current in use are the 

Search and Rescue Optimal Planning System 

(SAROPS), developed by the US Coast Guard, which 

provides capabilities for search theory-based search 

planning (Kratzke, Stone, and Frost 2010), the 

CANSARP, developed by the Canadian Coast Guard, 

and the OVERSEE, developed by the Portuguese 

Navy together with the Portuguese company Critical 

Software. They give the estimation of the search area 

recommend search routes for several search units 

which maximize the Probability of Detection (𝑃𝑂𝐷 ) 

(Breivik et al. 2013), and therefore the Probability of 

Success (𝑃𝑂𝑆), by using Monte Carlo Simulation and 

probabilistic models. 

This paper is organized in five chapter. Chapter 2 

introduces the basis of the formulation for predicting 

the trajectory of a drifting object at sea and the 

mechanisms behind to assess the efficiency of a search 

operation. Chapter 3 presents the implementation of 

the SAR tool developed to study the efficiency of 

maritime search operations and the results of its usage 

are discussed in Chapter 4. Finally, the conclusions are 

presented in Chapter 5.  
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2 SAR OPERATIONS PLANNING 

To plan a SAR operation the SMC must follows 

six specific septs: identify the search target, define 

datum, establish the search area, select the appropriate 

search pattern, determine the desired area coverage 

and then, developed a practical search plan. 

Nowadays there are devices, such as Emergency 

Position Indicating Radio Beacon (EPIRB) with a 

GPS incorporated in it, that transmit a distress signal 

when activated. But sometimes there are cases when 

this device is lost or nor activated due to malfunction 

during the accident and the people in distress become 

lost in the middle of the vast sea. In these cases, the 

planning stage consists in establishing a search area to 

start the search, and then decide on the best approach 

to execute it.   

2.1. The search area 

Establishing a search area where the SRU will 

scan in order to locate and rescue the lost people in 

distress is the key point for a successful SAR 

operation. To determine this search area, the SMC 

must estimate the different trajectories which those 

people may follow while drifting. The motion of an 

unpowered floating object is caused by a combination 

of sea currents, waves, and wind. Since the oceans are 

in constant motion, the time factor is what determines 

the survival of the people in distress in every SAR 

cases. Hence, to guarantee a successful operation, the 

SMC must define the smallest search area possible, 

where the person can be found with a reasonable and 

predictable level of certainty.  

The motion due to the wind and waves, which is 

defined as leeway, is a crucial factor when analyzing 

the drift of a floating object. According with Fitzgerald 

et al. (1993) leeway is the motion of a floating object 

relatively to the surface currents measured between 

0.3 meter and 1.0 meter of depth and caused by waves 

and winds adjusted to a 10 meters height reference, 

which can be decomposed into downwind and 

crosswind leeway components.  

Following the study developed by Allen and 

Plourde (1999), the leeway motion is characterized by 

the leeway angle, 𝐿𝛼  , the leeway speed, |𝑳| , the 

downwind and crosswind components of leeway, the 

leeway rate and the relative wind direction (𝑅𝑊𝐷 ). 

The leeway angle together with the leeway speed it is 

possible to define the downwind component of leeway 

( 𝐷𝑊𝐿 ) and the crosswind component of leeway 

(𝐶𝑊𝐿), as shown in Equations (1) and (2). 

|𝑫𝑾𝑳| = |𝑳|sin(90𝑜 − 𝐿𝛼) (1) 

|𝑪𝑾𝑳| = |𝑳|cos(90𝑜 − 𝐿𝛼) 
(2) 

In terms of vectors, the leeway vector, 𝑳, can be 

written as Equation (3). 

𝑳 = 𝑫𝑾𝑳 + 𝑪𝑾𝑳 (3) 

The motion of a drifting object is the result of 

several forces acting upon its surface such as, wind, 

water currents, gravitational and buoyancy force, but 

is extremely difficult to compute due to the irregular 

geometry of the real-world objects. It is important to 

notice that waves are usually left out due to the Stroke 

drift which is mainly downwind and therefore is 

difficult to separate it from the leeway drift, and it is 

considered already included in the empirical leeway 

coefficients (Breivik and Allen 2008). 

Ni, Qiu, and Su (2010) presented a leeway 

dynamics model to study the mechanisms behind the 

leeway concept. This model only considers the current 

and wind influences, and the long-term drifting, so 

therefore the transient state is neglected. Also, the 

acceleration can be ignored since the floating object 

will rapidly reach its steady velocity, according to 

Breivik and Allen (2008). According to the law of 

motion the resultant of forces must be equal to zero 

when the object moves at a steady velocity, meaning 

that the forces are facing each other. As a result, the 

equation of motion can be written as Equation (4). 

1

2
(𝐶𝐷𝐴𝜌)1|𝑈𝑤 − 𝑈𝑜|(𝑈𝑤 − 𝑈𝑜)

=
1

2
(𝐶𝐷𝐴𝜌)2|𝑈𝑜 − 𝑈𝑐|(𝑈𝑜 − 𝑈𝑐) 

(4) 

Where 𝑈𝑜  is the object velocity, 𝑈𝑤  is the wind 

velocity, 𝑈𝑐  is the current velocity,  𝐶𝐷  is the drag 

coefficient, 𝐴 is the cross-sectional area exposed to the 

fluid, 𝜌 is the density of the fluid, and the subscripts 1 

and 2 refers to the environment in which the object is 

exposed, air and water, respectively. 

Assuming Equation (5), Equation (4) can be 

simplified into Equation (6) 

(𝐶𝐷𝐴𝜌)1
(𝐶𝐷𝐴𝜌)2

= 𝜆2 (5) 

𝜆(𝑈𝑤 − 𝑈𝑜) = 𝑈𝑜 − 𝑈𝑐 (6) 

Rearranging Equation (6), the velocity of the 

floating object is given by Equation (7) 

𝑈𝑜 =
1

1 + 𝜆
𝑈𝑐 +

𝜆

1 + 𝜆
𝑈𝑤 (7) 

The leeway velocity can be written in function of  

𝑈𝑤 and 𝑈𝑐, as in Equation (8) 

𝑈𝐿 = 𝑈𝑜 − 𝑈𝑐 =
𝜆

1 + 𝜆
(𝑈𝑤 − 𝑈𝑐) 

(8) 

Considering the factor 𝜆 (1 + 𝜆)⁄  as the leeway 

rate 𝑓, the leeway velocity can be written as Equation 

(9) and consequently, the velocity of the floating object 

as Equation (10). 
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𝑈𝐿 = 𝑓(𝑈𝑤 − 𝑈𝑐) (9) 

𝑈𝑜 = 𝑈𝐿 + 𝑓(𝑈𝑤 − 𝑈𝑐) (10) 

The leeway velocity vector is composed by a 

downwind velocity component 𝐷𝑊𝐿 and a crosswind 

velocity component 𝐶𝑊𝐿 given by Equations (11) and 

(12) respectively. From those equations the leeway 

angle 𝐿𝛼 is defined as Equation (13). 

𝐷𝑊𝐿 = 𝑓 [|𝑈𝑤| − 𝑈𝑐 ∙
𝑈𝑤
|𝑈𝑤|

]
𝑈𝑤
|𝑈𝑤|

 (11) 

𝐶𝑊𝐿 = −𝑓𝑈𝑐 + 𝑓 (𝑈𝑐 ∙
𝑈𝑤

|𝑈𝑤|
)
𝑈𝑤

|𝑈𝑤|
 (12) 

tan 𝐿𝛼 =
|𝐶𝑊𝐿|

|𝐷𝑊𝐿|
=
|−𝑈𝑐 + (𝑈𝑐 ∙

𝑈𝑤
|𝑈𝑤|

)
𝑈𝑤
|𝑈𝑤|

|

||𝑈𝑤| − 𝑈𝑐 ∙
𝑈𝑤
|𝑈𝑤|

|

 (13) 

To estimate the drift trajectory of the object, 

information on the local wind, surface current and the 

characteristics of the object needs to be provided 

(Breivik 2008). Since those values are not a hundred 

percent accurate, it is important to consider the 

uncertainties associated to those parameters to 

generate a result with an acceptable level of accuracy. 

The common way to address the problem related to the 

uncertainties is using probabilistic formulations. For 

parameters such as velocity and direction of both wind 

and current, LKP and leeway coefficients of the 

floating objects, they are characterized by a mean 

value and a variance. According to Allen (2005), the 

consideration of the possibility that a floating object  

could jibe will make the simulation closer to the 

reality, resulting in an increase of  the uncertainties. 

The floating objects are characterized by leeway 

coefficients, obtained through field experiments 

carried in the past, compiled by Allen and Plourde 

(1999) into a database and updated by Allen (2005). 

2.2. The search strategy  

A search phase is an activity very complex, 

demanding, time consuming and expensive task, 

which involves different parties and could require a 

large number of limited resources (Frost 1996). 

Therefore, it is essential to prepare beforehand to 

successfully execute the search operation in the most 

efficiently way. In case of SAR operations, is the SMC 

who must plan the best course of action to perform the 

search of the people in distress, after establishing the 

search area. Each operation plan is elaborated based 

on search models, which are used to study the 

efficiency of search operations within the scope of 

SAR operations. 

The Search Theory studies a way to combine and 

make use of the limited resources more efficiently 

when locating a missing object at sea, whose location 

is unknown. Its objective is, mainly, to maximize the 

probability to detect the object with the resources 

available but, it can also be to minimize the time spent 

in find it (Frost and Stone 2001). 

According to Koopman (1946), a basic problem 

of optimal search has as objective to maximize the 

probability of success on finding a target over some 

possible area with a limited amount of resources, and 

it is normally characterized by: a probability of 

containment (𝑃𝑂𝐶 ), a detection function that relates 

the search effort density with the probability of 

detection (𝑃𝑂𝐷), constrained amount of search effort, 

and optimization criterion for the probability of 

success (𝑃𝑂𝑆). The solution of this basic problem of 

optimal search should provide to the search planner 

some idea of the quantity of search effort and the 

places where it should be spent in order to achieve its 

goals (Frost and Stone 2001).  

The 𝑃𝑂𝑆 determined using Equation (14) 

𝑃𝑂𝑆 = 𝑃𝑂𝐶 × 𝑃𝑂𝐷 (14) 

The 𝑃𝑂𝐶  measures the possibility of the search 

target being within the limits of the search area and is 

related to the search area, which is usually calculated 

from a Multivariate Gaussian Distribution, normally 

centered at the origin of the coordinate system, (0,0) 

(Frost and Stone 2001). The 𝑃𝑂𝐷  is a measure of 

sensor performance and describes the capability of the 

SRU in detecting and recognizing the target during the 

search operation, but it will only detect if the target is 

inside the designated search area. This probability is 

obtained by using Equation (15). 

𝑃𝑂𝐷 = 1 − 𝑒−𝐶  (15) 

𝑤𝑖𝑡ℎ, 𝐶 =
𝑍

𝑇𝑜𝑡𝑎𝑙𝑎𝑟𝑒𝑎
 (16) 

The parameter 𝐶 is designated as coverage factor 

and is a relative measure of how thoroughly an area 

has been searched. 𝑍 is also known as search effort and 

is calculated using Equation (17), where 𝑧 corresponds 

to the distance covered by the SRU in a straight line, 

also known as effort, and 𝑊 corresponds to the sweep 

width. 

𝑍 = 𝑧 ×𝑊 (17) 

𝑧 = 𝑣 × 𝑡 (18) 

The amount of effort expended in the search, 

calculated by Equation (18), depends on the SRU 

velocity𝑣 and it is limited by its time of endurance. 

The sweep width characterizes the average ability of 

the SRU in detecting a target under specific set of 

conditions such as, the characteristics of the sensor, 

which can be an electronic device or simply the human 
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eye, the characteristics of the target, and the 

environmental conditions at the time of the search. 

Koopman (1946) defines sweep width as Equation (19) 

𝑊 =
𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑜𝑏𝑗𝑒𝑐𝑡𝑠𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑𝑝𝑒𝑟𝑢𝑛𝑖𝑡𝑡𝑖𝑚𝑒

(𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑜𝑏𝑗𝑒𝑐𝑡𝑠𝑝𝑒𝑟𝑢𝑛𝑖𝑡𝑎𝑟𝑒𝑎) × 𝑣
 (19) 

Another concept important in Search Theory is 

the lateral range, defined as the perpendicular distance 

between the search target and the searcher at the 

closest point of approach. 

The sweep over the area to search is done in a 

very methodical manner by following a search pattern, 

which are itinerary schemes performed by the SRUs 

during the search operation to cover the established 

search area. This pattern is composed by search legs. 

There are different types of search patterns and it 

is the task of the SMC to choose the appropriate 

pattern for each search operation after defining the 

search area. To choose, the characteristics of the 

detection sensor in use, such as the maximum 

detection range, which is the maximum distance in 

which the sensor might detect the target, or the beam 

sighting distance, which corresponds to the distance in 

where the sensor can definitely detect the target must 

be known. By summing the beam sighting distance 

from both sides of the SRU, the SMC obtain the value 

of the sweep width. Knowing this value, it allows him 

to determine the right distance for the track spacing 

( 𝑆 ), which corresponds to the distance between 

successive search legs in a search pattern and its value 

should correspond to the value of the sweep width in 

order to have a perfect coverage. 

The search patterns will have different levels of 

coverage according to their pattern parameters 

described above and, consequently different values of 

𝑃𝑂𝐷. From all the existing patters, the most common 

ones for SAR operations at sea are the expansion 

square search (SS), the sector search (VS), the parallel 

sweep search (PS) and the creeping line search (CS). 

3 SAR DECISION SUPPORT TOOL 

The algorithm developed within the scope of this 

thesis took the work developed by Vettor and Guedes 

Soares (2015) in consideration, and is designed with 

the same outline as the DSS for SAR operations 

presented by Abi-Zeid et al. (2019). The SAR tool 

algorithm is implemented in MATLAB and it is divided 

in three different modules: DRIFT MODULE, 

SEARCH MODULE and EFFICIENCY 

EVALUATION MODULE, as represented in Figure 1.  

3.1. The drift model 

DRIFT MODULE, presented in the diagram from 

Figure 2, is based on the model validated by Gago 

(2018). It starts by creating a SAR case containing all 

the information available related to the distress 

occurrence, the characteristics of the vessel, its LKP 

and other relevant details, according to the scenario 

chosen by the user. Also, it asks the user to input the 

number of MCSs desired. After having all the details 

for the drift simulation, the algorithm computes the 

final position of the target for each simulation. To 

compute the final position of each target, the model 

takes into account the uncertainties associated to the 

drift parameters, described by probability 

distributions, and uses the coefficients of the drift 

objects from Allen (2005). 

 

Figure 1: Diagram for the algorithm of the developed SAR tool 

Figure 2: Diagram for the algorithm of the DRIFT MODULE 
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The drift model will register the position of each 

floating objects randomly generated every hour within 

a period of time previously stablished. After the 

simulation the drift of every floating object, the final 

location of each them will be spread all over a certain 

area where it will be possible to distinguish one or 

more locations with a higher probability of occurrence 

and when moving further away from those locations, 

the number of occurrences will decrease. Then those 

results are modelled and plotted into a three-

dimensional Gaussian Mixture Model (GMM), and 

from there, SEARCH MODULE starts.  

This model also takes into account the orientation 

of the floating object relatively to the downwind 

direction, and the possibility of jibing is considered in 

order to define the direction of the drift, making the 

simulation closer to the reality. 

In the beginning, besides the number of MCSs 

desired, it also asks the user to choose a scenario from 

four predefined scenarios. Each scenario, has defined 

a particular floating object, the time of the initial and 

final location of the object, the velocity and direction 

of the wind and current, the geographic coordinates of 

the initial position, and parameters to estimate the 

initial position in cartesian coordinates. 

3.2.     The search model 

After obtaining the probability density map for 

the location of the missing object, which represents the 

total size of the search area obtained, the algorithm 

initiates SEARCH MODULE, represented in the 

diagram in Figure 3, by asking the user to input the 

values for each search parameters, such as the velocity 

of the SRU, the sweep width, the track spacing, and 

the confidence level, and again, the number of 

simulations desired , since the search model also uses 

MCS. 

Then, targets are randomly generated according 

to the number of simulation desired, the search area is 

reduced conforming to the confidence level inputted, 

and the model starts to simulate two different search 

pattern, according to the search parameters inputted by 

the SMC. The search patterns in focus are the PS and 

the SS, represented in Figure 4, and the sweep 

performed by both patterns follows the steps 

represented in the diagram from Figure 5. 

 

During the sweep, the SRU moves in small 

distance increments defined by its velocity (𝑣) and a 

given time step (𝑇), inputted by the user, as presented 

in Equation (20). But, in reality, the SRU moves 

continuously and scans the search area at the same 

time, but for implementation purposes, the SRU is 

defined to scan its surroundings at every time step. 

𝑆𝑅𝑈𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑛𝑐𝑟𝑒𝑚𝑒𝑛𝑡 = 𝑣 ∗ 𝑇 (20) 

To simplify the algorithm, it is assumed that the 

sensor used is a “perfect” sensor, meaning that its 

sweep width will correspond to its maximum detection 

distance and, it can certainly detect the drifting object 
Figure 3: Diagram for the algorithm of SEARCH MODULE 

Figure 4: Search model’s Parallel sweep pattern (left side) and 

expansion square pattern (right side) considered in the search model 

Figure 5: Diagram for both algorithms of the PS and SS 

patterns 
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within that range. The range is defined by a probability 

detection function which relates the probability of 

detecting the object and the distance between the 

object and the sensor (Zhang et al. 2016), as 

represented in as represented in Equation (21), where 

𝑑  represents that distance, and 𝛼  and 𝛽  are model 

parameters related to search condition factors such as 

the weather conditions at the time of the search and the 

detection ability of the SRU. 

𝑃(𝑑) = { 1 − 𝑒
−(

𝑑−𝛼
𝛽

)
2

, 𝛼 ≤ 𝑥
0, 𝑥 < 𝛼

 (21) 

According to the search parameters inputted by 

the user, the SRU sweeps the search area defined and 

if it detects the target, the algorithm registers the time 

to detect it and advances for the search simulation of 

another target. If not, that search simulation stops 

when reaching the end of the search area and 

immediately advances for the next one. This keeps 

continuing until the algorithm simulates the search for 

every random target generated. 

3.3. Output results 

The SAR tool algorithm ends it with the 

evaluation of the efficiency of the search simulation 

performed by using the PS pattern and the SS pattern. 

For each algorithm run, the algorithm checks how 

many targets are generated inside the defined search 

area, and how many targets are detected, and then 

computes the probabilities 𝑃(𝐼𝑛)  and 𝑃(𝐷𝑒𝑡𝑒𝑐𝑡) , as 

represented in Figure 4. With those both probabilities, 

the algorithm computes the 𝑃(𝐷𝑒𝑡𝑒𝑐𝑡 ∩ 𝐼𝑛) , which 

corresponds to the 𝑃𝑂𝑆, using Equation (22). 

𝑃(𝐷𝑒𝑡𝑒𝑐𝑡 ∩ 𝐼𝑛) = 𝑃(𝐼𝑛) × 𝑃(𝐷𝑒𝑡𝑒𝑐𝑡) (22) 

Since the detection time is one of the variables to 

assess the efficiency of a search operation, the 

algorithm also computes the mean time of detection. 

Then, the algorithm finalizes by recording those 

results in an EXCEL file in order to facilitate their 

analysis, together with the search parameters inputted 

by the user. 

4 RESULTS ANALYSIS AND DISCUSSION 

To study the efficiency of SAR operations, the 

SAR decision support tool is used to simulate the four 

predetermined scenarios. For each scenario, the search 

parameters are analyzed in order to understand how 

they affect the 𝑃𝑂𝑆  and the time used to detect the 

missing target. In the present paper only the results of 

Scenario 1 are presented in detail.  

In Scenario 1, , after drifting for 5 hours in 

Portuguese waters, with winds at 25 knots pointing in 

the 165deg and currents at 0.1 knots pointing in the 

30deg,  the possible final location of the fishing vessel 

is given by the probability density distribution 

represented in Figure 7 obtained from the drift model 

for 2000 simulations. 
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Figure 6: Diagram for the algorithm of EFFICIENCY 
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Figure 8 and Figure 9 presents the evolution of the 

𝑃𝑂𝑆 and the time to detect the missing object when 

varying the confidence level from 50% to 99%, for 

determining the search area, respectively. As expected, 

when increasing the confidence level, the 𝑃𝑂𝑆 and the 

detection time also increases. This increase is due to 

the size of the search area, when smaller the 

confidence level value smaller is the search area. Since 

the 𝑃𝑂𝑆  is affected by the 𝑃𝑂𝐶  and the 𝑃𝑂𝐷 , lower 

values of 𝑃𝑂𝑆  mean that either one of those 

probabilities are low. In this case, it is the 𝑃𝑂𝐶  that 

affect the 𝑃𝑂𝑆, since the number of targets randomly 

generated inside the designated search area increases 

with its expansion, see Figure 10. 

 

When analyzing the developments of the 𝑃𝑂𝑆 and 

the detection time by varying the time step from 1 

minute to 30 minutes, presented in Figure 11 and 

Figure 12,  it is possible to verify that the 𝑃𝑂𝑆 

decreases with the increase of the time step, but 

contrary to what happened with the confidence level, 

it is the 𝑃𝑂𝐷  that affects the 𝑃𝑂𝑆 . For targets 

distributed over the same locations, the SRU detects 

less points when the time step rises as observed in 

Figure 13, meaning that the same target can be only 

detected for specific values of time step. Relatively to 

the detection time, see Figure 12, the increase of the 

time step do not cause much variation. 
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trajectories, using different values of time step in Scenario 1 
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two trajectories, using different values of time step in Scenario 1 
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Figure 15: Time to detect the target for the two trajectories, using 

different values of track spacing in Scenario 1 
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Figure 14: Probability of success of the SAR mission for the two 

trajectories, using different values of track spacing in Scenario 1 
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Figure 12: Time to detect the target for the two trajectories, using 

different values of time step in Scenario 1 
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Figure 14 and Figure 15 present the variation of 

𝑃𝑂𝑆  and the detection time, respectively, when 

varying the track spacing from 250m to 2500m. As it 

can be observed, the increasing of the track spacing 

causes a decreasing of those variables, mostly because 

the capability of the SRU in detect also decreases, see 

Figure 16. Since the sweep width is equal to 1000m, 

the value for track spacing should be also 1000m for a 

perfect coverage of the search area. Surpassing that 

value, the number of targets detected start to decrease 

and consequently the 𝑃𝑂𝑆  also decreases. In case of 

the time to detect, see Figure 15, it decreases since the 

space between two search legs become larger and 

therefore, fewer search legs are needed to compose the 

search trajectory. 

 

 

From Figure 17 to Figure 19 , the sweep width is 

varied from 500m to 2000m. As expected, the 𝑃𝑂𝑆 

increases with the increase of detection range, but 

when it reaches until a certain point, in this case the 

1000m, that together with a track spacing of 1000m 

leads to a perfect coverage, the 𝑃𝑂𝑆 starts to increase 

very slowly, see Figure 17. Also, as expected the 

detection time decreases since the detection range gets 

bigger, see Figure 18.  

 

 

When varying the SRU velocity from 10m/s to 

20m/s, the 𝑃𝑂𝑆 remains constant, see Figure 20,  since 

the number of targets detected and the number of 

target generated inside the search area are constant, 

meaning that both the𝑃𝑂𝐶 and the 𝑃𝑂𝐷 do not change 

with the variations of velocity, see Figure 22. Also, as 
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different values of sweep width in Scenario 1 
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Figure 16: Number of targets detected inside the search area for the 

two trajectories, using different values of track spacing in Scenario 1 
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Figure 19: Number of targets detected inside the search area for the 

two trajectories, using different values of sweep width in Scenario 1 
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trajectories, using different SRU velocities in Scenario 1 
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expected, the detection time decreases with the 

increase of the SRU velocity, presented in Figure 21, 

since it takes lesser time to sweep the whole search 

area. 

When comparing both search patterns for every 

search parameter analysis, the SS pattern have a much 

better performance than the PS pattern in every search 

parameter analysis, a reasonable 𝑃𝑂𝑆 value with lower 

detection time, since the SS pattern makes the SRU 

scans all four directions of the search area in turns and 

the PS pattern only scans in one direction. 

An elasticity analysis of the 𝑃𝑂𝑆  and the 

detection time is performed with the objective of 

identifying which search parameter has the most 

influence over them when increasing 10% each one at 

the time. 

 

When analyzing Figure 24 and Figure 23, it is 

possible to observe that, the confidence level is the 

search parameter that vary the most for both variable 

when performing the PS pattern, surpassing the 

elasticity factor equal to 1.  

The other parameters have a very little impact or 

zero impact, in case of the SRU velocity and the time 

step in the 𝑃𝑂𝑆 variable, except for the SRU velocity 

and the track spacing that causes some variation on the 

detection time, but not significant as the confidence 

level, since the elasticity factor did not reach 1. 

 

5 CONCLUSIONS AND FUTURE WORK 

In this paper SAR operations were simulated using 

a SAR decision support tool developed to provide 

information to support the decisions on where to 

allocate the search effort and on the search pattern to 

use, in order to achieve a successful operation in the 

most efficient way. 

During SAR missions there are usually people 

who lives are on the line, therefore time is an important 

key to guarantee its success. The efficiency of each 

search operation is measured through the 𝑃𝑂𝑆, which 

represents the capability of the SRU in detect the 

target, and the time need to detect it. Different 

simulations are caried using MCS, by varying each 

search parameter one at the time. 

Through the analysis conducted, it is possible to 

conclude that both the 𝑃𝑂𝑆 of a SAR mission and the 

detection time depend on a combination set. The𝑃𝑂𝑆 

is affected by the weather conditions at the time of the 

mission, the size of the search area which depends on 

the sea state conditions, the characteristics of the target 

and the characteristics of the SRU, such as the 

detection range and the track spacing, and in case of 

this tool, the time step. The detection time is 

influenced by the location of the target, the SRU 

velocity and its detection range, and also the time step. 

For these simulations specifically, increasing the 

search area, by increasing the value of the confidence 

level applied to the bivariate GMM, the 𝑃𝑂𝑆 increases 

due to the increase of the 𝑃𝑂𝐶, which is related to the 

location where the targets are generated, contributing 

to the increase of the detection time, since there is 

more area to cover. The increase of the time step leads 

to a decrease of the 𝑃𝑂𝑆  because less targets are 

detected but leads to an increase or decrease of the 

detection time, depending on the location of the 

targets. Increasing the track spacing results in the 

decrease of the 𝑃𝑂𝑆 at one point and the decrease of 

the detection time since the SRU covers the search 

area much faster. The increase of the sweep width 

leads an increase of the 𝑃𝑂𝑆  until a certain level 

because the 𝑃𝑂𝐷 will increase slowly after that same 
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Figure 22: Number of targets detected inside the search area for the 

two trajectories, using different SRU velocities in Scenario 1 
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level with the increase of search effort, and leads to a 

decrease on the detection time due to the detection 

range increase. Finally, the increase of the SRU 

velocity does not affect the 𝑃𝑂𝑆  but it decreases the 

detection time since the SRU covers the search area 

faster. For every simulation, two search patterns are 

tested, the PS pattern and the SS pattern. When 

balancing the 𝑃𝑂𝑆 and the time to detect obtained in 

every simulation, it is possible to conclude that the SS 

pattern exceeds the PS pattern in performance. 

Also, the elasticity analysis performed on the two 

efficiency measure variables conclude that, for an 

increase of 10% of each of the search parameters set 

as base, the parameter that influence the most in both 

variables is the confidence level. The variation of the 

other parameters causes a very little or zero impact on 

the 𝑃𝑂𝑆 and on the detection time. 

Due to the simplifications implemented in the 

SAR decision tool such as, the consideration of a 

perfect sensor and the time step concept which was 

only created for implementation purposes, the fact that 

the visual characteristics were not considered in the 

search model, and the lack of flexibility of the search 

patterns applied, leave room for further improvements. 

As possible future improvements on this subject, 

the SAR decision tool can be implemented with a more 

realistic sensor and with more flexibility in the 

simulation of search patterns. The drift model 

incorporated in the tool can also be programmed to use 

real-time data for the sea currents and wind vectors. 

More simulations using different scenarios are 

suggested in order to corroborate the findings above. 

As a final suggestion to complement this work, it 

would be interesting to perform an analysis of a 

response to a SAR incident, from the moment that the 

distress signal is activated to the final stage of a SAR 

operation, when the SRUs are returning to base, 

because the survivability of the people in distress 

actually depends on all of the SAR operations stages, 

and not only on the planning stage.  
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