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ABSTRACT Target detection in an unknown environment is a crucial aspect of reconnaissance using
a swarm of unmanned aerial vehicles (UAVs). An efficient target detection technique is required to
minimize the number of iterations for searching and maximize the coverage area with respect to the
number of iterations and detected targets. This paper proposes a gravitational search algorithm (GSA)
swarm-based UAV reconnaissance scheme to detect targets in an unknown environment. Additionally,
different GSA-based searching methods are analyzed to identify the most efficient one with the minimum
number of iterations and maximum coverage. Extensive simulations are performed, and the results of the
proposed scheme are compared with existing search schemes. The results demonstrate that the proposed GSA
swarm-based detection scheme requires fewer iterations and provides greater area coverage than existing
UAV reconnaissance schemes for target detection in an unknown environment.

INDEX TERMS UAV reconnaissance, gravitational search algorithm, swarm, unknown environment.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs), commonly known as
drones, are widely used for security, reconnaissance, and
remote sensing applications [1], [2]. Swarm UAVs are
automated and unmanned swarm-robot systems. Research on
swarm UAVs is essential to enhance their performance. UAVs
can overcome the limitations of terrestrial systems in terms
of accessibility, speed, and reliability in surveillance, making
them valuable for reconnaissance purposes [3], [4]. The
effectiveness of swarm UAVs depends on the extent to which
the capabilities and actions of individual UAVs in the swarm
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are synchronized. However, swarm UAVs cannot outperform
a single UAV without proper control strategies and decision-
making methods.

UAVs face various challenges, such as collisions and issues
at temporal, spatial, and task levels within a swarm, making
it difficult to complete tasks efficiently [5]. Effective coor-
dination and autonomous control are essential among UAVs
in the swarm when performing surveillance in unknown or
uncertain environments. Biological swarm behavior algo-
rithms have proven to be effective for coordinating and
autonomously controlling UAVs in swarms, especially in
unknown or complex environments [6].

Swarm behavior can be inspired by natural phenomena,
complex swarm behaviors observed in various aspects
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of nature, or objects with different characteristics. A bio-
logical swarm not only moves in a coordinated and
orderly manner but also responds to external impacts.
Biological swarm intelligence arises from diverse intel-
ligent behaviors and characteristics of distribution and
self-organization. Various swarm intelligence algorithms
inspired by natural and mechanical phenomena have been
proposed, including particle swarm optimization (PSO) [7],
ant colony optimization (ACO) [8], penguin search optimiza-
tion algorithm (PeSOA) [9], genetic algorithm (GA) [10],
firefly algorithm [11], and gravitational search algorithm
(GSA) [12]. Recently, optimization techniques based on
swarm algorithms have been employed to address complex
optimization problems, including swarm robotics, telecom-
munications, and image processing [13].

UAV reconnaissance based on swarm UAVs has also
been investigated to improve performance by using multiple
UAVs [13], [14], [15], [16], [17], [18], [19]. Multiple
swarm-based UAV reconnaissance approaches were pro-
posed to overcome the limitations of a single swarm [15],
[16], [17], [18], [19]. Probabilistic and altitude-based UAV
reconnaissance was conducted to explore multiple parts of the
search area simultaneously for known targets in [15], [16],
[17], and [18]. Known targets refer to scenarios where the
environment and target positions are predefined for the UAVs.
Usman et al. proposed a UAV reconnaissance technique using
a hybrid algorithm in [19]. Their hybrid algorithm for known
targets combined PSO and penguin search optimization
algorithms. Other researchers assumed that the positions of
all targets were known before searching [9], [10], [11], [12],
[13], [14], [15], [16], [17], [18], [19]. Under this assumption,
the primary goal of these studies was to minimize the search
time for known targets using different algorithms. However,
this assumption is not practical, as the positions of the targets
and the nature of the environments are not necessarily known
to the swarm. This highlights the need for reconnaissance
techniques that dynamically adapt to unknown environments,
which is addressed in our proposed technique.

An unknown target implies that UAVs lack prior
knowledge of the environment and the target’s position.
Consequently, swarm-based UAV reconnaissance for detect-
ing unknown targets becomes a more viable solution,
as the target’s location and environment are typically
unknown to the swarm in practical scenarios. Cai and
Yang introduced a PSO approach for detecting obstacles
in unknown environments using the cooperative behavior
of multiple robots [20]. However, their work did not
propose any technique for detecting unknown targets.
In another study, Li et al. aimed to detect targets using a
swarm of robots in an unexplored environment [21]. They
developed a hybrid search algorithm that combined a random
search algorithm with a dynamic PSO (DPSO) algorithm.
The entire search area was divided into sub-regions to
enhance performance, while the authors claimed that the
environment was unknown. The division of the search
area into predefined sub-regions suggests that some prior
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knowledge of the environment was assumed. Furthermore,
a bean-optimization-based cooperative method for target
detection by swarm UAVs in unknown environments was
proposed by Zhang and Ali [22]. However, this study did
not evaluate the search time or coverage area concerning the
number of optimization iterations, which are critical metrics
for practical applications.

The primary challenges in previous swarm-based UAV
reconnaissance schemes lie in detecting targets in unknown
environments within minimal time and computational
resources. This is particularly critical, as UAVs have limited
computational power and battery capacity [2], [3], [4], [23].
These constraints underscore the need for -effective
swarm-based UAV reconnaissance techniques that can
efficiently detect targets in unknown environments while
minimizing search time.

One of the key advantages of swarm reconnaissance is
the ability of multiple UAVs to explore different areas
simultaneously, significantly increasing the coverage area
and reducing the time required to locate an unknown target.
Furthermore, UAVs can dynamically adapt their search
patterns in response to obstacles or new data, making them
highly effective in uncertain conditions. By distributing the
search load, individual UAVs can optimize their energy
consumption, which extends their operational time. Addition-
ally, swarm reconnaissance can handle multiple objectives
simultaneously, such as obstacle avoidance, mapping, and
target detection, making it a versatile and practical solution
for target detection in unknown environments.

Il. MOTIVATION AND CONTRIBUTIONS

Motivated by the aforementioned challenges, this study
proposes a swarm-based UAV reconnaissance scheme using
the gravitational search algorithm (GSA). GSA variants have
been developed to address specific optimization challenges,
such as GSA combined with PSO, quantum GSA, binary
GSA, multimodal GSA, and multi-objective GSA. Agents
or problem variables can be represented in different forms,
with the most common types being continuous (real-valued),
binary-valued, discrete, and mixed representations. Different
GSA variants have been designed to accommodate these
representations, enabling the algorithm to tackle a wide range
of problems effectively. Similarly, optimization problems
are often categorized based on their objective functions,
such as constraint-based, multimodal, and multi-objective
problems. GSA variants have been specifically developed to
solve these types of issues, demonstrating the algorithm’s
versatility and adaptability in addressing diverse optimization
challenges [24].

The proposed scheme adopts the conventional GSA to
assess its feasibility and performance for searching unknown
targets. Additionally, previous studies have not thoroughly
analyzed the required number of search iterations and the
coverage area, considering the number of iterations used
to detect unknown targets. To address this research gap,
the proposed scheme is applied to search for unknown
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TABLE 1. Comparitive analysis of the existing UAV-based target search techniques.

Literature | Search Algorithm No. of UAVs | No. of Targets | Target Location
[14] DPCHA Swarm l\%ultlple Known
argets
[15], [18] THPTSA Two UAV’s 1\%“1“1’16 Known
argets
. Single
[16], [17] IRST Single UAV Target Known
[19] PSO & PeSOA Swarm h%“luple Known
argets
[20] PSO Swarm h%“ltlple Known
argets
Hybrid Multiple
(21] (DPSO & Random) ekt Targets Unknown
Pgoposed GSA Swarm Multiple Unknown
ystem Targets

targets, providing a detailed performance evaluation and
demonstrating its effectiveness in overcoming the identified
challenges. For this study, the authors have selected the
traditional GSA to establish a baseline for feasibility and
performance comparison. The traditional GSA is chosen
due to its simplicity, robustness, and proven ability to
effectively balance exploration and exploitation in dynamic
search spaces like unknown environments. By focusing on
the conventional GSA, we aimed to ensure that the results
remain generalizable and not influenced by the complexities
of specific variants. The performance benefits demonstrated
in this study highlight the foundational strengths of GSA,
providing a platform for future work to explore advanced
variants in more complex scenarios.

Importantly, GSA enables the specification of four key
parameters for each mass (agent): position, inertial mass,
active gravitational mass, and passive gravitational mass. The
position of a mass corresponds to a potential solution to the
problem, and a fitness function is used to determine the grav-
itational and inertial masses [25], [26]. This mass represents
the optimal solution in the search space. Furthermore, the
GSA is founded on the principles of Newtonian gravitation
and motion [25], [26], where the gravitational force is
directly proportional to the mass. These properties make GSA
suitable for swarm-based UAV reconnaissance in searching
for unknown targets. Additionally, the conventional random
search algorithm and a hybrid algorithm are compared with
the proposed GSA-based swarm reconnaissance scheme.
While other conventional reconnaissance schemes, such as
PSO, are effective for searching known targets [7], [8], [9],
the hybrid and random search algorithms are better suited for
detecting unknown targets.
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Notably, the hybrid algorithm, consisting of random
search and DPSO, requires fewer iterations than the random
search algorithm to locate unknown targets [21]. For a
comprehensive evaluation, both the hybrid and random search
algorithm-based UAV reconnaissance schemes are compared
with the proposed GSA-based scheme.

Furthermore, the main contributions of this work are
summarized as follows:

o« GSA swarm-based UAV reconnaissance to search
multiple unknown targets is proposed. Additionally,
different GSA-based search strategies are developed to
investigate the performance of the proposed GSA-based
unknown target(s) search scheme.

« Two-dimensional (2D) model is analyzed based on the
simulation results to examine the proposed scheme’s
feasibility and superiority over conventional search
schemes for multiple unknown targets.

o The performance is analyzed in terms of the number of
iterations with respect to the number of targets and the
coverage area with respect to the number of iterations.

o The performance of the proposed scheme is compared
with the conventional swarm-based reconnaissance
schemes, which are suitable for searching unknown
targets (e.g., hybrid and random search algorithms).

Ill. COMPARITIVE ANALYSIS WITH THE EXISTING
LITERATURE

Many research studies are currently being conducted to
optimize target detection by using a swarm of UAVs.
Probabilistic and altitude-based UAV reconnaissance was
performed to explore multiple parts of the search area
simultaneously for targets in unknown environments, with
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FIGURE 1. System model of proposed GSA swarm-based UAV reconnaissance.

target locations that were predefined to the UAVs [15], [16],
[17], [18]. A dual-pheromone clustering hybrid approach
(DPCHA) was proposed in [14] for swarm-based target
detection along with map coverage and network connectivity.
Later, an improved hierarchical probabilistic target search
algorithm (IHPTSA) based on the collaboration of UAVs at
different altitudes was proposed in [15]. A wide field of an
infrared search system (IRST) was proposed in [16], [17]
that detects the targets through the infrared radiation differ-
ences between the target and its background. Usman et al.
proposed a UAV reconnaissance technique using a hybrid
algorithm. The hybrid algorithm for known targets consisted
of using particle swarm optimization (PSO) and penguin
search optimization algorithms [19]. A number of studies
assumed that all the locations of targets are known prior to
the search [9], [10], [11], [12], [13], [14], [15], [16], [17],
[18], [19]. Under this assumption, the main purpose of these
investigations was to minimize the search time of known
targets with different algorithms. However, the assumption
that the target positions are known is not feasible in a practical
scenario.

Another study was performed by Li et al. to detect targets
using a swarm of robots in an unknown environment [21].
They proposed a method to improve the target detection
performance using a hybrid search algorithm. This algorithm
was built by combining a random search algorithm and a
dynamic particle swarm optimization algorithm (DPSO), and
the entire area was divided into different sub-regions. The
sub-regions were described to the swarm, which means that
the environment was known to the swarm. Moreover, there
are some vision-based reconnaissance techniques previously
proposed in [27], which are almost overtaken by the recent
reinforcement learning [28] and neural networks [29] based
techniques in UAV systems. A comparative analysis of the
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existing UAV-based target search techniques is provided
in TABLE 1.

Conclusively, the main challenges associated with
swarm-based UAV reconnaissance are unknown target
detection within a minimum time, reducing the number of
iterations, and maximizing the convergence area because
UAVs have limited computational power and battery
capacity [2], [3], [4], [21], [27], [28], [29]. Effective multiple
swarm-based UAV reconnaissance is required for target
detection in an unknown environment with minimum search
time, reduced iteration, and maximum coverage area to
address these shortcomings.

IV. PROPOSED GSA SWARM-BASED UAYV
RECONNAISSANCE SYSTEM

This section describes the GSA swarm-based UAV reconnais-
sance scheme for searching and detecting unknown targets
in an unknown environment. The proposed system model to
detect unknown targets is shown in FIGURE 1. This model
uses a swarm of UAVs based on GSA to detect unknown tar-
gets in unknown environments. Each UAV can communicate
using long-range wireless communications. The challenging
part of the system model is to successfully detect all of the
targets in an unknown environment within a short period and
with fewer iterations by the swarm. Initially, when the UAV's
are deployed in the proposed GSA swarm-based UAV recon-
naissance, they find the first target based on the searching
strategy. Whenever any UAV within the swarm detects any
target, that UAV broadcasts the target’s location to the other
UAVs within the swarm through a long-range communication
system. Because UAVs are considered to be swarms, they
can communicate and create strong connections with one
another. A fitness function is calculated after the detection
of the first target. The GSA-based tactics necessary for
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performing this fitness function are discussed in the following
section.

A flowchart of the proposed scheme demonstrates the
working mechanism of the proposed GSA-based algorithm
in FIGURE 2. The proposed search scheme consists of
three major phases. The search area and the number of
UAVs are determined in the first phase of the scheme.
The swarm is formed in this part based on the GSA in
an unknown environment with the total number of UAVs.
Moreover, information about the search area, battery status,
and detected target locations are exchanged among the
UAVs of the swarm in this phase. The second phase shows
the searching strategy in an unknown environment using
the GSA and detects the location of the unknown targets,
as shown in FIGURE 2. Finally, the search task and the
return-to-base policy are determined after completing their
surveillance of the entire area in the last phase. Table 2
presents the symbols and their descriptions as used in this

paper.

A. GSA SWARM-BASED SEARCH STRATEGIES

Based on the GSA, the swarm of UAVs is formed. The swarm
explores the whole search area independently. Moreover,
each UAV inside the swarm is searching for the target within
the search area corresponding to the swarm. A target is
considered to be detected if any UAV in the swarm is able
to catch it. The proposed scheme generates an initial total
population of N masses or UAVs, with the position of each
mass defined by the following equation as [22], [25], [26],
and [30]:

1 .2 d
Xi:(-xjsx[7-"7-xi1"'a-xin)9 (1)

where i = {1,2,....,N} and N are the number of UAVs in
different swarms in the case of the GSA swarm-based UAV
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TABLE 2. Symbols and their descriptions.

[ Symbol [ Description

N Total number of UAVs
X; Position of UAV
fit Fitness of i UAV or mass
G Gravitational constant
best Best fitness
worst Worst fitness
m; Gravitational Mass
M; Inertial Mass
ve Velocity of i"* UAV
af Acceleration of i UAV
F! t" Force that acts on i UAV in dimension d
F [7 Force acting on i UAV from j* UAV
m'p payload mass
r lift-to-drag ratio
power transfer efficiency of the motor and
propeller
P power consumption of electronic circuit

reconnaissance scheme. The fitness of each UAV or mass
is calculated by the following equation:

fiti(iter) = (x;(iter) — xp(iter))z, 2)

where x; represents the position of the UAV and x,, represents
the position of the random destination point after the initial
deployment. Assume that the targets are detected by the UAV
sensor/camera. In the simulation case, whenever any target is
in the range of a UAV in a swarm, it is encircled, as shown
in FIGURE 4. And then that target is considered as a detected
target [32].

1) BEACON-BASED GSA

A beacon-based GSA is proposed to consider a realistic
scenario where information on the disaster/surveillance area
is provided as a GPS position for UAV reconnaissance.
In this search strategy, a single random position in the
vicinity of the targets is given as a beacon signal, which
in the real-time search can be considered as a highly
compromised or high-priority disastrous area, as shown
in FIGURE 3(a). The beacons are randomly generated in
the area, and the targets are assumed to be in the vicinity
of the beacons. It can be a single beacon in semi beacon-
based strategy, and multiple beacons in a fully beacon-based
strategy.

In the fully beacon-based strategy, each target has an asso-
ciated beacon position. The beacon positions are assumed to
be available with a high level of accuracy, corresponding to
GPS coordinates. Specifically, we generate these positions
randomly within a 100-meter square around the true target
position for simulation purposes. This simulates the realistic
uncertainty in GPS systems while maintaining proximity to
the target. These beacon positions significantly influence the
search process as they guide the swarm to focus on areas
near the beacons, thereby limiting the exploration area and
increasing efficiency.

In contrast, the semi-beacon-based strategy assumes only
one beacon position is provided for all targets rather than
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FIGURE 3. Different types of GSA based search techniques for unknown targets detection.

a dedicated beacon for each target. This single beacon acts
as a starting reference for the swarm’s search. Consequently,
the swarm must explore a much larger area to detect targets,
as the swarm does not have localized beacon information
for each target. It increases the number of iterations
required for target detection but allows for broader area
coverage.

In the fully beacon-based strategy, the availability of
accurate and localized beacon positions ensures that the
swarm operates primarily near the beacons, reducing the
search area and iterations required for target detection. This
represents an ideal case where beacon positions provide
precise guidance for the swarm.

In the semi-beacon-based strategy, the single beacon
position serves as a general reference point. The swarm
must subsequently rely on its search algorithms to cover
the broader area systematically. This results in increased
exploration and iterations but enables detection across the
entire search area, demonstrating the system’s adaptability in
scenarios with limited beacon availability.

For the fully beacon-based strategy, the “random genera-
tion” of beacon positions refers to the simulation of GPS-like
coordinates. Specifically, for each target, a random position
is generated within a 100-meter square around the true
target location. This square simulates the area of uncertainty
typically associated with GPS readings, ensuring that the
simulated beacon positions realistically reflect the variability
of GPS accuracy.

For the semi-beacon-based strategy, the single beacon
position is generated randomly within the search area.
This single beacon serves as a fixed point for all targets,
emphasizing the challenge of limited beacon availability and
the need for robust search algorithms.

Instead of searching the whole area, the swarm directly
goes towards the beacons and then explores the area around
the beacon to detect the accurate position of the target, which
is unknown. The fitness function for this scenario is:

fiti(iter) = (x;(iter) — xb(iter))z, 3)
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where x; is the UAV position and x; indicates the position of
a beacon.

2) PATTERN-BASED GSA

For this scenario, the swarm searches the whole area
randomly based on a pattern to minimize the search time.
The random points are generated at the corners of the search
area, as shown in FIGURE 3(b). The random position is
updated once a target is detected. The fitness function for this
scenario is:

fiti(iter) = (xi(iter) — x,(iter))?, 4)

where x, is the next destination position of a pattern-
based GSA.

3) RANDOM SEARCH

In this case, the swarm searches the whole area, but the
search is random. It does not follow any specific pattern
and generates a random position at each destination point.
Due to random behavior, it sometimes covers the whole area
and sometimes leaves some targets undetected, as shown
in FIGURE 3(c). In this case, the fitness function is
given as:

fitiliter) = (x;(iter) — x,(iter))?, 5)

where x; is the next random point.

After calculating the fitness function according to any of
the above search strategies, the gravitational constant can be
calculated as follows:

G(lter) — GO *e(—ﬁ*iler/itermax)’ (6)

where Gy is the value of the gravitational constant at the first
iteration, itery,q, is the maximum number of iterations, and 8
is a constant (8 > 1). The best and worst-case fitness values
of each UAV are calculated using the following equations for
the minimization problem:

best(iter) = minfit;(iter), 7)

worst(iter) = maxfiti(iter), )
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where j € {1,..., N}. Moreover, the mass of i" UAV is

updated using (6) and (7)

fiti(iter) — worst (iter)

best(iter) — worst(iter)’
m;(iter)

Z;VZI mj(iter) 7

where m; represents the gravitational mass and M; represents
the inertial mass. The velocity of i UAV can be expressed as
following equation [22], [25], [26], [30]:

mj(iter) =

©))

M;(iter) = (10)

vi(iter 4 1) = randv (iter) + a (iter), (11)

where rand; returns a random number from the interval {0,1}.
Moreover, the acceleration of mass i UAV (afl) with
the application force F;? depends on its corresponding
force (F, id ) and mass (M;). The acceleration (¢;) of i"" UAV
can be expressed as follows:
dy»
a (iter) = M (12)
M;(iter)

Here, it should be noted that the velocity and acceleration
values depend on the search algorithm and can be distinct
for two different algorithms at each iteration. Furthermore,
the position (x;?) of i UAV is updated using the following
equation:

xd(iter + 1) = x;(iter)? + v (iter + 1), (13)

To give a stochastic characteristic to the GSA algorithm,
it is considered that the total force F, id acts on i UAV in
dimension d. Where d is a randomly weighted sum of i com-
ponents of the forces exerted by another UAV [22], [30].
Random weighting in the velocity update introduces stochas-
ticity, which is critical for exploring unknown environments.
The weighting ensures that UAVs do not converge prema-
turely, enhancing their ability to detect targets in complex
search areas.

The performance comparison details of the strategies given
above are discussed in the simulation results section.

V. SIMULATION RESULTS

This section analyzes the results of three cases for the
proposed GSA swarm-based searching scheme and com-
pares these results with existing algorithm-based searching
schemes using MATLAB simulation. Table 3 lists the
parameters that are used to conduct the simulation.

The total number of iterations and coverage area with
respect to the number of iterations are analyzed. The follow-
ing methods for detecting targets in an unknown environment
are compared: DPSO, random search algorithm, and GSA
swarm-based UAV reconnaissance methods. A 2D model is
considered with some specified search area of 250 x 250.
Moreover, the target detection process in an unknown 2D
environment of the proposed scheme is shown in FIGURE 4.
The other parameters n = 0.5, m, = 2,r = 3,p = 0.1,
B = 2,and N = {5,7,9} are considered to allow a fair
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TABLE 3. Simulation parameters.

Parameter Values
Power Transfer
Efficiency of the
Motor and
Propeller, (1)
Payload mass
(mp)

Lift to drag
ratio (r)
Power Consumption
of Electronic Circuit 0.1
(P)

Total Number of
UAVs (N)

0.5

5,7,9

comparison of the proposed scheme with conventional search
schemes [31].

A single swarm is first considered in an unknown environ-
ment for the GSA swarm-based UAV reconnaissance from
the base (0,0). The initial exploration process by a swarm
of UAVs using GSA swarm-based UAV reconnaissance is
shown in FIGURE 4. The search environment is divided
into an area of size 250 x 250, where the 1 square
represents 0.1 km [21]. Three targets are placed in the area
unknown to the swarm. Whenever a target is detected by any
of the UAVs of the respective swarm within its search area,
the detected targets are marked by larger circles, as shown
in FIGURE 4. The swarm searched and detected the targets
based on the GSA swarm-based UAV reconnaissance. All
unknown targets are marked by stars, and the detected targets
are marked by larger circles in FIGURE 4.
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FIGURE 4. GSA swarm-based UAV reconnaissance for 250 x 250 area.

By utilizing the GSA swarm-based UAV reconnais-
sance, all targets are successfully detected by the swarm,
as shown in FIGURE 4. The path traces of GSA
swarm-based UAV reconnaissance strategies are shown
in FIGURES 5-8. In FIGURE 5, three different path traces
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FIGURE 5. Semi Beacon-based GSA.
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FIGURE 6. Fully Beacon-based GSA.

of semi-beacon-based GSA are shown where only a single
beacon in a red circle can be seen, which helps in detecting
the targets.

In FIGURE 6, a fully beacon-based GSA is shown with
multiple beacons. The difference between semi-beacon-
based and fully beacon-based path traces can be clearly
observed. Fully beacon-based is the ideal case, and the swarm
only visits the area near beacons. However, semi-beacon-
based UAVs cover most of the search area and detect targets in
more iterations than fully-beacon-based UAVs. In FIGURE 7,
pattern-based search traces are shown, which do not have
beacons but provide almost similar coverage and detect
all the targets. Furthermore, the random search is shown
in FIGURE 8, which sometimes takes a few iterations and
sometimes takes much longer than the rest of the strategies.
Therefore, the number of iterations with random search is
higher than the other search strategies with less coverage,
leaving some of the targets undetected.

FIGURE 9, 10, and 11 show the iteration comparisons
for the proposed GSA swarm-based UAV reconnaissance
operating in an area of 250 x 250 (for N = 7). The
proposed scheme required less time to detect the targets
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in an unknown environment because the GSA algorithm
required fewer iterations than other algorithms. FIGURE 9
compares the number of iterations required by various
search algorithms to locate targets in a 250 x 250 area.
The fully beacon-based GSA consistently demonstrates the
lowest number of iterations across all scenarios, showcasing
its efficiency in convergence. The semi-beacon-based GSA
and pattern-based GSA perform moderately well, but their
iteration counts increase notably with additional targets,
indicating slightly slower adaptability. On the other hand,
random search exhibits the highest iteration counts, particu-
larly for three targets. It requires almost 67% more iterations,
reflecting its inefficiency due to the absence of guided
exploration.

Moreover, FIGURE 10 illustrates that the number of
iterations varies due to the different numbers of UAVs in
the proposed beacon-based scheme. According to the GSA
algorithm, a higher number of UAVs in a swarm takes fewer
iterations to detect all the targets successfully in an unknown
environment. Hence, the higher number of UAVs in the
GSA-based swarm provides fewer iterations than a lower
number of UAVs.
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FIGURE 9. Comparison of number of iterations for an area
sized 250 x 250.

Furthermore, FIGURE 11 compares the number of
iterations required for different search areas, namely
100 x 100, 250 x 250, and 500 x 500. The results
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FIGURE 10. Comparison of number of UAVs in a swarm w.r.t. number
of iterations for an area sized 250 x 250.

demonstrate that the proposed GSA swarm beacon-based
UAV reconnaissance schemes achieve maximum cover-
age across varying search areas, successfully detecting
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all targets while requiring fewer iterations compared to other
schemes.
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FIGURE 11. Comparison of coverage area with respect to number of
iterations for different search areas.

The fully beacon-based GSA outperforms other methods,
requiring the fewest iterations across all search areas. As the
search area increases, the iteration counts for all methods
rise, but the Fully Beacon-based GS A maintains its efficiency.
The semi-beacon-based GSA and pattern-based random GSA
exhibit moderate performance, with their iteration counts
increasing significantly in larger areas. Random search is the
least efficient, especially for the 500 x 500 region; it requires
almost 70% more iterations than fully beacon-based GSA.
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FIGURE 12. Comparison of the proposed GSA with existing search
techniques.

Lastly, the comparison of the proposed GSA with the
existing search strategies shows its effectiveness over the
hybrid, DPSO, and random search techniques in FIGURE 12.

VI. CONCLUSION

This paper presents a GSA swarm-based UAV reconnaissance
scheme for multiple target detections in an unknown environ-
ment. The performance of the proposed scheme is analyzed
in terms of the number of iterations and coverage area and
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compared with the other conventional UAV reconnaissance
schemes. Additionally, different GSA-based search strategies
are developed to investigate the performance of the proposed
scheme. The simulation results show that the proposed GSA
swarm-based UAV reconnaissance scheme requires signifi-
cantly less search time and fewer iterations than the DPSO
and random search-based UAV reconnaissance schemes to
detect targets successfully in an unknown environment.
Moreover, the proposed scheme requires significantly fewer
iterations for maximum coverage than the other schemes to
detect targets in an unknown environment.

In the current work, the authors have implemented and
analyzed a GSA swarm-based UAV reconnaissance scheme
in a two-dimensional (2D) environment. This is chosen as
an initial step to validate the feasibility, effectiveness, and
efficiency of this algorithm under controlled conditions. Real-
world UAV operations often occur in three-dimensional (3D)
spaces, where vertical movement is critical in expanding
the search area and improving target detection capabilities.
The authors intend to extend the work to 3D environments
in future research. Moreover, developing advanced obstacle
avoidance strategies using sensor integration and real-time
environmental mapping can enhance the reliability of the
GSA-based UAV reconnaissance system in more complex
and dynamic environments. Furthermore, obstacle detection
while searching for the UAV’s target can be considered
a future work of this paper. Combining GSA with other
metaheuristic algorithms, such as genetic algorithms or ant
colony optimization, could lead to improved performance in
terms of search efficiency and computational cost.
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