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Affected by the complex environment and the destruction of communication infrastructure in the disaster-stricken area, it has
brought great challenges to the search and rescue team. The use of small unmanned aerial vehicles (UAVs) for search tasks
can minimize casualties. Therefore, in order to avoid any possible collision and search for unknown targets in the shortest
time, it is necessary to design a multi-UAV cooperative target search strategy. In this paper, we analyze the unknown target
search problem of multi-UAVs under random dynamic topology and propose an adaptive target search strategy based on the
whale algorithm. First of all, each UAV detects the environmental information of its current area and uses the probability map
search algorithm to gain the target existence probability map in the task area. Then, the whale optimization search method of
shrinking circle or spiral is selected to update the position of the UAV to continuously approach the target. Finally, the
obstacle avoidance strategy based on artificial potential field is designed to solve any collision problems that may be
encountered during the flight of UAVs. Simulations on multi-UAVs target search in different scenarios show that compared
with the whale optimization algorithm, the proposed algorithm can reduce the search time by 43.1% and the total path cost by
18.1%, and it is also superior to the advanced metaheuristic optimization algorithms such as PSO and GWO.

1. Introduction

Due to its high flexibility and autonomy, UAVs can perform
surveillance and search tasks in complex environments,
especially in postdisaster search and rescue scenarios [1].
In search and rescue missions, to locate the missing target
is usually unclear, and it is important to complete the rescue
mission 72 hours after the disaster [2]. In the traditional
search method, rescuers are scattered in all mission areas,
which is inefficient and dangerous. Compared with tradi-
tional search methods, a postdisaster rescue based on
multi-UAV search is an effective method. However, the for-
mer is more challenging. Due to the complexity and
unknowability of the environment, solving the problem of
crashes between UAV and UAV and UAV and obstacles
during the flight has also become the key to the safe execu-
tion of multi-UAVs.

UAV path optimization is a global optimization problem
[3], which aims to increase the performance indicators dur-
ing the entire mission execution, including search likelihood
and search time. At present, there are many methods to
solve the problem of multi-UAV collaborative search, which
are mainly divided into two categories. One is the graph
search method based on sampling. The second is the meta-
heuristic optimization method based on swarm intelligence.

First, the graph search method based on sampling
divides the search space into grids or hash points and
expands feasible planning paths through different search
mechanisms. For example, A star algorithm, Probabilistic
Road Map (PRM), and Voronoi diagram search algorithm,
Song et al. [4] proposed a sparse A∗ search algorithm, which
can be applied to the obstacle avoidance scenarios in a com-
plex environment and can effectively avoid threats and real-
ize the search and monitoring of targets in the task area. In
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order to make up for the disadvantages of traditional UAVs
that take a long time to perform tasks and poor stability, Cai
et al. [5] proposed a path planning strategy based on the
improved A∗ algorithm, which improved the efficiency of
UAV missions. Probabilistic Road Map (PRM) is a path
planning algorithm based on random sampling strategy
[6], which can solve the problem of difficulty in constructing
effective paths in high-dimensional space. However, this
algorithm requires a large amount of sampling data, which
leads to increased calculation time and reduced efficiency.
Farooq et al. [7] proposed a collision-avoidance UAV for-
mation reconstruction and probabilistic roadmap navigation
algorithm which complete UAV path planning with obstacle
avoidance function. Xu et al. [8] proposed a dynamic explo-
ration planner (DEP) based on incremental sampling and
PRM to explore unknown environments. PRM allows DEP
to quickly search for paths and avoid obstacles for safe
exploration. In order to solve the path planning problem of
multi-UAV searching for multiobjective, Chen et al. [9] used
the Voronoi diagram to create the task area scene, prelimi-
narily determined the cost of total path, and then planned
the optimal path of multi-UAVs by setting up a path solving
framework. To reduce the energy consumption of UAV and
prolong its service life, Baek et al. [10] proposed a UAV
route algorithm based on Voronoi diagram to provide a hov-
ering position for UAV with low computational complexity.
Then, the hovering position of each UAV was adjusted in
turn according to the sensor energy state to obtain the
optimal UAV route.

These algorithms mentioned above can solve the conven-
tional path planning problem well. However, with the increas-
ing complexity of the task environment in which UAVs are
found, the requirements for the calculation and execution time
of the algorithm are also getting higher and higher.

Second, the metaheuristic optimization method is a
commonly used method in solving path planning problems,
because these algorithms not only have strong robustness
and good generalization but also can find possible solutions
that meet the requirements in a short time. In these algo-
rithms, the path planning task is regarded as a complex opti-
mization problem, which is solved by intelligent algorithms
such as particle swarm optimization (PSO) algorithm, ant
colony optimization (ACO) algorithm, and gray wolf opti-
mization (GWO) algorithm. PSO is one of the commonly
used heuristic optimization algorithms in path planning,
but it is easy to fall into local optimization. To solve this
problem, Gou and Li [11] proposed a PSO algorithm based
on inertia weight of logistic function. This algorithm has fast
execution speed and good global optimization ability. But as
the number of UAVs increases, its search accuracy will
decrease accordingly. Therefore, Sánchez-García et al. [12]
proposed a path planning algorithm based on Distributed
Particle Swarm Optimization (DPSO) to achieve the needs
of fast convergence and precise search. However, this algo-
rithm cannot achieve a satisfactory result when the target
location is unclear and there are too many obstacles in the
disaster area. Zhen et al. [13] used a hybrid artificial poten-
tial field and ant colony optimization (HAPF-ACO) method
to search for targets in an uncertain environment and

constructed the target attraction field and threat repulsive
field, which improved the global search ability of UAVs.
This scheme has advantages in task execution efficiency
and collision avoidance performance, but it is not suitable
for emergency environment because of high time cost. Liu
et al. [14] improved the ant colony algorithm and designed
a multi-UAV path planning algorithm to avoid the problem
of slow optimization. But the algorithm ignores the energy
waste problem when multiple drones repeatedly search the
same area. Jarray and Bouallègue [15] proposed a method
based on GWO for flight path planning of UAVs to ensure
destination arrival and obstacle avoidance, whereas this
method has slow convergence speed and high overhead.
For this reason, Liu et al. [16] proposed a whale optimization
algorithm, which improved the global search ability of WOA
by introducing adaptive weights and nonlinear convergence
factors. This method improves the ability of UAV to adapt
to complex map and provides a new idea for solving the
problem of UAV path planning. But this method is aimed
at the known target search problem and does not consider
the case of unknown target search. In recent years, deep
reinforcement learning has been widely used in path plan-
ning scenarios. For single UAV path planning problem, Li
et al. [17] proposed a trajectory planning algorithm based
on deep reinforcement learning (DRLTP), which gradually
learns the best value by training a deep neural network on
the UAV to optimize the flight trajectory in real time. For
multi-UAV path planning problem, Yu et al. [18] proposed
an extended deep deterministic policy gradient (DDPG)
algorithm to learn the control strategy of UAV in target
search, which solved the problem of target assignment and
path planning for multi-UAVs in complex environments.
Nevertheless, the data sampling efficiency of the DRL
algorithm is not ideal, and it is difficult to be competent
for rescue tasks in emergency scenarios.

Motivated by this, we propose an adaptive search strat-
egy based on a whale optimization algorithm (ASWOA)
for multi-UAVs to quickly find lost persons in disaster sce-
narios with less energy consumption. Figure 1 clearly shows
how the ASWOA is related to path planning. In particular,
in the first stage, we establish the whale optimization algo-
rithm (WOA) and add the obstacle avoidance strategy. If
the position of a UAV updated by the whale algorithm is
within an obstacle area, the obstacle avoidance strategy will
be executed to ensure that the UAV will not collide with
the obstacle. Since the target position is unknown, the tradi-
tional method of using the distance between the current
position of the UAV and the target position as the fitness
function is not appropriate. Therefore, in the second stage,
we introduce the target probability strategy. Since the UAV
flying over the task area has a certain range of sight, the
closer it is to the target, the greater the target existence rate.
Otherwise, the smaller the target presence rate. We restrict
the flight direction of multi-UAVs in the third stage to avoid
invalid search. When there is no target in an area unit
searched by a UAV, the area unit is marked. The more times
the target is marked, the lower the probability of the target
appearing in this area unit. Since multi-UAVs are intercon-
nected, other UAVs will no longer fly towards this area unit.
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Based on the above discussion, we consider the compre-
hensive design factors (e.g., the success rate of target searching,
the search time, and the cost of repeated search paths) and
propose the ASWOA of multi-UAVs for unknown target
searching. Through our algorithm, the success rate of multi-
UAVs for searching the unknown target has been significantly
improved. The contributions of this work are as follows:

(i) The obstacle avoidance strategy based on virtual
forces is used to improve the flight safety of multi-
UAVs and reduce repeated paths and energy
consumption

(ii) The probability map search strategy is used to update
the probability of the target existence in the task area
to improve the search ability of the population

(iii) Adaptive inertia weight is introduced to balance the
convergence speed of the algorithm

(iv) The position adjacent to the UAV with the highest
target existence rate is selected as the optimal solution
to improve the convergence speed of the algorithm

The rest of the paper is organized as follows. Section 2 is
the description and modeling of the target searching prob-
lem by multi-UAVs and discusses the path planning strategy
based on the whale algorithm. Section 3 presents numerical
simulation results and performance comparison with other
algorithms and verifies the effectiveness of the proposed
algorithm. Lastly, the conclusion and future work are drawn
in Section 4 to close our paper.

2. Optimal Deployment of Multi-UAVs

2.1. System Model and Problem Formulation. In this paper,
N highly manoeuvrable UAVs are used to search for lost tar-
get in an unknown environment. The specific mission
requirements are as follows: in a complex mission environ-
ment, multi-UAVs need to avoid environmental obstacles,
form a reasonable formation, and find the lost target as soon
as possible to ensure the rescue team has enough time to
carry out a rescue mission. Each UAV is regarded as a par-
ticle moving in a three-dimensional space, which make
new action decision and find the target at every moment.
As shown in Figure 2, each quadrotor UAV can move in

eight directions, that is, it can move from the current cell
to the adjacent cell.

The mechanism of UAV for detection and data collec-
tion uses wireless communication technology [19, 20] or
artificial vision technology [21, 22] and transmits monitor-
ing information in a multihop manner [23]. The channel is
determined by the line-of-sight (LOS) link and non-line-
of-sight (NLOS) link [24]. Whenever a communication link
can be established between two UAVs, they will exchange
information about the best candidate. Lost in personnel
can help themselves to be found by sending out distress sig-
nals via smart devices such as phone. Although missing per-
sons can help themselves to be found by sending out distress
signals via smart devices such as phones, sometimes, these
devices cannot work or the communication base station is
damaged [25]. Therefore, in the paper, we consider using
multi-UAVs to search and rescue the lost person without
receiving any distress signal. The strategy of using multi-
UAV cooperative path planning mainly includes centralized
control structure and distributed control structure [26, 27].
In the former, since the communication between UAVs is
handled by a single control centre, the optimal deployment
of multi-UAVs based on global information can be realized,
but its expansibility is poor, and the calculation amount of
the central node increases exponentially with the increase
of the number of agents [28]. In the distributed control
structure, a single UAV can autonomously interact with
local information [29], which significantly reduces the
amount of calculation in each UAV node and has better flex-
ibility and expansibility. In consequence, compared with
centralized control, most researchers choose distributed con-
trol strategy for unknown environments. Similarly, the dis-
tributed cooperative control strategy is also used in this
paper to study the path planning of multi-UAVs.

The multi-UAV target searching model based on
distributed control structure is shown in Figure 3. We divide
a Hx ×Hy rectangular task area R into M cells and use
½gxj, gyj� to represent the position of cell ζj, where ½gxj, gyj�
∈R and 1 ≤ j ≤M. Obstacles are randomly distributed in
the task area and are represented by symbol Ο. The target
position is denoted by Τ = ½tx, ty�. The multi-UAVs are dis-
tributed over the task area, and we use ½uxi, uyi, uzi� to repre-
sent the position ofUAVi, where ½uxi, uyi� ∈R, 1 ≤ i ≤N,N is
the number of UAVs, hmin ≤ zi ≤ hmax, and hmin and hmax,

ASWOA algorithm

�e technical challenges of multi-UAVs path planning algorithm

Search for target in unknown locationsAvoid obstacles Reduce repeated searches for the same path

Introduce target probability strategy 

Build the fitness function

Add the obstacles avoidance strategy to
UAV position update process 

Establish WOA algorithm

Mark the searched area and constrain
the direction of UAV flight 

Update the velocity function

Phase 2 Phase 1 Phase 3 

Figure 1: Proposed ASWOA model process.
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respectively, represent the minimum and maximum flying
height of the UAV. In Figure 3, we also see that under the pre-
mise of a certain antenna beam width, the flying height of the
UAV is proportional to the coverage radius R, which can be
represented by Ri = uzi × tan θ, where θ is the cone half angle
of UAV. In this paper, the size of Ri is set to be half of the task
area cell.

2.2. The Adaptive Target Searching Strategy Based on Whale
Algorithm. The Whale optimization algorithm is a random
swarm intelligent optimization algorithm modeled by simu-
lating the predation mode of whales in nature. It uses indi-
vidual whales to update their own position and estimate
the position of the prey with a certain optimization strategy,
to achieve the optimal algorithm and convergence to the
optimal [30]. The strategy architecture of ASWOA is shown
in Figure 4, which mainly includes several modules such as
target probability graph module, fitness function module,
and obstacle avoidance module.

In this paper, each UAV is regarded as a whale in the
three-dimensional search space, so the ASWOA is a popula-
tion composed of N whales, and the position of the i whale is
½uxi, uyi, uzi,�. Each whale constantly updates its position on
the signals it catches to get closer to its prey.

2.2.1. Path Marking. In order to improve the task efficiency
of multi-UAVs and reduce the waste of energy caused by
the repeated searches of multi-UAVs in a certain area, we
have defined the concept of nontarget existence rate of
regional cell.

Definition 1. The nontarget existence probability ηðζjÞ of the
cell will increase if the position ζj of the area cell searched
by the UAV at a certain moment is not the position of
the target.

η ζj
� �

= ηj ζj
� �

+ 1, ζj ≠ Τ and ζj ∈ R −Οf g, ð1Þ

where ζj ∈ fR −Og denotes the nonobstacle area in the
task area. The larger the value of ηðζjÞ, the smaller the
probability of target existence in the area, and the UAV
should avoid searching this area.

In addition, we record the number of area cells that each
UAV has searched and the number of area cells that have
been repeated searches, so as to avoid too fast convergence
of UAV and provide constraints for UAV position updated

in the following ASWOA. The number of area cells SNi that
UAVi has searched and the number of area cells RPi that
have been repeated searches are calculated as follows:

SNi = SNi + 1, i ∈N , ð2Þ

RPi = RPi + 1, i ∈N , if uxi, uyi, uzi½ � ∈ Pathi, ð3Þ
where Pathi denotes the trajectory of the UAVi.

2.2.2. Obstacle Avoidance. In the problem of multi-UAV
path planning, once obstacles or other UAVs are pre-
dicted by the algorithm, the corresponding actions will
be taken through obstacle avoidance strategy to get rid
of potential threats.

(1) Collision Avoidance between UAV and Obstacle. We fit
the obstacles in the task area as a rectangle area with threat
values. If the UAV detects an obstacle in front of the flight,
it will retreat to its previous position.

UAVi t + 1ð Þ =
UAVi tð Þ, Ri ≥D UAVi,Οj

� �
,

UAVi′ t + 1ð Þ, else,

(

ð4Þ

where UAViðtÞ represents the position of UAVi at time t,
UAVi′ðt + 1Þ represents the position of UAVi at time t + 1
obtained by the ASWOA, and DðUAVi,ΟjÞ represents the
distance between UAVi and the obstacle Οj.

(2) Collision Avoidance between UAV and UAV. In addition
to the above obstacles affecting the flight safety of UAVs, the
distance between UAVs should also be considered during
the formation process; otherwise, it is easy to collide. We
adopt the virtual force strategy to adjust the flight direction
of the UAV to avoid disasters.

Definition 2. There will be a virtual repulsion between the
two UAVs if the distance between UAVi and UAVk is less
than the coverage radius of the UAVs.

In order to reduce the energy consumption of the multi-
UAVs, according to Figure 1 and Equation (1), we choose
the UAV with a few searching cells to move due to virtual
repulsion. For example, if SNi < SNk is satisfied, UAVi gen-
erates repulsive force Fik.

Fik = X −UAVi tð Þ, ð5Þ

whereX ∈ΗUAVi
and ηðΧÞ =min ðηðΗUAVi

ÞÞ,ΗUAVi
denotes

the set of adjacent position units of UAVi (as shown in
Figure 2), and X represents the position where the nontarget
existence probability is the lowest in the adjacent position unit
of UAVi, i.e., ηðΧÞ =min ðηðΗUAVi

ÞÞ.
2.2.3. Fitness Function Setting. As mentioned above, the
multi-UAVs need to avoid obstacles to find the target node.
The target is said to have been detected if the position of
UAV meets the following conditions.

① ② ③

⑤④

⑥ ⑦ ⑧

Figure 2: The direction of movement of the UAV.
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Definition 3. Τ is said to be found by UAVi if the two-
dimensional projection position of UAVi and the position of
the target Τ are less than or equal to the coverage radius Ri.

Di =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
uxi − txð Þ2 + uyi − txð Þ2

q
≤ Ri: ð6Þ

It is known that the choice of fitness function can directly
affect the convergence speed of the algorithm and the value of
the optimal solution. The principle of path selection for multi-
UAVs is to choose less repeated coverage route to find the
unknown target node and save the energy consumption of
multi-UAVs. We use the fitness function to evaluate the best

path of the UAV. According to Equations (1), (2), and (3),
we define the fitness function as

fitness =
λ1ω · exp η UAVi tð Þð Þ + 1ð Þ + λ2 log2

RPi
SNi + 1ð Þ

� �
+ 1

� �
, UAVi tð Þ ≠ Τ,

0, else,

8><
>:

ð7Þ

ω = 2τ
t + 1 ,

ð8Þ

where ω is called the adaptive inertia weight, which is used to
balance the convergence speed and exploration ability of the
ASWOA. λ1 and λ2 are constants, and λ1 = λ2. ηðUAViðtÞÞ
represents the search times of the current position searched
byUAVi. When the value of fitness function is 0, it means that
the UAV has found the target.

2.2.4. Position Update. The process of the ASWOA searching
for targets is divided into the development stage and explo-
ration stage.

(1) Development Stage. The UAV simulates a whale to pro-
duce a bubble network of shrinking circles to update its posi-
tion to gradually approach and surround the target. The
position update equation of the UAV is as follows:

Algorithm 1 ASWOA
Input: The UAV cluster UAV, task area R, obstacles set Ο
Output: Optimal paths for multi-UAVs Path
1 Initialize the UAV cluster UAV = fUAV1, UAV2,⋯, UAVNg and the task area set R = ζ ∪Ο
2 Calculate the fitness of each individual UAV according to Equation (6)
3 while t < τ do
4 for UAVi in UAV do
5 Update the values of parameters α1, α2, α3, β, Ai, l
6 if α1 < 0:5 then
7 if jAij < 1 then
8 Update the position of UAVi according to Equation (8) and Equation (9)
9 else if jAij ≥ 1 then
10 Update the position of UAVrand according to Equation (11)
11 Update the individual position according to Equation (10)
12 end if
13 else if α1 ≥ 0:5 then
14 Update the position of UAVi according to Equation (8)
15 end if
16 Determine whether the UAVi exceeds the task area
17 Implement obstacle avoidance strategy according to Equation (3) and Equation (4)
18 Add the current position of UAVi to the path set Pathi
19 Calculate the fitness of each UAV according to Equation (6)
20

Update the global optimal solution UAVbest
21 end for
22 end while
23 Return to the path planning of the UAV cluster

Algorithm 1: The ASWOA flow

IWOA

40

30

20

10

100 20 30 40
0

Iteration: 1

Goal
⨯

Figure 6: The scene of the multi-UAV path planning space.

6 Wireless Communications and Mobile Computing



UAVi t + 1ð Þ =
UAVbest tð Þ − Ai ·D1,i, α1 < 0:5,

D2,i · ebl · cos 2πlð Þ + UAVi tð Þ, α1 ≥ 0:5,

(

ð9Þ

where t is the current iteration number, UAVbest is the opti-
mal solution position, and α1 is a random variable between
½0, 1�. When α1 < 0:5, we choose a shrinking circle to sur-
round the target, as shown in Figure 5(c). D1,i = kCiUA
VbestðtÞ −UAViðtÞk is the contraction circle, and the values
of other parameters are shown in

Ai = 2βα2 − β,
Ci = 2α3,

β = 2 − 2t
τ
,

8>>><
>>>:

ð10Þ

where α2 and α3 are random variables between ½0, 1�
and τ represents the maximum number of iterations of
the algorithm.

In order to prevent the target from falling into the
local optimal by using only the shrink circle search strat-
egy, we use the logarithmic spiral search strategy to
expand the optimal solution when α1 ≥ 0:5, as shown in
Figure 5(b). In Equation (9), b is the constant of the log-
arithmic spiral shape, and l is a random variable between
½−1, 1�, so as to better search for the optimal solution space.
D2,i represents the length of the ith whale from the target,
and D2,i = kUAVbestðtÞ −UAViðtÞk is the distance between
the ith solution and the current optimal solution.

(2) Exploratory Stage. The position of the target in the whale
predation is known, but in the collaborative path planning of
multi-UAVs, the position of the target is unknown. In this
paper, the optimal solution obtained in each iteration is set
as the target position, and each UAV keeps approaching this
target. Ai ∈ ½−β, β�, the current whale randomly selects the
position of other whales UAVrand as the target position when
jAij ≥ 1, then the position update equation of the whale
UAVi at this time.

UAVi t + 1ð Þ = UAVrand tð Þ − Ai Ci · UAVrand tð Þ −UAVi tð Þk k:
ð11Þ

2.2.5. ASWOA for Multi-UAV Path Planning. After the above
description, Algorithm 1 provides the detailed implementa-
tion process of ASWOA for multi-UAVs path planning.

3. Simulation Analysis

Based on the ASWOA description, in the first part of this
section, we introduce the parameter setting of the proposed
algorithm in the simulation. Second, through the evaluation
and comparison of a series of simulation experiments, we
confirmed that ASWOA has the ability to find unknown tar-
get in emergency scenarios for multi-UAVs.

3.1. Parameter Setting. First, we set the size of the task area R
to 50 ∗ 50. Then, we divide R evenly into 1 × 1 cells and ran-
domly mark the position of obstacles in R. Finally, the posi-
tion of multi-UAVs and target node is initialized. In this
paper, the UAVs do not know the terrain (including the
position of obstacles and target). The terrain is modeled
through simulation, and the altitude of multi-UAVs during
the flight is uniform and unchanged. The path planning
environment of multi-UAVs is shown in Figure 6, where
obstacles are modeled as black areas.

The important notations of related sets, variables, and
parameters, as well as main parameter values in this paper,
are summarized in Table 1. In addition, as in Equation (7),
the values of the constants λ1 and λ2 affect the rate of popula-
tion convergence and the selection of the optimal solution,
and λ1 + λ2 = 1. If λ1 is too small, the population convergence
rate is slow and it is easy to fall into local optimum. If λ2 is too
small, the population cannot guarantee whether the route it
takes has been searched, which increases repeated paths and
waste resources. After several experiments, the average

Table 1: List of important notations used in the paper and value of
system parameters.

Symbol Description Value

N The number of UAVs 10

M The number of cells in the mission area —

ζj A cell of the mission area —

Ο The set of obstacles —

Τ The position of target, Τ = tx, ty½ � —

UAVi The position of UAV, UAVi = uxi, uyi, uzi½ � —

hmin Minimum height of UAVs 30m

hmax Maximum height of UAVs 150m

Ri The radius of an area covered by UAVi —

θ Detector perspective
π

9
τ Simulation step size 300

t Number of current iterations —

Table 2: The performance of ASWOA with different constant
values.

λ1 λ2 N iteration NUAVs Nrepeat Laverage Lshortest
0.1 0.9 300 0 343 189.51 —

0.2 0.8 300 0 327 271.21 —

0.3 0.7 222 4 295 313.72 136.36

0.4 0.6 150 6 266 252.23 184.16

0.5 0.5 141 6 129 220.11 158.92

0.6 0.4 120 6 117 212.55 144.18

0.7 0.3 132 6 213 227.99 166.0

0.8 0.2 195 6 433 238.96 222.12

0.9 0.1 240 3 486 316.24 275.05
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performance of the ASWOA with different constant values is
shown in Table 2, where κ is the number of iterations when
the first UAV finds the target node. If the UAV cluster fails
to find the target before the maximum number of iterations
of the program, N iteration is set to the value of τ. NUAVs refers
to the total number of UAVs that found the target node.
Nrepeat represents the total number of repeated search cells.
Laverage denotes the average path of the multi-UAVs, and

Lshortest represents the shortest path of the UAV from the start-
ing point to the target node. In Table 2, we can see that if λ1 is
too small, the timeN iteration it takes for the UAV to find the tar-
get node is correspondingly longer, which is not suitable for
emergency environments. Besides, with the decrease of λ2,
the number Nrepeat of area cells repeatedly searched by
multi-UAVs and the average path length Laverage of multi-
UAVs also increase. In consequence, we set λ1 = 0:6 and
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Figure 7: Path planning and shortest route results for multi-UAVs in the same location.
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λ2 = 0:4; in this case, the algorithm can achieve the best
performance, that is, it takes less time for the UAV to find
the target and the path it takes is shorter.

3.2. Analysis of Experimental Results. To confirm the reliabil-
ity of ASWOA, we carried out simulations of different start-
ing points and ending points and conducted extensive
simulations, comparisons, and experiments.

3.2.1. Simulation of ASWOA

(1) Dispatching of UAVs from the Same Position. Figure 7
shows the path planning for dispatching multi-UAVs at the
same position. In different unknow position target scenarios,
ASWOA enables each UAV to avoid obstacles and find target.
Moreover, after the first UAV finds the target, the other UAVs
can also find the target in a short time. Further, we can see the
shortest route taken by the multi-UAVs in Figure 7.
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Figure 8: Path planning and shortest route results for multi-UAVs in the different locations.
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(2) Dispatching of UAVs from Different Positions. When a
major disaster occurs, it is usually to dispatch multiple rescue
teams from different directions to search for targets at the
same time. Figure 8 shows the path planning for dispatching
multi-UAVs from different positions. Without knowing the
specific position of the missing person, ASWOA allows each
UAV to avoid obstacles and share information until it finds
the target. Compared with Figure 7, it is obvious that dispatch-
ing multi-UAVs from different positions takes shorter time
and has a relatively lower path cost than dispatching multi-
UAVs from the same position.

3.2.2. Comparison with Other Optimization Algorithms. To
further evaluate the performance of ASWOA, we compared
it with other heuristic optimization algorithms, including the
WOA [16], PSO [11], and GWO [15] algorithms. Consider-
ing the randomness of the heuristic algorithm, each test
algorithm is executed 30 times independently.

Figure 9 plots the speed comparison of six UAVs search-
ing for unknown target node under the same initial position.
The convergence speed of the PSO algorithm is relatively
fast. When the number of iterations is 66, the UAV cluster
finds the target node for the first time, whereas only three
UAVs find target, and the remaining three UAVs stagnate
around the obstacle, falling into the local optimum.
Although the GWO algorithm has more UAVs to find the
target node than the PSO algorithm, the convergence speed
is slower. When the number of iterations is 227, the UAVs
find the target node for the first time, which takes too long
to be suitable for emergency scenarios. The WOA can satisfy
all UAVs to search for unknown target, but the convergence
speed is still slower than that of the ASWOA. The ASWOA
can complete the task in only 20 iterations, which is 4.75
times faster than the WOA.

Due to the limited energy of UAVs, it is necessary to
reduce path costs in a limited time. Figure 10 shows the
comparison of repeated paths, average paths, and shortest
paths of the four algorithms. Although the PSO algorithm

has better performance in average path consumption, it
can be seen from Figure 9 that the PSO algorithm has three
UAVs falling into the local optimal and fails to find the tar-
get node, so the total path cost is relatively low. The GWO
algorithm has high cost of repeated search and path, which
is not suitable for emergency scenarios with limited energy
resources. Since the ASWOA incorporates strategy to reduce
repeated paths, the cost of both repeated paths and average
paths is less.

4. Conclusions

In this paper, an adaptive target searching strategy based on
the whale algorithm has been successfully applied to solve
the multi-UAV search unknown target. We first design a
probability map algorithm to calculate the target existence
probability map, then use the whale optimization algorithm
to optimize the search paths of multi-UAVs. In addition, we
design an obstacle avoidance strategy based on virtual repul-
sion force to avoid any collision problems that may be
encountered during the flight of UAVs. In this paper, prac-
tical constraints are considered to define various flight sce-
narios of the UAV. Simulation results show that, compared
with other algorithms, the AWOA algorithm has the advan-
tages of high search efficiency and low path cost.

Data Availability

All the data can be generated according to the steps
described in our paper, and readers can also ask for the data
by contacting wangwenshan@hrbeu.edu.cn.
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