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Abstract: The use of unmanned aerial vehicles (UAVs) is becoming more commonplace in search-and-rescue tasks,
but UAV search planning can be very complex due to limited response time, large search area, and multiple candidate
search modes. In this paper, we present a UAV search planning problem where the search area is divided into a set
of subareas and each subarea has a prior probability that the target is present in it. The problem aims to determine
the search sequence of the subareas and the search mode for each subarea to maximize the probability of finding
the target. We propose an adaptive memetic algorithm that combines a genetic algorithm with a set of local search
procedures and dynamically determines which procedure to apply based on the past performance of the procedures
measured in fitness improvement and diversity improvement during problem-solving. Computational experiments
show that the proposed algorithm exhibits competitive performance compared to a set of state-of-the-art global
search heuristics, non-adaptive memetic algorithms, and adaptive memetic algorithms on a wide set of problem

instances.
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1 Introduction

As one of the most challenging humanitarian
missions, search-and-rescue operations include find-
ing and providing assistance to victims lost in com-
plex terrains such as mountains, forests, and rivers.
Such missions can greatly benefit from the use of
unmanned aerial vehicles (UAVs) to survey the en-
vironment by providing imagery, video, and other
sensory data for finding evidence about target lo-
cation (Murphy et al., 2008; Waharte and Trigoni,
2010), especially in regions that are inaccessible and
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dangerous to humans. With the rapid improvement
of functionality, flexibility, and autonomy of UAVs,
their use in these missions is becoming more com-
monplace, as demonstrated by recent humanitarian
operations in disasters including the 2015 Tianjin
Port explosion, the 2016 Kaohsiung earthquake, and
Syrian conflict.

In most search-and-rescue missions, the search
area is large and the time is very limited. If there is
no prior knowledge about the target location, then
the only strategy is to exhaustively and uniformly
search the area. However, in practice, there is usu-
ally some information available to indicate that the
search effort should not be evenly distributed over
the entire area. In typical search theory formula-
tions, the search area is usually divided into a set
of subareas, each being assigned a probability of
target existence (Kamrani and Ayani, 2009). The
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aim of search planning is to appropriately allocate
the search time and other resources so that subar-
eas with higher probabilities are prioritized, i.e., to
search more thoroughly and earlier.

There are different problem formulations and
solution methods for UAV search planning in the
literature, and most of them adopt one or more of
the following assumptions:

1. The search area is mapped into a grid (i.e.,
each subarea is a grid cell), and thus choices for the
next step of movement can be limited to four direc-
tions (North, East, South, and West). This is not
suitable in many cases where subareas may be sepa-
rated by terrains that are inaccessible to the victims
or regions occupied by rescue teams.

2. The UAV flies at a fixed altitude (or a con-
stant height over the ground). This may be rea-
sonable for traditional fixed-wing UAVs but inad-
equate for today’s UAVs that continue to become
more lightweight and agile (Waharte et al., 2010).

3. The path is symmetric; i.e., the time for mov-
ing from one subarea to another is the same as that
in the opposite direction. This assumption is also
based on the previous assumption and can greatly
simplify the planning task. However, it is ineffec-
tive if the UAV searches two subareas at different
altitudes, where the time for the UAV to fly from a
higher altitude to a lower altitude can be less than
that in the opposite direction.

4. The UAV can always measure the state of
an entire subarea; that is, the posterior probability
that the target is found by the UAV searching the
subarea containing the target is assumed to be 100%.
However, ensuring that every sign can be sensed by
the UAV may be impossible or take an unacceptable
amount of time, and in most cases we need to find
a workable tradeoff between coverage and detection
(Goodrich et al., 2008).

In this paper, we present a UAV search plan-
ning problem that does not make any of the above
assumptions and is therefore much more practical.
In our problem, the search area is divided into a set
of subareas that are not necessarily adjacent to each
other. Each subarea has a prior probability that
the target is present in it, which usually depends
on information about the target, such as the time
and place last seen and environmental features (e.g.,
rivers or roads). If no prior information is known,
then we can assume a uniform distribution (Waharte
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and Trigoni, 2010). The UAV can search each sub-
area at different altitudes: the higher the altitude,
the larger the proportion covered and the less search
time needed, but the less the precision of observation
and the smaller the consequent probability of finding
the target (Fig. 1). Thus, it is reasonable to perform
more detailed search on subareas with a higher prob-
ability of target location. The aim of the problem is
to work out the most effective search plan, including
the search sequence of the subareas and the search
altitude for each subarea, such that the probability
of finding the target can be maximized and the target
can be found as quickly as possible.

Fig. 1 Illustration of unmanned aerial vehicle (UAV)
search at different altitudes

Because the considered problem is highly com-
plex, it is impractical to use traditional exact algo-
rithms (e.g., brute-force search or its variants) to
solve large-size instances.
pose an adaptive memetic algorithm, which defines
a set of different local search (LS) procedures and
adapts the choice of the procedures based on their

In this paper, we pro-

historical performance measured in fitness improve-
ment and diversity improvement during problem-
solving. Computational experiments on a variety
of problem instances show that the proposed algo-
rithm exhibits competitive performance compared to
a set of state-of-the-art global search heuristics, non-
adaptive memetic algorithms, and adaptive memetic
algorithms.

2 Related work

UAV path planning problems, from two-
(2D) path planning to three-
dimensional (3D) path planning, from path planning
for a single UAV to coordinated path replanning

dimensional
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for multiple UAVs, have been extensively studied in
the literature (Chandler et al., 2000; Nikolos et al.,
2007; Tisdale et al., 2009; Dong et al., 2011; Ragi
and Chong, 2013; Duan and Li, 2014; Zhang B and
Duan, 2014). However, most of the problems focus
on obstacle avoidance and target sensing/tracking,
and the studies on UAV path planning for search-
and-rescue tasks are relatively limited. Considering
a problem of searching for a lost target at sea by a
single UAV, Bourgault et al. (2006) used a one-step
lookahead method that always chooses an area with
the maximum probability of finding the target.
This myopic planning often fails to maximize the
overall probability of success, which is similar to
the greedy search, one of the three search methods
proposed by Hansen et al. (2007). The two other
methods are the contour search which follows offset
paths to conduct searches in a highly systematic
fashion without leaving large holes or overlap, and
the composite search which switches between the
greedy search and the contour search. Zhou et al.
(2020) studied cooperative UAV target tracking
with a limited communication range by integrating
UAV motion control, target state estimation, and
network topology control. They demonstrated the
stability and convergence properties of the coupled
system under bounded noise. Lin L and Goodrich
(2009) modeled a wilderness search-and-rescue
problem as a combinatorial optimization problem
with respect to probability accumulated in the 2D
space, and developed a set of algorithms based on
ideas including local hill climbing, convolution, and
evolutionary algorithms. Both of the evolutionary
algorithms proposed by them use the probability
accumulated for each path as the fitness function;
the path representation is encoded as a sequence of
directions (North, East, South, and West) in the
first algorithm and as a sequence of node positions in
the second one. However, the problem assumption
of a 100% target detection rate does not always hold
in practice.

Another assumption often used in UAV search
problems is that the altitude of the UAV remains
unchanged, which is reasonable for traditional fixed-
wing UAVs but inadequate for today’s lightweight
and agile UAVs (Waharte et al., 2010). Considering
a problem of detecting a slow-moving ground tar-
get by a UAV, Al-Helal and Sprinkle (2010) derived
closed-form expressions for calculating the altitude
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at which the UAV should fly to maximize the prob-
ability of detection, but the work was also based on
the assumption that the UAV can measure the entire
state of the search area. Waharte and Trigoni (2010)
analyzed the performance of different search meth-
ods in three categories, including greedy heuristics,
potential-based heuristics, and partially observable
Markov decision process (POMDP) based heuristics
by considering that UAVs can change the size of their
observation areas by changing altitudes. The results
showed that using POMDP-based heuristics to ex-
ploit the acquired or prior knowledge of the target
location can speed up the search, but its computa-
tional cost could not be neglected.

Bertuccelli and How (2006) investigated the
search for a moving target whose motion is poorly
known. They proposed an algorithm that uses an
approach similar to particle filtering to stochastically
simulate the uncertain state transition matrix, but
approximates the posterior distribution with an an-
alytical, closed-form distribution.
plan the path of a UAV in tracking a helicopter per-
forming search-and-rescue, Ryan and Hedrick (2005)
proposed an algorithm consisting of four modes,
named cut corner path, fixed curve path, conver-
gent path, and outside loop path, each of which was

To control and

formulated to provide safety and contiguous sen-
sor coverage between the UAV and the helicopter.
For search-and-identify missions, van Willigen et al.
(2011) used particle swarm optimization to generate
a predefined UAV path, which can be adapted at
runtime based on newly acquired information. Ruan
and Duan (2020) proposed a multi-objective social
learning pigeon-inspired optimization algorithm for
multi-UAV obstacle avoidance. They verified the ef-
fectiveness of the method by simulating the flight
process of five UAVs in a complex obstacle envi-
ronment. To solve a UAV search path planning
problem, Wang Y et al. (2017) adapted five meta-
heuristic algorithms and then integrated them into a
hyper-heuristic framework that exhibits better per-
formance than any individual heuristic. However,
the adaptive selection of the hyper-heuristic is at
the individual metaheuristic level rather than at the
evolutionary operator level; the hyper-heuristic also
does not exploit LS procedures to improve solution
accuracy. There are also some studies devoted to
the cooperative search of multiple UAVs in search-
and-rescue (Jin et al., 2006; Altshuler et al., 2008;
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Waharte et al., 2010; Lopez-Ortiz and Maftuleac,
2015; Du et al., 2019; Zheng et al., 2020, 2021), but
they adopted assumptions similar to the above prob-
lems with a single UAV. Interested readers can refer
to Zhang H et al. (2020) for a review of cooperative
UAV path planning. Compared to the problems in
the literature, our problem considers both the poste-
rior probability of detection and changes of the flying
altitude.

3 UAV search problem

First we formulate a problem that uses a UAV
to search for a target (e.g., a victim) in a search
area consisting of m subareas that are not necessarily
adjacent (we will show that the formulation can be
easily extended to the cases with multiple targets
and/or multiple UAVs at the end of this section).
The variables of the problem are shown in Table 1.
Each subarea i (1 < i < m) is assigned a probability
p(i) of target existence, assuming that we have a
prior probability distribution function that describes
the initial belief of the target location. The (average)
altitude of subarea 7 is denoted as «/(i).

Ideally, the UAV can fly at any altitude below
its highest flight altitude, but in practice we can limit
the UAV flight height (over the subarea it searches)
to one of K values, defined as h(1),h(2),- -, h(K),
and we say that the search mode is k if the UAV flies
at h(k) (1 < k < K). For example, the UAV can
use a standard NTSC (National Television Systems
Committee) video camera to detect a human shape
at a height of about 60 m or detect unusual colors
from clothing at a height of about 100 m (Goodrich
et al.,, 2008). The expected time for the UAV to
search through subarea ¢ at h(k) is estimated as
ts (7, k).
the camera’s resolution and field of view, the sub-

Moreover, based on information including

area’s size and terrain features, and the target’s size
and other observable features, we can derive a pos-
terior probability ps(i, k) that the target can be de-
tected by the UAV using mode &k on subarea i under
the precondition that the target is presented in sub-
areai (1<i<m, 1<k<K).

Detection probability and time are two critical
factors in search planning. In addition to ¢5(4, k), we
are given the time for the UAV to fly from subarea i
at height h(k;) to subarea j at height h(k;), denoted
by te(i, kisj, ki) (1 <i<m, 1 <k<K) Asa
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Table 1 Nomenclature

Input variable Explanation

m Number of subareas

p(t) Probability of target existence
in subarea ¢

a(i) The (average) altitude of subarea @

d(i,7) Horizontal distance between two
subareas i and j

K Number of search modes

h(k) Flight height of search mode k

ps(i, k) Posterior probability that the
target can be detected by the
UAYV using mode k on subarea 4
if it contains the target

ts(i, k) Time for searching through

subarea ¢ with mode k
te (i, ki, g, kj) Time for flying from subarea @
with mode k; to subarea j with
mode k;
tY Upper limit of the completion

time of the search

Decision variable Explanation

z = (z1,22,...,Tm) Sequence of the subareas to be
searched
Y= (Y1,92, -, Ym) Search modes used for the subareas

(21,22, .oy Tm)

Intermediate variable Explanation

t(x;) End time of the search on subarea z;

special case, we use t¢(0,0,1%, k;) to denote the time
for the UAV to fly from the starting position (usu-
ally the position of the rescue team) to subarea i at
height h(k;).

In practice, ¢ (4, ki, j, k) can be estimated based
on the horizontal distance d(i, j) between subareas i
and 7, the UAV’s weight M, the maximum horizontal
velocity vmax, and the maximum thrust force Fiax.
Let H; = a(i)+ h(k;). Here, we need to consider two
cases, H; > H; and H; < H;. When H; > Hj, as
illustrated in Fig. 2a, the UAV’s velocity on the path
from subareas ¢ to j can be estimated as

Fiax + Mgsinf

v(ivkivjvkj): r
max

VUmax» (1)
where g is the gravitational acceleration, 6 is the

angle between the horizontal and the velocity vector,
i.e., 8 = arctan(h(i,j)/d(i, j)), and h(i,j) = H; — H;
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Fmax
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Fig. 2 Illustration of estimating flying time, for which
we assume that the velocity is proportional to the
thrust force along the direction of the velocity: (a)
H; > Hj, the UAV glides; (b) H; < Hj, the UAV
climbs

is the vertical distance. Then the flying time is

V(i 5) + (i, j) Fnax
te(2 kia ’7k‘ = 1 '
£(i, ki, 3, k) (Fax + Mg sin 0)vmax

(2)

The case of H; < Hj is a bit more difficult be-
cause the UAV climbs. As illustrated in Fig. 2b, the
velocity can be estimated as

Fiax cos — Mgsin 6
Fmax

U(ivkivja k]) = VUmax» (3)

and the flying time is

\/dQ(Zvj) + hQ(ivj)FmaX

te(e, kiy g, k) = 1 '
£(i, ki, 3, k) (Frnax cos 0 — M gsin 0)vax

(4)

It should be noted that Egs. (2) and (4) are
coarse estimations. More precisely, the horizon-
tal distance may also depend on the UAV’s search
modes. For example, when sensing a subarea with
the largest search mode K, the UAV usually stops at
only one position, i.e., right above the center of the
subarea, and thus the distance d(i, j) is between the
two centers (Fig. 3a). However, when using a more
refined search mode k < K, the UAV may need to

stop at several positions to sense the subarea, and

(b)

Fig. 3 The horizontal distance for the UAV to fly
from one subarea to another: (a) the UAV uses search
mode K on both subareas, and the horizontal distance
is between the centers of the two subareas; (b) the
UAYV uses search mode k < K on the first subarea, and
thus the distance starts from the UAV’s last position
in the first subarea to the first position in the second
subarea

thus d(i, 7) is between the last position of subarea i
and the first position of subarea j (Fig. 3b). This
can also be added to our problem formulation with-
out much effort.

The decision variables of our problem can be
divided into two parts:

1. The search sequence & = (z1, ..., Ti, ..., Tm,),
where z; denotes the i*? subarea to be searched (1<
i < m);

2. The search modes Yy = (Y1, .- Yis s Ym)s
where y; is the search mode used for subarea x;
(1<i<m).

The search on the first subarea x; starts at
t¢(0,0,21,y1) and ends at

t(x1) = t¢(0,0,21,y1) + ts(21, 1) (5)

The search on subarea xo starts at t(x1) +
te(x1,y1, 22, y2) and ends at

t(x) =t¢(0,0, 21, y1) + te(x1, y1, T2, Y2)

(6)
+ts(w1,91) + ts(22, y2).

By analogy, the end time of the search on
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subarea x; (1 <1i < m) is calculated as

i
t(zi) =te(0,0,21,51) + > te(wir 1, yir—1, i, Yir)
=2

+ Z ts(@ir, yir)-
=1
(7)

The objective is to maximize the total time-
weighted probability of finding the target, and the
problem is formulated as

max (oy) = 3 S e ©)
s.t. Eq. (7),

t(am) <tY, 9)

@ € perms(1,2,---,m), (10)

1<y, <K, 1=12,--- ,m, (11)

where tY is the upper limit of the completion time
of the operation, and perms(1,2,---,m) denotes the
set of all permutations of {1,2,---,m}. The objec-
tive function (8) indicates that the higher the prob-
ability p(z;) that the target exists in a subarea, the
smaller the value of ¢(x;) and the larger the expected
values of ps(z;,y;); i.e., the subarea is expected to
be searched more quickly and with a more detailed
mode. Constraint (9) indicates that the completion
time of the search should not exceed the upper limit.
Note that in practice, whenever the UAV finds the
target in subarea z;, the search stops and the re-
maining (m — i) subareas will not be investigated.

It is not difficult to extend the above problem
formulation to the case of searching multiple targets.
Suppose that there are n targets; each subarea i is as-
signed with n probabilities p(i, 1), p(i, 2), . . ., p(¢,n),
where p(i, j) denotes the probability that target j is
in the subarea, and it is also assigned with n - K pos-
terior probabilities, where each ps(i, j, k) denotes the
posterior probability of finding target j in subarea 4
with search mode k (1 < i <m, 1 <j<n, 1<
k < K). In this case, the objective function (8) can
be extended to maximize the sum of the (weighted)
probabilities of finding all the targets:

"o tY — () ,
rnaxf(a:,y) :ZZ ijps(z’u.]vyl)
i=1 j=1

where w; is the importance weight of target j.

When there are multiple UAVs, the problem can
be divided into two stages: the first stage is to allo-
cate the subareas to the UAVs, and the second stage
is to determine the search sequence and search modes
for each UAV based on the above problem formula-
tion (Egs. (8)—(11)).

4 An adaptive memetic algorithm for
the problem

From the above formulation, we can see that
the problem contains a subproblem of determining
the search sequence @, which is an extended version
of the NP-hard traveling salesman problem (TSP).
Our problem is much more complex than the TSP
in two aspects: (1) its objective function is much
more computationally expensive; (2) for each sub-
solution x, we need to solve an integer programming
problem to determine the search modes y. We have
extended a branch-and-bound algorithm originally
proposed for the TSP (Volgenant and Jonker, 1982)
for the presented UAV search planning problem, but
found that, within a time limit of 30 min, the exact
algorithm can solve only small instances with up to
30 subareas and two search modes. Nevertheless,
in emergency search-and-rescue operations the size
can be much larger and the solution time is usually
limited to several minutes. Therefore, it is necessary
to use much more efficient heuristic methods.

Based on the memetic algorithm framework we
propose here a heuristic method that combines a
population-based global search with different LS pro-
cedures (Chak and Feng, 1995; Moscato and Cotta,
2003; Krasnogor and Smith, 2005) and has been
shown to be efficient in solving a variety of opti-
mization problems (Qi et al., 2015; Zheng et al.,
2015; Cabassi and Locatelli, 2016; Lai and Hao, 2016;
Wang XP and Tang, 2017; Zhang YZ et al., 2017).
In particular, our method consists of multiple LS
procedures (also called multi-memes in the field of
memetic algorithms (Ong et al., 2006; Ozcan et al.,
2016; Sheng et al., 2016)) and uses an adaptive ap-
proach to decide which procedure to apply according
to their past performance measured in two aspects,
fitness and diversity. The pseudocode of our algo-
rithm for the problem is presented in Algorithm 1,
where 7, ji, and g% are control parameters, rand()
produces a random number uniformly distributed
in [0,1], and fiax and fmin are the maximum and
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minimum objective values among the population,
respectively.

The key contribution of our algorithm is twofold:
(1) we propose six LS procedures that are efficient
and specific to the problem; (2) we design a simple
yet effective memetic strategy for hybridization and
adaptive selection among the LS procedures. Re-
sults show that the proposed algorithm outperforms
several state-of-the-art metaheuristics and memetic
algorithms on test instances.

Algorithm 1 Proposed adaptive memetic algorithm
for the UAV search planning problem
1: Randomly initialize a population P of solutions to

the problem
2: while termination condition is not satisfied do
3:  Create an empty population P’ for the next

generation
4:  for each solution z = (x,y) € P do
5: if rand() < 7- % then
6: if z has been unchanged for g™ generations
then
7 Replace z with a new randomly generated
solution
8: end if
9: Add z to P’
10: else
11: Select another solution z’ € P with a proba-
bility proportional to f(z')
12: Use crossover to generate an offspring z© from
z and 2’
13: if rand() < 1z - ff"‘:;;ff:‘:) then
14: Mutate z°¢
15: else
16: Select a meme with a probability propor-
tional to its suitability
17: Apply the meme on z° and then update
the fitness of the meme
18: end if
19: Add 2° to P’
20: end if
21:  end for
22:. P+ P

23: end while
24: return the best solution found so far

4.1 Global search procedure

Our algorithm first initializes a population P
of solutions. At each generation, each solution
z = (x,y) has a probability (? J{(z)%) of di-

rectly entering the population for the next genera-

tion; the larger the objective value f(z), the higher
the probability. Otherwise, a crossover operation is
conducted on z and another solution z’ = (x’,vy’)
selected with a probability proportional to its objec-
tive value to generate an offspring z¢ = (x¢, y¢). The
crossover is based on the position-based crossover
(PBX) (Syswerda, 1991), which is chosen by testing
anumber of well-known permutation-based crossover
operators. The crossover operation is performed as
follows:

1. Randomly select a subset of n positions in x,
and copy the components at these positions to the
corresponding positions in ¢ (where n is a random
integer uniformly distributed in [1,m/2]);

2. Fill the other positions of ¢ with the remain-
ing components in the same order as in «’;

3. For each z{ inherited from x, set the cor-
responding y{ as a random integer in the range of
[min(y;, y;), max(yi, y;)];

4. For each z{ inherited from @', set the corre-
sponding y§ = y..

In this way, the offspring z° inherits more fea-
tures from the second (and probably fitter) parent 2’.
Fig. 4 illustrates such a crossover operation, where
o = 3, 4 = 4, and zg = 5 of the first parent
z are directly copied to the offspring, their search
modes (probably) get close to the modes of the sec-
ond parent z’, and the remaining components of the
offspring are set in the same order as in 2.

Each newly generated offspring has probability
i J;?L_jf(z) of being mutated; the smaller the objec-
tive value, the higher the probability. The mutation

operation is performed as follows:

1. Reverse a randomly selected subsequence of
x° while keeping the search mode of each subarea;

2. Randomly set each y; to another value in
[1, K] with a probability of 0.5.

If an offspring is not mutated, it will be im-
proved by a dynamically selected LS procedure.

X X X X X X X Vi Vo Yy Vi Vs Yo ¥
[1]alefaf7]s[2] [2[1]2]3]2]1]4]

Parent z:

Parentz: [2]4[7[5][3[6[1] [3[3][1][2][1]4]2]

Offspring z°

2lal7]afels]1] [s]2]1]s]4]s]2]

Fig. 4 Illustration of the crossover operation for the
considered problem
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4.2 Local search procedures

We propose six LS procedures to improve a so-
lution z = (x,y), among which four procedures are
conducted on search sequence x and the other two
are conducted on search modes y.

4.2.1 LS1: multiple swaps in a search sequence

The first procedure generates kyax neighboring
solutions (where kp,.x is a control parameter), each
of which is obtained by swapping two randomly se-
lected components z; and x; and then swapping the
corresponding y; and y;. The best neighboring solu-
tion, if better than the original z, will replace z in
the population.

4.2.2 LS2: consecutive swaps in a search sequence

The second procedure is performed as follows:

l.Letk=12"==z.

2. Swap two randomly selected components z
and z/; and then swap the corresponding y; and y.
If 2’ is better than the original z, use 2’ to replace z
and stop the procedure.

3.8et k =k + 1. If £ < kpax, then go to step 2;
otherwise, stop the procedure.

4.2.3 LS3: multiple insertions in a search sequence

The third procedure generates kp.x neighbor-
ing solutions, each of which is obtained by randomly
picking a component x; and re-inserting it into an-
other position while keeping its search mode. The
best neighboring solution, if better than the original
z, will replace z in the population.

4.2.4 LS4:

sequence

consecutive insertions in a search

The fourth procedure is performed as follows:

l.Letk=1,2" = 2.

2. Randomly pick a component x; and re-insert

If 2’ is better than the

original z, use 2’ to replace z and stop the procedure.
3.Set k=k+ 1. If £ < kmax, then go to step 2;

otherwise, stop the procedure.

it into another position.

4.2.5 LS5: multiple nearest search modes

The fifth procedure generates knyax neighboring
solutions, each of which is obtained by setting a ran-
domly selected component y; = y; + 1. The best
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neighboring solution, if better than the original z,
will replace z in the population.

4.2.6 LS6: best search mode of a subarea

The sixth procedure generates (K — 1) neigh-
boring solutions by setting a randomly selected com-
ponent y; to the other (K — 1) search modes. The
best neighboring solution, if better than the original
z, will replace z in the population.

4.3 Adaptive selection of the local search
procedures

To adaptively select the most appropriate LS
procedures during problem-solving, we assign each
LS procedure with a suitability index S; (1 <14 < 6),
such that the selection probability of a procedure is
proportional to its index. Initially, all S; values are
set to the population size |P|. After the first LP gen-
erations (where LP is a parameter called the learning
period), at each generation we update the values ac-
cording to the application effects of the procedures
in the previous LP generations. The effects are eval-
uated based on two aspects, fitness improvement and
diversity improvement. The fitness improvement of
the i*" LS procedure over the LP generations is cal-
culated as

2 ZzGZT: f(z)
f(z2)+ f(z5_1p)
where Z; is the set of solutions found by the proce-
dure, c denotes the current generation number, 27 is
the best known solution at the current generation,
z* | p is the best known solution at the (¢ — LP)

generation, and ngy, is the number of times that the

procedure finds a new best known solution.
The diversity improvement of the i*" LS proce-
dure over the LP generations is calculated as

_ ZzeZi Z?:Nl D(Z, Zk;)

DI, )
Davg

(14)

where D(z, z;) is the Euclidean distance between
solution z and its k-nearest neighbor zy, Ky is a
control parameter typically set to three, and Dqyg is
the average distance among |P| solutions uniformly
distributed in the whole search space.

At each generation after the first LP genera-
tions, each suitability index is updated as

wrFI; +wpDI;

RqTlg

S; = .S; + (15)
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where wr and wp are two control parameters for ad-
justing the weights of the two improvement metrics,
n; is the number of selections (invocations) of the 7%
LS procedure during the previous LP generations,
and k; is a coefficient related to the computational
cost of an invocation of the procedure. Because each
invocation of LS1, LS3, or LS5 generates ky,ax neigh-
bors, each operation of LS2 or LS4 generates at most
kmax neighbors but will stop whenever a neighbor
better than the original one is found, and each oper-
ation of LS6 generates (K — 1) neighbors, we set the
value of x; to 1 for LS1, LS3, and LS5, to 0.5 for LS2
and LS4, and to (K —1)/kmax for LS6. Moreover, to
facilitate global exploration in early generations and
emphasize local exploitation in later generations, we
set wr to linearly increase from 0.4 to 0.9 with gen-
eration, and set wp = 1 —wg.

5 Computational experiments
5.1 Experimental setting

We use a test set of 18 problem instances, in-
cluding 12 instances for single-target search and 6 in-
stances for multi-target search. Table 2 presents the
basic information of the instances. All the instances
are constructed based on real-world terrains; even for
some instances with similar sizes, their geographic
and geomorphic conditions can be very different and
hence their difficulties are not similar. Among the
18 instances, instance 15 is designed to search for
missing boats and bodies in a vast lake, instances 3,
7, and 12 to search for missing tourist in wide plains,
and all other instances to search for lost targets in
mountains or mountain forests.

To validate the performance of the proposed
adaptive memetic algorithm, on the test instances,
we compare it with 15 other algorithms, which can
be divided into four groups. The first group is a
benchmark algorithm (B&B) that uses a branch-
and-bound method (Volgenant and Jonker, 1982) to
find the exact optimal search sequence and uses an-
other branch-and-bound method (Tomlin, 1971) to
determine the optimal search mode for each search
sequence. The second group has four algorithms, in-
cluding a genetic algorithm (GA) that uses the same
crossover and mutation operations as our algorithm
but does not use LS, and the following three state-
of-the-art metaheuristic algorithms for UAV path

Table 2 Summary of the test instances of the compo-
nent selection problem

Instance m K n  Area (km?) d (km) h (m)
1 20 4 1 11.6 0.9 135
2 20 5 1 11.6 0.9 135
3 27 4 1 9.5 0.7 266
4 32 4 1 13.3 1.3 30
5 39 6 1 19.6 1.5 48
6 46 5 1 17.9 1.3 26
7 56 5 1 22.1 1.2 41
8 56 6 1 22.1 1.2 41
9 60 4 1 35.2 1.8 103
10 60 6 1 35.2 1.8 103
11 88 5 1 39.0 1.5 59
12 9% 4 1 39.7 1.2 36
13 27 4 2 9.5 0.7 266
14 39 6 2 19.6 1.5 48
15 56 5 2 22.1 1.2 41
16 39 6 3 11.6 0.9 135
17 56 5 3 19.6 1.5 48
18 60 4 3 35.2 1.8 103

m: number of subareas; K: number of potential search modes;
n: number of targets; Area: total search area; d: average
horizontal distance between a pair of subareas; h: average
vertical distance between a pair of subareas

planning:

1. a spherical vector-based particle swarm op-
timization (SPSO) that searches the configuration
space of the UAV via the correspondence between
the particle position and the speed, turn angle, and
climb/dive angle of the UAV (Phung and Ha, 2021);

2. a quantum-behaved pigeon-inspired optimiza-
tion (QPIO) algorithm that uses an adaptive factor
parameter and gradually decreasing pigeon popula-
tion (Hu et al., 2019);

3. a knee-guided differential evolution (KNDE)
algorithm that uses a knee solution based on the
minimal Manhattan distance to guide the search di-
rection of the algorithm (Yu et al., 2021).

The third group consists of six memetic algo-
rithms that combine GA with one of the six LS
procedures (denoted as MA1-MAG). The fourth
group consists of four algorithms, each using the
same crossover, mutation, and six LS procedures
as our algorithm, but employing different hyper-
heuristics for adaptive selection among the local
search procedures:

1. a basic hyper-heuristic that uses roulette se-
lection, where the selection probability of each LS
procedure is proportional to its number of times in
finding new best solutions (Zheng et al., 2015);

2. a backtracking search (BS) hyper-heuristic
algorithm, where a BS algorithm is employed as the
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high-level strategy to manipulate low-level LS pro-
cedures in a trial population (Lin J, 2019);

3. a multi-local-search hyper-heuristic that uses
a multi-armed bandit (MAB) to select one among
LS procedures based on reward and punishment cal-
culated according to the solutions produced (Turky
et al., 2020);

4. a hyper-heuristic based learning method that
calculates the selection probability of each LS proce-
dure according to a set of values including the rela-
tive improvement, learning coefficient, and probabil-
ities of the procedures (Burcin et al., 2021).

The above four memetic schemes are denoted
as MA-S, MA-BS, MA-B, and MA-L, respectively.
Our adaptive memetic algorithm based on fitness
and diversity performance metrics is denoted as
MA-FD. We tune the parameters of metaheuris-
tic and memetic algorithms using an evolutionary
optimization approach based on the framework by
Eiben and Smit (2011). That is, for each algo-
rithm, we consider obtaining its optimal param-
eter setting as an optimization problem, the ob-
jective function of which is to maximize the av-
erage performance of the algorithm on the whole
test set. We employ three fast evolutionary algo-
rithms, including self-adaptive differential evolution
(DE) (Qin et al., 2009), ecogeography-based opti-
mization (Zheng et al., 2014), and water wave opti-
mization (Zheng, 2015), to optimize the parameters,
and choose the best setting among the results of the
three algorithms. As a result, the parameters of
MA-FD are as follows: 7 = 0.88, i = 0.45, ¢~ = 6,
kmax = m/3, LP=10, and |P| = 30. Some automatic
parameter-tuning tools, such as ParamILS (Hutter
et al., 2009) or irace (Lopez-Ibanez et al., 2016),
which automatically invoke a family of algorithms
and evaluate their results, can be used for the same
purpose.

The experimental environment is a computer
with Intel i7-6700 CPU and 8 GB memory. All the
algorithms are implemented with Visual C# 2015.
The B&B algorithm is used to generate a bench-
mark solution denoted by z* for each test instance
within a maximum running time of 12 h. All the re-
maining metaheuristic and memetic algorithms stop
when the CPU time reaches 600 s to ensure a fair
comparison. Each algorithm is run 30 times on each
instance.
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5.2 Experimental results

Tables 3 and 4 present the maximum (max),
minimum (min), mean, median, and standard devi-
ation (std) of the resulting objective function val-
ues on the first 12 (single-target) instances and the
last 6 (multi-target) instances, respectively, where
the best mean and median value(s) among the 15
metaheuristic algorithms on each instance are shown
in bold. We also conduct nonparametric Wilcoxon
rank sum tests to compare MA-FD and each other
comparative algorithm, and those mean values with
superscript “I” indicate that the result of the corre-
sponding algorithm is statistically significantly dif-
ferent from that of MA-FD (at a confidence level of
95%).

The first three instances are of relatively small
size and simple, and the median values of the 15
metaheuristic algorithms are all the same as those
of the benchmark (optimal) solutions. However, GA
cannot always obtain the optimal solutions on the
three instances (as denoted by its mean and mini-
mum values), which indicates that its global search
cannot always guarantee reaching the global opti-
mum without the help of a local search procedure.
QPIO, MA1, and MA2 cannot guarantee the opti-
mal solution on instance 3, indicating that QPIO is
less robust than SPSO and KNDE, and that LS1 and
LS2 are less robust than the other LS procedures on
this instance.

On all remaining instances, none of the meta-
heuristic and memetic algorithms can guarantee the
optimal solutions. However, on instance 4, the me-
dian values of all five adaptive memetic algorithms
reach the exact optimal objective function value; on
instance 5, the median values of MA-L. and MA-FD
reach the exact optimal value.
the first four metaheuristic algorithms, the overall
performance of GA is the worst, and that of KNDE
is the best; SPSO and QPIO exhibit similar overall
performance to MA1-MAG, but their performances

In general, among

vary from instance to instance. The mean and me-
dian values of SPSO are similar to those of QPIO
on relatively small- and medium-size instances, but
become larger than those of QPIO on large-size in-
On most instances, SPSO obtains better
mean and median values than some non-adaptive
memetic algorithms but worse values than others.
MA1-MAG6 using different LS procedures exhibit

stances.
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Table 3 Comparative results of the algorithms on single-target instances
Instance 1 Instance 2 Instance 3
Scheme
Max Min Mean Median Std Max Min Mean Median Std Max Min Mean Median Std
B&B 0.409 - - - - 0.362 - - - - 0.383 - - - -
GA  0.409 0.385 '0.406 0.409 0.004 0.362 0.353 10.360 0.362 0.003 0.383 0.375 '0.380 0.383 0.002
SPSO 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.001
QPIO 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.379 T0.382 0.383 0.001
KNDE 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
MA1 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.372 70.380 0.383 0.003
MA2 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.375 '0.382 0.383 0.002
MA3 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
MA4 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
MA5 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
MA6 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
MA-S 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
MA-BS 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
MA-B 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
MA-L 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
MA-FD 0.409 0.409 0.409 0.409 0.000 0.362 0.362 0.362 0.362 0.000 0.383 0.383 0.383 0.383 0.000
Instance 4 Instance 5 Instance 6
Scheme
Max Min Mean Median Std Max Min Mean Median Std Max Min Mean Median Std
B&B 0.325 - — - - 0.289 — - — - 0.242 — - — —
GA 0.325 0.313 70.320 0.320 0.003 0.285 0.263 0.276 0.278 0.005 0.236 0.225 f0.232 0.230 0.003
SPSO 0.325 0.316 f0.321  0.322 0.001 0.289 0.270 T0.283 0.282 0.003 0.237 0.227 10.233 0.234  0.002
QPIO 0.325 0.316 10.323 0.322 0.002 0.285 0.268 T0.281 0.282 0.004 0.237 0.225 f0.232 0.233  0.003
KNDE 0.325 0.321 f0.323 0.324 0.001 0.289 0.273 f0.282 0.282 0.003 0.237 0.230 '0.235 0.234 0.002
MA1 0.325 0.313 f0.322 0.322 0.003 0.285 0.268 T0.279 0.278 0.006 0.237 0.225 f0.232 0.233  0.003
MA2 0.325 0.316 70.322 0.321 0.003 0.285 0.270 70.280 0.282 0.004 0.237 0.227 70.233 0.233  0.002
MA3 0.325 0.316 0.323 0.322  0.002 0.285 0275 t0.283 0.282 0.003 0.236 0.221 70.231 0.232  0.003
MA4 0.325 0.316 70.322 0.322 0.002 0.285 0.273 f0.281 0.280 0.004 0.237 0.230 0.236 0.236  0.002
MA5 0.325 0.313 70.320 0.320 0.003 0.285 0.268 0.278 0.278 0.005 0.237 0.227 0.234 0.236  0.002
MA6 0.325 0.313 T0.321 0.320 0.003 0.285 0.270 f0.280 0.282 0.004 0.237 0.227 0.235 0.236  0.002
MA-S 0.325 0.320 0.324 0.325 0.002 0.289 0.275 10.283 0.284 0.003 0.242 0.233 0.237 0.237  0.002
MA-BS 0.325 0.321 0.324 0.325 0.001 0.289 0.275 T0.284 0.284 0.004 0.242 0.233 0.238 0.238 0.002
MA-B 0.325 0.321 0.324 0.325 0.001 0.289 0.282 70.286 0.285 0.002 0.242 0.236 0.239 0.238 0.001
MA-L 0.325 0.324 0.325 0.325 0.000 0.289 0.285 0.288 0.289 0.002 0.242 0.236 0.238 0.238 0.001
MA-FD 0.325 0.323 0.325 0.325 0.000 0.289 0.285 0.289 0.289 0.002 0.242 0.236 0.239 0.238 0.001
Instance 7 Instance 8 Instance 9
Scheme
Max Min Mean Median Std Max Min Mean Median Std Max Min Mean Median Std
B&B 0.217 - - - - 0.205 - - - - 0.133 - - - -
GA 0.203 0.176 '0.192 0.190 0.006 0.185 0.159 T0.172 0.174 0.006 0.118 0.093 f0.107 0.109  0.008
SPSO 0.206 0.184 f0.195 0.199 0.006 0.188 0.161 '0.177 0.181 0.006 0.121 0.100 f0.111 0.111 0.007
QPIO 0.206 0.179 t0.195 0.195 0.008 0.188 0.161 0.176 0.176 0.009 0.118 0.098 '0.108 0.109  0.009
KNDE 0.210 0.188 f0.198 0.198 0.005 0.190 0.161 T0.179 0.181 0.005 0.124 0.105 f0.115 0.115  0.006
MA1 0.210 0.190 70.199 0.198 0.005 0.188 0.169 T0.179 0.181 0.005 0.121 0.098 f0.109 0.111 0.007
MA2 0.210 0.190 f0.202 0.203 0.005 0.192 0.169 f0.181 0.181 0.007 0.121 0.098 '0.112 0.115 0.006
MA3 0.203 0.183 f0.195 0.193 0.004 0.185 0.169 T0.177 0.179 0.004 0.121 0.103 t0.113 0.115 0.005
MA4 0.206 0.193 f0.201  0.199 0.004 0.188 0.169 f0.184 0.188 0.005 0.124 0.102 f0.112 0.115 0.007
MA5 0.206 0.188 f0.197 0.197 0.005 0.188 0.161 T0.178 0.181 0.007 0.121 0.098 f0.112 0.115 0.007
MA6 0.203 0.176 T0.192 0.193 0.007 0.185 0.159 f0.175 0.178 0.008 0.118 0.098 '0.109 0.109  0.005
MA-S 0.213 0.197 0.206 0.206  0.005 0.196 0.177 0.188 0.188 0.005 0.124 0.111 f0.117 0.118 0.004
MA-BS 0.213 0.199 0.208 0.206  0.004 0.198 0.180 0.190 0.188  0.005 0.124 0.105 t0.116 0.116  0.006
MA-B 0.217 0.203 0.210 0.211 0.004 0.198 0.177 0.188 0.190 0.007 0.124 0.114 0.118 0.121 0.003
MA-L 0.217 0.199 0.210 0.208 0.005 0.202 0.180 0.188 0.188 0.006 0.124 0.111 0.118 0.118  0.004
MA-FD 0.217 0.197 0.209 0.208 0.004 0.198 0.180 0.190 0.190 0.004 0.124 0.118 0.119 0.121 0.002
Instance 10 Instance 11 Instance 12
Scheme
Max Min Mean Median Std Max Min Mean Median Std Max Min Mean Median Std
B&B 0.106 - - - - 0.058 - - - - 0.030 - - - -
GA 0.08 0.065 '0.076 0.077 0.007 0.063 0.033 10.049 0.049 0.008 0.052 0.029 t0.040 0.038 0.006
SPSO 0.095 0.068 70.081 0.080 0.008 0.068 0.037 0.056 0.058 0.008 0.059 0.035 f0.047 0.049 0.008
QPIO 0.088 0.065 f0.077 0.079 0.011 0.063 0.035 T0.050 0.052 0.012 0.056 0.030 f0.044 0.045 0.009
KNDE 0.095 0.069 70.083 0.084 0.009 0.068 0.039 T0.055 0.056 0.009 0.059 0.038 t0.050 0.051 0.006
MA1 0.095 0.072 T0.084 0.086 0.005 0.065 0.033 70.050 0.056 0.009 0.059 0.032 70.046 0.045 0.009
MA2 0.095 0.072 70.084 0.086 0.005 0.068 0.036 0.053 0.051 0.010 0.059 0.038 t0.051 0.056 0.005
MA3 0.088 0.069 T0.084 0.085 0.004 0.068 0.039 70.055 0.056 0.007 0.058 0.029 70.043 0.040 0.009
MA4 0.095 0.072 0.087 0.088  0.005 0.068 0.046 f0.058 0.061 0.007 0.059 0.038 '0.049 0.051 0.008
MA5 0.093 0.077 T0.083 0.086 0.005 0.068 0.037 10.054 0.056 0.008 0.058 0.029 '0.045 0.047 0.010
MA6 0.088 0.068 70.079 0.081 0.005 0.063 0.035 T0.051 0.047 0.008 0.056 0.030 '0.043 0.042 0.008
MA-S 0.095 0.077 0.087 0.089 0.006 0.072 0.056 0.064 0.064 0.004 0.063 0.053 0.058 0.058  0.003
MA-BS 0.095 0.075 '0.086 0.086 0.007 0.068 0.058 0.062 0.061 0.003 0.059 0.051 0.056 0.056  0.003
MA-B 0.095 0.079 0.088 0.089 0.006 0.072 0.058 0.063 0.063 0.003 0.066 0.052 0.060 0.060 0.004
MA-L 0.096 0.077 0.089 0.088 0.006 0.076 0.058 0.067 0.066 0.004 0.063 0.051 0.058 0.058  0.002
MA-FD 0.095 0.077 0.088 0.088 0.005 0.076 0.058 0.064 0.066 0.004 0.066 0.051 0.059 0.058  0.003
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Table 4 Comparative results of the algorithms on multi-target instances
Scheme Instance 13 Instance 14 Instance 15
Max Min Mean Median Std Max Min Mean Median Std Max Min Mean Median Std
B&B 0.309 — — — - 0.232 - — - - 0.049 - - - -
GA 0.308 0.277 T0.292 0.289 0.007 0.220 0.190 0.207 0.210 0.008 0.063 0.042 t0.052 0.055 0.007
SPSO 0.308 0.286 10.296 0.297 0.007 0.222 0.197 T0.211 0.212 0.008 0.070 0.049 t0.063 0.063 0.006
QPIO 0.309 0.280 f0.295 0.293 0.010 0.220 0.192 0.208 0.210 0.007 0.067 0.046 '0.058 0.060 0.006
KNDE 0.309 0.286 10.297 0.298 0.006 0.224 0.197 0.212 0.212 0.006 0.070 0.049 f0.061 0.063 0.007
MA1 0.308 0.280 T0.295 0.297 0.009 0.222 0.203 t0.214 0.216 0.005 0.070 0.049 T0.060 0.060 0.007
MA2 0.308 0.280 '0.2904 0.297 0.008 0.222 0.203 70.214 0.218 0.006 0.070 0.049 '0.061 0.062 0.007
MA3 0.308 0.286 10.298 0.303 0.007 0.222 0.200 0.212 0.214 0.007 0.067 0.046 '0.057 0.058 0.005
MA4 0.308 0.285 70.300 0.306 0.006 0.222 0.201 f0.214 0.219 0.006 0.067 0.046 '0.060 0.063 0.005
MA5 0.306 0.285 f0.295 0.295 0.007 0.220 0.197 0.212 0.216 0.007 0.063 0.039 f0.057 0.058 0.007
MA6 0.306 0.286 0.297 0.295 0.006 0.220 0.197 70.210 0.212 0.008 0.063 0.045 '0.055 0.057 0.005
MA-S 0.309 0.295 0.303 0.306  0.003 0.226 0.210 t0.219 0.220 0.005 0.073 0.056 '0.064 0.065 0.005
MA-BS 0.309 0.295 0.303 0.306 0.005 0.226 0.207 f0.218 0.220 0.006 0.073 0.056 70.066 0.065 0.007
MA-B 0.309 0.303 0.305 0.306 0.002 0.232 0.207 0.221 0.222  0.005 0.073 0.058 0.066 0.067  0.004
MA-L 0.309 0.297 0.304 0.306 0.003 0.232 0.212 0.223 0.224 0.004 0.077 0.056 0.067 0.069 0.005
MA-FD 0.309 0.298 0.305 0.306 0.003 0.232 0.210 0.222 0.224 0.004 0.077 0.056 0.068 0.069 0.005
Scheme Instance 16 Instance 17 Instance 18
Max Min Mean Median Std Max Min Mean Median Std Max Min Mean Median Std
B&B 0.206 - - - - 0.017 - - - - 0.006 - - - -
GA 0.200 0.179 70.190 0.192 0.006 0.046 0.032 70.038 0.037 0.003 0.014 0.011 70.012 0.012 0.001
SPSO 0.208 0.183 f0.198 0.200 0.008 0.051 0.037 T0.044 0.045 0.003 0.015 0.012 t0.014 0.014 0.001
QPIO 0.205 0.179 f0.192 0.192 0.008 0.047 0.034 0.040 0.040 0.005 0.014 0.012 t0.013 0.013 0.001
KNDE 0.208 0.183 f0.198 0.199 0.005 0.051 0.037 f0.045 0.046 0.004 0.016 0.012 t0.014 0.014 0.001
MA1 0.203 0.181 f0.194 0.197 0.007 0.046 0.034 70.040 0.040 0.003 0.014 0.011 70.013 0.013  0.001
MA2 0.206 0.181 f0.195 0.199 0.007 0.047 0.034 T0.042 0.043 0.004 0.014 0.012 t0.013 0.013 0.001
MA3 0.208 0.186 70.199 0.203 0.006 0.046 0.034 T0.041 0.043 0.003 0.015 0.012 t0.013 0.013 0.001
MA4 0.208 0.183 f0.197 0.200 0.006 0.047 0.036 T0.042 0.042 0.003 0.016 0.012 t0.014 0.014 0.001
MA5 0.210 0.197 0.203  0.203 0.003 0.048 0.037 70.044 0.046 0.004 0.015 0.012 70.014 0.014 0.001
MA6 0.210 0.192 0.203 0.206 0.005 0.046 0.033 70.040 0.040 0.004 0.015 0.012 70.014 0.013 0.001
MA-S 0.213 0.197 f0.206 0.206 0.005 0.056 0.043 0.050 0.049  0.003 0.017 0.012 0.015 0.015  0.001
MA-BS 0.213 0.197 70.206 0.205 0.005 0.053 0.045 0.049 0.050 0.002 0.018 0.012 0.016 0.015  0.002
MA-B 0.219 0.203 0.210 0.211  0.004 0.056 0.049 0.053 0.053 0.004 0.021 0.012 0.017 0.017 0.002
MA-L 0.215 0.206 0.211 0.211  0.002 0.060 0.049 0.055 0.054 0.003 0.019 0.012 0.015 0.016  0.002
MA-FD 0.219 0.203 0.211 0.213 0.003 0.060 0.049 0.054 0.054 0.002 0.019 0.012 0.016 0.016 0.001

different performances.

For example, the median

single-target instances, but the opposite is true on

values of MA1 are better than those of MA3 on 7 in-
stances (instances 6-8, 10, 12, 14, and 15), worse
than those of MA3 on 5 instances (instances 5, 9, 13,
16, and 17), and the same as those of MA3 on the
remaining instances. In general, among the six non-
adaptive memetic algorithms in the third group, the
algorithms using consecutive local search operations
generally perform better than those using multiple
local search operations; i.e., MA2 generally performs
better than MA1, and MA4 generally performs bet-
ter than MA3. Moreover, memetic algorithms con-
ducting local search on search sequences are typically
better than those conducting local search on search
modes (e.g., MA2 outperforms MA5 and MAG) on

multi-target instances, because the local search on
UAYV search modes plays a more important role when
the proportion of the search-mode sub-solution space
to the whole solution space becomes larger. MASH
and MAG6 have their own advantages in different sit-
uations. In general, none of the six memetic algo-
rithms with fixed memes can be superior to others
on all the instances.

By hybridization and adaptive selection among
different memes, the last five adaptive memetic algo-
rithms exhibit remarkably better performance than
the pure metaheuristics and metaheuristics com-
bined with a single LS procedure. Except the
first three instances, no algorithm in the second
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and third groups can obtain the best mean or me-
dian value on any of the remaining instances. In
terms of statistical tests, MA-FD shows significant
performance improvement over GA, SPSO, QPIO,
KNDE, MA1, and MA2 on all the 15 instances,
over MA3 on 14 instances (except instance 4), over
MA4 on 13 instances (except instances 6 and 10),
and over MA5 and MAG on 14 instances (except in-
stance 6). Such significant performance advantages
demonstrate that different LS procedures have dif-
ferent contributions in different stages of problem-
solving and, therefore, the adaptive selection among
them can effectively improve the search ability of the
algorithms.

Among the five adaptive memetic algorithms,
the overall performance of MA-S is relatively poor
due to its simple meme selection strategy. The
performances of the remaining four algorithms vary
from instance to instance. On instances 4-18, MA-S
obtains the best median values on 2 instances, MA-
BS obtains the best median values on 3 instances,
MA-B obtains the best median values on 9 instances
and best mean values on 5 instances, MA-L obtains
the best median values on 8 instances and best mean
values on 5 instances, and our MA-FD obtains the
best median values on 11 instances and best mean
values on 6 instances. In terms of statistical tests,
MA-FD shows significant performance improvement
over MA-S on 5 instances, and there is no significant
difference between the two algorithms on the remain-
ing 10 instances; MA-FD shows significant perfor-
mance improvement over MA-BS on 7 instances, and
there is no significant difference on the remaining
8 instances; MA-FD shows significant performance
improvement over MA-B on instance 5, and there
is no significant difference on the remaining 14 in-
stances; there is no significant difference between
MA-L and MA-FD on all 15 instances. In summary,
the experimental results demonstrate that the pro-
posed MA-FD exhibits the best performance among
all comparative algorithms on the test instances.

It should also be noted that, the B&B algorithm
obtains the exact optimal solutions on instances 1—
10, 13, and 14, but fails to stop within 12 h on the
other 6 instances due to the combinatorial explosion
of the solution spaces. That is why on the large in-
stances 11, 12, and 15-18, the benchmark solutions
are even much worse than the solutions of the heuris-
tic algorithms obtained within 10 min.

6 Conclusions

In this paper, we have presented a UAV search
planning problem where the search area has been
divided into a set of subareas with different prior
target existence probabilities and, for each subarea,
the UAV can search at different altitudes with dif-
ferent precisions. The problem was to determine the
search sequence of the subareas and the search mode
on each subarea, such that the total weighted prob-
ability of finding the target was maximized. For this
problem, we have proposed an adaptive memetic al-
gorithm that combines a GA with six local search
procedures and dynamically determines which pro-
cedure to apply based on its suitability in a previ-
ous period of problem-solving. Computational ex-
periments showed that the proposed method outper-
forms a number of state-of-the-art works on a wide
set of test instances.

Our current problem formulation has assumed
that we have complete knowledge about the proba-
bility distribution of target existence. In some cases,
some information may be uncertain or unavailable.
Therefore, our future work will incorporate incom-
plete and uncertain knowledge of the prior probabil-
ities into search planning, and extend our method
to effectively handle such incompleteness and uncer-
tainty using fuzzy inference and machine learning (Li
et al., 2021).
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