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Abstract—The use of unmanned aerial vehicles (UAVs) for
target searching in complex environments has increased consid-
erably in recent years. The numerous studies on UAV search
methods have been reported, but few have been conducted on
collaborative human-UAV search which is common in many
applications. In this paper, we present a problem of collabora-
tive human-UAV search for escaped criminals, the aim of which
is to minimize the expected time of capture rather than detec-
tion. We show that our problem is much more complex than
the problem of pure UAV search. The difficulty of our problem
is further increased by the fact that criminals will attempt to
avoid detection and capture. To solve the problem, we propose a
hybrid evolutionary algorithm (EA) that uses three evolutionary
operators, namely, comprehensive learning, variable mutation,
and local search, to efficiently explore the solution space. The
experimental results demonstrate that the proposed method out-
performs some well-known EAs and other popular UAV search
methods on test instances. An application of our method to a
real-world operation took 311 min to capture a criminal who
had escaped for over three days, validating its practicability and
performance advantage. This paper provides a good basis for pro-
moting the application of EAs to a wider class of man–machine
collaboration scheduling problems.

Index Terms—Collaborative human-unmanned aerial vehi-
cle (UAV) search, criminal search and capture, discrete-time
optimization, evolutionary algorithms (EAs), hybrid algorithm.

I. INTRODUCTION

OWING to the rapid improvement of the functionality,
flexibility, and autonomy of unmanned aerial vehicles

(UAVs), the past decade has witnessed a significant increase
in the use of UAVs in various military and civilian appli-
cations, such as identifying ground targets in battlefields,
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monitoring wild animals in nature reserves, and searching
for survivors in disasters. Consequently, considerable research
efforts have been devoted to UAV search problems. Traditional
UAV search methods employ relatively simple strategies such
as always choosing the next search step with the largest pay-
off [1]–[3] or always following a systematic offset path without
leaving large holes or overlaps [4], [5]. Such methods are
easy to implement and can be efficient in small-scale search
operations, but their search efficiency decreases rapidly with
the increase of problem size. Therefore, more recent stud-
ies have attempted to solve the UAV search problem as a
global optimization problem which is to optimize the search
efficiency (e.g., in terms of the expected detection time or
detection probability) over the whole operation. However, even
for the case of a stationary target, a single UAV and a fixed
sensor, this search problem is known to be NP-hard [6],
for which traditional exact optimization methods are ineffec-
tive. In recent years, various evolutionary algorithms (EAs),
such as genetic algorithms (GAs) [7]–[9], particle swarm
optimization (PSO) [10], differential evolution (DE) [11],
ant colony optimization (ACO) [12], as well as hyperheuris-
tics [13], have been applied to UAV search problems and
have demonstrated their effectiveness in producing optimal or
approximate optimal solutions within an acceptable time.

In many target search operations, the use of both UAVs
and human searchers is common: the target is expected to be
first detected by UAVs and then reached by human searchers
as early as possible. For example, when searching for a sur-
vivor after a disaster, the survivor must ultimately be reached
by a medical team. When searching for an escaped crimi-
nal, the criminal must ultimately be captured by the police.
Nevertheless, there have been few studies reported on col-
laborative human-UAV search. Such a problem cannot be
simplified by regarding UAVs and human searchers as sim-
ilar “search agents.” Consider a simple example of using a
UAV and a human team to search for a target in two regions,
where the estimated probability of the target being in region 1
is larger than that in region 2, as illustrated in Fig. 1. If we
regard both the UAV and the human team as homogeneous
search agents, then to minimize the expected time of detec-
tion we should make the UAV search region 1 and the human
team search region 2. However, to minimize the expected time
at which the target is reached by the human team, we should
make both the UAV and human team search region 1 first and
then region 2. In this way, if the target is actually located
in region 1, then it will be soon reached; if the target is
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Fig. 1. Simple example of human-UAV search, where region 1 has a higher target existence probability than region 2. When the aim is to minimize the
expected detection time, the UAV searches region 1 and the human team searches region 2, as illustrated in (a). When the aim is to minimize the expected
capture time, both the UAV and the team search region 1 first. (b) If the target is in region 1, then it will be soon reached. (c) If the target is in region 2,
then it will be detected by the UAV and subsequently reached by the team.

in region 2, it will be first detected by the UAV and then
reached by the human team before too long under the guid-
ance of the UAV, because the UAV moves much faster than
the human team. Obviously, such a collaborative human-UAV
search problem is much more complex than its pure UAV
search counterpart, especially when the numbers of regions,
UAVs, and teams are relatively large.

In this paper, we present a problem of collaborative human-
UAV search for escaped criminals, where the aim is to
minimize the expected time of capture. This problem is more
challenging because unlike stationary targets or survivors who
will wait for human searchers after being detected by UAVs,
a criminal will attempt to avoid capture after being detected.
To efficiently solve the problem, we propose a hybrid EA that
uses: 1) a comprehensive learning operator to make low-fitness
solutions learn from high-fitness ones; 2) a local search oper-
ator to enhance solution accuracy; and 3) a variable mutation
operator to balance global exploration and local exploita-
tion. The experimental results demonstrate that the proposed
method outperforms a set of popular EAs and other UAV
search methods on test instances. Our method has also been
successfully applied to a real-world criminal search and cap-
ture operation in Northwest China in 2018, validating its
practicability and effectiveness. The main contributions of this
paper are summarized as follows.

1) To the best of our knowledge, this is the first study on
collaborative human-UAV search for escaped criminals.

2) We propose a new hybrid EA for the problem, and
the experiment and application results demonstrate
the potential of evolutionary computation in solving
this important problem in the field of human-UAV
collaboration.

3) The presented problem can be extended to many other
man–machine collaboration scheduling problems, and
this paper provides a good basis for this class of
problems.

The remainder of this paper is organized as fol-
lows. Section II reviews related work on EAs for UAV
search. Section III presents our human-UAV search problem.
Section IV proposes the hybrid EA for the problem. Section V
presents the experimental results. Section VI describes
the real-world application. Section VII concludes with a
discussion.

II. RELATED WORK

Early studies on UAV search mainly use greedy methods
(e.g., lookahead search that always chooses a region with the
maximum probability of finding the target [1]–[3]), contour
search methods (e.g., spiral search and potential field search
that follow offset paths in a highly systematic fashion with-
out leaving large holes or overlaps [4], [5]), and their variants
and combinations [2], [4], [14]. Such methods are relatively
easy to implement, but they do not consider UAV search path
planning as a global optimization problem with respect to the
performance accumulated over the whole operation, and con-
sequently perform poorly on large-scale search operations. It
is known that UAV path planning problems for optimizing a
performance metric value (e.g., the expected detection time
or overall detection probability) accumulated over the path
is NP-hard [6], [15], [16], for which EAs have been shown
to outperform most conventional approaches on medium- and
large-scale problem instances. For the convenience of the
reader, we summarize the UAV search problems and solution
methods of recent studies in Table I (note that those studies on
pure UAV path planning problems that do not involve target
search are not included).

Traditionally, EAs have been used for path finding in
unknown and/or dynamically changing environments with the
objective of minimizing the path length or navigation time
or maximizing the UAV survivability [7], [8], [20]–[23].
Mittal and Deb [24] employed multiobjective EAs such as
NSGA-II [25] to find solutions corresponding to conflicting
objectives. Pehlivanoglu [26] proposed a new multifrequency
vibrational GA that employs a clustering method and a
Voronoi diagram in population initialization and emphasizes
mutation and diversity during the evolution. The experimental
results demonstrated that the new GA outperforms the classical
GA in environments such as city-type terrains. Kok et al. [27]
implemented an on-board path planning EA on a field-
programmable gate array (FPGA) chip, which is an ideal
platform for UAV applications. Recently, Arantes et al. [28]
studied a problem of UAV path replanning under critical sit-
uations such as extreme environmental events. They showed
that combining a greedy heuristic with GAs is an effective
strategy for this problem.

Zhang and Duan [11] formulated a global UAV route
planning problem as a constrained optimization problem in
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TABLE I
SUMMARY OF RECENT RELATED WORK ON UAV SEARCH PROBLEMS

3-D environments, and proposed a constrained DE algo-
rithm, which outperformed a number of existing constrained
optimization algorithms on test instances of the problem.
Kok and Rajendran [29] proposed another DE algorithm for
tuning the parameters of UAV path planning to improve
the final output path and reduce the computational cost.
Chen et al. [30] proposed a modified central force optimization
(CFO) algorithm for a complicated UAV path-optimization
problem, and they showed that the algorithm exhibits a better
performance than the original CFO and some other EAs.

Lin and Goodrich [9] studied a UAV search problem for
maximizing the detection probability accumulated in a 2-D
space. They compared two EAs, one using a string of direc-
tions (i.e., north, east, south, and west) to encode each path,
and the other using a sequence of node positions, with a tradi-
tional local hill climbing algorithm and a complete-coverage
algorithm based on the lawnmower pattern. The results showed
that traditional algorithms are much faster, while EAs achieve
much higher search efficiencies.

For missions involving searching and identifying targets,
van Willigen et al. [10] used PSO to generate a preplanned
UAV path, which was then adapted at runtime based on
information acquired during the remainder of the mission.
Heidari and Abbaspour [17] proposed an improved bacterial
foraging algorithm for UAV search-and-rescue in post-disaster
assessment. Recently, Perez-Carabaza et al. [12] proposed an
ACO algorithm for UAV path planning to locate a lost target in
the minimum possible time, and showed that ACO outperforms
some problem-specific heuristics and GAs.

After testing a set of typical EAs for UAV search planning
in a large area with complex terrains but finding that none of
them can provide satisfactory performance, Wang et al. [13]
proposed a hyperheuristic that integrates the individual EAs
and adaptively invokes them based on real-time performance
feedback. The simulation results showed that the hyperheuris-
tic outperforms each individual EA. Hayat et al. [18] studied
a problem that uses multiple UAVs to detect a target and then
establishes a communication network for further updates, for
which they proposed a multiobjective EA to simultaneously
optimize the detection time and the communication setup time.

Most previous studies on UAV search problems have aimed
to minimize the detection time or maximize the detection

probability. Some studies, such as [19] and [31] have con-
sidered cooperation between humans and UAVs, but they still
focused on the detection of the target by UAVs with the help
of human operators. However, while detecting the target is
an important milestone in many practical search operations, it
is not the ultimate goal. Unfortunately, little effort has been
devoted to collaborative human-UAV search, which is nec-
essary when a target must ultimately be reached by human
searchers.

III. PROBLEM DESCRIPTION

A. Search Area Subdivision and Initial Existence
Probabilities

We consider a problem of searching for an escaped criminal
in a given area A, which is divided into a set of m subareas
according to their topographic and environmental features. Let
a0 be the subarea in which the criminal was last seen and t0 be
the time interval from the last seen time to the current time 0.
For each subarea a ∈ A we estimate an initial probability that
the criminal exists in a as follows:

pa(0) =

⎧
⎪⎨

⎪⎩

0 if (�da(0) ≤ −d̂)

γ1
(
�da(0) + d̂

)βa(0)
else if

(−d̂ < �da(0) ≤ 0
)

γ2c(1+�da(0)−βa(0)) else

(1)

where �da(0) = v(a0, a)t0 − d(a0, a), d(a0, a) is the distance
from a0 to a, v(a0, a) is the average speed of the criminal
from a0 to a, βa(0) is a function related to the topographic
features of subarea a and the weather conditions at time 0, c is
a coefficient in (0, 1), and γ1 and γ2 are the two coefficients to
ensure that the sum of all existing probabilities equals 1, and
d̂ is an upper limit on the travel distance, which is typically
calculated as t0 times the maximum speed of the criminal.
Note that if the criminal escapes only on foot, it is easy to
estimate the average and maximum speeds based on his/her
physical condition. However, if the criminal might use other
transport modes, such as bikes and cars, then the estimation
can be much more difficult, as we need to first estimate the
selection probability of each transport mode, and then calculate
the probability-weighted speed of all transport modes.
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Fig. 2. Illustration of the distribution of the existence probability.

The initial probability distribution is illustrated in Fig. 2,
which indicates that:

1) when �da(0) = 0, the time interval t0 is just sufficient
for the criminal to move from a0 to a, and the existence
probability is the highest;

2) with the decrease of �da(0) from 0 to −d̂, the existence
probability decreases because t0 becomes progressively
shorter for the criminal to move from a0 to a. When
�da(0) ≤ −d̂, the existence probability is 0;

3) with the increase of �da(0) from 0, the existence proba-
bility decreases because the criminal has sufficient time
to move far away from a (however, the probability
does not decrease to zero, because there is still a small
probability that the criminal stays in a for a long time).

The existence probability is also proportional to βa(0): the
more suitable the topographic and weather conditions are for
the criminal to escape, the larger the value of βa(0), and the
higher the existence probability.

B. Search Actions and Detection Probabilities

Let n1 be the number of human search teams and n2 be
the number of UAVs used in the search. Suppose there are K1
search modes of human teams and K2 search modes of UAVs.
Without loss of generality, we assume that a larger k denotes a
more detailed search mode, which typically requires a longer
search time, but achieves a higher detection probability. For
each human team and each UAV, the problem needs to deter-
mine a search sequence of subareas as well as the search mode
on each subarea. Let xi(t) = (ai(t), ki(t)) define the subarea
ai(t) in which human team i searches and the search mode
ki(t) adopted by the team at time t, and yj(t) = (aj(t), kj(t))
define the subarea in which UAV j searches and the search
mode adopted by the UAV at time t. The dynamics of the
existence probabilities can be expressed according to the his-
torical probability distribution and team/UAV search actions.
In this paper, we use the following function to update the
existence probability of each subarea a at each time t:

pa(t) = γ
∑

a′∈A

[

pa′(t − 1)p(a′, a)

×
(

1 −
t−1∑

t′=1

n1∑

i=1

K1∑

k=1

(δh)
t−t′θh

a (i, k, t′)
)

×
(

1 −
t−1∑

t′=1

n2∑

j=1

K2∑

k=1

(δu)
t−t′θu

a (j, k, t′)
)]

(2)

where γ is a coefficient to ensure that the sum of probabilities
is equal to 1; p(a′, a) is the probability that the criminal moves
from a′ to a within one time interval, which is calculated
according to the distance and speed in a similar manner to that
in (1); θh

a (i, k, t) is 1 if team i searches a at time t with mode
k (i.e., xi(t) = (a, k)) and is 0 otherwise; θu

a (j, k, t) is 1 if UAV
j searches a at time t with mode k and is 0 otherwise; δh and
δu are the two coefficients in [0, 1] representing the effects
of team and UAV search actions on the criminal’s choices,
respectively. We can simply set δh = δu = 0 if the criminal is
unlikely to obtain information about police actions.

It should be noted that, whenever the last seen location is
updated, or the criminal’s signs, such as discarded clothing and
food wrappers are found, the probabilities should be recalcu-
lated from the updated last seen time [5], [9], [32]. Both v and
βa(t) can also be updated according to the criminal’s physical
condition and weather conditions, respectively.

If the criminal is actually in subarea a at time t, then the pos-
terior probability that he will be detected by human teams and
UAVs at that time can be calculated according to the search
modes and topographic and weather conditions. In this paper,
we determine an air visibility index vis(t) (ranking from 1
to 10, the larger the value, the better the visibility at t), an
area openness index op(a) (ranking from 1 to 10, the larger
the value, the more open the subarea a), and an accessibility
index ac(a) (ranging from 0 to 1, the larger the value, the
easier the access to a by human). We then use the following
empirical functions to calculate the detection probabilities of
each human team i and UAV j searching a with mode k at
time t, respectively:

ph
a(i, k, t) = ch

k · ac(a) ·
(

0.5 + vis(t)

20

)(
1

3
+ op(a)

15

)

(3)

pu
a(j, k, t) = cu

k ·
(

1

6
+ vis(t)

12

)(
1

6
+ op(a)

12

)

(4)

where ch
k is a coefficient in [0, 1] related to the human search

mode k (1 ≤ k ≤ K1) and cu
k is a coefficient in [0, 1] related

to the UAV search mode k (1 ≤ k ≤ K2). The more detailed
the search mode k, the larger the value of ch

k or cu
k . Note

that we only consider ac(a) in (3), because UAVs are able
to access areas that are inaccessible to humans. The detection
probability distributions over different visibility and openness
indices are illustrated in Figs. 3 and 4, which show that the
UAV detection probabilities are more sensitive to air visibility
and area openness than human teams. Under extreme weather
conditions, the sensors of UAVs may lose their functionality,
but human teams can still perform the search.

C. Objective Function

The problem objective is to catch the criminal as soon as
possible. This consists of two steps. The first step is to detect
the criminal. He may be first detected by a human team at a
hypothetical time t∗h or detected by a UAV at a hypothetical
time t∗u . Note that the events of detection by different teams
and UAVs can be regarded as mutually exclusive. For the first
case, we can iteratively calculate the probability of t∗h = t for
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Fig. 3. Human detection probability distribution over different visibility and
openness index values when ac(a) = 1.

Fig. 4. UAV detection probability distribution over different visibility and
openness index values.

all t as follows:

P
(
t∗h = 0

) = 0 (5)

P
(
t∗h = t

) = P
(
t∗h = t|t∗h ≥ t ∧ t∗u ≥ t

)
P
(
t∗h ≥ t ∧ t∗u ≥ t

)

=
( ∑

a∈A

n1∑

i=1

K1∑

k=1

pa(t)θ
h
a (i, k, t)ph

a(i, k, t)

)

×
(

1 −
t−1∑

t′=0

P
(
t∗h = t′

)
)(

1 −
t−1∑

t′=0

P
(
t∗u = t′

)
)

.

(6)

Similarly, for the second case, we can iteratively calculate
the probability of t∗u = t for all t as follows:

P(t∗u = 0) = 0 (7)

P(t∗u = t) = P
(
t∗u = t|t∗h ≥ t ∧ t∗u ≥ t

)
P
(
t∗h ≥ t ∧ t∗u ≥ t

)

=
(∑

a∈A

n2∑

j=1

K2∑

k=1

pa(t)θ
u
a (j, k, t)pu

a(j, k, t)

)

×
(

1 −
t−1∑

t′=0

P
(
t∗h = t′

)
)(

1 −
t−1∑

t′=0

P
(
t∗u = t′

)
)

.

(8)

We assume that, if the criminal is first detected by a human
team in subarea a∗ at t∗h , then he is also caught by the team
at t∗h . If the criminal is first detected by a UAV in a∗ at t∗u ,
then the UAV will continuously track the criminal, and we

calculate the additional time period �ti required for a human
team i to reach and catch the criminal as follows.

1) If the criminal is detected in an open area, we calculate

�ti = d
(
ai

(
t∗u

)
, a∗)/

(
vmax

i − vmax
c

)
(9)

where vmax
i is the maximum speed of team i and vmax

c
is the maximum speed of the criminal.

2) If the criminal is detected in an area with one or more
narrow passageways, we calculate the time required for
team i to reach the criminal in each possible direction
of escape, and calculate �ti as the average time over all
directions.

Therefore, the hypothetical time t†h at which the criminal is
caught by a human team after he is detected by a UAV is

t†h = t∗u + min
1≤i≤n1

�ti. (10)

The probability of t†h = t can also be iteratively calculated as

t†h = 0) = 0 (11)

P(t†h = t) = P(t†h = t|t∗h ≥ t ∧ t†h ≥ t)P(t∗h ≥ t ∧ t†h ≥ t)

= P
(∃t′ < t : t∗u = t′ ∧ min

i
�ti = t − t′

)

× P
(
t∗h ≥ t

)
P
(

t†h ≥ t
)

=
( t−1∑

t′=1

∑

a∈A

n2∑

j=1

K2∑

k=1

pa(t
′)pu

a

(
j, k, t|x(t′), yj(t

′)
)
)

×
(

1 −
t−1∑

t′=0

P(t∗h = t′)
)(

1 −
t−1∑

t′=0

P(t†h = t′)
)

(12)

where

pu
a

(
j, k, t|x(t′), yj(t

′)
)

=
{

pu
a(j, k, t) if

(
yj(t′) = (a, k)

) ∧ (
t − t′ = min

i
�ti

)

0 otherwise.

(13)

Let T be the maximum allowable time of the search oper-
ation. Some existing UAV search problems [1], [15] aim to
minimize the expected detection time, which can be expressed
as

∑T
t=1 t · P(t∗u = t). However, the objective of our problem

is expressed as minimizing the expected time at which the
criminal is caught

min E(t†) =
T∑

t=1

t · P(t† = t)

=
T∑

t=1

t · (
P(t∗h = t) + P(t†h = t)

)
. (14)

The above formulation constitutes a single-objective com-
binatorial optimization problem. The objective function is
computationally expensive. Even when there is only one team
or UAV with one search mode, the problem is more complex
than the NP-hard traveling salesman problem. The complexity
increases exponentially with m, n1, n2, and T . Therefore, clas-
sical exact algorithms are impractical in most cases. Moreover,
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the problem formulation is largely based on probability esti-
mation. Therefore, it would be pointless to pursue an exact
“optimal” solution. EAs are suitable for this problem because
they can obtain an approximate optimal solution within a short
time. The next section presents our proposed EA for efficiently
solving the problem.

IV. EVOLUTIONARY ALGORITHM FOR THE PROBLEM

To the best of our knowledge, there is no existing EA for
the presented problem. The problem of task allocation and
scheduling in heterogeneous environments [33], [34] may be
the most similar problem, but it does not involve different oper-
ation modes for each task. After trying to solve this problem
based on a number of popular EA frameworks and their com-
binations, we propose an efficient hybrid EA for the problem
based on the following principles.

1) High-fitness solutions have high probabilities of per-
forming local search around themselves.

2) Low-fitness solutions have high probabilities of learning
from high-fitness solutions.

3) Most solutions have probabilities of being mutated,
and low-fitness solutions tend to be changed more
significantly than high-fitness solutions.

The framework of the hybrid EA is presented in
Algorithm 1, where rand() generates a random number dis-
tributed uniformly in [0, 1].

A. Solution Encoding and Initialization

Each solution to the problem is encoded as z =
{x1, x2, . . . , xn1 , y1, y2, . . . , yn2}, where xi = (ai, κi), ai is
the sequence of subareas searched by human team i with
κi being the sequence of search modes corresponding to ai,
yj = (aj, κj), and aj is the sequence of subareas searched
by UAV j with the corresponding search modes κj (1 ≤ i ≤
n1, 1 ≤ j ≤ n2).

When randomly initializing a solution, for each human team
i, we let ai begin at the original subarea in which the team
is located, and then continually randomly select and add an
unvisited subarea adjacent to the last subarea of ai to the
sequence until the total time consumed by the team exceeds T .
The search mode for each subarea is set to a random value in
[1, K1]. For each UAV j, we first initialize aj as an empty
sequence and then continually randomly add an unvisited
subarea (not necessarily adjacent to the last subarea) to the
sequence until the total time consumed by the UAV exceeds
T , and set the search mode for each subarea to a random value
in [1, K2].

To accelerate the convergence speed of the EA, when ini-
tializing a population of Np solutions, we randomly generate
(Np−2) solutions and use two greedy methods to generate two
respective special solutions. The first greedy method always
assigns a human team or UAV to search a subarea with the
maximum ratio of detection probability to the completion time.
This method comprises the following steps.

1) Let t = 0 and I be the set of all (idle) human teams and
UAVs.

Algorithm 1 Hybrid EA for Collaborative Human-UAV
Search

1: Initialize a population P of Np − 2 random solutions and two
solutions produced by the greedy methods;

2: while the stop criterion is not satisfied do
3: for each solution z in P do
4: calculate λ(z) and μ(z) according to Eqs. (15) and (16);
5: end for
6: for each solution z in P do
7: mutate z as described in Sec. IV-D;
8: if the mutated z is improved then
9: if z is better than half of P then

10: do local search on z as described in Sec. IV-B;
11: end if
12: else
13: for each dimension i of z do
14: if rand() < λ(z) then
15: select an exemplar z′ based on its fitness;
16: make xi or yi learn from x′

i or y′
i as described

in Sec. IV-C;
17: end if
18: end for
19: end if
20: if z has not been improved for ĝ generations then
21: let z be a new random solution;
22: end if
23: end for
24: end while
25: return the best solution found so far.

2) Select a team or UAV i ∈ I, a subarea a ∈ A, and
a search mode k, such that if i is arranged to search
a with mode k, the ratio of the detection probability
pa(tea)p

h
a(i, k, tea) or pa(tea)p

u
a(i, k, tea) to the completion

time tea of the search of a is the maximum among all
possible i, a, and k.

3) Remove i from I and a from A.
4) Repeat steps 2) and 3) until I is empty.
5) Let t = t + 1; if the searching of a subarea is completed

at t, then add the corresponding team or UAV to I.
6) Repeat steps 2)–5) until t ≥ T or A is empty.
The second greedy method first assigns UAVs to search

subareas with high probabilities within a short time, and then
makes human teams move toward such subareas. This method
consists of the following steps.

1) Let t = 0 and IU be the set of all (idle) UAVs.
2) Select a UAV j ∈ IU , a subarea a ∈ A, and a search

mode k, such that if j is arranged to search a with mode
k, the ratio of detection probability pa(tea)p

u
a(j, k, tea) to

the completion time tea of the search of a is the maximum
among all possible j, a, and k.

3) Remove j from IU and a from A.
4) Repeat steps 2) and 3) until IU is empty.
5) Let IH be the set of all (idle) human teams and AS be

the set of subareas to be searched by IU .
6) For each a ∈ AS, select a team i closest to a and make

it move toward a, and remove i from IH and a from A.
7) Repeat step 6) until IH or AS is empty.
8) Let t = t + 1; if the searching of a subarea is completed

at t, then add the corresponding team or UAV to IH

or IU .
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9) Repeat steps 2)–8) until t ≥ T or A is empty.

B. Local Search

The local search operator is simple. For a solution z, let
mz be the number of subareas searched in the solution, a local
search operation is performed by producing at most 2mz neigh-
bors of z, each being obtained by changing the search mode k
of a subarea to k±1. If the best neighbor is better than z, then
it will replace z in the population. The local search operator is
applied to any new solution that is better than its parent and
whose fitness is among the top half of the population.

C. Comprehensive Learning

The learning operator is performed on the search sequence
of a human team or a UAV at a time. Suppose that a solu-
tion z = {x1, x2, . . . , xn1 , y1, y2, . . . , yn2} learns from another
solution z′ = {x′

1, x′
2, . . . , x′

n1
, y′

1, y′
2, . . . , y′

n2
} in human team

i, the operation consists of the following steps.
1) Obtain the set Ai(z, z′) of subareas that are in both xi

and x′
i.

2) If Ai(z, z′) is empty, set xi as x′
i.

3) Otherwise, randomly select a subarea a ∈ Ai(z, z′), and
set the subsequence starting from a in xi as that in x′

i,
and then remove duplicated subareas from xi.

For example, suppose that xi = {1, 3, 5, 7} and x′
i =

{2, 3, 4, 5}, we have Ai(z, z′) = {3, 5}; assume that 3 is
selected, then xi is set to {1, 3, 4, 5}.

Suppose that a solution z learns from another solution z′ in
UAV j, the operation consists of the following steps.

1) Obtain the set Aj(z, z′) of subareas that are in yj but not
in y′

j.
2) Randomly select some subareas from Aj(z, z′) and

remove them from yj.
3) Obtain the set A′

j(z, z′) of subareas that are in y′
j but not

in yj.
4) Randomly select some subareas from A′

j(z, z′) and add
them to yj.

5) Reorder all subareas of yi using the NEH method [35]
which reconstructs the sequence by minimizing the
probability-weighted completion time step-by-step.

For example, suppose that yj = {2, 4, 6, 8, 10} and y′
j =

{8, 7, 6, 5, 4}, we have Aj(z, z′) = {2, 10} and A′
j(z, z′) =

{7, 5}; assume that 2 is selected from Aj(z, z′) and 5 is
selected from A′

j(z, z′), then yj will be set to a permutation
of {4, 6, 8, 10, 5} obtained by the NEH method [35].

A solution z learns from different exemplars at different
dimensions i or j, which is similar to the comprehensive
learning strategy of PSO that can significantly enhance the
information sharing among the population [36]–[38]. Each xi

or yj in z has a probability λ(z) of learning from another
solution z′. Here, λ(z) is calculated according to the solution
fitness as follows:

λ(z) = fmax − f (z) + ε

fmax − fmin + ε
(15)

where fmax and fmin are the maximum and minimum fitness
values among the current population, respectively, and ε is a

very small number to avoid division-by-zero. The exemplar z′
is selected from the best half of population with a probability
proportional to 1 − λ(z′). In this way, worse solutions tend to
incorporate more features from better ones, which is similar
to the migration operator of biogeography-based optimization
(BBO) [39].

After learning, there may be some subareas repeatedly
searched. In this case, we use the following steps to improve
the solution.

1) For each subarea a searched by multiple human teams,
let H(a) be the set of these teams and ti,a be the
time at which team i completes the search of a, select
i∗ = arg maxi∈H(a)

(
pa(ti,a)ph

a(i, k, ti,a)/ti,a
)

as the team
to search a, and remove a from the sequences of
other teams (but they can still pass through a without
searching it).

2) For each subarea a searched by multiple UAVs, let
U(a) be the set of these UAVs and tj,a be the time
at which UAV j completes the search of a, select
j∗ = arg maxj∈U(a)

(
pa(tj,a)pu

a(j, k, tj,a)/tj,a
)

as the UAV
to search a, and remove a from the sequences of other
UAVs.

3) Sort all unsearched subareas (if any) in decreasing order
of the target existence probability, and then assign each
of them to a team or a UAV such that its search
completion time is the earliest until the time exceeds T .

D. Variable Mutation

Given a solution z = {x1, x2, . . . , xn1 , y1, y2, . . . , yn2},
a mutation operation is performed by fixing the subarea
sequences of a part of human teams and UAVs, and then ran-
domly generating the sequences for the remaining teams and
UAVs. Each solution is assigned a mutation rate μ(z) that is
proportional to the solution fitness, and the mutation operation
comprises the following steps.

1) Initialize an empty set Sf of sequences to be fixed.
2) For each i ≤ n1 and j ≤ n2, generate a random number

r uniformly distributed in [0, 1]; if r ≤ μ(z), then add
xi or yj to Sf .

3) Let Af be the subareas searched by the sequences in Sf ,
randomly assign the subareas in A\Af to the remain-
ing teams and UAVs using the random initialization
procedure described in Section IV-A.

The mutation rate μ(z) is initialized to 0.5 for all solutions,
and is then updated at each iteration according to the solution
fitness f (z) as follows:

μ(z) = μ(z) · α−(fmax−f (z)+ε)/(fmax−fmin+ε) (16)

where α is a mutation reduction coefficient larger than 1. This
strategy is similar to the variable mutation (propagation) strat-
egy used in water wave optimization (WWO) [40], where fitter
solutions have smaller mutation rates and change less, and
worse solutions have larger mutation rates and change more.
Moreover, the average mutation rate decreases with the number
of iterations, which makes the solutions explore large spaces
in early stages and exploit small spaces in later stages.
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TABLE II
SUMMARY OF THE TEST INSTANCES OF THE COLLABORATIVE HUMAN-UAV SEARCH PROBLEM

In particular, if a solution has not been improved for ĝ
generations (where ĝ is a control parameter), then it will be
“completely mutated,” i.e., set to be a new random solution.

V. COMPUTATIONAL EXPERIMENTS

We construct 20 instances of the collaborative human-UAV
search problem on five real-world areas. On each area we con-
struct four instances, which use different numbers of human
teams and UAVs and assume that a criminal escapes either in
daytime or in the evening. We set different speeds and exis-
tence probabilities for different areas and time periods; we also
assume that the criminal will have different speed under dif-
ferent pressures (e.g., when searched by different numbers of
teams and UAVs). The instances are summarized in Table II,
where A denotes the area (in km2) of the search region, v is
the average speed (km/h) of the criminal, v̂ is the maximum
speed (used for calculating d̂), β is the average βa(t) value
over all subareas and time intervals, c, δh, δu, ch

k , and cu
k are

the parameters used in (1)–(4), ts is the starting time of the
operation, and Ta denotes the anticipated capture time (in min-
utes) provided by police experts: if the actual capture time is
later than Ta, the operation is considered too inefficient.

The experiments consist of two parts. The first part com-
pares the problem-solving performance in terms of the best
objective function values obtained by different algorithms. The
second part conducts simulations to compare the operational
performance in terms of resulting capture times of different
search methods.

A. Comparison on Objective Function Optimization

In the first part, we compare the propose hybrid EA (denoted
by HEA) with some other well-known EAs for optimizing the
objective function (14). Given that there is no existing algo-
rithm for the presented problem, for the sake of comparison,
we implement the following eight algorithms based on some
well-known metaheuristic frameworks.

1) A nonrevisiting GA with adaptive mutation
(NrGA) [41], which uses a binary space partitioning

tree archive to avoid revisiting solutions searched
before. We adapt it to our problem by defining the
crossover of two parents z and z′ as randomly selecting
some dimensions (sequences), making z learn from z′
at these dimensions, and making z′ learn from z at
the remaining dimensions, using the learning operator
described in Section IV-C. The mutation is performed
as described in Section IV-D.

2) A new improved version of NrGA (NrGA-L), which
combines NrGA with the local search described in
Section IV-B.

3) A comprehensive learning PSO (CLPSO) algorithm [36]
where each solution learns from different exemplars
at different dimensions. The learning is performed as
described in Section IV-C.

4) An improved version of CLPSO (HCLPSO) [42] that
uses two subpopulations, one employing only the com-
prehensive learning strategy and the other supporting
both comprehensive learning and learning from the
global best.

5) A linearized BBO algorithm with reinitialization and
local search [43], where the linearly combined migra-
tion is performed by the learning operator as described
in Section IV-C, whereas the local search is performed
as described in Section IV-B.

6) An improved BBO called ecogeography-based
optimization (EBO) [44], which defines two migration
operators, namely, global migration and local migration,
and adaptively determines which operator should be
applied according to the maturity of the population.

7) A WWO algorithm [40], which is adapted to our
problem by performing propagation as the vari-
able mutation described in Section IV-D and per-
forming breaking as the local search described in
Section IV-B.

8) An ACO algorithm that uses a max–min ant system in
which each ant (team or UAV) decides the action to
perform at each step based on the pheromone accumu-
lated over the previous iterations [12].
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Fig. 5. Mean best objective function values obtained by HEA with different
α values in [1, 1.05] and ĝ values in {1,2,. . . ,12}. The best performance is
achieved when α = 1.0026 and ĝ = 6. Note that α = 1 indicates a fixed
mutation rate, whereas ĝ = 1 indicates that each solution not producing a
better offspring will be immediately set to a new random solution. HEA shows
poor performance in both cases.

The control parameters of the algorithms are tuned on the
entire test set as follows.

1) For HEA, the population size Np = 40, α = 1.0026,
and ĝ = 6. The values of α and ĝ are determined by the
sensitivity test on the 20 instances (the result of which
is shown in Fig. 5).

2) For NrGA and NrGA-L, Np = 120, and the crossover
rate is 0.5.

3) For CLPSO, Np = 45. For HCLPSO, the sizes of the
two subpopulations are 15 and 30, respectively.

4) For LBBO and EBO, Np = 60, and the mutation rate
is 0.015. The maturity index of EBO linearly increases
from 0.4 to 0.9 with generation.

5) For WWO, Np = 50, α = 1.0026, and ĝ = 6.
6) For ACO, Np = 100, the evaporation rate is 0.5, and

the pheromone influence and heuristic influence are
both 1.

For a fair comparison, all the algorithms use the same stop-
ping criterion: the number of function evaluations (NFEs) has
reached 50 000. On each test instance, each EA is run 50 times
with different random seeds, and the experimental results are
averaged over the 50 runs. The experiments are conducted on
a workstation with an i7-6500 2.5 GHz CPU, 8-GB DDR4
RAM, and an NVIDIA Quadro M500M card.

Table III summarizes the experimental results, including the
mean and standard deviation (std) of the best objective func-
tion values obtained by each algorithm as well as the ranking
of each algorithm (according to the Friedman’s rank sum test)
on each test instance. The minimum mean value among the
nine algorithms is shown in boldface, and a superscript +
before a mean value indicates that the result of the correspond-
ing algorithm is statistically significantly different from that of
our HEA (at a 95% confidence level). The last row presents
the average ranking of each algorithm on all 20 instances.

The sizes of the instances #1–#4 are relatively small. On
instance #1, there is no statistically significant difference
among the results of the eight algorithms (except NrGA),
where EBO obtains the best mean value. WWO, HEA,
and EBO obtain the best mean values on #2, #3, and #4,

respectively, but there are also no significant performance dif-
ference among the three algorithms on the three instances.
With the increasing instance size, HEA’s performance becomes
more competitive. In particular, on the last four large-size
instances #17–#20, HEA uniquely obtains the best mean val-
ues, and its results are significantly better than those of all
other algorithms. In summary, among the 20 instances, HEA
obtains the minimum mean values (and ranks the first) on 12
instances, EBO ranks the first on five instances, and HCLPSO,
LBBO, and WWO, respectively, ranks the first on one instance.
Therefore, we can conclude that HEA exhibits the best overall
performance on the test instances, and its performance advan-
tages are more obvious on large-size instances, demonstrating
the efficiency of the designed evolutionary operators of HEA
in exploring the large solution space of the presented problem.

Comparatively, the performances of the NrGA is the worst
because its selection and competition strategies easily lead
to premature convergency. According to statistical tests, the
results of NrGA are significantly worse than those of HEA on
all 20 instances. Compared to NrGA, NrGA-L achieves a sig-
nificant performance improvement, and its overall ranking is
the sixth among the nine algorithms, which demonstrates the
contribution of the local search operator to improving solu-
tion accuracies. We also observe that HCLPSO (which ranks
the third) significantly outperforms CLPSO (which ranks the
seventh), and EBO (which ranks the second) significantly out-
performs LBBO (which ranks the eight), which demonstrates
the efficiencies of the heterogeneous subpopulation strategy
used by HCLPSO and the adaptive global and local migration
strategy used by EBO. In our framework, HEA can be regarded
as a combination of the comprehensive learning of CLPSO
and the variable mutation and local search of WWO, and the
significant performance improvement of HEA over CLPSO
and WWO demonstrates that such a combination achieves a
good balance between global search and local search. As the
only algorithm that does not employ any of the operators we
describe in Section IV, ACO’s performance is relatively good
on medium-size instances, but degrades vastly on large-size
instances, showing that the ant system is not very scalable to
the large solution space of the problem.

B. Comparison on Criminal Search Performance

In the second part, we perform simulations to test the
performance of our method for criminal search and capture.
The following six popular UAV search methods are used for
comparison.

1) A greedy (one-step lookahead) method [1] where each
UAV always chooses an unexplored subarea that has the
maximum existing probability.

2) A composite method [4] that combines greedy search
and contour search (denoted by ConGreedy).

3) A heuristic method that uses partially observable
Markov decision process (POMDP) to yield the actions
for each UAV to maximize the expected reward (detec-
tion probability) over the time horizon [2].

4) A pigeon-inspired optimization (PIO) method [45]
that mimics the homing characteristics of pigeons to
maximize the overall detection probability.

Authorized licensed use limited to: Yu-Jun Zheng. Downloaded on April 08,2020 at 06:54:12 UTC from IEEE Xplore.  Restrictions apply. 



226 IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 24, NO. 2, APRIL 2020

TABLE III
EXPERIMENTAL RESULTS OF THE EAS ON THE 20 INSTANCES OF THE COLLABORATIVE HUMAN-UAV SEARCH PROBLEM

5) A hyperheuristic method (denoted by HypHeu) [13] that
combines a set of metaheuristic methods to maximize
the overall detection probability.

6) A method based on Gaussian mixture model and
receding horizon control (RHC) where subareas are
prioritized hierarchically according to their Gaussian

components and then allocated to UAVs to maximize
the predicted reward [46].

Note that the methods described above all are used for target
searching. Thus, when implementing them for our problem, we
uniformly regard all human teams and UAVs as search agents
during the search, and make all human teams move toward
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TABLE IV
SRS OF THE METHODS IN THE SIMULATION TESTS

Fig. 6. Comparison of the average detection time and capture time (in minutes) of each method in the simulation tests. (a) Detection time. (b) Capture time.

the criminal once he is detected by a UAV, as described in
Section III-C. Given that we have compared the performances
of the nine EAs in Section V-A, here we only include the top
five algorithms, i.e., HCLPSO [42], EBO [44], WWO [40],
ACO [12], and HEA, in the simulation test.

On each instance described in Table II, we perform 1000
simulation runs, each simulating an escape route of the crim-
inal according to the probability distribution, and calculate
the time at which the criminal is detected/captured accord-
ing to the solution produced by each of the 11 methods.
For the probabilistic methods (such as EAs), we run each
method 20 times and calculate the average time over the 20
runs. The performance is evaluated in terms of three metrics:
1) the average detection time (denoted by TD); 2) the aver-
age capture time (denoted by TC); and 3) the success rate
(SR), the percentage of runs in which the criminal is captured
within Ta.

Fig. 7. Average ranking of each method in detection time and capture time
in the simulation tests.

Fig. 6(a) and (b) presents the TD and TC results (in min-
utes) of each method in the simulation tests, respectively, and
Fig. 7 presents the average ranking of each method in TD
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Fig. 8. Search area and the search paths of the UAVs (in blue) and human teams (in red) in the real-world application.

and TC. The greedy method exhibits both the longest TD

and the longest TC on almost every instance, which indi-
cates that the one-step lookahead strategy cannot obtains even
approximate optimal solutions to this complex problem. On
small- and medium-size instances #1–#8, the TD values of the
popular UAV search methods are typically less than or sim-
ilar to those of the five EAs, but the TC values of the EAs
are less than those of the other UAV search methods. This
demonstrates that the UAV search methods for maximizing
the detection probability or minimizing the expected detec-
tion time do not agree with the objective of minimizing the
capture time. On large-size instances, the search performance
of ConGreedy, POMPD, and RHC also degrade remarkably,
while PIO and HypHeu can still obtain TD values similar
to CLPSO, WWO, and ACO. However, the TC values of
the EAs are significantly less than those of the other UAV
search methods. For the proposed HEA, its average ranking
is the second in TD and the first in TC; in particular, on
large-size instances, HEA obtains both the shortest TD and
the shortest TC, demonstrating the efficiency of its evolution-
ary operators in searching the large solution spaces of the
problem.

We also observe that the TD values of the EAs are typ-
ically 70%–80% of their TC values, while the ratios of TD

to TC of the other UAV search methods are 50%–60% on
small- and medium-size instances and 40%–50% on large-size
instances. This further demonstrates that, aiming to shorten
the detection time as much as possible often prolongs the
capture time, because a solution for minimizing the detec-
tion time often causes human teams to go far away from
the location where the criminal is likely to be detected by a
UAV. Therefore, existing UAV search methods are not suit-
able for the problem of criminal search and capture. On
the contrary, the EAs can produce high quality solutions
that not only consider the detection of the criminal but also

facilitate human teams reaching and catching the criminal after
detection.

Table IV presents the SRs of the ten methods on the test
instances. The overall SR of the greedy method is 72.8%,
which is the lowest among all methods. The overall SRs of
the other five UAV search methods are also below 90%. In
particular, the solutions of Greedy, ConGreedy, and POMDP
rarely succeed on the last four instances. The overall SRs of
the EAs are always 100%, except for CLPSO, which achieves
an SR of 99.2% on instance #2. The results further demon-
strate that the proposed EAs for this optimization problem can
produce efficient plans for searching and capturing the crimi-
nal, for which the existing UAV search methods are incapable
of obtaining satisfying solutions.

VI. REAL-WORLD APPLICATION

The proposed method was successfully applied to a real-
world criminal search and capture operation. On March 21,
2018, it was reported that a robber had escaped into a moun-
tain area in Shanyang, Northwest China. More than 200
police officers and 1000 assisting people were called out to
search for the robber in the mountain, but had not made any
progress until traces of cooking left by the criminal were
found on the morning of March 24. On March 25, the local
police obtained three UAVs provided by higher authorities, and
applied the proposed HEA method to schedule the UAVs and
six human teams with the remote assistance of our research
group. The search area was approximately 220 km2 and was
divided into 46 subareas, the distribution of which is shown
in Fig. 8. The probability estimation and problem solving
were relatively difficult, because the search area was large
and over 24 h had elapsed since the criminal was last seen in
subarea a21.
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Fig. 9. Process of search and capture the UAVs and human teams in the real-world application.

Starting at 09:50 March 25, the UAVs and human teams
began to perform the search according to the solution pro-
duced by HEA. The search process is illustrated in Fig. 9.
After 193 min, the criminal was detected by UAV1 in sub-
area a3 at 13:03, at which three teams, Team1, Team2, and
Team6, were not far away. Afterward, UAV1 kept track-
ing the criminal who ran through a2 to a6, UAV2 flew
toward the criminal from another direction, and the three
teams moved toward the criminal under the guidance of the
two UAVs, while the other teams stopped searching. Finally,
the criminal was surrounded by the three teams in a6 and
was arrested at 15:01. The use of UAVs and our collab-
orative search method was considered as a great success,
as it took only 311 min to capture the criminal, while the
previous search consumed over 90 h without making essential
progress.

After the operation, we employed the ten other methods
described in Section V-B to solve this real-world problem
instance, and simulated the implementation of their solutions
(using 100 simulation runs). Fig. 10 compares the expected
capture time (i.e., the objective function value) and the sim-
ulated capture time of each method with those of our HEA
method. The results are similar to those in the experiments
presented in Section V: the five EAs exhibited significant
performance advantages over the other UAV search methods,
and HEA achieved the best performance among all methods.
Compared to the actual capture time of HEA, the solutions
of HCLPSO, EBO, WWO, and ACO would have required 28,
11, 24, and 55 more min to capture the criminal, respectively,
and the other UAV search methods would have required at

Fig. 10. Comparison of the expected and simulated capture time (in minutes)
of the methods on the real-world problem instance.

least 100 more min. We also observed that the actual cap-
ture time of HEA or the simulated capture time of each of the
other methods did not significantly differ from the correspond-
ing expected capture time, which demonstrates the feasibility
and robustness of the presented human-UAV search problem.
Note that for most methods, the expected capture time was
less than the simulated time, because the simulation took
more external influences that are not modeled in the problem
but were encountered in the real-world operation into con-
sideration. In summary, this real-world application validated
the feasibility and performance of our method in practical
operations.
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VII. CONCLUSION

This paper presented a collaborative human-UAV search
problem, the objective of which is to minimize the expected
time at which the criminal is captured. We propose a
hybrid EA that combines variable mutation, comprehensive
learning, and local search to efficiently solve the problem.
Computational experiments and simulations demonstrate the
performance advantages of the proposed method. We also
report a successful application of the proposed method to a
real-world criminal search operation, thereby validating its
practicability and effectiveness.

The problem of collaborative scheduling human searchers
and UAVs to search a set of subareas with different search
modes can be extended to many other problems. Examples
include scheduling human rescuers and robots to rescue
victims with different emergency levels in disasters [47],
scheduling security workers and intelligent inspection devices
to perform screening tasks with different security levels in
airports [48], scheduling customer service representatives and
customer service robots to serve customers with different
service levels [49], etc. Such man–machine collaboration
scheduling problems are becoming more common with the
rapid development of artificial intelligence. This paper pro-
vides a good basis for promoting the application of EAs to
the wider class of problems. Our ongoing work is to uti-
lize interactive evolutionary computation [50]–[52] to enhance
man–machine collaboration, thereby improving the problem-
solving performance.
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