iriried applied
L sciences

Article

Optimization Dubins Path of Multiple UAVs for
Post-Earthquake Rapid-Assessment

1,2,3

Moning Zhu , Xuehua Zhang 4, He Luo ">3*(), Guoqiang Wang ">(Y and Binbin Zhang °

1 School of Management, Hefei University of Technology, Hefei 230009, China;

zhumn@mail hfut.edu.cn (M.Z.); gqwang2017@hfut.edu.cn (G.W.)

Key Laboratory of Process Optimization & Intelligent Decision-making, Ministry of Education, Hefei 230009,
China

Engineering Research Center for Intelligent Decision-making & Information Systems Technologies,
Ministry of Education, Hefei 230009, China

National Earthquake Response Support Service, No. 1 Yuquan West Street, Shijingshan District,

Beijing 100049, China; zhangxhual990@163.com

5 Anhui Keli Information Industry CO., LTD, Hefei 230088, China; zhangbinbin@ahkeli.com

*  Correspondence: luohe@hfut.edu.cn; Tel.: +86-551-6290-1501

check for
Received: 27 December 2019; Accepted: 14 February 2020; Published: 19 February 2020 updates

Abstract: In the last decade, with the wide application of UAVs in post-earthquake relief operations,
the images and videos of affected areas obtained by UAVs immediately after a seismic event
have become an important source of information for post-earthquake rapid assessment, which
is crucial for initiating effective emergency response operations. In this study, we first consider
the kinematic constraints of UAV and the Dubins curve is introduced to fit the shortest flyable
path for each UAV that meets the maximum curvature constraint. Second, based on the actual
requirements of post-earthquake rapid assessment, heterogeneous UAVs, multi-depot launching,
and targets allowed access to multiple times, the paper proposes a multi-UAV rapid-assessment
routing problem (MURARP). The MURARP is modeled as the multi-depot revisit-allowed Dubins
TOP with variable profit (MD-RDTOP-VP) which is a variant of the team orienteering problem
(TOP). Third, a hybrid genetic simulated annealing (HGSA) algorithm is developed to solve the
problem. The result of numerical experiments shows that the HGSA algorithm can quickly plan
flyable paths for heterogeneous UAVs to maximize the expected profit. Finally, a case study based
on real data of the 2017 Jiuzhaigou earthquake in China shows how the method can be applied in a
post-earthquake scenario.

Keywords: heterogeneous unmanned aerial vehicles; multi-depot; Dubins curve; team orienteering
problem

1. Introduction

Rapid assessment after a catastrophic event, such as earthquake, is crucial to initiating effective
emergency operations [1]. Rapid assessment after an earthquake in particular is a serious and
difficult problem involving quickly and accurately obtaining disaster area information, updating the
post-earthquake information database, and shortening the post-earthquake black box period. These
efforts can provide decision support for theory-based and effective development of relief operations to
reduce the losses associated with earthquake disasters. The primary purpose of rapid assessment is to
obtain a general understanding of the effects of the earthquake in the shortest time and to determine
the degree of damage in different directions, particularly the location of the heavy disaster area. It is an
effective way to obtain the damage degree of buildings in different directions around the epicenter.
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However, road damage caused by an earthquake slows down the speed of rescue crews entering the
disaster area, thus affecting the efficiency of rapid assessment. In addition, rescue crews are at risk of
aftershocks and other potential hazards. Since a UAV can quickly enter an earthquake-stricken area
without being affected by road damage to capture images and videos through onboard sensors, this
approach has been widely used in post-earthquake relief operations [2,3].

The post-disaster environment is extremely time sensitive, especially in the early stages of relief
operation [4]. To improve the efficiency of relief operation, multiple rescue teams usually conduct
rapid assessment of the disaster affected areas from different directions at the same time, which means
that multi-UAVs are launched from different depots. The application of multi-UAVs presents several
advantages, such as increased robustness and a reduced task execution time [5]. However, it also poses
challenges, such as planning flyable paths for each UAV in a short time.

The primary purpose of the multi-UAV rapid-assessment routing problem (MURARP) is to
determine the extent of damage in the affected areas in different directions in the shortest possible time
to carry out the rescue work in a targeted manner. Due to the large area affected by the earthquake, the
large number of damaged buildings, the extremely time sensitivity task, limited number of drones and
endurance, the UAV swarm cannot cover all buildings. Therefore, the UAV swarm need to access some
targets selectively; for example, densely populated population buildings (hospitals and schools) are
candidates for focus and should be given priority consideration [6]. When planning a rapid-assessment
route for each UAYV, it is necessary not only to select the appropriate potential targets based on the
priority of the potential target and the endurance of the UAV but also to determine the access order of
the UAV to the assigned potential target to maximize the profit of the multi-UAV rapid-assessment
routing scheme. The operations research (OR) model, including the team orienteering problem (TOP),
can be used to solve this kind of UAV routing problem. However, in the classic TOP model, all vehicles
start from the same start depot and return to the same end depot, which is different from the scenario
studied in this paper. Since different UAVs are usually launched at different depots in the multi-UAV
post-earthquake rapid-assessment scenario, we generalize the classic TOP model to the multi-depot
TOP (MD-TOP) model, referenced to the multi-depot traveling salesman problem (MDTSP) model.

The MURARP introduced and defined in this paper is a practical problem that is faced in the
emergency rescue process in the post-earthquake scenarios. In general, UAV resources available
for rapid assessment are limited; therefore, some teams use fixed-wing UAVs and some teams use
quad-rotor UAVs. In order to reflect the generality of the model proposed in this paper, we assumed
that the UAV swarm performing the rapid assessment task is composed of heterogeneous UAVs which
are characterized by different endurance, speed, and turning radius. The heterogeneity of the UAV
swarm is reflected in that each UAV has different kinematic constraints. However, the functionality of
each UAV is the same, that is, to capture images of damaged buildings in different directions around
the epicenter in the shortest possible time. Due to the kinematic constraints of the UAVs, it is necessary
to guarantee the flyability of the UAV paths. Specifically, the flyable path refers to a twice differentiable
curve [7]; otherwise, the assigned paths might become inefficient and might even be unflyable for
UAUVs [8]. Dubins [9] proposes a flyable path of minimal length for a UAV, constrained to move at
a constant speed along paths of bounded curvature without reversing direction. Since this model
satisfies the kinematic constraints of UAVs, it is widely used in UAV path planning [7,10,11]. In this
paper, we extend the MD-TOP model to the multi-depot Dubins TOP (MD-DTOP) model. When
solving the latter model, the constraints of UAV endurance and minimum turning radius must be
considered, so when determining the access sequence of each UAV to the assigned potential target,
the UAV heading angle when traversing each target must also be determined. In the process of
performing the rapid assessment, there may be some uncertainties, such as the sensors carried by
UAVs being out of focus, dithered, or overexposed, resulting in the images or videos acquired by UAVs
being unrecognizable. Therefore, the effective information collected by UAVs during a single visit to a
potential target is often insufficient, which may reduce the effectiveness of the rapid assessment in
turn. For this reason, based on previous research results in the literature [12], the expected profit is
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introduced to describe the completion quality of the rapid assessment, and the target revisit-allowed
strategy is introduced. The expected profit of the multi-UAV rapid assessment can be improved by
selecting appropriate targets to access and optimizing the target access sequence, the heading angle of
each UAV when traversing each target and the number of times the target was accessed. The MURARP
can be described as follows: multiple heterogeneous UAVs are launched at different depots and return
to their respective depot after selectively visiting some potential targets in the earthquake affected
area. The optimization objective of the MURARP is to maximize the rapid assessment completion
quality by planning a flyable path for each UAV while satisfying the following three constraints: (i) the
UAV endurance, i.e., the maximum safe UAV flight duration; (ii) the UAV dynamic constraints, that is,
the curvature constraint of the minimum turning radius of UAV; (iii) uncertainty during the process,
which is represented by the error of the sensors carried by heterogeneous UAVs. According to the
above analysis, the MURARP can be transformed into a multi-UAV path planning problem, which
can be defined as follows: to find a collision-free path between the initial configuration and the final
configuration in a specific scenario [13]. The main objective of UAV path planning is to design a
flyable path that UAV can fly to the destination with minimal comprehensive costs, i.e., maximize the
probability of task completion while meeting the UAV performance requirements [14].

For multi-UAV path planning problems, extensive research has been conducted. To date, there
are several notable surveys that outline the previous contributions performed in the field of UAV path
planning [8,13-18]. The vehicle routing problem (VRP) model [19] was used to realize load balancing
of the task allocation of multi-UAVs, with the optimization objective of minimizing the longest UAV
path length. Rathinam et al. [20] modeled multi-depot UAV path planning problems as resource
allocation problems and introduced the minimum spanning tree method to obtain the shortest path of
each UAV. Balcik, B. [21] divided the potential targets into different communities according to different
characteristics and developed a target sampling method to select multiple potential targets in the
community for access. Then, a routing strategy to maximize the minimum coverage ratio was proposed.
A TOP extended model, called the drone scheduling problem (DSP) [22], was modeled as a mixed
integer linear programming (MILP) model that can design flight paths for drones to obtain as much
benefit as possible under the constraint of the weight of the target and the task execution time. The total
UAV arrival time can be minimized by a continuous approximate method [4]. The literature on UAV
path planning using the Dubins path is very common. The DOP is a generalization of the existing
OP [23]. Although the optimization objective of the DOP is similar to that of the OP, maximizing
the collected profits in a given travel budget, the computational complexity of the DOP far exceeds
that of the EOP because the DOP also needs to determine the heading angle when the drone accesses
each target [24]. Because of the consideration of the UAV turning radius and heading angle, the EOP
solution in a certain scenario may not match the DOP solution. The multi-UAV simultaneous arrival
problem of path planning is formulated based on the Dubins path [25], to produce feasible paths.

The path planning problem has proven to be an NP-hard problem [26]. Currently, the use
of meta-heuristics algorithms has received more attention than deterministic algorithms. Because
metaheuristics algorithms are problem-independent and there is no need to adapt a solution to a
specific problem. Therefore, they approximately solve a wide range of path planning problems [18].
The genetic algorithm (GA) and hybrid algorithms based on GA represent state-of-the-art metaheuristics
algorithms for solving VRP and its variants [27,28], and they have been widely used in engineering
practice. Nikolos et al. [29] used an improved GA algorithm to plan a continuous UAV curve path for
considering the constraints of a minimum UAV curvature angle. In addition, due to the specifics of
the UAV path planning problem, careful adjustment of the GA relative parameter can improve the
optimization performance of algorithm [30]. According to the research of scholars, it is much more
efficient to perform a local search in the area found by the GA than a direct search [31]. Therefore, it is
widely adopted to combine two powerful meta-heuristics algorithms into one hybrid procedure to
take advantage of their respective strengths [32-34]. According to the characteristics of the MURARP,
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we design a hybrid genetic simulated annealing (HGSA) algorithm to solve it and the flyable path of
each UAV can be obtained quickly. The main innovations of this paper are as follows:

(1) The MURARP proposed in this paper can be regarded as a variant of the TOP in the real application
of multi-UAV for post-earthquake rapid assessment task, in which UAVs equipped with sensors
access a group of potential targets, such that the total expected profit can be maximized. In the
optimization process of the MURARP, various factors, such as the UAV endurance, dynamic
constraints, multi-depot, the weight of potential targets, the heterogeneity of the UAV swarm
and sensor errors, are considered. In this paper, the MURARP is modeled as a multi-depot
revisit-allowed Dubins TOP with variable profit (MD-RDTOP-VP). The similarity between this
model and the TOP model is that it is necessary to select the appropriate potential targets
and determine the sequence of access. The differences are reflected as follows: (i) Multiple
depots—In the classic TOP, all UAVs depart from the same start depot and return to the same
end depot after completing the task. However, a UAV carrying out the rapid-assessment task
in MD-RDTOP-VP needs to start from one of multiple depots and return to its departure depot
after completing the task. (ii) The objective function—The optimization objective of the classic
TOP is to maximize the total profit, while the optimization objective of MD-RDTOP-VP is to
maximize the expected profit, which is calculated by multiplying the potential target’s weight by
the probability that valid information about that target was successfully collected. (iii) Target
revisit-allowed strategy—The classic TOP model stipulates that each potential target can only
be accessed at most once. However, in MD-RDTOP-VP, to increase the probability that valid
information about a target was successfully collected, a UAV is allowed to visit a potential target
more than once.

(2) In this paper, the influence of the minimum turning radius of the UAV and heading angle
discretization on the completion quality of the rapid assessment is studied. The instances of
MD-RDTOP-VP are generated by modifying the classic benchmark instances of the TOP model.
The numerical experiments are used to prove the influence of the minimum turning radius of the
UAV on the completion quality. Then, the influence of the heading angle discretization is analyzed
through simulation experiments. The results show that the high-quality MD-RDTOP-VP solution
can be accelerated by selecting the appropriate heading angle discretization. In previous reports
on the UAV path planning using the Dubins curve, most studies have assumed that the initial
heading angle of the UAV is specified, but we also optimize that parameter.

(3) This paper designs an HGSA algorithm for solving the MD-RDTOP-VP model. Since the MURARP
proposed in this paper is a novel problem, the existing algorithms cannot be directly applied
here. Therefore, a hybrid algorithm is developed to solve this problem. The performance of the
algorithm is shown through numerical and simulation experiments. Finally, a case study based
on real-world data of the 2017 Jiuzhaigou earthquake in China shows how to use our method in a
post-earthquake scenario. The results show that the HGSA algorithm can obtain a high-quality
feasible solution of the MD-RDTOP-VP model in a short time, which can meet the actual demand
of quick path planning for each UAV in a post-earthquake scenario.

The remainder of this paper is structured as follows. In Section 2, the mathematical model of the
MURARP is given. The HGSA algorithm for solving the MURARP mathematical model is discussed
in Section 3. In Section 4, the performance of the HGSA algorithm is evaluated through numerical and
simulation experiments, and a case study is also presented. Finally, a concluding summary of this
paper and the potential future work are discussed in Section 5.

2. Problem Modeling

In this section a formulation of the MURARP is presented. A directed graph G = (TUDUD’,A)
is given, where T is the potential targets set, D is the set of UAV launching depots, and D’ is the set of
UAV landing depots. The arc set A consists of all possible connections between any two vertices in T
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and all directed arcs connecting all vertices in D UD’ and all vertices in T. A group of heterogeneous
UAVs, represented by U, launched from their associated launching depots and return to their associated
landing depots after visiting a subset of T. Each UAV is constrained by its endurance. When a UAV
accesses a potential target, the profit associated with the weight of the target is successfully obtained
with a certain probability. The optimization objective of the MURARP is to maximize the expected profit.
Table 1 defines the major notation of relevant sets, indices, parameters, and variables of MURARP.

Table 1. List of major notations of sets, indices, parameters, and variables of MURARP.

Notation Explanation
U set of UAVs, U ={1,--- ,k,--- ,K}.
k index of UAVs, k € U.
T set of potential targets, T ={1,--- ,i,--- ,N}.
i,j index of potential targets, i, j € T.
D set of UAV launching depots, D ={Dy,--- ,Dy,--- ,Dx}.
D’ set of UAV landing depots, D ={D¢,---,Dy, - ,DK’}.
A\ set of all vertices, V=T uDUD’.
H set of heading angle discretization, H = {6;1 10, = %,h =0,1,...,Ng— 1}.
qi.‘ the configuration of UAV k when accessing targets i, qi.‘ = (x4, i, Op).
A feasible route of UAV k, a configuration sequence of vertices visited by UAV k,
k

Rk = {qur qi(/ e /5]1;/ qu'}/ l/] € T/k eU.
Scheme feasible routing scheme for the MURARP, Scheme = {Ry;...;R;...;Rg}, k € U.

Uk airspeed of UAV k, k € U.
Pk turning radius of UAV k, k € U.
Tk ax endurance of UAV k, k € U.
wj weight of a potential target i, i € T.
Pk error probability of the sensor carried by UAV k, py € (0,1).
P; probability of successfully obtaining a profit for visiting potential target i, i € T.
dfj distance between vertices i and j under the turning radius of UAV k, i, j € V,k € U.
t];]- travel time between vertices i and j for UAV k,i,j € Vk € U.
dg, total flight distance of route Ry, k € U.
tRr, total flight time of route Ry, k € U.
yf times that potential target i is visited by UAV k,i € T,k € U.
ij binary variable representing whether UAV k travels from pointiand j, i,j € A,k € U.

2.1. Heterogeneous UAVs

Let U ={1,--- ,k,--- K]} be a set of K UAVs which are heterogeneous. The UAV heterogeneity
is manifested in terms of different airspeeds vy, different turning radii py, different endurances T,
and different detection errors of the carried sensors pi. Since UAVs are relatively scarce disaster-relief
resources, we assume that each rescue team has only one UAV and that each UAV is launched from a
different depot. In reality, most UAVs are equipped with automatic obstacle avoidance devices and
stabilizing devices. Although the wind gusts and obstacles will affect the UAVs’ motion trajectory,
making the UAVs’ actual flight trajectory slightly different from the pre-planned path, it will not cause

the UAVs to fail to perform the rapid assessment task. Therefore, we also assume that the UAVs have
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the ability to avoid obstacles automatically and can perform rapid assessment tasks safely, and the
resulting path deviation from the total flight path length is very small and can be ignored.

In this paper, the UAV motion state is described by the Dubins car model [9]. The state of a Dubins
car is represented by g = (x, y, 0),which consists of its position in the plane (x, y) and its heading angle
0. One of the specifics of the Dubins car model is that the minimal turning radius p influences the
length of the shortest path between two spatial configurations. The main purpose of modeling UAV
with the Dubins car model in this paper is to qualitatively analyze whether the turning radius and the
heading angle have an impact on the UAV path planning. The kinematic model of a Dubins car with a
constant velocity v and a control input u € [-1, 1] can be described as

x cos 0

g=|y |=0o| sin0 (1)
; u
0 p

2.2. Potential Targets

Typical potential target of a post-earthquake rapid-assessment task is a building whose size is
generally smaller than the UAV’s vision field. The sensor of a UAV can completely cover the target when
it flies over the building, so the potential target is defined as the point-target. Let T ={1,--- ,i,--- , N}
be the set of N potential targets with known spatial configuration. Since the Dubins curve is used to fit
the UAV path in this paper, the spatial configuration of a potential target can be defined as (x;, y;, 0;).

Let w; € {1,2,...,10} be the weights of potential targets. A larger weight value means that the
target is more important, and the higher the weight of the target visited by the UAV, the greater is
the profit. Due to the detection error of the sensor, when the UAV accesses the potential targeti € T,
the valid information about the target can be successfully obtained with a certain probability, which is
recorded as P;. The probability P; is related to the following three factors: i) the weight of the potential
target i, w;; ii) the error probability of the sensor carried by UAV k, py; and iii) the number of times that
the potential target i is visited by UAV k, yif . The formula of P; is

k

(pi)¥ 2)

I~

Pi=1-
k=1

2.3. Feasible UAV Path

Dubins curves are widely used to generate the feasible paths of minimal length for a UAV between
any two vertices. Since the length of shortest feasible path between any two vertices is related to
the UAV’s minimum turning radius, the path length of the heterogeneous UAVs is usually different
between the same two points. Reference [20] demonstrated that the sensors on UAVs can capture an
area with a width of at least 2p, so it is a reasonable assumption that any two targets are at least 2p
apart. There are two kinds of Dubins curves, the first one is with a terminal heading constraint and the
other is without any terminal heading constraint [35]. The potential targets studied in this paper have
no terminal heading constraints. Therefore, by optimizing the UAV heading angle when accessing
each target, the UAV path length can be shortened, resulting in a savings of UAV energy to access more
targets and in turn improve the expected profit. Figure 1 shows the heading angle discretization when
the UAV accesses a potential target, with the heading angle discretization set defined as

-
H=1{6:0="i-01,..,Ng—1)}, ®)
No

where Ny > 0 is an integer defining the heading angle dispersion rate. For example, for Ny = 8 of
Figure 1, the discretization set is H = {0°, 45°,90°,135°,180°,225°,270°,315° } The heading angle of the
UAV presented in this figure is 0 = 315 .
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270° 90°

180°

Figure 1. Sample diagram of heading angle discretization with Ng = 8.

A feasible path of UAV k is an ordered set, Ry, of at least r +2(r > 1) vertices of the form
Ry = {qu,q’;k, ‘e ,q"‘/k, ‘e ,q"‘/k,qpk’}, where V;‘,l =1,...,r, corresponds to the index of r potential
targets beinglaccesseéi in thatrsequence by UAV k. A feasible multi-UAV rapid-assessment routing
scheme is composed of the flight paths of all UAVs, Scheme = {Ry;...;Ry;...; Rk}, k € U. In the scheme
shown in Figure 2, UAV1 starts from D at a 90° heading angle, first accesses the #1 target at a 90°
heading angle, then accesses the #4 target at a 225° heading angle, and finally returns to D; at a
315° heading angle; UAV2 starts from D; at a 315° heading angle, first accesses the #2 target at a
315° heading angle, then accesses the #5 target at a 225° heading angle, accesses the #3 target at a
135° heading angle, and finally returns to D; at a 45° heading angle. The scheme can be expressed
as Scheme = {(D1,9O° ),(5,907), (4,225°),(Dy,315°); (D,,315°),(2,315°), (5,225°), (3,135 ), (D2,45°)}.
The #5 target appears twice in Scheme, which means that the #5 target is revisited.

— UAV1

—---> UAVZ

‘_\ Weight

Figure 2. Sample diagram of a feasible scheme of multi-UAV rapid assessment.

According to the research results of Pham, T.A. [36], the revisiting modes are divided into restricted
node revisiting and node revisiting without any restrictions. Considering the actual needs of the task
completion time of rapid assessment, this paper adopts the first revisiting method, i.e., to revisit target
i, UAV k has to visit another target before it can return to target i. In this paper, we take the constraint
of an overnight stay being forbidden, which refers to the naming of the first revisiting mode in [36],
as an important constraint of the MURARP model.

The feasible path of UAV k consists of the following three parts: (i) the path from UAV’s
configuration at launching depot gp, to the entry configuration at the first target q’{/ .; (ii) all the feasible

1

. . . k k . . k
paths from the exit configuration qu of current target V; to the entry configuration qvﬁl of the next
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target V;‘ +1,l =1,2,...,7r=1; and (iii) the path from the exit configuration g« of the last target V’,C to

the UAV’s configuration at landing depot gp,’. The total path length, dg,, associated with the feasible
path Ry of UAV k can be calculated as

r—1
de,=d Y 4+d kel )
qpq q xM q k1D’
KIvE =1 v vk Tk

In this paper, we assume that each UAV airspeed v}, is constant, so the task completion time of

UAV k, can be calculated as

R

tr, = 0 &)

2.4. Mathematical Model

To solve the MURARP, the objective function is designed to maximize the total expected profit of
the routing scheme. The mathematical model of MURARP is formulated as

N K
k
Max )" wix 1= | (p)"] ©)
i=1 k=1
s.t.
N N
ko _ k 1.
Z b = Z ¥y, =1 VkeU, @)
i=1 i=1
N N
k k _ k k Y SRV
ka,i+thi = inj+xi,Dk, =y; VieTkel, (8)
h=1 j=1
tr, < Thao Yk €U, 9)
VE #VE Vkel, l=2,-- 1, (10)
k k. —
ViV Ykel,l=1,---,r-1, (11)
xﬁ.fj €{0,1}; Vi,je T, ke U. (12)

Equation (6) is the objective function, corresponding to maximizing the expected profit of the
multi-UAV post-earthquake rapid-assessment routing scheme, where w; is the weight of target i, py
is the error probability of the sensor carried by UAV k, yi.‘ is times that target i is visited by UAV k.
Equation (7) ensures that all UAV must departure from their own depot and ultimately return to the
same depot. Equation (8) ensures the connectivity of each UAV’s route. Equation (9) is the endurance
constraint, that is, the task execution time of the UAV k cannot exceed its maximum safe flight duration.
Equations (10) and (11) are the constraints of an overnight stay being forbidden, thus ensuring that the
UAV cannot stay at the same potential target, and a target can be revisited only after the UAV visits
another target. Equation (12) involves the values of the binary decision variable whether UAV k flies to
target j after leaving target i; if so, xi.‘]. =1,and xi.‘]. = 0 otherwise.

3. HGSA Algorithm

A hybrid heuristic algorithm for efficiently solving the MURARP will be presented in this section.
The GA has excellent ability to find new solutions quickly, while its hill climbing ability is poor and
easily falls into local optimum in later iterations. It has been proved that simulated annealing (SA)
can converge to the global optimum with a probability of approximately 1 by controlling the cooling
process [37]. However, the convergence rate of SA is too slow to meet actual needs. In this paper, we
specially develop a two-stage hybrid heuristic algorithm for the characteristics of the MURARP. In the
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first stage, a better solution is obtained quickly by GA, which is used as the initial solution of the SA
algorithm. In the second stage, the optimal solution of the MURARP is obtained through SA operation.
To balance the convergence rate and global optimization ability of the HGSA algorithm, a switching
criterion from the GA to SA is adaptively designed. The pseudocode of the algorithm is shown in
Algorithm 1.

Algorithm 1: HGSA Algorithm

1:  Input: P, a population of Np chromosomes;

2:  Output: C. best, a chromosome with the best fitness found;

3:  begin

4. initialize the parameters of the HGSA algorithm;

5: initialize the population P of the GA (see Section 3.1.2);

6 constraint checking and adjustment for each chromosome in the population P (see Section 3.1.3);
7 evaluate the fitness of the population, and update C. best (see Section 3.1.4);

8 while the switch point between the GA and SA is not reached (see Section 3.5);
9 crossover (see Section 3.2);

10: mutation (see Section 3.3);

11: update population (see Section 3.4);

12: endwhile

13: Titer=Ty;

14: while T#" > T,

15: improve C. best through SA iteration (see Section 3.6);

16: Titer= Titer *Re;

17: endwhile

18: the chromosome with the best fitness C. best is selected as the final scheme;

19: end

3.1. Initialization

The key parameters of the HGSA algorithm are listed in Table 2.

Table 2. Key parameters of the HGSA algorithm

Notation Explanation

Np Population size of the GA
Pc Crossover probability of the GA

Pum Mutation probability of the GA

Nga Number of SA operations
Ty Initial temperature of SA operations

TenD Termination temperature of SA operations
Rr Cooling rate of SA operations, positive but less than 1

We do not set the maximum iteration of the GA because an automatic switching mechanism from
the GA to SA is designed. When the optimization ability of the GA shows a decay trend, the algorithm
automatically switches to SA to avoid falling into a local optimum.

3.1.1. Integer-Encoded Chromosome with Variable Length

A chromosome represents a feasible routing scheme for the MURARP. Since the MURARP allows
the target to be revisited, each scheme may have a different number of access vertices, i.e., the length of
each chromosome may be different. In addition, the MURARP has two other features: (i) The UAVs
start from different stations, and (ii) the UAVs have multiple optional heading angles when accessing
each target. To facilitate the operation of the HGSA algorithm, this paper designs integer-encoded
chromosomes with variable lengths consisting of three lines, in which the first line is the index of
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visited vertices accessed by the UAVs, the second line is the UAV indices of the heading angle at each
vertex, and the third line is the index of UAVs corresponding to the first line. The chromosome shown
in Figure 3 corresponds to the UAV routing scheme shown in Figure 2.

Index of vertices 0 5 4 0 0 2 5 3 0
Index of the heading angle 2 2 5 7 7 7 5 3 1
Index of the UAV 1 1 1 1 2 2 2 2 2

Figure 3. Sample diagram of an integer-encoded chromosome with variable lengths of the HGSA
algorithm, which corresponds to the UAV routing scheme shown in Figure 2.

The generation method of integer-encoded chromosomes is introduced in the next section.

3.1.2. Population Initialization

Complete the population initialization by the following five steps:

Step1: Draw a “Tk ,, circle” with the depot of UAV k, Dy, as the center and the endurance of UAV k,
Tk .« as the radius. Then delete the indices of potential targets outside the TX . circle from
the target set T and obtain set Ty;

Step2: Randomly arranged the indices in set T to obtain a random array. Then add ‘0’ to the front
and back of the random array to obtain a temporary routing scheme of UAV k, denoted as Ay;

Step3: Randomly generate the same number of heading angle indices according to the number of
elements in Ay, place them in the second row of Ay, and place UAV index, k, in the third row
of Ay, then the routing scheme of UAV k, denoted as Ry is obtained;

Step4: Repeat steps 2 and 3 according to the number of UAVs, K, until all UAVs obtain a routing
scheme. An initial chromosome is obtained by combining all Ry by row.

Step5: Repeat steps 2—4 according to the population size to obtain the initial population.

It is not necessary that all chromosomes of the initial population satisfy all constraints of the
MURARP model. Therefore, constraint checks should be performed on the population and the
chromosomes that do not satisfy the constraints must be adjusted.

3.1.3. Constraint Check and Adjustment

There are two constraints in the MURARP model: the UAV endurance constraint represented by
Equation (9) and the overnight stay forbidden constraint represented by Equations (10) and (11). In
this paper, chromosomes that do not satisfy Equation (9) are called class A violators, chromosome that
do not satisfy Equations (10) and (11) are called class B violators, and chromosomes that do not satisfy
Equations (9)—(11) are called class C violators.

In view of the above three classes of violator chromosomes, three chromosome adjustment
strategies are designed as follows:

Strategy 1: For class A violators, randomly delete a gene and repeat this deletion operation until the
chromosome is no longer a violator.

Strategy 2: For class B violators, keep only one gene with the same target indices and delete others.

Strategy 3: For class C violators, keep only one gene with the same target indices and delete others first,
and then randomly delete a gene and repeat this deletion operation until the chromosome
is no longer a violator.

After the constraint checking and adjustment on the population, all chromosomes are feasible
routing schemes for MURARP.
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3.1.4. Fitness Evaluation

The fitness of a chromosome represents the expected profit of a routing scheme. According to
the objective function of the MURARP, Equation (6), the higher the expected profit, the better the
routing scheme. However, UAVs have multiple optional heading angles when they access a target,
and chromosomes with the same fitness may have different task completion times. The routing scheme
shown in Figure 4a and the routing scheme shown in Figure 4b are exactly the same in both the targets
to be accessed and the number of times that targets are accessed, so the expected profits of the two
schemes are also the same. However, the total flight time of the routing scheme shown in Figure 4b is
shorter, which helps make room in UAV routing, thus allowing UAVs to visit more potential targets [39].
According to the above analysis, the quality of the routing scheme is related to both the total expected
profit and the total flight time. Therefore, the paper designs the chromosome evaluation mechanism of
a double fitness function, that is, the total expected profit fitness function Fit1 and the total flight time
fitness function Fit2. The calculation formulas are

N N K
Fitl = Z wiP; = Z w; X H )Y (13)
i=1 =1 k=1
k
K K qu Avk + Z dq ke qvk +d‘7Vk Ap,’
Fit2 = Z tr, = l; ” (14)

The value of Fitl is the expected profit of the routing scheme represented by the chromosome.
The bigger value of Fit1, the higher is the fitness of the chromosome. The value of Fit2 is the total flight
time of the routing scheme represented by the chromosome. The smaller the value of Fit2, the higher is
the fitness of the chromosome. In this paper, Fitl is used as the main fitness function for crossover
and SA operations, and Fif2 is used to evaluate two chromosomes with the same expected profit, i.e.,
the values of Fitl are the same. Fit2 is adopted in the mutation operation.

—> UAV1

@ ® | Weight

(a)

Figure 4. Cont.
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Figure 4. Sample diagram of two chromosomes with the same expected profit but different total

flight times.

3.2. Crossover

The crossover operation is performed through the classic roulette wheel method, which is based
on the selection of the best fit solutions. Thus, the higher the Fit1 value of the chromosome, the higher
the probability is that its superior gene will be inherited by the next generation. Because this paper
adopts an integer-coded chromosome with variable length, traditional GA single point crossover and
double point crossover may lead to the failure of crossover operation. Therefore, a segmented single
point stitching crossover method is specifically designed with the following specific operation steps:

Step 1:

Step 2:

Step 3:

Step 4:

Select two chromosomes to be crossed from the parent population: parent A and parent B.
Divide parent A and parent B into K segments according to the third row of the chromosome,
with each segment represents a routing scheme for a UAV. For example, the kth segment of
parent A, denoted by Ay, represents the routing scheme of UAV k in parent A.

Stitch the chromosomes’” segments with the same index in parent A and parent B, denoted as
A and By, respectively. The stitching rules are as follows: (i) if there is only one shared target
index, g, in Ay and By, then the genes behind g are exchanged to obtain the new segments Cj
and Dy; (ii) if there is more than one index in Ay and B, randomly select one index, g, and
then exchange the genes behind g to obtain the new segments Cy and Dy; (iii) if there is no
shared index g in Ay and By, then stitch By to the end of Aj to obtain a new segment Cy, and
stitch Ay to the end of By to obtain a new segment Dy. A stitching example is illustrated in
Figure 5.

Repeat step 2 according to the number of UAVs, K, until all segments in parent A and parent B
are stitched. Then, child chromosomes called child C and child D are obtained by merging all
Cx and Dy, respectively.

Repeat steps 1-3 according to the preset population size, Np, until each chromosome of the
parent population has completed the stitching operation and all the child chromosomes
constitute a child population.
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Figure 5. Chromosomes stitching example. (a) there is only one shared target index in Ak and Bk, then
the genes behind it are exchanged to obtain the new segments Ck and Dk; (b) there is no shared index
in Ak and Bk, then stitch Bk to the end of Ak to obtain a new segment Ck, and stitch Ak to the end of
Bk to obtain a new segment Dk.

The single point stitching crossover method can preserve the superior genes of the chromosome as
much as possible and increase the diversity of the population, which is helpful to find a new solution.
It is not necessary that all chromosomes of the child population after crossover operation satisfy all
constraints of the MURARP model. Therefore, constraint checks should be performed on the child
population and the chromosomes that do not satisfy the constraints must be adjusted. See Section 3.1.3
for details. After constraint checking and adjustment, the chromosomes are a feasible routing scheme
of the MURARP.

3.3. Mutation

For chromosomes with the same expected income and different total flight times as shown in
Figure 4, we designed a heading angle index mutation operator for the second line of the chromosome.
The pseudocode of the mutation operator is shown in Algorithm 2.

Algorithm 2: Mutation operator

I e e i e i el e

Input: a chromosome C;
Output: a new chromosome C,;, with no worse fitness than C;
begin
calculate the total flight duration fitness of C using Equation (14), denoted as Fit2¢;
calculate the number of columns in C, denoted as N¢;
fori=1to [0.1 X N¢]
randomly select a gene in C, denoted as Cg;
obtain the index of the heading angle of C¢, denoted as hcg (hicg = the second line of Cy);
randomly generate an index of the heading angle, denoted as &,
while i, = = hcg
randomly generate an index of the heading angle, denoted as h;;
endwhile
replace the index of the heading angle at the location of hicg in C with hy;
endfor
obtain a mutated chromosome, denoted as Cy;;
calculate the total flight duration fitness of C;;, using Equation (14), denoted as Fit2¢,,;
if FitZCm > FitZC
Cu=C
endif
end
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Since the mutation operation is used only for the heading angle, the targets accessed by the UAV
and the access sequence are not changed, so there is no influence on the value of Fitl. Furthermore,
only when Fit2 is worth raising, that is, only the variation is small, is the variation is accepted so that
the fitness of the new chromosome obtained by the mutation operation is not worse than that of the
original chromosome.

3.4. Population Update

The population update operation is accomplished by replacing some of the chromosomes in
the newly generated offspring with the same number of elite chromosomes in the parent population.
The formula for calculating the number of replacing chromosomes is Np = Np x (1 - Gap), where N,
is the population size and Gap is the generation gap, which are both preset. A new population for the
next iteration of the GA is obtained by using the chromosomes of the pre-Nr position in the parent
population to replace the chromosomes of the post-Nf position in the child population. In addition,
perform a fitness evaluation of the optimal chromosome C. Nbest in the new population and the optimal
chromosome C. best in the current population. C. best is replaced by C. Nbest only if C. Nbest has a
higher fitness.

3.5. Adaptive Switching from the GA to SA

For a two-phase hybrid GA and SA algorithm, the switching point between the GA and SA is
crucial and is affected by the number of iterations. Setting the switch point too early will reduce the
quality of the solution. However, if the switching point is too late, the efficiency of the algorithm will
be affected [32]. In general, the GA must run a fixed number of generations which depends mainly
on the users’ experience or preference rather than adaptive self-computation. Because of the strong
optimization ability of the GA in the early stage, the growth rate of the fitness value is faster, but in
the later stage, the GA exhibits a decaying rate of increase. Therefore, in this paper, the switching
point between the GA and SA is set when the growth rate of the Fitl value of C. best decreases for
10 generations continuously. When the adaptive switching condition from the GA to SA is satisfied,
the GA is terminated, and C. best is used as the initial solution of SA.

3.6. Simulated Annealing

The core idea of SA is to generate multiple neighborhood solutions by disturbing the current
solutions. The algorithm needs to maintain a suitable balance between disturbing the existing solutions
and keeping the good parts of the existing solutions. After the iterative optimization of the GA,
we consider that the initial solution C. best has found a better UAV routing scheme that selects the
appropriate targets to access and that determines the UAV access order and heading angle when
accessing these targets. The main goal of SA is to fine-tune C. best to increase the expected profit for the
routing scheme by adding or replacing a certain access target. In this paper, a disturbance strategy
based on the profit distance ratio R,; is designed with the following calculation

_ Awy

Rea = 37 NieT, (15)

where Aw; is the increase in the profit and Ad; represents the additional distance after adding target i
to the routing scheme. In this paper, two disturbance strategies are designed for the MURARP:

Disturbance strategy 1: Insert a target. Randomly select a gene site, and then find a target to
maximize R,; after insertion, which means inserting a target with the highest possible weight at the
lowest possible cost.

Disturbance strategy 2: Replace a target. Randomly select a gene site, and then find a target to
maximize R,; after replacing the current target.

The main purpose of these disturbance strategies is to improve the expected profit of the routing
scheme by maximizing the additional profit per distance. One of the above two strategies will be



Appl. Sci. 2020, 10, 1388 15 of 24

randomly used to generate a new solution in each annealing operation, and then the operations
described in Section 3.1.3 should be performed on the new solution. Finally, the metropolis criterion is
used to accept the new solution with a certain probability.

4. Experiments and Discussions

Since the MD-RDTOP-VP model is a generalization of the classic TOP, the former can be simplified
to the traditional TOP model by special processing, and the model and algorithm of this paper can be
tested by using the TOP’s benchmark instances. In Section 4.1, we use the classic TOP’s benchmark
instances to carry out two numerical experiments, in which the first experiment shows the impact
of the UAV turning radius on the collected profit and the second experiment shows the impact of
heading angle discretization. In Section 4.2, according to the characteristics of the post-earthquake
rapid assessment, we generate 42 simulation instances by transforming six sets of TOP benchmark
instances. Then, the MD-RDTOP-VP model is used to solve these instances by the HGSA algorithm,
and the relevant analysis is carried out. Finally, we conducted a case study based on real data as
described in Section 4.3 to illustrate the application of our method in real-life scenarios.

All experiments were carried out using a desktop computer with a single core of i5-6500 3.2
GHz CPU. Since the performance of the algorithm can be improved by properly setting the values of
parameters [38], we refer to the parameter setting methods of related literatures [32-34], and consider
the actual requirements of the MURARP problem to set the key parameters of the HGSA algorithm.
The key parameters of the HGSA algorithm are as follows:

(1) Population size Np = 100;

(2) Generation gap Gap = 0.8;

(3) Mutation probability Py = 0.3;

(4) Initial temperature Ty = 100, termination temperature T,,; = 0.1 and cooling rate Rt = 0.9;
(5) Annealing iteration number Ng4 = 100 times.

4.1. Numerical Experiments

The TOP can be regarded as a special case of MD-RDTOP-VP while meeting the following five
conditions at the same time: (i) all UAVs are launched from the same depot and return to the same
destination, which may be different from the launching depot; (ii) each potential target can be accessed
at most once; (iii) the sensor detection error probability is 0; (iv) all UAVs are homogeneous; and (v)
the UAV kinematic constraint is omitted, i.e., the turning radius of UAV is 0. Therefore, we can use the
TOP benchmark instances which is downloaded from https://www.mech.kuleuven.be/en/cib/op to test
the model and algorithm proposed in this paper. We select six sets of TOP benchmark instances [40]
for two numerical experiments. In the first numerical experiment, we selected Set 6 with 64 vertices to
show the impact of the UAV turning radius on the collected profit. To further demonstrate the impact
of heading angle dispersion on the collected profit, numerical experiment 2 was performed with six
sets of TOP benchmark instances.

4.1.1. Numerical Experiment 1

To evaluate the influence of the turning radius of UAV on the routing scheme, we select 10
benchmark instances with a routing number of k = 2 for Set 6. The number of vertices of these
benchmark instances is N = 64, and the vertex positions and weights are shown in Figure 6.
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Figure 6. Vertex position and weight diagram of the TOP benchmark instance Set 6.

Since the distance between any two nodes is assumed to be greater than 2p in Section 2.3, where p
is the minimum turning radius of the UAV. Since the minimum distance between any two vertices in
the above figure is V2, we select the typical turning radii p € {0, 0.1, 0.3, 0.5, 0.7} to perform numerical
experiments on the above data set, where p = 0 is a solution of the traditional TOP. We set the heading
angle discretization Ny = 8 in other cases of turning radii. The results for the proposed method
are presented in Table 3; Rpgst represents the known traditional TOP optimal solutions of these 10
instances. Table 3 records the best results for 10 instances of Set 6, which was run 10 times under the

same experimental conditions.

Table 3. Best results for the 10 instances of Set 6

Instance N K Tymax Rpgst HGSA
p=0 p=01 p=03 p=05 p=07
p6.2.a 64 2 7.5 0 0 0 0 0 0
p6.2.b 64 2 10 0 0 0 0 0 0
p6.2.c 64 2 12.5 0 0 0 0 0 0
p6.2.d 64 2 15 192 192 192 192 192 192
p6.2.e 64 2 17.5 360 360 360 360 360 354
p6.2.f 64 2 20 588 588 588 552 540 504
p6.2.g 64 2 22.5 660 660 660 660 594 522
p6.2.h 64 2 25 780 780 780 780 744 672
p6.2.i 64 2 27.5 888 888 888 840 840 840
p6.2j 64 2 30 948 948 948 936 936 876

The experimental results in Table 3 show that the HGSA algorithm can find the known optimal
solution of the 10 TOP benchmark instances when p = 0, which demonstrates that the HGSA algorithm
which is specially designed for the MD-RDTOP-VP model in this paper can also obtain the optimal
solution of the classic TOP benchmark instances. We also find that for the turning radius p = 0.1,
the optimal solution of all 14 instances is as same as that for p = 0. For other turning radius the
collected profit decreases gradually with increasing p. Figure 7 shows the routing schemes of maximum
profit under two different turning radii of the p6.2.e instance.



Appl. Sci. 2020, 10, 1388 17 of 24

ol c)

sk sk

4 s /1@ ®

3+ 3+ l@ ® ®

: : @ @ © e

i b @ ®@ @ © O
of e @@ | ® ©® © © © @
@ ® ® o
@ @ @

A ® ®

af s © 0 @

sk St /@

s 6 @

Figure 7. Optimal routing scheme diagrams of the p6.2.e instance for Set 6 of the TOP benchmark
instances under different turning radii. (a) Optimal routing scheme for the p6.2.e instance under
turning radius p = 0; (b) Optimal routing scheme for the p6.2.e instance under turning radius p = 0.7.

In Figure 7a, UAV1 and UAV2 each visit 10 targets, while in Figure 7b, UAV2 visits 10 targets
and UAV1 only visit nine targets. The results indicate that increasing the turning radius will lead to a
longer path; therefore, the optimal routing scheme for the classic TOP violates the UAV endurance
constraint. For example, in Figure 7b, if the 61# target is visited by UAV1, the path length of UAV1 will
reach 17.6784, which exceeds Tp4x = 17.5 of UAV1. The results of Numerical Experiment 1 show that
if the impact of the turning radius on the path is not considered in the route planning, the path planned
is likely to be impossible for the UAV to execute, which leads to task incompletion or even failure.

4.1.2. Numerical Experiment 2

To present the influence of the heading angle dispersion on the routing scheme, we select six
benchmark instances with routing number K = 2 and maximum endurance Tmax = 20 in the TOP
benchmark instances for numerical experiments. In each instance, the UAV turning radius is set
to p = 0.1, and the set of heading angle dispersions is Ny € {3,6,8,15,24,36,60}; thus, we obtain 42
benchmark instances. Table 4 records the best results for the 42 benchmark instances, which was run 10
times under the same experimental conditions. The optimal results of the 10 runs are listed in the Ry4x
column and the average computational time of the 10 runs in seconds are listed in the CPU4y¢ column.
For comparison, we also list the known traditional TOP optimal solutions in the Rppgr column.
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Table 4. Best results for the 42 benchmark instances

Instance N K T'max p Ny HGSA RpEgst
Ryax CPUpyg
3 105 4.52
6 105 5.44
8 110 6.51
pl2h 32 2 20 0.1 15 110 8.14 110
24 110 10.62
36 110 12.61
60 110 15.80
3 200 4.72
6 230 5.65
8 230 6.81
p2.2j 21 2 20 01 15 260 755 260
24 260 10.76
36 260 11.35
60 260 14.17
3 250 6.19
6 270 8.06
8 280 10.64
p3.2.f 33 2 20 0.1 15 280 12.54 300
24 300 13.92
36 300 14.66
60 300 16.42
3 380 26.42
6 385 29.70
8 410 30.49
p5.2.h 66 2 20 0.1 15 410 32.11 410
24 410 35.93
36 410 38.57
60 410 42.54
3 510 37.19
6 546 43.98
8 588 52.75
p6.2.f 64 2 20 0.1 15 588 58.84 588
24 588 67.62
36 588 70.92
60 588 75.03
3 64 4.34
6 64 4.61
8 64 5.32
p7-2b 102 2 20 0.1 15 64 6.05 64
24 64 6.89
36 64 7.08
60 64 8.34

18 of 24

For each instance, except p2.2.j, Ryax tends to increase until Ng = 8; with increasing Np,
the computational time increases continuously. The main reason is that greater discretization will
lead to more accurate heading angle for UAV, which will effectively shorten the path length of the
UAY, in turn it will help the UAV to access more targets to obtain greater profit. However, a larger
heading angle dispersion increases the computational complexity of the problem and increases the

computational time. The results of Numerical Experiment 2 show that under the premise of ensuring

a high-quality solution, setting appropriate heading angle discretization can effectively improve the
time efficiency of the algorithm.
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4.2. Simulation Experiments

In this paper, we construct two types of datasets based on the TOP benchmark instances for
simulation experiments. The first simulation scene is reconstructed on Set 6 of the TOP benchmark,
which is called the even distribution dataset, denoted as E. The second simulation scene, which is
reconstructed on Set 2 of the TOP benchmark, is called the clustered distribution dataset, denoted as C.
The vertex positions and weights are shown in Figure 8.
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Figure 8. Schematic diagram of simulation experiment scenes. (a) the even distribution dataset,
denoted as E; (b) the clustered distribution dataset, denoted as C.

For the above two scenarios, K heterogeneous UAVs visit potential targets after launching from
different depots whose indices corresponds to the UAV indices, and finally return to their respective
departure depots. The number, K, of UAVs used increases from 2 to 4. The relevant parameter values
of the UAVs used in the simulation experiment are shown in Table 5.

Table 5. Relevant parameter values of the UAVs

Parameters UAV1 UAV2 UAV3 UAV4
Speed (m/min) 1 1 1.5 1.5
Turning radius (m) 0.1 0.1 0.3 0.3
Endurance (min) 10 15 10 15
Sensor error (%) 0.1 0.1 0.2 0.2

To demonstrate the influence of the number of UAVs and their depot position on the collected
profit, we designed 22 simulation experiments. Each case is named according to the type of dataset,
the number of UAVs, and the depot indices. For example, the E2-12 case indicates that the UAVs launch
from D1 and D2 and perform a rapid assessment in the E-type dataset. We modeled this problem as a
MURARP model and HGSA is used to obtain the routing scheme for rapid assessment. Table 6 records
the results for the 22 simulation instances, which was run 10 times under the same experimental
conditions. The maximum profit of the 10 runs are listed in the Ryjax column, the average profit of the
10 runs are listed in the R4y column, the minimum profit of the 10 runs are listed in the Ry column,
and the average computational time of the 10 runs in seconds are listed in the CPU 4y column.
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Table 6. Results for the 22 simulation experiments

Instance N K Ryax Ravg Ryn CPU gy
E2-12 62 2 118.800 109.656 101.700 20.77
E2-13 62 2 121.800 114.818 110.120 21.59
E2-14 62 2 154.600 143.797 132.820 22.86
E2-23 62 2 142.680 131.880 111.160 21.88
E2-24 62 2 173.180 162.229 151.320 22.33
E2-34 62 2 162.080 154.936 150.320 24.29

E3-123 62 3 177.600 172.180 168.170 32.65
E3-124 62 3 207.520 197.003 192.220 33.87
E3-134 62 3 192.980 182.736 175.010 35.02
E3-234 62 3 213.320 199.452 191.160 32.88

E4-1234 62 4 245.580 237.628 221.368 45.57
C2-12 21 2 50.040 49.410 43.740 9.96
C2-13 21 2 43.840 42.784 41.120 10.44
C2-14 21 2 69.120 65.640 63.520 12.84
C2-23 21 2 57.520 55.629 42.614 11.77
C2-24 21 2 78.120 70.082 61.966 13.68
C2-34 21 2 71.040 66.944 64.000 14.59

C3-123 21 3 73.360 71.618 64.220 16.34
C3-124 21 3 84.980 80.916 76.230 18.75
C3-134 21 3 81.360 76.629 73.680 17.33
C3-234 21 3 86.504 82.269 79.160 15.53
C4-1234 21 4 94.088 89.204 84.286 25.20

Table 6 shows that with additional UAVs, the collected profit increases continuously. Moreover,
the profits collected by the same number of UAVs launched from different depots may also be different,
which indicates that the selection of the launching depot has a certain impact on the quality of mission
completion. The results inspired us to improve the completion quality of the task by optimizing the
location of the depot that launches the UAV in the case of limited UAV resources. Table 6 also shows
that the stability of the HGSA algorithm is strong. The average gap between Ryiax and Ry is only
5.28% and between Ryjax and Ry is only 11.11%. From the experimental results shown in Table 6,
it can also be seen that the average value of the Ryj4x column is only 5.28% different from the average
value of the R4y, and the average value of the Rygax column is only 11.11% different from the average
value of the Ryjn column. This demonstrates that the stability of the HGSA algorithm is strong.

4.3. Case Study

To illustrate how our method can be applied in a post-earthquake scenario, a case study based
on the actual data of the 2017 Jiuzhaigou earthquake in China is conducted. An earthquake with a
magnitude of 7.0 struck in Jiuzhaigou County, China at 21:19:46 on 8 August 2017. The epicenter was
located at 33.20° N, 103.82° E, and the focal depth was 20 km. Soon after, the rescue organization used
a UAV to quickly survey the buildings in the disaster area. Data analysis and field surveys based on
UAVs were subsequently conducted for the disaster area to assess the geological hazards generated
by the earthquake [41]. National Earthquake Response Support Service (NERSS) participated in
the post-earthquake survey and rescue operations of the Jiuzhaigou earthquake. Experts of NERSS
determined several potential targets, such as schools, hospitals, and other important buildings,
that needed UAVs to assess quickly and to capture images and videos. Then, combined with the
distance from the epicenter and the population size of these buildings, the possible damage degree of
these potential targets was estimated in the form of weights. Then, four rescue teams were sent to
carry out rapid assessment of the disaster area from different directions by UAVs. This paper makes a
case study from the actual situation of relief operation. Thus, 50 potential targets and the UAV depots
are selected for case studies, as shown in Figure 9.
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Figure 9. Potential targets and UAV depots of the Jiuzhaigou earthquake.

The relevant parameters values of the UAVs used by the rescue teams are shown in Table 7.

Table 7. Relevant parameters values of the UAVs used by the rescue teams

Parameters UAV 1 UAV 2 UAV 3 UAV 4
Speed (km/h) 90 60 60 920
Turning radius (m) 200 100 100 200
Endurance (min) 60 30 30 60
Error of sensors (%) 0.1 0.2 0.1 0.2

We modeled the above rapid assessment by using the MD-RDTOP-VP model and solving the
problem with the HGSA algorithm. The results are shown in Table 8. A multi-UAV routing scheme
is found within 10 s using the same parameters as in Section 4.2. In the routing scheme, the UAVs
accessed 42 targets, of which 15 were revisited. The expected profit of the routing scheme is 253.540.
Specifically, Table 8 records the number of visit targets, Ny, the number of revisit targets, Nrr, the task
execution time, Tk, and the utilization rate, Ry;, of the UAV endurance.

Table 8. Results of the case examples

UAV Nyr NRrr Tg Ry
UAV1 27 59.71 99.52%
UAV2 2 15 29.93 99.77%
UAV3 3 29.84 99.47%
UAV4 25 59.94 99.90%

From the experimental results shown in Table 8, it can also be seen that the routing scheme
generated by our model and algorithm maximizes the endurance utilization rate of each UAV under
the premise of target revisit-allowed strategy.

5. Conclusions and Potential Future Work

In this paper, a novel routing problem for multiple-UAV post-earthquake rapid-assessment is
presented. Considering endurance and kinematic constraints, a multi-depot launching heterogeneous
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UAUVs rapid-assessment routing scheme is optimized with the objective of maximize the expected
profit. We also specifically design a two-stage hybrid heuristic algorithm, called HGSA, to solve this
problem and three sets of experiments are carried out to verity the performance of the HGSA. The
experimental results indicate that the HGSA algorithm can obtain a high-quality solution of MURARP
stably. For future research, the problem introduced in this paper can be further studied from two
aspects. On the one hand, we can study the cooperation between vehicles and UAVs while each
rescue team carries different numbers of UAVs and vehicles; on the other hand, the MURARP for
heterogeneous targets—such as point targets, line targets, and area targets—can be studied.
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