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Abstract—This paper considers a multi-drone enabled data
collection system for smart cities, where there are two kinds
of drones, i.e., Low Altitude Platforms (LAPs) and a High
Altitude Platform (HAP). In the proposed system, the LAPs
perform data collection tasks for smart cities and the solarpowered HAP provides energy to the LAPs using wireless laser
beams. We aim to minimize the total laser charging energy of
the HAP, by jointly optimizing the LAPs’ trajectory and the
laser charging duration for each LAP, subject to the energy
capacity constraints of the LAPs. This problem is formulated as a
mixed-integer and non-convex Drones Traveling Problem (DTP),
which is a combinatorial optimization problem and NP-hard. We
propose an efficient and novel search algorithm named Drones
Traveling Algorithm (DTA) to obtain a near-optimal solution.
Simulation results show that DTA can deal with the largescale DTP (i.e., more than 400 data collection points) efficiently.
Moreover, the DTA only uses 5 iterations to obtain the nearoptimal solution whereas the normal Genetic Algorithm needs
nearly 10000 iterations and still fails to obtain an acceptable
solution.
Index Terms—Smart Cities, Internet of Things, Trajectory Optimization, Low Altitude Platforms, Multiple Traveling Salesmen
Problem.

I. I NTRODUCTION
Low Altitude Platform (LAP) (or known as unmanned aerial
vehicle, UAV) has attracted considerable attention [1] due
to its high flexibility, low cost and the benefit of line-ofsight (LoS) air-to-ground communication links [2]. In order
to collect the desired data, LAPs can fly above the massive
Internet of Things Devices (IoTDs) in the Desired Regions
(DRs). For example, the DRs in smart cities may include
remote factories, farms and crowed buildings, etc.
The critical challenge to design a LAP-enabled data collection system is that the LAP is energy-constrained [3].
Thus, the LAP’s flight time is too limited to perform the data
collection mission for a whole city. The sun is a promising
energy source to prolong the LAP’s flight duration. However,
the solar panel of a LAP is usually relatively small and
the solar radiation intensity is not enough at low altitude.
Consequently, the LAP cannot gather enough solar power.
Fortunately, the High Altitude Platform (HAP) and the laser
charging technique can provide the solution [4].

In this paper, the sun is the energy source of the HAP and
thus the HAP can be aloft in the air continually. Different from
the solar-powered LAP, the HAP can collect and store more
solar energy due to the strong solar radiation and large solar
panels. In addition, the key advantage of the solar-powered
HAPs is their ability to adjust their positions according to
the locations of LAPs. In the 3D aerial network, the HAP is
capable of providing a robust wireless backhaul connectivity
for LAPs [5], [6].
Moreover, the macro LAPs are relatively small and thus
they can be powered by the laser. The HAP is able to make
use of the laser charging technique [4] and then it can shot
laser beams to power LAPs. In addition, the LAPs can bear
the intense laser beams due to the specially designed laser
charging panels. However, the human body may be seriously
damaged because of being exposed to the laser beams [7].
Therefore, the laser charging spot should be fixed and isolated
and the LAPs should return to it in order to be recharged after
one flying cycle. Note that the HAP doesn’t move in the plane
and there is no laser scattering due to its flexibility [8].
Against the above background, in this paper, we aim to
minimize the data collection system energy consumption by
optimizing the LAPs trajectory and the laser charging duration
from the HAP, subject to the energy constraint of the LAPs.
We formulate this problem as a typical one deposit multiple
traveling salesmen problem with the time window [9] and
name this combinatorial optimization problem as the Drones
Traveling Problem (DTP) for brevity. In addition, DTP is NPhard and we can not solve it using convex optimization and
the normal block coordinate descent method [3]. Moreover,
the latest search algorithms for DTP, such as the Genetic
Algorithm and the Particle Swarm Optimization [9], are not
time-efficient for drones and most of them could not deal with
the large-scale DTP (i.e., more than 400 DRs). We propose an
efficient and novel search algorithm named Drones Traveling
Algorithm (DTA) for large-scale multi-drone trajectory design.
The rest of this paper is organized as follows. Section II
introduces the system model and the optimization problem.
In Section III, we introduce DTA to solve the proposed
DTP. Section IV provides the simulation results. Finally, we
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same safe laser charging spot (i.e., qj [0]) after one flying cycle.
Therefore, one has

conclude the paper in Section V.
II. S YSTEM M ODEL AND P ROBLEM F ORMULATION

qj [Sj ] = qj [0], ∀j ∈ M

We consider a new laser-powered multi-drone enabled IoT
data collection system, as illustrated in Fig.1. In the proposed
system, there are two kinds of drones, the LAPs and a solarpowered HAP served as the energy charging station for all
the LAPs. The multiple LAPs are employed as the mobile
data collectors to collect information from the IoTDs on the
ground.

(1)

We assume each j-th LAP serves Sj DRs. Furthermore,
we define qj [t], ∀t ∈ Tj = {1, 2, ... ,Sj }, as the coordinate of
the t-th DR geographic center the j-th LAP hovers above. We
define dj [t] as the distance between the geographic coordinate
center of DRs, thus one can have
dj [t] = ∥qj [t] − qj [t − 1]∥, ∀j ∈ M, ∀t ∈ Tj

(2)

Note that if the j-th LAP chooses the k-th DR as its t-th
hovering DR, akj [t] = 1, otherwise, akj [t] = 0. In order to
guarantee that each DR is covered and served only once, we
have
Sj
M ∑
∑

akj [t] = 1, ∀j ∈ M, ∀k ∈ K, ∀t ∈ Tj

(3)

j=1 t=1

The hovering time of each j-th LAP is given as
TjH =

Sj
K ∑
∑

akj [t]T k , ∀j ∈ M, ∀k ∈ K, ∀t ∈ Tj

(4)

k=1 t=1
澳

Fig. 1. The proposed laser-powered multi-drone enabled data collection
system for smart cities

The total meters of each j-th LAP flight tour length is
Lj =

Sj
∑

dj [t], ∀t ∈ Tj , ∀j ∈ M

(5)

t=1

In the proposed system, a frequency division duplexing
(FDD) mode is considered for the links between the HAP
and LAPs [5], the time division duplexing (TDD) mode is
applied in each DR covered by the LAP [10].
Without loss of generality, a three-dimensional (3D) Euclidean coordinate is adopted. We define O as the laser
charging spot which is the geometric center of the target area.
In our proposed system, there are K DRs. We assume the
geometric center of each DR is fixed and known [3]. The
HAP designs the LAPs trajectory and controls M LAPs, each
j-th LAP hovers above Sj DR centers one by one to collect
IoTDs’ information.
The location of the HAP and the j-th LAP are denoted by
(0, 0, H) and (xj , yj , h) respectively, j ∈ M = {1, 2, ... ,M }.
We assume each LAP completes the data collection operations
of each k-th DR in T k seconds, k ∈ K = {1, 2, ... ,K}, during
which the IoTDs upload their data to the LAP.
A. Trajectory Model
In our proposed system, each LAP flies straightly from
one DR to another. Each LAP hovers above the geographic
coordinate center of each DR to collect the IoTDs data. We
consider the HAP hovers at (0, 0, H) and shots laser beams
to the LAPs one by one at a fixed position qj [0] = (0, 0, h).
Each LAP is powered by a large capacitance, which can be
recharged by laser power beams at the laser charging spot
to maintain their continuous flight. In addition, according to
our proposed system model, each j-th LAP will return to the

We assume each LAP flies in a straight line from one DR to
the next DR with the same constant speed v m/s. Therefore,
the flight time of each j-th LAP is given as
Lj
, ∀j ∈ M
v
B. The Drones Energy Consumption Model
TjF =

(6)

Assuming the LAP consumes energy for its hovering and
flight, we define P H as the power consumption when the LAP
is hovering, whereas P F as the LAP power consumption when
it is flying straightly. Then each j-th LAP energy consumption
is
(7)
Ej = P H TjH + P F TjF , ∀j ∈ M
However, each j-th LAP could not fly perpetually because of
its laser capacitance capacity limitation Cj , therefore
Ej ≤ Cj , ∀j ∈ M

(8)

The laser energy each j-th LAP received from the HAP
should be enough for its flight
ηj Pjl τj ≥ Ej , ∀j ∈ M

(9)

The τj is the laser charging time for each j-th LAP. We define
Pjr as the external-cavity laser power received at the j-th LAP
laser powering beam receiver, Pjl as the laser beam power shot
to the j-th LAP and αj as the laser attenuation coefficient.
Pr
Then ηj = Pjl = e−αj (H−h) is the laser transmission
j
efficiency between the j-th LAP and the HAP [4].

C. Problem Formulation

A. Analysis of The Drones Traveling Problem

In this subsection, we propose the DTP, where we aim to
minimize the energy consumption of the proposed data collection system. Let A = {akj [t], ∀j ∈ M, ∀k ∈ K, ∀t ∈ Tj },
S = {Sj , ∀j ∈ M}, Q = {qj [t], ∀j ∈ M, ∀t ∈ Tj } and τ =
{τj , ∀j ∈ M}.
In the optimization problem below, we aim to jointly
optimize the DRs selection (i.e., A), the multi-LAP routes
(i.e., Q), the hovering times of each LAP (i.e., S) and the
laser charging durations (i.e., τ ). The DTP is formulated as

By observing the structure of problem (12), we find that
the solutions A, S and Q actually define a direct graph s
consisting of N points and M cycles with the same starting
point [12] (i.e., the laser charging spot qj [0]), therefore,
solving problem (12) is equivalent to obtaining the optimal
direct graph s∗ to minimize the object function of problem
(12). Furthermore, in order to obtain the optimal direct graph
s∗ , we first give the analysis of the DTP as follows.
Similar to the standard definition of the multiple traveling
salesmen problem [9], we describe each LAP as a salesman,
the DRs are treated as cities and the hovering duration T k is
described as the time window in each k-th city. Given any
candidate direct graph s, we can obtain the solutions A, S
and Q of problem (12), we define the summation of the LAPs’
energy consumption (i.e., the object function of problem (12))
as the utility function denoted by f (s).
Based on the above observation, we discover that the poor
solutions of DTP usually have many crossover points, we
describe each crossover point as a knot in the graph. To
be specific, there are two kinds of knots in the graph, i.e.,
the knots in the cycle that crosses over itself and the knots
between any two cycles. The well-known 2-opt algorithm is
an efficient algorithm to eliminate the first kind self-knot by
reordering the route of a cycle [13].
Motivated by 2-opt algorithm [13], we introduce Theorem 1
to eliminate the second kind of knots between any two cycles.

P1: minimize
A, S, Q, τ

M
∑

ηj Pjl τj

(10a)

j=1

s.t. Ej ≤ Cj , ∀j ∈ M
ηj Pjl τj

(10b)

≥ Ej , ∀j ∈ M

(10c)

qj [Sj ] = qj [0], ∀j ∈ M
Sj
M ∑
∑

(10d)

akj [t] = 1, ∀j ∈ M, ∀k ∈ K, ∀t ∈ Tj

(10e)

dj [t] = ∥qj [t] − qj [t − 1]∥, ∀t ∈ Tj , ∀j ∈ M

(10f)

Tj = {1, 2, ..., Sj }, ∀j ∈ M

(10g)

j=1 t=1

The LAPs use the laser energy to fly and hover, the charging
duration τj∗ is optimal if and only if the laser energy is not
wasted, which means the equality holds in (10c). Therefore,
we can relax the DTP (i.e., P1) by holding the equality of
(10c) and obtain
∑K ∑Sj
τj∗

k=1

=

t=1

P H akj [t]T k +

∑Sj
t=1

P F dj [t]v −1

ηj Pjl

(11)

Let the optimal charging time substitute into the original
P1, the objective function becomes the total energy consumption of the M LAPs. One can have
minimize
A, S, Q

Sj
M ∑
K ∑
∑
j=1 k=1 t=1

P H akj [t]T k +

Sj
M ∑
∑

P F dj [t]v −1

j=1 t=1

s.t. (10b), (10d), (10e), (10f), (10g)
(12)
One can see that problem (12) is still NP-hard [9] and it
is known to be difficult to find its optimal solution. Note that
different from the other optimization problems [3], [8], [11],
the Sj is also required to be optimized. Moreover, constraint
(10g) makes it a complex combinatorial optimization problem
and we can not solve it using convex optimization and the
block coordinate descent method.

Theorem 1. Define the No-knot graph as the graph with no
knots. Given a candidate direct graph s with one or more
knots between any two cycles, the total LAPs’ tour length of
the No-knot graph is always less than the tour length of s.
The No-knot graph can be obtained by reordering the drones
route Q using the Flow Direction Method.
Proof. The sum of the two sides of the triangle is greater than
the third side. Refer to Example 1 to find the introduction of
the Flow Direction Method.
Example 1. The Flow Direction Method in the DTP: By
exploring the structure of the knots in the candidate direct
graphs, we summarize all kinds of knots between any two
cycles into ‘Reverse Flow Knot’ and ‘Co-current Flow Knot’,
which are defined and illustrated in Fig. 2.

澳

III. T RAJECTORY D ESIGN

Fig. 2. (a) Co-current flow knot; (b) Reverse flow knot

In this section, we consider the multi-drone trajectory
design. We first analyze the DTP in order to obtain the optimal
direct graph s∗ and then we propose the DTA.

In Fig. 2, each q[0] is the same charging spot. The other
trajectory points are included in the dotted line. We reorder
the two LAPs’ route as follows. For the co-current flow knot,

the routes are reordered and given as q[0] → · · · → d → c →
· · · → q[0] and q[0] → · · · → e → a → b → · · · → q[0]. For
the reverse flow knot, the new routes are q[0] → · · · → e →
d → · · · → q[0] and q[0] → · · · → c → a → b → · · · → q[0].
B. The Drones Traveling Algorithm (DTA)
Before we introduce the DTA (i.e., Algorithm 1), we first
give a brief introduction to our search mechanism.
• We define the local optimum graph as the graph with no
self-knot in each LAP cycle;
• We develop an efficient method to Jump from the local
optimum graph to a better graph where the better
graph is defined as the graph with less f (s). The
Jump operations includes three simple operations: the
Exchanging, Shifting and the Knot Removing;
∗
• The near-optimal or even the optimal graph s can be
obtained by the iterations between the Local Optimum
Search Method (LOSM) and the Jump Method (introduced next) until the utility function f (s) does not
decrease.
1) LOSM: We define LOSM as that the 2-opt algorithm
[13] has been applied to each j-th LAP cycle in graph s.
2) Jump Method: The Jump method is reordering the route
Q of the direct graph s. We define a as the current DR, which
is picked from the set of DRs (i.e., K). We also define that
DR b is from N (a), which is the neighborhood [13] of a .
We define N (a) consists of 6 DRs, which is suitable to cover
enough neighbor points and reduce the algorithm complexity
[14]. In addition, c is the next DR connected to a.
Then the ‘Exchanging’ operation is defined as that exchanging b and c in the route Q; the ‘Shifting’ operation
is defined as that taking b out and inserting b between a and
c; the ‘Knot Removing’ operation is defined as that using the
Flow Direction Method to eliminate all the knots between any
two cycles. Note that the Jump Method is terminated until all
the DRs and their neighbor DRs have been searched.
Example 2. Given a candidate direct graph s in which a
and b are in the same cycle, the results of the Exchanging
and Shifting can be illustrated as Fig. 3.

澳

Fig. 3. The ‘Exchanging’ and ‘Shifting’ operations in the same cycle

One can see that the tour length of s2 > s1 and the tour
length of s3 < s1 , which means only the shifting operation
works, and s3 becomes the new graph.

Example 3. Given a candidate direct graph s in which the b
and c are in two different cycles, the results of the Exchanging
and Shifting can be illustrated as Fig. 4.

澳

Fig. 4. The ‘Exchanging’ and ‘Shifting’ operations in two different cycles

One can see that the tour length of s5 > s4 and the tour
length of s6 < s4 , which means s6 becomes the new graph.
We illustrate the Examples in Fig. 5 for easily understanding.

澳

Fig. 5. An approximate illustration of the examples

Algorithm 1: The Drones Traveling Algorithm (DTA)
for P1
Input: A0 , Q0 , S 0 : Random Solutions
Output: A∗ , Q∗ , S ∗ , τ ∗ : The Near-optimal Solutions
1 r ← 1; // the iterations of DTA
r
0
0
0
2 Generate a direct graph s using A , Q , S ;
0
3 f (s ) ← ∞; // initialize the utility function
r
r−1
4 while f (s ) < f (s
) do
5
Use the 2-opt algorithm to obtain the local optiaml
direct graph sr ;
6
Use Algorithm 2 to Jump from graph sr to a new
direct graph sr+1 ;
7
r ← r + 1;
8 end
r
∗
∗
∗
9 Use direct graph s to obtain A , Q , S ;
∗
10 Use Equation (11) to obtain the optimal τ ;
∗
∗
∗
∗
11 return: A , Q , S , τ .
Based on the above introduction, we provide the detailed
Jump Method of DTA as Algorithm 2.

search algorithm takes turns to choose the nearest but not
yet visited DR as the next DR until all the DRs are visited.
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Fig. 6. The energy consumption versus the number of DRs.

One can see from Fig. 6 that with the increasing of the
number of DRs, the energy consumption increases, as expected. Furthermore, the system designed by DTA consumes
less energy compared with the other benchmarks. Therefore
DTA is energy-efficient.
25

Genetic Algorithm
DTA

20

Total Running Time (s)

Algorithm 2: The Jump Method of DTA
Input: s: The Local Optimum Direct Graph
Output: se: A New Direct Graph
e ← s; // initialize graph se
1 s
2 for k ← 1 to K do
3
a ← the k-th DR; // the current DR
4
c ← the next DR connected to a;
5
for i ← 1 to the size of N (a) do
6
Select an unselected DR bi from N (a);
7
Exchange bi and c in the DRs route Q and
generate a new graph g; // the Exchanging
operation, refer to Example 2 and Example 3
8
if the graph g is feasible and the Utility
Function f (g) < f (e
s) then
9
se ← g;
10
break;
11
end
12
Insert bi between a and c in Q and generate a
new graph g; // the Shifting operation, refer
to Example 2 and Example 3
13
if the graph g is feasible and the Utility
Function f (g) < f (e
s) then
14
se ← g;
15
break;
16
end
17
Reorder route Q by the ‘Flow Direction
Method’ and generate a new graph g; //the
Knot Removing operation, refer to Example 1
18
if the graph g is feasible and the Utility
Function f (g) < f (e
s) then
19
se ← g;
20
break;
21
end
22
end
23 end
e.
24 return: s
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IV. S IMULATION R ESULTS

Fig. 7. The running time versus the number of DRs.

In this section, simulation results are presented to show the
effectiveness of our proposed DTA. We suppose that there are
3 LAPs flying over K = 500 DRs, which are distributed within
a geographic area of size 5 km × 5 km. In addition, the HAP
is suspended at a fixed altitude H = 5 km and the LAP flies at
a fixed altitude h = 100 m. Therefore, the laser transmission
efficiency ηj is given by 0.6 [4]. The laser beam power is set
as 1 kW [7]. The LAP hovering power consumption is set as
P H = 50 W and the LAP flight consumption is set as P F =
100 W. The LAP hovering time T k is set as 5 seconds. The
LAP flight speed is set as 10 m/s. We run all the simulation on
the computer with the 3.20 GHz CPU and 8 GB RAM. The
simulation software is Matlab 2017a running on Windows 10.
Next, we validate the performance of DTA as compared to
two well-known benchmark schemes, which are designed for
the DTP, namely the near-neighbor Greedy search algorithm
and the genetic algorithm [9]. The near-neighbor Greedy

Fig. 7 presents the time-effectiveness of the DTA. One can
see that the running speed of DTA is about 10 times faster
than Genetic Algorithm and the performance of the DTA is
much better than the Genetic Algorithm according to Fig. 6.
Therefore, the DTA is time-effective and thus it is suitable for
the large-scale multi-drone trajectory design.
In Fig. 8, we test the DTA in the large scale scenario (i.e.,
500 DRs). In Fig. 8 (a) to (c), compared with the greedy
algorithm and the genetic algorithm, the DTA’s solution graph
has no knots and has the least energy consumption, thus the
DTA outperforms the other algorithms. Moreover, the DTA
only uses 5 iterations to obtain the acceptable near-optimal
solution whereas the Genetic Algorithm uses 10000 iterations
and fails to obtain an acceptable solution. In Fig. 8 (d), we
show the DTA efficiency. One can see from Fig. 8 (d) that
the utility function is significantly reduced during each DTA
Jump operation. Therefore, the DTA is very efficient.
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Fig. 8. The DTA energy consumption compared with the greedy algorithm and the genetic algorithm.

V. C ONCLUSION
In this paper, we optimize the LAPs trajectory and the HAP
laser power duration for energy saving purpose. The optimization problem is NP-hard. We propose an efficient search
algorithm named DTA to obtain a near-optimal solution. Simulation results show that DTA only uses 5 iterations to obtain
the near-optimal solution whereas the Genetic Algorithm uses
10000 iterations and still fails to obtain an acceptable solution
in the case of the large scale DTP.
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