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Abstract—Due to the flexibility and agility, unmanned aerial
vehicle (UAV) is a promising way for gathering data generated by
wireless sensor networks. However, the limited battery capacity
of the UAV restricts its application on many occasions, e.g., the
networks deployed in the wild. In this paper, we propose a
cooperative trajectory planning scheme to deal with the energy
issue of the UAV, where a truck carrying backup batteries moves
along with the UAV acting as a “mobile recharging station”.
Our optimization task is to minimize the total mission time for
gathering data from all the sensor nodes, which can be achieved
by solving two problems: First, we need to divide the entire
mission area into multiple subregions so that the UAV can hover
over each subregion to collect the data of the sensor nodes
through just one taking-off and landing under the constraint
of battery capacity; second, we should find out the optimal
trajectory of the truck so that the UAV can get to the hovering
positions of each subregion from the truck and fly back to it
before the battery drains considering the road condition in real
world. We introduce an efficient clustering algorithm to partition
the area into subregions in a load-balanced way to minimize
the number of movements of the UAV. The trajectory planning
task is formulated as a coordinated traveling salesman problem,
which is solved by a three-step trajectory planning algorithm
heuristically, and we also give the analysis of the upper bound
and lower bound to demonstrate the performance guarantee.
Numerical results show that our proposed scheme provides an
effective and cost-efficient way for the data collection of large-
scale wireless sensor networks in practical scenarios.

Index Terms—Data collection, trajectory planning, unmanned
aerial vehicles, wireless sensor network.

I. I NTRODUCTION

I NTERNET of Things (IoT) is one of the indispensable
technologies in the near future, in which everything is

connected to the Internet, leading us to the realm of ubiquitous
and intelligent wireless network [1]. The basic premise of
the IoT is to widely deploy smart and dedicated sensor
nodes (SNs) to collect and transmit data with only occasional
human involvements, thus sharing information and further co-
ordinating decisions. Wireless sensor network (WSN), where
numerous low-cost, low-power, small-size SNs are spatially
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distributed for monitoring and recording ambient environment
conditions [2], are widely deployed in diverse applications
ranging from military scenarios to civil scenarios, such as
intrusion detection [3], homeland security surveillance [4], vol-
cano supervision [5], soil monitoring for smart agriculture [6],
forest fire inspection [7].

With the explosive growth of the number of SNs deployed
in the WSN, the data collection of these SNs becomes a
critical and challenging task. Existing works can be generally
categorized into three types according to the transmission
approaches for data gathering from SNs to the data center,
as shown in Fig. 1. Traditionally, the WSN is organized in a
static manner, where the sensed data is collected and relayed
via a multi-hop routing network to the destination (e.g., ground
base station), as depicted in Fig. 1(a). The emphasis related
to this scheme is on the routing design issue to find optimal
forwarding routes [8]. Whereas, collecting a massive amount
of data from widely or sparsely deployed SNs would cause
the overuse of the relay nodes and the unreliable wireless
links, which can lead to reduced network lifetime and degraded
data transmission rates, respectively. Ground mobile sinks are
thus introduced to overcome these problems. As illustrated
in Fig. 1(b), one or more ground vehicles equipped with
data sinks are employed for data collection [9], where the
ground vehicle visits each SN directly or visits the SNs that
are selected as relay nodes. Since the routing network is
partially or fully replaced by the mobile sink, this approach
can alleviate the transmission burden of SNs for relay [10].
Nevertheless, it is noteworthy that one of the distinguishing
features of the aforementioned WSN application scenarios is
that the SNs are usually distributed in the vast land. The
deployment of terrestrial Internet infrastructures is difficult
and expensive in these remote areas such as the wilderness
and deep forests, posing an obstacle to data collection in
a static manner. In addition, some areas are dangerous and
hard-to-reach (e.g., volcano and swamp) for ground vehicles,
increasing the difficulty for data collection.

Recently, with the ever-accelerating progress in design and
production, unmanned aerial vehicle (UAV) has been foreseen
as a key enabler in many domains. The applications of UAV
can be generally summarized as ubiquitous coverage, relay and
information dissemination/data collection [11]–[13]. Thanks to
the agility and high maneuverability, UAVs can act as aerial
mobile sinks to enable fast and reliable data collection in
WSNs [14]. As illustrated in Fig. 1(c), the UAVs can fly
towards the clusters of SNs and establish low power com-
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Fig. 1. Three types of data collection in WSN.

munication links with the SNs [15], which is more efficient
compared with road-restricted and low-speed ground mobile
sinks. Moreover, by leveraging the line-of-sight dominated
air-to-ground channels, UAVs can also provide high-quality
data transmission [16]. In [17], the data gathering mission is
abstracted as a traveling salesman problem (TSP)and solved
by a fast path planning algorithm with division and combi-
nation. It shows good performance when SNs are deployed
evenly. For the case of one UAV and one-dimensional WSN,
[18] optimizes the time-varying UAV speed as well as the
transmission interval to minimize the flight time of the UAV.
In [19], the authors propose a unified scheme for age-optimal
data collection, which optimizes the UAV hovering positions
to minimize the SN’s uploading time. A trajectory planning
algorithm based on dynamic programming is also developed to
minimize the UAV’s flying time. In [20], an adaptive modula-
tion scheme is adopted to improve the energy-efficiency of SNs
while guaranteeing the fairness between different SN clusters.
To avoid collision caused by simultaneous transmission from
numerous SNs, a priority-based data access scheme with
consideration of UAV’s mobility is proposed in [21], which can
improve the efficiency of transmission and prolong the lifetime
of SNs. In the case that SNs have different and limited buffer
sizes, a time-sensitive data collection mission to maximize the
number of served SNs is studied in [22], where the UAV’s
trajectory and radio resource allocation are jointly optimized
via a successive convex approximation algorithm. Considering
a massive number of SNs, a two-tier UAV communication
strategy is proposed in [23], where ground access points are
introduced to help the transmission between the SNs and the
UAV. In [24], a 3D trajectory optimization problem is studied
to maximize the the minimum average data collection rate in
a WSN under Rician fading channels.

However, the on-board energy, which is finite due to the
size, weight and power of the aircraft, tends to be a fatal
limitation that greatly influences the UAV’s performance in
practice [25]. With the development in supporting infrastruc-
tures, recent works envisage that the UAV’s battery can be
recharged or replaced whenever used up during its flight,
which can be enabled by an automatic battery replacement
system [26]. Given one fixed charging station, [27] studies
energy-efficiency oriented scenario where multiple recharge-
able UAVs are cooperatively dispatched to provide seamless
and long-term coverage for ground IoT devices. The node

assignment, UAVs’ trajectory and transmit power control are
jointly optimized by a block coordinate descent-based iterative
algorithm, while only three IoT nodes are considered. In [28],
the mission area is divided into multiple grids and wireless
charging devices for the UAV are located at the center of
each grid. Reinforcement learning is introduced to make the
decisions of selecting the charging point, the flying height
and the connected SN so as to improve the UAV’s energy-
efficiency. In [29], optimal placement of UAV charging sta-
tions is investigated, where the UAV’s flying distance and the
number of charging stations are jointly minimized. However,
this scheme is lack of scalability and flexibility since the
deployment of charging stations is fixed.

Fundamentally speaking, the energy issue is still a bottle-
neck of UAV-assisted WSNs from the viewpoint of system
design, especially for large-scale WSNs. To this end, we try
to endow the charging station with mobility so as to flexibly
compensate for the battery capacity of the UAV. In this paper,
on the basis of aerial data collection, we investigate a novel
mobile sink approach to realize high-efficient periodic data
collection for large-scale WSNs. The UAV, assisted by a truck
carrying backup batteries, is dispatched to visit the clusters
of SNs for data gathering, where the UAV acts as a mobile
sink and the truck serves as a mobile battery swap station
for the UAV. Our objective is to minimize the mission time
of collecting data from all the SNs under the constraint of
UAV’s flight endurance, which can be fulfilled by solving
two subproblems, i.e., optimal selection of hovering positions
and optimal trajectory planning. First, a clustering method
is introduced to partition the region of interest into multiple
subregions that contain an approximately equal number of SNs
based on the maximum coverage radius and capacity of the
UAV, where the horizontal and vertical positions of the UAV
are determined by the cluster centers and the subregion sizes,
respectively. Second, we show that the trajectory design can
be modeled as a combinatorial optimization task to find the
sequence of visiting target subregions as well as the locations
that the UAV and the truck rendezvous with each other,
which is an extension of TSP. To our best knowledge, this
is the first work that studies the UAV-aided data collection in
WSNs with a “mobile recharging station” from a collaborative
trajectory planning perspective [30]. Finally, we develop a
heuristic three-step algorithm to solve the collaborative tra-
jectory planning problem, and analyze the upper bound and
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the lower bound of the algorithm. Numerical results verify
that our proposal is effective and efficient, which can provide
a guideline for the system design of data collection in real
application scenarios.

The rest of the paper is organized as follows. Section II
illustrates the data collection model and formulates the opti-
mization task. In Section III, our proposed algorithm is given
in detail, along with the analysis of the upper and lower bound-
s. Section IV provides numerical results and performance
evaluation. Finally, Section V presents concluding remarks.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. Network Description

Truck

Data center

UAV

SN

(a)

(b)

Fig. 2. Data collection of WSN in suburban environment.

Consider a WSN deployed in regionR ∈ R
2, as depicted

in Fig. 2(a), made up of a data center, a truck, a rotary-wing
UAV and K SNs denoted byK = {s1, s2, ..., sK}. Suppose
that each SNsk ∈ K has a fixed location in the 3D Cartesian
coordinate system, which is denoted aszk = (sxk, s

y
k, 0). Since

the UAV operates in hovering to gather the data from the
clusters of SNs, the entire region is divided inton subregions
so that the UAV can collect data from SNs in each subregion

through one taking-off and landing. Due to the limited battery
capacity of the UAV, a truck is dispatched to aid the UAV so
that the UAV can fly back to the moving truck to replace its
battery and then flies to the next subregion.

To illustrate the network model more clearly, we show the
top view of Fig. 2(a) in Fig. 2(b). The set of subregions
and UAV’s 3D hovering positions are represented byRs =
{R1, R2, ..., Rn} and H = {h1,h2, ...,hn}, respectively.
When the UAV hovers athi = (hx

i , h
y
i , h

z
i ), it establishes

communication links with the SNs located in subregionRi,
where the coverage radius of the UAV is related to its altitude.
The amount of time required for collecting data from one SN
is set asTs, thus the hovering time above each subregion is
proportional to the number of SNs in each subregion. Then
the UAV flies back to the truck for battery replenishment
before visiting the next subregion, the locations at which they
rendezvous with each other are represented by “launch sites”
X = {xi = (xx

i , x
y
i , 0), 1 ≤ i ≤ n}. Let U ∋ σ(·) denote the

set of permutations of{1, 2, ..., n} representing all the possible
sequences of visiting subregions, where we setσ(n + 1) =
σ(1) to simplify the notation (e.g.,σ = {1, 5, 7, 2, 3, 6, 4, 1}
in Fig. 2(b)). Thus, the trajectories of the truck and the
UAV can be represented as[xσ(1),xσ(2), ....,xσ(n+1)] and
[xσ(1),hσ(1),xσ(2), ....,hσ(n),xσ(n+1)], respectively, where
the data center is the start/end point.

B. Air-to-Ground Channel Model

For the UAV, the air-to-ground channel takes both line-
of-sight (LoS) links and non-line-of-sight (NLoS) links into
consideration, which is different from the ground-to-ground
channel. The probability of LoS is dependent on the position
of the UAV and SNs, geographic environments, density and
height of buildings and so on, which can be closely approxi-
mated to a simple modified sigmoid function of the following
form [16]:

PLoS(θ) =
1

1 + aexp[−b(θ − a)]
, (1)

wherea, b are parameters related to the environment,θ repre-
sents the elevation angle between the SNs and the UAV, which
can be expressed asθ = 180◦

π
arctan(hz/r), wherehz is the

hovering altitude of the UAV andr is the horizontal distance
between the SNs and the UAV, as depicted in Fig. 2(b).

The path loss for the air-to-ground communication can be
expressed as follows:

Lp =
(4πfcd

c

)2

βp, p ∈ {LoS,NLoS}, (2)

where c is the speed of light,fc represents the carrier fre-
quency andd represents the distance between the UAV and
the ground SNs.βLoS andβNLoS refer to the excessive path
loss of LoS and NLoS links, respectively.

Note that the probability of NLoS links isPNLoS(θ) =
1 − PLoS(θ), so the average path loss model (in dB) can be

Authorized licensed use limited to: Nanjing University. Downloaded on November 22,2021 at 08:08:04 UTC from IEEE Xplore.  Restrictions apply. 



0090-6778 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCOMM.2021.3124950, IEEE
Transactions on Communications

4

expressed as follows [31]:

L(hz, r) =
∑

p

LpPp(θ)

= 20logd+ 20logfc + 20log
(4π

c

)

+ PLoS(θ)ηLoS

+
(

1− PLoS(θ)
)

ηNLoS

= 20log
√

(hz)2 + r2

+
A

1 + aexp
[

− b
(

180◦

π
arctan(h

z

r
)− a

)] +B,

(3)

where ηLoS = 10logβLoS, ηNLoS = 10logβNLoS . A =
ηLoS − ηNLoS andB = 20logfc + 20log(4π

c
) + ηNLoS are

constants under a given environment.
To guarantee the communication link between UAV and

SNs, a thresholdΓ is introduced to represent the maximum al-
lowable path loss corresponding to the minimum transmission
rate requirement of data collection. We assume that the SNs
could establish connection with the UAV ifL(hz, r) ≤ Γ, i.e.,
the UAV’s maximal coverage radius can be mathematically
expressed asrmax = r|L(hz,r)=Γ. Fig. 3 shows the variation
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Fig. 3. Coverage radiusr vs. UAV altitudehz curve withΓ = 108 dB, in
a suburban environment.

of coverage radiusr with respect to UAV altitudehz as per
(3) for a suburban environment, whereΓ is set as108 dB.
The coverage radius rises first and then descends as the
altitude of the UAV increases, which indicates thathz could
be adjusted to achieve different coverage area while satisfying
the same path loss requirement. The figure also shows the
maximal coverage radius and corresponding UAV altitude by
numerically solving∂rmax/∂h

z = 0, which gives a reference
to the number of subregions need to be divided.

C. Energy Consumption Model for Rotary-Wing UAV

Generally speaking, the UAV’s energy consumption is com-
posed of communication related energy and propulsion energy.
The former includes that for signal processing, signal radiation
and reception, etc. Here we denote the communication-related
power as constantPc (in Watt) for simplicity.

TABLE I
NOTATIONS AND PHYSICAL MEANINGS OF VARIABLES IN POWER

CONSUMPTION MODEL

Notation Physical meaning
Ω Blade angular velocity (in radians/second)
ρ Air density (in kg/m3)
Ar Rotor disc area (in m2)
d0 Fuselage drag ratio
P0 Blade profile power in hovering status (in Watt)
Pi Induced power in hovering status (in Watt)
R Rotor radius (in meter)
s Rotor solidity (in m3)
V0 Mean rotor induced velocity in forwarding flight (in m/s)

The propulsion energy is consumed to keep the UAV aloft
as well as support its movement, and the power consumption
model of the UAV as a function of flying speed can be
approximately expressed as follows [32], [33]:

P (v) = P0

(

1 +
3v2

Ω2R2

)

+
PiV0

v
+

1

2
d0ρsArv

3, (4)

where v is the velocity of the UAV. The notations and the
corresponding physical meanings of the variables in (4) are
clarified in Table I. Also note that,P0 andPi are two constants
representing the blade profile power and induced power in
hovering status, respectively, which depend on the weight of
the UAV, air density, and rotor disc area, etc.

D. Problem Formulation

Considering a delay-tolerant data collection mission, we
place emphasis on the amount of time needed to complete
all the data collection. Denotev0, v1 > 0 as the speed of the
truck and the UAV1, respectively, withv0 < v1. The problem
can be mathematically formulated as follows:

minimize
x1,...,xn,σ∈U

n
∑

i=1

max
{ 1

v0
||xσ(i) − xσ(i+1)||,

1

v1

(

||xσ(i) − hσ(i)||+ ||hσ(i) − xσ(i+1)||
)

+ TsNσ(i)

}

s.t.
1

v1
Ef

(

||xσ(i) − hσ(i)||+ ||hσ(i) − xσ(i+1)||
)

+ EhTsNσ(i) ≤ Emax,
(5)

whereNσ(i) is the number of SNs in subregionRσ(i). Ef , Eh

are the energy consumption of flying and hovering, respective-
ly, and the total capacity of the battery is denoted asEmax.
The UAV only establishes connection with ground SNs when
it hovers above the corresponding subregions, so it can be
derived thatEf = P (v1) andEh = P (0) + Pc, respectively.
The first term inmax{·, ·} represents the time needed for the
truck to move from one launch site to the next, the second
term corresponds to the amount of time for the UAV to fly
away from one launch site, reach its hovering position and
collect data from SNs, then return to meet the truck at the next
launch site for battery replacement. The constraint guarantees
that the UAV could fly back to the truck before its energy

1Uniform speed is considered for simplicity, which is reasonable for the
scenario of large-scale WSN.
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drains. Problem (5) is NP-hard since it is a generalization of
TSP with the constraints of the rendezvous of the UAV and
the truck and the battery capacity of the UAV.

III. O UR PROPOSEDSCHEME

To address (5), we need to select the optimal hovering
positionsH at first, i.e., the following question should be
answered: Given a region with unevenly distributed SNs, how
can we divide the entire region into the minimum number of
subregions while satisfying the constraints of UAV’s capacity
and achievable coverage radius? After determining the target
hovering positions, we develop a three-step trajectory plan-
ning strategy to heuristically solve the coordinated trajectory
optimization problem.

A. Selection of Hovering Positions

For preliminary preparation, we estimate the number of
subregions to be divided, which relies on both the capacity
and the coverage range of the UAV. Considering the capacity
requirement, the number of subregions isns =

⌈

K
km

⌉

, where
km is the maximum number of SNs that the UAV can
serve considering battery capacity. Considering the coverage
constraint, the number of subregions isnc =

⌈

A
πr2

max

⌉

, where
A denotes the area of regionR, and the coverage of the UAV
is considered as a circle. Then, the approximate number of
divided subregions is denoted as:

n = max{ns, nc}. (6)

Note that the number of subregions would be minimal when
the SNs are equally assigned between the subregions. Thus, we
try to partition the mission area into at leastn subregions in a
load-balanced way. Since the distribution of desired hovering
positions of the UAV is related to the density of SNs, we
introduce a clustering method called ISODATA to determine
H [34]. The SNs are grouped together if they are closest to
the centroid of a cluster.

The clustering procedure is shown in Algorithm 1, the
parameters of which include follows:

• Imax: maximum number of iterations
• ne: expected number of clusters
• Nmin: minimum size of clusters
• dmin: minimum distance between two cluster centroids
• ǫmax: allowed standard deviation of each cluster
First, selectKc samples randomly from the input dataset

as the initial centers, the corresponding clusters of which is
denoted byC1, C2, ..., CKc

. Then each SN would be assigned
to the closest cluster center, which can be mathematically
written as:

Ci = {s ∈ K| ||s− ci|| ≤ ||s− cj ||, ∀i 6= j}. (7)

A discarding procedure is introduced to remove the clusters
that possess SNs fewer than the given threshold, i.e., when
|Ci| ≤ Nmin, the clusterCi would be discarded along with
reducing the number of clusters. The centers of clusters are
updated by:

ci =
1

|Ci|

∑

s∈Ci

s, (8)

Algorithm 1 Clustering by ISODATA
1: Initialization: set parametersImax, ne, Nmin, dmin, ǫmax

and input the set of SNsK;
2: SelectKc samples randomly fromK as the initial cluster

centers{c1, ..., cKc
};

3: I = 0;
4: repeat
5: I = I + 1;
6: assign SNs into clusters by Eq. (7);
7: for j = 1 : Kc do
8: if |Cj | ≤ Nmin then
9: Kc = ne − 1;

10: assign SNs into clusters by Eq. (7);
11: end if
12: end for
13: Update cluster centers by Eq. (8);
14: if Kc < ne/2 then
15: Split procedure:
16: calculate the standard deviation of each cluster

{ǫ1, ǫ2, ..., ǫKc
};

17: ǫl = max{ǫ1, ǫ2, ...ǫKc
};

18: if ǫl > ǫmax & |Cl| ≥ 2Nmin then
19: split the cluster into two clusters;
20: ne = ne + 1;
21: Update cluster centers by Eq. (9);
22: end if
23: return to step 4;
24: end if
25: if Kc > 2ne || I mod 2 == 0 then
26: Merge procedure:
27: calculate the distance between all the cluster centers

and record in matrixDdis;
28: if Ddis(i, j) < dmin then
29: merge the two clustersCi andCj as one cluster;
30: Update cluster center by Eq. (10);
31: ne = ne − 1;
32: end if
33: end if
34: until I = Imax;
35: return The cluster centersc.

We explain the split and merge operations in detail. In
the split procedure, the standard deviation of each cluster is
calculated, and the maximum one is picked up and denoted as
ǫl. If ǫl > ǫmax and the number of SNs in this clusterCl is
not smaller than2Nmin, the split operation would be triggered.
In the merge procedure, calculate the distance between all the
cluster centers, denoted as matrixDdis, with Ddis(i, i) = 0.
If Ddis(i, j) < dmin, the merge operation would be triggered.
The update rules of cluster centers are as follows:

c+i = ci + ǫl, c−i = ci − ǫl, (9)

cnew =
1

|Ci|+ |Cj |
(|Ci|ci + |Cj |cj), (10)

which correspond to the split and merge operation, respective-
ly.
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By split and merge, ISODATA can find the appropriate
clusters efficiently. We use SN setK as the input and the
expected number of clusters is set asn, the output centroids
are the horizontal part of the hovering positionsH of the UAV.
Then, as the clusters/subregions have diverse shapes and sizes,
we adjust the altitude of the UAV to achieve different coverage
radiuses. The required coverage radius of the UAV above
subregionRi is ri = max

k
{||(hx

i , h
y
i , 0) − zk||, sk ∈ Ri},

which is determined by the SNs at the edge. The corresponding
altitudehz

i of the UAV can be calculated byL(hz
i , ri) = Γ.

B. Optimal Trajectory Planning

The trajectory planning is to jointly optimize the routes of
the UAV and the truck given target hovering positions, the
key point of which lies in finding the optimal locations of
launch site. We propose an efficient algorithm to address the
optimization task defined by (5) considering the fact that (5)
over variablesxi will be convex under a fixed permutationσ,
which falls into a second-order cone program problem. The
details are given in Algorithm 2 and summarized as follows:

Step 1: Initialize the order of visiting all the target hovering
positionsH.

We set the initial sequence of{h1, ...,hn} the same as
their optimal TSP tour. The methods to solve TSP are diverse,
such as ant colony algorithm [35], simulated annealing [36].
Lin-Kernighan heuristic (LKH), first proposed in [37], is an
efficient method for solving TSP. We use an LKH solver
constructed in [38] to find a promising TSP solution and
initialize the visiting sequenceσ.

Step 2: Solve problem (5) with fixedσ.
Given one permutationσ to visit all the subregions, (5) can

be rewritten as follows:

minimize
x1,...,xn+1,t1,...,tn+1

tn+1

s.t. C1 : ti ≥ ti−1 +
1

v1

(

||xi−1 − hi−1||+ ||hi−1 − xi||
)

+ TsNi−1, ∀i ∈ {2, ..., n+ 1},

C2 : ti ≥ ti−1 +
1

v0
||xi−1 − xi||, ∀i ∈ {2, ..., n+ 1},

C3 : ||xi−1 − hi−1||+ ||hi−1 − xi||

≤ v1
Emax − EhTsNi−1

Ef

, ∀i ∈ {2, ..., n+ 1},

C4 : t1 = 0,

C5 : x1 = xn+1,
(11)

where t(·) represents the accumulative time at each ordered
point.x1 = xn+1 is the data center with fixed location, where
the UAV and the truck start their tours and finally return. We
can solve this convex optimization problem by using standard
techniques such as CVX [39], then the optimal coordinated
routes under ordered visiting assignment can be found.

Step 3: Explore new visiting sequences.
It is noteworthy that the optimalσ of the coordinated tour

is not necessarily the same as that induced by the TSP tour,
thus we apply 2-OPT exchanges to explore new possible
permutations, and Step 2 is repeated under new visiting order

Algorithm 2 Three-step coordinated trajectory planning
1: Input: Mission regionR, hovering positionsH, parame-

ters of truck and UAV:v0, v1, Ef , Eh, Emax, Ts, and the
maximum number of iterationIm.

2: Step 1: Using LKH algorithm to solve the TSP tour ofH
to initialize the visiting sequence;

3: Return the solutionσ;
4: Step 2: Using CVX to solve (11) withσ to find the initial

optimal routes;
5: Returnσnew ← σ, tnewn+1 ← tn+1, xnew ← x;
6: Step 3: Using 2-OPT to explore new routes:
7: i = 1;
8: while i < Im do
9: 2-OPT exchange;

10: Return newσ;
11: Solve problem (11) withσ;
12: if tn+1 < tnewn+1 then
13: σnew ← σ, tnewn+1 ← tn+1, xnew ← x;
14: else
15: σnew , tnewn+1, xnew do not change;
16: end if
17: i← i+ 1;
18: end while
19: Output : σnew , xnew, tnewn+1.

for every exchange. Step 3 will stop when no additional
improvements can be achieved.

C. Proof of bounds

The lower and upper bounds of (5) can be proved based on
the continuous approximation analysis. Note that weakening
the constraint would expand the solution space, which will
not influence the bounds of the problem although the bounds
may not be tight. So we set the constraint of the problem
aside to obtain crude lower bound and upper bound for
proof convenience. At first, we introduce a theorem given by
[40], which describes the relationship of the average distance
between a point sampled fromg(x) and a loopL. For notation
convenience, letd(x, L) = min

x
′

∈L
||x−x

′

|| denotes the distance

between a pointx and the loopL.
Theorem 1.2 DenoteD as a compact planar region and

let g be an absolutely continuous probability density function
defined onD. Let OPT(l) denoted the optimal objective value
to the problem

minimize
L

∫∫

D

g(x)d(x, L)dx

s.t. length(L) = l,

(12)

where the optimization variableL is taken over the set of all
loops inD whose length is well defined. Then

OPT (l) ∼
1

4l

(

∫∫

D

√

g(x)dx
)2

(13)

as l→∞.

2The proof can be found in detail in [40].
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1) Lower bound: Denotehp

σ(i) = (hx
σ(i), h

y

σ(i), 0) as the
projection of hσ(i) on the 2D region planeR. Refer to
Fig. 2(b), it can be observed that for eachhσ(i), we can
always find ax

′

σ(i) that is closest tohp

σ(i) on the line
segmentxσ(i)xσ(i+1) of the truck route. Thus, according
to the geometrical relationship, it is straightforward that the
formula below always holds:

||xσ(i) − h
p

σ(i)||+ ||h
p

σ(i) − xσ(i+1)|| ≥ 2||x
′

σ(i) − h
p

σ(i)||.
(14)

DenoteTσ(i) = TsNσ(i), then the objective function of (5)
satisfies:

n
∑

i=1

max
{ 1

v0
||xσ(i) − xσ(i+1)||,

1

v1

(

||xσ(i) − hσ(i)||+ ||hσ(i) − xσ(i+1)||
)

+ Tσ(i)

}

≥

n
∑

i=1

max
{ 1

v0
||xσ(i) − xσ(i+1)||,

1

v1

(

||xσ(i) − h
p

σ(i)||+ ||h
p

σ(i) − xσ(i+1)||
)

+ Tσ(i)

}

≥

n
∑

i=1

max
{ 1

v0
||xσ(i) − xσ(i+1)||,

2

v1
d(hp

σ(i), L) + Tσ(i)

}

≥ max
{

n
∑

i=1

1

v0
||xσ(i) − xσ(i+1)||,

n
∑

i=1

( 2

v1
d(hp

σ(i), L) + Tσ(i)

)

}

= max
{ 1

v0
length(L),

2

v1

n
∑

i=1

d(hp

σ(i), L) +KTs

}

,

(15)
whereL here is regarded as the moving route of truck.

Then the lower bound of problem (5) can be expressed by
the optimal objective value of problem (16):

minimize
L

max
{ 1

v0
length(L),

2

v1

n
∑

i=1

d(hp

σ(i), L) +KTs

}

.

(16)
Eq. (16) is still a combinatorial optimization problem,

whose optimal value is hard to compute. As is standard in
the continuous approximation paradigm, it is assumed that the
projection of hovering positionshp

σ(i) are independent samples
from an absolutely continuous probability density function
g(·) defined onR. Based on the continuous approximation
paradigm, the summation in (15) can be written as an integral
overR, which is given as follows:

minimize
L

max
{ 1

v0
length(L),

2n

v1

∫∫

R

g(x)d(x, L)dx +KTs

}

.

(17)
According to (13) ofTheorem 1, problem (17) can be

transformed into:

minimize
l≥0

max
{ l

v0
,

n

2v1l

(

∫∫

R

√

g(x)dx
)2

+KTs

}

.

(18)

Obviously, the solution is given by:

l∗ =
KTsv0 +

√

(KTsv0)2 + 2nv0/v1(
∫∫

R

√

g(x)dx)2

2
,

(19)
and the optimal objective value can be calculated by:

opt(l∗) =
KTs +

√

(KTs)2 + 2n/(v0v1)(
∫∫

R

√

g(x)dx)2

2
.

(20)
2) Upper bound: Intuitively, it would take the most time

to complete the mission when one is subject to an additional
constraint that the truck keeps stationary whenever the UAV
flies away to collect data. So we can obtain an upper bound
by replacing themax{·, ·} in (5) with a summation:

n
∑

i=1

max
{ 1

v0
||xσ(i) − xσ(i+1)||,

1

v1

(

||xσ(i) − hσ(i)||+ ||hσ(i) − xσ(i+1)||
)

+ Tσ(i)

}

≤

n
∑

i=1

( 1

v0
||xσ(i) − xσ(i+1)||+

2

v1
||hσ(i) − x

′

σ(i)||+ Tσ(i)

)

≤
1

v0
length(L) +

n
∑

i=1

( 2

v1

(

d(hp

σ(i), L) + hz
σ(i)

)

+ Tσ(i)

)

=
1

v0
length(L) +

2

v1

n
∑

i=1

d(hp

σ(i), L) +
2

v1
H +KTs,

(21)
whereH =

∑n

i=1 h
z
σ(i) is a constant when given hovering

positions.
Similar to the lower bound, the optimal objective value of

problem (22) is the upper bound of problem (5):

minimize
L

1

v0
length(L) +

2

v1

n
∑

i=1

d(hp

σ(i), L) +
2H

v1
+KTs,

(22)
whose continuous approximation can be written as follows:

minimize
L

1

v0
length(L) +

2

v1

∫∫

R

g(x)d(x, L)dx

+
2H

v1
+KTs.

(23)

It is easy to see by applyingTheorem 1 again that (23) is
asymptotically equivalent to:

minimize
l≥0

max
{ l

v0
+

n

2v1l

(

∫∫

R

√

g(x)dx
)2

+
2H

v1
+KTs

}

,

(24)
whose optimal solution is given by:

l∗ =

√

nv0
2v1

∫∫

R

√

g(x)dx, (25)

and the corresponding objective value is:

opt(l∗) =

√

2n

v0v1

∫∫

R

√

g(x)dx+
2H

v1
+KTs. (26)
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Fig. 4. The planning results for different distributions of SNs. (a)-(c) show the clustering results, where the dots and the squares in different colors represent
SNs and the cluster centers, respectively. (d)-(f) show the adjusted altitudes of the UAV, the green squares represent the UAV’s 3D hovering positions. (g)-(i)
depict the trajectory design results, where the location of data center is denoted by a magenta diamond, the green squares represent the projection of UAV’s
hovering positions, the yellow circles represent the locations of launch site, the trajectories of the truck and the UAV are represented by yellow solid line and
blue dash line, respectively.

IV. N UMERICAL RESULTS

We consider a geographical region in suburban of size
10 × 10 km2, where 2000 SNs are deployed and the data
center is located at the center of the area. The parameters
in suburban environment withfc = 2 GHz area = 4.88,
b = 0.43, ηLoS = 0.1, ηNLoS = 21, respectively [31]. The
threshold of allowable path loss is set asΓ = 108 dB. The
UAV’s propulsion energy parameters areΩ = 300 radians/s,
ρ = 1.225 kg/m3, Ar = 0.503 m2, d0 = 0.3, R = 0.4 m,
s = 0.05, V0 = 4.03 m/s, P0 = 79.86 W, Pi = 88.63 W,
respectively [33]. The communication-related power consump-
tion is set asPc = 30 W. The battery capacity of the
UAV is 40 Wh. Note that, while the UAV’s trajectories are
naturally measured in Euclidean sense, the paths of the truck
are non-Euclidean distance since the roads in reality are full of
twists and turns, which introduces difficulty in measurement.
However, since our emphasis is on the total time required to

complete data collection, we can use an “equivalent speed”
to compensate for the heterogeneous roads. Assume that the
real road distance and Euclidean distance between one launch
site and the next arelr and le, respectively, andlr ≥ le. Let
v

′

0 denote the speed of the truck on the real road. Then the
time required for the truck to finish this piece of tour can be
written astr = lr/v

′

0 and te = le/v0, respectively. It can be
drawn thattr = te if we set v0 = le

lr
v

′

0, and it is easy to see
that v0 ≤ v

′

0. In other words, we can set a relatively smallv0
when using Euclidean distance to achieve the same result as if
the truck moves at higher speed on real roads, which will not
influence the total time to complete the tour. In short, unless
otherwise specified, the speeds of truck and UAV are set as
v0 = 20 km/h andv1 = 80 km/h, respectively.

First, we show the performance of our proposed scheme
when given different distributions of SNs, as depicted in Fig. 4,
where SNs in Fig. 4(a) and 4(b) are unevenly distributed,
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Fig. 5. (a) Single UAV flies forth and back between data center and all the subregions. (b) A truck following a TSP route carries a UAV to each hovering
positions, and then the UAV flies vertically to the desired altitude for data collection. (c) Greedy-based coordinated trajectory planning.

SNs in Fig. 4(c) are uniformly deployed. For preliminary
preparation, we first partition the mission region into multiple
subregions with approximately equal load. Recall Fig. 3, we
can obtain that the maximum achievable coverage radius of
UAV is 2736 meters, then the estimated number of subregions
that need to be divided isn = 34 according to (6), where
km is set as60 to reserve a margin. Thus, for the clustering
method, parameters are set asImax = 100, ne = 34, Nmin =
35, dmin = 1, ǫmax = 1, respectively. As shown in Fig. 4(a)-
4(c), the corresponding number of clusters are37, 37 and34,
respectively. Then, based on the size of subregions, we adjust
the altitude of the UAV to cover all the SNs in each cluster.
The UAV’s 3D hovering positions of Fig. 4(a)-4(c) are given
in Fig. 4(d)-4(f), which indicate that the UAV will decrease its
hovering altitude when the density of SNs increases. Finally,
the trajectory design results are illustrated in Fig. 4(g)-4(i).

Then, we compare our proposal with the following three
methods: UAV-alone, truck-direct and greedy-based coordinat-
ed trajectory planning (Greedy). UAV-alone uses a UAV itself
to fly forth and back between the fixed data center and all
the subregions, where the data center also acts as a battery
swapping station. Truck-direct uses a truck to directly carry
a UAV to each subregion, where the truck follows a TSP
route, then the UAV lifts off to the desired altitude for data
collection and lands on the truck for battery replacement, this
corresponds to settingxσ(i) = hσ(i) for all i in our upper
bound formulation. Greedy is an intuitive trajectory planning
method in which the UAV always chooses the nearest one of
the remaining hovering positions as its next target.

Taking the distribution of SNs in Fig. 4(a) as an example, we
show the planning results of the UAV-alone, truck-direct and
Greedy method in Fig. 5(a)-5(c), respectively. As can be seen,
the UAV itself fails to visit all the subregions, it could only
serve 33 subregions of total 37 subregions due to the limited
battery capacity. It is obvious that such a problem would be
severer as the size of the region becomes larger. For the truck-
direct method, although it can complete the mission, the truck
needs to take a longer path as compared to the route shown
in Fig. 4(g) and the flexibility and agility of the UAV are not
well exploited. For the Greedy method, the visiting sequence
is slightly different from our proposal, and the routes of the
UAV and truck are longer than those of our proposal since

there exists crossovers and overlaps.
Other meaningful evaluation indexes are also employed to

measure the performance. First, denoteω as the percentage
of collected subregions, which indicates the feasibility of the
methods. Then, letDT and DU denote the total traveling
distance of the truck and the UAV, respectively3. φ represents
the ratio of time paid for data collection to the total mission
time, which indicates the efficiency of data collection.Ttotal

is the completion time of the mission.
Table II gives the performance indexes under different

distributions of SNs. For the UAV-alone method, there always
exists subregions located in remote areas which are beyond
the endurance of the UAV. Especially when the data center
is far away from the subregions, the percentage of collected
subregions is relatively low, which validates the infeasibility
of this method in practice. For the truck-direct method, it
is generally feasible in most road-unrestricted scenarios4.
However, the efficiency is much lower than our proposal since
our scheme can save 36.71% time in average. The reason is
that the truck keeps stationary whenever the UAV leaves it for
data collection in truck-direct method, which wastes time on
waiting. While in our proposal, the truck takes a shorter path
since the speed of the UAV is faster than the truck’s and it
could catch up with the moving truck. For the Greedy method,
it outperforms the former two methods as the trajectories of
the UAV and the truck are jointly considered. However, its
total completion time is longer and its efficiency is lower as
compared to our proposal. This is because Greedy could not
find the optimal route.

We also investigate the system performance as a function of
the number of SNs in Fig. 65. Fig. 6(a) shows that the total
completion time is approximately proportional to the number
of SNs, which is reasonable since the time spent for data
collection increases along with the SNs. We can also see that
our proposal consumes less time than the other two methods,
about 3.28% and 35.64% time on average can be saved as
compared to Greedy and truck-direct, respectively. Moreover,
the gap becomes larger as the number of SNs grows. Fig. 6(b)

3Note thatDU of truck-direct method is calculated as the distance for
taking-off and landing.

4It is worth mentioning that the method would also fail when the hovering
positions, e.g., over the swamps, are unreachable for the ground vehicles.

5The performance of UAV-alone is not plotted here since it is infeasible.
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TABLE II
EVALUATION INDEXES

SN distribution Method ω (%) DU (km) DT (km) φ (%) Ttotal (hour)

Fig. 4(a)

UAV-alone 89.19 272.49 0 47.84 Failed
Truck-direct 100 7.37 45.93 53.76 5.17

Greedy 100 53.55 38.49 80.58 3.44
Our proposal 100 48.72 36.33 82.02 3.38

Fig. 4(b)

UAV-alone 94.59 219.47 0 52.20 Failed
Truck-direct 100 10.40 52.55 50.18 5.54

Greedy 100 68.88 45.65 76.34 3.64
Our proposal 100 51.84 37.74 79.57 3.49

Fig. 4(c)

UAV-alone 91.19 229.14 0 51.82 Failed
Truck-direct 100 6.66 56.69 48.77 5.69

Greedy 100 75.03 54.25 74.76 3.72
Our proposal 100 58.29 46.60 79.22 3.50
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(a) The total completion time of data collection as a functionof the number
of SNs.
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(b) The efficiency of data collection as a function of the number of SNs.

Fig. 6. The influence of the number of SNs, where SNs are uniformly
distributed in a region of size10× 10 km2.

shows that the collection efficiency would also increase along
with the number of SNs, this is because the increment of time
required for data collection is much more than that of time
required for moving when the density of SNs increases. It can
also be observed that the collection efficiency of our proposal
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Fig. 7. The influence ofv0 andv1, based on the hovering positions shown
in Fig. 4(d).

is higher than the other two methods. We can conclude from
Fig. 6 that our proposal is high-efficient, and the gain is
remarkable when the number of SNs is large.

Finally, we investigate the influence of the UAV and truck
speed. In Fig. 7, we can see that the efficiency is approximately
proportional to the ratio of the UAV’s speed to the truck’s, and
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Ttotal is inversely proportional tov1
v0

. On the whole, when the
speed of truck increases, the completion time will decrease
and the efficiency will increase. To be more specific, the
performance gain is significant whenv0 varies at a relatively
low range (e.g., from10 km/h to 20 km/h). While the gain
obtained by accelerating the truck becomes slight whenv0
reaches a certain speed, such as30 km/h. Similarly, when
given a relatively high truck speed, the performance gain
achieved by increasing the speed of UAV is also very limited.
Fig. 7 indicates that the proper configuration ofv0 and v1
is also important in practice, and it is unnecessary to blindly
increase the speeds of the truck and the UAV. Also note that,
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Fig. 8. Lower bound and upper bound as a function ofv1

v0
, based on the

hovering positions shown in Fig. 4(f).

when given the distribution of horizontal hovering positions
(i.e., given g(x)), the lower bound and upper bound can
be calculated by (20) and (26), respectively. Here, we take
uniformly distribution as an example for simplicity, and it
can be seen from Fig. 8 that the total completion time of our
proposal is close to the lower bound, which indicates that our
proposal has substantial performance guarantee.

V. CONCLUSION

In this paper, we investigated the UAV-aided data collection
problem in a large-scale WSN. We propose a truck carrying
backup batteries to move together with a UAV so that the UAV
can fly back to the truck for battery replenishment instead of
flying to a fixed charging station. The optimization task of
minimizing the total mission time is decomposed into two
tractable proportions. First, a clustering method is developed
to partition the mission region into multiple load-balanced
subregions based on the prior distribution of the SNs and the
capacity of the UAV, by which the horizontal positions and
the altitudes of the UAV can be determined. Then, a heuristic
three-step algorithm is introduced to work out the optimal
rendezvous for the UAV and the truck. We give the proof
of the lower and upper bounds of the proposed algorithms.
Numerical results indicate that our proposal is a feasible and
high-efficient way to approach large-scale data collection in

practical environment. For future work, the case of multi-UAV
carried by a truck may be an interesting topic.
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