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Abstract—Data collection in Wireless Sensor Networks (WSNs)

has been a hot research topic owing to the accelerated develop-

ment in the Internet of Things (IoT). With high agility, mobility

and flexibility, the Unmanned Aerial Vehicle (UAV) is widely

considered as a promising technology for data collection in WSNs.

Under the one-to-many data collection scheme, where a UAV is

able to collect data from multiple sensors simultaneously within

its reception range, the identification of hovering locations of the

UAV impacts the efficiency of data collection significantly. Most

existing studies either neglect this critical issue or discretize the

UAV serving area into small regions with a given size, which

results in the inevitable utility loss of data collection. In this

paper, we jointly consider the hovering location positioning of the

UAV and the utility maximization of data collection. Specifically,

we first formulate a novel data collection utility maximization

problem (UMP) and show that it is an NP-hard problem. We then

devise an efficient algorithm for precisely positioning (potential)

UAV hovering locations, which improves the data collection utility

significantly. We also propose an approximation algorithm for

UMP with approximation ratio (1 � 1
e ), where e is the base of

the natural logarithm. We finally evaluate the performance of

the proposed algorithms through simulation experiments, and

demonstrate that the proposed algorithms significantly outper-

form four heuristics.

Index Terms—Unmanned aerial vehicles (UAV), wireless sensor

networks (WSNs), Internet of Things (IoT), data collection, ap-

proximation algorithms, utility maximization, energy efficiency.

I. INTRODUCTION

The last decade witnessed rapid advancement of digital tech-
nology, such as the Internet of Things (IoT), having enormous
applications in various domains that include wearables [1],
[2], smart homes [3] and smart cities [4]–[6]. Wireless Sensor
Networks (WSNs) play a central role in the context of IoT for
providing a massive amount of data captured by ubiquitous
sensors [7]. Thus, data collection becomes crucial to feed fresh
data into IoT services while avoiding data overwritten due to
limited storage capacities of IoT sensors [8]–[14]. With high
agility, mobility and flexibility, the Unmanned Aerial Vehicles
(UAVs) have recently received considerable attention for data
collection [15]–[17]. In UAV-enabled WSNs, one or multiple
UAVs fly over the network monitoring area, hover at certain
locations to collect data from sensors wirelessly, and deliver
the collected data to a base station for further processing [18].

In the literature, extensive efforts have been made to explore
UAV-enabled WSNs in recent years. For example, in [19] the
age-optimal trajectory for a UAV is studied to collect data
from sensors with different priorities. The authors in [20]
investigated the data collection tour for multiple UAVs to
ensure data freshness. In [21] the quality of collected data
is optimized by taking into account the data requirements
and energy issues, where UAVs are able to wake up sensors
through energy transmissions. The above works follow one-to-
one data collection scheme, where data from only one sensor
can be collected by the UAV at any time instant.

The advancements of wireless communication technologies
have led to the emergence of one-to-many data collection
scheme as a promising approach, where a UAV is able to
simultaneously collect data from multiple sensors, significantly
improving the data collection efficiency. For instance, in [22],
optimal trajectories for multiple UAVs are developed to min-
imize energy consumption of IoT devices, by adopting the
Orthogonal Frequency Division Multiple Access (OFDMA)
technique. In [23], data collection is investigated from long-
range backscatter devices via UAV, adopting the power-domain
Non-Orthogonal Multiple Access (NOMA) protocol, which
outperforms OFDMA in many scenarios. The authors in [24]
considered the coverage problem in UAV-enabled WSNs aim-
ing to minimize the deployment cost of UAVs, where a fleet
of UAVs are deployed to continuously monitor the network
and transmit the collected data to a fixed base station.

In a previous work [25], we developed an efficient ap-
proximation algorithm for the UAV data collection maximiza-
tion problem under the one-to-many data collection scheme,
where a set of potential hovering locations for the UAV are
determined in advance. Although there exist works on data
collection in UAV-enabled WSNs, it is challenging to identify
the hovering locations for UAVs in the one-to-many data
collection scheme. To be specific, the data collection efficiency
under this scheme massively relies on the hovering locations
of the UAV and the hovering duration at each such location.
However, efficient determination of UAV hovering locations
is widely considered to be intractable as there are infinitely
many potential hovering locations in the UAV serving area.
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For the sake of tractability, most of the existing approaches
discretize the UAV serving area into different regions with
certain sizes, where each region is regarded as a potential UAV
hovering spot. However, the locations in a discretized region
cannot be distinguished from each other, which results in the
inevitable utility loss of data collection. Moreover, the time
complexity of discretization-based approaches highly depends
on the size of the network monitoring area, thus making the
data collection inefficient especially for large-scale WSNs.

To address the aforementioned challenges, this paper signif-
icantly extends our previous work [25] by jointly considering
the UAV hovering location positioning and the data collection
utility maximization problem under the one-to-many data col-
lection scheme, where the total hovering duration of the UAV
is constrained by a given budget. Tackling this problem poses
many challenges. For example, to avoid the utility loss caused
by discretizations, determining precise hovering locations for
the UAV from the infinitely many potential ones is non-
trivial. Moreover, jointly considering the hovering location
determination and the data collection utility, while separating
the computational complexity from the network size, makes
the problem further complex. Finally, the allocation of UAV
hovering time budget at each selected hovering location also
impacts the data collection utility significantly.

To the best of our knowledge, we are the first to focus on
enhancing UAV hovering location positioning to improve data
collection utility in WSNs. To this end, we propose an efficient
algorithm to precisely identify a finite set of potential hovering
locations for the UAV from the infinitely many ones, which
significantly improves the data collection utility as compared
with four baseline heuristics.

The main contributions of this paper are summarized below.

• We formulate a novel data collection Utility Maximiza-
tion Problem (UMP) to maximize the utility of data
collection under the one-to-many data collection scheme.
We also show that the problem is NP-hard.

• We devise an efficient algorithm to precisely determine
the UAV’s potential hovering locations, thus improving
the data collection utility significantly, where we jointly
consider the UAV hovering location positioning and data
collection utility maximization.

• We devise an approximation algorithm for UMP with
approximation ratio (1 � 1

e
) for the problem, where e

is the base of the natural logarithm.
• We evaluate the performance of the proposed algorithms

through extensive simulation experiments, demonstrating
the superiority of the proposed algorithms.

The rest of the paper is organized as follows. Section II
introduces the system model, data collection tour model, data
collection utility model, and the problem definition. Section III
studies the defined problem and designs an approximation
algorithm. Section IV analyzes the approximation ratio of the
proposed algorithm. Section V reports the performance results
of the proposed algorithms via simulation study. Section VI
concludes the paper.

TUaYeOLQg RRXWe

GURXQd

UAV
SeQVRU
DeSRW

UAV HRYeULQg LRcaWLRQ
DaWa TUaQVPLVVLRQ

Fig. 1: An illustrative example of data collection in a UAV-
enabled WSN.

II. PRELIMINARIES

In this section, we first introduce various models such as
the system model, and data collection tour and utility models.
We then formulate the data collection utility maximization
problem in WSNs and show that it is NP-hard.

A. System Model
We consider a wireless sensor network (WSN) serving a

two-dimensional region of length L and width W . A set
V = {vi | 1  i  N} of homogeneous sensors are
deployed in the region, where each sensor vi has a unique
location, denoted by (xi, yi, 0). Assume the sensors perform
environmental monitoring continuously, acquire and store a
huge amount of data. Let Di denote the volume of data at
sensor vi 2 V .

To avoid data loss or being overwritten at each sensor, a
UAV is dispatched periodically for data collection from the
sensors. The UAV departs from a depot, hovers on certain
locations to collect data from the sensors, and then delivers
the collected data to a data center for further processing.
Fig. 1 shows an illustrative example. For safety considerations
imposed by regulatory authorities, the UAV is assumed to
travel at a fixed altitude H above the ground [15]. In this
paper, we assume that the depot is co-located with the data
center, unless otherwise stated.

Supported by the OFDMA technique, the UAV is able
to collect data simultaneously from multiple sensors, whose
Euclidean distance from the UAV is no larger than R, with a
data transmission bandwidth B from each sensor.

B. Data Collection Tour Model
A data collection tour of the UAV is a closed tour starting

from and ending at the depot. The tour is a sequence of
hovering locations, at altitude H , which the UAV visits one
after another for data collection. Since there are infinitely many
locations at altitude H , an important challenge for scheduling
the data collection tour is to identify a sequence of UAV’s
hovering locations that improves efficiency of data collection.

Let H denote a sequence of selected hovering locations for
the UAV on a data collection tour, i.e.,

H = (h1, h2, . . . , hk, . . . , hK), (1)
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where hk presents the kth hovering location, and K denotes
the total number of selected hovering locations on the tour.
Under the one-to-many data collection scheme, when hovering
at hk = (Xk, Yk, H), the UAV is able to collect data from a
subset of sensors whose Euclidean distance from the UAV
is no greater than a given value R. Let us define the data
collection sensor set, Sk, as the set of sensors whose data can
be collected when the UAV hovers at location hk, i.e.,

Sk = {vi | (xi �Xk)
2 + (yi � Yk)

2 +H2
 R2, vi 2 V}.

(2)

Correspondingly, the data from a sensor vi can be collected
multiple times when the UAV sojourns at different hovering
locations of H. Let Li denote the set of hovering locations of
H which are within the data transmission range of vi, i.e.,

Li = {hk | (xi �Xk)
2 + (yi � Yk)

2 +H2
 R2,

1  k  K}. (3)

Given the sequence H of selected hovering locations, the
duration Tk for which the UAV sojourns at location hk is
also crucial for the data collection performance. We define
the sequence T of hovering duration corresponding to H as

T = (T1, T2, . . . , Tk, . . . , TK). (4)

C. Data Collection Utility Model

Constrained by its energy capacity, the UAV is unlikely
to collect data from all sensors in one tour for a large-
scale WSN, it is expected that the UAV is capable to collect
data from sensors in important regions in the monitoring
area. We consider spatial-temporal correlations among sensors,
and model the data collection utility from each sensor by a
submodular utility function.

Denote by Fi(t) the utility function of sensor vi, which
represents the accumulative utility obtained by the UAV when
hovering within the data transmission range of vi for t time
units. Denote by tmax

i
= Di

B
the number of time units required

for collecting all data from vi, where Di and B are respectively
the volume of data at vi and the data transmission bandwidth.
Without loss of generality, we assume that tmax

i
is an integer.

It can be seen that the accumulative utility obtained from vi
increases with the growth of t from 0 to tmax

i
, and maintains

at Fi(tmax

i
) when t is greater than tmax

i
.

Definition 1: The defined utility function Fi(t) has the
following properties.

1) Fi(t) = 0 if t = 0; Fi(t) > 0 if 0 < t  tmax

i
; otherwise

Fi(t) = Fi(tmax

i
) if t > tmax

i
, where t 2 N.

2) Fi(t) is a non-decreasing function, i.e., Fi(t1)  Fi(t2)
for 0  t1 < t2, where t1, t2 2 N.

3) Fi(t) is a submodular function, where Fi(t1 + �) �
Fi(t1) > Fi(t2 + �) � Fi(t2) for 0  t1 < t2  tmax

i

and Fi(t1 + �) � Fi(t1) = Fi(t2 + �) � Fi(t2) for
tmax

i
 t1 < t2, where t1 2 N and t2, � 2 N+.

Fig. 2: An example of utility function Fi(t) and utility margin
function fi(t), where Fi(t0)� Fi(t0 � 1) = � and fi(t0) = �.

To model the utility gain at time unit t when the UAV
collects data from a sensor vi, the utility margin function fi(t)
is defined as follows.

fi(t) =

(
Fi(t)� Fi(t� 1), if t 2 N+,

0, if t = 0.
(5)

Definition 2: The defined utility margin function fi(t) has
the following properties.

1) fi(t1) > fi(t2) for 1  t1 < t2  tmax

i
and t1, t2 2 N+.

2) fi(t) = 0 for any t > tmax

i
and t 2 N+.

Fig. 2 is an illustrative example of the utility margin function
fi(t) from the utility function Fi(t).

We define ui as the sum of utility obtained from a sensor
vi during a tour, which is associated with the accumulative
duration when the UAV hovers at locations in Li, i.e.,

ui = Fi(
X

hk2Li

Tk), (6)

recalling that Li is the set of hovering locations of H within
the data transmission range of vi, as defined in Eq. (3), Tk is
the accumulative hovering duration at location hk.

Denote by U the total data collection utility of a tour, which
can be calculated by accumulating the utility ui obtained from
each sensor vi 2 V , i.e.,

U =
X

vi2V
ui. (7)

D. Data Collection Utility Maximization Problem
We formulate a novel data collection utility maximization

problem (UMP) in WSNs as follows.
Consider a WSN with a set V = {vi | 1  i  N} of

sensors deployed in a L⇥W region. Each sensor vi 2 V has
a data transmission bandwidth B and data transmission range
R, with a volume Di of data to be collected. We assume the
utility function Fi(t) of each sensor vi is pre-defined. A UAV
with hovering duration budget � travels at a fixed altitude H
above the WSN for data collection. Then the UMP is to find a
closed data collection tour for the UAV (starting and ending at
the depot), which consists of a sequence of hovering locations
and hovering duration at each such one, aiming at maximizing
the total utility of data collected from the sensors in the WSN.
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Formally the problem UMP is formulated as:

Maximize U, (8)
subject to hk = (Xk, Yk, H), 81  k  K (9)

�R  Xk  L+R, 81  k  K (10)
�R  Yk W +R, 81  k  K (11)
Tk 2 N+, 81  k  K (12)
KX

k=1

Tk  �, (13)

Constraints (10) and (11) are used to bound the serving area
of the UAV, and assume that the depot is located within the
UAV serving area. Constraint (13) limits the total hovering
duration of the UAV to be no greater than the given hovering
budget �.

E. NP Hardness of UMP
Theorem 1: The data collection utility maximization prob-

lem (UMP) is NP-hard.

Proof We show the NP-hardness of UMP by a reduction
from an NP-hard problem – the Robust K-Center problem
(RKC) [26]. Given a set V of points in a 2-D plane and K
disks with radii r, the decision version of the RKC is to cover
at least M  |V | points by the disks, where M is a given
integer. This problem has been shown to be NP-hard [27].

Let I and IU be the instances of RKC and UMP, respec-
tively. We show that I can be reduced to IU in polynomial
time as follows.

The number K of disks in I corresponds to the number
� of UAV hovering time units in IU , i.e., K = �. Denote
by VI the point set in I , which corresponds to the sensor set
VU in IU , where there is a corresponding sensor vi 2 VU at
location (ai, bi, 0) of each point with coordinates (ai, bi) in I
with 1  i  |V |.

For each disk k with 1  k  K, there is a corresponding
hovering location hk for the UAV. When the UAV hovers at
location hk, it can collect all data from sensors in Sk within
one time unit, assuming that the data volume Di of each sensor
vi 2 VU is B, where B is the data transmission bandwidth of
vi. Also, the utility of each sensor vi is identical by setting
Fi(0) = 0 and Fi(t) = 1 if t � 1 at each time unit t. The data
transmission range of each sensor is R =

p
H2 + r2, where r

is the radius of each disk in I , and H is the hovering altitude
of the UAV in IU .

Following the reduction from I to IU , each sensor has an
identical utility function with identical volume B of data to
be collected, the data of all sensors in Sk can be collected
by the UAV at location hk within one time unit. Also, the
accumulative utility obtained at time unit k is determined
by the number of sensors in Sk whose data have not been
collected yet. Hence, maximizing the data collection utility of
IU is equivalent to covering the maximum number of points
in I by the K disks with K = �.

Denote by OPT and |OPT | an optimal solution of IU
and the value of OPT , respectively. A solution for I then

can be derived from the solution OPT . Recall that M is the
minimum number of points required to be covered in I . If
|OPT | < M , the maximum number of sensors covered by
the K disks is less than M , and there is no feasible solution
for I . Otherwise, for the hovering location sequence H of
OPT with |H| = K, we can generate a set of points in I ,
where for each hovering location (Xj , Yj , H) of H, there is
a corresponding point (Xj , Yj) on the 2-D plane to the point
set that consists of disk locations, which is a feasible solution
for I . Thus a feasible solution to IU in turn returns a feasible
solution to I , and the reduction is in polynomial time. The
theorem then follows. ⇤

III. APPROXIMATION ALGORITHM FOR DATA COLLECTION
UTILITY MAXIMIZATION PROBLEM

In this section, we study the data collection utility max-
imization problem (UMP) by proposing an approximation
algorithm.

A. Overview of the Approximation Algorithm
Given the budget of � hovering time units, the UMP is

to find a closed data collection tour for the UAV containing a
sequence of hovering locations, each with a hovering duration,
aiming at maximizing the total data collection utility.

The hovering location identification for the UAV is quite
challenging since it is impossible to examine every location
over the UAV serving area (with infinitely many locations).
To tackle this problem, we narrow down the UAV serving
area to a finite M-Set, which always contains a location q⇤

t
,

for any time unit t, with the global1 maximum utility gain.
From the identified M-Set, q⇤

t
is iteratively selected at each

time unit t, for 1  t  �; it is possible that a location is
chosen within multiple iterations, i.e., q⇤

a
= q⇤

b
where a 6= b.

Consequently, a sequence L of locations are obtained after
� iterations. We then regard each distinct location l 2 L as
a hovering location for the UAV and recognize the number
of replications of l contained in L as the hovering duration
at l. Finally, a data collection tour is obtained by forming a
closed circuit visiting the selected hovering locations and the
depot, with the corresponding hovering duration. The proposed
algorithm for the UMP is an approximation algorithm with a
provable approximation ratio of (1� 1

e
).

B. Potential Hovering Location Set: M-Set
In the following, we propose to narrow down the UAV

serving area to a finite ‘M-Set’ for further processing.
Definition 3: A potential hovering location set M is recog-

nized as an M-Set if it has the following two properties:
1) M is a finite hovering location set.
2) There always exists a location q⇤

t
2M, where the utility

gain at q⇤
t

at time unit t is no less than the utility gain at
any other location in the UAV serving area at time unit
t, for 1  t  �.

1The utility gain for any location q in the UAV serving area is no greater
than the utility gain at q⇤t at time unit t.
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Fig. 3: Only O1
a,b

exists if |vavb| = 2
p
R2 �H2, with the

center c1
a,b

= (xa+xb
2 , ya+yb

2 , 0).

(a) (b)

Fig. 4: An illustrative example to identify O1
a,b

and O2
a,b

if 0 < |vavb| < 2
p
R2 �H2. (a) Form O0

a
and O0

b
with

radius
p
R2 �H2 centered at va and vb respectively, where

c1
a,b

and c2
a,b

are the intersection points. (b) Centered at c1
a,b

and c2
a,b

respectively, O1
a,b

and O2
a,b

are obtained with radius
p
R2 �H2, covering both va and vb on their circumferences.

By utilizing an M-Set, we can identify q⇤
t

by finding a
location with the largest utility gain in M at time unit t. In
the following, we develop an algorithm to identify an M-Set.

Let (va, vb) be a pair of sensors, where sensors va 2 V

and vb 2 V have coordinates (xa, ya, 0) and (xb, yb, 0),
respectively. Denote by Os

a,b
such a circle on the ground

with a fixed radius
p
R2 �H2 that both va and vb are on

its circumference with s 2 {1, 2}, and denote by |vavb| the
Euclidean distance between va and vb. Then, a pair of sensors
can be classified into three cases as follows.

• Case 1: |vavb| > 2
p
R2 �H2, Os

a,b
does not exist.

• Case 2: |vavb| = 2
p
R2 �H2. As illustrated in Fig. 3,

only O1
a,b

exists and va and vb on the circumference of
the circle. The center of O1

a,b
is c1

a,b
= (xa+xb

2 , ya+yb

2 , 0).
• Case 3: 0 < |vavb| < 2

p
R2 �H2. There are two circles

O1
a,b

and O2
a,b

and va and vb are on their circumferences.
To obtain O1

a,b
and O2

a,b
, we first form two auxiliary

circles O0
a

and O0
b

centered at va and vb with radius
p
R2 �H2 respectively. Denote by c1

a,b
and c2

a,b
the

intersection points of O0
a

and O0
b
. We can then identify

O1
a,b

and O2
a,b

with radius
p
R2 �H2 centering at c1

a,b

and c2
a,b

respectively. As a result, both va and vb will be
on the circumferences of O1

a,b
and O2

a,b
. Fig. 4 presents

an illustrative example.
The coordinates of c1

a,b
and c2

a,b
can be obtained through

solving the following equations.
(
(Xa,b � xa)

2 + (Ya,b � ya)
2 = R2

�H2,

(Xa,b � xb)
2 + (Ya,b � yb)

2 = R2
�H2.

(14)

Let (X1
a,b

, Y 1
a,b

) and (X2
a,b

, Y 2
a,b

) be the solutions of
Eqs.(14). We then have c1

a,b
= (X1

a,b
, Y 1

a,b
, 0) and c2

a,b
=

(X2
a,b

, Y 2
a,b

, 0).
Following the discussion of the three cases, Os

a,b
(if exists)

centered at cs
a,b

for each pair of sensors va and vb can be
found. The projection of cs

a,b
at altitude H then can be added

to the M-Set M as a potential hovering location for the UAV.
Furthermore, the projection (xi, yi, H) of the coordinates of
each sensor vi at altitude H is also added to M.

The detailed algorithm for identifying an M-Set is presented
in Algorithm 1.

Algorithm 1 Algorithm for identifying an M-Set
Input: A set V of sensors, data transmission range R of

sensors, hovering altitude H of the UAV.
Output: An M-Set;

1: M ;;
2: r  

p
R2 �H2;

3: for each sensor vi 2 V do

4: M M [ {(xi, yi, H)};
5: for each sensor pair (va, vb) do

6: if |vavb| = 2r then

7: M M [ {(xa+xb
2 , ya+yb

2 , H)};
8: else if |vavb| < 2r then

9: Find the solutions (Xa,b

1 , Y a,b

1 ), (Xa,b

2 , Y a,b

2 ) of
Eqs. (14);

10: M M [ {(Xa,b

1 , Y a,b

1 , H), (Xa,b

2 , Y a,b

2 , H)};
11: return M

C. Approximation Algorithm
Inspired by our previous work [25], let us now develop an

approximation algorithm for UMP with a provable (1 � 1
e
)

ratio by utilizing the M-Set and the defined utility function.
Let L denote a sequence of locations selected for each time

unit, i.e.,

L = < l1, l2, ..., lt, ..., l��1, l� >, (15)

where lt is the selected location at time unit t with 1  t  �.
Due to overlapping between covered sensors of different

hovering locations, the data collection utility gain at a location
mj at time unit t is determined by all locations l1, l2, ..., lt�1

selected so far. Fig. 5 provides an illustrative example. For the
sake of convenience, we just assume the utility margin function
fi(t) of each sensor appeared on this diagram is fi(1) = 1
and fi(t) = 0 for t � 2. The utility gain at p2 for the second
time unit is f5(1) + f6(1) = 2, if p1 is selected for the first
time unit; whereas it is f2(1) + f3(1) + f4(1) + f5(1) = 4 if
p3 is selected for the first time unit. To figure out the utility
gain at a location mj and at time unit t, we thus have to focus
on the remaining data at each sensor covered by mj .
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Fig. 5: An example of the utility gain at a location at a certain
time unit affected by the selected locations so far.

Denote by T t

i
the number of locations within the trans-

mission range of vi contained in the subsequence of selected
locations < l1, l2, . . . , lt >, where T 0

i
= 0. Once the hovering

location lt+1 is identified, the corresponding hovering duration
T t+1
i

is determined as:

T t+1
i

=

(
T t

i
+ 1, if lt+1 2 Li,

T t

i
, otherwise,

(16)

where lt+1 2 Li indicates that the selected location lt+1 is
within the data transmission range of sensor vi.

We then obtain the utility gain at a hovering location mj for
a certain time unit t by aggregating the utility gain fi(T

t�1
i

+
1) at each sensor vi 2 Sj , where fi(t) is the utility margin
function at vi defined in Eq. (5). Recall that Sj is the set of
sensors covered by hovering location mj defined in Eq.(2).
Denote by ⇤j(t) the utility gain at hovering location mj at
time unit t, where 1  t  �. Thus,

⇤j(t) =
X

vi2Sj

fi(T
t�1
i

+ 1). (17)

Having the set M-Set M and the utility gain ⇤j(t) at each
location mj 2M, the proposed algorithm for UMP proceeds
as follows.

Initialization. T 0
i
= 0 for any sensor vi 2 V .

Identification of the location sequence L. For each t with
1  t  �, we iteratively select a location lt = mj⇤ with the
maximum ⇤j⇤(t) from the M-Set M according to Eq. (17),
and obtain T t

i
for each vi 2 V by Eq. (16). Consequently, a

hovering location sequence L defined in Eq. (15) is obtained.

Extraction of hovering duration. Each distinct location
in L is a hovering location of the UAV. Note that, there
could be multiple duplicates of a hovering location in L,
and the number of duplicates of a location mj is counted
as the hovering duration at mj . For instance, for the case
where L =< p1, p4, p1, p2, p1, p4 > with � = 6, the hovering
locations for the UAV are p1, p2 and p4 with hovering duration
3, 1 and 2 time units, respectively.

Data collection tour scheduling. With the hovering lo-
cations extracted from L, a data collection tour is generated
by forming a closed circuit visiting each selected hovering
location including the depot, with corresponding hovering
duration identified by the previous step.

Algorithm 2 Algorithm for the UMP
Input: A set V of sensors, data transmission range R of

sensors, hovering altitude H of the UAV, the maximum
number � of hovering time units of the UAV per tour.

Output: A data collection tour C for the UAV;

1: An M-Set M is delivered by calling Algorithm 1;
2: Sj is derived for each location mj 2M;
3: E  {Ej = 0 | mj 2M}; /*Ej is hovering duration at

mj*/
4: T  {T t

i
= 0 | 0  t  �, vi 2 V};

5: for t 1 to � do

6: Identify an index j⇤ such that j⇤  argmax
mj2M⇤j(t)

by Eq. (17);
7: Ej⇤  Ej⇤ + 1;
8: for each vi 2 V do

9: if vi 2 Sj⇤ then

10: T t

i
 T t�1

i
+ 1;

11: else

12: T t

i
 T t�1

i
;

13: for each mj 2M do

14: if Ej � 1 then

15: F  F [ {(mj , Ej)};
16: Find a closed tour C containing the depot and each

location mj in F , where Ej is the hovering duration
when the UAV sojourns at mj for data collection;

17: return C

IV. ALGORITHM ANALYSIS

In this section, we first show that the hovering location
set M delivered by Algorithm 1 is consistent with the
properties of M-Set in Definition 3. Then we show that the
approximation ratio of Algorithm 2 is (1� 1

e
), where e is

the base of natural logarithm.
Denote by M1 and M2 the subsets of locations identified

from sensor locations (Step 3 and Step 4 of Algorithm 1)
and sensor pairs (from Step 5 to Step 10 of Algorithm 1),
respectively. We consider the utility gain at time unit t, where
locations l1, l2, . . . , lt�1 for the first (t � 1) time units have
been identified already. Denote by pmax the location with the
maximum utility gain ⇤max over the UAV serving area at time
unit t, which is not necessarily contained in M. Denote by
Smax the data collection sensor set of pmax. To show that
there exists a location m 2 M with the same utility gain
⇤m = ⇤max at time unit t, we consider |Smax| = 1 and
|Smax| � 2 respectively.

Lemma 1: If |Smax| = 1, there exists a location m 2M1

with the utility gain ⇤m = ⇤max at time unit t.

Proof Denote by vmax the only sensor in Smax with location
(xmax, ymax, 0), i.e., Smax = {vmax}. In Algorithm 1,
m = (xmax, ymax, H) is an element in M1 according to
Step 3 and Step 4. Letting Sm denote the data collection
sensor set of m, clearly vmax 2 Sm. Thus Smax ✓ Sm with
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Fig. 6: An instance of Movement and Rotation.

⇤max  ⇤m. Since ⇤max is the global maximum utility gain
at time unit t, we have ⇤max � ⇤m, hence ⇤m = ⇤max. ⇤

Lemma 2: If |Smax| � 2, there exists a location m 2M2,
with the utility gain ⇤m = ⇤max at time unit t.

Proof The claim can be shown as long as a location m 2M2

with ⇤m = ⇤max can be found. In the following, we show
how to identify location m from M2.

We first find a disk Omax on the ground centered at the
projection of pmax with radius r =

p
R2 �H2, where sensors

covered by Omax (including sensors inside the disk area and
sensors on its circumference) are the same as sensors contained
in Smax. If the number of sensors on the circumference of
disk Omax is no less than 2, we can obtain a location m =
pmax; otherwise, we find location m by performing operations:
Movement and Rotation. (For an example, see Figure 6.)

• Movement: If no sensor is on the circumference of disk
Omax, move the disk in an arbitrary direction until a
sensor sits on its circumference.

Denote by O0
max

and p0
max

the disk and its center after the
Movement operation. Note that, it is very likely to have more
than one sensor on the circumference of disk O0

max
. We can

identify the location m = p0
max

if there are at least 2 sensors
on the circumference of O0

max
. Otherwise, we proceed with

the Rotation operation as follows.
• Rotation: Denote by v0 the location of the only one

sensor on the circumference of disk O0
max

. Rotate disk
O0

max
about the pivot point v0 in either clockwise or anti-

clockwise direction until a sensor (other than v0) is on its
circumference.

Denoting by O00
max

and p00
max

the disk and its center after
the Rotation operation, the location m = p00

max
can be

obtained. It is possible that there are more than two sensors
sitting on the circumference of disk O00

max
.

We conclude that the location m is either pmax, p0
max

,
or p00

max
. Consequently, we find a disk Omax, O0

max
or

O00
max

centered at m with no less than two sensors sitting

on its circumference. Let va and vb be any two sensors
on the circumference of the disk. By Step 5 to Step 10 in
Algorithm 1, one or two locations can be identified based
on (va, vb), which must contain m. This is due to the fact that
with a fixed radius and two nodes on the circumference, at
most two circles can be formed. We thus have m 2M2.

Having identified the location m, we now show that the
sensors covered by Omax do not change when applying both
the Movement and Rotation operations.
Movement starts when no sensor is on the circumference

of Omax, and ends at O0
max

when the first sensor is on its
the circumference. Let va be a sensor on the circumference of
O0

max
. Before va is on the circumference, no sensor covered by

Omax (sensors inside or on the circumference of Omax) leaves
out of Omax during the Movement operation. Otherwise, this
conflicts with the fact that sensor va is the first sensor on
the circumference. Denote by ⇤0

max
the utility gain of sensors

covered by O0
max

at time unit t. We then have ⇤0
max
� ⇤max.

Since ⇤max is the maximum utility gain at time t over the UAV
serving area, i.e., ⇤max � ⇤0

max
, we have ⇤max = ⇤0

max
.

Rotation starts with O0
max

when only one sensor v0 is
on its circumference, and ends at O00

max
when the first sensor

(other than v0) is on the circumference of O00
max

. Let ⇤00
max

be
the utility gain of sensors covered by O00

max
. Then ⇤00

max
=

⇤0
max

can be shown similar to the Movement operation.
Thus, Movement and Rotation operations do not change

the sensors covered by disk Omax. As a result, there must exist
a location m 2M2 with ⇤m = ⇤max if |Smax| � 2. ⇤

Theorem 2: The hovering location set M generated by
Algorithm 1 is an M-Set by the properties in Definition 3.

Proof Following Lemma 1 and Lemma 2, there always exists
a location m 2M with the maximum utility gain compared
with other locations in the UAV serving area at any time
unit. From Step 3 to Step 4, and from Step 5 to Step 10
in Algorithm 1, there are at most |V| and |V| · (|V| � 1)
locations identified, respectively. The set M thus is a finite
set, and theorem follows. ⇤

We now analyze the approximation ratio of the proposed
Algorithm 2. A location lt = mj⇤ with the maximum
utility gain is selected from M-Set at time unit t by Step 6.
Denote by zt the increment of the total utility gain by selecting
lt = mj⇤ , i.e., zt = ⇤j⇤(t). Denote by Zt the total utility gain
by selecting l1, l2, ...., lt so far, i.e.,Zt =

P
t

x=1 zx. Let OPT
and gt denote the total utility gain of the optimal solution, and
the difference between OPT and Zt, i.e., gt = OPT � Zt.

Lemma 3:
(i) zt+1 �

gt

� , for 0  t  � � 1, wherez0 = Z0 = 0, and
g0 = OPT .

(ii) gt+1  (1� 1
� )

t+1
·OPT , for 0  t  �� 1.

Proof (i) Recall that gt is the difference of the total utility
gain between OPT and Zt. By the Pigeonhole Principle, one
of the � selections in the optimal solution must have at least gt

�
amount of utility gain. Note that the utility gain at lt+1 at time
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t+ 1 is no less than the utility gain at other locations in M,
which always contains the location with the global maximum
utility gain by Theorem 2. Therefore, we have that zt+1 is the
global maximum utility gain at time unit t, i.e., zt+1 �

gt

� for
0  t  �� 1.

(ii) We show the claim by induction. For the base case t = 0,
since gt = OPT � Zt, we have

g1  OPT � Z1 = OPT � z1 (18)

 OPT �
g0
�

by Lemma 3(i) (19)

= OPT �
OPT

�
= (1�

1

�
) ·OPT (20)

Assuming that gt  (1� 1
� )

t
·OPT , we show as follows

gt+1  (1� 1
� )

t+1
·OPT .

gt+1 = gt � zt+1  gt �
gt
�

by Lemma 3(i) (21)

= gt(1�
1

�
) (22)

 (1�
1

�
)t+1

·OPT, by induction hypothesis (23)

⇤

Theorem 3: The approximation ratio of Algorithm 2 for
the Utility Maximization Problem is (1� 1

e
).

Proof By Lemma 3, g�  (1� 1
� )

�
·OPT . Since (1� 1

� )
�
⇡

1
e

, we have g� 
OPT

e
. Thus,

Z� = OPT � g�

� OPT �
OPT

e

= OPT (1�
1

e
). (24)

Hence, the proof follows. ⇤

V. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
algorithms by simulation experiments, and investigate the im-
pacts of important parameters on the algorithm performance.

A. Experimental Setting

We consider a UAV-enabled WSN deployed in an area with
1, 000 ⇥ 1, 000 square meters, where sensors are randomly
distributed [25]. The data transmission range and bandwidth
of each sensor vi are 150 meters and 1 Mbps, respectively [28].
The utility margin function of each sensor vi is generated by
fi(t) = ↵ ⇥ 1

t�+�
, where ↵ 2 [1, 100], � 2 [0.1, 1] and

� 2 [1, 2] are constants. We employ a UAV for data collection,
with the hovering altitude H = 120 meters. The hovering
budget of the UAV is set as � = 1, 800 seconds [25], where
the length of each time unit is one second. These parameters
are adopted in the default setting, unless otherwise specified.

B. Comparison Heuristics
Since the UMP is a new problem, existing algorithms in the

literature can not be directly compared with it. To evaluate the
performance of Algorithm 2 for the UMP, we propose the
following four baseline heuristics.
D-Gre. It first discretizes the monitoring area into square
regions with a side length of 10 meters. It then adopts a Greedy
algorithm for generating a UAV data collection tour, i.e., a
region dmax with the maximum utility is selected iteratively,
and the UAV hovers at a random location pmax within the
region dmax until all data from sensors in Smax are collected.
This procedure continues until the accumulative hovering time
of the UAV reaches the budget.
R-Gre. It first identifies 100 locations randomly from the UAV
serving area as potential hovering locations. It then adopts the
Greedy algorithm to iteratively select a location pmax with the
maximum utility from the 100 identified locations.
S-Gre. The projection (xi, yi, H) of each sensor vi at altitude
H is regarded as a potential hovering location for the UAV,
with Greedy adopted for forming a UAV data collection tour.
S-N. The projection of each sensor vi at altitude H is
recognized as a potential hovering location for the UAV. From
these identified locations, pmax1 with the maximum utility is
selected, where the UAV will collect all data from the sensors
in Smax1 . Then pmax2 is selected from the neighbors of pmax1

(no larger than 180 meters away from pmax1 ) where data
are also fully collected. The procedure continues until the
accumulative hovering time of the UAV reaches the budget.

The value plotted in each figure is the mean of the results
out of 50 WSN instances with the same size. The running time
of all mentioned simulations is obtained from a desktop with
4.0 GHz Intel Core i7 CPU and 32 GB RAM.

C. Experimental Results
We first evaluate the performance of Algorithm 1 that

aims to identify potential hovering locations for the UAV in
order to maximize the total utility in the end. Here we propose
grid-based four heuristics D-10, D-50, D-100 and D-200
for comparison purposes, which divide the monitoring area
of sensors into numbers of square regions with side lengths
10, 50, 100 and 200 meters respectively and adopt Step 2
to Step 17 of Algorithm 2 for generating a UAV data
collection tour. We evaluate the performance of Algorithm
1 by comparing the simulation results of Algorithm 2
(denoted by Alg02) against the mentioned four heuristics,
where the only difference between them is the set of identified
potential hovering locations. The square sizes of the simulated
networks vary from 600 meters to 1, 500 meters, with 400
sensors randomly deployed.

Fig. 7(a) demonstrates that the data collection utility of
Alg02 significantly outperforms other discretization-based
heuristics. With increasing network area, the data collection
utility of all such algorithms declines, due to the fact that fewer
sensors are located in the data reception range of the UAV in
sparser networks. Fig. 7(b) plots the running time of Alg02,

2021 IEEE International Conference on Pervasive Computing and Communications (PerCom)

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on July 29,2021 at 08:11:05 UTC from IEEE Xplore.  Restrictions apply. 



(a) (b)

Fig. 7: Performance of Alg02, D-10, D-50, D-100 and
D-200 in WSNs by varying the side length of the network
area from 600 meters to 1, 500 meters.

(a) (b)

Fig. 8: Performance of Alg02, D-Gre, R-Gre and S-Gre,
S-N in WSNs consisting of sensors from 100 to 1, 000.

which decreases with the size of the network area, while it
increases rapidly for other discretization-based heuristics.

Next we compare the performance of Algorithm 2 with
the aforementioned four heuristics D-Gre, R-Gre, S-Gre
and S-N, by varying the number of sensors from 100 to 1, 000.
Fig.8(a) depicts that Alg02 significantly outperforms the four
mentioned heuristics. In particular, the utility delivered by
Alg02 is approximately 149% of that by D-Gre, and 170%
of the utilities by other heuristics. Fig.8(b) plots the running
time of the proposed algorithms.

D. Impacts of Parameters on the Performance

We investigate the impacts of the UAV hovering budget and
the data transmission range of sensors on the performance of
the algorithms in sensor networks of 400 sensors.

We first study the impact of the UAV hovering budget on the
performance of the mentioned algorithms, by varying the UAV
hovering budget from 1, 000 to 10, 000 time units. Fig. 9(a)
shows that the utilities of different algorithms rapidly grow
with the increase on the UAV hovering budget. It can be seen
that Alg02 significantly outperforms the other heuristics in all
cases. Fig. 9(b) demonstrates that the running time of Alg02
increases with that of the UAV hovering budget.

We also investigate the impact of the transmission range
of sensors on the performance of the mentioned algorithms.
Note that the data transmission range of sensors should be
no less than the hovering altitude of the UAV; otherwise, the
transmitted data from sensors cannot be collected by the UAV.
We evaluate the performance of the proposed algorithms by
varying the data transmission range of sensors from 140 meters
to 200 meters. It can be seen from Fig. 10(a) that the utilities

(a) (b)

Fig. 9: Performance of Alg02, D-Gre, R-Gre and S-Gre,
S-N in WSNs with UAV hovering budgets from 1, 000 to
10, 000 seconds.

(a) (b)

Fig. 10: Performance of Alg02, D-Gre, R-Gre and S-Gre,
S-N in WSNs by varying the data transmission range of
sensors from 140 meters to 200 meters.

delivered by different algorithms grow with the increase on
the data transmission range, due to the fact that more sensors
can be covered by the UAV. Fig. 10(b) plots the running times
of different algorithms.

VI. CONCLUSION

In this paper, we studied the maximization of data collec-
tion utility in a UAV-enabled WSN under the one-to-many
data collection scheme, where the UAV hovering location
positioning and the data collection utility need to be jointly
considered. To this end, we first formulated the data collection
utility maximization problem (UMP). We then devised an
efficient algorithm to identify a finite set of potential hovering
locations for the UAV that improves the data collection utility
significantly. we further proposed an approximation algorithm
for UMP with an approximation ratio of (1 � 1

e
). Finally,

we evaluated the proposed algorithm through simulation study
and compared with four baseline greedy heuristics. Simulation
results demonstrate that the proposed algorithm significantly
outperforms the greedy heuristics. As part of future work, we
plan to take into consideration the energy consumption of the
UAV during the tour for data collection utility maximization
in wireless sensor networks.
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