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Abstract—The accelerated development of the Internet of
Things (IoT) incurs a great demand for data acquired from Wire-
less Sensor Networks (WSNs), leading to considerable attention
on data collection of WSNs in recent years. With the high agility,
mobility and flexibility, the Unmanned Aerial Vehicle (UAV) is
widely considered as a promising technology for data collection in
WSNs. Along with the Orthogonal Frequency Division Multiple
Access (OFDMA) technique, the UAV is capable to collect data
from multiple sensors simultaneously within its communication
range (referred to as the one-to-many data collection scheme),
which improves data collection efficiency significantly. In this
paper, we focus on the improvement of the data collection
efficiency in WSNs under the one-to-many data collection scheme
via the trajectory finding of a UAV for data collection. To this end,
we first formulate a novel data collection maximization problem
in WSNs via deploying an energy-constrained UAV and show
the NP-hardness of the problem. We then devise an efficient
algorithm for the problem by investigating the impact of UAV
hovering locations on the data collection. We finally evaluate
the performance of the devised algorithm through experimental
simulations. Simulation results demonstrate that the proposed
algorithm is promising, and outperforms the other heuristics
significantly.

I. INTRODUCTION

Wireless Sensor Networks (WSNs) play important roles in
various applications, including health monitoring [1], ocean
monitoring [2] and area coverage [3]. Massive sensory data
are continuously generated by sensors, data collection thus
is a crucial issue to avoid data loss and data overwritten
in WSNs. With high mobility and flexibility, the Unmanned
Aerial Vehicle (UAV) has attracted considerable attention for
data collection in recent years. By adopting the Orthogonal
Frequency Division Multiple Access (OFDMA) technique,
the UAV is capable to collect data from multiple sensors
within its communication range simultaneously. This data
collection scheme is referred to as the one-to-many data
collection scheme, which can improve the data collection
efficiency significantly, compared with the conventional one-
to-one data collection scheme where the UAV can only collect
the sensory data from one sensor at each time. However, the
one-to-many data collection scheme also poses challenges. For
example, which sensors’ data should be collected during a
data collection tour, constrained by the battery capacity of
the UAV? Considering that there are infinitely many potential
hovering locations for the UAV within its monitoring area,
which locations should be chosen as its hovering locations
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and how long the UAV should sojourn at each chosen hovering
location? In this paper, we will address the challenges.

Extensive studies on data collection in UAV-enabled WSNs
have been conducted in past years. For example, Zhang et
al. [4] considered the freshness of data collection by deploying
the minimum number of UAVs and finding data collection
tours for the UAVs, where each tour is constrained by a rigid
delay. Gong et al. [5] investigated the minimization of the total
aviation time of a UAV to collect a certain volume of data from
each sensor, where sensors are located on a straight line and
only one sensor is served at each time. Liu et al. [6] studied the
age-optimal trajectory for a UAV to collect data from sensors
with different priorities under the one-to-one data collection
scheme. Supported by the OFDMA technique, Mozaffari et
al. [7] focused on optimizing trajectories of multiple UAVs,
aiming at minimizing the energy consumption of IoT devices,
where data from all sensors are fully collected. Say et al. [8]
proposed a framework of data collection in a UAV-enabled
WSN with the aim to maximize the network throughput,
where sensors within the UAV coverage area can transmit their
data to the UAV simultaneously, by assigning higher priorities
to sensors in hot spots for their data packet uploading. Li et
al. [9] considered the energy consumption of a UAV on both
hovering and traveling, aiming to find an optimal trajectory for
the UAV to maximize the volume of data collected, assuming
that a set of potential hovering locations for a UAV is given in
advance. Chen et al. [10] focused on the data collection utility
maximization in WSNs via deploying an energy-constrained
UAV and efficiently determining the hovering locations of the
UAV, where sensory data of sensors can be partially collected
at each tour of the UAV. They proposed a 1 — é-approximation
algorithm for the problem.

Data collection maximization is challenging under the en-
ergy constraint on a UAV, where the UAV consumes energy on
both hovering and mechanical movement. The identification
of hovering locations for the UAV from infinitely many
potential ones makes the data collection tour finding more
difficult, as different locations correspond to different data
collection rates of sensors, which impact significantly on the
data collection efficiency. Different from the mentioned works,
in this paper, we assume that the UAV consumes energy on
both hovering and mechanical movement while data from
each sensor should be fully collected. We also consider the
fluctuation of data transmission ranges of sensors caused by
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the different Euclidean distance between sensors and the UAV.

The novelties of this study lie in that a novel data collection
maximization problem via the deployment of an energy-
constrained UAV is formulated, and a promising algorithm
for the problem is devised, by jointly considering data trans-
mission rates of sensors and hovering locations of the UAV.

The main contributions of the paper are as follows. We first
formulate a novel UAV-enabled data collection maximization
problem under the one-to-many data collection scheme and
show the NP-hardness of the problem. We then devise an
efficient algorithm for the problem, by jointly considering the
UAV hovering locations and data transmission rates of sensors.
We finally evaluate the performance of the proposed algorithm
through extensive experimental simulations. Simulation results
demonstrate that the proposed algorithm is promising.

The remainder of this paper is organized as follows. Sec-
tion I introduces the system model and the problem definition.
Section III proposes an efficient heuristic algorithm for the
problem, and Section IV evaluates the performance of the
proposed algorithm. Section V concludes the paper.

II. PRELIMINARIES

In this section, we first introduce the system model and
the energy consumption model of a UAV. We then define the
problem precisely.

A. System Model

Consider a WSN with a set V = {v; | 1 < i < N} of
homogeneous sensors. Denote by (z;,y;,0) the location of
sensor v; € V. Assume that each sensor v; with transmission
range R has a volume D; of sensory data stored locally for
later collection, where the data from wv; can be transmitted
to a data receiver if the Euclidean distance between v; and
the receiver is no greater than R. An OFDMA-applied UAV
is adopted to collect sensory data from sensors in the WSN.
Guided by a pre-defined data collection schedule, the UAV
flies above the monitoring area of the WSN and hovers at
certain locations to collect data from multiple sensors simul-
taneously. It is assumed that the total energy consumption of
the UAV per tour is constrained by its energy capacity I,
which consists of the energy consumptions on its mechanical
movement and hovering with the energy consumption rates
Nm and 7y, respectively.

Each data collection tour of the UAV is a closed tour that
starts from and ends at a depot, and the UAV will visit the
hovering locations in the tour one by one with a specified
hovering duration at each hovering location. Assume that
H = (h1,ha,..., hk,..., hi) is the sequence of K hovering
locations (excluding the depot) on the tour, where hy, is the
kth location. Note that, both hy and hg 41 refer to the depot,
which are excluded in H for the sake of convenience.

Denote by V' (hy,) the set of sensors whose data can be col-
lected when the UAV hovers at location hj with coordinates
(Xk, Y, Zk), then

Vi(he) = {vi | (@i — Xi)? + (yi — Yi)? < R* = Z}, v; €V},
(1)

where Zj is the hovering altitude of the UAV. In this paper,
we assume that the UAV hovers at a fixed altitude L [9] that
is no greater than R.

Denote by r;(hy) the data transmission rate of sensor v;
when the UAV hovers at location hy,. Following the Shannon-
Hartley formula [11] [12], we have

ri(hy,) = log (1 + @)

i
d(v,-, h k)a ) ’
where d(v;, hy) is the Euclidean distance between sensor v;
and hovering location hy, « is a given path loss exponent with
the range between 2 and 6, and o; is the transmission power
of sensor v;.

Due to the limited energy capacity imposed on the UAYV,
it is intuitively to enlarge its energy spending on hovering
to improve the data collection efficiency, we thus assume
that the UAV hovers at hovering location hj for a minimum
duration until all data from the sensors in V' (hy) are fully
collected [9]. When the UAV hovers at location hy,, the set of
sensors whose data to be collected is V' (hg) \ Ufn_:ll V(hm)s
where hy,hs, ..., hy_1 are the hovering locations visited by
the UAV so far prior to the visit to location hy.

The hovering duration ¢; of the UAV at hovering location
hy. thus is calculated as follows.

D;
ty = max 1, 3)
0 €V(N\UE L Vi (k) Ti(Pr)
where 7(% is the time duration of the UAV to fully

collect data from wv;. It can be seen that the value of t; is
determined not only by the data volume of sensors in V' (hy)
but also by previous hovering locations visited by the UAV:
hi,ha,...,hr_1. Note that, once the sequence of locations
in the tour is given, the value of ¢; can be calculated by
Eq. (3) directly. The finding of the data collection tour thus is
equivalent to determine a sequence of hovering locations for
the UAV, ie., H = (hl, hoyoo oy hiy v vy hK)

Denote by wuj, the volume of data collected by the UAV at
hovering location hj, which can be calculated by accumulat-
ing the data stored at sensors in V' (hy) \ Uﬁ;zll V(hm), ie.,

>

’UiEV(hk)\Ul;;ll V(hm)

D;. “4)

U =

Denote by U(#H) the total volume of data collected during
tour H, then

UH)= > (5)

hreH

We then define the following operations on a hovering
location sequence (hq, ha, ..., hg).

e Append. Add a new location p’ to the end of the
sequence, i.e.,

(hl,hg,...,h[()—Fp/:(h1,h2,...,hK,p/). (6)
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e Replacement. Replace a location with index « by a
new location p, i.e.,

(h1,ha,. ..
= (hl,hz,. ..

R ()
L hi). (8)

e Pruning. Remove a location with index « from the
sequence, i.e.,

(hi,ha, ...
— (hy, Py ..

7h04717 ha7 ha+17 .
,haflap7 hochl» <.

yhi) —ha  (9)
S hi). (10)
B. The Energy Consumption Model of the UAV

Denote by Ej,(#) the accumulative energy consumption of
the UAV on hovering during tour ‘H, which can be expressed
as follows.

7h(x—1ahaaha+1a s

7ha71; hoc+1a .

Ey(H)=mn- Y b (1)

hr€H
Recall that 7, and t; are the hovering energy consumption
rate of the UAV and the hovering duration at hy, respectively.
Denote by FE,,(H) the accumulative energy consumption
of the UAV on its mechanical movement during tour H, i.e.,

|H|

Ep(H) = 0 - > d(hi, higy1).-
k=0

12)

Recall that n,, and d(hy, hi41) are the energy consumption
rate of the UAV mechanical movement and the Euclidean dis-
tance between hy and hjy41, respectively. Note that locations
ho and hjy4; represent the same location — the depot.

Denote by E(H) the total energy consumption of the UAV
on tour H, then

E(H) = Ep(H) + En(H), (13)

which is constrained by the energy capacity I' of the UAV.

C. Problem Definition

Given a WSN with a set V = {v; | 1 < i < N} of
homogeneous sensors located on the ground, the UAV Data
Collection Maximization Problem is to find a closed data
collection tour H for the UAV to maximize the accumulative
volume of data collected along the tour, subject to the energy
capacity I' on the UAV.

We formalize the problem as follows.

Mazximize U(H) (14)
s.t. (15)
H=(hy, ho,..., hi), (16)
K e N, (17)
E(H) <T, (18)
Ea. (1), (2), (3), (4), (3), (11), (12), (13).  (19)

III. ALGORITHM

In this section, we propose an efficient algorithm for the
UAV data collection maximization problem.

" UAV Hovering Plane

{oa
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Fig. 1: Potential hovering location identifications: (a) a set of
concentric circles centered at the projection of a sensor. (b)
The aerial view of the UAV hovering plane discretized by sets
of concentric circles.

A. Algorithm Overview

The basic idea behind the proposed algorithm is as follows.
We first discretize the UAV hovering plane by sets of con-
centric circles with different radii centered at the projection
of each sensor location, where each spot is regarded as a
potential hovering location for the UAV. We then find a data
collection tour for the UAV in a novel way. That is, based on
an initial tour H, each location on H is iteratively assigned
with a substitutive point, and A is updated by replacing a
location with its substitutive point at each iteration. When the
number of tour updates exceeds a pre-defined threshold 6,
one of the locations on H will be removed. The algorithm
proceeds iteratively until the total energy consumption of the
UAV is no greater than its capacity.

B. Potential Hovering Location Identifications

Inspired by the work in [16], in the following we show how
to reduce infinitely many potential hovering locations of the
UAV to a finite number of potential hovering locations (spots).

For each sensor projection v; on the UAV hovering plane,
we draw a set of concentric circles centered at v, with
increasing radii ag, ay, ag, . ..,ap withay < Rand aprqq >
R, such that when the UAV hovers on the circumference
of the circle with radius a,,, the data transmission rate

log(1 + (\/#TZ)G) calculated by Eq. (2) is equal to

q)im -log(1 + oy),
where ® (0 < ® < 1) is a constant between 0 and 1, and
log(1 + o;) is the data transmission rate of sensor v; with a
unit Euclidean distance away from the UAV. As a result, the
data transmission rate between any two conjunctive circles
with radii a,, and a,,4+; is bounded between ﬁ -log(1 +
0;) and ot - log(1 + ;) respectively, where the values of
{ag,a1,as,...,ap} can be calculated by the expression (20).

Consequently, the 2-D hovering plane of the UAV is par-
titioned into a set of small-sized spots by arcs of the circles,
as shown in Fig. 1(b). We refer to each of the separated spots
as a potential hovering location for the UAV, and denote by
‘P the set of potential hovering locations whose cardinality is
bounded, which will be shown later.

(20)
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C. Data Collection Tour Scheduling

We find the data collection tour for the UAV by finding a
sequence of hovering locations in P.

Given a partial tour H, we define the Expanding Ratio
p¥(p;) as the ratio of the increment of collected data volume
to the increment of the hovering energy cost, by adding p;
into H as the last hovering location, i.e.,

By UH+p) - U#H)
p (p])_ E}L(H+pj)*Eh(H).

Define the Pruning Ratio as the ratio of the decrement of
the collected data volume to the decrement of the total energy
consumption of the UAV, by removing h,, from the tour, i.e.,

pP(ha) _ U(H) B U(H B hoz).
E(H) — E(H — ha)

The algorithm proceeds as follows.

Tour Initialization: Start from an empty tour H, we
iteratively expand H by selecting an unvisited location p;+ €
P\ P(H) with the maximum p”(p,+ ), and adding it on H
as the last visited location, i.e.,

2

(22)

B( (23)

jt= argmax,, . cp\p ()P pj)

where P(H) denotes the set of hovering locations on H.
The tour expanding continues until the total hovering energy
Ej,(H) exceeds the energy capacity I of the UAV.

Tour #H then contains a sequence of visited locations. We
then consider another tour %7, which is defined as the tour
with exactly same visited locations as # but with a minimum
closed tour to visit them. It can be seen that U(HT5F) =
U(H) since P(HTSP) = P(H), and E,,(HTSF) < E,,(H)
according to the definition of HTSP However, as we men-
tioned before that different visiting orders of a set of visited
locations may result in different hovering duration at each
location by Eq. (3), it is uncertain whether Eh(’HTSP ) <
Ej,(H). In the case where Ej,(HT9F) < Ej,(H), we replace
H by HTSP and continue adding new locations to H by
Eq. (23), until both Ej(HT57) and Ej,(H) are greater than
I". Tt then proceeds to the operation of Substitution
Selection and Tour Update as follows.

Substitution Selection and Tour Update: For the partial
tour H delivered so far, we have that Ej,(#) > T' and thus
E(H) > T. In this step, we reduce the mechanical movement
energy consumption F,,(#H), while mitigating the decrement
on the volume of the collected data.

Within each iteration, we find a substitutive location h;C for
each visited location hj; on tour A in the following ways.
As shown in Fig. 2, let hy_1 and hpy1 on H be the two
focal points (where hg and hg; are the location of the
depot), then we can obtain an ellipse £(hy) with hy sitting
on the circumference. Note that £(hy) is unique since with
two focal points and a point on the circumference, only one
ellipse can be obtained. Denote by P(E(hy)) the subset of
potential hovering locations in P inside &(hx) (excluding
locations on the circumference), and P’(E(hy)) the subset
of unvisited potential hovering locations of P(&(hy)), i.e.,

® Unvisited location
®  Visited location on the tour H
— UAV traveling path

hgsr

Fig. 2: With focal points hy_; and hj41, an ellipse E(hy)
can be obtained by letting &y, sit on its circumference. h, is
the chosen substitutive location for hy, which is inside £ (hy)
and is unvisited by the UAV.

P (E(hk)) = P(E(hk)) \ (P(H) N P(E(hy))). We then find
an unvisited potential hovering location p;; € P’(E(hs)) that
satisfies

j' = argmin, cpi(en,))U(H) — UH" 7). 24)

Then, h;c = p; is the substitutive location for hy,.

With a substitutive location for each location on H, we then
update the tour as follows.

We select the hovering location hy+« on H which satisfies

k* = argmin, o, U(H) — U(Hh)y, (25)

We replace hj- by h}. on H, and replace H by HT57 if
E(HTSP) < B(H).

When the tour H is updated at each iteration, the mechan-
ical movement energy consumption E,,(#) declines, which
will be proved later. The algorithm terminates when the total
energy consumption F(H) is no greater than T'.

However, there is an extreme case where E(H) is not
converging, since the replacement with a substitutive location
may enlarge Fp(H) and E(H). To deal with this case,
we introduce a threshold 6, such that when the number of
tour updates exceeds 0, it proceeds to the following Tour
Pruning operation to further reduce E(H).

Tour Pruning: When the number of tour updates exceeds
a predefined threshold 0, we choose a hovering location hj,—
on H with the minimum p” ratio, i.e.,

k= argminhkep(H)pP(hk). (26)

We then remove hj from the tour and replace tour H by
HTSE if E(HTSP) < E(H). It proceeds to the previous step
— Substitution Selection and Tour Update if
E(H) > T; otherwise, the algorithm terminates.

As a result, H is the data collection tour of the UAV. The
detailed algorithm for finding # is shown in Algorithm I.

D. Algorithm Analysis

The rest is dedicated to the theoretical analysis of the pro-
posed algorithm. We first show the NP-hardness of the UAV
data collection maximization problem. We then prove that the
set of potential hovering locations separated by concentric
circles is finite. We finally show that the energy consumption
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Algorithm 1 Algorithm for the UAV data collection maxi-
mization problem

Input: A set V ={v; | 1 <i < N} of sensors; data volume
D; of v;; data transmission range I?; the energy capacity
I" for the UAV per tour.

Output: A data collection tour H for the UAV.

1: Discretize the UAV hovering plane by sets of concentric
circles with different radii based on Eq. (20), and form
the potential hovering location set P;

2 H+—0; K0, F«P;

3. while E,(H) <T and |F| > 0 do

4 T argmaxpjep\p(H)pE(pj);

55 K« K+ 1; hg < pj+;s H<+ HA+hg, F < F\
{pj+};

6: if E,(H) >T and Ej,(H) > E,(H"5") then

7: H o HTSP,

8: while E(7) > T do

9 r < 0; /* number of iterations*/

10:  while » < 6§ do

11: for k< 1to K do

12: Draw an ellipse £(hy) with focal points hj_1 and

hi+1, with hy on the circumference;

13: j' < argmin, cpr (g0, ) U(H) — U(HM=pi);

14: hi, < pjr;

15: k* < argmin,, ;,U(H) — U (HI= ),

16: H o H =l p e p 41

17: if E(H) > E(HTST) then

18: H < HTSP;

19: if E(H) <T then

20: return H

21 kT« argminhkep(mpp(hk);
220 H<—H—h-;

23 if E(H) > E(HTST) then
24: H «— HTSP;

25: return H

on mechanical movement F,,(#) of the UAV decreases, by
replacing a visited location on A with its substitutive location.

Theorem 1: The UAV data collection maximization problem
is NP-hard.

Proof We show the claim by a reduction from an NP-hard
Robust k-Center (RKC) problem [13] [14], which is using
k identical disks with radius r to cover at least p points of
a given point set V in a 2-D plane, where k, p and r are
given. Denote by Iy and Iy the instances of the RKC and
the UAV data collection maximization problem, respectively.
The number of disks of I corresponds to the UAV energy
capacity in [y, i.e., I' = k and we further set 7, = 1 and
Nm = 0 (neglecting the energy consumption of the UAV on
mechanical movement). Denote by Vi and Vs the point set
in I, and the sensor set in Iy respectively, where for each
vertex v; = (x;,y;) and v; € Vp, there exists a sensor v, € Vi
with location (z;,y;,0) and the volume D; = 1 of data stored

locally. For the data transmission rate in Eq. (2), ithas o; = 1
and o = 0, such that for any v; and hy, we have r;(hy) = 1.
As a result, the hovering duration of the UAV at any visited
location would be exactly 1 time unit. The transmission range
of each sensor is R = /L2 + r2, where r is the radius of
disks of I, and L is the hovering altitude of the UAV. It can
be seen that a solution to Iy returns a solution to Iz, and the
reduction is polynomial. The theorem then follows. [

Theorem 2: The number of potential hovering locations in
P is at most |V|2M2—|V|M +2, where V is the set of sensors,
M 1is the number of circles centered at each sensor projection.

Pfoof According to Eq.(20) that log(1 + (\/am;’iw) =
B -log(1 + o;), we can calculate aj,as,as, ... by setting
m = 1,2,3,... respectively, where we can find a constant
M satisfying apy < R and ap4; > R. Then, M is the
number of circles centered at each sensor. Since the number
of sensors on the WSN is |V|, the number of circles on the
UAV hovering plane is | V|- M. By [15] and [16], the number
of regions separated by these circles, which are also referred
to as potential hovering locations for the UAV, is at most
[VI2M? — |VIM + 2.0

Theorem 3: E,,(H) decreases by replacing a visited loca-
tion hy- with its substitutive location h;w

Proof As shown in Fig. 2, h}. is within £(hg+). According
to the property of ellipses £(hy«), for any two points pi, po
on the circumference, there is d(hy«_1,p1) + d(p1, hgr+1) =
d(hg=—1,p2) + d(p2, hig=+1), where hyp-_1 and hy«yq are
focal points of E(hg+). Since hg« is on the circumference
of E(hy~) and hj. is within the circumference of £ (h-), we
have that d(hg«_1, R ) + d(Rj, hi 1) < d(hg=—1, hi= ) +
d(hi=,hg=11). Due to the fact that hj. is selected from
unvisited locations, the other visited locations on H will not
be affected. The theorem then follows. []

IV. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
algorithm by experimental simulations. We also investigate the
impacts of parameters on the algorithm performance.

A. Experimental Environment Settings

We consider a WSN deployed within 1,000 x 1,000 square
meters, where sensors are randomly distributed [17]. The
data transmission range and the transmission power of each
sensor are set as 21 m and 330 mW [12] respectively. The
data volume D, of each sensor v; is randomly drawn from
(0, 1024] M B. We deploy one UAV for the data collection,
hovering at an altitude 5 m [12]. The energy capacity of
the UAV is set as 5 x 10° J, and the energy consumption
rates on traveling and hovering are 10 J/m and 150 J/s,
respectively [9]. The threshold € of numbers of iterations
in the proposed algorithm is set as 5,000. Unless otherwise
specified, these parameters will be adopted in the default
setting. As the UAV data collection maximization problem
is a new problem, existing algorithms in the literature are
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unlikely to be adopted directly, we here propose the following
benchmark heuristics to evaluate the performance of the
proposed algorithm.

e Greedy. The projection of each sensor on the UAV hover-
ing plane is regarded as a potential hovering location for
the UAV. It starts with an empty tour A and iteratively
selects a hovering location p,,q, with the maximum
U(H + prmaz) — U(H). Then ppq. is added to H as the
last visited location if E(H +pymae) < I'. This procedure
continues until E(H + paz) > T

o NGreedy. The projection of each sensor on the UAV hov-
ering plane is regarded as a potential hovering location
for the UAV. The UAV firstly visits a location pj,qa,
with the maximum U (H + ppaz, ) — U(H). It then visits
a location Py, 44, from the neighbors of p,,.., (potential
hovering locations no larger than 50 meters away from
Dmaz,)» With the maximum U(H + pmasz,) — U(H)
among neighbors of py,e.,. The procedure continues
until pyqz,, is found with E(H + ppmaz,,) > T.

Each value in figures is the mean result by applying each
mentioned algorithm to 50 network instances with the same
size. The running time of all the mentioned experimental
simulations is obtained from a desktop with 2.7 GHz Intel
Core i7 CPU and 16 GB RAM.

B. Performance Evaluation of Different Algorithms

We investigate the performance of the proposed algorithm
(denoted by Alg) against algorithms Greedy and NGreedy,
by varying the number of sensors from 100 to 1, 000. Fig. 3(a)
demonstrates that the performance of Alg significantly out-
performs the other two heuristics, where the volume of the
data collected by Alg is approximately 200% of the one
collected by Greedy, and 300% of the one collected by
NGreedy. It can be seen that, the volume of collected data

by all mentioned algorithms is proportional to the number of
sensors in the network.

C. Impacts of Parameters on the Performance of Algorithms

The rest is to investigate the impact of the iteration thresh-
old 6 on the performance of Alg, the UAV energy capacity
and the data transmission range on the performance of the
mentioned algorithms.

We first investigate the impacts of ¢, which is the maximum
number of iterations in Substitution Selection and
Tour Update (in step 10 of Algorithm 1). We compare
the performance of Alg with § = 2,000, 4,000, 6,000,
8,000, 10, 000 respectively, by varying the number of sensors
from 100 to 1,000. Fig. 3(b) depicts that the volume of col-
lected data increases in any size of the network by increasing
the value of # from 2,000 to 6,000, but it remains constant
when 6 varies from 6,000 to 10, 000.

We then investigate the impacts of the energy capacity
I' of the UAV and the data transmission range R on the
performance of the mentioned algorithms, by increasing the
energy capacity from 1 x 10°.J to 10 x 10°J and the data
transmission range from 12 m to 21 m respectively, with
500 sensors randomly deployed in the network. Fig. 3(c)
depicts that the volume of the data collected by the mentioned
algorithms grows rapidly against the energy capacity of the
UAYV, as the UAV can visit more locations and collect data
from more sensors at each visited location. Fig. 3(d) plots
that the volume of the data collected by different algorithms
increases against the data transmission ranges, since a larger
data transmission range allows data from more sensors to be
collected simultaneously. It can be seen that the data collection
volume of Alg is proportional to the iteration threshold 6, the
UAV energy capacity and data transmission ranges of sensors.

V. CONCLUSION

In this paper, we studied the data collection maximization
problem in a UAV-enabled WSN under the one-to-many
data collection scheme, where there are infinitely many
hovering locations for the UAV, and the UAV consumes
energy on both hovering and mechanical movement. We
first formulated a novel UAV data collection maximization
problem. We then devised an efficient algorithm for the
problem by jointly considering the UAV hovering locations
and data transmission rates of sensors. We finally evaluated
the proposed algorithm through experimental simulations.
Simulation results demonstrate that the proposed algorithm is
promising and outperforms the other benchmarks significantly.
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