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Abstract—This work studies the deployment of multiple fixedwing unmanned aerial vehicles (UAVs) for data-gathering from
ground IoT devices and the corresponding device association policy. Each UAV is assumed to follow a circular flight trajectory
above its responsible network area in order to stay afloat. The
device association and the UAVs’ trajectory centers and radii
are jointly optimized to maximize the total energy savings of the
devices. Given the trajectory centers and radii, the device association problem is modeled as a multiple 0-1 knapsack problem,
and solved by a two-stage maximum energy-saving (MES) device
association policy. Moreover, given the device association, the
UAVs’ trajectory centers and radii are optimized by an iterative
load-balancing (ILB) algorithm, where the trajectory centers are
chosen as a load-dependent weighted sum of their associated
devices’ locations. Furthermore, we also propose a collision-free
scheduling policy that minimizes the total phase offset between
the actual and ideal transmission phases of all devices, and a
modified MES algorithm that provides higher association priority to devices whose data gathered by the UAV is more outdated.
Simulation results show that the proposed MES and ILB algorithms outperform candidate schemes in terms of the total energy
savings of IoT devices.
Index Terms—UAV communications, Internet of Things,
energy saving, resource allocation, wireless coverage, device
association, UAV placement, scheduling.

I. I NTRODUCTION
HE USE of unmanned aerial vehicles (UAVs) as flying wireless communication platforms has received much
attention in recent years due to the UAVs high mobility and
deployment flexibility [1], [2]. In cellular applications, UAVs
have been adopted as temporary base stations (BSs) to provide
rapid service recovery in case of natural disasters [3] and also
for data offloading during special events or hot spots [4]. UAVs
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can also serve as mobile relays or form flying ad hoc networks
to provide coverage extension or connectivity between distant or separated users [5]–[7]. In Internet-of-Things (IoT) or
wireless sensor networks (WSNs), UAVs have also been used
as mobile aggregators to enable efficient data gathering from
ground sensor devices [8], [9]. In this case, the UAVs’ 3D
placement or trajectory design as well as the power control
and association decisions of IoT devices must be carefully
designed in order to fully exploit these advantages. Two types
of UAVs have been considered the most in the literature,
namely, rotary-wing and fixed-wing UAVs. Rotary-wing UAVs
can hover above fixed positions and, thus, allow more flexible trajectory designs, but are less energy-efficient. Fixed-wing
UAVs, on the other hand, have larger payload, higher speed,
and longer lifetime, but must maintain constant movement in
order to stay afloat. While the former provides flexible ondemand usage of UAVs for emergency applications, we argue
that the latter is more suitable for long-term surveillance or
environmental monitoring applications. In this work, we are
interested in the use of multiple fixed-wing UAVs for efficient
data-gathering in IoT and WSNs.
Specifically, the use of UAVs for data collection in IoT has
been examined in the literature for cases with single [10],
[11] and multiple UAVs [12]–[15], respectively. In [10], the
UAV’s trajectory and the sensors’ wake-up schedule were
jointly determined to minimize the maximum energy consumption of all sensors while ensuring that a target amount
of data from each sensor is collected reliably by the UAV.
In [11], the UAV’s trajectory was designed to minimize the
flight time while allowing each sensor to upload a certain
amount of data with limited energy consumption. Moreover,
in [12], a joint design of multiple rotary-wing UAVs’ 3D
placement, device association, and uplink power control was
determined by minimizing the transmission power of ground
devices subject to constraints on the signal-to-interferenceplus-noise ratio (SINR) at the UAVs. In [13], the UAVs’
placement was determined by maximizing the average number
of bits that are transmitted by the ground users under constraints on the maximum hover time of UAVs. The authors
leveraged results from optimal transport theory to determine
the optimal partitioning of the geographical area, taking into
consideration the UAVs’ hover times and locations. In [14],
the UAV deployment, device association, and uplink resource
allocation were jointly optimized for multiple rotary-wing
UAVs with the goal of maximizing the lifetime of ground
devices. Moreover, [15] considered the 3D placement of
multiple UAVs in a three-tier space-air-ground heterogeneous
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network. A two-stage joint hovering altitude and power control problem was solved by taking into consideration the
cross-tier interference. Different from [12]–[15], our work
considers the deployment of multiple fixed-wing UAVs, and
the association of IoT devices to maximize the total uplink
energy savings of the devices. We assume that each UAV
follows a periodic circular flight trajectory above its associated devices in order to stay afloat. This is also different
from several other works, e.g., [16], [17], that focus on trajectory designs that dynamically adapt to real-time changes
in the environment, including sensor activation, channel conditions, and quality-of-service demands etc. We argue that,
by following a simple circular trajectory, the design complexity and computational overhead can be significantly reduced,
and the deployment can be more robust to uncertainties in
the environment. In this case, the UAVs’ trajectory centers
and radii must be carefully chosen so that most devices are
located along the trajectories rather than close to the center
of the circle. Hence, the simple K-means solution often used
in the placement of rotary-wing UAVs is not suitable for our
problem.
In this work, we examine a joint UAV deployment and IoT
device association problem that aims to maximize the total
energy savings of devices during the data-gathering process
by multiple UAVs. The total energy savings is defined as the
sum of the energy savings experienced by IoT devices that
have been successfully associated with the UAVs (and, thus,
are allowed to transmit). This objective measures the impact
of the UAVs’ locations on both the minimum required transmission power of the devices and their association decisions.
An efficient solution is obtained by solving successively the
UAV deployment and the IoT device association subproblems
under the ideal scheduling scenario. Then, practical considerations on the transmission scheduling and user fairness are
further examined. In particular, a collision-free scheduling policy is proposed to avoid interference among devices associated
with the same UAV, and a maximum weighted energy-saving
problem is proposed to ensure fairness among devices. It is
worthwhile to note that, while this work focuses on the uplink
transmission from the devices to the UAVs, the data collected by the circulating UAVs can be further sent to a central
data-gathering node using, e.g., multi-hop transmissions, as
examined in [18]. In particular, the main contributions of this
paper can be summarized as follows:
• First, given the UAVs’ trajectory centers and radii, the
IoT device association subproblem is modeled as a
0-1 multiple knapsack problem with assign restrictions
(MKPAR) [19], [20], which is known to be NP-hard.
We propose a two-stage maximum energy-saving (MES)
device association policy, where each UAV first solves a
single knapsack problem locally by considering all connectable devices, and then resolves conflict with other
UAVs using a maximum profit assignment scheme.
• Moreover, given the device association, the UAVs’ trajectory centers and radii are optimized using an iterative
load-balancing (ILB) algorithm, where the centers are
chosen as a load-dependent weighted sum of its associated devices’ locations. The algorithm takes into consideration both the load of the devices as well as the relative
distance between the devices and their closest point on
the circular trajectory of the UAVs.
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•

To avoid interference among closely located devices,
whose transmission durations are likely to overlap, we
further propose a collision-free scheduling policy based
on the minimization of the total phase offset between the
ideal and actual transmission phases of all the devices.
• Also, to address the issue of fairness, we propose a
data-freshness-aware device association policy that gives
higher priority to devices whose data gathered by the
UAV is more outdated.
• Extensive simulation results are provided to demonstrate
the effectiveness of the proposed MES and ILB algorithms compared to the conventional equal-probability
association and K-means deployment. The collision-free
scheduling and data-freshness-aware association are also
shown to effectively reduce the loss due to collision
avoidance and enhance fairness.
The remainder of this paper is organized as follows.
Section II introduces related works on UAV placement
and trajectory design for data-gathering in IoT applications.
Section III describes the system model and formulates the
problem of maximizing the total energy savings of devices.
Then, in Sections IV and V, we propose efficient algorithms for solving the device association and UAV placement
problems, respectively. In Section VI, the proposed schemes
are further modified to enable collision-free scheduling and
data-freshness-aware fair association. Section VII presents
computer simulations to demonstrate the effectiveness of
our proposed scheme. Finally, we conclude the paper in
Section VIII.
II. R ELATED W ORK
The use of UAVs in wireless communications has been
examined recently for both cellular and IoT applications. For
systems with only a single UAV, the task is often focused on
determining the optimal UAV placement or trajectory design to
optimize the communication performance (such as throughput
or energy efficiency) or to minimize the cost (such as energy
consumption or delay). In terms of UAV placement, [21]
derived the optimal altitude that yields the maximum coverage
radius for a single UAV by taking into consideration the LoS
probability at different elevation angles. Similarly, [22] determined the optimal 3D placement of a UAV BS by maximizing
the number of ground users that are covered. In terms of trajectory design, [6] studied the throughput maximization problem
for a single UAV relay between a fixed source and destination by optimizing the relay trajectory and the source/relay
transmit power over a finite horizon. Reference [23] further
took into consideration the UAV’s propulsion energy consumption and optimized the flight trajectory by maximizing the
energy efficiency in bits/Joule. A propulsion energy consumption model for fixed-wing UAVs was derived as a function
of the flying velocity and acceleration. A similar energy
minimization problem was studied in [24] for a rotary-wing
UAV. Moreover, [25] investigated the optimal deployment and
movement of a single UAV for supporting downlink wireless
communications in the presence of underlaid device-to-device
links. The authors provided an analytical framework for the
coverage and sum rate using tools from stochastic geometry,
and found the minimum number of stop points required to
cover a given area. Trajectory design and resource allocation
problems can also be studied for downlink data dissemination
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and energy harvesting applications, as done in [26] and [27],
where the UAV was respectively treated as the data source and
the dedicated RF energy source.
For data gathering applications in IoT and WSNs (in
addition to the works mentioned in the previous section,
i.e., [10]–[15]), [28] proposed to minimize the UAV’s power
consumption by jointly optimizing the sensors’ transmission schedule, power allocation, and UAV’s flight trajectory
while satisfying the sensors’ transmission rate requirements.
Reference [29] proposed to collect the data from as many sensor nodes as possible in order to minimize the mean squared
error of the underlying parameter estimate subject to practical mobility constraints. Moreover, [30] and [17] examined the
use of UAV for data-gathering from backscatter sensor devices.
The former studied the UAV’s trajectory design with the goal
of minimizing the mean-squared error of the reconstructed
sensor observations, whereas the latter proposed a joint trajectory design, device scheduling, and carrier emitter transmit
power control policy by maximizing the energy efficiency of
the system. Furthermore, [31] proposed a priority-based frame
selection scheme that allows sensors in the rear-side of a
forward-moving UAV to transmit with higher priority.
For systems with multiple UAVs, several recent works investigated the joint placement or trajectory design of the UAVs
under similar optimizing criteria. Specifically, [16] maximized
the minimum throughput of all ground users in the downlink
by jointly optimizing the multiuser scheduling, association,
and the multiple UAVs’ trajectory and power control. In the
uplink, [32] jointly optimized the 3D placement of UAVs and
user association by maximizing the aggregate throughput of
all users under bandwidth limitations and quality-of-service
constraints. The problem was broken down into three separate sub-problems to facilitate implementation in a distributed
fashion. Reference [33] considered the use of multiple UAVs
for the relaying of information from ground users over a
non-orthogonal multiple access (NOMA) channel. Both UAV
deployment and user pairing schemes were examined for the
proposed uplink scenario, as well as a sum power minimization
based resource allocation algorithm. Moreover, [34] examined
the deployment of multiple rotary-wing UAVs using a quantization theory approach that aims to minimize the average
transmission power of ground terminals under both static and
dynamic user densities. Reference [35] instead focused on the
fast deployment of UAVs to ensure coverage over the region of
interest. Two fast deployment algorithms were proposed based
on the minimization of the maximum and the total deployment
delays, respectively, taking into consideration the UAVs’ different flying speeds, operating altitudes, and wireless coverage
radius. Reference [36] studied the joint trajectory and power
control problem for a downlink multi-UAV interference channel, where the aggregate sum rate of the multiple UAV to
ground terminal pairs are maximized. Furthermore, [37] examined the optimal deployment as well as the cyclic recharging
and reshuffling of multiple UAVs for providing long-term coverage in cellular networks. The solutions were obtained by
maximizing an energy-efficiency-based objective subject to a
seamless coverage constraint.
For data gathering applications in WSNs, [38] proposed a
joint trajectory design for multiple UAVs by minimizing the
maximum mission completion time, as well as the wake-up
scheduling and association for sensors, while ensuring that the

Fig. 1.

Illustration of multiple fixed-wing UAVs.

upload request of all sensors is satisfied with a given energy
budget. Reference [39] considered a time-sensitive sensor
network where each sensor has its own latency requirement. In
this case, a priority-oriented trajectory planning problem was
examined and a solution was proposed using a deep Q-learning
network. Reference [40] considered the joint trajectory design
of multiple UAVs by minimizing the maximum flight time of
UAVs such that all sensors’ data is collected by the UAVs and
transported to the BS. Reference [41] determined the dynamic
positioning of multiple UAVs by maximizing the value of the
sensor information that is gathered in real-time using particle swarm optimization. The value of the sensor information
depends on the sensor type and the elapsed time after the
previous sensing time.
Different from the above works, we focus on the placement of fixed-wing UAVs that follow circular trajectories to
gather data from the associated ground devices. The solution must take into account the relative distances between the
devices and the UAVs’ positions on their circular trajectories.
Notice that the simple K-means clustering, which places each
UAVs’ trajectory center at the centroid position of its associated devices, is not a suitable solution in this case. We argue
that the circular trajectory is also more robust compared to
most works that adapt their designs to real-time changes in
the environment.
III. S YSTEM M ODEL AND P ROBLEM F ORMULATION
Let us consider an IoT network with M devices deployed
on the ground over a bounded region of interest, and K fixedwing UAVs circling above their respective coverage regions,
as illustrated in Fig. 1. The devices and UAVs are denoted
by the sets M = {1, . . . , M } and K = {1, . . . , K }, respectively. The locations of ground devices are assumed to be
fixed whereas those of fixed-wing UAVs vary constantly over
time. Therefore, the location of ground device m ∈ M
is denoted by the 3D coordinates sm = (sm,1 , sm,2 , sm,3 ),
and the location of UAV k ∈ K at time t is denoted by
uk [t] = (uk ,1 [t], uk ,2 [t], uk ,3 [t]). Here, we assume that the
altitudes of the ground devices are 0 (i.e., sm,3 = 0, ∀m),
but the work can be easily adapted to cases that take into
consideration varying heights of the terrain. Different from
rotary-wing UAVs [1], fixed-wing UAVs must be constantly
moving in order to stay afloat. In our case, we assume that
each UAV follows a circular flight trajectory with period T
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above their respective coverage region. Hence, the location of
UAV k at time t can be expressed as
uk [t] = (xk + rk cos(2πt/T ), yk + rk sin(2πt/T ), hk ),

(1)

where (xk , yk ) represents the two-dimensional center coordinates of the circular trajectory of UAV k on the horizontal
plane, hk is the altitude, and rk is the radius.
We consider an uplink scenario in which each IoT device
is associated with at most one UAV, and the transmissions of
IoT devices occur over orthogonal channels. In particular, the
IoT devices associated with the same UAV are scheduled to
transmit in orthogonal time intervals whereas those associated
with different UAVs transmit over different frequency bands.
The association between devices and UAVs are described by
the binary association variables am,k , for m = 1, . . . , M and
k = 1, . . . , K , where am,k = 1 if device m is associated
with UAV k and am,k = 0, otherwise. Moreover, we have
K
k =1 am,k ≤ 1, for all m. The traffic demand of device m is
given by λm in terms of the number of bits per flight cycle T,
and the maximum number of bits that UAV k can receive over
time T (i.e., the capacity limit of UAV k) is given by μk . In
this case, device m must occupy λm /μk fraction of the time
available for transmission to UAV k in each flight cycle (i.e.,
λm
μk T ). Moreover, we say that the transmission from device
m to UAV k at time t is successful if the receive SNR at this
time exceeds the threshold γk .
A. Ground-to-Air Path Loss Model
Let Pm [t] ∈ [0, Pmax ] be the transmission power of device
m at time t, where Pmax is the maximum transmission power
of each device. Then, the signal-to-noise ratio (SNR) between
device m and UAV k at time t can be written as
Pm [t]
SNRm (uk [t]) 
,
(2)
PLm (uk [t])σk2
where PLm (uk [t]) is the path loss between device m and
UAV k, and σk2 is the noise variance at UAV k. Following the
ground-to-air path loss model in [21], which takes into consideration the probability of line-of-sight (LoS) between the
ground device and the UAV based on their relative locations,
the path loss can be expressed (in dB) as




4πfc 2
PLm (uk [t]) dB = 10 log10
c
+ 10 log10 sm − uk [t]α
+ ηLoS ρm,LoS (uk [t])


+ ηNLoS 1 − ρm,LoS (uk [t])
(3)
where fc is the carrier frequency, c is the speed of light, α is the
path loss coefficient, ηLoS and ηNLoS are the excessive path
loss coefficients corresponding to LoS and NLoS links, respectively, and ρm,LoS (uk [t]) is the probability of LoS between
device m and UAV k at time t. The LoS probability can be
approximated as [21]
ρm,LoS (uk [t]) =

1
,
1 + ψ exp{−β[θm (uk [t]) − ψ]}

(4)

where ψ and β are parameters depending on the environment
−1
(e.g., rural or urban) and θm (uk [t]) = 180
π sin (hk /sm −
uk [t]) is the elevation angle between device m and UAV k at

1937

time t. Notice from (4) that, by increasing the flight altitude
of UAV k (i.e., hk ), the elevation angle between device m and
UAV k increases (which increases the LoS probability), but the
transmission distance also increases (which makes the signal
decay more severe). Hence, the flight altitudes of the UAVs
must be carefully chosen in order to best exploit the tradeoff between the LoS probability and the signal decay over
distance.
B. Problem Formulation
The main objective of this work is to determine the UAVs’
locations (including their 2D center coordinates (xk , yk ),
height hk , and radius rk , for all k), and the device association {am,k , ∀m, k } to maximize the energy savings (and, thus,
reduce the energy consumption) of the ground IoT devices. To
focus on the above issue, we first consider an ideal scheduling scenario where each IoT device is assumed to be able to
complete its transmission instantaneously when its associated
UAV arrives at its closest point in the flight trajectory. In this
case, the distance between device m and UAV k at the closest
point is given by
min sm − uk [t]

t∈[0,T ]

=



sm,1 − xk , sm,2 − yk



− rk )2 + hk2

and, thus, the path loss between device m and UAV k can be
approximated as


PLm (uk [t]) dB


≈ PLm (xk , yk , hk , rk ) dB
(5)
4πfc
 10 log10
c

α

2
2
+ 10 log10  sm,1 − xk , sm,2 − yk  − rk + hk2

+ ηNLoS +

ηLoS − ηNLoS
(6)
1 + ψ exp{−β[θm (xk , yk , hk , rk ) − ψ]}

where
θm (xk , yk , hk , rk )
180
sin−1  

π

hk
sm,1 − xk , sm,2 − yk



− rk

2

+ hk2
(7)

is the elevation angle at the closest point. Notice that, under
the ideal scheduling assumption, the transmission time of each
device is predetermined and, thus, the path loss will only
depend on the associated UAV’s trajectory center and radius
(see (5)). The design of practical scheduling policies that can
take into consideration the devices’ non-negligible transmission intervals and are able to ensure collision-free transmission
while minimizing the deviation from the ideal transmission
times will be discussed in Section VI.
The proposed UAV deployment and device association
problem can thus be formulated as
K

max

M

xk ,yk ,hk ,rk ,
am,k ,Pm ,∀m,k k =1 m=1

am,k

λm
T (Pmax − Pm ),
μk
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K

subject to

am,k ≤ 1, am,k ∈ {0, 1},

(8b)

λm am,k ≤ μk ,

(8c)

k =1
M
m=1

Pm
≥ am,k γk ,
(8d)
PLm (xk , yk , hk , rk )σk2
hmin ≤ hk ≤ hmax , rmin ≤ rk ≤ rmax (8e)
0 < Pm ≤ Pmax , ∀m, k ,
(8f)

where λm T /μk represents the time duration required for the
transmission between device m and UAV k, and Pmax −Pm is
the difference between the maximum and the actual transmission powers of device m. Hence, the objective yields the total
energy savings that can be experienced by the IoT devices
compared to transmitting at maximum power. The constraint
in (8b) ensures that each device is associated with at most
one UAV, (8c) ensures that the scheduled transmissions are
within the capacity limit of each UAV, and (8d) ensures that
the transmissions of associated devices are successful in the
sense that the target SNR thresholds (i.e., γk , for all k) are
satisfied. The remaining constraints in (8e) and (8f) provide
upper and lower bounds to the flight altitude, radius, and
transmission power. Note that, different from the conventional
total power minimization problem, the maximization of the
total energy savings improves both the energy and the association efficiency since only the energy savings of associated
devices are accounted for in the objective. The total power
minimization problem will instead result in a trivial solution
where no devices are associated with any UAV in our case.
We assume that the UAV deployment and device association
are computed at a central station that has knowledge of the
locations and demands of all IoT devices. The solutions are
obtained offline before the UAVs are dispatched to perform
data-gathering from the devices.
More specifically, in (8), the UAVs’ trajectory centers and
radii as well as the devices’ association decisions and transmission powers are unknowns that are to be solved by maximizing
the total energy savings of ground devices. The total energy
savings depend on the transmission powers and association
decisions of the devices, which can be maximized by associating each device to the UAV that can be reached by the
least transmission power. However, from (8d), we can see
that the device’s minimum transmission power required to
reach each UAV is determined by the UAV’s trajectory center
and radius. Moreover, the association decisions of the devices
must also satisfy the capacity constraint in (8f), which causes
competition among the devices. This results in a mixed integer nonlinear programming problem with variables that are
strongly coupled through the capacity and SNR constraints,
which is particularly challenging to solve.
In this work, we propose to solve the device association
and the UAV deployment problems in an alternating fashion,
where one problem is solved while the solution of the other
is fixed. In particular, given the UAVs’ trajectory centers and
radii, the device association problem is first modeled as a
0-1 multiple knapsack problem with assignment restrictions
(MKPAR) [19] and an approximate algorithm is proposed to
solve the problem. Then, given the device association, the UAVs’
locations are then determined using a weighted averaging of the

associated devices’ locations. The above two subproblems are
solved iteratively until convergence. Notice that, since the total
energy savings is increased in each step, the proposed algorithm
converges. The solutions proposed for the two subproblems
are described separately in the following sections.
IV. D EVICE A SSOCIATION AS A 0-1 M ULTIPLE K NAPSACK
P ROBLEM W ITH A SSIGNMENT R ESTRICTIONS
In this section, we examine the device association problem
(i.e., the optimization over the binary association variables
{ak ,m , ∀k , m}) for fixed UAVs’ trajectory centers and radii
(i.e., {xk , yk , hk , rk , ∀k }). We show that the problem can be
modeled as a 0-1 MKPAR problem [19], [20] and propose
an approximate algorithm to solve it. The proposed algorithm
aims to maximize the IoT devices’ energy savings and, thus,
is referred to as the maximum energy-saving (MES) device
association algorithm.
Specifically, given the trajectory centers and radii (i.e.,
{xk , yk , hk , rk , ∀k }), the problem in (8) reduces to
K

M

max

am,k ,Pm ,∀m,k

k =1 m=1
K

subject to

am,k

λm
T (Pmax − Pm ), (9a)
μk

am,k ≤ 1, am,k ∈ {0, 1},

(9b)

λm am,k ≤ μk ,

(9c)

k =1
M
m=1

am,k γ̃m,k ≤ Pm ≤ Pmax ,

(9d)

where γ̃m,k  γk σk2 PLm (xk , yk , hk , rk ) is the minimum
required transmission power of device m when it is associated
with UAV k. This problem can be viewed as a 0-1 MKPAR
problem where each UAV, say UAV k, is a knapsack with
capacity μk , and each device, say device m, is an item with
weight λm . The capacity of a knapsack represents the maximum total weight of items that it can accommodate. Here,
the assignment of item m to knapsack k is said to yield profit
λm
μk T (Pmax − γ̃m,k ), which represents the energy savings of
device m per flight cycle. However, to satisfy the constraint
in (9d), the assignment to UAV k in this case must be restricted
to the set Mk  {m ∈ M : γ̃m,k < Pmax }, which consists of
devices within the communication range of UAV k and, thus,
can potentially be associated with the UAV. Consequently, the
device association problem in (9) becomes equivalent to the
profit-maximization problem in MKPAR.
To solve the MKPAR problem, we propose an approximate
algorithm that involves solving the basic 0-1 single knapsack
problem [20] in parallel for all UAVs followed by a profitbased reassignment policy to resolve conflict among UAVs.
The algorithm can be summarized into two stages.
Stage 1 (0-1 Single Knapsack Problem): In Stage 1, each
UAV aims to solve the basic 0-1 single knapsack problem
individually without consideration of other UAVs. In particular, each UAV, say UAV k, seeks to find the set of devices that
it hopes to be associated with, i.e., the set

λm 
A∗k =
arg
T Pmax − γ̃m,k .
 max
μk
Ak ⊂Mk : m∈A λm ≤μk
k

m∈Ak
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Algorithm 1 MES Device Association Algorithm
1: Initialize: am,k = 0, for all m and k, and Mk = {m ∈
M:γ̃m,k < Pmax }.
2: while μk ≥ minm∈Mk λm , for some k do
3:
for k = 1 to K do
4:
Find A∗k by (10) using dynamic programming.
5:
end for
6:
for k = 1 to K do
7:
Update am,k according to (26), for all m ∈ Mk .
8:
end for

9:
Update μk ← μk − m∈Mk λm am,k and Mk ←
K
Mk \ m ∈ Mk : k  =1 am,k  = 1 , for all k.
10: end while
11: return {am,k , ∀m, k }

repeated until no further assignment is possible. The algorithm
is summarized in Algorithm 1.
V. L OAD -BALANCING UAV D EPLOYMENT AND F LIGHT
R ADIUS A DJUSTMENT
In this section, we examine the optimal trajectory centers
and radii of the UAVs (i.e., xk , yk , hk , and rk , for all k) for
given device association decisions and the respective transmission powers of the devices (i.e., am,k and Pm , for all m
and k). In this case, the constraints in (8b), (8c), (8d), and (8f)
become irrelevant to the optimization and can be removed. The
variable Pm can also be replaced with the minimum required
transmission power γ̃m,k , for each k. Therefore, given the
device association policy, the optimization problem in (8) can
be reduced to the following
K

This problem can be solved by dynamic programming [42], which yields computational complexity given by
O(M μk ) [42] for UAV k. By considering the complexity of
all K UAVs, the worst-case complexity of Stage 1 is given
by O(MK μmax ), where μmax = maxk ∈K μk . However, at
the end of this stage, the subsets {A∗k }K
k =1 may overlap with
each other and, thus, must be resolved in order to satisfy the
association constraint in (9b).
Stage 2 (Maximum Profit Assignment): In Stage 2, the
devices that are simultaneously chosen by more than one UAV
are resolved by associating each device to the UAV that yields
the maximum profit. That is, we set
am,k =

⎧
⎨1, for k = arg max

k  : m∈A∗
k

λm
μk



T Pmax − γ̃m,k  ,

⎩
0, otherwise,

μk ← μk −

λm am,k ,

(12)

m∈Mk

and


Mk ← Mk \

xk ,yk ,hk ,rk ∀k

k =1 m=1

am,k


λm 
T Pmax − γ̃m,k ,
μk

subject to hmin ≤ hk ≤ hmax ,
rmin ≤ rk ≤ rmax , ∀k .

(14a)
(14b)
(14c)

Since the objective is additive and the constraints for different
UAVs are separate, the problem can be decoupled into K parallel weighted sum power minimization subproblems, one for
each UAV. The weighted sum power minimization subproblem
of UAV k can be written as
M

min

xk ,yk ,hk ,rk

m=1

am,k λm γ̃m,k (xk , yk , hk , rk ),

subject to hmin ≤ hk ≤ hmax ,
rmin ≤ rk ≤ rmax ,

(15a)
(15b)
(15c)

where γ̃m,k (xk , yk , hk , rk ) is expressed as a function of
(xk , yk , hk , rk ) to emphasize its dependence on these variables. Here, we propose to solve this problem by an approximate coordinate descent algorithm which leads to an insightful
iterative load-balancing (ILB) procedure.
For notational simplicity, we express the vector of optimizing parameters as φ k  (xk , yk , hk , rk ). Then, by (6) and
by removing the terms not relevant to m or φ k , the objective
function in (15) can be simplified as
J (φ k ) 
M

m=1

am,k Ψm (φ k )×


2

2 
2
2
sm,1 −xk + sm,2 −yk −rk +hk

(16)
K

m ∈ Mk :

M

max

(11)

for all m ∈ Mk and for all k. This requires each device to
scan over the profits (i.e., the energy-savings) associated with
each of the K UAVs. Therefore, the aggregate complexity over
all devices is given by O(KM).
Notice that, after Stage 2, UAVs that fail to associate with
some of their originally chosen devices may have remaining
capacity to serve other devices that have not yet been chosen
by any of the UAVs. Hence, to fully utilize the remaining
capacity of the UAVs, we repeat the two stages again with
the updated UAV capacities and sets of connectable devices
given by

1939

k  =1

(ηLoS −ηNLoS )/10
1+ψ exp{−β[θm (xk ,yk ,hk ,rk )−ψ]}


am,k  = 1 ,

(13)

respectively, for all k. In particular, (12) updates the remaining capacity of UAV k by subtracting the capacity μk by
the demand of devices that have been successfully
associated

with UAV k in the current iteration, i.e., m∈Mk λm am,k .
Then, (13) updates the remaining set of devices in the range
of UAV k that have not yet been associated with any of the
UAVs. This is done by subtracting Mk by the set of devices
that have been associated with
Kone of the UAVs in the current
iteration, i.e., {m ∈ Mk :
k  =1 am,k  = 1}. The process is

is deterwhere Ψm (φ k )  λm 10
mined by the LoS probability model in (4) (i.e., [21]) and
depends on the load demand λm . Notice that, the larger is
the elevation angle (i.e., the closer is the device to the closest trajectory point), the smaller the value of Ψm (φ k ) since
() () () ()
ηLoS < ηNLoS . Suppose that φ ()  (xk , yk , hk , rk )
is the solution obtained in the -th iteration of the proposed
iterative algorithm. Then, in iteration + 1, the variables xk
and yk can be updated as


()
∂J
φ
k
(+1)
()
= xk − η
(17)
xk
()
∂xk
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Algorithm 2 ILB UAV Deployment and Radius Adjustment
Algorithm (for UAV k)
1: Initialize: Set = 0 and the initial values of
(+1)
()
()
2: while φ k
− φ k /φ k  >  do
3:
Update the center coordinates as
(+1)

xk

(+1)
yk

()

≈ (1 − α)xk
≈

()
(1 − α)yk

(+1)
x̃k

(+1)

+ αx̃k

()

= yk − η



()
∂J φ k
()

∂yk

.

(18)

In particular, the partial derivative with respect to xk at point
can be written as

()

xk



()
∂J φ k
()

⎛

∂xk

⎜
·⎜
⎝1 − 
⎡

·⎣



=

M
m=1

am,k

⎧
⎨
⎩




()
()
− 2Ψm φ k
sm,1 − xk
⎞



()
∂Ψm φ k
⎟
⎟
 ⎠+
()
() 2
∂xk

()
rk


()
(sm,1 − xk )2 + sm,2 − yk

⎤⎫
2
2 
2

2 ⎬
()
()
()
() ⎦
sm,1 −xk
+ sm,2 −yk
−rk
+ hk
(19)
⎭

Notice that, for hk sufficiently large, small changes in the
UAV’s horizontal position would not have a significant impact
∂Ψm (φ k )
on the elevation angle and, thus, we can assume that ∂x
k
is small and that the second term is negligible. In this case,
the derivative can be approximated as


()
M



∂J φ k
()
()
Ψ̃
≈
−2
a
−
x
φ
s
(20)
m
m,1
m,k
k
k
()
∂xk
m=1
rk
).
(sm,1 −xk )2 +(sm,2 −yk )2
of xk in iteration + 1

where Ψ̃m (φ k )  Ψm (φ k )(1 − √
Then, the coordinate descent update
can be approximated as
(+1)

xk

()

≈ xk

M

+ 2η
m=1

 

()
()
sm,1 − xk .
am,k Ψ̃m φ k

Moreover, by choosing η =

2

have
(+1)

xk
where

()

≈ (1 − α)xk

M

m  =1

α
() ,
am  ,k Ψ̃m  (φ k )

(+1)

+ αx̃k

,



()
φ
Ψ̃
a
m
m,k
k
(+1)

s
x̃k

M
() m,1
m=1
m  =1 am  ,k Ψ̃m  φ k

()

(+1)

≈ (1 − α)yk + αỹk

,



()
a
φ
Ψ̃
m
m,k
k
(+1)

s .

ỹk
M
() m,2
m=1
m  =1 am  ,k Ψ̃m  φ k

(24)

M

(+1)
+ αỹk
,

(+1)
ỹk

and
(+1)

(+1)

yk
where

,

and
are the load-balancing
where
coordinates defined in (23) and (25), respectively.
(+1)
(+1)
4:
Update hk
and rk
, as in (26), by a twodimensional line search.
5: end while

yk

is a weighted sum of the x-coordinates of devices associated
with UAV k. Similarly, the update of yk in iteration + 1 can
be approximated as

(21)
we

(22)

M

(23)

(25)

It is interesting to observe that, in iteration + 1, UAV k
(+1) (+1)
, ỹk
),
is moved horizontally towards the position (x̃k
which is a weighted sum of the 2D coordinates of the associ()
ated devices. In fact, since the weights, i.e., {Ψ̃m (φ k )}M
m=1 ,
are proportional to the load demands of the corresponding devices (i.e., {λm }M
m=1 ), the proposed UAV deployment
policy places more emphasis on devices with higher load
demands. Hence, we refer to this algorithm as the iterative
load-balancing (ILB) algorithm. Moreover, we can see that
()
Ψ̃m (φ k ) is positive if (sm,1 − xk )2 + (sm,2 − yk )2 > rk
(i.e., if device m is outside the UAV’s circular flight trajectory), and is negative, otherwise (i.e., if device m is inside the
circular trajectory). In the former case, moving the trajectory
center closer to device m reduces the transmission distance
between device m and the closest point on the UAV’s trajectory, and vice versa in the latter case. This effect is unique
to circling fixed-wing UAVs and is not captured by the simple K-means deployment often adopted in the literature for
rotary-wing UAVs.
Following similar arguments, we can also obtain gradient
updates for the altitude and radius of each UAV. However,
since both the altitude and the radius are confined within finite
intervals, namely, [hmin , hmax ] and [rmin , rmax ], respectively,
we instead replace the gradient updates of these parameters
with a simple two-dimensional line search. That is, in iteration
+ 1, the altitude and radius of UAV k can also be updated by
solving the optimization problem in (15) for fixed (xk , yk ) =
(+1) (+1)
(xk
, yk
). In this case, we have


(+1)

hk

(+1)

, rk

arg min



=

M

hk ∈[hmin ,hmax ] m=1
rk ∈[rmin ,rmax ]



(+1) (+1)
am,k λm,k γ̃m,k × xk
, yk
, h k , rk ,

(26)
where the solution is obtained by line search. The complexity of the 2D line search for each UAV is O(1/ε2 ), where
ε is the resolution of the line search on each dimension.
The above procedures are repeated until no further improvement can be observed in terms of the weighted sum transmit
power, as described in (15a). The computational complexity at each UAV is dominated by the line search and, thus,
is given by O(Niter /ε2 ), where Niter is the number of iterations required until convergence. Note that, by setting the
(+1)
()
()
convergence criterion as φ k
− φ k /φ k  >  with
 = 0.001 in our experiments (see Section VII), the algorithm
typically converges within 11 iterations. The algorithm is summarized in Algorithm 2. It is worthwhile to note that, while
it may be possible to alternate between Algorithms 1 and 2
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until convergence, our experiments show that little advantage
can be gained by doing so. Hence, we propose to perform
Algorithms 1 and 2 only once in order to reduce the system
complexity.
Here, we assume that the above solutions are computed
offline with central knowledge of the locations and demands
of all IoT devices that remain static over time. However, we
argue that it is also possible to implement the algorithms in
a distributed fashion by the UAVs. In particular, in the MES
device association algorithm, each UAV first solves a separate 0-1 knapsack problem with knowledge of the demands
of devices within its vicinity in Stage 1. The distributed association decisions can then be broadcast to the devices where
conflict is resolved by selecting the maximum profit UAV. In
the ILB UAV deployment and radius adjustment algorithm,
the UAVs’ trajectory centers and radii are updated independently at the respective UAVs given the current association
decisions. The above procedures are suitable for IoT or sensor network applications where the sensor devices feedback
their observations periodically over time at fixed transmission
rates and locations. Even though the proposed algorithms may
be performed in a distributed fashion, they may not be applicable to a mobile environment where the devices’ locations
and demands may vary rapidly over time.
VI. C OLLISION -F REE S CHEDULING AND DATA
F RESHNESS AWARE A SSOCIATION
In the previous sections, the MES and ILB algorithms were
proposed for device association and UAV deployment, respectively, based on the optimization problem in (8). However, to
simplify the design, we considered an ideal schedule, where
the devices were assumed to transmit instantaneously whenever their associated UAVs arrive at the closest points to these
devices (see Section III-B). In practice, the devices’ transmission durations are non-negligible, and thus the transmissions
from close-by devices may collide under ideal scheduling.
Moreover, the MES device association algorithm is concerned
with only the total energy savings, but does not consider the
fairness of devices, especially when the network is overloaded.
In this section, we propose effective approaches to achieve
collision-free scheduling and enable fair device association
through the consideration of data freshness at the UAVs.
A. MES Device Association With Collision-Free Scheduling
Recall that, under the ideal scheduling described in
Section III-B, a device, say device m, that is associated
∗ 
with UAV k will be scheduled to transmit at time tm
arg mint∈[0,T ] sm − uk [t] within each period. The position
of UAV k at this time can be written as
∗
∗
∗
uk [tm
] = (xk + rk cos θm
, yk + rk sin θm
, hk )
∗
θm

∗ /T
2πtm

(27)


mod 2π is the trajectory phase assowhere
ciated with the ideal transmission time instant of device m.
∗ as the ideal transmission phase of
We shall refer to θm
device m, which is also the phase of the vector from the
UAV’s trajectory center to device m’s location, as illustrated
in Fig. 2(a). Moreover, with demand λm , device m must
occupy λm /μk fraction of the time available for transmission to UAV k in each flight cycle (i.e., λμmk T ). By taking
the non-negligible transmission time into consideration, the

Fig. 2.

Example of the ideal and the proposed collision-free scheduling.

transmission of device m should ideally occur over the duration
∗ − λm T , t ∗ + λm T ] in order to minimize its transmis[tm
μk 2 m
μk 2
sion power. The corresponding trajectory phase interval is then
∗ − λm π, θ ∗ + λm π]. However, for devices with
given by [θm
m
μk
μk
similar ideal transmission phases, their transmission durations
are likely to overlap, resulting in collision among devices, as
illustrated in Fig. 2(a). Therefore, in practice, it is necessary
to adjust the transmission phases of the associated devices
(i.e., their actual transmission times within each flight cycle)
to avoid collision, albeit at the cost of increased transmission power, as illustrated in Fig. 2(b). Instead of choosing the
transmission time to directly maximize the energy savings as
in (8), which is difficult to solve in general, we propose a lowcomplexity solution that aims to minimize the devices’ total
offset between their ideal and actual transmission phases. The
optimization can be done separately for each UAV.
In particular, let us consider the scheduling of devices associated with UAV k. For ease of exposition, we relabel the
devices associated with UAV k as devices 1, 2, . . . , Mk in the
increasing order of their ideal transmission phases such that
∗ . Then, given the device association
θ1∗ ≤ θ2∗ ≤ · · · ≤ θM
k
am,k , for all m, we formulate the collision-free scheduling
problem of UAV k as the following minimum transmission

Authorized licensed use limited to: National Tsing Hua Univ.. Downloaded on March 09,2022 at 07:46:55 UTC from IEEE Xplore. Restrictions apply.

1942

IEEE TRANSACTIONS ON GREEN COMMUNICATIONS AND NETWORKING, VOL. 5, NO. 4, DECEMBER 2021

phase offset problem
Mk

min

θm ,∀m

∗
|θm − θm
|

(28a)

m=1

π
(λm + λm+1 ),
μk
(28b)
for m = 1, . . . , Mk − 1

π 
λ1 + λMk . (28c)
θ1 + 2π − θMk ≥
μk

subject to θm+1 − θm ≥

∗ | is the absolute difference between the
Notice that, |θm − θm
actual and ideal transmission phases of device m. Moreover,
the constraints ensure that the spacing between the transmission phases are sufficient to accommodate the transmission durations of consecutively scheduled devices. The
optimization problem in (28) is convex and, thus, can be solved
by a variety of methods [43], including interior point or constrained subgradient algorithms. For example, by adopting the
barrier method for
√ the interior point algorithm, the complexity scales as O( M ) [43], where M is the number of devices
(and, thus, the number of constraints).

B. Fair Device Association via Data Freshness Weighting
In addition to the collision-free scheduling, we further consider the fairness of the proposed MES device association
algorithm by taking into account the freshness of the data
gathered by the UAV. Recall that, in the original MES device
association policy, only devices that contribute more to the
total energy savings are allowed to associate with the UAVs.
Devices that are located far away from the UAVs’ flight trajectories or have low demand are less likely to be chosen. As
long as the devices’ locations do not change, these devices will
never be given the opportunity to transmit. To alleviate this
problem, we propose a fair alternative of the MES algorithm
based on the freshness of the data gathered by the UAVs [44].
Notice that, in IoT applications, devices are often tasked
to observe and feedback information (e.g., temperature) about
their local environment in a periodic manner. If the information
observed in the current period (with duration T) is not successfully fed back to the UAV, the data available at the UAV (or
the remote data-gathering node) will become additionally outdated by time T. To take the data freshness into consideration,
we propose to record the outdatedness of device m’s observation at the UAV by time Tm . Then, the device association can
be dynamically adjusted in each period by solving again the
optimization in (9) with a modified objective given by
K

M

k =1 m=1

am,k

λm
T (Pmax − Pm )e ϕm Tm ,
μk

(29)

where ϕm > 0 is the freshness parameter associated with
device m. Notice that, ϕm determines the importance of device
m’s data freshness. The data freshness weighting e ϕm Tm , for
all m, allows devices to transmit with higher priority if they
have not transmitted for a longer time compared to other
devices. The outdatedness Tm is increased by one if each
device m is not successfully associated with a UAV in the
current transmission period T. The problem can be solved
following the procedures in Sections IV and V.

Fig. 3.

Total energy savings versus number of devices.

VII. S IMULATION R ESULTS
In this section, we demonstrate the effectiveness of the
proposed MES device association and the ILB UAV deployment and radius adjustment algorithms. In the experiments,
IoT devices are deployed randomly according to a uniform distribution within a 600 × 600 m2 area. For the LoS probability
in (4), we consider an urban environment with ψ = 11.95 and
β = 0.14 at 2 GHz carrier frequency. The period of the flight
cycle is set as T = 34 seconds, and the minimum and maximum altitude of UAVs are hmin = 100 and hmax = 300
meters, respectively. The excessive path loss for LoS and
NLoS are chosen as ηLoS = 3 dB and ηNLoS = 23 dB. The
noise power is −82dBm, the SNR threshold is γk = 10 dB, for
all k, and Pmax = 50 mW. The altitudes of all UAVs are initialized as hmax to ensure high coverage of ground devices. The
load demand of devices (i.e., {λm }M
m=1 ) are chosen randomly
according to a uniform distribution between [1, 10] units, and
the capacity limits of the UAVs are set as μk = 500 units, ∀k .
The following results are averaged over 100 different network
realizations.
In Fig. 3, we show the total energy savings versus the number of IoT devices in the case with K = 3 UAVs. The total
energy savings, as defined in (8a), is the sum of the energy savings experienced by the associated IoT devices when adopting
their respective minimum transmit powers, and is measured in
millijoules (mJ) in our experiments. The proposed MES device
association algorithm is first compared with the case where
devices are randomly chosen and associated with their closest
UAVs (labeled as “Random” in the figure). The results are first
shown under a baseline UAV deployment algorithm where the
UAVs’ trajectory centers are deployed at the centroid of the
K-means clusters of the local devices (labeled as “K-means”).
Both the altitude and the radius are set as 150 meters in this
case. These values are chosen to ensure that a competitive
performance can be achieved by K-means in most cases. Then,
the proposed ILB algorithm is applied to further improve the
performance. We can see that, under random device association, the total energy savings remains relatively static over the
number of devices since the devices’ power consumption and
demands were not taken into consideration in the association.
That is, random sampling does not leverage the benefits of
multiuser diversity. On the other hand, the total energy savings of the MES algorithm increases significantly with the
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Total energy savings versus number of UAVs.

Fig. 6. Example of resulting device association and UAV deployment. Circle
markers represent unassociated devices.
Fig. 5. Total energy savings versus network area for fixed device and UAV
densities.

number of devices since the number of devices that can be
associated with the UAVs and the multiuser diversity gains
that can be exploited by selecting users with large potential
energy savings are both increased. However, the gain gradually saturates as the total number of devices increases due to
the limited capacities of the UAVs. Moreover, an additional
30% performance gain can be obtained by the adoption of the
proposed ILB algorithm. Furthermore, by averaging over 20
realizations, we find that the ILB algorithm (i.e., Algorithm 2)
converges rapidly in 10.8, 10.8, and 10.85 iterations for cases
with 300, 400, and 500 devices, respectively.
In Fig. 4, we show the total energy savings versus the number of UAVs for a network with M = 500 devices. We can
see that, as the number of UAVs increases, the energy savings
increases in all cases since more devices can be served and
their distances to the associated UAVs are decreased. However,
the improvement saturates when the number of UAVs is sufficiently large since, in this case, the total capacity of the UAV is
enough to serve all devices. Moreover, in Fig. 5, we show the
total energy savings versus the network area with fixed device
and UAV densities. In particular, the network area in the x-axis
increases linearly (taking on the values 16 × 104 , 24 × 104 ,
32 × 104 , 40 × 104 , 48 × 104 , and 56 × 104 m2 ) whereas the
densities of the devices and the UAVs are fixed as 100 devices
and 1 UAV per 100 m2 . That is, the ratio between the number
of devices and the number of UAVs is fixed as 100. We can

see that the total energy savings increases linearly with the
network area since the number of UAVs and the number of
devices that can be served by the UAVs scale linearly with the
network area as well.
In Fig. 6, we show an example of the device association for
cases where the number of UAVs is K = 3 and the number
of devices is M = 300 and 500, respectively. We can see that
the number of unassociated devices (i.e., black circle markers)
increases as M increases. Notice that the unassociated devices
may be located close to the trajectory centers since they are
farther away from the circulating UAVs. This is contrary to
rotary-wing UAVs that do not need to follow a circle trajectory,
but can stay at a static position at the center.
In Fig. 7, we compare the total energy savings attainable by the MES device association algorithm with ideal
scheduling, the MES association algorithm with conflict-free
scheduling (as proposed in Section VI-A), and the greedy
conflict-aware association algorithm. The ideal MES association algorithm refers to the ideal case where all devices
are allowed to transmit regardless of any possible collision, whereas the greedy conflict-aware association algorithm selects only devices whose ideal transmission durations
are non-overlapping in decreasing order of their normalized
demand λm /μk . Fig. 7(a) shows the total energy savings
versus the number of devices for a network with K = 3
UAVs. We can see that, as the number of devices increases,
the gap between the MES association with ideal scheduling
and the greedy conflict-aware association algorithm increases
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Fig. 8. Total energy savings versus the number of UAVs under the uniform
and Gaussian mixture device distributions.

Fig. 7. Comparison of the total energy savings attainable by the ideal MES
association algorithm, the ideal MES with collision-free scheduling, and the
greedy conflict-aware association.

since more conflict may occur under ideal scheduling. With
the proposed collision-free scheduling, all devices associated
under the MES algorithm are allowed to transmit and, thus,
the total energy savings (obtained under ideal scheduling) is
better preserved compared to the greedy association algorithm.
However, the loss in total energy savings still increases as the
number of devices increases since the offset in the devices
actual transmission phases will become larger. Moreover,
Fig. 7(b) shows the total energy savings versus the number
of UAVs for a network with M = 500 devices. In this case,
the gap between the total energy savings achievable by the
ideal and the collision-free scheduling (as well as the greedy
conflict-aware association) decreases as the number of UAVs
increases since the traffic load of each UAV is decreased and,
thus, there will be less overlap between the ideal transmission
durations of different devices.
In Fig. 8, we show the impact of the spatial distribution of the devices on the total energy savings achievable
under the proposed algorithm. More specifically, we assume
that the devices’ locations follow a Gaussian mixture distribution with 3, 5, and 10 clusters, respectively. The mean
of the different clusters are chosen randomly according to
a uniform distribution in a [50, 550] × [50, 550] m2 area,
and the variance is equal to 300 for both dimensions in all

Fig. 9. Total energy savings (black curve) and Jain’s fairness index (blue
curve) with respect to the freshness parameter ϕ.

clusters. All clusters have equal prior probabilities. We can
see that, with a smaller number of clusters, the devices are
more concentrated at certain locations and, thus, their transmission durations will have more overlap, causing the total
energy savings to be reduced significantly under the proposed
collision-free scheduling. However, as the number of clusters
increase, the devices are less concentrated, allowing the total
energy savings to increase.
In Fig. 9, we show the effectiveness of the proposed fair
device association algorithm with data-freshness weighting.
Here, we plot both the total energy savings and Jain’s fairness index with respect to the freshness parameter ϕm = ϕ,
for all m. The number of UAVs is K = 3 and the number
of devices is M = 800. Following the definition in [45], we
define Jain’s fairness index as
2
 
M
1
T̄
m


m=1
n
J T̄1 , T̄2 , . . . , T̄M  1 M
,
2
m=1 T̄m
n
where T̄m is defined as the average value of Tm before the
data is updated by device m. That is, we use the variation
of the average outdatedness of the devices as a measure of
fairness. Recall that the outdatedness Tm is initiated by the
value of a flight cycle T and is incremented by T whenever
device m fails to associate with any UAV within a cycle. Notice
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that Jain’s fairness index (i.e., J (T̄1 , T̄2 , . . . , T̄M )) must take
1 , 1]. A larger value implies
on a value within the interval [ M
that the devices are served more fairly and a smaller value
implies otherwise. In fact, the largest value 1 is achieved
when T̄1 = T̄2 = · · · = T̄M . In this experiment, we fix the
UAVs’ locations as the position obtained by iterating between
the original MES plus ILB algorithms, and utilize the datafreshness weighted objective in (29) only to update the device
association in each flight cycle. We can see that, as ϕ increases,
more weighting is given on the importance of data freshness.
Hence, devices that have not transmitted for some time are
given higher priorities to transmit and, thus, Jain’s fairness
index increases. However, the improved fairness comes at the
cost of reduced total energy savings since the device with
larger energy savings may no longer be associated in each
cycle.
VIII. C ONCLUSION
In this work, we proposed a joint UAV deployment and
device association policy that aims to maximize the total
energy savings of the IoT devices during the data-gathering
process. Different from most works in the literature, we
considered fixed-wing UAVs that must maintain constant
movement in order to stay afloat and, thus, follow circular flight trajectories to periodically gather data from their
associated devices. Given the UAVs’ trajectory centers and
flight radii, we first proposed the MES device association
algorithm based on an approximation of the 0-1 multiple
knapsack problem. Then, given the device association, we
further proposed the ILB UAV deployment and flight radius
adjustment algorithm that takes into consideration the devices’
demands in their iterative updates. Furthermore, to resolve
collision among close-by devices and to ensure fairness, we
further proposed a collision-free scheduling policy based on
the minimization of the transmission phase offset and a modified device association algorithm that balances the freshness
of data received from multiple devices at their respective
UAVs. Computer simulations showed that, for K = 3 and
M = 500, the proposed MES device association with ILB UAV
placement yields almost 100% improvement in terms of the
total energy savings compared to the random association and
K-means UAV placement, and 30% improvement compared
to only MES association. The collision-free scheduling was
also shown to effectively preserve the achievable energy savings compared to the greedy conflict-aware association where
devices are simply dropped if a collision may occur.
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