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Abstract—Lifetime is the main issue of wireless sensors networks. Since the nodes are often placed in inaccessible places, the
replacement of their battery is not an easy task. Moreover, the
node maintenance is a costly and time consuming operation when
the nodes are high in numbers. Energy harvesting technologies
have recently been developed to replenish part or all of the
required energy that allows a node to function. In this paper, we
use dedicated chargers carried by drones that can fly over the
network and transmit energy to the nodes using radio-frequency
(RF) signals. We formulate and optimally solve the Optimal
Drone Placement and Planning Problem (OD3P) by using a given
number of flying drones, in order to efficiently recharge wireless
sensor nodes. Unlike other works in the literature, we assume
that the drones can trade altitude with coverage and recharge
power, while each drone can move across different positions in
the network to extend coverage. We present a linear program as
well as a fast heuristic algorithm to meet the minimum energy
demands of the nodes in the shortest possible amount of time.
Our simulation results show the effectiveness of our approaches
for network scenarios with up to 50 sensors and a 50 × 50m
terrain size.

I. I NTRODUCTION
A. Context
Wireless sensor networks have brought a tremendous
amount of civil, military and industrial applications in the context of the Internet of Things. They are capable of periodically
monitoring their vicinity and therefore generating qualitative
and quantitative measurements about their environment. Their
main advantage is their low size and the ability to take measurements in real-time and forward them for further analysis.
However, one of their main drawbacks is their limited battery
lifetime.
Optimizing the battery consumption of wireless sensors
has been the focus of many works in the literature. Since
wireless sensors are autonomous objects powered by batteries, the performance of the underlying application strongly
depends on their energy capacity. The data generation and
transmission frequency of the sensors are always fundamental
for the application. These two services consume the majority
of the sensors’ energy, thus, limiting the application’s lifetime.
Optimizing battery consumption from data generation and
transmission frequency is important but not at the expense
of the application.
Even though applications are already optimized, prolonging
the lifetime of a wireless sensor network is still a fundamental
issue. Since the deployment of the wireless sensors may

Fig. 1: An example employing 7 nodes and 2 drone positions.
happen in harsh environments where the sensors are not
accessible, it is not always possible to replace the batteries
with a low cost. To tackle or to alleviate this issue energy
harvesting solutions have been proposed.
There are multiple energy harvesting solutions to increase
the lifetime of sensor networks. On one hand, it is possible
to harvest energy using, for example, solar panels or other
types of harvesting. However, even if this type of harvesting
is very effective and can greatly extend the sensors’ lifetime,
the amount of power is not constant and most of the time
requires a big in size extra equipment. On the other hand,
using a technology such as the RF-power harvesting [1], we
can transmit a(n) (on-demand) constant amount of energy to
the nodes, and recharge multiple nodes at the same time.
In this paper, we use the energy harvested by transmitted
RF signals from flying drones to power up energy-constrained
sensor nodes. We examine the scenario where the nodes are not
always on, but we periodically visit them in order to (partially)
recharge their battery and collect the data. We study the
problem of optimally deploying flying drones over the sensor
area. These flying drones carry dedicated chargers facing to
the ground and are capable of emitting RF signals towards
the sensors to recharge their battery as it is illustrated in the
example of Fig.1. We develop a Mixed Integer Linear Program
(MILP) and an heuristic to optimize drones utilization.
B. Contributions
Unlike previous works in the literature which do not consider realistic harvesting values neither drone mobility, (a) we

take into account realistic harvesting values (for both transmitters and receivers) obtained from a RF-power harvesting
module manufacturer, (b) we place the drones in 3D-space
while taking into account the effect of the altitude adjustment
to the harvesting power, and (c) we consider that the drones
can change positions in the 3D-space to improve coverage
and, thus, minimize the total energy replenishment time. To
this end, we formulate and optimally solve the optimal drone
placement and planning problem (OD3P) for the nodes energy replenishment using a mixed integer linear programming
formulation. A sub-optimal greedy heuristic algorithm is also
proposed as a time-efficient solution for large scale networks.
We present extensive simulation results for network instances
with up to 50 nodes and 50 × 50m terrain sizes and we study
the effectiveness and scalability of the approaches.
C. Outline
The rest of this paper is organized as follows. Section II
briefly reports the most recent related work. In Section III we
describe in detail the OD3P problem. Then, in Section IV,
we present the optimization model followed by an heuristic to
solve OD3P in Section V. We then evaluate the performance
of OD3P and we discuss its scalability in Section VI before
concluding the paper in Section VII.
II. R ELATED WORK
Recent works have already considered using vehicles as
chargers to enhance wireless sensor network lifetime. However, they often limit the problem in a two-dimensional
space [2] which decreases the accessibility and the recharge
opportunities. Besides, some works focus only on a recharge
model where the nodes are recharged one after the other [3].
Given the vehicle’s lifetime restrictions, this solution may not
be scalable since a considerable amount of time is spent to
travel from one node to another. In our work, we can cover
multiple nodes by a single drone depending on its position
and the density of the network.
Optimal dedicated charger positioning problems are also
examined in [4] and [5]. The first work presents a localized
solution as well as centralized approximation algorithm to
place mobile chargers among clustered wireless sensor nodes.
The objective of the problem is to extend the lifespan of as
many nodes as possible. An approximation algorithm for the
same problem is presented in [5]. In [6], the potential of using
battery-free nodes is examined. Dedicated chargers with fixed
positions and omni-directional antennae are placed across
the network to continuously transmit power to the nodes.
A number of solutions for the charger placement problem
while taking into account the electromagnetic radiation activity
is, also, proposed in the literature [7], [8], [9]. However,
all the previous works consider only 2-dimensional charger
deployments and a non-realistic high-power omni-directional
energy emission.
The financial cost of the deployment is an important parameter and [10] tries to minimize the number of drones used
to maintain an operating wireless sensor network for a given

amount of time. The authors provide a integer linear model
related to the set cover problem and heuristics, to minimize the
number of drones needed to wirelessly recharge the network.
However, this work does not consider drone mobility and, thus,
its practicality is limited only to very dense networks. In sparse
networks, a number of drones that equals the number of nodes
would be required.
III. P RELIMINARIES
Given a set of nodes I with known and fixed 2D positions,
the goal is to optimally deploy and plan the positions of a set
of drones N in the 3D-space in order to provide an amount of
energy at least equal to E to all the nodes in the network in the
shortest possible amount of time. This amount of energy is an
empirical value that has to be sufficient to power-up a node,
to allow it to take a measurement, and transmit the data to the
drone (or to a base station). We assume that the transmission
time is negligible compared to the recharge time of the nodes.
Each node is equipped with an RF-power harvesting module
capable of converting the RF-power from transmitted signals
to DC power. A charger with a directional antenna facing the
ground is used to continuously emit power to the network and
recharge the nodes. A drone can adjust its altitude to recharge
multiple nodes at the same time.
The amount of power each node receives is affected by its
distance to the transmission source (charger on the drone) and
the environmental conditions. Formula (1) describes the power
harvested by a node i when it is located within the line of sight
of the charger [11]:
dij dij
f ,
Phi = Prx

(1)

d

where Prxij is the received power and f dij is the efficiency of
the harvesting antenna at distance dij . The received power at
distance d is given by the following propagation model [12]:
d
Prx
= P0

e2σG
,
d2b

(2)

2σG

where ed2b has a log-normal distribution with a shadowing
coefficient σ (G ∼ N (0, 1)) and b is the amplitude loss
exponent. P0 is the received power at reference distance.
The minimum harvested power received by a node to
recharge its battery depends on the efficiency of the converter
for the corresponding received power at this particular distance. We denote by Γ this minimum harvesting threshold,
which is a hardware-depended constant.
Formula (3) defines the harvested energy of a node i for a
given time period t:
Z t
Hit =
Phi tdt.
(3)
0

This energy is stored directly in a super-capacitor with some
leakage properties expressed as ηHit , where η ∈ (0, 1).
IV. T HE OD3P OPTIMIZATION MODEL
We set J the set of possible drone 3D-positions and denote
with Ei the energy needs for each node i in I. We define

as βjn the binary variable stating whether a drone n ∈ N is
deployed at position j ∈ J . Let αn be a binary variable stating
if drone n ∈ N is used or not. We also add into the model
the continuous variables tnj representing the associated time
a drone n ∈ N is located at position j ∈ J . We finally set
τ the maximum total recharge time of a drone. τ practically
represents the drone’s maximum flying time.
The goal is to minimize the time needed to harvest and store
the required quantity of energy from the deployed drones to the
sensors, while not exceeding the budget (in terms of number
of drones) B ≤ |N |. We specify that at most one drone can be
placed at each 3D-position, determining one possible altitude.
The Mixed Integer Linear Program (MILP) is given as follows:
X

min λ

(4)

tnj ≤ λ, ∀n ∈ N

(5)

j∈J

X X

tn

(1 − η)Hi j ≥ Ei , ∀i ∈ I

(6)
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(
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(10)
(11)

∈ R, λ ∈ R (12)

The objective function
X seeks to minimize the longest drone
flying time min max
tnj , which corresponds to the minin∈N

j∈J

mum recharge time that ensures the harvested energy needs
per node. It has been decomposed into one objective (4)
minimizing a continuous variable λ. This variable is, thus,
the upper bound of the flying time of each drone (Constraints
(5)).
Constraints (6) ensure that the harvesting energy is greater
than the energy requirements of each sensor. To do so, we
compute for each position j ∈ J the harvesting power for
node i ∈ I. We then verify that the sum over the positions
harvesting power greater than Γ to i is enough to fulfill
the node’s requirement Ei . Constraint (7) ensures that the
maximum budget is not exceeded. We can place each drone at
different locations during the operation (Constraints (8)), but
the total length of its flying time cannot exceed the imposed
time limit (i.e., τ ). Only one drone can be placed at a given
position (Constraints 9) in order to limit the movement of
the drones through time. Constraints (11) verify that if a 2Dlocation with a corresponding altitude is chosen for a drone,
then no other drone can be placed above or under it. In this way
we avoid multiple drones to be aligned at different altitudes
and, thus, limit physical collisions between the drones as well

as interference.
OD3P problem is N P -hard since it is related to the set
covering problem [10]. There is no algorithm that solves
exactly OD3P in polynomial time. Due to the limited size
of this paper, we omit a formal proof of hardness.
Solving the proposed model is challenging since there is
no straightforward solution to determine the optimal recharge
time while minimizing the drone’s altitude. Indeed, placing the
drones at low altitude the total recharge time can be improved
since the harvesting power is increased. When we have enough
available drones to recharge the sensors (i.e., Constraint (7)
is not tight), the model will use them to reduce the average
altitude of the selected positions. However, given the number
of available drones, a trade-off exists here; by reducing the
altitude of the drones, the coverage is limited and, thus, more
successive drone positions are needed. On the contrary, due
to lifetime limitations of the drones, the number of visiting
positions may be also limited. This trade-off is captured by the
model when computing the time associated to the position (i.e.,
the value of variable tnj ). As far as more drones are utilized,
the model will find the best trade-off between the number of
positions visited by a drone (minimizing the sum of tnj for
all visited j), and the harvesting efficiency
of each selected
tn
position (maximizing the sum of Hi j for all j by selecting
the appropriate altitude).
V. OD3P G REEDY H EURISTIC ALGORITHM
The complexity of MILP solution requires the use of a faster
algorithm when dealing with topologies with a high number of
nodes or drone positions. Hence, we propose a greedy heuristic
algorithm to overcome this issue and approach the optimal
solution.
The greedy algorithm (see Algorithm 1) computes a set O
containing the set of sensors in decreasing order according to
their energy needs Ei . The algorithm, then, selects the first
encountered sensor in O that has the smallest set of possible
harvesting 3D positions. This set is computed by comparing
the received harvested power at node i to threshold Γ. Every
time a sensor is chosen, the 3D position with the highest
harvesting power is selected. Given this position, the algorithm
computes the maximum time length that the drone can spend
at this position. We, thus, obtain a triplet (i∗ , j ∗ , t∗ ) composed
of a sensor, a position, and an associated harvesting time.
If the position can be associated to a drone n∗ , then the
energy costs of the reached sensors from j ∗ are updated
and the position is marked as unavailable so that it cannot
be further chosen. The sensors that are fully recharged are
removed from the ordered set O. Tj is the available time
for each position j ∈ J . It depends on the time associated
with same 2D-positions in order to ensure Constraints (11). If
the cumulative flying time among same 2D positions reaches
the time limit, then all these positions are removed so that
they cannot be chosen. If no drone can go to position j ∗ with
associated time t∗ (i.e. if there is not enough time left), then
position j ∗ is simply discarded. Tn is the available time for
drone n ∈ N . It is bounded by the maximum time period τ ,

and seeks to be minimized. At the end of the first step of the
algorithm, the flying time of the drone n∗ is updated. At the
end of the algorithm, we compute the minimum value λ of
the recharging time phase.
Algorithm 1 Greedy heuristic algorithm for OD3P
1:
2:

3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

Input: sensors I with associated energy needs Ei , i ∈ I,
drones N , positions J , budget B
Output: a subset Sn ⊂ J of positions with associated
n
time duration
P tj n for each drone n ∈ N minimizing
maxn∈N j∈J tj
O : set of sensors in decreasing order of Ei
Ji = {j ∈ J : Phi ≥ Γ} in decreasing order of Phi
Tj = 0 for all j ∈ J
Tn = 0 for all n ∈ N
while O =
6 ∅ do
i∗ = { first sensor in O with minimum |Ji |}
j ∗ = first position in Ji
t∗ = min{τ − Tj , Ei∗ /Phi∗ }
n∗ = min{Tn for all n with Tn + t∗ ≤ τ }
if n∗ has been found then
Tn∗ = Tn + t∗
Add j ∗ and t∗ to Sn
Ei = max{0, Ei − Phi ∗ t∗ } for all i ∈ O
O = O \ {i ∈ O, Ei = 0}
Re-order O in decreasing order of the updates Ei
for all j ∈ J , (xj , yj ) = (xj ∗ , yj ∗ ) do
Tj = Tj + t∗
if Tj = τ then
Remove j from Ji for all i ∈ I
Remove j ∗ from Ji for all i ∈ I
P
return Sn for all n ∈ N and λ = maxn∈N j∈Sn tnj

The computational complexity of the greedy algorithm
depends on the number of nodes and the complexity of the
implementation of the sorting algorithm (O(n log n) in best
case). Since the algorithm seeks one node at each iteration
(see line 7), and every iteration is computed in O(m log m)
run time, where m the numberPof nodes remaining in set O,
|I|
the total running time will be i=1 i log i.
VI. P ERFORMANCE EVALUATION & DISCUSSION OF THE
RESULTS

A. Simulation setup & evaluation metrics
We assume that the nodes are randomly placed on a 2dimensional grid of size 50m × 50m. We vary the number
of nodes between 5 and 50, and the budget (in terms of
number of drones) from 3 to 10. The number of possible
drone positions is chosen between 125 and 500 (i.e., 5 × 5 to
10 × 10 grid points × 5 altitudes). The energy requirement of
each sensor is set to 150mJ. For instance, this is the minimum
amount of energy a Zolertia Z1 node1 needs in order to bootup, take a measurement, and transmit it to the gateway. The
1 https://github.com/Zolertia/Resources/wiki/The-Z1-mote

drones can cover the nodes’ energy demands by transmitting
3W EIRP power (915MHz) to the nodes, which according
to our adopted path-loss model
and the manufacturer’s
data


results in approximately Γ = 6.3 × 10−5 , 0.01 W of harvested power depending on the distance. The power harvesting
values are computed given the efficiency of the Powercast
P2110B modules2 operating at 915MHz. The efficiency varies
from 0 to about 65% depending on the received power. The
chosen parameters for the harvesting model are P0 = 10mW ,
b = 1.05, σ = 1, and η = 0.3. The maximum recharging time
of a drone is set to 1 hour.
For each size of I, J and budget B ≤ |N |, we compute 10
different random topologies. We summarize the results with
the mean value for each topology size. We did not plot the
95% confidence interval to keep the plot readable since they
are very close to the mean value. The model is implemented
in Java language and solved using the IBM CPLEX solver
12.8 on an Intel Core i7-5500U CPU, 2.40 GHz, 16 Gb RAM
computer under Microsoft Windows 10 operating system.
B. Study of the optimal energy replenishment time
In this study we compute the optimal time needed to
replenish the energy of the sensors for different numbers
of used drones, sensors, and 3D-positions (grid positions).
The results are computed by solving the OD3P optimization
problem and are depicted in Fig. 2. They reveal the model’s
ability to compute optimal values even for a high number of
sensors and drone positions. On one hand, as it was expected,
the recharge time decreases as more drones are added in the
field or more drone positions are taken into account. More
drones are also needed for higher node populations. Moreover,
the optimal number of drones varies between 7 and 9 drones.
On the other hand, the recharge time tends to remain constant
or increase as more drones are added above the optimal point.
This happens because once the optimal solution has been
found, the model does not allow placing drones at different
altitudes while covering the same number of sensors. As a
consequence, some drones are slightly moved from the optimal
position so that the rest of the drones can fit in the 3D field.
This results in a constant or sometimes higher recharge time.
C. Study of the drone positions
In the next study, we compute the number of successive
positions of the drones throughout the process as well as
the mean recharge time per position. We remind that each
drone is allowed to change positions in order to recharge as
many sensors as possible within the imposed time limit. As
we can observe from Fig.3a, a drone moves on average to
several positions in order to fulfill the energy requirements
of the nodes (Constraints (6)). More positions are selected
as more nodes are added in the field. Moreover, the number
of positions decreases when increasing the drone population.
Despite that, it is interesting to observe that the number of
positions converges to 2 or 3. This number is related to the
2 http://www.powercastco.com/wp-content/uploads/2016/12/P2110BDatasheet-Rev-3.pdf
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Fig. 3: Analysis of the computed positions per drone & time per position.
minimum time required to recharge a single node at the lowest
altitude as well as to the imposed energy replenishment time.
This can be also explained by dividing the results of Fig.2a
by those of 3b, which will give us the mean number of drone
positions.
Placing the drones at the lowest possible altitude, the
harvesting energy is maximized due to the increased power
and the high efficiency of the harvesting module. However,
this action decreases coverage, thus, more drones are needed
in the field. In other words, as explained in Section IV there
is a trade-off between coverage and recharging time that the
computational model has to solve. Fig.3c reflects the behavior
of the model while dealing with this trade-off. The figure
reports the mean and the maximum altitude of the drones for
the examined scenarios. The results witness that even if there
are selected positions at 3m (for |J | = 125 or 250), or 5m (for
bigger |J |), the average altitude of all the selected positions
barely exceeds 1m. This shows that low altitude positions are
promoted by the model.

positions and the number of drones increases. However, as
depicted in Fig. 4a and 4b, it needs only a few seconds
for scenarios with up to 20 nodes and up to 245 drone
positions, respectively. On the contrary, the greedy algorithm
solves quasi instantly all the topologies. Indeed, the maximum
captured running time of the algorithm is 72ms. We must
note that, in terms of total recharge time, the greedy approach
achieves the optimal value for only 8.2% of the instances,
while about 17% of the solutions are up to 10% longer than
the optimal. The optimal value is usually reached for small
number of drone positions (i.e., 125, 180, and 245). When the
problem complexity increases greedy is on average 26.07%
far from the optimal (Fig. 5a). Moreover, as we can observe
from Fig. 5b and 5c, the solutions computed by the heuristic
impose on average a lower drone altitude as well as a lower
recharge time per position. This result reveals the ability of the
model to provide a better trade-off between the altitude and
the optimal recharge time compared to the heuristic algorithm.

D. Scalability study & comparison

In this paper, we presented an optimal linear formulation
of the drone placement and planning problem in order to
minimize the energy replenishment time of ground sensors.
We developed and optimally solved a Mixed Integer Linear
Program (MILP) to tackle the problem. We also proposed a
heuristic algorithm capable of solving large instances of the
problem in a very short amount of time. The originality of
our work lies on the focus of our approach which is the

In this study we examine the computational model’s scalability and we compare MILP’s performance to that of the
greedy algorithm.
Fig. 4b presents the execution time of MILP for different
drone positions and populations. The MILP optimally solves
all the examined instances. However, the resolution time
presents an exponential increase as the number of drone

VII. C ONCLUSION AND FUTURE WORK
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minimization of the recharging time, given a number of mobile
drones. The simulation results showed the effectiveness of our
strategy both in terms of deployment and computation cost.
They also showed that the drones altitude is minimized to
ensure good harvesting capabilities which gives good insights
to the analysis of practical distributed algorithms and industrial
scenarios. In the next steps of this work, we would like to
investigate a fully localized algorithm for the drone placement
and planning problem. We will also focus on integrating
the drones’ trajectories inside the MILP and the heuristic
formulation.
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