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Abstract—In harsh and remote environments like mountains,
forests or sub-urban areas, traditional communication technolo-
gies might be unavailable or offer an intermittent and unreliable
service. Immediately after a disaster, such as a flood, a wildfire or
an earthquake, networks might be congested or disrupted and not
suitable for supporting the traffic generated by rescuers. In these
situations, the use of a traditional fixed-gateway approach, would
not be effective due to the mobility of the rescuers. In the present
work, a double-layer network system called LoRaUAV has been
designed and evaluated with the purpose of finding a solution
to the aforementioned issues. LoRaUAV is based on a WiFi ad
hoc network of Unmanned Aerial Vehicle (UAV) gateways acting
as relays for the traffic generated between mobile LoRaWAN
nodes and a remote base station. The core of the system is a
completely distributed mobility algorithm based on virtual spring
forces that periodically updates the UAV topology to adapt to the
movement of ground nodes. The system has been successfully
implemented in a simulation environment and has been assessed
using the Packet Reception Rate (PRR) and the delay as the main
QoS metrics. It is observed that the mechanisms implemented
in LoRaUAV effectively help improving the PRR, with the only
disadvantage of a bigger delay affecting a small percentage of
packets caused by buffer delays and disconnections.

Index Terms—UAV, LoRaWAN, Relay, Mesh, Virtual forces.

I. INTRODUCTION

OVER the past few years, the ubiquity of the Internet and
the miniaturization of computational devices created a

new paradigm called Internet of Things (IoT). In many cases,
IoT devices are subject to very strict power constraints. For
this reason, a new range of low power wireless communication
protocols have been developed in order to support Low Power
Wide Area Networks (LPWANs) [1]. These networks are
formed by simple devices that communicate infrequently over
long distances at low bitrates. LoRa (Long Range) is one of the
most promising and versatile technologies enabling LPWANs.
LoRa is a narrowband modulation technique based on the
Chirp Spread Spectrum (CSS) modulation, a technology that
achieves high robustness against channel degradation mech-
anisms such as multipath fading, signal fading and Doppler
shift. By taking advantage of Spread Spectrum (SS), chirps
orthogonality and the good propagation properties of the
sub-GHz spectrum, LoRa provides communication over long
distances, at the expense of the bitrate and of the maximum
time interval between transmissions due to duty cycle limi-
tations in the bands used by the protocol. Air time, power
consumption and data rates can be controlled by different
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Fig. 1: High level view of LoRaUAV system architecture.

Spreading Factor (SF) (7 to 12) and bandwidth (125 kHz or
250 kHz) combinations. The LoRa modulation is the core of
the PHY and MAC LoRaWAN protocol [2].

Unmanned Aerial Vehicles (UAVs), also called drones, are
aircraft without a human pilot aboard. Exclusive prerogative
of the military for many years, UAVs are now commercially
available at low prices, thus making them appealing for a wide
variety of applications [3]. Drones come in different shapes,
but the most common are quadrotors and fixed-wings drones.
In case of a disaster, such as a flood or a wildfire, UAVs can
be used to support the rescuers, to localize the victims and to
create a backhaul network when communication facilities are
disrupted. UAVs provide many advantages compared to other
solutions: movement in an obstacle-free environment, better
overview of the area, Line Of Sight (LOS) with targets and
faster data acquisition in large areas. However, UAVs still have
a limited flying range, autonomy and flying time. UAV swarms
are increasingly being considered as a possible solution [4] [5]
[6] [7]. Integrating UAVs and LPWAN protocols in disaster
scenarios may offer a new cost-effective and energy efficient
way to solve problems arising during the operations of the
rescuers. In this paper, a challenging scenario is considered:
a forest where a wildfire has been detected. Wildfires affect
rural or suburban areas where the coverage of conventional
networks (e.g. cellular networks) is scarce or absent. UAVs
can therefore be used to establish a relay network between the
Base Station (BS) managing the operations and the firefighters,
therefore providing situational awareness to the rescuers. The
mobility of firefighters represents a big challenge, since the
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UAV swarm has to maintain the coverage of ground nodes and
the connectivity to the BS. LoRaUAV, a UAV system based
on LoRaWAN and WiFi, is designed to tackle these problems.
Fig. 1 shows a representation of the system architecture.
The main contribution is represented by the distributed UAV
mobility algorithm based on Virtual Spring Forces (VSFs)
used to adapt the topology of the mesh to the movement of the
ground nodes. The rest of this paper is organized as follows:
Section II presents a review of the related works. Section
III presents LoRaUAV and its main algorithms and explains
the main design choices. Section IV presents the developed
simulation model. Section V presents the simulation results to
evaluate all the algorithms. Finally, conclusions are reported
in Section VI.

II. RELATED WORK

Chandrashekar et al. [4] propose a centralized algorithm
to select the minimum number of UAVs necessary to cover
clusters of isolated Ground Nodes (GNs) and at the same time
maintain the connectivity between UAVs that have a fixed
communication radius MaxRadius. The GNs are divided
in clusters based on a connectivity matrix. For each cluster,
the set of neighbouring clusters, defined as the clusters in
which the distance between the closest points is at most
2×MaxRadius, is determined. Starting from the cluster with
fewer neighbours, the subset of neighbours that are also each
other’s neighbours is selected. The position of the UAV that
covers this subset of clusters (super cluster) is determined by
means of a convex minimization problem. Finally, UAVs are
sent to the new locations by minimizing the travel distance.

Caillouet et al. [5] add the requirement of maintaining the
connectivity of the UAV mesh to a base station. Targets have
a fixed position in the 2D plane, while UAVs can occupy
any position in the 3D space. The range of Air-to-Air (AtA)
communication is fixed. The Air-to-Ground (AtG) range is
instead a function of the altitude and of the half beamwidth
of the directional antennas. UAVs have also an associated cost
to model energy constraints. The solution is based on a multi-
objective linear optimization problem, that minimizes the cost
of deployment and the altitude of UAVs, while maximizing
the AtG channel quality and respecting the positioning and
connectivity constraints. Connectivity constraints sometimes
more than doubles the number of necessary UAVs.

Di Felice et al. [7] propose a distributed algorithm based on
VSFs to give coverage to a set of isolated GNs. The mobility
of UAVs is subject to three rules: connectivity of the aerial
mesh must be preserved, QoS of the links must be guaranteed
and the covered GNs must be preserved. These requirements
are obtained by moving each UAV according to a virtual force−→
R given by the sum of the spring forces associated with each
wireless link established by the UAV. Each force is computed
as

−→
F = −k · δ (1)

where k is the stiffness of the spring and δ is its displace-
ment, computed as a function of the link budget LB(i, j)

measuring the quality of the wireless link (i, j). LB(i, j) and
δ are defined as

LB(i, j) = Prij −RSi
thr (2)

δ = α

√
max(LB(i, j), LBreq)

min(LB(i, j), LBreq)
− 1 (3)

where LB(i, j) is the difference between the received power
Prij and the receiver sensitivity RSi

thr and α is the decay
exponent. For AtA links, k is a fixed parameter. For AtG links,
k is dynamic and defined as

kAtG =
ni

max(nj)∀j ∈ Neighi
(4)

where ni is the number of GNs covered by the i-th UAV
and nj is the number of GNs covered by the best connected
j-th UAV belonging to the neighbours of the i-th UAV. In this
way, UAVs connecting more GNs oppose more resistance to
movements that might reduce the number of covered nodes.
At each time step ∆T , the resulting force

−→
R is computed

for each UAV and then, if the force magnitude is above a
certain threshold, the UAV moves with constant speed in the
new direction. An exploration phase is also triggered each
Tscout seconds. All the UAVs with no other UAV in their
visibility zone become scout nodes with probability pSCOUT

and an attractive spring force is computed between them and
the center of the least visited cell. The displacement δ is fixed
to a reference value, while k is dynamic and given by

kAtF =

(
1− vi(j)

vMax
i

)vMini +1

(5)

where vMax
i and vMin

i are the maximum and minimum
number of times the UAV has visited a cell, considering all
the cells in the scenario. vi(j) represents the number of visits
of the i-th UAV to the j-th cell. This allows for less visited
cells to be explored with a higher priority.

III. THE LORAUAV SYSTEM

The objective of LoRaUAV is to provide coverage to mobile
GNs using a fleet of UAVs, whose purpose is to relay the
collected data to a BS through an ad hoc network established
between its members. Each UAV must be able to adjust its
position to reflect the changing topology of the GNs and at
the same time to maintain a connection with the BS. Discon-
nections, although difficult to avoid, must be minimized and
recovery measures must be set up to recover the connectivity.
LoRaUAV provides mechanisms to tackle all these problems.
Some assumptions are made:

1) All UAVs fly at the same altitude in a 2D plane;
2) All UAVs can move with constant speed in any direction;
3) UAVs periodically exchange their position and the list

of covered GNs with their neighbours;
4) UAVs have access to the received power of neighbouring

UAVs and GNs or can estimate it based on their position;
5) The position of the BS is known by all UAVs.
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A. Architecture

The architecture of LoRaUAV consists of a two-layer sys-
tem: the first layer is composed of GNs that transmit data
using LoRaWAN, while the second layer is composed of a
swarm of relay drones communicating over a WiFi ad hoc
network. LoRaUAV is composed of three entities: GNs, UAVs
and a BS. GNs are equipped with devices that aggregate
data coming from various sensors and transmit it using a
LoRaWAN module. UAVs must be equipped with all the
necessary sensors, controls and software for navigation and
stabilization, e.g. speed meters and accelerometers. We assume
that drones already come with all the necessary components
and with a software API to interact with them. The UAVs
considered in this work are multi-rotors able to hover over
a location or target. UAVs carry a module that integrates a
LoRaWAN Gateway (GW) chip and a WiFi chip supporting
ad hoc communications. End-to-end packet delivery over
WiFi is accomplished thanks to a traditional TCP/IP stack,
with the assistance of a proactive MANET routing protocol.
The module contains also a relay application, responsible
for adapting LoRaWAN packets received by the GW and
send them over the ad hoc network to the destination. The
most important part of the system is the VSF distributed
mobility algorithm, responsible for planning the movements
of the drone according to virtual spring forces on the basis
of parameters collected from the GPS, routing tables and
messages exchanged with GNs and other UAVs. Therefore,
the algorithm needs to interface with almost all the UAV
systems. The BS contains the same WiFi equipment of a
UAV, runs the same MANET routing protocol and integrates
a LoRaWAN Network Server (NS) to manage the network.
Other LoRaWAN entities ( Application Servers (ASs) and Join
Server (JS)) can be placed anywhere provided that a form of
network connectivity is available.

B. VSF Mobility Algorithm

LoRaUAV implements a force-based distributed mobility
algorithm that can push or pull a UAV closer or further from
other UAVs or GNs. In this way, UAVs are kept in the range of
each other, collisions are avoided and the objective of covering
the GNs is pursued. The implemented VSF algorithm is an
adapted version of the algorithm described by Di Felice et
al. in [7]. Modifications affect the weights of AtA and AtG
forces. The algorithm runs at fixed regular intervals ∆T . At
each time step, each UAV generates a set of virtual springs,
having one end attached to the UAV that generated them and
the other end attached to either a GN (AtG spring) or another
UAV (AtA spring). For each spring, the force Fij between
node i and node j is given by

−→
Fij = K · (LBij − LBreq)−→x (6)

where K is a proportionality factor, LBij is the real or
estimated link budget between node i and node j and LBreq

is the required link budget. Link budget measurements gives a
better indication of the quality of the link and allow to better
select the parameters according to application-specific QoS
requirements. The total force F i

tot applied to UAV i is

−−→
F i
tot =

N∑
j=0

−→
Fij (7)

where N is the number of springs originating from UAV i.
AtG springs are established with all the GNs that have sent
to the UAV at least one update in the last tAtG seconds. AtA
springs, instead, are established with any one-hop neighbour-
ing UAV. AtA and AtG springs are only established with direct
neighbours, thus lowering the computations and the complex-
ity of the interactions. The K parameter is fundamental to
determine the weight and priority of each spring force Fij .
For AtA springs, K is updated according to the expression

KAtA = Kp

(
Nmax

neighs

nneighs

)
(8)

where Kp > 0 is a scaling factor, Nmax
neighs is the maximum

expected number of neighbouring UAVs and nneighs is the
current number of neighbouring UAVs. Equation 8 allows to
scale the magnitude of the AtA forces on the basis of the
relative number of neighbouring UAVs. In this way UAVs
with few neighbours have a higher tendency to stick to the
formation, while UAVs with many neighbours exhibits the
opposite behaviour, therefore assigning more relevance to
AtG springs. A good value of Nmax

neighs typically resides in
the interval [6, 8], since UAVs tend to arrange themselves in
hexagonal grid formations when subject only to AtA forces. If
the number of drones is small, Nmax

neighs can be approximated
with the total number of UAVs. The K parameter takes a
different value at each time step for each AtG spring attached
to the GN j:

Kj
AtG =

umax

uj
(9)

where umax is the highest number of neighbouring UAVs
sharing one or more covered GNs and uj is the current number
of UAVs covering GN j. This relation gives more priority
to the GNs that are covered by less UAVs and drones are
therefore expected to distribute themselves uniformly between
the GNs that are in range.

C. Connection Recovery and Maintenance (CRM) Algorithm

In LoRaUAV, clustering of UAVs is difficult to avoid.
Disconnections might be caused by difficult environmental
conditions or by one or more UAVs that go too far from nearby
UAVs due to strong attractive forces. Some mechanisms are
therefore integrated in the system to recover the connectivity
with the UAV formation and with the BS. After the connection
to the BS is recovered, a connection maintenance procedure
is triggered. Fig. 2 shows the developed Connection Recovery
Mobility (CRM) algorithm. The CRM algorithm has three
types of mobility: the VSF mobility described in Section
III-B, the Network Recovery Mobility (NRM), that consists
in moving the drone towards the BS to recover the connection
and the Stationary Mobility (SM) that forces the drone to
hover over a location. The pause and persist parameters are
used to select the mobility. The pause parameter is a positive
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integer that specifies for how many time intervals the UAV
has to remain stationary. When a connection with the BS
is recovered thanks to the NRM, the SM is activated and
kept active for pause × ∆T time intervals in order to avoid
further disconnections. Every UAV sets pause according to the
expression

pause =

⌊
Pmax

Rmax

DBS

⌋
(10)

where Pmax is the maximum number of pause intervals,
Rmax is the maximum communication range and DBS is the
current distance from the BS. Rmax is updated progressively
thanks to the position information periodically exchanged with
neighbouring UAVs. Equation 10 assigns a more conservative
behaviour to drones that are closer to the BS and therefore
more likely to cause the disconnection of a larger part of the
network. On the contrary, peripheral UAVs can act more freely,
since their temporary disconnection is less likely to cause the
partition of other parts of the network. The pause parameter is
ignored only when the load parameter is zero. This parameter
measures the number of relayed packets during a time window
of fixed length tload and it can therefore be used to select
inactive UAVs free to move without the constraints imposed by
the CRM algorithm. The persist parameter is a positive integer
that specifies for how many time intervals the UAV has to keep
using the VSF mobility even without a connection to the BS,
with the hope that a connection can be recovered thanks to
the rearrangement of other UAVs. The persist parameter is set
according to the expression

persist =

⌊
(hops− 1)

DBS

Rmax

⌋
(11)

where hops is the last recorded hop distance between the
UAV and the BS. Equation 11 allows peripheral UAVs to be
dragged by VSF forces for a longer time, even if they are
isolated. On the contrary, UAVs closer to the BS are less
tolerant to disconnections and try to recover a connection
faster. It is possible that a group of UAVs, sharing some
covered GNs, gets isolated from the swarm. In this case,
the typical persist behaviour would not exploit the redundant
UAVs to recover the connectivity. Instead, all the UAVs would
trigger the NRM at almost the same time and all would loose
the connection with the covered GNs. To avoid this situation,
UAVs that are covering a set of GNs determine, after loosing
the connection, the neighbouring UAV with which they share
the highest percentage of GNs. If this percentage is above a
certain threshold pshared, one of the two UAVs is redundant.
Every UAV has a fixed ID that has been assigned before the
operation. The UAV with the lowest ID among the two cuts
by half its persist intervals, while the other UAV doubles
those intervals. In the next time steps, the UAVs with the
lowest value of persist triggers the NRM before the others
and reposition itself closer to the BS. This helps to recover a
connection with the UAV swarm without loosing the GNs.

D. Movement Prediction (MP) Algorithm
The Movement Prediction (MP) algorithm is a solution to

recover isolated GNs based on a combination of movement
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Fig. 2: CRM algorithm.

prediction and virtual forces. This last characteristic allows
to easily integrate the solution in the system and to preserve
the simplicity of the LoRaUAV distributed approach. The
algorithm is based on entities called holograms, whose purpose
is to signal to UAVs the supposed position of isolated GNs.
An hologram contains a pair of spatial coordinates that can
be used to compute a virtual AtG force between the hologram
itself and other UAVs. Since GNs are moving, the information
about their last known position is not enough to create useful
holograms. However, if GNs keep a regular direction and
speed for some time, the future position of GNs can be
predicted from previous recorded positions and the hologram
location can be updated accordingly at each time step. In
LoRaUAV, the prediction is based on simple kinematic rules.
If we consider a GN i at time t, its future position xi is

xi(t+1) = xit + vxit +
1

2
âxit ·∆t (12)

where vit and ait are respectively the velocity at time t
and the expected variation of velocity between t and t + 1.
The computation requires the three latest positions of a node.
To simplify the problem, only GNs with constant velocity are
considered, so that only the two latest positions, separated
at most by tr seconds, are required. UAVs are responsible
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for keeping track of lost GNs (in last tlost seconds) and for
sending to other UAVs the information needed to predict the
location of holograms: the last known position of a GN, its
velocity vector and the time of the its latest recorded position.
This information is included in a message called token, sent
in unicast to every UAV in the routing table. A hologram is
created for each token and an expiration timer texp is attached
to it. To avoid disruptions of AtA and AtG forces, only UAVs
that are inactive (load = 0) are influenced by hologram forces.
To reduce the amount of exchanged tokens, lost GNs can
be first clustered in groups using a clustering algorithm. In
LoRaUAV, k-means is used for clustering and k-means++ is
used to initialize the centroids and speed up the convergence.
In k-means, k centroids are initialized and all data points are
associated to the closest centroid according to the Euclidean
distance metric. The mean of all the points assigned to a
centroid is used as a new centroid in the next iterations of
the algorithm until convergence is reached. In LoRaUAV, the
k-means algorithm is run multiple times with different values
of k, with k ranging from 2 to kmax, and the quality of
the clustering is then assessed through the average silhouette
index, a metric that measures the similarity among members
of the same cluster and their dissimilarity from members of
other clusters. The silhouette s(i) of the data point i is given
by

s(i) =
b(i)− a(i)

max{a(i), bi}
(13)

where a(i) is the average distance of i from the members of
its own cluster and b(i) is the lowest average distance of i from
the members of neighbouring clusters. The index gets values
in the interval [−1, 1]. Values closer to 1 indicates that the data
point i belongs to a good cluster. Data points belonging to a
cluster with only one point have a silhouette value of zero.
The average savg of all s(i) is compared to the minimum
threshold sthr to assess the overall quality of the clustering.
If no good clustering is found, all lost GNs are assigned to a
single cluster. A token is created for each cluster and sent to
the other UAVs. The token contains the center of mass, the
average velocity and the time of the most recent update of
each cluster.

IV. SIMULATION MODEL

The LoRaUAV system performance is evaluated through
simulations performed with ns-3 [8]. ns-3 has been chosen
for its modular architecture, its speed and for its support
of all the protocols that are part of LoRaUAV, including
modules for simulating LoRaWAN networks. Of the available
LoRaWAN modules for ns-3, the one developed by Magrin et
al. [9] has been chosen. Additional classes and modules have
been developed to implement missing features. In particular,
a loravsf module has been developed to simulate the VSF
based mobility algorithms described in Section III. The main
modelling choices are described in this section.

A. Channel Propagation Models
AtA links are modelled with a Friis propagation model. It

is assumed that the monitored area is flat and no obstacles are

present in the LOS of the UAVs at any moment. Since UAVs
operate several meters above the ground, the LOS assumption
is acceptable. Under these conditions, the Friis propagation
model represents a reasonable choice [10]. The path loss PL
in dB is therefore computed as

PL = Gt +Gr − 10 log

(
(4πd)2L

λ2

)
(14)

where Gt and Gr are antenna gains in dBi, λ is the
wavelength in meters, d is the distance between the transmitter
and the receiver in meters and L is the system loss. Gt and
Gr are set to 0 and L is set to 1.

In the considered scenario, GNs move in an environment
rich of vegetation. In these conditions, the LOS between GNs
and UAVs is not guaranteed at all times and foliage and trunks
produce considerable absorption, scattering and diffraction. In
this work, the AtG channel is modelled with a Log Distance
path loss model described by the equation

PL = L0 + 10nlog10

(
d

d0

)
(15)

where n is the path loss exponent, d the distance in meters
from the receiver and d0 and L0 are respectively the reference
distance and the reference loss for d0. This parameters are
estimated from the LoRaWAN RSSI measurements obtained
in a forest environment and collected by Iova et al. in [11]
(L0 = 32.22 dbm, n = 5.2, d0 = 1 m). The authors
show that a significant range drop, from few kilometers to
few hundred meters, is expected when LoRaWAN is used
in environments with thick vegetation, even if high SFs are
used. The implemented model does not claim to be extremely
realistic, but it gives a worst-case estimation of the LoRaWAN
expected range that agrees with real experimental measures.

B. Firefighters Mobility Model

The VSF algorithm adapts the topology of the UAV swarm
according to the movements of GNs. To validate the perfor-
mance of the developed algorithm, it is therefore necessary to
assign a suitable mobility model to the GNs. Given the consid-
ered application, GNs must act similarly to firefighters during
a wildfire operation. To the best of our knowledge, no mobility
model has ever been created for this situation and therefore a
new one has been developed based on information collected
from [12] and [13]. An approximation of this behaviour has
been implemented in the FiremenMobilityModel ns-3 class.
According to this model, each GN i is assigned to a team j,
with j = 0, 1, 2.., N . Teams can be placed anywhere in the
simulation area, which is assumed to be an S×S square. The
whole area is divided vertically in N equal width columns, one
for each team, and each column is in turn split horizontally in
Rj equal width rows, where

Rj = bS/drjc (16)

where djr is the retreat distance of team j. At this point,
every team has an assigned vertical stripe with Rj cells. At
t = 0, each team selects a random point in the furthest cell
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from the origin of the scenario in its assigned stripe and move
towards it with constant speed until the destination is reached.
At this point, the team members start moving independently
and randomly for a certain amount of time trw (deterministic
or random) in a rectangular sxj × syj operation area. When
time is over, teams select a new point in the second furthest
cell and repeat the previously described process. Teams stop
moving when the simulation is over or when they have visited
all the cells in their column. This model tries to mimic
the advancement of a wildfire and the consequent retreat of
firefighters to fallback areas where new attacks to the fire are
attempted. A representation of the model is shown in Fig. 3.

Starting
Point

Team 1
Team 2

Team 3

Fa
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A
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Fig. 3: Firemen mobility model. Teams start from a starting point
and go to the furthest cell in their assigned column.

V. SIMULATION RESULTS

An incremental evaluation of the algorithms presented in
Section III has been made. All fixed parameters are reported
in Table I. The main evaluation metrics are the Average End-
to-End Packet Reception Rate (AE-PRR) and the Average
Total Delay (ATD). The first metric measures the average
PRR of unique packets at the BS, while the second metric
measures the average end-to-end delay, including the buffer
delay, of uplink packets. Averages consider 100 runs of the
same scenario (seed in [0, 99]). The 95 % confidence interval
is also computed assuming a Student’s t-distribution of the
population. The simulation parameters used in each subsection
are reported in Table II.

A. Study of the Impact of AtA Forces Proportionality Factor

The impact of Kp on the coverage of GNs has been assessed
with the objective of determining if and how much different
values of the parameter affect QoS metrics in different scenario
configurations. The trend of the AE-PRR as a function of Kp

is shown in Fig. 4 for different team configurations. If Fig. 4-C
is taken as a reference, a series of observations can be made.
As expected the AE-PRR increases with the number of UAVs.
In fact, adding 2 UAVs to the system produces an ≈ 10%
increase of the AE-PRR. Moreover, the impact of different
values of Kp on the AE-PRR is strong, especially when a
larger number of UAVs is deployed. In fact, when 12 UAVs are
used, Kp = 25 increments the AE-PRR of ≈ 30% compared

TABLE I: List of fixed simulation parameters.

LoRaWAN WiFi and Routing

GN Tx Power 14 dBm PHY protocol IEEE 802.11g
Class Class A Modulation ERP-OFDM
Bandwidth 125 kHz Frequency 2.4 GHz
Frequency 868.1 MHz Tx Power 16.02 dBm
SF 7 Rx Sens. -99 dBm
GW Sens. (dBm) -124 (SF 7) Bitrate 12 Mbps
Packet size 10 bytes MANET protocol OLSR
Packet period 30 s

VSF algorithm CRM algorithm

∆T 10 s Pmax 30
tAtG 40 s pshared 0.5
LBreq 20 dbm tload 3 min

MP algorithm Firefighter Mobility Model

tlost 3 min sxj ∀j 300 m
tr 40 s syj ∀j 100 m

texp 10 min djr U(50, 250) m
kmax 3 trw 5 min
sthr 0.6 BS position (S/2, 300)

TABLE II: Parameters used in simulations.

Section V-A, V-B Section V-C Section V-D Section V-E

N. of UAVs 4, 6, 8, 10, 12 4, 6, 8, 10, 12 4, 6, 8, 10, 12 12
N. of teams 1-5 1-5 3 3

GNs per team 20 (all)
10, 40 ( V-A) 20 20 20

Sim. Time 2000 s 3000 s 3000 s 3000 s
Area side (m) 2000 2500 2500 2000

Kp [1, 50] [1, 50] 25 25

to Kp = 1. It is also possible to notice that the AE-PRR
increases until a certain value of Kp and then stays almost
constant before starting decreasing again. In fact, after Kp

reaches the maximum value, representing the best equilibrium
of AtA and AtG forces, further increases become useless or
even damaging. If the value of Kp is too big, cohesive forces
generated by UAVs become too strong and the cohesion of the
mesh prevails over the GN coverage. This also explains why
such behaviour is more noticeable when a large number of
UAVs is used. Finally, the AE-PRR remains almost constant
for all values of Kp when 4 or 6 UAVs are used. In this
case, the number of UAVs is too small to properly cover the
monitored area. Therefore, apart from a small initial period,
all GNs remain isolated from the UAV mesh for most of the
time. Changing the number of teams does not alter the previous
observations as it is confirmed by the remaining subplots of
Fig. 4. However, the number of teams influences the range of
Kp values that gives the best AE-PRR results. For example,
with only one team and 12 UAVs, the best results are obtained
with Kp ∈ [10, 15], while with two teams and 12 UAVs the
best range becomes [15, 20]. In general we can observe that
a larger number of GNs requires bigger Kp values. Another
immediate consequence of adding more GNs is the decrease of
the maximum achievable AE-PRR, which passes from ≈ 0.9
with one team to ≈ 0.65 with five teams. Kp is also influenced
by the number of GNs per team, as it is possible to observe in
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Fig. 4: AE-PRR trend with teams of 20 GNs using just the LoRaUAV
VSF.

Fig. 5. Two configurations have been considered: one having
3 teams of 10 GNs and the other having 3 teams of 40 GNs.
Compared with the results reported in Fig. 4-C, in the scenario
with only 10 GNs per team the system behaves better with a
lower Kp (range [5, 10]). The opposite happens in the scenario
with 40 GNs per team (best range [45, 50]). This means that
a higher density of GNs moving in the same area requires
higher values of Kp to obtain the best AE-PRR. The trend of
the ATD is shown in Fig. 6-B for three teams of GNs. The ATD
decreases with the number of UAVs and with bigger values
of Kp. To understand this behaviour, it must be remembered
that the ATD includes also the time that a packet eventually
spends in the buffer. In scenarios with few UAVs, the mesh
is more subject to disconnections and the larger number of
buffered packets contributes in large part to the big delay.
Buffer time also explains why lower delays are associated with
higher values of Kp. In fact a high Kp favours the compactness
of the aerial mesh and reduces the disconnections. This is
confirmed by the decreasing trend of the average percentage
of buffered packets (Fig. 6-A). Kp must therefore be chosen
as a compromise between the desired coverage and delay.

B. Comparison of LoRaUAV VSF and DF VSF algorithms

A comparison between the LoRaUAV VSF algorithm (see
Section III-B) and the VSF algorithm described by Di Felice
et al. [7] (DF algorithm, Section II) has been performed.
Before starting the analysis, it must be clarified that the Kp

parameter coincides with the proportionality factor of KAtA

in the LoRaUAV VSF algorithm and it coincides, instead,
with KAtA itself in the DF VSF algorithm. An AE-PRR
comparison between the two algorithms is shown in Fig. 7
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Fig. 5: AE-PRR trend with 3 teams composed of different numbers
of GNs.
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Fig. 6: Average buffered packets and ATD trend with 3 teams of 20
GNs.

for a scenario with 3, 4 and 5 teams of GNs. For clarity
the confidence interval is not shown. It is possible to notice
that the AE-PRR of both algorithms follows approximately
the same trend for all configurations, presenting the same
regions of increase and decrease and the same range of optimal
values. However, the AE-PRR produced by the LoRaUAV
VSF algorithm seems slightly better than the one generated
by the DF VSF algorithm for most Kp values. To verify this
hypothesis, the curves generated by the two algorithms have
been compared by computing the point by point euclidean
distance between them for each configuration. On average,
LoRaUAV produces an AE-PRR increment which lies between
0.03 % and 4.6 % independently of the value of Kp that is
used. The developed VSF algorithm produces more benefits
when a large number of teams is deployed (4 or 5). However,
for most Kp values, improvements fall inside the confidence
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Fig. 7: AE-PRR comparison when the LoRaUAV VSF algorithm and
the DF VSF algorithm are used in a scenario with 3,4 and 5 teams
of 20 GNs.

interval of the DF VSF algorithm. It is therefore not possible
to assert that the LoRaUAV VSF algorithm performs better
in general. Small improvements can be observed for some
UAV configurations and for some values of Kp, but with no
recognizable pattern. For example, in Fig. 7-C with 12 UAVs
and KP ∈ [30, 40] the improvement lies between 4.2%± 2%
and 7.9% ± 2%. The ATD metric has also been tested for
configurations with 3, 4 and 5 teams and Kp ∈ [25, 30].
In most cases, the LoRaUAV VSF algorithm performs worse
than the DF VSF algorithm. However, in all cases, buffered
packets constitutes ≈ 3% of the total received packets and
are responsible for all the delays bigger than a few hundred
milliseconds. Buffer time is therefore responsible for the
observed ATD variations. As expected, the LoRaUAV VSF
algorithm does not significantly outperform the DF algorithm.
In fact, changing just the weights of the forces is not sufficient,
alone, to achieve a significant AE-PRR increase. However,
even if small and limited to particular configurations, the
improvements introduced by the developed algorithm come
with no significant additional cost, apart from a delay penalty
affecting some packets and correlated with the higher PRR.

C. Study of the impact of the CRM algorithm

The CRM algorithm has been developed to increment the
coverage provided by the UAV swarm, without adding more
UAVs. In fact, the AE-PRR obtained with just the VSF
algorithm, as shown in Fig. 4, is affected by an high percentage
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Fig. 8: AE-PRR and ATD comparison when the CRM algorithm is
activated in a scenario with 3 teams of 20 GNs.

of lost packets. Depending on the application-specific QoS
requirements, this might be a major drawback. It is shown
that the CRM algorithm effectively improves the performance
of the system in comparison with the basic LoRaUAV VSF
algorithm operating alone, but with some drawbacks. In the
first simulations, the size of the monitored area has been
chosen specifically to stress the CRM algorithm. A visual
comparison of a sample scenario with three teams of GNs is
plotted in Fig. 8-A. In all the performed simulations, the CRM
algorithm significantly improves the AE-PRR, with most of the
increments lying between 14 % and 26 % (2-5 teams) with
peaks of more than 50 % (one team). In absolute terms, the
achieved AE-PRR is low. However, if we consider the more
reasonable simulation settings used in Section V-A, results
are encouraging, as shown in Fig. 9-A. The ATD seems to
be the QoS metric that is most negatively affected by the
CRM algorithm, as shown in Fig. 8-B. However, a deeper
analysis shows that the ATD metric is greatly influenced by a
small number of packets with large delays. In fact, the CRM
algorithm allows for more and longer disconnections in order
to achieve a higher PRR. Some packets may therefore stay
in the buffer for a long time before being sent. To prove
this hypothesis, 10 individual simulations have been run for
a scenario having 12 UAVs, 3 teams of GNs and Kp = 25
and the total individual delays of all received packets have
been recorded. The percentage of buffered packets more than
doubles when the CRM algorithm is active (from ≈ 2 − 3%
to ≈ 4 − 8%) and their permanence in the buffer increases
drastically (from ≈ 15− 34 seconds to ≈ 34− 181 seconds).
If buffered packets are not considered, the average experienced
delay is ≈ 55 ms, a value that is far lower than the reported
ATD values.
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Fig. 9: AE-PRR with VSF+CRM and VSF+CRM+MP (no team
splits) in scenario with parameters of Section V-A.

D. Study of the impact of the MP algorithm

The MP algorithm represents the last attempt of the system
to recover a connection between the aerial mesh and the GNs
that went out of range. For this reason the PRR is used as
the main evaluation metric. In order to increase the triggering
chances of the MP algorithm, the firefighters mobility has been
extended to support the splitting of teams. With this modifica-
tion, a team can be configured to split in half halfway through
the simulation so that an UAV that is covering alone a team of
GNs is forced to create at least one hologram when half of the
team eventually goes out of range. Given this modification,
it is of particular interest to observe the behaviour of the
MP algorithm in two situations: a more conventional setting,
where team splitting is not active, and in a more challenging
setting where teams can split. The end-to-end PRR is collected
individually for all the 100 runs of the same scenario and
a direct comparison between corresponding runs of different
scenarios is performed. The results of the comparison are
reported in Table III. The first observation is that the MP
algorithm is not always beneficial to the system. In fact, a
relevant number of runs shows a PRR that is, on average, even
7% lower than the one achieved without the MP algorithm.
The loss is more marked in scenarios in which teams do not
split. This is caused by the fact that the strategy of recovering
the connectivity with lost GNs is not always beneficial to the
UAV formation since it does not follow any global optimality
criteria. However, the simultaneous activation of the MP and
CRM algorithms is beneficial in most of the situations. In
fact, the average PRR undergoes a considerable increment in
at least 66 % of the runs when teams do not split and 71 %
of the runs when teams split. In some cases, the gain that is
obtained is more than double of the loss observed in analogous
scenarios without MP algorithm. Taking into consideration the

TABLE III: Comparison between runs with VSF + CRM + MP and
runs with only VSF + CRM.

No Split

UAVs Runs Avg MP PRR gain/loss

Better w/ MP Better w/o MP Better w/ MP Better w/o MP

4 58 % 42 % +2.1 % -1.5 %
6 53 % 47 % +9.0 % -7.1 %
8 66 % 34 % +13 % -6.6 %
10 77 % 23 % +15 % -7.0 %
12 86 % 14 % +18 % -4.0 %

Split

UAVs Runs Avg MP PRR gain/loss

Better w/ MP Better w/o MP Better w/ MP Better w/o MP

4 78 % 22 % +4.3 % -2.4 %
6 71 % 29 % +8.9 % -5.9 %
8 69 % 31 % +11 % -5.8 %
10 78 % 22 % +11 % -5.2 %
12 91 % 9 % +15 % -1.9 %

simulation parameters of Section V-A, the activation of the
MP algorithm and of the CRM algorithm produces the results
shown in Fig. 9-B. Even if small, the improvements allow to
achieve AE-PRR levels above 0.9 with 12 UAVs and between
0.8 and 0.9 with 8 or 10 UAVs. Similar tests have been run
for the VSF+MP configuration with no noticeable advantages.

E. Frequency and Duration of Disconnections

The number and duration of disconnection periods has been
computed. The results of 100 runs are aggregated and reported
in Fig. 10 for some combinations of algorithms. All the algo-
rithms experience partitions, so that GNs might get isolated
even for a long time, as it is evident from the disconnections
above 500 seconds when the VSF algorithms are used alone.
However, the DF VSF algorithm seems to experience less
disconnections than the LoRaUAV VSF algorithm. This is
explained by the presence of fewer but longer disconnection
periods. In fact, a more in depth analysis of the DF VSF
algorithm reveals that several GNs remain isolated for more
than 2500 seconds, while, with the LoRaUAV VSF, isolation
periods are no longer than 2000 seconds, meaning that the
mesh is able to cover the GNs for a longer time. The CRM
algorithm improves the situation. One first observation is that
disconnection periods of the same duration are approximately
uniformly distributed among teams. This is caused by a better
distribution of the UAV mesh. The second observation is that
disconnections are more frequent, but shorter and the number
of disconnection periods above 500 seconds is reduced by
≈ 1000 units overall. Even if partitions are still possible,
they either happen much later or they are recovered sooner.
By activating the MP algorithm, the frequency of shorter
disconnection periods increases, especially in the interval
[0, 30] seconds due to the numerous connection recovery at-
tempts. The disconnection periods above 500 seconds remains
approximately the same obtained with the CRM algorithm, but
with a huge disproportion towards team 2 members caused by
the lack of a global optimality criteria directing the efforts of
the MP algorithm. All these observations are confirmed by
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Fig. 10: AE-PRR and ATD comparison when the CRM algorithm is
activated in a scenario with 3 teams of 20 GNs.

the average of the sums of all disconnection periods of all the
performed runs. On average, the activation of the CRM and of
the MP algorithms reduces almost by half the total experienced
disconnection time in comparison with the VSF algorithms
(from ≈ 23000 s to ≈ 12000 s). The combinations with the
CRM and MP algorithms perform almost identically, but in
the configuration with just the CRM the average disconnection
time is split almost equally among teams (≈ 4000 s), while
the configuration with the MP algorithm favours team 0 and
team 1 (≈ 2200 s) at the expense of team 2 (≈ 7500 s).

VI. CONCLUSION

In this paper, a new system called LoRaUAV has been
proposed. The objective of the system is to extend the coverage
offered by a BS to a set of mobile GNs through UAV relay
GWs. This is achieved thanks to a network that consists
of a LoRaWAN segment for GNs-GW communications and
a WiFi ad hoc network for GWs-BS communications. The
core of the system is the distributed LoRaUAV mobility
algorithm based on VSFs, designed to adapt the UAV swarm
to the changing topology of GNs. The basic VSF mobility
is expanded by the CRM and MP algorithms, designed,
respectively, to increase the GN coverage through a better
UAV distribution and to restore the connection of isolated
GNs through movement prediction. The developed algorithms
are evaluated through a ns-3 custom-built loravsf module.
Simulations are run on a model of a wildfire disaster scenario.
The performance of each algorithm has been assessed through
relevant QoS metrics: the average end-to-end PRR (AE-PRR)
and the average delay (ATD). It is first shown that the Kp

parameter must be chosen based on the number of UAVs,
the number of teams and the number of GNs per team and
that its value is extremely important for achieving a good
AE-PRR. The need for a Kp optimization routine is also
underlined, since it might be complicated to manually select
Kp. The LoRaUAV VSF algorithm has also been compared
with another similar VSF algorithm proposed in the literature.
It has been shown that LoRaUAV achieves a small average AE-
PRR improvement that affects only some values of Kp, with
more significant gains when 4 or 5 teams are deployed. The
most significant AE-PRR improvements are obtained thanks
to the CRM algorithm. In fact, the AE-PRR shows a double-
digit increment in most of the tested configurations. The
ATD is the metric that is more negatively affected, but big
delays only affect a small percentage of packets. The synergy
between the CRM and MP algorithms produces another AE-
PRR improvement, particularly significant when teams split.
Finally it is shown that the developed extensions to the basic
VSF algorithm effectively help in reducing almost by half
the isolation time of GNs. Future evolutions of this work
might consider more realistic UAV models, more sophisticated
prediction algorithms, downlink messages and the presence of
multiple BSs.
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