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Aerial coverage for Gas Distribution Map (GDM) using Unmanned Aerial Vehicles (UAVs) with olfaction capabilities has become a key for
effectiveness and cost improvements. In this work, the main contribution is the application of Coverage Path Planning (CPP) approaches
adapted to survey gas plumes using an autonomous fleet of UAVs. Indeed, the mission is carried out in four steps. First, a gas plume model
was integrated to simulate the environment. Then, based on the sensor’s footprint model and the Voronoï diagram, an exact cellular
decomposition method is proposed to generate and distribute measurement points or Points Of Interests (POIs) effectively. To take
measurements from all these POIs, two planning approaches were proposed in the third step. One is based on the separation of missions
between UAVs using the K-means algorithm principle and modeling each path as a Traveling Salesman Problem (TSP). While the second
approach models the global mission for all UAVs as a Vehicle Routing Problem (VRP). The resolution of the two mathematical models is
achieved using Genetic Algorithms (GAs) and Simulated Annealing (SA) algorithms, respectively. Eventually, the GDM is reconstituted
based on triangulation-based cubic interpolation. The evaluation of the proposed simulation techniques based on comparative analyses
shows their efficiency, speed and flexibility. The proposed methods take into account the UAV’s flight autonomy and the desired coverage
quality, and they provide solutions for a variety of coverage applications, particularly for GDM.
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1. Introduction

The increasing development of processors, actuators per-
formance, sensors and the cost of Unmanned Aerial Vehicles
(UAVs) has allowed their involvement in a very wide field of
applications such as aerial imaging [1, 2], search and rescue
operations [3], agricultural and forestry uses [4], aerial
manipulation [5], etc. Their flexibility and maneuver’s
ability permit them to perform more and more in new open
issues, thus to replace human being in missions that present
major risks, such as cloud boundary monitoring of toxic
gases [6], natural disaster management [7], location of nu-
clear waste [8], etc.

Recently, UAVs with olfaction capabilities have attracted
the attention of several scientific researchers, given the

added value of their partial or complete participation in
interesting tasks, like chemical leak detection [9], pollution
assessment [10], environmental monitoring [11], Gas
Source Localization (GSL) and mapping [12], etc. Figure 1
shows an example of quadcopters suitable for this purpose.

Usually, this type of task is carried out using a static
sensor network well placed within the Area Of Interest
(AOI), using sophisticated equipment, which is in general
too expensive. However, this configuration is a special case
compared to one or more mobile robots (UAVs in the con-
text of this work) equipped with the necessary set of sen-
sors. The navigation throughout this space aims to
eliminate, if possible, locate and/or estimate the dispersed
quantities, so as to support risk assessment, precautions,
intervention, rescue and decision-making operations. The
use of UAVs in this kind of application offers several
advantages over the risks to human beings and the
reduction of the mission cost. Moreover, their hovering
and maneuvering ability, especially in damaged and clut-
tered areas, provides more benefits. Furthermore, the
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employment of UAV swarms gives more efficiency and
compensates the autonomy limitation of a single one, as
well as it allows them to control larger grounds [13].
However, several improvements are needed for each ap-
plication, and issues related to energy, control and optimal
path planning are raising. The latter plays a major role in
the fair and efficient performance of these missions.

In this work, a fleet of UAVs is deployed to survey a toxic
gas plume within the AOI. Indeed, the automation of Cov-
erage Path Planning (CPP) is addressed. These UAVs are
equipped with electronic noses, making them possible to
take a sample from well-defined locations (often called
Points Of Interests (POIs)), going from a common starting
point (platform) and returning to the same platform. Such a
scenario is suitable for collecting data to reconstruct the
dispersion map of one or more gas sources in this area. This
allows us to provide later additional processing data to
estimate the locations of the sources and predict the di-
rection of the chemical’s spread.

Papers dealing with Gas Distribution Map (GDM) seek to
improve the quality of the gas scattering map, based on
probabilistic dispersion models, without optimizing the
distance traveled or the energy consumed by the UAV,
using in general, a well-structured AOI (square, rectangle,
etc.) with reduced dimensions, and only back and forth
paths. This path optimization can provide additional data
using the same drones that are currently available. More-
over, works on GSL generally focus on one of the sub-
questions of the problem (plume finding, plume tracking or
source declaration). On the other hand, works including the
three phases, despite the improvements introduced to
these algorithms, in several cases, the path traveled for
search is longer than a pre-defined coverage path for the
same AOI, or the latter is more likely to reach the source.
Besides the coverage path optimization, CPP algorithms
adapted for GSL and GDM have also to take into account a
reduced computation time, which calls for simple and
effective approaches.

In addition, this type of application requires rapid
deployment and effective research, and achieves the

mission objectives as soon as possible. In a multi-UAV CPP
scenario, the task consists of dividing the efforts among
UAVs. Indeed, each drone has to follow the best sequence to
visit a finite set of assigned target points. This issue needs a
path planning approach that takes into consideration ad-
ditional constraints, such as limited onboard energy, espe-
cially in large areas. Also, the high initial size of the problem,
caused mainly by the number of UAVs and the number of
POIs, affects the complexity of the problem. The use of ef-
fective optimization algorithms in this stage is very useful,
especially with multi-UAV.

Motivated by these gaps, the main contribution of this
paper is the proposal of an autonomous UAV fleet deploy-
ment for gas plume surveillance and mapping in an envi-
ronment, where many unknown gas sources appear. To the
best of our knowledge, this is the first time that multi-UAV
CPP has been applied for the GDM, in contrast to what we
find in the literature, where each subject is generally
treated separately. Integrating a gas plume model, the
proposed approach takes into account the gas concentra-
tion of the sources and atmospheric stability conditions. To
ensure a discrete, full and homogeneous sample of the AOI,
a new exact cellular decomposition of the entire AOI into a
large number of small cells is adopted, which guarantees
automatic generation and distribution of the measurement
points (POIs). This step is based on the sensor’s footprint
model and the Voronoï diagram. Then, two planning
methods are proposed to tackle the multi-UAV CPP mission.
The coverage is achieved when all measurements are taken
without redundancies (passing through all the generated
POIs), while respecting the constraints related to the UAVs’
flight autonomies. The first approach models the problem
as a Traveling Salesman Problem (TSP), after a clustering
step using the k-means metric, and it is solved by Genetic
Algorithms (GAs). The second models the entire mission
as a Vehicle Routing Problem (VRP), and is resolved by
the Simulated Annealing (SA) algorithm. A comparative
study has been performed to show the efficiency of
each approach. Ultimately, based on triangulation-based
cubic interpolation, the GDM is reconstituted, which allows
us to deduce and estimate the trends of the dispersion of
the gaseous sources, and eventually the location of their
focus.

The rest of this paper is organized as follows. Section 2
provides a survey of related work on GDM and CPP for
multi-UAV. Next, the development of the proposed
approaches presenting in detail the compartments of the
solution suggested, and describing its algorithms is pre-
sented in Sec. 3. Sections 4 and 5 show the parameter set-
ting and discuss comparative results drawn from the
simulations, respectively. Whereas Sec. 6 closes the paper
with a conclusion and future works.

(a) (b) (c)

Fig. 1. Example of quadcopters suitable for gas sensing and gas
source localization: (a) Nano quadcopter CrazyFlie 2.1. (b) AR
drone 2.0 (Parrot SA). (c) Air Robot AR100-B.

290 A. Bouras, Y. Bouzid & M. Guiatni

June 7, 2022 12:06:05pm WSPC/284-US 2250017 ISSN: 2301-3850
2nd Reading



2. Related Work

This section is divided into two subsections: GDM and
multi-UAV CPP. In reality, this choice derives from the fact
that, on the one hand, these two subjects are often treated
independently in literature. On the other hand, this will
allow us to thoroughly study our challenge.

2.1. Gas distribution map

GDM is the spatial representation of the gas dispersed
amounts from one or more sources. Indeed, the process of
synthesizing this map using UAVs includes two phases.
Planning pre-defined coverage paths visiting and collecting
measurements from specific locations in the environment.
Then, an interpolating task of these sampling values to get
the estimated dispersion over the entire AOI. Such a map
can be exploited for subsequent uses, such as estimating the
GSL and making decisions and precautions about the
propagation tendency of that chemical substance.

Using this solution (GDM) for GSL as in [14] has
advantages over the other alternatives [15–17], such as
Gradient-based methods [18], Bio-inspired algorithms
[19, 20], which require much time for navigation, and they
are strongly influenced by turbulence. Similarly, in Bio-in-
spired algorithms, the physical sensors used on robots and/
or UAVs have degraded performance compared to those of
insects and animals. Furthermore, these approaches gen-
erally suggest a starting point to find the source close
enough to it, and critical situations arise when the infor-
mation is lost (no gas detection). However, this does not
pose problems with the overall coverage of the AOI for
GDM. In fact, GDM for GSL is more flexible, well expressed in
mathematical formulations and can be adapted to various
scenarios. It is more practical for the wind turbulence
problem, although it requires a relatively high computa-
tional cost. Nonetheless, the development of platforms and
their computing capacities have greatly contributed to im-
proving their efficiency.

Besides, the recourse to use multi-agents in these
applications has become a promising solution, especially in
large areas, despite the challenges posed to ensure their
cooperation and optimal path planning. We will analyze this
last task in Sec. 2.2, focusing on path planning algorithms
for the total coverage of an AOI using a team of UAVs.

2.2. Aerial CPP for multi-UAV

The aim of an aerial coverage mission is to gather useful
information from several locations. This information can be
photographs, measurements, delivery, etc. Indeed, in the
case of multi-UAV, each UAV should cover its assigned sub-
region by visiting a finite number of POIs (see Fig. 2). The

locations of these points must be well distributed to ensure
complete coverage and satisfy certain constraints such as
flight time and/or energy consumption, obstacle avoidance,
feasibility, etc. that require reliable, flexible and optimal
planning algorithms. Most published multi-UAV CPP strat-
egies (especially in the following [21–26]) proceed by four
steps as follows:

. The decomposition of the AOI into sub-regions with ob-
stacle isolation using several strategies (e.g. Trapezoidal
decomposition, Morse decomposition, Voronoï diagram,
etc.).

. Squares, triangles, hexagons, etc. are the usual dis-
cretization forms of the sub-regions (got previously) for a
good localization and adaptation to the algorithms of the
next step. In fact, the decomposition method selected is
mainly due to the shape of the sensor footprint.

. A local path planning algorithm that requires a starting
cell and a goal cell to deal with the discrete map provided
in the previous step. Many strategies have been proposed
in the literature, such as grid-based methods (Divide
Areas based on Robot’s initial Positions (DARPs), Span-
ning Tree for Coverage (STC), etc.), evolutionary algo-
rithms (Ant Colony Optimization (ACO), multi-ACO),
sampling-based methods such as Rapidly exploring
Random Trees (RRTs), RRT*, etc.

. A step of smoothing is used to make the planned path
feasible by the drones. Generally, this step does not pose a
real problem for UAVs with Vertical Take-Off and Landing
(VTOL) ability.

Works implementing and testing these techniques in prac-
tice are rare [4, 27]. This is due mostly to their high cost.
Certainly, many simulations work in literature were devel-
oped. Balampanis et al. in [28] are solved multi-UAV CPP
in three steps: The triangulation of the AOI taking into ac-
count the size of the triangle compatible with the used
sensor footprint. Then, they have proposed two algorithms
called Antagonizing Wavefront Propagation and Reverse

Parking platform

Obstacle

Points Of Interests
(POIs)

Coverage path

UAV

Fig. 2. A synoptic outline of CPP for Gas Distribution Map (GDM)
using UAVs.
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Watershed Schema (AWP & RWS) for the distribution of
sub-regions to be covered between UAVs, taking into ac-
count the UAVs’ flight capabilities, while getting out from
nonfly zones by Dead Lock Handling (DLH) algorithm.
Avellar et al. in [29] place the passage points on the edges of
the AOI, in order to synthesize the optimal configuration of
straight lines forming back and forth paths while minimiz-
ing the mission time. Whereas in [30], path planning is
formulated as a VRP in Global Navigation Satellite Systems
(GNSSs) challenging environment.

3. The Proposed Methods

The general architecture proposed is summarized in Fig. 3.
Indeed, in this section, each compartment of the four blocks
will be detailed in an independent subsection.

3.1. AOI and environment modeling

3.1.1. AOI and POIs

Given the plan at a fixed altitude, in which we will define
our AOI and the set of POIs. This working altitude is chosen
according to the plume centerline of the chemical disper-
sion model (Sec. 3.1.2). The AOI is closed and delimited by a
set of polygon-shaped segments (convex or nonconvex).

Let D � R2 be our work plan of dimensions l � w. l and
w represent the length and the width of D, respectively. Let
A � R2 be our AOI defined by a list of n straight segments
S ¼ fs1; s2; . . . ; sngn�3, andA � D,O � R2 and O � D=A is
the nonfly zone or O ¼ Pm

z¼1 oz, such that oz represents the
zth obstacle from m small obstacles located between A and
D. The choice of the set S is related to the shape and the
dimensions of our AOI.

Let pi 2 A and pi ¼ ðxi; yiÞji¼1;...;N be the set of our POIs,
p0 2 A and p0 ¼ ðx0; y0Þ the position of the parking plat-
form of UAVs with coordinates x0, y0. The number of pas-
sage points (POIs) N is defined in relation to the required
coverage. The more the number of these points increases,
the better the coverage resolution is. As well as the flight
capabilities and the number of UAVs to be used Nuav 2 N� is

defined according to the characteristics of the used UAVs.
These UAVs are considered fly at moderate speed without
great maneuvers.

3.1.2. Modeling the gas plume

In this step, we will simulate the gas sources (pollutant or
toxic gas, etc.) in order to prepare and reproduce the en-
vironment to be probed by the UAVs. Indeed, the presen-
tation of the dispersion emitted by each source on its
entourage is the main objective of this subsection. However,
some assumptions are used to emulate these gaseous
sources, such as constant and steady wind speed, conser-
vation of mass, and no chemical reactions. The resolution of
the advection-diffusion equation under these assumptions
provides a Gaussian plume equation given as follows:

Cðx; y; zÞ ¼ Q
2�u�y�z

exp
�y2

2�y
2

� �
exp

�ðz� hÞ2
2�z

2

� ��

þ � exp
�ðzþ hÞ2

2�z
2

� ��
; ð1Þ

where x; y and z are the downwind, crosswind and vertical
distances, respectively, [m], Cðx; y; zÞ is the mean concen-
tration of diffusing substance at point ðx; y; zÞ [kg=m3]. Q is
the contaminant emission rate [g=s], and �y;�z lateral and
vertical dispersion coefficient function [m] (standard devi-
ation). The mean wind velocity in x axe (in downwind) di-
rection is given by u [m=s], h is the effective height of the
source [m]. Finally, � is the coefficient that characterizes the
soil reflection (total reflection for � ¼ 1, total absorption for
� ¼ �1).

This dispersion model is shown in Fig. 4, where the
plume is oriented towards the longitudinal x-axis, and the
normal distribution of the horizontal and vertical concen-
tration profiles of the plume is shown.

The said model is widely used in the literature [31–33],
sight that results are much closer to experimental data and
it does not require a supercomputer.

AOI 
&

Environment
modeling

Full AOI 
mesh grid

&
POI’s

generation

Gas
Distribution 

Map
(GDM)

1

Coverage
Path 

Planning 
(CPP)

2 3 4

Fig. 3. Architecture suggested.

x

y

z
Wind 

direction

Plume 
centerline

Gaussian profiles of 
encountring plume

Altitude 
flight

UAVs

Fig. 4. Visualization of Gaussian plume model and three-dimen-
sional concentration profiles.
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Using “Eq. (1)”, the effect of variations in the key para-
meters (atmospheric stability, wind speed, gas emission rate,
etc.) generates several envelope forms of the plume disper-
sion as well as caning, looping, fanning, lofting, etc. [34, 35].

In this model, it is assumed that the plume spread has a
Gaussian distribution in both y and z axes. The standard
deviation �y and �z are normally determined based on the
six descriptive classes of the atmosphere stability [34, 36].
Going from the classes “A” and “B” which indicate that the
atmosphere is extremely and moderately unstable, respec-
tively, to the “E” and “F” classes which indicate that it is
slightly and moderately stable, passing by the intermediate
classes “C” and “D” (slightly unstable and neutral condi-
tions, respectively).

Various curve fitting routines are used to approximate
the standard deviations (�y and �z). The most frequently
used approach is expressed in “Eqs. (2)” and “(3),” respec-
tively, [34]

�y ¼ cxd; ð2Þ

�z ¼ axb; ð3Þ

where x is the downwind distance from the stack in meters,
while a, b, c and d are determined using transformation
tables, in which the downwind distance is subdivided into
several sections. For each of them, the stability class will
have a fixed value of a, b, c and d along this section.

In the same way, it can adjust wind speed to stack
height as a function of atmospheric stability class “Eq. (4)”:

uz ¼ u0
z
z0

� �p

; ð4Þ

where z and z0 are the desired and the anemometric height
respectively. uz and u0 are the wind speed at z and z0, re-
spectively. p is a dimensionless parameter that depends on
the atmospheric stability.

In our work, we consider the following experimental
conditions characteristics:

(a) The contaminant is emitted from a fixed height.
(b) The wind speed is constant and coming from the same

direction, by supposing the wind does not change
comportment during the AOI coverage.

(c) The environmental conditions are selected from the
desired stability class, where we will consider “A–B” and
“E–F” stability classes according to the appropriately
chosen scenarios.

(d) The contaminant with a fixed emission rate.
(e) We consider the soil as a perfect reflector ð� ¼ 1Þ.
In Sec. 3.2, we will describe the approach generating our
POIs, while ensuring a total and homogeneous sample of
this chemical substance along the AOI.

3.2. AOI discretization and POIs generation

The POIs generation in the AOI is a very important task.
Adequate emplacement has a significant role in defining the
chemical substance’s dispersion. Indeed, the optimal dis-
tribution of these points consists of a uniform and homo-
geneous allocation that respects a safe distance from the
obstacles. For this purpose, the POIs deployment is seen as
a mobile wireless sensor network (MWSN), where the
performance adopted is the maximization of the degree and
the coverage quality. In fact, this depends on the sensing
sensor model (sensor footprint) and the desired resolution
(with or without overlap (k-coverage)), which define the
number of our POIs.

Sensor detection models are subdivided according to
their sensing ability into two types: Deterministic (Boolean)
sensing model and Probabilistic sensing model. In Boolean
sensing model, any event within the sensing range Rmax of a
sensor-placed in a node- is considered absolutely detected,
and not otherwise. Probabilistic sensing model, however,
can has a boolean model on a radius Rmin, and has a
given probability on the interval between Rmin and Rmax.
Equation (5) gives the coverage function CðN; �Þ of a node N
at a point � adopted in this work:

CðN; �Þ

¼
1 if dðN; �Þ � Rmin;

Expð��ðdðN; �Þ � RminÞ�Þ if Rmin < dðN; �Þ < Rmax;

0; if dðN; �Þ > Rmax;

8><
>:

ð5Þ
where dðN; �Þ represents the Euclidean distance between
node N and point �, and �, � are intrinsic parameters of the
sensor used.

In our case, the region to be covered has a polygon
shape, and its area A is defined by the following formula:

A ¼ 1
2

Xn�1

i¼0

ðxvi yviþ1
� xviþ1

yviÞ; ð6Þ

where ðxvi ; yviÞ are the coordinates of the polygon vertices
(counter-clockwise order), and ðxvn�1

; yvn�1
Þ ¼ ðxv0 ; yv0Þ

(closed polygon).
To define the adequate number of POIs, we divide this

area over the area of the sensor detection model to be used.
That is to say:

NPOIs ¼
A

CðN; �ÞAsf
� Cr; ð7Þ

whereAsf is the area covered by the sensor footprint and Cr
is the required coverage rate (k-coverage).

The POIs deployment along the AOI is achieved applying
the steps presented in Fig. 5. After introducing the initial
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data (Map definition, set of points pi ji¼1;...;N), we divide the
AOI into small sub-regions (cells) basing on Voronoï tes-
sellation [37] (S1). Then, we compute the center’s coordi-
nates ðcx; cyÞ of these cj jj¼1;...;N resulting cells (S2) using the
following formulas:

cx ¼
1

6Acj

Xn�1

i¼0

ðxvci þ xvciþ1
Þðxvci yvciþ1

� xvciþ1
yvciÞ; ð8Þ

cy ¼
1

6Acj

Xn�1

i¼0

ðyvci þ yvciþ1
Þðxvci yvciþ1

� xvciþ1
yvciÞ; ð9Þ

where Acj is the area of the cell cj calculated using “Eq. (6)”,
and xvci ; yvci are the coordinates of its vertices.

After that, the set distribution points pi ji¼1;...;N is updated
with the cell centers cj jj¼1;...;N (S3). Finally, a stop test (or an
iteration number) is respected when the detection proba-
bility CðN; �Þ of each sensor-placed at the centers ðcx; cyÞ of
the POIs cj- is maximum (i.e. CðN; �Þ of all sensors does not
increase by at least �1%), we consider the last geometric
centers calculated as our set of POIs. Otherwise, the three
steps are looped, while updating the set distribution
pi ji¼1;...;N . We use the centers cj jj¼1;...;N instead.

In this way, the algorithm converges to the construction
of almost circular cells, well occupied and/or covered by the
sensor’s footprints, with uniform distribution in the AOI.

Now, we need to find the adequate paths that ensure a
better sequence to visit all these POIs by the UAVs, which is
the subject of the next subsection.

3.3. Coverage path planning

Recall that our objective is to plan optimal paths for a fleet
of UAVs, and connecting all these POIs once each, starting
from an initial point and returning to the same point, while
taking into account the UAV’s autonomies capacity. Two
types of methods to solve this problem: approximate
methods and exact methods. The exact methods implicitly
consult all the possible solutions, which generates signifi-
cant computation time. Therefore, they risk exponentially
increasing when the size of the problem increases. On the
other hand, approximate methods accept a margin of no
optimality (approximate solution) with much less effort.
Two approximate approaches are proposed in this work to
solve this problem. Their development and details are
presented in Secs. 3.3.1 and 3.3.2.

3.3.1. POIs partition between UAVs and optimal path
planning for each UAV

To avoid collisions and redundancy, as well as to have a
balanced effort between UAVs, we must ensure an efficient
assignment of a subset of POIs for each UAV, while having
satisfactory energetic optimality. We define a set of sub-
groups Nuav (according to the number of UAVs) which have
Nk jk¼1;...;Nuav

POIs in one of each and
PNuav

k¼1 Nk ¼ N. In each
subgroup, the Nk POIs have a minimum average distance
between them, which will give compact subgroups around a
focus (cluster). Thus, their geometric separation will help to
avoid collisions. Such a situation is the most suitable for
exploiting the principle of the k-means algorithm. The latter
is summarized in Fig. 6.

In the last step of this first approach, we seek to find the
best sequence to visit all the Nk jk¼1;...;Nuav

POIs assigned to
each UAV, while minimizing the Total Path Length (TPL),
starting from an initial point and returning to the same
point. We call Pk the path connecting all these points. The
objective function to be minimize is given as follows:

Pkmin
¼

XNuav

k¼1

XNk

i¼1

dðci; ciþ1Þ þ dðcNk
; c1Þ; ð10Þ

where dðci; ciþ1Þ represents the Euclidean distance between
the points ci and ciþ1.

If we want to connect 10 points only as an example, we
will have 181,440 and 362,880 possible cases for sym-
metric and asymmetrical configurations. This optimization
problem is assimilated as a TSP, where its resolution is
ensured by adapting GAs. In GAs, each POI is represented as
a gene on a chromosome. The arrangement of these genes
on the chromosome represents the order of visiting our
POIs, including the first and the last genes representing the

Fig. 5. POIs generation.
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starting point, where the UAVs turn back after finishing the
mission. We developed this algorithm in Algorithm 1.

The algorithm considers Ns population of chromosomes
(lines 2, 3). The fitness function is computed by the func-
tion f ðPopiðtÞÞ, and it assigns a value fi for each chromo-
some from the population (line 6). Then, new individuals
are created by making certain genetic operations such as
mutation and crossover to optimize n! possible permuta-
tions (lines 9, 10). Besides, swap operations (flip, slide and
swap) in the mutation process are introduced (lines 1115).
These operators accelerate the rearrangement of the POIs
in the path, which quickly gives the best sequence of their
visit, as well as they reduce the computation time and al-
ways give a solution even if the number of POIs is high.
The algorithm updates the population with each iteration
and it is executed for a terminating condition (line 4). It
returns the cost of the best path, as well as the best order
of the POIs.

3.3.2. Path planning for all UAVs

In this second approach, as in the first one, visiting the POIs
resulting from the AOI decomposition by the UAVs is the
primary objective for this step, while respecting the fol-
lowing rules:

. Taking measurements from all the POIs generated;

. The UAVs leave from the base station, visit one or more
points and return to the same station;

. Each point is visited only by a single UAV and only once.

In this case, the problem is modeled as a VRP. Indeed, our
POIs are considered as several customers who must be
served by the UAVs from a single base station with known
and equal requests. These requests represent an image of
the time spent hovering to take the chemical substance
concentration.

We consider a set Ck ¼ fc0; c1; . . . ; ci; . . . ; ck; c0g as the
Nk jk¼1...Nuav

POIs assigned to the kth UAV, with c0 ¼ ðx0; y0Þ
represents the point of departure and arrival of all the
UAVs, and straight lines connecting a POI to another are
presented with a set of edges Ek ¼ ðci; cjÞ j ci; cj 2 Ck; i 6¼ j.
Also, we associate for each followed path a graph Gk ¼
ðCk;EkÞ containing Ck POIs and a set of Ek edges. The suc-
cession of visiting the POIs in each graph forms our desired
path Pk . Then, the symmetric Euclidean distance dij and
dij ¼ dji;8i; j 2 E is associated with each edge ðci; cjÞ 2 E as
weight or cost. We specify the following data:

(a) Each POI from the set C=fc0g has an identical request
qi ¼ 1 for the measurement time, and the load allocated
for each UAV is Qk ¼

PNk
i¼1 qi;

(b) The UAVs are identical with a limited capacity Qtk and
Qtk � Qtmax

such as
X

i2C=fc0g
qi � Qtmax

� k: ð11Þ

We use also a decision variable xe for each edge ðci; cjÞ 2 E
and xe 2 f0; 1; 2g. Number “0” indicates that the edge is not
visited by any UAV. Number “1” means that an UAV takes
this edge once, and only the edges connecting only one POI
which can have the value “2”.

In the set of POIs � � C, note 	ð�Þ the set of edges e � E
that have one end, and 	ðciÞ for a single node i � C rather
than a set of nodes 	fcig. Indeed, the mathematical model is

Subgroups
stability

No

Yes Edit: the 
resulting
partition

Recalculate:
the center of 
each of these 

subgroups

Assign: each 
POI to the 

nearest center

Choose: 
k individuals 

randomly (as the 
centers of the 

initial subgroups)

Enter: k the 
number of 
subgroups 
(k= )

Fig. 6. POIs partition.
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formulated as follows:

F ¼ min ð1� 
Þ½�Dtot þ ð1� �ÞmaxðDkÞ	ð

þ 
 mean max
Qtk

Qtmax

� 1; 0

� �� �� ��
: ð12Þ

For example

Dtot ¼
Xk
j¼1

XNk2N

i¼1

xedij; ð13Þ

Dk ¼
XNk2N

l¼1

xedij; ð14Þ

and X
e2	ðciÞ

xe ¼ 2; 8i 2 C=fc0g; ð15Þ
X

e2	ðc0Þ
xe ¼ 2k; ð16Þ

X
e2�

xe � j�j � 1; 8� 2 E=fc0g; ð17Þ

xe 2 f0; 1g; 8e 62 	ðc0Þ; ð18Þ
xe 2 f0; 1; 2g; 8e 2 	ðc0Þ: ð19Þ

The objective function proposed is illustrated in Eq. (12).
This cost function aims to minimize the UAV individual
traveled distance Dk (Eq. (14)) and the total distance of the
mission Dtot (Eq. (13)) on the one hand, and balanced
sharing efforts between UAVs on the other hand. These
factors to be optimized are balanced with weighting coef-
ficients � and 
.

Equation (15) explains how many times can we connect
a POI with edges, and Eq. (16) models the UAV’s turn back
to the base station. Equation (17) prevents the closed paths
without passing through the base station, while Eq. (18)
means that all edges connecting a POI to another have taken
one at maximum, the edges connecting a POI to the base
station can take zero, one, or two times in the case of a back
and forth for a single POI (Eq. (19)).

This system modeling our coverage mission is solved by
establishing an efficient heuristic method called SA algo-
rithm. Indeed, this last examines the neighboring solutions
and preserves the best (intensification), and accepts more
or less degraded solutions with a given probability for
neighborhood solutions (diversification). Aside from leaving
local minima, this allows us to explore a larger space of
solutions. Such a concept is inspired from a physical prin-
ciple in metallurgy, in which the process of cooling a metal
is approached to have a more solid state of the placement of
atoms [38]. We show the development of this technique in
Algorithm 2.

After choosing the initial conditions and specifying an
initial solution respecting the mission constraints (lines
2–4), by small keys, wemake local modifications to the order
of our POIs in the path P. At each iteration, we seek to de-
crease a dummy variable (temperature) to minimize the TPL
(energy). The idea consists of keeping the new best neigh-
boring solution, and accepting a less good solution with a
probability. This probability is inversely proportional to this
degradation, and proportional to the current temperature
(lines 9–14). The probability decreases with the temperature
lessening the more we advance in time. In this way, the al-
gorithm readjusts the paths between them to have the best
configuration, while escaping from the local minima and
converges -if required- towards the total minimum.

The neighborhood exploration operators that change the
order of visiting the POIs are Swap, Reversion and Inser-
tion. These operators accelerate the convergence of the al-
gorithm and/or minimize the computation time. We show
the operations of these operators in Fig. 7.

This method adopted has excellent performance given
the wide research space examined, its reduced computation
time and very acceptable solution quality compared to the
problem complexity.

3.4. Gas distribution map

Estimating gas dispersion from collected data in well-
defined locations entails deriving a rule that simulates the
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studied phenomenon, and drawing conclusions about the
evaluated sites (Sec. 2.1.). Indeed, when the locations of
the POIs do not have a uniform or a regular grid, the pro-
cedure is called scattered data interpolation.

We are based in this work on a method called Trian-
gulation-based cubic interpolation [39]. This method uses
a Delaunay triangulation [40] for our POIs, and a cubic
spline fitted within each edge of the triangle. What gives a
surface of C2 continuity class suited to the possible opera-
tions to identify the most likely source location. The ob-
jective of using such a method is to evaluate the helpfulness
of the POIs distribution technique and the used coverage
path planning approaches to rebuild the GDM, while with-
out knowing the model and the type of the sources.

In Sec. 4, we will test the effectiveness of the proposed
approaches, evaluating the influence of each parameter of
the algorithms presented above, and we will discuss a va-
riety of simulation results.

4. The Parameter Setting

We present in this section four simulation stages, repro-
ducing the four stages of the methodology followed in
Sec. 3, which allows us to visualize and facilitate the anal-
ysis of the proposed approaches. We present the sequence
and data simulation in the following paragraphs.

The first stage of the simulation is the installation of a 2D
workspace, in which we define our AOI. Indeed, this AOI has
a polygon shape, situated on a square space of [6–6] Km of
dimensions. In this region, we simulate one and three gas
sources under different atmospheric conditions (“A–B” and
“E–F” stability classes). In both cases, the wind speed is
constant at 5m/s from the direction of “0”, h ¼ 50m. While
Q ¼ 10 g/s for the single source and Q1 ¼ 10 g/s,
Q2 ¼ 20 g/s, and Q3 ¼ 30 g/s for the three sources,

respectively. Figure 8 shows the simulated gas sources
under the two atmospheric stability conditions.

In fact, while the wind speed and the emission rate
are constant, this engenders a dispersion of the gas -time
invariant- in an envelope of conical shape. This envelope
extends more as we move farther away from the source. At
the same time, the gas concentration decreases. The more
the atmospheric conditions are stable (“E–F”), the more the
concentration goes further (Figs. 8(c) and 8(d)).

Simulating multiple sources is the duplication of the
same model, with their concentrations superimposed in the
interference regions. This area is larger when the sources
are close enough to each other, which can generate more
complicated situations.

In the second stage, the POIs generation is common for
two CPP suggested approaches, where four scenarios were
simulated:

. In the first scenario, we used a 300 m radius of a circular
sensor footprint with a coverage rate of Cr ¼ 0:9, yielding
100 POIs.

. In the second one, we used a circular sensor footprint of
250m of radius, with a coverage rate of Cr ¼ 1, which
gives almost 150 POIs.

. In the third scenario, we used a circular sensor footprint
of 200m of radius, with a coverage rate of Cr ¼ 1:2,
which gives 200 POIs.

. In the fourth scenario, we used a circular sensor footprint
of 240m of radius, with a coverage rate of Cr ¼ 1:5,
which gives 250 POIs.

For reasons of clarity, we show in Figs. 9(a) and 9(b) this
second step presenting the sensor footprint, with the

(a) (b)

(c) (d)

Fig. 8. Gas plume model (mean concentration): (a) and (b) One
and three sources, respectively, in “A–B” stability class. (c) and (d)
One and three sources, respectively, in “E–F” stability class.

(a) (b)

(c) (d)

Fig. 7. Swap, Reversion and Insertion operators for SA: (a) Swap
operation. (b) Reversion operation. (c) Insertion operator (i < j).
(d) Insertion operator (i > j).
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possibility of changing the size and the dimensions of the
AOI. For the POI’s deployment, we show only the first and
the third scenarios in Figs. 9(c) and 9(d), respectively.

In the following stage, a homogeneous fleet (identical
flight capacities) of different sizes is used to ensure the
sample of the contaminant AOI, starting from the base
station with coordinates ðx0; y0Þ ¼ ð2; 1ÞKm and returning
to the same station.

In the first approach, we assign the POIs to the UAVs
after their grouping into isolated clusters, and subsequently
calculate the optimal succession of their consultations.

For the first three scenarios (100 POIs, 150 POIs and 200
POIs), the POIs were inspected by three UAVs, then by five.
In the last scenario, 250 POIs were inspected by five UAVs,
then by eight. Figures 10–13 show the results of the first,
second, third, and fourth TSP-GAs scenarios, respectively.
Each one of them illustrates the POI’s assignment, gener-
ated paths and the objective functions minimizing TPLs.

The number of generations Ng is adapted from one
scenario to another. In fact, this choice is mostly influenced
by the number of POIs assigned to each UAV, which
decreases with the increase in the number of UAVs (for the
same scenario) and increases from one scenario to another,
due to the fact that we increase each time the total number
of POIs. In this approach, the paths are planned in sequence

(one by one), which requires fewer generations for each
UAV. The total number of generations, however, is obtained
by the multiplication of the above values by the number of
UAVs.

Figure 14 shows the planned paths and cost function for
the first and the second scenarios described above by ap-
plying the second approach (VRP-SA). Whereas Fig. 15
shows the planned paths and cost function for the third
and the fourth scenarios. In this approach, the number of
iterations is determined to ensure that the two techniques
have the same algorithm complexity, allowing us to high-
light comparison studies based on the same starting
conditions.

In the last stage, the GDM is reconstructed (Sec. 3.4). At
this stage, the map depends only on the number and the
location of the POIs, and the values of the measures taken,
where each measure is associated with a random error
within the margin of �10% of this measurement. Really, the
results will be the same for both planning methods, the fact
that we applied the same POI’s generation technique. Fi-
nally, Figs. 16–19 show the GDM in the four scenarios (100
POIs, 150 POIs, 200 POIs and 250 POIs), respectively.

The simulation parameters in both approaches are il-
lustrated in Table 1, whereas the total distances traveled
and the number of POIs assigned for each UAV are

(a) (b)

(c) (d)

Fig. 9. POI’s Generation and distribution: (a) 30 POIs and Rsf ¼ 1000m. (b) 20 POIs and Rsf ¼ 150m. (c) 100 POIs and Rsf ¼ 300m. (d)
200 POIs and Rsf ¼ 200m.
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(a) (b) (c)

(d) (e) (f)

Fig. 10. CPP using TSP-GAs for 100 POIs (Scenario 1): (a), (d) POIs grouping in three and five clusters. (b), (e) Planned paths using three
and five UAVs. (c), (f) TPLs according to generation (three and five UAVs, respectively).

(a) (b) (c)

(d) (e) (f)

Fig. 11. CPP using TSP-GAs for 150 POIs (Scenario 2): (a), (d) POIs grouping in three and five clusters. (b), (e) Planned paths using three
and five UAVs. (c), (f) TPLs according to generation (three and five UAVs, respectively).
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(a) (b) (c)

(d) (e) (f)

Fig. 12. CPP using TSP-GAs for 200 POIs (Scenario 3): (a), (d) POIs grouping in three and five clusters. (b), (e) Planned paths using three
and five UAVs. (c), (f) TPLs according to generation (three and five UAVs, respectively).

(a) (b) (c)

(d) (e) (f)

Fig. 13. CPP using TSP-GAs for 250 POIs (Scenario 4): (a), (d) POIs grouping in five and eight clusters. (b), (e) Planned paths using five
and eight UAVs. (c), (f) TPLs according to generation (five and eight UAVs, respectively).
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(a) (b) (c)

(d) (e) (f)

Fig. 14. CPP using VRP-SA: (a), (b) Planned paths using three and five UAVs, respectively (Scenario 1). (c) Cost function according to
iterations (Scenario 1). (d), (e) Planned paths using three and five UAVs, respectively (Scenario 2). (f) Cost function according to iterations
(Scenario 2).

(a) (b) (c)

(d) (e) (f)

Fig. 15. CPP using VRP-SA: (a), (b) Planned paths using three and five UAVs, respectively (Scenario 3). (c) Cost function according to
iterations (Scenario 3). (d), (e) Planned paths using five and eight UAVs, respectively (Scenario 4). (f) Cost function according to iterations
(Scenario 4).
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Fig. 16. Gas distribution map basing on triangulation-based cubic interpolation (Scenario 1 (100 POIs)): (a), (b) One and three sources in
“A–B” stability class, respectively. (c), (d) One and three sources in “E–F” stability class, respectively.

Fig. 17. Gas distribution map basing on triangulation-based cubic interpolation (Scenario 2 (150 POIs)): (a), (b) One and three sources in
“A–B” stability class, respectively. (c), (d) One and three sources in “E–F” stability class, respectively.

Fig. 18. Gas distribution map basing on triangulation-based cubic interpolation (Scenario 3 (200 POIs)): (a), (b) One and three sources in
“A–B” stability class, respectively. (c), (d) One and three sources in “E–F” stability class, respectively.

Fig. 19. Gas distribution map basing on triangulation-based cubic interpolation (Scenario 4 (250 POIs)): (a), (b) One and three sources in
“A–B” stability class, respectively. (c), (d) One and three sources in “E–F” stability class, respectively.
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summarized in Table 2 for the first and second scenarios,
and in Table 3 for the third and fourth scenarios.

5. Experiment Results and Discussion

The simulated environment is the place for planning paths
to take samples. Indeed, the two proposed approaches use
the same method to generate and locate our POIs. The latter
requires more iterations as the number of POIs increases
(depending on the desired coverage). Nevertheless, the POIs
generated provide global and uniform coverage of the AOI,
based on their optimal distribution along the surface of our
AOI. In addition, the chosen size of the sensor footprint Rsf

(also the coverage rate Cr) has a direct contribution to the
number of POIs and the coverage resolution, as well as the
reconstituted GDM.

The first method (TSP-GAs) shows good optimization
performance, in a particularly homogeneous distribution of
the POIs in each cluster, which has a beneficial effect on
TPLs, as regards the choice of their number respecting the
UAVs’ flight capacities and the balanced division of the
efforts between them (Tables 2 and 3), as well as this
grouping at almost isolated paths each relative to the other,
the good thing to avoid intersection points (collision
avoidance for the same flight altitude).

In addition, the set of planned paths is optimized in
terms of TPL (and/or energy consumed), feasible, and
ensures the passage of all the POIs, hence the overall cov-
erage of our AOI. Moreover, the free choice of the sensor
footprint size, coverage rate, and the number of UAVs offers
the possibility to apply this approach to various scenarios.

The use of GAs for the optimization in the first modeling
gives a considerable effect on the solution optimality, as
well as the acceleration of its convergence, considering the

Table 1. Simulation parameters of the two approaches.

VRP-SA

POIs generation TSP-GAs � ¼ 0:98; 
 ¼ � ¼ 0:5;T0 ¼ 100

Number
of POIs Iterations

Number
of UAVs

Population
size Ns

Number of
generations Ng Iterations

UAVs
capacities

Scenario 01
100 50

03 80 300 900 40
(Cr ¼ 0:9) 05 80 200 1000 25

Scenario 02
150 60

03 80 600 1800 40
(Cr ¼ 1) 05 80 400 2000 25

Scenario 03
200 70

03 80 1500 4500 70
(Cr ¼ 1:2) 05 80 900 4500 45

Scenario 04
250 80

05 80 900 4500 70
(Cr ¼ 1:5) 08 80 750 6000 40

Table 2. Traveled distances and the number of POIs assigned for each UAV in the first and the second scenarios.

Scenario 1st scenario (100 POIs) 2nd scenario (150 POIs)

Number of UAVs 3 UAVs 5 UAVs 3 UAVs 5 UAVs

Used approach TSP-GAs VRP-SA TSP-GAs VRP-SA TSP-GAs VRP-SA TSP-GAs VRP-SA

Distances (m) 23326 (38) 19470 (33) 16696 (15) 14948 (22) 26949 (44) 23845 (53) 15855 (34) 12388 (24)
and 20800 (31) 19845 (33) 12180 (21) 08883 (13) 23879 (49) 23672 (48) 18642 (23) 16493 (30)

23505 (31) 19214 (34) 16637 (21) 11738 (19) 29294 (57) 23649 (49) 15682 (33) 15995 (32)

(Number of POIs) — — 12847 (22) 14934 (23) — — 18872 (30) 16607 (30)
— — 15755 (21) 14763 (23) — — 18039 (30) 16574 (34)

Total distances (m) 67631 58529 74115 65266 80122 71166 87090 78057

Multi-UAV Coverage Path Planning for Gas Distribution Map Applications 303

June 7, 2022 12:08:44pm WSPC/284-US 2250017 ISSN: 2301-3850
2nd Reading



initial size of the problem (Nk!, where Nk is the number of
POIs in the cluster k).

The simulation results from the second approach (VRP-
SA) show satisfactory planned paths. This is due to the
objective function adopted, which has a positive effect on
the balanced division of loads between UAVs. This is
reflected in the number of POIs assigned to each UAV, and is
returned also on the traveled distances almost equal
(Tables 2 and 3). Increasing the number of iterations has a
positive effect on the solution quality. On the other hand,
this last is directly proportional to the size of the input
vector (number of POIs and the number of UAVs). Although,
this effect decreases with the exponential of the SA algo-
rithm, i.e. exceeding a certain iteration number, the proba-
bility of having a better solution is greatly reduced. Lastly, a
logic synthesis of how each drone’s TPL can be reduced due
to the fleet size increasing.

The initial parameters T0, � and " must be properly
established. It is necessary to ensure a slow decrease in the
temperature in order to have an acceptable solution before
its annulation. Furthermore, using insertion operators
allows for a faster solution.

The two planning methods are strongly linked to the
number of POIs selected (according to the desired coverage
and the used sensor footprint). The problem becomes more
complicated the more we increase their number, and both
approaches require more iterations and/or computation
time. However, the sum of the traveled distances by all
UAVs in all cases is lower in VRP-SA (Tables 2 and 3). This
is mainly caused by the first and the last path edges in TSP-
GAs, which are longer to go from the base station to the
distant clusters. As in this approach, each cluster is opti-
mized independently of the others, which limits the choice
of crossing points, hence the creation of this difference in
TPLs. Conversely, in VRP-SA, the problem is seen as a whole,
and the paths are optimized together. However, this

difference in the sum of TPLs decreases more as the number
of POIs increases and/or the number of UAVs decreases. In
other words, as the number of POIs increases in each
cluster, the more efficient the TSP-GAs method becomes.

The reconstituted GDM depends essentially on the
number of measurement points (POIs), which defines its
resolution. This is clearly demonstrated in Figs. 18 and 19
(scenarios 3 and 4) compared to Figs. 16 and 17 (scenarios
1 and 2), for one or three sources in both stability classes
(“A–B” and “E–F”), which reveals clearly the most likely
location of these sources (in relation to the reference
sources shown in Fig. 8), as well as a better estimation of
the dispersed quantities. In fact, the overall coverage of the
AOI is very interesting, especially with the highest possible
resolution.

6. Conclusion

We have seen in this work an integration of a plume model
with two path planning approaches using a fleet of UAVs.
The mission objective is to ensure the global coverage of an
AOI containing chemical sources, in order to take and col-
lect measurements over the whole of this area, and to es-
timate later how the chemical substance is distributed over
this area.

To achieve this goal, we selected the outline of the region
to be studied, and we simulated the gas sources using a gas
plume model. The first step consists of generating and ad-
equately distributing a set of POIs. Then, we plan optimized
paths that ensure the passage of all these POIs by calcu-
lating the best sequence of their visits. In this step, two
methods have been proposed. The first distributes the
efforts between UAVs by assigning a subset of POIs to each
one, where each subset is the result of grouping the POIs

Table 3. Traveled distances and the number of POIs assigned for each UAV in the third and the fourth scenarios.

Scenario 3rd scenario (200 POIs) 4th scenario (250 POIs)

Number of UAVs 3 UAVs 5 UAVs 5 UAVs 8 UAVs

Used approach TSP-GAs VRP-SA TSP-GAs VRP-SA TSP-GAs VRP-SA TSP-GAs VRP-SA

Distances (m) 29640 (67) 27566 (65) 19907 (48) 18971 (46) 22265 (46) 19153 (52) 11860 (28) 10521 (21)
and 29562 (71) 27396 (67) 15684 (37) 13318 (33) 19468 (51) 17937 (45) 19857 (31) 13671 (34)
(Number of POIs) 31331 (62) 27408 (68) 26215 (47) 18012 (40) 23222 (53) 19120 (51) 16138 (30) 10176 (26)

— — 18605 (31) 18663 (42) 23959 (47) 19533 (50) 12479 (29) 13997 (36)
— — 15634 (37) 19008 (39) 19226 (53) 19251 (52) 17816 (31) 13865 (33)
— — — — — — 12142 (27) 12769 (32)
— — — — — — 17295 (39) 13743 (34)
— — — — — — 12210 (35) 13633 (34)

Total distances (m) 90533 82370 96045 87972 108140 94994 119797 102375
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into clusters. Then, an optimal succession of visiting the
POIs of each cluster separately is addressed, modeling the
problem as a TSP, and solving it by GAs. The second plan-
ning approach models the problem as a VRP and solves it by
taking advantage of the SA algorithm.

In both methods, the major advantages obtained from
simulation tests consist in the selected number of POIs,
which is derived from the used sensor footprint and the
coverage rate. Furthermore, the choice of the shape and
dimensions of the AOI, as well as the number of UAVs,
provides greater flexibility. The use of GAs and SA algo-
rithms and insertion operators gives optimization in TPLs
and computation time. As a result, the POIs clustering and
the chosen objective function for the SA algorithm provide a
balanced sharing effort between UAVs, while respecting
their flight capacities. In fact, these generic approaches can
be exploited for many types of applications and a large
number of scenarios, such as coverage for Unmanned
Ground Vehicles (UGVs) and Underwater Vehicles (UVs). In
terms of TPLs for UAVs, we can conclude that the second
approach is more effective.

The last stage of our solution includes GDM recon-
struction. Indeed, the triangulation-based cubic interpola-
tion method is used. The selected method is suitable for
further processing in order to locate the most promising
positions of the gas sources, and possibly the delineation
of the dispersion contour and predict its directions of
propagation.

In future works, we will focus on guided planning for
GSL while giving the same user information from the GDM.
Then, we will go to the 3D generalization before their
validation in real flight tests.
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