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Abstract—Due to their deployment flexibility, Unmanned
Aerial Vehicles have been found suitable for many application
areas, one of them being air pollution monitoring. In fact,
deploying a fleet of Unmanned Aerial Vehicles (UAVs) and using
them to take environmental samples is an approach that has
the potential to become one of the key enabling technologies
to enforce pollution control in industrial or rural areas. In
this paper, we propose to use an algorithm called Pollution-
driven UAV Control (PdUC) that is based on a chemotaxis
metaheuristic and a Particle Swarm Optimization (PSO) scheme
that only uses local information. Our approach will be used
by a monitoring Unmanned Aerial Vehicle to swiftly cover an
area and map the distribution of its aerial pollution. We show
that, when using PdUC, an implicit priority is applied in the
construction of pollution maps, by focusing on areas where the
pollutants’ concentration is higher. In this way, accurate maps
can be constructed in a faster manner when compared to other
strategies. We compare PdUC against various standard mobility
models through simulation, showing that our protocol achieves
better performances, by finding the most polluted areas with
more accuracy, within the time bounds defined by the UAV flight
time.
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I. INTRODUCTION

Air pollution monitoring has become an issue of utmost
importance in the last decades since the world has witnessed
an increase of pollutants, as well as their impact on health-
related problems [1].

The use of dedicated architectures and hardware for pol-
lution monitoring in inhabited areas is outmatched, in theory,
only by the use of crowdsensing [2]. However, the majority of
methods, used insofar, to keep track of air pollution in major
cities, rely on fixed monitoring stations [3] and these tradi-
tional methods are slowly being replaced by ground-vehicle-
based mobile sensors. These latter ones would theoretically be
able to cover the same areas as the former, while employing
a reduced number of sensors, as opposed to the solution with
fixed stations.

In respect to the widespread use of small pollution mon-
itoring sensors embedded on mobile vehicles, the possible
scenarios of their use can be divided in two main classes: (i)
urban environments, where it is possible to embed the sensors
on a wide set of vehicles like bicycles [4] or cars [5]; and
(ii) rural and industrial areas, where vehicular traffic is scarce
and limited to the main transportation arteries. In the latter

case, furthermore, crowdsensing often fails to provide enough
data to obtain realistic measurements having the required
granularity. In the case of large urban or industrial areas, a fleet
of mobile vehicles could be efficiently used to cover the vast
distances associated with them. The use of autonomous sensor
carriers is even more encouraged, in the last case, thanks to the
following considerations: (i) the relative absence of civilian
population to be taken care of during robotic operations;
(ii) stable and regulated positioning of obstacles; (iii) less
constraints in terms of UAV flight laws and, finally, (iv) safety
and security issues, since some areas could be dangerous for
human operation. In these environments, ground access is
usually hindered and the most feasible way to implement a
fleet of mobile pollution-monitoring robots is via Unmanned
Aerial Vehicles (UAVs). It is important, at this point, to
distinguish that through all the paper we always refer to small
UAVs. In this category belong all the robots commercially
available for small civil application such as quad- and octa-
rotors. We restrain to apply our studies to the much more
sophisticated autonomous flying machines of heavy industrial
and military applications.

In this paper we propose the use of UAVs as the way to
implement an air pollution monitoring service that leverages
the use of bio-inspired approaches as the main robotic control
strategy. We show that, using a chemotaxis-based approach
for the drone movement control, it is possible to achieve
faster and more accurate estimates of the position of the
most polluted areas, with respect to classical area-search
approaches. Our analysis also takes into account uncertainty-
based considerations in the sensor sampling operations. This
paper is organized as follows: in section II we refer to some
related works addressing UAV-based sensing, UAV mobility
models, and UAV control protocols. Section III presents the
description of our proposal. In section IV, we compare our
algorithm against the Billiard and Spiral mobility models
via simulations. Section V discusses the open issues in air
pollution monitoring using UAVs. Finally, in section VI, we
present the conclusions of our work.

II. RELATED WORKS

The last decade saw a blossoming of UAV applications.
The NASA [6] conducted a set of studies about the Civil
Application possibilities for flying drones, determining that the



following application categories would benefit the most from
small-UAV development: commercial, earth science, national
security and land management. In addition, there are several
works analyzing the uses of small UAVs; for instance, the
studies of Hugenholtz et al. [7] show the various possibilities
of using UAVs for Earth Sciences and Remote Sensing.

Focusing on our topic, despite the presence of several works
related to air pollution monitoring using Unmanned Aerial
Systems (UAS), the topics addressed in the majority of them
involve, mainly, swarm creation or communication/interaction
issues. For example, in [8], its Authors propose a mobility
model for a group of nodes following Virtual Tracks (high-
ways, valley, etc.) operating in a predefined Switch Station
mode, through which nodes can split or merge with another
group of nodes.

If we analyze works related to mobility models for UAS
that could be used for air pollution monitoring tasks, we can
observe that, at the best of the authors’ knowledge, no work
is optimized or based on coverage improvement for a certain
area.

For instance, in [9], its Authors propose a mobility model
based on the Enhanced Gauss-Markov model to eliminate and
limit sudden stops and sharp turns that the random waypoint
mobility model typically creates. Also, in [10], authors present
a semi-random circular movement (SRCM) based model, an-
alyzing the coverage and network connectivity by comparing
it against the random waypoint mobility model. The authors
of [11] compare random waypoint-based, Markov-based and
Brownian motion-based algorithms to cover a specific area,
analyzing the influence of physical collision avoidance systems
in the area covering completion time. The work in [12]
compares the results of using Random Mobility Model and
the Distributed Pheromone Repel Mobility Model as direction
decision engines (next way-point) in UAV environments. The
authors of [13] propose an algorithm to cover a specific area:
it selects a point in space along with the line perpendicular to
its heading direction, and then drives the UAV on the basis
of geometric considerations. There are works for specifics
tasks such as [14], where authors present a mobility model
for the self-deployment of an Aerial Ad Hoc Network in a
disaster recovery scenario in order to create a flying and
flexible communications infrastructure that victims can use.
The mobility model proposed there is mainly built on the
Jaccard dissimilarity metric, to control the deployment of the
Unmanned Aerial Vehicles composing the network. A similar
work is presented in [15], where instead an in-network density
analysis is used to select the physical areas than need to be
visited by a flying robot. There are also studies following
animal-based navigation patterns. An example of such a work
is [16], where authors investigate the UAV placement and
navigation strategies with the end goal of improving network
connectivity, using local flocking rules that aerial living beings
like birds and insects seem to follow. The use of UAVs for air
pollution monitoring in a specific area is, however, still not
present in scientific literature, and this work can be seen as
one of the first approaches in this direction.

III. OVERVIEW OF THE PROPOSED SOLUTION

Chemotaxis metaheuristics are based on bacteria movement,
which react to a chemical stimulus by moving towards areas
with a higher concentration of given components (e.g. food),
or moving away from some others (e.g. poison) [17]. Let us
consider an agent i moving on a Euclidean plane, located at
position

−→
P i,j from an absolute reference axis, and moving

along time in sequential steps j. For every chemotactic step,
a new position

−→
P i,j is calculated based on the the previous

one
−→
P i,j−1, plus a step size dj applying a random direction

θj , as specified in equation 1.

−→
P i,j =

−→
P i,j−1 + di × θi,j (1)

θi,j =

{
θi,j−1 + αi,j pi,j ≥ pi,j−1
−θi(j − 1) + βi,j pi,j < pi,j−1

(2)

The direction θi,j , as shown in equation 2, is calculated
based on the concentration of a certain chemical component,
sampled by an agent i at the time step j: pi,j . With respect to
the previous sampled value pi,j−1, the following two types
of movements are contemplated: Run and Tumble. In the
former, Run, when the component concentration is increasing
with respect to the previous value, the movement continues
to follow the same direction as before (θi,j−1) plus a random
angle αi,j . For the latter, Tumble, when the concentration is
decreasing, the movement takes a turn in the inverse direction
−θi,j−1, plus a random angle βi,j . Notice that both αi,j and
βi,j are used to introduce variability and to maximize the
gradient.

The use of rotating-wing UAVs, equipped with chemical
sensors and tasked to survey large areas, could follow chemo-
tactic mobility patterns since their flight behavior could easily
implement the following two-phase algorithm: first, it reads
a pollution concentration while hovering; next, it follows a
chemotactic step.

In this context, we have developed an algorithm called
Pollution-driven UAV Control (PdUC) based mainly on the
chemotaxis metaheuristic concept to search an area for the
highest pollution concentration level. Once this area is found,
the flying drone covers the area following a spiral movement,
starting from the most polluted area. Our algorithm is com-
posed of two phases: (i) A Search phase, in which the UAV
searches for a globally maximum pollution value, and (ii) An
Explore phase, where the UAV explores the surrounding area,
following a spiral movement, until it covers the whole area,
until the allowed flight time ends or until it finds another
maximum value, in which case it returns to the Search phase.

The Search phase is based on two concepts: a chemotaxis
metaheuristic, and a local Particle Swarm Optimization al-
gorithm. Initially, before the UAV starts its first movement,
it samples the pollution value and puts it in a buffer. For
each chemotactic step, it starts to hover, collects another
sample, and compares it with the previous one. If the sampling
variation is positive (increasing), the UAV follows a ”Run”



chemotaxis direction, with a random αi,j of [−30, 30] degrees.
Otherwise, if the sampling variation is decreasing, the UAV
calculates the ”Tumble” chemotaxis direction in the reverse
orientation with a random βi,j of [−150, 150], although mod-
ified by the actual maximum value reached (mdi), as shown
in Figure ??. Equation 3 denotes the formula to calculate the
new direction, and γ specifies the weight of the mdi, which
must be between 0 and 1.

To determine when PdUC has found a maximum local
value, we use a ttl. When PdUC finds a maximum value, we
reset the ttl, which then increases until it finds new maximum
pollution values, or until reaching the maximum ttl value, in
which case PdUC changes to the exploration phase since it
considers that a local maximum value has been found.

θi,j =

{
θi,j−1 + αi,j Run

(1− γ)(−θi,j−1 + βi,j) + γmdi Tumble
(3)

Once a maximum value is reached, the next phase is to Ex-
plore the surrounding area by following an archimedean spiral:
starting from the maximum value, covers the surrounding area
by applying a basic step size dj , and changing it depending on
the detected pollution variations, a procedure that is similar to
the finding phase. If the variation is less than a preset value
ci, the step size increases until reaching 3× dj ; otherwise, it
decreases until dj is reached. If a maximum pollution value is
found, PdUC automatically returns to the exploration phase.
Finally, once the whole area is covered, the UAV changes to
a return to home mode to finish the exploration.

Figure 1 summarizes the operation of the algorithm and
displays the separation between the Search and the Explore
phases.

IV. VALIDATION & SIMULATION

To validate our protocol, we have run several simulations
with different configurations.

To prepare a suitable data environment, we have created
various distribution maps of pollution sources using R Graph
[18]. The maps are created following a kriging-based inter-
polation of a Gaussian distribution from random data sources,
with values between 40 and 180 ppb, thereby simulating a
typical ozone distribution.

Figure 3 shows some samples of the created maps.
Using the previously created data as input, we have run

several simulations using OMNeT++, comparing our protocol
against both the Billiard and Spiral mobility patterns. In the
simulator, we have created a mobility model implementing
PdUC. To simulate the sampling process, we have tuned
OMNeT++ to periodically take the values from the pollutant
distribution map.

We analyze the results of the three different movement
patterns (PdUC, Spiral, and Billiard) creating distribution
pollution maps using their samplings, and comparing against
the original map. The maps are created via the R Graph tool
using kriging-based interpolation.

Table IV summarizes the parameters used in the simulations.

Parameter Value
Area 4x4 Km
Pollution distribution Kriging-based
Pollution range [40 - 180] ppb
Pollution oscillation 10 ppb
Mobility base Waypoint
Speed Constant (20 m/s)
Monitoring time 4 seconds
Step distance 100 m
Mobility models Billiard, Spiral and PdUC

Since we are proposing the PdUC algorithm for industrial
environments, the simulation area defined is a 4× 4 Km area
with no obstacles as the drones flight well above ground.
We introduce random variations into the sampling process
to simulate the inaccuracies of off-the-shelf sensors. In our
simulation we set the maximum UAV speed to 20 m/s, a value
achievable by many commercial UAVs. The step distance
defined between consecutive samples is 100 meters. Once a
new sampling location is reached, the monitoring time per
sample is defined to be 4 seconds.

The mobility models used are Billiard, Spiral and PdUC.
These models have different assumptions regarding the initial
UAV position. In the Billiard model, the UAV starts in a corner
of the target area and then covers the whole area. The spiral
model is similar, but it starts at the center of the area to cover.
Finally, PdUC is set to start at a random position within the
target area.

We now proceed by analysing the time required to cover
the entire area using each of the approaches being tested. For
this purpose, we averaged 100 simulations for each model
(Billiard, Spiral and PdUC, with each drone starting at random
position), trying to determine the required time to completely
cover the area.

Figure ?? shows the Cumulative Distribution Function rela-
tive to the time to cover the whole area for the three mobility
models. It can be seen that the Billiard and Spiral models
do not depend on the starting position, spending a nearly
constant time (5600 and 2600 seconds, respectively) for each
established configuration. In the case of the PdUC mobility
model, since it reacts to air pollution, the time required
to cover the complete area varies between 1800 and 4300
seconds, depending on the starting position.

Due to battery restrictions, it is interesting to analyze how
fast each mobility model discovers the most polluted areas,
and how accurately does it recreate the pollution distribution.
For this purpose, we analyze the relative error for the three
mobility models at different time instants (600, 1200, 1800,
2400, 3000 and 6000 seconds); this error is defined as shown
in equation 4:

et =

∑m
i=1

∑n
j=1|

sx,y,t−bx,y

4b |
m · n

(4)

where, et is the relative error at time t; sx,y,t is the recreated
pollution value using the simulation until time t at position



(x, y), bx,y is the reference pollution value at position (x, y),
and n and m are the dimensions of the target area, respectively.

Figure ?? shows the time evolution of the relative er-
ror between the three mobility models (Billiard, Spiral, and
PdUC) and the original one. We can observe that all mobility
models have roughly the same behavior: they start with a
high relative error, which is expectable since we are using
kriging interpolation to recreate the pollution distribution, and
it tends to the mean value when the number of samples is not
enough. Then, as more samples become available, the spatial
interpolation process quickly becomes more precise.

Although the three mobility models are similar, the spiral
approach achieves a better performance in terms of relative
error reduction. However, if we analyze only the most polluted
areas, that is, the values higher than a certain threshold (120
and 150, in our case, based on AQI [19]), we find that PdUC
provides better results.

Figures 6 and 7 show the comparison between the Billiard,
Spiral, and PdUC mobility models at different times when
only focusing on air pollution values higher than 120 and
150 ppb, respectively. These results show that PdUC provides
better results than the Billiard and Spiral movement patterns,
outperforming their accuracy from nearly the beginning of the
experiment (1200 seconds), and reaching the lowest relative
error values in just 3600 seconds, with these two other mobility
approaches more than doubling the error values for a same
time. In particular, the Billiard mobility pattern requires about
6000 seconds to achieve a similar degree of accuracy (120 ppb
case), while the Spiral approach is not able to achieve values
as low as PdUC in any of the cases. This occurs because PdUC
focuses on the highest values in the chemotaxis-based phase.
PdUC always prioritizes the most polluted areas in detriment
of less polluted ones allowing to obtain, at least, some area
with the highest pollution values.

V. OPEN ISSUES

Unmanned Aerial Systems (UAS) have quickly expanded in
different areas due to their flexibility and relatively low costs.
Previously, we had proposed the use of UAVs for air pollution
monitoring [20] by equipping them with off-the-shelf sensors.
Now, in the current paper, we are introducing an algorithm
called PdUC to guide a single UAV to monitor a specific area.
However, there are still several open issues related to this topic.

Until now, we have considered the operations of a single
UAV. The next step in our research is to introduce multiple-
UAVs and their cooperation schemes. By following this re-
search line, the following aspects need to be immediately
addressed:
• Cooperation: to maximize the effectiveness and reduce

mapping times, it is advisable to have several UAVs
that cooperate with each other to achieve a same task,
thereby accelerating the whole process and avoiding
battery exhaustion.

• Collision Avoidance: a correct coordination between
nearby UAVs is required to avoid collisions when flying
in a close range.

• Communications: to achieve the aforementioned goals
of cooperation and collision avoidance, communications
between UAVs, and between UAVs and a central man-
agement unit, are required.

On the other hand, using mobile sensors installed on UAVs
introduces new aspects to consider in the sensing process:

• Altitude: despite currently most pollution studies are
made at ground level, the use of UAVs allows determining
the concentration of pollutants at different heights, which
helps at finding out whether there are layers of pollutants
that can cause health problems.

• Influence of the wind: the sampling procedure includes
sensors that are sensitive to wind conditions. In addition,
wind causes the overall pollution map to be more dy-
namic. In this context, both issues deserve more scrutiny.

VI. CONCLUSIONS

Recently, Unmanned Aerial Systems have experienced un-
precedented growth, offering a platform for the fast devel-
opment of solutions due to their flexibility and relatively
low cost; they can be a good option to solve the previous
requirements allowing to monitor remote areas with difficult
access.

In previous works [20], we proposed to equip UAVs with
off-the-shelf sensors for monitoring tasks, but the guidance
system was still missing. To solve this issue, we have proposed
adopting the Pollution-based UAV Control system (PdUC),
which allows us to monitor a specific area focusing on the
most polluted zones.

PdUC is based on a Chemotaxis metaheuristic and a local
Particle Swarm Optimization (PSO) concepts, creating an
algorithm able to quickly find areas with high pollution values,
and to cover the surrounding area as well, thereby obtaining
a complete and detailed pollution map.

To validate our proposal, we compared our approach against
the Billiard and Spiral mobility models through simulations
implemented in OMNeT++. The simulation experiments show
that PdUC offers significantly better performance at reducing
prediction errors, especially concerning the high-value range.

We further identified what needs to be immediately ad-
dressed to lead on and complete our research and we plan
to pursue it in publications to come.

ACKNOWLEDGMENT

This work has been partially carried out in the framework of
the DIVINA Challenge Team, which is funded under the Labex
MS2T program. Labex MS2T is supported by the French
Government, through the program Investments for the future
managed by the National Agency for Research (Reference:
ANR-11-IDEX-0004-02). This work was also supported by the
”Programa Estatal de Investigación, Desarrollo e Innovación
Orientada a Retos de la Sociedad, Proyecto I+D+I TEC2014-
52690-R”, and by the ”Programa de becas SENESCYT de la
República del Ecuador”.



REFERENCES

[1] A. Seaton, D. Godden, W. MacNee, and K. Donaldson, “Particulate
air pollution and acute health effects,” The lancet, vol. 345, no. 8943,
pp. 176–178, 1995.

[2] O. Alvear, W. Zamora, C. Calafate, J.-C. Cano, and P. Manzoni,
“An architecture offering mobile pollution sensing with high spatial
resolution,” Journal of Sensors, vol. 2016, 2016.

[3] P. S. Kanaroglou, M. Jerrett, J. Morrison, B. Beckerman, M. A.
Arain, N. L. Gilbert, and J. R. Brook, “Establishing an air pollution
monitoring network for intra-urban population exposure assessment: A
location-allocation approach,” Atmospheric Environment, vol. 39, no. 13,
pp. 2399–2409, 2005.

[4] S. B. Eisenman, E. Miluzzo, N. D. Lane, R. A. Peterson, G.-S. Ahn,
and A. T. Campbell, “Bikenet: A mobile sensing system for cyclist
experience mapping,” ACM Transactions on Sensor Networks (TOSN),
vol. 6, no. 1, p. 6, 2009.

[5] M. Pujadas, J. Plaza, J. Teres, B. Artıñano, and M. Millan, “Passive
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Fig. 3. Pollution distribution examples used to validate PdUC against Billiard and Spiral mobility models.
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Fig. 6. Relative error comparison between PdUC, Billiard, and Spiral mobility
models at different times when only analyzing values higher than 120 ppb.
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Fig. 7. Relative error comparison between PdUC, Billiard, and Spiral mobility
models at different times when only analyzing values higher than 150 ppb.




