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ABSTRACT As the atmospheric pollution becomes an increasingly serious problem, finding accurately
the location of pollutant sources is still challenging. In the present work, a probability-based tracking
strategy is proposed for guiding two cooperative unmanned aerial vehicles (UAVs) within a quest area to
find an atmospheric pollutant source. This tracking strategy implies deploying algorithmically two phases:
exploration and exploitation. During the exploration phase each vehicle follows a trajectory based on plane
coordinates generated from a Hammersley sequence. The overlapping between UAVs’ trajectories is avoided
by splitting guidance points into two groups by using the k-means algorithm. The navigation trajectories are
smoothed by an TSP solver and a cubic spline planning algorithm. The exploitation phase redirects the search
to specific locations where the probability of finding the source is higher. This is achieved by considering
the quest area as a mesh, where each cell is assigned a probability computed with information collected by
the UAVs measurement system. Every time a high concentration is found, the probabilities are recalculated,
and flight trajectories are adjusted. The trajectories are semicircular, and the radius is decreased when a new
high concentration is found. Simulation data of the proposed tracking strategy shows promising results on the
accuracy achieved in the finding of the pollutant source, in comparison with three other tracking strategies:
leader-follower, random walk with particle swarm optimization, and a hill climb traceability algorithm.

INDEX TERMS Air pollution, aircraft navigation, source localization, time-varying source, unmanned aerial

vehicles.

I. INTRODUCTION

There are many areas in which unmanned aerial vehicles are
helpful to accomplish complex or risky tasks. For instance,
applications related to civil structures monitoring, mapping
of urban and natural areas, search and rescue in emergency
scenarios, and environmental monitoring. Nowadays, there
are increasingly better efforts in research and development for
using UAVs to locate and identify pollutant sources. A source
could be radiation, acoustic signals, electromagnetic signals,
or a chemical agent. This paper contributes in this specific
area. The main purpose is locating an air pollutant source on
an outdoor scenario by considering realistic time constraints
related to the UAVs battery. This task is accomplished by
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a couple of autonomous quadcopters equipped with appro-
priate sensors which measure a specific pollutant. UAVs can
move with 6 degrees of freedom and are capable to fly for a
limited time in different environments, making them suitable
to take pollutant samples.

Up to date literature reports several applications of UAVs
for locating pollutant sources. For instance, [1]-[6] use multi-
ple mobile robots to sample their search area. In these works,
global optimization algorithms command the movement of
each robot. Reference [1] details a leading-follower strategy
by using a PSO algorithm for guiding the mobile robots.
Each robot is considered as a particle of the swarm and the
Schrodinger equation guides the movement. The leader of the
swarm is chosen depending on the global optimal position.
The followers serve the leader providing measurements and
navigating in the direction chosen by the leader. The authors
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of [2] use an indoor controlled environment to perform source
tracking. Two experiments are developed in this work: one of
them considers airflow information, while the other does not
consider airflow information. The airflow is varied with dis-
placement ventilation or mixing ventilation. For each exper-
iment six terrestrial robots are guided in 3 phases: finding
the plume (with a random divergence strategy), tracking the
plume (by a standard and improved Whale Optimization
Algorithm), and declaring the source.

In a platform with multiple agents, cooperation is a pow-
erful tool to succeed in the task of finding a source. Research
reports in [7]-[10] focus on reducing their time to accomplish
a mission and exchange information between each robotic
agent. In [7] the agents share their position, velocity, and
formation vector to perform a coordinated scanning of the
search area. There are four UAV agents in this approach. The
exploration phase carries out three strategies: leader-follower,
random walk scanning with feasible drone orientations, and
Brownian motion behavior. The exploration phase performs
the following steps:

1) The UAV that reacts to a gas measurement is trans-

formed into a leader

2) A circular formation around the leader is performed

3) The swarm moves along a logarithmic spiral

4) If the i-th UAV detects a gas concentration, greater than

previous measures, that UAV is considered the new
leader
The plume is simulated with a Gaussian model, and the
experiments assume that the gas concentration is a decreasing
function of the distance from the source.

Previous strategies were proved in simulated environments
or indoor controlled experiments. However, in the literature
is possible to find several works implemented in outdoor
scenarios [9], [11]-[13]. In these works, the focus is made
on the construction of a platform with high maneuverabil-
ity and capacity to sense air pollutant concentrations. With
those platforms, it is possible to execute exploratory and
exploitative strategies for source tracking. Different pollutant
sources have been considered in research works, such as
sources of alcohol [14], sound [15], or even it is consid-
ered to fly in zones where the presence of contamination is
known [16]-[18]. It is common to find articles that use poten-
tial fields to implement the collision avoidance [19]-[22].
To the best knowledge of the authors of this research work,
some papers report applications similar to our approach.
Nevertheless, several assumptions (for simulation works) or
favorable initial conditions (for experimental approaches) are
considered in these works. Some examples of these favorable
factors are as follows:

o Take-offs from inside a plume, [19], [23] or relatively

close to it [24]

o The initial fly direction is towards the plume [19], [20].
These conditions oversimplify the problem of finding
first clues

o The carried sensors have a high sensitivity [25]. This
implies the use of expensive sensors
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o The search area is not extensive, so UAVs can detect the
plume before flight time runs out [21]. In other words,
UAVs can easily cover the entire area before they run out
of power

This paper presents results on the application of a novel
intelligent strategy to locate an air pollutant source, without
any favorable environmental conditions, as the previously
described in [19]—[21], [23]-[25]. Main considerations of this
work include:

o A platform with two UAVs, although using more units

is possible with minor modifications to the strategy

o Take-offs in zones where there is not a minimal trace of
the pollutant plume. This requires the implementation of
a fast coordinated exploration phase

o Path planning depends on clustering deterministic
points, but with random initial centroids (with k-means)

o Parameters like maximum ground speed, the sensitivity
of sensors, flying time, radio frequency coverage area,
among others, are more constrained and selected accord-
ing to similar UAVs used in the work proposed by [13]

o The search area is large enough (500m x 500m). The
ratio of area covered by the plume and the total search
area is less than 3/100

Another important feature of our work is that we use real
measurements of wind magnitude to simulate the pollutant
plume. The simulation environment uses the MAVLINK nav-
igation protocol [26]. The main objectives of these features
are: to simulate a wind behavior closer to reality, and to allow
a simple migration of the developed scripts to a real platform
(similar to the used in [13]).

The performance efficiency of the UAVs to track and locate
an air pollutant source is performed. To this purpose, param-
eters like distance to the source, time to finish the exploration
phase, highest pollution measure taken, and ability to detect
higher contaminant measurements will be statistically ana-
lyzed.

Four different strategies for the exploration phase, each
accompanied with its respective strategy for the exploitation
phase, are tested in a scenario with a simulated pollutant
plume. To avoid collisions between the UAVs, they fly at
different heights like in [27]. These heights remain constant
during flight time. In half of the experiments the height of one
UAV matches with the pollutant source height. In the rest of
the experiments no UAV matches with the source height.

The main content of this paper is organized as fol-
lows: section 2 describes the simulation environment and
the air pollutant distribution model, the construction of
a probabilistic map, and the explanation of strategies.
Section 3 presents the results obtained in experiments and the
analysis. Section 4 presents the conclusions and future work.

Il. SEARCH AREA MODELING THROUGH PROBABILISTIC
REFERENCE MAP

A. POLLUTANT PLUME MODELING

To analyze the polluting plume model, is necessary to con-
sider two phenomena: the contaminant diffusion into the
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atmosphere and the movement of these diffused concentra-
tions due to the wind [28]. These behaviors correspond to the
equation of concentration given by:

i v.j )
J— . =g
ot

where:

. c()} , 1) is the concentration of the pollutant mass in a
given time f[sec] and position X = (x,y,2) € R[m].

o 5(){ , 1) is the source of contamination.

o f(X, 1) 1is the flow of contaminant mass due to diffusion
and advection phenomena.

The Fick’s law allows to obtain the diffusion of one substance
into another.

fp=—DVe @)

where D = (Dx, Dy, D;) are the diffusion coefficients in each
axis.

The dragging of the fluid by the wind permits to compute
the advection component:

fa=—cii 3)

where &t = (uy, uy, u;) is the wind velocity.
Adding up the two components of f (fp and f4), and
replacing them into (1) we have:
dc - >
E+V~(cu)=V-(DVc)+s “)
There are two constraints to be considered for solving (4),
which are:
« If the z-axis is considered as the ground; the dispersion
only happens in z > 0.
o The concentration tends to 0 when is analyzed in a far
field.

Then:
u,c—D,— =0 at z=0 &)
0z

If we consider u, = —ug, as settling velocity for the
particulates and Wy, as a deposition coefficient that captures
the effect of total flux of contaminants penetrating the ground,
we have the Robbin Boundary Condition:

dc
—UsetC — DZB_Z = _Wdepc (6)

1) THE SOURCE
A point source models the air pollutant source in space, using
a Dirac delta function &(-):

SX, 1) = Q- 8(x — x)8(y — y)8(z — 25) )

where X; = (x,, 5, Z5) 1S the source position and Q[kg/s] is
the total output of the source per time unit.
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2) DIFFUSIVITY COEFFICIENT

The chemical air pollutant considered in this work is
sulfur dioxide (SO2). Burning coal in power plants or
petroleum-based products produce this kind of colorless gas.
There are several methods to compute the coefficient of the
diffusion of one substance into another. This work uses the
Fuller method [29]:

12
371751 1 1
1077175 [ g ]
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®

Dyp =

where:

« T represents the temperature
« P represents the pressure
e My, Mp are the molecular weights of A (air) and B
(850»), respectively
o Y vrepresents the Molecular volume of diffusion
Fig. 1 shows a simulation output of the plume distribution for
SO,. The source is located at 3 meters height.

Concentrations of pollutants at different heights

27.0
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FIGURE 1. Plume shapes at 3, 4 and 5 meters above the ground.

B. SOURCE PROBABILISTIC MAP

The UAVs navigation is performed by using a probabilistic
reference map limited to the search area. The probabilistic
map is finite and meshed, where every cell (Cyy) corresponds
to the probability, Pyy, of finding the pollutant source at
Cyy. Fig. 2 shows a layout of a reference map, where it is
noticeable that the x-axis grows to the east, while the y-axis to
the north. The dimensions of every cell in the map are Ly x Ly.
The location of each cell center (on geographical coordinates)
is calculated as:

Laty — Laty, 1
centerpq(m) = Laty, + — ™ + - 9

2
Lony — Lon
centeryo,n(n) = Lony, + e <

N 2

1
n+ —) (10)

where:

« mand n are cell indices along y and x axis, respectively
e M and N are the number of cells on the y and x axis,
respectively
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FIGURE 2. Meshed reference map of the quest area.

o Lat; and Laty represent the lower and upper latitude
boundaries

e Lony, and Lony represent the lower and upper longitude
boundaries

With the previous reference map, it is possible to obtain
the probability map. Building this map requires calculat-
ing the probability of finding a source in cell C; (releas-
ing a single chemical filament since time f;) given that a
pollutant chemical is detected (measured) on the cell C; at
time #;, > 17 [30]:

e R S O
- T 502
e 202 e 210y

Sij(tx) =

LiL 11
2wt 0,0y vy (i
Taking into account that oy and oy are the variance from a
Gaussian distribution (similar to [30]), and that:
k—1
Vi, ti) = ety 1) vy, 1)) = Y UX())  (12)
i=l
where U is a vector with the wind measurements from time #;
to 7.

By using (11), itis possible to define the probability matrix
(or probability map) which implies finding a source in C;
given that a chemical was detected on C; at time #, for all
possible release times:

Sij(tk—1) + Sij(tx)
Bit) = ———— (13)
Note that in the previous formulas the i sub-index denotes

the source location, and j denotes the current UAV location,
on the reference map.

C. SEARCH STRATEGY
All strategies require an initialization process, that is:

1) The MAVLINK controller is created and establishes a
communication with the flight controller (Pixhawk or
ArduCopter).

2) The reference map (section II-B) is deployed consider-
ing one of the UAVs on its center as reference
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3) The pollutant plume is linked to the reference map.
During experiments, it is located at four different posi-
tions: northeast, southeast, southwest, and northeast of
the center of the map, keeping their respective locations
for the three strategies

4) Both UAVs take off from different (but inside the area)
locations

Each strategy has a specific behavior in the exploration
and exploitation phases. The exploration phase consists on
the period of time where the UAVs search for a high pollu-
tant measurement. The exploitation phase starts after explo-
ration phase has finished (a high pollutant measurement was
obtained) and consists on the coordination of each UAV to
track the source position.

1) COHERENT EQUIDISTRIBUTED SEARCH WITH
PROBABILITY-BASED TRACKING ALGORITHM (CESPT)

The proposed search strategy is able to guide the UAVs to
maximize the covering area, using different flight heights for
each UAV to avoid collisions during the exploration phase.
To this end, two paths are generated by using coordinates
points based on Hammersley sequences [31]. A Hammersley
sequence of points in a plane has the characteristic of being
equidistributed. This characteristic is important to ensure that
the UAVs visit places throughout the search area.

Once the Hammersley sequence is generated, the points
are scaled according to M and N. Then, the points are split
into two groups by means of the k-means clustering algo-
rithm [32], as shown in Fig. 3.
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FIGURE 3. Points (based on Hammersley sequences) clustered and
located in the search area (500m x 500). Boundaries of the search area
are in yellow. Blue points were assigned to UAV1 and green points were
assigned to UAV2.

118171



IEEE Access

A. F. Garcia-calle et al.: Equidistributed Search+Probability Based Tracking Strategy

FIGURE 4. Once a high measurement of pollutant is detected, the UAV fly
on semicircular trajectories around the plume: against the wind (green
trajectory) or downwind (red trajectory). With every high pollutant
measurement the circle radius is reduced.

Each group of points will be used to build the paths using
a cubic spline planning algorithm [33]. To ensure that each of
the resulting paths is smooth, it is necessary to sort the points
according to their distance matrix, before applying the path
planning algorithm. This situation is solved by using the
Traveling Salesman Problem (TSP) solution [34].

To make the UAVs follow their respective path,
a proper MAVLINK message should be generated. Firstly,
it is necessary to select a type of frame. In this
case a global frame with relative altitude is used.
The MAVLINK parameter that represents this frame
is: MAV_FRAME_GLOBAL_RELATIVE_ALT. Secondly,
the mission item command is created with the MAVLINK
command MAV_CMD_ NAV_WAYPOINT. This command
is used to guide the UAV to a specific GPS point and requires
the latitude, longitude and altitude of the target location.
This location is given by the GPS coordinates of the path
previously generated, and a fixed altitude. More information
about the MAVLINK commands and parameters can be found
on [26] and [35].

The exploration phase ends when a high pollutant level is
measured at cell Cy on the reference map. Then, the exploita-
tion phase starts and the probabilistic map (see section II-B)
is built considering current value of Cy. In this phase, each
UAV follows semicircular trajectories around the points Cp,,p
and Cyac. The point Cpyp is the position with the high-
est probability on the probabilistic map. The point C,,,y is
located where the highest pollution measure was taken. When
the UAV measures a high level of contaminant, both points
(Cprob and Cygy) are recalculated, and the semicircle radius
and ground-speed of the UAV that sampled the high measure
are reduced. Fig. 4 shows an illustrative trajectory followed
by a single UAV around a plume.

A simple proportional control allows to generate semicir-
cular trajectories. This control is developed under a North-
East-Down (NED) reference frame. The selected MAVLINK
parameter for this kind of frame is MAV_FRAME_BODY_
NED. With this frame, the x, y and z axis on the NED frame
are relative to the current UAV position. In the proportional
control the velocity on x (Vi) is fixed and the velocity
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ony (Vy) is given by:
Vy=-0-K,-e (14)
where:
e O is the orientation of the UAV movement (O = 1 to
clockwise and O = —1 to counter-clock wise).

« K, is the proportional gain of the controller.

o ¢ is the difference between the desired radius of the
circular trajectory (R) and the distance from the UAV
to the circle center of that trajectory.

Fig. 5 shows a scheme of the previous variables on
the circular path control. By using the command message
SET_POSITION_TARGET_LOCAL_NED_ENCODE, it is
possible to send the desired velocities Vy and V) to the UAVs,
through the MAVLINK protocol.

FIGURE 5. Circular path control.

Ill. EXPERIMENTS AND RESULTS
This section presents a performance comparison of the main
approach and the other three strategies based on the algo-
rithms developed in [3], [36]-[39], to locate a pollutant source
within a simulated environment.

The simulated environment has the
characteristics:

following

o The search area has no obstacles for UAVs

o The UAVs autopilot works with the MAVLINK naviga-
tion protocol

o The wind measurements were obtained from a real
anemometer located at 5 meters height

o The simulation time for each experiment is 10 minutes

o There is only one pollutant source in the search area

o Each UAV flies at different altitude

o The search area is a 500 m x 500 m square

o The minimum detection level is 0.01 [ppm] (given
by Official Mexican Standard NOM-038-ECOL-1993,
for SO,). If a sensor measure exceeds this value it is
considered as high pollutant concentration measure

o The GPS always delivers good measurements

In order to compare the results of the CESPT strategy
(or strategy 1), three other search strategies are simulated.
In exploration phase the first strategy to compare (or strategy

VOLUME 9, 2021
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FIGURE 6. Base algorithm used in each strategy.

2) follows circular trajectories around random points on the
search area, in a similar way to the work shown in [37].
In exploitation phase a leader-follower behavior is adopted,
as is proposed by [38]. On this cooperative formation,
the followers fly around the leader in circular trajectories.
To achieve this, the ground velocity of the leader is slow
and the velocity of the follower is higher. The leader always
is flying towards the highest measure detected. The second
comparison strategy (or strategy 3) has a random walk behav-
ior in the exploration phase [36]. On the exploitation phase,
a Particle Swarm Optimization algorithm is used to guide the
UAVs [3]. The third comparison strategy (or strategy 4) con-
sists of a Brownian-like movement, developed by S. Zhang
et. al. in [39]. In this work, both phases have similar behavior.
The difference for the exploitation phase is a rule that prevents
the UAV to select a new fly direction if its current pollutant
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measure is higher than the previous one. Some modifications
were required to adapt the original algorithm to our simulated
platform:
1) Inthe exploration phase the x domain of the search map
is divided for each UAV
2) The step of the UAVs is divided in half for the exploita-
tion phase
3) The range of motion for both UAVs is restricted to be
one step of the location of the best measurement taken
The base algorithm used with each strategy is showed in the
Figure 6. Examples of UAVs flying paths, after each strategy
conclusion, are shown in Figures 7, 8, 9, and 10.

A. PERFORMANCE IN EXPLORATION PHASE
The first results to take into account are the amount of high
measurements obtained during the exploration phase. In order

118173



IEEE Access

A. F. Garcia-calle et al.: Equidistributed Search+Probability Based Tracking Strategy

y [north]

FIGURE 7. Behavior of both UAVs on the reference map, for the CESPT
strategy in 10 minutes of flight. Red color represents the pollutant plume,
green color represents trajectory of UAV 1, blue color represents
trajectory of UAV 2.
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FIGURE 8. Behavior of both UAVs on the reference map, for strategy 2 in
10 minutes of flight.
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FIGURE 9. Behavior of both UAVs on the reference map, for strategy 3 in
10 minutes of flight.

to verify if there is a difference between the 4 strategies,
a Cochran’s Q test was developed. The hypothesis on this test
are:

o Hy = All experiments are equally effective.

e H, = There is a difference in efficacy between
experiments.
118174
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FIGURE 10. Behavior of both UAVs on the reference map, for strategy 4 in
10 minutes of flight.

Each of the 4 strategies was tested 160 times. 80 trials
in which the height of one UAV matches the height of the
polluting source and 80 with both UAVs flying at a height dif-
ferent from source location. It is considered a detection when
a sensor takes a measurement of air pollutant concentration
above the minimum detection level previously established
(0.01 ppm). The number of detections is shown in Table 1.

TABLE 1. Number of detections per each block based on coincidences
with the source height. Match=one UAV flying at source height; No
match= both UAVs flying at heights different from source.

Strategies
Coincidence 1 2 3 4
Match 75 77 74 49
No match 75 77 77 44

Total of no detections 10 6 9 67

The value of Cochran’s chi-squared statistic for the three
first results is Q = 1.1667. The p-value is 0.558, which
indicates that Hy cannot be rejected. Strategy 4 is not consid-
ered because its results are significantly less than the others.
Results shown that the 3 first strategies in the exploration
phase have equal effectiveness in finding high measurements
of pollutant.

We analyze the time required to perform one loop in each
strategy for each phase. These results were obtained in a
machine running Windows 10 with the processor Intel(R)
Core(TM) i17-3610QM (2.30 GHz). The dispersion of the
results is shown in the figure 11 and table 2. The graph shows
that CESPT needs more time to perform a loop in both phases.
That is because this strategy needs to compute a search of
the best probability cell, the nearest waypoint in the planned
path, and update the probability map. The other strategies are
based on random numbers that need fewer operations to be
calculated.

Now, an analysis of the time elapsed until the first detec-
tion will be performed for each strategy (time to complete
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TABLE 2. Statistical values for the time needed to perform a loop by each strategy (in seconds).

Exploration Exploitation
Statistics 1 2 3 4 1 2 3 4
Min 0224 0077  0.077  0.0537 0226  0.08 0.001 0.0537
Ist Qu. 0.258 0.0867 0084  0.0556 0257  0.087  0.002  0.0547
Median 0264 0098  0.095  0.0567 0264  0.099  0.002  0.0557
Mean 0278  0.0989  0.0934  0.0595 0261  0.0996 0.00309  0.0573
3rd Qu. 0274  0.109  0.098  0.0605 027  0.106  0.004  0.0576
Max. 0.657 0135  0.132 0.131 0346  0.192  0.034  0.0986
std 0.0536  0.0133  0.00981  0.00831 0.0149  0.0137 0.00276  0.00465
Strategy B3 1 B2 2 B2 3 E3 4 Strategy B2 1 B2 2 B2 3 E2 4
0.6- 600- n=49 n-4
o
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3 2,
o $ c
@ . i)
2 : B
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o E 2
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o =
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Stage of the simulation

FIGURE 11. Time required to complete one loop by each phase of each
strategy.

the exploration phase and start the exploitation phase). This
variable is calculated from the time when the UAVs finish
their initialization process until the time the first high concen-
tration of pollutant is measured. The results for this variable
are summarized on Figure 12. The statistics of this graph are
shown in Table 3.

Looking at the box plots, is observed that the second
strategy (in matching experiments) need less time to have the
first detection. In no matching experiments, strategies 1 and
2 have similar results.

B. PERFORMANCE IN EXPLOITATION PHASE
The main objective of the strategies is to find the location of
the pollutant source. The source_location response is a couple
of GPS coordinates given by the pair (latitude, longitude).
Each UAV changes those coordinates during the experiment
when a better level of pollutant is measured. Its final value is
taken when the flying time is over at 10 mins.

It is important to note that the CESPT strategy delivers
2 types of source_location results. The first result corre-
sponds to the deterministic position found by the highest
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Matches the height of the source

FIGURE 12. Time required to complete the exploration phase of each
strategy. “TRUE" are experiments when 1 UAV is flying at the height of the
pollutant source. “FALSE” are experiments when none of the UAVs is
flying at the pollutant source height.

measurement taken by the sensors. The second response is the
probable location related with the probabilistic map (shown
in section II-B). It correspond to the cell C; with highest prob-
ability, transforming its indices with Equations (9) and (10).
So, the first case will be represented as strategy 1 and the sec-
ond case was labeled as strategy 1.5.

The first performance index to be compared between
strategies will be the distance to the pollutant source. This
measure is the distance (computed with the Haversine for-
mula, which determines the great-circle distance between
two points on a sphere given their longitudes and latitudes)
between the source_location given by the strategy and the
real coordinates of the pollutant source. Figure 13 shows
the box plots representing the distribution of these results.
The statistical values for these distributions are shown in
Table 4.

It is easily notable that the probabilistic part (strategy 1.5)
of the strategy 1 results on closer locations to the air pollutant
source. The dispersion, represented by the standard deviation
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TABLE 3. Statistical values for time until the first detection (in seconds).

Matching strategies No-matching strategies
Statistics 1 2 3 4 1 2 3 4
Min 22 14 22 21 22 15 24 23
Ist Qu. 98.5 59 76.5 107 71.5 68 103 915
Median 192 113 197.5 201 137 141 182 222
Mean 171.8 1434 196.6 242 1609 168.8 216.1 249
3rd Qu. 2585 214 301.2 379 2495 238 335 349
Max 361 455 487 577 378 476 553 597
std 96.31 106.09 1283 164 101.95 120.75 144.22 165

TABLE 4. Statistical values for proximity to the pollutant source (in meters).

Matching strategies No-matching strategies
Statistics 1.5 1 2 3 4 1.5 1 2 3 4
Min 1.42 1.17 1.81 2.74 1.47 1.42 13.41 45.14 3.17 12
Ist Qu. 9.09 5.90 16.37 31.85 11.7 11.08 63 70.23  54.19 505
Median 14.09 2251 63.18  71.11  19.1 1599 7453 71.67 90.17 762
Mean 20.09  38.11 5571 106.74 35.9 2639 8565 8517 123.09 81.8
3rd Qu. 1990 71.71 7486  135.64 449 4096 9455 79.51 16583 110
Max 81.21 163.27 18251 409.13 155 96.04 21078 160.1 39373 177
std 18.61 39.19  41.28 100.5 41.8 2244  39.09 2841 101.67 473

Strategy B2 1 B2 2 B2 3 B3 4 B3 15

n=74
400- . A

n w
o o
o o

Distance to the source [m]
o
o

FALSE
Matches the height of the source

TRUE

FIGURE 13. Summary of results for the distance to the source.

(std), points to the fact that this strategy will have good per-
formance due to its value is considerably smaller. The second
strategy that has good results is the deterministic part of the
same strategy 1. If the non match experiments are analyzed,
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the strategy 1.5 has half of its source proximity results to less
than 16 meters. Compared with the rest of strategies with
a median greater than 70, it is indisputably that the better
response is given by strategy 1.

Another important performance index to be analyzed
is the improvement of the results along the experiment.
This response corresponds to the difference of the first
concentration measure and the last one. These results are
shown in Figure 14 and Table 5. This index will show the
effectiveness of the algorithms to find higher pollutants con-
centrations along the time. A small amount of this variable
shows that an UAV found a concentration level and was not
capable to find better measurements. This behavior could be
due to 3 situations:

o The UAV found a very high pollutant concentration in

the first measurement

o The UAV found its first good pollutant measurement

close to the end of flying time

o The algorithm is not capable to find significantly higher

pollutant concentrations

The 3rd strategy has half of their results under 6 ppm. This
response shows that the experiments with this strategy fall
into one of the 3 previously mentioned situations. With these
results it is possible to conclude that the 3rd strategy is the
less efficient to find the pollutant source location.
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TABLE 5. Statistical values for the improvement of measures (in ppms).

Matching strategies No-matching strategies
Statistics 1 2 3 4 1 2 3 4
Min 0 0.81 0 0 0.03 0.13 0 0
Ist Qu. 10.11  11.82 0.01 10 268 298 0.03 4.11
Median 20.02 17.83 561 184 480 6.13 141 5.18
Mean 18.06 1756 737 16.6 421 486 2.15 4.60
3rd Qu. 26.69 25.05 1347 245 6.18 645 3.60 6.06
Max 29.87 2991 26.09 29.6 6.42 646 643 644
std 917 845 728 9.19 201 202 229 195

TABLE 6. Statistical values for highest detection (in ppms).

Matching strategies No-matching strategies
Statistics 1 2 3 4 1 2 3 4
Min 4.17 1.94 0.07 0.722 1.78 1.86 0.03 0.05
Ist Qu. 1206 11.88 1.86 114 3.08 558 143 471
Median 21.38 18.78 6.7 20.08 637 646 243 6.11
Mean 20.09 1856 10.02 182 523 549 3.04 528
3rd Qu. 27.85 2543 1678 25.1 645 647 585 645
Max 2991 2991 29.87 299 6.47 647 647 647
std 8.39 8.2 8.74 8.8l 1.64 1.64 234 1.72

Strategy B3 1 B3 2 B3 3 B3 4

n=75 n=77 n=49

w
o

n
o

—_
o
v

n=75 n=77 n=77 n=44

Improvement of the result [ppm]

FALSE

TRUE
Matches the height of the source

FIGURE 14. Performance of each strategy to find higher levels of
pollutant concentration.

The last index to be analyzed is the highest measure-
ment taken by the sensors on the UAVs. Figure 15 and
Table 6 show how these measurements are dispersed. On first
instance a logic supposition is that the distance to the source
and the pollutant levels have a negative correlation on all
experiments. This supposition is true when the height of the
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Strategy B3 1 B2 2 B3 3 B3 4

n=75 n=77 n=74 n=49

w
o

n
o

—_
o
v

n=75 n=77 n=77 n=44

Highest measurement [ppm]

TRUE FALSE
Matches the height of the source

FIGURE 15. Highest concentration levels measured.

pollutant source matches with the flying height of a UAV,
since its correlation index is -0.8. On the other hand, when
no UAV flies at the same height of the pollutant source the
variables are not correlated. The correlation index on this
experiments is -0.15. These results are shown in Figure 16.
They explain the good response of the strategy 1, based on
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TABLE 7. The planning and control components.

Characteristic

Strategy 1

Strategy 2

Strategy 3

Strategy 4

Exploration paths on
the search area

Curved routes based on
equidistributed points

Circular routes made at
random points

Straight lines to random
points

Steps of k meters,
based on Brownian
motion

Exploitation paths
around the detected
plume

Semicircular routes
around points
are obtained
deterministically

and probabilistically.

The lead UAV flies
towards the location
with  the highest
pollutant measure
and the follower flies
around the leader

Straight lines to points
determined by the PSO
algorithm

If the measurements in-
crease, the movement is
continuous. If not, the
UAV moves on steps
of k/2 meters based on
Brownian motion

Median of proximity
to the location of the
polluting source on
matched experiments

14 m

63 m

71m 19 m

Median of proximity
to the location of the
polluting source on no
matched experiments

16 m

72 m

90 m 76 m

Median of time un-
til first detection on
matched experiments

192 sec

113 sec

198 sec 201 sec

Median of time until
first detection on no
matched experiments

137 sec

141 sec

182 sec 222 sec

Median of improve-
ment of measures on
matched experiments

20 ppm

18 ppm

6 ppm 18 ppm

Median of improve-
ment of measures on
no matched experi-
ments

5 ppm

6 ppm

1 ppm 5 ppm

Median of highest
measures on matched
experiments

21 ppm

19 ppm

7 ppm 20 ppm

Median of highest
measures on  no
matched experiments

6 ppm

6 ppm

2 ppm 6 ppm

the

fact this strategy does not depend only on the pollutant

measurements, but in the capability to process information to
take good decisions, specially when none of UAVs is flying
at the source height.

C. SUMMARY OF RESULTS
After the experiments were performed, it is possible to men-
tion the advantages of using strategy 1.

Advantages:

The strategy is robust in the scenario where no UAV is
flying at the pollutant source height

The strategy can overcome local maximums

The exploration phase ensures a distributed route along
the search area

If one UAV fails in the exploitation phase, the other
UAV provides a good response, considering as constant
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previous information (probabilistic or deterministic) of
the UAV with faults

The strategy can be scaled to use more UAVs, consider-
ing more probabilistic maps (with different dispersion
coefficients for example) or using the second highest
contamination measurement

Some disadvantages are mentioned in order to improve the
strategy in future works.
Disadvantages:

o The UAVs need more time to follow curves too tight on

the exploration phase. This can be addressed by increas-
ing the batteries power or having extra UAVs which take
the place of exhausted UAVs.

If the wind knowledge is not accurate, the probabilistic
results will be erratic. This can be amended by including
an anemometer in one of the UAVs.
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FIGURE 16. Correlation-dispersion diagram between the highest measure of pollutant and the distance to the pollutant

source.

Finally, Table 7 shows a summary of the main charac-
teristics of each strategy and the results obtained in the
experiments.

IV. CONCLUSION AND FUTURE WORK

In this work we presented an intelligent strategy to locate
an air pollutant source on an outdoor area with two UAVs.
This strategy was compared against other three in simulated
real-time experiments, where a dispersion-advection plume
model was used. Unlike previous similar works, our research
uses more realistic constraints on the UAVs platform (time
of flight, ground speed, sensor sensitivity, communication
coverage), in addition to experimenting with a very large
search area and initial take-offs from different places. The
proposed strategy uses equidistributed search based on Ham-
mersley sequences during the exploration phase. This allows
the UAVs to cover different points of the search area, avoid-
ing the repetition of sampling points. Additionally, k-means
grouping algorithm, TSP solver and cubic spline algorithms
are implemented in this phase to optimize and smooth the
navigation. In exploitation phase the information taken by
sensors is used to compute the probability of finding the
pollutant source and redirect the search to better locations.
In this phase semicircular trajectories with decreasing radius
are implemented.

The best results of the proposed strategy were obtained in
the exploitation stage, showing final locations closer to the
source and higher pollutant concentrations.

Future work will focus on implementing other bioinspired
algorithms to explore in an efficient way the area. Also,
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a planning is made to overcome the following disadvan-
tages of the current work: on first instance, is necessary to
add a wind model from acquired wind data to strengthen
the probability map. The second improvement could be the
replacement of the cubic spline with another path tracing
algorithm. That algorithm must generate curved paths able
to diminish the number of speed reductions in UAVs and
increase the chances of having a smoother navigation.
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