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ABSTRACT

This paper presents a comparative evaluation of different approaches
to the problem of gas source localization (GSL) with a mobile ro-
bot. Concretely, four state-of-the-art algorithms are implemented
and evaluated: Surge-Cast, Spiral, Surge-Spiral and a Probabilistic
(Particle Filter-based) method. The experiments have been carried
out with the gas dispersion simulator GADEN and the robotic tools
offered by ROS (Robotic Operating System) under diverse, realistic
environments that feature obstacles and turbulent airflows. Our
study reveals, among other results, that Surge-Spiral out-performs
Surge-Cast under turbulent wind conditions, and the particle filter
approach becomes advantageous only when the assumption of a
homogeneous wind holds. We believe that these findings can help
the research community to decide on the most appropriate GSL
method for a given application. Besides, the code that implements
these algorithms is made publicly available.
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1 INTRODUCTION

Robotic olfaction (RO) refers to mobile robots with the capability
to perceive gases in the environment. RO is a research field with
many important technological and scientific challenges yet to be
solved [21]. Recent advances in the design and manufacturing of
portable gas sensing devices, usually referred to as electronic noses
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(e-noses) [1, 7], as well as in applying and adapting signal process-
ing techniques to this field [3, 6] have already positioned RO as a
promising solution for many practical applications.

In general, the problems addressed by RO can be sorted into
three main topics: identification or classification of a measured
volatile [25], estimation of the gas dispersal through the creation
of distribution maps [5, 27] and the localization of the gas emission
source (from now on, Gas Source Localization or GSL) [10, 15, 24].

In this work we focus on GSL, a problem with many practical
applications, including the localization of gas pipe leaks in industrial
facilities [19], the identification and location of illegal substances
for contraband interception [3, 33], or the pinpoint of pollution-
related emissions that may affect high density population areas [28]
among others.

Traditionally, this problem has been tackled with the help of
animals, deploying networks of fixed chemical sensors (e.g. pollu-
tion monitoring stations [31]), or by means of portable handheld
gas sensors carried by expert operators [34]. Even though these
solutions might be acceptable for some scenarios, often the scale of
the problem (i.e. large search areas where a fixed network of sen-
sors is impractical) or the dangerous environmental conditions the
operators or animal assistants would be exposed to (i.e. toxic gases,
high temperatures) make them unfeasible. For these reasons, it is
interesting to have mobile robots equipped with chemical sensors
to take the role of the operator/animal in the search process [9, 33].
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Initial Robot
Position
Gas Source

Figure 1: Illustration of a GSL task. A mobile robot, able to
sample the gas concentration and the wind vector, explores
the environment looking for the location of the gas source
in a realistic office-like environment.
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Fig. 1 illustrates this task featuring a mobile robot that continuously
samples the environment trying to locate the gas emission point. As
can be seen, the presence of obstacles in the environment generates
turbulence that breaks down the gas dispersion into multiple gas
puffs.

Multiple approaches have been proposed along the last decades
to tackle the problem of GSL with a mobile robot. Because of the
complexity of gas dispersion phenomena, many of these proposals
make assumptions about the nature of the source, the environmen-
tal conditions (characteristics of the airflow, presence of obstacles)
or the sensors the robot is equipped with. A common drawback in
these works is for the performed experimentation to be limited to
simplified environmental conditions, as well as a lack of objective
comparisons with other methods that try to present a solution to
the same problem. This issue makes it difficult to evaluate the pro-
posed methods, or to select the most convenient method for each
specific application, as well as hindering the development of new
alternative solutions.

This work contributes an experimental evaluation of the perfor-
mance of some state-of-the-art GSL algorithms for mobile robotics
under different environmental conditions. The goal is to provide
an objective comparison that helps the scientific community to
select the most appropriate GSL methods for specific applications.
To perform this evaluation we rely on simulation tools, which will
allow us to compare the performance of the different methods un-
der identical conditions and to set up multiple configurations that
would be unfeasible with real experiments.

All the algorithms described in this work have been implemented
using tools from the Robotic Operating System (ROS) [26], which
makes the implementations compatible with most common robotic
hardware and simulation tools. Moreover, the code for the imple-
mentations has been made publicly available !.

2 STATE OF THE ART

This section review some of the most popular approaches to gas
source localization. According to whether the assumption of having
a gas dispersion model is made or not, we classify them into to
main categories: model-based approaches and reactive approaches.
For a more detailed taxonomy, please see [13].

2.1 Model-based Methods

When the environment presents a laminar airflow, gas is distributed
in the form of a plume [20], but turbulences break the plume into
"patches" that move independently. This means gas does not nec-
essarily disperse in straightforward patterns, so it is possible for a
gas patch measured far from the source to have followed an unpre-
dictable path, particularly in complex environments that feature
obstacles [32, 35]. This makes it difficult to estimate where the gas
measured at a given location might have been released from.

Due to these difficulties, algorithms based on statistical inference
to estimate the location of the source usually rely on previous as-
sumptions that simplify the environmental conditions (such as lam-
inar/homogeneous/constant airflow) [10, 14]. By assuming these
conditions are met, it becomes possible to develop analytical mod-
els for the dispersion of the gas, permitting probabilistic searches.

Uhttps://github.com/MAPIRlab/Gas-Source- Localization
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However, even though these assumptions might perform well for
certain narrow applications, they are not generally realistic.

In most cases, probabilistic methods use these analytical mod-
els to create a Probability Density Function (PDF) that gives the
likeliness of a given point of the environment being the actual lo-
cation of the source, and then rely on some statistical inference
technique (Bayesian inference [30], a particle filter [14]) to modify
this probability function after each measurement.

2.2 Reactive Methods

Because of the difficulty to analytically describe the dispersion of
gases, many proposed algorithms do not try to estimate the location
of the source, but rather to devise a movement strategy that allows
the robot to reactively navigate towards it. The behavior of certain
types of insects has been an important inspiration for these reactive
strategies [4, 16, 18]. These bioinspired algorithms can be divided
into chemotactic and anemotactic strategies.

Chemotactic strategies use the measured gas concentration to
guide the movements of the robot. They are usually designed to
be utilized in environments where there is no strong airflow and
gas is mostly dispersed through diffusion, which creates a concen-
tration gradient. Some of the most utilized chemotactic strategies
include [18] the movement pattern of the E.coli bacteria [29],
which is a biased random walk; Spiral [4], a strategy that uses a
growing spiral movement to get closer to the source, and restarts
the spiral when the gas measurements indicate it is closer to the
source than it was before (see section 3.1); and Gradient Climb-
ing [29], which has several variants, but revolves around the use
of two different gas sensors to measure the gas concentration in
several points at each time instant to determine the direction of the
concentration gradient, among others.

Anemotactic strategies use wind information to guide the move-
ments of the robot, and therefore are appropriate for environments
with a strong, measurable airflow, where advection is a main com-
ponent of the gas dispersion.

The most notable subcategory of anemotactic algorithms is
plume-tracking [12], which assumes the existence of a downwind
gas plume and tries to find the source by moving through it. Some ex-
amples of plume-tracking algorithms include the Silkworm Moth
algorithm [15] , which combines short straight movements when
detecting odour with upwind zig-zagging and circular movements
when not detecting it; the Dung Beetle algorithm [12], which
similarly uses upwind zig-zag movements, but uses them to track
the plume rather than to recover it; and surge-based algorithms
like Surge-Cast [17] (see section 3.2) and Surge-Spiral [8] (see
section 3.3).

Although many such bioinspired algorithms have been demon-
strated to perform well in simplified test environments, it is cur-
rently unclear whether they are appropriate for the more complex
environments required for real applications [2].

3 IMPLEMENTED ALGORITHMS

Among the multiple approaches dealing with the problem of GSL,
in this work we have selected and implemented four of them which
will be used for the comparative study (Figure 2). In this section we
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(a) Execution of the Spiral algorithm. The robot follows a spiralling
pattern until it infers from the gas measurement that it is closer to
the source than it was when it began moving, and then it restarts
the spiral. Each of the subfigures shows a different time instant.
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(c) Execution of the Surge Spiral algorithm. The robot moves upwind

and maintains the same direction while it continues to measure gas.

When it loses the gas, it performs a spiral to try and recover it. Each
of the subfigures shows a different time instant.
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(b) Execution of the Surge-Cast algorithm. The robot moves directly
upwind when it measures gas, and crosswind when it does not. Each
of the subfigures shows a different time instant.
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(d) Example of the execution of the particle filter algorithm. The
dots represent particles, and their colour represents their weight,
red being the highest and blue the lowest. Each of the subfigures
shows a different time instant.

Figure 2: Snapshots of the execution of the four algorithms considered in the comparative study.

provide an overview of each selected method and describe, when
necessary, the implementation details.

3.1 Spiral

The Spiral method, presented by Ferri et al. [4] in 2009, is a chemo-
tactic and reactive GSL algorithm. This means that only information
from the gas sensors is exploited to resolve the robot movement
towards the gas source. It defines a simple strategy by which the
robot always follows a spiraling movement pattern, and the only
decision to be made is whether to continue the current spiral or to
start a new one. In order to decide the next step, a heuristic parame-
ter called Proximity Index is calculated from the gas concentration
measurements (see [4]).

The reasoning behind the algorithm is that, while inside of a
gas plume, the restarting spirals create a general movement in the
direction of increasing Proximity Index values, which moves the
robot towards the source; and when the plume is lost or broken
into patches, the spiraling movement covers the area around the
robot allowing it to find gas again.

3.2 Surge-Cast Plume Tracking

Surge-Cast [17] is a plume tracking approach based on the idea
that, if gas is being distributed in the form of a plume, once the
plume has been found the robot has only to follow it in order to
find the source.

This particular instance of plume tracking utilizes a state ma-
chine with two core states, defined as follows:

o Surge: Used while the robot is within the gas plume. While in
this state, the robot moves in a straight line directly upwind.

e Cast: Used when the robot loses the plume. The robot per-
forms a crosswind swipe to try and find the gas plume, stop-
ping as soon as gas is found.

The implementation used for this study uses some auxiliary
states that have been defined in order to make the search process
more robust (see [22]). In this implementation, the surge movement
stops after a given distance to resample the wind direction, or as
soon as the plume is lost.

3.3 Surge-Spiral Plume Tracking

The Surge-Spiral method, presented by Hayes et al. [8] is another
approach of a plume tracking strategy that combines both Surge-
Cast and Spiral. In this particular case, the Spiral method is not
used to move the robot towards the source, but merely to regain
the plume once lost.

The presented implementation follows the specifications in [8].
Differing from the traditional implementation of Surge-Cast, the
surge phase is not interrupted as soon as the robot stops measuring
gas and, during a surge, any successive hits will reset the surge
distance without re-sampling the wind direction. This makes for
a less strict tracking of the plume, meaning the robot is allowed
to move outside of the plume more easily than in the case of the
Surge-Cast algorithm. Therefore, the spiraling movement is chosen
to substitute the crosswind cast, since it is a more robust, albeit
slower, method to regain the plume compared to casting [16].
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3.4 Particle Filter Based GSL

This algorithm, presented by Li et al. [14] in 2011, is an example
of an statistical inference based method. It is based on the use of a
particle filter to estimate the location of the gas source without the
need to physically reach it, that is, the source can be declared as
found from far away.

In order to sample and weigh the particles, a probability density
function for the source location that depends on the gas and wind
measurements is defined. As explained previously, defining such a
function for a complex environment with obstacles and turbulent
wind flows is still an open question, and for that reason it is nec-
essary to consider some simplifications about the environmental
conditions. Concretely, this approach assumes that the wind can
change over time, but is homogeneous in all the environment. This
assumption is admissible for outdoors environments without ob-
stacles, where air currents are large and can encompass the entire
work space of the search, but not in more complex environments,
particularly indoors.Yet, we include this method in our compara-
tive study to analyze to what extend the non-compliance of the
environmental assumptions affect the result.

As in the original version of this method, the particle filter al-
gorithm does not influence the movement of the robot. Instead, a
reactive algorithm (Surge-Spiral, see section 3.3) is utilized to guide
the movements while the particle filter is executed.

4 EXPERIMENTS

All the experiments included in this work have been carried out
using GADEN [23] and Stage?, since the use of simulation tools
not only allows to easily set up experiments in diverse environ-
ments, but also facilitates reproducing the experiments by granting
control over the many variables that influence gas dispersion. All
the configuration files and generated environments are available as
part of the GADEN project?.

It should be noted that, for the purposes of these experiments,
the problem of source declaration (discerning when the source has
been found) has not been taken into consideration. Therefore, the
search will be considered a success whenever the robot, or, for the
case of the Particle Filter algorithm, the average of the estimations,
gets within a set distance (in this case, 0.5 meters) of the source. The
search will be considered a failure, on the other hand, if the source
has not been found after a given time (set, for these experiments,
to 600 seconds).

The problem of finding the plume in the first place has equally not
been considered, since none of these methods define any particular
exploration behaviors. Therefore, the robot will in all cases be
initially positioned where it can measure gas.

Finally, regarding the perception system, the simulated robot is
equipped with a gas sensor to measure the gas concentration and
a 2D anemometer for sensing the wind speed and direction (both
affected by Gaussian noise), and a laser scanner for self-navigation.

2http://wiki.ros.org/stage
3https://github.com/MAPIRlab/gaden
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4.1 Exp. 1: Weak Airflow in an Open
Environment

This experiment is meant to evaluate the performance of each of the
methods in an environment where diffusion is a main component
of the gas dispersion. In an environment without obstacles (10m x
10m), gas is released from a given point and allowed to distribute
through the effect of a low speed, unstable airflow.

It is trivial that, in the absence of a measurable airflow, all meth-
ods other than Spiral will fail. Therefore, even though the wind
speed is set to values low enough that sensor noise could pose a
problem for anemotactic strategies, it has been kept high enough
for them to function.

Results are shown in Table 1.

4.2 Exp. 2: Homogeneous Time-Dependent
Airflow in Empty Environment

This experiment replicates the conditions described in [14] for the
particle filter algorithm. The same empty 10m x 10m environment
from the previous experiment is used, but with a strong airflow
that is homogeneous in the entire workspace and changes over
time. This is designed to be an admissible simplification of the way
the wind affects the gas source localization process in a completely
open outdoors environment.

As can be observed in Fig. 3, the characteristics of this airflow
cause the gas to disperse in the form of a narrow, bent plume that
gradually changes shape and position over time.

Results are shown in Table 2.

4.3 Exp. 3: Steady Airflow With a Central
Obstacle

This experiment introduces the presence of an obstacle in the envi-
ronment. As can be observed in Fig. 3, the disruption of the airflow
caused by the obstacle makes for a more complex problem where
the plume is broken and moves close to the walls.

Results are shown in Table 3.

4.4 Exp. 4: Steady Airflow in Maze-Like
Environment

This experiment is set in a more complex environment that resem-
bles a maze (Figure 3), with several interior walls forming a narrow
zig-zagging path from the gas source to the initial location of the
robot. The shape of the environments makes it so that the gas is not
able to form a complex dispersion pattern, but also poses a difficulty
for the robot’s navigation, since none of the chosen algorithms use
map information to plan the navigation goals.
Results are shown in Table 4.

5 CONCLUSIONS AND FUTURE WORK

This work has presented a comparative experimental study under
simulation of some of the most popular Gas Source Localization
methods. Using the gas dispersion simulator GADEN, and the navi-
gation and sensing tools offered by ROS, four algorithms namely
Surge Cast [11], Spiral [4], Surge Spiral [8] and the Particle Filter
based GSL presented by Li et al. [14], have been implemented and
then evaluated in different environmental conditions, ranging from



Author's accepted manuscript: International Conference on Applications of Intelligent Systems (APPIS), Las Palmas de Gran Canaria, Spain (2020).

https://doi.org/10.1145/3378184.3378220

An Evaluation of Gas Source Localization Algorithms
for Mobile Robots

(A)

SOURCE

SOURCE
AVERAGE WIND
DIRECTION

'WIND DIRECTION

APPIS 2020, January 7-9, 2020, Las Palmas de Gran Canaria, Spain

e : (D)

Figure 3: Illustration of the simulated environments considered along the multiple experiments: (A) weak airflow in an open
environment, (B) homogeneous, time-varying airflow in an open environment, (C) steady airflow with a central obstacle, and

(D) steady airflow in a maze-like environment.

Table 1: Results under a weak airflow.

Table 4: Results in a maze-like environment.

Average time Average Average time Average
Algorithm Success rate & distance * Algorithm Success rate & distance *
+ stdev (s) + stdev (s)

stdev (m) stdev (m)

Surge-Cast 5/5 82.60 + 11.59 9.42 + 2.60 Surge-Cast 5/5 182.42 + 55.64  21.45+1.74
Spiral 5/5 264.8 £151.6  20.28 £ 10.31 Spiral 0/5 - -

Surge-Spiral 5/5 128.52 £ 85.23  23.78 £ 13.76 Surge-Spiral 5/5 194.98 + 23.52 26.59 £ 3.52
Particle Filter 5/5 125.47 + 44.81 23.09 £ 7.63 Particle Filter 5/5 229.30 £ 27.65 28.55 £ 2.39

Table 2: Results under homogeneous time-dependent air-

flow.
. Average
Algorithm Success rate Average time distance *
+ stdev (s)

stdev (m)
Surge-Cast 5/5 114.40 £ 43.17  18.19 £7.75
Spiral 3/5 203.90 £ 34.65 14.91 + 3.64
Surge-Spiral 5/5 50.50 + 7.21 8.87 £1.33
Particle Filter 5/5 75.42 + 49.95 13.75 + 8.30

Table 3: Results in an environment that features a central

obstacle.
. Average
. A t .
Algorithm Success rate verage tme distance *
+ stdev (s)

stdev (m)

Surge-Cast 5/5 77.76 £ 17.65 13.93 + 3.30
Spiral 0/5 - -

Surge-Spiral 5/5 83.88 +21.15  18.73 + 4.74
Particle Filter 5/5 112.52 £5.23 17.51 + 1.27

open spaces with homogeneous airflows to more complex environ-
ments featuring obstacles and turbulent wind. From the results of
these simulated experiments, it can be concluded that:

o Surge-Cast Plume Tracking is a versatile algorithm that
shows good results in all the experiments that have been

carried out. This algorithm works best when a clear, stable
plume exists, but has shown to be able to handle non ideal
situations as well. Results show that in the absence of an
ideal plume it is particularly relevant that the parameters of
the algorithm (most notably, the duration of the measure-
ment phase) are adjusted for the specific conditions of the
environment.

e Spiral is the only one of the implemented algorithms that

can be used in environments without a measurable airflow,
since it does not require any wind information. However,
it must be concluded from the results obtained that in case
the environment does feature a measurable airflow, even
if it is weak and relatively unstable, anemotactic strategies
outperform Spiral. Also, due to its restrictive movement
pattern, Spiral has shown to not be able to navigate complex
environments.

o Surge-Spiral Plume Tracking is similar to Surge Cast, and

has managed to reliably find the source in every environ-
ment. Because of its less strict policy with respect to staying
inside of the gas plume, it is able to out-perform Surge Cast
in environments where the plume is broken into patches
or displaced by a strong wind. On the other hand, it is on
average slower in environments with a stable plume because
leaving the plume more easily forces it to spend more time
trying to regain it.

e Li et al’s Particle Filter algorithm shows good results

when the specific conditions for which it was designed (that
is, a near homogeneous wind) are met, but does not have
a good performance in more complex environments, only
being able to give a correct estimation of the source position
after the robot physically reaches it through the Surge Spiral
movement strategy. It must be concluded, then, that it is
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only appropriate for use in outdoors environments where
the assumption of a homogeneous wind is admissible.

It should be pointed out that the particle filter algorithm is
the only of these four that offers a way to perform source
declaration, and it remains to be tested whether that specific
application might perform well in complex environments.

From the conclusions and the ideas discussed in this work, mul-
tiple proposals for future investigation can be drawn, including the
corroboration of the results by performing real-world experiments;
increasing the number and variety of GSL algorithms, creating an
open-source repository that would allow for more extensive testing;
or extending the scope of the experiments to include the plume
finding and source declaration sub-problems.
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