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Abstract

The �eld of robotics is a complex one. Many things can go wrong when an
autonomous machine interacts with the real world, from sensors producing
unreliable measurements to actuators behaving in unpredictable manners. A
robot operating with such unreliable tools must account for the uncertainty
that they cause in its estimations of the state of the world.

Probabilistic robotics is an approach that embraces this uncertainty by
modeling all the knowledge and estimation processes of the robot with the
formal tools of probability theory. This creates a rigorous, robust way of
handling uncertainty even as the complexity of the problems increases. Such
an approach is bene�cial in most cases, but becomes crucial when the
information that the robot obtains can only be related to the state it tries to
estimate through unreliable models.

One such problem is gas source localization (GSL), where a robot equipped
with a gas sensor and an anemometer must solve a �uid dynamics problem to
�gure out which point in the environment a gas is being emitted from. Due
to the complexity of the phenomenon of gas dispersion, GSL techniques must
make assumptions and simpli�cations to be able to reason about it, which
increases uncertainty.

In this thesis, we tackle the subject of source localization with an
autonomous mobile robot from the perspective of probabilistic robotics. We
explain the di�culties the problem presents, and propose solutions based on
probabilistic modeling and Bayesian reasoning.
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Resumen (Spanish)

La robótica puede resultar compleja. Hay muchas cosas que pueden salir mal
cuando una máquina autónoma interactúa con el mundo real: sensores que
producen medidas erróneas, actuadores que se comportan de manera
impredecible, etc. Un robot que trabaja con herramientas tan poco �ables
debe tener en cuenta la incertidumbre que estos errores causan en sus
estimaciones.

La robótica probabilística es un enfoque que se centra en el manejo de
esta incertidumbre, modelando la información que el robot posee, y sus
procesos de estimación, mediante las herramientas formales de la teoría de
probabilidades. Estas herramientas permiten gestionar la incertidumbre de
una manera rigurosa y robusta, incluso cuando se trata con problemas de
gran complejidad. Un enfoque de estas características resulta bene�cioso en
la mayoría de los casos, y se vuelve crucial cuando la información disponible
al robot solo puede relacionarse con el estado que éste intenta estimar a
través de modelos inexactos.

Un ejemplo de este tipo de problemas es la búsqueda de fuentes de gas
(GSL por sus siglas en inglés), donde un robot equipado con un sensor de gas
puntual y un anemómetro debe resolver un problema de dinámica de �uidos
para determinar desde qué punto del entorno se está emitiendo un gas. Debido
a la complejidad del fenómeno de la dispersión de gases, es necesario que las
técnicas de GSL hagan suposiciones y simpli�caciones sobre las condiciones
ambientales para hacer el problema tratable, aumentando así la incertidumbre.

En esta tesis, estudiaremos el problema de la localización de fuentes de
gas con un robot móvil autónomo desde la perspectiva de la robótica
probabilística. Explicaremos las di�cultades que el problema presenta, y
propondremos soluciones basadas en el modelado probabilístico y el
razonamiento bayesiano.
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Introducción

La robótica es un campo de estudio apasionante. Los robots existen justo en
la intersección entre los ordenadores, cuyas increíbles capacidades han
�gurativamente dado forma al mundo moderno, y la maquinaria física que es
literalmente capaz de dar forma a cosas en el mundo real. Si la tecnología
continúa avanzando, los robots pueden llegar a ser capaces de realizar todas
las tareas peligrosas, repetitivas, o de otro modo problemáticas que los
humanos nos vemos forzados a hacer a día de hoy. Por tanto, en la robótica
existe un gran potencial para cambiar la sociedad en que vivimos. Cabe
esperar que, en el futuro, la robótica sea no solo el tema de discusiones
técnicas, sino también de debates éticos y políticos.

Sea cual sea su potencial, a día de hoy la robótica es también un campo de
estudio di�cultoso. El salto desde el estructurado mundo de las abstracciones
matemáticas a la caótica realidad del nuestro no es sencillo para un ordenador.
La interacción con el mundo real es impredecible, y la información sensorial
de la que los robots disponen para entenderlo es muy limitada.

Es precisamente esta última cuestión, la información sensorial disponible,
la que de�ne gran parte de la investigación en robótica. Campos de estudio
enteros surgen de la mera existencia de un tipo concreto de sensor, puesto que
utilizar una forma de información sensorial puede ser tan difícil (o más) como
diseñar el sensor que la proporciona. Larobótica olfativa, que es el tema sobre
el que trata esta tesis, es uno de estos casos.

Para poder entender correctamente el campo de la robótica olfativa, así
como la investigación que esta tesis presenta, debemos primero introducir el
tema del olfato arti�cial y los sensores de gas.

Cuando hablamos sobreolfato arti�cial , nos referimos a la habilidad de
una máquina para detectar y cuanti�car sustancias volátiles en el aire. Este
tipo de tecnología está a día de hoy presente en numerosas situaciones: la
monitorización de la polución en las grandes ciudades [1, 2], la detección de
humo en el interior de edi�cios [3], el diagnóstico de enfermedades [4, 5, 6], el
control de calidad en la elaboración de productos alimenticios [7, 8, 9],etc. A
medida que la tecnología en sí mejora, más y más aplicaciones aparecen.

Es común que los investigadores nos re�ramos a las sustancias detectadas
por estos sensores con el término �gases� (y así lo haremos a lo largo de esta
tesis, meramente por conveniencia), pero lo cierto es que no siempre lo son. Por
ejemplo, la mayoría de los sensores de humo modernos no detectan ninguno
de los gases que se producen en la combustión, sino las pequeñas partículas
sólidas de material quemado que quedan suspendidas en el aire [10]. De manera
rigurosa, por tanto, no son sensores de gas, pero aún así los consideraríamos
sensores olfativos, puesto que detectan la presencia de una sustancia en el aire.

Utilizando este tipo de sensores se puede resolver un amplio abanico de
problemas. Taxonómicamente hablando, estos problemas se pueden dividir en
tres áreas principales:
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Reconocimiento de olores, o clasi�cación de gases

El problema del reconocimiento de olores [11, 12] es el primero que viene a la
mente de la mayoría de personas cuando oyen hablar del olfato arti�cial. La
pregunta en la que se basa este tema es �¾Qué estoy oliendo?�. Como el lector
podrá imaginar, este problema está estrechamente relacionado con varias de
las aplicaciones que hemos listado anteriormente (por ejemplo, el control de
calidad de productos). Ser capaz de detectar un gas especí�co dentro de una
mezcla es de gran importancia en tales casos, y ese es precisamente el tipo de
tareas en las que se centra la investigación de este campo.

El reconocimiento de olores requiere una comprensión profunda del
funcionamiento de los propios sensores, y de cómo reaccionan ante distintas
sustancias. A menudo no resulta posible encontrarhardware que detecte
especí�camente la sustancia en la que se está interesado, sin ser afectado por
otros gases presentes. En estos casos es necesario analizar la respuesta de
múltiples tipos de sensores para poder discernir qué es lo que se está
detectando. Por tanto, gran parte de la investigación en este campo trata
sobre el concepto denariz electrónica (en inglés, e-nose) [13, 14]. Estos
dispositivos contienen grupos de sensores que utilizan una variedad de
tecnologías y están diseñados para detectar diferentes gases, así como otros
sensores para medir magnitudes como la temperatura o la humedad. La
información proporcionada por todos estos sensores puede procesarse en
conjunto para producir una medida más detallada y completa que la que
sería posible basándose sólo en la elección dehardware.

Creación de mapas de distribución de gases

Habitualmente, los gases no crean una distribución uniforme al dispersarse.
La concentración de gas en un punto del entorno puede ser signi�cativamente
distinta a la que hay en otro punto, incluso si solo los separa una distancia
pequeña. Estas variaciones pueden estar causadas por la presencia y posición de
las fuentes de las que el gas emana, o por las condiciones del viento. La creación
de mapas de distribución de gases (GDM por sus siglas en inglés) [15, 16, 17]
consiste en registrar estas variaciones en la concentración del gas en el entorno.

Existen muchos casos en los que conocer qué áreas acumulan una mayor
concentración puede ser importante. Por supuesto, están los casos en los que el
gas estudiado es peligroso de por sí, pero también es posible que la acumulación
del gas permita identi�car otros problemas. Por ejemplo, durante la pandemia
del COVID-19, los mapas de concentración deCO2 fueron utilizados para
identi�car áreas con ventilación insu�ciente, donde la probabilidad de contagio
de enfermedades transmitidas por vía aérea es mayor [18].

La creación de mapas de concentración con un robot móvil es una tarea que
requiere razonar sobre la manera en que los gases se dispersan y los mecanismos
físicos subyacentes. A medida que el robot se mueve por el entorno y obtiene
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un pequeño número de medidas sensoriales, las técnicas de GDM intentan
rellenar los huecos en el mapa generado utilizando información adicional, como
la geometría del entorno o la dirección del viento [19]. El problema de la
creación de mapas de concentración se vuelve signi�cativamente más complejo
cuando se considera el hecho de que la distribución del gas no es constante en
el tiempo [20], y que por tanto las medidas sensoriales tomadas en un instante
concreto no constituyen una representación �able del mapa de concentración
existente un tiempo después.

Localización de fuentes de gas

De manera similar al problema de GDM, la localización de fuentes de gas (GSL
en inglés) [21, 22, 23] trata el modo en que los gases se dispersan. Sin embargo,
a diferencia de las técnicas de GDM, los algoritmos de GSL no intentan crear
un mapa exhaustivo de la concentración de gas en el entorno, sino solamente
identi�car el punto desde el que el gas es emitido. La lista de aplicaciones
prácticas del problema de GSL incluye la identi�cación de fugas en tuberías o
depósitos, la detección de contrabando, la localización de explosivos,etc.

La localización de fuentes de gas es una tarea de gran di�cultad,
particularmente cuando se desarrolla en entornos complejos. Describir la
dispersión del gas en un entorno requiere el uso de modelos de dinámica de
�uidos [24], que son notoriamente complejos tanto a nivel conceptual como a
nivel computacional. Complicando aún más el asunto, los algoritmos de GSL
tratan de resolver el problema a la inversa: en lugar de comenzar con la
posición de la fuente y utilizar el modelo para predecir cómo el gas se
dispersa, intentan deducir dónde la fuente debe estar situada para haber
podido producir las medidas sensoriales que se han obtenido.

Este problema, la búsqueda de fuentes de gas, es el principal tema de esta
tesis. En los capítulos restantes exploraremos la complejidad del problema
en sí, y propondremos soluciones novedosas basadas en los mecanismos y la
�losofía de la robótica probabilística.

- - -

Si bien puede resultar conveniente considerar estos tres problemas por
separado, es evidente que existe una profunda relación entre ellos. Tratar de
estudiar esta conexión puede resultar imponente, ya que la complejidad de
cada uno de los problemas aumenta si la tenemos en cuenta. Sin embargo,
esta conexión nos permite diseñar maneras más so�sticadas de razonar sobre
el problema, y nos proporciona información adicional que utilizar en estos
razonamientos.

Esta idea, que es posible diseñar métodos mejores y más inteligentes al
aumentar deliberadamente la complejidad del problema que consideramos, es
una parte fundamentar de la propuesta de esta tesis. Para evitar que esta

x



complejidad adicional nos supere, utilizamos las herramientas formales de la
teoría de probabilidades y la poderosa maquinaria de la estimación
bayesiana. Con estas herramientas somos capaces de de�nir las relaciones
existentes entre conceptos abstractos, y de combinar múltiples fuentes de
información de manera rigurosa, llegando así a las soluciones que
presentamos.

Contribuciones

Nuestras contribuciones en esta tesis tratan sobre el modelado del problema
de la localización de fuentes de gas en términos de teoría de probabilidades y
razonamiento bayesiano.

Proponemos varios métodos nuevos de búsqueda de fuentes, procurando en
cada caso no solo presentar un algoritmo concreto, sino también un análisis más
profundo del problema y de cómo nuestros razonamientos intuitivos pueden
formalizarse. El código que implementa nuestras distintas propuestas puede
encontrarse en el siguiente repositorio públicoonline:
https://github.com/MAPIRlab/GasSourceLocalization

La tesis incluye también algunos trabajos que no presentan algoritmos de
GSL, sino que contribuyen a la investigación en este campo presentando nuevas
herramientas de investigación que se hacen también públicas. Los enlaces a
estas herramientas se encuentran en las secciones relevantes del capítulo 6.

Lista de publicaciones

Esta tesis se presenta como un compendio de artículos de investigación. A
continuación está la lista de los artículos que la componen:
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the ISOCS/IEEE International Symposium on Olfaction and Electronic
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ˆ Robotic Gas Source Localization with Probabilistic Mapping
and Online Dispersion Simulation , Pepe Ojeda, Javier Monroy and
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Los siguientes trabajos también fueron desarrollados durante la
investigación en la que se basa la tesis, si bien no forman parte de este
documento:

ˆ An Evaluation of Gas Source Localization Algorithms for
Mobile Robots , Pepe Ojeda, Javier Monroy and Javier
Gonzalez-Jimenez, Proceedings of the International Conference on
Applications of Intelligent Systems (APPIS), Las Palmas de Gran
Canaria (Spain), 2020.

ˆ Experimental Analysis of the Impact of Sensor Response
Time on Robotic Gas Source Localization , Pepe Ojeda, Javier
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(Portugal), 2023.

Estructura de la tesis

Los capítulos restantes están organizados de la siguiente manera:
El capítulo 2 explica los fundamentos teóricos y las herramientas

matemáticas requeridas para entender los contenidos de la tesis y nuestras
propuestas. Si bien estas herramientas serán explicadas cuando sea relevante
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en el propio texto de los artículos presentados, la redacción de artículos
cientí�cos requiere asumir una cierta familiaridad del lector con el tema
tratado. Por tanto, recomendamos la lectura de este capítulo para obtener el
contexto necesario.

El capítulo 3 explora la formulación probabilística más sencilla del
problema de búsqueda de fuentes, donde la posición de la fuente es estimada
directamente a partir de las medidas sensoriales. Como parte de este
capítulo, presentamos un nuevo algoritmo de GSL diseñado para entornos de
interiores con geometría compleja. Así mismo, presentamos un segundo
trabajo en el que se explora el sub-problema de la declaración de la fuente,
utilizando el algoritmo previamente presentado para llevar a cabo la
búsqueda.

El capítulo 4 introduce una versión más compleja del problema, que
combina la búsqueda de fuentes con la creación de mapas de distribución. En
este capítulo discutimos algunas de las limitaciones del método más simple, y
cómo la introducción de los mapas de distribución nos permite superarlas.

El capitulo 5 trata sobre el concepto de la comprensión semántica del
entorno, y sobre cómo ésta nos permite razonar sobre la posición de la fuente
de gas incluyendo tipos distintos de información. Como parte de este capítulo
presentaremos una formulación probabilística para el problema de la
localización de fuentes con información semántica, y discutiremos la
in�uencia del reconocimiento de olores en la utilización de esta nueva
información.

El capítulo 6 presenta nuevas herramientas de investigación,
desarrolladas durante la tesis. Estas herramientas incluyen un conjunto de
datos de simulaciones de dispersión de gases de alta �delidad, y la
integración de simulaciones olfativas y visuales para el desarrollo de
algoritmos tales como los presentados en el capítulo 5.

Por último, el capítulo 7 presenta nuestras conclusiones y discute las
principales líneas para el trabajo futuro.

xiii



1
Introduction

Robotics is an exciting research �eld. It exists right at the intersection between
computers, whose incredible capabilities have �guratively shaped the modern
world, and the physical machinery that is literally capable of shaping things
in the real world. As technology advances and more re�ned techniques are
developed, robots may become able to perform all the dangerous, repetitive,
or otherwise problematic tasks that humans must now do, drastically changing
society. One should expect that, in the future, robotics will be the subject of
not only technical discussions, but also political and ethical debates.

However promising it may be, robotics is also a challenging research �eld.
Making the jump from the neatly organized world of mathematical abstraction
to the messy reality of our own is not an easy thing for computers. Interaction
with the real world is unpredictable, and very limited sensory information is
available for the robots to try and make sense of it.

It is this last thing, the sensory information that is available, which
de�nes much of the research on robotics. Entire �elds of study stem from the
mere existence of a certain type of sensor, asmaking use of some kind of
sensory information can be as challenging (or more) as designing the sensor
that provides it. One such case isrobotic olfaction, which happens to be the
subject of this thesis.

To understand the �eld of robotic olfaction, and the research this thesis
presents, we must �rst introduce the broader topic of arti�cial olfaction and
gas sensors.

When we talk about arti�cial olfaction , we refer to the ability of a machine
to detect and measure volatile substances in the air. This type of technology is
already in common use in everyday scenarios: monitoring pollution in cities [1,
2], detecting smoke in buildings [3], medical diagnosis [4, 5, 6], performing
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quality control on food products [7, 8, 9],etc. As the technology itself advances,
and more substances can be monitored, more applications appear.

We researchers commonly refer to these substances asgases(and we will
do so throughout this thesis, for convenience), but in truth they not always
are. For example, many smoke sensors do not detect any of the gases that are
released by combustion, but instead the small solid particles of burnt material
that get suspended in the air and carried by it [10]. Rigorously speaking,
then, they are not gas sensors, but we would consider them olfactory sensors
nonetheless, as they measure the presence of something in the air.

Using these kinds of sensors, we can try to solve a great variety of
problems. Taxonomically speaking, there are three main subjects of interest
in the application of arti�cial olfaction:

Smell recognition or gas classi�cation

The subject of smell recognition [11, 12] is the �rst thing that comes to most
people's mind when hearing about arti�cial olfaction. The question at the
heart of this problem is �What am I smelling?�. As the reader can imagine,
this pertains to several of the previously discussed applications, like product
quality controls. Being able to detect a speci�c gas in a mixture of multiple
substances and measuring its concentration is of great importance for such
goals, and that is the type of task that smell recognition is concerned with.

Smell recognition requires a deep understanding of the sensors themselves
and how they react to di�erent substances. It is often not possible to �nd
hardware that will detect exactly the substance the application requires,
without being a�ected by other volatiles. Instead, one must often rely on
analyzing the response of multiple sensors of di�erent types to discern what
is being sensed. As a result, much of the research in this �eld has to do with
the concept of electronic noses, or e-noses [13, 14]. These devices contain
arrays of gas sensors using multiple technologies and targeting di�erent
gases, alongside other sensors like thermometers or hygrometers. The
information from these sensor arrays can be processed to produce a more
comprehensive and detailed form of sensing, compared to relying simply on
the choice of hardware.

Gas distribution mapping

As gases disperse, they most often do not distribute uniformly. The
concentration of a gas at one point of the environment might be signi�cantly
di�erent from the concentration at another, even a small distance away.
These variations can be caused by the presence and location of sources, or
because of the characteristics of the air�ow. When performing gas
distribution mapping (GDM) [15, 16, 17], one attempts to create a map of
the environment that registers these variations.

2



Knowledge about which areas accumulate more concentration of a given
gas can be important in many cases. Of course, there are the situations
where a speci�c gas being released is dangerous by itself, but sometimes the
accumulation of gas can signal a di�erent problem. For example, during the
COVID-19 pandemic, concentration maps ofCO2 were used to identify areas
of public buildings with insu�cient ventilation, which increases the
probability of contagion of airborne diseases [18].

GDM with mobile robots is a task that requires thinking about the way
gas disperses and the underlying physical mechanisms. As a robot moves and
gathers sparse measurements at di�erent points of the environment, GDM
algorithms attempt to �ll in the gaps by using additional information, like the
geometry of the environment or the direction of the air�ow [19]. The problem
of GDM is made signi�cantly more complex when considering the fact that the
distribution of a gas is not time-constant [20], and thus measurements taken
at one point of the search will not correctly represent the concentration map
at a later stage.

Gas source localization

Much like GDM, gas source localization (GSL) [21, 22, 23] is concerned with
the idea of how gases disperse. Unlike GDM, however, the goal of GSL is not
to produce an exhaustive map of the concentration of the gas, but instead to
merely identify the speci�c point where the gas is being released. Practical
applications for GSL include locating leaks in pipes or tanks, detecting
contraband, locating explosives,etc.

GSL is a very challenging task, particularly when dealing with complex
environments. Describing the dispersal of gases in an environment requires
the usage of �uid dynamics models [24], which are notoriously complex both
conceptually and computationally. Further complicating matters, GSL is
trying to solve the problem backwards: instead of starting with the source
position and modeling how the gas disperses, it tries to reconstruct where the
gas must have been released from to cause a speci�c set of measurements.

This problem is the main focus of this thesis. In the remaining chapters, we
will explore the complexity of the problem itself, and propose new solutions
rooted in the mechanisms and philosophy of probabilistic robotics.

- - -

While it is convenient to consider these three problems as separate research
subjects, they are of course profoundly connected. Tackling this connection can
seem daunting, as the complexity of the problem increases when we consider it.
However, in this connection we can also �nd more sophisticate ways to reason
about the problems, and more information to base our reasoning on.
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This idea, that we can design better, more intelligent methods by
deliberately increasing the complexity of the considered problem, is an
important part of the proposal of this thesis. To avoid being overwhelmed by
this additional complexity, we rely on the formal tools of probability theory
and the powerful machinery of Bayesian estimation. These tools allow us to
describe the relations between abstract concepts and to combine multiple
sources of information in a rigorous way, thus allowing us to arrive at the
solutions we propose.

1.1 Contributions

Our contributions in this thesis all revolve around framing the problem of gas
source localization in the terms of probability theory and Bayesian estimation.

We propose several new methods for performing GSL, attempting to
contribute in each case not only a speci�c algorithm but a more fundamental
analysis of the problem and of how our intuitions about it can be formalized.
The code for the implementation of our proposed methods is made publicly
available at an online repository:
https://github.com/MAPIRlab/GasSourceLocalization

The thesis also includes some works which do not present GSL methods,
but which instead contribute to the �eld by presenting new research tools
which are also made available to the research community. Links to these tools
are available in the relevant chapters.

List of publications

The thesis is built as a compendium of research articles. Following is the list
of the contributions that compose it:

ˆ Information-driven Gas Source Localization Exploiting Gas
and Wind Local Measurements for Autonomous Mobile
Robots , Pepe Ojeda, Javier Monroy and Javier Gonzalez-Jimenez,
IEEE Robotics and Automation Letters (RAL) , vol. 6, no. 2, pp.
1320-1326, 2021.

ˆ On Gas Source Declaration Methods for Single-Robot Search ,
Pepe Ojeda, Javier Monroy and Javier Gonzalez-Jimenez,Proceedings of
the ISOCS/IEEE International Symposium on Olfaction and Electronic
Nose (ISOEN), Aveiro (Portugal), 2022.

ˆ Robotic Gas Source Localization with Probabilistic Mapping
and Online Dispersion Simulation , Pepe Ojeda, Javier Monroy and
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Javier Gonzalez-Jimenez,IEEE Transactions on Robotics (TRO) , vol.
40, pp. 3551-3564, 2024

ˆ PSGSL: A Probabilistic Framework Integrating Semantic
Scene Understanding and Gas Sensing for Gas Source
Localization , Pepe Ojeda, Javier Monroy and Javier
Gonzalez-Jimenez,Not yet published

ˆ VGR Dataset: A CFD-based Gas Dispersion Dataset for Mobile
Robotic Olfaction , Pepe Ojeda, Javier Monroy and Javier Gonzalez-
Jimenez,Journal of Intelligent & Robotic Systems, 2023.

ˆ A Simulation Framework for the Integration of Arti�cial
Olfaction into Multi-Sensor Mobile Robots , Pepe Ojeda, Javier
Monroy and Javier Gonzalez-Jimenez,MDPI Sensors, vol. 21, no. 6,
pp. 2041, 2021.

While not included in the thesis, the following works have also been
published during the research that lead to it:

ˆ An Evaluation of Gas Source Localization Algorithms for
Mobile Robots , Pepe Ojeda, Javier Monroy and Javier
Gonzalez-Jimenez, Proceedings of the International Conference on
Applications of Intelligent Systems (APPIS), Las Palmas de Gran
Canaria (Spain), no. 24, pp. 1-6, 2020.

ˆ Experimental Analysis of the Impact of Sensor Response
Time on Robotic Gas Source Localization , Pepe Ojeda, Javier
Monroy and Javier Gonzalez-Jimenez,Proceedings of the ISOCS/IEEE
International Symposium on Olfaction and Electronic Nose (ISOEN),
Aveiro (Portugal), 2022.

ˆ GadenTools: A Toolkit for Testing and Simulating Robotic
Olfaction Tasks With Jupyter Notebook Support , Pepe Ojeda,
Jose-Raul Ruiz-Sarmiento, Javier Monroy and Javier
Gonzalez-Jimenez,Proceedings of the Fifth Iberian Robotics Conference
(ROBOT2022), Zaragoza (Spain), 2022.

ˆ A Feasibility Study of a Leader-Follower Multi-Robot
Formation for TDLAS Assisted Methane Detection in Open
Spaces, Javier Monroy, Pepe Ojeda and Javier Gonzalez-Jimenez,
Proceedings of the Iberian Robotics Conference (ROBOT), Coimbra
(Portugal), 2023.
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Outline

The remaining chapters are organized as follows:

Chapter 2 discusses the theoretical background and mathematical tools
required to understand our proposals and contributions. While speci�c tools
will be explained when relevant in the presented works themselves, the
process of redacting research articles requires assuming the reader a certain
familiarity with the �eld. Thus, we recommend reading this chapter to obtain
the necessary context.

Chapter 3 explores the simplest probabilistic formulation for the GSL
problem, where the location of the source is estimated directly from the
sensory measurements. As part of this chapter, we present a new probabilistic
method for source localization in indoors environments featuring complex
geometry. We also present a second work which explores the sub-problem of
source declaration using the previously discussed method.

Chapter 4 introduces a more complex version of the problem, which
combines source localization and gas distribution mapping. We discuss some
of the limitations of the simpler approach, and how the introduction of
mapping allows us the overcome them.

Chapter 5 deals with the subject of semantic scene understanding, and
how it allows us to reason about the location of the gas source by including
fundamentally di�erent types of information. We present a formally derived
probabilistic framework for semantics-based source localization, and discuss
the relevance of smell recognition for making use of this new information.

Chapter 6 presents several newly developed research tools. These
include a dataset of high-�delity gas dispersion simulations and an
integration of olfactory and visual simulation tools for the design and testing
of algorithms like the ones discussed in Chapter 5.

Lastly, Chapter 7 presents our conclusions and discusses future work.
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2
Background

This chapter does not present any new contributions. Instead,
it discusses the mathematical tools and concepts necessary to
understand the rest of the thesis. While a certain level of
familiarity with the �elds of probability theory and robotic
olfaction will no doubt help the reader to follow what is
discussed here, the intent is for this chapter to be accessible
to anyone. Our main goal here is to make it so that the reader
does not at any point need to put down the thesis to go read a
probability theory textbook.

We will begin by discussing the most relevant mathematical tools, and
giving a brief overview of the general theoretical framework we use to model
the problem of source localization. More speci�c details might be discussed in
later chapters as they become relevant. After this, we will discuss the subject
of gas dispersion models and air�ow estimation, which is of great importance
for the problem of source localization. We will close the chapter by brie�y
discussing the sensing hardware used in robotic olfaction.

2.1 Theoretical Framework and Mathematical
Tools

One of the most important schools of thought in the �eld of robotics since the
1990s is that ofprobabilistic robotics [25]. The main idea on which this approach
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is cemented is that, when dealing with the real world (whether interacting with
it or merely perceiving it), there is always a degree of uncertainty. Sensors have
limited precision, and can be subject to random noise; control actions can
lead to slightly di�erent results than expected due to mechanical problems or
imprecise models of the world.

We would like, of course, to reduce or eliminate the uncertainty by having
more reliable sensors and better actuators. Indeed, this is a subject that much
research e�ort is dedicated to, and the tools available to roboticists continue
to improve. In some carefully controlled settings (e.g. assembly lines), robots
with high-quality actuators can achieve great levels of precision and reliability.

Still, a robust framework that allows us to use imperfect information is of
great importance. It not only allows us to work with the current (maybe
transient) limitations of hardware, but it also matters due to a more
fundamental issue, which is particularly relevant for the topic of this thesis:
when basing our understanding of the world on sensory measurements, there
are certain things that cannot be observed directly, and must instead be
inferred from the observations through the use of models.

In our case, a robot equipped with a gas sensor cannot use it to directly
observe the location of the source. Instead, all it can measure is the
concentration of the target gas in its current location. Deriving from this the
source location is a complex task that requires describing the behavior of the
real-world phenomenon of gas dispersion with some model, and as the old
adage goes, all models are wrong (even if some of them are useful). Whenever
we must model the connection betweenwhat we can observeand what we
want to know, the model itself is a source of uncertainty.

Probabilistic robotics embraces the idea that these imprecisions are
inevitable, and the only thing that is certain is uncertainty itself. By
modeling everything through probability distributions, we not only account
for the possibility that we might be wrong, but also provide a robust, formal
way to quantify the uncertainty of any given estimation. Uncertainty
quanti�cation is crucial, for there are many situations where being aware that
you do not know something is almost as useful as actually knowing the thing.

Probability theory also provides us with the tools to update our estimations
as new evidence is gathered. This incremental re�nement allows us to be more
accurate and more certain even if our tools remain just as unreliable. This is
the main strength of probabilistic robotics, and with this idea in mind we can
now talk about the main tools of the trade: the conditional probability, and
the Bayesian Filter.

2.1.1 Random Variables and Conditional Probabilities

In probabilistic robotics we represent every concept or measure through a
random variable, and describe its behavior and our estimations of it through
probability distributions. To avoid excessive verbosity, we will use the term
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probability distribution for both the discrete case (probability mass function)
and the continuous case (probability density function) indistinctly. Similarly,
we will talk about the probability of a variable �taking a certain value�, which
in continuous cases should be interpreted as the value falling within a certain
interval.

Even though probability theory itself does not make this distinction, it
is useful for us to reason about these random variables as belonging to two
separate groups:state and observations.

State is whatever we are trying to estimate. The position of a gas source,
the pose of the robot, whether a door is open or closed. The intuition for why
we model this through a random variable with a probability distribution is
hopefully clear to the reader after the previous discussion: uncertainty. There is
a whole space of possible hypotheses for the value of a state variable (e.g.all the
possible locations for the source of the gas), and, accounting for uncertainty,
all we can say is how probable each of those hypotheses are.

The concept of observations is self-explanatory: these are the values that
the sensory measurements directly give us. Since these are evidence, not
estimations, conceptualizing them as random variables does not encode
uncertainty, but rather reliability. To understand this properly, we need to
think about conditional probabilities.

We will use the notation p(x) to denote p(X = x) �that is, the probability
that random variable X is equal to the value x. A probability expressed like
this is a probability a priori , in lack of any relevant information that will
modify the probability distribution. In general, we are not overly interested in
these a priori (or prior) probabilities, as we have no way to calculate them
and must often assume their distributions to be equiprobable over the space of
possible values. Much more interesting to us is the concept of the conditional
probability, which we will denote p(xjy). This represents the probability of X
taking the value x given that a separate variableY takes the valuey. If there
is a relation betweenX and Y , one should expect thatp(x) 6= p(xjy), and thus
knowing the value of Y gives you information about the value ofX .

Armed with this concept, we can now understand the probabilistic nature
of the observations. The most common model for an observation variableZ
that is measuring state X is the following:

z = x + �; (2.1)

where the value of� represents random errors and will be di�erent any time
the sensor takes a measurement. Thus, the observation can be interpreted as a
sample from a random variable whose distribution is de�ned by the value of the
state and the distribution of the error. In more general terms, any distribution
p(zjx) that describes the probability of obtaining a certain observation given
the state of the world is called thesensor model(see Figure 2.1 for an example).
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Figure 2.1: An example of a sensor model slightly more complex than the
one described by Eq. 2.1. This model describes a beam-based range sensor.
The most probable sensor reading is the correct distance value, but sensor
noise causes nearby values to also be likely. There is also a small increase in
probability for the maximum range of the sensor, which corresponds to the
case in which the measurement fails.

There is also the concept of theinverse sensor model, p(xjz), which de�nes
the probability of the state taking a certain value given a speci�c observation
has been obtained. These two concepts are related through Bayes' Theorem:

p(xjz) =
p(zjx) � p(x)

p(z)
(2.2)

This expression already gives a basic version of the general form of
probabilistic state estimation, where knowing the value of a variable (the
observation) gives us information about a di�erent variable we are interested
in (the state). A more useful, generalized version of this idea that can include
information from multiple observations to gradually improve our estimation
and reduce uncertainty is the recursive Bayesian �lter.

2.1.2 Bayesian Filtering

Bayesian �ltering is a technique through which the conditional probability
distribution of the state given the last acquired measurement,p(xjzt ), is used to
modify the pre-existing probability distribution of the state given all previous
observations,p(xjz1:t � 1). This pre-existing distribution is often called the belief
of the state. Note that, when receiving the �rst observation, the belief we
update is just the a priori distribution, p(x).

Because we use the belief from the previous step to generate the next
belief, Bayesian �ltering is a recursive technique. The generalized version of
the Bayes Filter algorithm considers not only sensor measurements, but also
control actions that modify the state, and thus considers that the state itself
may change over time (See Figure 2.2A). Think, for example of the problem of
robot localization: estimating the pose of the robot requires knowledge of how
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Figure 2.2: (A) Bayesian network that represents the recursive state estimation
in its most general version. The statex t at a speci�c time step conditions the
measurementzt , but it is in turn a�ected by the previous state x t � 1 and by
the control action ut � 1. (B) Bayesian network that represents the simpler case
where the state is constant over time.

the robot is trying to move, and the fact this movement exists means that the
pose we estimate in this iteration of the algorithm will be di�erent from the
one we were estimating in the previous iteration.

For the purposes of this thesis, however, we can consider a slightly simpli�ed
version of the Bayes �lter. Our state (the position of the gas source) can safely
be assumed to remain constant for the duration of the search, and none of the
actions that the robot takes can a�ect it in any way. Thus, we are left with
the much simpler model represented by the Bayesian network in Figure 2.2B.

Using this model, we can derive the core algorithm of the Bayes Filter,
starting with Bayes' Theorem itself:

p(xjz1:t ) = p(xjzt ; z1:t � 1) =
p(zt jx; z1:t � 1) � p(xjz1:t � 1)

p(zt jz1:t � 1)
(2.3)

Exploiting the relations of conditional independence de�ned by the
Bayesian network in Figure 2.2B, we can simplify p(zt jx; z1:t � 1) to p(zt jx).
Also, becausep(zt jz1:t � 1) does not depend on the value ofX at all, it is just
a constant; it does not modify the probability distribution and serves merely
as a normalization term. We will thus omit it from the formula and replace it
with a generic normalization term � :

p(xjz1:t ) = � � p(zt jx) � p(xjz1:t � 1) (2.4)

Thus, we arrive at the canonical form of the Bayesian �lter, where the
current state belief is proportional to the sensor model multiplied by the
previous belief. Readers who are familiar with this formulation will notice
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that we do not consider distinct stages for the prediction and correction of
the belief, as we assume the state to be constant in time.

A slightly modi�ed version of the expression, which will be used indistinctly
in later chapters, applies Bayes' Theorem again to use theinverse sensor model
instead:

p(xjz1:t ) = � �
p(xjzt ) � p(zt )

p(x)
� p(xjz1:t � 1)

= � �
p(xjzt )
p(x)

� p(xjz1:t � 1)
(2.5)

This equation can be simpli�ed even further if we assume that the prior of
the state is uniform, and thus also part of the normalization term � :

p(xjz1:t ) = � � p(xjzt ) � p(xjz1:t � 1) (2.6)

The Bayesian �lter is the cornerstone of recursive state estimation, and
will be used extensively throughout this thesis, but the underlying mechanism
(applying Bayes' Theorem and exploiting conditional independence) can be
used to fuse information from any arbitrary number of sources. For example,
a very similar derivation to this one is used in chapter 5 to combine multiple
types of information in a non-recursive manner with a more complex Bayesian
network.

For the purposes of this thesis, which focuses on problems that are modeled
through discrete random variables, equation 2.6 accurately describes not only
the theoretical concept of the Bayesian �lter but also its implementation. It
should be noted, however, that in many cases (particularly when dealing with
continuous variables) the implementation of the abstract Bayes �lter needs
to be particularized for the type of distribution being used �for example, the
Kalman Filter and its extended version are particularizations for working with
variables that follow Gaussian distributions.

2.1.3 Uncertainty Quanti�cation

One of the main advantages of using a probabilistic framework is the ability
to consider uncertainty when making decisions. This sometimes requires
considering each individual possible state and how likely they are. Other
times, it is enough to simply obtain a single metric (a number) that serves as
a summary of how much uncertainty our belief carries. We will brie�y
present some of these metrics, which will be relevant in later chapters of the
thesis. For the sake of brevity, we will only consider discrete random
variables with �nite support, as they are the only ones considered for the

12



2.1. THEORETICAL FRAMEWORK AND MATHEMATICAL TOOLS

Figure 2.3: Illustration of entropy and variance as measures of uncertainty
in GSL. Both of these probability distributions (left and right) describe
the location of the gas source within the limits of the environment. Both
distributions have the same entropy, but the second case has a much higher
variance. This is because variance also considers the similarity (i.e. distance)
between each of the considered values.

contents of the thesis, but the concepts discussed here are all generalizable to
any random variable.

One of the most commonly used metrics of uncertainty of a probability
distribution is Shannon's entropy (H) [26]:

H (X ) = �
X

x

p(x) � log(p(x)) ; (2.7)

where it must be noted that in the case in whichp(x) = 0 , it is conventional
to treat 0 � log(0) as equal to 0, since

lim
y! 0+

y � log(y) = 0 (2.8)

Entropy has multiple subtly di�erent interpretations according to the �eld
of study that the author favors. For example, an information theorist would
talk about the size of the optimal encoding for a message, which would leave
you and I confused. For our purposes, however, it can simply be understood as
a measure of how �spread out� the probability of a distribution is over the set
of possible outcomes. Whenp(x) = 1 for a speci�c caseX = x, and all other
possible states have 0 probability, the entropy of the distribution is 0. When
all possible states are equiprobable, the entropy is maximized (although the
exact value of the entropy will depend on the number of values thatX can
take).

Another common measure of uncertainty is the variance:

V ar(X ) =
X

x

p(x) � (x � � )2; (2.9)
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where � is the expected value ofX :

� =
X

x

p(x) � x (2.10)

Unlike entropy, which simply considers how many values a variable can
take and how probable each of them are, variance also accounts for how
similar the possible values are to each other (see Figure 2.3). While this
additional information can be in many cases be advantageous, it also limits
the applicability of variance. Since it requires de�ning the �distance� between
the di�erent values that the variable can take, variance is only applicable to
numerical variables.

2.1.4 Information Gain

An important idea that will be mentioned multiple times throughout the thesis,
and which is a fundamental part of exploiting uncertainty quanti�cation, is the
estimation of information gain. When deciding what to do next (where to move
to take the next measurement), a promising idea is to always move to wherever
the most information is expected to be gained. That way, we can reduce our
uncertainty as quickly as possible and arrive at the correct estimation of the
state.

Although this idea can be somewhat problematic, as it requires
estimating what observations will be received in the future, it is a very
commonly discussed idea in the �eld of GSL, popularized by the
Infotaxis [27] algorithm. Many works (including those presented in this
thesis) are published with a discussion of how the idea of information
maximization can be applied to them, and proposing a related movement
strategy. Even though a more extensive discussion of these concepts will be
provided when relevant, we will brie�y introduce here the most important
metrics of information gain.

Conditional Entropy [26] builds on the now familiar concept of Shannon's
Entropy. Speci�cally, it measures the expected value of the entropy of the state
variable given a value of the observation:

H (X jZ ) = �
X

z

p(z) �
X

x

p(xjz) � log(p(xjz)) (2.11)

Note that this, being an expected value, does not assume a speci�c value for
the observation, but instead relies on having a probability distribution for the
values of the observation. Conditional entropy can be used to de�ne the concept
of Mutual Information [26], which is a measure of how much information one
can expect to gain about a variableX by determining the value of another
variable Z :

I (X ; Z ) = H (X ) � H (X jZ ) (2.12)
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Another related measure is the Kullback-Leibler Divergence [26] (often
noted KLD or DKL ), which is also known as relative entropy:

KLD (pjjq) =
X

x

p(x) � log(
p(x)
q(x)

) (2.13)

Unlike mutual information, KLD does not relate two random variables,
but instead two distributions. It is a measure of how di�erent a probability
distribution p(x) is from another distribution q(x). While the de�nition of KLD
does not require that any speci�c relation exists between the two distributions,
its application to estimating information gain most often involves p being the
current state belief and q being the posterior that would result after applying
an iteration of the Bayesian �lter with a speci�c observation. Formally, this
could be expressed:

KLD (pX jjpX jz ) =
X

x

p(x) � log(
p(x)

p(xjz)
) (2.14)

It is important to highlight that, unlike mutual information, using the KLD
like this does not provide an expected value of information gain. It considers
only one speci�c value for the future observation. If we wanted to consider
the probability distribution of the measurements, we could of course take the
expected value of the KLD itself:

E[KLD (pX jjpX jz )] =
X

z

p(z) �
X

x

p(x) � log(
p(x)

p(xjz)
) (2.15)

2.2 Gas Dispersion Models and Air�ow
Estimation

The problem of gas source localization is closely related to the �eld of �uid
dynamics, if not always in terms of speci�c techniques, at least on a
conceptual level. Many of the state-of-the-art computational �uid dynamics
(CFD) techniques require an amount of computational e�ort that is simply
unfeasible for an autonomous robot trying to solve the problem of source
localization on-line. Still, if we frame the problem of source localization in
the terms used in the previous section, the relation betweenobservations
(sensory readings) andstate (the location and/or parameters of the source)
is necessarily de�ned by a model describing the dispersion of the gas
throughout a given environment.

A gas dispersion model, in its most abstract version, is simply a set of
equations and algorithms that, given a source location, predict the distribution
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of gas that will exist in a particular environment after the source has been
active for a certain amount of time. This type of prediction inevitably requires
more information about the source than just its position (parameters like the
release rate are necessary as well).

It is often the case that, for the purposes of GSL, very simpli�ed dispersion
models are used (for example, the Gaussian Plume model [28]). These models
only really o�er any degree of accuracy under speci�c environmental conditions
(constant, homogeneous wind; absence of obstacles) which makes them un�t
for many prospective applications. The applications that we discuss in this
thesis, in particular, prove rather challenging to simple plume models: indoors
environments most often feature large obstacles and spaces that are divided
into separate rooms, with the air�ow drastically changing direction from one
point of the environment to another.

It is important to note that the speci�c dispersion model that relates
observation and state for a given source localization technique does not
always need to be explicitly solved or used to simulate the dispersion. Any
relation one establishes between the sensor reading at one speci�c point in
the map and the probability of the possible source locations carries implicit
assumptions about the dispersion model. It is reasonable to argue that even
bio-inspired, reactive navigation methods like Surge-Cast or Gradient
Climbing, which do not perform any sort of probabilistic estimation of the
source location, rely on simple, implied dispersion models (such as the
existence of unbroken downwind plumes, or a clear concentration gradient
caused entirely by di�usion).

One must conclude from this reasoning that the choice of a dispersion
model is an important step in designing a gas source localization algorithm,
even when the model is not formally described and merely codi�es a loose set
of assumptions about the nature of the air�ow and the presence of obstacles.
There are two works in this �eld of dispersion modeling that have been of
particular importance to the development of the contributions of this thesis:
the �lament dispersion model [29] and wind estimation through Gaussian
Markov Random Fields (GMRF) [30].

2.2.1 Filament Model

The �lament model was initially proposed as a simulation model to generate
synthetic data with which to test robotic olfaction techniques. It is based on
the idea that there are two main mechanisms for the dispersal of gas after it
is released from the source: advection and di�usion. Advection is the
phenomenon through which the air�ow in the environment carries the target
gas, moving it downwind. Di�usion is the tendency for the gas to spread out
over time, going from covering a small area with high concentration to
occupying a large area with low concentration. It should be pointed out that,
even though di�usion occurs at the molecular level due to the Brownian
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motion of the individual gas molecules, at the scales that we are concerned
with it is mostly explained by small-scale turbulence pushing patches of gases
apart from each other (turbulent di�usion) [31].

In the �lament model, the gas release is represented by a sequence of
discrete �pu�s� being emitted from the source. Each of these pu�s, which
need not be released at a constant rate, is composed by a �nite number of
gas �laments. A �lament represents a �xed quantity of gas, distributed in
space. The �laments are then pushed by the air�ow vector at its current
location (which must be provided to the model), causing it to move through
the environment due to advection.

Di�usion is simulated in two ways: the �laments that were initially released
as part of the same pu� tend to drift apart from each other by a small amount of
random noise that is added to the air�ow vectors, and each individual �lament
spreads out over time. This second part is most commonly implemented by
modeling the �lament as a Gaussian distribution of concentration and slowly
increasing its variance as the simulation progresses, so that the total amount
of gas represented by a single �lament remains the same but it is more spread
out.

The �lament model has been utilized for its original purpose of creating
simulations for testing in numerous works [32, 33, 34, 23], including Gaden [35]
(see Figure 2.4A), which is a simulation software that was extended in one of
the works presented in chapter 6. Its main strengths are its ability to deal
with scenarios of arbitrary complexity and its relatively light computational
cost. The main disadvantage it carries is the need for a complete map of the
air�ow to be provided. This is not an insurmountable issue when creating
simulations for testing scenarios, as any CFD method could be used to generate
a suitable air�ow map, but poses an interesting challenge foron-line source
localization. Because of this, air�ow estimation methods like the one discussed
in the following section become of great importance for our purposes.

2.2.2 GMRF Wind Estimation

The problem of estimating the map of the air�ow vectors in a given
environment is not a trivial one. Numerical simulation methods, while able to
achieve highly accurate results, are computationally intractable in the
context of on-line source localization. They also require knowledge about the
boundary conditions of the environment which is often not available to the
robotic agent.

A di�erent approach is to estimate the air�ow map by interpolating the
sparse measurements the robot gathers with an anemometer as it explores
the environment. This means that, at the start of the search process, no
information about the air�ow is available, but it removes the need to
precisely know the boundary conditions. Of course, simple interpolation is
not enough to provide a satisfactory estimation of the air�ow maps. It would
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Figure 2.4: (A) A screenshot of Gaden [35], which uses the �lament model to
simulate the dispersion of gases in complex environments. (B) Air�ow map
reconstructed with the GMRF technique [30].

require the measurements to encompass the entirety of the search area to
produce a complete map, and it does not provide a way to handle obstacles
and walls, which have a strong e�ect on the direction and speed of the
air�ow.

The method presented in [30] provides a way to tackle the problem of
reconstructing the air�ow map from sparse measurements in a more robust
manner than simple interpolation. It uses a probabilistic framework, Gaussian
Markov Random Fields (GMRF), to combine all obtained sensory observations
and produce a most probable map given this evidence. The method relies on
de�ning a set of energy functions for the air�ow map which a minimization
process is applied to in order to generate a maximum a posteriori estimation of
the air�ow. These energy functions impose certain constraints on the solution:

ˆ The air�ow vector estimated in a certain cell must be similar to the
observations taken in that cell.

ˆ The volume of air entering a cell should be equal to the volume exiting
it (incompressibility).

ˆ Air�ow cannot go into or out of obstacles, only be tangential to them.

ˆ Neighboring cells should have aligned wind vectors, with no sharp
direction changes.

Since these energy functions are used in a numerical minimization
algorithm, the method is always able to provide a solution that �best �ts� the
list of requirements, even if some of them are contradictory (for example,
multiple wind measurements taken in the same cell with di�erent directions).
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Because this method establishes relations between all neighboring cells, it
is able to not only interpolate but also extrapolate measurements to the rest
of the environment. It also takes obstacles into account through the de�nition
of the energy functions, avoiding interpolation issues and using the geometry
of the environment as an additional source of information (see Figure 2.4B).

This method is used by the algorithms presented in chapters 3 and 4 of
this thesis as a source of estimated air�ow. We discuss it here because we
believe it is important to address the issue of air�ow estimation and how we
have tackled it in our GSL implementations, but the speci�cs of this method
are ultimately not directly relevant to any of our contributions. A di�erent
technique for air�ow estimation could be used in its place, and the formulation
for our proposed GSL algorithms would not be a�ected by the change.

2.3 Robotic Olfaction Sensors

While we will not concern ourselves too much with gas sensors themselves and
how they work, it is worth brie�y explaining some of the most common types.
That way, readers unfamiliar with the �eld will later understand some of the
discussion about their limitations and how they condition the details of robotic
olfaction methods.

Most of the gas sensors in common use today measure the concentration
of gas by contact. That is, they can only measure at one point, the current
position of the sensor. While some technologies exist that allow for ranged gas
sensing, like Tunable Diode Laser Spectroscopy (TDLAS) [36], the use of these
sensors carries a complete set of separate challenges that are well outside the
scope of this thesis, and we only mention them here for completion.

The point-like sensors can use multiple di�erent technologies to sense the
gas. Some of the most common include electrochemical sensors [37], optical
sensors [38] and photoionization detectors (PID) [39].

Electrochemical sensors work by having the material of the sensor itself
chemically react with the gas it comes into contact with. This causes a change
in the properties of the material (usually, the electrical resistance), which can
be measured. They are very commonly used due to being cheap to manufacture
and very lightweight. Another great advantage of these sensors is that, by
altering the chemical composition of the sensor, it is possible to signi�cantly
change the response of the sensor to speci�c gases. For these reasons, they are a
common component ine-nosesand widely used in smell recognition. The main
disadvantage of these sensors is their response time. The chemical reactions
are not instantaneous, and therefore it can take a long time for the sensor to
produce an accurate reading after being exposed to a sudden change in gas
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concentration. This is of course a big problem for mobile robotic applications,
and the main reason we will generally prefer other technologies.

Optical sensors generally rely on having a small internal chamber with a
light emitter and a receiver. The emitted light has a speci�c frequency that is
part of the absorption spectrum of the target gas. By measuring how much of
the light intensity is lost in the travel between emitter and receiver, the sensor
can estimate the concentration of the target gas inside of the chamber. This
mechanism allows for faster response times, which makes them more interesting
for our applications.

The sensor we will most commonly rely on, however, is the photoionization
detector (PID). A PID works in a similar way to an optical sensor, in that it
relies on drawing the air into an internal chamber and emitting electromagnetic
radiation of a speci�c frequency into it (in this case, in the ultraviolet range).
Unlike optical sensors, however, the PID does not measure light absorption,
but instead the electrical potential caused by the ionization of the gas inside
of the chamber. This mechanism is also fast, and allows the device to detect
many di�erent gases, as the frequency of the radiation does not need to be
tuned to a speci�c substance's absorption spectrum. This fact is also their
main disadvantage, as their low speci�city means they are not able to discern
which type of gas is being sensed.

Beyond gas sensors, we will also mention that robotic olfaction techniques
commonly employ anemometers to gain information about the direction and
speed of the air�ow. For the indoors scenarios that we consider, ultrasonic
anemometers [40] are the most appropriate type. Curiously similar to some
of the gas sensing technologies we just discussed, ultrasonic anemometers rely
on pairs of emitters and receptors to measure the wind movement. In this
case, they measure the time of �ight of mechanical (ultrasonic) waves, which
is altered by the movement of the air.
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3
Modeling the Relation between

Measurements and Source Location

This chapter presents two works that address the problem of
source localization by directly modeling the connection between
the source location and the sensory observations the robot
perceives. The �rst work presents a new such model and an
algorithm based on it, alongside an information-maximization
movement strategy. The second work, based on the algorithm
presented in the �rst work, analyzes the problem of source
declaration: deciding when the search is �nished and giving a
�nal estimation for the source location.

3.1 Introduction

Designing a probabilistic gas source localization algorithm is mostly about
�nding a model that relates the sensory observations to the location of the
source. Such a model will often be an explicitly described dispersion model;
that is, a predictive model that generates the expected gas distribution from
the location and characteristics of the source. Such is the case in much of the
existing literature, using models like the Gaussian Plume to perform Source
Term Estimation (STE) [41, 42].

If we want to frame this type of technique in the terms of Bayesian
estimation, we would say that the dispersion model de�nes the calculation of
the likelihood function, p(zjx), with z being the observation (a concentration
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reading), and x being a vector of the parameters of the dispersion model
(source location, release rate, wind direction and speed,e.t.c). With this
value calculated, the Bayes Filter algorithm can be used to update the belief
about the parameters of the source as described in section 2.1.2.

In this case, the de�nition of p(zjx) is more than just a sensor model, like it
would be in the traditional Bayesian formulation. It instead encodes both the
sensor's response to being exposed to a concentration of gas, and the prediction
of the dispersion model itself. It is not uncommon for STE works to make this
distinction explicit, and calculate p(zjx) in a way that accounts for both of
these distinct models (sensor/dispersion). For example, in [43], the authors
describe a particle-�lter algorithm that models the sensor noise as a random
variable that is separate from the dispersion model:

z =

(
C(x) + � if D = 1
� if D = 0 ;

(3.1)

where C(x) is the concentration predicted by the model, and the binary
event D determines whether the sensor is actually responding to that
concentration. The probability of D (which is given as an input parameter)
then controls how much the dispersion model is trusted when calculating the
value of p(zjx).

This approach, of course, requires a suitable dispersion model, which is
not trivial for the type of indoors scenarios we consider in this thesis. It also
poses certain problems when it comes to generating probabilistic estimations
from the dispersion model, as the model itself will usually just predict a
deterministic concentration. Tackling this problem requires doing things like
we saw in the previous example, where an externally de�ned parameter is
used to control the probability that the model is accurate. Ultimately, this
issue can be traced back to the fact that simple dispersion models predict
time-averaged concentrations, while reality has unpredictable instantaneous
variations due to turbulence [29].

For the works we introduce in this chapter, we considered a di�erent
approach. Instead of picking a speci�c dispersion model and describing the
sensor response to calculatep(zjx), we designed an inverse sensor model
p(xjz) that de�nes the probability of the source being in a speci�c position
given an observation.

The de�nition of this model carries several implicit assumptions about the
environmental conditions which we deem acceptable for indoor environments,
discussed in more detail in the paper itself. We base the model in the idea
that gas is mainly being dispersed through advection. With this assumption,
we exploit knowing the geometry of the environment and the locally measured
wind direction to reason about the path a speci�c patch of gas must have
followed before reaching the robot.
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With this model that lets us predict the source location from a
measurement, we then apply the formulation of the discrete Bayes �lter
presented in Eq 2.6 to accumulate information recursively.

3.2 Contribution

In this chapter, we �rst present a novel method for probabilistic gas source
localization in indoors environments based on de�ning an inverse sensor model
that implicitly describes the gas dispersion process.

Unlike the algorithms based on plume models, this proposal is able to deal
with environments that feature obstacles and multiple rooms, thus being a
better �t for indoor environments. The formulation for the estimation of the
source is based on a discretization of the environment into a grid of cells and the
recursive updating of the probability distribution through Bayesian �ltering.

The performance of the proposed method is evaluated under di�erent
environmental conditions, in both simulated and real environments. Two
di�erent movement strategies are used in this evaluation: a naive exploitation
strategy that just moves in the direction towards the most likely source
position, and an information maximization strategy. We recommend reading
section 2.1.4 for context on the idea of information maximization as a
navigational strategy.

On the second work included in this chapter, we present a study on the
use of multiple methods to perform source declaration. Employing the
previously presented algorithm for the search task, the focus is now on
methods of uncertainty quanti�cation (explained in 2.1.3) to declare this
search task complete. This work uses the previously presented algorithm for
the search, and discusses several of the methods of uncertainty quanti�cation
that were explained in 2.1.3. This article also presents experimental results to
complement the theoretical analysis of the implication of choosing di�erent
methods and uncertainty metrics to perform source declaration.
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3.A Information-driven Gas Source Localization
Exploiting Gas and Wind Local
Measurements for Autonomous Mobile
Robots

Pepe Ojeda, Javier Monroy and Javier Gonzalez-Jimenez

Gas source localization (GSL) by an olfactory robot is a research �eld
with a great potential for applications but also with numerous unsolved
challenges, particularly when the search must take place in realistic,
indoor environments that feature obstacles and turbulent air�ows.
In this work, we present a new probabilistic GSL method for a
terrestrial mobile robot that revolves around the propagation of local
estimations throughout the environment. By exploiting the geometry
of the environment as the basis for this propagation, we avoid relying
on analytical dispersion models, eliminating the need to assume
controlled environmental conditions.
Simulated and real experiments are presented in di�erent indoor
environments featuring multiple rooms and turbulent �ows,
demonstrating the suitability of our approach for locating the emitting
gas source.
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3.A. INFORMATION-DRIVEN GAS SOURCE LOCALIZATION EXPLOITING
GAS AND WIND LOCAL MEASUREMENTS FOR AUTONOMOUS MOBILE
ROBOTS

3.A.1 Introduction

Gas Source Localization (GSL) is the problem of determining the coordinates
of the point from which a gas (more generally, avolatile substance) is being
released. It is a problem with numerous practical applications, such as the
control of accidental emissions of dangerous gases or the detection of illegal
substances [1].

Among the multiple strategies proposed to tackle this problem, Mobile
Robotic Olfaction ( MRO ) o�ers an interesting perspective by proposing the
use of gas sensing devices (usually referred to aselectronic noses or
e-noses[2, 3]) to endow a mobile robot with gas detection capabilities. The
use of autonomous mobile robots to monitor gases and locate their sources
has been extensively studied in recent times [4, 5], and shows promising
results despite still facing many unsolved challenges.

Two are the main issues that must be faced when estimating the location
of a gas source based on measurements taken by a mobile robot. The �rst
problem is related to the complexity of gas dispersion phenomena,
particularly in realistic indoor environments, where the presence of obstacles
and a turbulent air�ow heavily in�uence the way gases disperse. Most
state-of-the-art GSL methods are designed to work in open spaces[4], with no
barriers to the wind transportation of volatile substances � conditions under
which the gas dispersion can accurately be described by computationally
feasible analytical models. Because of the higher complexity of the dispersion
in indoors environments, their performance under those conditions is quite
unsatisfactory, and the search often fails [6, 7].

The second problem is related to the available sensory information,
particularly the scarcity of the data that can be gathered by the robot. The
usual setup for a single mobile robot consists of a bi-dimensional anemometer
and an array of gas sensors (e-nose), which provide the wind vector and the
gas concentration for one speci�c point of the environment at each time
instant. Such limited information implies that, even if the environmental
conditions allow for the use of predictive methods, there will be a signi�cant
degree of uncertainty in any generated prediction.

In the present work we propose a probabilistic GSL algorithm designed to
work under the challenging conditions of realistic indoor environments.
Because of the previously discussed problems, the algorithm we propose is
not based on the use of an analytical gas dispersion model, but instead on
using the geometry of the environment to heuristically estimate the
trajectory followed by detected gas patches. To perform this estimation, we
assume that an air�ow strong enough to cause advection exists, although we
do not attempt to analytically model this e�ect.

We use a lattice of cells to model the connectivity of distant areas of the
map. The estimations for cells in the vicinity of the robot position are generated
from local wind measurements, and then these short-range estimations are
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propagated through unoccupied cells as a way to evaluate the probability of
far away cells of containing the gas source.

These estimations are then used to guide the movements of the robot
during the search. We propose and compare two di�erent strategies for this
purpose, a naive best-�rst approach that always navigates towards the areas
with the highest estimated probability of being the source; and an infotactic
search that attempts to maximize the information gain in every step by also
estimating what measurements would be obtained if the robot moved to
unexplored locations.

3.A.2 Related Work

In this section we brie�y review some of the most notable approaches to
GSL, discussing their main advantages and limitations. For the sake of
convenience, we have divided these into two main groups: reactive
algorithms, and estimation-based (predictive) algorithms. This is by no
means an exhaustive taxonomy, but merely serves to put our proposal into
context. For more detailed state-of-the-art surveys see [4, 8].

3.A.2.1 Reactive Algorithms

Reactive GSL is a popular approach that reduces the search to instantaneous
navigation decisions. The objective of these algorithms is to have the robot
physically reach the gas source, not to infer its location from the measurements.

These strategies are usually based on moving in the general direction of
the source, without trying to determine its exact location. Usually, the
direction of the wind [9] or the gas concentration gradient [10] are used to
guide the movements of the robot on a moment-to-moment basis, according
to the speci�c movement pattern dictated by the algorithm. The behavior of
certain insects has been an important source of inspiration for the design of
these movement patterns [8].

Beyond the simplicity of reactive approaches, they come with some
limitations. One of the main problems is the fact that, since no estimations
of the source location are generated, these algorithms do not o�er a way to
perform source declaration, and would require the use of additional
techniques for that purpose. Also, the lack of any form of memory can lead
to behavioral loops, causing the search to be slower or even fail.

3.A.2.2 Estimation-Based Algorithms

Algorithms based on probabilistic inference o�er a more sophisticate
approach to source location, trying to exploit sensory information not only to
guide the movements of the robot, but also to deduce the state of the
environment [11]. By doing so, it is possible to actually o�er candidate
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solutions and measurable certainty, which greatly simpli�es the problem of
source declaration. Maintaining probabilistic estimations based on the
history of acquired observations also serves as a sort of indirect memory,
allowing decisions to be made in accordance with all the previously obtained
measurements.

Despite these advantages, the development of such strategies is more
complex, since they require some sort of observation model to generate
estimations from sensory information. It is often the case that these
observation models are derived from analytical dispersion models [11, 12].
This approach presents two main problems: (1) models that o�er accurate
results for complex environmental conditions are very computationally
expensive, and (2) in order to infer a source location from these models, some
of the conditions of the environment (such as the release rate of the source)
need to be known. If speci�c dispersion patterns are assumed, the latter can
be tackled by dynamically estimating the necessary parameters, through
what is usually referred to as Source Term Estimation (STE) [13, 14]. The
former poses a more fundamental problem, since the existence of obstacles or
a turbulent air�ow means it would be necessary to use Computational Fluid
Dynamics (CFD ) simulations to achieve acceptable results [15], and these are
so computationally expensive that running them on-line is by no means
feasible. A common compromise is to make assumptions about the
environmental conditions that allow for the use of a computationally lighter
analytical models [16], but these can run into problems when said
assumptions are not met.

The use of pre-computed simulations as the basis for the observation model
has been proposed as well [17] to avoid the previously mentioned problems. It
is a reasonable solution for environments with a limited set of known possible
con�gurations (windows that can be opened or closed, speci�c potential points
of gas release,etc.), but requires extensive preparation before they can be
applied, and needing to run multiple simulations means it runs into scalability
issues when the number of possible environmental con�gurations is large.

An interesting alternative observation model was proposed by Li et
al. [18], where the source location is inferred by estimating the path followed
by gas patches before reaching the robot. This approach avoids the use of a
gas dispersion model but, because of the limited sensory information, still
relies on making assumptions about the environmental conditions (i.e.
homogeneous air�ow) which are only acceptable in open spaces. Our
approach attempts to avoid these problems, in particular the requirement of
controlled environmental conditions, by limiting the use of sensory
information to generating short-range estimations, and then exploiting the
knowledge about the geometry of the environment to estimate the source
probabilities at far away areas.
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3.A.3 Proposed Estimation Method

The algorithm presented in this work follows the standard structure of
estimation-based GSL. Starting at a speci�c location, the robot (1) takes a
new measurement: gas and wind in our case, (2) updates the state estimation
according to their agreement with observation models and (3) determines
where to move next. This loop continues until the source is deemed to have
been found (source declaration), which is determined by a convergence
threshold.

The observation model we propose in this work uses the
trajectory-estimation concept discussed in section 3.A.2.2. For this purpose,
we discretize the environment in a number of equally-sized cells, and
whenever a patch of gas is detected, we estimate the probability of any given
cell being part of the path the gas patch has traversed before reaching the
robot. This discretization allows us to model the geometry of the
environment as an occupancy grid, and thus make certain that the paths we
estimate the gas patches to have followed are feasible.

Estimating these paths is not a trivial task, since the sensory information
that is available to the robot is strictly local. For this reason, the process of
generating estimations is divided in two steps (Fig. 3.A.1): using the sensory
measurements to produce local estimations (section 3.A.3.1) and propagating
the local estimations to the rest of the environment (section 3.A.3.2). Since
the algorithm is designed for indoors environments, we can assume that the
direction and conditions of the air�ow, even if they are unstable, do not
drastically change from one instant to another, as there are �unknown� �xed
points where air can enter or exit the environment. Thus, we can combine
these new estimations with previous ones to produce an accumulated
estimation of the probability of each cell containing the source.

3.A.3.1 Local Estimations

When the robot detects a gas patch, a �local� estimator quanti�es for each
of the neighboring cells the probability that the gas has traversed through it
before reaching the robot cell.

Let cij denote the cell in the i -th row and j -th column of the grid.
De�ning the set V of cells adjacent to the current robot position which are
not occupied by an obstacle, we calculate the probability of each cell inV to
have contained the detected gas patch at a previous time. To do so, we rely
on the measured local wind direction and the angle formed by the vector
that goes from the robot position to the center of the cell (! ). Speci�cally, we
model this probability as a wrapped normal distribution, since the
probability of a given cell being the one that contained the gas patch in the
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(a) Probabilities of the neighboring cells
to be in the gas path are generated from
the wind vector.

(b) In a second stage, local probabilities
are propagated through the grid to all
cells.

Figure 3.A.1: Each of the points in these �gures corresponds to the center of
a cell, its color represents the probability: red being the highest and blue the
lowest.

previous instant is maximal for the cell directly upwind, and decreases
symmetrically for values of ! that are further from the upwind direction.

pt (cij jzt = 1 ; � t ) = p(! ) � WN (�; � 2
h ) (3.2)

wherezt represents the discretized gas measurement at time stept, with zt = 1
indicating that the gas concentration is above a given threshold (i.e. a hit )
and zt = 0 otherwise (i.e. a miss); and � t is the averaged upwind direction
measured at time stept, expressed as an angle in the frame of reference of the
environment. The standard deviation (� h ) of this distribution is a parameter
that must be set in accordance with the reliability of the sensors and the
stability of the air�ow. Empirically, we have noted that values within the
range 0.5-2 radians do not change much the behavior of the algorithm

When the robot does not measure any gas(zij = 0) , the wind measurement
does not o�er much information. An example is illustrated in Fig. 3.A.2a, which
shows a common scenario where a miss cannot be interpreted as the source is
not upwind. As a consequence, the naive approach of reversing the direction of
the estimations does not produce reliable estimations. Instead, in the event of
a miss, it will be considered that the robot has moved in the wrong direction
since the last gas hit was detected, lowering, this way, the probabilities of cells
in that same direction (Fig. 3.A.2b). Again, these estimations are modeled
through a wrapped normal distribution:

pt (cij jzt = 0 ; � t ) = p(! ) � WN (�; � 2
m ) (3.3)

This expression does not use the wind direction (� t ). Instead, the normal
distribution is centered at the direction of the vector from the current robot
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(a) The robot fails to measure gas after
a movement (marked by the black dot
trail and the red arrow).

(b) Cells in the direction of the
movement are estimated a lower
probability of containing the source.

Figure 3.A.2: When a miss occurs, it cannot be inferred that the source is not
upwind. In this example, it occurs because the robot has just exited the gas
plume on its side.

position to the location of the last hit ( � t ). Since hits tend to provide more
information about the source location than misses, the value of � m will need
to be higher than the value of � h . We have empirically observed that values
of � m = � h + 0 :5 produce good results. This makes the steepness of the
probability gradient calculated after a miss lower �compared to the one
caused by a hit�, reducing the e�ect of that measurement on the
accumulated probability of of each cell containing the source after the update
step (section 3.A.3.3).

3.A.3.2 Propagation of Estimations

Due to the local nature of the sensory measurements available to the robot,
it is not possible to evaluate cells that are far from the robot following the
same principle we use for neighbor cells. For that reason, instead of applying
expressions 3.2 and 3.3 to all cells in the grid, we propagate the estimations
made on the cells in V using information about the geometry of the
environment.

Speci�cally, cells that are not in V will be assigned the probability of
containing the source of the cellc 2 V to which the shortest free path exists.
In practice, this is done through a 8-neighbor (or 4-neighbor) propagation
algorithm (Algorithm 1).

Since the propagation occurs through free cells only �as these are the only
cells returned by the neighborsfunction�, it is possible to produce results that
conform to the geometry of the environment, accounting for the presence of
obstacles. The computational complexity of this procedure is linear in the
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Algorithm 1: Propagation algorithm
1 activeSet = ; ;
2 closedSet = ; ;
3 openSet= V;
4 while j openSet j> 0 do
5 activeSet=openSet;
6 closedSet.insertAll (activeSet);
7 openSet= ; ;
8 for cell 2 activeSet do
9 closedSet.insert (cell);

10 for n 2 neighbors(cell) do
11 if n 62closedSet & n 62openSet then
12 p(njzt ) = p(celljzt );
13 openSet.insert (n);
14 else if n 62closedSet then
15 pt (n) = max (p(njzt ), p(celljzt )) ;
16 end
17 end
18 end
19 end

number of cellsn of the map (O(n)), since each cell can be reached at most 8
times per iteration of the algorithm (once for each of its neighbors). In practice,
since not all cells are free, the number of steps will often be smaller.

This propagation is, in essence, just an algorithmic way of generalizing
the idea of producing �upwind estimations� to any map geometry. Fig. 3.A.3a
shows how, in the absence of obstacles, all cells within a certain angle upwind
are assigned the highest probability of containing the source. This is a very
intuitive result, since our local estimations (that gas did travel through the
immediate neighbor in the upwind direction before reaching the robot) matches
what would be expected if gas was originating from any of those cells. However,
the existence of obstacles means that just comparing the upwind vector to the
angle from the robot to the cell would not accurately re�ect this intuition, as
shown by �gure 3.A.3b.

3.A.3.3 Updating Estimations

After all the cells have been assigned a probability of containing the source
based on the last observation, the accumulated probabilities for the cells are
recursively updated. Assuming that the sequence of observations satis�es the
Markov Property and applying Bayes' Theorem of Conditional Probability,
the new probability can be calculated as follows:
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p(cij jz1:t ) = p(cij jzt ; z1:t � 1)

=
p(zt jcij ; z1:t � 1) � p(cij jz1:t � 1)

p(zt jz1:t � 1)

=
p(zt jcij ) � p(cij jz1:t � 1)

p(zt )

=
p(cij jzt ) � p(zt ) � p(cij jz1:t � 1)

p(zt ) � p(cij )

=
p(cij jzt ) � p(cij jz1:t � 1)

p(cij )

(3.4)

In this work we assume there is no initial knowledge about which cells are
most likely to contain the source, so the prior probability of containing the gas
source is identical for all cells:8ij ; p(cij ) = 1 =n, where n is the number of free
cells in the environment. Therefore, sincep(cij ) is a constant, this expression
can be rewritten as:

p(cij jz1:t ) / p(cij jzt ) � p(cij jz1:t � 1) (3.5)

After a new measurement is included in the accumulated probability
estimations, the probabilities of the cells are normalized so
� i � j p(cij jz1:t ) = 1 .

3.A.4 Movement Strategy

Once the robot �nishes updating the probabilities of the cells, it must choose
where to move to in order to take the next measurement. We propose and
compare two such navigation strategies. The �rst strategy makes the robot
move towards of the area with the highest probability of containing the gas
source. The second strategy revolves around the concept of Infotaxis [19],
using existing probabilistic techniques to predict the wind vector and gas
concentration in nearby cells, and moving the robot to the cells where the
highest information gain is expected.

3.A.4.1 Best-First Navigation

Since the environment has been discretized into a grid, and grids can easily
be represented by graphs, any graph-search algorithm can be applied. The
strategy we propose is a best-�rst search, using the accumulated estimated
probability of containing the source as an evaluation of the cell.

Each step, the robot adds all neighboring cells that have not yet been visited
to the list of candidate next positions (the open set). This list persists from
iteration to iteration, and so all unchosen candidates from previous iterations
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(a) In an empty environment, the
propagation of local probabilities causes
a radial distribution.

(b) The resulting pattern changes with
the shape of the map, better re�ecting
the paths estimated for the gas patches.

Figure 3.A.3: The propagation algorithm allows the resulting probability
distribution of the source location to adapt to the speci�c shape of the
environment.

will be considered again. Out of all the positions in the list of candidates, the
robot chooses the one with the highest estimated probability of containing the
gas source. This new position is taken out of the list of candidates for future
iterations and is not considered to be visited again.

The emergent behavior resembles that of a reactive plume-tracking
method, where the robot moves upwind until it fails to measure gas. Yet,
using the accumulated probability to guide the movements of the robot
makes the strategy more consistent than basing the movement only on the
last measurement. Thus, a single observation that contradicts the
pre-existing estimations will not cause the direction that is currently being
explored to be discarded.

Expanding the list of candidate moves with the immediate neighbors of the
currently occupied cell means the robot can only advance one cell at a time
in the direction it is exploring, while the not-selected candidates still remain
eligible for future iterations, thus the robot can backtrack eventually.

3.A.4.2 Infotactic Navigation

Infotaxis [19] o�ers an interesting approach for designing sophisticate
movement strategies. The functioning principle of Infotaxis is the
maximization of the expected information gain; that is, the robot will move
to the point in which it estimates to gain the most information possible.
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The original infotaxis algorithm attempts to maximize the reduction of the
Shannon's entropy of the probability distribution of the source location as a
way to optimize information gain. In more recent works [12], the use of the
Kullback-Leibler Divergence (KLD) has been proposed for as a measure of
information gain. The use of KLD equates to considering that any change in
the probability distribution of the source location is a net gain of information,
even if the resulting entropy is higher. This has the added bene�t of letting the
distribution to escape from local minima of the entropy. This is the technique
we adopt here.

We denote the set of candidate moves �generated as explained in
section 3.A.4.1� as M . For each m 2 M , the estimated probability of a gas
hit occurring in the new position is gm , and the estimated wind vector to be
measured is wm . We refer to the current probability distribution of the
source location asP t , and to the distribution that results in the next time
step after a given measurement asP t +1

z , where z is a pair (hit/miss, wind
vector) that represents the measurement. The expected information gain	
of each movementm 2 M is thus:

	( m) = gm � KLD (P t ; P t +1
hit;w m

)

+ (1 � gm ) � KLD (P t ; P t +1
miss;w m

)
(3.6)

This calculation requires estimating the gas and wind measurements the
robot would obtain in each of the candidate new locations. Several techniques
have been proposed to estimate the gas concentration of nearby cells from local
measurements [20, 21]; however, because most of them are designed to generate
a map of the gas distribution �rather than to guide GSL algorithms� they
o�er powerful tools for interpolating sparse measurements in the areas already
visited, but are not as e�ective for predicting the state of the distribution in
areas yet to be explored (i.e. extrapolation).

In this work, we use the probabilistic estimations of the source location to
infer the probability of measuring a gas hit in a given cell. Since the probability
of a cell being the source of the gas has been calculated by estimating the
path that previously measured patches of gas have followed, it can also be
interpreted as the probability of that given cell having contained gas, and
therefore can be utilized to estimate the likelihood of obtaining a gas hit in
that same position.

Estimating the wind vectors that would be measured in other cells
challenging, since our algorithm does not assume a stable, homogeneous
air�ow. The application of Computational Fluid Dynamics (or CFD)
techniques for this purpose poses a problem: the complexity of the required
calculations makes them intractable for a real-time search. For this purpose
we employ a technique proposed by Monroyet al. [22, 23], based on Gaussian
Markov Random Fields to extrapolate the wind vectors to nearby points of

34



3.A. INFORMATION-DRIVEN GAS SOURCE LOCALIZATION EXPLOITING
GAS AND WIND LOCAL MEASUREMENTS FOR AUTONOMOUS MOBILE
ROBOTS

(a) (b)

Figure 3.A.4: (a) Shows an example of the fully 3-dimensional environments
used for simulated experiments. (b) Shows an image of the robot taken during
the real-world experimentation.

the environment from the available local measurement and the geometry of
the environment, that is, a local map around the robot location.

3.A.5 Experimental Validation

3.A.5.1 Setup

For the simulations we use GADEN [24], a 3-D Gas Dispersion Simulator
(GDS) speci�cally designed for Robotic Olfaction (Fig. 3.A.4a). The
real-world experiment was carried out in the interior of a house, using only
natural ventilation.

Fig. 3.A.5a shows a top-down view of the setup of each of the simulated
experiments. Experiment A takes place in a room with a central obstacle
that breaks the gas plume and causes it to bend. Experiment B takes place
under heavily turbulent air�ow that prevents the formation of an actual
plume. Experiment C takes place in a larger environment that features a
more complex geometry with multiple rooms, with a source that releases gas
at a steady rate allowing the formation of a continuous plume. Experiment D
takes place in that same environment, but with a lower release rate.
Figure 3.A.5b shows the �oor map of the environment in which the
real-world experiment was carried out.

For each set of environmental conditions, we test our GSL algorithm,
presented in section 3.A.3, with both of the navigation strategies presented in
section 3.A.4. Additionally, to have a reference to help evaluate these results,
we also perform the search with Surge-Cast Plume Tracking, one of the most
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(a) Top-down view of the setup for
each of the simulated experiments, and
examples of the paths followed by the
robot.

(b) Floor map of the environment in
which the real-world experiment was
carried out.

Figure 3.A.5: Set of environmental conditions under which the algorithms were
tested.

popular state-of-the-art GSL algorithms, which has shown to produce good
results in a wide range of environmental conditions [7].

For our algorithm, a given run is considered to be a success if the �nal
declared source position is within a certain distance of the ground-truth
source location (0.5m for the simulated experiments, 1m in the real-world
experiment); for Surge-Cast, it is considered to be a success if the robot
physically reaches that same radius around the source before 300s (600s for
the real-world experiment). The di�erence in this criterion is motivated by
the fact that Surge-Cast, being a purely reactive method, does not preform
source declaration. The robot used for the experiments is equipped with a
photoionization gas detector (PID ) and a 2-D anemometer, both in the
real-world experiments and in simulations.

The gas used in all experiments is ethanol. For the purposes of
reproducibility, all the source code and con�guration �les of the simulated
environments (source release rate, characteristics of the air�ow, parameters
of the algorithm, etc.) are available in an online open repository1.

3.A.5.2 Results

Simulated experiments were carried out 30 times for each combination of
algorithm and environment, and the real world experiment was carried out
10 times per algorithm. Results are shown in tables 3.A.1 and 3.A.2. Column
� Navigation time� shows how long it takes for the robot to reach a 0.5m

1https://github.com/MAPIRlab/Gas-Source-Localization

36



3.A. INFORMATION-DRIVEN GAS SOURCE LOCALIZATION EXPLOITING
GAS AND WIND LOCAL MEASUREMENTS FOR AUTONOMOUS MOBILE
ROBOTS

Algorithm Success
rate

Navigation
time (s)

Declaration
time (s) Cells explored Error (m)

Best-First 100%
� = 78 :95 � = 95 :54 � = 22 :9 � = 0 :37
� = 8 :65 � = 12 :80 � = 2 :21 � = 0 :09

Infotaxis 100%
� = 99 :26 � = 125 :30 � = 27 :46 � = 0 :17
� = 10 :32 � = 8 :81 � = 1 :62 � = 0 :08

Surge-Cast 100%
� = 70 :50

- - -
� = 9 :22

(a) Results for experiment A.

Algorithm Success
rate

Navigation
time (s)

Declaration
time (s) Cells explored Error (m)

Best-First 93%
� = 146 :94 � = 155 :24 � = 25 :39 � = 0 :86
� = 43 :25 � = 43 :36 � = 6 :12 � = 1 :52

Infotaxis 97%
� = 158 :49 � = 168 :54 � = 26 :03 � = 0 :62
� = 33 :29 � = 34 :26 � = 4 :58 � = 0 :95

Surge-Cast 30%
� = 160 :94

- - -
� = 44 :02

(b) Results for experiment B.

Algorithm Success
rate

Navigation
time (s)

Declaration
time (s) Cells explored Error (m)

Best-First 100%
� = 81 :38 � = 108 :18 � = 21 :03 � = 0 :27
� = 27 :74 � = 29 :67 � = 4 :50 � = 0 :11

Infotaxis 93%
� = 119 :69 � = 144 :58 � = 22 :79 � = 0 :38
� = 22 :01 � = 25 :30 � = 2 :82 � = 0 :13

Surge-Cast 66%
� = 151 :87

- - -
� = 42 :28

(c) Results for experiment C.

Algorithm Success
rate

Navigation
time (s)

Declaration
time (s) Cells explored Error (m)

Best-First 90%
� = 160 :59 � = 192 :00 � = 29 :22 � = 0 :88
� = 25 :02 � = 25 :74 � = 3 :01 � = 1 :19

Infotaxis 93%
� = 158 :63 � = 194 :77 � = 24 :25 � = 0 :69
� = 30 :63 � = 40 :61 � = 4 :49 � = 0 :79

Surge-Cast 77%
� = 129 :02

- - -
� = 23 :20

(d) Results for experiment D.

Table 3.A.1: Results obtained in the simulated experiments.

Algorithm Success
rate

Navigation
time (s)

Declaration
time (s) Cells explored Error (m)

Best-First 90%
� = 273 :18 � = 310 :75 � = 28 :00 � = 0 :76
� = 44 :96 � = 41 :03 � = 2 :79 � = 0 :27

Infotaxis 80%
� = 220 :76 � = 254 :98 � = 23 :12 � = 0 :80
� = 13 :64 � = 31 :65 � = 1 :53 � = 0 :33

Surge-Cast 60%
� = 496 :21

- - -
� = 46 :67

Table 3.A.2: Results obtained in the real-world experiment.
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radius around the source location, and column �Declaration time � shows how
long before the algorithm converges and a �nal estimation of the source
location is declared. Column �Error � shows how far the declared source
position (i.e. the center of the declared cell) is from the ground-truth on
average, including failed runs.

It can be observed that, in all cases, our proposed method obtains a success
rate equal or greater than that of Surge-Cast, though the time required to reach
the source in successful runs is not necessarily better. Both of these results can
be attributed to the fact that our algorithm does have a memory of past states:
after losing the gas plume, the robot can easily backtrack to the point where
gas was last found, and it is less prone to changing the direction of exploration
after a singlemiss, which makes the search more consistent; however, this also
means it might take a longer time for the robot to adapt to an actual change
in the direction of the plume, sometimes needing to explore several empty cells
before making a turn.

It must also be considered that there is a certain degree of survivorship
bias in the time results. If an algorithm often fails at regaining a lost plume,
the runs that are most likely to succeed are the ones in which the robot never
strays far from the gas plume, which are the fastest.

In the case of the real-world experiment, it must also be taken into
account that navigation through narrow spaces is challenging [25], and the
robot must often waste time re-computing the path or executing recovery
behaviors. Our algorithm shows a signi�cantly better average time than
Surge-Cast mainly because the existence of the cell centers as navigation
waypoints greatly reduces the e�ect of this problem, which is not directly
related to the search strategy.

Despite the high success rate, it should be pointed out that when our
algorithm fails to declare the correct source position it is often several meters
o�, not being able to provide an approximate location with reliability.

Both proposed movement strategies show similar results, although the
infotactic variant is generally able to converge to the �nal estimated location
after exploring fewer cells.

3.A.6 Conclusions and Future Work

In this work, we have presented a new GSL algorithm based on estimating the
paths followed by gas patches, proposing a grid-based framework as a way to
generate estimations that are consistent with the geometry of the environment
and without assuming any environmental condition.

The results obtained from a set of experiments are encouraging, with a high
success rate under all tested environmental conditions. Still, further testing and
comparisons with similar strategies would be necessary to more accurately
analyze the performance of the algorithm.
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Several lines are proposed for future work, including the inclusion of more
sophisticate GDM techniques for measurement predictions in the infotactic
search; and the use of more complex environment representations, such as
Hilbert Maps [26], which may facilitate the modi�cation of the probability
propagation procedure to account for the three-dimensionality of the
environment and the adaptation of the algorithm to work with on-line
mapping.
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3.B On Gas Source Declaration Methods for
Single-Robot Search

Pepe Ojeda, Javier Monroy and Javier Gonzalez-Jimenez

Source declaration, along with plume �nding and plume tracking, is
one of the needed processes for gas source localization (GSL). It is a
fundamental part of the search, since it is responsible to decide
whether the gas source has been found, and also to pinpoint its
location. Despite its importance, source declaration is often ignored in
most of the GSL research, the criteria for termination being selected in
a seemingly arbitrary manner, or even not being discussed at all. A
clear example of this is the large number of experiments in the
literature that are declared concluded whenever the robot manages to
physically reach the source, without any declaration process. In this
work, we seek to provide an overview of the most signi�cant
declaration methods that have been used in state-of-the-art research
for single-robot GSL, analyzing their strengths and weaknesses. We
also provide a preliminary experimental validation of these methods,
focusing on how stable their performance is when their input
parameters are modi�ed.
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3.B. ON GAS SOURCE DECLARATION METHODS FOR SINGLE-ROBOT
SEARCH

3.B.1 Introduction

The problem of gas source localization (GSL) with a single mobile robot is
often divided into three main phases: plume �nding, plume tracking, and source
declaration.

Plume �nding consists of devising an exploratory strategy for the robot
to come into contact with the gas plume. This sub-problem is sometimes
considered to not be part of the source localization, but instead a separate
task, and GSL algorithms are often designed assuming that the robot starts
inside the gas plume.

Plume tracking is the most studied part of source localization. During
plume tracking, the robot uses sensory information (commonly gas and wind
measurements) to navigate the environment towards the source of the gas.
Even though the name plume-tracking implies the existence of a clear
downwind gas plume, it is frequently used as an umbrella term to refer to
any navigation based on gas measurements. Some counter-examples to the
requirement of the existence of a plume include gradient-based methods [1]
that assume the gas is being dispersed mostly through di�usion, without
signi�cant advection, and methods that are designed to work under heavy
turbulence, which disrupts the formation of a plume [2].

A variety of strategies has been proposed for plume tracking, from purely
reactive navigation, to probabilistic methods that use a model of gas dispersion
to generate estimations of the source location and base its movements on this
belief.

Lastly, source declaration is the process of concluding the search and
producing a �nal decision on where the location of the source is. Thus, it
involves establishing some termination criterion to be checked during the
search, and a method for generating an estimated source location from the
information that has been gathered up to that point. In the next sections, we
discuss the most relevant methods of source declaration that have been
reported in the literature, and also present experimental results of their
performance.

3.B.2 Source Declaration Methods

The declaration of the source location is a challenging problem that is
heavily dependent of the method employed for the search itself. In the case of
algorithms that are purely navigational, without a probabilistic estimation
process, it is particularly non-trivial to de�ne a convergence criterion, since
there is no belief about the source location that a measure of certainty could
be attached to. Commonly, experiments carried out with these methods are
declared immediately successful if the robot manages to get within a preset
distance to the source location, skipping this step entirely [1].
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With planned GSL strategies, typically based on probabilistic
estimations [3, 4, 5], the problem of source declaration is better integrated
into the search process. Since a belief about the source location is being
maintained and updated, it is possible to exploit the uncertainty of this belief
to declare the end of the search process. The details of how this declaration is
carried out vary across research, but we outline the most common approaches
below.

3.B.2.1 Fixed Probability Threshold

This method declares the end of the search when the estimated probability
of a given candidate location being the source exceeds a �xed threshold. This
strategy [5] is only applicable when the source location is modeled as a random
variable with discrete range, as it would not be possible to talk about the
probability of a single value in the continuous case. This declaration approach
is simple and checking for its ful�llment is fast, but it has signi�cant drawbacks.
The main issue is the dependency on the spatial resolution considered by
the search algorithm: if the resolution is set too �ne, it may not be possible
to pinpoint a speci�c cell in the grid as the location of the source. Instead,
multiple neighboring cells might share similar probabilities of being the source
of the gas release, and even though their combined probability may exceed the
termination threshold, the source is never declared.

On the contrary, when a coarse discretization of the environment is being
used, convergence may be easier, as the di�erence in position between
neighboring cells is big enough that one can clearly discern which of the
positions best �ts the measurements acquired by the robot; but signaling a
single cell as the source might not provide a precise location for the source,
since each of them covers a larger area.

3.B.2.2 Stability of the Expected Value

This criterion establishes that the search is considered �nished when the
expected value of the source location has not changed signi�cantly over a
number of iterations [6, 7]. This approach is most often seen in methods that
employ a particle �lter to generate their estimations, being the �nal declared
source position that of the expected value itself. The main drawback with
this approach is its strong dependency on the values chosen for the maximum
rate of change of the expected value and the number of iterations that must
pass for it to be considered stable. Moreover, since this method does not
directly analyze the spatial dispersion of the probability, but only its rate of
change, it is possible for it to terminate the search early if the robot obtains
multiple successive measurements that do not o�er signi�cant new
information �even if the current belief still has high uncertainty.
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3.B.2.3 Entropy

This method proposes using the entropy of the probability distribution as a
measure of the uncertainty, and declaring the end of the search when it falls
below a certain threshold [4, 8]. The entropy of the source location belief is
often used by infotactic approaches to estimate the information gained by
executing certain movements.

This approach overcomes some of the main limitations of the previously
discussed methods: if a few cells in the grid accumulate most of the probability
of being the source location, the entropy will be low, even if none of them are a
clear winner; but if the probability is spread out over a large group of cells, the
entropy will be high, regardless of how the probability distribution is changing
over time.

The main problem with this solution is that entropy o�ers a measure of
how much the probability is spread out over the possible values, but does not
consider how similar those values are to each other. Therefore, the entropy of
a distribution where two neighboring cells gather most of the probability will
be equal to that of a distribution where these two high-probability cells are
far apart from one another. However, when searching for a single source, it is
trivial to see that the second case should not be considered to be on the same
level of convergence as the �rst one.

3.B.2.4 Variance

This termination criterion is based on the variance of the probability
distribution [2, 3]. Similarly to the entropy, variance serves as a measure of
the spread of the probability over the possible values of the source location.

However, unlike entropy, variance can account for the similarity of the
values that are being considered. In the hypothetical case that was used as
a counter-example for the entropy-based termination, where a few cells that
are very distant from each other gather most of the probability, variance will
appropriately be higher than when the same number of neighboring cells are
the ones with high probability.

Since in most cases the source location random variable is de�ned to be a
2D or 3D vector, the actual measure of spread being used is the Generalized
Variance [9] of the distribution, de�ned either as the determinant or the trace
of the co-variance matrix.

3.B.3 Experimental Evaluation

This section presents a set of experiments aimed to evaluate and compare the
source declaration criteria previously discussed. The experiments consist on
performing a standard GSL search with a single robot and employing always
the same algorithm [10] for controlling the navigation and the generation of
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Figure 3.B.1: Environments in which the experiments were carried out.

probabilistic estimates. Only the source declaration strategy, and their
respective parameters, are modi�ed from one experiment to another,
attempting to evaluate the impact on the �nal source declaration. The robot
is equipped with a photoionization detector (PID ) and a 2D anemometer.

Two indoor environments, with di�erent dimensions but equal grid
resolution, have been considered (see Figure 3.B.1). Experiment 1 was
carried out in a 10x10m environment with multiple walls, leaving a total of
1058 free cells (i.e. not occupied by walls or furniture) in the grid that could
be considered source candidates. Experiment 2 took place in a 11x12
environment with walls and furniture, leaving 485 possible source positions.

Figure 3.B.2 shows the results for each declaration method considered
and for a range of their most signi�cant input parameter. Each con�guration
was repeated 30 times. Speci�cally, we show and compare the proportion of
runs that failed to terminate before a time limit of 10 minutes (%failed), the
proportion of runs that terminated too early � i.e. before the robot reached
the source� (%early), and the average error in the �nal estimated source
position (error). It must be noted that the �nal estimated position is taken
to be the expected value of the distribution, except in the case of the �xed
probability threshold, where, to be congruent with the termination criterion,
the estimation is the mode.

It can be observed that there is signi�cant di�erence between the results
of the studied methods. The probability threshold method shows to have a
small range of values for which the proportion of failures is low, and setting
the threshold outside that range results in either failing to declare the source
withing the time-limit, or terminating before the source is found (with the
consequent increase in the localization error. This termination criterion is, as
can be seen, very sensitive to the threshold used and therefore must be set
carefully.

The method that relies on the stabilization of the expected value is able
to very reliably terminate inside of the time limit, although it is not rare for
it to terminate early and produce a high error in the estimated location. An
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Figure 3.B.2: Experimental results carried out in two indoor scenarios (Exp1
and Exp2) for a set of source declaration methods and a range of their input
parameters. (a) Based on a single cell exceeding a �xed probability threshold.
(b) Over-time stability of the expected value of the source. (c) Entropy of the
probability distribution of the source location. (d) Variance of the probability
distribution of the source location.

important advantage of this method is that it is fully agnostic of the total
number of possible values (i.e. grid cells) considered, and thus the results are
reasonably stable when changing environments.

The entropy method shows the greatest di�erence between the two
considered environments, and a fairly high sensitivity to the chosen
threshold. Although testing in more environments would be required for
de�nitive conclusions, the results here indicate that this method might be
too sensitive to changes in the number of spatial subdivisions.

Finally, the variance method shows acceptable results across a wide range
of values, but, similarly to the entropy method, there is clear di�erence in the
results for each environment, which suggests that the experimental conditions
must be taken into account when setting the threshold.

3.B.4 Conclusions

We have presented a brief review of state-of-the-art gas source declaration
methods, focusing on the case of single-robot search. We have found some of
them, particularly the variance method and the expected value method, to be
less sensitive to changes in the input parameters or the number of possible
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source locations, making them more reliable and easier to con�gure correctly
after some preliminary testing. We hope this article may be helpful to other
researchers working on the �eld of source localization, and that more attention
may be brought to the issue of source declaration, as it is an important but
often overlooked part of GSL.
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4
Source Localization through Probabilistic Gas

Mapping

This chapter presents a work that combines the concepts of
Gas Source Localization and Gas Distribution Mapping. We
present a novel way to perform the gas distribution mapping
by replacing the gas concentration with the concept of �gas hit
probabilities�, which is designed speci�cally to be convenient for
the purpose of GSL. These maps are then used to estimate the
source's probability distribution through real-time simulation
with the �lament model.
Beyond the speci�cs of the method itself, the underlying idea
that we present is that a map of how the gas has dispersed
through the environment o�ers a clearer connection to the
candidate source positions than individual measurements. We
also discuss certain implications that this change has on the
probabilistic formulation and the recursive belief updating.

4.1 Introduction

In the previous chapter we discussed how de�ning an inverse sensor model, of
the form p(xjz), can implicitly model our assumptions about the gas dispersion.
With such a model, one can estimate the probability distribution of the source
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location as new measurements are gathered. There are, however, some issues
with this approach.

The �rst issue is best understood when described in an informal manner.
Simply put, a single gas/wind measurement o�ers too little information. There
are too many possible source con�gurations that could produce a distribution
such that a robot in this position would receive this measurement. Since our
model needs to use a single measurement to produce its estimation, there is a
great degree of uncertainty associated to this prediction, specially in complex
environments.

The second issue requires thinking about the probabilistic formulation
itself. In the derivation of Bayes' Theorem, there is a step where it is assumed
that one measurement is independent of another given the value of the state:

p(zt jx; z1:t 1 ) = p(zt jx) (4.1)

We need to consider this assumption carefully, as it has an important
e�ect on the equation. Roboticists reading this text might be reminded of the
Markov Property [44], which is a form of conditional independence that is
often mentioned in such derivations.

A system satis�es the Markov Property if the probability of a certain event
occurring (in this case, the observation) is only dependent on the current state,
and not on any past history of the system. This is always true when the state
is being observed directly.

As a trivial example (explained in more detail in [25]), consider a sensor
that detects whether a door is open or closed. The probability that the sensor
reports the value open depends only on whether the door actually is open
or not, and the reliability of the sensor itself. If we know that the door is
open now, then telling us that it was closed an hour ago does not modify
the probability distribution for the sensor's response. Similarly, knowing what
the sensor reported in the past o�ers no new information about its current
response �provided the current state is known.

In our case, however, the state is not observed directly. Instead, as we have
already mentioned, we connect observations and state through some model.
This means that the question of whether our system is a Markov process is
not a trivial one. In fact, it can be argued that this assumption is not really
met, which can be seen in the following case.

Consider that we know the location of the source,x. This source location
could create many di�erent gas distributions, accounting for the air�ow, the
unknown release parameters and the inherent uncertainty of the dispersion
model. Thus, we could de�ne a probability distribution p(zjx) that tells us
how likely it is that we will �nd gas at a particular location, knowing where
the source is located.

Now, let's assume that we take a measurement at one point of the map, and
the sensor reports that there is a high concentration of gas there. This implies
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that, out of the many possible gas distributions that the source could cause, we
are dealing with one which covers this position. Should we now estimate the
probability of �nding gas here to be the same as before the �rst measurement?
Formally:

p(zt jx; z1:t 1 ) ?= p(zt jx) (4.2)

It is intuitive that the answer is no. Our de�nition of state (the source
location) is not complete, and thus we should not assume the Markov
Property. Otherwise, we can imagine that taking many measurements in the
same position would make us as certain about the source position as taking
measurements all over the map (this is not a formal equality and would of
course depend on the speci�cs of the observation model, but it illustrates the
point).

It is this very problem which lead us to explore the idea of integrating
mapping into the source localization process. By de�ning a �is there gas in this
cell� intermediate variable, we can provide a more complete de�nition of state,
such that di�erent measurements become conditionally independent and there
is a limit to how much information about the source can be derived from re-
observing the same part of the map. The actual formulation itself is explained
in detail in 4.A.

4.2 Contribution

Our main contribution in this chapter is an integration of Gas Distribution
Mapping and Gas Source Localization. We describe some of the problems that
derive from the simpler formulation introduced in the previous chapter, and
explain the theoretical reason for these issues. We then propose an alternate
formulation that provides a more complete de�nition of state to address the
problem of conditional dependency.

The article that constitutes the remainder of this chapter applies these
ideas to design a new source localization algorithm based on gas mapping.
We propose a speci�c way to implement the ideas discussed so far through
the new concept of hit probabilities, and then exploit the created maps to
�nd the gas source. This is done by using a modi�ed version of the �lament
model (see Sec. 2.2.1) which is used to carry outon-line simulations as the
robot explores the environment. The article includes an extensive discussion
of the computational considerations and the intelligent allocation of resources
necessary to make this method feasible.
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4.A Robotic Gas Source Localization with
Probabilistic Mapping and Online
Dispersion Simulation

Pepe Ojeda, Javier Monroy and Javier Gonzalez-Jimenez

Gas source localization (GSL) with an autonomous robot is a problem
with many prospective applications, from �nding pipe leaks to
emergency-response scenarios. In this work, we present a new method
to perform GSL in realistic indoor environments, featuring obstacles
and turbulent �ow. Given the highly complex relationship between the
source position and the measurements available to the robot (the
single-point gas concentration, and the wind vector) we propose an
observation model that derives from contrasting the online, real-time
simulation of the gas dispersion from any candidate source localization
against a gas concentration map built from sensor readings. To account
for a convenient and grounded integration of both into a probabilistic
estimation framework, we introduce the concept of probabilistic gas-hit
maps, which provide a higher level of abstraction to model the
time-dependent nature of gas dispersion. Results from both simulated
and real experiments show the capabilities of our current proposal to
deal with source localization in complex indoor environments.
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4.A. ROBOTIC GAS SOURCE LOCALIZATION WITH PROBABILISTIC
MAPPING AND ONLINE DISPERSION SIMULATION

4.A.1 Introduction

Mobile Robotic Olfaction ( MRO) is a research �eld that focuses on autonomous
robots with the capability of sensing volatile compounds in the air to carry
out olfactory-related tasks. MRO is an active research �eld due to its many
potential applications, which include detecting dangerous or illegal substances,
locating gas pipe leaks, and assisting in rescue missions in inaccessible places.

The sensory devices that allow for gas sensing are usually referred to as
electronic noses, ore-noses [1, 2], and are often composed of arrays of
multiple types of sensors, including gas transducers that are sensitive to
di�erent substances, as well as thermometers, hygrometers,etc. Another
sensor that is important for gas distribution mapping and source localization
is an anemometer, since the air�ow through an environment greatly impacts
the dispersion of any volatiles.

Two major speci�c problems are addressed in MRO: gas distribution
mapping (GDM ) [3, 4, 5, 6] and gas source localization (GSL) [7]. In this
paper, we exploit the connection between both problems to design a source
localization method that relies building a map of the gas distribution and
comparing it to the predictions of a dispersion model.

Gas source localization is particularly challenging because it is a
non-observable estimation problem. The sensory information available to the
robotic agent �the gas concentration and the air�ow vector at one speci�c
point in the environment� is only indirectly related to the location of the
source. Relating both, sensor measurements and the location of the source,
requires an observation model that takes into account the complexities of gas
dispersion phenomena. One possible way to derive such an observation model
is to rely on predictive dispersion modeling, which takes the source's
parameters and boundary conditions of the environment as input to predict
the gas concentration at each point in the environment at a future point in
time. It is then possible to numerically derive the observation model by
comparing the robot sensor measurements with the predictions of the
dispersion model when considering all the potential gas source locations.

So far, this strategy has been adopted in previous works by assuming very
simple analytical dispersion models such as the Gaussian Plume, and/or
making strong assumptions about the environmental conditions:e.g. laminar,
constant �ow, absence of obstacles, known release rates.

Eliminating these assumptions not only greatly increases the computational
complexity of applicable prediction models, but also further complicates the
mathematical relationship between the measurements and the potential source
locations. In such a scenario, there are many con�gurations of source position
and air�ow that give rise to the same concentration value at a given point in
the environment. This makes the design of a source observation model based
on a single-point measurement intractable.
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Figure 4.A.1: Pipeline of the proposed GSL method. We propose an
observation model based on the comparison of the hit-map derived from sensor
measurements and those predicted by a dispersion model.

In this work, we tackle this issue with a novel GSL method that brings the
following novelties:

ˆ A systematic way to estimate the source position from a predictive gas
dispersion model. We employ the �lament model to allow for real-time
computation of the predictions, which makes it possible to dynamically
adapt the predictions to the observed environmental conditions (i.e. the
air�ow).

The results of this predictive model are then used to probabilistically
estimate the source location through the method described in
Section 4.A.4. Due to the aforementioned computational complexity of
simulating gas dispersion, a crucial part of this contribution is an
iterative re�nement (coarse-to-�ne) method that allows the agent to
intelligently allocate its computation time �simulating in detail only the
most likely scenarios, and discarding unlikely source positions quickly.

ˆ An observation model for the source location that uses a map of the
gas dispersion as its observation, rather than single point
measurements. Furthermore, this map is abstracted from concentration
readings to a more stable and reliable hit-map, where instead of having
a continuous concentration value for each cell in the map, we deal with
a binary variable representing the presence or absence of gas in that
cell. Within the GSL pipeline we treat the resulting hit probability map
as a �virtual�, more general observation of the gas present in the
environment, which ultimately leads to improved performance of the
estimation process (explained in detail in Section 4.A.3).

ˆ An exploration strategy that aims to maximize the information about
the source location that is gained with new measurements. We discuss

54



4.A. ROBOTIC GAS SOURCE LOCALIZATION WITH PROBABILISTIC
MAPPING AND ONLINE DISPERSION SIMULATION

the precedents in this subject, and the main di�erences between them
and our proposal in Section 4.A.5.

Figure 4.A.1 shows an overview of the structure of the algorithm. Each
individual step is explored in detail in Sections 4.A.3-4.A.5.

4.A.2 State of the Art

In this section, we will �rst give a broad overview of the GSL methods proposed
in the past, and then discuss in more detail methods that are directly related
to our proposal. For a more general review of the state of the art, see [8, 9].

4.A.2.1 Background on GSL Methods

Some existing methods frame the problem of GSL in terms of purely reactive
navigation, where the sensory input feeds a control loop that steers the
movements of the robot [10, 11]. These methods usually rely on either the
direction of the air�ow ( anemotaxis) or the direction of the gas concentration
gradient (chemotaxis) as the main guide for the movement. While this was
the most popular way to tackle the problem of source localization for a long
time, reactive algorithms have decayed in popularity in recent years, because
they cannot cope with the complexity of many real-world situations. For
example, in cases where the air�ow in the environment is heavily turbulent
or time-dependent, no continuous plume or clear concentration gradient may
exist, and so the operating principle of these algorithms is invalidated.

More elaborate approaches use the sensory input to estimate a
probabilistic belief of the state of the environment, which can include the
position of the source itself, the conditions of the air�ow, the shape of the gas
plume, etc. When the estimated variables include more source parameters
than just its position, the problem is commonly referred to as source term
estimation (STE) [12, 13].

These probabilistic solutions o�er a more robust way to process the
measurements the robot gathers (i.e. wind and gas concentration), since
noisy, spurious or unrepresentative measurements are far less likely to throw
o� the search process.

The main challenge in applying a probabilistic framework is the need for
a grounded observation model that relates the state of the environment with
the measurements. Both thee-noses and the anemometers that robots are
often equipped with are single-point sensors and, as was mentioned in the
introduction, there is no analytical model that allows to reliably infer the
source position from such limited information. Still, multiple options exist,
requiring di�erent compromises and o�ering di�erent advantages.

For example, if we can assume simplistic environmental conditions (i.e.
homogeneous air�ow, constant gas release rate, absence of obstacles), simple
models that de�ne the gas concentration as a function of the sampled position
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Figure 4.A.2: (A) Gas-hit probability map built from e-nose measurements.
The color scale goes from blue (lowest) to red (highest). (B) Gas-hit maps
predicted by the dispersion model for two candidate source positions (marked
in the images with a black dot). (C) Probability distribution of the source
location, estimated by comparing A and B.

(e.g. Gaussian Plume, Isotropic Plume) can be employed [14, 15, 16]. With
such models, one can infer the location of the source, and even perform STE
to obtain extra information about the characteristics of the gas release.

Another possibility is to apply numerical simulations ( i.e. Computation
Fluid Dynamics, CFD ), which can produce very good estimations of the way
gas would disperse under a certain set of environmental conditions. This
approach has two main problems. The �rst one is its computational
complexity, as even a single CFD simulation can take hours of computation
on a powerful machine. The second one is the fact that CFD models require
precise knowledge of the boundary conditions in order to generate an
accurate prediction. Some methods [17, 18, 19] have been proposed that get
around these limitations by pre-computing a wide range of scenarios and
storing the results in a database. During the search, the observations
gathered by the robot are contrasted with the simulations in the database to
�nd the most likely one. Despite the superior precision of the models used,
this approach presents several important problems. Firstly, it requires the
environment to be known, so that all the simulations can be carried out in
advance. It also does not scale well with the size or the complexity (number
of inlets/outlets, or source positions) of the environment, as the number of
simulations that would be required to cover all options dramatically
increases.

In a previous work [20], the authors presentedGrGSL, an algorithm
which also is designed for source localization in indoors environments with
obstacles. This algorithm was based on the propagation of short-range
directional estimations by using the geometry of the environment, in a
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process that treats the occupancy map as a graph and employs a technique
loosely based on Dijkstra's algorithm. While this method showed good
results in initial testing, the very heuristic nature of its estimation process
means that it has di�culty dealing with more complex scenarios (see
Section 4.A.6.2).

Recently, other works have exploited the connection between GDM and
GSL to attempt to locate a source by building a map of the gas
concentration that is then compared to the predictions of a model that runs
in real-time. In [21], the authors present an STE method that relies on
building a concentration map with the Kernel DM+V/W algorithm [22] and
comparing it with the map predicted by a Pseudo-Gaussian plume model
�with the limitation that the model does not contemplate the existence of
obstacles. In [23] the authors employ machine-learning with a convolutional
neural network trained on CFD results as a surrogate for a gas dispersion
model, thus being able to obtain an estimate of the shape of the gas plume
for a speci�c set of source parameters in real time, even in the presence of
obstacles.

4.A.2.2 The Filament Dispersion Model

Our proposal for probabilistic gas source localization relies on a measurement
model that stems from the �lament-based gas propagation model [24]. It was
proposed by Farrell et al as a relatively lightweight method for simulating
the short time-scale variations in concentration caused by turbulence, as
opposed to the time-averaged nature of models like the Gaussian Plume.
This model has been used before in the context of robotics, but only for the
generation of simulated scenarios [25]. To the best of our knowledge, this is
its �rst application to online source localization.

There are two main problems that need to be addressed in order to design
a source localization method that utilizes the �lament model.

The �rst one is that despite being much faster to compute than numerical
CFD models, running many �lament simulations to compare their results
with the robot measurements is still a time-consuming task, and naively
simulating all potential source locations in even a small environment is not
doable in real-time with current hardware. This problem is explored in detail
in Section 4.A.4.3.

The second problem is that �lament simulations require knowledge about
the air�ow in the entire environment, which is not available through sensory
measurements, as those are strictly local. Therefore, the application of the
�lament model to source robotic search requires some method for
extrapolating local wind measurements to estimate the global air�ow. In an
outdoors application, one could make the assumption that the air�ow is
homogeneous in the search space, even if it changes over time [18, 26].
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Figure 4.A.3: (A) The in�uence of a measurement (� i ) over the probability of
H i is calculated by sampling a 2D gaussian kernel of initial� = � 0, centered
on the measurement location, that is stretched and rotated by the wind vector.
The values of a and b are calculated using the method outlined in [27]. (B)
One-dimensional simpli�cation of the relation between � ik and P(H i jzk ), as
described by Equation 4.5.

Indoors, this is not an acceptable assumption, as the presence of walls and
obstacles forces the air�ow to conform to the geometry of the environment.

Since the focus of our current method is on addressing the case of indoors
GSL, we will build upon a method proposed by Monroyet al [28] to estimate
the air�ow based on Gaussian Markov Random Fields (GMRF ). This method
estimates the wind vectors over a 2D lattice of cells, imposing constraints on
how the air�ow can vary from one cell to its neighboring ones and how it must
adapt to the shape of the obstacles. By doing this, it is possible to generate a
prediction of the direction of the air�ow for the entire environment from a few
sparse wind measurements. In order to de�ne the constraints necessary to solve
for this vector �eld, this method requires the geometry of the environment to
be known, including the positions of possible inlets/outlets (doors, windows,
etc.). It does not, however, need to know the boundary conditions at those
points, or even whether they are actively functioning as inlets/outlets. That is
to say that, for example, the map should include the location of all windows,
but does not need to specify whether they are currently open.

4.A.3 Probabilistic Plume Mapping

The core idea of the method we present here is to iteratively estimate the source
location through the gas distribution mapping (GDM) in the environment.
This map is compared to the gas predictions that a �lament model generates
from a candidate source location, which provides us with a likelihood of the
source being in that position (Fig. 4.A.2).
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4.A.3.1 Gas Hit Map

While combining GDM and GSL is not a new idea, it is worth discussing in
which ways our current proposal deviates from the conventions and techniques
of GDM methods, and the reasoning behind these modi�cations. The main
di�erence is that, rather than building a grid map of gas concentration values
(a continuous random variable), we build a grid map of binary values, where
a cell can either contain a measurable amount of gas (a gashit ) or not (a
miss), and the exact concentration value is abstracted away. This presence of
gas is treated as a random variable, and so we will deal with it in terms of
the probability of a cell containing gas. Similarly to the Occupancy Grid Maps
(OGM) employed in mobile robotics[29], the value at each grid cell represents
the probability that the cell contains enough gas to trigger a gas detection
event at an arbitrary instant of time.

From a frequentist perspective, thesehit probabilities can be interpreted as
the proportion of time that a cell contains enough gas to trigger ahit . Notice
that this concept resembles the idea of plume mapping de�ned by Farrellet
al. in [30], as this probability may be seen as the degree to which each cell
belongs to the shape of the time-averaged gas plume: some cells are �stably
in the plume� ( i.e. always contain a concentration of the target gas above a
minimum threshold), while others are only partially so, as �uctuations in the
shape of the plume can cause them to not contain gas at certain times.

The reason abstract away the concentration values is to better match the
degree of precision that is attainable with predictive dispersion models
�particularly during an online search, where many of the relevant parameters
(boundary conditions, source release rate,etc) are uncertain. In this context,
the comparison of speci�c concentration values measured by the sensor with
those simulated by the dispersion model is not meaningful, as the simulations
cannot be expected to match reality to such a degree of accuracy. Working at
a higher level of abstraction attenuates the impact of these limitations �for
example, the general shape of a gas plume, as represented by thegas hit
variable, is largely independent of the release rate of the source, while the
concentration values would greatly depend on it.

Formally, a gas-hit map is de�ned as a vector of binary random variables,
H = f H i ji 2 Cg, where C is the set of all cells in the environment. We will
refer to the set of sensory observations asZ , using a subscript to denote the
position at which the observation was taken and a superscript to denote the
time instant ( e.g. zt

k 2 Z is the observation taken at time t in cell k). These
superscripts and subscripts will be omitted for the sake of readability when
they are not relevant to the discussion. We will refer to the probability of cell
i containing enough gas to trigger a gas hit asp(H i ).

It should be noted that the probabilistic formulation presented in this
article is agnostic to the speci�c de�nition of gas hit. For the purposes of the
implementation and experimental validation presented here, a certain
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observation zt
k is considered ahit or a miss simply by comparing the sensor

reading to a �xed concentration threshold. However, other approaches which
use an adaptive threshold or consider the time-derivative of the concentration
reading to de�ne the concept of ahit �see, for example [31]� could be used.

4.A.3.2 Building the Gas Hit Map

The estimation of the gas-hit map �p(H i jZ )8i � is carried out recursively by
bayesian �ltering. Starting from an arbitrary prior p(H i ), each measurement
taken in cell i will modify the estimated probability of H i through the
conditional probability p(H i jzi ). We can de�ne this conditional probability as
a piece-wise function that depends on whether the observation is ahit or a
miss:

p(H k jzk ) = P �

(
= Phit , if zk = 1
= Pmiss , if zk = 0

(4.3)

Because of the complexity of the gas dispersion phenomenon, there is no
clear way of setting grounded values forPhit and Pmiss , thus they are left as
input parameters to the algorithm, with the only requirement that

Phit = p(H k jzk = 1) > p (H k )

and

Pmiss = p(H k jzk = 0) < p (H k )

Interested readers can �nd a similar solution for occupancy mapping in [32,
p. 33-35]. In that work, the author provides a solid discussion on arbitrarily
de�ning conditional probabilities for a binary random variable given sensory
observations.

Eq. 4.3 de�nes the conditional gas-hit probability of a cell only for a
measurement taken in the same cell. Building a hit probability map only
from this information would require an unfeasible amount of measures. Thus,
some kind of inference to neighboring cells is required. For that, we resort to
the wind vectors and the known geometry of the environment to compute an
estimation of p(H i jzk ) when i 6= k, so a map can be built from sparse
measurements.

Intuitively, a hit measured at any speci�c cell should have no e�ect on
the hit probability of far-away cells, but must change the probability of their
surrounding cells according to their distance and position. Concretely, cells
that are located upwind or downwind from the measurement location should
be more strongly a�ected, as a noticeable air�ow causing advection will create
a stronger correlation between the state of cells whose relative position aligns
with the wind vector.
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Figure 4.A.4: The vector v̂n used in Eq. 4.6 is the direction from the considered
cell i to the cell n 2 N that is part to the shortest path between i and k. � ik

is the total length of said path.

Several methods have been proposed in the �eld of GDM to encode this
dependency between cells based on distance and air�ow alignment. In this
work, similarly to the Kernel DM+V/W method [33], we apply a dependency
model given by a 2D Gaussian centered at the measurement location and
aligned with the wind vector. Thus, the in�uence factor � ik of a measurement
taken in cell k over the conditional probability of H i is given by:

� ik / N (x i ; xk ; �) (4.4)

where x i stands for the coordinates of any celli , xk are the coordinates
of the cell in which the measurement is taken, and� is the covariance matrix
of the 2D Gaussian, stretched and rotated according to the wind vector as
described in [33] (see Fig. 4.A.3A). The value of� ik is scaled by1=N(0; �) to
set the maximum value of the in�uence (when i = k) to 1.

We use this in�uence value� ik to linearly interpolate between two extreme
cases forp(H i jzk ) following the expression:

p(H i jzk ) = � ik � P � + (1 � � ik ) � p(H i ) (4.5)

When i = k (the cell is being directly observed), � ik = 1 and we are
applying the expression in Eq. 4.3. When the celli is very far away from cell
k, � � 0 and p(H i jzk ) = p(H i ), meaning that H i and zk can be considered
independent (see Fig. 4.A.3B).

4.A.3.3 Obstacles

An additional consideration is required for this method to be applicable to real
scenarios where obstacles (walls, furniture, etc.) may exist between cellsi and
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k. This issue can be addressed by modifying the calculation of� ik in such a
way that its value is not based on the relative positions of celli and k, but
rather on the direction and length of the shortest free path between them [34].
To e�ciently �nd these paths, we employ the propagation method described
in [20].

As a brief overview, the method is based on treating the grid of cells as
a graph, where each free cell (i.e. not occupied by an obstacle) is a vertex,
and two vertices are connected if their corresponding cells are both free and
neighboring each other. On this graph we apply a search technique based on
Dijkstra's algorithm, starting from the set of cells that are neighboring the
robot's position (N ) to �nd all the cells in the grid which should be assigned
to each of the members ofN based on traversable distance. The result of this
can be seen as a graph partition, where each group of verticesGn is de�ned
by the vertex n 2 N which is closest to all the members of the group.

Based on this graph partition and the paths calculated in the process of
creating it, we can rede�ne the value of � ik for a cell i 2 Gn as:

� ik / N (v̂n � ik ; xk ; �) (4.6)

where v̂n is the vector (xn � xk ) normalized by its length (i.e. unit vector
from xk to xn ) and � ik is the length of the shortest path connectingi to k (see
Fig. 4.A.4). Note that this expression becomes the expression in Eq. 4.4 for cells
in the immediate vicinity of the robot, but will produce slightly di�erent results
for cells that are further away even if no obstacles exist along the path, as the
direction of v̂n might not perfectly line up with (x i � xk ). Implementations of
this algorithm may choose to add an extra check for this case and apply Eq. 4.4
whenever a direct line of sight exists, but our testing shows no di�erence in
the e�ectiveness of the algorithm in either case.

4.A.3.4 Bayesian Update

We have so far omitted the time superscript on the measurements, and
described only the conditional probability of p(H i jzt

k ), for a single
measurement zt

k . However, the actual estimation of the map of hit
probabilities is based on combining the information obtained from all the
accumulated measurements. This process can be done recursively through
Bayesian �ltering, where we consider the conditional probability discussed in
the previous sections,p(H i jzt ), as the inverse sensor model.

Since the variableH i we are interested in when building the map is a binary
random variable, we can use the log-odds form of the binary Bayes �lter [29]:

l (H i jz1:t ) = l(H i jz1:t � 1) + l(H i jzt ) � l (H i ) (4.7)
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where l(x) denotes the log-odds:

l(x) =
p(x)

1 � p(x)

and the actual probability value can be recovered with:

p(x) = 1 �
1

1 + el (x )

4.A.3.5 Con�dence Value

An important consideration when using the generated hit probability map
to estimate the location of the source is that the hit probability values that
are estimated at some locations are based on measures in the near vicinity
of that cell, while others are only due to extrapolation, or even still equal to
the uninformative prior. Trivially, the estimations about the presence of gas
that are based on extensive observations should have a stronger e�ect over the
predicted source location probabilities.

Thus, it becomes necessary to quantify the uncertainty about the hit
probabilities at each cell, which can be de�ned as a function of how many
measurements have been gathered, and how close to the cell those
measurements were taken. In this work, we will use the con�dence measure�
introduced in [27], which is calculated as follows:


 i =
X

t

N (� t ; 0; � )

� i = 1 � e� 
 2
i =� 2


 (4.8)

where � t is the length of the shortest path betweenx i , (the position of
the cell being updated), and x t

z (the position at which the robot took a
measurement at timestept). Both � and � 
 are parameters that control how
much con�dence is gained from each individual measurement. For more
information about these parameters, see [27].

4.A.4 Source Position Estimation

In this section, we will discuss the process of using the map ofp(H i jZ )8i that
was built from the measurements to generate an estimation of the position of
the source.

4.A.4.1 Hit Map Comparison

We de�ne a random variable S to represent the source location as a discrete
variable whose possible values are each of the free cells in the environment.
The probability distribution that we want to calculate is thus p(SjH ).
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As explained in Section 4.A.3, the core idea of our proposal is that we
can estimate the probability of a certain cell being the source location by
comparing the plume that would result from having the source there (according
to a dispersion model), to the plume we have constructed from measurements.
Speci�cally, when we talk about �comparing the plumes�, we mean comparing
the hit probabilities, where these probabilities can be understood as relative
frequencies. We de�nef z

i = p(H i jZ ) and f Sk
i = p(H i jSk ) as these predicted

relative frequencies given the measurements and given the predictive model
for a source in cellk, respectively. The absolute di�erence between these two
values, � ik , can then be used as a measure of the similarity between the
measured and the predicted states of celli :

� ik = jf z
i � f Sk

i j (4.9)

We can then de�ne the conditional probability of S with the following
expression:

p(Sk jH i ) / � i � (1 � � ik ) + (1 � � i ) � 1 (4.10)

A value of f z
i that is based on a very low con�dence estimation (� i � 0)

does not give meaningful information about the source, and so the conditional
probability distribution of the source is uniform � P(Sk jH i ) / 1 8k. As � i

approaches 1, the probability distribution of the source favors the locations
which predict a value of f Sk

i similar to f z
i .

Assuming conditional independence of eachH i given S, the probability
distribution of the source is then calculated as:

p(Sk jH ) =
Y

i

p(Sk jH i ) � p(H i )
p(Sk ) � p(H i jH : i )

=

Y

i

p(Sk jH i ) �
Y

i

p(H i )
p(Sk ) � p(H i jH : i )

(4.11)

where H : i denotes the setf H j jj 6= ig. If we assume the prior probability
distribution of the source location to be uniform, the term

Q
i

p(H i )
p(Sk ) �p(H i jH : i ) is

equal for all k, and since we assume there is a single gas source, we can simply
omit it from the calculation and normalize the resulting values to obtain a
valid probability distribution:

p(Sk jH ) /
Y

i

p(Sk jH i ) (4.12)
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Figure 4.A.5: E�ect of modifying the fraction of cells that are subdivided on
each coarse-to-�ne step (� ). (A) Computation time for updating the source
probability distribution. (B) Kullback-Leibler divergence of the resulting
source location probability distribution with respect to the distribution
predicted by considering all the cells.

4.A.4.2 Filament model

The formulation discussed in the previous section requires a predictive gas
dispersion model that, given a source position, produces a map of hit
probabilities for the expected gas plume. Because of the types of
environmental conditions that we are considering (indoor environments with
obstacles), we opt for a simpli�ed version of the �lament model.

In the original �lament model, as proposed by Farrell et al [24], the
dispersion of gas is simulated by tracking the movement of discrete units (the
�laments), which in turn represent three-dimensional spatial distributions of
concentration �usually modeled as normal distributions centered on the
�lament's position. The �laments are assumed to move mostly through
advection, and the e�ects of di�usion are accounted for by changing the
parameters of the concentration distribution that each �lament represents.
That is, a �lament that was emitted a long time ago represents a normal
distribution of higher � than one that was just released from the source, even
though both distributions contain the same number of moles of the realized
gas.

For the purposes of this work, the �lament model has been simpli�ed in two
ways. The �rst and most important one is that the simulation takes place in two
dimensions rather than three. This is partially to alleviate the computational
complexity of the proposed method, but also to account for the fact that only
2D air�ow information is available from the GMRF estimations.

The second way in which our implementation deviates from the �lament
model is that, since we are not interested in computing concentration values
(for the reasons discussed in Section 4.A.3), we are not modeling the �laments
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Figure 4.A.6: Average time required to update the source position distribution
with the discussed optimizations in three di�erent environments, with � = 0 :5

as normal distributions of concentration. Instead, we consider that �laments
have a discrete radius that grows as a function of the length of time that
has passed since their emission. During the simulation, we record the number
of time instants that each cell is close enough to the position of at least one
�lament to be occupied by gas. The relative frequency of this event is the value
of f Sk

i = P(H i jSk ).

4.A.4.3 Iterative Coarse-to-Fine Re�nement

Despite the adoption of a simpli�ed model, the �lament model still has a
signi�cant computational cost, as a complete simulation needs to be carried
out for each cell in the environment. In order to alleviate this computational
load, some optimizations can be implemented so that a higher proportion of the
time is spent on the calculations that will signi�cantly impact the algorithm's
predictions about the source location.

Consider, for example, a simulation with the source in cell i whose
predicted plume map does not match at all the measurements that have been
taken so far. It is trivial that simulations with the source in the immediate
neighbors of i will produce similar plumes, which will also be poor matches
for the real measurements, and thus those cells will be evaluated as unlikely
source locations. On the contrary, areas of the map that are evaluated
positively bene�t much more from increased resolution, as it may be required
to di�erentiate from several likely source candidates. We propose to utilize
this idea by employing a progressive re�nement (coarse-to-�ne) strategy,
where only a few source locations are simulated initially as representatives of
coarse regions, and those regions which produce the most promising results
are recursively subdivided to obtain more precision in the �nal estimations.
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We refer to the proportion of cells that gets subdivided in each successive
step of this process as the re�nement fraction (� ). That is, for � = 0 :5, half of
the cells (the half with the highest estimated probability of containing the
source) are subdivided for �ner simulation in the next step. Figure 4.A.5
shows how � a�ects the computation time for updating the source's
probability distribution and the quality of the resulting estimation as the
search process progresses. The quality of the estimation is measured as the
Kullback-Leibler Divergence (KDL ) between the probability distribution of S
obtained with that re�nement fraction, and the probability distribution of S
that results from considering all cells. Note that the KLD for � = 1 is
trivially always 0, as its resulting probability distribution is the one being
approximated.

It can be observed that for � > 0:25 the KLD becomes negligible as the
number of iterations of the algorithm advances. Conversely, the results
obtained with a very small re�nement fraction worsen over time. This e�ect
is caused by the variance of the source's distribution decreasing. As the
search advances, a small number of nearby cells accumulate most of the
probability of containing the source. When this happens, subdividing that
small area of the map with a high probability of S is enough to obtain a
probability distribution very close to the one being approximated. For very
small re�nement fractions, the KLD increases becauseP(Sk jH ) can vary
more drastically for nearby cells at this stage of the search than when only
part of the map has been observed, and thus the very limited amount of
subvidisions is not enough to capture the high-frequency variations in the
estimated probability of the source location.

We tested two di�erent methods for generating these regions, both of which
produce rectangular cells and allow for a maximum cell size to be speci�ed to
make sure the regions are not so coarse as to have the environmental conditions
change signi�cantly inside of them. The �rst method is to generate a quadtree
from the occupancy map, which allows for large unoccupied regions to be
grouped together into a single leaf of the tree, while allowing obstacles to serve
as boundaries that force areas to be considered separately. The second method
is to greedily fuse the free cells in the occupancy map with their neighbors,
in an arbitrary order, with the only constraint being that the resulting cells
must remain rectangular. While both of these methods allowed for a signi�cant
speed increase from the naive approach (see Figure 4.A.6), the biggest speedup
was obtained by combining both: generating a quadtree, and then fusing the
resulting neighboring leaves.

Note that none of these methods are guaranteed to generate an optimal
number of subdivisions of the map according to our constraints. A more in-
depth study of this problem is left for future work.
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4.A.5 Movement Strategy

In this section we will address the subject of selecting the next position where
the robot will take a measurement, including discussion of existing literature
and areas of potential future improvement.

4.A.5.1 Information Value

One of the most common strategies for planning the movements of the robot
is to maximize the information about the source location that is gained with
each new measurement. This idea has been extensively explored by previous
methods [35, 36, 37], in what is usually referred to as �information-theoretic�
movement strategies. One of the most notable examples of this idea is
Infotaxis [38], which popularized the use of the expected change in the
entropy of the source distribution as a measure for the information gain.
Later works [37, 20] have proposed using the Kullback-Leibler Divergence
instead, since aiming only to decrease entropy can cause the robot to refuse
exploration and only focus on con�rming its current belief. Some recent
works [35, 39] have proposed combining the Infotaxis paradigm with
rapidly-exploring random trees (RRT) as a way to handle the presence of
obstacles for selecting the new sampling location.

All of these approaches have a common problem: they require estimating
what the next measurement will be if the robot moves to a given position.
With this hypothetical next measurement, they simulate an update on the
source position belief, and compare the result to the current one. This
requires a method for reliably estimating what the next measurement will be,
which is not trivial, and also requires performing an iteration of the source
estimation procedure for each considered movement, which can lead to a
prohibitive computational cost if the number of possible movements is large.
Since our algorithm has a slow update process, requiring many �lament
simulations, this approach is not feasible.

Instead, we propose using the already-computed �lament simulations to
identify the most interesting areas. When trying to discriminate between two
possible source positions, the areas of most interest for taking measurements
are those in which their respective predicted plumes are most di�erent (see
Figure 4.A.7). We generalize this to all possible source positions and use
their estimated probabilities of containing the source as a weight for how
much their prediction in�uences the interest of a measurement location. This
is represented by the variance of p(H i jS). The information value of a
particular measuring location,  , is therefore calculated as follows:
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Figure 4.A.7: The movement strategy tries to maximize the information about
the source location by visiting the locations where the expected plumes vary
the most. (A) Current hit probability map. (B) Current source probability
distribution. (C) Examples of the maps generated by the dispersion model
for the most likely source locations. The area marked with an ellipse changes
has the highes variation so it is chosen as the next measurement location.
(D) Information value estimated for each possible next sampling position ( i ).
Note the low-interest areas marked with arrows correspond to positions were
previous measurements were taken.
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 i = (1 � � i ) �
X

k

p(Sk jH ) � (f Sk
i � � i )2 (4.13)

with � i =
X

k

f Sk
i � p(Sk jH )

The term � i is the expected value of the predicted relative frequency of
hits in cell i (f S

i ), calculated as the average off Sk
i weighted by the estimated

probability of each source location k. This expected value is then used to
compute the variance off S

i , thus quantifying how much the presence of gas in
cell i depends on where the source is located.

The resulting variance is �nally multiplied by the term (1 � � i ), where
� i is the con�dence value introduced in Eq. 6. This serves to make areas
already visited by the robot less interesting, which is desirable because it avoids
having the robot constantly re-observe areas of low uncertainty, where no more
information about the source can be obtained.

It should be noted that the value of  i represents only the expected amount
of information to be gained, and does not consider the cost of selecting celli
as the next location �where this cost could be de�ned simply in terms of the
time required for the robot to navigate to the selected cell. Therefore, even
if the value of  is assumed to be an accurate estimation of the information
that will be gained, there is no guarantee that always moving to maximize 
will lead to the fastest possible convergence of the algorithm, even though it
should minimize the number of required iterations.

The subject of balancing information gain and navigational cost has been
extensively explored in the literature, for example for the problem of generating
occupation maps [40, 41, 42]. Thus any existing method could be applied to
the case of this algorithm. A detailed analysis of the results obtained with
these methods, as well as the e�ect of assigning speci�c values to their input
parameters, is beyond the scope of this paper, and is left for future work.
For the purposes of the experimental results presented in the next section, the
strategy employed is a greedy maximization of the expected information value.

4.A.5.2 Exploration Phase

A problem with using the previously de�ned information gain metric,  , is that
it relies on being able to apply the dispersion model to predict the shape of
the gas plumes. However, since no information about the boundary conditions
of the environment is provided to the algorithm, the estimation of the air�ow
during the �rst few iterations is not reliable, and so is the �lament model.

We have tackled this limitation by introducing an initial exploration step
of an arbitrary number of iterations, de�ned as an input parameter of the
algorithm� during which the robot always moves to maximize the total
observed area. To do this it uses� i , the con�dence value, of both the cell
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being considered as the next location and all other cells in its neighborhood
to compute which movement has the best exploration value. The expression
applied to calculate this exploration value is as follows:

 exploration
i =

X

n 2 N i

(1 � � n ) � e� � in (4.14)

where N i is the set of cells that are near celli �for an arbitrarily de�ned
distance limit�, and � in is the distance of the shortest path between cellsi and
n. In practice, the distance limit is just a computational optimization, as the
in�uence of other cells on the evaluation quickly approaches 0 as� in increases.

In the process of trying to cover the largest possible area, the robot will
gather sparse measurements of both gas and air�ow that span a signi�cant
portion of the map. Thus, when the exploration phase ends, both a rough
outline of the gas map, and a tentative estimation of the air�ow are present,
making the source estimation process possible.

It should be noted that this exploration process is not optimal, as it does not
actively consider the air�ow estimation, but simply how much the observation
will expand the amount of observed area. Designing a more optimized strategy
is challenging and beyond the scope of this paper, as it would require predicting
how future measurements would change the predicted air�ow map after the
GMRF is updated.

4.A.6 Experimental Validation

4.A.6.1 Accuracy of Hit Maps

As discussed in Section 4.A.4, the probability distribution for the source
location is derived from the similarity between the measured and simulated
gas hit maps. However, there is an open question as to whether those maps
accurately re�ect the state of the gas dispersion in the environment. In this
section, we will look at a few example environments, where these
reconstructed hit maps are compared to the ground-truth hit frequency
extracted directly from a full 3D, CFD-based simulation.

Figure 4.A.8 presents three di�erent environments for comparison purposes,
corresponding to experiments A2, B2, and E2. The leftmost column showcases
the reference map extracted from the CFD simulation, while each subsequent
column displays a map generated by our method, intended for comparison with
the reference map. Underneath each map, the similarity measure� is shown,
calculated as � = 1 � 1

N �
P N

i jf i � GTi j, where f i represents the estimated
hit frequency in a given cell i , GTi denotes the corresponding value in the
ground-truth map, and N is the total number of cells.

The second column shows the hit maps generated by the simpli�ed 2D
�lament model, with air�ow reconstructed using the GMRF technique [28].
Notably, in experiment A2, the simulated hit map closely matches the
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Figure 4.A.8: Comparison of the hit maps involved in the algorithm. Column
1 shows the ground truth value, extracted from Gaden, which uses a CFD
simulation and the full 3D �lament model. Column 2 shows the predicted
hit map using the online simpli�ed 2D �lament model and reconstructed
air�ow. Column 3 shows the map produced from sensory measurements taken
at regular 1 meter intervals. Column 4 shows the map generated during the
GSL process. The real source location is marked in columns 1 and 4 with a
circle, and the �nal declared source position appears in column 4 with a square.

72




	Acknowledgments
	Abstract
	Resumen (Spanish)
	Introducción

	1 Introduction
	1.1 Contributions

	2 Background
	2.1 Theoretical Framework and Mathematical Tools
	2.2 Gas Dispersion Models and Airflow Estimation
	2.3 Robotic Olfaction Sensors

	3 Modeling the Relation between Measurements and Source Location
	3.1 Introduction
	3.2 Contribution
	3.A Information-driven Gas Source Localization Exploiting Gas and Wind Local Measurements for Autonomous Mobile Robots
	3.B On Gas Source Declaration Methods for Single-Robot Search

	4 Source Localization through Probabilistic Gas Mapping
	4.1 Introduction
	4.2 Contribution
	4.A Robotic Gas Source Localization with Probabilistic Mapping and Online Dispersion Simulation

	5 Using Semantic Information to Leverage Additional Sensory Data
	5.1 Introduction
	5.2 Contribution
	5.A PSGSL: A Probabilistic Framework Integrating Semantic Scene Understanding and Gas Sensing for Gas Source Localization

	6 Development of Robotic Olfaction Research Tools
	6.1 Introduction
	6.2 Contribution
	6.A VGR Dataset: A CFD-based Gas Dispersion Dataset for Mobile Robotic Olfaction
	6.B A Simulation Framework for the Integration of Artificial Olfaction into Multi-Sensor Mobile Robots

	7 Conclusions and Future Work

