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1 | INTRODUCTION

In a modern world, understanding the chemical composition of the air
around us is seen as a task of vital importance. Air monitoring is
crucial for ensuring that the air we breathe is safe, and that air
pollution levels are low for the sake of the environment. This is
usually achieved by using air monitoring stations (Mooney
et al., 2006), which are fixed devices often located on poles or
beacons in areas where pollution is likely, such as near busy roads or
industrial sites. Within industry, chemical sensors are mandatory in
situations where flammable gas leaks may occur, such as in chemical
and petrochemical plants. Undetected leaks can cause the build-up of
large amounts of flammable gas, often leading to an explosion with
the potential to harm large amounts of people. Body-worn detectors
are commonplace to alert personnel of any direct exposure to
potentially dangerous gases, and hand-held detectors are used to find
the source location of leaks. Hand-held detectors bring their own
drawbacks, such as the obvious safety risk to the operator from being

in close proximity to potentially toxic and flammable chemicals.
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Within the last couple of decades, there has been increasing research into the use of
mobile robots for gas sensing applications. This has led to many different branches
of research, most notably on the topics of gas distribution mapping and source
localization. This paper aims to provide an up to date and comprehensive overview
of the research on these topics for both controlled and uncontrolled environments
with ground-based or aerial robots. To complement other review papers, a greater
focus is placed on recent probabilistic algorithms developed for both single robot

and multirobot applications.

E-nose, gas discrimination, gas distribution mapping, gas source localization, mobile robot

Alternatively, mobile robots fitted with chemical sensors can be
used to locate gas sources. Due to their mobile nature, only a single
gas sensing device must be used to sample different locations,
providing a greater resolution of measurements over a target area
when compared to static sensors. Furthermore, they completely
mitigate risk to human operators. This is a relatively modern
application for robotics, as the subject has only been actively
researched since the 1990s. Early research was generally focused
on the development of chemical gradient following algorithms for
locating the source of gas plumes (Rozas et al., 1991). Such
approaches would use chemical sensors on the left and right side
of the robot to track the plume, however, could not cope with
turbulent conditions. Since then, more complex probabilistic algo-
rithms have been proposed which incorporate prior information on
the mechanics of plume dispersion with locally sampled sensor
measurements. In addition to algorithms, the robot platforms
themselves have evolved over time, with unmanned aerial vehicles
(UAVs) now being utilized in much of the current research. The three

dimensional (3D) navigation capabilities allow for the whole plume

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.

© 2022 The Authors. Journal of Field Robotics published by Wiley Periodicals LLC.

J Field Robotics. 2022;1-33.

wileyonlinelibrary.com/journal/rob 1


http://orcid.org/0000-0003-3302-2233
http://orcid.org/0000-0001-8316-5289
http://orcid.org/0000-0002-7054-6135
http://orcid.org/0000-0003-3136-5718
mailto:shuai.li@swansea.ac.uk
https://wileyonlinelibrary.com/journal/rob
http://crossmark.crossref.org/dialog/?doi=10.1002%2Frob.22109&domain=pdf&date_stamp=2022-07-19

2—‘—WI LEY

FRANCIS €T AL.

phenomenon to be exploited and captured, inspiring a range of 3D
sampling strategies and algorithms. Although UAVs may offer a
better insight into the distribution of gas within the whole search
volume, they introduce additional challenges that are not as prevalent
for unmanned ground vehicles (UGVs), something that will be
discussed further in this review paper.

One of the most common tasks undertaken by gas sensing robots
is the production of gas distribution maps, which can be used to
visualize the distribution of a chemical over an area of interest. Not
only is this useful in determining the locations of gas leaks, but also
the regions where a high concentration of gas has began to form.
Another important topic in the subject of mobile robot gas sensing is
the development of robot-mounted open sampling systems (OSS)
which can be used to detect, discriminate, and quantify various gases.
In situations where multiple different kinds of gas sources are
present, such a device allows for each gas to be classified and
independently represented within the gas distribution map. Referred
to as an electronic nose (E-nose), this paper will provide a more
detailed explanation of this topic in comparison to most review
papers, to give more insight into the challenges faced by chemical
sensing in uncontrolled environments.

There are many review papers on the subject of gas source
localization and mapping with mobile robots. One of the most
comprehensive review papers is presented in Lilienthal et al. (2006)
which covers much of the early work on the subject. More recent
reviews presented in Chen and Huang (2019) and Ishida et al. (2012)
provide a summary of common biologically inspired algorithms used for
gas source localization and an introduction to probabilistic source
localization. However, much of the recent work on probabilistic source
localization and mapping is not discussed, which will be a focus of this
review. Furthermore, the challenges faced when using UAVs is not
touched upon, which is a future trend for the field. Therefore, this
review aims to provide a thorough overview of recent research and
challenges. The publications included in this review paper were
identified through searching relevant keywords in search engines such
as “ProQuest” and “Google Scholar,” and through general web searching.
The total structure of the paper can be summarized by the following
topics: gas sensing hardware and electronic noses, robotic platforms, gas
source localization algorithms for both single robot and multirobot

teams, and gas distribution mapping with mobile robots.

2 | GAS SENSING HARDWARE

Many different types of sensors have been used on mobile robots to
detect gases and pollution. The types of sensors are normally chosen
based on five properties: size, sensitivity, selectivity, response time,
and reliability (Korotcenkov, 2007). Some sensors are quite large in
size, which limits the number that can be used on a robotic platform.
This is especially problematic if the sensor can only detect one type
of gas, which in turn limits the usefulness of the robot.

As there is a focus to develop gas sensing robots for use in

uncontrolled environments, the gas sensors used need to be sensitive

enough to detect airborne chemicals whose source may be located
some distance away. This is especially important in outdoor
applications where gases are predominantly dispersed by wind rather
than diffusion. The turbulent airflow caused by the wind creates a
chemical plume, which becomes more diluted over time as it mixes
with particles of clean air (Roberts & Webster, 2002). Not only does it
become weaker, but it also begins to possess a patchy gradient that
rapidly fluctuates in concentration. In such situations, some chemical
sensors struggle to react to the rapidly changing odor plume. In
addition to this, real-world scenarios typically feature multiple gas
sources producing a gas mixture. Depending on the selectivity of the
sensor, it may respond to multitude of gases, making determining the
chemical composition of the air difficult. For this reason, some gas
sensing robots use an E-nose, a device that contains an array of
partially selective sensors allowing for gas discrimination algorithms
to be applied to the sensor responses. This section will discuss the
most commonly used sensors when gas sensing with mobile
robots and explain the limitations that need to be considered when

using them.

2.1 | Metal oxide (MOX) gas sensors

MOX sensors, alternatively referred to as semiconductor metal oxide
(SMO) sensors, are one of the most commonly used chemical sensors
in robot applications. This is mainly due to their small size, low cost,
and high sensitivity. There are also many different MOX sensors
available for detecting a wide variety of gases, making them an ideal
choice for E-nose sensor arrays. For a stable and accurate output,
MOX sensors require an initial warm up period to allow the sensor to
achieve chemical equilibrium with the atmosphere (Peterson
et al., 2017). Although some sensors require a warm up period of
roughly 24 h for a completely stable output (Mokrani et al., 2019), for
mobile robot applications where a stable sensor output signal is
unlikely, the inaccuracies introduced from a shorter warm up period
are effectively negligible.

It is common for low-cost MOX sensors experience signal drift, a
form of permanent error that can limit their lifespan in long-term
applications. Signal drift occurs due to the effects of sensor ageing,
which in turn leads to a drift in the sensor's sensitivity over time
(Maag et al., 2018). External factors such as temperature and
humidity can also cause a temporary error in sensor readings,
something that can be reduced by implementing calibration
techniques (discussed later in Section 2.5.3). MOX sensors charac-
teristically have poor selectivity. The MQ-2 MOX sensor can react to
a multitude of different chemicals (Mokrani et al., 2019), which is
beneficial when multiple chemicals are to be detected, but makes
discrimination more challenging. Another problem that needs to be
considered is their slow recovery time after a target gas has been
removed (Figure 1). The slow recovery means MOX sensors typically
act as low-pass filters (Burgues & Marco, 2019), therefore measure-
ments often contain contributions from previous elevated levels of

concentration.
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FIGURE 1 Typical MOX sensor response to target gas. Reproduced from Gonzalez-Jimenez et al. (2011). Licensed under CC BY 3.0
(https://creativecommons.org/licenses/by/3.0/). [Color figure can be viewed at wileyonlinelibrary.com]

2.2 | Particulate matter (PM) sensors

PM sensors are used to detect small airborne particles, they are
commonly referred to as dust sensors. Although not a chemical
sensor, they are extensively used in static monitoring stations to
ensure that airborne pollution does not exceed legal requirements
(Mooney et al., 2006). Lower-cost portable PM sensors known as
optical particle counters (OPC) have shown to be a useful modality
for mobile robots, with uses ranging from dust pollution mapping in
industrial environments (Bennetts et al., 2016; Schaffernicht
et al., 2017) to source localization (Chen et al., 2020).

Ambient air is pulled through the sensor by negative pressure
generated by a fan. Within the sensor module, a light source
illuminates the solid particles of dust in the air, which causes the light
to become scattered. The scattered light is then measured by a
photometer, allowing for the particle concentration to be calculated
(Jovasevic¢-Stojanovic et al., 2017). PM is subdivided into different
fractions based on the size of particles and where they can
deposit within the human respiratory system, the primary
fractions being PM10, PM2.5, and PMO0.1 (Anderson et al., 2012).
PM sensors are therefore generally categorized by the size of PM
they can detect, with the most common being PM10 and PM2.5
sensors. The technology used within OPC sensors has given way
for many compact and low-cost PM sensors to be brought to the
market. Although the price of such sensors is low, it has been
shown that they can provide accurate PM concentration data,
comparable to the results obtained with gravimetric methods
(Kelly et al., 2017).

OPC sensors do come with the drawback of being influenced by
humidity. Laboratory experiments conducted by Jayaratne et al.
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FIGURE 2 PM sensor drift due to relative humidity. PM,
particulate matter. Reproduced from Jayaratne et al. (2018). Licensed
under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
[Color figure can be viewed at wileyonlinelibrary.com]

(2018) found in the case of the PMS1003 OPC, the output remained
stable until the relative humidity reached around 78% (Figure 2) at
which point PM concentration began to be overestimated. There are
several reasons for the error caused by humidity, the most common
being the counting of fog droplets and the growth of particle size due
to vapor condensation (Liu et al., 2019). The effect of humidity can be
reduced by using calibration methods, such as by using modified
linear compensation models (Hojaiji et al., 2017), linear regression
methods (Chen et al., 2018), and combinations of linear and nonlinear
calibration methods (Lee et al., 2020).
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(TDLAS)

Tuneable diode laser absorption spectroscopy

The use of TDLAS in gas sensing robot applications has been an
emerging trend in recent times, due to the technique's ability to
detect gas remotely. The sensors provide benefits for both UGVs,
where large areas to be monitored without needing to physically
travel to each location (Bennetts et al., 2013), and for UAVs, where
chemicals can be detected in the air column between the UAV and
the ground (Emran et al., 2017). The technique is based on the
intensity of monochromatic light passing through a uniform absorbing
gas, given by Beer's Law (Goldenstein et al., 2017). Many gases
absorb IR light and have peak absorption at specific wavelengths. If a
laser emitting wavelength of IR light within the range of the peak
absorption passes through a plume of gas, there will be a noticeable
decrease in the detected light. Various hydrocarbons including
methane (CHj), propane (CsHg), ethylene (C,H4), ethane (CoHg),
propene (CsHg), acetylene (C,H,), all have strong absorption features
in the 1-4 um range of infrared (IR) light (Dong et al., 2016).

There are many TDLAS sensors available in the market, the
Sewerin remote methane leak detector (RMLD) is an example which
is often used on robotic platforms due to its portable size and high
sensitivity. However, such commercially available sensors are very
expensive when compared to other kinds of gas sensors. Examples of
purpose-built TDLAS sensors created by the authors have been used
in mobile robot applications (Anderson et al., 2006, 2014; Chen
et al., 2012). When designing purpose-built TDLAS sensors, optics
are required for emitting the IR light along with detecting it when it
has been reflected. In the case of Anderson et al. (2014), a telescope
was used to collect and intensify the reflected light onto the photo-
detector. It was found that large telescopes would shake in the wind
and cause the reflected signal to be noisy. For cases where long
sensing ranges are not required, compact lenses can be used, such as
plastic Fresnel lenses (van Well et al., 2005).

When sensing over extreme ranges, stationary reflective targets
can be used to increase the amount of light that is reflected back at
the TDLAS receiver. For this technique to work effectively, the
TLDAS sensor must be targeted directly at the reflector. An approach
presented by Chen et al. (2012) achieved this by mounting a green
spherical target above the reflector. A camera attached to the TDLAS
sensor would then detect the green target and then center it within
the picture frame, targeting the TDLAS at the reflector in the process.

2.4 | Photoionization detectors (PID)

PID are a type of chemical sensor similar in size to a standard MOX
sensor. They are used to measure and quantify volatile organic
compounds (VOCs) and work by breaking down the target gas into
positive and negative ions through ionizing the sample with
ultraviolet light (Patel et al., 2009). The resulting ions produce an
electric current proportional to the output signal, measured with

electrodes within the sensor (Spinelle et al., 2017). PIDs have a high

bandwidth and sensitivity, with examples such as the “miniPID”
having a frequency response of 300 Hz (Bailey et al., 2005). Their
high bandwidth makes them well suited to gas sensing mobile robot
applications, however, there are far less examples of their use when
compared to MOX sensors due to their lack of selectivity and
relatively high price point. For these reasons, PID sensors are often
alternatively used to provide ground truth reference measurements
to validate MOX sensor signal processing techniques, used to
improve response times and performance (Burgues & Marco, 2019;
Burgués et al,, 2019). Similar to MOX sensors, PID sensors can
experience signal drift in the presence of humidity, caused by an
induced leakage current between the electrodes within the sensor.
However, when the electrodes are clean, these effects are only seen
at levels of relative humidity near to 100%, and so can be reduced

through regular preventative cleaning (Butterfield, 2021).

2.5 | E-noses

MOX sensors are the most commonly used chemical sensor for gas
sensing robots, due to their high sensitivity, low cost, and small size.
However, their lack of selectivity means that in cases where multiple
gases are present, it would be impossible to identify the type of gas
being detected if only a single sensor was used. Knowing the identity
of a detected chemical is especially important for chemical distribu-
tion mapping, as distribution maps can be produced for separate
chemicals if multiple sources are present (Hernandez Bennetts
et al,, 2014).

2.5.1 | E-nose configuration

The general configuration of an E-nose includes a gas sensor chamber
to house the array of chemical sensors and a pump to pull air through
the chamber (Figure 3). An airflow feedback system can be used to
monitor the volume of air being pulled through the chamber to
ensure that the amount of air being sampled remains constant
regardless of changing external conditions. In some cases, an air filter
is situated at the inlet of the E-nose to reduce the amount of PM that
would build up on the chemical sensors over time. An example that
demonstrates these features is presented in Xing et al. (2017), where
stop valves are also included to immediately cut off any air from
being sampled if the ambient temperature exceeds safe levels. This
was inspired from the E-nose developed in Wei et al. (2016), which
was improved by including a larger array of MOX sensors along with

enhanced signal processing capabilities.

252 |
systems

Sensor array response in open sampling

Chemical sensors used in closed sampling systems (CSS) will usually
output a response that features three phases: response, steady state,
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FIGURE 3 The RHINOS E-nose chamber containing an array of
chemical sensors. Reproduced from Burgués et al. (2021). Licensed
under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
[Color figure can be viewed at wileyonlinelibrary.com]

and recovery. In the case of CSS, the sensor readings can be taken
from the steady state region of the sensor response where the
outputted sensor value is stable. In OSS such as E-noses, steady state
is often never reached due to fluctuations in concentration caused by
turbulence and advection of the airflow (Trincavelli, 2011). The
fluctuations in concentration are often faster than the MOX sensors
can respond to, producing a signal that features a number of peaks in
comparison to a clear step change. As no steady state region is
available to sample from, various preprocessing techniques must be

used to extract useful information from the sensor response.

2.5.3 | Drift correction

As mentioned in Section 2.1, sensor drift is a source of error caused
by the ageing of the sensor, although it is also temporarily caused by
external factors like changes in relative humidity and temperature
(Abdullah et al., 2020). Therefore, it is important to correct for sensor
drift before utilizing the sensor response for gas quantification
purposes. One of the most common methods of drift compensation is
baseline manipulation which uses the initial value of the transient
response known as the baseline to correct the final output. There are
three baseline manipulation techniques which are most commonly
used: differential, relative, and fractional (Gutierrez-Osuna &
Nagle, 1999).

1. Differential: Baseline value for each sensor is subtracted from the
output value:
S(t) = G(t) - G(0). (1)

2. Relative: Output value is divided by baseline value which can help

correct for multiplicative drift:

)
S(t) = GO (2)

3. Fractional: Baseline value is subtracted from sensor response and

divided by baseline value:

S(t) = %of(o), 3)

where S(t) is the corrected sensor output and G(t), G(0) is the
sensor conductance and baseline conductance, respectively.
Although baseline manipulation is simple, it does not always
provide good results in realistic situations. Equations (1) and (2)
often fail when used to normalize the sensor response as drift is
generally not additive nor multiplicative (Di Carlo &
Falasconi, 2012). Research conducted by Ahmadou et al. (2017)
found that the fractional baseline manipulation shown in Equation
(3) did not improve gas discrimination, mainly due to the variation
of G(0) from temporary drift caused by gas sampled in previous
measurements. To obtain a more notable drift compensation, the
equation was modified to use the final value of the transient
response (end of recovery phase) instead of the initial baseline
value. This was found to give a clear improvement in gas

discrimination in cases where sensors cannot be purged with

clean air:
_ G(t) - G(final)
S = =G (final) ()
2.5.4 | Feature extraction and gas classification

Feature extraction is the process of extracting useful information
from the transient response of the sensor array in order for pattern
recognition algorithms to classify the sampled chemical. Fourier
transform analysis is a technique which is synonymous with
characterizing rapidly changing signals, and in the case of Nimsuk
(2014), short-time Fourier transform (STFT) was used to extract
information from the response of four MOX sensors. STFT is a
Fourier-based method for determining the sinusoidal frequency and
phase information of local sections of a signal through using a
“window function” which is slid along the time axis. Following the
frequency analysis, stepwise discriminant analysis was employed
which used Wilks' lambda (Dillon & Goldstein, 1984) to select
components that contributed the most to gas classification.
Another method of feature extraction for an array of MOX
sensors was presented in Zhang et al. (2009), which instead focused
on extracting information from the decay or recovery section of the
MOX transient response allowing for fast pattern recognition. This
was inspired from results gained in their previous research (Zhang
et al., 2008), which found that the shape of the recovery curves did
not change much when chemical sample time was varied, even
though steady state was not reached. Gas classification was achieved

by extracting two time parameters from the response curves:
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recognition time (time taken to respond to the chemical), and
response-recovery time (time taken to respond and recover). These
values were initially extracted for each MOX sensor by using samples
of known gas and then compiled into a learning data set, allowing for
discriminant function analysis (DFA) to be used for classification. This
was found to classify unknown samples with an accuracy of 100%.

A similar approach was taken in Mishra et al. (2013) where the
response/recovery curves of the sensor responses were used to
classify gases. First, training data was collected for four different
chemicals at different concentrations, where data was extracted with
a graph extracting tool. Having plotted the resulting data on a 3D
scatter plot, it could be seen that the raw data overlapped in its
current form. To obtain less overlapped clusters, data was trans-
formed using an average slope multiplication (ASM) method, which is
based on multiplying the sensor response/recovery data by its
respective average slope. This method was used as it could be seen
that the sensor response curves had different slopes for a particular
concentration band of a particular chemical. Following ASM, clear
clusters of data were apparent, and so neural classifiers were applied
to classify the transformed data. By using a combination of principal
component analysis (PCA) to reduce dimensionality and a gradient
descent with back propagation (GDMBP) neural network as a
classifier, 100% classification accuracy was achieved for the four
chemicals.

Using previously acquired learning data sets allows for many
discrimination algorithms to be used, although in OSS their use can
be limited by the presence of unknown interferents. Creating a
learning data set can also be time-consuming and expensive, which
has led to the development of unsupervised gas discrimination
techniques. Another problem to consider is that the data is often
distributed in random shapes, and classical unsupervised learning
methods like K-means cannot detect nonspherical shapes (Tseng &
Yang, 2000). To tackle these problems, an unsupervised gas
discrimination approach was proposed in Fan et al. (2016) which
clustered the density peaks of the transient responses of a MOX
sensor array. Based on the algorithm originally presented in
Rodriguez and Laio (2014), the algorithm uses an adaptive estimation,
meaning that when the density of clusters differs, the peak local
density of a point will still be close. The improved algorithm works on
the assumption that the clusters are surrounded by neighbors that
feature a lower local density p and a minimum distance to higher
density clusters 6. Practical experiments conducted using a mobile
robot fitted with an array of five MOX sensors showed that the
algorithm was able to classify 95% of observations, for a room that
contained two different chemical sources. It was noted however that
some misclassifications occurred at low concentration levels.

Misclassifications are a common problem with density-based
classifiers, as they can make overly confident predictions in densely
populated regions, such as at values of low concentration. A different
approach was proposed in Bennetts et al. (2014) which takes
advantage of the correlation between class separability and
concentration level. At low concentration levels, there is a clear

overlapping between classes which can make discrimination difficult,

whereas at high concentrations there is a more pronounced
difference. The proposed algorithm assigns higher posteriors in
regions where there is large separability and low posteriors to regions
of overlapping. In addition, a rejection posterior is learned such that a
high rejection signifies the sensing of clean air. When testing the
proposed algorithm on data gathered by a mobile robot in indoor and
outdoor environments, the success rate for classification was found
to always be above 93%. Higher success rates could be achieved by
using a more complex model, however, the potential improvements

were not all that significant and risked over-fitting the model.

255 |
sensors

Gas quantification with an array of MOX

Both gas source localization, and distribution mapping algorithms
often require spatially sampled measurements of the gas concentra-
tion. In the case of OSS that utilize MOX sensors, it can be
particularly difficult to quantify the detected chemical. This is again
caused by the problem of never reaching a steady state transient
response phase due to the MOX sensor's slow response to the
rapidly changing turbulent chemical concentration found in natural
environments. Similar to gas classification algorithms, gas quantifica-
tion algorithms often select features from the sensor response and
cluster them to find their most likely concentration values.

Following their success in developing a gas discrimination
algorithm using ASM, Mishra et al. (2013) proposed using ASM to
quantify chemical concentration (Mishra et al., 2013). Again, ASM
was used to separate sensor response/recovery data in order for
GDMBP to classify the data with a specific quantity. Training data
was supplied using the response/recovery data gathered for four
concentration bands of four different gases. When using a back
propagation algorithm, the concentration of gas can be estimated
regardless of how long the sensor is exposed to chemical, as the slope
of the transient phase remains the same.

The K-nearest neighbor (kNN) classification algorithm has also
been used to estimate the concentration of chemicals using the
transient response of MOX sensors. An example of this can be seen
in Rehman and Bermak (2018) where kNN was combined with a
feature extraction method to classify and quantify six different
chemicals using an array of 16 MOX sensors. kNN is an example of a
non-parametric classifier which can be used for gas classification
along with concentration estimation. In the case of concentration
estimation, different concentration values are assumed as different
classes, where concentration values are compared with that of a
training data set.

Rather than giving a single prediction value for the chemical
concentration, chemical quantification can be represented as a
probabilistic problem by estimating the gas concentration using a
switching linear dynamical system (SLDS) model (Di Lello et al., 2014).
The technique works through learning the parameters of a first-order
linear dynamical system (LDS) which could be fitted to the rise and

decay phase of the sensor's response. Once the LDS parameters are
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known, they can be used to compute the gas concentration via
inference in the SLDS model. This probabilistic approach takes into
account the uncertainties that arise from the error in sensor
measurements and modeling errors, providing confidence measures
for the estimated variables. It was found that the estimated chemical
concentration values were comparable to the results from a PID
sensor, providing a means to gain accurate sensor measurements in
the absence of steady-state sensor outputs.

Alternatively, a data-driven approach to probabilistic chemical
quantification is possible. Gaussian process regression (GPR) is a
machine learning technique which aims to learn a function that fits
noisy training data with a given confidence. In Monroy et al. (2013),
GPR was used to estimate the detected chemical concentration using
training data from a set of baseline corrected sensor readings
sampled by an array of MOX sensors. GPR uses a covariance function
to smooth the data, which in this case was chosen to be a squared
exponential covariance function. The length hyperparameter used in
the covariance function determines how correlated the data is,
including how much effect distant data points have on estimated
values. The hyperparametrs used in GPR need to be suitably chosen,
which can be done through maximizing the marginal likelihood
function for the vector of training concentration values given the
sensor array measurements and vector of hyperparameters. To
further reduce computational complexity, automatic relevance
determination (ARD) was applied during the training phase of the
GP which reduces training data through selecting the sensors
providing the most relevant contributions. By comparing the results
from the GPR algorithm with ground truth concentration data from a
PID sensor, it was found that the use of an array of sensors provided
better prediction quality when compared to the results for a single

sensor.

3 | MOBILE ROBOT PLATFORMS

This survey paper will focus on the two most common types of
mobile robot platforms used for gas source localization and mapping:
UGVs, and UAVs. The two types of robots both come with benefits
and limitations which should be considered when determining which
platform would be better suited to a particular gas source localization
or mapping application.

3.1 | Unmanned ground vehicles

Much of the work on gas source localization and mapping has been
completed with UGVs. Small differential drive robots are often used
to quickly test algorithms in small-scale indoor experiments
(Hutchinson et al., 2019; Lu, 2013). Larger UGV platforms capable
of operation in both indoor and outdoor environments are often used
for field experiments (Bennetts et al., 2012; Wandel et al., 2001).
Their larger size and battery life allows for a range of sensors to be

equipped to the platform (Figure 4), including LiDAR for simultaneous

localization and mapping (SLAM) and obstacle avoidance, ultrasonic
anemometers for wind velocity measurements, pumped E-noses
containing arrays of chemical sensors, large TDLAS sensors mounted
on pan-tilt units, and global positioning systems (GPS) for outdoor
localization.

UGVs allow for greater on-board resources available for online
computation of complex algorithms, and the slow movement speed
of UGVs and their ability to stop to take measurements allows for
limited disruption to the chemical plume. UGVs are however
hindered by difficult terrain and can only operate in two dimensions
(2D), meaning that even with the use of multiple E-noses at
different heights (Reggente & Lilienthal, 2009), only a limited
portion of the plume can be detected from the ground, something
that may be problematic for locating sources in high positions, or
detecting lighter than air gases at distances further away from their
source. In general, UGVs are better suited to applications which
require a denser coverage of gas concentration measurements
collected over a long period of time. Some of which include locating
and mapping the distribution of methane at landfill sites (Hernandez
Bennetts et al., 2012), detecting chemicals in underground mines
(Kim & Choi, 2021; Martinez et al., 2020), gas pipeline leakage
detection (Kroll et al., 2009), and gas source localization of near
ground sources.

3.2 | Unmanned aerial vehicles

The use of UAVs for gas sensing applications is a recent direction
for the field and comes with a whole new set of challenges.
Although there have been examples of gas sensing using fixed-wing
UAVs (Nathan et al., 2015), rotary-wing drones are the most
commonly used UAV platform. This comes from the benefits that
arise from their superior maneuverability, ability to stop and hover
in a fixed position to take gas concentration measurements, and
slower flight speeds which are more suited to slow responding
chemical sensors when sampling on the move. Small UAVs often
used in gas sensing applications can be categorized into three sizes:
mini drones that weigh between 5 and 2 kg, microdrones that weigh
between 2 kg and 200 g, and nano drones which have a weight of
less than 200g (Brooke-Holland, 2012). For the purpose of
simplicity, this paper will refer to both micro and mini drones as
mini drones, as their performance and limitations are typically
similar.

Mini drones allow for a greater array of sensors to be equipped
to the drone due to their larger payload and battery capacities, along
with their overall longer flight times. They will however still
experience a linearly decreasing flight time with increasing payload
weight (Zhang et al., 2021), further reduced from the additional
power drain of the sensors themselves. These constraints are even
more restrictive for nano drones, with examples such as the
“Crazyflie” (Figure 5a), a 10x10cm nano drone used in various
works (Castro et al, 2018; Duisterhof et al, 2021; Ercolani
et al., 2022; Neumann et al., 2019), only having a maximum payload
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FIGURE 4 Examples of UGVs used for gas sensing applications. (a) ERP-42 robot for environmental monitoring in underground mines.
Reproduced from Kim and Choi (2021). (b) ARMEXx robot based on the Husky A200 platform for remote methane detection and mapping with
TDLAS sensor. Reproduced from Arain et al. (2021). (c) SmokeBot for gas distribution mapping in emergency scenarios. Reproduced from Fan
et al. (2019). (d) ATRV-JR robot fitted with E-nose for gas distribution mapping of multiple chemical compounds. Reproduced from Hernandez
Bennetts et al. (2014). (a)-(c) licensed under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/). (d) licensed under CC BY 3.0 (https://
creativecommons.org/licenses/by/3.0/). [Color figure can be viewed at wileyonlinelibrary.com]

capacity of 15 g and flight time of 7 min (Giernacki et al., 2017). Nano
drones do however provide some benefits. Their compact size means
that the effects of the turbulence caused by their propellers on the
plume structure is reduced, and operation in indoor and cluttered
environments which might otherwise be inaccessible for larger
drones or UGVs is possible. The use of UAVs for gas sensing
applications poses many unique challenges, and therefore will be
discussed in greater detail in this section.

3.2.1 | Chemical sensor payload

The problem of propeller-induced turbulence, alternatively referred
to in literature as “wake,” is a key problem that must be considered
for both mini and nano drones. Villa et al. (2016) found that gas
concentration readings detected with a chemical sensor-equipped
mini drone decreased dramatically once the propellers were turned
on, suggesting that the wake dilutes the gas concentration with clean
air. To avoid this problem, they mounted chemical sensors on a boom
that extended beyond the wake region caused by the propellers.

Small TDLAS sensors can instead be used to avoid this problem
(Figure 5b), as their beam can detect chemicals far outside of the
region of wake (lwaszenko et al., 2021; Neumann et al., 2018).
However, TDLAS sensors are heavy and expensive, requiring larger
UAVs to carry them increasing the overall platform price. Alterna-
tively, a ventilated E-nose can be used where air is drawn in through a
protruding tube with the inlet located outside of the region of wake
(Figure 5c). This way, the weight of the E-nose is centered on the
UAYV, and more flexibility is given in terms of inlet position and type.

Rather than using a long E-nose inlet pipe which could cause
flight stability problems, Neumann et al. (2012) mounted chemical
sensors within a carbon fiber tube, where air was drawn through it
using the suction effect of one of the propellers. This semi-active
transport approach was found as a good compromise between
directly mounting the sensors in a passive approach and using a long
boom. Such approaches may still be less effective at closer distances
to point sources, where the downwash could greatly affect the gas
distribution. To avoid this, long sampling tubes can be suspended
from the UAV, placing the inlet far outside of the region of wake. A
10 m suspended sampling tube was used by Burgués et al. (2021) for
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FIGURE 5 Examples of UAVs used for gas sensing applications. (a) Crazyflie 2.0 nano drone equipped with MOX sensor, adapted from
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4.0 (https://creativecommons.org/licenses/by/4.0/). [Color figure can be viewed at wileyonlinelibrary.com]

gas distribution mapping of a water treatment plant (Figure 5d).
Although accurate point measurements could be achieved under
ideal environmental conditions, the tube would be blown from its
vertical position by wind and would not be usable in cluttered
environments where the tube could become tangled with obstacles
during navigation. Ventilated approaches are still not applicable to
nano drones due to their limited payload and battery capacities.

To explore the effects of wake on chemical sensor placements,
Do et al. (2020) used particle image velocimetry (PIV) to study the air
velocity field around a hovering mini drone. They found four potential
locations where airflow was most stable: in the center on top of the
drone (top), in the center below the drone (bottom), on the side of the
drone's center (middle), and in a specific region below the drone's
propeller (rotor). The middle position was found to provide the best
performance in terms of detected chemical intensity and response
time, followed by bottom, top, and rotor, respectively. A similar
conclusion on sensor position was drawn following CFD simulations
in Kuantama et al. (2019). For a chemical sensor located forward from
the drone's center, they suggested that surrounding gas would be
pulled through the sensor before being directed downward by the
suction from the propellers. This was validated by field tests which
found for a hovering drone the detected gas concentration remained
farily stable for the offset position, but was reduced significantly for
the central position. For nano drones, it may be difficult to mount a
forward middle position chemical sensor due to the limited space

available, which would suggest that a bottom-mounted central
position may provide the best compromise. This conclusion was
supported by experimental results achieved in Ercolani and Martinoli
(2020), which found that a nano drone bottom-mounted chemical
sensor produced lower variability and higher success rates
when compared to a top-mounted configuration in gas source

localization trials.

3.2.2 | Localization and obstacle avoidance

The sensors that can be equipped to mini drones are typically similar
to those that are used on UGVs. These include LiDAR sensors
(Bachrach et al., 2011; Winkvist et al., 2013), or cameras (Latif &
Saddik, 2019; Rhodes et al., 2022; Yang et al., 2018), allowing for
SLAM algorithms to be used for obstacle avoidance and localization.
SLAM algorithms are computationally expensive (Bodin et al., 2018),
often requiring memory and processing capabilities far exceeding
that offered by nano drones. Although offline computation may
provide a solution, the weight and power requirements of such
sensors are also in excess of the limits imposed by nano drones.
Instead, mapless navigation solutions are required that make use of
basic obstacle avoidance sensors. A common technique is to mount
laser rangers onboard the nano drone (Duisterhof et al., 2019),
allowing for simple obstacle avoidance strategies such as the bug
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algorithm to be applied (Duisterhof et al., 2021). Still, examples of
successful obstacle avoidance in more complex environments are
few, which currently limits their autonomous navigation capabilities
in real-world scenarios.

Localization can typically be achieved by UAVs in outdoor
environments by using GPS (Croizé et al., 2015; Santana et al., 2015).
For indoor and other GPS-denied environments, external localization
systems are often used, with the primary options being motion
capture systems, and ultra-wide band (UWB) systems (Masiero
et al.,, 2019). Motion capture systems use an array of cameras to
offer very precise localization and often serve as ground truth for
performance evaluation (Yang & Yang, 2021), however, they are
significantly more expensive than UWB systems and require a direct
line of sight between the cameras and drone. UWB systems are
relatively inexpensive and offer localization accuracy of around
10 mm (Gentner & Ulmschneider, 2017). The UWB system consists
of an array of anchor nodes distributed around the area of operation,
and a tag node located on the UAV. To further improve localization
accuracy, many works use an extended Kalman filter to fuse UWB
and internal measurement unit (IMU) data (Ercolani & Martinoli, 2020;
Li et al., 2018; Nguyen et al., 2016). The positional error increases at
greater distances from the anchors (Puschita et al., 2020), and so a
sensor fusion approach can provide better overall performance and

reduced error.

3.2.3 | UAV applications

As long as suitable modifications have been made to limit the effects
of propeller-induced turbulence on chemical sensor readings, the
longer flight times offered by mini drones allow for more conven-
tional gas source localization and mapping algorithms to be used,
albeit with shorter sampling times (Hutchinson et al., 2019;
Neumann, 2013; Neumann et al., 2013, 2012). Mini drones are
suited to applications which require fewer gas concentration
measurements to be collected quickly over very large areas, or
sampling in environments and locations which would be out of reach
for UGVs. Examples include, measuring volcanic gas emissions
(Arellano et al., 2019), air pollution monitoring over areas of open
cast mining (Ren et al, 2019), monitoring the emissions from
maritime vessels (Yuan et al., 2020), locating and quantifying
hazardous chemical releases (Hutchinson et al., 2019), and localizing
and mapping emission hotspots from civil waste treatment facilities
(Burgués et al., 2021; Fjelsted et al., 2019).

For nano drones, stopping to hover and gather time-averaged
gas concentration measurements would quickly deplete their limited
battery resources, only allowing for a small sample of measurements
to be taken. A “butterfly” style strategy can overcome this by landing
and stopping to collect measurements (Rossi & Brunelli, 2017), but
this does not allow the drone to sample the whole 3D plume
phenomenon and limits the drone to measuring ground-level gas
concentration. Instead, it may be beneficial to collect measurements

in motion, at the expense of measurement accuracy. MOX sensors

are most used chemical sensor in UAV applications, with ultra-small
microelectromechanical systems (MEMS) based MOX sensors being
especially applicable (Castro et al., 2018; Duisterhof et al., 2021;
Rossi et al.,, 2014). Previously, Lilienthal et al. (2001) were able to
locate a chemical source using MOX sensor measurements taken
with a UGV in motion, suggesting that such an approach may be
possible. Similarly, Bing et al. (2015) were able to locate a chemical
source using MOX sensor measurements taken in motion with a
UAV. They noted that the MOX sensor was only able to detect gas in
a few positions, with a greater number of sensor responses
happening near the source. These findings have been leveraged in
more recent works to localize gas sources using measurements taken
in motion with nano drones (Burgués et al., 2019; Ercolani &
Martinoli, 2020). Although a recent direction for the field with few
examples of practical experiments in larger environments, such
approaches would allow for rapid localization and mapping of gas,

extremely beneficial for emergency or other time-sensitive situations.

4 | GAS SOURCE LOCALIZATION (GSL)

GSL is the task most often assigned to chemical sensing robots, in
fact, most of the early research on the subject was focused solely on
source localization. This makes sense, as traditionally animals like
dogs have been used to locate chemicals using their superior sense of
smell. However, animals can be unpredictable, they must be trained,
and often the applications where they are can be dangerous for
themselves and their human handlers. For these reasons, mobile
robots were investigated as potential platforms to undertake

such tasks.

4.1 | Bioinspired searching

Many early GSL algorithms were heavily influenced by source finding
techniques that can be seen in nature. The E. coli inspired algorithm is
a chemotaxis example which consists of making straight-line runs
separated by random turns (Macedo et al., 2019; Russell et al., 2003).
If the most recent concentration is higher than the last, the robot
makes a small turn followed by a large straight-line run. If it
decreases, then the runs become much shorter, and the turns
become larger. This simple strategy only requires the previous
concentration reading to be stored, and therefore has very little
memory requirements (Dhariwal et al., 2004).

Most bioinspired algorithms use wind information alongside the
sensor readings. Referred to as anemotaxis, common examples
include the dung beetle inspired algorithm (Russell et al., 2003) and
lobster-inspired algorithm (Grasso & Atema, 2002; Grasso et al., 1998;
Maes et al., 1996), both of which are dependent on a consistent
chemical gradient to achieve successful results. Their operation being
similar to that of Braitenberg style chemotaxis which guide robots
through moving in the direction of highest concentration (Lilienthal &
Duckett, 2004; Mamduh et al., 2013; Takei et al., 2014). One of the
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most popular anemotaxis example is that of the silkworm moth
inspired algorithm (Kuwana et al., 1996; Rutkowski et al., 2004).
Rather than directly following a concentration gradient, the robot
surges up-wind whenever the chemical is detected. Once contact
with the chemical is lost, the robot casts from left to right in a
perpendicular direction to the wind in the hopes of encountering
another chemical hit. Various adaptations of this technique have
been presented over the years (Harvey et al., 2008; Hayes et al., 2002;
Ishida et al., 2005; Lilienthal et al., 2003; Waphare et al., 2010; Zhou
et al., 2015), which generally vary the method of casting used to re-
encounter the plume. For more detailed explanations of common
bioinspired algorithms, the reader is referred to the review paper by
Chen and Huang (2019).

Generally, research has moved away from classical algorithms
based on concentration gradient. The assumption of a smooth and
consistent chemical gradient is not often valid in realistic environ-
ments due to turbulence (Chang et al., 2013), and the reliance on a
laminar airflow in non-diffusion-dominated environments means that
robots using such algorithms may fail to track the chemical plume.
Research by Hernandez Bennetts et al. (2012) found that laminar
airflow was not found in both indoor and outdoor environments,
pointing toward why such algorithms might struggle to work reliably
in such situations.

4.2 | Probabilistic algorithms

Probabilistic approaches to GSL exploit mathematical models of the
gas dispersion process to estimate the most probable location of the
chemical source. Rather than trying to directly follow the plume
gradient as in the case of chemotaxis, sparse measurements are taken
in regions which are likely to reduce the amount of uncertainty of the
source location, which eventually converges to one location once

uncertainty is low.

421 | Infotaxis

The Infotaxis algorithm proposed by Vergassola et al. (2007) was one
of the first probabilistic GSL algorithms. The algorithm uses a
probability distribution to express the estimated position of the
source within a lattice environment. The function is constantly
updated with time by solving a Bayesian inference problem to
reconstruct the probabilistic map. An indication of a successful search
is given by the Shannon's entropy of the probabilistic map, which
goes to zero when the source is localized to one location. The
decoding protocol relies on an atmospheric transport and dispersion
model (ATD) which can express the chemical encounters as a
function of distance from the source. Once the probability density
function (PDF) has been assembled, the robot decides whether to
explore the area or exploit the most likely position of the source by
choosing the direction which locally maximizes the rate of informa-

tion gained at each time step. The Shannon's entropy of the PDF

decreases with acquired information, and so the robot chooses the
direction which maximizes its reduction. This guides the robot to the
source in a similar way to gradient following algorithms, as it is
expected that information accumulates faster close to the chemical
source. The calculation for the variation in entropy includes terms
that give the robot exploitative and exploratory tendencies based on
the potential gain of information.

As the Infotaxis algorithm relies on multiple environmental
parameters, the effect of inaccurately modeling the environment on
the performance of the algorithm has been simulated (Rodriguez
etal., 2014, 2017). It was found that the algorithm remained effective
as long as the parameters did not vary too far from their actual
values, as over and underestimation led to a rapid decay in
performance. Simulations have also suggested that Infotaxis may be
robust in dealing with pulsing plume sources (Martin Moraud &
Martinez, 2010), where short pauses between pulses would cause
the robot to navigate mainly upwind, and long pauses would instead
cause the robot to counterturn and explore in large spirals. These
results suggest that the Infotaxis algorithm should be fairly robust
when dealing with realistic situations, even when the ATD model
used does not exactly represent the real plume dispersal. The
performance of Infotaxis has been compared with that of the
biologically inspired dung beetle algorithm where simulations were
performed for a odor model which combined turbulent and molecular
diffusion (Sigi et al., 2012). The performance of the dung beetle
algorithm decreased dramatically when the initial distance from the
source was increased, however the success of the Infotaxis algorithm

remained very consistent and only reduced by a small amount.

Modified infotaxis

Various adaptations of the Infotaxis algorithm have been proposed,
such as a modified algorithm which uses a TDLAS sensor to reduce
the searching time (Dai et al., 2019). This version of Infotaxis was
referred to as line integral infotaxis (LIl) as the path that the laser
traveled was broken into multiple segments. The discretized optical
path could be considered as the readings from multiple robots, so
that the associated probability of each could be applied to reduce
exploration time.

In Ristic et al. (2016), some of the source parameters of the ATD
model were estimated through a Bayesian framework using sequen-
tial Monte Carlo, alleviating the 2D grid-based implementation of the
original Infotaxis. The work also compared three information-
theoretic reward functions: Infotaxis, modified Infotaxis (removing
the term which coincides with the source being located at a node
within the lattice), and a special case of Rényi divergence:
Bhattacharyya distance. The results of simulations and an experi-
mental data set found little difference in performance between the
three, however, the original Infotaxis reward function was found to
be slightly worse, possibly due to its overall greater exploitative
tendencies.

Using the probabilistic framework to estimate the source
parameters, Hutchinson et al. (2018) proposed improving the

Infotaxis algorithm further to use maximum entropy sampling
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principles. Named “Entrotaxis,” rather than moving to the direction
that would minimize entropy of the posterior distribution, the
searcher moves to the location where the least is known about
the next sample, therefore decreasing the entropy of the predictive
measurement distribution. Simulations found that although the
success rate of the Infotaxis and Entrotaxis algorithms remained
the same, Entrotaxis performed better in terms of mean search time
by following a more efficient search path.

As mentioned in Section 2.2, PM is measured based on particle
size. This means that when localizing a PM source using Infotaxis, a
choice would need to be made on what size of particle the algorithm
should use. Instead, Chen et al. (2020) adapted the algorithm by
integrating the measurements for six different sizes of PM.
Simulations compared three integration strategies along with a single
modality approach which only used one particle size. The results
showed that using measurements for the smallest particle size was
found to give the best results in the single modality approach. Of the
multimodal strategies, the best integration strategy was found to be a
weighted map approach which weighted the sum of all the available
maps, where the weight of each map was represented by the
reciprocal of its entropy. Wind tunnel tests using a UGV found that
the integrated approach was able to locate the source with higher
accuracy than the single modality approach, however more iterations
were required. It was noted that the algorithm degraded in
performance when the parameters of the dispersion model were
inaccurate, cementing the importance of having accurate localization

when using any Infotaxis strategy.

4.2.2 | Source term estimation

The original Infotaxis by Vergassola et al. (2007) utilizes an Isotropic
plume model to construct a PDF for the location of the source,
where the model parameters were assumed before simulations
being conducted. In later algorithms, both source location and
emission rate were represented as a PDF and estimated through
Bayesian inference and efficient sampling methods (Hutchinson
et al., 2018; Ristic et al., 2016). Often, the majority of the source
parameters are unknown to the searching agent, so it is beneficial
to represent each of them as a PDF, and iteratively update them
with new information. This process is known as source term
estimation (STE).

Traditionally, STE was conducted using networks of static
chemical sensors (Rao, 2007). However, the resolution of sensors
within such a network is limited, and it is impractical to cover all
regions of interest with sensors. A survey by Hutchinson et al. (2017)
covers most of the topics associated with static and mobile sensor
STE, including both optimization and Bayesian inference approaches,
along with mobile sensor methods to plume boundary approximation.
This section will review mobile robot STE methods for source
localization only, with a focus on Bayesian approaches. Examples of
more recent works, along with experiments conducted in real-world

environments will be discussed in this section.

Bayesian inference of the source term
Bayesian inference approaches to STE provide a probabilistic
estimate of the source parameters, in comparison to optimization-
based solvers which converge to the best estimate of the true
parameters (Jensen et al., 2019). This is more desired in situations
where input variables and underlying models are uncertain, as the
uncertainty can be captured within a PDF (Hutchinson et al., 2017).
Assuming that a vector of parameters m represents the parameters of
an ATD model, Bayes' theorem can be used to manipulate the PDFs
of m along with prior information | and samples of concentration data
D to provide a PDF which represents the belief of the true source
parameters:
P(mil)P(Dim, I

P(miD, 1) = % (5)

This allows for the uncertainty in the observational and model
data to be accounted for and allows for the fact that many source
configurations may be possible, however, some will be more probable
than others (Keats et al., 2007). By conducting inference with each
new measurement, the previous posterior PDF can be set as the new
prior. Initially, it is often assumed that no prior information is
available, and so the prior is set as a uniform distribution within the
limits of each parameter. It is common for the normalization factor
(the evidence term P (DIl)) to be neglected by using efficient sampling
techniques, mitigating the need to calculate a multidimensional and
complicated integral.

Commonly used sampling techniques include (but are not limited
to): Markov chain Monte Carlo (MCMC) (Hutchinson et al., 2017;
Rahbar & Martinoli, 2020; Rahbar et al., 2019a), and sequential
Monte Carlo (SMC) (Hutchinson et al,, 2018, 2019). Metropolis-
Hastings is the most popular MCMC technique which involves
selecting a candidate point from a multidimensional proposal
distribution representing the possible parameter values, and then
comparing the likelihood of this point to that of the previously
selected point. If the likelihood is higher then there is a higher chance
of it being accepted and included on the posterior distribution. For
SMC, importance sampling is popular, which instead uses weighted
samples from the current source parameter estimate. These methods
have been covered many times in literature, and so the reader is again
referred back to Hutchinson et al. (2017) for a more detailed
explanation of each method. The overall schematic for STE can been
seen in Figure 6.

Within the realm of mobile robot STE, the primary differences
between the proposed methods are the ATD models used, likelihood
expressions, sampling strategies, and navigation strategies. Generally,
any form of ATD model can be used within STE, however, some may
be suited to certain environments better than others. As in most
cases the algorithm is run on-board the mobile robot, the complexity
and run time of the algorithm must be considered as a trade-off. The
most commonly used ATD models for mobile robot STE are Gaussian
plume (GP) models (Bourne et al., 2019; Magalh3es et al., 2020;
Rahbar & Martinoli, 2020; Rahbar et al., 2019a, 2019b) and IP models
(Hutchinson et al., 2018, 2019; Ristic et al., 2017), both of which are
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fairly simple and fast to compute. The performance of both models
has been evaluated in open outdoor experiments using a UAV
(Hutchinson et al., 2019). The results found that the IP model
outperformed the GP model in small-scale experiments, suggesting
that the IP model is more suitable for STE when the source location is

not very far.

Likelihood functions

The role of the likelihood function is to give the probability of
obtaining some concentration data D given a set of the ATD model
parameters m. This requires a method of linking the chemical sensor
measurements with the expected concentration measurements. A
likelihood function based on the work of Keats et al. (2007) assumes
that discrepancies between measured and modeled concentrations
are due to model and measurement error (Hutchinson
et al., 2018, 2017; Rahbar et al., 2019a, 2019b). To encapsulate this
error, a Gaussian distribution is used, as the principle of maximum
entropy has shown it to be the most conservative (Jaynes, 2003).
Whilst taking concentration measurements there is also the
possibility of having a detection event (where gas is detected) and
a nondetection event, where a nondetection event could be caused

by various forms of error. A likelihood function for both possibilities
can be defined, where a measurement is considered a nondetection
event if the concentration does not surpass a threshold (Hutchinson
et al., 2019). Errors considered for nondetection events include
background and instrument noise, turbulence, and missed detections,
or concentrations that include background and source contributions

but do not surpass a threshold.

423 | Informative navigation strategies

To provide the inference phase with the most informative informa-
tion, a navigation strategy can be implemented which compares the
potential information gain from multiple possible measurement
locations and selects the best estimated candidate. Considered as a
partially observable markov decision process (POMDP) (Kaelbling
et al., 1998), three components are required for the predictive
navigation: a posterior distribution for the source parameters, a set of
navigation actions, and a reward function. It should be noted that STE
does not rely on an informative navigation strategy, as measurements
taken from predefined sweeping trajectories have also given good
results (Hutchinson et al., 2019). However, such an approach would
require many concentration samples to be taken in large scale
environments. Especially considering that ATD models often require
time-averaged readings, the overall search time would be very long
and might not be feasible for UAV platforms which have a limited
flight time.

In Hutchinson et al. (2017), the principle of maximum entropy
sampling (Sebastiani & Wynn, 2000) was used to choose the move
that would give the most information. This was done through
maximizing a PDF which considered the information gained about the
posterior PDF given the new data, and the probability of the new
data. Quantifying the measure of information was done by using
negative Shannon's entropy which gave the uncertainty in the
predictive distribution. The PDF was then approximated using a set
of N samples for each possible movement, where the average
information from the set of samples was used as the measure of the
expected information. Simulations showed the algorithm to be able to
be capable of finding the source location under high amounts of noise
and under difficult starting locations, such as those located outside of
the plume.

For a ground-based robot or UAV operating in 2D, a simple set of
4 navigation actions {«<,—,7,l} can be defined, where the
information gain from taking a step in each direction is calculated
by the relative entropy or Kullback-Leibler (KL) divergence between
the current estimated PDF and the predicted PDFs. This approach
was used directly by Rahbar et al. (2019a), however as it is purely
exploitative, periods of no sensed chemical concentration (i.e., at the
start of the search) would cause the robot stay in the same area for a
long time. A new 2D movement vector was defined which weighted
the sum of the exploitation vector with an exploration vector given
by the maximum a posteriori value of the source position. The
algorithm was found to work successfully when used on a UGV in
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wind tunnel experiments, although increasing error was seen in lower
wind speed conditions.

Inspired by the literature on optimal experiment design
(Lindley, 1956), an approach by Hutchinson et al. (2018) used the
probability of a future measurement with the KL divergence between
the estimated and predicted PDF to define an integral reward
function, representing the information gain from a potential next
move. This required a set of possible future measurements to
integrate over, which was computed using a Monte Carlo method
utilizing the current parameter sample set. The strategy enabled a
balanced exploration and exploitation search as it adapted with the
PDF of the source parameters (more exploration at low uncertain-
ties). When tested on a UGV in indoor experiments with a generated
airflow, it was seen that the robot would perform crosswind casting
in the presence of low information. Once uncertainty had reduced, it
would travel more directly to the source in a similar fashion to
biologically inspired anemotaxis. This suggests that STE may
encapsulate the source searching strategies of nature whilst
mitigating the limitations that arise from the use of an artificial
sensor. In all trials, the source location estimate was typically within
10 cm of the true position.

To better balance exploration and exploitation, Chen et al. (2021)
redefined the 2D STE navigation strategy from a control theoretic
perspective. More specifically, the problem was formulated as a dual
control problem, where the navigation aims at driving the robot to
the target position (the source) while reducing the uncertainty
associated with its belief. Named dual control for exploitation and
exploration (DCEE), the algorithm aims to minimize a cost function
that gives the expected error between the robot's future position
from making a move, and the predicted estimation of the target
position. The cost function consists of two parts: a part that drives
the robot towards the target, and a part which quantifies the
uncertainty of this predicted source location, therefore balancing
exploitation with exploration. Both simulations and real experiments
in an indoor environment with an UGV found that the DCEE
was able to converge to the source location faster than two other
methods: a purely exploitative classical MPC, and the explorative

entrotaxis strategy.

4.3 | 3D algorithms for UAVs

GSL algorithms which localize a source within a 2D area are
suitable for UGVs as they only operate on a single plane,
however, UAVs offer the ability to operate in 3D, allowing them
to exploit the whole plume phenomenon. Although 2D algorithms
have been successfully implemented on UAVs in realistic outdoor
experiments (Hutchinson et al, 2019; Neumann, 2013), a
minimum navigation altitude must be set, which might not
necessarily be the optimum value depending on the chemical
source height and gas density. For a buoyant gas, an incorrect
minimum altitude may cause the UAV to enter and leave the

plume and incorrectly declare the source location.

Both bio-inspired and probabilistic single robot 3D algorithms
have been proposed for use with UAVs. Although it is known that
some biologically inspired algorithms are over reliant on a consistent
chemical gradient, they are less computationally expensive than their
probabilistic counterparts, are very reactive to changes in the plume,
and do not require accurate localization. For these reasons, bio-
inspired algorithms are still very much actively researched for use
with UAVs (Ercolani & Martinoli, 2020; Eu & Yap, 2018; Shigaki
et al., 2018; Terutsuki et al., 2021). They do however require a means
of declaring once the source has been reached, which is a challenging
problem in its own right. On the other hand, probabilistic algorithms
such as STE encapsulate source location within the source term, and
estimate other important source parameters simultaneously, provid-
ing benefits beyond source localization. They are however too
computationally expensive to be used online with nano drones,
require accurate localization, do not perform very well in low wind
speed conditions, and require time-averaged gas concentration

readings.

43.1 | Bioinspired 3D algorithms

The majority of early work on 3D GSL algorithms proposed
extensions to 2D month-inspired algorithms, however, were only
tested in simulation, or by using gantry-mounted robots. Edwards
et al. (2005) proposed a 3D moth-inspired algorithm which used an
internal timer to determine when the crosswind casting should occur.
Two variations of the algorithm were proposed: a counter turner
which reset the timer once the plume edge was found, and a modified
counter turner which reset the timer upon detecting maximum
concentration. The counter turner was found to perform the most
successfully in small-scale experiments using a gantry-mounted robot
and ion plume. More recently, Gao et al. (2016) proposed a 3D moth-
inspired algorithm that makes use of a mobile robot equipped
chemical sensors on the top, bottom, and on both sides of the robot.
The pitch and heading of the robot is influenced by the local
concentration gradient, however, this only applies during the upwind
surge phase. Since the algorithm was only tested in simple
simulations, it is not clear if the algorithm would work successfully
in practical experiments due to the realistic limitations of chemical
sensors. Use on a UAV platform would likely not be possible due to
the difference in turbulence that would be experienced by the top
and bottom-mounted sensors, greatly affecting their independent
concentration readings.

The first evaluation of a 3D bioinspired algorithm in larger
practical experiments was undertaken by Rahbar et al. (2017). Based
on the 2D spiral-surge algorithm (Ferri et al., 2009), which performs
straight line surges in the presence of the plume, and spiral casting
once contact with the plume is lost, the 3D adaptation instead
performs spiral casting on the Y-Z plane. In order for the algorithm to
work successfully, a suitable gas concentration threshold was
determined through using an approach based on advection-

diffusion equations (Emery et al., 2017). This ensured that an
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optimum value was chosen based on environmental conditions. Wind
tunnel experiments with a gantry-mounted robot found the algorithm
successfully locate an acetone gas source in all but very low wind
speeds, giving an overall success rate of 70%. Again, since a UAV was
not used as a robot platform, it is not clear if a gas concentration
threshold value would be a suitable way of determining if the robot is
in contact with the plume, as wake is likely to further dilute the
detected concentration.

To evaluate the effectiveness of the 3D spiral-surge algorithm
when using a UAV platform, Ercolani and Martinoli (2020) used an
alternative sensing strategy based on sensing in motion. Such an
approach reduces the effect of wake on the gas plume, as hovering to
take time-averaged readings is not required. Due to the lower quality
of the gas concentration measurements, the maximum concentration
value within a sliding window was used to decide the next step. This
limits the chance of missing a cue about plume's presence, which
would likely happen if averaging was used. In addition, a smaller spiral
drift constant was set to reduce the size of the spiral casts, as larger
spirals would cause the drone to stay in the same area for longer,
increasing the likelihood of losing the plume due to the drone's
disturbance. In wind tunnel experiments using a nano drone, the
source was located in all trials, however slower wind speeds and
lower source emission rates negatively affected performance by
slowing down the search and increasing distance overhead.

Although the spiral-surge algorithms discussed above allow for a
3D search, the spiral casting only occurs on the Y-Z plane. This
method does not allow for a UAV located upwind from the chemical
source to come in contact with the plume whilst casting. To
overcome this, Eu and Yap (2018) proposed a moth-inspired
algorithm with a spiral cast that varied on both the X-Y and Y-Z
plane. In addition, a 3D zigzag cast was proposed and combined with
the 3D spiral cast into one GSL algorithm. A combined strategy was
chosen as the 3D zigzag cast was found to be more efficient at re-
encountering the plume in the short time after contact with the
plume has been lost, whereas the 3D spiral cast was faster at initially
finding the plume, and at re-encountering the plume after a longer
time. Although the algorithm follows the usual surge-cast style,
stereo sensing was used to track the plume during the surge phase by
using four MOX sensors located under each propeller. By angling the
UAV towards the direction of highest concentration, the direction of
the plume could be determined without using a dedicated wind
sensor. Indoor experiments found that the 3D zigzag-spiral algorithm
outperformed a 3D zigzag, and 3D spiral only casting algorithm. The
results suggest that a combination of casting methods may provide a

more robust GSL searching strategy.

4.3.2 | Probabalistic 3D algorithms

One of the first 3D probabilistic algorithms evaluated in both
simulations and practical experiments was given in Ruddick et al.
(2018). Based on the Infotaxis algorithm, the 2D plume model was
replaced with a 3D GP model, allowing for the gas concentration to

be estimated in 3D space. Two navigation strategies were compared:
cross strategy, where the robot can move to an adjacent cell in any
XYZ direction but in only one direction at a time (six possible targets),
and Cube strategy, where the robot can move in any XYZ direction
and also a combination of the three (26 possible targets). To decrease
navigation time during straight line runs, an adaptive step length was
applied when entropy was lower than a threshold. Although the Cube
navigation strategy was more computationally expensive, simulations
found it to be slightly faster at finding the source. Wind tunnel
experiments found the algorithm to perform with a success rate of
100%, outperforming their previously tested moth-inspired algorithm
(Rahbar et al., 2017). However, as the robot used in the experiments
was again a gantry-mounted robot, further adaptations would likely
be needed to achieve successful results when using the algorithm
with a UAV.

In the 3D Infotaxis-based algorithm proposed by Ruddick et al.
(2018), model parameters were assumed to be known before the
experiments, which would not be true in real environments. To
improve on this, they later estimated the model parameters through
implementing an STE approach (Rahbar et al., 2019b). In a similar
approach to their 2D STE method (Rahbar et al, 2019a), the
navigation strategy was based on estimating the concentration in
each of the possible target points, and then calculating the potential
gain of information through using KL divergence. To allow for 3D
navigation, six potential target points were again considered.
Simulations of the algorithm found it to be robust to changing
environmental conditions, however, they did not consider the effect
of UAV wake on the algorithm's performance, as only a ground-based
robot was simulated in a zero gravity environment. Furthermore, only
a 2D version of the algorithm was tested in wind tunnel experiments.

To the authors' knowledge, the first example of a 3D probabilistic
GSL algorithm tested using a UAV platform in outdoor experiments
was undertaken by Hutchinson et al. (2019). Building on their STE
method proposed in Hutchinson et al. (2019), an information-driven
search strategy was used, instead of following a predefined sweeping
trajectory to collect measurements. The search strategy relied on
maximizing a utility function, based on their previous method
proposed in Hutchinson et al. (2018). In a similar fashion to the
above-discussed probabilistic algorithms, the utility function was
evaluated for six potential target points, allowing for 3D navigation to
be achieved. Outdoor experiments with a mini drone found the
information-driven approach to locate a gas source in significantly
less time and with more accuracy when compared to using a
predefined trajectory. It was noted that variations in wind velocity did
have an adverse effect on the performance of the algorithm, and
longer sampling times would be required for more accurate

estimations of source emission rates.

4.4 | Searching in structured environments

Much of the literature on mobile robot GSL focuses on source
localization in open environments. In uncontrolled environments with



L‘—Wl LEY

FRANCIS €T AL.

obstacles, it may be possible for Infotaxis and STE algorithms to
ignore locations that contain obstacles by setting the measurements
in those locations to 0, and then continuing to the next determined
best sample location. This however leads to wasted navigation
efforts, decreasing the search efficiency, and increasing the time
needed to locate the source. In Ristic et al. (2014), an STE approach
for GSL in unknown structured environments for robots equipped
with SLAM was proposed. The search domain was modeled by a 2D
lattice where the bonds/edges of the lattice represented traversable
paths and breaks in the lattice represented obstacles. A Rao-
Blackwellised particle filter was used to estimate the source
parameters along with the search domain and location of the
searching agent. The informative navigation strategy was based on
calculating the information gain between the predicted PDF and the
updated PDF over the state subspace using Bhattacharyya distance
(Kailath, 1967). The algorithm was only simulated in simplified
environments using a purely diffusive model, and so its performance
in real scenarios remains unknown, however the numerical results
indicated high success rates for the situations simulated.

More recently, Rhodes et al. (2021) proposed a 2D STE search
strategy using Informed Tree Planning (ITP) to generate obstacle free
trajectories between the robot and source location using a known
map of the search space. Considering how obstacles affect the
distribution of the plume, Dijkstra's search was used to produce a
sample distribution where regions behind obstacles are less likely to
contain chemical information due to the blocking effect on the
particle's flow within the wind direction (Bellingham et al., 2002). The
Entrotaxis reward function was used to determine which ITP
trajectory would provide the most information gain, based on the
possible future measurements. Having executed the chosen trajec-
tory to record samples, the process repeats until the robot converges
on the actual source location. Simulations comparing the perform-
ance of the standard Entrotaxis algorithm to the ITP algorithm within
a CFD simulation of a source release found the ITP algorithm to far
outperform the Entrotaxis algorithm. It could be seen that the
Entrotaxis algorithm failed to locate the source within the simulation
time frame, outlining the possible benefits of combining trajectory
planning with GSL algorithms for use in feature rich environments.

Although the use of a known map of the environment allows for
long term trajectories to be planned between the robot and
estimated source location, often a map of the environment is not
known until the robot has navigated the majority of the search space.
To overcome this shortfall, Rhodes et al. (2022) proposed a 3D STE
search strategy which combines DCEE with Rapidly Exploring
Random Tree (RRT*) path planning to construct informative obstacle
free trajectories. Localization was achieved using a stereo-inertial
camera and the open-source ORB-SLAM3 SLAM method (Campos
et al., 2021). A 3D voxel grid map representation was built using
Octomap (Hornung et al., 2013), providing the robot pose and
environmental map to the path generation process. Path generation
begins with the generation of candidate trajectories using RRT*,
where the maximum search distance is set to a sphere of radius equal

to the maximum range of the camera. Following candidate resampling

to reduce the number of possible trajectories, DCEE is applied to
determine the most informative trajectory. Practical experiments
were conducted using a mini drone in a 180 m? warehouse scenario
containing obstacles and an acetone source. The gas source was
successfully located in a time frame well within the flight budget of
the UAV. As the underlying STE algorithm estimates the parameters
of a time-averaged ATD model, it is not clear if the presence of
obstacles had a negative effect on search performance, however the
work is the first practical evaluation of an STE algorithm capable of

GSL in cluttered environments, and a promising direction for the field.

4.5 | Gas source localization using estimated plume
trajectory

Although Infotaxis and STE algorithms have proven to be successful
in localizing chemical sources in turbulent environments, wind
velocity is often assumed to be constant, or to not vary too far from
its estimated value. Large changes in wind speed and direction are
likely to cause rapid degradation in performance and increased
uncertainty (Rodriguez et al., 2014). Recently, approaches to GSL
have been proposed which instead estimate the probability that the
plume has traversed through a certain area and use this to guide their
navigation strategy towards the source.

A 2D approach was proposed by Li et al. (2019) which used the
mean airflow velocity over a short-time scale to plan a navigation
strategy by estimating the path of the plume, referred to in their work
as the chemical-patch path (C-PP). Assuming homogeneous airflow,
the probability that a detected chemical patch came from a location is
represented by a PDF, where the movement of the plume is modeled
as a random walk superimposed on the mean wind velocity measured
over a short period. Locations of probability above a threshold are
used to estimate the possible area that the C-PP traveled through (Li
et al., 2011). This area allows the navigation strategy to plan two sub-
routes within the C-PP: an upwind route and a downwind route. The
upwind route is prioritized, however if no more chemical detections
are made whilst exploring this route, the robot turns back to follow
the downwind route to check remaining C-PP areas. If a detection is
made, a new C-PP is estimated and therefore two new sub-routes.
This iterative search allows the robot to eventually converge on the
source location whilst considering new wind information with each
iteration. Outdoor experiments conducted in a large open area
showed consistent success, even though wind direction during the
experiment varied between 107° and 260°.

The assumption of a homogeneous airflow may not hold in
environments with obstacles, therefore Ojeda et al. (2021) instead
estimated the probability that the plume had traversed through an
area in close proximity to the robot using local wind and chemical
measurements, and then propagated those measurements through
the 2D search space. By breaking the search space into cells, a
wrapped normal distribution was used to model the probability in
adjacent cells, which was maximum for the cell directly upwind and

symmetrically less for cells further away. If no chemical is detected,
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an assumption is made that the robot has moved in the wrong
direction, so the wrapped normal distribution is instead centered at
the direction of the last hit, rather than using the wind direction. By
using an 8 neighbor propagation algorithm, the probability of the
source being in the rest of the cells is modeled based on the shortest
free path, therefore conforming to the geometry of the environment
and recursively updated using Bayes theorem. Simulations and real-
world experiments of two navigation strategies using the estimation
algorithm showed better success rates than a reactive Surge Cast
algorithm, mainly due to single missed detections causing less of an
effect on the exploration. However, it was noted that this causes the
robot to take longer to react to changes in plume direction, as

multiple cells would need to be searched before making a turn.

5 | GAS SOURCE LOCALIZATION WITH
MULTIPLE ROBOTS

Mobile robots offer a flexible solution to localizing chemical sources
as only a single sensing node is required. However, much research
has been put into developing algorithms where multiple robots can
be used to localize chemical sources through cooperative searching.
The use of multiple robots allows for a greater area to be searched
more quickly and can improve the overall searching efficiency. Such
approaches are beneficial for UAVs, which can only collect a limited
number of samples due to the additional energy used from hovering
to take measurements. Through distributing the sampling task across
the robot team, greater areas can be searched before their battery is
depleted.

When considering a cooperative multirobot algorithm, consider-
ations need to be made on how to fuse the sensor information
gathered from each individual agent to guide the navigation strategy
of the robots. One method is to have a centralized approach, where
each robot can share its coordinates of plume encounters and
readings with the other agents to inform their decision making. For
STE, this would cause each likelihood function in the robot team to
be updated with the new information. Although each robot calculates
the PDF independently, all the available information is the same for
every robot and so the centralized fusion is replicated. This would
effectively increase the detection rate of the team, decreasing the
time needed to estimate the source location. In decentralized
approaches, estimation, motion planning and control are performed
by each individual robot (Durrant-Whyte, 2000). Robots are still
influenced by the observations of other robots, however continuous

communication between robots is not as necessary.

5.1 | Formation-based approaches

In formation based searching, the team of robots remain in a set
formation throughout the search. As robots remain at a set or
minimum distance from other robots in the team, collision concerns

between robots are mitigated. Remaining in a formation can also
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allow plume tracking to be accomplished more easily, as the robot
formation can be centered on the plume gradient.

Lochmatter et al. (2013) proposed a “crosswind formation
algorithm,” which focused on keeping robots on the left and right
side of the odor plume by ensuring the average chemical concentra-
tion was the same on both sides. Each robot used within the
formation could detect and measure the chemical concentration
along with the wind direction relative to their pose. The robots share
this information with all robots within the formation. Each of the
robots' wheel velocities were determined by calculating a virtual
crosswind and upwind force, denoted as f. and f,, respectively. The
forces ensure that the robots stay aligned with a downwind distance
from the source, and keep the robots centered on the plume with a
certain distance from each other. In experiments conducted in a
16x4m wind tunnel, robots were able to locate a chemical source
100% of the time, even when the initial starting position of the robots
was moved between 3 different sides of the wind tunnel. In realistic
scenarios without a strong continuous airflow, it is unlikely that such
an approach would vyield successful results, due to the realistic
intermittency of the plume.

Li et al. (2014) proposed a control-based cooperative gradient
climbing algorithm, where the gradient was estimated analytically
using a least square estimator. The underlying control law aims drive
the robot towards the source with a gradient climbing behavior,
whilst simultaneously keeping the robot team in a desired formation
on a 2D plane. Two communication strategies were compared: an all-
to-all communication strategy where robots share their observations
with all other robots, and a scalable limited communication strategy
where robots only communicate to their neighboring robots. The
underlying control laws of both strategies were similar, however the
limited communication strategy relies on distributed consensus filters
to estimate the centralized quantity in the control law. Practical
experiments using a team of three UGVs found that the all-to-all
strategy was faster at converging to the source location and took a
more direct route, however both algorithms were able to locate the
source successfully. It should be noted that a light source was used in
the experiments rather than a chemical source, meaning that a
continuous gradient would be measured. Further modifications
would be needed to allow for a chemical source to be located, due
to the differences in sensor response and gradient consistency.

A 2D formation-based algorithm was proposed by Ristic et al.
(2017), where a vector of each robot's sensor measurements and
positions was used to estimate the source parameters through STE.
Searching was conducted in a circular formation, where robots use
the source location PDF to guide an information-driven search. A
robot movement model ensures that the robots to stay in formation.
The movement model relies on a vector of 4 parameters: linear
velocity, angular velocity, formation scale, and travel time. The
parameter vector is chosen from maximizing a reward function that
considers the expected reduction of entropy from a movement and
the cost incurred due to the distance traveled. The scale parameter
allows the formation to expand or shrink, however there are

maximum and minimum limits imposed to ensure that the robots
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do not break communication or collide. Simulations of the algorithm
found the source finding success rate to be 100%, and that increasing
the number of robots gave diminishing performance gains.

Building on the formation algorithm in Ristic et al. (2017), a
decentralized version was proposed in which each robot within the
formation computes the source estimation and motion control
independently from other platforms (Ristic et al., 2020). Although in
this case, the robots within the formation share their measurements
and positions with neighboring robots to construct their source
parameter PDF. This makes the approach scalable as complexities in
communication and computing are independent of the robot
formation size. As a particle filter was used to compute the posterior,
the independent PDFs might not necessarily be the same, making the
approach decentralized. Therefore, the robots may not agree on the
most infotactic formation movement. To avoid formation break-up, a
decentralized cooperative control based on average consensus was
applied (Ren et al., 2007), allowing for an agreed motion to be
decided. Simulations found that increasing the number of platforms
decreased the search time dramatically, however the decrease in

source localization accuracy did not fall quite so substantially.

5.2 | Centralized approaches

A centralized 2D multirobot Entrotaxis algorithm was proposed by Ji
et al. (2021), which aimed to achieve CSL in large-scale chemical
clusters. Adaptations to the Entrotaxis algorithm were made to limit
robot navigation to existing roads to avoid industrial obstacles. As the
robots are constrained to roads, if the robot cannot move in its desired
direction to reach a planned sample location after m steps, the robot
performs a long-distance turning movement whilst not taking new
sensor measurements. If the robot reaches an intersection, it can then
turn to its original desired direction and continue taking measurements.
Simulations using a CFD model of a source release on a chemical cluster
scene showed that even though plume distribution varied across the site
due to interactions with obstacles, robots were able to locate the source
with high accuracy. The use of multiple robots improved localization
accuracy and decreased the required navigation steps when compared
to the results from a single robot.

Bourne et al. (2019) proposed a centralized 2D STE approach
where sensory information is shared with the whole robot team,
however robots are assigned separate headings/goals to encourage
exploration. A bio-inspired motion planner was proposed which used
the analytical gradient computed from the Gaussian plume model of the
STE algorithm. Coordination between robots was achieved by instruct-
ing each robot to investigate a different mode/hypothesis from the
multimodal posterior. Different modes are likely to express different
wind and analytical gradient estimates, therefore robots work together
to find the correct source term over time. Indoor experiments were
conducted to test the distributed algorithm, where a humid air plume
was used to represent a gas source. It was found that the coordinated
approach was roughly twice as fast as an uncoordinated approach,

robust to changes in the plume, and to variations in initial positions.

To further verify the advantages and constraints of a coordinated
STE approach, Rahbar and Martinoli (2020) compared three
coordinated strategies with varying levels of collaboration. The first
strategy consisted of the most basic level of coordination, where
robots search independently to each other. If one robot declares it
has found the source, then all robots stop. The second strategy
followed a standard centralized approach, where sensory information
is shared between the robot team. MCMC sampling is used in the STE
by each independent robot, meaning a slightly different PDF can be held
by each robot, and therefore different opinions on the next best move.
In the third approach, sensory information is shared between robots and
movements are coordinated between the team. If a robot's opinion on
the next goal position is closer to another robot, then the robots swap
goals to reduce the overall distance traveled by the team. Wind tunnel
experiments using a team of UGVs and an ethanol source found that
with increasing levels of cooperation and number of robots the trial
duration would decrease. Robots would also begin to take smoother
trajectories towards the gas source. As the algorithm was only tested in
wind tunnel experiments with a single wind profile, it is not clear if as
much success would be achieved at lower or more unstable wind
speeds. However, the results suggest that cooperation between robots
improves overall performance when compared to uncoordinated or

single robot search strategies.

5.3 | Decentralized approaches

Although a centralized STE communication strategy does allow for a
faster reduction in source location uncertainty, simulations by
Hajieghrary et al. (2016) found that this would come with the
downside of false positives from incorrectly estimating the source
location when variance in the source position estimate dropped
below a threshold. This would cause robots to converge onto a wrong
location and move only when limited chemical encounters were
detected, delaying the search, or incorrectly declaring the source.
They instead proposed a decentralized strategy where each robot
maintains its own source PDF estimate, updated only with its own
information. Each robot chooses its next sample position based on
the reduction of relative entropy between its own PDF and that of
other agents using KL divergence. Simulations for the proposed
strategy found that although inefficiencies may come from robots
visiting the same positions twice, a more successful search was
conducted which did not sacrifice estimation quality. Basic simula-
tions by Karpas et al. (2017) also found the strategy to result in an
efficient source localization search, outperforming the performance
of non-cooperating agents.

Many of the discussed multirobot STE algorithms have only
tested in simulation or in smaller indoor environments where lapses
in communication between robots are less likely. In larger outdoor
environments, lapses in communication are a common occurrence,
meaning that coordination between robots should be achievable with
as limited communication as possible. Such an approach was taken in

Bourne et al. (2020), where coordination between robots was
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achieved with belief sharing. This way, robots within the team
maintain their own beliefs on the source term and choose their own
informative waypoints, but share their beliefs with the rest of the
team on occasion. This has the benefit of correcting drastically
different beliefs across the robot team, or for when prior distributions
vary. In outdoor experiments over a 50 x 50 m area, a team of five
mini drones were able to successfully locate a propane source within
5m of the true location. The results demonstrate that cooperative
searching can aid in GSL over large areas for UAVs with limited
flight time.

5.3.1 | Particle swarm optimization (PSO)

One of the most commonly investigated multirobot techniques is
PSO. PSO is an optimization technique which finds a candidate
solution and improves it over time by iteratively updating it,
eventually converging to an optimum (Eberhart & Kennedy, 1995;
Kennedy & Eberhart, 1995). In the typical PSO algorithm, each robot
is considered as a particle, where its velocity at a given time is
determined by its own observations and the observations of other
robots. Once a robot has found a location where the pattern is better
than any previously found, it stores it in a local best position variable.
The difference between the local best position and the robot's
current position is stochastically appended to the robot's current
velocity, which causes a change in the robot's trajectory. The
difference between the global best position and the robot's current
position is also weighted and added the robot's velocity. This adjusts
for the next iteration, which causes the robots search behavior to
tend around the two best positions. The adjustments to the algorithm
cause a flocking behavior at the most likely locations, similar to the
behavior of birds when food has been discovered. PSO is applicable
to both 2D and 3D searching (Lee et al., 2018), making it suitable for
use with UAVs.

For use in gas source localization applications, other considera-
tions must be made for PSO to work successfully. Particles (the
robots) can become trapped at the local optimum, therefore Jatmiko
et al. (2007) proposed a charged PSO (CPSO). In CPSO, some robots
are given a charge, while others are considered as neutral. Charged
robots would have a mutual repulsive force between them,
preventing them from becoming trapped in a local maximum location,
whilst neutral robots would act in the normal way. Later, adaptations
were made to fuse local wind information with the robot velocity,
allowing the robots to follow the gas plume gradient upwind (Jatmiko
et al., 2009). Other attempts to prevent trapping at local maximums
have included randomizing the constriction factor used in the
exploration term of the velocity command (Eberhart & Shi, 2001),
or by linearly decreasing it (Eberhart & Shi, 2000). As local maximum
areas of chemical concentration can be located at positions away
from the source, a probability-based PSO algorithm (P-PSO) was
proposed and simulated in Li et al. (2008), which instead expressed
the fitness function as probability using Bayesian and variable-

universe fuzzy inferences. P-PSO was later evaluated in indoor

experiments using a team of UGVs (Meng et al., 2011), which found
that the algorithm worked reliably in time-variant airflow environ-
ments, except when airflow was extremely dynamic.

One of the first examples of PSO in large outdoor experiments
was given in Steiner et al. (2019). An alternative PSO strategy was
proposed where waypoints are set for the robot to navigate towards,
in comparison to using the velocity command. This has the benefit of
allowing for a lower frequency of communication between robots,
and makes obstacle avoidance using LiIDAR more feasible, as robots
were found to struggle avoiding obstacles when the velocity
command continuously changed. Simulations found the waypoint-
PSO strategy to outperform the standard implementation, due to
only a small proportion of the search space containing chemical
concentration. Robots using the velocity-PSO implementation would
get stuck swarming in the center of the search space due to no
agents detecting an initial concentration. Following the simulations,
the waypoint-PSO strategy was tested in practical outdoor experi-
ments using a team of three mini drones. When localizing a propane
source, the greatest level of chemical concentration was detected
19 m away from the source. UAVs flew close to the source on
occasion, however, did not detect any concentration. This could be
caused by the limitations of the chemical sensor, which was
implemented in a passive approach on top of the UAV, and from
the effect of wake on the sensor response.

A similar waypoint-style PSO algorithm has also been imple-
mented on nano drones to locate a chemical source in indoor
experiments (Duisterhof et al., 2021). Nano drones may cause less of
a disturbance to gas plumes in comparison to microdrones, but they
require smaller and simpler obstacle avoidance sensors to allow for
navigation in cluttered environments. For this, laser range finders
were used to allow for a simple bug algorithm to be used for local
obstacle avoidance. Waypoints were generated using the sum of the
robot's velocity vector (calculated with PSO) and its current position.
The navigation strategy consisted of three phases: line following, wall
following, and attraction-repulsion swarming. Line following occurs
when no obstacles are detected, the agent then follows a direct line
towards the goal waypoint. Wall following occurs when an obstacle is
detected, initiating the bug algorithm. Attraction-repulsion swarming
occurs when another robot comes within a minimum distance of the
robot's position, which causes a new velocity command to be
generated. In practical experiments using a team of three nano
drones, an alcohol source was located in 11 out of 12 runs. The
failure was due to the drones converging on a local optimum. For
future 3D extensions, alternative obstacle avoidance strategies

would be required to allow for variation in altitude.

5.4 | Localizing multiple sources

Rather than assuming the number of sources before the search, a
multirobot infotacic algorithm was proposed by Wiedemann et al.
(2017), which used sparse Bayesian learning (SBL) to incorporate the
uncertainty on the number of chemical sources. Finite difference
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method was used to transform a partial differential equation 2D
diffusion model into a finite number of grid cells, along with
aggregating the source strength for each. By exploiting the
assumption that the chemical sources were few and sparsely located
in the search space, SBL was incorporated which uses a parametric
before determine if an element of source locations contain a source
or not. The exploration strategy considered cells that had high
variance for the estimated source marginal PDFs to be of high
uncertainty, and so each robot selects a cell to sample next based on
the uncertainty weighted with the distance between the cell and its
current position.

The algorithm was improved further to use a distributed
implementation, where a factor graph (FG) was used to model the
relationship between the random variables (Wiedemann et al., 2017).
The FG provides a foundation for message passing algorithms, where
messages are sent along the edge of the graph between factor nodes
and variable nodes. The outgoing variable node messages eventually
converge to the corresponding parameter or variable's marginal
distribution through the iterative exchange of messages (Wiedemann
et al., 2018). By dividing the overall FG into different parts, robots
can be assigned to different regions to calculate messages of their
own part and exchange messages along the border with neighboring
agents. Robots are not limited to their own areas and can visit any
cells that are deemed to be of low uncertainty, however, a penalty is
applied for far away locations. Practical experiments using a
simulated diffusive source showed that the algorithm was able to
locate the source after 230 measurements, outperforming a
meandering strategy which converged after 340 measurements.

To evaluate if the sparsity-inducing prior was beneficial,
Wiedemann et al. (2019) simulated the algorithm's performance with
and without the sparse prior. They also replaced the 2D diffusion
model with a 2D diffusion-advection model, allowing for a wind
before be used. The results showed that using the sparse prior led to
lower error in less iterations. It was also found that an inaccurate
wind prior did not cause too much degradation in performance, as
long as the error in wind direction did not exceed 30°. This inspired
further real experiments, where a team of UGVs successfully
localized two ethanol sources in an indoor environment where an

artificial airflow was present (Wiedemann et al., 2021).

6 | GAS DISTRIBUTION MAPPING (GDM)
WITH MOBILE ROBOTS

GDM is a task of creating a map of the distribution of an airborne
chemical over an area of interest through gathering spatially
distributed chemical measurements. The mobile robot can only
sample so many points within an acceptable time frame, and so the
sparse measurements along with fluctuations in chemical concentra-
tion make this a difficult task (Rhodes et al., 2020). In comparison to
chemical localization algorithms which attempt to navigate to the
chemical source location, GDM algorithms often require the robot to

follow a predetermined trajectory whilst periodically gathering

concentration measurements. Some GDM algorithms use gas
distribution models (Fukazawa & Ishida, 2009), such as those derived
from turbulent diffusion theory (Ishida et al., 1998). However, such
GDM algorithms can be overly simplistic and can cause gas
distribution to be inaccurately modeled due to assumptions of steady
and uniform airflow throughout the search space. Model-based
approaches do however have benefits in open areas where their
underlying assumptions hold, and therefore a recent example is
discussed in the following section. Model-free approaches which do
not make strong assumptions about the distribution of gas are a
generally more robust choice for a variety of environments, and
therefore will be the focus of this section. GDM algorithms can
provide a richer understanding of the gas distribution over an area of
interest, however, come with the downside of a longer search time,

due to the number of samples needed to provide high-quality maps.

6.1 | Kernel distribution mapping (DM)

The Kernel DM algorithm presented by Lilienthal and Duckett (2004)
is a model-free approach which uses a Gaussian weighting function
to model the decreasing likelihood of a particular reading represent-
ing the true concentration with respect to distance from point of
measurement. It is a 2D grid-based strategy, where a mobile robot
generally performs a sweeping trajectory covering the majority of the
area of interest. Periodically sampled measurements are corrected
with baseline manipulation and normalized. For each cell within a
cutoff radius R,, a weight is assigned by using the displacement to
the grid cell's center to solve the Gaussian weighting function. Finally,
the value of a cell is set if the sum of the weighted readings divided
by the sum of the weights exceeds a threshold. The total algorithm
relies on three parameters: the cutoff radius R, the threshold value
Whin, and the width of the Gaussian function. Choosing a suitable
width is critical to ensure that the map preserves the fine details of
the mapped structures but remains high enough to give sufficient
extrapolation. The Kernel DM algorithm provides means to map the
chemical concentration distribution but does not take into account
fluctuations in detected chemical concentration which has suggested
to be a reliable marker of source proximity (Fackrell & Robins, 1982;
Justus et al., 2002; Mylne & Mason, 1991; Yee et al., 1994).

6.1.1 | Kernel DM+V

An important improvement to Kernel DM to account for variance was
later proposed in Lilienthal et al. (2009). The algorithm requires three
temporary grid maps: a map of integrated importance weights,
integrated weighted readings, and integrated variance contributions.
The final mean and variance maps are calculated using the weighted
and confidence maps. The algorithm relies on three parameters: a
kernel width parameter, a cell size parameter, and a scaling parameter
for the confidence map. The cell size determines the resolution at

which predictions can be made, and the scaling parameter defines a
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threshold between values which are considered high or low. The
kernel width determines how much extrapolation on individual
readings is applied. The algorithm was validated in real experiments
where a UGV was made to follow a sweeping trajectory around an
outdoor area with a gas source located in the center. Chemical
concentration measurements were taken at predefined grid points. The
mean gas distribution map showed a region of high concentration in the
top left quadrant of the search area, possibly caused by the wind
direction during the experiment. The variance map showed a clear high
region of variance at the center of the map where the chemical source
was located. Although the variance map shows the location of the
source more clearly, the distribution map is still useful in determining
any regions of high chemical concentration which could be deemed as
hazardous. This property was explored in Bennetts et al. (2016) by using
a mobile robot and the Kernel DM+V algorithm to find regions of high
pollution within a steel works foundry. The results of which showed
regions within the foundry that were more prone to accumulating dust
and pollution. It was concluded that the robot could help in determining
the placement of static sensing nodes to allow for continuous

monitoring of such areas.

6.1.2 | Kernel DM+V/W

An extension to the Kernel DM+V algorithm was proposed in
Reggente and Lilienthal (2009) which used local wind measurements
to more accurately model the chemical distribution. The modified
algorithm, known as the Kernel DM+V/W replaces the univariate
Gaussian kernel with an elliptic multivariate Gaussian kernel. The
shape and orientation of the kernel is correlated to the local wind
velocity, allowing for the information on where the chemical has
come from and where it is likely to go to be incorporated into the
algorithm. Outdoor experiments were conducted with a UGV
equipped with an E-nose and an ultrasonic anemometer. The results
showed a clear improvement in how the algorithm was able to
estimate unseen measurements over Kernel DM+V when the wind
was present. The algorithm has also been implemented successfully
using measurements taken with a mini drone (Neumann, 2013). An
extension to allow for 3D mapping has also been proposed through
utilizing a 3D Gaussian kernel (Reggente & Lilienthal, 2010). Although
a UGV was used to test the algorithm using an E-nose with sensors
located at three different heights, the algorithm would also be
applicable for use with UAVs, so long as considerations were made to

reduce the additional sensor noise.

6.1.3 | Kernel DM+V for multiple different sources

To account for the possibility that many different types of gas sources
may be present, a Multicompound Kernel DM+V algorithm (MC Kernel
DM+V) was proposed in Bennetts et al. (2012), and later improved in
Hernandez Bennetts et al. (2014). The algorithm uses a set of posterior
probabilities given by a chemical discrimination classifier computed from

measurements taken with an array of MOX sensors. For each chemical,
three maps are sequentially produced: a classification map, mean
concentration map, and predictive variance map. An example of the
results produced by the MC Kernel DM+V algorithm can be seen in
Figure 7, for a situation where two gas sources where present. The
classification map shows a higher probability of detecting a specific
compound in regions where the neighboring data points were classified
with high confidence. The mean map shows regions where high
chemical concentration is likely to be encountered due to the different
gas sources. The variance map shows two clear high regions of variation
at the locations of the sources which is as to be expected, allowing for
the locations of the gas sources to be located easily. Although it is ideal
to have the robot patrol and gather samples across the entire area of
interest, the MC Kernel DM+V algorithm can estimate the gas
distribution from multiple different sources even when using sparsely
gathered samples, making it useful for time-sensitive emergency

response scenarios (Fan et al., 2019).

6.1.4 | Plume model-based kernel mapping

The Kernel DM+V/W algorithm uses a bivariate normal distribution,
where the shape that governs the amount of extrapolation is
determined by the local wind velocity. This better accounts for the
effect of wind on the gas distribution, however, the stretching
parameter of the algorithm must be set manually or empirically. In
recent work by He et al. (2019), the bivariate normal distribution was
replaced with a GP plume model. The GP model provides
concentration prediction further downwind, and with a physical
explanation for its estimates. Furthermore, the diffusivity parameters
of the model can be set based on the environmental conditions using
Pascquill stability classes (Steinfeld, 1998). Simulations found the
modified algorithm to map a series of simulated plumes with less
error than both the Kernel DM+V and Kernel DM+V/W algorithms.
Real-world tests were conducted in a salt flat environment using
three mini drones. A propane source was used to produce a gas
plume. To map the area more quickly, each mini drone simultaneously
collected measurements in a lawnmower sweep over 1/3 of the test
area. Due to the dilution of the chemical concentration caused by the
mini drones' wake, and from the limitations of the chemical sensors
themselves, only the mini drone nearest to the source was able to
detect a chemical concentration. Regardless of this, the GP plume
model was still able to provide information further downwind, even
though no concentration was detected in that region. It should be
noted that this environment perfectly suits the underlying assump-
tions of the GP model, however, in obstacle-rich environments the

plume is likely to become distorted, leading to inaccurate modeling.

6.2 | Gaussian process regression

An alternative approach to gas distribution mapping is to use machine
learning to find a model which best explains the observed
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FIGURE 7 Classification, mean, and
variance maps produced using the MC Kernel
DM+V algorithm for an area which includes
two chemical sources. Green represents
ethanol, red represents propanol, and blue
represents the likelihood of finding clean air.
Adapted from Hernandez Bennetts et al.
(2014). Licensed under CC BY 3.0 (https://
creativecommons.org/licenses/by/3.0/).
[Color figure can be viewed at
wileyonlinelibrary.com]
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measurements, and to accurately predict the concentration in

unmeasured regions. GPR is one such method which has been
actively used to produce GDM using mobile robots. A detailed
introduction into GPR can be found in Rasmussen (2003), although a
basic description of GPR is given in Section 2.5.5, within the
discussion of the gas quantification algorithm proposed by Monroy
et al. (2013). A drawback of GP regression is that it is computationally
expensive when compared to the lightweight Kernel algorithm
discussed above.

For mobile robot GPR GDM, stationary covariance functions are
primarily used as nonstationary functions are difficult to apply, often
requiring more prior knowledge than is available or can be assumed
(Gosmann & Opper, 2013). The most common stationary covariance
functions are the squared exponential covariance function with and
(Marchant &
Ramos, 2012; Stachniss et al., 2008), and Matérn class covariance

without automatic relevance determination

functions (Stachniss et al., 2009). Squared exponential covariance

functions are better at modeling smooth functions, and therefore
have a greater smoothening effect on the resulting chemical
distribution maps. Matérn class covariance functions are less smooth,
and so can provide rougher estimates. The performance of the two
was investigated in Stachniss et al. (2009) which found the Matérn
class covariance functions to perform slightly better than the squared
exponential, as the lesser smoothness seemed to fit better with the

nature of gas distribution.

6.2.1 | GP mixture models

An improvement to the standard GPR GDM algorithm was proposed
by Stachniss et al. (2008) to account for the smooth background
noise and areas of high concentration found in real environments by
using a GP mixture model. In the standard GPR approach, each
location is represented by a unimodal distribution, where background
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noise is mixed with the real concentration. The GP mixture model is
instead composed of the locally weighted sum of the multiple GPR
models. To reduce computational complexity, a reduced set of the
training data was used, in a similar method to that of Sparse GPs
(Smola & Bartlett, 2001). The algorithm was tested by comparing its
performance with the standard GPR approach by using data collected
by an E-nose equipped UGV in indoor and outdoor environments
where a chemical source was present. Better modeling of the
predictive mean was seen near the source location, as the standard
GPR was seen to apply too much smoothing. The predictive variance
map showed regions of high variance near the source, improving over
the standard GPR which showed no obvious regions of uncertainty

due to the assumption of constant noise for all inputs.

622 |
prediction

Effect of noisy training data on model

Many experiments that evaluate GDM algorithms are conducted in
uncontrolled outdoor environments, where airflow is likely to change
over time causing the distribution to vary. The maps that are produced
use sensor data for point measurements, which are collected over a large
time frame and do not represent a snapshot of gas distribution. This
makes it impossible to achieve repeatable results in such experiments to
properly evaluate the algorithm's performance. This motivated
Hutchinson et al. (2019) to create a ground truth data set by producing
a consistent chemical distribution in an indoor controlled environment to
benchmark the performance of GPR GDM. This was achieved by using
fans at either side of the room to generate a constant wind field along
with a source of acetone which was dispersed with a heat gun. A UGV
equipped with a PID chemical sensor was then made to perform a
sweeping trajectory along the test area to gather measurements. It was
found that 30s sampling time achieved repeatable results, and so the
data set produced was used as a ground truth. Sampling times of 5 and
1s where then compared to represent the typical noisy training data
gathered in real experiments. It was found that 5 s produced results with
much less error. When compared with two other regression methods
(neural network, and piecewise linear interpolation), GPR was found to
have better prediction quality at the expense of additional computational
complexity. The GPR GDM algorithm was then used on a data set
collected by a mini drone in uncontrolled outdoor experiments which
featured an acetone source. It could be seen that the area of highest
concentration was located slightly to the right of the actual source

location, most likely due to effect of wind flow.

6.3 | Gaussian Markov random fields (GMRF)

The GDM methods mentioned thus far all assume that no obstacles are
present in the area of interest. This is fine for open outdoor spaces,
however for cluttered or indoor environments, gas distribution is strongly
affected by obstacles. Another thing to consider is the age of the
measurement samples. Due to the mechanisms of gas dispersion, odors

should be considered as ephemeral (Shraiman & Siggia, 2000), meaning
they weaken as time goes by. As the measurements sampled by the
mobile robot are taken over a long time frame (dependant on area size,
number of samples, and sample time), older measurements should not
hold as much weight as newer ones (Asadi et al., 2011). A new algorithm
proposed by Monroy et al. (2016) considers both these problems through
spatially modeling the gas distribution on a 2D lattice using GMRF. GMRF
is the most recent attempt at GDM which is novel in that it considers the
age of samples and obstacles within the environment, therefore its
methods and results will be described here in detail.

The goal of GMREF is to find the maximum a posteriori estimate for
chemical concentration in each cell along with its uncertainty, given the
sampled observations and some prior knowledge of how the gas
spreads over the area, and how obstacles affect the gas propagation
between close-by cells. A factor graph is used to model these
dependencies, where nodes represent estimated chemical concentra-
tion at a cell, or the chemical observations. FG edges represent factors
between nodes: observation factors (the relationship between observa-
tions and the true chemical concentration), and prior factors (the
behavior of the spatial chemical distribution). The goal is to achieve a
joint probability distribution for that cell using the two different sets of
factors. Each observation is modeled as having an increase in
uncertainty with a Gaussian error, based on the time the observation
was made. If an obstacle is present, then it is assumed that there is no
correlation between the cells (essentially removing the edge between
nodes, see Figure 8). To estimate the MAP, the GMREF is entirely defined
in a Jacobian matrix, allowing for the uncertainty to be recovered
through performing the inverse of the Hessian.

The performance of GMRF was evaluated in simulation and
compared to the Kernel DM+V approach in an environment with
rooms. A chemical source was located in one of the rooms which was
turned off partway during the simulation. Two key things were
apparent, the GMRF was able to model the chemical distribution
within the bounds of the room, whereas Kernel DM+V does not take
this into consideration. Also, once the source has been switched off,
the GMRF no longer modeled a chemical concentration in that room,
whereas the Kernel DM+V did, however, the mean concentration
was weakened (due to its averaging effect). This suggests that GMRF
is able to react quickly to the changing environment by giving newer
observations more weight. When the situation was recreated in
practical experiments, similar outcomes were witnessed, however,
once the source had been turned off GMRF did still show a mean
distribution in the room, probably due to there being some residual
gas concentration in the air. The algorithm is however far more
computationally expensive, as execution time is dependent on map

size, whereas Kernel DM+V is almost independent.

6.3.1 | Joint estimation of chemical and wind
distribution

GMREF has shown to provide a means to map chemical concentration

whilst considering the effect of obstacles and observation age,
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Closed off room

FIGURE 8 Example of a MRF in which nodes are the chemical
concentration at cells, edges are the relationships between adjacent
nodes. Observations and factors are not included for the sake of
clarity.

however it does not consider the effect of wind on the chemical
distribution. The Kernel DM+V/W on the other hand takes wind into
consideration but uses local wind observations to model its effect.
GMRF has previously been used to solve wind distribution maps
(Monroy et al.,, 2017), therefore Gongora et al. (2020) proposed
jointly estimating chemical and wind distribution maps to make
reasonable assumptions about the chemical distribution in
unexplored regions. This would allow for less measurements to be
needed, speeding up the mapping process. Wind observations would
be in the form of a 2D wind vector at a given cell, sampled with an
anemometer. Observation and prior factors were modeled as energy
functions and calculated separately for both wind and chemical maps
following a similar strategy as the standard GMRF. The mutual
influence of the two maps on the chemical distribution was solved by
computing the joint probability distribution of the two maps. Practical
experiments found the algorithm to work well, however, it was noted
that it was considerably more computationally expensive when
compared to standard GMRF or Kernel DM+V/W. In environments
with little airflow, the algorithm's ability to extrapolate measurements
is limited, which should be kept in mind when deciding on suitable

applications.

6.4 | Adaptive path planning strategies

When collecting samples for GDM, nonadaptive path planning
strategies are typically used, where the robot follows a preplanned
trajectory and periodically takes measurements. The most commonly
implemented strategy is to follow a sweeping “lawnmower” style
trajectory, allowing for samples to be taken over the majority of the
search space (Bing et al., 2015; Lilienthal et al., 2009; Neumann
et al., 2012; Reggente & Lilienthal, 2009). This is a time-consuming
process if an accurate distribution map is to be produced, as was
noted by Neumann et al. (2012), who found that the limited flight
time offered by the mini drone used in their experiments would

greatly limit the area that could be mapped with a nonadaptive
strategy. A recent direction for the field is to use adaptive path
planning strategies that compute sampling locations online. Known as
informative path planning (IPP), the problem is challenging due to the
time-variant nature of gas dispersion, and due to the effect of the
robot's trajectory on the gas distribution. Compared to UGVs, UAVs
will introduce further disturbances due to the additional turbulence
from their propellers.

One of the first attempts to combine IPP with GDM was given in
Neumann et al. (2012), where the Kernel DM+V/W algorithm was
used for GDM in combination with an artificial potential field (APF)
IPP. As Kernel DM+V/W provides both a mean and variance map,
regions of high mean and variance were given an attractive potential,
whilst already visited regions where given a repulsive potential. This
way, the robot is driven toward regions of higher concentration and
repulsed from regions it has already visited, avoiding wasted
navigation efforts and local minima. The APF IPP relies on various
coefficients that should be tuned based on the robot used and
environment of operation. Outdoor experiments using a mini drone
found that meaningful gas distribution maps were achieved more
quickly when using the IPP in comparison to using a nonadaptive
strategy. The exploitative tendency of the IPP was found to be
beneficial for use with UAVs due to their limited battery resources.

Although a greedy IPP approach may allow for gas sources to be
localized quickly, the quality of the overall gas distribution map may
reduce. To promote more exploration while limiting unnecessary
navigation efforts, Ercolani et al. (2022) proposed dividing the overall
search space into clusters using the K-means algorithm and
performing IPP within the cells of the clusters. For GDM, the 3D
Kernel DM+V/W algorithm was used to compute online gas
distribution maps and feed the IPP with updated information. The
time allocated to exploring a cluster was dependent on the remaining
flight time, number of unvisited clusters, and proportion of updated
cells containing gas. This way, if the percentage of updated cells
containing gas remained higher than a threshold, the robot would
continue to explore the cluster until its allocated time ran out. On the
contrary, if the percentage of updated cells counting gas remained
low, the robot would be prompted to move to a new cell. This
strategy ensures that the robot does not over-exploit one area, whilst
promoting exploration to unvisited regions. Two common IPP
planning methods were evaluated in wind tunnel experiments using
a nano drone: entropy, and KL divergence. Both methods were found
to provide similar levels of performance when using the clustered
approach, however, both outperformed a nonadaptive lawnmower
strategy by producing maps with less error and better coverage.

To account for obstacles within the search space, Rhodes et al.
(2020) investigated the possibility of using IPP with GMRF. Since the
connection relationship of GMRF nodes are defined within a Jacobian
matrix, A* search could be applied to find a distance metric between
cells (nodes). This distance metric was used to provide a traversal
cost, which was equivalent to the distance metric divided by the
robot velocity, plus the sensing sample time (needed as sensors

typically need to be stationary to get a representative time-averaged
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value). As GMRF provides two outputs in the form of mean and
uncertainty, the addition of the traversal cost gives three possible
variables to be considered by the IPP reward function. Five potential
IPP reward functions were proposed, and their performance was
evaluated in CFD simulations of a source release in a cluttered
environment. The best performing function was found to be a time-
weighted joint uncertainty and concentration reward function, which
was found to resolve an accurate distribution map in half the time of
a nonadaptive strategy. Experiments in real environments are needed
to further validate the proposed IPP.

As obstacles are accounted for within the graph-based structure
of the GMREF algorithm, they do not need to be further considered by
the IPP. GMRF is however a computationally expensive algorithm
which would not be suited to robot platforms with limited onboard
resources. Furthermore, as IPP requires real-time updates of the gas
distribution map, robot progress maybe slowed down in large areas due
to the longer computation time. This inspired Prabowo et al. (2022) to
utilize a graph-based Kernel DM+V algorithm, where nodes have the
attributes of gas concentration mean and variance, and edges represent
traversable paths. The graph is built over free space with RRT during a
“frontier exploration” phase. Free space is determined with a 2D
occupancy map built online using SLAM. During this phase, the next
goal position is set as the frontier node with the most information gain
according to the occupancy map. If at any point, a node possesses a
mean concentration and variance surpassing a threshold, the algorithm
moves to a “gas exploitation” phase where it visits the nodes in the
surrounding area to collect measurements. Once variance drops below a
threshold (due to the increasing number of measurements), the robot
switches back to frontier exploration. The algorithm was evaluated in
simulations of an obstacle-rich environment featuring a gas source. It
was found that the proposed algorithm could be tuned to balance
exploration and exploitation by varying the concentration mean and
variance thresholds. It would be difficult to select optimum values for
these constants in real experiments, which currently limits the feasibility
of the algorithm.

6.5 | Gas tomography
The GDM algorithms presented thus far make use of chemical
sensors that can only provide local point measurements of gas
concentration. Although complete coverage is not required, the
process of gathering concentration data is time-consuming when
the area of interest is very large. An alternative approach is to use the
remote sensing capabilities of a TDLAS sensor (Section 2.3) to gather
data without needing to travel to every measurement location. As
long as the area of interest does not feature many obstacles that
could obstruct the beam, the robot can travel to sparsely located
waypoints to measure the chemical concentration of positions within
a finite radius of the measurement point, depending on the range of
the TDLAS laser.

The gas concentration recorded by the TDLAS sensor is an
integral measurement rather than an exact concentration due to the

output being made up of the sum of concentration of which the laser
beam has traveled through. Therefore, information on the path
traveled by the TDLAS beam is required alongside the integral
concentration measurements to produce chemical distribution maps
in a process is known as gas tomography (Price et al., 2001). Much of
the research into the application of TDLAS sensors on mobile robots
for the purpose of gas tomography has been conducted by Bennetts
et al. (Bennetts et al., 2012, 2013; Trincavelli et al., 2012). They
proposed a grid-based approach by dividing the area of interest into a
lattice of cubic cells. The algorithm first decomposes the line integral
measurements of the TDLAS sensor based on the number of cells that
the laser has traveled through. This was derived by estimating the
start and end point of the TDLAS beam using a 3D model of the
exploration scene, created using Octomap (Wurm et al., 2010). The
task is then formulated as estimating the vector of chemical
concentrations which best explains the set of TDLAS measurements.
To test the algorithm, an outdoor experiment was conducted where a
mobile robot was made to collect TDLAS measurements within a
decommissioned landfill site that featured a simulated methane leak.
At various waypoints, a Pan-Tilt unit manipulated the TDLAS sensor
into making scans of the exploration area. The resulting chemical
distribution map showed a clear region of high concentration near
the methane source, along with a distribution of methane in the area
surrounding it. The results proved that the integral measurements of
TDLAS sensors can be used for the purpose of chemical distribution
mapping, allowing for a faster means of mapping chemical concen-
tration in large outdoor spaces.

As gas distribution is solely modeled by the algorithm, the exact
location of the source is slightly more difficult to interpret. For this
reason, the algorithm was further improved to give a variance map
along with the map of distribution (Bennetts et al., 2014). This was
shown to give better estimates of source position in comparison to
the mean distribution map. A further improvement was made in how
the TDLAS beam was decomposed, by representing the TDLAS beam
as a cone shape rather than an idealized straight line. This was found
to significantly reduce estimation error in the produced mean maps.
Recently smaller and lighter TDLAS sensors have been brought to the
market which can be utilized by UAVs (Figure 9). Initially, the TDLAS
sensors were used to give a concentration value in ppm - m for the
area beneath the UAV, either by scanning the area below with a
gimbal-mounted sensor (Neumann et al., 2017), or by using sensors in
fixed positions (Emran et al., 2017). Tomography was first conducted
with UAVs in Neumann et al. (2018), where the previously discussed
grid-based tomography algorithm proposed by Bennetts et al. was
applied. In outdoor experiments, a mini drone was made to stop at set
waypoints to collect measurements. At each waypoint, a Pan-Tilt unit
manipulated the TDLAS sensor into performing a sweep, where
measurements were sampled periodically. Even though only five
waypoints were visited during each trial, the sweep allowed for the
concentration in many cells to be determined. The gas distribution
maps showed a region of high concentration near the center line of
the plume. A problem that was noted was the difficulty in localization
due to the GPS being used, this in turn caused error in the produced
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FIGURE 9 Small TDLAS sensor mounted to a UAV. Reproduced
from Neumann et al. (2017). Licensed under CC BY 4.0 (https://
creativecommons.org/licenses/by/4.0/). [Color figure can be viewed
at wileyonlinelibrary.com]

distribution maps. For future improvements, the mini drone would
require better localization capabilities, which in turn would allow for

more accurate distribution mapping.

7 | DISCUSSION

Early research into GSL with mobile robots was focused almost solely
on developing gradient-based chemical source localization algorithms
to track chemical plumes to their source. The algorithms produced
were able to successfully locate chemical sources in highly controlled
experiments, but often failed when utilized in dynamic environments
due to the realistic intermittency in plume concentration. Alterna-
tively, probabilistic GSL algorithms have shown to provide clear
performance improvements in more realistic scenarios. They are
however greatly impacted by inaccurate modeling of the underlying
ATD parameters, which emphasizes the importance of an accurate
robot localization strategy when applied to real applications. Modern
advances in GPS systems have however made this less of a problem,
with centimeter accurate real-time kinematic GPS modules now
relatively cheap and easily integrated on robotic platforms
(Stangebye et al., 2020).

A limitation of current probabilistic algorithms can be found in
the ATD models that they use, which often do not fully represent the
real plume dispersal, especially in cluttered environments. There have
however been attempts to consider the effect of obstacles on plume
dispersal by combining path planning strategies with probabilistic
GSL algorithms (Rhodes et al, 2021). However, there are few
examples where such algorithms have been evaluated on real robots.
Accurate CFD models are currently too computationally expensive to
run online, and so most algorithms make use of simpler IP or GP
plume models. Furthermore, although such models have been used
successfully in outdoor trials (Hutchinson et al., 2019), robots must
stop to take time-averaged sensor measurements which can greatly
increase search time. This problem has been reduced by the proposal
of various multirobot probabilistic GSL algorithms which allow for
multiple areas to be sampled simultaneously by a team of robots. The

number of real examples of multirobot cooperation in larger outdoor

environments is fairly limited, arising from the difficulties introduced
by the need for wireless communication between robots and
bandwidth restrictions.

Alternatively, model-free chemical distribution mapping algo-
rithms can be used for source localization which do not make
assumptions of steady and uniform airflow. It should be reiterated
however that GDM provides benefits beyond just source localization,
with just some of the applications including mapping dust pollution in
industrial settings (Bennetts et al., 2016; Schaffernicht et al., 2017),
monitoring emissions from landfill sites with UGVs (Bennetts
et al., 2013) and UAVs (Emran et al., 2017), mapping gas emissions
from water treatment facilities (Burgués et al., 2021), and monitoring
environmental variables in greenhouses with UAVs (Roldan
et al., 2015). The Kernel DM+V GDM algorithm has been evaluated
in various works, and provides benefits in terms of low computational
complexity and the generation of both mean and variance maps.
Variance maps have shown to be of great usefulness in determining
source location, due to the fluctuations in concentration correlating
well to source proximity (Fackrell & Robins, 1982; Justus et al., 2002;
Mylne & Mason, 1991; Yee et al,, 1994).

Many variations of the Kernel algorithm have also been
proposed, including MC Kernel DM+V which makes use of an
E-nose to discriminate and map multiple types of chemicals.
However, Kernel GDM algorithms do not account for the effect of
obstacles on the gas distribution. Recently, GMRF has been proposed
to bridge this gap, by modeling the grid of the search space as a
Markov random field. GMRF is computationally expensive compared
to Kernel DM+V, as execution time is dependent on map size, which
means that a trade-off may be necessary between execution time
and cell size for monitoring larger areas. A recent direction for the
field is the use of IPP alongside GDM, making it possible to build gas
distribution maps in less time. Greedy approaches can, however,
produce lower quality maps through seeking out only high regions of
concentration, therefore a balanced approach is important to ensure
that truthful representation of gas distribution are estimated. As the
IPP relies on online computation of the gas distribution maps, the
GDM algorithm used must be computationally lightweight, especially
for use with robots with limited onboard resources.

It is clear that gas sensing with UAVs is a current and future
trend for the field with the majority of recent works discussed in this
review being based around UAV platforms. Although modifications
have been proposed to reduce the effect of wake on the chemical
sensor response, UAVs are still burdened by noisy sensor measure-
ments, limited flight times, and payload capacity. For smaller nano
drones, these constraints are even more predominant, requiring gas
sensing to be done in motion to make sensing over larger volumes
feasible (Burgués et al., 2019; Ercolani & Martinoli, 2020). Although
this review has discussed a number of real-world experiments where
2D GSL and GDM have been tested with UAVs, the extension to 3D
is still a very new and challenging direction, with only a few practical
examples using UAVs found in literature. It is envisioned that many
more examples will be presented in the future, requiring further
modifications to limit the effects of wake on chemical sensor
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measurements, and algorithms with less of a reliance on time-
averaged measurements.

The use of TDLAS sensors has also become an emerging trend in
the field of mobile robot chemical sensing. Through the use of gas
tomography, the number of discrete sampling locations needed for
producing chemical distribution maps can be massively reduced by
manipulating the TDLAS beam to sample different directions from the
same physical location. Smaller TDLAS sensors have allowed for mini
drones to make use of their benefits, making it possible to sample
large areas within their limited flight time (Emran et al., 2017).
Furthermore, by sampling from a suitable altitude, TDLAS sensors
allow for UAVs to take measurements without disrupting the
chemical plume with turbulence caused by their downwash.
However, TDLAS sensors are heavy and expensive, making them

unsuitable for use with many UAV platforms.

8 | CONCLUSION

Recent advancements in both chemical sensing and mobile robot
hardware have allowed for great progress to be made on the subject
of gas source localization and mapping. A focus of future research will
likely be on reducing the reliance of many GSL and GDM algorithms
on time-averaged measurements, reducing search times and battery
consumption in the process. In addition, the trend toward the use of
UAVs in 3D is sure to become a dominant topic, requiring improved
chemical sensors and signal processing capabilities to extract
information from noisy measurements.

This survey has provided a broad overview of recent work on the
subject of GSL and GDM with mobile robots. Current challenges and

directions are discussed, providing a reference for future research.
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