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Abstract

Recent advances in miniaturization of chemical instrumentation and in low-cost small drones
are catalyzing exponential growth in the use of such platforms for environmental chemical
sensing applications. The versatility of chemically sensitive drones is reflected by their rapid
adoption in scientific, industrial, and regulatory domains, such as in atmospheric research
studies, industrial emission monitoring, and in enforcement of environmental regulations. As a
result of this interdisciplinarity, progress to date has been reported across a broad spread of
scientific and non-scientific databases, including scientific journals, press releases, company
websites, and field reports. The aim of this paper is to assemble all of these pieces of
information into a comprehensive, structured and updated review of the field of chemical
sensing using small drones. We exhaustively review current and emerging applications of this
technology, as well as sensing platforms and algorithms developed by research groups and
companies for tasks such as gas concentration mapping, source localization, and flux
estimation. We conclude with a discussion of the most pressing technological and regulatory
limitations in current practice, and how these could be addressed by future research.
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1. Introduction

Small drones equipped with chemical sensing payloads are emerging as a valuable tool in
different metrology disciplines such as atmospheric chemistry, industrial emission monitoring,
environmental law enforcement, and precision agriculture. Here we define a small drone as a
remotely piloted aircraft system (RPAS) or unmanned aircraft system (UAS) with a maximum
take-off weight (MTOW) of <25 kg, i.e. the weight of the drone including the batteries (or fuel)
and the payload (Hugenholtz et al., 2012). Having an MTOW of <25 kg represents an important
regulatory advantage, as they can be operated in many countries without the need for a flight
permit from the aviation authorities (under certain operational conditions). A chemical sensing
payload gives drones a unique set of abilities, such as producing 3D air quality maps with high
spatial resolution, monitoring toxic gases in dangerous or hard-to-reach locations (e.g.
chimneys, volcanoes, etc.), or analyzing the chemical composition of the lower atmosphere. In
recent years, there has been an upward trend in the number of published scientific papers on
the use of small drones for chemical sensing applications (Fig. 1). We believe that this increase



is due to growth in the commercial drone manufacturing sector, which now offers a broad
selection of small drones that are affordable for most research groups, the availability of low-
cost, lightweight chemical sensing instruments, as well as increasing social concern and
tightening regulations on air pollution and global warming. The growing interest in drones for
gas sensing applications is also evident from the recent market appearance of gas detectors
specifically designed for drone applications and drones with integrated gas sensors.
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Fig. 1. Published papers per year in the field of small drones for chemical sensing applications. The data
were compiled by searching for titles, abstracts, or keywords of journal articles, reviews and conference
proceedings that contained some of the keywords listed in Table S1 (Supplementary material), in Google
Scholar, Web of Science and Scopus databases.

Increasing regulatory pressure to monitor and control industrial greenhouse gas (GHG)
emissions and air pollutants has forced industry operators to search for cost-effective methods
to regularly monitor their emissions (Brinkmann et al., 2018). The oil and gas (O&G) industry is
beginning to realize the potential benefits of integrating drone technology into their operations
(TOTAL Group, 2019), and several drone manufacturers have developed drones equipped with
methane sensors to serve the O&G sector. Similarly, in the waste management industry,
operators of solid waste landfills (SWLs) and wastewater management plants (WWTPs) are
already experimenting with drones equipped with gas detectors as a way to reduce the costs
and risks of walkover surveys using hand-held detectors (Emran et al., 2017). Environmental
agencies and police departments in some countries currently use drones to check for
compliance with air emission regulations. For example, the Maritime Authorities in Denmark,
Hong Kong, and other countries use drones to detect ships breaking international rules
governing the maximum sulfur content of marine fuel (Zhou et al., 2019). In Poland, the police
departments of some cities have started using drones to ‘sniff’ the exhaust plumes of chimneys
in residential neighborhoods to find polluters using low-quality fuel for domestic heating
(Scentroid, 2018).

Small drones are useful for atmospheric chemistry research because they can densely sample
regions of the atmosphere that were previously difficult to access with existing methodologies,
such as satellite observations, manned aircraft, or weather balloons (Villa et al., 2016). They
have been widely used to investigate the concentration of GHGs and other air pollutants in the



lower atmosphere (0-2000 m), to analyze the composition of volcanic plumes, and to quantify
GHG emissions from wildfires or permafrost. In agriculture, data on gases such as CH4 and CO2
can be useful for indicating crop health or monitoring emissions from livestock that may be
spread over large areas.

Drones are also an excellent platform for roboticists to develop and test algorithms for gas
source localization (GSL) and gas concentration mapping (GCM). The use of mobile robots for
GSL and GCM has been a focus of research since the 1990s, and remains an open problem even
today, partly due to the limited locomotion capabilities of terrestrial robots (Hernandez
Bennetts et al., 2012a). The 3D sampling capabilities of drones creates new possibilities in this
field, for example implementing bioinspired algorithms based on the 3D searching behavior of
some flying insects, such as the moth, which efficiently navigate odor plumes for mating and
foraging (Rahbar et al., 2017).

The rapid increase in the use of gas-sensitive drones across these many disciplines has
generated a vast amount of information (platforms, sensors, algorithms, results, etc.) spread
across scientific and non-scientific databases such as scientific journals, conference
proceedings, websites, blogs, press releases, technical reports, and field reports. Even if we
consider only scientific publications, relevant papers have been published under >20 journal
classifications, including: sensors, unmanned aerial vehicles, remote sensing, atmospheric
research, applied sciences, waste management, ecology, optics, applied physics, geophysics,
meteorology, environmental technology, robotics, instrumentation, dynamic systems and
control, consumer electronics and neuroengineering. Having such diverse information sources
is problematic because the parties involved in developing and using gas-sensitive drones (e.g.
researchers, industry, environmental agencies, etc.) are often unaware of the state of the art in
the field.

The aim of this paper is to assemble all of this information, in order to provide a
comprehensive and updated review of the field of chemical sensing using small drones. Section
2 summarizes previous literature reviews on this topic and highlights the need for a
comprehensive review. Section 3 reviews the drones and chemical instrumentation payloads
that have been developed for gas sensing applications, appraises advantages and
disadvantages of these payloads, and highlights important considerations regarding their
installation on the drone. Section 4 explains the main algorithms developed to address four
transversal gas sensing tasks (concentration mapping, source localization, source identification,
and flux quantification). Section 5 overviews current and emergent applications for gas-sensing
drones. The paper concludes with a discussion of the most pressing technological and
regulatory limitations in current practice, and how these could be addressed by future
research.



2. Previous literature reviews

The most comprehensive review of this field was presented by Villa et al. (2016), who covered
the use of small drones for meteorology (i.e. wind, temperature, humidity) and chemical
sensing in the lower atmosphere. This review was published just before the “boom” of
scientific papers on this topic in 2017 (c.f. Fig. 1), so obviously it does not include many
important applications and technologies. Two minor reviews were presented by Pajares (2015)
and Schuyler and Guzman (2017). The first review, which is focused on the field of remote
sensing, dedicates a small section to the use of drones for air quality measurement and
volcanic plume monitoring. The second review covers several reports on monitoring
atmospheric trace gases with small drones. None of these reviews covered the different
algorithms that have been developed over time for gas-sensing tasks such as GSL or GCM. They
also did not review the numerous drone platforms and sensing systems that have been
commercialized in the last years.

3. Drones and chemical instrumentation payloads
3.1. Small drones

A small drone, often termed microdrone or small UAS (sUAS), resembles a conventional radio-
controlled (RC) hobby aircraft but can carry small payloads (typically <4-5 kg), and has an
integrated flight control system that enables semi- or fully autonomous flight. The two main
types of drones are fixed-wing (FW) and rotary-wing (RW) platforms. FW aircraft are
aerodynamically efficient, enabling them to fly at high speeds for a long time, thus covering
long distances in a single flight. This makes them convenient for screening large areas, such as
in detecting pipeline leaks. However, small FW drones have practical limitations related to their
low payload capacity and need for a catapult launch system or a runway for take-off and
landing. Also, they must continuously remain in relatively fast forward motion, which limits the
spatial resolution of the acquired measurements. The spatial resolution of a mobile
measurement is the product of the vehicle's speed and the instrument response time. They are
also unsuitable for applications that require stationary measurements, such as when
monitoring chimney exhaust gases, or that require low-height or slow-speed flights, such as
when surveying indoor spaces, urban areas, or industrial plants.

RW drones, or rotorcrafts, can overcome some of these limitations, because of their capacity
for vertical take-off and landing (VTOL), autonomous hovering based on Global Positioning
System (GPS), slow cruise speed, high maneuverability, and higher payload. RW platforms can
be classified according to the number of rotors as helicopters (1 rotor), quadrotors (4 rotors),
hexarotors (6 rotors) and octorotors (8 rotors). Small-scale (i.e. <10 kg) rotorcraft with 4—6
rotors are generally preferred due to their mechanical simplicity, which translates into lower
costs, greater reliability and easier maintenance. For example, the DJI Matrice 600 hexarotor
(~9 kg with batteries) is currently a highly popular drone due to its high payload capacity of

6 kg, flight time of ~30 min (without payload), and moderate price of ~56000. A RW drone can
be flown very close to gas-emitting structures such as chimneys, tanks, or flares, allowing close-
range measurements that are not feasible with FW platforms. However, due to their lower
speed and flight range (a fully loaded DJI Matrice 600 can only fly for 15 min) surveying large
areas requires multiple flights, increasing mission time and operational costs.



The biggest shortcoming of RW platforms for chemical sensing is the strong vertical airflow
generated by its rotors (the so-called downwash, Fig. 2). The downwash disturbs the local air
distribution around the drone (especially below it) and can have negative consequences for the
utility of the on-board sensor data. The aerodynamic characteristics of the downwash
generated by rotorcrafts have been simulated using Computer Fluid Dynamics technology (CFD)
(Eu et al., 2014; Eu and Yap, 2018; Koziar et al., 2019; Kuantama et al., 2019; Luo et al., 2016;
McKinney et al., 2019; Roldan et al., 2015; Sanchez-Cuevas et al., 2017), experimentally
measured with anemometers (Prudden et al., 2016; Sjoholm et al., 2014; Wolf et al., 2017), or
particle tracking velocimetry (PTV) systems (Shigaki et al., 2018; Shukla and Komerath, 2018),
and visualized using smoke experiments (Hollenbeck et al., 2019b; Hutchinson et al., 2019;
Kang et al., 2018; Luo et al., 2017; Neumann et al., 2012; Prudden et al., 2016; Smith et al.,
2016). While airflow is typically negligible at 40-50 cm above the drone (Alvarado et al., 2017;
Palomaki et al., 2017) and at horizontal distances of >70-80 cm (Prudden et al., 2016; Wolf et
al., 2017), the downwash can extend several meters below the propellers even for lightweight
drones of 5 kg (Greatwood et al., 2017). The worst effects of the local mixing produced by the
rotors occur when measuring across strong spatial gradients, such as in chemical plumes
(Hutchinson et al., 2019; Neumann et al., 2012).

Fig. 2. Downwash of a hovering DJI Matrice 600 drone visualized using colored smoke (Crazzolara et al.,
2019).

3.2. Chemical instrumentation

The limited payload capacity on small drones requires lightweight, low-power instrumentation.
Five types of chemical sensing instruments can be mounted on a small drone: low-cost sensors,
multi-sensor systems, electronic noses, high-precision optical analyzers, and optical gas
imaging cameras.



3.2.1. Low-cost chemical sensors

Low-cost (<$300) chemical sensors are miniaturized devices (Fig. 3) that provide a real-time
output reflecting the concentration of gases and volatile organic compounds (VOCs) in contact
with the sensor. The minimal size, low weight, low power requirements, and simplicity of the
conditioning electronics makes it straightforward to integrate them into fixed and portable
measurement systems, such as those commonly used for industrial safety (Rezende et al.,
2019), environmental monitoring (Baron and Saffell, 2017; Fine et al., 2010), automotive
(Tuller, 2013; Wales et al., 2015), food analysis (Loutfi et al., 2015), and biomedicine
applications (Vincent and Gardner, 2016). For example, chemical sensors are the basis of
domestic and industrial carbon monoxide alarms (Stetter and Pan, 1994), personal exposure
monitors (portable devices that alert workers when they are being exposed to poisonous gases
and VOCs) (Piedrahita et al., 2014), breathalyzers (devices for estimating blood alcohol content
(BAC) from a breath sample) (Zuliani et al., 2020), capnography monitors (devices for
measuring time-resolved CO2 concentration in exhaled breath during anesthesia) (Yang et al.,
2015), indoor and outdoor air quality units (Burgués et al., 2020; Tran et al., 2017), and
electronic noses (devices to quantify odor intensity and classify odor types) (Gardner and
Bartlett, 1999). Low-cost sensors are also used to monitor CO2 levels in HVAC (Heating,
ventilation, and air conditioning) units (Nassif, 2012), and NOx emissions in the exhaust
systems of many automobiles (Tuller, 2013).

Fig. 3. Examples of low-cost chemical sensors. (From left to right) MOX sensor (Model: Figaro TGS 8100);
AGS sensor (Model: Alphasense CO-AF); PID (Model: RAE Systems PID 10.6 eV); (d) NDIR sensor (Model:
CozIR by Gas Sensing Solutions).

Among the various low-cost gas-sensing technologies (see a review by Griindler (2007)), the
most popular ones for drone applications are amperometric gas sensors (AGS), metal oxide
semiconductor (MOX or MOS) sensors, non-dispersive infrared (NDIR) sensors, and photo-
ionization detectors (PIDs). Several text books review the working principles, advantages,
limitations, and applications of each technology (Griindler, 2007; Seiyama, 2013), so we will
provide only a brief summary of each technology here.

Amperometric gas sensors (AGS), i.e. electrochemical gas sensors based on amperometry, are
one of the most promising sensor technologies for measuring inorganic gases at parts-per-
billion (ppb) and parts-per-million (ppm) concentrations. These sensors are often termed
electrochemical sensors, but we prefer the terminology AGS to distinguish them from other
electrochemical sensors, such as conductometric and potentiometric sensors (Stetter and Li,
2008). The most common target gases that an AGS can detect are 02, CO, SO2, NO, NO2, 03,



NH3, and H2S. These sensors are based on the electrochemical reactions that take place in an
electrochemical cell, typically consisting of three electrodes (working, counter and reference)
immersed in a liquid electrolyte solution (a mineral acid or organic solvent with an added salt)
containing a catalyst. Initially, the gas diffuses into the sensor through a gas-porous membrane
which limits the supply of gas to the sensor to ensure diffusion-limited reactions, and can also
filter out some chemical interferences. Under diffusion-limited reaction conditions, the flow of
current between the working and counter electrodes (output signal of the sensor) is linearly
correlated with the concentration of the target gas, and the output signal is less sensitive to the
temperature of the reaction than when the gas supply is not limited. A potentiostat maintains
the working electrode at a fixed potential with respect to the reference electrode to ensure
complete reaction of the target gas. Selectivity is achieved by the choice of catalyst, by
optimizing the working electrode material, and by using chemical filters to remove key
interfering substances. Another way of improving the selectivity is to combine the output of
multiple AGS using multivariate regression models (Spinelle et al., 2017, Spinelle et al., 2015); a
classical example is the use of an O3 sensor to compensate the known cross-sensitivity of NO2
sensors to this gas, and vice versa (Baron and Saffell, 2017).

In addition to providing linear measurements, and being cheap, reliable, and quite selective for
some gases, AGS also have negligible power consumption (<1 mW), making them ideal sensors
for battery-operated instruments. Their main problems are the slow response and recovery
times (30-60 s), high cross-sensitivity to ambient temperature, drift of their parameters with
time, and their limited lifetime (time until 80% of original signal) of ~2 years due to
consumption or evaporation of the liquid electrolyte (Hunter et al., 2020). The latest AGS
sensors developed by Figaro Engineering Inc. (Japan) for carbon monoxide (e.g. model TGS
5141) guarantee an exceptionally long lifespan of 10 years by using a proprietary electrolyte
solution that does not require a water reservoir. Recent co-location field studies have found
that hourly-averaged measurements of criteria pollutants (03, CO, SO2, NO and NO2) recorded
by several commercial instruments based on AGS showed good agreement with similar
measurements made by approved reference analyzers (Borrego et al., 2018, Borrego et al.,
2016; Chatzidiakou et al., 2019; Collier-Oxandale et al., 2020; Jiao et al., 2016), provided that
the user corrects for baseline drift of the AGS due to variation in ambient temperature and
humidity (Wei et al., 2018). The agreement with reference instruments can be often improved
by using multivariate predictive models that take into account the signals of multiple AGS
sensors and temperature and humidity readings (Spinelle et al., 2017, Spinelle et al., 2015).

Metal oxide semiconductor (MOX or MQOS) sensors, also termed semiconductor sensors or
chemoresistors, are a conductometric type of electrochemical sensor. They are mostly used for
measuring VOCs, at the ppm and sub-ppm level, but can also be used as an alternative
technology for measuring some of the gases accessible to AGS (e.g. carbon monoxide) (Burgués
et al., 2018). The working principle is based on the fact that certain semiconducting metal
oxides (e.g. tin dioxide, Sn02) change their electrical resistance upon exposure to gases at high
working temperatures (typically 150-500 °C). The sensing material is deposited over a
substrate with integrated electrodes (for readout of the electrical resistance) and a heater
resistor (to heat up the sensing material). Although MOX sensors are inherently non-specific,
their selectivity can be somewhat improved by a number of techniques, the most popular of
which are using multivariate predictive models that take into account the response across a



sensor array (Marco and Gutierrez-Galvez, 2012), exploiting the dynamic response due to a
sampling transient or temperature modulation (Gutierrez-Osuna et al., 2003; Lee and Reedy,
1999), doping the metal oxide layer with noble metals (Korotcenkov and Cho, 2017), or using
chemical filters (Kitsukawa et al., 2000; Korotcenkov and Cho, 2013). Methods for improving
the sensor sensitivity and selectivity are exhaustively reviewed by Korotcenkov and Cho (2013)
and Wang et al. (2010).

MOX sensors are smaller, faster (response time of 10-20 s), and more durable (a lifetime of
>10 years is typical) than AGS, although the latter are more selective and power efficient. The
output signal of a MOX sensor is highly susceptible to humidity changes (indeed some metal
oxides are used to fabricate humidity sensors (Chen and Lu, 2005)), although this can be
effectively remedied by modulating its working temperature (Burgués and Marco, 2018a).
Thanks to microelectromechanical systems (MEMS) technology, MOX sensors can now be
fabricated with a miniaturized sensing layer deposited over a micro-hotplate, enabling sensors
with a footprint of a few mm2, a response time of 5-10 s, and power rating of 15-30 mW. The
response time and power consumption can be further reduced by signal processing techniques
(Burgués et al., 2019b; Monroy et al., 2012) and duty cycling operation (Burgués and Marco,
2018b).

Non-dispersive infrared (NDIR) sensors are miniaturized optical analyzers composed of a
broadband infrared (IR) lamp, a sample chamber, a narrowband optical filter, and an IR
detector. The working principle is based on the optical absorption of some gases when they are
excited with IR light. The difference between the amount of light emitted by the lamp and the
light received by the detector is proportional to the concentration of the target gas in the
sample chamber. The role of the optical filter is to filter out all wavelengths except those
corresponding to the absorption band of the target gas. Since the measurement is based on a
physical property of the gas instead of physicochemical reactions, sensors based on optical
absorption avoid some shortcomings of electrochemical sensors, such as poisoning by silicone
vapors, and inter-device variability. NDIR technology is particularly well-suited for measuring
CO2 because it has a strong and non-overlapping absorption peak at 4.26 mm in the mid-IR
region, which enables devices with short path lengths (1-2 cm). Although NDIR sensors are
also commercially available for CH4, they have limited practical use due to the lower
absorption coefficient and high cross-sensitivity to other hydrocarbons.

Low-cost NDIR sensors have limited accuracy because of the influence of ambient temperature
and pressure on light absorption (Martin et al., 2017). For example, the accuracy of a low-cost
CO2 sensor is approximately 30 ppm + 3% of the reading (Dinh et al., 2016). With appropriate
temperature and pressure control, the accuracy can be improved to 1% of the reading (see
Section 3.2.3). NDIR sensors are more expensive and power hungry than other low-cost
technologies, although new IR light-emitting diode (LED) light sources have been developed
that allow NDIR sensors to operate at much lower power (3 mW) than before (50 to 200 mW)
(Hodgkinson and Tatam, 2013).



Photoionization detectors (PIDs) are broad-band sensors that can detect a wide range of VOCs
and some inorganic gases. They consist of an UV lamp shining on a small cell containing the gas
sample. The UV light (typically 10.6 eV) ionizes the VOCs in the sample, resulting in electrons
and positive ions being ejected towards various electrodes placed inside the chamber,
producing a current proportional to the gas concentration. Typically, PIDs can measure
concentrations of 10 ppb to 10,000 ppm, although they are most accurate in the lower end of
the range (up to about 2000 ppm) where the gas concentration is linearly correlated with the
sensor signal (RAE-Systems, 2014). The response time of PID instruments (typically a few
seconds) is usually determined by the rate at which the sample is pumped through and then
flushed completely from the detection chamber. Some miniaturized designs, such as the
miniPID 200A by Aurora Scientific (Canada), can achieve extraordinarily low response times of
few milliseconds. Hand-held instruments based on PIDs are commonly used in industrial sites
and military applications for monitoring toxic VOCs (Licen et al., 2020). The main problems of
this type of instrument are the relatively high cost, the low specificity, and their inability to
detect compounds with high ionization energy (e.g. noble gases, CO, CO2, SO2, 03).

3.2.2. Multi-sensor systems

Most environmental applications need to monitor more than one gas simultaneously, so a
single chemical sensor is not sufficient. Multi-sensor systems incorporate several chemical
sensors into one instrument, and also include the necessary electronics, data logging, fluidics
components, and power management systems (Fig. 4). There are two types of systems:
standalone and integrated. Standalone systems include their own GPS, battery, and radio link,
allowing them to operate autonomously. Integrated systems obtain these resources from the
drone, and are those lightweight systems that can only be used with specific drone models.
Table S1 (Supplementary material) lists some commercial examples of both types of systems.
Most multi-sensor systems are lightweight (<2 kg) and can typically host 5 to 10 sensors
(mostly AGS but also PIDs, NDIR, and less frequently MOX sensors). The sensors are typically
housed in a sensing chamber where ambient air is introduced by a pump, or in some cases a
fan. Some systems allow the user to configure the sensor suite, while others have a sensor
suite tailored for a specific application (e.g. ship emission monitoring, volcanic research, etc.).
Some research groups have also developed their own multi-sensor systems with customized
sensor suites (Carrozzo et al., 2018; Zhou et al., 2017).

Fig. 4. Commercial multi-sensor unit Sniffer 4D equipped with 5 AGS sensors, 1 PID and 1 NDIR sensor.
Copyright Soarability Technologies. Used with permission.



3.2.3. Electronic nose

An electronic nose (e-nose) or sensor array is a software-hardware system that uses a
combination of multiple partially selective sensors and pattern recognition algorithms to
selectively quantify or discriminate gases and odors (Gardner and Bartlett, 1999). Some
applications of e-noses include medical diagnostics (Wojnowski et al., 2019), food quality
control (Loutfi et al., 2015), aroma classification (Kiani et al., 2016), and industrial odor
measurements (Bax et al., 2020). Odor recognition and intensity estimation (as human beings
perceive it) is particularly difficult to achieve with selective optical analyzers that respond only
to one compound. E-noses overcome this difficulty by analyzing the multivariate response
pattern of a diverse and redundant array of broadband sensors sensitive to a wide array of
VOCs and gases (in some sense inspired by the mammalian olfactory system). The sensor array
can be heterogeneous (i.e. contain different sensor technologies) or homogeneous (i.e. all
sensors are of the same technology). In the latter case, the sensor units are selected from
different models or manufacturers, or are operated in a different manner, for example by
changing the working temperature of MOX sensors. Linear predictive models such as partial
least squares (PLS), or non-linear methods based on support vector regression (SVM) or
artificial neural networks (ANN) are commonly used to predict odor intensity (Marco and
Gutierrez-Galvez, 2012).

One main problem of e-noses is that they are subject to the same limitations as the low-cost
sensors from which they are made. If any of the sensors drift, the e-nose output will drift as
well, and correcting the drift of a sensor array is more challenging than in a single sensor
(Romain and Nicolas, 2010). Periodic recalibration of the electronic nose is required to
maintain its accuracy over time (Zhang and Zhang, 2014). To reduce recalibration effort,
calibration transfer methodologies have been proposed in the literature (Fonollosa et al.,
2016). Sensor chambers, which are necessary to accommodate all sensors (10—15 sensors are
typical), increase the system's response time. Power consumption may be also an issue if, for
example, the e-nose is based on isothermally-operated MOX sensors. Because of these issues
and to maximize accuracy, e-noses are typically operated in highly controlled laboratory
conditions with long measurement cycles consisting of air-gas-air exposures. Recent attempts
have been made to use portable e-noses with miniaturized sensing chambers mounted on
drones (DAM-IBEC, 2019). For this application, it is critical to design customized small chambers
that would enable fast measurements (Burgués et al., 2019b). Systems where sensors are
directly exposed to air can be faster, but then the measurement point is directly located on the
drone body, which could be a suboptimal location for some applications (for instance, to
measure near diffusive area sources of pollution). More details on the installation of e-noses in
drones are provided in Section 3.3.

3.2.4. High-precision optical analyzers

Optical gas analyzers exploit the characteristic absorption spectra of some gases when they are
excited with IR or UV light. They can selectively detect, at the ppb level, compounds with non-
overlapping spectral regions, such as CO2 or CH4 in the mid-IR and O3 in the near-UV
(Andersen et al., 2010; Popa et al., 2019). Since optical analyzers measure a physical property
of the gas, in principle these measurements can be faster and more reliable than those based
on an active sensitive layer involving physicochemical reactions (e.g. AGS, MOX). To increase
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the quality of the measurements, high-precision optical instruments include sophisticated
components such as lasers, high reflectivity mirrors, quartz coated cavities, and temperature
and pressure compensation systems, which results in bulky, heavy, power hungry, and
expensive instruments. For example, the LI-850 CO2 NDIR analyzer (LI-COR Inc., Lincoln, NE,
USA) uses a thermostatically controlled optical path and automatic pressure compensation (Fig.
5) to provide a limit of detection (LOD) of 1.5 ppm and accuracy of 1.5% of the reading
(compared to 30 ppm + 3% for low-cost NDIRs). The LI-850 weighs 1.3 kg, consumes 5 W of
power, and requires 12—30 V DC. In contrast, a low-cost NDIR sensor weights a few grams,
consumes a few mW of power, and requires <5 V.
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Fig. 5. Interior of a closed-path LI-850 NDIR CO2 analyzer. Copyright LI-COR Inc. Used with permission.

Laser-based techniques (Tittel et al., 2008), also known as laser absorption spectroscopy (LAS),
achieve selectivity for a target gas, typically methane (Wang et al., 2019), without the need for
narrowband filters (as in NDIR). The most common LAS technique, known as TDLAS, employs a
tunable diode laser (TDL) modulated in frequency as a light source. The laser beam can operate
in flow-through (closed-path) cells or via open atmospheric paths. Closed-path designs (CP-
TDL) achieve better quality measurements by using multi-pass cells with temperature and
pressure compensation, although the time required to fill the gas cell results in a slower
response time. Open-path instruments (OP-TDL) are generally less accurate, but are lighter and
faster. A miniature OP-TDL methane sensor developed by NASA for the Mars Curiosity Rover
has been recently adapted for use on board drones (Smith et al., 2017). The so-called Open
Path Laser Spectrometer (OPLS) is very sensitive (10 ppb), accurate (£1%), lightweight (<150 g)
and fast (<0.5 s), and has been reported to detect methane plumes at more than 200 m
downwind of the emission source (Smith et al., 2017).

An interesting open-path variant is stand-off or back-scattered TDLAS (sTDLAS), in which both
the emitter and detector are placed at the same end of the optical path. The laser beam is
emitted towards a distant (<10 m) surface and the backscattered light is collected by a
photodiode (Yang et al., 2018) (Fig. 6). In contrast to point-like technologies, sTDLAS detectors
measure the integral or cumulative gas concentration (ppm - m) across the light beam, so a
single measurement can capture information over a large area that would otherwise require
many point measurements. Lightweight (<600 g) instruments, such as the Laser Methane mini
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(LMm) by Pergam Suisse AG (Ziirich, Switzerland), offer a fast response (0.1 s), and accuracies
of 100-1000 ppm - m.
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Fig. 6. LMm sTDLAS detector (Pergam Suisse AG) and working principle (Yang et al., 2018).

Cavity enhanced absorption spectroscopy (CEAS) is a group of LAS techniques that use a
resonant optical cavity where the laser light bounces back and forth (about 100,000 times),
achieving very long effective optical paths of several kilometers (Tittel et al., 2008). Two main
CEAS techniques are cavity ring-down spectroscopy (CRDS) and off-axis integrated cavity
output spectroscopy (OA-ICOS). Both techniques are extremely sensitive, although to date the
instruments have been too heavy and power hungry for drone applications. Recently,
lightweight (<4 kg) low-power (<30 W) versions of CRDS and OA-ICOS have been developed
that are suitable for drones (Ability, 2019; Martinez et al., 2020). The open-path CRDS
instrument developed by Martinez et al. (2020) offers high temporal response (1 s) and high
sensitivity (30 ppb), enabling methane plume detection at more than 60 m downwind of the
emission source. The OA-ICOS by ABB Group (Zlrich, Switzerland) offers sub-ppb sensitivity
and response time of only 0.2 s.

3.2.5. Optical gas imaging

Optical gas imaging (OGI), also known as backscatter absorption gas imaging (BAGI), is a
technique that produces video streams of leaking gases based on the thermal contrast
between the background and the gas (McRae and Kulp, 1993). An OGI camera is basically an
infrared or thermal imaging camera containing an optical filter tuned to the absorption band of
the target gas. If the camera is directed at a scene containing a gas leak with a sufficient
temperature contrast (typically >2 °C (Ravikumar et al., 2017)), the gas will ‘block’ the radiation
coming from the objects behind the plume, and the resulting video stream will show the gas
plume highlighted over the background (Fig. 7). If atmospheric conditions are favorable (e.g.
low wind, warm weather, clear skies) and the imaging distance is lower than 10 m, it is
estimated that an OGI camera can detect ~80% of total leakage at a gas production facility
(Patel, 2017). The main shortcomings of OGI cameras are their high cost (Ravikumar et al.,
2017), the difficulty in quantifying the leak rate (Ravikumar et al., 2018) and the high detection
limit (e.g. 10,000 ppm for CH4 (Patel, 2017)).
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Fig. 7. Visualization of a leaking pipe from an OGI camera (Model: FLIR GF620).

3.3. Payload integration

The quality of the measurements acquired by on board chemical instrumentation depends
crucially on where they are placed on the drone's fuselage, the type of drone used, the payload
characteristics, and the target application.

3.3.1. Rotary-wing drones

The most accurate way for rotorcrafts to take measurements would be to isolate the sensor
from the downwash, for example by placing it on a boom extending past the propellers, and
thus sampling unperturbed air (Falabella et al., 2018; Goodwin et al., 2009; Smith et al., 2017)
(Fig. 8a), or by using a pumped system with an inlet placed away from the platform
(Frederiksen and Knudsen, 2018; Kunz et al., 2019; McGonigle et al., 2008) (Fig. 8b—c). Booms
are aerodynamically inefficient and displace the center of gravity of the drone, causing stability
issues. Pumped systems are more convenient because the payload can be mounted in a
centered position either below or above the drone. Most commercial multi-sensor systems use
this approach with a ~1 m horizontal sampling tube (e.g. Scentroid DR1000, Aeromon BH-12,
and FLIR Muve C360) (Fig. 8b). SnifferRobotics LLC (Ann Arbor, MI, USA) and the SNIFFDRONE
prototype (DAM-IBEC, 2019) use a pumped system with a long (~¥10 m) suspended sampling
line (Fig. 8c). The downside of long sampling tubes is that adsorption processes in the inner
walls of the tubing can slow the response time for low-volatility or “sticky” compounds, such as
H2S or NH3, and can contaminate future measurements.

13



Protruding boom Pumped systems with horizontal /vertical inlet

Multisensor
unit

1
IR detector |
ﬁ 1

Folded

optical

path FTIR
spectrometer

(9) Analyzer

gy

—

vertical sSTDLAS laser ~ 3-axis gimbal  sTpLAS / 0GI

G @
S2nsors

horizontal
sTDLAS laser

Fig. 8. Integration of chemical instrumentation into RW drones. (a) JPL's open-path TDL mounted in a
3DR Solo using a boom (Smith et al., 2017); (b) DJI Matrice 600 mounting Scentroid's DR1000 multi-
sensor unit with a horizontal sampling inlet; (c) DJI Matrice 600 with custom multi-sensor system and
vertical sampling inlet (DAM-IBEC, 2019). (d) DJI S1000 with integrated OA-ICOS analyzer (ABB Group);
(e) Schematic representation of a FTIR spectrometer integrated into a DJI Matrice 600 using a C-shaped
optical path of 1 m (Rutkauskas et al., 2019); (f) Four AGS sensors mounted beneath a DJI Matrice 100
(de Man, 2018); (g) Microdrones' md1000 equipped with downward-facing sTDLAS detector (LMm by
Pergam Suisse AG); (h) DJI Matrice 210 with U10 sTDLAS analyzer (AILF Instruments, China) mounted on
the 3-axis gimbal plate; (i) CrazyFlie 2.0 nanodrone with two replicate MOX sensors on top of it (Burgués
et al., 2019a); (j) Hesai DM100 drone with integrated sTDLAS detector above the drone; (k) Pocket-sized
quadcopter (Parrot Airborne Nightblaze) mounting two replicate MOX sensors in front of the propellers
(Shigaki et al., 2018).
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For simplicity, many research prototypes have the payload mounted in a central position below
(de Man, 2018; Kersnovski et al., 2017; Pobkrut et al., 2016; Rossi et al., 2014; Wivou et al.,
2016; Yang et al., 2017) (Fig. 8d—h) or above (Alvear et al., 2017; Burgués et al., 20193;
Hutchinson et al., 2019; Qiu et al., 2017; Roldan et al., 2015) (Fig. 8i—j) the fuselage, with no
pumping system to isolate it from the downwash. While this does not create a problem for
long-range sensors such as sTDLAS or OGI cameras, point sensors installed in this way typically
underestimate the gas concentration (Hutchinson et al., 2018; Neumann et al., 2012; Poppa et
al., 2013; Roldan et al., 2015; Valente et al., 2019). Rutkauskas et al. (2019) created an
intelligent integration solution for a Fourier Transform Infrared (FTIR) spectrometer, in which
they folded the optical path in a C-shape around the drone (Fig. 8e), attached the heaviest
components (i.e. IR source and mirrors) underneath, and those more affected by the
downwash (i.e. the IR detector) above, where airflow disturbance is much lower. Top- and
front-mounting (Fig. 8i—k) is very popular for GSL applications (see Section 4.2), in which it is
more important to rapidly detect the gas plume than to accurately quantify the gas
concentration. For this purpose, pairs of replicate MOX sensors are often placed on the front of
small quadrotors (Koval et al., 2017; Kuantama et al., 2019; Letheren et al., 2016; Shigaki et al.,
2018; Takei et al., 2019) (Fig. 8k), or in more complex configurations such as three sensors
placed in a triangle arrangement (Luo et al., 2017) or four sensors below the propellers (Eu and
Yap, 2018).

The bottom mounting is very convenient for sTDLAS sensors in surface emission monitoring
(SEM) applications because the laser can be pointed towards the ground to produce column
integral measurements (Fig. 8g). This configuration is adopted by several companies, such as
Microdrones GmbH (Siegen, Germany), SPH Engineering (Riga, Latvia) and Baker Hughes (Texas,
USA), and also by different research groups (Emran et al., 2017; Golston et al., 2018a; Oberle et
al., 2019; Tannant et al., 2018; Yang et al., 2018). The 3-axis gimbal plate (Fig. 8h) is also an
interesting mounting location for long-range sensors (sTDLAS and OGI cameras), as it allows
them to be rotated in any direction. This approach has been commercialized by multiple
companies including DJI (Shenzhen, China), Viper Drones (Indialantic, FL, USA), RMUS
(Centerville, UT, USA), Baker Hughes (Houston, TX, USA) and Sky Eye Innovation (Stockholm,
Sweden).

3.3.2. Fixed-wing drones

The slow response time of most chemical sensors is incompatible with the high speed of FW
drones, with the exception of OP-TDL detectors, whose response times can be as low as 0.1 s.
These sensors can be mounted on the nose (Fig. 9a—b) (Hollenbeck et al., 2019a; Nathan et al.,
2015) or under the wings of FW platforms (Golston et al., 2017) to sample undisturbed air
during forward flight. An interesting integration idea presented by Barchyn et al. (2017)
consists of creating an optical path between the winglets (Fig. 9c) by using fiber optic cable to
locate the emitter and detector at a distance from the sending and receiving optics (housed
inside the fuselage).
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Fig. 9. Open-path tunable diode laser (OP-TDL) methane detectors mounted on FW drones; (a) Custom
OP-TDL sensor mounted on the nose of a model aircraft. Reprinted with permission from Nathan et al.
(2015). Copyright 2015 American Chemical Society; (b) JPL's OP-TDL sensor installed on top of the nose
of a 3DR AeroM drone. Courtesy of Derek Hollenbeck; (c) Bramor PPX aircraft (C-Astral Aerospace Ltd.)
with integrated OP-TDL sensor by Boreal Laser Inc.

Adapted with permission from C-Astral Aerospace.

3.4. In-flight sensor performance

The issues that affect the performance of sensors on board a drone are not very different from
those encountered by fixed gas detectors in the field. Uncontrolled or unknown variations in
temperature, humidity, and pressure can obviously affect the sensor signals, as can overheating
due to direct sunlight exposure. Strong winds also affect sensor signals, especially if the sensors
are not isolated. While fixed detectors can be shielded against direct sunlight and precipitation,
this is difficult to achieve in drones because they can rotate in any direction. All these factors
clearly affect the accuracy and sensitivity of the sensor, which can eventually dictate the
success of the mission.

3.4.1. Response time

The response time of the chemical sensing instrument is a key parameter for drone-based
measurements, as it dictates the maximum speed at which the drone can fly while still
obtaining spatially resolved measurements. In this sense, the fastest type of sensor is the
SsTDLAS, which can sample at a frequency of 10 Hz and is not affected by the downwash (Emran
et al,, 2017). This means that a drone flying at a relatively high speed of 10 m/s could achieve a
spatial resolution of 1 m. Other open-path optical sensors can measure at 1-5 Hz (Ability, 2019;
Barchyn et al., 2019; Martinez et al., 2020; Rutkauskas et al., 2019). Low-cost sensors
integrated directly into the drone without any pumped system typically offer bandwidths of
0.1 Hz, although the response time can be improved by signal processing (Burgués and Marco,
2020, Burgués and Marco, 2019; Martinez et al., 2019). In pumped systems, including closed-
path optical analyzers, the response time is mostly determined by the volume of the
measurement chamber and the flow rate of the pump, and is commonly about 1 min for a
typical pumped system with a chamber volume of 200-300 cm3 and a flow rate of 1-2 L/min.
In this case, a common solution for increasing the spatial resolution of the measurements is to
hover the drone briefly at each sampling point (e.g. 20-30 s) before proceeding to the next
sampling point (Neumann et al., 2012). Memory effects due to contamination of the sampling
line may also degrade the system's response time.
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3.4.2. Limit of detection

The limit of detection (LOD) of a chemical sensor refers to the minimum concentration of the
target gas that can be reliably distinguished from the absence of the same gas (Burgués et al.,
2018). The LOD is very important for drone-based measurements as it determines the
maximum downwind distance at which the chemical plume can be detected. The LOD is usually
estimated as three times the standard deviation of the sensor's baseline noise (Danzer and
Currie, 1998). The LOD reported in sensor datasheets is usually estimated in highly controlled
laboratory conditions where temperature, pressure, and humidity are fixed and there are no
interfering gases. When a chemical sensor is used in a drone and operated in uncontrolled
outdoor conditions, several factors will degrade its LOD. First, if the downwash of the
propellers is not properly avoided, this will dilute the gas reaching the sensor and thus increase
the LOD (Neumann et al., 2012). Large fluctuations in temperature, humidity and pressure will
increase the LOD of most sensor systems, unless these fluctuations are actively compensated
for. Finally, vibration and misalignment will affect most optical analyzers, especially those with
long effective pathlengths (Martinez et al., 2020). Even with these considerations, some high-
end optical analyzers have been shown to achieve in-flight LODs of ~15-30 ppb (Martinez et al.,
2020).

3.4.3. Dynamic range

Unlike fixed gas detection systems, which are typically placed at a convenient downwind
distance from a potential chemical source, drones can be flown very close to the source and
very far from it, even in the same application. For example, in odor emission monitoring
applications, the drone can start measuring at the receptor site (where concentrations are on
the order of ppb), and progressively move towards the source (where concentrations can reach
thousands of ppm's). This scenario would require a sensor with a dynamic range covering more
than seven orders of magnitude in gas concentration, which is difficult to achieve in practice.
Instruments optimized for measuring low ppb concentrations, such as the OA-ICOS or CRDS
analyzers, typically employ long effective optical paths that clip the sensor signal when
absorbance gets too high (zero light detected). Similarly, electrochemical sensors have
relatively low maximum ratings, making them inappropriate for measurements at the source of
emission. In the case of ammonia, most electrochemical sensors have a maximum rating of
100 ppm, above which they become irreversibly damaged.

4. Tasks and algorithms

Beyond the simple task of monitoring the gas concentration at a certain location, small drones
can perform four "advanced" chemical sensing tasks: concentration mapping, source
localization, source identification, and flux quantification. In this section, we explain the
different algorithms developed to address these tasks.
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4.1. Gas concentration mapping

Gas concentration mapping (GCM) is the task of building a spatial representation (i.e. a map) of
gas concentrations in a certain area based on a set of spatially distributed sensor
measurements (Fig. 10). Such a map is useful for assessing the spread of a target gas, e.g. in
the aftermath of a chemical accident or for air quality monitoring in cities, and as an indirect
tool for localizing gas sources (Section 4.2) and estimating gas fluxes (Section 4.3). To build a
gas distribution map, the drone typically follows a predefined navigation path with equidistant
measurement points at which it stops for a few seconds to measure the gas concentration. A
common method for generalising the point-wise measurements is spatial interpolation (Lam,
1983), for example using Gaussian kernels (Lilienthal and Duckett, 2004), polynomial functions
(Keys, 1981), or natural neighbor techniques (Sibson, 1981). The rationale behind spatial
interpolation is that points close together in space are more likely to have similar values than
points far apart. Due to the inherent uncertainty in the measured values, it is preferable to use
smoothing interpolators (as opposed to exact interpolators) as this reduces the effects of
measurement error on the interpolated surface.

Fig. 10. Two-dimensional gas concentration map of a 25 m x 25 m outdoor area. Measurements at
equidistant grid points were obtained with a DJI Matrice 100 equipped with a PID sensor, and flying at
constant height (Personal communication from Michael Hutchinson).

Drone-based GCM was initially performed using blimps equipped with MOX sensors for 2D
mapping of controlled releases of ethanol vapor in indoor (Ishida, 2009) and outdoor (Badia et
al., 2007) areas. More recently, GCM has been performed in less controlled and larger
environments, such as farmyards (Rutkauskas et al., 2019), greenhouses (Roldan et al., 2015)
and landfills (Emran et al., 2017), using small RW drones equipped with a variety of sensing
technologies (see Table S2 in Supplementary material). There have also been some reports of
3D mapping strategies (Burgués et al., 2019a; Li et al., 2017; Luo et al., 2015) and multi-source
experiments (Rutkauskas et al., 2019). To speed up the map-building process, some authors
have used multiple collaborative drones (He et al., 2019) or adaptive path planning strategies
(Neumann et al., 2012), or have performed measurements in motion (Burgués et al., 2019a; Li
et al., 2017; Luo et al., 2015; Rutkauskas et al., 2019).
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GCM based on integral path measurements from sTDLAS detectors is a promising approach
because (i) the long-range measurements can be performed at sufficient distance so that the
downwash does not disturb the gas distribution being mapped; (ii) the detector's high
sampling frequency enables rapid mapping of large areas; and (iii) the resulting map captures
the cumulative concentration in the vertical direction without the need for (costly and time-
intensive) 3D sampling. In this regard, several studies (Emran et al., 2017; Golston et al., 20183;
Tannant et al., 2018; Yang et al., 2018) used small quadrotors equipped with downward-facing
SsTDLAS detectors to map CH4 concentrations in controlled leak experiments (Golston et al.,
2018a; Tannant et al., 2018; Yang et al., 2018) and landfill sites (Emran et al., 2017). In all cases,
the drone flies at a constant height of <10 m (at greater heights the measurements become
unreliable (Tannant et al., 2018)) while emitting the laser beam towards the ground and
receiving the backscattered light. The resulting maps clearly indicate the location of CH4
emission hotspots. Taking a different approach, Neumann et al. (Neumann et al., 2019)
performed gas tomography (Price et al., 2001)—a method for reconstructing 2D slices of the
gas distribution from path-integral data—using a sTDLAS detector mounted on a 3-axis gimbal
of an octocopter. Instead of performing one path-integrated measurement at each sampling
location, the detector emits multiple beams towards the ground at different angles. After
collecting samples in many different locations, a least-squares optimization algorithm
(Trincavelli et al., 2012) is used to solve the inverse problem of determining the spatial
distribution of gas concentrations that best explains the observed integral measurements.

4.2. Gas source localization

Gas source localization (GSL) consists of finding the source of an emitted chemical based on the
chemosensory cues available in the environment. It has numerous applications, such as finding
gas leaks in industrial sites, locating the source of a malodor, or locating survivors following a
natural disaster. In many of these scenarios, the chemicals released are dispersed by wind in
the form of a plume that may extend several km downwind of the source (Fig. 11). Reactive
plume tracking (RPT) strategies (Chen and Huang, 2019; Kowadlo and Russell, 2008) use
concentration and wind measurements to track the plume towards its origin, inspired by the
excellent plume tracking behavior of some insects (Mafra-Neto and Cardé, 1994). Both 2D and
3D versions of RPT algorithms have been evaluated using small rotorcrafts equipped with MOX
sensors, resulting in success rates of >70%, albeit in very simplified test conditions (see Table S3
in Supplementary material). These favorable conditions include forcing a strong unidirectional
air flow to create a well-shaped plume, restricting the search space to a few m2, placing the
drone in advantageous starting positions, or declaring that the source has been found as soon
as the drone passes near it. In more realistic scenarios, RPT algorithms have proven much less
successful due to unpredictable wind patterns and the limitations of current sensing and
locomotion technologies (Hernandez Bennetts et al., 2012b).
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Fig. 11. Time-averaged chemical plume emitted by an industrial site and reaching a nearby population.
The plume is simulated using CALPUFF dispersion modelling (Scire et al., 2000). Personal communication
from ATTRACT-SNIFFDRONE project.

Instead of reactively tracking the plume, probabilistic (plume modelling) algorithms assume a
plume dispersion model and use local measurements of concentration and wind to fit the
model and estimate the source location (a parameter of the model). Any relevant atmospheric
model can be used, such as Gaussian Plume (Bakkum and Duijm, 1997), isotropic (Hutchinson
et al.,, 2019; Vergassola et al., 2007), filament-based (Farrell et al., 2002), or even CFD models
(Asenov et al., 2019). A Bayesian inference framework is typically used to recursively estimate
the source parameters given a sequence of observed measurements (Farrell et al., 2003;
Hutchinson et al., 2019; Pomareda et al., 2017; Vergassola et al., 2007). The navigation strategy
is often based on an exploration-exploitation trade-off. One of the most widely known
algorithms in this category is Infotaxis (Vergassola et al., 2007), which was recently extended to
3D (Ruddick et al., 2018). Probabilistic algorithms have been recently tested on RW drones to
find gas leaks in relatively large outdoor areas (>1000 m2), achieving localization errors of

<20 m (Asenov et al., 2019; Hutchinson et al., 2019).

4.3. Gas source identification

Gas source identification consists of deciding whether a candidate source is currently emitting
a chemical or not. This is a much simpler problem than gas source localization, as the location
of the potential gas sources is known in advance. For example, Qiu et al. (2017) tried to predict
the active chemical source from a set of five candidate sources in a chemical industry park

(4 km2). Assuming a Gaussian plume model, they trained an artificial neural network (ANN)
with simulated data under different wind conditions. The method was validated in field
experiments by flying a RW drone equipped with MOX sensors around the perimeter of the
park, correctly identifying the emitting source.

4.4. Gas flux quantification

For some applications, it is not sufficient to simply localise/identify an emitting source, but
rather there is a need to quantify the emission rate (e.g. kg of gas released per hour). For
example, refineries and petrochemical plants are required not only to detect and repair leaks,
but also to quantify the total amount of methane released by fugitive emissions for inventory
purposes. Other scenarios such as landfills require the plant operator to report whole-site
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emissions periodically. Recent studies have explored the feasibility of using drone-based
measurements for on-site and off-site quantification of methane emissions from oil and gas
infrastructure and landfills. The most common flux estimation method for small drones is the
mass balance method (Allen et al., 2018), which derives the net flux by integrating the
measured concentration (above background level) across a vertical sampling plane downwind
of the emitting source (Fig. 12), and multiplying the result by the wind speed (m/s)
perpendicular to that plane. This method has been applied to estimate whole-site CH4
emissions from natural gas infrastructure (Nathan et al., 2015) and landfills (Allen et al., 2018),
using data captured by FW drones downwind of these sites. These experiments were
uncontrolled, which precludes a rigorous validation of this method's accuracy, and errors of at
least a factor of 3 are likely (Nathan et al., 2015).
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Fig. 12. Flux quantification using the mass-balance method for FW drone flights (Allen et al., 2018). (a)
Flight track at 510 m downwind of the emission source (landfill). A blue arrow shows mean wind
direction and green lines illustrate the expected landfill plume extent; (b) Methane enhancement (CH4e)
over background, spatially interpolated onto a 2D flux vertical plane. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

Yang and Golston (Golston et al., 2018a; Yang et al., 2018) proposed a new application of this
method, tailored for near-source sampling using small rotorcrafts equipped with downward
facing sTDLAS instruments. Their approach first uses the drone to build a vertically-integrated
gas concentration map around the leak source, and then rotates this map so that the x-axis is
aligned with the crosswind direction (Fig. 13a). Since measurements are already integrated in
the vertical direction, the mass balance can be computed by integrating the map in the
crosswind direction (Fig. 13b) and multiplying by the wind speed. The leak rate is estimated as
the 95th percentile of the crosswind integrated flux (dashed line in Fig. 13b). Tests performed
in the context of controlled methane release yielded quantification errors of 0.05 g/s + 25% of
the true emission rate (0-0.17 g/s). These results may appear inconsistent with those of a
recent systematic, blind intercomparison experiment (Ravikumar et al., 2019), where RW
drones equipped with optical detectors were only able to quantify leaks with an order-of-
magnitude (0.1-10x) error with respect to the metered leak rate, although this discrepancy
may be due to the challenging nature of blind experiments.
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Fig. 13. On-site flux quantification algorithm based on the mass balance approach applied to path-
integral measurements from a small quadrotor (Golston et al., 2018b). (a) Rotated gas concentration
map of path integral data (ppm - m); (b) Crosswind integrated flux. The horizontal dashed line indicates
the 95% percentile of the data, which is the final estimation of the leak rate.

A second class of methods, the so-called plume model inversion methods, assume a particular
plume dispersion model and try to estimate the release rate (a parameter of the model) by
fitting this model with measurements of gas concentration and wind. Inverse methods based
on Gaussian, Lagrangian, and isotropic models have been tested using measurements from FW
and RW drones in controlled and uncontrolled methane releases (see Table S4 in the
Supplementary material). Tests based on the Gaussian model gave relative estimation errors of
~250% when gas concentration measurements where obtained by a ground-based OA-ICOS
analyzer tethered to a RW drone (which was used to fly the inlet of a long sampling tube) (Shah
et al., 2019a), and even larger errors when using an on-board NDIR analyzer (Shah et al.,
2019b). Hutchinson et al. (2019) used an isotropic plume model to quantify a controlled
release of acetone (1.5 g/s) in an outdoor field. Concentration measurements were taken with
a PID mounted on a quadrotor, and wind measurements came from a meteorological station.
In 10 trials, estimated fluxes ranged from 1.59 to 2.75 g/s, representing a relative error of 10—
83% of the true leak rate. Xi et al. (2016) used an inverse Lagrangian model—the so-called
Stochastic Time-Inverted Lagrangian Transport (STILT) model—coupled with high resolution
meteorological data from a numerical weather prediction model to quantify the SO2 emission
flux from a volcanic plume. They validated the time-averaged wind speed predictions simulated
by the weather model using experimental data from two nearby meteorological stations.

5. Applications

Current applications of small drones can be divided into five groups: (i) atmospheric chemistry
research, (ii) industrial emission monitoring, (iii) law enforcement, (iv) safety and security, and
(v) precision agriculture (Fig. 14).
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Fig. 14. Applications of small drones equipped with chemical instrumentation. (a) volcanic research (Mori
et al., 2016); (b) landfill emission monitoring (Reproduced with permission from Scentroid); (c) methane
monitoring in industrial sites (Photo by Sean Boggs/Environmental Defense Fund); (d) early fire
detection; (e) residential emissions monitoring (Reproduced with permission from Scentroid); (f) ship
emission monitoring (Photo: NERC); (g) precision agriculture (Reproduced with permission from Applied
Drone Innovations B.V.); (h) urban air quality (Photo: Digital Trends).

5.1. Atmospheric chemistry research

Instrumented drones can provide experimental measurements of atmospheric constituents
(e.g. CH4, CO2, NOx and 03) and thermodynamic variables (temperature, humidity, pressure,
wind, etc.) in the lower troposphere. These measurements have a much lower cost than
manned aircraft, blimps or balloons, and can be taken over a wider spatial region than fixed
monitoring stations or towers, and at higher spatial resolution than satellite-based
measurements. In the last 15 years, small drones have been used to capture vertical and
horizontal profiles of GHGs (Brady et al., 2016; Brosy et al., 2017; Golston et al., 2017; Gramm
and Schiitze, 2003; Khan et al., 2012a; Khan et al., 2012b; Kunz et al., 2019; Malaver Rojas et
al., 2015; Nathan et al., 2015; Schuyler and Guzman, 2017; Schuyler et al., 2019; Watai et al.,
2006) and ozone (03) (Baxter and Bush, 2014, Li et al., 2017) in the atmospheric boundary
layer (ABL). In their pioneering work, Watai et al. (2006) used a gasoline-powered FW drone
equipped with an NDIR sensor to explore CO2 variations up to a height of 2000 m. More
recently, NDIR sensors mounted on RW drones have been used to measure the surface flux of
CO2 (Kunz et al., 2019, Kunz et al., 2018). Several authors (Golston et al., 2017; Schuyler et al.,
2019) have exploited the ability of FW and RW drones to fly horizontally and vertically,
respectively, to explore vertical and horizontal variation in GHGs and thermodynamic variables
in the ABL (Fig. 15). While Golston et al. (2017) used custom OP-TDL sensors, Schuyler et al.
(2019) used low-cost chemical sensors, correcting the result for the effects of temperature at
different relative humidities. Brosy et al. (2017) studied the nocturnal evolution of vertical
profiles of methane of up to 50 m above ground level using a RW drone tethered to a ground-
based CRDS.
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Fig. 15. Diurnal variation in the (a) horizontal and (b) vertical profiles of atmospheric temperature for the
times (green square) 6:04—6:56 a.m., (blue circle) 7:06-7:57 a.m., (red triangle) 8:11-9:05 a.m., and
(black diamond) 9:28-10:22 a.m. Data was captured with a RW drone (Schuyler et al., 2019). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)

Drones are also an excellent platform for volcanic plume sensing, as they can carry gas
detectors and samplers directly into the plume, minimizing risk to humans. The main reason for
studying emissions from volcanoes is the concern about the environmental effects of volcanic
gases, particularly acid rain caused by SO2 and the “greenhouse” effects of CO2 emissions
(Hards, 2005; Robock, 2000). Plume measurements provide a better understanding of how and
why volcanoes erupt (von Glasow et al., 2009), and allow geologists to diagnose underground
magma conditions for eruption forecasting (McGonigle et al., 2008). Thus, periodic monitoring
of volcanic gases can be used to prepare communities for volcanic eruptions (Muscato et al.,
2012), and mitigate ash hazards for aviation (Diaz et al., 2015). Several research missions have
used RW drones to carry chemical sensors into volcanic plumes to measure the CO2/S02 ratio
(McGonigle et al., 2008; Riidiger et al., 2018), analyze the composition of fumaroles following
eruptions (Mori et al., 2016; Shinohara, 2013), investigate the dynamics of volcanic outgassing
and plume transport (Liu et al., 2019), and quantify SO2 emission rates (Xi et al., 2016). In a
collaborative project between NASA and University of Costa Rica (Diaz et al., 2015; Pieri et al.,
2013), a miniaturized mass spectrometer (MMS) was flown into a volcanic plume to perform a
detailed composition analysis (Fig. 16). This represents a significant advance in the state of the
art of airborne gas measurement, i.e. using a drone to collect laboratory-quality data directly in
the field.
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Fig. 16. Mass spectrum of a volcanic plume captured with a miniaturized mass spectrometer (MMS) on
board of a RW drone. The spectrum reveals the presence of H20 and CO2 as main gases, H2S and SO2 as
trace gases (tens of ppm) and some air contamination (N2, 02 and Ar peaks).

Reproduced with permission from Diaz et al. (2015).

Wildfires and thawing permafrost are also important sources of GHGs and pollutants. Wildfires
are estimated to account for 5-10% of annual global CO2 emissions (Knorr et al., 2016), while
methane escaping from thawing permafrost in Artic regions accounts for 3.5% of global CH4
emissions (Schuur et al., 2015). Measuring these emissions allows us to predict exposure and
estimate risks to human health and the environment, and to reinforce emission inventory
calculations (Aurell and Gullett, 2013). To explore the feasibility of using drones for such
measurements, Zhou et al. (2017) used a RW drone equipped with low-cost CO and CO2
sensors to derive carbon emission factors in a smoke plume simulating a wildfire. More
recently, Oberle et al. (2019) used a RW drone equipped with a downward-facing sTDLAS
analyzer to map surface emissions of methane in the Artic, successfully identifying potential
locations of thawing permafrost.

5.2. Industrial emission monitoring

Emissions of gaseous pollutants, odor and dust are still unavoidable in certain industrial
activities today despite a wide range of abatement options are available. This can lead to
disruptions from environmental permit requirements, fines, and can impact on nearby
communities which results in poor publicity in the media and damaged reputation.
Characterizing and monitoring the environmental impact of an industrial plant is key for
preventing and reducing industrial pollution, and minimizing impact to surrounding population.
In this line, drones equipped with chemical detectors can supplement the information provided
by continuous emission monitoring systems (CEMS) typically installed on the plant, and
periodic walkover surveys with hand-held detectors. Drones can provide measurements with
much better spatial resolution than fixed detectors, and with less risk than walkover surveys.

In many countries, emission monitoring is mandatory for certain industries to assess
compliance with environmental permit requirements. For instance, atmospheric emissions in
Europe are regulated by the Industrial Emissions Directive 2010/75/EU (IED), which specifies
the gases that require monitoring and the recommended measurement method for each gas.
The most common gases that require measurement are combustion gases (i.e. SO2, NOx and
CO), VOCs and acid gases such as HCI, HF, and NH3. This IED states that while measurement
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techniques based on transportable measurement platforms may be less accurate than
reference methods (typically laser-based optical analyzers), they may be used to supplement
information from fixed measurements in order to determine spatial concentration
distributions. This encourages the use of drones to map air pollutants over a specific area of an
industrial plant, or across the entire plant, in order to find fugitive emissions, help validate
mathematical emission models, and control effectiveness of abatement measures.

Refineries and petrochemical plants emit 600—700 tons/year of hazardous gases (mostly CH4)
and VOCs from leaking equipment, such as valves, connectors, or open-ended lines (United
States Environmental Protection Agency (EPA), n.d.). As a result, these industries must conduct
periodic Leak Detection and Repair (LDAR) surveys to minimize gas leaks. Aerial surveys by
drones equipped with methane detectors are a promising cost-effective alternative to current
walkover LDAR inspections. Fixed-wing platforms equipped with TDLAS detectors were initially
assessed for leak detection (Barchyn et al., 2017; Hollenbeck et al., 2019a) and whole-site
emission quantification (Nathan et al., 2015), but with limited success. More recently, these
tasks have been tackled using RW drones equipped with OP-TDL detectors (Smith et al., 2017,
Whitehead, 2018; Whiticar et al., 2019, Whiticar et al., 2018) and downward facing sTDLAS
instruments (Golston et al., 2018a; Yang et al., 2018). A recent systematic, blind experiment at
a gas production site showed that RW drones equipped with OP-TDL sensors were capable of
accurately (>80%) identifying leaking equipment (Ravikumar et al., 2019). Indeed, many
important O&G companies, such as ConocoPhillips (2019), TOTAL Group (2019) or BPX-Energy
(2019), are already testing this technology at their plants.

Waste treatment sites, such as SWLs and WWTPs, are major sources of GHGs and offensive
odors. Landfill gas is composed of ~50% CH4 and ~50% CO2 (Lou and Nair, 2009), whereas
WWTP emissions are mostly composed of CH4 and N20 (Daelman et al., 2013). Operators of
large SWLs and WWTPs are required to provide annual reports on the emission of hazardous
compounds that exceed permissible levels (United Nations Economic Commission for Europe
(UNECE), 2008). Recently, research groups and companies have deployed drones in SWLs for
surface emissions monitoring (SEM), as an alternative to traditional measurement techniques
such as walkover surveys and surface flux chambers. For instance, Sniffer Robotics LLC (USA)
addresses SEM monitoring using a RW drone equipped with a CP-TDL detector connected to a
long sampling tube with a sampling inlet suspended at 5-10 cm above the ground. In this type
of scenario, however, a more elegant solution that does not require long sampling tubes is to
equip the drone with a downward facing sTDLAS instrument (Emran et al., 2017). Both
approaches are effective for mapping the surface methane concentration, highlighting the
most important emission hotspots (Fig. 17), and this information is key for the landfill operator
to implement abatement solutions.
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Fig. 17. Surface methane map of a landfill site captured by a RW drone mounting a CP-TDL methane
sensor and a 10-m vertical sampling inlet. Permission granted by Sniffer Robotics, LLC.

In the case of WWTPs, odorous compounds produced by wastewater treatment, such as NH3,
H2S or mercaptans, represent an important annoyance problem for workers and communities
living near these facilities (Aatamila et al., 2010; Palmiotto et al., 2014). Current odor
assessment methodologies use costly and infrequent olfactometry measurements involving
human panels, leading to poor temporal and spatial resolution (Bax et al., 2020). The idea of
using a drone equipped with chemical sensors to monitor malodors in WWTPs was originally
devised by Lega and Napoli (2008), but was not tested in practise. Currently, the European
project SNIFFDRONE is exploring the feasibility of using a RW drone equipped with an e-nose
to map offensive odors in WWTPs (DAM-IBEC, 2019). The drone also integrates a vacuum
sampling device to grab ambient air samples into 10-L nalophan bags, which are analyzed by
dynamic olfactometry to calibrate and validate the e-nose predictions.

Mining operations at open-pit mines can damage the environment and the health of
surrounding populations due to emissions of dust particles and gases such as CH4, CO2, NOx,
and SOx (Alvarado et al., 2015). In particular, blasting operations inject plumes of concentrated
NOx (500 ppm) and PM (400 pug m-3) into the atmosphere at concentrations that can exceed
local safe limits by up to 3000 fold (Oluwoye et al., 2017). Alvarado et al. (2015) and Bui et al.
(2019) proposed to use drones equipped with optical particle counters (OPCs) and low-cost air
quality sensors to monitor dust, NO2, NO and CO at open-pit mining sites, as an alternative to
ground-based samplers and open-path analyzers. While the work by Alvarado et al. (2015) was
a feasibility study carried out in an open field using talcum powder as a dust source, the
experiments by Bui et al. (2019) were carried out in a real open-pit mine, in which they flew
the drone in a circular pattern at an altitude of 120 m to map the concentration of several
pollutants.
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5.3. Law enforcement

Drones are also a useful measurement platform for environmental agencies and police
departments to ensure compliance with air emission regulations. Maritime authorities in
Netherlands, Denmark (Explicit-ApS, 2017), Norway, and Hong-Kong (Topali and Psaraftis, 2019)
have begun to use drones to check ships coming into and out of their ports for compliance with
the fuel sulfur content (FSC) emissions regulations established by the International Maritime
Organization (IMO) (Eyring et al., 2010). Previous inspection methods were limited to
examining the ship's log books, visually assessing smoke opacity, or manually analyzing fuel
samples from random ships. In contrast, a drone equipped with SO2 and CO2 sensors requires
only 2 min of hovering within the plume of a ship to ascertain the FSC with reported accuracy
of 0.03% (Zhou et al., 2019). If high sulfur levels are detected, an oil sample can be taken from
the ship when it is in port to confirm the results and report them to the police.

Emissions from residential heating are also a major source of outdoor air pollution worldwide
(Rehfuess, 2006), especially in some developing countries where it is common for people to
heat their homes with low-quality coal, scrap wood, and even garbage. In many cases this has
become illegal under new environmental laws, so police officers have begun to use drones
equipped with AGS and MOX sensors to “sniff” chimneys in residential neighborhoods to test
for elevated concentrations of Ethanol, Formaldehyde, Ammonia, or Hydrogen Chloride, as
these chemicals indicate the use of low-quality burning material (Scentroid, 2018).

5.4. Safety and security

Thanks to their rapid deployment, drones are promising tools for safety and security
applications, such as early fire detection, or search and rescue. Drones equipped with chemical
sensors can overcome some of the limitations of camera-based drones currently used by fire
departments to detect uncontrolled fires. One problem of image-based systems is that they
can only detect fires at advanced stages, e.g. when there is already a flame or a large smoke
column, which introduces a detection delay. Another problem is false positives caused by
phenomena with similar characteristics to flame or smoke, such as sunlight, dust, fog, or water
plumes (Krill et al., 2012; Yuan et al., 2015). MOX sensors and PIDs can assist early fire
detection by detecting VOCs released in the pyrolysis and smoldering stages of a fire (Fonollosa
et al., 2018; Krill et al., 2012). They can also be used to confirm a candidate fire detected by a
camera (Krill et al., 2012; Von Wahl et al., 2010).

Other scenarios for gas-sensitive microdrones include detecting dangerous gases and locating
unconscious victims in buildings that have collapsed due to earthquakes or explosions. In these
situations, rescue teams usually bring hand-held gas detectors to find gas leaks, and trained
dogs to search for victims, and these resources could be supplemented with drones equipped
with cameras and gas sensors. Such drones would expand the possibilities for emergency
crews, who could thus fly the drone throughout indoor spaces, overcoming obstacles such as
stairs and debris. As a proof of concept, a recent study demonstrated the use of a nano-drone
(weighing just 35 g) for indoor gas source localization and mapping (Burgués et al., 2019a).

28



5.5. Precision agriculture

Drones equipped with environmental sensors have been proposed as an option to automate
certain agricultural tasks, such as monitoring climate variables in greenhouses or assessing fruit
maturity. Roldan et al. (2015) used a quadrotor to produce high-resolution maps of air
temperature, humidity, luminosity and CO2 in a greenhouse. In a follow-up study (Roldan et al.,
2016), they proposed a multi-robot system consisting of an unmanned ground vehicle (UGV)
carrying a small drone, which combines the robustness and autonomy of the UGV for
continuous work with the agility and speed of the microdrone for occasional interventions.

Valente et al. (2019) studied the feasibility of using drones equipped with ethylene sensors to
assess apple maturity in an orchard. By modelling ethylene dispersion from multiple adjacent
trees (Fig. 18), they assessed the optimal height for measurement. However, preliminary field
experiments using a RW drone equipped with an ethylene AGS found that the proposed
platform was unable to infer fruit maturity because of the sensor's high detection limit

(500 ppb) with respect to the low concentrations of ethylene released (2 ppb according to the
simulation).

150

50

Ethylene concentration {ppb)

Fig. 18. Simulated dispersion of ethylene vapors from climacteric fruits hanging from adjacent trees
(Valente et al., 2019). Each tree is loaded with 20 kg of fruit and releases on average 100 ppb/s of
ethylene. The maximum concentration (150 ppb) is found near the ground due to downwash of the RW
drone.

6. Current limitations and future perspectives

In the last decade, drone-based chemical monitoring systems have emerged as an alternative
or complementary technique to traditional ground-based detectors and manned aircraft in a
myriad of applications ranging from volcanic plume analysis to methane leak detection in oil
and gas industry. In this paper, we provide an exhaustive review of the potential applications of
small drones fitted with in-situ or remote sensing gas detectors, explain in detail the various
chemical-sensing technologies available, and describe the algorithmic solutions proposed to
address tasks such as gas concentration mapping, source localization/identification, and flux
guantification. While there is clearly great potential for drones in chemical sensing
applications, it is also clear that this is still a very young field, and most work is still in the proof-
of-concept stage, and needs further refinement and validation.
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There are several barriers to progress in the acceptance/standardization of drone-based
measurements. First, current microdrones still have limited operational capacity in terms of
endurance, autonomy, and flight range. Short flying times (typically 15—20 min) make these
systems unsuitable for large-scale screening in settings with low infrastructure density.
Obstacle detection and avoidance is still not feasible in realistic scenarios, which requires a
remote pilot to navigate those environments. Autonomous navigation is not envisioned in the
short term, not only because of technical limitations, but also due to regulatory constraints. In
most countries, drones can only be operated under certain conditions, such as in daylight,
maintaining a visual line of sight (VLOS) between the operator and the drone, and a maximum
altitude of 120 m and a safety distance from buildings and people. In certain applications, such
as monitoring large industrial facilities, sniffer drones will need to have good maneuverability
while also being able to cover large distances efficiently. The need for endurance and good
maneuverability may be met by using RW drones with high-performance lithium polymer
batteries (Hu et al., 2016), by using FW platforms with VTOL capability (Kalpa Gunarathna and
Munasinghe, 2018) or by deploying multiple collaborating drones (He et al., 2019).

Second, the limited payload capacity of current microdrones prevents the use of heavy
reference instrumentation on board, which often results in lower quality data. It is true that
some high-end lightweight optical analyzers can be mounted on board, however they are
currently only available for methane detection. While it may be acceptable in some scenarios
to tether the drone to a ground-based instrument via a long sampling line, tethered tubing has
significant practical disadvantages, such as risk of snaring on surface objects, contamination,
sampling lag, and limited sampling range. Clearly, it is important to prioritise efforts to
miniaturize high-precision analyzers and extend the range of gases they can detect, and
improve the sensitivity, selectivity and response time of low-cost chemical sensors. In this line,
a miniaturized mass spectrometer (MMS) and a miniaturized FTIR spectrometer were recently
developed for use with small drones, allowing detailed composition analysis of volcanic plumes
(Diaz et al., 2015) and simultaneous mapping of several compounds in an outdoor field
(Rutkauskas et al., 2019), respectively. This represents a significant advance in the state of the
art of drone-based gas measurements, i.e. using a laboratory-grade instrument on board of a
small drone. Alternatively, combining signals from multiple gas sensors using pattern
recognition algorithms is a promising way of increasing the selectivity of low-cost sensing
technologies. The utility of e-noses for environmental monitoring applications has been already
demonstrated in fixed installations (Bax et al., 2020), mobile robots (Palacin et al., 2019), and is
currently being tested on drones (DAM-IBEC, 2019). Multivariable gas sensors, which consist of
a sensing material with multi-response mechanisms to different gases, could offer a more
compact form factor than e-noses, and better long-term stability of the sensor's output
(Potyrailo, 2016).

Third, the downwash generated by the propellers of RW drones can reduce the quality of
measured data. Moreover, the propellers produce considerable noise, which may hinder the
social acceptance of using these drones in cities. Drone miniaturization, e.g. nano-drones, may
reduce environmental and noise disturbance, and enable gas sensing operations inside
buildings (Burgués et al., 2019a). However, as their physical size decreases, conventional

30



motors become less efficient, and other required actuators become difficult to manufacture,
creating a need for alternative methods of actuation for vehicles below a few grams. Inspired
by nature, flapping-wing propulsion is a very efficient means of locomotion, and has the
further advantage of minimal disturbance to surrounding air (Platzer et al., 2008). Under
preliminary conditions, drone researchers have been able to reproduce natural flight in robotic
insects such as the RoboBee (Wood et al., 2013) and the four-winged DelFly (De Croon et al.,
2012), and in bird-sized drones such as the SmartBird (Mackenzie, 2012) or Nano Hummingbird
(Keennon et al., 2012). A recent study described the hardware-software architecture of a
flapping wing drone equipped with environmental sensors (Jatsun et al., 2018). These advances
in the miniaturization of flying robots, and improvements in the performance of low-cost
chemical sensors may drive a paradigm change in the field of environmental sensing using
small drones. The original approach of using a large and heavy drone equipped with complex
bulky instrumentation could likely be replaced by the use of swarms of insect-like collaborating
drones equipped with very small gas sensors.
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Glossary

ABL: Atmospheric Boundary Layer

ANN: Artificial Neural Network

CEAS: Cavity Enhanced Absorption Spectroscopy
CFD: Computational Fluid Dynamics
CP-TDL: Closed-Path Tunable Diode Laser
CRDS: Cavity Ring-Down Spectroscopy
EC: Electrochemical Cell

E-nose: Electronic Nose

EPA: Environmental Protection Agency
FSC: Fuel Sulfur Content

FW: Fixed wing

GCM: Gas Concentration Mapping

GHG: Greenhouse Gas

GP: Gaussian Plume

GPS: Global Positioning System

GSL: Gas Source Localization

IED: Industrial Emissions Directive

IMO: International Maritime Organization
IR: Infrared

IT: Isotropic

LAS: Laser Absorption Spectroscopy
LDAR: Leak Detection and Repair

MMS: Miniature Mass Spectrometer
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MOX: Metal Oxide

MTOW: Maximum Take-Off Weight

NDIR: Non-Dispersive Infrared

OA-ICOS: Off-Axis Integrated Cavity Output Spectroscopy
OGl: Optical Gas Imaging

OPLS: Open Path Laser Spectrometer

OP-TDL: Open Path Tunable Diode Laser

O&G: Oil and Gas

PID: Photo-lonization Detector

PTV: Particle Tracking Velocimetry

RC: Radio Control

RPAS: Remotely Piloted Aircraft System

RPT: Reactive Plume Tracking

RW: Rotary Wing

SEM: Surface Emission Monitoring

SsTDLAS: Standoff Tunable Diode Laser Absorption Spectroscopy
STILT: Stochastic Time-Inverted Lagrangian Transport
sUAS: Small Unmanned Aircraft System

SWL: Solid Waste Landfill

TDL: Tunable Diode Laser

TDLAS: Tunable Diode Laser Absorption Spectroscopy
TVOCs: Total Volatile Organic Compounds

UAS: Unmanned Aircraft System

UGV: Unmanned Ground Vehicle

UV: Ultraviolet

VLOS: Visual Line of Sight

VTOL: Vertical Take-Off and Landing

VOCs: Volatile Organic Compounds

WWTP: Wastewater Treatment Plant
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