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Abstract: The development of reliable gas sensors is very important in many fields such as
safety, environment, and agriculture, and is especially essential for industrial waste and air
pollution monitoring. As the performance of mobile platforms equipped with sensors such
as smartphones and drones and the technologies supporting them (wireless communication,
battery performance, data processing technology, etc.) are spreading and improving, a
lot of efforts are being made to perform these tasks by using portable systems such as
smartphones or installing them on unmanned wireless platforms such as drones. For
example, research is continuously being conducted on chemical sensors for field monitoring
using smartphones and rapid monitoring of air pollution using unmanned aerial vehicles
(UAVs). In this paper, we review the measurement results of various chemical sensors
available on mobile platforms including drones and smartphones, and the analysis of
detection results using machine learning. This topic covers a wide range of specialized fields
such as materials engineering, aerospace engineering, physics, chemistry, environmental
engineering, electrical engineering, and machine learning, and it is difficult for experts in
one field to grasp the entire content. Therefore, we have explained various concepts with
relatively simple pictures so that experts in various fields can comprehensively understand
the overall topics.

Keywords: chemical sensor; optical detection; electrochemical; drone; unmanned aerial
vehicles; mobile platform

1. Introduction
The development of reliable gas sensors is very important in many fields such as

public safety, medical applications, agriculture, and especially monitoring industrial waste
and air pollution. With the help of mobile platforms such as unmanned aerial vehicles
(UAVs) and the development of wireless communications, rapid air pollution monitoring
has become possible [1,2]. In addition, the continuous development of AI or data processing
algorithms may enable the rapid determination of gas molecule types and concentrations
in the near future. However, the spatial mapping of gas concentrations in the atmosphere
and localization of gas leaks utilizing chemical sensing technologies on various mobile
platforms still remain a challenging task.

Depending on the sensing mechanism, chemical sensing methods include resistive-
type, electrochemical, and optical methods. Mobile platforms equipped with these sensors
come in various types such as drones, handheld portable devices, and chip-type micro
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sensors that can be connected to smartphones. Thanks to the improvements in the sensi-
tivity and selectivity of chemical sensors together with the development of materials such
as plasmonic nanomaterials as well as artificial intelligence (AI)-based data processing,
there have been enormous developments in chemical detection using wireless unmanned
mobile platforms.

There have been various studies and reviews on chemical substances and pollutant
detection using mobile platforms such as smartphones, robots, and drones [3–8]. However,
reviews on the advantages and disadvantages and applicability according to the character-
istics of the platform and sensors are somewhat limited. In this paper, we reviewed the
results of various chemical detections available on mobile platforms including drones and
smartphones, and the analysis of the sensing results utilizing machine learning. We try to
provide a comprehensive understanding of applicable technologies and their character-
istics according to mobile platforms. This topic covers a very wide range of specialized
fields such as material science, aeronautical engineering, physics, chemistry, environmental
engineering, electronics, and machine learning, and it is difficult for experts in one field to
grasp the overall content. Thus, we illustrate relatively simple concepts with figures and
pictures to help experts in various fields understand the overall concepts comprehensively.

In Section 2, we present an overview of chemical detection using various mobile
platforms in order to introduce general concepts and the importance of chemical detection
with various mobile platforms. In Section 3, we discuss the gas sensing mechanisms of
various chemical sensors together with their basic structures, and in Section 4, we review
chemical detection results using optical and other sensing methods, focusing on drone
applications including the effect of UAV structures and the influence of airflow near the
UAV. Then, in Section 5, we discuss the environmental impacts (temperature, humidity,
flow rate, etc.) of the chemical sensors for drone applications. Finally, in Section 6, we
discuss AI-based data processing techniques using chemical detection results.

2. Overview of Chemical Detection Using Mobile Platforms
This section briefly describes the main applications used for chemical sensors on

drones and smartphones, etc. For UAV applications, non-dispersive infrared (NDIR)
sensors that use the infrared absorption of molecules have been most commonly used;
meanwhile, for smartphone applications, colorimetric and electrochemical sensors are
frequently used. Figure 1 illustrates the types of mobile platforms and sensing methods
that can be adopted for mobile platforms. In this review, we will discuss mobile platforms
including UAVs, robots, smartphones, portable devices, and satellites adapting Infrared (IR)
absorption-based detectors (such as NDIR detectors illustrated in Figure 2), chemiresistor
sensors, electrochemical sensors, fluorescence sensors, colorimetric sensors, and hyper-
spectral cameras. More detailed descriptions of resistive-type, electrochemical, and optical
sensors are given in the next section.
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long-term, continuous monitoring of sources of hazardous gas emissions in industrial ar-
eas. They also have the advantage of being able to observe areas that are geographically 
difficult for humans to access, such as landfills, wastewater treatment plants [9,10], mili-
tary border areas, and areas with frequent volcanic eruptions. Although various gas sen-
sors can be mounted on drones, the chemical sensors which are most commonly utilized 
on UAVs are infrared sensors that use a laser of a specific infrared wavelength to detect 
the concentration of molecules by absorption of light at the wavelength (Figure 2) 
[9,11,12]. 

UAVs equipped with gas sensors can provide data on atmospheric greenhouse gas 
components (e.g., CH4, CO2) in the lower troposphere. These measurements are much less 
expensive than manned aircraft, can scan larger areas of space than fixed monitoring 
methods, and can provide better spatial resolution than satellite-based measurements 
[13]. In the NDIR method, absorption by specific molecules can be measured immediately 
when air is drawn into the chamber through an air intake either built-in on the drone or a 
pylon mounted on the base of a drone, making it relatively easy to obtain gas concentra-
tion mapping. Figure 3 shows examples of gases and volatile organic compounds (VOCs) 
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2.1. Chemical Detection Using Drones

There is growing interest in equipping drones with gas sensors, as they can provide
long-term, continuous monitoring of sources of hazardous gas emissions in industrial areas.
They also have the advantage of being able to observe areas that are geographically difficult
for humans to access, such as landfills, wastewater treatment plants [9,10], military border
areas, and areas with frequent volcanic eruptions. Although various gas sensors can be
mounted on drones, the chemical sensors which are most commonly utilized on UAVs are
infrared sensors that use a laser of a specific infrared wavelength to detect the concentration
of molecules by absorption of light at the wavelength (Figure 2) [9,11,12].

UAVs equipped with gas sensors can provide data on atmospheric greenhouse gas
components (e.g., CH4, CO2) in the lower troposphere. These measurements are much
less expensive than manned aircraft, can scan larger areas of space than fixed monitoring
methods, and can provide better spatial resolution than satellite-based measurements [13].
In the NDIR method, absorption by specific molecules can be measured immediately when
air is drawn into the chamber through an air intake either built-in on the drone or a pylon
mounted on the base of a drone, making it relatively easy to obtain gas concentration
mapping. Figure 3 shows examples of gases and volatile organic compounds (VOCs) that
need to be monitored. The emission sources are explained together.

If the spatial distribution of gas concentrations can be obtained using drones, this is
useful for air quality monitoring in urban areas and for assessing the diffusion of target
gases after fires, chemical leaks and accidents, and volcanic eruptions [14–19]. To con-
struct a gas distribution map, a drone typically follows a predefined navigation path with
equidistant measurement points to measure gas concentrations.
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backscattered-tunable diode laser absorption spectroscopy (Backscattered-TDLAS) [11]. Copyright 
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Figure 4 shows chemical detection in an open field using UAVs. The target gases
and detection methods are methane using backscattered-tunable diode laser absorption
spectroscopy (TDLAS), CO2 using an NDIR detector, odorous gases using an electronic
nose (e-nose) composed of electrochemical, NDIR, and metal oxide semiconductor (MOS)
sensors, respectively.
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Figure 4. Examples of chemical detection using drones. (a) Detection of methane leakage using
backscattered-tunable diode laser absorption spectroscopy (Backscattered-TDLAS) [11]. Copyright
2021 by Iwaszenko et al. Reprinted with permission. (b) Response of NDIR CO2 detector during
the flight of small unmanned aerial systems (quadcopter for vertical profiles and fixed-wing for
horizontal profiles) with programmed gas release [12]. Copyright 2019 by Schuyler et al. Reprinted
with permission. (c) Odor prediction process using e-nose adopted on a UAV [9]. Copyright 2021 by
Elsevier. Reprinted with permission.

In optical measurements, spectrometers are often used in a laboratory. If a spectrometer
was used for drones, optical alignment issues might occur during the operation. Thus,
instead of using a spectrometer, either an optical bandpass filter with a specific wavelength
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or a hyperspectral camera may be utilized. In a fluorescence method, light-emitting diodes
can be used as excitation light, and only optical filters appropriate for the fluorescence
wavelength can be used without a spectrometer, which has the advantage of application to
mobile platforms. Since the fluorescence method is sensitive to the detection of explosive
molecules, research on this topic is being conducted in South Korea to utilize robots or
drones. In the fluorescence method, airflow is very important for sensitivity [20,21].

Resistive or chemiresistive sensors are typically inexpensive, but when a drone flies
to an area where the concentration of molecules changes rapidly, there is a typical delay
of several seconds to tens of seconds depending on the time it takes for molecules to
be desorbed since the sensors utilize the change in resistance caused by gas molecules
adsorbed to the sensing material (oxide semiconductor). The situation is somewhat similar
for the fluorescence method, but the response is typically somewhat slower in resistive
sensors. Therefore, a strategy to obtain the spatial distribution of gas concentrations or to
localize the gas source is necessary [1,2]. For example, a drone can be paused for several
seconds to measure the gas concentration or can change its flying direction. Regarding this
issue, the NDIR method seems to be the most superior for obtaining the spatial distribution
of gas concentration using drones, although only one type of molecule can be detected
at once since the IR absorption at a specific wavelength is associated with the molecular
vibration energy.

Another challenge with resistive or electrochemical sensors is associated with the
variations in the temperature and humidity when a drone flies over a wide area. For
resistive-type sensors, the resistance of a sensing material is sensitive to the change in
humidity, even when the temperature of the sensor is fixed at around 300 C. For example,
Schuyler et al. used inexpensive chemical sensors to correct the results for the effect of
temperature at different relative humidity [12]. Also, the electrochemical current and
fluorescence intensity can be fairly sensitive to the temperatures. On the other hand, when
using a drone, the sensor output changes quickly over time as it passes through an area
where the concentration of the molecule being sensed increases, so it is relatively less
affected by the long-term drift of the sensor, which is a great advantage.

Over the past two decades, small drones have been used to capture vertical and
horizontal profiles of atmospheric greenhouse gases and ozone in the atmospheric boundary
layer. Watai et al. used a drone equipped with an NDIR sensor to probe CO2 changes up to
2000 m in height, and NDIR sensors mounted on drones have been used to measure surface
fluxes in CO2. Several authors have exploited the ability of drones to fly horizontally and
vertically to probe vertical and horizontal changes in atmospheric greenhouse gases [1,22].

With the advancement of autonomous driving technology, robots equipped with
sensors can be used to detect hazardous gases or explosives in hazardous areas such as
minefields. Fluorescence quenching and GPR are widely used for explosive detection.

Figure 5a shows landmine detection methods including optical imaging (surface land-
mines), metal detector (landmines including metal components), fluorescence methods
(detection of specific explosives), ion mass mobility spectroscopy (analysis of specific ex-
plosive signals from the spectrum), GPR (imaging of buried objects), and X-ray (imaging of
buried objects). Among the methods, the optical imaging using a visible or infrared camera
is one of the cost-efficient techniques. Figure 5b shows a proposed system architecture for
optical imaging and mapping of surface landmines [23]. The images obtained from these
kinds of systems can be processed with AI technologies. The images in the right box of
Figure 5b show examples of object detection using a neural network model. For buried
landmines, GPR is one of the predominant techniques. Figure 5c,d show a GPR system
adopted on a robotic platform (Figure 5c [24]) and on a UAV (Figure 5d [25]).
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Figure 5. (a) Detection techniques for landmines. (b) The system architecture proposed for surface
landmine detection (left) and object detection results of “starfish” (left 3 images) and “butterfly” (right
3 images) landmines. The red rectangles, yellow rectangles, and purple circles indicate correct, wrong,
and missing object detection results in the images on the right box [23]. Copyright 2024 by Vivoli et al.
(c) Schematic illustration of the ground penetrating radar (GPR) configured with the 1Tx + 4Rx
antenna system (left). A photograph of the robotic platform on the linear test path is also shown
(right) [24]. Copyright 2022 by Pryshchenko et al. (d) Illustration of the flight path for airborne-based
GPR system [25]. Copyright 2022 by García-Fern’andez et al. Reprinted with permission.

Sato et al. presented a handheld detector with a GPR and a metal detector, and
airborne-based GPR-SAR imaging has been realized for landmine and IED detection
systems [25–31]. They found that the L and S bands (1–4 GHz) offer a good trade-off
between penetration depth and image resolution (free-space down-range resolution is
around 5–7 cm). Robots are generally slower than UAVs but can carry larger payloads and
have fewer restrictions on power consumption.

2.2. Miniaturized Sensors for Smartphones and Portable Detectors

In addition to platforms that can drive autonomously or by remote control such as
UAVs and robots, many studies are being conducted on smartphone-mounted sensors and
portable detectors. Figure 6 shows the chemical sensor applications using a smartphone.
One of the approaches for adapting chemical sensors for a smartphone was the devel-
opment of an extra module including chemical sensors such as electrochemical sensors.
Figure 7a,b show extra electrochemical modules communicating with a smartphone using
near-field communication (NFC) wireless communication and USB communication [32,33].
In addition, portable sensing modules that can communicate data with smartphones using
wireless communication such as Bluetooth, WiFi, and NFC have already been developed,
and commercial products that can perform electrochemical measurements with additional
accessories to smartphones are available.
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(d) Microfluidic paper-based fluorometric chemical sensor with optical analysis using a smartphone
and attachment [35]. Copyright 2024 by Elsevier. Reprinted with permission.

One of the most widely studied and applied methods in sensing applications using
smartphones is optical sensing such as a colorimetric sensor using smartphone cameras. The
performance of camera modules and data processors in smartphones has been continuously
improving, making it possible to perform optical measurements utilizing smartphones
without using complex and expensive optical systems. In particular, improvements in the
color resolution and spatial resolution of smartphone cameras can contribute to improved
color accuracy and spectral resolution in colorimetric sensing. In addition, data analysis
is expected to become easier when combined with machine vision and machine learning
technologies that have been actively developed recently.



J. Sens. Actuator Netw. 2025, 14, 6 8 of 45

Sensing techniques that can utilize the camera of a smartphone include a colorimetric
sensor, fluorometric sensor, surface-enhanced Raman spectroscopy, and surface-plasmon
resonance. Figure 7c,d show colorimetric and fluorometric sensors using a smartphone
camera [34,35]. In this section, we mainly focus on colorimetric sensors [36].

The simplest and most representative example of a colorimetric sensor is a method of
detecting a color change through a chemical reaction, such as litmus paper for checking
pH. In the case of test strips commonly used for urine tests in hospital examinations, paper
coated with reagents for measuring glucose, protein, pH, etc. (e.g., glucose oxidase enzyme
for detecting glucose) is attached to a plastic strip, and the presence and concentration of
each component can be roughly confirmed based on the color after the reaction.

Colorimetric sensors are usually designed for single use and are often discarded after
testing due to hygiene issues and the difficulty of reusing the sensor. For example, the urine
test strips mentioned above are not reversible and are not suitable for repeated use due
to the risk of contamination, and thus they are discarded after one use. These single-use
designs have the advantage of simplicity and practicality, but it may be difficult for users
to calibrate by themselves; the test strips are often calibrated during the production process
and then delivered to customers. However, if more accurate measurements are required,
additional calibration can be performed, such as compensating for the effects of ambient
light or comparing with a standard sample or blank sample.

In the case of colorimetric sensors, since color and the degree of change must be
confirmed together, a table is usually referred to when visually checking. However, such
visual confirmation can be somewhat inaccurate, and especially in the case of concentration
measurement, the color changes that can be identified with the naked eye are limited,
and there may be differences depending on the individual, so there are studies that have
attempted to measure this easily and accurately with a smartphone.

Although image sensors enable more accurate measurements, data storage, and trans-
fer than the naked eye, there are still challenges to overcome. In a paper written by
Fan et al., they reviewed engineering solutions to problems such as inaccurate color infor-
mation depending on lighting conditions in point-of-care diagnostics using smartphones,
adapter standardization, and repeatability problems depending on smartphone models,
data preprocessing and postprocessing (white balancing, etc.), and differences in spectral
sensitivity depending on cameras [36]. We will discuss data processing for fluorescence
and colorimetric sensors using machine learning in Section 6.4.

Portable devices such as COVID-19 disease test devices that utilize immunochromatog-
raphy techniques are widely used in daily life, and they are similar to colorimetric sensors
in that they display test results in color. This technique performs a test by utilizing the reac-
tion between antigens or antibodies contained in body fluids, etc., and antibodies/antigens
prepared in a test kit. Antigens or antibodies are sometimes conjugated with materials that
exhibit inert properties and can display colors, such as gold nanoparticles [37]. These tests
often display the test results in the form of colored lines, and while they allow for easy and
fast testing and intuitive result analysis, they have the limitation that they can only test for
the presence or absence of specific antigens/antibodies.

There have also been efforts to develop colorimetric sensors that can detect a wider
range of chemicals. For example, Zhang et al. prepared probe molecules using naphthalene
as a material to detect F−, CN−, and nitroaromatic explosives, and evaluated their selectiv-
ity and sensitivity for each target in fluorimetric and colorimetric methods [38]. In the case
of F− and CN−, the color changed from transparent to pink and yellow, respectively, upon
mixing with the probe molecule in solution, and in the case of trinitrotoluene (TNT) and
trinitrophenol (TNP), the solution color changed to deep red and yellow, respectively.
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2.3. Hyperspectral Cameras on Satellites

Hyperspectral cameras capable of observing greenhouse gases such as methane and
carbon dioxide have been developed and are being installed on satellites. While CCD
cameras obtain red, green, and blue (RGB) color information, hyperspectral imaging often
uses detectors capable of measuring longer wavelengths in the IR region, allowing for
additional information such as the type of material in the terrain or the temperature
distribution. The principles of hyperspectral imaging are explained in the next section.

3. Gas Sensing Mechanisms and Device Structures
3.1. Optical Methods

In addition to the infrared absorption method described earlier (Figure 2), optical
methods also include colorimetric sensors, fluorescence (or photoluminescence) sensors
in which the fluorescence signal of a thin film is weakened by chemical molecules [20,21],
surface plasmon resonance that detects the change in refractive index in the presence
of chemicals on the surface of a prism, and surface-enhanced Raman scattering (SERS)
methods that detect the Raman spectrum in which the signals of well-defined vibrational
modes of the molecules are enhanced by surface plasmon effects [39].

Optical methods include fine dust sensors utilizing light scattering, infra-red thermal
imaging cameras that detect heat generation from defective electrical equipment compo-
nents, and hyperspectral imaging cameras that can capture hundreds of narrow spectral
bands to measure the reflectance of various features (factory buildings, fields, grass, etc.),
or to measure the absorption of light in the atmosphere.

The operating principle of the NDIR sensor is that gas molecules such as CO2 or NO2

absorb specific IR wavelengths corresponding to their molecular vibrational modes. The
system consists of an infrared (IR) lamp, a sample chamber through which air passes,
and an IR detector to measure the reduced intensity. Since a lamp has a relatively broad
wavelength band, an optical filter that only passes the specific wavelength can be used. The
decrease in intensity due to the gas molecules is proportional to the concentration of the
gas in the sample chamber. Unlike resistive or electrochemical sensors that detect changes
due to the adsorption of molecules, the response time is independent of the time taken for
the adsorption/desorption of molecules to the sensing materials. Therefore, the absorption
changes immediately according to the change in gas concentration. This fast response and
recovery time make it very suitable for drones. Figure 8a shows various optical (infrared)
gas sensor topologies including the NDIR detector set-up [40].

The IR absorption method also has a great advantage in that the absorption is relatively
less affected by the temperature and humidity of the environment in contrast to both the
resistance type sensors and electrochemical sensors. The electrochemical current changes
with temperature due to a thermodynamic influence. Also, for resistance-type sensors,
there is a resistance change depending on the moisture in the air. When these sensors are
mounted on a fast-moving object such as a drone, the output value may be rapidly affected
by the humidity and temperature of the outside air in the flying area.

To further improve the environmental impacts, NDIR often uses sophisticated com-
ponents such as temperature and pressure compensation systems, which increase power
consumption; however, without such compensation, power consumption is only a few mW.
NDIR sensors are generally larger and heavier than resistive or electrochemical sensors,
but with the development of IR light-emitting diode (LED) light sources with low power
consumption, they are widely used in drones [41].

The strong optical absorption and low cross-sensitivity (narrow absorption band
without overlap) of CO2 at 4.26 µm (in the MIR range) allow for sensitive (ppb-level L.O.D.)
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and selective detection of CO2. In contrast, other gases, such as O3, have non-overlapping
spectral regions in the near-UV range.

In the case of CH4, Shi et al. demonstrated excellent linear responses of the fabricated
sensor in the range of 1000–30,000 ppm CH4 and stability of the sensor to humidity. In
addition, by using a filter (3.295 µm) corresponding to the absorption wavelength of CH4,
the signal interference caused by other gases (CO (4.66 µm) and CO2 (4.26 µm)) was reduced
and the selectivity for CH4 was increased [42]. However, the absorption at about 3.3 µm
overlaps with the absorption of H2O, and compensation may be necessary [1,40,42–44].

Unlike NDIR, tunable diode laser absorption spectroscopy (TDLAS) uses a frequency-
modulated tunable diode laser as its light source. It can operate via a closed-path or an
open-air path cell; with the closed-path design using a multi-pass cell with temperature
and pressure compensation to achieve better quality measurements, the system has slower
response times due to the time required to fill the gas cell. A portable TDLAS measurement
set-up and the CO2 and H2O measurement results are shown in Figure 8b [45]. Open-path
instruments are less accurate but lighter and faster. The compact open path tunable diode
laser methane sensor developed by NASA for the Mars Curiosity rover has been adapted
for use on drones. The open-path laser spectrometer is reported to be very light, fast, and
sensitive (10 ppb), and has been reported to detect methane plumes 200 m downwind from
the source [46].
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Another option for mobile and portable applications is remote detection technologies.
The remote detection of targets in the gas phase includes advantages such as ease of access
to measurement areas, as well as the potential for imaging gas distribution at the target area.
However, since the measurements are usually performed via IR absorption spectroscopy,
the gas concentration can be obtained with integrated absorption through the optical path
in a concentration × distance dimension (e.g., ppm·m unit). One of the widely used IR-
based remote detection applications is the remote methane leak detector (RMLD). Figure 9a
shows a photograph of a remote methane leak detector (RMLD)-adapted UAV (left) and
a drawing of the remote gas detection mechanism (right) [47]. Many commercialized
RMLD detectors are handheld TDLAS systems that measure backscattered IR laser light
and the absorption through the optical path. Figure 9b shows the simulation results and the
experimental set-up and results with the optical system, which is a combination of TDLAS
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and optical ranging technologies [48]. The combination of TDLAS and optical ranging
technologies (in this case, time-of-flight measurement) can provide spatially resolved
absorption and scattering information, which can be utilized for particle-laden flow. The
spatially distributed particles can produce time-resolved scattering and reflection of IR
light, which appear as relatively broad spectral features compared to narrower absorption
spectral features.
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The dust sensors utilize the scattering of light by fine dust particles (Figure 10a). It
is similar to NDIR in that it has a light source and a detector, but rather than using the
absorption of molecules, it measures the change in scattering due to the fine dust particles
to analyze the concentration and size of the particles.

Most fluorescence sensors utilize the change in fluorescence intensity of conjugated
polymers by chemical molecules. Thus, an excitation light source, an optical filter, a
photodiode, and a fluorescent substance that reacts with gas molecules are required for
the fluorescence system. When electrons are excited and lose energy by emitting light, it is
called luminescence, and if the excitation method is by light, it is called photoluminescence.
Therefore, the excitation wavelength must be shorter than the fluorescence wavelength.
The term fluorescence is commonly used in the fields of atomic and molecular physics and



J. Sens. Actuator Netw. 2025, 14, 6 12 of 45

polymers. The term photoluminescence can be used regardless of the material, but here, as
in most polymer papers, the term fluorescence is used.
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Fluorescence sensing is most frequently used for liquid-phase detection that senses
contaminants in a solution. For gas-phase detection, a fluorescent polymer film is installed
in a passage through which air passes, and changes in fluorescence intensity are detected
when contaminant molecules in the air are adsorbed on the film.

To apply the fluorescence method to a drone, sufficient airflow is required [20]. The air
intake into the air passage can be achieved using a fan or air pump, and the air passage can
be built into the drone or located on a pylon mounted on the base of the drone, similar to
the NDIR method. The main reason for the decrease in fluorescence intensity is known to
be that the electrons transfer from the lowest unoccupied molecular orbital (LUMO) level
of the conjugated polymer to the LUMO level of the molecule. (Figure 10b). This is called
electron transfer, and for electron transfer, the LUMO energy of the conjugated polymer
must be sufficiently high. Not only lasers but also LEDs (light-emitting diodes) can be
used as the excitation light source, and if an optical filter appropriate for the fluorescence
wavelength is used without a spectrometer, there are no problems with payload, power
consumption, and optical alignment, and this method can be applied to drones.

Since the fluorescence quenching rate is correlated with factors such as molecular
structure, electrical binding strength, types of fluorophore–quencher interactions, etc., the
fluorescent sensing material can be designed to have a certain degree of selectivity [49,50].

Instead of conjugation polymers, quantum dots and metal nanoparticles can be used,
and multiple contaminants can be detected by using nanomaterials with different flu-
orescence wavelengths [51,52]. Not only the presence or absence of contaminants but
also quantitative analysis is possible. In addition, since the light source and CCD of a
smartphone can be utilized, it is also being applied to smartphones. Section 6.4 explains
such examples.
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Many explosive materials, such as TNT or dinitrotoluene (DNT), contain nitro groups
(NO2) which are known to be electron acceptors, and it is known that some conjugated
polymers exhibit efficient fluorescence quenching in sensing nitroaromatic molecules.
Research on fluorescence-based explosive detection using robots and UAVs is actively
under progress in South Korea.

SERS utilizes Raman scattering, where photons from an incident light source interact
with molecules and slightly change their wavelengths. Raman shift is the difference
between the energy of the incident photon (hf) and the energy of the scattered photon
(hf’), which corresponds to the vibrational energy of the molecules. Since the value of the
Raman shift is typically small, it is necessary to differentiate Raman signals whose energies
are very close to the incident photon energy of the incident light. Thus, it is difficult to
detect Raman signals using an LED light source with a broad band, and a laser is used for
excitation light.

Raman signals are typically much weaker than fluorescence, and a SERS substrate that
can amplify the intensity by a factor larger than 108 can be utilized [39,53,54]. The SERS
substrate is made of a metal nanostructure such as gold or silver nanogaps (Figure 10c), and
SERS utilizes surface plasmon, where the electric field near the metal surface is amplified
by the long interaction of the incident laser light with the metal surface. A SERS device
requires a laser as a light source, a spectrometer, a SERS substrate, and a photodiode.

Raman equipment is typically large and expensive, but recently a handheld Raman ap-
paratus using a spectrometer the size of a fingernail has become available. SERS substrates
can generally oxidize in the air after long-term use, and once contaminant molecules stick
to them, they tend to adhere to them, making recovery time longer than a few minutes [39].
Most SERS substrates need to be vacuum packed for long-time storage before use, and in
the case of liquid-phase detection, plasma treatment is sometimes necessary to improve
the surface state of the substrates from hydrophobicity to hydrophilicity. In many cases,
the intensity from SERS is still weaker than that from the NDIR method, which uses the
absorption of light corresponding to vibrational energy.

When using a smartphone for SERS, a CCD can be used instead of a separate photodi-
ode, and if a hyperspectral camera is used instead of a CCD, SERS spectra can be obtained
without a spectrometer. In addition to well-known chemicals such as ethanol, SERS can
detect pesticides, explosives, microplastics, etc., and its great advantages are excellent
selectivity and sensitivity [39,53–55]. However, depending on the type of target materials,
the SERS signal may be small, and in the case of viruses and bacteria, it is difficult to expect
a surface enhancement effect in metal nano-gaps due to their large size. In such cases, one
may use nanoprobe materials or instead measure the signal of a reporter material that can
generate a Raman signal [56,57].

Recently, technologies are being developed to determine the presence of analytes
in Raman signals from contaminants in agricultural products or foods through machine
learning signal processing, or to determine multiple analytes from complex Raman signals.
SERS can be mounted on a smartphone as an accessory, through which the Raman signal
from the SERS substrate is sent to the smartphone [58].

Colorimetric response sensors use the principle that color changes depending on the
presence of contaminants, allowing the presence of the contaminants to be immediately
identified with the naked eye. Portable colorimetric sensors illuminate a sample using an
LED light source. RGB intensity is read from the reflected light, and converted to a stan-
dard color space, allowing accurate color representation and relative comparison [59–61].
Photo-based image analysis software can be used for the quantitative analysis of color
changes. Smartphone-based methods offer portable convenience, making them easily ac-
cessible to both medical professionals and the general public. Integration with smartphone
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technology also enables data sharing, remote monitoring, and integration with cloud-
based databases [62–64]. The paper-based nature of the test strips allows for inexpensive
manufacturing, making them ideal for mass production.

Colorimetric sensors can utilize a variety of reactions, but the most common method
involves fixing receptors that can recognize contaminants to precious metal nanoparticles
such as gold or silver, and cause color to change through particle aggregation or redox
reactions when contaminants are captured on the nanoparticles [65]; the contaminants can
be qualitatively or quantitatively analyzed by detecting color changes or by using changes
in the surface plasmon wavelength of metal nanoparticles.

The principle of color change due to oxidation–reduction reactions on the surface of
nanoparticles can be used to detect heavy metals [34,66]. In addition, colorimetric sensors
can detect not only relatively small pesticide residues, insecticides, and nitro explosive
molecules, but also bacteria measuring several microns [67]. Smartphone colorimetric
sensors can be used for medical diagnosis (diabetes, cancer, etc.) using body fluids such as
saliva or sweat, environmental monitoring (water quality assessment, etc.), and food safety
(pesticide residues, insecticides, etc.) [33,65–67].

Hyperspectral imaging is a technique for measuring optical spectra from camera
pixels. Hyperspectral imaging can provide additional information such as material or
temperature distribution by combining visible and IR data and by obtaining more spectral
data compared to conventional RGB images. In the fabrication process of camera pixels,
the Fabry–Perot type resonance structure is utilized to adjust the thickness of the multilayer
to suit the resonance of various wavelengths other than RGB. Depending on the type of
hyperspectral camera, the number of spectral bands may range from tens to thousands,
and the spectral resolution can be tens of nm to several nm or less. In hyperspectral sensors,
an image stack representing the intensity of the corresponding band (wavelength interval)
is acquired and provided. Hyperspectral imaging is also called hyperspectral data cube
because the spectra are added to imaging in this way. The first two dimensions are spatial
dimensions and the third dimension is a spectral dimension, which are vectors containing
reflectance spectra or reflectance values. Hyperspectral imaging is being actively studied for
various applications such as measuring the freshness of fruits, diagnosing skin conditions,
and testing water quality. There are many research and review papers on data processing
of hyperspectral imaging [68].

3.2. Resistive Sensors

Resistance-type chemical sensors use the change in resistance of a material when a
pollutant is adsorbed. A representative material for a resistance type sensor is a MOS
such as SnO2. When an analyte molecule is adsorbed on the surface, the thickness of the
depletion layer on the semiconductor surface changes due to the movement of charge (i.e.,
redox process), resulting in resistance changes (Figure 11a). Resistive sensors typically
require high operating temperatures, typically above 200 ◦C, to overcome the activation
energy barrier for changing the resistivity. The structure of the sensor consists of electrodes
for measuring the resistance and a heater connected to the bottom of the sensing material
to maintain high operating temperatures. Figure 11b shows a micro-electromechanical
system (MEMS) device including electrodes and heater. The bottom shows the IR radiation
images [69].
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Many studies have been conducted on resistive sensors for the purpose of detecting
toxic gases such as NO2 and NH3, or VOCs such as benzene and toluene. Gas molecules
with similar redox properties can be difficult to distinguish from each other in sensor
responses, and various attempts were made to improve selectivity [70]. The most popular
ones are the use of multivariate predictive models that take into account the response of
the entire sensor array [71], exploiting the dynamic response due to sampling transients or
temperature modulation [72,73], functionalization of MOS surfaces [70,74–77], and doping
of MOS [78–80]. Jeong et al. compared NiO gas sensors with different material geometry
and dopant types [81–86]. Graphene has promising prospects in the field of gas sensors
with ultrahigh sensitivity, but its selectivity is not satisfactory [87,88].

Since the exchange of charges between volatile substances and metal oxide films, or
the redox process governs the sensing mechanism, there are several drawbacks in the
resistive type sensors [89,90], including the reaction drift (degradation), the impacts of
environmental factors such as humidity and temperature, and a relatively slow reaction
rate [91,92].

3.3. Electrochemical Sensors

The electrochemical method is somewhat similar to the resistive method, but it mea-
sures the redox current resulting from the exchange of electrons between the working
electrode and the target molecules. Electrochemistry is basically the energy conversion
between chemical energy and electrical energy. Thus, the electrochemical current between
the working electrode and the counter electrode is measured while controlling the electrical
potential applied to the electrodes (Figure 12a). When the Fermi level of the working
electrode is higher than the reduction energy level (Ered), electrons come out of the working
electrode and reduction occurs, and conversely, if the Fermi level of the working electrode
is lower than the oxidation energy, electrons move to the working electrode.

For gas sensing applications, hydrophobic diffusion membranes are frequently used
to enable the selective diffusion of target molecules into the electrolyte and to prevent
the sensor from malfunctioning in the presence of moisture and contaminants. For the



J. Sens. Actuator Netw. 2025, 14, 6 16 of 45

liquid-phase detection, an analyte solution can be directly contacted with the electrodes.
Screen-printed electrodes are widely used for liquid-phase detection because of the compact
size and low cost. However, the pH and ion concentration can affect the base current level
and sensor sensitivity. Figure 12b illustrates a typical electrochemical gas sensor structure
and a screen-printed electrode design. Here, the electrochemical gas sensor includes
solution-phase electrolytes such as aqueous H2SO4, and it is necessary to prevent leakage
and drying of the electrolyte. To overcome this, other types of electrolytes, such as gel-
electrolytes, have been utilized [93,94]. Figure 12c shows the structure and photos of an
electrochemical CO gas sensor using a gel-electrolyte [94].

The potential-current characteristics and the time-current characteristics can be ob-
tained using various electrochemical measurement techniques such as cyclic voltammetry
(CV), chronoamperometry (CA), differential pulsed voltammetry (DPV), and electrochemi-
cal impedance spectroscopy (EIS). Among these, CV and CA are frequently used techniques
because the circuit configuration and signal processing are relatively simple.

The common target gases detected electrochemically include VOCs (e.g., acetone,
methanol, ethanol, benzene, and toluene) and redox gases (e.g., O3, NO2, SO2, NO, H2S,
CO, H2, and NH3). In contrast, liquid-phase analytes, such as glucose, heavy metal ions,
and biological substances (e.g., urea, hormones, proteins), are typically measured using
liquid samples.

The main challenges of electrochemical gas sensors are slow recovery time, tempera-
ture/humidity sensitivity, and drift of the response over time.

Since redox reactions occur when the reactant molecules and the electrode are close
together, the surface state of the electrode sensitively affects these reactions. In addition,
the adsorption and diffusion of analyte molecules to the electrode play important roles
in determining the reaction rate. Therefore, sensitivity and selectivity can be improved
by using catalysts, metal nanoparticles, functional 2D and nanomaterials (e.g., transition
metal dichalcogenides (TMDCs), and graphene), and artificial or biological receptors (e.g.,
molecularly imprinted polymers, antibodies, and aptamers).

In medical diagnosis and biomolecular detection research including cancer, high affin-
ity and selectivity are being achieved using antibodies and enzymes, and research is also
actively being conducted using receptors such as single-stranded DNA, called aptamers.
Aptamers are artificially synthesized oligonucleotides that use DNA sequences that can
bind well to the target molecules. Aptamers are utilized to sense various environmental
hormones, cancer cells, explosive molecules, etc., and apta-sensors are in demand in the
biomedical field due to their extraordinary properties of high sensitivity, specificity, and
reproducibility [95]. Figure 12d shows the sensing process of protein detection using an
electrochemical aptamer sensor [96,97].

Electrochemical sensors are used in various biosensor fields, including agriculture and
food, due to their advantages such as low operating power, relatively high sensitivity, and
simplicity. In addition, electrochemical sensors are advantageous for the estimation of the
analyte concentration because the signals have good linearity between the concentration
of the analyte and the measured current. When applied to a microfluidic chip for liquid-
phase detection, the sensor size can be minimized, measurements can be made even with
small samples, and integration into portable devices is possible [32]. Electrochemical
sensors utilizing smartphones are being developed rapidly for use in agricultural and
food contamination analysis or freshness measurement. Jie Wu, Hong Liu, et al. reviewed
electrochemical biosensors and their integration into portable and mobile devices [98].
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4. Pollution Monitoring Using Drones
Although the NDIR sensor using IR absorption has a limited range of measurable

molecule types compared to other methods because it utilizes the absorption of specific
molecules, it has the advantages of being less sensitive to temperature and humidity, very
fast in response, and high in selectivity, so it is most often used for detecting CO2 and CH4

in air pollution monitoring using UAVs. In this section, we discuss representative examples
of chemical detection using drones, focusing on atmospheric air monitoring, gas leak
detection, and VOC detection. Some applications using smartphones and portable devices
will be discussed in Section 6.5 when we discuss the data processing for fluorescence and
colorimetric methods.

The safety of the gas transmission infrastructure is one of the main concerns of infras-
tructure operators, and research has been actively conducted to detect pipeline natural gas
leaks using UAVs equipped with NDIR for methane detection. The flying platform on the
UAV’s base may have built-in [11,47,99–101] or suspended methane detectors [102–104].
The system, consisting of backscatter tunable diode laser absorption spectroscopy equip-
ment mounted on an autonomous UAV operating with localization algorithms, was field
tested and used to detect and quantify natural gas leaks at controlled gas sources and real
gas production facilities during blind tests [11,47,99]. Unlike NDIR, which uses absorption
at a fixed wavelength, tunable diode laser absorption spectroscopy allows the detection of
gases with close absorption wavelengths.

Several studies have conducted experiments on actual natural gas leaks from pipelines,
using GPS coordinates to fly sensor-equipped UAVs directly over the gas pipeline route,
after conducting adequate reconnaissance prior to flight to find terrain obstacles. The
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measurement data were collected and analyzed using machine learning methods together
with spatial coordinates, allowing the identification of spatial regions with increased
methane concentrations. A study was also conducted on the influence of flight altitude on
measurement accuracy, which showed that the lower the flight altitude, the better, with the
optimal range being below 15 m [11].

Compared to chemiresistive or electrochemical sensors, optical sensors such as TDLAS
exhibit a relatively fast response, and an optical response can be obtained while a drone flies
at a constant speed. Tassielli et al. studied the effects of flying factors such as altitude and
speed when measuring CH4 gas concentration near the ground using a rotary-wing UAV
equipped with a TDLAS sensor [105]. They placed CH4 emission sources on the ground
such as grass and concrete, and investigated the noise, background, and gas signals of the
sensor while the UAV was moving at a specific speed. In grassy areas, the background
signal increased due to the movement of the grass under strong wind, making it difficult
to detect CH4 accurately. On the other hand, in the suburban area, measurements were
possible with relatively high precision; the estimated emission flux was 86% of the actual
value. According to their measurements, the optimal conditions for detecting CH4 gas
using a TDLAS sensor attached to a rotary wing drone were a concrete floor (easier to
interpret the reflected background signal compared to grass and less affected by wind), an
altitude of 7~10 m (lowest background signal in their experimental conditions), a flight
speed of 1~2 m/s (flight speed had relatively little effect), and a cloudy day with low wind
speed (1.5~3 m/s).

In the near-surface measurements using TDLAS, airflow caused by the UAV can affect
the sensor signal and the target gas concentration distribution. Marturano et al. studied
the characteristics of the downstream by a UAV and the resulting sensor measurement
fluctuations using Computational Fluid Dynamics (CFD) simulation [106]. According to
the result, the drone’s rotor created downwash air turbulence to a speed of 8~9 m/s at
2 m below the rotor, and the downwash reached 1~2 m/s at 25 m level below the drone.
Thus, drones flying at a sufficient velocity and height over the target area may not generate
downwash airflow that affect the gas concentration of specific target areas. Marturano et al.
also discussed that the sensor positioning can affect the concentration measurement because
the downward airflow caused by the rotor may hinder the gas molecules from moving
into the sensor and suggested that a radial configuration of the sensors may be more
advantageous than positioning the sensor at the center of the drone, based on a simulation
for ammonia sensing.

Do et al. investigated the airflow near a UAV using particle image velocimetry (PIV)
and performed dimethyl-methylphosphonate (DMMP) exposure experiments using carbon
nanotube (CNT) capacitive sensors [107]. The PIV results demonstrated that the particle
velocity was over 10 m/s under a rotor, and the vorticity of the airflow was high near the
rotor. They confirmed that the measured sensor capacitance and response time varied
depending on the sensor location; the location with the highest sensitivity and the fastest
response was the middle of the UAV body, or a vortex-free area that is less affected by
turbulence. This result is different from the results obtained by Marturano et al. However,
this difference seems to be due to the differences in the size and structure of the drones used
in the simulation and experiment, and it is already well known that the airflow distribution
generated from the rotors can vary significantly depending on the design of the UAV [108].

In order to reduce the influence of airflow, several ideas have been proposed, such as
connecting a hose or pipe to the sensor chamber to position the sampling inlet far from the
UAV or separating the sensor platform from the UAV body [109]. However, some of these
have limitations such as affecting the sensor performance or causing additional weight load
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and power consumption. Therefore, it is important to select an appropriate UAV size and
structure, sensor type and location, and flight strategy that suits the measurement purpose.

Emran, Tannant, and Najjaran proposed a UAV system to monitor CH4 emissions
from landfills and to map CH4 concentrations, and Kamrat, Ostrowski, and Zastosowanie
proposed a leak detection system for gas pipelines using fixed-wing UAVs and performed
simulation tests of methane leaks along a programmed flight path. Tannant et al. performed
field experiments using a UAV equipped with a laser methane mini-detector, presented
maps showing higher methane concentrations above landfills, and also used the equipment
to evaluate natural gas pipeline inspection.

Neumann et al. performed field experiments using a UAV equipped with sensors
mounted on aerial gimbals suspended from an octocopter and reconstructed 2D distribution
maps of gas plumes [110,111]. However, one must be aware of the potential for methane to
originate from a variety of microbial sources of decomposing organic matter (e.g., rotting
grass or other vegetation) or from landfills [11]. This can be achieved by first measuring
the background of the study area and then by using a flying platform to further measure
CH4 concentrations at locations where the content is increased.

Most air pollution applications require monitoring two or more gases simultaneously,
and thus a single chemical sensor is not sufficient; for environment applications, it is
advantageous to monitor several gases simultaneously, and thus a multi-sensor system
that integrates multiple chemical sensors into a single instrument is desired. Multi-sensors
are also advantageous for supplementing measurements, and it is advisable to integrate
the necessary electronic devices and air (or fluid) path components.

An e-nose is a broadband sensor array sensitive to a wide range of VOCs and gases
and is a software–hardware system that combines multiple, locally selective sensors and
pattern recognition algorithms to selectively quantify or distinguish gases and odors [112].
The sensor array may be a mixture of electrochemical and resistive sensors, or all sensors
may be of the same type. The sensors are placed in a sensing chamber into which ambient
air is drawn by a pump or fan. Some systems provide a collection of sensors appropriately
selected for a specific application, such as volcanic eruptions. In addition to air pollu-
tion diagnosis, e-nose applications include medical diagnosis, food quality control, odor
classification, and industrial odor measurement [113–116].

Burgués et al. integrated a portable e-nose system into a drone using dynamic sen-
sor signals under flight conditions to train a machine-learning model for real-time odor
measurements in wastewater treatment plants [9,117]. The e-nose was equipped with
21 chemical sensors, a GPS receiver, and a wireless communication system for real-time
data transmission [9]. The measurement signal is transmitted to the ground station in real-
time, and the designed partial least squares (PLS) model analyzes the data in real-time. This
approach provided higher accuracy than the conventional steady-state correction method.

The recent advances in deep learning have greatly improved the real-time capabilities
of gas sensors, especially e-nose systems. Deep learning models such as convolutional
neural networks (CNNs) and recurrent neural networks (RNNs) allow for streaming data
input and automatic feature extraction, enabling real-time processing and prediction. For
example, although not using a drone, Kang et al. [118] achieved the real-time detection
and analysis of six gases, with a minimum response time of 1 s and an accuracy of 98%
for CO, and Lee et al. [119] used a CNN model to detect ethanol and NO2 within 10 s,
and acetone and methanol within 30 s. A multi-task synthetic neural network designed
by Wang et al. [120] requires only a few seconds of response data to be fed into the model
to distinguish between gas type, concentration, and state predictions, and the model is
trained using data from over 10 million sensors [121]. With baselines automatically tracked,
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the e-nose can predict 12 VOCs with up to 95% accuracy by inputting 4 s of data during the
response period and output the results in real time.

The sensor chambers required to accommodate multiple sensors can increase the
response time of the system and power consumption can also be an issue. There have been
attempts to use portable e-noses with small detection chambers mounted on drones. In this
application, it is important to design customized, miniature chambers that enable rapid
measurements [1,122].

The advantage of mounting the e-nose or a single sensor on a drone is that long-time
drift has less impact on the performance of the chemical detection; when using a drone,
the change in output, such as resistance or intensity, appears quickly over time as it passes
through an area where the concentration of the molecule increases, and thus it is relatively
less affected by long-term drift, which is a big advantage of drone applications.

5. Effects of Temperature, Humidity, and Airflow on Chemical Sensors
Temperature is a very important environmental factor for most chemical sensors. In

many cases, the sensor’s own resistance, fluorescence intensity, electrochemical impedance,
light collection efficiency, and noise level may be temperature-dependent; the sensor
temperature fluctuation associated with external temperature fluctuations may cause an
unexpected signal [21,123]. For this reason, most resistance-type sensors operate at fixed
temperatures and some IR absorption apparatuses also have a temperature control function.
In the concentration analysis, one should consider the rate of molecular outflow rate (if
target molecules flow from the source) and the equilibrium vapor pressure depending on
the external temperature.

Humidity is also a very important environmental factor, and the resistance and sensi-
tivity of MOS sensors can be affected by the adsorption of water molecules onto MOS, or
the deterioration of the sensing materials can be accelerated. In the case of electrochemical
sensors, the concentration of the electrolyte can change, or the electrochemical reaction can
change as water molecules penetrate into the electrolyte. In the case of optical sensors such
as NDIR, if a wavelength of low absorption by water vapors is selected, it may theoretically
be hardly affected by humidity, but the output and spectrum of the IR light source, the
sensitivity of the detector, etc., may be affected by temperature. In addition, if the humidity
is excessively high, water condensation on optical components may disturb signals [21,124].

One way to reduce environmental impact is to install a system that can always keep
factors such as temperature and humidity of the sensor constant [125,126]. It is relatively
easy to control the sensor temperature using a heater or a thermoelectric device. In par-
ticular, MEMS sensors using MOS are generally equipped with heaters to maintain high
operating temperatures. The most common method is to use Joule heating to the side or
base layer of the sensing material, but there are also cases where a self-heated structure is
adopted to improve energy efficiency [127,128].

If external air is introduced into a sample chamber for measurements, a heating
and dehumidification system may be required for temperature and humidity control. In
addition, care must be taken because molecules may adsorb on the walls of the chamber,
or a hose, which may affect the measurement. In the case of humidity, it seems difficult to
completely control the humidity of the air sampled from the outside.

Although the humidity can be controlled by mixing with dry air to adjust the desired
humidity, or by using a desiccant (silica gel, etc.) filter, a moisture-permeable filter, or other
air conditioning systems, the measurement may be adversely affected if the concentration
decreases or the composition changes due to the dilution process or adsorption of the
analyte [129]. In addition, the volume, weight, and power consumption of the measurement
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system may increase, and molecules may be adsorbed on the walls of the chamber or hose,
affecting the measurement.

Figure 13 demonstrates how sensor signals change due to environmental factors.
Figure 13a shows the change in fluorescence intensity over time and the quenching response
to repeated DNT vapor outflow, which was controlled by the shutter in the fluorescent
quenching method. The temperature was constantly changing via a heater operating in
the room, and the temperature was recorded by a temperature sensor mounted inside the
equipment; it was confirmed that the fluorescence intensity decreased as the temperature
increased [21].
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Figure 13. (a) Explosive detection by fluorescence quenching method using shutter control and the
impact of temperature variation on intensity. (b) Fan voltage and fluorescence intensity as a function
of time (left) and fluorescence quenching efficiency with respect to airflow (right) (c) Effect of chamber
structure on MOS sensor response. Computational fluid dynamics simulation results (left) and sensor
response (SnO2 sensor exposed to 50 ppm of ethanol) depending upon the chamber structures [130].
Copyright 2019 by Elsevier. Reprinted with permission.

Flow rate is also an important factor that can influence the measurement both in the
vapor and in the liquid phases. In our previous study, the effect of airflow on fluores-
cent quenching in a conjugated polymer explosive vapor sensor was studied. Figure 13c
shows the effect of flow velocity on fluorescence quenching. The sensor operated at room
temperature in a near-open environment. The increase in the quenching degree with the
increasing airflow was attributed to the increase in the molecular diffusion rate from the air
to the polymer film [20]. The effects of flow rate and molecular diffusion are expected to be
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observed not only in polymer sensors but also in other sensors where molecular adsorption
and desorption processes are important.

In our previous study, the flow distribution was considered a laminar-like flow be-
tween two plane sensor substrates. However, in general, the chamber structure and the
flow velocity profile affect the sensor response. Figure 13c shows a comparison of the flow
distribution and SnO2 gas sensor response under exposure to ethanol [130]. The results of
the research by Annanouch et al. in Figure 13c show that it is necessary to optimize the
chamber structure to ensure proper sensing performance, including sensitivity, response
time, and detection limit. Mahdavi et al. numerically analyzed how internal flow is affected
by the chamber geometry and sensor location, and investigated the surface temperature,
response speed, extent of sensor response, and optimum working temperature based on
the flow rate [131].

Robbiani et al. reviewed in detail various physical factors that can affect the e-nose sig-
nals, such as temperature, humidity, flow rate, chamber design, and sampling method, and
emphasized the importance of the optimal design of customized hardware systems [132].

Improving the measurement system in terms of hardware, such as a direct control
system of temperature, humidity, and chamber design, is expected to help obtain high-
quality sensor data with less interference from environmental factors. However, such
hardware design may have limitations in terms of volume, weight, power consumption,
and cost. In particular, weight and power consumption are important considerations for a
drone, or for a portable system. In such cases, it may be preferable to compensate for the
influence of the external environment through software.

For the short-term correction of temperature and humidity variations, the sensor can
be calibrated using previously measured data, or the signal can be corrected using machine
learning techniques based on the measured data. Liu et al. were able to compensate their
sensor data using local Gaussian process regression for a polyaniline-cerium dioxide (PANI-
CeO2)-based NH3 sensor [133]. Figure 14a shows the schematic structure of the model.

According to the authors’ measurement results, when the PANI-CeO2 NH3 sensor
used in the experiment is used to compensate for the temperature and humidity using linear
regression, a large error of about 17.33 ppm occurs, but the response value residuals show
an approximately normal distribution. In this case, the Gaussian process regression (GPR)
algorithm can be used to compensate for temperature and humidity. GPR is a technique
that simultaneously models the distribution of a function and the prediction uncertainty
based on given data, assuming that the data are sampled from a Gaussian process. By
repeatedly updating the posterior distribution according to new data through the Bayesian
theorem, the function explaining the data and the deviation can be derived.

In this study, the authors increased the data density using interpolation and reduced
the computational complexity of GPR using the K-nearest neighbors (KNN) technique.
KNN is a machine learning technique that predicts the properties of the data from existing
data by selecting the data point with the smallest Euclidean distance to a specific data
point, that is, the closest data point. The flowchart shown in the middle of Figure 14a
shows a series of processes for correcting signals using a local GPR model. Data including
temperature, humidity, and sensor signals are processed through KNN and GPR after
going through the interpolation process. Here, the number of neighboring points used in
KNN was adjusted from 45 to 5, and the reliability was the highest when K = 15. A detailed
explanation of KNN is covered in the next section.

For long-term signal drift, more efforts are required for data acquisition and sensor
signal correction. In particular, irreversible changes in the sensor due to factors such
as excessive exposure to analytes, or excessively high/low temperature and humidity
conditions, may complicate both signal processing and sensor maintenance. Additionally,
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even in non-extreme environments, the rate of sensor degradation can be affected by
temperature; Papaconstantinou et al. observed that performance degradation in commercial
electrochemical sensors was relatively faster in summer when temperatures were high [134].
Figure 14c indicates the correlation between the low-cost sensor signals and the high-
accuracy reference instrument signals for CO sensors. The figures showing signal drift over
the course of a year are presented at the bottom [134].

The cause of the signal drift is known to be a complex interaction of physical and
chemical factors depending on the sensor structure and materials. In the case of MOS
sensors, it is known that chemical factors such as diffusion of oxygen and oxygen vacancy
and cracks occurring in particle grains are involved [135].

The time-dependent aging phenomenon can be improved by replacing the sensor
material. Figure 14b shows the time-dependent aging effect of SnO2 performed by Nelli
et al. The top and bottom graphs correspond to without and with gold doping, respectively,
and the aging effect in air seems to be less in the case of no doping, but the aging effect
under CH4 gas exposure conditions is confirmed to be relatively improved in the case of
doped SnO2 [136].

Figure 14. (a) Temperature and humidity effects correction using Gaussian process regression
(GPR) [133]. Copyright 2022 by Elsevier. Reprinted with permission. (b) Time-dependent drift and
response degradation of SnO2- and Au-doped sensors. Degradation can be controlled by doping [136].
Copyright 2000 by Elsevier. Reprinted with permission. (c) Correlation between CO measurements
recorded by a commercial electrochemical sensor and by a reference sensor. The drift of signals for
CO and NO2 over a period of a year [134]. Copyright 2023 by Papaconstantinous et al.
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Regarding the hardware aspect, efforts to improve sensor materials can reduce the
drift, but it is difficult to completely prevent the drift. Therefore, software compensation
for sensor drift may be necessary.

Koziel et al. studied the drift of NO2 electrochemical sensors after long-term use and
its compensation using machine learning. They aimed to calibrate the data of low-cost
electrochemical sensors close to the reference data [137]. The electrochemical sensors were
installed at the same location as the reference and were calibrated with the reference data
obtained from precise monitoring stations. The low-cost platform included electrochemical
sensors (one primary sensor and two auxiliary sensors) and environment sensors (temper-
ature sensors for inside and outside of the platform and atmospheric pressure sensors).
Figure 15 shows the artificial neural network (ANN)-based structure of the correction model
and the correction results that they observed. To reduce the statistical differences between
the low-cost electrochemical sensor data and the reference data, statistical pre-processing
was performed using nonlinear transformation. The pre-processed electrochemical sen-
sor data and environmental sensor data were processed through an ANN model with
three fully connected hidden layers (expressed as calibration surrogates) and Kriging in-
terpolation, and the outputs of each were linearly mixed to obtain the final result as an
output. They evaluated model performance for various hyperparameters and found that
the advanced model showed excellent performance, with a high correlation coefficient of
0.95 and a low RMSD of 2.4 µg/m3 compared to the reference data.

Another method for drift correction is adaptive drift correction, which continuously up-
dates the sensor compensation model using new measurement data. Kwon et al. conducted
a study on the compensation of the e-nose composed of a MOS sensor using the adaptive
drift correction strategy [138]. For the e-nose sensor data, they used a publicly available
dataset collected in the study of Vergara et al. [139], which included a 128-dimensional
feature vector obtained through feature extraction using the exponential moving average
method. Figure 16a shows the concept and correction results of the drift correction strategy
used by Kwon et al., and Figure 16b represents the process of feature extraction. Here, the
encoder part of the masked-autoencoder, whose input and output are 129-dimensional data
of a 128-dimensional feature vector and a concentration value, was used as the calibration
feature encoder (CFE). The CFE output, which is the latent vector of the masked autoen-
coder, was used together with the sensor signal as input to the multi-layer perception for
concentration estimation. The study was conducted by dividing the dataset into three.

Dataset-A contains data from 1 to 20 months, while dataset-B and dataset-C contain
data from 21 to 23 and 24 to 36 months, respectively. Dataset-A was used for learning,
and dataset-B and dataset-C were used to evaluate the drift correction capability. CFE was
trained first, and then multilayer perceptron (MLP) was trained using the drift feature
generated using CFE.

In the evaluation of six types of analytes (ethanol, ethylene, ammonia, acetaldehyde,
acetone, and toluene) as learning results, they confirmed that on average, the root mean
square error (RMSE) of the model using the masked-autoencoder showed a smaller error
than that of the general autoencoder, MLP or PLS alone, or MLP plus PLS similar to MLP-
CFE. Compared to the case of using an autoencoder without a mask, in dataset-B, the case
without a mask showed a lower RMSE on average, but in dataset-C, the case with a mask
showed better results.

There were other studies to minimize the environmental effects of chemical sensors.
For example, in the case of MOS sensors, temperature modulation and UV-LED excitation
modulation methods are known to be effective in improving selectivity, cross-sensitivity,
and noise and drift stability [140–142]. Other techniques, such as impedance measurement,
can also enhance the environmental stability of MOS gas sensors. Potyrailo et al. utilized
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the impedance measurement technique to improve the sensors’ dynamic range and sta-
bility [143]. They used various SnO2 sensors and tested them under numerous gaseous
species (including ethanol and methane), humidity levels, and temperature conditions. The
experimental results of Potyrailo et al. showed improved stability under varying humidity
and ambient temperature conditions using the impedance measurement technique com-
pared to static measurement. One of the interesting findings from Potyrailo et al.’s research
is the self-compensation effect observed in the rear part of the impedance response at a
specific operating frequency (2.7 MHz). This self-compensation effect demonstrated strong
compensatory ability and did not require additional hardware, such as heaters or LEDs.

In addition to the results described above, there are various techniques for the drift
correction of chemical sensors or e-nose, and Rudnitskaya classified and reviewed the
techniques used in various studies in detail [144].
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While we have discussed the effects of temperature, humidity, and airflow on sensors,
there are also challenges that arise when mounting sensors on drones. As we discussed
in the previous section, most air-borne gas sensing may be influenced by airflow and
air-mixing associated with the drone’s speed and types. For most fluorescence and NDIR
methods, air is drawn into a chamber through an air intake either built-in on the drone or a
pylon mounted on the base of a drone. In the case of a multicopter drone, strong turbulence
is formed under the drone, actively mixing the air underneath the drone. In this aspect,
fixed-wing drones may be preferred, but may be limited in their ability to hover and fly in
the required area.

6. Machine Learning Techniques for Sensor Data Processing
In Section 6.1, we illustrate why data processing is necessary for sensors mounted on

mobile platforms, and in Section 6.2, we introduce gas boundary tracking using wireless
sensor networks (WSNs). In Section 6.3, we briefly describe some techniques in machine
learning. Section 6.4 (resistive and electrochemical sensors) and Section 6.5 (optical and
image sensors) examine cases where machine learning has been used to improve the
selectivity of various types of sensors, although they are not directly applied to drones.

6.1. Is Data Processing Necessary for Mobile Platform Applications?

The main purpose of installing chemical sensor units on UAVs, or on robots, is to
map the spatial distribution of target molecules (pollutants, hazardous gases, natural
gas, biogenic substances (CO2, methane), etc.) or to trace the source of leakage. For
spatial mapping or chemical source localization, various algorithms and strategies for
data processing and drone movement are utilized. The movement algorithm of the drone
called taxis is a term meaning the movement of a living organism due to a stimulus, and
can be categorized into phototaxis, thermotaxis, and gravitaxis (light, heat, and gravity,
respectively) depending on the type of stimulus. Examples of applications to drones include
a method for determining the direction of movement based on the concentration and rate
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of change of chemicals (chemotaxis), a method for determining the path of movement
by additionally considering the direction of the wind (anemotaxis), and a method for
determining the path of movement in a direction that reduces uncertainty by calculating
the entropy of the measured chemical signal (infotaxis) [1,2,145,146].

Park et al. improved the algorithm by prioritizing exploitation behavior to obtain
higher concentration values at the expected source location instead of the traditional
infotaxis approach using Gaussian mixture model (GMM) [147]. They estimated the source
term using the particle filter technique based on Bayesian inference and evaluated the
amount of information that the sensor can obtain at the location using the information–
theoretic utility function. In a typical infotaxis process, the direction is set to maximize
the information gain or the entropy reduction. In this process, infotaxis is often designed
based on a discrete domain, so it determines the next action within a relatively limited set
of actions (e.g., up, down, left, and right).

In the GMM-infotaxis process, the particles generated from the particle filter are
clustered through GMM, and the source location is estimated using the average of each
cluster. Using the source location estimated by GMM, an action set containing candidates
for the next movement direction in the continuous domain is constructed, and among these,
the action that maximizes the reduction in the entropy is selected. The authors conducted
Monte Carlo simulations and outdoor flight experiments on infotaxis and GMM-infotaxis.
In the outdoor experiments, a quadrotor UAV and multiple gas sensors (GSAS61-P110)
Ogam Technology, Jinwon-myeon, Republic of Korea) were used, and acetone vapor was
used as a detection target. The RMSE of the location as a result of 10 repeated measurements
was 4.24 m and 1.10 m for each method, and the RMSE for release rate was also 1824 mg/s
and 486 mg/s for each method.

Ma et al. compared the zigzag algorithm and the silkworm algorithm, which are types
of anemotaxis algorithms, and showed that combining the two could achieve better source
tracking performance [148]. According to the authors’ analysis, the zigzag algorithm and
the silkworm algorithm have limitations such as not being able to find the plume boundary
due to the continuous change in the atmospheric environment or moving in the crosswind
direction and stopping when the movement area is narrow, and detection fails during the
search process. The zigzag–silkworm algorithm improved by the authors is similar to the
silkworm algorithm, but the vertical sway is 30◦ to 60◦, unlike the silkworm algorithm,
which has a 90◦ angle to the windward direction. Therefore, it moves in a zigzag pattern
when the gas concentration is not detected. As a result of comparing each algorithm, the
results of 20 repetitions of the simulation showed that the zigzag–silkworm algorithm
showed a smaller position error of 5.71 and 5.96 compared to the other two algorithms
(8.16 and 8.15 for silkworm and 15.40 and 13.52 for zigzag).

For actual measurements, the position error of the zigzag–silkworm algorithm was
44 cm, which was not a significant improvement over the other two algorithms (27 cm
for silkworm and 51 cm for zigzag), as measured 10 times on a ground-based mobile
robot equipped with two MQ-3 (Risym) gas sensors (SnO2-based sensors). However,
the detection success rate was 80%, which was a significant improvement over the other
two algorithms (60% for silkworm and 50% for zigzag).

As in the two studies introduced above, when attempting to obtain the concentrations
in real-time according to location using a mobile platform, the sensor response time and
data acquisition time at each point can be important factors. The response time and recovery
time of the sensor used in the study by Ma et al. were less than 5 s and 10 s, respectively,
and the time to measure the concentration and complete the next rotation was about 8 s
for the robot platform they used, so the response time of the sensor was not an issue in
this case.
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However, the response time of the sensor used in the study by Park et al. was 10 s, and
data were collected for 3 s at each sampling position. Although the data acquisition time
was shorter than the response time of the sensor, Park et al. claimed that the acquisition
time of 3 s is sufficient time to obtain meaningful concentration values, averaged from
five sensors on the drone, based on their measurement results, and that the limitations due
to the slow response of the sensor can be partially overcome depending on the software
technique used, such as “The use of the particle filter helps to compensate for the limitation
of the slow gas sensor for source term estimation”. Chemical source localization and
mapping have been reviewed in detail by Burgues et al. [1,149] and Adam Francis et al. [2].

The movement strategies of drones are very important in real-world measurements,
but for the movement strategies to work effectively, it is necessary to obtain a sufficient
amount of information quickly and accurately using sensors. Especially for measurements
in an outdoor environment, the wind speed, chemical distribution, and the drone’s position
all change over time, and thus, the sensor response must be fast enough to reflect these
changes, and for gas measurements, a high sensitivity is required to detect target gases
diluted in the air.

In addition, for accurate measurement, one may need to minimize problems such as
the sensor’s cross-sensitivity, or matrix effect, and also have to appropriately compensate
the sensor signal to take care of the environmental impacts described in the previous section.

6.2. Wireless Sensor Networks and Gas Boundary Tracking

In the case of source localization using a single UAV or a single robot, as described
above, the source can be tracked using a localization algorithm. For other applications
(such as gas boundary tracking) which require more information, a wireless sensor network
(WSN) composed of a number of sensors and mobile devices can be utilized.

In a WSN, a device equipped with a sensor acts as a basic unit of the network called a
node. Since the detection efficiency can vary depending on the distance between each node,
spatial distribution, and movement strategy, it is important to optimize the algorithms for
the wireless communication and positioning.

When analyzing the diffusion of gaseous substances using a WSN, it can be helpful to
utilize a gas distribution model. Gas distributions are frequently assumed to be continuous
objects, and various models (Gaussian model, puff model, 3D-finite element model, Sutton
model, gas turbulent diffusion model, etc.) can be used depending on static and dynamic
environments, and heavy and light gas clouds [150].

Shu et al. reviewed source localization and boundary tracking using WSNs in gas
leakage situations [150]. The review specifically discussed the advantages and limitations of
each algorithm, including the gas distribution model, and presented challenges to be solved
in source localization using WSNs (including the effects due to turbulence and obstacles
and the need for further research on continuous object detection in 3-D space). In addition,
there were other studies which proposed a method to determine the boundary area using
planarization algorithms such as relative neighborhood graph (RNG) and Gabriel graph
(GG) [151], and compared the dangerous area estimated by planarization algorithms (RNG,
GG, Delaunay graph, localized Delaunay graph, and Yao graph) according to the number
of nodes, gas diffusion radius, and failure ratio of detection through simulation [152].

Liu et al. conducted a study on boundary tracking using machine learning techniques,
binary tree (BT) and SVM [153]. They explained network partitioning using a full BT
structure. In this approach, the sensor adaptively adjusts the size of the partitioned cell
according to the size of the area where the signal changes (event area) by detecting leaked
gas, etc. Subsequently, the boundary tracking problem is transformed into a binary classifi-
cation problem in a two-dimensional Euclidean plane, and a hierarchical soft-margin SVM
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is introduced to estimate a specific boundary shape. They evaluated their algorithm using
simulation and found the results showed that the binary tree structure-based continuous
object boundary tracking algorithm (BTS-COT) can reduce the number of nodes required
for boundary tracking by about 50% compared to other methods (TGM-COT [154], VF-
POD [155], and BRTCO [156]), and it is inherently robust to false sensor readings even for
high ratios of faulty nodes (~9%) [153].

Most research on gas boundary tracking using WSNs has been conducted through
simulations. Unfortunately, the construction of WSNs using UAVs still seems to be a
challenging task. As Shu et al. pointed out, the lack of research on 3D WSN control and
data processing algorithms applicable to UAV networks, along with the need for a reliable
UAV automatic control system to prevent collisions or damage and ensure long-term
operation, contributes to this difficulty. In addition, the high initial cost of UAV networks
compared to the stationary sensor platforms and the significant legal restrictions on UAVs
(such as UAV weight and flight altitude) are also the limitations. As mentioned in the
previous section, Park et al. conducted their study under the condition that “The UAV
moves in a 2-D horizontal plane and the movement step size is 3 m at a fixed altitude of
2.0 m” [147]. However, such low flight altitudes may not be permissible in urban areas or
regions with strict legal regulations.

6.3. Brief Introduction to Machine Learning Technologies

In order to improve sensor performance, in addition to improving sensor hardware,
signal processing techniques using machine learning are being studied. Figure 17 shows
a conceptual drawing of some machine-learning techniques, and Table 1 shows the cor-
responding explanations. In this section, we briefly summarize the main techniques in
machine learning, and in the next section, we review specific cases regarding sensing
technology, where the selectivity of various types of sensors has been improved through
machine learning.
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Figure 17. Conceptual drawing of machine learning techniques. From left to right, dimension
reduction (e.g., principal component analysis), data classification (e.g., SVM), regression (e.g., linear
regression), artificial neural network (e.g., deep neural network (DNN)), and ensemble learning
techniques (e.g., bootstrap aggregation).

We would like to briefly explain dimension reduction, classification, and regression
algorithms for data processing (Figure 17). Dimension reduction aims to preserve the
information or characteristics of high-dimensional data and map it to a low-dimensional
space. Principal component analysis (PCA) is a technique that preserves the variance in
high-dimensional data as much as possible and projects it into a low-dimensional space. It
is classified as unsupervised learning because it does not require predefined classifications
or labels.



J. Sens. Actuator Netw. 2025, 14, 6 30 of 45

Table 1. Types of machine learning techniques and explanations.

Technique Dimension Reduction
Classification and Regression

Neural Network Ensemble
Classification Regression

Output type Data in a lower dimension Classified label Prediction value

Classified label,
Prediction value,
Extracted feature,

Denoised data, etc.

Classified label,
Prediction
value, etc.

Dominant
training

types

Supervised learning,
Unsupervised learning

Supervised
learning

Supervised
learning

Supervised learning,
Unsupervised

learning,
Reinforcement

learning

Supervised
learning

Training
variables and

objects

Maximizing data
covariance, maximizing

between-class covariance
and minimizing

within-class covariance,
Minimizing

Kullback–Leibler
divergence, etc.

Minimizing
classification

errors or
Maximizing
classification

reliability

Minimizing errors
between prediction
and training data

Adjusting weights and
biases to minimize a

predefined loss
function

Optimizing
individual

models within
the ensemble

Algorithms

Principal Component
Analysis (PCA), Linear
Discriminant Analysis
(LDA), t-distributed
Stochastic neighbor
embedding (t-SNE)

Support Vector
Machine (SVM),

K-Nearest
Neighbors

(KNN), Logistic
regression, Naive
Bayes, Decision

tree

(linear, polynomial,
exponential, and
other) regression,

functional
regression,

Support Vector
Regression (SVR),

Regression tree

Multilayer perceptron
and Deep Neural
Network (DNN),

Convolution Neural
Network (CNN), RNN

(Recurrent Neural
Network),

Autoencoder,
Transformer

Bagging
(Bootstrap

Aggregation),
Boosting,
Stacking

Nonlinear
data

processing

Using ‘Kernel trick’,
Quadratic Discriminant
Analysis (QDA), t-SNE

Using ‘Kernel
trick’, KNN,
Decision tree

Using ‘Kernel
trick’, Nonlinear

(polynomial,
exponential,

logarithmic, etc.)
regression

Suitable for nonlinear
data processing

Suitable for
nonlinear data

processing

Purpose of
use

Data compression, Feature
extraction, Data

visualization (2~3
dimensional output)

Classification of
data into

pre-determined
classes

Prediction of
values not
measured,
theoretical

analysis, and
understanding of

relationships
between variables

Various models can be
utilized depending on
the purpose, including
prediction (class labels,

numerical values,
future trends), feature

extraction, and
denoising

Improved
model

performance,
robustness,

and stability.

PCA aims to find a direction that maximizes the variance in the data, and the variance
for a specific axis can be expressed through the covariance matrix, as follows:

X = {x1, x2, . . . , xn}

µ =
1
n

n

∑
i=1

xi, C =
1

n − 1

n

∑
i=1

(xi − µ)(xi − µ)T

Variance o f the projected data = 1
n−1

n
∑

i=1

(
vT(xi − µ)

)(
vT(xi − µ)

)T

= 1
n−1 vTCv

xi: the ith data in the dataset;
n: number of data in the dataset;
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C: the sample covariance matrix;
v: a unit vector directing the projection axis.

Therefore, the variance in the projected data is equal to the Rayleigh quotient when
∥v∥ = 1 divided by n − 1.

R(v) =
vTCv
vTv

The problem of finding the principal vector that maximizes variance can be trans-
formed into the problem of finding the eigenvalues of the covariance matrix using the
Lagrange multiplier method.

voptimal = argmax
v

(
vTCv

)
Cv = λv

In PCA, the first principal component axis is determined by finding the eigenvector
corresponding to the largest eigenvalue among the eigenvectors of the covariance matrix.
Then, the process of finding the second principal axis in the direction orthogonal to the
first principal axis is repeated so that each principal component is orthogonal to each
other. By selecting some of the axes determined in this way and projecting the data, the
dimensionality of the data is reduced while maintaining the distribution characteristics of
the data.

Linear discriminant analysis (LDA) is a supervised learning algorithm that learns data
with pre-labeled classes and then uses the result to perform dimensionality reduction or
data classification. LDA aims to maximize the variance between classes and minimize the
variance within classes.

Depending on the type of output you want to obtain by processing sensor data,
you can use various machine-learning algorithms for purposes such as classification and
regression. Classification is used to categorize data into predefined classes based on data
characteristics, while regression is generally used for the purpose of predicting numerical
values of data for a continuous domain. For classification, representative examples include
support vector machine (SVM), KNN, and decision tree (DT).

SVM is a linear classification algorithm based on supervised learning that finds the
most appropriate hyperplane to classify labeled data and classifies the new data based on
it. SVM generally shows excellent performance, but problems may arise when the linear
separation of data is difficult. In such cases, the issue can be addressed by using the kernel
trick. Kernels expand the variable space to allow for nonlinear boundaries between classes.
As the order of kernels increases, more diverse decision boundaries are created, such as
polynomial kernels. The kernel trick is commonly used not only in SVM but also in other
machine learning algorithms to handle nonlinear data.

KNN is a non-parametric supervised learning technique that selects a certain number
(K) of data (nearest neighbors) with the closest distance between data points based on the
assumption that new data points will have similar properties to existing data points with
close distances and estimates the labels of new data, etc. Depending on the number of data
K has selected, overfitting may occur (if K is too small) or generalization performance may
decrease (if K is too large), so it is very important to select an appropriate K value. The
distance between data is usually calculated using the Euclidean distance, but there are also
cases where other types of distance metrics are used depending on the characteristics of the
data, such as the Manhattan distance or a more generalized form of the Minkowski distance.

Artificial neural networks (ANNs) are AI models that mimic the structure of bio-
logical neurons. Typically, they consist of interconnected structures known as neurons,
which receive multiple inputs and produce a single output. Depending on the intended
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application, various model architectures can be designed by adjusting the connections
between neurons and selecting activation functions. ANNs can accommodate a wide
range of learning algorithms, including supervised learning, unsupervised learning, and
reinforcement learning.

Furthermore, these models offer the advantage of being modifiable, allowing for the
adaptation of existing models or the fine-tuning of pre-trained models. However, they are
also susceptible to several issues, such as the black box problem, local minima problem,
and overfitting problem. Prominent models include DNN, which enhances processing
performance by stacking multiple neuron layers; CNN, which is frequently employed in
image processing; and RNN, which is extensively used for sequential data processing.

6.4. Machine Learning Technologies for Resistive and Electrochemical Sensor Data Processing

Resistive sensors, especially MOS gas sensors, are one of the most widely commercial-
ized sensors and have the advantages of small size, thermal and chemical stability in the air,
and high sensitivity. However, much research is now being conducted to overcome high
operating temperatures and the limitations of low selectivity. In particular, to address the
problem of low selectivity, an approach that analyzes the data obtained from a multi-sensor
array using machine learning to determine the concentrations and types of analytes is
widely used.

In the case of Ma et al., a commercial e-nose system consisting of a total of 10 MOS
sensors was used to sense and classify 10 types of VOC analytes (ethanol, methanol, iso-
propanol, N-pentane, N-hexane, furan, ethyl acetate, acetaldehyde, furan–ethanol mixture,
furan–ethyl acetate mixture) [157]. The response to each analyte type and concentration
of the e-nose system over time was processed in the form of an image, and classification
was performed using a model that used error-correcting output codes (ECOC) and support
vector machine (SVM) together, and a deep neural network (DNN, or deep learning model;
DLM). When classifying analytes using a single sensor using ECOC and SVM, the accuracy
was 29% when using a single data point, and 42% when using data measured by a single
sensor for 600 s.

While the classification accuracy was not high when processing a single sensor signal,
when using a sensor array, the accuracy was 81% when using one response data point for
each sensor, and 87% when using all response points for 600 s, showing improved classifi-
cation accuracy. When compared to other machine learning techniques, the classification
accuracy of the convolutional neural network (CNN)-based DNN model was 92%, which
was higher than when using ECOC and SVM together.

Viet et al. used a commercially available MOS sensor module and measured the
sensor responses of eight gases (three high toxic gases, H2S, SO2, and NO2, and five other
gases, CO, H2, NH3, C2H5OH, and CH3COCH3) as a function of concentration. The
sensor module consisted of a total of eight sensors, and the data obtained from them
were used to evaluate the accuracy according to the classification algorithm using popular
machine learning techniques (KNN, LSVM, KSVM, LDA, MLP, RF (random forest), DT,
Gaussian naive Bayes (GNB), quadratic discriminant analysis (QDA), and gradient boosting
(GB)) [158]. Comparisons were made depending on whether dimensionality reduction
using PCA was introduced and the number of principal components (PCs) used after
dimensionality reduction. Additionally, they evaluated the prediction accuracy of each
algorithm according to the train/test split ratio.

As a result of comparing the algorithms, in the case of KNN (k = 5) and DT, the
accuracy decreased when PCA was used, while LSVM, LDA, and QDA showed almost
similar accuracy regardless of whether PCA was used. For the rest (KSVM, MLP, RF, GNB,
and GB), higher accuracy was achieved when PCA was used, and in particular, GB showed
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an excellent accuracy of 100% when three main PCs were used. KNN and LSVM were
found to be less suitable for sensor data processing than other algorithms (accuracy of
0.62 and 0.59, respectively, without PCA processing), which is in contrast to other studies
that reported excellent classification performance using SVM.

In the study by Khan et al., a Pt-, Cu-, and Ag-decorated TiO2 and ZnO functional-
ized GaN nanowire-based sensor array was used to sense NO2, ethanol, H2, SO2, H2O,
and O2 gases, and instead of heating, a UV-LED was used [159]. They measured sensor
responses according to gas inflow using an array equipped with eight types of sensors,
and classified gas types from sensing data using DT, SVM (linear kernel), naive Bayes
(kernel), and KNN (k = 1) classifiers. They evaluated the classification accuracy with a total
of 50 pieces of measurement data and showed that SVM and NB accurately classified all
measurement results.

However, it may be difficult to directly compare the two studies because the data
preprocessing methods and hyperparameters used in the machine learning models may be
different, and the classification results using machine learning may be significantly affected
depending on the type of sensor, operation method, and sensing target material. Another
point to consider is the dimensionality of the sensing data. The two studies introduced
above used eight sensors to obtain the data, which represent relatively low-dimensional
data compared to image sensors that have to process hundreds, thousands, or even tens of
thousands of pieces of data. As the number of sensors increases and the dimensionality
increases, data complexity, redundant information, noise generated from individual sensors,
and the phenomenon of blurring the distinction between data due to distance, commonly
called the curse of dimensionality, can occur, and thus these factors must be considered
together when selecting a machine learning algorithm.

In addition to array-type sensors, there are also studies that analyzed the transient
characteristics of sensors that actively control external conditions using machine learning
to perform classification and concentration estimation [142,160]. Cho et al. fabricated a
photoactivated gas sensor by depositing nano-porous In2O3 on a micro-LED (~395 nm) us-
ing a glancing angle deposition technique and then coating it with gold nanoparticles [142].
The authors performed measurements on the following five gases: air, methanol, ethanol,
acetone, and NO2. They controlled the micro-LED with five levels of pseudorandom op-
eration to measure the transient response of the sensor. After the Fourier transformation
of the response data, the data were used to train a deep convolutional neural network
(D-CNN) model. The data measured during a time window of 60 s were preprocessed
and input to the D-CNN model. In the D-CNN model, classification and regression were
performed simultaneously to obtain the class and concentration of gas as output. A classifi-
cation accuracy of more than 85% was obtained for each gas, and a regression coefficient of
R2 = 0.888 was obtained for all test gases.

Additionally, the authors conducted tests on mixed gases, with different ratios of
ethanol and methanol mixed gases. The output of D-CNN was modified to display the
normalized concentration of gas and its presence as a confidence score. As with the single
gas test, the experiment was conducted using pseudorandom operation, and the accuracy
of 97.63% and 98.68% for the presence or absence of gas was obtained for methanol and
ethanol, respectively. For concentration, the mean absolute percentage error values were
36.8% and 32.3% in the unmixed pure gas state for methanol and ethanol, respectively.

Compared to resistive sensors, electrochemical sensors are known to have relatively
high selectivity, but it is difficult to perfectly distinguish between types of substances, and
they are not completely free from problems such as cross-sensitivity and matrix effects.
Another limitation of electrochemical sensors is the potential for electrode contamination
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over time. Machine learning may be one way to overcome the complexity of signal
disturbance or compensation due to these factors [161,162].

Electrochemical sensors are mostly composed of three-electrode systems and monitor
current as a function of applied voltage, and depending upon how the voltage is controlled,
electrochemical measurement methods can be classified into CA, CV, DPV, and EIS.

Xu et al. fabricated an Au nanoparticle/poly (L-Arginine)/reduced graphene ox-
ide/glassy carbon electrode for the purpose of detecting chloramphenicol (CAP), an an-
tibiotic, and performed measurements [163]. The authors conducted a study to accurately
measure the concentration of CAP, particularly in the presence of interference by metron-
idazole (MNZ), an antibiotic with a similar redox potential to CAP. They showed that
measurement accuracy can be improved by processing CV, DPV, and CA measurement
results using machine learning. From each measurement result, features such as reduction
peak current, area enclosed, and reduction potential were obtained, and features with a
high correlation with the concentration of CAP were selected and used as input for the
ANN model.

According to the experimental results, when using only a single method, the R2

between the calibration curve obtained by linear regression and the current value was
0.98, 0.98, and 0.97 for CV, DPV, and CA, respectively, in a situation where there was
no interference by MNZ, indicating a relatively high sensing accuracy. However, in a
situation where there was interference by MNZ, the R2 was only 0.80, 0.69, and 0.36,
indicating that the accuracy was noticeably reduced by the interference. On the other
hand, the concentration calculated using ANN from the features of the three techniques
showed a high correlation with the actual concentration (R2 = 0.99 (MNZ = 0.5 mM),
and it was shown that concentration measurement was possible with a high accuracy of
R2 = 0.95 even in situations where the concentration of MNZ was diverse. Additionally,
Xu et al. showed that when feature selection is performed based on Pearson correlation,
the error is relatively small.

In addition to these studies, Kang et al. reviewed data processing of electrochemical
sensors using machine learning in detail [164]. The authors provided specific examples of
strategies to obtain more meaningful features (information-bearing features) and capture
features with high correlation with desired information [163–167]. Additionally, they
emphasized that the results of machine learning are highly dependent on the quality of the
experimental data, and that machine learning can provide valuable output when there is at
least a subtle correlation between the experimental data and the information sought, such
as the identity and/or concentration of target species.

6.5. Machine Learning Technologies for Optical and Image Sensor Data Processing

As previously introduced in Section 3, optical sensing can include IR absorption,
fluorescence, surface plasmon resonance, SERS, and image patterns, and the data output
of optical sensors is in the form of intensity, frequency, spectrum, and image pattern. IR
absorption technique has the advantages of being not much affected by temperature and
humidity, having a fast response speed and high selectivity, and requiring no separate data
processing after appropriate compensation. However, only certain types of chemicals can
be measured, and the sensitivity is somewhat limited compared to other methods.

In the case of fluorescence or photoluminescence intensity measurement, there were
cases where the concentration of the analyte was measured over time. On the other hand,
for smartphone applications, most studies have been carried out in order to calibrate
smartphone cameras by first measuring fluorescence intensity or spectral changes as a
function of target concentration [168,169], and no additional data processing other than
correction using regression, etc., may be necessary. However, in cases where surrounding
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objects can affect the image (e.g., tubes or trays containing liquid, excitation light reflected
from surfaces, etc.), unlike when using paper-based sensors or microfluidic systems, data
processing using machine learning may be helpful.

Mousavizadegan et al. studied fluorometric sensing using BSA-protected Au/Ag
bimetallic nanoclusters (BSA-BMNCs) for sensing tetracycline [170]. Novel metal nanopar-
ticles with very small sizes are known to be capable of photoluminescence or fluorescence
due to quantum confinement effects. Their results showed that upon the reaction of BSA-
BMNCs with tetracycline, emission near 645 nm was quenched, while green emission at
520 nm was maintained, resulting in a change in fluorescence color from red to green. They
used a smartphone camera to capture fluorescence color changes, processed the data, and
evaluated the concentration prediction accuracy using a total of five machine learning
models (SVM, ANN, RF, Bagging + ANN, Bagging + DT). The accuracy of each model
was different for water and milk samples. For water samples, Bagging + ANN showed the
best accuracy with R2 ~ 0.998, and for milk samples, Bagging + DT model showed the best
accuracy with R2 ~ 0.997.

Similar to the fluorescence methods, the colorimetric methods also measure either
spectra or apparent colors, using spectrometers or image sensors. In particular, array-
type or strip-type test paper sensors that analyze various chemicals at once have been
used in various health screening scenarios because they are easy and convenient to use.
However, colorimetric sensors are also difficult to quantitatively analyze and require the
hassle of comparing colors one by one with a comparison table. In particular, the influence
of external lighting can be problematic in obtaining accurate sensor values, and using
specially designed mounts to address this can hinder the ease of measurement. Therefore,
there have been studies to overcome this problem using smartphone cameras and machine
learning techniques.

Mutlu et al. addressed the problems associated with conventional image correction
and proposed to use machine learning to solve the problem [171,172]. They purchased
commercial pH strips and took pictures of test paper colors according to solutions prepared
at specific pH levels with a smartphone camera and compared the discrimination accuracy
with and without some attachments made with a 3D printer, depending on the type of
machine learning model (SVM and least-squares SVM). For machine learning, they used a
classifier model that classifies pH into integers between 0 and 14. While the area under the
curve (AUC) of the receiver operating characteristic curve of SVM was up to 0.9729 (JPEG)
depending on the type of image format, the classification accuracy using least-squares
SVM was 100% (AUC = 1). The authors also conducted additional studies on the light
source effect. The least-squares support vector machine (LS-SVM) model trained using
a single light source (smartphone flash) was applied to classify images captured under a
combination of two of three lighting conditions, namely, sunlight, fluorescent, and halogen
in the pH range of 4 to 9. The accuracy was significantly reduced compared to the single
light source condition, but the classification accuracy was over 80% under the fluorescent–
sunlight condition.

Besides these results, Jiang et al. developed a dye-based odor sensor array that can
estimate the freshness of shrimp and fish by detecting VOCs in a gaseous state rather
than in solution [173]. The authors fabricated a colorimetric sensor array in the form
of a 4 × 4 array by selecting 16 kinds of chemo-responsive commercially available dyes
that change color due to biogenic amines (BAs), such as NH3, dimethylamine (DMA),
trimethylamine (TMA), cadaverine (CAD), and putrescine (PUT), which can be generated
during the spoilage of aquatic products (Figure 18). To ensure the binding between the
dye and the cellulose membrane, the authors prepared ammonium-quaternized cellulose
nano-fibers (C-CNFs) using 2,3-epoxypropyltrimethylammonium chloride and bound the
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dye-immobilized C-CNFs to filter paper through filtration. The sensor response for each
BA was investigated and the detection limits were found to be 2, 21, 3, 1, and 1 ppm,
respectively. They used CNNs to process data from this sensor. They argued that CNNs
perform better than techniques such as SVM in high-dimensional data [172,173]. In this
study, they used a model modified to obtain the final output of four classes (fresh, less fresh,
slightly spoilt, spoilt) based on the ResNet-18 model [174], and fine-tuned the pre-trained
model using ImageNet based on total volatile basic nitrogen (TVB-N), measured using the
semi-micro Kjeldahl method). They used 10,148 images of shrimp, 10,125 images of fish,
and 20,273 images of mixed shrimp and fish, of which 80% were used for training. They
evaluated the performance of the model using test images (1666 shrimp, 1669 fish, and
3335 shrimp–fish mixtures), and showed that the degree of spoilage of fish and shrimp
could be classified with up to 99.25% accuracy depending on the training dataset.
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7. Concluding Remarks
With the development of semiconductor and electric circuit technologies, sensors that

measure physical elements such as image sensors and microphones have been widely
installed in various platforms such as smartphones, automobiles, and drones, while the ap-
plication of chemical sensors has been relatively limited. Nevertheless, chemical detection
is a very important technology for public safety, medical, agricultural, and environmental
monitoring, and efforts are being made to apply it to various platforms.

In this paper, the operating principles of resistive, electrochemical, IR absorption, and
colorimetric chemical sensors, and their applications to drones and smartphones, are briefly
discussed, and some specific research results are reviewed. Since the size of sensors that can
be installed on mobile platforms is limited, accuracy, stability, limit of detection, specificity,
and response time may be limited compared to expensive, large, heavy equipment, and we
discussed the cases where machine learning was introduced to solve these problems.

In the case of smartphone applications, optical detection using smartphone cameras
and electrochemical detection using external modules were often performed. Since smart-
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phones equipped with high performance optical cameras are in common, they can be
used for analyzing signals such as color changes in colorimetric sensors or fluorescence
spectrum changes in fluorometry sensors. Some studies have demonstrated that more
accurate chemical concentration measurements are possible by using external adapters to
prevent signal interference or by using machine learning techniques to correct images.

Open path optical methods using lasers provide faster response speeds and are less
affected by temperature and humidity than resistive or electrochemical methods, making
them suitable for UAVs. In addition, since remote detection technologies such as back-
scattered laser absorption spectroscopy can be used for long distance measurement, optical
methods are often preferred for chemical detection applications using drones.

Drones, especially UAVs, have been utilized for chemical detections, but except for
measurements in limited conditions such as inside greenhouses or buildings and gas leaks
in pipelines, it still seems challenging to measure chemicals using resistive sensors or
electrochemical sensors in a completely open environment. This is probably due to the
stringent requirements such as the need for high sensitivity as gas is diluted in an open
environment, the need to consider the downwash phenomenon caused by the drone’s flight,
whether the sensor response and signal recovery speed is sufficiently fast compared to the
flight speed, and the need for a hardware/software system to respond to unpredictable
changes in temperature and humidity in the open environment.

Another factor to consider in practical applications is that gas sensors may be affected
by the mounting location and position in drone applications. For example, optical sensors
can be greatly affected by vibrations that occur during the drone’s flight and may need
to be recalibrated whenever the optical system is misaligned. In addition, as explained
above, the structure of the drone and the surrounding airflow must be considered when
determining the mounting location of the sensor or chamber. In the case of UAVs, legal
regulations on flights are non-technical issues, but they can be very important factors from
a practical perspective. In many cases, aircraft including UAVs larger than a certain size are
subject to regulations for safety and security reasons, and these legal factors may need to be
considered in the overall design process of the sensing system, including drones, sensors,
and flight algorithms.

In order to utilize UAVs for chemical detection in an open environment, the UAV
and chamber structure must be considered so that measurements are not disturbed by
airflow such as downwash. In particular, in terms of chamber design, the sensitivity and
response speed of the sensor can be affected by the chamber volume and internal flow rate
distribution, and thus the optimization of the chamber structure may be necessary.

In order to improve sensitivity and selectivity, various resistive sensor studies are also
being conducted using nanomaterials such as graphene, TMDC, and nanoparticles, or using
doping or hetero-semiconductor bonding. To overcome the limitations of a single sensor,
many technologies have been developed to classify more accurate analytes from responses
from multiple sensors using e-noses and to improve sensor accuracy. In particular, these
e-nose systems are frequently used in drone or robot applications.

In many cases, data processing is performed through machine learning techniques,
and ANN-based methods including CNN or DNN seem to show higher performance in
classification accuracy than other techniques. As machine learning technology advances,
many studies are being conducted on more accurate signal analysis and sensor compensa-
tion, and it is expected that the performance of e-noses and other sensors will be improved
through data processing. In addition, continuous research on flight algorithms is necessary
for practical applications such as source localization using UAVs. Finally, we would like
to emphasize that when using drones, sensor outputs such as resistance or intensity can
change rapidly over time as the drone passes over an area with an increasing concentration
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of the chemicals, and thus reliability of chemical detection may be improved, which is an
important advantage of using drones.
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