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Abstract: Electronic noses (e-noses) are devices developed to recognize/classify odors
and used in many fields, matching the current societal needs and concerns, such as food
integrity and quality control, environmental monitoring, medical diagnostics, safety, and
security in urban and industrial settlements. In this study, we review the application fields
of e-noses based on a market analysis of currently available devices. A total of 44 companies
active up to 2024, as well as 265 products, have been identified by considering the web
pages of companies that feature e-noses among their products. These devices have been
classified according to (i) the sensing mechanisms underlying the device performances and
(ii) the application fields. The most diffused sensing devices/systems are chemiresistors
(12.8%), electrochemical sensors (13.0%), catalytic beads (12.4%), and those based on optical
detection techniques (16.0%). Commercial e-noses find large application in the industrial
(21.0%) and chemical and petrochemical (21.0%) fields. A focus is made on the food
and beverage application field, which is still a minor part of the overall share (6.0%)
but is rapidly increasing and plays a relevant role in future applications where safety,
sustainability, and quality issues are strictly intertwined. From this study, a rather complex
picture emerges, and a proper taxonomy is expected to correctly classify the different kinds
of e-noses.

Keywords: e-noses; gas sensors; machine learning; chemiresistors; food analysis

1. Introduction
The biological functionality of Nature and living species has inspired many technolog-

ical innovations. The biological olfactory system of living creatures has enabled them to be
aware of dangers and to identify and classify food. In technology, transferring the features
of biological olfactory systems to an electronic device is a long-standing and challenging is-
sue, currently raising a great interdisciplinary research interest. An electronic nose (e-nose)
is a device that provides real-time measurement of odor concentrations from a source and
recognizes and detects odors using a sensor array without the need to separate it into its
constituent components [1]. In particular, a sensing material is in charge of transducing
odors into data that are analyzed via a pattern recognition system [2]. Although the first
studies for the measurement of odors began in the 1920s [3], it was in the 1980s [1] that the
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experiments were carried out using the first gas sensor array. Over the years, advances in
odor sensor technology, biochemistry, electronics, and artificial intelligence (AI) have con-
tributed to the development of devices that can measure and discriminate volatile organic
compounds or specific target gas molecules. Nowadays, a large variety of technologies
for the detection of odors is available on the market [1,4]. These exploit different sensor
types such as chemiresistors, conductive polymers, optical sensors, surface acoustic wave
devices, and electrochemical gas sensors.

The e-nose market is an emergent and rapidly growing field, yet it is still quite
fragmented into many highly competitive companies without dominant players. This
aspect testifies to the enormous potential of e-nose technology for future research efforts
and business investments. Currently, North America reports the largest market with the
highest growth rate, followed by Europe, Asia, and Oceania. On a worldwide scale, the
e-nose market promises to show fast growth in the next years [5]. The main players in this
rapid development are the advances in AI and machine learning (ML), which tremendously
boost e-nose performances, along with the discovery of novel sensing materials.

The initial studies on the measurement of odors were based on the work by Zwaarde-
maker and Hogewind [3] in 1920, who measured the conductivity of a fine spray of water,
discovering that its conductivity changed when volatile substances were added to it. In
1954, Hartman [6] devised the first device for measuring tastes, defining flavor as the
combined action of the senses of smell and taste experienced when chewing food. In 1961,
Moncrieff [7] reported studies on different coating materials such as polyvinyl chloride
and vegetable oils, which can provide different data to distinguish between simple and
complex flavors. In 1965, Buck [8] pointed out that conductivity modulation can be used to
distinguish flavors in specific samples, while Dravnieks and Trotter [9] used modulation of
the contact potential to track flavors. All these studies were the first recorded approaches to
flavor assessment. Later, e-noses combined with chemometrics analysis became reference
tools to provide a non-human analysis of flavor and fragrances [10]. In 1982, Persaud and
Dodd [11] and Ikegami and Kaneyasu [12] mentioned, for the first time, an e-nose in associ-
ation with a sensor array to classify aromas. In 1988, Gardner and Bartlett [13] described
the e-nose as “an instrument which comprises an array of electronic chemical sensors
with partial specificity and appropriate pattern recognition system, capable of recognizing
simple or complex odors”.

Since the beginning of the 1990s, the demand for odor sensor technology has increased
significantly, as evidenced by the growing number of studies and articles on this subject.
Figures 1 and 2 provide an overview of the fast growth of the e-nose research field in
academic publishing. In particular, Figure 1 shows the increasing weight of e-nose applica-
tion in food sensing and classification (inset of Figure 1, nearly 2× in the last ten years),
while Figure 2 displays the increasing weight (3×) of machine learning as a tool for the
development of sensing systems (inset of Figure 2) in the last ten years.

Currently, e-noses are widely used in many fields such as food and beverage,
agriculture, farming, medical, air monitoring, military, and defense due to their high
speed, compact structure, and low cost, which allows them to provide reliable solu-
tions for gas monitoring [14,15]. From the point of view of research, e-noses are at the
crossroad of materials science [15–24], device physics and engineering [25–34], and
AI applications [35–42]. The synergy among these application fields, along with the
use of IOT strategies, is, on the one hand, expected to further boost the diffusion of
e-noses and, in general, of e-sensing [19], and, on the other hand, to disclose novel
approaches to olfactory perception [43]. Over the years, commercially available e-
noses have been listed in tables that appeared in various scientific papers, usually
reviews [1,14,44–46], which sometimes focused on a specific application field, such
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as, e.g., environment [47–49], medicine [50], and food [51]. To move forward in un-
derstanding the state-of-the-art and trends, we have conducted market research on
e-nose manufacturers around the world. We report the outcome in this review to draw
a picture of the kind of e-noses available on the market, to obtain a landscape of the
manufacturers in gas sensing, and to disclose future scenarios in application fields.
One of the results of this research is a database of the main e-nose manufacturers,
their products, the types of sensors employed in each device, and the application areas
where the manufacturers operate. We have used the company websites as the main
source of information.

Chemosensors 2025, 13, x FOR PEER REVIEW 3 of 37 

Figure 1. Published documents containing “e-nose” OR “sensor array” OR “electronic nose” in the 

title (cyan). Published documents containing “e-nose” OR “sensor array” OR “electronic nose” AND 

“food” in the title/abstract/keyword (blue). Inset: Relative weight of e-nose application in the food 

sector. Source: Scopus. 

Figure 2. Published documents containing “gas sensor” AND “machine learning” in the title (pink). 

Published documents containing “gas sensor” AND “machine learning” AND “food” in the title 

(purple). Inset: Relative weight of machine learning approaches in the field of gas sensing over the 

last 35 years. Source: Scopus. 

Currently, e-noses are widely used in many fields such as food and beverage, agri-

culture, farming, medical, air monitoring, military, and defense due to their high speed, 

compact structure, and low cost, which allows them to provide reliable solutions for gas 

monitoring [14,15]. From the point of view of research, e-noses are at the crossroad of 

Figure 1. Published documents containing “e-nose” OR “sensor array” OR “electronic nose” in the
title (cyan). Published documents containing “e-nose” OR “sensor array” OR “electronic nose” AND
“food” in the title/abstract/keyword (blue). Inset: Relative weight of e-nose application in the food
sector. Source: Scopus.

Chemosensors 2025, 13, x FOR PEER REVIEW 3 of 37 
 

 

 

Figure 1. Published documents containing “e-nose” OR “sensor array” OR “electronic nose” in the 

title (cyan). Published documents containing “e-nose” OR “sensor array” OR “electronic nose” AND 

“food” in the title/abstract/keyword (blue). Inset: Relative weight of e-nose application in the food 

sector. Source: Scopus. 

 

Figure 2. Published documents containing “gas sensor” AND “machine learning” in the title (pink). 

Published documents containing “gas sensor” AND “machine learning” AND “food” in the title 

(purple). Inset: Relative weight of machine learning approaches in the field of gas sensing over the 

last 35 years. Source: Scopus. 

Currently, e-noses are widely used in many fields such as food and beverage, agri-

culture, farming, medical, air monitoring, military, and defense due to their high speed, 

compact structure, and low cost, which allows them to provide reliable solutions for gas 

monitoring [14,15]. From the point of view of research, e-noses are at the crossroad of 

Figure 2. Published documents containing “gas sensor” AND “machine learning” in the title (pink).
Published documents containing “gas sensor” AND “machine learning” AND “food” in the title
(purple). Inset: Relative weight of machine learning approaches in the field of gas sensing over the
last 35 years. Source: Scopus.



Chemosensors 2025, 13, 181 4 of 37

These data are reported in specific tables along the manuscript (for food applications)
and in the Supplementary Information File (for all other application fields).

The difference between the present and past reviews on e-noses (recently discussed in
Ref. [52], which analyzes quite a large set of reviews on e-noses from 1994 to 2024) stems
from the fact that we gathered info directly from the market, looking for commercially
available devices, rather than from literature. Current scientific literature is used to com-
ment on the results we obtained from our market survey to add possible perspectives and
application trends or to detail the principles behind e-nose technology.

Our market research has reported a great number of commercially available e-noses.
These devices differ in the type of sensor arrays and the data analysis methods, which are
optimized for specific applications. E-noses operate not only in the classification of odors,
but also in the detection of volatile compounds that cannot be recognized by the human
nose. As shown in the following, the applications of commercial e-noses range from health-
care to food and beverage, defense, industry, and environmental monitoring applications.

A consequence of the diversification in the use of gas sensing devices is that the line
between traditional systems for gas analysis and actual e-nose devices has become quite
loose in the market communication. While some manufacturers refer to their devices as
e-noses, other companies avoid this definition and refer to their products as gas detectors
or gas monitoring devices. Despite the different nomenclature, these latter products may
be considered e-noses since they contain a sensor array for the detection and classification
of more than one type of gas.

We have classified each type of gas sensor and sensing technology available on the
market and organized them, with the help of bar charts, showing the distribution of the
technologies and their application areas.

The present review is organized as follows: Section 2 describes the components and
working mechanism of an e-nose and details each type of e-nose technology in terms
of its structure, characteristics, and distribution on the market. Section 3 focuses on the
ML paradigms that are, nowadays, implemented in e-nose devices for the analysis of gas
compositions. Section 4 presents an overview of the application areas of e-noses. We first
detail their use in the food and beverage industry that resulted from our market research.
To achieve this goal, we report on the worldwide manufacturers and relevant products
available on the market and identify the type of sensor and specific applications for each
product. Following this focus, we briefly list and analyze e-noses in the other application
fields. This allows us to place food applications properly within the overall landscape.
Finally, Section 5 summarizes the outcome of our review study and the findings of the
market research conducted.

2. E-Noses: Working Principle and Sensors Classification
Being aware of possible oversimplifications and misconceptions [53], we assume that

the operation of an e-nose shares many similarities with the physiology of biological noses
in terms of the tasks performed and the working mechanism, as schematized in Figure 3.
An e-nose typically consists of three parts: a multi-sensor array, a pre-processing unit, and
a pattern recognition system. Accordingly, its working mechanism consists of three steps:

1. The perception of odor particles, such as volatile organic compounds (VOCs), by the
sensor array corresponds to the olfactory receptors in the biological olfactory system;

2. The processing of the odor signal occurs in the olfactory bulbs [54];
3. The delivery of the information for odor identification occurs through trained ML

algorithms as an analogy to what happens in the brain cortex, matching with the
response patterns stored in the brain memory [55].
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The fundamental difference between an electronic and a biological node lies in the
fact that the latter hosts hundreds of olfactory receptors, whereas the former must perform
using a much smaller number of sensors [56,57]. The block diagram in Figure 3 details the
hardware and software units of an e-nose. The former consists of the gas sensor array, while
the latter comprises both the signal-processing component and the pattern recognition
system, where the data are prepared and classified based on ML algorithms.

Sensors in e-Noses

The performances of an e-nose mainly depend on the following parameters [58]:

• Sensitivity: the intensity of the sensor’s response after exposure to a target gas. This is
usually defined as a relative change of the signals registered before and during the
exposure to gas analytes;

• Response time: the time interval the sensor array takes to measure an analyte. It is
usually defined as the time required for the sensor signal to increase from 0% to 90%
of the total response;

• Recovery time: the time required by the sensor signal to decrease to 10% of the
maximum response;

• Selectivity: the ability to discern the concentration of a substance in the presence of
other interfering substances;

• Resolution: the minimum significant variation of the signal;
• Drift: the tendency of the output signal to monotonically vary due to a change of

sensor material properties over the measurement time;
• Repeatability: the ability to provide a stable signal in repeated measurements;
• Detection Limit or Limit of Detection (LOD): the lowest analyte concentration de-

tected by the sensor, i.e., the lowest concentration of an analyte that can be reliably
distinguished from background noise;

• Limit of Quantification (LOQ): the lowest concentration that can be measured with
acceptable precision and accuracy (see, e.g., Ref. [59]);

• Operating Temperature: the temperature range for proper gas analysis [60,61].

Depending on the field of application, one or the other parameter might be most
crucial in determining the efficiency of the e-nose device. For instance, industrial and
safety/security applications mostly require quick response time, while biomedical and
environmental applications require high (e.g., sub ppm) sensitivity and a good capability
of discrimination in complex mixtures of volatiles. Wearable devices need miniaturization
and low-power consumption.
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Gas sensor devices exploit a variety of technologies that determine the best application
fields of each e-nose type. In Figure 4, we report on the distribution of sensor types used
in e-noses as obtained in our market research. We point out that not all devices strictly
belong to the e-nose category when used alone. However, even those not properly defined
as e-noses rely on techniques that fulfill the functionality of an e-nose device when they are
combined with pattern recognition algorithms.
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Figure 4. Distribution of sensor types for e-nose devices available on the market. MOS = metal
oxides sensors, CP = conductive polymer; EC = electrochemical; CB = catalytic bead; QCM = quartz
crystal microbalance; SAW = surface acoustic wave; PID = photoionization detector; FID = flame
ionization detector; Opt = optical; UV = ultraviolet; IR = infrared; NDIR = non-dispersive infrared;
FTIR = Fourier-transform infrared; GC = gas chromatography; MS = mass spectrometry; IMS = ion
mobility spectrometry.

In the following, we first present the gas sensors featured in e-noses, consistent
with the definition of Ref. [13]. These represent approximately 60% of the bar chart and
include chemiresistors, based on either metal oxide semiconductor (MOS) or conducting
polymer (CP), electrochemical (EC) gas sensors, catalytic bead (CB) sensors, quartz crystal
microbalance (QCM) sensors, acoustic wave sensors, photoionization detector (PID) sensors,
and optical sensors (Opt). The working principle of each sensor type is sketched in Figure 5,
while we summarize the specific advantages and disadvantages together with the major
application fields in Table S1 of the Supplementary Information File. Then, we extend
the description to other technologies employed for gas sensing purposes, i.e., UV and
IR spectroscopy, Non-Dispersive Infrared (NDIR) and Fourier-Transform Infrared (FTIR)
spectroscopy, gas chromatography (GC) and mass spectrometry (GC/MS), ion mobility
spectrometry (IMS), and flame ionization detector (FID). Finally, we briefly list types of
sensors and sensing technologies gathered under the categories “other” and “unknown”
(i.e., not specified).

Chemiresistors are among the most diffuse sensing layers. They include metal-
oxide semiconductors (MOS), nanostructured carbon, and transition metal dichalcogenides
(TMDs). They consist of an active layer connected through electrodes to a constant voltage
source. Under normal conditions, current flows in the circuit and an initial value of the
current, I0, are measured. In the presence of the target gas, molecule chemisorption takes
place at the active layer surface. This causes a variation of the conductivity of the system;
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thus, a new current value, Igas [62]. The variation of current intensity, Igas/I0, or resistance,
Rgas/R0, during the exposure usually defines the sensor response. Regarding the sensing
mechanism, MOS can be classified as p-type and n-type chemiresistors depending on the
oxide doping and, thus, on the type of majority charge carriers. In n-type chemiresistors
(SnO2, ZnO, etc. [4]), oxidizing gases (e.g., NO2) cause a decrease in the number of electrons
and, thus, in the current intensity. Conversely, reducing gases inject electrons into the
system, causing a current increase. In p-type chemiresistors, the majority carriers are holes,
leading to the opposite sensing behavior [63].
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Thanks to their sensitivity to a large number of gases, MOS are among the most widely
used sensor types in e-nose devices [64]. In particular, they are often preferred in the
field of quality control of food and beverage production, specifically in the detection of
contamination and spoilage, as well as the determination of the geographic origin and
aging [65]. Beyond MOS, several other materials, such as, e.g., carbon nanotubes, graphene,
and 2D transition metal dichalcogenides [23,66], are currently under intense investigation
in view of their implementation as active layers [15]. For instance, the commercial e-nose
based on nanostructured carbon chemiresistors has been recently placed on the market
by SmartNanotubes [67]. While tests reported remarkable sub-ppm detection limit and a
discrete range of linear response, the signal reproducibility and tolerance against poisoning
over time are still major limitations [68]. Thus, commercial e-noses based on chemiresistors
are still mostly based on metal oxides due to their best performance in terms of signal
stability, sensitivity (up to the sub-ppm –part per million- level), and short response and
recovery times. Moreover, their compact size, simple fabrication process, and ease of
use are further advantages pushing towards the choice of MOS. On the other hand, they
consume a large amount of power, are sensitive to humidity, and the response time increases
significantly at low temperatures due to much slower oxide surface reactivity. In addition,
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they offer weak selectivity because they are simultaneously sensitive to reducing and
oxidizing gases [2].

Conducting polymers (CP) represent another class of sensing materials employed in
chemiresistors. They offer a manifold of electrical measurement schemes, including the
simple two-contact scheme typical of chemiresistors, and, therefore, are often classified
among chemiresistors [69,70]. Sensors based on CP are the first type of sensors employed in
commercial e-nose systems, broadly used nowadays in many fields such as, e.g., the medical,
pharmaceutical, and food and beverage industries, as well as environmental monitoring.

Though the most appropriate definition for this class of materials would be π-
conjugated polymers, CP still appears in the description of commercially available products
(see, e.g., the Cyranose 320 by Sensigent, which is a portable handheld e-nose consisting
of 32 individual conducting polymer sensors blended with carbon black composite). In
addition, recent papers ([71,72]) still adopt this definition. The electrical conductivity of
conjugated polymers can be tuned via chemical doping. For example, conducting polymers
have modifiable backbones, end groups, and side chains, which enable tailoring their elec-
trical properties and surface chemistry and, therefore, the response to targeted gas/vapors.
Furthermore, conducting polymers can be hybridized with conducting fillers to further
improve response intensity and dynamics at room temperature. The working mechanism
of CP–based chemiresistors sensors is the interaction of the CP-sensitive material with
VOCs, leading to a change in the polymer conductivity [2,70,73]. Their primary advantage
is the ability to operate at room temperature, i.e., without the need for heating, which
simplifies their use and reduces power consumption. Moreover, they are sensitive to a
wide range of gases and resistant to sensor poisoning, and they have short response times
and low costs [74]. The disadvantages are signal drift due to the oxidation of polymers
over time and high sensitivity to humidity and temperature [75]. Recent developments on
CP sensing layers can be mainly ascribed to printable electronics approaches, as discussed
in Section 6.2 of Ref. [76], which enable solution processing of sensing layers and make
them particularly suited for developing fully printed gas sensors on virtually any type
of substrate.

E-noses based on electrochemical (EC) gas sensors are used in security systems and
industrial and medical fields [1]. Their working principle is based on the current or voltage
change upon gas exposure [77]. This change results from the electrochemical oxidation or
reduction of VOCs at the surface of a sensing electrode [78,79]. EC gas sensors excel in low
power consumption, robustness, high-range operation temperatures, sensitivity to diverse
gases, good resolution, and resistance against poisoning by spurious gases. However, their
large size and very low sensitivity to gases with low molecular weight, particularly the
aromatic hydrocarbons, restrict their range of application [2]. Even so, EC sensors report a
large share of approximately 15% of the market distribution.

Catalytic bead (CB) sensors are implemented in e-noses for environmental and chemi-
cal monitoring, particularly for flammable gas detection. Their operation is based on the
oxidation of combustible gases on the catalytic element. They consist of two elements: a
detector, which contains a catalytic material and is, thus, susceptible to combustible gases,
and a compensator, which is the inactive component. The two parts connect to form a
Wheatstone bridge circuit that generates signals proportional to gas concentration. When
flammable gases are present, detector resistance rises, causing an imbalance in the circuit
that generates the output voltage signal [1,80]. The main benefits of this sensor type are
fast response and recovery times, high specificity in detecting combustible gases, small
size, and inexpensive operating costs. However, signal drift and low selectivity are their
drawbacks [1,2]. Finally, CB sensors are only sensitive to oxygen-containing compounds.
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CB sensors report a high share on the market (13%) and are mostly employed in refineries,
chemical plants, and mines for the detection of toxic and flammable gases.

Quartz crystal microbalance (QCM) sensors are the simplest type of piezoelectric acoustic
wave device [1]. This sensor type is one of the commonly used in e-noses applied to security
systems, environmental monitoring, and pharmaceutical and food industries. The sensing
principle of a QCM relies on the piezoelectric effect of the quartz crystal [45,81]. Acting as a
mass transducer, the QCM detects gases through the shift of its resonant frequency caused by
the change in the mass of sensitive materials after gas absorption or desorption. Remarkably,
this sensor can also be used in liquid or gas environments. The major advantages are the high
sensitivity, fast response time, and low detection limits. Moreover, QCM sensors offer stability,
portability, and reduced cost. On the other hand, this sensor type has severe disadvantages,
which include its difficult implementation in e-nose devices, complex circuitry, poor signal-
to-noise ratio, and high sensitivity to temperature and humidity. On the market, QCM has
a very small share of 0.25%, mainly represented by Electronic Sensor Technology [82]. Such
limited use of QCM sensors is likely due to the restricted applicability to rather simple gas
mixtures because one needs to assume that the crystal surface roughness and viscosity remain
constant during the interaction with the gas [83].

Acoustic wave sensors operate on the same principle as QCM devices. Specifically,
a piezoelectric layer present in the sensor produces the acoustic wave, which can be
of many kinds, such as, e.g., surface acoustic wave (SAW), bulk acoustic wave (BAW),
tube acoustic wave device, and, more recently, flexural plate wave (FPW) [84]. In e-nose
devices, SAW sensors are the most commonly used and cover 1% of the market distribution
with products by Karlsruher Institut für Technologie (KIT) [85] and Electronic Sensor
Technology [82]. Acoustic wave sensors are very attractive in environmental monitoring,
the food and beverage industry, chemical detection, and the automotive industry because
of their high sensitivity and fast response time. In addition to the ability to react to almost
all types of gases, they have a small size and low cost. However, they have high sensitivity
to temperature and a poor signal-to-noise ratio [48].

Photoionization detectors (PID) are well-known devices able to detect the presence
of VOCs even at very low concentrations [86,87]. The working principle is based on the
interaction of ultraviolet (UV) light with organic compounds with an ionization potential
less than or equal to the energy of UV radiation [44]. As a result, photoionization of
the VOC occurs, and the airborne splits into positive and negative ions. Thus, the PID
measures the photoemitted charge carriers of the ionized gas as a function of the VOC
concentration [88]. We point out that PID sensors alone are not e-noses in the strictest sense
because, as stated by Wilson and Baietto in Ref. [1], “they do not provide a collective data
output from a sensor array and are designed to detect and identify individual components
of a gas mixture.” Even so, PID sensors are commercially available, combined with other
detectors, for gas sensing in environmental monitoring, industrial and transportation
systems, public security, and the analysis of chemical and physical composition of soil [45].

The use of optical sensors for chemical sensing is common in environmental monitor-
ing and biomedical applications. Optical sensors exploit properties such as absorbance,
reflection, fluorescence, and refractive index to detect and quantify the presence of a gas
analyte. Among them, fluorescence measurement is the most common method [89], fol-
lowed by colorimetric measurements [90,91]. Colorimetric sensors are the simplest optical
sensors. They consist of chemically sensitive, multicolored dyes that change color as a
result of their interaction with the analyte gases. The advantages of colorimetric sensors are
the ease of manufacturing, low cost, simple operation, high portability, and short response
time [92]. Fluorescent sensors are more sensitive than colorimetric sensors and detect light
emissions from the gas analyte at lower wavelengths [93]. These sensors can be coupled
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with optical fibers, which facilitate the signal transfer and minimize the signal loss [91]. The
general benefits of optical sensors include the ability to discern compounds in gas mixtures
and the high sensitivity. Moreover, optical sensors have a lightweight, quick response and
high tolerance to electromagnetic interference. On the other hand, their complex sensor-
array system makes their implementation hard, the use of optics and electrical components
limits their portability, and their sensitivity to stray light interference affects the signal
quality [1].

While, so far, single sensors used in e-nose sensor arrays have been discussed, in the
following, analytical systems that can be driven as e-noses are introduced. Indeed, the
possibility to extract a suitable number of features from a single spectrum (e.g., optical,
MS-GC) can be exploited to proceed with ML-based data analysis, where each spectrum
is the outcome of an exposure to a gas mixture and each point of the spectrum can be
regarded as a feature from a single sensor in an e-nose sensor array.

In this sensor class, we collect systems based on spectrometers coupled to different
light sources.

Ultraviolet (UV) absorption spectrophotometry technology is used in the detection
of gases. The working principle exploits the ability of gas molecules to absorb light
at specific wavelengths. Following the interaction with the analyte, the light intensity
decrease is recorded and analyzed as a function of wavelength. This method provides
high sensitivity and selectivity, and it is a very common analytical technique in biomedical
and analytical chemistry for the measurement of gas concentrations [94]. The devices
that utilize this technology can be considered as e-noses in combination with a pattern
recognition algorithm. Commercially available devices on the market are UVA 17 CD m
and the UVA 17 HW Series from Dr. Födisch Umweltmesstechnik AG [95].

Infrared (IR) spectroscopy measures the wavelength-resolved light absorption by
molecules in a gas mixture. The technique relies on the fact that in a molecule, absorption of
IR light occurs at specific wavelengths that are resonant with vibrational levels characteristic
of the molecule. By analyzing the absorption peaks of the recorded spectrum, the molecule
is identified. IR spectroscopy is broadly used in the detection of hazardous gases, refrigerant
and ammonia leaks, hydrocarbons, and combustible gases in high-temperature hazardous
area locations. MSA Safety is the main manufacturer of IR spectroscopy-based sensing
devices for industrial and safety applications [96].

UV/IR spectroscopy-based sensors combine UV and IR spectroscopy in a single
apparatus, along with advanced signal processing algorithms for pattern recognition.
They allow flame detection for a variety of gases, flammable liquids, and even volatile
solids [97]. Therefore, they are generally used in chemical storage, oil and gas pipelines,
petrochemical facilities and refineries, and gas engine rooms. However, in this research, this
sensing method has a small share with 1.51%. Zero Two Series from MSA Safety [96] utilizes
UV/IR for safety monitoring.

Non-dispersive IR (NDIR) technology is mostly used to detect carbon oxides (CO,
CO2). The working principle is based on the absorption of IR light at specific wavelengths
by the gas component that travels through the sampling chamber. The absorbed light
intensity is used to measure the relevant gas concentration. Specifically, an optical filter
placed in front of the detector absorbs every wavelength of light except the one absorbed by
the oxide molecules, which hits the IR detector. NDIR performs in gas emission monitoring,
e.g., for the detection of hazardous gases in oil and gas refineries and chemical storage, in
water treatment, and in chemical plants. In our market research, we have identified a few
devices by Honeywell International Inc. [98] and International Gas Detectors Ltd. [99] that
utilize NDIR technology.
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Fourier-transform infrared (FTIR) spectroscopy uses an interferometer to detect the
IR spectrum without the need for dispersive media. As such, it records the absorbed light
simultaneously at all wavelengths, which allows rapid analysis of the target gas. The
detection of narcotics, precursors, cutting agents and common chemicals, and various
environmental monitoring applications use FTIR spectroscopy technology. IR, NDIR,
and FTIR occupy 17% of the market distribution pie chart. Thermo Fisher Scientific
Inc. [100] and Honeywell International Inc. [98] produce sensing devices equipped with
FTIR technology for chemical detection in industrial processes.

Gas chromatography (GC) is an analytical technique used to separate gas molecules
in an organic sample mixture and analyze their concentration. The technique exploits a
carrier gas to transport VOCs through the GC system up to an analytical sector in charge of
the gas separation. Then, gas is analyzed, and a chromatogram of the sample composition
is produced. GC successfully performs for VOCs with molecular weight lower than 1250
Da and a good thermal stability of their structure in order not to degrade during the GC
analysis [101]. GC is frequently applied in the analysis of fire remnants, drugs, and toxins
in blood and other body fluids, and in driver alcohol detection systems [102]. The main pro-
ducers of GC-based gas sensors are Thermo Fisher Scientific Inc. [100], Shimadzu [103], and
Agilent [104].

Mass spectrometry (MS) is based on the ionization of compounds in a mixture and
their qualitative and quantitative analysis by measurement of their mass-to-charge ratio
(m/z) [105]. It is widely used in analytical laboratories for the study of the physical,
chemical, or biological properties of both inorganic and organic compounds. For gas
sensing purposes, MS finds application in the detection of narcotics and explosives, aroma
profiling, environmental analysis, and the cosmetics and fragrance industry. In our market
research, we have found one product by Plasmion GmbH, which uses a stand-alone MS for
gas sensing [106].

The combination of gas chromatography (GC) and mass spectrometry (MS) enables
the separation and quantification of complex gas mixtures, as well as the identification of
unknown compounds. GC is in charge of pre-separation of the gases in vacuum, which
are then ionized and quantified by MS. The gas compounds are classified according to
their m/z ratios, and their intensity is recorded as a function of m/z and for various scans
(i.e., retention times). The GC/MS method also provides mass chromatograms, i.e., the
temporal evolution of intensity for a specific mass. The total ion chromatogram is obtained
by combining the intensities of all mass chromatograms. The recorded data set is scanned
with a spectral library to provide qualitative results about the compounds present in the
gas mixture [107].

GC/MS sensing technology is currently used for food and environment (air pollution)
analysis, in the pharmaceutical, chemical, and oil industries, in forensic medicine and
toxicology, and in scientific research laboratories. The main producers of GC/MS-based
sensors are Agilent [104], whose products are devoted to the detection of, e.g., cell fatty
acid in red blood and to analyze impurities in drug products, and Shimadzu [103], which
produce GC/MS sensing devices for the analysis of fatty acids in aviation turbine fuel.
Nowadays, GC and GC/MS-based sensors share 12% of the market distribution.

Ion mobility spectrometry (IMS) is an analytical chemistry method used to identify
gases in a mixture based on their separation (ionization) after interaction with an inert
gas such as helium or nitrogen [108]. Specifically, the technique measures the ion mobility
when ions propagate in an electric field, from which the size-to-charge ratio and thus
the ion constituents are obtained. Sensors based on IMS can be used as a stand-alone
device or after pre-separation of ions through chromatography for sensitive and selective
detection of compounds in more complex mixtures [109]. IMS is employed in the detection
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and classification of chemical warfare agents, toxic industrial chemicals, explosives, and
narcotics. It shares of 4% among all sensor types, and the main manufacturers of IMS-based
sensors are Bertin Environics [110], Smiths Detection [111], and Owlstone Inc. [112].

The operation of a flame ionization detector (FID) is based on the measurement of ions
released during the combustion of the target compound in a flame fueled with hydrogen
or helium gas. The latter produces negligible ions during combustion, while it serves to
ionize gas molecules of the target compound. After gas ionization, ions propagate between
two electrodes and are attracted towards the negative plate, where the current is collected.
Once the ions hit the collector, a current intensity change is recorded, which would be
proportional to the concentration of the ionized species [113]. FID shares similarities with
PID in its working principles. However, its application differs in that FID is particularly
good at detecting natural gas (methane), while PID is better at measuring toxic VOCs in
landfills, where non-toxic methane would interfere with the measurement. PID and FID
together share 9% and are exploited by, e.g., RAE by Honeywell [114] and Thermo Fisher
Scientific Inc. [100].

Others and unknown. Under the label “Others”, we have collected minor types of
sensors which, altogether, reach a share of 8–9% of the market. These include thermal con-
ductivity gas sensors (used in GC), photometers, parametric measuring methods, systems
such as zirconium-dioxide sensor, colorimetric gas sensor, flame spectrophotometry, bio-
optic smell sensors, electrode pin-less microsensor, optical particle counter (OPC), galvanic
fuel cell, tunable diode laser absorption spectroscopy technology, and gamma radiation.
Besides, some manufacturers prefer to use their own proprietary sensing technologies, such
as, e.g., catalytic sensing technology by Dräger Safety AG & Co. KGaA [115].

Finally, the sensor class referred to as “Unknown”, with a share of 7%, includes devices
for which the manufacturers have not specified the sensor type.

3. Machine Learning and Artificial Intelligence in e-Nose Technology
Due to the increasing importance of machine learning approaches in the field of gas

sensing (see, e.g., Figure 2 and Refs. [33–41]), the integration of AI and ML into e-nose
devices has recently pushed far forward the development of this gas sensing technology.
Commercially available e-noses offer a manifold of ML-based data processing opportunities,
and, usually, there is no specific analysis for a specific application, while many ML tools
are bundled in each device. In general, ML methods enable the e-nose with precise odor
identification with quantitative and qualitative analysis. These aspects are addressed in
detail in Ref. [116].

Understanding the basic differences between AI and ML is essential to appreciate how
their implementation can boost e-nose functionality and accuracy. Although often used as
synonyms, AI and ML refer to different concepts in computer science [117,118]. AI broadly
concerns the ability of machines to conduct tasks that would traditionally require human
intelligence, such as, for instance, visual perception, speech recognition, decision-making,
and language translation. Therefore, AI enables systems to function intelligently and
independently, much like the human mind, and to mimic cognitive functions that used to
be within the domain of the human mind. ML is a specialized subset of AI, as visualized in
the schematic of Figure 6. Unlike traditional programming, in which precise instructions
are given, ML algorithms harness their skill through experience by figuring out patterns in
a large dataset with the aim of making predictions or classifications.

The food and beverage field offers many examples where tools that are more charac-
teristic of AI are combined with e-noses to proceed through data analysis and classification
with ML methods. For example, Ref. [119] presents a dual approach to improve food
ripeness classification based on image recognition through a camera combined with an



Chemosensors 2025, 13, 181 13 of 37

e-nose. Computer vision techniques and an e-nose are combined in Ref. [120] to detect the
cooking state of grilled chicken.
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In addition to AI and ML, a third concept is deep learning (DL), which is a subset of ML.
DL develops the architectures of artificial neural networks in charge of learning patterns
by mimicking how the human brain processes information. The main difference between
ML and DL lies in the fact that the latter learns data representations in a hierarchical
manner automatically, while ML requires manual aids through feature engineering. This
enables DL to find intricate patterns and dependencies within the data without any human
intervention, which, as a result, enables DL to scale up very high in terms of performance
and generalization.

In this section, we focus on the set of ML algorithms that make a computer either learn,
forecast, or make a decision based on data. Specifically, we discuss the role of ML in training
e-noses to reach an extremely high level of accuracy for the recognition and classification
of different odors, including those of new scents. This ability is essential in applications
that rely on precision and adaptability, such as hazardous gas identification and breath
analysis for disease diagnosis. Therefore, the use of AI and ML elevates e-noses to the next
level by continuously improving their performance, while adapting themselves over time.
Section 3.1 introduces the supervised, unsupervised, and reinforcement ML paradigms,
the data preparation methods, and the most relevant ML algorithms employed for odor
classification. Moreover, it outlines some of the key problems in ML model building, such
as overfitting and underfitting, and the techniques to validate models and analyze their
performance. Section 3.2 and 3.3 describe the preparation procedure and analysis methods,
respectively, of the collected data for odor classification. Finally, Section 3.4 discusses the
strategy of building, training, and evaluating an ML-based model for the treatment of
e-nose datasets.

3.1. ML Paradigms

Conventionally, e-noses are composed of an array of physical sensors. As a result,
the collected dataset is a matrix where each column corresponds to one of the sensors
and each row to one of the exposed gases. In complex datasets, one physical sensor can
provide information about more than one feature, thus augmenting the number of columns
of the matrix.

The analysis of such datasets is the main task of ML. As depicted in Figure 7, ML
algorithms divide into three types: supervised, unsupervised, and reinforcement learning.
As described in the following, each type of learning paradigm presents its own strengths
and is appropriate for different classes of problems and tasks.
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Figure 7. Overview of machine learning paradigms and their main subcategories. Machine learning
is broadly categorized into supervised learning, unsupervised learning, and reinforcement learning.
Supervised learning includes classification (e.g., decision trees, support vector machines, LDA) and
regression (e.g., linear regression, neural networks). Unsupervised learning consists of clustering
(e.g., k-means, hierarchical clustering, DBS) and dimensionality reduction (e.g., principal component
analysis, t-SNE, U-MAP). Reinforcement learning enables decision-making through trial and error,
with typical applications such as training autonomous agents in robotics and optimizing strategies in
game playing.

The basic idea of supervised learning is to learn input-to-output mapping in order
to make the right prediction with new data. To this goal, the algorithm learns first from
a labeled dataset in which the correct target output accompanies its training example,
which is later applied to novel datasets where the outcome is well-defined and the data is
labeled. Some common algorithms are linear regression, logistic regression, support vector
machines, and neural networks. Their application is wide and diverse, from email spam
detection to image recognition to medical diagnosis [121,122].

The unsupervised learning algorithm learns from unlabeled responses through the
identification of underlying patterns, structures, or relations that are intrinsic and em-
bedded within the data. K-means clustering, principal component analysis (PCA), and
hierarchical clustering are among the most popular methods. Clearly, unsupervised learn-
ing is useful in analyzing and exploring data whose underlying patterns are not already
available. Exemplary applications are customer segmentation, anomaly detection, or gene-
expression clustering, where the main task of unsupervised learning is to interpret structure
into data that has no predetermined classes or labels [123–125].

The reinforcement learning algorithm is based on training to make correct decisions
based on the rewards received or the penalties imposed as consequences of previous actions.
The approach is similar to a trial-and-error learning method, in which someone tests differ-
ent types of actions and infers the best one from the obtained results, thereby improving its
decision-making ability. Common algorithms in reinforcement learning include Q-learning,
deep Q-networks (DQNs), and policy-gradient methods. Reinforcement learning is espe-
cially effective when applied in dynamic environments, where there is a constant need
for the agent to update its strategy. The most general uses are in robotics, game playing
(such as AlphaGo), and autonomous vehicles, where real-time decision-making is a crucial
aspect [126–129].

3.2. Data Preparation

A dataset is typically divided into three subsets: training, validation, and testing. The
training subset is the largest one, i.e., from 60% to 70% of the whole dataset, and enables
the development of models based on the data at hand. The validation and test subsets each
correspond to 15% to 20% of the whole dataset and allow the evaluation and fine-tuning
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of the developed model. Specifically, the validation step is useful to choose the optimal
learning algorithm and select the best hyperparameters; the test provides an assessment of
the performance of the final model. In the case of a big dataset, it is advisable to allocate
up to 95% of the dataset for the training, and 2.5% each for testing and validation. In
fact, the larger the size of the training, the more accurate the predictions of the developed
model [130]. The implementation of an ML algorithm into the e-nose technology requires
high accuracy and fast response, a simple training phase, robustness against outliers, an
estimator of uncertainty, small memory storage, and low power consumption.

The two most important steps of data preparation are the standardization and the
normalization [130–135]. While there is no common rule to decide, given a dataset, if we
have to use standardization or normalization, unsupervised learning algorithms more often
use standardization rather than normalization.

3.3. Data Analysis

A pattern recognition unit requires a supervised classification algorithm. For odor
classifications, the most commonly used pattern classification algorithms are support vector
machine (SVM), principal component analysis (PCA), linear discriminant analysis (LDA),
k-nearest neighbor (k-NN) and artificial neural network (ANN) [136–138], whose main
features of these algorithms are described later in this section. A summary of the specific ad-
vantages and disadvantages is reported in Table S2 of the Supplementary Information File.

The difficulty of the classification problem depends on how much the values for
objects in the same category differ, which, in turn, is determined by the complexity of
the dataset, as well as by noise in the acquisition. In the evaluation of the classifier’s
performance, the error rate, expressed as the percentage of models assigned to the wrong
category [139], is considered. The final stage of the pattern classification system consists of
the assignment of the input patterns to a class, depending on the measurements taken from
the selected features.

The support vector machine (SVM) algorithm is typically applied to the classification
of data points [140]. It is in charge of generating the optimal hyperplane, also called the
decision boundary, which separates the data points into distinct classes (features) [141]. The
best hyperplane is the one that maximizes the margin between two distinct data classes
and, thus, contributes to a better generalization of the classification problem to new, unseen
data sets. The data points closest to the hyperplane are defined as support vectors [130].

Principal component analysis (PCA) is useful when dealing with datasets with several
features, because its main effect is to reduce the number of columns while preserving
the data variance [142–144]. E-nose applications are a typical case of the many-variable
problem, with a high risk of overfitting a model to the data. Therefore, the dimensionality
reduction provided by PCA crucially helps to focus on a few variable subset and achieve
reliable results for the complete variable set.

Feature extraction could be done by using different methods. In e-nose applications,
feature extraction methods allow for the extraction of original response curves, transform
domains, curve fitting parameters, phase space and dynamic moments, parallel factor
analysis, energy vector, power density spectrum, and window functions [145]. However,
the efficiency of a feature extraction method depends on the gas sensor type, the detection
targets, and the specific demands of the application [145,146].

Linear discriminant analysis (LDA) is a statistical method used for pattern recognition
and data classification. In addition, it is also a powerful method for data analysis and
interpretation. LDA is a supervised learning algorithm that is used to find the linear
combination of features that best separates two or more classes of instances. LDA differs
from PCA because PCA selects new axes (dimensions) while preserving the variance and,
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hence, the shape of the data, whereas LDA chooses axes to optimize the separation ability
of the two classes.

LDA works in a three-step process. The first step is to calculate the between-class sepa-
ration ability or variance [147], defined as the distance between the mean values of different
classes. Clearly, the closer the mean values, the more complex the algorithm problem.

The second step is to calculate the within-class variance, i.e., the distance between the
mean of each class and its sample. As expected, the higher the variance within a class, the
more difficult the separation of the classes.

In the third step, a lower-dimensional space is created, which maximizes the between-
class separation ability and minimizes within-class variance [148,149].

Figure 8 provides a visual representation of the working principle of LDA for di-
mensionality reduction and classification. The original dataset consists of two classes,
represented by blue and green points, distributed in a high-dimensional space (a). The goal
of LDA is to find an optimal projection that maximizes class separability. Data points are
projected onto a selected axis (e.g., a random direction), leading to significant class overlap.
This projection is not optimal, as it does not maximize the distinction between classes
(b). LDA determines the optimal projection direction by maximizing the between-class
variance while minimizing the within-class variance (c). The optimal axis is chosen to
enhance class separability, shown here with red arrows indicating the adjustment. Data
points are finally projected onto the LDA axis (d), achieving maximum class separability.
The resulting one-dimensional representation preserves the distinction between the original
classes, enabling effective classification.
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optimal axis.

K-nearest neighbor (k-NN) aims at solving both classification and regression problems.
In the training phase, it assigns an instance to the class of the k-NN [150]. Then, the
working logic is to find the most similar data points and classify them. When new data
comes in, the algorithm makes a prediction on the similarity. Importantly, K-NN does not
make hypothetical predictions and works on the structure of the data itself. Therefore,
it is quite suitable for making a classification when little or no prior knowledge of the
distribution of the data is available [151]. However, larger values of k yield smoother
classes, but computation complexity will increase exponentially as the number of samples
increases [150,152].

K-NN keeps all training examples in memory after the creation of the model. In the
assignment of incoming x samples to a cluster, a distance function calculates the proximity
of two points [134,148,153].
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Artificial Neural Networks (ANN), inspired by the human brain’s structure, are
computational models designed to recognize patterns, make decisions, and solve complex
problems by learning from data.

The brain, which is the main control unit in the nervous system, consists of chains of
neurons [154]. A neuron, drawn in Figure 9a, is a brain cell carrying messages in the form of
impulses. Dendrites receive and transmit signals (impulses) in between other neurons and
cells via axons. When the impulse reaches the axon terminals, the axon releases a chemical
substance called neurotransmitter in the synaptic cleft, the gap separating dendrites from
distinct neurons. In this way, the impulse propagates to the next neuron.

Chemosensors 2025, 13, x FOR PEER REVIEW 18 of 37 
 

 

 

Figure 9. (a) Structure of a biological neuron. (b) Single-layer perceptron model. (c) Multi-layer per-

ceptron model. 

The data of a gas sensor array is often non-linear [157], and ANN based on multi-

layer models offers a great aid in the identification of odors in a chemical mixture, pro-

vided there is a training phase with adequate and relevant examples. 

3.4. Model Building: Training and Evaluation 

Model building is a crucial step in the ML pipeline, involving the design, training, 

and evaluation of algorithms to capture patterns and relationships within data. The pro-

cess typically begins with data pre-processing, where raw data is cleaned and transformed 

to ensure quality inputs. This includes handling missing values, normalizing or scaling 

features, and encoding categorical variables. Once the data is prepared, feature selection 

or extraction identifies the most informative variables. This step improves model effi-

ciency by reducing the dataset dimensionality and attenuating the overfitting tendency. 

Common techniques include PCA and feature importance metrics. 

The next phase is selecting an appropriate model architecture. Common algorithms 

include linear models (e.g., Linear and Logistic Regression), tree-based methods (e.g., De-

cision Trees, Random Forests), SVM, and ANN. The choice of model is based on the type 

of problem (classification/regression/clustering) and the dataset characteristics. Once a 

model is chosen, it undergoes training using a labeled dataset (in supervised learning) or 

unlabeled data (in unsupervised learning). Hyperparameter tuning is performed to opti-

mize the model’s performance, using techniques such as grid search or randomized 

search. Cross-validation is employed to assess the model’s generalizability and to prevent 

overfitting by ensuring performance consistency across multiple data subsets. 

After training, the model is evaluated using metrics such as accuracy, precision, re-

call, F1-score, or mean squared error, depending on the task. It is common to split the 

dataset into training, validation, and testing sets to assess the model’s performance and 

minimize bias in the results. The model evaluation follows the training phase by compar-

ing the target predictions with the actual value. A model prediction can be either true or 

false, meaning that the model is either right or wrong. In addition, when the model is 

applied to the training dataset where the correct answers are known, an actual value can 

be classified as either positive, i.e., corresponding to one of the values of the training da-

taset, or negative, i.e., another value. Thus, the model can predict four possible results, 

which compose the so-called confusion matrix [158]: 

• A true positive (TP) refers to a correct prediction of an actual value of the dataset. 
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Figure 9b shows the concept of a biological neural network applied to the ANN single-
layer perceptron model. The impulses received are the inputs, and the transmitted one
is the output. A function f(x) is used for linear binary classification, and the output is
calculated as weighted sum of the inputs xiwi shifted by a bias value bi. For n inputs, the
output reads:

ŷ = ∑n
i=1 xiwi + bi.

For complex systems, a multi-layer perceptron model is required, in which one or
more hidden layers operate in between the input and output layers in the way represented
in Figure 9c [155]. The number of hidden layers depends on the complexity of the task. The
weights applied to the input layers play an important role in determining the activation
of the hidden layers. Similarly, the weights applied to the hidden layers are decisive in
activating the output layer [156]. The activation of each layer is regulated by an activation
function, such as, e.g., linear, binary step, sigmoid, hyperbolic tangent, rectified linear unit
(ReLu), and softmax activation functions [148].

The data of a gas sensor array is often non-linear [157], and ANN based on multi-layer
models offers a great aid in the identification of odors in a chemical mixture, provided there
is a training phase with adequate and relevant examples.

3.4. Model Building: Training and Evaluation

Model building is a crucial step in the ML pipeline, involving the design, training, and
evaluation of algorithms to capture patterns and relationships within data. The process
typically begins with data pre-processing, where raw data is cleaned and transformed
to ensure quality inputs. This includes handling missing values, normalizing or scaling
features, and encoding categorical variables. Once the data is prepared, feature selection or
extraction identifies the most informative variables. This step improves model efficiency by
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reducing the dataset dimensionality and attenuating the overfitting tendency. Common
techniques include PCA and feature importance metrics.

The next phase is selecting an appropriate model architecture. Common algorithms
include linear models (e.g., Linear and Logistic Regression), tree-based methods (e.g., Deci-
sion Trees, Random Forests), SVM, and ANN. The choice of model is based on the type
of problem (classification/regression/clustering) and the dataset characteristics. Once a
model is chosen, it undergoes training using a labeled dataset (in supervised learning)
or unlabeled data (in unsupervised learning). Hyperparameter tuning is performed to
optimize the model’s performance, using techniques such as grid search or randomized
search. Cross-validation is employed to assess the model’s generalizability and to prevent
overfitting by ensuring performance consistency across multiple data subsets.

After training, the model is evaluated using metrics such as accuracy, precision, recall,
F1-score, or mean squared error, depending on the task. It is common to split the dataset
into training, validation, and testing sets to assess the model’s performance and minimize
bias in the results. The model evaluation follows the training phase by comparing the target
predictions with the actual value. A model prediction can be either true or false, meaning
that the model is either right or wrong. In addition, when the model is applied to the
training dataset where the correct answers are known, an actual value can be classified as
either positive, i.e., corresponding to one of the values of the training dataset, or negative,
i.e., another value. Thus, the model can predict four possible results, which compose the
so-called confusion matrix [158]:

• A true positive (TP) refers to a correct prediction of an actual value of the dataset.
• A false positive (FP) refers to a wrong prediction about a value that actually belongs

to the dataset.
• A true negative (TN) refers to a correct prediction about a value that does not belong

to the dataset.
• A false negative (FN) corresponds to a wrong prediction of a value outside the dataset.

In the context of e-nose systems, the most relevant evaluation criteria are accuracy,
precision, sensitivity, specificity, and F1-Score:

Accuracy measures how often the classifier guesses correctly:

Accuracy =
TP + TN

TP + TN + FN + FP

Precision counts the true positive values out of all positive values:

Precision =
TP

TP + FP

Sensitivity (TP Rate) expresses the effectiveness of the model in knowing the truth,
i.e., in predicting correctly the actual values:

Sensitivity =
TP

TP + FN

Specificity (TN Rate) measures how well the classifier has predicted TN values:

Speci f icity =
TN

TN + FP

F1-score is the weighted average of Precision and Sensitivity:

F1 − score =
2(Precision)(Sensitivity)

Precision + Sensitivity
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As already remarked, in e-noses, ML plays a major role, and virtually all manufacturers
offer a software package for data analysis and classification. Despite the use of different ML
approaches, none appears to be a first choice: usually, systems are equipped with a portfolio
of tools (mostly PCA, DFA, PLS, LDA) for data analysis. Some manufacturers [159–161] of-
fer software packages including ANN or SVM to add further capabilities of classification of
unknown samples. As an example in a selected application field, in the following section,
we will focus on the adoption of ML algorithms for food and beverage applications.

4. Application Fields of e-Nose Technology
In our market research, we identify eleven fields of application of the e-nose technology

whose distribution is represented by the bar chart in Figure 10, namely food and beverage,
indoor monitoring, environment including outdoor usage, health/medical/pharma, in-
dustrial, military and defense, chemical and petrochemical, packaging, security and safety,
others, and various. In this section, we detail each application area and list the manufac-
turers involved in each application sector. Table S3 of the Supplementary Information File
collects the e-nose manufacturers and relevant products, for which we have identified the
type of sensor and the specific application fields.
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Figure 10. Distribution of commercially available e-nose models according to the application areas
declared by the manufacturing company.

4.1. Food and Beverage

According to the World Health Organization, more than 200 diseases are spread
through food, and food poisoning problems and consequences constitute an important
social problem [162]. Moreover, European Commission statistics report around 88 million
tons of annual food waste in Europe [163], with an estimated cost of 143 billion Euros.
Thus, a technology that can evaluate food quality through early detection, automation,
and standardization of food contamination is vital in terms of human health and potential
financial implications for companies. Food and beverage deterioration may occur due to
changes in enzyme activity during production and storage. E-noses aid monitoring of the
quality of food and beverages through the detection of harmful bacteria or, in general, un-
wanted contamination. This application field represents 6% of the e-nose application areas,
and the companies involved are AIRSENSE Analytics GmbH [164], Alpha MOS [165], Ary-
balle [166], FoodSniffer [167], Gerstel GmbH & Co. KG. [168], Honeywell International
Inc. [98], RAE Systems by Honeywell [114], International Gas Detectors Ltd. [99], Karl-
sruher Institut für Technologie (KIT) [85], Owlstone Inc. [112], RipeSense Limited by
Jenkins Group Limited [169], Sacmi Imola Scarl [161], Sensigent [160], Shimadzu [103], Agi-
lent [104], and Plasmion GmbH [106]. Table 1 provides a database of manufacturers and
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their products with details on their usage in the food and beverage industry. There is a
relevant part of the list featuring MS/GC approaches, while the applications span from
beverages (quality and contamination) to food (ripeness, freshness, contamination).

Based on a recent review by M. Wang and Y. Chen [170], a statistical analysis on a set
of about 250 applications of e-noses in food and beverages was carried out. The analysis
refers to the content of Tables 10 to 21 in Ref. [170] by considering the food type, the model
of the e-nose (either commercial or homemade), the sensor type, and the analysis methods.
In some cases, e-nose measurements were coupled with other techniques such as MS-GC or
FT-IR, but these techniques are not considered in the present statistical analysis. The main
results are shown in Figure 11. Among the top 10 food types (Figure 11a), rice is the most
investigated, followed by tea, beef, and pork. Overall, meat (beef, pork, chicken, sausage,
and ham) is the most studied category in this set. The list of the top 10 analytical methods is
largely dominated by PCA (Figure 11b), which is often used in combination with one of the
other methods in the list that features ANOVA, PLS-DA, LDA, and SVM from the second
to the fifth share, respectively. The most-used sensors in e-noses (Figure 11c) are definitely
MOS (78,3%), with a smaller share represented by FID (13,0%). It is also interesting to
consider sensor usage by food category (Figure 11d). Consistent with the results shown in
panel (c), MOS sensors are found in e-noses used to probe all food categories. However,
apart from MOS, we observe that FID is mainly used in the analysis of beverages and
dairy, and QMB is used in fruit analysis. From the same dataset, it was also possible to
register that the share of self-made e-noses was 21.3%. However, these self-made e-noses
are usually assembled by using commercially available sensors, often chosen among those
featured in the TGS series of Figaro sensors [171].
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food category. The color for each sensor type is the same as in (c).

Finally, we observe that, according to a recent Mordor Intelligence report [172], the
end-user market share of food and beverage is very large, i.e., close to 30%, slightly below
waste management (32%), which represents the largest share, and above military and
defense, in spite of the apparently limited number of e-noses targeted by manufacturers
for food and beverage applications. This suggests that the adoption level of e-noses in this
field is high, due to the manifold of possible applications in the food and beverage market,
which is highly diversified in terms of products and processes that need to be monitored.
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Table 1. Database of e-nose manufacturers and products for the food and beverage industry.

Manufacturer Product Sensor Technology Application Area Ref.

AIRSENSE Analytics GmbH &
PCA Technologies Portable Electronic Nose (PEN3) MOS

Quality control: food freshness, oil rancidity,
off-odor of packaging materials, flavor

degradation, aroma characterization in beverages;
Process control: spice dosage in food production,

inspection of fermentation processes, monitoring of
coffee roasting

[173]

Alpha MOS Heracles Neo Flash GC technology
Quality control: Food flavor, fraud detection on
product origin, detection of food adulteration,

gelatin quality
[174]

Aryballe Technologies NeOse Advance Optical sensor based on array of
Mach-Zehnder Interferometers

Discrimination of flavored beverages and of coffee
samples, vanillin quality, automation of home

cooking by detecting odor changes, determination
of food ripeness or freshness

[175]

FOODSniffer The FOODsniffer

Optoelectronic sensor (LED
self-aligned to a broadband

Mach–Zehnder interferometer and a
photodetector array)

Determination of food ripeness or freshness,
detection of poisoned food [167]

Gerstel GmbH
& Co. KG ChemSensor 4440A Headspace GC and quadrupole MS Routine quality control and measurements

of flavors [168]

Honeywell Analytics

GasAlertMicro 5 EC, CB NH3 from refrigerants, PH3 from fumigation in
food & beverage industry [176]

GasAlertMicro 5 IR EC, IR

By-product of yeast fermentation in wineries and
breweries; Solid CO2 (dry ice) used as a refrigerant

and for carbonation; CO2 used in packaging to
extend storage shelf life in food industry and

cold storage

[176]

Sensepoint XCD RTD EC No detailed information [177]

Manning AirScan IRF9 IR

Quality control: banana ripeness, food processing,
wineries; Process monitoring: beverage and gas

bottling plants, product coolers, rack houses,
refrigeration systems

[178]

RAE Systems
by Honeywell Honeywell BW™ Ultra PID, IR

Detection of NH3 in refrigeration and agriculture,
of CO2 in wineries and breweries, of HCN in

perishable food shipping
[179]
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Table 1. Cont.

Manufacturer Product Sensor Technology Application Area Ref.

International Gas
Detectors Ltd.

TOC-750X Series EC, IR, PID, CB
Process monitoring: beverage plants, breweries,

food processing, refrigeration in commercial
kitchens

[180]

TOC-30 IR, EC, and CB
Refrigeration, hospitality/beverage and breweries;
used in freezers/coolers and commercial kitchens,

bottle stores, and more
[181]

POLI PID, EC, CB, NDIR Beverage industry and agriculture [182]

Karlsruher Institut für Technologie
(KIT) SAGAS SAW sensor array Coffee analysis [159]

Owlstone Inc. Lonestar Field Asymmetric Ion Mobility
Spectrometer (FAIMS)

Detection of food and beverage taints, food
freshness, and odors [183]

RipeSense Limited
(by Jenkins Group Ltd.) ripeSense® Colorimetric Detection of food ripeness [169]

Sacmi Imola Scarl EOS Aroma 6 MOS sensors Analysis of flavors and aromas of olive oil [161]

Sensigent

Cyranose® 320
NoseChip™ Nanocomposite sensor

array
Microbiological food spoilage screening, detection

of foodborne bacteria on beef [184]

eNose Aqua NoseChip™ Nanocomposite sensor
array

Detection of contamination in bottled water, wine,
beer, distilled spirits, soda, and juices [185]

eNose QA NoseChip™ Nanocomposite sensor
array

Detection of contamination in bottled water, food
and beverage containers, and in bottles for

recycling and reusing
[185]

Nexis GC-2030 GC

Aroma components analysis in essential oils and
beers, determination of volatile substances in

liquors, analysis of components in kimchi,
identification of sulfur compounds

[186]

GC-2010 Pro GC, FID

Check for residual solvent in food packaging;
analysis of vegetable oils, alcohol congeners in

alcoholic beverages, mineral oil residues in food,
aroma components in Japanese sake, fatty acid

content ratio in polysorbate 80, THP in soil,
residual pesticides in agriproducts, volatile

substances in the headspace of wine

[187]
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Table 1. Cont.

Manufacturer Product Sensor Technology Application Area Ref.

Shimadzu Co.

Nexis SCD-2030 GC
Analysis of volatile sulfur compounds and

hydrogen
sulfide in beer

[188]

GCMS-TQ8050 NX Triple Quadrupole GC/MS Analysis of residual pesticides, mineral oil residues,
dioxins in foods and animal feed [189]

GCMS-TQ8040 NX Triple Quadrupole GC/MS

Quality control: metabolites analysis in tomato
juice and beer, pesticide residues, food

deterioration, chemical contaminants in marine
fish, determination of geographical origin of
agricultural products; Analysis of fragrance

components in aroma oils

[190]

GCMS-QP2010 SE GC/MS
Determination of organophosphorus pesticide in

herbal products; analysis of VOCs in
drinking water

[191]

Multi-Dimensional GC/GCMS
System GC, GC/MS Analysis of fragrance components in food

and beverages [192]

TD-30 Series GC/MS Analysis of fragrance components in food [193]

7000D Triple Quadrupole GC/MS Quadrupole GC/MS

Quantitative analysis of ethylene oxide
and ethylene

chlorohydrin in sesame seeds, polycyclic aromatic
hydrocarbon (PAH) compounds in salmon and

beef, pesticides in strawberries and complex food
matrices, PAH compounds in edible oil,

nitrosamines in drinking water

[194]

7010D Triple Quadrupole GC/MS Quadrupole GC/MS Quantitative analysis of multiresidue pesticides in
salmon, strawberries, and olive oil [195]

7250 GC/Q-TOF GC/MS Quantitative analysis of pesticides and other
contaminants in food matrices [196]

8860 GC System GC
Measurement of purgeable organic compounds in
drinking water; Analysis of alcohols, aldehydes,

and esters in spirits
[197]

Intuvo 9000 GC System GC
Dioxin analysis in food and animal feed, analysis

of fatty acid methyl esters (FAME), test of drinking
water, and food safety

[198]
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Table 1. Cont.

Manufacturer Product Sensor Technology Application Area Ref.

Agilent

8890 GC System GC

Detection of benzene and derivatives in water,
semi-volatile organic compounds in drinking

water,
organophosphorus and organochlorine pesticides

in fruit and vegetables, FAME analysis

[199]

7890B GC System GC

FAME analysis, detection of polycyclic aromatic
hydrocarbon (PAH) compounds in salmon,

drinking water, pumpkin seed oil and other edible
oil, off-odor compounds in drinking water,

multiple pesticide residues in complex food
matrices

[200]

7820A GC System GC
Quantitative analysis of food preservatives,

pesticide residues in food products, organochlorine
pesticides in drinking water

[201]

5977C GC/MSD Quadrupole GC/MS Analysis of endrin and DDT stability, and of
semi-volatile organic compounds in drinking water [202]

Plasmion GmbH SICRIT® ionization MS, GC/MS Aroma profiling of coffee beans [203]
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4.2. Other Application Areas

In order to appreciate the high potential and large versatility of the e-nose technology,
we now provide a brief overview of other current applications available on the market
beyond the food and beverage industry sector. This will also help make a quantitative
comparison of how strongly e-noses sit on the food and beverage industry market compared
to other usage application areas (see also the bar chart reported in Figure 10).

Airborne particles, household odors, volatile organic compounds, and microorganisms
such as viruses and bacteria are among the major indoor threats against the health, comfort,
and well-being of people. Monitoring the indoor air condition and detection of these pests
is one of the strengths of e-nose technology. Indeed, the allocated usage area has a share
of 8%.

The companies operating in this field are Altitude Tech Ltd. [204], IQ Air [205], Ary-
balle Technologies [166], CDx Inc. [206], Dräger Safety AG & Co. KGaA [115], Hon-
eywell International Inc. [98], ATMO [207], International Gas Detectors Ltd. [99], MSA
Safety [96], RAE Systems by Honeywell [114], SENSIT Technologies [208], SGX Sen-
sortech [209], Gentex [210], ScioSense [211], Shimadzu Co. [103], RoboScientific [212], Aer-
Nos [213], and Noze [214].

One of the most pressing issues of this age is the rise in air pollution caused, for
instance, by dangerous chemicals dissolved in the air, harmful gases from wastewa-
ter [215], plants and sewers treatment. E-Nose application covers 11% of the total usage
distribution and involves the following companies: AIRSENSE Analytics GmbH [164], PCA
Technologies [216], CDx Inc. [206], Dr. Födisch Umweltmesstechnik AG [95], Honey-
well International Inc. [98], RAE Systems by Honeywell [114], International Gas Detec-
tors Ltd. [99], MSA [96], Odotech by Envirosuite [217], Owlstone Inc. [112], Pem-Tech
Inc. [218], Sacmi Imola Scarl [161], Sensidyne LP [219], SENSIT Technologies [208], SGX
Sensortech [209], Crowcon Detection Instruments Ltd. [220], Teledyne Gas and Flame
Detection [221], Thermo Fisher Scientific Inc. [100], Shimadzu [103], Agilent [104], Aer-
Nos [213], Noze [214], JPL Electronic Nose [222], and Plasmion GmbH [106].

E-nose technology is increasingly needed in disease diagnosis thanks to its high ac-
curacy, quick response time, and relatively low cost, and it currently covers 5% of the
application distribution. They generally perform by detecting volatile compounds in the
patient’s breath, possibly identifying diseases with case-specific chemicals. Companies
producing e-Noses for health, medical, and pharmaceutical purposes are AIRSENSE An-
alytics GmbH [164], Alpha MOS [165], CDx Inc. [206], Dr. Födisch Umweltmesstechnik
AG [95], Dräger Safety AG & Co. KGaA [115], Honeywell International Inc. [98], RAE
Systems by Honeywell [114], ATMO [207], International Gas Detectors Ltd. [99], Owlstone
Inc. [112], Sensigent [160], Shimadzu Co. [103], Agilent [104], and Plasmion GmbH [106].

In the industrial field, e-noses are generally employed for the measurement of odor
and gas emissions in factory ambient, and, nowadays, shares 21% of the application dis-
tribution. Examples are the control of the production process, the monitoring of the plant
growth, the measurement of pollutants in potentially explosive atmospheres, the analysis of
ambient air constituents, and the measurement of compressed gases. Additionally, e-noses
are employed in shipping and shipyards, landfills, commercial buildings, industrial manu-
facturing, and various processing plants. The companies selling in this application field
are AIRSENSE Analytics GmbH [164], Alpha MOS [165], Aryballe Technologies [166], Dr.
Födisch Umweltmesstechnik AG [95], Honeywell International Inc. [98], RAE Systems by
Honeywell [114], International Gas Detectors Ltd. [99], Karlsruher Institut für Technolo-
gie [85], MSA [96], Owlstone Inc. [112], Proengin Inc. [223], Sensidyne LP [219], SENSIT
Technologies [208], SGX Sensortech [209], Smiths Detection [111], Gentex [210], Crowcon
Detection Instruments Ltd. [220], Teledyne Gas and Flame Detection [221], Thermo Fisher
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Scientific Inc. [100], Shimadzu [103], and Agilent [104]. In addition, within an EU Horizon
Project, Politechnika Wroclawska, Poland, has developed the SENSODOR [224] product
for odor impact assessment in an industrial context.

Military and defense occupy 5% in the pie chart of the distribution of all usage
areas, including the detection of explosive chemicals and materials, and, more specifically,
biological and chemical weapons. The companies involved in this business are AIRSENSE
Analytics GmbH [164], Bertin Environics [110], Honeywell International Inc. [98], RAE
Systems by Honeywell [114], International Gas Detectors Ltd. [99], MSA [96], Owlstone
Inc. [112], Proengin Inc. [223], Smiths Detection [111], and Gentex [210].

E-noses are used in chemical processing and manufacturing plants, laboratories, oil and
gas plants, chemical storage, and refineries, reaching a 21% share among all application sectors.
The manufacturers involved in this application field are AIRSENSE Analytics GmbH [164] and
its main partner PCA Technologies [216], CDx Inc. [206], Dr. Födisch Umweltmesstechnik
AG [95], Dräger Safety AG & Co. KGaA [115], Honeywell International Inc. [98], RAE
Systems by Honeywell [114], International Gas Detectors Ltd. [99], Karlsruher Institut für
Technologie [85], MSA Safety [96], Pem-Tech Inc. [218], Sensidyne LP [219], SENSIT Technolo-
gies [208], SGX Sensortech [209], Smiths Detection [111], Gentex [210], Crowcon Detection
Instruments Ltd. [220], Teledyne Gas and Flame Detection [221], Thermo Fisher Scientific
Inc. [100], Shimadzu [103], and Agilent [104].

Packaging material, specifically food packaging, demands careful checks because it
should not cause changes in the smell of the product. Moreover, product packaging is
often automated, which can possibly benefit from e-noses to provide better control of the
process. While smart packaging has the potential to significantly minimize waste, and
some smart tags with colorimetric sensors are emerging, e-noses occupy only 2% in the
usage distribution chart, mainly represented by AIRSENSE Analytics GmbH [164], PCA
Technologies [216], Alpha MOS [165], Gerstel GmbH & Co. KG [168], International Gas
Detectors Ltd. [99], Sensigent [160], and Shimadzu [103]. This is due to several factors,
including that most gas sensors are still somewhat expensive and require a power supply.
As a result, it is difficult to include them in disposable packaging. Thus, the search for new
detection methods is required to enable gas sensors to be widely integrated into packaging.

The category of safety and security comprises the use of e-noses to detect pollutants,
gas leakage, and toxic or flammable substances to ensure the safety of employees in the
workplace and to detect dangerous substances. This category has a large 12% rate among
all classes and the companies producing e-noses for this kind of application are AIRSENSE
Analytics GmbH [164], Dräger Safety AG & Co. KGaA [115], Honeywell International
Inc. [98], RAE Systems by Honeywell [114], International Gas Detectors Ltd. [99], MSA
Safety [96], Sensidyne LP [219], SENSIT Technologies [208], SGX Sensortech [209], Gen-
tex [210], Thermo Fisher Scientific Inc. [100], AerNos [213], Noze [214], and Plasmion
GmbH [106].

The “Others” category, with a share of 5%, gathers the application fields listed below
together with the companies involved:

• Aviation: AIRSENSE Analytics GmbH [164], Shimadzu [103];
• Consumer Appliance: Aryballe [166];
• Mining: MSA Safety [96], SGX Sensortech [209];
• Biology: RAE Systems by Honeywell [114];
• Electrical and electronic: International Gas Detectors Ltd. [99];
• Household: Noze [214], AerNos [213];
• Agriculture and Livestock: Honeywell [98], RoboScientific [212];
• Transportation: Proengin Inc. [223].
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Finally, we classify as “Various” e-nose devices for which the detection of only a
specific type of gas, without a specific application area, was mentioned in the product
catalog of the company. We, therefore, assume that that sensor could serve in a variety of
uses. This class accounts for 4% of the usage distribution chart and is mainly represented
by Agilent [104] and Crowcon Detection Instruments Ltd. [220].

Based on the analysis carried out so far, we can discuss the adoption level of e-noses
in different application fields. The adoption level is based on a combination of aspects,
including market penetration, technological maturity, commercial availability, and real-
world deployment. Commercial availability is determined by e-nose systems that can be
sold for a specific application field. For example, the food industry already uses commercial
e-noses such as PEN 3, Cyranose, and Alpha MOS FOX et al. [170], while healthcare e-
noses (e.g., for cancer detection) are mostly in clinical trials, although some commercial
systems are used [225]. Regulatory approval also plays a relevant role in the adoption
of a technology, which is then strictly related to certifications such as the U.S. Food and
Drug Administration (FDA), European Conformity (CE), and International Organization
for Standardization (ISO) markings. Industrial gas sensors are CE-certified, while medical
breath analyzers often require lengthy FDA approval. Standardization approaches also
affect the diffusion of e-noses, as discussed in Ref. [226]. Market demand and the Return
on Investment (ROI) metric are key aspects for adoption. Indeed, there should be a clear
economic incentive for industries to adopt e-noses. Food manufacturers can save millions
by detecting spoilage early, while consumer e-noses (e.g., smartphone-based sensors) still
struggle with cost vs. demand. Looking at the technical side (technological readiness),
adoption depends on whether sensors in e-noses are accurate, stable, and scalable enough
for the application. For instance, MOS sensors work well in industrial settings but struggle
with humidity in agriculture. Environmental monitoring has already implemented real-
time e-nose networks in cities, with high adoption levels that can foster further development
for e-nose adoption.

Finally, the adoption level can be evaluated by considering whether a targeted appli-
cation field is dominated by academic papers or by actual deployed systems.

In light of these remarks, high adoption levels of e-noses are found in the food and
beverage industry, with applications that include spoilage detection, freshness monitoring,
and flavor profiling. The adoption is driven by the needs of strict quality control, cost sav-
ings, and compliance with FDA/ISO regulations. Environmental monitoring for air quality
assessment and pollutant detection (VOCs, CO2) can be ranked at a high adoption level. In
this case, drivers are government regulations (EPA) and industrial safety requirements. The
same holds for industrial safety applications such as gas leak detection (chemical plants, oil
refineries), where drivers are worker safety laws and real-time monitoring demand. Here,
key factors for high adoption are mature sensor technologies (MOS, electrochemical), clear
ROI (cost savings vs. traditional lab tests), and regulatory support.

Examples of moderate adoption fields are healthcare and diagnostics, where appli-
cations are well known (mainly breath analysis for diseases such as lung cancer, diabetes,
COPD, COVID-19), but relevant challenges, such as clinical validation and regulatory
hurdles (FDA/CE), are still present. Agriculture also represents a moderate adoption
field. Soil health monitoring and pest/disease detection represent key applications driven
by precision farming trends and IoT integration, but problems related to calibration for
diverse environments cannot be excluded. Finally, an example of an emerging adoption
field is consumer electronics, with expected applications in smart home air quality sensors
and wearable health devices. Here, challenges are miniaturization, power efficiency, and
consumer affordability.
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5. Conclusions
Based on a market analysis of currently available devices, we reviewed the application

fields of e-noses. A total of 44 companies active up to 2024, as well as 265 products, have
been identified on the web by considering the web pages of companies that feature e-noses
among their products. These devices have been classified according to (i) the sensing
mechanisms underlying the device performances and (ii) the application fields.

From this study, a rather complex picture emerged, with the taxonomy based on
scientific literature being, to some extent, different from the current presentation of e-noses
drawn from market data.

Strictly speaking, an e-nose is made of an array of physical sensors, and the signal
from the array must be processed with AI approaches. However, through ML, several
devices can be operated as e-noses, but they are not made of an array of sensors and are
mostly based on spectroscopy/spectrometry approaches.

On the market, e-noses aimed to detect a single gas still coexist with devices that
are able to discriminate complex patterns, with the latter category being closer to the
definition introduced by Gardner and Bartlett [13], while the former category can be
regarded as a strategy to increase the discrimination of a single analyte rather than classify
a complex mixture.

Beyond these findings, we also observe that ML and, in some cases, data augmenta-
tions are currently boosting the development of virtual e-noses, i.e., electronic noses based
on single sensors, which are aimed at simplifying the device layout by reducing the number
of sensors and to enhance the classification/discrimination capabilities [33,36,227,228]. In
this case, the definition of e-nose needs to be extended to single sensors that allow for
the extraction of a manifold of features, each being regarded as a virtual sensor. These
multi-feature virtualization approaches can be found even in traditional e-noses to enhance
their capability of discrimination by providing more read-out channels for each exposure
to a gas mixture.

The food and beverage industry is expected to have a central role in the future of e-
noses. Indeed, here, e-noses can help with addressing issues that go beyond mere technical,
analytical, or economic (i.e., production of goods) aspects, as they can help to promote and
strengthen all the steps leading to sustainability, good health, and preservation of quality
and cultural heritage in food production. In food and beverage, multi-sensor data fusion
approaches are already at work for quality control [229], but they still represent a challenge
in how to effectively extract features from different sensing systems. Furthermore, olfaction,
along with taste, still represents a major challenge in the categorization and reconstruction
of odor or aroma profiles. Therefore, major contributions from AI are expected to cope with
this challenge and provide novel perspectives [43,230,231].

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/chemosensors13050181/s1, Table S1: Main usage area, advantages,
and disadvantages of sensors for e-nose application; Table S2: Data classification algorithms for
e-nose applications; Table S3: Database of e-nose manufacturers and commercially available devices.

Author Contributions: Conceptualization, L.S.; methodology, B.G. and L.S.; validation, B.G., S.M. and
L.S.; data curation, S.M. and B.G.; writing—original draft preparation, S.M., B.G. and L.S. writing—review
and editing, S.M., M.G., M.Z., S.P. and L.S.; visualization, S.M.; supervision, L.S.; funding acquisition, L.S.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the PON Project, grant number CUP J55F21002900001.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

https://www.mdpi.com/article/10.3390/chemosensors13050181/s1
https://www.mdpi.com/article/10.3390/chemosensors13050181/s1


Chemosensors 2025, 13, 181 29 of 37

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Acknowledgments: SM and MG acknowledge support from Antares Vision S.p.A.

Conflicts of Interest: B.G. is currently employed in Adesso Group. S.M. has been supervised by
Antares Vision S.p.A. during the PON Project. M.G. has received partial research grant from Antares
Vision S.p.A.

Abbreviations

AI Artificial Intelligence
ANN Artificial Neural Network
BAW Bulk Acoustic Wave
CB Catalytic Bead
CP Conducting Polymer
DBS Deep Brain Stimulation
DDT Dichloro Diphenyl Trichloroethane
DFA Deterministic Finite Automata
DL Deep Learning
DQN Deep Q-Networks
E-nose Electronic Nose
EC Electrochemical
FAIMS Field Asymmetric Ion Mobility Spectrometry
FAME Fatty Acids Methyl Ester
FID Flame Ionization Detector
FN False Negative
FP False Positive
FPW Flexural Plate Wave
FTIR Fourier Transform Infrared
GC Gas Chromatography
GC/MS Gas Chromatography-Mass Spectrometry
IMS Ion Mobility Spectrometry
IR Infrared
IoT Internet of Things
k-NN k-Nearest Neighbor
LDA Linear Discriminant Analysis
LOD Limit of Detection
LOQ Limit of Quantification
ML Machine Learning
MOS Metal Oxide Semiconducting
NDIR Non-Dispersive Infrared
OPC Optical Particle Counter
OPLS-DA Orthogonal Projections to Latent Structures Discriminant Analysis
Opt Optical
PAH Polycyclic Aromatic Hydrocarbon
PCA Principal Component Analysis
PID Photoionization Detector
PLS Partial Least-Squares
PLS-DA Partial Least-Squares Discriminant Analysis
PLSR Partial Least-Squares Regression
ppm Parts Per Million
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QCM Quartz Crystal Microbalance
ReLu Rectified Linear Unit
SAW Surface Acoustic Wave
SVM Support Vector Machine
TMD Transition Metal Dichalcogenides
TN True Negative
TP True Positive
t-SNE t-distributed Stochastic Neighbor Embedding
U-MAP Uniform Manifold Approximation and Projection
UV Ultraviolet
VOC Volatile Organic Compound
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