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Abstract. The electronic nose, popularly known as the E-nose, that combines gas sensor arrays (GSAs) with machine learning has 
gained a strong foothold in gas sensing technology. The E-nose designed to mimic the human olfactory system, is used for the 
detection and identification of various volatile compounds. The GSAs develop a unique signal fingerprint for each volatile 
compound to enable pattern recognition using machine learning algorithms. The inexpensive, portable and non-invasive 
characteristics of the E-nose system have rendered it indispensable within the gas-sensing arena. As a result, E-noses have been 
widely employed in several applications in the areas of the food industry, health management, disease diagnosis, water and air 
quality control, and toxic gas leakage detection. This paper reviews the various sensor fabrication technologies of GSAs and 
highlights the main operational framework of the E-nose system. The paper details vital signal pre-processing techniques of feature 
extraction, feature selection, in addition to machine learning algorithms such as SVM, kNN, ANN, and Random Forests for 
determining the type of gas and estimating its concentration in a competitive environment. The paper further explores the potential 
applications of E-noses for diagnosing diseases, monitoring air quality, assessing the quality of food samples and estimating 
concentrations of volatile organic compounds (VOCs) in air and in food samples. The review concludes with some challenges faced 
by E-nose, alternative ways to tackle them and proposes some recommendations as potential future work for further development 
and design enhancement of E-noses. 

Keywords: Gas sensor arrays; E-nose; Disease diagnosis; Leakage detection; Machine learning; Volatile organic compounds. 

1. Introduction 

Over the last few years, gas sensing technology has garnered immense popularity for its wide-range applications in several 
industries. Gas sensors help in identifying and detecting various chemical compounds and are used for several applications. These 
include: 

 Quality control in the food industry such as evaluating the freshness of meat [1] and detecting toxins in packaged food [2]. 
 Air quality control such as detecting radon concentration [3] and indoor air quality monitoring [4, 5]. 
 Disease diagnosis such as liver disease detection [6] and Alzheimer’s detection [7]. 
 Gas leakage detection [8, 9]. 
 Hazard detection such as in livestock environment [10]. 
These sensors typically operate to generate an outcome usually in the form of an electrical signal that provides relevant 

information about the target gas. Owing to their contribution in numerous industries, gas sensors are required to be small and cost-
effective so that they can be easily integrated with other systems. This allows them to properly identify and detect target gases as 
per the application of interest. The performance of gas sensors is usually assessed by four crucial metrics: selectivity, sensitivity, 
stability, and response time [11, 12]. Selectivity is defined as the ability of the gas sensor to detect a specific gas in a competitive 
environment characterized by the presence of a variety of gases. Sensitivity is defined as the change in the sensor output per unit 
change of the input [13]. Under normal conditions, as opposed to tightly controlled operation conditions, the gas sensors can be 
exposed to and affected by several gases of varying concentrations [14]. In such circumstances, the reliability of the gas sensors is 
driven by their ability to be extremely selective towards the gas of particular interest, and in several applications, be sensitive 
towards smaller concentrations of the gas. On the other hand, stability refers to the sensors’ capacity to reproduce the sensor 
response over a certain period of time, whereas, response time refers to the time taken by the sensor to render a meaningful sensory 
signal response [11]. The response time is a critical parameter, especially when dealing with toxic gases, as the detection needs to 
occur immediately to activate safety functionalities and avoid catastrophic consequences.  

Gas sensors offer different functionalities and varying responses for different applications. As such, in many cases, the use of a 
single sensor may not be sufficient to satisfy the needs of the application. Some of the most crucial challenges faced by gas sensors 
include: 
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Fig. 1. Overall operation of the E-nose system using a GSA. 
 

1) Cross selectivity: When detecting a certain target gas, the gas sensor might be exposed to other gases that may have similar 
properties as the target gas and this would interfere in the gas sensing [13, 14]. 

2) Low sensitivity: The operation of the gas sensor is highly impacted by the temperature and humidity of the surrounding 
environment [14–16]. Fluctuating temperature and humidity conditions could affect the ability of the gas sensor to detect the target 
gas, thereby, resulting in poor sensitivity that hinders the output of the desired sensory signal [17]. 

3) Drift: This is deemed as one of the most adverse challenges faced by gas sensors [18]. It is of two types: first-order drift, and 
second-order drift. First order drift occurs due to the interaction between the gas and the surface of the gas sensor, resulting in 
aging and poisoning of the gas sensor [19, 20] whereas second-order drift takes place due to external operating conditions, such as 
noise, temperature and humidity variations [21, 22]. 

Thus, to overcome these challenges, further developments in the gas sensing technology have led to the inception of the gas 
sensor array (GSA) that serves as a combination of different gas sensors with “processing capabilities” [11] and mimics the human 
olfactory system in detecting/identifying various chemical compounds. We show in Fig. 1 the different elements that contribute to 
the operation of the E-nose. The advent of GSAs has transpired the E-nose system that entails smart gas sensing technology based 
on machine learning. The E-nose combines GSAs with machine learning to detect the presence and identify chemical compounds, 
with improved accuracy and precision [11, 14]. Moreover, GSAs that combine gas sensors from different technologies are capable of 
detecting the target gases while improving selectivity and minimizing drift. In the E-nose applications, the prediction of the nature 
of the target gas (classification) and the estimation of its concentration (regression) is achieved through machine learning algorithms 
that fall under the umbrella of supervised learning. Machine learning techniques of feature extraction and feature selection enable 
to capture the most relevant characteristics of the target gas from the signal response. These characteristics, commonly referred to 
as features, are further processed by machine learning models to perform classification and regression tasks. However, owing to the 
adversities rendered by drift, GSAs result in different responses to the same target gas over long periods of time [13, 14, 21]. This 
has severely impacted the performance of machine learning algorithms while augmenting the maintenance costs associated with 
E-noses [21]. To combat these predicaments, researchers have attempted to propose several solutions that can help to improve the 
reliability of E-noses by ameliorating the predictive capability of the machine learning algorithms.  

The present review highlights research studies conducted in gas sensing technology and the use of machine learning techniques 
to support this technology. It is organized as follows: Section 2 discusses different gas sensing materials; Section 3 provides a 
detailed discussion of machine learning techniques for feature extraction and feature selection, and machine learning models; 
Section 4 reviews the applications of E-nose in health management, food quality control and environmental management; and 
Section 5 presents some challenges associated with the deployment of E-nose systems and proposes some recommendations as 
potential future work. 

2. Gas Sensing Materials and Technology 

Gas sensors are manufactured using different materials based on the requirements of the application and each type of gas 
sensor detects the presence of the chemical compound to produce a unique sensor response. Feng et al. [14] demarcated the 
different types of sensors into two different categories based on their working principle as shown in Fig. 2. Gas sensing materials 
that operate based on electrochemical properties include the metal oxide (MoX) semiconductor, conductive polymer composite 
(CPC) and carbon nano-materials. On the other hand, the acoustic, optical, catalytic and metal organic framework (MOF)-based 
sensors rely on other properties for gas detection as will be discussed in the following sections.     

2.1 Metal oxide semiconductor-based gas sensors 

Amongst the gas sensing materials, metal oxide (MoX) semiconductor-based technology comprises the most widely used gas 
sensors. The most commonly used manufacturing materials are ZnO [42], SnO2, Fe2O3, Ga2O3 and CuO [43, 44]. The sensing 
mechanism of MoX-based sensors relies on the interaction of the oxygen molecules with the surface of the metal oxide sensing 
material and the target gas [45]. In the absence of the target gas and in the vicinity of the sensor as shown in Fig. 3 [46], the oxygen 
molecules are adsorbed onto the surface of the MoX sensor surface, which is usually fabricated using SnO2. For an n-type 
semiconductor, this adsorption traps the electrons which are then freed when the sensor is exposed to the reducing target gas.  
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Table 1. Types of gas sensors and their characteristics. 

Sensor Type Working Mechanism Output Response Characteristics Reference 

MoX 
Interaction of oxygen molecules with 

metal oxide material 
Change in sensor resistance 

Portable 
Inexpensive 

Low 
selectivity/sensitivity 

[23–26] 

Conductive Polymer 
Charge acquisition through interaction 

with target gas 
Change in sensor resistance 

Good sensitivity 
Expensive 

[27, 28] 

Carbon-nanotube 
Adsorption of target gas on the walls of 

nanotubes 
Change in sensor resistance 

High sensitivity 
Fast response time 

[29, 30] 

Acoustic 
Adsorption of the gas on the vibrating 

material 
Change in oscillating frequency 

High sensitivity 
Expensive 

[31, 32] 

Catalytic 
Oxidation of the target gas on the surface 

of the sensor 
Change in heat released 

Inexpensive 
Low 

selectivity/sensitivity 
[33, 34] 

Metal Organic 
Framework (MOF) 

Vibration through 1st and 2nd order 
modes for multi-stimuli detection 

Change in vibration amplitude, 
shift in vibration frequency 

High sensitivity 
Low power 

consumption 
Portable 

[35-37] 

Optical sensors 
Interaction of the gas molecules with 

radiation from light source 
Change in intensity of the emitted 

radiation 

Portable 
High sensitivity 

Fast response time 
[38-41] 

 
  
 

 
 

Fig. 2. Different types of sensors used in gas sensing. 
 
 

 

 
 

Fig. 3. Working of a typical MoX sensor for gas detection [46] © (2017) IEEE. 
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Once exposed to the reducing gas, the oxygen is desorbed from the surface of the sensing material, resulting in the flow of 
current (See Fig. 3) and thereby, increasing the electrical conductivity of the surface material. In case of an oxidizing target gas 
exposed to a p-type semiconductor, an increase in the concentration of electrons at the sensor surface results in the generation of 
holes, hence, decreasing the sensor electrical resistance (increasing conductivity). This electrical conductivity is measured in the 
form of a resistance change across the MoX surface [11], wherein the change in the resistance is directly proportional to the 
concentration of the target gas.  

Table 1 summarizes the different types of gas sensors, their working mechanisms, and their characteristics. Depending on their 
operating principle, the output of the sensor can take different forms ranging from electrical resistance to frequency shift. 

In addition, controlling the operating temperature helps in improving the affinity of the MoX-based sensor surface towards 
certain target gases [47]. Although these gas sensors are usually inexpensive, portable, and characterized by low power consumption, 
MoX-based sensors suffer from low selectivity and slow response time [11, 48]. Oosthuizen et al. [5] discussed the use of CuO nano-
platelets to improve the selectivity and sensitivity of the sensor towards carbon monoxide (CO), whereas Rebholz and Grossmann 
[49] proposed selectivity enhancement of MoX sensors by fabricating double-layer MoX sensors using flame spray pyrolysis. Using 
a micromachined silicon-based hotplate gas sensor that yields low power consumption, Bierer et al. [50] attempted to measure the 
changing conductivity of the MoX sensor on exposure to a target gas. Besides measuring conductivity, the hotplate was capable of 
accounting for the change in the power consumption due to changing gases, thereby, improving the selectivity of the MoX gas 
sensor.  

Moreover, researchers have attempted to counter the slow response time of these sensors using a double first-order model of 
the MoX-based sensor with acceptable results [47]. Addressing their low sensitivity, MoX sensors designed with micro and nano-
sized film structures have shown great potential over the last few years [51]. The sensors designed with these structures produced 
a high surface-to-volume ratio rendering high sensitivity, which was further corroborated by testing gases like O2, CO and NO2. This 
is demonstrated by Faglia et al. [52], where they studied the performance of micromachined silicon substrates. Micromachined 
silicon substrates have been in use for several years and utilize semiconductor oxide layers for their operation [52, 53]. Faglia et al. 
[52] observed the impact of depositing a semiconductor oxide (Au doped SnO2) layer onto the substrate which helped to achieve 
low power consumption and higher sensitivity when detecting the target gas. Besides silicon substrates, research to find alternative 
substrate materials has paved the way for glass substrates [54], which were introduced to combat the fragility and the complex 
fabrication of silicon substrates.  

2.2 Conductive polymer-based gas sensors 

The conductive polymer composite (CPC) gas sensors are made up of non-conducting polymers and conductive filler materials 
such as carbon, graphite fibers that are dispersed in a polymer matrix [55], where the polymers and conductive fillers form the 
cornerstone for their sensing performance [56]. The materials used in the fabrication of these sensors are found to be gas-sensitive 
and operate well at room and low temperatures [14]. Owing to these properties of the conductive polymers, the CPCs are used to 
develop organic conducting polymers, known as intrinsically conducting polymers (ICPs). The ICPs contain monomers that can 
acquire charges through oxidation and reduction, thereby, altering the electrical conductivity [57]. The interaction of the conductive 
polymers with the target gas (analyte) causes a change in the carrier density and mobility, which alters the conductivity across the 
sensor. Figure 4 depicts a section of the p-type conducting polymer that is exposed to CO [58]. On exposure to CO, the carbon atom 
in CO attracts the pair of electrons from the nitrogen atom in NH, resulting in a positive charge at the nitrogen atom in the polymer 
structure. This charge carrier increases the conductivity across the membrane structure, thereby, increasing the overall electrical 
conductivity. 

Besides, the usual CPC gas sensors, recent research has paved the way for fabricating CPC gas sensors with nanoparticles. This 
has been achieved by creating “conductive polymer nanostructures” using electrospinning that relies on the use of templates during 
the polymerization process [59]. CPCs and the nanoparticle-based conductive polymers have demonstrated promising results as 
they have been found to be more sensitive and yield a shorter response time in comparison to MoX sensors, wherein, the resistive 
sensors have gained popularity due to their cost-effective fabrication, smooth operation [59], good durability and environmental 
stability [56]. 

2.3 Carbon nanotube-based gas sensors 

Carbon nanotubes (CNTs) and their composites have proven to be good candidates for gas sensors owing to their large surface 
area to volume ratio [60], leading to high sensitivity. CNTs consume low power and are deemed portable while simultaneously 
rendering easy miniaturization on GSAs [61]. These gas sensors can be made of either single-walled carbon nanotubes (SWCNTs) 
or multi-walled carbon nanotubes (MWCNTs) and can easily operate at room temperature, with relatively fast response times [11]. 
Akin to previous sensors, the presence of the gas is detected by measuring the change in the conductance of the nanotubes, wherein, 
a higher concentration of the adsorbed target gas depicts a higher change in the nanotube conductance. A visual representation of 
the gas sensing using CNTs is shown in Fig. 5 [62] , where the CNT is exposed to NH3. The CNT channel connects the source and the 
drain electrodes as in a field-effect transistor (FET). Since NH3 behaves as an electron donor, the adsorption process releases 
electrons into the CNT channel, increasing the current flow and thereby, yielding a measurable output (See Fig. 5). 

 

 
 

Fig. 4. Cross-section of a conductive polymer gas sensor [58]. 
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Fig. 5. a) SWCNT gas sensor, b) Working of the SWCNT gas sensor with ammonia donating an electron to increase conductivity [62]. 

 

 
 

Fig. 6. a) Working principle of the QCM gas sensor. Reproduced with permission from [68], b) Working principle of the SAW gas sensor [71]. 
 

Although these sensors have high sensitivity, it can be further improved by chemical functionalization of the CNTs with 
functional groups [63]. For instance, Pandhi and Chandnani [60] discussed the functionalization of CNTs using groups such as COOH 
and OH at the surface of the CNTs to yield better performance than pure CNTs. The performance of the CNT-based gas sensors can 
also be enhanced through additional doping of nanoparticles on the surface of the nanotubes [63, 64] which has proven to increase 
the sensitivity of the CNT-based gas sensors to a particular target gas. In recent times, nano-porous silicon-based gas sensors have 
also claimed popularity owing to similar properties. The porous nature of the silicon offers a high surface to volume ratio akin to 
CNT-based sensors [65]. By providing high sensitivity, selectivity, fast response time, good repeatability while testing for benzene, 
butane and methane, these sensors could be a potential competition for CNT-based gas sensors [65–67].  

2.4 Acoustic wave sensors 

Acoustic sensors are based on two main fabrication technologies: using quartz crystal microbalance (QCM) and surface acoustic 
wave (SAW) [14]. For the QCM, the quartz crystal serves as the resonating element [68], wherein, the mass of the adsorbed target 
gas results in a change in the oscillating frequency that can be measured as the output of the sensor (See Fig. 6). This ability of the 
QCM-based acoustic sensors to detect a particular gas is derived from the absence of the need for charge carriers and heat; thereby, 
giving them an upper hand in comparison to other gas sensors [69]. Despite the remarkable performance of QCM-based acoustic 
sensors, their sensing capabilities have been studied further by Yang et al. [70] to highlight the fabrication of copper doped ZnO 
nanorods for enhancing response of these sensors. 

On the other hand, the SAW sensor is based on the piezoelectric effect, wherein, the vibrating material is superimposed with 
thin chemically reactive layers that can adsorb the target gas [71, 72] (See Fig. 6). The reactive layers easily adsorb the gas, as a result 
of which, the velocity and the attenuation of the propagating wave undergoes a measurable change [73, 74]. Raj and Singh [75] 
studied the impact of coating different reactive layers such as ZnO, SnO2, TeO2 and TiO2 on SAW-based acoustic sensors, with ZnO 
deposited SAW sensors demonstrating superior performance when compared to other reactive layers. The acoustic sensors are 
found to be sensitive to the weight of the adsorbed target gas, are compact and can respond to almost all types of gases. 

For acoustic wave sensors in general, besides good reproducibility and fast response time, good selectivity is also of paramount 
importance in detecting the target gas, whereby, researchers have studied the use of various sensor materials for their fabrication 
[76]. Metal-oxide films fabricated onto SAW sensors have been deemed as highly reliable materials for improving the selectivity of 
acoustic sensors. This is due to the fact that MoX films help improve selectivity without compromising the wave propagation 
functionality of the sensor. In addition to MoX films, acoustic sensors have been designed with polymer-based sensing materials 
which have been discussed in Section 2.2. Based on the target gas, acoustic sensors can be coated with specific polymer materials 
[77], however, these materials fare lower in comparison to MoX-based layers on account of their waning stability and reproducibility 
over time. 

2.5 Catalytic sensors 

The operating principle of the catalytic gas sensor is determined by the oxidation of the target gas on the surface of the sensor, 
wherein the oxidation results in the release of heat, and thereby an increase in the resistance [78]. The amount of heat released 
due to the oxidation is directly proportional to the concentration of the target gas. Catalytic sensors are mostly used for the 
detection of flammable gases such as hydrogen, methane, and carbon monoxide and for gas pipeline explosion detection [14, 78]. 
The working principle of the catalytic sensor is demonstrated through a Wheatstone bridge circuit as shown in Fig. 7 [79]. On 
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exposing the sensor to the gas, the sensing element which is usually built using platinum coils results in a combustion reaction. 
Subsequently, the reaction causes a measurable change in the resistance, R, that is directly proportional to the concentration of 
the exposed gas. The Wheatstone bridge converts the resistance change into an output voltage which is used to extract the gas 
concentration using calibration curves.  

Although these sensors are continued to be widely used, they offer low sensitivity and selectivity [14], while rendering high 
power consumption and long response times [78]. To address the issue of high-power consumption, Brauns et al. [80, 81] proposed 
the fabrication of a catalytic sensor with a platinum catalyst using the MEMS technology. Consequently, this fabrication process 
provides catalytic sensors with faster response, high signal reproducibility and comparatively lower power consumption. Moreover, 
the operating temperature is proven to reduce by utilizing porous catalytic materials on the surface of the sensors that provide 
large surface areas and in addition, minimize the power consumption of the sensors [82]. 

2.6 Metal organic framework-based sensors 

Metal organic frameworks (MOFs) constitute a very promising sensitive layer in comparison to other porous materials and 
polymers for gas sensing applications due to their high specific surface areas, tunable pore size, and easy functionalization of the 
organic part upon selection of different metal ions and organic bridging ligands. Furthermore, these porous materials have proven 
robustness and possible reuse and storage under human conditions without degradation in their performance. 

Recent research studies have demonstrated the possible integration of MOF thin films on electrically-actuated microstructures 
to deliver accurate sensing information [83, 84]. The nature of these materials renders a large surface area in gas sensors that can 
be easily modified to improve the selectivity of the sensor to a particular target gas [83]. Moreover, MEMS/NEMS based resonators 
have been increasingly employed for the detection of low gas concentrations owing to their small size, cost effectiveness thanks to 
batch fabrication, and low power consumption [85]. It is important to note that the cross-sensitivity between the temperature and 
the target gas experienced by gas sensors adversely degrades their accuracy [86], wherein, the efforts undertaken to combat this 
issue resulted in a costly fabrication and higher power consumption. In recent years, researchers in [85, 86] have discussed a novel 
approach that utilizes a MEMS resonator coated with a MOF for sensing multiple stimuli simultaneously. The resonator is 
electrostatically actuated [86] and uses first and second order modes of vibration for simultaneous detection of the ambient 
temperature and the gas concentration (water vapor). As shown in Fig. 8, the frequency responses of the resonator near the 1st and 
2nd modes are used to simultaneously measure the operating temperature and the water vapor concentration. Another remarkable 
approach undertaken for the detection of multiple stimuli is demonstrated in [87], where the authors proposed the design of a 
MEMS gas sensor using two mechanically-coupled microbeams. Capitalizing on its properties, the microbeams were coated with 
MOFs for the simultaneous detection of CO2 and CH4 using dynamic features of the microbeams. Dynamic features such as the 1st 
six natural frequencies, RMS of the microbeam deflection, maximum and minimum values of their deflection were used with deep 
neural networks to attain successful results for both classification and regression. A sketch of the MOF device, including its different 
layers, along with its SEM image are shown in Fig. 9. 

Research studies demonstrated that the exposure to the target gas alters the amplitude of vibration and the shift in the natural 
frequency is linearly proportional to the gas concentration [83, 86, 88]. In addition, the proposed resonators can act as switchers 
when the gas concentration exceeds a certain threshold and have proven to remarkably reduce power consumption and size while 
simultaneously enhancing the sensitivity and selectivity of the sensor [83]. 

2.7 Optical sensors 

Optical gas sensing technology forms an important facet of gas sensors and has found an immense number of engineering 
applications. Studies indicate that several gases such as NO, CO, H2, NH3 and H2S, absorb infra-red or ultra-violet light of different 
wavelengths, which helps in their detection [39, 89–91]. Most commonly used optical sensors utilize the non-dispersive infra-red 
(NDIR) absorption technique using an NDIR gas sensor as shown in Fig. 10. This sensor consists of the infrared source, the dual 
channel detector and the optical cavity for the target gas [91]. The target gas present in the cavity reduces the intensity of the 
travelling light, which is then detected by the active channel [91, 92]. The active channel passes only the wavelength of the 
absorption band of the target gas, whereas, the remaining wavelengths are diverted to the reference channel. As a result, the light 
intensity detected at the active channel provides information about the presence of the gas and its concentration. 
 

 
 

Fig. 7. Operational Wheatstone bridge circuit of a catalytic gas sensor. Reproduced with permission from [79]. 
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Besides the NDIR absorption technique, optical gas sensors also rely on non-absorption techniques such as UVF [93] and gas 
chemiluminescence [94], where, the chemiluminescence process results in the emission of radiation of a particular wavelength due 
to the chemical reaction between the target gas and the sensor surfaces. On the other hand, the fluorescence-based gas sensors 
are based on the emission of light with a particular wavelength due to the excitation of the gas molecules on absorbing the radiation 
[95]. Optical sensors have been widely used due to their portable structure and ability to provide a non-invasive approach with good 
predictive accuracies [96, 97]. Using spectral analysis, Zhang et al. [98] proposed the use of optical gas sensors for detecting NO2, 
SO2, NO2 and C6H6. After the interaction of the gas with the emitted light, a spectrometer was employed to collect and study the 
response of the light at the output. On comparing the performance of the optical sensor with a MoX sensor, it was observed that 
the optical sensor rendered a lower response and recovery time, thus, reiterating the remarkable performance of optical sensors 
for gas detection. 

 
 

 
 

Fig. 8. a) Frequency response of MOF sensor near the 1st and 2nd modes, b) Frequency shifts detected for different water vapor concentrations near 
the 1st mode and 2nd mode [86] © (2018) IEEE. 
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Fig. 9. (a) An SEM image of the fabricated microbeam with MOFs functionalization. (b) XRD of Cu(bdc).xH2O MOF thin film grown on the microbeam 

(red) and its calculated pattern (black). (c) Schematic of the microbeam with the lower electrode perforation showing the material layer types, 
properties, and thicknesses [86] © (2018) IEEE. 

 

 
 

Fig. 10. Schematic of the optical sensor illustrating its operating principle [91] © (2012) IEEE. 

3. Machine Learning in Gas Sensing 

Besides the progressive research on the design of the E-nose using different fabrication technologies, current research trends 
have shown an increasing inclination towards gas sensor data analysis. The E-nose evidently offers a more lucrative advantage in 
comparison to single gas sensors. A single sensor effectively responds to a particular gas to produce a specific gas fingerprint, 
whereas, multiple sensors in the GSAs of an E-nose provide multi-dimensional response signals. These signals contribute to unique 
fingerprints for each gas, thereby, providing more information that can consequently be used for machine learning. As a result, the 
appropriate selection of the algorithms for an E-nose helps in improving its functionality and dependability over time considerably. 
A more detailed operation of the E-nose is depicted in Fig. 11. The vital aspects of the E-nose system operation can be simplified 
into three main categories: signal acquisition using the sensor arrays, signal pre-processing using feature extraction or feature 
selection, and modeling of machine learning algorithms which entail classification and regression [14]. 

3.1 E-nose operation 

The signal acquired from the GSAs is based on the principle that each sensor develops a different fingerprint for each chemical 
compound that it detects [13, 14]. The sensor goes through a physical or chemical change depending on the sensor type, rendering 
a response that is unique to a gas or a particular concentration as illustrated in Fig. 12. The ability of the E-nose to correctly identify 
the type and concentration of a chemical compound is heavily dependent on the data retrieved from the signals. The inability to 
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draw significant information from the sensor signals can easily result in the ineffectual performance of the complete E-nose system 
[99]. As a result, signal pre-processing techniques have gained high ground, forming the backbone of E-nose systems. Since 
unprocessed raw senor data may suffer from high noise-to-signal ratios and drift errors [14], pre-processing techniques work 
towards eliminating noise and redundant data points, outliers, resampling the signal, and implementing smoothing techniques for 
better visualization of the signal. 

Pre-processing techniques applied on large sensor datasets that help to ameliorate the robustness of the machine learning 
models for classification and regression, can mainly be classified into feature extraction techniques and feature selection 
techniques. Feature extraction and selection form a subset of dimensionality reduction techniques and are used to transform raw 
data into appropriate input features for machine learning algorithms [100]. In doing so, they enable to eliminate redundancy from 
the raw data and retain germane features that can enhance the accuracy of the machine learning models. As a result of the pre-
processing, the data is organized into a format that contains the features, also referred to as attributes, and the gas type 
corresponding to these attributes is referred to as the label during classification, whereas, the gas concentration is considered the label 
during regression. Following the pre-processing, the dataset is divided into training and testing datasets for performing 
classification and regression as shown in Fig. 13. For practical purposes, 70-80% of the dataset is usually reserved for training, and 
the remaining 20-30% is used for testing [101]. The training dataset is used to build the machine learning model for both 
classification and regression. The class label for classification (gas type) is categorical whereas, the class label for regression (gas 
concentration) is of numerical type. The machine learning algorithms applied for classification and regression include the k-Nearest 
Neighbors (kNN) [102], Support Vector Machine (SVM) [103], Artificial Neural Networks (ANN) [104], Random Forests (RF) [105, 106] 
and Decision Trees (DT) [107]. The use of a single classification or regression machine learning algorithm does not provide the best 
prediction for the gas type and concentration. As a consequence, ensemble methods that combine various weak models or diverse 
models to render a final prediction are employed. In many cases, ensemble methods prove to have higher accuracy when compared 
to the individual classification and regression models. 

 

Fig. 11. Block diagram representation of the steps involved in the E-nose operation. 

 

Fig. 12. Signal acquisition and processing of raw sensor data. 

 

Fig. 13. Machine learning using training and testing datasets. 
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Fig. 14. Typical response of MoX gas sensor on exposure to ethylene. Adapted from [112]. 

3.2 Feature extraction 

Transformation of the sensor raw data into features that can relay significant information [108, 109], aids in minimizing the 
complexity of the original data and hence, the computational complexities of the machine learning model [110]. In addition, 
implementation of feature extraction helps to circumvent machine learning model overfitting and provides better explicability of 
the data under investigation [111]. Prior to extraction, the sensor signal represents numerous data points that correspond to the 
adsorption and desorption phase of the gas on the surface of the gas sensing material. For instance, Fig. 14 shows the typical 
response of a MoX gas sensor for the detection of ethylene [112]. Clearly, the response depicts the change in conductance over time 
during the gas exposure with three different phases; Phase I (initial phase), Phase II (exposure phase), and Phase III (regeneration 
phase). 

Irrespective of the nature of the signal, there are several kinds of feature extraction techniques that are used for E-noses. One 
category of techniques focuses on extracting piece-meal features of the signal [113]. Such features that can be extracted for different 
phases of operation can include sensor signal sensitivity, slope of the signal, rise time of the signal and average value of the signal 
[114]. On the contrary, some techniques focus on extracting steady-state and transient features [115], low-frequency and high-
frequency features [116]. With this in mind, feature extraction techniques are designed to provide characteristic features that 
summarize a major portion of the information contained in the original raw data. To this end, feature extraction techniques tend 
to extract features in the transform domain using Fourier transforms or extract all signal features from the sensor response by 
fitting the sensor signal to a certain response curve [113]. Amongst the feature extraction techniques are also those which provide 
a completely new set of features through the transformation of the original dataset. A major drawback associated with these 
techniques is the inability of the new features to render useful information about the original features, thereby, making it hard to 
interpret the new features [117]. Thus, it is critical to select the appropriate method to extract pertinent features that can represent 
the sensor response to the target gas in order to improve the performance of classification and regression. Table 2 summarizes the 
main techniques used for feature extraction. These feature extraction techniques are discussed in further detail below [118-122].  

3.2.1 Principal component analysis 

Principal Component Analysis (PCA) is an unsupervised feature extraction technique, sometimes used for 
clustering/classification, that extracts the most relevant information from the original dataset through a linear transformation of 
the data [123]. PCA exploits the correlation between the data points, i.e., it attempts to find the combination of input features that 
best represents the original feature set while simultaneously reducing the data dimensionality. This results in the formation of new 
uncorrelated values known as principal components (PC), where an n-dimensional dataset results in n principal components. The 
principal components attained using eigenvectors and eigenvalues are independent, orthogonal, linear combinations of the original 
variables in addition to being uncorrelated [109]. These PCs allow for the reduction in redundancy while simultaneously maximizing 
the variance associated with the feature dataset as shown in Fig. 15 [124]. PCA then aligns the original dataset along the direction 
of the new PCs by retaining the PCs with the highest variance. For instance, in Fig. 15, it is observed that the PC1 (red) renders the 
highest data variance when compared to PC2 (green) based on the sparse arrangement of the data points along its direction. 

Table 2. Summary of feature extraction techniques. 

Technique Technique Type Characteristics Reference 

PCA Unsupervised 

Unsupervised and hence does not consider labeled data 
Aims to find the principal components that maximize the variance between the data 

Assumes a linear relationship between the input and the output variable 
Offers kernel-PCA that deals with non-linear data 

[118, 119] 

LDA Supervised 

Supervised technique that uses labeled data 
Aims to find the linear discriminants that maximize separation between different classes 

Assumes a linear relationship between the input and the output variable 
Assumes the data follows a Gaussian distribution 

[120, 121] 

ICA Unsupervised 
Unsupervised technique that caters to a mixture of signal data 

Aims to find independent components from the data and eliminate redundant noise 
Offers a linear dimensionality technique that assumes the data to be Gaussian 

[122] 

 



Smart Gas Sensors: Materials, Technologies, Practical Applications, and Use of Machine Learning – A Review 785 
 

Journal of Applied and Computational Mechanics, Vol. 9, No. 3, (2023), 775-803 

 
 

Fig. 15. Transformation of original dataset along new axes of PCs using PCA [124]. 

 
Fig. 16. Visual representation of decreasing variance from PCs [125]. 

 
The amount of variance offered by each principal component can be easily visualized through a scree plot, as displayed in Fig. 

16 [125]. In most cases, the first three principal components, PC1, PC2 and PC3 tend to depict the highest variance by capturing the 
highest percentage of the information from all the features present in the dataset. PCA deals with linear data, whereas an extension 
of PCA, referred to kernel based PCA deals with data that show non-linear behavior. Kernel PCA uses kernel tricks that use higher 
dimensions for the non-linear mapping of the data, following which the decision boundary for maximizing the variance between 
the classes becomes linear [126]. 

3.2.2 Linear discriminant analysis 

On the other hand, Linear Discriminant Analysis (LDA) is a supervised feature extraction technique that uses labelled data to 
maximize the difference between the various classes [14]. LDA, widely used for feature extraction as well as classification, renders 
a linear transformation of the data to minimize the dimensionality and maximize the discrimination between the different classes 
[127]. Akin to PCA, the main purpose of LDA is to minimize the spread/variance between points within a class while maximizing 
the distance between the means of each class, therefore, working to minimize intragroup distance and maximize intergroup 
distance as illustrated in Fig. 17 [128]. It can be seen that a good projection in comparison to a bad projection entails maximum 
separation between the means of the two classes, thereby, resulting in a good and distinct separation of the classes. However, this 
class separation may not always be possible which results in one of the shortcomings of LDA. In cases where the classes are not 
linearly separable, LDA may not be able to discriminate between the two classes. Nevertheless, the easy interpretation and simple 
implementation of LDA makes it a viable option for robust classification problems. 

3.2.3 Independent component analysis  

Independent Component Analysis (ICA) is another linear-based dimensionality reduction akin to PCA that performs linear 
transformation of the original dataset [129]. The result of the linear combination is referred as to an independent component that 
disregards any anomaly or noise within the data. Moreover, the ICA technique is more commonly utilized in the biomedical field as 
discussed in [130]. ICA has also been implemented for blind source separation (BSS), that refers to the extraction of independent 
sources from a mixture of medical signals. This allows for the applications of EEG and ECG to extract and reliably separate useful 
signals from noisy signals. Therefore, depending on the nature of the data and the requirements of the application of interest, PCA, 
LDA or ICA can be effectively implemented to retain representative features from the sensor response.  
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Fig. 17. Class separation using LDA [128]. 

3.3 Feature selection 

Feature selection techniques select a subset of representative features from the complete dataset that provides maximum 
contribution to the prediction of the desired output. Over the last few years, these techniques have been undertaken to provide 
agile machine learning models which render higher prediction accuracies. The prime objectives of feature selection are to avoid 
model overfitting and improve the machine learning model performance; offer fast and reliable performing models; and provide a 
deeper insight into the data generation process [131]. As a result, feature selection techniques are demarcated into several categories 
based on certain criteria including [132]: 

 The type of training data: they are divided into supervised [133, 134], unsupervised [135, 136], and semi supervised [137] 
feature selection models. 

 Their interaction with the machine learning models: they are divided into filter, wrapper and embedded methods. 
 The searching strategies: they are divided into sequential, randomized and hybrid methods. 
 The evaluation criteria: they can be used based on correlation or distance measures [100, 109]. 
 The type of the output: they are demarcated into feature rank and subset selection models. 
Given the type of training data, supervised techniques select features using datasets that contain class labels, whereas, 

unsupervised techniques use unlabeled datasets to select features. Semi-supervised techniques, on the contrary, use both labeled 
and unlabeled datasets. For the purpose of gas sensing, the machine learning algorithms primarily follow the supervised path, 
thereby, leading to the implementation of supervised feature selection, which establishes a relationship between the features and 
the class label. Regardless of the technique being implemented, Ang and Mirzal divided feature subsets into four main categories: 
i) “irrelevant and noisy features”, ii) “weakly relevant and redundant features”, iii) “weakly relevant and non-redundant features” 
and iv) “strongly relevant features” [138]. Consequently, the selection of strong relevant and less redundant features demonstrates 
the capability to ameliorate prediction performance while minimizing computational complexities.  

Furthermore, supervised techniques can be classified into filter, wrapper, and embedded methods [139]. Filter methods estimate 
the relevance and select features based on their intrinsic characteristics using metrics such as Mahalanobis distance, Euclidean 
distance, correlation, and Chi-square. In several cases, the features are finalized based on a relevance score, where the features with 
the lowest scores are not taken into consideration. On the other hand, wrapper methods are usually combined with the machine 
learning algorithms. Instead of pre-selecting a subset of features, wrapper methods select the relevant features by considering their 
accuracy when applied to the machine learning algorithm. Two most commonly used wrapper-based feature selection methods are 
the Sequential Forward Selection (SFS) and the Sequential Backward Elimination (SBE). The SFS begins with an empty set and 
continues to iteratively add the features that improve the algorithm performance [109]. In other words, it provides the greatest 
increase in the predictor performance [140]. The SBE, on the other hand, begins with the complete set of features and iteratively 
eliminates features that affect the algorithm performance.  

Finally, embedded methods capitalize on the advantages of both, the filter, and the wrapper methods. Akin to wrapper methods, 
embedded methods also interact with the machine learning algorithm and, in many cases, contain built-in feature selection. The 
embedded methods provide a way to perform feature selection and model training simultaneously [139]. This is further 
corroborated in [141], which attributes this characteristic of embedded methods to their inability to separate feature selection and 
the model training process. As a result, in comparison to filter methods, embedded methods work alongside the machine learning 
algorithm and offer a quicker way of selecting the features, in contrast to wrapper methods. Popular embedded feature selection 
techniques include RF, Ridge regression and LASSO that have built-in techniques that pre-process the data and render the 
appropriate feature subset for the machine learning algorithm. Table 3 provides a list of different feature selection techniques and 
their characteristics [142-144]. 

3.4 Machine learning algorithms 

For gas sensing, the two main characteristics of the gas to be determined are: 1) the gas type using classification and 2) the gas 
concentration using regression. Several machine learning techniques used for these tasks are discussed in detail below.  

3.4.1 k-Nearest neighbors 

The kNN algorithm is deemed a traditional and simple non-linear classification algorithm that uses distance metrics to classify 
data samples. The two main parameters of this algorithm are k and the distance metric [145]. The working principle of this algorithm 
is illustrated in Fig. 18 which shows how the classification of a new data sample is achieved. Given by its name, kNN attempts to 
find the k nearest neighbors of the new data sample and allocates a label to it through majority voting. As shown in Fig. 18, using a 
distance metric such as Euclidean distance, nearest k neighbors are represented by Num(di) within a localized region and the 
similarity between all the data samples within the region is determined. As a result, any new data point di, that falls within that 
local region is assigned the label based on the similarity obtained through majority voting. Given its ease of implementation, the 
kNN algorithm can be deployed for multi-class classification problems, rendering low misclassification errors [146].  
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Table 3. Feature selection technique and their characteristics. 

Technique Characteristics Examples Reference 

Filter methods 

Works independent of the machine learning algorithm 
Provides fast computation and low computational cost 

Can be further divided into univariate and multivariate methods 
Univariate methods ignore feature dependencies, resulting in lower performance 

when compared to multivariate methods 
Multivariate methods are slower than univariate methods but provide feature 

dependencies 

Mahalanobis distance 
Euclidean distance 

Correlation 
Chi-square 

Information Gain 
Gini Index 

[109, 142–
144] 

Wrapper 
methods 

Works in collaboration with the machine learning algorithm 
Uses feature dependencies to in the feature selection process 

Computationally more intensive than filter methods 

SFS 
SBE 

[108, 137, 
142] 

Ensemble 
methods 

Works in tandem with the machine learning algorithm 
Offers better computational efficiency in comparison to wrapper methods 

RF 
Ridge regression 

LASSO 

[109, 139, 
141] 

 
 

Fig. 18. Working principle of the kNN algorithm. 

 

Fig. 19. Working principle of the SVM algorithm: a) Multiple hyperplanes for class separation, b) Optimal hyperplane with maximum margin, c) 
Linear separable class, d) Use of kernels for linear separation. Adapted with permission from [148]. 
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Fig. 20. Working principle of the DT algorithm. 

3.4.2 Support Vector Machine 

Support Vector Machine (SVM) is an algorithm that is most commonly used for solving binary linear classification problems 
using support vectors [147]. However, SVM can also be used to for multiclassification problems which are contrary to one-to-one 
classification. The prime objective of the SVM algorithm is to determine the hyperplane that can easily classify the data points for 
an n-dimensional dataset. For a given dataset with n features, there are several hyperplanes that can separate the different classes 
as shown in Fig. 19. The most optimal hyperplane is defined as the one that provides maximum separation between the data points 
of both the classes. It is important to note that the SVM algorithm attempts to separate the dataset using an (n-1) dimensional 
hyperplane [148]. As a result, the hyperplane for a two-dimensional dataset is a line, whereas the hyperplane for a three-
dimensional dataset is a two-dimensional plane. Support vectors are data points that are closest to the hyperplane and this can be 
seen in Fig. 19. The largest separation, also known as the maximum margin, is taken as the distance between the support vectors 
of the two classes. 

In cases where a distinct segregation cannot be achieved due to noisy data, the SVM algorithm develops the hyperplane by 
allowing for some misclassifications errors as shown in Fig. 19. In this case, SVM aims to develop the hyperplane that equalizes 
both the margin and the sum of the misclassification errors. Finally, for linearly separable classes (See Fig. 19), SVM uses kernel 
function to transform the data into higher dimensionality which then makes the support vectors linearly separable using a linear 
hyperplane [147].  

3.4.3 Decision Trees and Random Forests  

Decision tree (DT), that is used for both classification and regression tasks, deploys a tree-like hierarchical structure [149]. As 
shown in Fig. 20, the highest node in the tree that represents the complete dataset is referred to as the main node or the root node. 
It is from the root node that the tree splits into different branches resulting in n-internal nodes [150]. As illustrated in Fig. 20, each 
internal node can be split further, wherein the decision to split a node is based on a splitting criterion, the most widely used is the 
gini index. Once the leaf node is attained, the splitting is terminated, rendering a complete tree-like decision making structure. On 
the other hand, RFs form another classification and regression technique that is derived from DTs. As the name suggests, in this 
algorithm, the complete original dataset is randomly sampled into n-subsets to be trained using a DT [149]. Using n-DTs the final 
result outcome is determined using majority voting (classification) or averaging (regression). Though the training data for each tree 
is reduced significantly, random sample subsets allow each DT to be trained on uncorrelated data, hence improving the 
functionality and efficiency of the algorithm. 

3.4.4 Artificial Neural Networks 

Artificial Neural Networks (ANN) forms a significant branch of machine learning and can be employed for classification and 
regression tasks. They work using multiple interconnected nodes which are activated by activation functions and assigned weights 
accordingly [151]. The two commonly used ANNs are the back-propagation neural network (BPNN) and the feed-forward neural 
network (FNN). The FNN consists of the input layers, hidden layers and the output layer as illustrated in Fig. 21 [152]. The inputs to 
the FNN are represented by x(i), which propagate forward through the hidden layers in the neural network. As mentioned earlier, 
each node henceforth, is activated and assigned a certain weight, wi/j using a mathematical transfer (activation) function, F(x). This 
function is usually a linear combination of the values coming from the previous nodes at that particular neuron [153]. The most 
widely used activation function is the sigmoid function which propagates the data up to the output layer to generate results for 
classification or regression. It is important to note that the complexity of any ANN is highly dependent on the number of hidden 
layers, the number of neurons/nodes and the type of activation function being used [153, 154]. As a result, the predictive capability 
of the ANN can be improved by increasing the number of hidden layers or the number of neurons. Despite having a similar 
framework, BPNN provides a slightly different approach. After the data is propagated forward in BPNN, the results at the output are 
measured with an error function that compares the results to the original values [155]. The errors are back-propagated to determine 
the error rendered by each node. This allows the algorithm to automatically re-adjust the weights to minimize the error and attain 
convergence at the output node [153]. 
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Fig. 21. Working principle of the ANN algorithm. Adapted with permission from [152]. 

 

Fig. 22. Working principles of ensemble techniques: a) the bagging technique, b) the boosting technique. 

3.4.5 Ensemble techniques 

The ensemble techniques combine several machine-learning models to obtain the final predictive model [156]. Each machine 
learning model used within the ensemble is referred to as a base learner, and consequently, multiple base learners contribute to 
the final model. Over the last few years, ensemble techniques have shown promising outcomes in comparison to individual 
machine learning models for performing machine-learning tasks. The superiority of their performance is attributed to their working 
principle, wherein, the techniques combine distinct and weak base learners [157, 158]. The diversity of the base learners’ results 
allows the technique to combine information from different learners and produce the final output. The two main types of ensemble 
techniques include the bagging and boosting [156]. As shown in Fig. 22, bagging generates random subsets of the original dataset 
with replacement which are subsequently trained using multiple machine learning models in a parallel manner [159]. Finally, the 
outcome of the ensemble is determined through majority voting (classification) or mean average (regression) of the individual 
learner outcomes. On the contrary, boosting provides a different approach and also enhances the predictive capability of the 
individual learners. Akin to bagging, boosting also generates random subsets which are trained using different learners, albeit, in a 
sequential manner [156, 159], where each subsequent learner is trained with a previous batch of wrongly predicted data samples. 
However, boosting takes advantage of these errors and assigns them higher weights to improve the accuracy of the subsequent 
learners in predicting them correctly (see Fig. 22).   

3.5 Machine learning software tools 

The machine learning techniques presented so far, play a pivotal role within an E-nose system, and thus, their implementation 
on machine learning platforms for E-nose applications have been profusely discussed in the literature. For instance, TensorFlow, an 
open-source platform provides an easy access portal for building and training machine learning models [160]. The Keras package 
in TensorFlow using python is widely used to implement neural network models to perform classification [161, 162] and regression 
[163, 164]. Other tools that use python are the sci-kit learn and PyTorch [165]. PyTorch offers an end-to-end machine learning 
framework [166] whereas, the scikit learn library contains numerous tools for machine learning tasks [167]. MATLAB is another 
popular software that has been deployed for machine learning, in addition to being used for signal generation and signal pre-
processing [168–170]. Besides python, machine learning using Java is provided by Weka, a ready-to-use platform that provides 
different machine learning algorithms to perform data pre-processing and machine learning [171]. Graphical User Interface (GUI) 
platforms like the Java-based RapidMiner [172] and KNIME [173] provide the drag and drop feature for machine learning without 
the extensive use of programming. Over time, platforms supporting various languages in an Integrated Development Environment 
(IDE) led to the inception of Shogun [174]. The Shogun software was initially implemented using the C++ language and has since 
then been developed to support languages like python and R as well, to provide large-scale learning and an easy interface experience. 
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4. Practical Gas Sensing Applications of E-nose Systems 

Owing to their strong capabilities, E-nose systems have been used in several applications to analyze different gases. After 
acquiring the sensor signal that represents a physical change in the sensor on exposure to gas, features are extracted to yield well-
defined feature datasets. These datasets are then used in collaboration with machine learning algorithms to perform classification 
or regression tasks. Gas sensing is implemented mainly in areas of environmental management, health management and food 
quality control. Machine learning associated with these three arenas is discussed below. A summary of different E-nose systems 
used for various applications is shown in Table 4, which lists the sensor type, the machine-learning task and the sensing application 
[175-201]. Jasinski et al. [176] discussed the use of sensors in detecting varying concentrations of gases, namely, CO, NO2, O3 and SO2, 
to allow for improved monitoring of the environment. Their study focused on both, the semiconductor and amperometric sensors 
to analyze the difference in their performance when used alongside the SVM and the Partial Least Squares (PLS) regression 
techniques. The data was collected over a period of 6 days, rendering 274 observations for training and 412 observations for 
validation, providing an extensive dataset for the machine learning approaches. Results indicated that semiconductor sensors 
offered better predictability when used with SVM regression, whereas amperometric sensors showed similar performance using 
PLS regression. The low drift and high recovery time of amperometric sensors, enhanced their capability in predicting gas 
concentrations. However, Jasinski et al. [176] reiterated the significance of using multiple sensors within a GSA to obtain the lowest 
possible gas concentration prediction errors. 

Additionally, the SVR technique was used in combination with MoX sensors to detect the presence of VOCs in dynamic 
environments [177, 192]. Jha et al. [177] demonstrated the use of polymers in tandem with MoX sensors to improve selectivity of 
the sensors towards the VOCs (acetone, benzene, ethanol, pentanal, propenoic acid) during the experiment. To highlight the 
complexity and the superiority of the SVR technique in estimating the gas concentrations, the authors provided a comparison 
between various SVR approaches, with radial and polynomial kernel-based methods rendering superlative results. In most cases, 
using these approaches, the relationship between the actual and the predicted concentrations was almost ideal with the regression 
coefficient, R2 very close to 1. This indicated superior predictive capabilities. 

Besides regression, MoX sensors have been employed for classification of VOCs, proving their expertise in the field of food 
quality control, health and environment management. To study the potential of ANN, LDA, SVM and PLS with regards to 
classification, Ghanem-Varnamhasti et al. [190] used a series of MoX sensors to segregate different types of cheese on the basis of 
their ageing. The experiment was carried out on three different days of storage to analyze the impact of storage days on the 
classification of cheese. ANN rendered the highest accuracy in classifying the different types of cheese, closely followed by LDA and 
SVM with accuracies approximating 89% and 94% respectively. In another study, Capone et al. [197] utilized a GSA made of 5 SnO2 
sensors to detect the rancidity level of milk. The experiment was conducted over the course of eight days, with measurements 
recorded each day. Using the PCA algorithm and a 3-dimensional approach using the 1st three principal components, the rancidity 
of milk was discriminated into different categories of days with different rancidity values. The results indicated a robust correlation 
between rancidity levels of milk and its level of ageing. The study demonstrated a promising approach towards monitoring the 
quality of milk and products alike in a dynamic manner at various stages of their processing.  

In areas of health management, polymer composite sensors have proven successful in detecting the presence of asthma through 
breath-print analysis. Dragonieri et al. [186] recorded the change in resistance across 32 polymer composite sensors that collected 
breath samples from a group of 40 non-smoking adults to study the presence of asthma. Using PCA, dataset was refined to include 
data points that provided the largest variance in the data and improved the classification accuracy. Results from the study indicated 
that PCA coupled with the selection of factors that offer a high variance, can provide a clear distinction between individuals with 
asthma and healthy individuals. Consequently, the study of VOCs in exhaled breath showed a strong potential in exhibiting signs 
of asthma or other respiratory diseases. Furthermore, techniques of feature selection have also shown immense capability in 
improving the performance of classification algorithms. Maout et al. [195] demonstrated this by coupling Recursive Feature 
Selection (RFE) with SVM to classify ammonia levels in breath samples that could suggest potential kidney disease. An 85% 
classification accuracy using SVM was improved to 91% using RFE, by eliminating the least important feature in each iteration until 
the best features remained.  

A novel application that relies on gas mixtures as opposed to individual gas variants has been studied by Javed et al. [200, 201]. 
To circumvent the need for several sensors to detect gases within a mixture, Javed et al. [200] employed a GSA consisting of four 
mixed-potential electrochemical sensors to identify the presence of gases such as NH3, NOx and C3H8 when present as part of a 
mixture. The four sensors were exposed to various mixtures, wherein, each mixture was either a two-gas, three-gas or four-gas 
combination with varying gas concentrations. Therefore, the study involved 12 distinct gas mixtures with concentrations ranging 
from 0ppm to 1100ppm, subject to the type of gas. Owing to the working principle of the sensors, the dataset comprised of voltage 
readings that depended on the redox reaction of the gas with the surface of the sensor electrode [201], which were then used to 
perform classification and regression. Using a kernel-based SVM approach, multi-class classification of the dataset resulted in the 
determination of the gas-types present in the mixture with accuracies tending to ~95%, followed by a Gaussian-based regression 
approach to quantify the concentration of the gases present with errors less than ~10%. In addition to astounding results, the study 
highlighted vital takeaways, which suggested the great potential of SVM and Gaussian-based regression models when applied to 
other gas-sensor datasets as well. 

4.1 Environmental management 

Over the last few decades, E-nose systems have gained immense traction by monitoring VOCs such as methane, carbon 
monoxide, nitrous-oxide [202] and its derivatives, hydrogen sulfide, mercury, and heavy metals (in air) [203]. These systems have 
relentlessly focused on detecting hazardous VOCs for abating their detrimental environmental impacts. As a result, the different 
categories of environmental management extend to air quality control [204], water quality control [175], and monitoring of pollution 
[176].  

Reinforcing the importance of environmental pollution monitoring, Moufid et al. [205] monitored and studied the air quality 
within the Meknes city of Morocco. Air quality monitoring was conducted at five areas such as the municipal solid waste landfill, 
regular districts, and an industrial water discharge site. Using six SnO2 gas sensors, gases such methane, ammonia, benzene, 
hydrogen and carbon monoxide of varying concentrations were detected to be used for feature extraction and classification. Based 
on the changing electrical conductance obtained from the sensors, three features, namely conductance difference, slope of the 
sensor response between 10% and 90% of the exposure region and the area between the 10% and 90% of the exposure region were 
extracted. Results of classification using Discriminant Function Analysis (DFA) indicated excellent classification for all the gases 
detected at different sites (See Fig. 23). With 90% of the data variance, the E-nose system was capable of identifying and clustering 
gases from different sites with an accuracy of 100%. In addition, to implement Partial Least Square (PLS) regression [206] for the 
concentration estimation of the eight VOCs in the study, Moufid et al. [205] used the area under peaks from the sensor responses. 
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This rendered a high correlation coefficient of 0.97 as shown in Fig. 24, implying the strong predictive ability of the E-nose system 
using the PLS model. 

Besides using classical MoX sensors for monitoring urban pollution, Lei et al. [207] proposed the use of a fluorescent GSA with 
the sensing element having a fluorescent effect, for the detection of different ammonia concentrations (30ppb,80ppb,130ppb, 
and180ppb). These sensors are capable of producing a fluorescent gas fingerprint from the emission spectrum obtained on the 
exposure to ammonia. Given the significance of feature extraction within the E-nose system operation, the emission spectra were 
used to extract eleven features (3 conventional, 8 microscopic) for each measurement, allowing for a holistic representation of the 
sensor response. Using PCA that rendered a data variance of almost 93%, the four different ammonia concentrations were clustered 
distinctly to provide a high classification accuracy when detected in urban settings. Several studies have discussed the diabolical 
effects of prolonged exposure to ammonia in both urban and rural settings, posing adverse respiratory problems [208]. Research 
discussing the real-time detection of ammonia has focused on improving gas sensor fabrication to detect low concentrations of 
ammonia accurately [209]. Being a potent biomarker, ammonia even in low concentrations has the capability of impairing 
individuals’ health. To account for this, Liao et al. [209] presented the design of a double layer metal-oxide gas sensor, in this case 
WO3/SnO2 for the detection of ammonia levels. In addition, they also proposed the use of MEMS microheaters in the sensing layer 
to simultaneously minimize the power consumption and reduce the response time [210, 211]. Consequently, keeping in mind the 
dire need to account for detecting ammonia concentrations at all levels, the proposed double-layer sensor design proved to be more 
favorable in comparison to a single-layer SnO2 sensor. 

Table 4. Summary of the different sensing applications of E-nose systems. 

Application Area Sensor type ML Task ML technique Reference 

Determine water quality for shrimp farming E MoX sensor Classification LDA [175] 
Monitor environmental pollution due to gases 

(CO, NO2, O3, SO2) 
E 

Semiconductor & 
Amperometric sensor 

Regression PLS, SVM [176] 

Quantify chemical vapor concentrations E MoX sensor Regression LS,SVR [177] 
Detect chronic pulmonary disease based on 

breath-prints 
H 

Polymer composite 
sensor (carbon-black) 

Classification PCA, CDA, SVM [178] 

Discriminate between different VOCs (acetone, 
ethanol, formaldehyde) 

E MoX sensor Classification PCA [179] 

Assess quality of indoor air in living 
environment 

E MoX sensor Regression BPNN [4] 

Discriminate meat samples based on mineral 
content 

F MoX sensor Classification LDA [180] 

Identify biodiesel mixtures E MoX sensor Classification LDA, QDA, SVM [181] 
Detect lung cancer using samples from healthy 

and lung-cancer patients 
H MoX sensor Classification kNN, SVM, PCA [182] 

Differentiate between healthy individuals, 
patients with lung cancer and benign 

pulmonary disease 
H MoX sensor Classification 

PCA, SVM, Naïve Bayes, 
LogitBoost 

[183] 

Distinguish benzene exposed workers with 
control group for early detection of health 

hazards 
H MoX sensor Classification PCA [184] 

Identify academic stress or relaxation based on 
VOC released from skin 

H MoX sensor Classification kNN, SVM, LDAC [185] 

Discriminate patients of asthma from healthy 
individuals and differentiate between varying 

degrees of the disease 
H 

Polymer composite 
sensor (carbon-black) 

Classification PCA [186] 

Identify chronic kidney disease (CKD) and 
different stages of CKD 

H 
Gold nanoparticle 

sensor 
Classification SVM [187] 

Differentiate between fresh, half-
contaminated and fully contaminated broccoli 

samples 
F Chemiresistive sensor Classification 

Centroid-link cluster 
analysis, complete-link 

cluster analysis 
[188] 

Predict level of contamination due to pesticide 
residue in tea samples 

F MoX sensor Regression SVM, ANN [189] 

Classify different types of cheese made from 
different milk 

F MoX sensor Classification ANN, SVM, PLS, LDA [190] 

Determine fish freshness by predicting levels 
of TVB-N and acid value in fish 

F MoX sensor Regression SVM, RF [191] 

Detect indoor air contaminants such as CO 
and CO2 in the presence of temperature 

variations 
E MoX sensor 

Classification and 
Regression 

SVM SVR, ANN, ELM [192] 

Detect CO, LPG, smoke and CO2 for early 
detection of gas leakage and fires 

E MoX sensor Classification 
LR, kNN, NB, CART, SVM, 

LDA 
[193] 

Determine the presence of COPD by detecting 
iso-butane, ammonia, ethanol, carbon 

monoxide 
H MoX sensor Classification SVM, PCA [194] 

Identify the presence of kidney disease by 
testing for ammonia concentrations 

H 
Polyaniline 

nanocomposite sensor 
Classification LDA, RF, SVM, MLP [195] 

Detect odor from cyanobacteria in water 
reservoirs to mitigate water pollution 

E MoX sensor Classification PCA, MLP, LVQ [196] 

Detect the amount of milk rancidity by 
detecting presence of acetone, toluene, 

heptanal, limonene and other VOCs 
F MoX sensor Classification PCA [197] 

Assess the peach quality index interim of 
sugar content and acidity using pH level 

F MoX sensor Regression PCR, PLS [198] 

Monitor and assess the quality of paddy using 
biomarkers such as hexanal, heptanal, octanal, 

ammonia and other VOCs 
F MoX sensor Regression MLR [199] 

Classify and discriminate of gas mixtures and 
assess the concentration of gases present 

E 
Mixed-potential 
electrochemical 

sensors 

Classification and 
Regression 

Kernel-based SVM [200, 201] 

Note: E-Environment Management, H-Health Management, F-Food Quality Control 
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Fig. 23. Results of DFA for the classification of different gases at five different sites. Reproduced with permission from [205]. 
 

 
 

Fig. 24. PLS regression for estimating concentration of the eight VOCs. Reproduced with permission from [205]. 
 
 In terms of machine learning, exposure to ammonia warranted the need for identifying and quantifying ammonia 

concentrations in order to undertake mitigation measures. As a consequence, Lei et al. [207] implemented a BPNN model with nine 
hidden layers and two output layers for the quantitative prediction of the known ammonia concentrations with a 100% prediction 
rate. Besides ammonia, a linear regression model was proposed by Kumar et al. [212] for predicting levels of ammonia, carbon 
monoxide, acetone and carbon dioxide in the Indian region of New Delhi, India. The results indicated the effectiveness of the linear 
regression model but also highlighted the need to incorporate factors like traffic density and unprecedented weather changes to 
get more accurate results. A similar two-tier approach using the SVM model was discussed by Pace et al. [213] for the detection of 
hazardous gases in an oil refinery, located in Baghdad, Iraq. The approach used five sensors of different types including MoX, 
catalytic, and electrochemical to detect the presence of methane, pentane, oxygen, hydrogen sulfide and hexane. An SVM kernel-
based model was successfully trained and tested to classify the five different VOCs. Subsequently, the linear regression model built 
to estimate the gas concentrations yielded low estimation errors, hence, fortifying the potential of both the SVM and the linear 
regression model.  

Detecting toxic hazardous gases can also be beneficial for mitigating accidents in mines as suggested by Nath et al. [214]. 
Production of methane gas in underground mines can result in the small fires, generating hazardous gases like NO2 and CO. To 
expand further on the use of existing sensors, Nath et al. [214] have proposed an IoT-based sensor framework for the fast and 
reliable detection of toxic gases at mines. The framework utilizes four Au-based MoX gas sensors (TiO2, CuO, ZnO and WO3) with 
high selectivity and sensitivity for detecting the gas concentration inside the mine. The real-time data obtained from the sensors 
is sent to the microprocessor inside the main control unit and stored in the cloud server. Once collected, the readings in the sensor 
data are compared to the respective gas thresholds, to take any mitigation measures whenever needed. The results reported in [214] 
demonstrated the superior performance of gas sensors when coupled with the IoT framework for detecting poisonous gases at 
mining locations.  

4.2 Health management 

Recent advancements in technology have expedited ways in which health can be monitored. Health management includes the 
detection, prognosis and diagnosis of diseases, which has become increasingly tangible now, given the availability of data. Chronic 
diseases, such as pulmonary diseases [215], diabetes [216], and cancer [217], have become primary culprits of reduction in life 
expectancies. As a consequence, this warrants their early detection and diagnosis, efforts for which are now continuously being 
made using sensor technologies. MoX sensors have started to capitalize on the concept of breath analysis for the detection of a 
number of diseases. The presence of volatile organic compounds such as formaldehyde, isoprene and acetone in human breath 
have become crucial biomarkers for several respiratory [218] and cancer [219] related diseases. Owing to these sensors, the 
popularity of E-noses in this sector has been attributed to their non-invasive approach towards disease detection and diagnosis 
[220]. 
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Recognizing the ability of E-nose systems, Li et al. [221] designed an E-nose system using 10 MoX sensors to study the ability of 
the sensors in detecting lung cancer using breath-prints. Data for the study included 268 breath samples, out of which 153 samples 
were obtained from cancer-free individuals, and 115 samples from patients who were pre-diagnosed with lung cancer. Once the 
samples were acquired, the data was subjected to signal pre-processing for baseline manipulation and noise reduction, followed by 
data normalization to compensate for the different scale ranges of different sensors. To avoid overfitting of the machine learning 
model, the study implemented and compared five data dimensionality techniques: PCA, LDA, ICA, k-best features (KBest), and non-
negative matrix factorization (NMF). A large overlap between all features was observed using NMF, PCA, KBest and ICA, and as a 
result, Wang et al. [180] combined the extracted features from LDA with the remaining four techniques to gain a better visualization 
of data clustering (See Fig. 25). In doing so, the selected features demonstrated a good capability of discriminating between the two 
classes of individuals which was further observed in the classification accuracy obtained using 3-fold cross validation for RF which 
reached 86.42%. 

In addition to the exclusive use of MoX sensors, Chen et al. [222] deployed 14 gas sensors of different types including MoX, hot-
wire, catalytic and electrochemical gas sensors in an effort to improve the diagnostic capabilities of the E-nose. 235 breath samples 
were collected from both healthy individuals and patients who conceived lung cancer to study the detection performance of 
machine leaning algorithms. Following the signal pre-processing which comprised baseline manipulation, noise filtering, and 
normalization, the authors implemented the kernel PCA (kPCA) to extract relevant features from the sensor response to aid in 
classification. Through 10-fold leave one out cross validation, Chen et al. [223] randomly segregated the dataset into ten subsets to 
implement the SVM and XGBoost classification models. The results of the classification favored the combination of kPCA and 
XGBoost for the detection and staging of lung cancer, with accuracies of 93.59% and 82.42% respectively. As an additional step, the 
models also classified patients with lung cancer or chronic obstructive pulmonary disease (COPD) (highest accuracy of 96% when 
applying kPCA-XGBoost) and patients with lung cancer or high-risk of lung cancer (highest accuracy of 93.33% when using PCA-
XGBoost). 

Besides lung cancer, cardiovascular diseases have also been at the forefront for rising mortality rates. Earlier, the possibility of 
a heart disease was studied using patient data such as age, cholesterol and blood sugar levels [223]. However, the cost-effective and 
non-invasive approach of E-noses has garnered immense attention for the early diagnosis of heart and respiratory diseases. This 
has been corroborated by the presence of several VOCs in exhaled breath (ethanol, toluene, isobutane) which can serve as potential 
biomarkers for detecting heart-related issues. Tozlu et al. [224] demonstrated the capability of E-noses for detecting myocardial 
infraction (MI) using 18 MoX sensors and one moisture sensor for extracting breath samples from healthy individuals, patients with 
MI, and patients with stable coronary artery disease (SCAD). Their experimental set-up is shown in Fig. 26, wherein 362 breath 
samples were collected from 33 patients with MI, 22 patients with SCAD and 26 healthy individuals. 

The main features including the mean, skewness, kurtosis and variance of the derivative were extracted from the sensor signals 
to test classification models such as the kNN, SVM and the ANN. To achieve good prediction levels, the wrapper technique of SFE 
was implemented to determine the most optimal feature set for the 2-step classification. The classification was demarcated into 
two steps to gain better insight on the models’ performance and was reiterated 100 times to achieve model robustness. As a result, 
classification between MI patients and other individuals rendered an accuracy of 94.1% using SVM with the most robust 
classification performance, whereas classification between SCAD patients and healthy individuals was found to be 85% using the 
ANN model. Moreover, chronic kidney disease (CKD) is also considered to be a severe complication of cardiovascular diseases and 
diabetes [225]. The early diagnosis of this health problem can help to expedite viable treatment options. Using three thick-film 
based MoX sensors, Voss et al. [226] were able to capitalize on their high sensitivity to measure body odor of 42 patients with end 
renal failure, 20 patients with chronic renal failure and 11 healthy individuals. Using PC1 and PC2 from PCA, Quadrant Discriminant 
Analysis yielded a classification accuracy of 95.2% for patients with renal failure, and an accuracy of 98.4% using PC1 and PC3. 

 

 
 

Fig. 25. Data mapping of breath sample features by combining LDA with a) PCA, b) NMF, c) ICA, d) KBest. Reproduced with permission from [221]. 
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Fig. 26. Block diagram of data acquisition system. Breath samples are collected from individuals in a 10L sample bag and then transferred to the 
sensor chamber. DAQ is used for the digital conversion of the data for further observations. Reproduced with permission from [224]. 

 
 

Fig. 27. Projection of dataset using three PCs for the training set and the identified set. Reproduced with permission from [227]. 
 
To further highlight the significance of the early identification of CKD and diabetes, Saidi et al. [227] proposed the use of six 

SnO2 plated sensors to collect a total of 264 breath samples to distinguish between patients with CKD, diabetes mellitus (DM), 
patients with high creatinine (HC) and patients with low creatinine (LC). The authors extracted three features from the sensor 
signals: slope of the conductance, area under the curve and change in conductance between the initial and the exposure phase, 
thereby rendering a complete feature set with 18 input features. The results from PCA, displayed in Fig. 27, reveal a clear separation 
between the four classes for the training dataset. In addition, on testing with new samples (Identified set), the results of the PCA 
model still hold, fortifying its classification performance. Finally, the classification using the SVM model further reinforced the 
results obtained using PCA, rendering an accuracy of 100% for discriminating the four different classes.  

In putting to use the diagnostic ability of E-noses, Benedek et al. [228] investigated the E-nose operation in detecting sleep 
apnoea among children. This was observed to be a common disorder among children with an occurrence possibility of 1-3% and 
limited investigative studies. Benedek et al. [228] aimed to compare breath samples from children for differentiating between 
obstructive sleep apnoea syndrome (OSAS) and habitual snorers. Using polysomnography, the breathing irregularities were rated 
based on the apnoea hypopnea index (AHI) as mild (AHI=1), moderate (AHI 6-10), and severe (AHI>10), following which the breath 
samples from 18 children with OSAS and 10 healthy children were collected using 32 carbon-black polymer sensors. When using 
PCA technique, PC3 was capable of discriminating between children who had OSAS and those who were habitual snorers with a 
cross-validation accuracy of 64%. The results of the PCs were also implemented on a logistic regression model which rendered a 
sensitivity and specificity of 78% and 70%, respectively and with 75% classification accuracy.  

Early detection of pneumonia amongst patients admitted in the ICU was proposed by Liao et al. [229] on observing rising 
infection rates in the absence of rapid screening procedures. Intubation and mechanical ventilation are considered as major causes 
of “hospital-acquired pneumonia”, rendering high rates of bacterial infections. Although gas chromatography-mass spectrometry 
helps to identify the presence of pneumonia using VOCs, its time-consuming process makes it infeasible for rapid detection. As a 
result, Liao et al. [229] suggested the installation of an E-nose within the ventilator system for the early-state detection of 
pneumonia. The E-nose system was composed of 28 MoX sensors made of SnO2 and ZnO2 to detect the presence of the Pseudomonas 
aeruginosa bacteria. The analysis was carried out using 40 patients (20 pneumonia patients and 20 healthy patients) by acquiring 
120 samples per patient for a total of 4800 sample data points. For classification, the authors employed a radial basis polynomial 
kernel (RBPK) function based SVM technique and the ANN approach using a sigmoid activation function. Following a 5-fold cross 
validation, SVM rendered an accuracy of 92.08% as opposed to an accuracy of 85.47% using ANN, thus, demonstrating the ability of 
an in-built E-nose system to accurately predict early stages of pneumonia.  
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Gases such as H2S, NH3 and CO2 arising from sites with gas leakage can be potentially adverse for human health. Given the 
characteristics of MoX sensors, wherein, these sensors suffer from high power consumption rates and low specificity, Kanaparthi 
and Singh [230] introduced a novel method by using a single ZnO gas sensor. Using a technique referred to as “temperature sweeping” 
with a “ternary logic”, Kanaparthi and Singh [230] recorded the response of the sensor at different temperatures, resulting in 522 
features to be further used for classification using Naïve Bayes (NB), SVM, RF and Linear Regression (LR). The dataset was divided 
into the training and testing datasets in the 80:20 ratio. Using only the responses of the sensor to the three gases, the highest 
attained accuracy was 85% using LR. On the other hand, capitalizing on the ternary logic proposed by Kanaparthi and Singh [230], 
the accuracy increased to 99.8% using RF. Consequently, the results of this work demonstrated the possibility of using a single MoX 
gas sensor to simultaneously detect multiple gases, which would otherwise prove detrimental to human health.  

4.3 Food quality control 

Efforts for evaluating the quality of food have advanced considerably given the safety and health regulations that form an 
integral part of the food industry. Replacing conventional techniques has become relatively easier since the advent of E-nose, which 
provides a non-destructive approach to assessing food quality [231]. To benefit from odor samples that can help in rapid food 
assessments, Wojnowski et al. [232] used electrochemical sensors to detect CO, ethanol H2S, NO2, SO2, and other VOCs for analysis 
of 75 poultry meat samples and 50 vegetable oil samples. The regular approach for analyzing poultry meat requires studying the 
total volatile base nitrogen (TVB-N) and the total bacterial count (TBC). A few research studies have been conducted on the use of 
electrochemical sensors for food quality control. Wojnowski et al. [231] implemented PCA on the sensor signals to identify the 
principal components for use in the classification of meat samples. When using 66% of the data for training, PC1 and PC2, the SVM 
classifier provided an accuracy of 98.7%. On the other hand, thermal degradation of vegetable oils was assessed using the first three 
principal components followed by an SVM classifier with a staggering accuracy of 100%. In addition, the research in [232], also 
reported an analysis for the detection of adulterants in vegetable oils, which include sunflower oil and poor-quality olive oil. The 
results from SVM with the radial basis function (RBF) kernel reached 82.4% accuracy with minor misclassifications.  

Besides poultry testing, researchers have also explored the use of E-nose systems for monitoring the quality of beef [233, 234]. 
In a recent study, Wijaya et al. [235] used MoX sensors to study protein and carbohydrate degradation in 12 beef samples through 
VOCs such CO2, H2S, ammonia, methane, aldehydes and ketone. Owing to the high sensitivity of these sensors, 2,220 measurement 
points were acquired for each beef sample, resulting in a massive dataset of 26,640 measurement points. Wijaya et al. [235] designed 
a discrete wavelet transform long short-term memory (DWTLSTM) model to classify the quality of the beef samples into three 
categories: excellent, good, acceptable and spoiled, and estimate the total viable count (TVC) within the beef sample. A comparison 
of various classification techniques yielded the highest classification accuracies from the long short-term memory (LSTM) (85.14%) 
and DWTLSTM (94.83%) models. Although these models gave the best classification accuracies, models like SVM with an accuracy 
of 84.88% also fared well. In light of predicting the concentration of bacteria within the beef sample, a comparison of the R2 and 
mean squared error (MSE), showed that the DWTLSTM model achieves the best performance with an R2 value of 0.9712 and an MSE 
of 0.0515. On closer inspection, kNN, LDA and SVR performed better than multilayer perceptron (MLP) in terms of higher R2 values 
and a lower MSE. 

Besides electrochemical sensors, Qui and Wang [236] used 10 MoX sensors to determine the amount of food additives in citrus 
juices. The sensors were used to detect the presence of benzoic acid and chitosan, different concentrations of which had been 
previously added to the citrus juices in the study. With 5 different concentrations of both benzoic acid and chitosan, a total of 120 
samples were used to perform the regression. The LDA technique aided in dimensionality reduction and visualizing the different 
samples as shown in Fig. 28. For both additives, LD1 and LD2 provide the highest variance between different classes and lowest 
variance within the classes. Although same samples for benzoic acid were misclassified, concentrations of 0.0g/kg and 2.0g/kg are 
well-separated. This shows that the sensor signals can easily distinguish between the different concentration samples. For 
predicting the additive content concentration of benzoic acid, extreme learning machine (ELM) with R2 of 0.9105 and RF with R2 of 
0.9141 showed great performance with RF surpassing that of ELM. For chitosan concentrations as well, the use of ELM with R2 of 
0.9140 and RF with R2 of 0.9395 led to good results, with RF providing the best performance for the detection of both benzoic acid 
and chitosan concentrations.  

 
 
 

 
 

Fig. 28. LDA for citrus juices with a) benzoic acid, b) chitosan. Reproduced with permission from [236]. 
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Fig. 29. PCA for rice samples stored over 225 days and fresh rice samples (red triangle). Reproduced with permission from [237]. 

 
In an attempt to focus on insect infestation detection, Srivastava et al. [237] designed a fuzzy controller E-nose system to identify 

the presence of Sitophilus oryzae infestation in rice grains. As a staple food-source for many, the use of E-nose for rice infestation 
detection was undertaken to overcome the challenges presented by traditional methods of sieving and insect trapping. These 
exorbitant techniques were known to be successful only after the insects have propagated [238], and consequently, the use of 
volatile biomarkers for their early detection have gained traction. For the experiment, clean rice was used for control samples, 
whereas infested rice with varying number of insects was kept under observation for further analysis of insect infestation. An E-
nose with 18 MoX sensors recorded the sensor responses of volatiles such as aldehydes, ketones, ammonia and uric acid that 
emanated from the rice aroma and were produced by the insects. With a total of 360 samples, tested over intervals of 45 days, PCA 
analysis showed a clear distinction between fresh rice samples and rice samples that were stored and tested in interval of 45 days 
(See Fig. 29). As the days progressed, changes in the uric acid content and a degradation in the protein content were observed. The 
regression results using multiple linear regression provided predicted content values of protein and uric acid that were in 
accordance with their measured counterparts. The results proved effective for early infestation detection to adopt grain treatment 
methods before the infestation is exacerbated. 

In addition to the identification of adulteration levels in rice grains, several studies have focused on detecting adulteration in 
saffron. Saffron, a widely used spice of high quality, has a multitude of benefits such as its medicinal properties as an antidepressant 
[239] or its physiological impact on patients with diabetes [240]. Traditional methods of analyzing saffron quality have been long 
forsaken due to their time-consuming and expensive implementation approach. Using the strength of saffron, i.e., its aroma, over 
the years, E-nose systems have been developed to gauge its quality in an efficient and inexpensive manner. Kiani et al. [241] 
developed a system that combined computer vision and an E-nose comprised of seven MoX sensors which detected the aroma and 
color of 33 saffron samples collected from different regions in Iran. PCA results for the authentic samples and 10 adulterated saffron 
samples indicated 90% and 5% variance along PC1 and PC2, respectively. Furthermore, when using 85% of the data for training, 
authentic saffron samples, and adulterated samples of artificially colored yellow styles of saffron (ACYSS) and artificially colored 
safflower (ACS) were predicted correctly by SVM with 100% classification accuracy. On the other hand, the ANN-MLP model provided 
an R2 of 0.9786 for predicting the level of aroma adulteration, thereby, indicating a good performance of the models for both 
classification and regression. Prior to this, using only aroma for the quality detection of saffron, Kiani et al. [242] used 10 MoX 
sensors to detect aroma of 11 saffron samples from Iran. PCA results along the PC1 and PC2 that accounted for 98% of the variance 
in the data clearly distinguished between the aromas of the 11 saffron samples. The identification of the two sensors that offered 
the least variance in the data enabled to improve the performance of the ANN-MLP model for classifying the 11 samples into five 
classes: excellent, very good, good, medium, poor using the remaining 8 sensors. The accuracy increased from 97.5% to 100% when 
using 8 sensors, which fortified the importance of the use of relevant data for achieving good classification results.  

5. Summary and Potential Future Work  

Gas sensing technology using E-nose systems that combine GSAs and machine learning have witnessed tremendous growth in 
the recent years. Through various fabrication technologies, different sensors such as MoX, CNT-based, conductive polymer, acoustic, 
catalytic, optical and MOF-based have been designed to collaborate with machine learning to mimic the human olfactory system. 
Relying on sensing materials, their ability to detect innumerous gases, followed by the implementation of machine learning 
algorithms for gas pattern recognition, E-noses have proved to be steadfast in several applications. In areas such as food quality 
control and health diagnosis where traditional methods of identifying abnormalities through visual examinations are deemed slow 
and expensive, E-nose systems have attempted to alleviate this challenge. E-nose systems have allowed for the detection of VOCs 
in a rapid and non-invasive manner to expedite their applications in different fields.  

An indispensable part of the E- nose system operation is machine learning itself, and hence, algorithms and software tools 
widely used for E-nose systems have been discussed in great detail. Among the machine learning approaches, techniques of PCA 
and LDA have been commonly used for feature extraction to aid in dimensionality reduction. In addition to feature extraction, 
feature selection for dimensionality reduction has also shown immense potential using both wrapper (SFS, SBE) and filter (gini 
index, correlation) based techniques. Algorithms such as kNN, SVM, ANN, Decision Tree, Random Forests, and ensemble techniques 
have been implemented using tools like PyTorch, Weka, Tensorflow and Shogun for various applications. The ensemble techniques 
demonstrate superior performance with the capability of combining either similar or distinct machine learning models for 
enhancing the overall performance of the E-nose system. 
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Despite their unwavering success in several arenas, there are several challenges that persistently hover over E-nose systems 
and are continuously being addressed to improve their performance. Sensor selectivity and sensitivity still pose a challenge to the 
GSAs within the E-nose system. This inability to precisely detect the target gas of interest greatly affects the processes of feature 
extraction and feature selection that follow the sensors’ data acquisition. Although researchers have employed ANNs to improve 
the capability of sensors in this regard [243, 244], significant progress is yet to be achieved to counteract this challenge. In addition, 
challenges associated to drift have also been addressed by models inspired from PCA [245] and Particle Swarm Optimization [246], 
wherein, these techniques provide a solution for the short-term compensation of drift. As a consequence, their long-term 
compensation and alleviation warrants additional research for the development of better sensing materials and machine learning 
techniques. Moreover, research indicates that the most commonly used sensors for E-nose applications fall under the category of 
MoX [23] and conductive polymer sensors [27]. Hence, increasing the effectiveness of other sensors requires a greater focus on 
fabrication technologies to improve their stability and durability, in order to yield better performance in an E-nose system. This 
might result in larger GSAs for detecting multiple volatiles, however, the challenge of using minimal sensors within an E-nose 
system for several applications still remains. 

Recent studies have introduced the combined use of an E-nose and an E-tongue for assimilating maximum information with 
minimal cost and higher effectiveness [175]. An electronic tongue also referred to as E-tongue was designed to mimic the taste buds 
of the human tongue for taste assessments [247]. E-tongues have been used to detect the presence of organic and inorganic 
compounds, albeit, in aqueous solutions [248, 249]. As discussed in [249], using electrodes dipped in test solutions, the electrode-
solution interaction results in varying current, resistance or potential that is subsequently measured by the E-tongue to determine 
different tastes. The combination of E-tongue and E-nose has recently been adopted in the area of food and beverage [152, 168, 250], 
and has yielded extremely powerful classification performances in comparison to the performance that would result from an 
individual E-nose or E-tongue. Despite a high-hold on their good performance, such a combination of sensors demands a large 
dataset to ensure good repeatability and signal processing in order to obtain a superior performance. This can be achieved by using 
the optimal combination of sensors, in addition to utilizing appropriate feature extraction techniques. Furthermore, E-nose 
applications thus far have primarily focused on data that was collected at a particular point in time. Especially for medical 
applications, continuous monitoring of real-time data using previously trained E-nose systems can help to expedite the diagnostic 
process and predict severe diseases at early stages. Building further on the work related to E-nose systems, another aspect that 
could be delved into, is the amalgamation of classification and regression into a single model. The classification of the gas type and 
the estimation of its concentration have been so far achieved using two separate single-output models. By identifying the best 
machine learning models, a multiple-output model can be developed that can identify the gas type as well as its concentration 
simultaneously. 
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