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Abstract: Electronic nose (e-nose) is composed of a set of gas sensors combined with a series of 
algorithmic models. The practical application of the electronic nose system can prove that the 
electronic nose is more widely used in the classification problems, and always has a good 
performance. Moreover, it can be inferred that classification methods significantly influence  
e-nose. So far, the classification models proposed in e-nose can generally be divided into two 
categories. One is the linear classifier, representing the model of the Bayesian classifier, principal 
component analysis (PCA), and K-nearest neighbour (KNN), etc. The other is the nonlinear 
classifier, including support vector machine (SVM), random forest (RF), and extreme learning 
machine (ELM), etc. This review aims to supply a summary of the various classification methods 
used in e-nose, and provides a reference for the choice of an appropriate classification model 
used in e-nose in the specific application. 
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1 Introduction 
As a device that mimics the mammalian olfactory organ, the 
electronic nose (e-nose) includes an array of sensors to 
sense special gases and an appropriate pattern recognition 
classification system. It is effective in dealing with odour 
analysis problems (Głowacz et al., 2021; Lu et al., 2014; 
Moufid et al., 2021; Chen et al., 2013), and during the past 
decades, the e-nose technology has been introduced to many 
fields such as quality control of food industry (Konduru  
et al., 2015; Dai et al., 2015; Längkvist et al., 2013; Wen  
et al., 2021; Hartyani et al., 2013; Pan et al., 2014; Wijaya 
et al., 2021), environment protection (Romain and Nicolas, 
2010; Jiang et al., 2017; Zhang et al., 2020; Wang et al., 
2018; Wilson, 2012), public health (Adiguzel and Kulah, 
2015; Lee et al., 2022; Bruins et al., 2013; Burfeind et al., 
2014; Luo et al., 2018), explosives detection (Brudzewski  
et al., 2012; Norman et al., 2003) and spaceflight 
applications (Young et al., 2003). 

Main hardware composition of e-nose is the sensor array 
system composed of electronic chemical sensors, metal 
oxide sensors or other types of sensors. At the same time, 
the e-nose also has the software part that can extract the 
feature information and the pattern recognition 
classification algorithm. In order to accurately extract the 
useful information and classify it, the system needs to use 
the algorithm model to find the desired part from the 
response data of the sensor and conduct the corresponding 
data processing. 

Analysing the structural composition of the e-nose, the 
system can improve the overall performance from three 
aspects: replacing the sensor materials, optimising the 
sensor array, and improving the feature extraction and 
pattern recognition algorithm model. In general, most of the 
papers aimed to improve the performance of e-nose are, 
focusing on optimising the three types. 

Although e-nose is used to carry out qualitative 
classification analysis and quantitative regression analysis, 
extensive experiments have proved that the application of  
e-nose in the classification problem is more widely and 
always shows excellent performance. Some traditional 

classification methods in many fields have brought great 
inconvenience. In addition, some poor classification 
technology can not classify things successfully but also may 
even cause damage to the nature of the object itself. Thus, a 
piece of classification equipment with a high recognition 
rate like e-nose will have a significant meaning in many 
fields. Similarly, for an e-nose, a kind of appropriate 
classification method plays a crucial role in improving its 
performance. So the study of classification algorithms on  
e-nose becomes crucial. 

The classification algorithm aims mainly to distinguish 
between the things that are not easy to distinguish direct and 
ensure a high recognition rate for a specific application. For 
most of the classification methods, its classification process 
can be depicted as follows: 

Firstly, the dataset is proportional divided into training 
data and test data, and the classifier is trained with the help 
of training data. 

Then, the absolute accuracy of the classifier is then used 
as a key evaluation indicator of the system to evaluate the 
performance of the e-nose. 

A classification algorithm is difficult to be the best 
method for all e-nose systems, and it needs to be found 
based on factors like detecting the gas target, the sensors 
used, and the field conditions applied. Based on this 
background, we have several motivations to perform this 
study as follows: 

1 This paper summarises the excellent classification 
methods used in recent years. 

2 By comparing and introducing different e-nose 
classification algorithms, the advantages and 
disadvantages of various classification algorithms can 
be intuitively understood. 

3 This paper can be inferred that classification methods 
significantly influence e-nose. 

Then the linear classification methods are summarised and 
described clearly in Section 2. Some familiar ANN 
algorithms applied to the classification problem in e-nose 
are involved in Section 3. An overview of the SVM 
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algorithm and some specific applications are discussed in 
Section 4. Finally, the conclusions are drawn in Section 5. 

2 Linear classification methods 
This section mainly details several representative linear 
methods, including principle component analysis (PCA), 
discriminant analysis, partial least squares regression 
(PLSR), K-nearest neighbour (KNN), and Bayes classifier. 

2.1 Principle component analysis 
PCA, a linear and unsupervised classification method, is a 
multivariate technique that analyses a data table in which 
several inter-correlated quantitative dependent variables 
describe the observations (Abdi and Williams, 2014). 

As a classical classification and recognition method, 
PCA has been widely applied to the classification of e-nose. 
For instance, Capone et al. selected a dynamic PCA analysis 
to process the data and follow the evolution of the data 
clusters related to different ageing days. Their studies 
indicated that dynamic PCA analysis allowed us to obtain a 
correlation between rancidity and ageing days of milk 
(Capone et al., 2001). 

Hu used an e-nose to detect crop peat information, and 
the PCA was applied to do the recognition analysis for the 
measured data each time based on ‘non-pest’ (OBPH) and 
‘pest group’ (5 BPHs–10 BPHs). The result indicated that 
the number of pests on each rice stem could be easily 
classified via PCA and e-nose was able to detect crop pest 
information (Hu, 2006). 

Tian et al. designed an e-nose system consisting of a 
MOS gas sensor array, which showed excellent 
performance in detecting the freshness of hairtail and pork 
at different storage temperatures (15°C, 10°C, and 5°C). 
The results showed that the sensor array coupled with PCA 
could be trained to distinguish between the fresh and rotten 
samples in real-time and identify the storage days by testing 
the change in volatile components (Tian et al., 2012a). 

Some researchers attempted to achieve the classification 
and recognition of rough rice via regular PCA based on  
e-nose, but it did not reach an ideal situation (Zheng et al., 
2009; Hu et al., 2011). So Xu et al. (2014) proposed a 
method that combines PCA with the Wilks-statistic, which 
is typically used to test or examine the differences between 
two or more populations to recognise six varieties of  
rough rice (Zhongxiang1, Xiangwan13, Yaopingxiang, 
Wufengyou T025, Pin36, and Youyou122) based on a 
PEN3 e-nose (Xu et al., 2014). The results showed that the 
Wilks-statistic could effectively improve the classification 
accuracy of regular PCA (Ji et al., 2021). 

Of course, regardless of whether the performance of 
PCA is good or not, because of the space constraints many 
applications (Dymerski et al., 2014; Yin and Tian, 2007) 
based on PCA have not been mentioned in the paper. 
Although PCA can classify something, it is more applied in 
the data processing. 

2.2 Discriminant analysis 
In the application of e-nose, the most common discriminant 
analysis method is the LDA (Lerma-García et al., 2010; Yin 
et al., 2017; Gómez et al., 2006a, 2006b; Mahmodi et al., 
2019; Siqueira et al., 2017; Xiong et al., 2014), also called 
Fisher’s linear discriminant (FLD). 

As a classical classification and recognition method, 
LDA has been widely applied to the classification of e-nose. 
For instance, LDA was applied to the patterns generated to 
classify edible vegetable oils by chemometric treatment of 
the data obtained from an array of gas sensors  
(Lerma-García et al., 2010). Nevertheless, due to its linear 
characteristic, the classification problems of multi-class and 
high-dimensional e-nose data cannot be handled effectively. 
Therefore, a Gaussian-based kernel FDA (KFDA) method 
was proposed to solve complex samples’ multi-class and 
high dimensional classification problems such as food 
classification (Yin et al., 2017). Furthermore, LDA was 
usually used to compare with other classifiers like PCA, 
QDA, CDA, etc. 

For example, in identifying the maturation problem of 
tomato and citrus, many studies (Gómez et al., 2006a, 
2006b) have shown that LDA performs better than PCA. 
That’s to say, the linear discrimination method of LDA is 
more well suited to solve such problems. 

Besides LDA, another two discriminant analysis 
methods (QDA, CDA) also have appeared in the application 
of e-nose, but they are not the same common as LDA. The 
only difference is that the LDA should be used when the 
covariance matrix of the different classification samples is 
the same, otherwise the classification will choose the QDA 
(Mahmodi et al., 2019; Siqueira et al., 2017). 

CDA, a supervised classification approach that can 
solve the classification problems of more than two classes, 
was used to discriminate the freshness of juices on Hong 
and Wang (2015). 

Because of the linear character of DA methods, they can 
perform well in linear problems. When solving multi-class 
and high dimensional classification problems, there is 
usually some improvement like adding kernel functions 
based on them. Most of the time, LDA is used as a 
comparison algorithm of other classification methods. 

2.3 Partial least squares regression 
PLSR, a novel multivariate statistical analysis method, 
mainly studies the regression modelling of the multiple 
dependent and independent variables. In contrast to the PCA 
with only one independent variable matrix, a ‘response’ 
matrix is included in the PLSR method besides. So PLSR 
has a good prediction capacity (Zhang et al., 2012). 

PLSR was also used to apply e-nose as a classifier but 
with few times. In Gudrun et al. (2005), PLSR based on 
samples from single producer showed an excellent 
performance in classifying the quality of different  
cold-smoked salmon samples. Because PLSR is not widely 
applied in the e-nose, we only do a simple introduction 
about it. 
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2.4 K-nearest neighbour 
KNN also appeared in the application of e-nose as a 
classification method for a long time. In pattern recognition, 
the KNN algorithm is a non-parametric method used for 
classification and regression (Güney and Atasoy, 2012). 
Tang et al. (2010a) developed a prototype of a portable  
e-nose embedded with a KNN algorithm for odour 
classification to identify the fragrance of three fruits, 
namely lemon, banana, and litchi. In Shao et al. (2015), 
KNN and other classifications were applied to characterise 
sesame oils processed by three different methods  
(hot-pressed, cold-pressed, and refined) based on an e-nose 
(Alpha MOS, Toulouse, France). The experimental data 
showed that the KNN predictions are best at k values of 1 
and 2. A new e-nose instrument was used for the detection 
of colorectal cancer (CRC) by the success of  
re-classification using an (n – 1) KNN algorithm showing 
78% sensitivity and 79% specificity to CRC (Westenbrink 
et al., 2015). In some cases, the standard KNN method 
cannot reach an ideal effect since several improved KNN 
algorithms have been proposed for specific applications of 
e-nose. For instance, the proposed KNN method with 
decision tree structure was used to classify different  
n-butanol concentrations using e-nose (Güney and Atasoy, 
2012). The components of an odour were determined by an 
e-nose with a KNN-based local weighted nearest neighbour 
(LWNN) algorithm (Tang et al., 2010b). Besides KNN, the 
local KNN and discriminant adaptive nearest neighbour 
(DANN) were also employed in e-nose (Bicego et al., 
2002). 

2.5 Bayes classifier 
In statistical classification, the Bayes classifier is best 
characterised by minimising the misclassification 
probability. Suppose a pair (X, Y) takes values in Rd × {1, 2, 
…, K}, where Y is the class label of X. This means that the 
conditional distribution of X, given that the label Y takes the 
value r is given by 

~ for 1, 2, ,τX Y τ P τ K= =   (1) 

where denotes a probability distribution. 
In theoretical terms, a classifier is a measurable function 

C: Rd → {1, 2, …, K} with the interpretation that C 
classifies the point x to the class C(x). The probability of 
misclassification or risk of a classifier C defined as 

{ }( ) ( )C P C X Yℜ = ≠  (2) 

The Bayes classifier is 

( )( ) arg max {1, 2, , }BayesC x P Y τ X x τ K= = = ∈   (3) 

In practice, as in most statistics, the difficulties and 
subtleties are associated with modelling the probability 
distributions effectively – in this case P{Y = τ|X = x}. The 
Bayes classifier is a valuable benchmark in statistical 
classification. 

The excess risk of a general classifier C (possibly 
depending on some training data) is defined as 

( ) ( ).BayesC Cℜ − ℜ  Therefore, this non-negative quantity 
should also be used as an evaluation indicator when 
evaluating the model performance of various classification 
algorithms. The classifier is consistent on the basis that the 
number of data in the training set tends to infinity when the 
corresponding excess risk value converges to zero. 

E-nose systems, like human olfactory organs, can 
classify them by the smell of food samples. Considering this 
issue, researchers proposed a multi-sensor data fusion based 
on the Bayesian theorem, which is applied to the data 
obtained from e-nose and e-tongue for classification and 
quality assessment of black tea (Banerjee et al., 2014; 
2011). Besides, Robust Bayesian Inference also has been 
explored to classify eight kinds of gases (C3H8, C6H6, 
CH2O, CL2, CO, CO2, NO2, and SO2) based on e-nose by 
using random matrix theory (Hassan and Bermak, 2015). 

Bayesian classification strictly within the category of 
statistical classification. Linear classifiers are mainly 
classified based on the linear combination of information of 
features. Such a classifier works well for practical problems 
such as document classification. It is more generally 
applicable to problems with many variables (features), 
reaching accuracy levels comparable to nonlinear classifiers 
while taking less time to train and use (Yuan et al., 2012). 
What’s more, the calculations of the linear classifier are so 
simple that they can sprint on the single-chip 
microcomputer and cost fewer resources. But recognition 
rate will be the focus of attention when the classification 
algorithm runs on computer and there are enough resources. 

Both PCA and PLSR belong to the representative 
dimension reduction algorithms. KNN is more like a model 
built based on the instance, and still has a strong 
dependence on the original data sample instance. Bayesian 
algorithms, refers to the implicit use of Bayesian principles 
in classification and regression problems. 

3 Artificial neural networks 
Artificial neural networks (ANNs) originates from 
biological neural network and is a mathematical algorithm 
model that can conduct distributed parallel information 
processing. Therefore, it appears frequently in many 
practical applications of solving information processing. 
The attractiveness of ANNs comes from their remarkable 
information processing characteristics pertinent mainly to 
nonlinearity, high parallelism, fault and noise tolerance, and 
learning and generalisation capabilities (Casey et al., 2019). 

Numerous research literature can show that neural 
network models also perform well in the problem of e-nose 
classification. This section mainly introduces several neural 
network models performing well in classification, RBFNN, 
BPNN and ELM. 

In recent years, the first-level application research of 
ANN includes knowledge engineering, robot control, 
pattern recognition, optimisation combination and signal 
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processing, etc. With the further development of neural 
network theory and technology, the application of neural 
network will be more popular. Of course, deciding which 
network works better for a given problem depends strictly 
on the problem logistics. The experimenters can’t simply 
judge which kind of neural network structure is the best. 

3.1 Radial basis function networks 
Radial basis function (RBF) networks, first formulated in a 
paper written by Broomhead and Lowe, are ANNs that use 
RBFs as activation functions (Broomhead and Lowe, 1998a, 
1988b). The network works by using a linear combination 
of the RBF and the neuronal parameters. This working 
principle supports it for system control, time series 
prediction and classification, etc. 

The basic structure of the RBF network usually includes 
the input layer, the hidden layer (the nonlinear RBF 
activation function), and the output layer. The real number 
vectors x ∈ Rn are used as the input values. The scalar 
function corresponding to the real number vector of the 
input is the output form of the algorithmic model φ: Rn → R 
and is given by 

( )
1

( )
N

i i
i

φ x ρ x c
=

= −α  (4) 

where the number of neurons with the formula located in 
the hidden layer is N, the centre vector of the neuron i is ci, 
and the weight of neuron i for linear output neurons is 
expressed as αi. Since the value of the real-valued function 
is only related to the distance from the origin, the function is 
defined as a RBF. The general composition of the network 
is that the inputs are all connected with the hidden neurons. 
The norm in equation (5) generally takes the value as the 
Euclidean distance and the Gaussian function form is 
chosen to represent the RBF. Equation (5) is as follows:  

( ) 2expi iρ x c x c − = − − β  (5) 

The Gaussian RBF has only local significance for the 
central vector. 

( )lim 0i
x

ρ x c
→∞

− =  (6) 

That’s to say, the distance size of the central neurons from 
the other neurons is largely independent of the neuronal 
parameters. When certain mild conditions are satisfied, Rn is 
defined as the universal approximators RBF of a compact 
subset. The RBF network with a hidden layer can fix the 
parameters αi, ci and βi by optimising the fit between φ and 
the data. 

In recent decades, RBF networks (Evans et al., 2000; 
Dutta et al., 2004) have been widely applied to the 
classification of e-nose. For example, commercial wheat 
samples were successfully evaluated using RBF network as 
classifier in Evans et al. (2000). Yin et al. (2008) proposed a 
feature extraction method based on wavelet packet analysis 
with RBF network to discriminate three kinds of Chinese 

vinegar. The RBF network was performed to differentiate  
L. japonica samples stored for different months by using  
e-nose in Xiong et al. (2014). 

New electric quartz (PZQ) sensing material was 
designed, and used the six-bulk acoustic wave  
polymer-coated technology. In the test experiment, 346 
volatile samples were selected, involving three categories of 
edible oil. The sensor array of this system contained six 
different sensors. The number of output nodes of the 
network was consistent with the number of sample types, so 
the network architecture of the RBF is 6-6-3. Relevant 
experimental data and results presented in this paper are 
shown in Table. 1. The data showed that the classification 
rate of the vegetable oil test samples was above 99%, and 
only one sunflower oil sample has been wrongly identified 
as non-virgin olive oil (Ali et al., 2003). 

Table 1 RBF 6-6-3 network results 

Class Non-virgin 
olive oil 

Sunflower 
oil 

Extra 
virgin 

olive oil 
Total Correct 

(%) 

Non-virgin 
olive oil 

42 0 0 42 100 

Sunflower 
oil 

1 33 0 34 97.06 

Extra 
virgin olive 
oil 

0 0 37 37 100 

3.2 Back-propagation network 
In the neural network model, it is necessary to continuously 
adjust a certain weight size to better solve a specific 
problem. The network model obtained after weight 
adjustment has real and unique characteristics. For this type 
of network, the most common learning algorithm is called 
BP (Men et al., 2007; Brezmes et al., 1997; Srivastava, 
2003; Kermani et al., 2005, 1999; Fu et al., 2007). 

Even in the absence of data feedback, the BP network 
can feed the multilayer data into the neural network. These 
networks are versatile and can be used for data modelling, 
classification, forecasting, control, data and image 
compression, and pattern recognition (Casey et al., 2019). A 
BP network with a hidden layer was used to discriminate 
five different aromatic species (Brezmes et al., 1997). And 
some of the volatile organic compounds (VOCs) also have 
been classified by it (Srivastava, 2003). 

3.3 Extreme learning machine 
Extreme learning machine (ELM) is an improved 
algorithmic model based on FNN. ELM was first proposed 
by Huang et al. (2004) to solve the problem of supervised 
learning. Later, ELM can also solve the problem of 
unsupervised learning. Compared with other models, ELM 
has better performance in learning rate and generalisation 
ability. Some improved versions of ELM also enable 
representational learning through deep structure. 
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Simulation results on manual and practical large-scale 
applications also demonstrate the excellent performance of 
the ELM algorithm model. The application of the algorithm 
has been extended to computer vision, environmental 
science, and bioinformatics. So far, ELM has been widely 
used in many applications, such as sales forecasting (Yi  
et al., 2021), mental tasks (Shi et al., 2021), face recognition 
(Ma et al., 2022) and food quality trace (Shang et al., 2018). 

Qiu et al. (2015) selected various experimental methods 
of sterilisation, washing and fruit juice preservation, and the 
detection results of ten metal oxide semiconductor (MOS) 
sensors are also compared. The purpose of the e-nose 
system in this paper is to compare the performance of ELM, 
LVQ and Lib-SVM in classifying strawberry juice. The 
experiment will take the 15 randomly selected samples from 
the two datasets as the training set, and the remaining five 
samples will be tested as the test set. After constant 
debugging of the ELM model parameters, the number of 
hidden nodes of the model is finally set to 20. Experimental 
data in Table 2 can intuitively indicate the selective results 
of the three models for the detected objects. The results 
indicate that ELM is a good choice for electronic nasal data 
to process (Qiu et al., 2015). 

Table 2 Comparative classification results of LVQ, Lib-SVM 
and ELM 

Model Training rate 
(%) 

Testing rate 
(%) 

Running time 
(s) 

LVQ 96 100 354 
Lib-SVM 99 100 0.0035 
ELM 100 100 0.1886 

The correlation study on the degree of ELM classification 
algorithm affected by parameters can also be seen in some 
literature, which mainly focuses on the selection of input 
weights and hidden layer thresholds (Huang et al., 2006). 
During the bacterial detection of the quantum behavioural 
particle swarm-optimised (Yan et al., 2016), Peng et al. 
proposed a novel multi-class classification method based on 
kernel extreme learning machine (QPSO-KELM). 
Experiments used the presence of uninfected and infected 
with Staphylococcus aureus, Escherichia coli, and 
Pseudomonas aeruginosa to judge the four different 
wounds. The time and frequency domain features of the 
sample are used to extract the processing data, and the 
performance index is obtained by leaving one and leaves 
method. Apart from KELM, another four classification 
models (SVM, LDA, KNN, and QDA) are applied for 
comparison. 

All the results of classification are shown in Tables 3–5. 
No matter which feature extraction method was selected, the 
KELM showed the best performance compared with other 
classification methods in Table 3. When QPSO, particle 
swarm optimisation (PSO) algorithm (Poli et al., 1995), 
genetic algorithm (GA) (Jiang et al., 2014) and grid search 
(GS) algorithm are employed to optimise parameters of 
KELM with wavelet coefficients used as features, we can 
see that the classification rate of QPSO-KELM model 

obtains 95% and far more than other algorithms in Table 4. 
Table 5 implies that the Gaussian kernel is the most 
appropriate kernel function for EKLM. So the experimental 
results demonstrate the superiority of QPSO-KELM based 
on e-nose in bacteria detection (Peng et al., 2016). 

Table 3 Classification results of different feature extraction 
methods (%) 

Feature extraction 
class KELM ELM SVM LDA KNN QDA 

Peak value 86.25 76.25 80.00 70.00 80.00 73.75 
Integral value 90.00 77.50 82.50 72.50 78.75 78.75 
Fourier coefficients 91.25 83.75 87.50 81.25 88.75 83.75 
Wavelet coefficients 95.00 85.00 88.75 85.00 86.25 85.00 

Table 4 Comparison with different optimisation methods for 
KELM (%) 

Class QPSO PSO GA GS 

Total 95.00 88.75 87.50 86.25 

Table 5 Classification results of four kernel functions used in 
the QPSO-KELM model (%) 

Kernel functions Gaussian Linear Polynomial Wavelet 

Total 95.00 85.00 91.25 92.50 

3.4 Other ANNs 
Learning vector quantisation (LVQ) is a classification 
algorithm applying the winner-take-all training algorithm. 
This classification algorithm usually requires a short 
convergence time when processing sample datasets 
compared to other algorithm models. The previous work 
proved that fuzzy learning vector quantisation (FLVQ), 
which is LVQ and fuzzy theory, showed high recognition 
capability to discriminate various single odours, even 
mixture odour (Jatmiko et al., 2006). But its result could be 
influenced by selecting the best codebook vector. This 
problem was solved by adding the PSO method to select the 
best codebook vector (Jatmiko et al., 2009). Of course, in 
addition to the above several kinds of ANNs, some other 
ANNs classifiers also have been applied to e-nose, such as 
KIII (a chaotic neural network) (Fu et al., 2007),  
self-organisation mapping networks (SOM) (Men et al., 
2007), probabilistic neural network (PNN) (Dutta et al., 
2004), the multilayer perceptron (MLP) (Mamat et al., 
2011; Pardo and Sberveglieri, 2002). 

After research and development, the ANN has made 
many achievements in solving practical problems. 

4 Support vector machines 
To solve the complex nonlinear classification problem, the 
SVM of machine learning is one of the most classical and 
popular models. The problem of SVM model research is 
extending from linear separable to linear inseparability. 
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SVM is one of the most common methods used for 
classification problems based on e-nose (Distante et al., 
2003). It is a machine learning method introduced by 
Vapnik based on the small sample statistical learning theory 
(Feng et al., 2022; Li et al., 2021). The SVM algorithm 
finally solves is the sample maximum-margin hyperplane  
y = w · x + b. The basic idea of computing is to calculate 
economic risk and to optimise structural risk. 

For linearly separable two types of data 1{( , )} ,n
i i ix y =  

where xi is the sample of which the label is +1 or –1, d is the 
dimension value, yi is the label of xi, and n is the number of 
samples in the training dataset. 

The formula for separating the hyperplane is shown in 
equation (7). 
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where ξi is called the slack variable, and C is the penalty 
factor. When dealing with the dual optimisation problem, 
equation (7) requires Lagrangian multiplier transformation 
to obtain equation (8): 

1

1min , ,
2

s.b. , 1 , for 1
, 1 , for 1

0,

n

i
i

i i i

i i i

i

w w C ξ

w x b ξ y

w x b ξ y
ξ i

=

+

+ ≥ + − = +

+ ≤ − + = −
≥ ∀


 (8) 

1

n

i i i
i

w y x
=

=α  represents the optimal expectation weight 

vector of the discriminant hyperplane. So the best 
discriminant hyperplane can be derived as: 

1

( ) ,
n

i i i
i

f x y x x b
=

= +α  (9) 

The hyper-plane determined by equation (9) is linear, so it 
can be directly applied to linear classification problems. For 
the treatment of nonlinear problem, hyperplane needs 
nonlinear transformation with the help of mapping function. 
Assuming that the mapping function is ψ(x) in the  
high-dimensional feature space, then the data obtained from 
the dot-product formula will be the only influence 
parameter of the algorithmic model. Define k is such a 
kernel function as follow: 

( ) ( ) ( ), ,i j i jk x x x= Φ Φ  (10) 

In equation (10), in terms of a kernel function expressed the 
dot product in high-dimension space. Similar to the linear 
hyperplane-solving equation (9), the nonlinear problem also 
has a corresponding discriminant function: 

( )
1

( ) ,
n

i i i
i

f x y k x x b
=

= +α  (11) 

In general, SVM has four classical kernel functions: 
Gaussian (Qiu et al., 2015; Chen et al., 2011; Tian et al.., 
2012b; Brudzewski et al., 2004, 2006), linear (Brudzewski 
et al., 2004), polynomial (Brudzewski et al., 2004, 2006) 
and Sigmoid. The performance of the SVM is significantly 
affected by the kernel function. The Gaussian function is 
also the simplest structure and the fastest computational rate 
among the four classes of kernel functions. Gaussian 
function is a kernel function based on a RBF. Therefore it is 
also often called an RBF kernel function. Equation (12) is 
the specific expression of the Gaussian kernel function. 

( )
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, exp
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i j

i j
x x

K x x
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 −
 = −
 

 (12) 

When the SVM is selected as the classification algorithm, 
the Gaussian kernel function becomes the preferred 
collocation form of the e-nose system among the four kernel 
functions. 

Table 6 Comparison of discrimination results from KNN, 
ANN and SVM models (%) 

Models PCs Training set Test set 

KNN 4 95.00 90.00 
ANN 4 100.00 87.50 
SVM 4 100.00 95.00 

In the issue of distinguishing between green tea grades, 
Chen et al. constructed a gas sensor array with eight MOSs 
sensors, and compared the classification performance of the 
KNN, ANN and SVM models (Chen et al., 2011). The 
number of experimental green tea samples was selected as 
100, which was divided into the training set and the test set 
in a ratio of 6:4. The number of green tea samples for the 
four grades was also fixed. In the method selection of 
extracting the feature information of the samples, this paper 
adopted the principal component analysis method, in which 
the number of PCs is uniformly set to 4. The different 
discrimination results brought by the three models are 
shown in Table 6. 

The data in the table showed that there is no difference 
between the results SVM and ANN of the training set, and 
overall outperforms the KNN model. However, the results 
of the test set clearly show that SVM is better than KNN 
and ANN. According to the theoretical knowledge of the 
machine learning algorithm can clearly explain the diverse 
results. The relationship between the data collected by the 
electronic nasal system and the quality of green tea is more 
complicated. For complex classification problems, nonlinear 
algorithm models will be more applicable. 

Tian et al. (2012b) used the SVM classifier to analyse 
the rat wound odour to determine the infection type. 
Infection is divided into four main conditions: pseudomonas 
Aeruginosa, Escherichia coli, Staphylococcu saureus or 
uninfected. To illustrate the advantages of the SVM model, 
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the classification results of BP and RBF are used as 
comparison. It is necessary to find the penalty and kernel 
parameters of the kernel function of RBF by GA. GA is also 
used to optimise the parameters of three classifiers. The 
maximum response values of normalised sensor are used as 
features for classification. In the RBF kernel function  
K = (xi, xj) = exp(–γ||xi – xj||2), the best values of kernel 
parameter γ and penalty parameter C were found by the GA. 

Table 7 shows the recognition results of the three 
classifiers and their time consumption with GA method. 
According to the results, although BPNN can receive the 
same reasonable classification rate as SVM, the time 
consumption is much longer than those of the SVM and 
RBF network. In summary, SVM combined GA is a useful 
tool for classification the case of small sample. Meanwhile, 
it can achieve a rapid and accurate detection effect of the 
wound infection situation. 

Table 7 Classification rate and time consumption for three 
classifiers combined GA-based parameter 
optimisation 

Classifiers Classification 
rate 

Time 
consumption 

Optimal 
parameters 

SVM 91.25% (73 of 
80) 

4,427 s C = 440,070 
γ = 0.0675 

BPNN 91.25% (73 of 
80) 

405,180 s Goal = 0.016* 

RBFNN 85% (68 of 80) 82,241 s σ =5.7362 
Goal = 0.0426 

Notes: The 104 optimised initial weights and bias are not 
given here. 

In addition to the above mentioned, some improved SVM 
algorithms are used for different application of e-nose. For 
instance, the SVM neural network was applied to classify 
several odours using the e-nose (Brudzewski et al., 2004, 
2006). E-nose was used to classify different n-butanol 
concentrations with the proposed SVM method in decision 
tree structure (Güney and Atasoy, 2012). Some 
improvements about the SVM method have not been used in 
the classification problem. We would like to see more 
research about SVM based on the e-nose classification 
problems in the future. 

But it is sensitive to missing data, and there is no 
universal solution for nonlinear problems, so we must be 
careful to choose kernel function to deal with different 
problems. 

5 Conclusions 
Nowadays, e-nose systems have limited application of deep 
learning algorithm models. In the future, more models can 
be combined with sensor arrays to further improve the 
system performance. Through the optimisation of the 
algorithmic model, the e-nose system is expected to solve 
the more demanding classification problem. The examples 
of qualitative classification analysis and quantitative 

regression analysis are common. In many areas where 
traditional classification methods cannot meet people’s 
production and living needs, e-nose systems are fully 
competent for the work. 

This paper has presented an overview of the various 
classification methods used in the e-nose in recent years, 
and illustrates some examples targeted applications. The 
research problems and experimental results of some 
application examples can show that the e-nose system has 
brought help and convenience in the diverse fields. Of 
course, there will be more efficient classification models 
besides the classification methods mentioned in this paper. 

References 
Abdi, H. and Williams, L.J. (2014) ‘Principal component analysis’, 

Wiley Interdisciplinary Reviews Computational Statistics, 
Vol. 2, pp.433–459 https://doi.org/10.1002/wics.101. 

Adiguzel, Y. and Kulah, H. (2015) ‘Breath sensors for lung cancer 
diagnosis’, Biosensors & Bioelectronics, Vol. 65,  
pp.121–138, ISSN: 0956-5663 https://doi.org/10.1016/j.bios. 
2014.10.023. 

Ali, Z., James, D. and O’Hare, W.T. (2003) ‘Radial basis neural 
network for the classification of fresh edible oils using an 
electronic nose’, Journal of Thermal Analysis &  
Calorimetry, Vol. 71, pp.147–154 https://doi.org/10.1023/A: 
1022222402328. 

Banerjee, R., Chattopadhyay, P. and Rani, R. (2011) 
‘Discrimination of black tea using electronic nose and 
electronic tongue: a Bayesian classifier approach’, 
International Conference on Recent Trends in Information 
Systems IEEE, pp.13–17 https://doi.org/10.1109/ReTIS.2011. 
6146832. 

Banerjee, R., Chattopadhyay, P., Tudu, B. et al. (2014) ‘Artificial 
flavor perception of black tea using fusion of electronic nose 
and tongue response: a Bayesian statistical approach’, Journal 
of Food Engineering, Vol. 142, pp.87–93, ISSN: 0260-8774 
https://doi.org/10.1016/j.jfoodeng.2014.06.004. 

Bicego, M., Tessari, G. and Tecchiolli, G. (2022) ‘A comparative 
analysis of basic pattern recognition techniques for the 
development of small size electronic nose’, Sensors & 
Actuators B Chemical, Vol. 85, Nos. 1–2, pp.137–144,  
ISSN: 0925-4005 https://doi.org/10.1016/S0925-4005(02) 
00065-5. 

Brezmes, J., Ferreras, B. and Llobet, E. (1997) ‘Neural network 
based electronic nose for the classification of aromatic 
species’, Analytica Chimica Acta, Vol. 348, Nos. 1–3, 
pp.503–509, ISSN: 0003-2670 https://doi.org/10.1016/S0003-
2670(97)00202-X. 

Broomhead, D.S. and Lowe, D. (1988a) ‘Radial basis functions, 
multi-variable functional interpolation and adaptive 
networks’, Advances in Neural Information Processing 
Systems, pp.728–734. 

Broomhead, D.S. and Lowe, D. (1988b) ‘Multivariable functional 
interpolation and adaptive networks’, Complex Systems, 
January, Vol. 2, pp.321–355. 

Brudzewski, K., Osowski, S. and Markiewicz, T. (2004) 
‘Classification of milk by means of an electronic nose and 
SVM neural network’, Sensors & Actuators B Chemical,  
Vol. 98, Nos. 2–3, pp.291–298, ISSN: 0925-4005 https:// 
doi.org/10.1016/j.snb.2003.10.028. 



24 P. Jia et al.  

Brudzewski, K., Osowski, S. and Markiewicz, T. (2006) 
‘Classification of gasoline with supplement of bio-products 
by means of an electronic nose and SVM neural network’, 
Sensors & Actuators B Chemical, Vol. 113, No. 1,  
pp.135–141, ISSN: 0925-4005 https://doi.org/10.1016/j.snb. 
2005.02.039. 

Brudzewski, K., Osowski, S. and Pawlowski, W. (2012) ‘Metal 
oxide sensor arrays for detection of explosives at  
sub-parts-per million concentration levels by the differential 
electronic nose’, Sensors and Actuators B: Chemical,  
Vol. 161, No. 1, pp.528–533, ISSN: 0925-4005 https:// 
doi.org/10.1016/j.snb.2011.10.071. 

Bruins, M., Rahim, Z., Bos, A., Sande, W., Endtz, H. and  
Belkum, A. (2013) ‘Diagnosis of active tuberculosis by  
e-nose analysis of exhaled air’, Tuberculosis, Vol. 93, No. 2, 
pp.232–238, ISSN: 1472-9792 https://doi.org/10.1016/j.tube. 
2012.10.002. 

Burfeind, O., Bruins, M., Bos, A., Sannmann, I., Voigtsberger, R. 
and Heuwieser, W. (2014) ‘Diagnosis of acute puerperal 
metritis by electronic nose device analysis of vaginal 
discharge in dairy cows’, Theriogenology, Vol. 82, No. 1, 
pp.64–70, ISSN: 0093-691X https://doi.org/10.1016/ 
j.theriogenology.2014.03.001. 

Capone, S., Epifani, M. and Quaranta, F. (2001) ‘Monitoring of 
rancidity of milk by means of an electronic nose and a 
dynamic PCA analysis’, Sensors & Actuators B Chemical, 
Vol. 78, Nos. 1–3, pp.174–179, ISSN 0925-4005 https:// 
doi.org/10.1016/S0925-4005(01)00809-7. 

Casey, J.G., Collier-Oxandale, A. and Hannigan, M. (2019) 
‘Performance of artificial neural networks and linear models 
to quantify 4 trace gas species in an oil and gas production 
region with low-cost sensors’, Sensors and Actuators B: 
Chemical, Vol. 283, pp.504–514, ISSN: 0925-4005 https:// 
doi.org/10.1016/j.snb.2018.12.049. 

Chen, Q., Liu, A., Zhao, J. and Ouyang, Q. (2013) ‘Classification 
of tea category using a portable electronic nose based on an 
odor imaging sensor array’, Journal of Pharmaceutical and 
Biomedical Analysis, Vol. 84, pp.77–83, ISSN: 0731-7085 
https://doi.org/10.1016/j.jpba.2013.05.046. 

Chen, Q., Zhao, J. and Chen, Z. (2011) ‘Discrimination of green 
tea quality using the electronic nose technique and the human 
panel test, comparison of linear and nonlinear classification 
tools’, Sensors & Actuators B Chemical, Vol. 159, No. 1, 
pp.294–300, ISSN: 0925-4005 https://doi.org/10.1016/j.snb. 
2011.07.009. 

Dai, Y., Zhi, R., Zhao, L., Gao, H., Shi, B. and Wang, H. (2015) 
‘Longjing tea quality classification by fusion of features 
collected from e-nose’, Chemometrics & Intelligent 
Laboratory Systems, Vol. 144, pp.63–70, ISSN: 0169-7439 
https://doi.org/10.1016/j.chemolab.2015.03.010. 

Distante, C., Ancona, N. and Siciliano, P. (2003) ‘Support vector 
machines for olfactory signals recognition’, Sensors & 
Actuators B Chemical, Vol. 88, No. 1, pp.30–39,  
ISSN: 0925-4005 https://doi.org/10.1016/S0925-4005(02) 
00306-4. 

Dutta, R., Gardner, J.W. and Hines, E.L. (2004) ‘Classification of 
ear, nose, and throat bacteria using a neural-network-based 
electronic nose’, MRS Bulletin, Vol. 29, pp.709–713 https:// 
doi.org/10.1557/mrs2004.207. 

Dymerski, T., Gebicki, J. and Wardencki, W. (2014) ‘Application 
of an electronic nose instrument to fast classification of Polish 
honey types’, Sensors, Vol. 14, pp.10709–10724 https:// 
doi.org/10.3390/s140610709. 

Evans, P., Persaud, K.C. and McNeish, A.S. (2000) ‘Evaluation of 
a radial base function neural network for the determination of 
wheat quality from electronic nose data’, Sensors & Actuators 
B Chemical, Vol. 69, No. 3, pp.348–358, ISSN: 0925-4005 
https://doi.org/10.1016/S0925-4005(00)00485-8. 

Feng, L., Dai, H., Song, X., Liu, J. and Mei, X. (2022) ‘Gas 
identification with drift counteraction for electronic noses 
using augmented convolutional neural network’, Sensors  
and Actuators B: Chemical, Vol. 351, p.130986,  
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2021.130986. 

Fu, J., Li, G. and Qin, Y. (2007) ‘A pattern recognition method for 
electronic noses based on an olfactory neural network’, 
Sensors & Actuators B Chemical, Vol. 125, No. 2,  
pp.489–497, ISSN: 0925-4005 https://doi.org/10.1016/j.snb. 
2007.02.058. 

Głowacz, K., Wawrzyniak, U.E. and Ciosek-Skibińska, P. (2021) 
‘Comparison of various data analysis techniques applied for 
the classification of oligopeptides and amino acids by 
voltammetric electronic tongue’, Sensors and Actuators B: 
Chemical, Vol. 331, p.129354, ISSN: 0925-4005 https:// 
doi.org/10.1016/j.snb.2020.129354. 

Gómez, A.H., Hu, G. and Wang, J. (2006a) ‘Evaluation of tomato 
maturity by electronic nose’, Computers & Electronics in 
Agriculture, Vol. 54, No. 1, pp.44–52, ISSN: 0168-1699 
https://doi.org/10.1016/j.compag.2006.07.002. 

Gómez, A.H., Wang, J. and Hu, G. (2006b) ‘Electronic nose 
technique potential monitoring mandarin maturity’, Sensors 
& Actuators B Chemical, Vol. 113, No. 1, pp.347–353,  
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2005.03.090. 

Gudrun, O., Eric, C. and Frank, W. (2005) ‘Prediction of microbial 
and sensory quality of cold smoked atlantic salmon (Salmo 
salar) by electronic nose’, Journal of Food Science, Vol. 70, 
pp.S563–S574 https://doi.org/10.1111/j.1365-2621.2005. 
tb08330.x. 

Güney, S. and Atasoy, A. (2012) ‘Multiclass classification of  
n-butanol concentrations with k-nearest neighbor algorithm 
and support vector machine in an electronic nose’, Sensors 
and Actuators B: Chemical, Vols. 166–167, pp.721–725, 
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2012.03.047. 

Hartyani, P., Dalmadi, I. and Knorr, D. (2013) ‘Electronic nose 
investigation of Alicyclobacillus acidoterrestris inoculated 
apple and orange juice treated by high hydrostatic pressure’, 
Food Control, Vol. 32, No. 1, pp.262–269, ISSN: 0956-7135 
https://doi.org/10.1016/j.foodcont.2012.10.035. 

Hassan, M. and Bermak, A. (2015) ‘Robust Bayesian inference for 
gas identification in electronic nose applications by using 
random matrix theory’, IEEE Sensors Journal, Vol. 16, 
pp.2036–2045 https://doi.org/10.1109/JSEN.2015.2507580. 

Hong, X. and Wang, J. (2015) ‘Use of electronic nose and tongue 
to track freshness of cherry tomatoes squeezed for juice 
consumption: comparison of different sensor fusion 
approaches’, Food & Bioprocess Technology, Vol. 8,  
pp.158–170 https://doi.org/10.1007/s11947-014-1390-y. 

Hu, G., Wang, J., Wang, J. and Wang, X. (2011) ‘Detection for 
rice odors and identification of varieties based on electronic 
nose technique’, Journal of Zhejiang University, Vol. 37, 
pp.670–676 https://doi.org/10.3785/j.issn.1008-9209.2011.06. 
012. 

Hu, J. (2006) ‘Application of PCA method on pest information 
detection of electronic nose’, 2006 IEEE International 
Conference on Information Acquisition, pp.1465–1468 
https://doi: 10.1109/ICIA.2006.305973. 

 



 Classification techniques of electronic nose: a review 25 

Huang, G.B., Zhu, Q.Y. and Siew, C.K. (2006) ‘Extreme learning 
machine: theory and applications’, Neurocomputing, Vol. 70, 
Nos. 1–3, pp.489–501, ISSN: 0925-2312 https://doi.org/ 
10.1016/j.neucom.2005.12.126. 

Huang, G.B., Zhu, Q.Y. and Siew, C.K. (2004) ‘Extreme learning 
machine: a new learning scheme of feedforward neural 
networks’, Proc. Int. Joint Conf. Neural Netw., Vol. 2, 
pp.985–990 https://doi.org/10.1109/IJCNN.2004.1380068. 

Jatmiko, W., Fukuda, T. and Arai, F. (2006) ‘Artificial odor 
discrimination system using multiple quartz resonator sensors 
and various neural networks for recognizing fragrance 
mixtures’, IEEE Sensors Journal, Vol. 6, pp.223–233 
https://doi.org/10.1109/JSEN.2005.858435. 

Jatmiko, W., Rochmatullah, R. and Kusumoputro, B. (2009) 
‘Fuzzy learning vector quantization based on particle swarm 
optimization for artificial odor dicrimination system’, WSEAS 
Transactions on Systems, December, Vol. 8, pp.1239–1252. 

Ji, H., Qin, W., Yuan, Z. and Meng, F. (2021) ‘Qualitative and 
quantitative recognition method of drug-producing chemicals 
based on SnO2 gas sensor with dynamic measurement and 
PCA weak separation’, Sensors and Actuators B: Chemical, 
Vol. 348, p.130698, ISSN: 0925-4005 https://doi.org/ 
10.1016/j.snb.2021.130698. 

Jiang, M.J., Liu, Y.X. and Yang, J.X. (2014) ‘A model of 
classification for e-nose based on genetic algorithm’, Applied 
Mechanics & Materials, Vols. 475–476, pp.952–955 https:// 
doi.org/10.3390/s17061434. 

Jiang, X., Jia, P.I., Luo, R., Deng, B.N., Duan, S. and Yan, J.A. 
(2017) ‘A novel electronic nose learning technique based on 
active learning: EQBC-RBFNN’, Sensors and Actuators B: 
Chemical, Vol. 249, pp.533–541, ISSN: 0925-4005 https:// 
doi.org/10.1016/j.snb.2017.04.072. 

Kermani, B.G., Schiffman, S.S. and Nagle, H.T. (2005) 
‘Performance of the Levenberg-Marquardt neural network 
training method in electronic nose applications’, Sensors & 
Actuators B Chemical, Vol. 110, No. 1, pp.13–22,  
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2005.01.008. 

Kermani, B.G., Schiffman, S.S. and Nagle, H.T. (1999) ‘Using 
neural networks and genetic algorithms to enhance 
performance in an electronic nose’, IEEE Transactions on 
Biomedical Engineering, Vol. 46, pp.429–439 https://doi.org/ 
10.1109/10.752940. 

Konduru, T., Rains, G.C. and Li, C. (2015) ‘Detecting sour skin 
infected onions using a customized gas sensor array’, Journal 
of Food Engineering, Vol. 160, pp.19–27, ISSN: 0260-8774 
https://doi.org/10.1016/j.jfoodeng.2015.03.025. 

Längkvist, M., Coradeschi, S. and Loutfi, A. (2013) ‘Fast 
classification of meat spoilage markers using nanostructured 
ZnO thin films and unsupervised feature learning’, Sensors, 
Vol. 13, pp.1578–1592 https://doi.org/10.3390/s130201578. 

Lee, J., Devaraj, V., Jeong, N., Lee, Y., Kim, Y., Kim, T.,  
Yi, S.H., Kim, W., Choi, E.J., Kim, H., Chang, C.L., Mao, C. 
and Oh, J. (2022) ‘Neural mechanism mimetic selective 
electronic nose based on programmed M13 bacteriophage’, 
Biosensors and Bioelectronics, Vol. 196, p.113693,  
ISSN: 0956-5663 https://doi.org/10.1016/j.bios.2021.113693. 

Lerma-García, M.J., Cerretani, L., Cevoli, C., Simó-Alfonso, E.F., 
Bendini, A. and Toschi, T.G. (2010) ‘Use of electronic nose 
to determine defect percentage in oils. Comparison with 
sensory panel results’, Sensors and Actuators B: Chemical, 
Vol. 147, No. 1, pp.283–289, ISSN: 0925-4005 https:// 
doi.org/10.1016/j.snb.2010.03.058. 

 

Li, L., Li, M., Liu, Y., Cui, Q., Bi, K., Jin, S., Wang, Y., Ning, J. 
and Zhang, Z. (2021) ‘High-sensitivity hyperspectral coupled 
self-assembled nanoporphyrin sensor for monitoring black tea 
fermentation’, Sensors and Actuators B: Chemical, Vol. 346, 
p.130541, ISSN: 0925-4005 https://doi.org/10.1016/j.snb. 
2021.130541. 

Lu, Y., Li, H., Zhuang, S.L., Zhang, D., Zhang, Q., Zhou, J.,  
Dong, S., Liu, Q. and Wang, P. (2014) ‘Olfactory biosensor 
using odorant-binding proteins from honeybee: ligands of 
floral odors and pheromones detection by electrochemical 
impedance’, Sensors and Actuators B: Chemical, Vol. 193, 
pp.420–427, ISSN: 0925-4005 https://doi.org/10.1016/j.snb. 
2013.11.045. 

Luo, H., Jia, P., Qiao, S. and Duan, S. (2018) ‘Enhancing 
electronic nose performance based on a novel QPSO-RBM 
technique’, Sensors and Actuators B: Chemical, Vol. 259, 
pp.241–249, ISSN: 0925-4005 https://doi.org/10.1016/j.snb. 
2017.12.026. 

Ma, H., Wang, T., Li, B., Cao, W., Zeng, M., Yang, J., Su, Y.,  
Hu, N., Zhou, Z. and Yang, Z. (2022) ‘A low-cost and 
efficient electronic nose system for quantification of multiple 
indoor air contaminants utilizing HC and PLSR’, Sensors and 
Actuators B: Chemical, Vol. 350, p.130768,  
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2021.130768. 

Mahmodi, K., Mostafaei, M. and Mirzaee-Ghaleh, E. (2019) 
‘Detection and classification of diesel-biodiesel blends by 
LDA, QDA and SVM approaches using an electronic nose’, 
Fuel, Vol. 258, p.116114, ISSN: 0016-2361 https://doi.org/ 
10.1016/j.fuel.2019.116114. 

Mamat, M., Samad, S.A. and Hannan, M.A. (2011) ‘An electronic 
nose for reliable measurement and correct classification of 
beverages’, Sensors, Vol. 11, pp.6435–6453 https://doi.org/ 
10.3390/s110606435. 

Men, H., Li, X. and Wang, J. (2007) ‘Applies of neural networks 
to identify gases based on electronic nose’, IEEE 
International Conference on Control and Automation, 
pp.2699–2704 https://doi.org/10.1109/ICCA.2007.4376852. 

Moufid, M., Bouchikhi, B., Tiebe, C., Bartholmai, M. and  
Bari, N.E. (2021) ‘Assessment of outdoor odor emissions 
from polluted sites using simultaneous thermal desorption-gas 
chromatography-mass spectrometry (TD-GC-MS), electronic 
nose in conjunction with advanced multivariate statistical 
approaches’, Atmospheric Environment, Vol. 256, p.118449, 
ISSN: 1352-2310 https://doi.org/10.1016/j.atmosenv.2021. 
118449. 

Norman, A., Stam, F., Morrissey, A., Hirschfelder, M. and 
Enderlein, D. (2003) ‘Packaging effects of a novel  
explosion-proof gas sensor’, Sensors and Actuators B: 
Chemical, Vol. 95, Nos. 1–3, pp.287–290, ISSN: 0925-4005 
https://doi.org/10.1016/S0925-4005(03)00541-0. 

Pan, L., Zhang, W., Zhu, N., Mao, S. and Tu, K. (2014) ‘Early 
detection and classification of pathogenic fungal disease in 
post-harvest strawberry fruit by electronic nose and gas 
chromatography – mass spectrometry’, Food Research 
International, Vol. 62, pp.162–168, ISSN: 0963-9969 
https://doi.org/10.1016/j.foodres.2014.02.020. 

Pardo, M. and Sberveglieri, G. (2002) ‘Coffee analysis with an 
electronic nose’, IEEE Transactions on Instrumentation & 
Measurement, Vol. 51, pp.1334–1339 https://doi.org/10.1109/ 
TIM.2002.808038. 

Peng, C., Jia, Y. and Duan, S. (2016) ‘Enhancing electronic nose 
performance based on a novel QPSO-KELM model’, Sensors, 
Vol. 16 https://doi.org/10.3390/s16040520. 



26 P. Jia et al.  

Poli, R., Kennedy, J. and Blackwell, T. (1995) ‘Particle swarm 
optimization’, Swarm Intelligence, Vol. 1, pp.33–57 
https://doi.org/10.1007/s11721-007-0002-0. 

Qiu, S., Gao, L. and Wang, J. (2015) ‘Classification and regression 
of ELM, LVQ and SVM for e-nose data of strawberry juice’, 
Journal of Food Engineering, Vol. 144, pp.77–85,  
ISSN: 0260-8774 https://doi.org/10.1016/j.jfoodeng.2014.07. 
015. 

Romain, A.C. and Nicolas, J. (2010) ‘Long term stability of metal 
oxide-based gas sensors for e-nose environmental 
applications: an overview’, Sensors and Actuators B: 
Chemical, Vol. 146, No. 2, pp.502–506, ISSN: 0925-4005 
https://doi.org/10.1016/j.snb.2009.12.027. 

Shang, L., Liu, C., Tomiura, Y. and Hayashi, K. (2018) ‘Odorant 
clustering based on molecular parameter-feature extraction 
and imaging analysis of olfactory bulb odor maps’, Sensors 
and Actuators B: Chemical, Vol. 255, No. Part 1,  
pp.508–518, ISSN: 0925-4005 https://doi.org/10.1016/j.snb. 
2017.08.024. 

Shao, X., Li, H. and Wang, N. (2015) ‘Comparison of different 
classification methods for analyzing electronic nose data to 
characterize sesame oils and blends’, Sensors, Vol. 15, 
pp.26726–26742 https://doi.org/10.3390/s151026726. 

Shi, Y., Yuan, H., Xiong, C., Zhang, Q.I., Jia, S., Liu, J. and  
Men, H. (2021) ‘Improving performance: a collaborative 
strategy for the multi-data fusion of electronic nose and 
hyperspectral to track the quality difference of rice’, Sensors 
and Actuators B: Chemical, Vol. 333, p.129546,  
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2021.129546. 

Siqueira, L.F.S., Araújo Jr., R.F., de Araújo, A.A., Morais, C.L.M. 
and Lima, K.M.G. (2017) ‘LDA vs. QDA for FT-MIR 
prostate cancer tissue classification’, Chemometrics and 
Intelligent Laboratory Systems, Vol. 162, pp.123–129,  
ISSN: 0169-7439 https://doi.org/10.1016/j.chemolab.2017. 
01.021. 

Srivastava, A.K. (2003) ‘Detection of volatile organic compounds 
(VOCs) using SnO2, gas-sensor array and artificial neural 
network’, Sensors & Actuators B Chemical, Vol. 96,  
Nos. 1–2, pp.24–37, ISSN: 0925-4005 https://doi.org/ 
10.1016/S0925-4005(03)00477-5. 

Tang, K.T., Chiu, S.W. and Pan, C.H. (2010a) ‘Development of a 
portable electronic nose system for the detection and 
classification of fruity odors’, Sensors, Vol. 10,  
pp.9179–9193 https://doi.org/10.3390/s101009179. 

Tang, K.T., Lin, Y.S. and Shyu, J.M. (2010b) ‘A local weighted 
nearest neighbor algorithm and a weighted and constrained 
least-squared method for mixed odor analysis by electronic 
nose systems’, Sensors, Vol. 10, pp.10467–10483 https:// 
doi.org/10.3390/s101110467. 

Tian, X.Y., Cai, Q. and Zhang, Y.M. (2012a) ‘Rapid classification 
of hairtail fish and pork freshness using an electronic nose 
based on the PCA method’, Sensors, Vol. 12, pp.260–277 
https://doi.org/10.3390/s120100260. 

Tian, F., Yan, J. and Xu, S. (2012b) ‘Classification of electronic 
nose data on wound infection detection using support vector 
machine combined GA’, Journal of Computational 
Information Systems, April, Vol. 8, pp.3349–3357. 

Wang, J., Gao, S., Zhang, C., Zhang, Q., Li, Z. and Zhang, S. 
(2018) ‘A high throughput platform screening of PPB-level 
sensitive materials for hazardous gases’, Sensors and 
Actuators B: Chemical, Vol. 276, pp.189–203,  
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2018.08.079. 

 

Wen, T., Sang, M., Wang, M., Han, L., Gong, Z., Tang, X.,  
Long, X., Xiong, H. and Peng, H. (2021) ‘Rapid detection of 
d-limonene emanating from citrus infestation by Bactrocera 
dorsalis (Hendel) using a developed gas-sensing system 
based on QCM sensors coated with ethyl cellulose’, Sensors 
and Actuators B: Chemical, Vol. 328, p.129048,  
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2020.129048. 

Westenbrink, E., Arasaradnam, R.P. and O’Connell, N. (2015) 
‘Development and application of a new electronic nose 
instrument for the detection of colorectal cancer’, Biosensors 
& Bioelectronics, Vol. 67, pp.733–738, ISSN: 0956-5663 
https://doi.org/10.1016/j.bios.2014.10.044. 

Wijaya, D.R., Sarno, R. and Zulaika, E. (2021) ‘DWTLSTM for 
electronic nose signal processing in beef quality monitoring’, 
Sensors and Actuators B: Chemical, Vol. 326, p.128931, 
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2020.128931. 

Wilson, A.D. (2012) ‘Review of electronic-nose technologies and 
algorithms to detect hazardous chemicals in the environment’, 
Procedia Technology, Vol. 1, pp.453–463, ISSN: 2212-0173 
https://doi.org/10.1016/j.protcy.2012.02.101. 

Xiong, Y., Xiao, X. and Yang, X. (2014) ‘Quality control of 
Lonicera japonica, stored for different months by electronic 
nose’, Journal of Pharmaceutical & Biomedical Analysis, 
Vol. 91, pp.68–72, ISSN: 0731-7085 https://doi.org/10.1016/ 
j.jpba.2013.12.016. 

Xu, S., Zhou, Z. and Lu, H. (2014) ‘Improved algorithms for the 
classification of rough rice using a bionic electronic nose 
based on PCA and the Wilks distribution’, Sensors, Vol. 14, 
pp.5486–5501 https://doi.org/10.3390/s140305486. 

Yan, J., Duan, S., Huang, T. and Wang, L. (2016) ‘Hybrid feature 
matrix construction and feature selection optimization-based 
multi-objective QPSO for electronic nose in wound infection 
detection’, Sensor Review, Vol. 36, pp.23–33 https://doi.org/ 
10.1108/SR-01-2015-0011. 

Yi, R., Yan, J., Shi, D., Tian, Y., Chen, F., Wang, Z. and Duan, S. 
(2021) ‘Improving the performance of drifted/shifted 
electronic nose systems by cross-domain transfer using 
common transfer samples’, Sensors and Actuators B: 
Chemical, Vol. 329, p.129162, ISSN: 0925-4005 https:// 
doi.org/10.1016/j.snb.2020.129162. 

Yin, Y. and Tian, X. (2007) ‘Classification of Chinese drinks by a 
gas sensors array and combination of the PCA with Wilks 
distribution’, Sensors & Actuators B: Chemical, Vol. 124, 
No. 2, pp.393–397, ISSN: 0925-4005 https://doi.org/10.1016/ 
j.snb.2007.01.008. 

Yin, Y., Hao, Y. and Bai, Y.A. (2017) ‘A Gaussian-based kernel 
fisher discriminant analysis for electronic nose data and 
applications in spirit and vinegar classification’, Journal of 
Food Measurement & Characterization, Vol. 11, pp.24–32 
https://doi.org/10.1007/s11694-016-9367-3. 

Yin, Y., Yu, H. and Zhang, H. (2008) ‘A feature extraction method 
based on wavelet packet analysis for discrimination of 
Chinese vinegars using a gas sensors array’, Sensors & 
Actuators B Chemical, Vol. 134, No. 2, pp.1005–1009,  
ISSN: 0925-4005 https://doi.org/10.1016/j.snb.2008.07.018. 

Young, R.C., Buttner, W.J., Linnell, B.R. and Ramesham, R. 
(2003) ‘Electronic nose for space program applications’, 
Sensors and Actuators B: Chemical, Vol. 93, Nos. 1–3,  
pp.7–16, ISSN: 0925-4005 https://doi.org/10.1016/S0925-
4005(03)00338-1. 

Yuan, G.X., Ho, C.H. and Lin, C.J. (2012) ‘Recent advances of 
large-scale linear classification’, Proceedings of the IEEE, 
Vol. 100, pp.2584–2603 https://doi.org/10.1109/JPROC.2012. 
2188013. 



 Classification techniques of electronic nose: a review 27 

Zhang, H., Wang, J. and Ye, S. (2012) ‘Application of electronic 
nose and statistical analysis to predict quality indices of 
peach’, Food & Bioprocess Technology, Vol. 5, pp.65–72 
https://doi.org/10.1007/s11947-009-0295-7. 

Zhang, T., Zhou, Y., Liu, P. and Hu, J. (2020) ‘A novel strategy to 
identify gases by a single catalytic combustible sensor 
working in its linear range’, Sensors and Actuators B: 
Chemical, Vol. 321, p.128514, ISSN: 0925-4005 https:// 
doi.org/10.1016/j.snb.2020.128514. 

Zheng, X.Z., Lan, Y.B., Zhu, J.M., Westbrook, J.,  
Hoffmann, W.C. and Lacey, R.E. (2009) ‘Rapid identification 
of rice samples using an electronic nose’, Journal of Bionic 
Engineering, Vol. 6, pp.290–297 https://doi.org/10.1016/ 
S1672-6529(08)60122-5. 


