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Abstract
 

E-nose systems are becoming an increasingly important instrument across all industries, 
especially the food and beverages and the biomedical field. With the inaccurate, unsafe and 
unreliable dependencies on the human noses to detect smell which are too risky and 
hazardous to the human health, e-nose systems play an enormous advantage. E-noses are 
convenient, highly efficient and can be used in real life to detect odor of various types. The 
integral brain in e-noses for the classification of the odor detected by the detection part of 
its system is the data processing system. It mimics to how a human brain classifies the 
smell. 

The data processing system implements pattern recognition and classification techniques in 
order to correctly classify the odor generated. There are many such techniques applied in e-
nose systems including supervised as well as unsupervised techniques of classification.

This thesis presents ensembles of widely known classifiers, namely, the Multi-layer 
Perceptron neural network, Support Vector Machine, Bayesian networks, naive-bayes, 
logistic, J48 and RepTree classifiers. The data used for classification is generated from an 
e-nose system developed at the Osaka Institute of Technology (OIT), Japan. We present a 
proposal to combine the results generated after classifying four different types of volatile 
odor individually by all the classification techniques mentioned. The results generated 
prove that the combined ensembles of multiclassifiers perform much better in comparison 
to classifying them individually.

 
 

 

 

 

 

 



 
 

 

Resumen
 

Los sistemas de nariz electrónica (E-nose) se están convirtiendo en un instrumento cada 
vez más importante en todos los sectores, especialmente la comida y bebidas y el campo 
biomédico. Debido a la poca precisión de la nariz humana y la consecuente inseguridad y 
falta de fiabilidad a la hora detectar olores que suponen un riesgo y peligro para la salud 
humana, se hace necesario obtener sistemas de nariz electrónica que proporcione una 
enorme ventaja en ciertas situaciones. Las narices electrónicas pueden resultar altamente 
eficientes y adecuadas a muchos problemas o situaciones, y se pueden utilizar en la vida 
real para detectar olores de varios tipos. En este tipo de sistemas, el cerebro asociado a 
narices electrónicas se centra en la clasificación del olor detectado por la parte de la nariz, 
realizando además tareas de procesamiento de datos. El concepto es similar al proceso 
cómo un cerebro humano clasifica el olor.

El sistema de procesamiento de información implementa mecanismos de reconocimiento 
de patrones y técnicas de clasificación con el fin de realizar una correcta clasificación del 
olor detectado. En la actualidad es posible encontrar muchas técnicas aplicadas a la 
clasificación en los sistemas de nariz electrónica incluyendo mecanismos supervisados y
no supervisados

Esta tesis presenta un nuevo mecanismo para la fusión de información proveniente de 
clasificadores ampliamente conocidos, como el perceptrón Multicapa, máquinas de soporte 
vectorial, Redes Bayesianas, Naive Bayes, Regresión logística, árboles de decisión J48 y 
RepTree. Los datos utilizados para la clasificación se generan a partir de un sistema de 
nariz electrónica desarrollado en el Osaka Institute of Technology (OIT), Japón. 
Presentamos una propuesta que permite combinar los resultados obtenidos después de 
clasificar cuatro tipos diferentes de olor volátil mediante los clasificadores individuales 
anteriormente mencionados. Los resultados generados prueban que una mixtura de 
clasificadores proporciona mejores resultados que los obtenidos con los clasificadores 
individuales.
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Chapter 1

Introduction
 

Electronic noses (E-noses) are the modern electronic odor classification technologies that 
are based on the olfactory techniques to detect and classify the volatile odor. The odor 
receptors in a biological nose are replaced by gas sensors, the preprocessing and 
identification of the odor by a computer and software [45]. E-noses in general consist of an 
array of sensors depending upon the diverse functionalities such as the change in the 
thickness of the film of semiconductor sensors when exposed to different gases [35]. E-
noses also consist of the electronic circuitry, a sampling system and data analysis software. 
In comparison to the other techniques used for detecting odor, e-noses uses samples of the 
existing odor to classify the odor while in the existing techniques such as the gas 
chromatography and the mass spectrometry, the odor with the aroma in its components are 
separated from the mixture and then each component is identified by comparing them with 
a standard component [35]. 

E-noses are increasingly becoming popular in the fields such as the food industry to 
improve the quality and safety of food processing [33], the biomedical field to advance the 
effectiveness and efficiency of biomedical treatments and healthcare services [34] and 
many other sectors. In the following paragraphs, the human nose and the e-nose system are 
described generally to compare the working of each of them. 

1.1 The human nose
Olfaction or the sense of smell arises from the stimulation of the human olfactory system 
by odorant molecules emitted from an object. The odorant molecules are drawn up into the 
nasal cavity across the olfactory area to the brain. G-receptor binding proteins are located 
at the surface of the olfactory hairs or cilia from olfactory cells and act as chemosensory 
receptors. The olfactory cells amplify the signal and generate secondary messengers that 
control ion channels thus generating signals that travel down the axons from olfactory 
nerves to the glomeruli nodes in the olfactory bulb. The signals are further processed by 
mitral cells and finally sent via a granular cell layer to the brain in the olfactory cortex [2].
The major olfactory components are the olfactory receptors (sensors), the olfactory bulb 
(signal pre-processing) which is located on both sides of the base of the brain and the 
olfactory cortex (odor identification) as seen in figure 1.1. It is the brain that associates the 
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collection of olfactory signals with the odor and where the automated pattern recognition 
takes place [3].  

Most natural smells, perfumes and flavors are complex mixtures of chemicals and contain 
thousands of constituents which determine the smell of the product with their subtle 
differences. Therefore, the sensory impact of these constituents is important in olfaction 
[2].

 

Figure 1.1 Anatomy of the Human Olfactory System [2]
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Figure 1.2 Schematic Diagram of the Olfactory pathway

The primary instrument used in many industries to evaluate the smell or flavor of various 
products such as perfumes, food and beverages is still the human nose which is costly, 
cannot be used for hazardous odors and cannot work continuously. The conventional 
analytical equipments such as Gas Chromatography(GC) and Mass Spectrometry(MS) are 
also used to analyze both hazardous and non-hazardous odors but are time consuming and 
inadequate. They are also expensive while also requiring trained personnel to operate them
[29]. 

1.2 Electronic Nose
According to Chen et al in [1], an E-nose is an instrument used for the automated detection 
and classification of odors, vapors and gases, thus mimicking the human olfactory 
apparatus. Gardner and Bartlett in [2] describes an e-nose as an instrument that comprises 
of an array of electronic chemical sensors with partial specificity and an appropriate 
pattern-recognition system, which is capable of recognizing simple or complex odors. 

E-noses use qualitative, low-cost, real-time and portable methods to perform reliable, 
objective and reproducible measures of volatile compounds and odors and it is important to 
know the differences between an artificial system and physiology to develop such a system 
[3].  

Figure 1.3 shows the generic architecture of an e-nose system as in [2]. An odor j when 
presented to the active material of a sensor i, converts the chemical input into an electrical 
signal Vij(t). The rise and decay times of the sensor signal will depend upon one or more of 
the following parameters [2]: 
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1. the flow delivery system carrying the odor from source to sensor array, e.g., the 
flow profile and type of carrier gas;

2. the nature of odor, e.g., type, concentration;
3. the reaction kinetics of the odor and the active material;
4. the diffusion of the odor within the active material;
5. the nature of the sensing material, e.g., physical structure, porosity, thermal time-

constant;
6. the nature of the substrate supporting the active material, e.g., thermal conductivity, 

acoustic impedance;
7. Ambient conditions, e.g., temperature of active material, carrier gas, humidity and 

pressure.
 

The response from an array made up of n sensors is a vectorrrr , where =(x1j , x2j,..., xnj} 
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Figure 1.3 Generic architecture of an e-nose [2]

The sensor array consists of broadly tuned sensors that are treated with a variety of odor-
sensitive biological or chemical materials. An odor stimulus will generate patterns or 
fingerprints (or smellprint) from the sensor array to construct a database and train a pattern 
recognition system so the unknown odors can be classified and identified [4].  

Generally, an e-nose system consists of: (i) a sample handling system, (ii) a detection 
system, and (iii) a data processing system [5]. 

2.1 Sample handling system: When considering a sample handling part of an e-nose, it 
is important to take into account the type of sample and the methods specifications 
required.  

2.2 Detection system: The classical e-nose, consisting of an array of gas sensors as 
detection system. However, new technologies such as MS and ion mobility spectrometry 
(IMS) have recently entered this field. 

2.3 Data processing system: Using pattern recognition techniques for processing the 
response data generated by each sensor.

Table 1.1 Comparison of the different parts in a human nose and an e-nose system that carry out the olfactory 
process

Task Human nose E-nose system

Odor detection Olfactory receptor neurons Gas sensors

Single Transmission Glomerulus/mitral cells Electronic circuitry

Data preprocessing Olfactory bulb Computer & software

Identification/ Pattern 
recognition

Olfactory cortex (brain) Computer & software
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Chapter 2

2 State of the Art

2.1 State-of-the-Art of E-nose systems
Most of the applications for e-noses concentrate on four major areas; food, medical 
diagnosis, environmental monitoring and bioprocess control [13]. Table 2.1 shows the 
state-of-the-art of the e-noses: 

Table 2.1 Some E-noses and the different classifier methods used

E-Nose system Area of Expertise Classification technique Year 

A-Nose Food and Drinks -PCA 

-MLP using backpropagation with an 
adaptive learning rate 

-leave-one-out cross-validation technique 

2010 

Portable e-nose 
Pen2 

Food and drinks -Feature extraction-PCA 

-Linear discrimination analysis 

-BPNN 

2009 

TGS 800 series 
Smart 
electronic Nose 

Food & drinks -BPNN 2004 

E-nose & mass 
spectrometer-
based E-nose 
(MSE-nose) 

Food & Drinks -PCA 2004 
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Quartz crystal 
microbalance 
based electronic 
nose 

Food & Drinks -PCA 2003 

Cyranose 320 
electronic nose 

Medical -PCA 

-combining clustering algorithms (3D-
scatter plot, Fuzzy C Means, SOM) 

-Supervised classifiers(Multi-Layer 
Perceptron(MLP), Probabilistic Neural 
Network(PNN) & Radial basis function 
network (RBF) 

2002 

Cyranose 320 
E-nose 

Household 
fragrances 

- dimension reduction methods (PCA, 
Independent Component Analysis(IDA), 
Multiple Linear Discriminant (MLD)) 

-combining methods: Arithmetic mean 
average, geometric mean average and 
squared mean average 

2004 

 

In the first work [6], Electronic Nose for Quality Control of Colombian Coffee through the 
Detection of Defects in “Cup Tests”, Rodríguez et al presents an e-nose called the A-Nose. 
The data response from the A-Nose of Colombian coffee is discriminated into simple and 
complex odors using PCA and later it is validated using the MLP backpropagation with the 
leave-one-out cross validation method. They achieve a 92.5% success rate in classifying 
coffee data into 9 samples using the MLP backpropagation with LOO cross-validation 
technique. It is an interactive validation approach that generates N evaluations for N 
procedures (1 for each measurement) so that the final result is the average success of entire 
iterative process. However, it is difficult when sample size increases. 

In [7], Yu et al presents a portable e-nose Pen2 in the paper Quality grade identification of 
green tea using the eigenvalues of PCA based on the E-nose signals to identify the quality 
grade of green tea by extracting feature vectors from the response generated by the EN that 
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are analyzed, reduced & optimized by PCA. Only the front five Principal components were 
extracted and were used for grading by LDA and BPNN. However, this method is 
applicable only for tea beverages and not for tea leaf and tea remains. 

In [8], Shilbayeh & Iskandarani uses a TGS 800 series Smart electronic Nose in the paper 
titled Quality control of coffee using an E-nose system. Here, the sensed odor is converted 
into an electrical signal which is conditioned and sent to a computer to be interpreted and 
classified using a Backpropagation Neural Network. The e-nose is able to automatically 
detect odor as well as allows any of the 800 series sensors to be interfaced without the need 
for any hardware modification or adjustment. But using the BPNN could lead to over-
fitting. 

In [9], the E-nose & mass spectrometer-based E-nose (MSE-nose) used by Berna et al in 
Electronic nose systems to study shelf life and cultivar effect on tomato aroma profile 
compares the 2 e-noses for detecting changes in tomato aroma profiles of two different 
cultivars. They use PCA to plot the discriminations and they report that the mass 
spectrometer-based e-nose performs better. 

In [10], Ali et al presents a quartz crystal microbalance based electronic nose in the paper 
Detection of bacterial contaminated milk by means of a quartz crystal microbalance based 
electronic nose where the Quartz Crystal Microbalance (QCM) sensors were used for the 
headspace analysis of milk volatiles and later PCA to analyze the sensor array responses. 

In [11] Bacteria classification using Cyranose 320 electronic nose, Dutta et al uses a 
Cyranose 320 electronic nose that classifies 6 different bacteria that causes eye infection. 
They also employ a number of methods such as PCA, using a combination of clustering 
algorithms (3D-scatter plot, Fuzzy C Means, SOM) and supervised classifiers(Multilayer 
Perceptron(MLP), Probabilistic Neural Network(PNN) & Radial basis function network 
(RBF)) for classifying the data. Combining 3 different non-linear classifiers solves the 
feature extraction problem with very complex data and enhances the performance of 
Cyranose 320 e-nose, but it can be very difficult and complex. 

In [12] Improving the Classification accuracy in electronic Noses Using Multi-dimensional 
combining (MDC), Chen et al uses a Cyranose 320 E-nose and proposes a Multi-
dimensional combining (MDC) method to combine the classification outputs of individual 
classifiers for household-fragrances. There are two methods; combining feature extraction 
methods & combining dimension reduction methods such as the PCA, Independent 
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Component Analysis (IDA), and Multiple Linear Discriminant (MLD). The combination 
methods for combining the individual classifiers are arithmetic mean average, geometric 
mean average and squared mean average. MDC is compared with other traditional pattern 
recognition methods such as the KNN, LDA and PNN where it is concluded that there is 
an increase the overall classification accuracy, which could not be achieved by using any 
single individual classifier. 

Therefore, from the state-of-the-art approaches, it can be concluded that using Principal 
Component Analysis (PCA) as a dimension reduction method for the preprocessing of the 
initial data and then applying the Back Propagation Neural Networks (BPNN)  for 
classification in an e-nose system proves to be an efficient approach. However, from the 
work by Chen et al in [12], combining the different classifiers prove that the classification 
results and accuracy is further improved than by using individual classifiers. Therefore, the 
different types of classifier methods are studied in order to propose an ensemble of 
classifiers with maximum accuracy. 

 

2.2 Classifiers used in an e-nose system
There are various classifiers used to classify data obtained from e-nose systems and they 
are discussed in the following section. 

Feature Selection
According to Scott et al in [13], Feature Selection (FS) is the process of identifying the 
most effective subset of the original features to be used in the classification process that 
lead to the smallest classification error. Although both feature selection and dimension 
reduction methods aim at reducing the attributes, the only difference is that the dimension 
reduction methods will modify the attributes to reduce its size. However, the Feature 
Selection methods will either add or remove the attributes based on their relevancy and 
redundancy without modifying them. There are three basic approaches to classify feature 
selection techniques according to Blum and Langley [14]; the first called the embedded 
approach where features are added or removed in response to prediction errors of a simple 
embedded classifier; the second called filter methods that work independently to remove 
features without knowing the effect on the classification algorithm. The third are called 
wrapper methods which evaluate the candidate feature sets using a classification algorithm 
on the training data, for example, the feature subset selection algorithm (FSS) uses the 
classifier as part of the evaluation function to search for a good subset [16]. Sets of feature 
combinations are formed and then compared by scoring it based on the model accuracy. 
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Feature selection may lead to over fitting of the training data if the feature selection is done 
on the training data. 

 

Pattern recognition techniques
Pattern recognition techniques can be classified into statistical and Artificial Intelligence 
techniques. The statistical methods consider that the data is described in terms of 
probability density functions and thus are parametric. It includes Principal Component 
Analysis (PCA), Hierarchical Cluster Analysis (HCA), Principal Component Regression 
(PCR), Discriminant Factor Analysis (DFA), Analysis of Variance between groups 
(ANOVA), Partial Least Squares (PLS), Regression method, Principal Components 
Regression (PCR), Soft Independent Modeling Class Analogy (SIMCA) and clustering 
algorithms such as k-means [13]. 

The AI techniques are normally biologically inspired and can be split into three sub-
categories [13]: 

1. Artificial Neural Networks (ANN) such as Multi Layer Perceptrons (MLP) and 
Radial Basis Function networks (RBF), Self Organizing Maps (SOM), Learning 
Vector Quantization (LVQ) and self organizing competitive systems such as the 
Adaptive Resonance Theory (ART) or growing cell family of algorithms.

2. Fuzzy logic and fuzzy rules based algorithms.
3. Genetic algorithms (GA) are used for feature selection.

 

The main idea behind the importance of having both a feature extractor and a classifier in 
an e-nose system is because an ideal feature extractor would make a representation of data
that reduces the classifiers job to trivial; conversely a universal classifier would not need a 
sophisticated feature extractor. The task of a classifier is to use the feature vector provided 
by the feature extractor to assign the object it represents to a category [13]. Therefore, it 
results in a more efficient system that takes less time for classification. The typical linear 
methods used are Principal Component Analysis (PCA), Linear Discriminant Analysis 
(LDA) and Independent Component Analysis (ICA) as data preprocessors [15]. 

 

Principal Component Analysis
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PCA is an unsupervised multivariate procedure which is a well known linear data 
compression and feature extraction technique. It produces a graphical representation by 
plotting the scores in two or three dimensions. PCA derives new, uncorrelated variables 
that are linear combinations of the original variable set ordered by reducing the variability
[13]. 

It is useful to reduce data dimension while retaining as much information as possible by 
removing the lowest ranking variables. It is simple and fast, however, the drawback lies in 
the fact that PCA is a still a linear approach and no non-linear correlation between the 
variables is retained. 

The application of PCA to e-nose data is easy to implement and the interpretation 
sometimes involves the visual examination of separation between groups which is suitable 
for a non skilled operator to carry out. However, if automation of the system were 
important, then a classification technique must be required [13]. 

 

k-means clustering: A partitional clustering algorithm
The k-means clustering algorithm is a unsupervised clustering method. A major drawback 
to this algorithm is that it is sensitive to the selection of the initial partition and may 
converge to a local minimum of the criterion function if the initial partition is not well 
chosen [13]. 

However, a typical k-means algorithm minimizes the squared error function resulting in 
clear partition of the data and assigning each pattern to a particular cluster. 

 

Linear Discriminant Analysis (LDA)
LDA is a well-known feature extraction and dimension reduction technique. It projects 
data onto a lower-dimensional space and the ratio of the between-class distance to the 
within-class distance is maximized thus achieving maximum discrimination. The optimal 
projection is computed by applying the eigen decomposition in the scatter matrices. The 
drawback of LDA is that its objective function requires the non-singularity of one of the 
scatter matrices. When all the scatter matrices are singular, LDA fails, called the 
singularity problem [17]. 
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PCA can also be applied to the data set before LDA and the technique is called PCA+LDA 
but PCA+LDA has high costs in time and space, due to the need for an eigen-
decomposition involving the scatter matrices [17]. It is commonly used in face recognition. 

 

k-nearest neighbor (KNN)
The KNN algorithm is a supervised hard partitional algorithm which is simple and easy to 
implement. Using the Euclidean distance metric, it calculates and assigns the training data 
to the k-nearest neighbor class. When k=1, it is called the 1-NN or nearest-neighbor but it 
has a large error rate. Larger values of k give smoother and clearer boundaries [13]. 

 

Multi-Layer Perceptron (MLP)
An MLP is a finite directed acyclic graph and thus the nodes are structured in layers. MLPs 
are the most commonly used ANN structures with one or more layers of neurons hidden 
between the input and output neurons. Each neuron is connected to the neuron in the next 
layer by their weighted connections. It uses the sigmoid function as the activation function 
in each neuron. 

An MLP do not assume the predictions based on the prior data distribution unlike the 
traditional statistical methods. It is capable of modelling highly non-linear functions as 
well [49]. A simple two-layered MLP can be seen in the figure 2.1:
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Figure 2.1 A multi-layer perceptron with two hidden layers [49]

The Backpropagation algorithm is used for training the MLP by minimizing the cost 
function. Initially a feedforward phase is performed on the input towards the output to 
calculate the net error. Therefore, an MLP is a feedforward neural network. The error 
correction starts from the output layer to the hidden layer weights, then to input layer 
weights, backwards through the network [13]. Hence the name is backpropagation. It 
continues to train until minimum error is reached or maximum number of trainings is 
completed.               

The most commonly used analysis techniques for electronic nose data are PCA for feature 
extraction and then MLPs for pattern recognition. PCA is typically used for exploratory 
data analysis to see how the multivariate data is clustered and to assess the linearly 
separability of the odor classes while MLPs are used to provide a predictive classification 
of unknown odor vectors from selected features [13]. 



14 
 

Self Organizing Maps
In [13], it explains that the SOM algorithm is a feed forward unsupervised learning 
network used for exploratory data analysis. SOM consists of a regular typically 2-D grid of 
processing neurons. Each unit is connected to adjacent ones by a neighborhood relation. 
The number of map units used determines the accuracy and generalization capability of the 
SOM. The map is trained iteratively; the best matching unit to the input is altered so that it 
closer matches that input, units close to the winner are also updated according to the 
neighborhood relation. Although not a classification system, SOM may be used as such by 
post processing the best matching map unit. 

 

Support Vector Machines
Support Vector Machines (SVM) was first developed by Vapnik and co-workers in [30] 
especially for binary classification. SVM mainly aims to classify the data by finding an 
optimal hyperplane that separates the classes of data by maximizing the margin between 
the hyperplane and the data. To classify multi-class data, the SVM methods should either 
consist of several binary classifiers combined or a larger optimization problem. Therefore 
it is computationally more expensive to solve a multi-class problem than a binary problem 
with the same number of data. [31] 

In [31], there are three SVM methods based on binary classification: One-against-all, One-
against-one and DAGSVM. In the first two methods, k SVM models are constructed with k
number of classes. 

One-against-all
The kth SVM is trained with all the training samples of the kth class with positive labels 
and the rest of the samples are trained with negative labels. The class with the largest value 
of the decision function has the test data x. 

 

One-against-one
In this method, k(k -1)/2 classifiers are constructed and each of them is trained on the input 
data from the two classes [31]. As explained in [32], the i-j SVM with the weight vector 
and the bias term is trained with the ith class data as positive labels and the jth class as the 
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negative labels. A voting system is used to classify the test data and the test sample 
belongs to the class with the largest vote value. 

The decision function, will show if the test data belong to the ith class 
by increasing the vote for the ith class by one and if otherwise, the vote for jth class 
increases by one [32]. 

DAGSVM
The Directed Acyclic Graph Support Vector Machines (DAGSVM) is similar to the one-
against-one method as it also solves k(k-1)/2 binary SVMs. The difference is in the testing 
phase where it uses a rooted binary directed acyclic graph with k(k-1)/2 internal nodes and 
k leaves. Each node is a binary SVM of the ith and jth classes and the testing starts from 
the root node. The path it takes as it moves towards the leaf node, is the test data predicted. 

LibSVM
LibSVM is a SVM package tool as a library for support vector machines. LibSVM 
implements the one-against-one approach for multi-class classification [28]. 

Hierarchical Clustering Method
In [32], an hierarchical clustering method based on three layers of SVM to classify gas data 
in real time has been proposed. Here, the layers of the SVM multi-class system is 
determined hierarchically based on the average distance between the classes. The first 
layer of SVM is trained with training samples of the furthest class with positive labels and 
the rest of the classes with negative labels. The samples trained in the first layer are not 
used in the second layer but otherwise the farthest is trained with positive labels and the 
remaining with negative labels. In the same way, the other layer is constructed. The 
proposed method proved to perform better than the OVA method, but however, it 
performed similarly to the OVO method. 

Bayesian Network
A Bayesian network is a directed acyclic graph which represents effectively and efficiently 
the joint probability distribution over a set of random variables [48]. Each arc represents 
the probability dependency between the nodes. A bayes-net is a classifier that provides the 
posterior probability distribution of the classification node given the values of the other 
attributes or nodes.
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Naïve-Bayes
In [48], Friedman et al. describes that the naïve Bayesian classifier learns the conditional 
probability of each attribute given the class label C, using the training data. Then by 
applying Bayes rule to classify; it computes the probability of C given each instance in 
and later predicts the class that has the highest posterior probability. The classifier assumes 
that all the attributes are conditionally independent of each other given the value of the 
class C, i.e. for example, A is independent of B given C when for 
all values of A, B and C, if (C) > 0. Naïve-bayes has a simple structure where the 
classification node is the parent of all the other nodes as shown in figure 2.2:

 

Figure 2.2 A structure of a simple naive-bayes network [48]

Table 2.0.2 The advantages & disadvantages of the classifiers used in e-nose systems

Technique Advantages Disadvantages 

PCA -simple, fast, easy, visual

-dimension reduction 

-non-linear correlation 
between the variables is not 
retained 

k-means -results in clear partitions -sensitive to the selection of 
the initial partition 
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LDA -feature extraction and 
dimension reduction 

-simple 

-the singularity problem 

kNN -simple & easy to implement -computational time 
quadruples with double in 
number of observations 

MLP-BP -use of non-linearities within 
the neurons increases its 
capability 

-complexity increases with 
increase in sample size 

SVM -can classify binary and 
multi-class data 

-small calculation time using 
polynomial basis function 

-computationally expensive 
to classify multi-class 
problems 

-experiments are limited to 
small datasets. 

Naïve-bayes -simple to construct the 
structure since the structure 
is given a priori

-efficient classification 
where features are not
strongly correlated

- Unrealistic when it comes 
to assuming all the attributes 
are conditionally 
independent.

2.3 E-Nose developed at OIT, Japan
 

This section briefly describes the e-nose developed at OIT [18]. They use Metal oxide 
semiconductor gas (MOG) sensors and Quartz Crystal Microbalance (QCM) sensors to 
measure several kinds of odors and then adopting a layered neural networks for 
classification of the data acquired[18]. For classification accuracy, they consider the effect 
of mixing two out of the four kinds of odors for the test data after the individual odors have 
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been correctly classified by the neural network. Since the QCM sensors are more sensitive 
than MOG sensors to some kinds of odor and the condition for sensing odors, QCM 
sensors are preferred over MOG sensors. 

 

Figure 2.3 The E-nose System developed at OIT [18]

The mechanism of an e-nose system developed is generally divided into the four main 
parts; odor delivery system, odor sensor array, data recording and data processing. The 
odor delivery system will sniff the odor molecules into the nose through either of the three 
main methods such as sample flow, static system, and pre-concentration system. In the 
odor sensor array part of the e-nose, MOG and QCM type of sensors are used here where 
many sensors are allocated in an array structure for each type to measure the various odors.  

The Principle of MOG sensors
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Figure 2.4 MOG Sensors [18]

The MOG sensors are reliable and sensitive while detecting volatile organic compounds 
(VOCs), combustible gas, and so on. However, they are not sensitive to all odorous 
compounds and it is difficult to create an MOG sensor that responds to a single odor 
precisely. The main part of a MOG sensor is the metal oxide element on the surface of the 
sensor which when heated at a certain high temperature, oxygen is adsorbed on the crystal 
surface with negative charges. The different types of metal oxides can be SnO2 , ZnO2,
WO3, TiO2. However, the most commonly used metal oxide is SnO2. The partial pressure 
of the oxygen changes making the sensor resistance vary due to the reaction of the negative 
charges with the deoxidizing gas. Therefore, the net voltage changes can be measured 
while the sensors adsorb the tested odor. 

The following chemical reaction takes place when an MOG sensor adsorbs the CO gas; 

O2 + (SnO2-x - ad (SnO2-x) (eqn 1) 

CO + O- ad (SnO2-x 2+ (SnO2-x) (eqn 2) 
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Figure 2.5 Principle of MOG sensors [18]

In Figure 2.5, the left image shows the rise in barrier of the grain boundary area of the 
metal oxide element. This happens when the sensor surface is heated at a very high 
temperature and the oxygen is adsorbed on its crystal surface with negative charges which 
is represented by the (eqn 1). The electrons cannot flow over the high boundary and thus 
increases the resistance of the sensor. 

When a de-oxidising or reducing gas, such as CO, is presented to the sensor, a chemical 
reaction between the negative charges of oxygen produced in (eqn 1) and CO takes place 
as in (eqn 2). This is shown on the right hand side of the Figure 3. This reduces the grain 
boundary barrier of the metal oxide and thus electrons can flow from one cell to another 
freely. The resistance of the MOG sensor is reduced due to change in the oxygen pressure 
where the reduction of O2 in (eqn 1) and the oxidation of CO in (eqn 2) takes place. 
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Figure 2.6 Output voltage of MOG sensors [18]

Figure 2.6 depicts the circuit diagram for a MOG sensor. The source voltage is supplied to 
the circuit via Vc and to the heater via Vh. The resistance of the sensor Rs changes when 
MOG sensor adsorbs the oxygen and the de-oxidising gas. Thus the changes in the voltage 
Vout is measured while the sensor adsorb the odor being tested. 

The concentration of the de-oxidising gas affects the sensor resistance. The relationship 
between the two can be expressed by the following equation: 

( eqn 3) 

where,  

= electrical resistance of the sensor; 

A= constant; 

C= gas concentration; 

= slope of the curve. 

 

The Principle of QCM sensors
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Figure 2.7 QCM sensors

The following materials have been used as the sensing membrane coating the QCM 
sensors; ethanol, water, dilute Nitric Acid, ethyl acrylate, trimethoxy silane, perfluorooctyl 
ethyl acrylate. The membrane is very thin about 1 and it has a selective adsorption rate 
for a molecular and frequency deviation which shows the existence of odorants and their 
densities.  

The QCM sensor oscillates with a specific frequency which changes according to the 
deviation of the weight due to adsorbed odor molecule. To increase the odorants adsorbed, 
it is important to iron the thickness of the membrane. Fluorine compounds are used here 
because such compounds repel water so that pure odorant molecules can be adsorbed on 
the surface of the sensor. Using the basic sol-gel approach which is a wet-chemical 
technique, the solution gradually forms a gel-like network with both a liquid and solid 
phase. The resonance frequency will change according to the deposition of the given mass 
on the electrodes. 
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Figure 2.8 Principle of QCM sensors. [18]

In Figure 2.8, when the sensitive membrane on the sensor surface adsorbs the odorants, it 
will change the weight of the quartz plane. Therefore, it will result in the decrease of the 
frequency of the crystal oscillation depending upon the density of the odorants. 

 

The ability to detect an odor increases when combining many odor sensors together. Using 
a combination of the MOS and QCM sensors described above as olfactory receptors, the e-
nose was developed. 
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Figure 2.9 Odor Sensing Framework [18]

In the figure 2.9, the air is emitted from the dry air cylinder. Valves 1 and 2 are for 
pressure control for the air flow. A more precise flow rate of dry air can be achieved using 
the needle valve 2 and the thermostatic chamber in the permeater can control the 
temperature of the dry air. Finally, the air is pulled in the sampling box where MOG and/or 
QCM sensors are attached to the ceiling of the box. 

The data obtained from sensing the odors is stored in a database structure in a computer for 
the data recording part. The odor data is then pre-processed and then classified using the 
neural networks. A three-layered neural network based on the error back-propagation 
algorithm is adopted.  

Quantizing smell
The e-nose is specifically designed to quantize the smells of acetaldehyde, ethylene, 
hydrogen sulphide, and methyl mercaptan. Each of them is described below: 



25 
 

 

Acetaldehyde

It is a carcinogen or a substance that causes cancer and is extremely harmful for human 
health. It has a penetrating apple-like odor and exists as either a gas or a colorless liquid 
[19]. Acetaldehyde is an active metabolite that induces a range of toxic, pharmacological, 
and behavioral effects. The accumulation of acetaldehyde in the periphery causes 
physiological effects such as widening of the blood vessels, increased heart and respiration 
rates, lowered blood pressure, narrowing of airways, nausea and headaches [20].

Acetaldehyde in human body is derived from either of the three sources: 1) by in vivo 
synthesis in the liver as metabolic products of ethanol; 2) in the saliva produced by the 
microbial flora of the oral cavity and pharynx; 3) from food products and alcoholic 
beverages. [19] 

The quantification and detection of ethanol and acetaldehyde in expiratory gas is one of the 
major applications of breath analysis after the consumption of alcohol. Breath acetaldehyde 
is related to its blood concentration as an intoxicant substance [21]. According to ACGIH 
(the American Conference of Governmental Industrial Hygienists), the maximum 
permitted concentration of acetaldehyde vapor in the workspace is 25 ppm. 

Ethylene
Ethylene is a plant hormone that affects all stages of plant development- seed germination, 
cell elongation, cell fate, sex determination, fruit ripening, senescence and abscission [22]. 
It is important to monitor the ethylene concentration in horticultural industries as the 
internal concentration of ethylene in fruits indicate the time of harvest while the 
atmospheric concentration of ethylene in storage facilities and during transportation is 
crucial to avoid the over ripening of fruits [23]. 

Methyl mercaptan and Hydrogen Sulphide
Methyl mercaptan and Hydrogen Sulphide produces a putrid odor which approximately 
accounts for 90% of the total sulphur content of the mouth malodor [24]. Methyl 
mercaptan is a colorless flammable gas and it has an unpleasant rotten cabbage odor. It is 
easily ignited and emits highly toxic fumes and flammable vapors when heated. It is highly 
irritant when it contacts moist tissues such as the eyes, skin, and upper respiratory tract. It 
is capable of inducing headache, dizziness, nausea, vomiting, coma, and death. It is not 
likely to ingest methyl mercaptan since it occurs only at room temperature. Methyl 
mercaptan is produced by the reaction of hydrogen sulphide and methanol. 
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The LVQ Method
Learning Vector Quantization Method (LVQ) and its variants proposed by Kohonen is a 
semi-supervised vector quantization method that requires a label set for the inputs. Here, 
vector quantization is not used to approximate to density functions of the class samples, 
but to directly define the class borders based on the nearest-neighbor rule [25]. 

The LVQ algorithm [26]:
Step 1.Find the unit c at the output layer which has the minimum distance from the input 
data x(t) such that  

 

Step 2.If the input x(t) belongs to the category c, 

; 

If the input x(t) belongs to the other category, 

 

 

where is a positive function and denotes the learning rate. It is given by 

. 

Here, is positive and T is the total number of learning iterations. 
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Chapter 3

The Proposal: Combining classification techniques for Information Fusion in an e-
nose system

 

3.1 Information Fusion

The term information fusion is used interchangeably with the term data fusion across all 
fields of its applications. According to Hall and Llinas [36], information fusion is the 
processing of information where the data from the single or multiple sensors or sources are 
associated, correlated and combined to produce improved estimates, complete and timely 
assessment of the parameters, characteristics, events, and behaviors for the subject under 
observation. Information fusion is implemented either as a Fully Automatic process or as a 
Human-Aiding process for Decision Analysis and Support systems.

Bostrom et al. in [37] proposes a simpler and general definition for information fusion after 
studying various definitions for it in the previous researches: “Information fusion is the 
study of efficient methods for automatically or semi-automatically transforming 
information from different sources and different points in time into a representation that 
provides effective support for human or automated decision making.” The sources of data 
include online sensor data and the other sources such as databases, simulations, ontologies, 
text documents, the web and even humans.

Another definition by Richardson and Marsh in [38] also mentions the scientific 
fundaments of the field which describes information fusion as a technology that integrates 
and applies many traditional disciplines and new areas of engineering to fuse the data or 
information.

The rapid advances in sensor technology with the production of numerous varieties of 
powerful and low-cost sensor arrays has led to the increasing importance of information 
fusion[39].



28 
 

The advantages in performing data fusion include robustness and reliability, extended 
coverage in space and time, increase in the quality of the information deduced with 
reduced ambiguity and finally providing a solution to combine all the information that is 
available today [40]. In the biological sense, the human system has the preceptors to 
acquire information on sight, smell, hearing, touch and taste which are then processed in 
the brain. The brain then fuses the information with the information from its memory, 
experience and a priori knowledge to deduce and produce a reasonable representation of 
the environment in order to perform an action. However, the information fusion is applied 
in various other fields and not only to biology.

3.2 The JDL Data Fusion Model

The data fusion model was first developed by the U.S. Joint Directors of Laboratories 
(JDL) Data Fusion Group in 1985 to categorize data fusion-related functions [42]. 
According the JDL in [41], data fusion is defined as a “multi-level, multifaceted process 
handling the automatic detection, association, correlation, estimation, and combination of 
data and information from several sources.”

As described by Llinas et al in [43], the JDL fusion model is a functional model that was 
developed due to the confusion that arose over the many elements of fusion processes. It is 
important to note that the fusion model is a functional model where a set of definitions of 
the functions are encompassed in the model and not a process model where there is 
interactions between the defined functions within the system [42].

The model provides a common frame of reference to for fusion discussions, to categorize 
the different types of fusion processes, to help in understanding the types of problems for 
which it is possible to apply data fusion, to codify the commonality among problems, to 
help in extending the existing solutions and to provide a framework for investment in 
automation [44].

In the original JDL model, the terms and definitions were focused mainly on the tactical 
military applications and thus it was not possible to be adopted by other applications [42]. 
The 1998 revision of the JDL fusion model was aimed to redefine the levels in the models 
basically to logically categorize the different types of problems solved by different 
techniques and to maintain a consistency in regard to the terminology used. The figure 
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depicts the revised model with the Process Refinement and DBMS partially outside the 
Data fusion domain.

 

Figure 3.1 The 1998 revised JDL Data Fusion Model [44]

As depicted in Figure 3.1, the JDL data fusion model differentiates the different functions 
into fusion levels to represent a clear distinction among the data fusion processes that 
corresponds to objects, situations, threats, and processes [42].The definitions for each 
level is described below as in [42]:

Level 0: the estimation and prediction of signal- or object-observable states based 
on pixel/signal-level data association and characterization.

Level 1: estimation and prediction of entity states on the basis of inferences from 
observations.

Level 2: estimation and prediction of entity states on the basis of inferred relations 
among entities.

Level 3: estimation and prediction of effects on situations of planned or 
estimated/predicted actions by the participants.

Level 4: adaptive data acquisition and processing to support mission objectives.
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Steinberg and Bowman in [44] recommended a revised fusion model as is depicted in 
Figure 3.2. The separation of the fusion functions was suggested to understand the 
differences in the different input data types, models, outputs and various fusion problems. 
The fusion levels are mainly based on the entities that are of interest to the users using the 
information.

 

Figure 3.2 Recommended revised fusion model by Stein and Bowman [44]

The levels in the revised fusion model are defined as follows [44]:

Level 0: estimation and prediction of signal or feature states;

Level 1: estimation and prediction of entity parametric and attributive states  of 
entities considered as individuals;

Level 2: estimation and prediction of the structures of parts of reality of relations 
among entities and their implications for the states of the related entities;

Level 3: estimation and prediction of the utility/cost of signal, entity or situation 
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Level 4: estimation and prediction of a system’s performance as compared to given 
desired states and measures of effectiveness.

These five levels are grouped mainly into the low-level fusion and high-level fusion which 
comprises of the sources that provides the data, the human-computer interaction (HCI) 
which is the interface for feeding the inputs and producing the outputs and the database 
management system that stores the information provided and the results produced.

The problems of multi-sensor data fusion
Although data fusion presents many advantages, the challenges faced in fusing data arises 
from the actual data to be fused, imperfect and diverse sensor technologies, and the type of 
application environment as depicted in the figure below [46]:

 

Figure 3.3 A taxonomy of data fusion methodologies [46]

According to Khaleghi et al. in [46] the main four challenging problems for data fusion are 
data imperfection, data correlation, data inconsistency and data disparateness. All the data 
fusion algorithms can be classified based on these four problems. The data from the 
various sensors contain levels of either imperfections or uncertainties which can be 
addressed by the data fusion method. Data correlation normally occurs with distributed 
data fusion such as in wireless sensor networks, for example, some sensor nodes may be 
exposed to the same external noise thus resulting in biases in their results. This could lead 
to over/under confidence of the outputs.
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The Proposal
The information fusion techniques are directed at optimizing the solution. After studying 
the various classification techniques applied in e-nose systems, this part discusses an 
ensemble method proposed that combines the predicted outputs from two different 
classifiers, namely MLP, the traditional classifier and SVM, to obtain better classification 
results.  

The e-nose data is supplied to the MLP and SVM classifiers respectively and then the 
results from both the classifications are combined to give an improved prediction of the 
data classification.  

The results from SVM which performed better is due to the superior generalization ability 
of SVM in high dimensional spaces [36]. However, in this thesis we propose a 
combination of these two most prominent classifiers that will yield even better results. 

 



33 
 



34 
 

 

Figure 3.4 An Ensemble for information fusion. a) Ensemble composed of the fusion of the output of 
individual experts. b) Ensemble composed of the fusion of the input data and the output of individual experts.

Figure 3.4 a) shows the first of the possibility, based on combining the outputs of two or 
more experts. This solution can be appropriated in some cases. However, we have 
observed that the simple combination of the experts does not provide learning and 
adaptation capacities, which makes it difficult to improve the output of the individual 
experts. Thus, we have proposed the solution shown in Figure 3.4 b) where the outputs of 
the individual experts are combined taking into account the input data. This way, it is 
possible to take into account both the characteristics of the input data and the strategies of 
the individual classifiers and to obtain an automated learning model. In our proposal, we 
have implemented two different strategies for the ensemble of information: MLP and 
SVM. Both of them are analyzed in detail in the experiments.

3.3 The Experiment
The e-nose data is collected from the e-nose system developed at OIT in Japan. Five 
different types of sensors have been used to detect four types of odors: Acetaldehyde, 
Ethylene, Hydrogen Sulphide and Methyl Mercaptan. The experiments have been carried 
out three times to detect the different odor.
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The data is continuously collected from the sensors, with a sampling period of 0,1seconds. 
For each of the sensors two different values are captured: 

- VS: Voltage signal from sensor at the source.

- VRL: Voltage signal from sensor recorded across the load resistor.

Finally, the gas-type is the last attribute of each of the vectors:

Table 3.1 Format of data used

CH-
1[VS
]

CH-
2[VS
]

CH-
3[VS
]

CH-
4[VS
]

CH-
5[VS
]

CH-
1[VRL
]

CH-
2[VRL
]

CH-
3[VRL
]

CH-
4[VRL
]

CH-
5[VRL
]

GAS
-
TYP
E

Table 3.2 The types of sensors used [47]

Channels Sensor 
Name

Categories Main detecting 
gas

Properties

CH-1 SB-15 Gas 
detector

Propane/Butane High sensitivity, low 
sensitivity to noise gases, 
quick response speed, 
strong poisoning 
resistance and significant 
low power consumption 
design (120 mW)

CH-2 SB-EN2 Portable 
Checkers

Alcohol - Only a single gas is 
monitored

CH-3 SB-EN3 Portable 
Checkers

Breath - Only detects breath

CH-4 SB-42A Refrigerant Freon - High sensitivity to HFCs 
(e.g. Freon: R-134a) with 
improved cross sensitivity 
to other gases.

- Suitable for R-134a, R-
410a, R-407c and other 
new Freon family which 
contains R-134a.

CH-5 SB-31 Gas 
detector

Solvents (alcohol, 
toluene) 
/Hydrocarbon

- high sensitivity to 
solvents



36 
 

All the sensors used for the experiment are of the SB-series as can be seen in figure 3.5.
SB-series models have the following characteristics [47]:

- Compact design

- Low power consumption

- Power supply: 5V DC

- Output: 0 to 3.5V DC

- 3 wired connectors attached (10cm).

 

Figure 3.5 An example of a SB-series model [47]

As explained in [47], the semiconductor material is heated to a certain temperature 
based on the type of gas to detect. When the concentration of the gas changes, the 
resistance of the sensing material also changes rapidly due to the adsorption/desorption of 
oxygen and the chemical reactions that take place between the surface oxygen and the 
gases. Thus the sensor resistance decreases under the presence of reducing gases such as 
CO, methane, and hydrogen.

Therefore the changing voltages at the source VS and at the resistor load VRL are recorded 
to detect the types of gases.
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The classification tests for these odor data have been carried out using Weka-3.6.10
classification tool and the mixtures have been created in R. In the first part of the 
experiment we have evaluated individual classifiers, and the enose data is classified using
MLP, SVM, Logistic, REPTree, J48, Naive Bayes and Bayesian networks. Once we have 
tested the classifiers individually, we proceed to evaluate the mixture. We will check 
different configurations for the mixture in order to evaluate the learning capacities of the 
ensemble. To evaluate the mixture we will focus on the experiment that combines all the 
data of the three experiments for the four gases, given that this is the case that requires a 
higher effort for classification. We will also focus on a mixture using support vector 
machines as they provide good individual results. 

Since the data is in CSV format, it is converted to .arff format using the following 
command from the CLI: 

java weka.core.converters.CSVLoader h:/filename.csv > 
h:/filename.arff 

The .arff data is then split into training (70%) and test (30%) datasets using the Resample 
filter for each type of gas detected in each experiment.  

These training datasets from all the four gases are then combined to form the final training 
dataset for the first experiment and it is done similarly for the second and third experiment. 
The following command is uses the append from the CLI: 

java weka.core.Instances append h:/filename1.arff 
h:/filename2.arff > h:/appendedFilename.arff 

 

Results using the LVQ 3 algorithm
The experiments were classified using LVQ3 method as was experimented at the OIT, 
Japan which resulted in a 94.6881% correct classification for the mixture of all the four 
gases from all the three experiments.

Table 3.3 Classification results using LVQ3 algorithm

Exp Time (SECS) MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of Instances 

1 0.02 0.0095 0.0977 98.0914% 1.9086% 4244
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2 0.08 0.0149 0.1221 97.0163% 2.9837% 4290

3 0.01 0.051 0.2258 89.8026% 10.1974% 4305

12 0.02 0.1353 0.3678 72.9435% 27.0565% 8534

13 0.02 0.0684 0.2615 86.3259% 13.6741% 8549

23 0.02 0.1292 0.3594 74.1594% 25.8406% 8595

123 0.02 0.0266 0.163 94.6881% 5.3119% 12839

 

The classification results are good; however, the results could be further improved using an 
ensemble of various classifiers as depicted in chapter 4.

Results using MLP classifier
The data has been tested using the default values for the MLP classifier that weka has 
already defined. The following is the default Neural Network for the MLP:
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Figure 3.6 The default neural network for MLP

Experiment results
Applying 10-fold cross validation technique to the data from the experiments 1, 2, 3, 12, 
13, 23, and 123, the following classification results were generated:

Table 3.4 Classification results for MLP using cross validation with 10-folds

Exp Time 
(SECS) 

MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of Instances 

1 23.96 0.0066 0.0484 99.4816% 0.5184% 8488

2 23.77 0.0309 0.166 94.2657% 5.7343% 8580
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3 23.89 0.011 0.0767 98.6761% 1.3239% 8611

12 49.21 0.0142 0.1001 97.8791% 2.1209% 17068

13 55.9 0.0133 0.094 98.0174% 1.98826% 17099

23 50.66 0.0105 0.0787 98.2956% 1.7044% 17191

123 74.15 0.0139 0.0972 97.7881% 2.2119% 25679

 

3.3 Results using LibSVM classifier
The wrapper class for SVM in Weka is LibSVM which has to be downloaded externally 
and then added to the weka classpath. 

To add the LibSVM classifier to the weka path in ubuntu: 

#export CLASSPATH=/usr/share/java/libsvm.jar:$CLASSPATH

To start the weka program from the terminal from the directory where the weka jar is 
located: 

#java -classpath $CLASSPATH:weka.jar:libsvm.jar 
weka.gui.GUIChooser

This path is used specifically to start weka with the libsvm method which is otherwise an 
external jar file in the weka software similar to the lvq jar file.

Each dataset has to be preprocessed using the unsupervised filter for converting the last 
attribute - GAS-TYPE only from numeric to nominal values while the remaining attributes 
are kept numeric.

Experiment results 
Applying the libsvm classifier on the experiment 1, 2 & 3 dataset using cross validation 
test with 10 folds: 

Table 3.5 Classification results for LibSVM classifier using cross validation with 10 folds

Exp Time (SECS) MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of Instances 
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1 3.88 0.0272 0.1648 94.5688% 5.4312% 8488

2 7.56 0.0534 0.2312 89.3124% 10.6876% 8580

3 6.15 0.0761 0.2758 84.7869% 15.2131% 8611

12 22.52 0.0305 0.1746 93.9009% 6.0991% 17068

13 23.47 0.0259 0.1611 94.8126% 5.1874% 17099

23 25.88 0.0341 0.1847 93.1767% 6.8233% 17191

123 44.08 0.0262 0.1618 94.7662% 5.2338% 25679

After testing the MLP and the SVM, we can observe that SVM provides good results for 
classification, but worse than MLP, so we will use mainly SVM for fusing information in 
order to check the validity of the proposed information fusion system (if a mixture 
implemented through a bad classifier can provide good results and improve the results 
provided by individual classifiers, then the proposed information systems method can be 
considered as a good system). In the next section we show the results obtained both for 
individual techniques and for the proposed mixtures.

Evaluation of the Method proposed
 

We will start evaluating different individual classifiers for our problem as follows: 
Multilayer perceptron (MLP), Support Vector Machines (SVM and SMO), Decision Trees 
(REPTree, J48), Bayesian Networks (BayesNet), Naive Bayes ( NaiveBayes) and Logistic 
Regression (Logistic). The idea of this experiment is to understand how different 
classifiers can adapt to the problem taken into consideration. On the one hand we will 
observe the classifiers that provide the best classification results. On the other hand, we 
will observe those classifiers that have the worst performance in the dataset. Both of them 
will be useful for us for proposing and evaluating potential mixtures of classifiers for the 
problem.

 

MLP
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Table 4.1 Classification results from MLP using 50% split

Exp Time 
(SECS) 

MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of 
Instances 

1 19.75 0.0058 0.0432 99.5994% 0.4006% 4244 

2 20.37 0.0102 0.0656 99.0909% 0.9091% 4290 

3 20.65 0.0139 0.0802 97.8397% 2.1603% 4212 

12 40.58 0.0138 0.1004 97.8322% 2.1678% 8534 

13 43.29 0.0138 0.0928 98.1635% 1.8365% 8549 

23 41.6 0.0147 0.0985 97.7545% 2.2455% 8595 

123 67.41 0.0132 0.1005 97.5855% 2.4145% 12839 

SVM
Table 4.2 Classification result from LibSVM using 50% split

Exp Time 
(SECS) 

MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of 
Instances 

1 5.41 0.0377 0.1942 92.4599% 7.5401% 4244 

2 5.83 0.0466 0.2159 90.676% 9.324% 4290 

3 6.5 0.0945 0.3075 81.0918% 18.9082% 4305 

12 18.8 0.0387 0.1966 92.2662% 7.7338% 8534 

13 25.77 0.0289 0.17 94.2215% 5.7785% 8549 

23 24.4 0.0579 0.2407 88.4119% 11.5881% 8595 

123 69.96 0.0239 0.1546 95.2177% 4.7823% 12839 

 

RepTree
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Table 4.3 Classification result from RepTree using 50% split

Exp Time 
(SECS) 

MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of 
Instances 

1 0.19 0.0026 0.0434 99.5287% 0.4713% 4244

2 0.09 0.0076 0.0655 99.0909% 0.9091% 4290

3 0.08 0.003 0.0431 99.5354% 0.4646% 4305

12 0.14 0.0046 0.0535 99.3204% 0.6796% 8534

13 0.15 0.0058 0.0625 99.0174% 0.9826% 8549

23 0.14 0.004 0.049 99.395% 0.605% 8595

123 0.24 0.0056 0.061 99.1666% 0.8334% 12839
 

J48
Table 4.4 Classification result from J48 using 50% split

Exp Time 
(SECS) 

MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of 
Instances 

1 0.39 0.0022 0.0425 99.5759% 0.4241% 4244 

2 0.16 0.0027 0.0453 99.5571% 0.4429% 4290 

3 0.1 0.0019 0.0418 99.6516% 0.3484% 4305 

12 0.28 0.0034 0.0507 99.4024% 0.5976% 8534 

13 0.29 0.0035 0.0477 99.497% 0.503% 8549 

23 0.28 0.0016 0.0379 99.6975% 0.3025% 8595 

123 0.56 0.0038 0.0564 99.2912% 0.7088% 12839 

 

BayesNet
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Table 4.5 Classification result from Bayesian networks using 50% split

Exp Time 
(SECS) 

MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of 
Instances 

1 0.39 0.0141 0.1093 97.2196% 2.7804% 4244 

2 0.13 0.0144 0.113 97.2261% 2.7739% 4290 

3 0.08 0.0128 0.108 97.4448% 2.5552% 4305 

12 0.17 0.0239 0.1413 95.4535% 4.5465% 8534 

13 0.16 0.0289 0.1583 93.9993% 6.0007% 8549 

23 0.17 0.0192 0.1301 96.2536% 3.7464% 8595 

123 0.31 0.0288 0.1566 94.4933% 5.5067% 12839 

 

Naïve-bayes
Table 4.6 Classification result from Naive-bayes using 50% split

Exp Time 
(SECS) 

MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of 
Instances 

1 0.21 0.1357 0.2785 72.5966% 27.4034% 4244 

2 0.03 0.1116 0.292 77.4126% 22.5874% 4290 

3 0.02 0.1358 0.323 75.2613% 24.7387% 4305 

12 0.05 0.1475 0.3086 72.2053% 27.7947% 8534 

13 0.05 0.1649 0.3209 74.7456% 25.2544% 8549 

23 0.04 0.15 0.3445 71.3903% 28.6097% 8595 

123 0.08 0.1296 0.3102 75.8626% 24.1374% 12839 

 

SMO
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Table 4.7 Classification result from SMO using 50% split

Exp Time 
(SECS) 

MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of 
Instances 

1 0.72 0.2627 0.3314 85.2733% 14.7267% 4244 

2 0.41 0.2531 0.3168 97.2727% 2.7273% 4290 

3 0.66 0.2805 0.3573 70.1045% 29.8955% 4305 

12 1.62 0.2658 0.3356 82.1303% 17.8697% 8534 

13 1.08 0.2689 0.3399 81.7639% 18.2361% 8549 

23 1.64 0.2745 0.3487 73.3915% 26.6085% 8595 

123 2.56 0.2698 0.342 79.6168% 20.3832% 12839 

 

Logistic
Table 4.8 Classification result from Logistic using 50% split

Exp Time 
(SECS) 

MA error RMS error Correctly 
classified 

Incorrectly 
classified 

No. of 
Instances 

1 5.47 0.0167 0.0961 97.9736% 2.0264% 4244 

2 2.51 0.0458 0.1453 94.6387% 5.3613% 4290 

3 2.32 0.0926 0.2028 92.2184% 7.7816% 4305 

12 3.21 0.0637 0.1624 94.4809% 5.5191% 8534 

13 3.63 0.1045 0.2072 88.3963% 11.6037% 8549 

23 4.13 0.0985 0.2068 91.0529% 8.9471% 8595 

123 7.15 0.0958 0.2048 89.5007% 10.4993% 12839 

 

If we take a look to the results obtained, we can observe that MLP and decision trees 
provide good results for the problem and improve the previous works carried out at the 
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OIT using MLP and LVQ algorithms, especially when classifying mixed odors 
(experiment 123).

In the next paragraphs we are going to evaluate different mixtures of classifiers to improve 
the results provided by individual classifiers: First of all, we will evaluate the use of a 
mixture based on MLP and SVM. Then, in order to evaluate the mixture, we will use the 
classifier with worst individual results (SMO) for the mixture in order to demonstrate that 
even using the worst classifier for the mixture we can improve the classification results of 
individual classifiers.

We generate a new file mixtura.csv. The file contains 8 new columns, 4 for the SMO, and 
another 4 for the MLP. P1i is the probability of belonging class i with the SMO. P2i is the 
probability of belonging class i with the MLP (first index indicates SVM=1 or MLP=2, and 
second index the class).

SVM + MLP (fused using SVM)
Table 4.9 Classification result fusing SVM and MLP with SVM

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

1 0.2507 0.3115 99.4581% 0.5419% 4244
123 0.2525 0.3158 97.7802% 2.2198% 12839

SVM + MLF (fused using MLP)
Table 4.10 Classification result fusing SVM and MLP with MLP

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

1 0.0022 0.0299 99.7644% 0.2356% 4244
123 0.0112 0.0838 98.23119% 1.7681% 12839

As can be seen in the tables above, the results obtained by the mixture notably improves 
the results obtained with the individual classifiers, especially when the MLP is used as the 
fusion technique for the mixture. 

We obtain the best result when we combine MLP and REPTree:

MLP + REPTree (fused using MLP)
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Table 4.11 Classification result fusing MLP and REPTree with MLP

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

123 0.0049 0.0534 99.3068% 0.6932% 12839

Next, we are going to evaluate different set-ups for the mixture, using the SMO as the 
fusion technique and focusing on the 123 experiment:

SMO + REPTree (fused using SMO)
Table 4.12 Classification result fusing SMO and REPTree with SMO

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

123 0.2509 0.3132 99.299% 0.701% 12839
 

SMO + SMO (fused using SMO)
Table 4.13 Classification result fusing SMO and SMO with SMO

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

123 0.2669 0.3377 82.81025 17.1898 12839
 

SMO + Naïve-Bayes (fused using SMO)
Table 4.14 Classification result fusing SMO and Naive-Bayes with SMO

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

123 0.2633 0.3325 87.351% 12.649% 12839
 

Naïve-bayes +Naïve-bayes (fused using SMO)
Table 4.15 Classification result fusing Naive-bayes and Naive-bayes with SMO

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of
Instances

123 0.2633 0.3325 87.351% 12.649% 12839
 

BayesNet + Naïve-bayes (fused using SMO)
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Table 4.16 Classification result fusing BayesNet and Naive-bayes with SMO

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

123 0.2548 0.3175 95.6305% 4.36955 12839
 

BayesNet + BayesNet (fused using SMO)
Table 4.17 Classification result fusing BayesNet and BayesNet with SMO

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

123 0.2565 0.3221 94.7114% 5.2886% 12839
 

Logistic + Naïve-Bayes (fused using SMO)
Table 4.18 Classification result fusing Logistic and Naive-bayes with SMO

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

123 0.2563 0.3182 93.7378% 6.2622% 12839
 

Logistic + Logistic (fused using SMO)
Table 4.19 Classification result fusing Logistic and Logistic with SMO

Exp MA error RMS error Correctly 
classified

Incorrectly 
classified

No. of 
Instances

123 0.2585 0.3195 91.8763% 8.1237% 12839
 

As can be observed in the tables above, if we create a mixture based in SMO (which is the 
individual classifier with worst performance) we can improve the results provided by the 
individual classifiers.

In the next section we show the conclusions obtained in this master thesis and the future 
work proposed as a continuation of the current studio.



49 
 

Chapter 5
 

Conclusions & future work

We have studied the problem of odor classification, the current state of the art and 
identified new possibilities for improving the existing systems. We have focused on an 
odor classification system designed and developed in the Osaka Institute of Technology 
(Japan) and we have focused on the classification of 5 kinds of gases.

We have revised the state of the art of odor classification systems and we realized that 
most of the efforts are devoted to the hardware technologies. There exist different studies 
where classification techniques are applied to this problem, but in these works the authors 
propose the use of individual classifiers. We have also revised the state of the art of 
classifiers that can be used for this problem, and we have paid special attention to the state 
of the art of information fusion techniques. We have observed that information fusion 
techniques have not been previously used in this kind of problem and that can contribute to 
improve the performance of odor classification systems. The previous solutions focused on 
combining classifiers, but not in fusing information.

Our proposal presents a new architecture for information fusion that takes into account the 
outputs of the individual classifiers and the inputs of the odor system, which provides 
capacities for learning and adaptation. In our proposal, we define a mixture that can learn 
from the individual classifiers and from the inputs of the odor system. The proposal has 
been evaluated in detail and the results show that the mixture improves the performance of 
the individual classifiers in all the cases.

The classification results and accuracy is improved and thus can be concluded that the 
ensembles of classifiers outperform the individual classifier performances which also 
includes the LVQ method employed by the team at OIT, Japan on the same data.

As future work, we plan to:

- To evaluate the mixture in all the possible cases for the combination of classifiers 
and experiments.

- Improve the proposed mixture using more than two individual classifiers in the 
experiments.
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- To define automatic of semi-automatic mechanisms for the selection of classifiers.
- To evaluate the proposed mixture in different datasets and case studies.

A paper titled Intelligent Classifier for E-nose systems has been published in the Trends in 
Practical Applications of Agents, Multi-Agent Systems and Sustainability. Advances in 
Intelligent Systems and Computing Volume 372, 2015, pp 239-240. The paper proposes 
the idea of an ensemble of classifiers using information fusion for e-nose data. 
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