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Abstract

The present work describes an algorithm to enhance selectivity of metal ox-
ide (MOX) gas sensors. The main objective is to improve gas discrimination
performance of MOX sensor using a temperature modulation combined with
phase space method. Our aim is to achieve a very good gas discrimination per-
formance based on a fragment of sensor signal, rather than using the response
of sensor for entire modulation signal.

The basic principle behind this thesis work is that investigating in sensor
response and extracting a segment with high class separability from a full mod-
ulation cycle of sensor response. The fragment of sensor signal is obtained by
variable sliding window. A segment that gives more separable classes is taken
for discriminating between a set of given analytes. In this work we demonstrate
the developed algorithm with a single, commercially available MOX sensor, Fi-
garo TGS 2620, which is temperature modulated with a sinusoidal waveform.
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Chapter 1
Introduction

Sensation in humans can be classified into main categories: physical and chemi-
cal sense. The physical category consists of hearing, touch, and sight. The chem-
ical sense is composed of smell and taste. The chemical category contributes to
the sensation of flavour using sense of smell and taste. The emitted odourant
from an object enter nasal cavity and then can be recognised by human olfac-
tory system. In addition, the sense of smell is key factor in human olfaction
system in the purpose of sensing the flavour as well as, the dominant ability
to detect potentially, harmful conditions such as fire, gas and also the quality
of food. The human nose is the first and primary instrument deployed in per-
fumes, food and beverage industries to test and evaluate the quality of prod-
ucts. This primary instrument can be expensive, time consuming, infections, etc.
The most widely used techniques in analytical chemistry are Gas chromatogra-
phy (GC) and Gas Chromatography-mass spectrometry (GC-MS) and the main
shortcomings of these techniques are as follow: time consuming, expensive and
require train experts of these methods.

However, an alternative method to overcome the issues regarding human
olfactory system and analytical chemistry measurement is using electronic nose
(e-nose) instrumentation. In the past decades, e-nose has become widespread
instrumental device to detect and discriminate analytes in perfumes production,
foods and beverages industry, environmental monitoring, and more recently,
medical diagnostics and bioprocesses.

1.1 Electronic Nose and Metal Oxide (MOX) Sensors

The e-nose is comprised of sampling system, an array of gas (chemical) sen-
sors with partial selectivity, and a signal processing and data analysis unit. By
exposing the sensor array of e-nose to analyte, the output can be either an esti-
mate of the concentration of the analyte or the characteristic pattern, an odour
signature . Thus, the response of gas sensor produces a chemical fingerprint
related to a given odourant. After recorded data of sensor response, data anal-
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18 CHAPTER 1. INTRODUCTION

ysis unit is fed with proper set of features from sensor response to enhance the
classification and discrimination of analytes.

Chemical gas sensors respond to molecules and able to convert a chemi-
cal input to electrical signal. Several different technologies of gas sensors are
available and the commonly used gas sensor in e-nose include, metal oxide
(MOX), conducting polymer sensors, etc. In much of the early research on ma-
chine olfaction, MOX sensor have been more used in e-nose than other gas
sensor technologies. Since, MOX sensors are inexpensive, high sensitive (down
to the sub-ppm level for some gases) and contain usable life-span of three to
five years. On the other hand, MOX sensors suffer from poor selectivity, re-
sponse drift and influenced with environmental factors such as humidity and
temperature [65].

Therefore, several techniques to tackle the lack of selectivity of MOX have
been devised. The well-known and the most commonly employed technique is
using modulation of the sensor operating temperature. This method controls
the temperature of surface MOX sensor using modulating the temperature.
Since, sensor properties are depending on the sensor temperature. Modulating
the temperature is performed by using a periodic signal to altering the working
temperature of MOX sensor [40]. Furthermore, e-noses are utilised in a variety
of applications such as food quality evaluation [45], environmental monitoring
[38], medical diagnosis [66], mobile robot olfaction [28], etc.

1.2 Motivation

MOX sensors have been extensively used for decades to discriminate and de-
tect analytes. Many research centers and development groups in industries and
academia are endeavoured to use these sensors in e-noses. Since, MOX sen-
sors are low-cost compared to other sensing technologies. But, the main and
intrinsic issue of MOX sensors can be addressed their poor selectivity.

The approach in the presented work is to provide an algorithm to enhance
selectivity of MOX sensor based on modulation of the sensor operating tem-
perature. The proposed algorithm enhances selectivity by investigating in sen-
sor response to obtain a small optimal segment that produces high separability
between classes. In other words, using this segment considerably improve clas-
sification success rates. The optimal segment is extracted using variable sliding
window and offset. The features of small fragment is extracted by Dynamic
Moments technique, then separability between classes is measured by Maha-
lanobis distance metric. A fragment that gives more separable classes is taken
as optimal segment.

The algorithm is evaluated based on discrimination among three organic
solvents vapors include Acetone, Ethanol and 2-Propanol. In this thesis work
we used an e-nose with a single MOX sensor (i.e. TGS 2620) that is modu-
lated with sinusoidal waveform with seven frequencies (0.1Hz, 0.2Hz, 0.25Hz,
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0.33Hz, 0.50Hz. 0.66Hz, 1.00Hz ). The experiments were performed in con-
trolled environment.

1.3 Outline of thesis

The rest of thesis has been divided into five chapters and organised as follows:

• Chapter 2: Introduces the fundamental principle of e-nose and e-nose
applications as well as makes an analogy between e-nose and human ol-
factory system.

• Chapter 3: Describes the design and characteristic of gas sensor technolo-
gies and focus on metal oxide gas sensor and its selectivity enhancement
techniques, specifically using temperature modulation approach.

• Chapter 4: Begins by introducing the key concept of the Dynamic mo-
ments feature extraction method as well as the basic principle behind the
proposed algorithm.

• Chapter 5: Contains evaluation and result of the proposed algorithm.

• Chapter 6: Presents conclusions and represents possible feature works can
be extended and refined.





Chapter 2
Electronic Nose

2.1 Introduction

In recent decades there has been a significant interest for artificial olfaction
and electronic noses (e-noses). The development of the e-nose technology was
prompted due to the promise of a low cost, fast and portable device able to dis-
criminate between different compounds. A typical e-nose system is composed
by an array of partially selective gas sensors and a pattern recognition block.
When an e-nose is exposed to a gaseous analyte, the sensors will produce a
response pattern that can be considered as an electronic fingerprint. This fin-
gerprint is then passed to the pattern recognition block which, according to
previous samples, will assign the finger print to one of “N” possible classes.

It is not reasonable to make a direct comparison between an e-nose with
its biological counterpart. For example, the human olfactory system contains a
sensory tissue that includes about fifty million neural receptors while, for a typ-
ical e-nose system, the number of sensors is in the order of tenths. Furthermore,
mammals can discriminate thousands of different compounds while in the case
of an e-nose, its discrimination capabilities are application specific and they are
limited to a few compounds.

Instead, e-noses can be seen as a complement to the human olfactory capa-
bilities. For example, e-noses can be used in industrial application to monitor
gases for prolonged periods of time, also e-noses can be used in hazardous con-
ditions, where a human operator cannot be used.

This chapter opens with a brief analogy between the biological olfaction
system and e-nose technology. Basic concepts and early developments of e-nose
technology follows. In section 2.4, a brief survey of current applications of e-
noses is presented. To close this chapter, we present the basic building blocks
of an e-nose.

21



22 CHAPTER 2. ELECTRONIC NOSE

2.2 Analogy between Biological Nose and E-Nose

As stated before, one key motivation for designing e-noses is to develop a
portable measuring device that is affordable, reliable and stable when sensing
odourants. E-nose is comprised of sample delivery, an array of sensor, signal
acquisition, data processing, feature extraction and classifier units [36].

While it is not accurate to directly compare an e-nose with the human sense
of smell, it is interesting to analyse the principles behind the mammalian olfac-
tory system, since it includes many of the desired properties for e-noses. The
human olfactory process begins with a simple sniff, which brings odours into
the epithelium layer. In an analogous way, an e-nose can have a pump that de-
livers the odourants to the sensor array. Mucous, hair and membranes operate
in the human nose as filters, while the e-nose can have electrical, mechani-
cal and software components that condition the input samples. The human
olfactory epithelium includes millions of sensing cells, that interact with the
odours molecules in unique ways. Likewise, the e-nose contains a variety of
non-specific (but partially overlapped) sensors. The biological receptors con-
vert the chemical responses to electrical nerve impulses. The unique patterns of
nerve impulses are propagated through a complex neuron network. Similarly,
an array of sensors in the e-nose transduces a chemical reaction into an elec-
trical signal (e.g. conductance, voltage drop). In addition, a pattern recognition
system reads the pattern of signals to interpret the sensor response signals.

It is important to notice, mammalian olfactory system can perform those
tasks that e-nose cannot execute and also e-noses can detect gases human can-
not. For instance, a human operator cannot be exposed to hazardous gases
(such as H2S), while an e-nose can be deployed in areas where high concen-
trations of poisonous gases can be presented. On the other hand, the human
nose can detect complex odour patterns while an e-nose has limited sensing
capabilities [11]. In addition, the human nose is severely limited by the facts
that olfactory system is subjective, an human nose gets fatigued easily. Based
on the previously stated facts it can be concluded that e-nose systems are not a
replacement for human nose, but it can be seen as its complement. Figures 2.1a
and 2.1b illustrate the major components and processes of an e-nose versus its
biological counterpart.

2.3 Early Development and History of Electronic
Nose

It was not until early in the 20th century that technological advances in semi-
conductor and sensing technologies allowed the initial developments in ma-
chine olfaction. In 1920, Zwaardemaker and Hogewide [30] suggested that
odourants could be detected by measuring the electrical charge developed on a
fine spray of water, but they were not successful in developing this concept into
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(a)

(b)

Figure 2.1: The main process of the biological olfactory and e-nose system. (a)
Human Nose (b) E-Nose.
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a practical instrument. In 1964, it was Hartman and colleagues that, for the
first time, reported the use of an electrochemical sensor for detecting an odour.
In principle, the sensors they employed were examples of amperometric electro-
chemical gas sensor. Their instrument was composed by an array of eight differ-
ent electrochemical cells and produced different response patterns for various
odour samples. Although computers were becoming available, Hartman and
co-workers made no attempt to process the obtained electrical pattern [65].

Approximately at the same time, Moncrieff [56] was working in odour dis-
crimination but with a different approach. In his work, he used a single thermis-
tor coated with one of a number of different materials, including vinyl chloride,
gelatine and vegetable fat, to monitor odours. He proposed that if an array of
six thermistors with six different coatings were constructed, the resulting instru-
ment would be able to discriminate between a large number of odorants [36].
The idea of an electronic nose as an intelligent device emerged in 1982 with the
work of Persaud and Dodd at the Warwick University in the UK, and in a par-
allel work at the Hitachi Research Laboratory in Japan. The term “electronic
nose“ was first used in the literature by Gardner around the late 1980s [19].
Then, in 1991, the NATO session of advanced workshop on chemosensory in-
formation processing was dedicated to the topic of olfaction. Nowadays, the
following definition of an electronic nose by Gardner and Bartlett coined in
1994 is generally accepted:
“An electronic nose is an instrument which comprises an array of electronic
chemical sensors with partial specificity and an appropriate pattern recognition
system, capable or recognizing simple or complex odours [20].”

2.4 E-Nose Applications

Over the past few decades there has been significant improvement and de-
velopment in e-nose technology. Due to the e-nose prominent features such
as long-term usage with high repeatability and reproducibility. These features
have ensured a plethora of advantages to variety of applications including en-
vironmental monitoring, military, health care, mobile robotic olfaction, food
industry and various scientific and industrial research fields. Some examples
of electronic nose applications are discussed in more detail in the following
sections.

2.4.1 Electronic Noses in Food Industry

Food industry is one of the most promising market for e-nose technologies.
Human senses are strongly involved in an individual’s interaction with foods.
The analysis of food provides an excellent field to compare the performance
of natural and artificial olfaction systems. Due to the fact that e-nose is a non-
destructive sensing device, it is an ideal tool for quality assessment. Some com-
mon applications of e-noses in food industry are quality assessment in food
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production, inspection of food quality by odour, cooking processes, fish eval-
uation, monitoring the fermentation process, monitoring food and beverage
odours [45] . Commonly, qualitative judgment of food spoilage is made by hu-
man sensory panels that evaluate samples and determine which food products
are good or unacceptable. Bacterial contamination of food and drinks can gen-
erate unpleasant odours and toxic substances. Therefore, different industries
are interested in the application of the e-nose both for monitoring of storage
quality degradation and for detecting microbial contaminants [52].

In the case of fruit quality monitoring, several works have shown that e-
noses can be successfully applied in this field. Pathange et al. [53] used ma-
turity indices such as starch index and puncture strength to categories fruit
of “Gala”apple into two group of maturity and over-mature fruits. In this
work Pathange and co-workers obtained a significant classification accuracy
with their system.

2.4.2 Electronic Noses for Medical Applications

Historically, the sense of smell has been of great importance for physicians,
and based on the current state of the machine olfaction field, the use of e-
noses in medical application is an intriguing possibility to explore. An electronic
nose can examine bodily odours (e.g breath, open wounds) to detects diseases.
Breath odours can be indicator of gastrointestinal diseases, infections, diabetes,
and liver problems. Infected wounds produce distinctive odors that can be iden-
tified with the use of an e-nose, as demonstrated in [38]. The recent examples
of electronic nose in medical application is the work proposed by Trincavelli et
al. [66]. They proposed a method to identify and discriminate bacteria exist in
blood culture. In this work, Trincavelli and co-workers employed features of
dynamic and stationary portion of signal. The obtained features pass to sup-
port vector machine classifier (SVM) and the ensemble algorithm. Trincavelli
et al. discriminate between 10 different bacterium (sepsis) that are found in the
human blood and cause blood poisoning.

2.4.3 Electronic Noses for Environmental Monitoring

Electronic noses employed widely in environmental monitoring such as air
quality monitoring, testing ground water for odours, identification of toxic
wastes, and monitoring factory emissions [38].

It is important to mention that water quality can be tested with an e-nose
either on-line or off-line. Several research groups demonstrated the applications
of e-nose for monitoring water quality. Baby et al. [13] employed the MOSE II
e-nose to analyse and measure contaminating residues of insecticides the flow
into rivers and water sources. Dewettinck et al. [14] monitored volatile com-
pounds in the effluent of domestic wastewater with e-nose consisting of 12
metal-oxide sensors for more than 12 weeks.
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2.4.4 Mobile Robotics olfaction

In the last decade great attention has been paid to the integration of e-noses
and mobile robot platform. Research regarding gas sensing and gas source lo-
calisation with mobile robot started in early 1990s [34]. Robots with intelligent
olfaction system can be useful for potential applications include autonomous
search for gas leaks, hazardous chemicals and pollutant sources. Gas source
localisation [21] and gas source distribution mapping [41] are two important
research directions in mobile robotics olfaction.

Gas Distribution Modeling (GDM) makes a model of gas distribution in
queried locations from a set of available spatially and temporally distributed
measurements such as, foremost gas concentration as well as wind, pressure
and temperature. Creating accurate model of gas distribution is a difficult task
due to the chaotic nature of gas dispersion and the sparsity of point measure-
ments of gas concentration. Physics of gas dispersal issues are for example,
homogeneous mixture of gas with its surrounding, turbulent air flow that cre-
ates fluctuating intermittent patches of high concentration and movement of
these patches by advective flow. The problem of gas sensor is obtaining infor-
mation from environment correspond to a small region of interaction between
sensor surface and the molecules of odorants. Consequently, measurement of
gas concentration requires a number of sensors for a large environment which
is not cost-effective and flexible approach. A dense grid of sensors provides a
good coverage however, it is inflexible, since sensors location cannot vary with
the environment conditions. To overcome this problem using a single mobile
sensor is high of interest [58].

Basically, GDM techniques can be classified into two categories, model-
based and model free. In model-based methods, a model of gas distribution
is derived from the sensor measurements. Computation fluid dynamics (CDF)
is an example of this approach, but for realistic scenarios this method is not
efficient due to high computational requirements. Model free methods make
no assumptions regarding a specific function for gas distribution such as gas
source location [58]. An example of a model free GDM algorithm is the Kernel
DM+V proposed by Lilienthal et al. [41]. The algorithm builds a statistical two-
dimensional distribution model from observed sensor measurements. The Ker-
nel DM+V extrapolates gas concentration from a set of collected sparse mea-
surements. This algorithm avoids making strong assumptions about boundary
conditions and the explored area is discretized into a grid map.

Gas source localization is the concept of locating gas source in the environ-
ment. This task can be divided to three stages [34]:

• gas finding – Only detecting an increased concentration of analyte with-
out providing more information.

• gas source tracing – deployment of the cues determined from the sensed
gas distribution towards the source.
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• gas source declaration – determining the certainty that the source has
been found.

It is worth also to notice that gas molecules are diffused slowly in the atmo-
sphere environment. Further, gas molecules released from gas source are carried
by the airflow and creating a plume. Airflow in indoors and outdoors are almost
always turbulent. In these environments plumes are patchy and chaotic. There-
fore, localising a gas source in presence of turbulent airflow by mobile olfaction
system is not trivial task [33]. To tackle these issues various sensors, wide va-
riety algorithm for different environments and conditions are proposed. There-
fore, gas source localisation techniques are performed based on using different
sensors, diverse environments, biologically inspired or statistical approaches as
well as using either single robot or multiple robots.

During the past fifteen years, many methods have been proposed to how gas
source localisation could be given to robots. A common approach is biologi-
cal inspiration, many methods have been proposed based on mimicking insects
and animals (e.g. moth, Lobster) for locating the gas source. The biological gas
source tracking algorithms are based on two concepts, chemotaxis and anemo-
taxis. In chemotaxis approach the movement of robot is defined gradient of the
chemical concentration. While anemotaxis approaches; the movement of robot
is defined by perceived airflow (i.e. the robot moves in the upwind direction).
It is also important to note that the algorithms based on these principles might
not work in real scenarios [28]. Therefore, several engineering approaches have
been proposed for example, infotaxis. Regarding infotaxis Vergassola et al. [70]
proposed algorithm rely on probability and information theory. The infotaxis
algorithm tackle problem of turbulence, thus can be used in uncontrolled in-
door or outdoor environments. Infotaxis algorithm models the location of gas
source as a probability distribution derived from prior measurements and the
next action of the robot is decided based on a minimum entropy.

It is important to remark that engineering approaches are an alternative
over biological inspired algorithms for source localization. More recently, Her-
nandez et al. [28] proposed engineering approach for localising gas source.
Authors, characterised airflow and the measurements using MOX and photo
ionization detector sensors by three mobile robot platforms in four different
locations (indoors and outdoors). In this work the advantages of engineering
approaches are explored. For instance, the authors used both MOX and PID
sensors to combine the benefits of both sensors and reducing the limitations.
They proposed that variance maps built with the Kernel DM+V can be used as
indicators of gas source proximity.

2.5 Electronic Nose Architecture

A basic e-nose device comprises five separated blocks: sampling system, sensor
array, preprocessing, feature extraction and classification as shown in figure
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2.2. In the following sections each components will be explain in more detail.

Figure 2.2: Electronic Nose Block Diagram

2.5.1 Sampling Systems

Recall, e-nose has various applications in different situations such as on-line
monitoring in food industries, continuous environmental monitoring or de-
ploying it in laboratory condition. Thus, sampling procedure for e-nose can
be performed in two environments; laboratory and natural environment. In the
laboratory condition, gas sensors expose to odours in a chamber where temper-
ature, humidity and gas concentrations are usually controlled and this sampling
technique is called closed sampling. The sensor response in a closed sampling
system can be described, as shown in figure 2.3a, by four characteristic phases
namely baseline, transient response, steady state and recovery.

The baseline phase corresponds to the response of the sensors when exposed
to a reference gas, for example fresh air. In the second phase the e-nose is ex-
posed to an odourant and a response transient occurs when the sensor starts
to interact with the induced concentration step. When the introduced concen-
tration steps remains constant for a period of time, the response of the sensor
stabilizes at a specific conductance value (depending on the concentration and
the analyte). This stabilization occurs due to the stabilization of the chemical
reactions at the sensor surface (i.e. dynamic equilibrium) and this stage com-
monly referred as steady state [29].

For applications carried out outside laboratory environments, a different
configuration is used in which, the sensors are directly exposed to the analytes.
Due to the presence of airflow, the gas concentrations fluctuates and hence,
the sensor response hardly reaches a steady state. In this condition, the analyte
interacts with the sensors only for a short period of time. As a result, the steady
state of the sensor almost never reached. Thus, the analysis can be performed
in the transient response of signal.(See figure 2.3b )

2.5.2 Array of Chemical Sensors

The sensor array consist of several sensors whose number is application depen-
dent. Each sensor in the array converts a chemical input into a time dependent
electrical response pattern such as conductance, capacitance or voltage changes.
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(a)

(b)

Figure 2.3: Sampling systems, (a) Signal collected in presence of Acetone from
MOX (TGS 2620) sensor by closed sampling system. (b) Open sampling signal
collected with MOX (TGS 2620) sensor in presence of 2-Propanol.

An array of gas sensor can respond to a wide range of odorants rather than an
specific one. Therefore, in order to improve the selectivity of an e-nose system,
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sensors in an array is placed near together to produce a same response pattern
that can be used to discriminate between analytes. It is worth to remark that in
this work we did not used heterogeneous gas sensors.

2.5.3 Signal Preprocessing

The first step of computational process is preprocessing after collecting data,
and perform to prepare data for subsequent processing. The preprocessing is
employed for several purposes; including compensate for sensor drift and at-
tenuate noise of sensor response. Preprocessing technique consists of filtering,
baseline manipulation and normalization. Filter is the first stage of preprocess-
ing and is used in the purpose of attenuating quantization error.

Baseline corrections are used to compensate the long term drift, enhance
the contrast and scale the sensor responses [44]. The most common baseline
correction techniques are:

• Differential

• Relative

• Fractional

The differential method, subtracts the baseline y0 from the sensor response
ys. Consequently, this method suppresses any additive noise or drift εi that
might be present in the sensor response as shown in equation 2.1.

xij = (ys + εi) − (y0 + εi) = (ys − y0) (2.1)

The relative technique divides the baseline into sensor response, in the pur-
pose of removing multiplicative drift and produces a dimensionless sensor re-
sponse [25] which is shown in equation 2.2

xij =
ys(1 + εi)

y0(1 + εi)
=
ys

y0
(2.2)

Fractional manipulation, subtracts and then divides the baseline from the
sensor response in order to generating dimensionless and normalized sensor
response [25] according to equation 2.3

xij =
ys − y0

y0
(2.3)

Data normalization included across the sensor array in order to attenuate
the pattern dispersion induced by concentration changes . Normalization, in
principle is used to diminish any fluctuation in the sample concentration. Thus,
providing a more regular input to the subsequent modules. The most widely
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used normalization methods in odour discrimination systems are: vector nor-
malization, vector auto-scaling and dimension auto-scaling. In literature these
techniques are classified into two major forms local and global. Vector normal-
ization is the local method, in which the feature vector of each individual sniff
is divided by its norm (Eq 2.4). The local normalization is aimed at compensat-
ing for sample-to-sample variations cause by analyte concentration and sensor
drift [54]. In what fallows, we represent xij as response of sensor “i” to the
“j−th” sample.

x ′ij =
xij√∑

s
(xij)2

(2.4)

Global methods, operate across the entire database for a single sensor and
generally employed to ensure that sensor magnitudes are comparable or com-
pensate for differences in sensor scaling [54]. Vector auto-scaling and dimen-
sion auto-scaling are global procedures and described by equations 2.5 and 2.6.
Auto-scaling sets the mean and standard deviation of each feature to zero and
one respectively. Dimension auto-scaling sets the individual features value in
the range of zero and one(0,1) [36].

x ′ij =
xij −mean(xij)

std(xij)
(2.5)

x ′ij =
xij −min(xij)

max(xij) −min(xij)
(2.6)

2.5.4 Feature Extraction

A relatively high number of features can be extracted from sensor response
data. Some of these features will contain meaningful and informative data
while some other features will diminish the performance of the system. The
performance of the classifier will alter significantly according to quality of the
information that the features extraction provides. Therefore, aim of feature ex-
traction is to obtain number of informative features for the classification step.

A considerable number of feature extraction techniques in odour discrim-
ination have been introduced, such as the Fast Fourier Transform(FFT) [51],
the phase space (PS) with Dynamic moments(DM) [69], curve fitting [44] and
wavelet transform [32].

A common stage after extracting feature is to reduce the number of features.
For example, the initial feature vector can be projected in a lower dimensional
space with the purpose increasing the classification accuracy. Consequently, the
objective of feature extraction is to obtain a low-dimensional mapping that
includes most of the information in the original feature vector (f : x ∈ <N →
y ∈ <M(M < N)).

Two dimensionality reduction techniques that are widely used in the elec-
tronic nose applications are Principle Component Analysis (PCA) and Fisher’s
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Linear Discrimination Analysis (LDA). PCA is a technique that projects along
the directions of maximum variance, which are defined by the first eigenvectors
of

∑
x, the covariance of x. LDA is a signal-classification method that directly

increases class separability. LDA projects features of each class where the dif-
ferent classes are far from each other. The projection is according to first eigen-
vectors of the matrix S−1

w SB, where Sw is within-class and SB is between-class
matrices [25].

2.5.5 Classifier and Pattern Recognition Techniques

The aim of classifier is to define a optimal decision rule, that efficiently divide
the data into k classes (C1...CK). A classifier has to learn or estimate from a
collection of samples and their corresponding target response.

The most classification methods utilised in odour identification are quadratic
classifiers, nearest neighbors classifiers (k-NN), Multilayer Perceptron (MLP)
and Radial Basis Functions (RBF) and recently, Support Vector Machine (SVM).
SVMs have advantages in comparison with other classification techniques such
as, ANNs. SVM can provide global optimum solution and the computational
time which is less than other classifiers . Furthermore, SVM is able to provide
good generalization performance in the context of odour classification. SVM
classifier generally is a binary classifier and also can be employed for multi-class
classifier based on algorithm “One-Against-All” or “One-Against-One” [7].

So far, in this chapter, we presented key concepts related to machine olfac-
tion and e-noses. In the next chapter we will discuss the sensing technologies,
more specifically, metal oxide sensors (MOX). The key concept of selectivity
enhancement will also be discussed. In particular, we will focus on temperature
modulation of MOX sensors.



Chapter 3
Gas Sensing and Selectivity
Enhancement

3.1 Introduction

Recall that e-noses are systems for identification and discrimination odorants
whose structure typically consists of an array of sensors (gas sensors), a con-
ditioning and signal processing unit and a pattern recognition block. When an
analyte presented to the sensor array generates characteristic pattern, an odour
signature of the analyte. Afterwards, identification and classification of odour
signature is accomplished by recognition algorithm such as ANN, SVM, etc.

Gas sensing technologies can be categorized into “in-situ” gas sensing and
remote gas sensing. In the former case, gas sensing relies on electrochemical
sensors, while in the latter case, sensing is based on remote-sensing technol-
ogy such as tunable diode laser absorption spectroscopy (TDLAS). Remote gas
sensing approach is based on passive or active IR-optical measurement tech-
niques. Optical method is used for measuring absorption at specific infrared
optical wavelength (e.g. 3.37 µm or 7.9 µm for methane) in the environment
along the detection direction. According to the optical configuration, gas can
be sensed remotely at distance of up to 30 - 1000 m. The main noted differ-
ences between these gas sensing technologies are as follow: in-situ gas sensing,
sensors are in contact directly with the analyte, while, in remote sensing indi-
rectly senses analyte either actively or passively. Measuring type in in-situ gas is
point base, whereas, in remote sensing is based on line integral. Unlike in-situ,
remote sensing can scan large area and considerable distance (30 - 1000 m). In
addition, compare to in-situ, remote sensing is an expensive approach [5]. It is
important to mentioned the present work is based on in-situ sensing, regarding
remote sensing the reader is referred to [5].

A chemosensor is a device that can convert a chemical quantity into an elec-
trical, thermal or optical signal etc. This conversion is performed in accordance
with the concentration of specific particles such as atoms, molecules and ions

33
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in gases or liquids. Chemosensors can be organized according to their sensing
technology, such as Metal Oxide (MOX) sensor, chemocapacitors and acoustic
wave, etc [54].

Metal oxide gas sensors have been extensively used due to their low cost
and high sensitivity. On other hand, this sensor suffers from poor stability and
cross selectivity. However, several techniques have been developed to overcome
these limitations for example, operating the sensor in dynamic mode, specif-
ically, varying the operating temperature of the sensors. [69]. Furthermore,
slow sensor response is another shortcoming of MOX sensor, hence acceler-
ation of feature extraction as well as optimal classification for discrimination is
of high interest. For example, the parallelized temperature modulation (PTM)
approach proposed in [29] aims to accelerate feature extraction by adding extra
hardware.

In this chapter we explain gas sensing technologies more specifically, we
focus on MOX sensing technologies in section 3.3. Selectivity enhancement
through temperature modulation is later explained in section 3.4 and this chap-
ter concludes with a brief survey of related work on temperature modulation.

3.2 Gas Sensing Technologies

A chemical sensor is a device that transforms chemical information into an elec-
trical signal. Chemical sensors consist of two basic functional parts: a receptor
or chemical sensitive layer and a transducer. In the majority of chemical sensors,
the receptor interacts with analyte molecules and its physical characteristics are
changed. The transducer is a device capable of transforming the variation of
the physical properties in the receptor into an analytical signal [23]. Figure 3.1
shows the components of a gas sensor.

Chemical sensors can also be classified according to their measurement prin-
ciple, as shown in table 3.1. In this section we introduce briefly these sensing
principles, and in section 3.3 we discuss in detail the metal oxide (MOX) sensor
family.

Principle Measured Sensor Type
Conductometric Conductance MOX

Capacitive Capacitance Chemocapcitor
Potentiometric I-V /C-V Chemotransistor
Calorimetric Temperature Thermal chemosensor
Gravimetric Piezoelectricity Mass-sensitive chemosensor

Optical Refractive Resonant-type chemosensor
Amperometry Current Toxic Gas Sensor

Table 3.1: Classification of chemical sensors. [54]
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Figure 3.1: The basic components of a chemical sensor. [36]

3.2.1 Chemocapacitor Gas Sensor Technology

The capacitive gas sensor detects gases by producing a change in capacitance,
proportional to the target analyte concentration. When sensor detects the gases
its electrical (dielectric constant ε) and physical properties (volume V) change
and creates deviations in dielectric and volume (∆ε,∆V). The capacitance of
this sensor changes reversibly according to gaseous analyte concentration. The
sensor exhibits good reliability and low cost and the drawback is very sensitive
to humidity [54].

3.2.2 Potentiometric Gas Sensor Technology

This type of sensors detect odorants according to potential difference (voltage)
between the working electrode and the reference electrode. The working elec-
trode’s potential varies according to the concentration of the analyte and the
reference electrode is used as a defined reference potential. Potentiometric gas
sensors can be produced with two techniques; Schottky diodes and the MOS-
FET. The first type works based on the change in the working function when
sensor is in present of gases [54].

Field-effect (FET) gas sensors are based on metal-insulator-semiconductor
structure. In these sensors the metal gate is a catalyst for gas sensing . Platinum,
Palladium are used in this application as a typical metals. There are two con-
figurations: the metal-insulator-semiconductor field-effect transistor (MISFET)
and the metal-insulator-semiconductor capacitor (MISCAP). The two confor-
mations work on the same way but differ in the method of measurement. Figure
3.2 shows these two types of MOSFET gas sensors [36].
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Figure 3.2: Field-effects gas sensor: (a)MISFET(n-channel) (b) MISCAP. [36]

The fast response and recovery time, low cost and small size are the good
points of this technology. Whereas, detect a few detectable substances, the de-
manding selectivity, high operating temperature and large power consumption
are drawbacks of these sensors [46].

3.2.3 Gravimetric Gas Sensor Technology

Gravimetric Gas Sensors can be divided in two major branches: quartz crystal
microbalance (QCM), also known as bulk acoustic wave (BAW) devices and
surface acoustic waves (SAW) devices. The operational principle of both de-
vices is based on the piezoelectric effect. This phenomenon produces an electric
charge when a mechanical stress is applied. Thus, when a gaseous substance
interacts with these devices, the resonant frequency will be changed and causes
changes in the mass of piezoelectric.

The advantages of QCM and SAW are relatively cheap and have a fast re-
sponse time. The disadvantage of these systems is their limited selectivity [36].

3.2.4 Calorimetric Gas Sensors Technology

Calorimetric gas sensors operate based on measuring the concentration of ana-
lyte by recognizing the temperature rise as consequence of the oxidation process
on a catalytic element. This sensor detects the change of temperature of the ac-
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Figure 3.3: The basic construction of pellistors [1].

tive surface of the sensor, which is made of Platinum, Palladium or Rhodium.
It consists of a surface of a film of catalytically active metal. Pellistor is an ex-
ample of this family and figure 3.3 depicts the basic components of pellistor.
Inexpensive is the main benefit of this sensor while, tpellistor suffers from slow
response [54].

3.2.5 Optical Gas Sensors Technology

Optical gas sensors operate according to Surface Plasmon Resonance (SPR)
phenomenon. SPR-based instruments use an optical method to measure the re-
fractive index near a sensor surface(within 300 nm) . Optical SPR sensors are
sensitive to the change in the refractive index of a sample surface. Nowadays,
toxic gases such as ammonia, toluene and other gases can be detected by calcu-
lating the angle modulation of SPR.

3.2.6 Amperometry Gas Sensors Technology

Amperometry Gas Sensors (AGS) detect gases via involving oxidation or re-
duction of the gas to be detected at the sensor’s working electrode, which is
held at a constant potential, and resulting current flow is detected by the ex-
ternal circuit of the gas detection instrument. This low-cost family of sensors
are simple in structure, reliable and robust. Low power consumption is also an
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advantage. The disadvantage from a point view of their application in e-noses,
is their sensitive to number of gases [36].

3.3 Metal Oxide (MOX) Gas Sensor

Metal-oxide gas sensor is the most widely used and investigated sensing tech-
nology in machine olfaction for different applications. The advantages that
have made MOX sensors the most widely used include, low cost, the usable
life-span of three to five years and simplicity of using. MOX sensors are suit-
able for recognizing either reducing or oxidizing gases by or conductive mea-
surements. The MOX sensors can response to reducible gases such as CH4, CO,
C2H5 or H2S at temperatures from 200 to 500 °C; as well as the conductivity
of sensor in presence of these gases will be increased. The conductivity “σ”and
also “ρ”resistivity are given by:

σ =
1
ρ
= enµ (3.1)

e : is the electron charge (1.6022 × 10−19C )
n : the Carrier (Electron or Hole) concentration (cm−3).
µ : the carrier mobility (cm2V−1s−1)

The sensing principle for gas detection in these devices (as illustrated in Fig-
ure 3.4) is based on reactions that occurred at the sensor surface, resulting in a
change in the concentration of adsorbed oxygen. Oxygen ions adsorb onto the
SnO2 surface, removing electrons from the bulk and creating a potential bar-
rier that limits electron movement and decrease conductivity. When reducible
gases combine with oxygen, the barrier is reduced, increasing conductivity. This
change in conductivity is directly related to the analyte concentration present
in the environment, resulting in a quantitative determination of gas presence
and concentration [54]. In addition, adsorption of volatiles causes a change
in conductance. Reducing compounds cause an increase in conductance, while
oxidizing compounds cause a decrease in conductance [35].

Recently, due to development of silicon, planer metal-oxide gas sensor the
size of the device has been significantly reduced and heat losses minimised by
fabricating of the device over a suspended plate or thin membrane. Based on
this structure the power consumption is significantly decreased along with the
size of the sensor (about 75 mW) [54].

For the MOX family and in general for a gas sensor, there are three signifi-
cant issues that have to be addressed namely, selectivity, stability and sensitivity.
Selectivity, refers to detection of specific gases in a gas mixture environment, i.e.
sensor can response to a group of analytes or specifically response to a single
analyte. Sensitivity, is variation of sensor response in proportion to gas concen-
tration, i.e. detection of gas concentrations at low gas concentrations. Stability
of sensor is provide reproducible response for a specific period of time [68].
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Figure 3.4: Sensitivity variation of the response of tin-dioxide gas sensors with
temperature for four different gases [40]

For MOX sensors, different methods have been developed to overcome the
sensitivity and stability issues, in section 3.4 the selectivity enhancement tech-
niques will be discussed, since they are closely related to this thesis work. How-
ever, in this section we briefly address some methods for sensitivity and stability
improvement. The main approaches for increasing the gas sensitivity in MOX
sensors are utilising the size effects and doping either by metal or other metal
oxides [68]. The stability leads to an uncertain result and requires to recalibrate
or substitute sensors. There is no integrated approach to improve the stability
issue in MOX sensor. Somewhat, stability can be improved based on doping
metal oxides with metal particles and synthesis of mixed oxides [68,71].

The basic construction of MOX sensors is depicted in figure 3.5. The sensor
consist of a ceramic support tube containing a platinum heater coil. The sin-
tered tin-oxide is coated on the outside of the ceramic support tube along with
any catalytic additives. The gas is detected via change in the electrical resistance
of the metal oxide semiconductor [36]. Due to the combustion reactions that
occur in the lattice oxygen species on the surface of metal oxide particles, the
resistance of MOX sensor changes according to the nature and concentration
of the gases [6].

Metal oxide semiconductor gas sensors are widely employed in the academia
and industries for discrimination of various gases. They have been used exten-
sively to measure and detect variety different gases such as carbon monoxide
and nitrogen dioxide. Though, the main advantages of this sensor that can be
considered are as follows: high sensitivity, widely spread technology, small size,
lightweight and inexpensive. On the other hand, the well-known problems of
this sensor are poor selectivity, slow response and the high temperature (200-
500°C) required to allow chemical reactions. In addition, these sensors suffer
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(a) (b)

Figure 3.5: A structure of a Taguchi-type , SnO2 gas sensor, and photograph of
tin-oxide gas sensor [2].

from drift due to aging and environmental conditions [17]. To overcome these
issues many approaches proposed which will be presented in next section.

3.4 Selectivity Enhancement

While MOX sensors are a cost effective solution, some significant shortcomings
of this sensor remain unsolved. The well-known weaknesses of metal oxide
sensor are lack of selectivity and stability [22]. The main motivation of this
thesis is to focus on the selectivity issue. Various methods have been proposed
in order to overcome the selectivity limitation of MOX sensors, such as:

• Development of new materials and technologies.

• Use of pattern recognition techniques along with arrays of sensors.

• Dynamic operation mode.

3.4.1 Improvement of New Materials and Technologies

During the past few decades, interest has grown in the development of meth-
ods for optimized selectivity and sensitivity for MOX sensor. Selectivity es-
sentially depends on many physical factors, for instance, gas adsorption, co-
adsorption characteristics and surface reaction kineticss [18]. In practice, selec-
tivity is achieved by enhancing gas absorption or promoting specific chemical
reactions via catalytic or electronic effects using bulk dopants, surface modifi-
cation methods, and by the addition of metallic clusters or oxide catalysts [65].
The selectivity of chemical sensors can be strongly influenced by the addition
of metal clusters such as platinum and palladium, resulting in an increase in the
sensor selectivity to reducing gases for example CO [39]. A non-exhaustive list
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of semiconductor oxide materials with targeted selectivity for specific gases is
in table 3.2 [18].

Oxide Type Detectable Gases
SnO2 H2,CO,NO2,H2S,CH2

TiO2 H2,C2H5,OH,O2

Fe2O3 CO
Cr1.8Ti0.2O3 NH3

WO3 NO2,NH3

In2O2 O2,NO2

LaFeO3 NO2,NOx

Table 3.2: Semiconductor oxides with targeted selectivity for specific gases.

3.4.2 Sensor Array with Pattern Recognition Techniques

An array of chemical sensor and suitable pattern recognition techniques is an-
other technique used for selectivity enhancement. An array of sensor can in-
clude either sensors of the same family or sensor from different families [36].
For example, Llobet et al. [15] utilised an array of four different SnO2 gas
sensors to predict the state of ripeness of bananas. Brezmes et al. [8] deploy-
ing a tin oxide chemical sensor array and neural network pattern recognition
techniques to classify fruit samples (apples, peaches and pears) into three states
of green, ripe and overripe. However, one drawback of the pattern recognition
techniques is that the replacement of a single sensor in the array requires a
complete retraining of the models.

3.4.3 Dynamic Operation Mode

An alternative strategy to selectivity enhancement is the use of gas sensors in
dynamic operation mode. Dynamic operation modes can be categorized as fol-
lows: [65]:

• AC impedance spectroscopy

• Modulation of gas concentration

• Temperature modulation of gas sensor

In AC impedance spectroscopy, the electrical properties of a sensor are char-
acterized at different operating frequencies. Plots of the admittance’s real and
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imaginary components versus frequency can provide meaningful information
regarding the sensor response [65]. Gutierrez et al. [24] found that, for MOX
sensors, peaks of impedance are produced depending on the adsorbed species.
The advantage of this technique are high signal to noise ratio (SNR) and the
drift effect can be decreased.

In the case of gas concentration modulation, the dynamic behaviour of a
gas sensor is analysed when a step of gas concentration is introduced. The
basic principle behind this approach is to model the dynamic response and pre-
dict time-dependent concentration profiles for diffusing and absorbed species
within the porous layer of a sensor [43]. As mentioned above, many different
strategies have been implemented to increase selectivity. The most commonly
employed technique for improving selectivity of MOX sensor is controlling the
temperature of the gas sensor surface, which is explained in next section.

3.5 Temperature Modulation

The main idea behind temperature modulation is to alter the kinetics of the ad-
sorption and reaction process at the surface of sensor while detecting reducing
or oxidising species in the presence of atmospheric oxygen. Figure 3.6 depicts
a typical measurement circuit for temperature modulation of a MOX sensor.
As can be seen in the figure 3.6, the sensor requires two voltage inputs: heater
voltage (VH) and circuit voltage (VC). The heater voltage (VH) is applied to
the integrated heater to maintain the sensing element at a specific temperature.
Circuit voltage (VC) is applied to allow measurement of voltage (VRL) across a
load resistor (RL) which is connected in series with the sensor. Sensor response
can be obtained and recorded across (RL) resistor.

Broadly speaking, temperature modulation can be performed in two ways:
temperature cycling (TC) and thermal transient (TT). The TC method uses a
periodic voltage signal applied to the sensor heater and discrimination can be
performed in the semi stationary sensor response phase. In the case of TT, a
fast temperature change is generated by applying a step waveform to the sensor
heater and discrimination can be carried out in the generated transient response
[26].

Regarding TC, the pioneering work in temperature modulation can credited
to Sears et al. [60,61] when for the first time, the use of a sinusoidal modulating
waveform was proposed. The authors varied the sinusoid voltage between 0.2
and 7.2 V, with period between 10s and 200s to a tin oxide palladium-doped
TGS 812 sensor. They suggested several advantages for example, because differ-
ent reducing gases react at different rates as a function of sensor surface temper-
ature, varying the temperature in cycle way can be created a unique signature of
the gases in question. Moreover, they found that thermal cycle improve sensitiv-
ity because for each gas there is usually a point in the cycle which corresponds
to a maximum in the conductance-temperature profile. In addition, the main
reason Sears and co-workers utilised the sinusoidal waveform is that the sensor
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Figure 3.6: Instrumentation circuit

temperature can more closely follow the heater voltage. They investigated this
systems with a number of gases (ethanol, propane, methane, CO, acetone and
hydrogen) and observed that the resulting conductance vs. time curves had one
or more distinct peaks. The authors found that, these numbers and position
of peaks as well as the shape of sensor response are suitable and appropriate
parameters to perform gas identification.

They concluded that a period of 50 second represented a compromise be-
tween the need for quick response time and the sharpening of characteristics
features in the conductance vs. time curve.

Furthermore, Sears and et al. [60] developed algorithms that exploit the
characteristic shapes of the conductance-time curves for different gases in order
to discriminate between them. They mentioned irreversible poisoning effects
that occur under long-term exposure of the sensor to strong reducing gases, for
instance high concentration of CO or H2.

Fast Fourier Transform (FFT) as a feature extraction method was first pro-
posed by Sears et al. [62] to extract information from temperature-cycled gas
sensors. They used Taguchi gas sensors by applying a square waveform with
voltage between 0 and 5 V and with a period of 50 s. They used conductance
of the sensor response signal (transient portion) as measuring parameter. As
different gases have different conductance shapes with thermal cycling. They
assumed that fast Fourier transform (FFT) would help for discrimination. The
DC components and first harmonic of the sensor response were analysed. The
authors reported a few significant limitations for their method e.g. the complex-
ity of calibration and sensor drift or ambient humidity that are main parame-
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ters that affect the DC component. Nakata et al. [49–51] employed a sinusoidal
heating voltage between 0.2- 0.04 Hz with TGS 813 tin oxide gas sensor. They
recorded the resistance as function of time, the resulting of their experiment is
depicted in figure 3.7. They applied the FFT transform to the resulting cyclic
response and utilised the relative real and imaginary components of the higher
harmonics to distinguish between different analytes.

Figure 3.7: Conductance vs. temperature response of a tin oxide gas sensor in
(a) air and 1000 ppm of (b) methane,(c) ethane, (d) propane, (e) n-butane, (f)
isobutane, (g) ethylene, (h) propylene and (i) carbon monoxide. Heater voltage
waveform was 3.5+1.5 cos 2πft, f=0.05 Hz(from [51])

Bukowiecki et al. [57] patented a specific method for temperature modula-
tion of the sensor by testing different modulating waveforms such as triangular,
saw-tooth and asymmetrical square waves to perform discrimination between
CO, methane, ammonia and hydrogen. Cavicchi et al. present the microma-
chined hotplate gas sensor as an alternative route to optimal selectivity in tin
oxide gas sensor based on temperature modulation technique. They employed
a sequence of pulses with fixed temperature as well as with controllable pulse
width and separation.

To date various techniques and strategies have been implemented to en-
hance gas sensors selectivity using temperature modulation. In this section re-
cent works regarding temperature modulation will be discussed.

Kato et al. [37] similar to Heiling [27] and co-workers utilised tempera-
ture modulation to discriminate and quantify eight different gases (methanol,
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ethanol, acetone, diethyl ether, benzene, iso-butane, ammonia, ethylene). Their
analysis was based on non-linear dynamic response of sensor. The authors ap-
plied a sinusoidal voltage to the heater of a SnO2 based sensor and recorded
its resistance. Features of transient response are extracted by FFT and classifi-
cation and quantification are performed by a trained ANN.

Ortega and co-workers [59] used the same approach presented by Kato et
al. in order to implement an intelligent detector to distinguish between CH4

and CO in a domestic environment. The detector was based on microma-
chined metal oxide gas sensors. The sensor heater was modulated by trian-
gular signal and spectral analysis in the transient was performed. The pattern
recognition unit was comprised of self-organizing maps neural network. Llo-
bet et al. [10, 31] proposed a novel feature extraction and data analysis tech-
niques using a micromachined and non-micromachined gas sensor (SnO2 and
WO3 based gas sensors) to perform qualitative analysis of odours. The authors,
utilised the FFT and discrete wavelet transform (DWT) to extract features from
the transient and steady state response of the temperature modulated sensors.
The FFT feature extraction was used to calculated the DC component and first
fourth higher harmonics of the sensor response. In the case of the DWT, a sin-
gle modulation period was used and coefficients were extracted using a fourth
order Daubechies wavelet (DB4). Llobet and co-workers concluded in [42] that
features obtained with DWT can be more informative than those extracted with
FFT. A multilayer perceptron (MLP) and fuzzy ARTMAP neural network with
leave-one-out was trained and validated to identified gases and gas mixtures.

Gardner et al. [4] proposed the use of Support Vector Machines (SVM) for
discrimination and quantification of CO and NO2 using a temperature mod-
ulated sensor. The authors used a sinusoidal waveform applied to the sensor
heater and feature extracted from transient response by DWT. The authors
demonstrated that the concentration of CO and NO2 can be estimated with er-
ror lower than 5% by a reduced set of 10 wavelet coefficients of wavelet feature
extraction and a SVM.

While the results of applied temperature modulation are certainly promis-
ing, the operating parameters have been selected in a trial and error process.
A.Vergara [65] introduced a method, borrowed from the field of system identi-
fication, to systematically investigate the effect of modulation frequencies in the
discrimination ability of metal oxide based micro-hotplate gas sensors. By using
this method, an optimal set of modulating frequencies can be found for a given
gas analysis application. This method is based on the use of pseudo-random
binary or multi-level sequences applied to the identification and quantification
of pollutant using a four-element micro-hotplate array.

Hernandez et. al. [29] introduced a novel Parallelized Temperature Mod-
ulated (PTM) e-nose model for MOX sensor. The authors, used data from N
parallelized gas sensors of the same type to perform gas discrimination with
sensor responses of short duration. The authors used an array of four com-
mercially available TGS2620 gas sensors modulated by four sinusoids with the
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same amplitude and DC level, but shifted in phase by 90 degrees. The authors
discriminated gases in semi-controlled and natural environments as well as they
performed discrimination both in the transient and steady state response of sen-
sors. By combining the four sensors, the response of a single sensor to a modula-
tion cycle was approximated and features in steady state were extracted by FFT
in laboratory and DWT was used to extract features in the transient response
of the sensors in laboratory and natural environments. The main shortcoming
of this method is that the PTM e-nose needs all sensors response to perform
discrimination, otherwise the approximation of the sensor response will not be
performed successfully. Moreover, adding three sensors to reduce classification
time to one quarter of full modulation cycle might not be cost effective for some
applications.



Chapter 4
Phase Space and Algorithm
Implementation

4.1 Introduction

So far, the basic principles behind the e-noses have been introduced and several
approaches for selectivity enhancement of MOX sensors were reviewed. More
specifically, we focused on the dynamic operation mode for MOX sensors. A
desired characteristic of an e-nose is an accurate discrimination capability thus,
the key contribution of this thesis is the selectivity enhancement of a tempera-
ture modulated MOX sensor.

To increase selectivity, we introduce an algorithm to investigate in the sensor
response and obtain a small segment of signal to perform optimal classification
rather than using a whole period of sensor response. The algorithm is evaluated
and tested in a three-class discrimination problem (Acetone, Ethanol and 2-
Propanol) under semi-controlled environment. Data analysis is performed in
steady state (dynamic equilibrium) response. Features are extracted using Phase
Space (PS) and Dynamic moments (DM) method. It is important to mention
that PS method combined with MOX sensors are introduced for the first time
by Vergaraet al. [16] and foundation of present thesis is based on this work.

This chapter is structured as follows: after describing the Phase Space and
dynamic moments in section 4.2, we explain implementation in section 4.3,
more specifically in section 4.3.1 distance metric will describe and algorithm
explains in section 4.3.2. Finally, we conclude chapter with presenting the clas-
sification and validation of system in section 4.3.3.

4.2 Phase Space and Dynamic moments

A gas sensor can be seen as a dynamic system whose response temporally varies
according to its dynamics and the concentration of the analytes at which it is
being exposed [48]. The approach used in this thesis for analysis of the sensor
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response is projecting the sensor response into a space where the state of the
system at a given time is represented as a point and the time evolution of the
sensor response is represented by a trajectory [63]. In other words, this space
provides a graphical representation of the system response.

Dynamical systems can be explained based on either differential equations
or iterated maps. Differential equations describe the evaluation of the systems
in continuous time, whereas iterated maps correspond to applications in dis-
crete time. Mathematically, dynamical system could be linear or non-linear.
Solving the Non-linear dynamic systems analytically is difficult. The usual way
to solve non-linear system is converting the non-linear system to linear system,
since the analysis of a linear system is usually a less complex task.

An alternative method is providing a graphical representation of the system
in order to extract the information from the system directly. As an example,
assume we have solution of the pendulum system with specific initial condition.
The solution is functions x1(t) and x2(t), which are position and velocity of the
system respectively. If we make a space with axes (x1 , x2) then, solution for
pendulum system (x1(t), x2(t)) is according to a point moving at the curve which
is shown in figure 4.1.

Figure 4.1: Trajectory of a pendulum system [64].

The curve of system and space are called trajectory and phase space, re-
spectively. The purpose of this method is to prepare a trajectory that yields the
solution of system rather than solving the equation of system directly. There-
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fore, we can define each point in the curve as an initial condition. Thus, phase
space cover with trajectories of system response and first time derivative of sys-
tem response. In other words, by drawing the trajectories for a given system the
information regarding solutions can be extracted [64].

In dynamic systems such as chemical sensor, information can be extracted
from the temporal evaluation of measured signal. As a result, from time depen-
dence of the temporal evaluation a number of novel variables can be extracted
from measured signal. For example, in the mechanical systems, by analysing
the position we can gain internal variables such as velocity (first derivative)
and acceleration (second derivative). As consequence, the output of the system
can be introduced by sequence of points in the phase space. These points gen-
erate a trajectory that contain meaningful and informative information of the
phenomena underlying the system evaluation [47].

The state of system can be described by m scalar variables, different points
in this space are based on different states of system in a m-dimension vector
space defined by an orthonormal basis where each direction correspond to one
of the scalar variables [47]. The major characteristic of such space is the corre-
spondence between each point and the instantaneous state of the system [69].
The relation between each points and states (internal variables) of system has
been demonstrated by Taken’s embedding theorem. Based on this theorem the
variables making the phase space are gained by differentiable transformation
of the observed signal or sensor response such as set of independent coordi-
nates [16] as follows: s(t), s(t + τ1), s(t + τ2), ..., s(t + τn)

Each variable of this set demonstrates the experimental time series at differ-
ent time samples after a specific delay time which is called time lag τn. Time lag
or delay time is the time difference in number of samples τ between neighbor
elements of delay vectors. Whole dynamic states of system can be illustrated in
multidimensional phase space according to equation 4.1.

y(t) = [ s(t), s(t + τ1), s(t + τ2), ..., s(t + τn) ] (4.1)

In order to obtain a correct and optimal description of the observed signal
the number of coordinates and time lag τn must be chosen suitably. Thus, the
minimum parameters for describing the state and the evaluation of system are
the sensor signal and its first time derivative [16].

Figure 4.2 illustrates the procedure of converting from time domain to
phase space. Figure 4.2a and figure 4.2b shows the conductance responses
of TGS2620 gas sensor (G) and its first time derivative (Ġ), respectively in pres-
ence of 2-Propanol with sinusoidal modulation signal, in the steady state region
and figure 4.2c shows phase space of sensor response with G and Ġ.

The inspection of such trajectories (see figure 4.2 ) offers a different point
of view for analysis of dynamic evolution rather than solving differential equa-
tions. The shape of trajectory is based on the absorption and desorption pro-
cesses appearing in the sensor surface as well as gas concentration. However, a
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(a) (b) (c)

Figure 4.2: Typical response of gas sensor TGS2620 and first time derivative in
presence of 2-Propanol, with sinusoidal modulation signal, frequency = 0.1 Hz
and Heater Voltage(DC Value) = 3.75 V, VPP = 1.25V in steady state phase. (a)
The sensor response in the time domain. [b] The first time derivative of sensor
response. (c) Response of sensor in Phase Space with G and Ġ.

method or geometrical distributors are required in order to encode these trajec-
tories and extract information about the system dynamics.

A common method for investigating the geometrical distribution of a 2-D
object is the computation of its descriptors. These descriptors provide novel
features based on the underlying phenomena that can be employed to iden-
tify analytes. The spanning area under trajectory is rather a straightforward
descriptor to quantify the process. Moreover, this area represents some charac-
teristics of the trajectory evolution [16].

According to the nature and concentration of the substances, trajectories
possess a large variety of shapes. Disregarding scale effects, the appearance of
trajectories are expected to be associated to the features of the physical phe-
nomena. As a result, set of meaningful and informative descriptors that encode
the shape of the trajectories and train a classifier are required [48]. These de-
scriptors so called dynamic moments and can compute the coordinates and bi-
sectors of observed signal in the phase space domain. Some dynamic moments
descriptors are given in equation 4.2 to 4.6 :

MD2 =
1
n

n∑
i=0

xiyi (4.2)

MD3PB =

√
2

2n

n∑
i=0

x2
iyi − xiy

2
i (4.3)

MD3SB =

√
2

2n

n∑
i=0

2x3
i + 3(x2

iyi − xiy
2
i) (4.4)
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MD3x =
1

2n

n∑
i=0

x3
i − 3xiy2

i (4.5)

MD3y =
1

2n

n∑
i=0

x3
i − 3x2

iyi (4.6)

According to above equations PB and SB are principal and secondary bisec-
tors. The principal bisector is first and third quarter of XY coordinate system
and other quadrants are the secondary bisectors. In these equation x and y
represent the phase space axes [69]. Because, each of the dynamic moments de-
scribes different morphological features of the trajectory, therefore more than
one moments are required to perform feature extraction.

Martinelli et al. [47] introduced phase space to perform gas discrimination
for the first time. They utilised phase space from one period of sensor response
to represent the temporal evolution of chemical sensor signals. The authors
used thickness shear mode resonators (TSMRs) sensors. Usually, the observed
quantity of this sensor is the frequency of the output signal. Therefore, they
represent a space (i.e. phase space) whose coordinates are the frequency and
its firsst time derivative. They observed that area spanned by trajectory offers a
method for studying dynamic evaluation without using differential equations.
Martinelli and co-workers compare the new approach with another feature
extraction method, which they considered the sensor responses characterised by
one and two exponentials (frequency shift). They observed that by using multi-
exponential model it is difficult to distinguish the different between dynamics,
On the other hand, method based on spanned area can significantly improved
the performance of the gas discrimination.

Martinelli and co-workers, compare these two methods by employing two
e-noses in two experiments. The first experiment was the concentration estima-
tion of androstenone in pork fat. The scope of second experiment was the clas-
sification of apples based on amount of mealiness and skin damages. Data were
analysed by partial least squares (PLS) and PLS discriminant analysis (PLS-DA).
In first experiment the authors built PLS model and compared the root mean
square error in training (RMSEC) and prediction (RMSECV) of both feature
extraction techniques. The frequency shift method produced a minimum RM-
SECV = 4µg/g. In contrast, RMSECV by phase space technique is 1.4µg/g. In
second experiment, they used PLS-DA, by comparing phase space method with
the frequency shift, significant improvement in rate of classification from 80%
to 100% have been achieved.

Vergara et al. [69] proposed the utilisation of phase space and dynamic mo-
ments as a feature extraction combined with metal oxide gas sensors. The au-
thors applied multi-level pseudo-random sequences (MLPRS) waveform to the
heating element of micro-hotplate gas sensor to perform temperature modula-
tion in wide frequency range. They addressed that the novel feature extraction
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method does not require the analysis of the whole sensor response. Conse-
quently, they did not propose a method to find the optimal segment while, they
used a fragment of sensor response with different time lags in order to obtain
optimal time lag.

This thesis deploys Vergara et al. [69] work as a starting point. We used
phase space and dynamic moments feature extraction in steady state response
as well. The key contribution of the present work is introducing an algorithm to
investigates in the sensor response and finds a fragment of response to increase
classification success rate. The algorithm measures the class separability using
distance metric techniques and a fragment with high separability is considered
as an optimal fragment for discrimination.

4.3 Implementation

4.3.1 Distance Metric

Index indicator or distance metric is employed to indicate that how far apart the
two classes separated. Distance metric is a main issue in many machine learn-
ing and pattern recognition algorithms. For example, Kmeans and K-nearest
neighbor (KNN) classifier depend on a suitable distance metric, through which
neighboring data points can be identified.

Distance metric performs with wide range of techniques such as Euclidean
Distance (ED), Mahalanobis Distance (MD), Divergence, Bhattachayya and
scatter matrices etc. In this thesis we employed MD method to find the segment
of signal that yields the most separate classes and scatter matrix to evaluate the
algorithm performance.

The Mahalanobis Distance metric is a similarity measure that focuses on the
spatial statistics of the samples. The MD measures the distance between two N
dimensional points scaled by the statistical variation in each component of the
point. For example, if x and y are two points from the same distribution which
has covariance matrix C, then the Mahalanobis distance is defined [12]:

D2 = (µ1 − µ2)
TC−1(µ1 − µ2) (4.7)

MD is better adapted than the usual ED to settings involving non spherically
symmetric distributions. It is particularly sufficient when multinormal distribu-
tions are involved. The Mahalanobis Distance technique is based on the covari-
ance among the variables in calculating distances. Therefore, the problems of
scaling and correlation inherent in the Euclidean Distance are overcome. When
the number of classes is more than two, then the MD can be generalized by
sum of pairwise distances [55] that shown in equation 4.8,

MD2 =

|C|∑
i,j=1

D2(Ci,Cj) (4.8)
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Where C is representation of number of classes in the dataset.

When the data distribution is not Gaussian, both divergence and Bhat-
tacharyya distance are not easily computed. Consequently, an alternative method
is high of interest based on information related to the way feature samples are
scatter in the l-dimensional feature vector space. However, we define scatter
matrices; Within-class scatter matrix (SW), Between-class scatter matrix (SB),
and Mix-class scatter matrix (Sm ), which are depict in equation 4.9.

SW =

c∑
i=1

ni∑
j=1

(xi,j −mi)(xi,j −mi)
T

SB =

c∑
i=1

ni(mi −m)(mi −m)T

Sm = Sw + SB

(4.9)

where c is the number of classes, ni(i = 1, ..., c) denotes the number of
samples in the i-th class, and xi,j indicates the j-th sample in the i-th class.mi is
the mean vectors of the samples in the i-th class and m denotes the mean vector
of all the samples. The class separability measurement (“J”) can be define as :

J1 =
trace(Sm)

trace(SW)
or J2 =

| Sm |

| SW |
=| S−1

W Sm | (4.10)

4.3.2 Algorithm

The basic principle behind the proposed algorithm is that the algorithm ex-
plores in the sensor response and find a small fragment of signal which is in-
creased the classification success rate. In other words, the studied fragment
increased class separability can lead to a better classification.

The proposed algorithm takes a signal fragment (G) and its first time deriva-
tive (Ġ) using sliding window of size α and an offset β to extract a feature vec-
tor F of Dynamic Moments (DM) descriptors. Afterwards, the set of features
project to lower dimensionality using Linear Discrimination Analysis (LDA) to
create vector F2. LDA creates two features LDA1 and LDA2, then the class
separability Si is measured by Mahalanobis Distance metric (MD{Fα,β}). The
MDmax{Fα,β} is found where the combination of α and β provide a maximum
separability according to the Mahalanobis distance metric. The algorithm iter-
ates exhaustively over combination of α and β as follows: αmin 6 α 6 αmax
and βmin 6 β 6 βmax. Further, separability between classes is directly pro-
portional to informative part of sensor response. The more separable classes
the most suitable segment for discrimination can be obtained. The algorithm
can be summarised according to the pseudo code in algorithm 1.
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According to algorithm 1 DM is a function that extracts the Dynamic mo-
ments features using equations 4.2 to 4.6. The maximum window size (αmax)
and maximum ofsset (βmax) are equal to T (a full period sinusoidal modula-
tion signal) and T − α respectively. On the other hand, αmin is selected T/20
and βmin is equal to zero. Si computes separability of classes and MD com-
putes the Mahalanobis distance between classes. αOpt and βOpt are optimal
window size and optimal offset that give the high separability among classes.

Input: Sensor response (G) and its first time derivative (Ġ) .
Output: Optimal Parameters αOpt,βOpt.
Smax = 0
for α← αmin : αmax do

for β← βmin : βmax do
F = DM {G(α,β), Ġ(α,β)}
F2 = LDA(F)
Si =MD(F2)

if Si > Smax then
Smax = Si

αOpt = αi

βOpt = βi
end

end

end

Algorithm 1: Algorithm to obtain Optimal Segment of Sensor response.

4.3.3 Classification

After obtain optimal segment and extract the optimal feature set, we used Sup-
port Vector Machine classifier (SVM) in order to perform discrimination. SVM
was proposed for the first time by Vapnik et al. [67] as algorithm for linear
classification. Later the SVM was used for non-linear case, regression, etc. The
main principle of SVM is to separate the classes with a hyperplane with maxi-
mum margin. The margin is the distance of the hyperplane to the nearest point
in the feature set. The rate of classification performance in SVM is tuned by
maximising the margin. Therefore, classification with maximum margin has
the benefit of being robust in presence of noise in data.

Suppose the training data are {(x1, y1), (x2, y2), ..., (xn, yn)} where xi∈ Rd

and yi ∈ ±1. In this thesis we illustrate linear SVM, due to linear projection
of features set. Therefore, we focus on learning a linear separating hyperplane
classifier: f(x) = sgn(w.x + b). The SVM find the separating hyperplane with
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(a)

(b)

Figure 4.3: Optimised parameters of sliding window (a) Width of window size
(α). (b) Offset (β).
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the largest margin with respect to the training data. Basically, the SVM finds
hyperplane H : y = w.x + b = 0 and two other hyperplanes, parallel and with
equal distance to H and can be described with:
H1 : y = w.x + b = 1 and H2 : y = w.x + b = −1.
Further, there is no data points between H1 and H2. It is important to remark
that distance between H1 and H2 or margin (M) must be as large as possible
(maximum margin).(See figure 4.4)

Figure 4.4: Classification with linear SVM with two classes.

The distance between H1 and H2 to H is 1
‖w‖ , thus distance between H1

and H2 is 2
‖w‖ . For the optimal hyperplane either the distance 1

‖w‖ must be
maximised or ‖w‖ must be minimised. The following is satisfied for positive
and negative training samples xi : w.x + b > 1 for yi = 1 and w.x + b 6
−1 for yi = −1.

With combination of these two conditions to yi(w.x + b) > +1 we can
formulate the issue as: min

w,b
{ 1

2 wTw} which is a convex, quadratic programming

issue. The convex optimisation can be solved with the help of Lagrange mul-
tipliers αi for training dataset. The Lagrangian function is given in equation
4.11.

L(w,b,α) =
1
2
‖w‖2 −

l∑
i=1

αi(yi(w.x+ b) − 1) (4.11)

According to equation 4.11 under the conditions ∂L/∂αi and αi > 0, L
can be maximised with respect to w and b. After solving the optimisation task
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the decision function is: f(x) = sgn(w.xi + b). A more details about SVM can
be found in [3,9].

It is worth to remark that SVM classifier has several advantages but us-
ing the convex optimisation method seem to dominant other features and this
prominent feature leads to employing SVM recently in odour discrimination.
We used more than two classes thus we employed SVM for multi-class based on
“one-versus-all”. As final step and in the purpose of evaluating the performance
of classifier we used 8-fold cross validation method.





Chapter 5
Experimental Results

5.1 Introduction

This chapter covers the evaluation of the proposed algorithm. The sampling
process is performed with a three phase sampling system and based on three
analytes (Acetone, Ethanol , 2-Propanol) in semi-controlled environment (i.e. in
a chamber). In other words, the algorithm is evaluated in dynamic equilibrium
sensor responses.

This chapter is organised as follow: the experimental setup is described in
section 5.2 and chapter closes with results of developed algorithm and compar-
ison result of proposed algorithm with a traditional approach that uses a full
modulation cycle (“T”) for discrimination.

5.2 Experimental Setup

The algorithm was tested with classifying three different types of analytes in-
clude, Acetone (C3H6O), Ethanol (C2H6O) and 2-Propanol (C3H8O). The pro-
posed algorithm is evaluated using dataset which is collected based on an e-nose
shown in figure 5.2.

The experimental setup (e-nose) is comprised of waveform generator, a
MOX gas sensors (TGS2610), data acquisition (DAQ). The sampling process
is performed in a semi-controlled environment and setup of e-nose is depicted
in figure 5.1. In this setup the e-nose and analyte is placed in a 7.9 l Plex-
iglas chamber. The sampling process is performed in three phases sampling
approach. According to this approach, in first phase e-nose exposes to refer-
ence gas (fresh air) for 2 minutes to sample baseline response (the chamber
lid is opened). In second stage analyte introduces to e-nose and chamber lid is
closed. It takes some time until the response reaches steady state. Afterwards,
the chamber is opened and analyte is flushed away and the sensor recovers
to the baseline. A fan placed at the opening of the tube to produces constant
airflow towards sensors.

59
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(a)

(b)

Figure 5.1: Sampling process. (a) Experimental setup for sampling in presence
of ambient air. (b) Experimental setup for sampling in presence of analyte.

Figure 5.2: Architecture of the e-nose with a TGS 2620 MOX sensors are mod-
ulated with sinusoids for analysing Acetone, Ethanol, 2-Propanol.
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Waveform generator in the proposed e-nose, produces sinusoidal signal
V(t) = Vasin(2πft) + Vb, with amplitude (peak to peak) Va , offset voltage
Vb and seven different frequencies, 0.10Hz, 0.20Hz, 0.25Hz, 0.33Hz, 0.50Hz,
0.66Hz, 1.00Hz. The sinusoidal signal applies to the heating element of MOX
sensor to modulate the temperature in different range of frequencies. The mod-
ulation signal with amplitude and offset voltage is shown in figure 5.3.

Figure 5.3: Modulation signal with amplitude voltage (Va), offset voltage (Vb)
at the frequency 0.1Hz.

Gas sensor comprising a MOX gas sensor, Figaro TGS 2620. This sensor
can be utilised in applications such as alcohol testers, organic vapor alarms
and solvent detectors for factories. The major characteristics of this sensor are
operating with low power, low cost, has significant sensitivity to organic solvent
vapors and for driving needs simple instrumentation circuit (See figure 3.6 in
section 3.5). TGS 2620 is comprised of metal oxide semiconductor layer formed
on an alumina of sensing chip as sensing elements and integrated with heater to
operates either in temperature cycling mode or working with constant voltage.
Conductivity of sensor will be increased in present of the gaseous analytes. TGS
2620 requires a heater current approximately 42mA and this sensor available
in TO-5 package, which is shown in figure 5.4.

Data Acquisition (DAQ) consists of an Atmel 8-bit AT-MEGA microcon-
troller series (AT-MEGA 16), a Dual EIA-232 drivers/receiver for converting
signal from a RS-232 serial port to signal suitable for using in TTL digital logic
circuit. This Integrated Circuit (IC) converts the serial port(RS-232) voltage +3
to +15 V and -3 to -15 V to O V and 5 V in TTL voltage, which is compatible
for the microcontroller. The sensors response converts to digital signal using an
analog to digital converters (ADC) with sample rate of 10Hz.
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Figure 5.4: TGS 2620 MOX gas sensor in TO-5 pakage.

5.3 Experimental Results

Recall that the algorithm extracts the optimal segment based on sliding win-
dow. The sliding window is selected based on maximum class separability and
requires two parameters in order to obtain the optimal segment include width
of window (α) and offset (β). The values of α and β are selected as a fraction
of one period of sinusoidal modulation signal (“T”). It is important to mention
that algorithm is fed with normalised sensor responses. In this work we used
global method to compensate difference in sensor response scaling in which the
ranges of value for each sample is set to [0,1] (see equation 2.6 in section 2.5.3).

To obtain optimal sliding window size the algorithm iterates exhaustively
over combination of α and β. In each iteration a segment of sensor signal is ex-
tracted based on α and β and separability between classes is measured. A frag-
ment of sensor signal with high separability is considered as optimal fragment
therefore, α and β that extract the optimal segment are selected as optimal
width of window and offset. In this work sensor is modulated with seven pos-
sible frequencies, 0.10Hz, 0.20Hz, 0.25Hz, 0.33Hz, 0.50Hz, 0.66Hz, 1.00Hz
and the algorithm is evaluated with sensor response according to these modu-
lation frequencies. Figure 5.5a to figure 5.5g illustrate α, β and between class
separability for different frequencies. Further, in this figure also class separa-
bility is demonstrated by different colours. Red colour shows high separability
while, minimum separability is illustrated by dark blue.

As can be seen in figure 5.5, at low frequencies separable classed are ob-
tained while, the separability between classes decreases at higher frequencies
(figures 5.5f and 5.5g). The less separable clusters at higher frequencies are ex-
pected, since MOX sensor requires sufficient time to react temperature changes
and this frequencies sensor cannot follow the temperature modulation. The de-
veloped algorithm gives significant separability at frequency 0.33Hz compare
to other frequencies (see figure 5.5d).

Based on figures 5.5d in almost all combinations of α and β classes can be
clustered with high separability. For example, with α from T

10 to T
2 and β from
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(a) (b)

(c) (d)

(e) (f)

(g)
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Figure 5.5: Optimal window size (α) and offset (β) for whole range of frequen-
cies. T is full modulation signal. (a) F = 0.1Hz (b) 0.2Hz (c) 0.25Hz (D) 0.33Hz
(E) 0.50Hz (F) 0.66Hz (G) 1.00Hz.

T
5 to 3T

10 classes are clustered with considerable separability. The performance
of algorithm at this frequency is significantly enhanced compare to first three
frequencies (0.10Hz, 0.20Hz, 0.25Hz) as well as frequency 0.5Hz. Table5.1
and figure 5.6 summarises the results of between classes separability, optimal
α and β at different frequencies. From the results obtained, it can be noticed
that separability decreases at higher frequencies as mentioned prior as well as
classes start to overlap at frequency 0.66Hz.

Frequency Separability Measurement Offset (β) Window Width(α)

0.1Hz 8.45 T
7

T
5

0.2Hz 8.13 T
6

T
5

0.25Hz 7.81 T
8

3T
10

0.33Hz 14.21 T
5

T
5

0.50Hz 7.84 T
2

T
5

0.66Hz 5.57 T
4

4T
5

1.0Hz 6.69 T
4

3T
10

Table 5.1: Class separability measurement with combination of optimal α and
β for seven frequencies.

Figure 5.7 depicts the LDA scores plot of seven frequencies and summaries
the results obtained using proposed algorithm in steady sate region of sensor
response. As can be seen in the figure 5.7d, features at the frequency 0.33Hz is
clustered with not only large between-class separability but also small within-
class separability in comparison with other frequencies.

The classification was performed at seven frequencies based on classical
method (i.e. using a full modulation cycle) as well as optimal segment, which is
extracted by optimal α and β . As in prior chapter was mentioned, in this work
we used linear SVM classifier and 8-fold cross validation. Aaccording to figure
5.8a and table 5.2 the classification success rate using full modulation sensor
signal is less than 100% at lower frequencies (i.e. 0.1Hz, 0.2Hz and 0.25Hz)
as well as higher frequencies (0.66 Hz, 1.0Hz). It can be noticed that accept-
able results with classical method are obtained only at frequencies 0.33Hz and
0.5Hz (100%±0).

Similarly to the case of using a full period of sensor response, classification
was performed by the algorithm at different frequencies as shown in figure 5.8b
and table 5.2. It can be noticed that the algorithm can produce distinctive en-
hancement in the performance of classification. The classification performance
using the proposed algorithm is lower at higher frequencies (0.66Hz, 1.0Hz)
compare to classification at lower frequencies. These results expected, since the
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Figure 5.6: Class separability measurement obtained based on optimal α and β
for seven frequencies.

response of a metal oxide sensor does not have sufficient time to fully react
to the temperature change. It is worth to remark that compare with classical
method, a considerable improvement in classification rate at higher frequencies
can be observed (See table 5.2). It is important to mention that we are using
two different separability indexes include the Mahalanobis distance index and
scatter matrices to compare separability obtained by the proposed algorithm
and a full period of sensor signal.

Frequency Classical Method Performance The Algorithm Performance

0.1Hz 97.78% ±6.2854 100%
0.2Hz 94.44% ± 7.8567 100%
0.25Hz 98% ± 6.0000 100%
0.33Hz 100% 100%
0.50Hz 100% 100%
0.66Hz 83.33% ±23.5702 95.56% ±5.44
1.0Hz 66.33% ± 33.0051 77.78% ±7.03

Table 5.2: Classification performance based on classical method vs. the pro-
posed algorithm.



66 CHAPTER 5. EXPERIMENTAL RESULTS

(a) (b)

(c) (d)

(e) (f)

(g)

Figure 5.7: LDA scores plot of algorithm with optimal offset and width of the
window for whole range of frequencies: (a) F = 0.1Hz (b) 0.2Hz (c) 0.25Hz (D)
0.33Hz (E) 0.50Hz (F) 0.66Hz (G) 1.00Hz.
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Furthermore, figure 5.9 shows the LDA scores plot and decision boundary
between classes with optimal frequency for both approaches according to 39
samples of analytes (13 experiments for each gas). As can be seen in this figure
the within-class and between-class separability is considerably enhanced using
the algorithm. Figure 5.10 illustrates class separability according to between-
class scatter matrix for seven possible frequencies based on using a full modu-
lation approach and propose algorithm with optimal α and β that represents
in table 5.1. Since, at low frequencies the temperature modulation is performed
slowly and MOX sensor can react sufficiently, therefore the difference between
both approaches are not noticeable. The contrary, by increasing frequency al-
gorithm gives considerable results, by extracting optimal segmented produces
not only high separability between-classes but also increases within-class sepa-
rability.
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(a)

(b)

Figure 5.8: Comparison of proposed algorithm with classical method using a
full period of sensor response: (a) Classification rates rely on a a full period of
sensor response. (b) Classification rates with proposed algorithm.
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(a)

(b)

Figure 5.9: LDA scores plot in steady state f= 0.33Hz: (a) Using developed
algorithm (b) Using a full period of sensor response.
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Figure 5.10: Class separability measurement for seven possible frequencies by
using a full period of sensor response and proposed algorithm.



Chapter 6
Conclusion and Future Work

Over the few past decades a significant interest for e-noses has grown and con-
siderable research has been carried out to develop a system that is able to accu-
rately identify between different analytes. A wide variety of sensor technologies
has been used in the development of e-noses such as MOX, organic conducting
polymer, gravimetric gas sensor, optical gas sensor, a Amperometry gas sensors
technology, etc. Metal oxide sensors are frequently used in detecting and iden-
tifying odourants. Since, MOX sensors contain distinctive properties such as,
low costs, limited drift, acceptable response and recovery times and high sensi-
tivity. One of the main shortcomings of metal oxide sensor is its poor selectivity.
Temperature modulation of gas sensors is the most commonly employed strat-
egy for tackling the selectivity issue. In this context, the main contribution of
this thesis is the development of an alternative algorithm for gas discrimination.
This algorithm extend the work of Vergara et al. [69] by introducing a sliding
window to find an optimal fragment of the signal to perform classification.

As a separability index and thus optimality measure, we use the Maha-
lanobis Distance metric as well as scatter matrix. The optimal segment is de-
fined by two parameters, namely α (window size) and β (offset) of the sliding
window. The segment that gives high separability is considered as optimal and
classification is performed based on the features obtained from this segment.

To evaluate the proposed algorithm we used three analytes, namely Ace-
tone, Ethanol and 2-Propanol and seven possible modulation frequencies in
a semi-controlled environment. The performance of proposed algorithm was
compared against a classic approach using a full modulation cycle of the sen-
sor response (T). The result depicts that not only the classification success rate
is increased by the proposed algorithm but also class separability is improved.
It is worth to remark that compare to classic method, the algorithm improves
classification success rate at higher frequencies. In contrast with using a full
period of sensor signal, the algorithm can provide a high performance classifi-
cation (100%) at all frequencies except higher frequencies based on small “α”
(i.e. less than T

4 fragment of sensor response). For example using “ T
5 ” of sen-

71
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sor signal in frequency 0.33Hz can perform 100% success rate and improve
significantly between-class and within-class separability.

The present work has a lot of spaces for improvement. Therefore, we ad-
dress future works as follow:

• Perform classification in the transient stage of the sensor response.

• Perform classification with datasets obtained in natural environment.

• Extend the algorithm to optimised the time lag(τn).

• Use other modulating signal such as, a square triangular, sawtooth wave-
forms.
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