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ABSTRACT

The electronic nose (e-nose) is an artificial olfactory system, consisting of a gas

sensor array, a control system, and algorithms, designed to detect and identify

the single or mixtures of odours. Owing to the boom of gas sensor technology and

machine learning algorithms, e-noses have found wide applications in many different

fields. However, the performance of e-noses in real applications has been challenged due

to the 3D issue (i.e. the discreteness issue, the drift issue, and the disturbance issue).

This thesis mainly focuses on the discreteness issue, especially the instability in feature

representations caused by sensor noises.

A kernel regularization modelling-based method is proposed to provide stable rep-

resentations for target odours. This method regards the e-nose as a whole system. The

estimated parameters of the system are applied as features to represent the odour. The

use of a smooth and stable kernel in the regularization term helps to overcome the

ill-posed problem existing in deconvolution. The performance of the proposed method is

verified by the experiment of classifying six target perfumes measured under a relatively

stable environment.

However, the above-proposed method requires an accurate setting of the initial time

(time of gas-on). In order to avoid a laborious searching of this time point, an improved

method based on multiscale wavelet kernel regularization is proposed. The multiscale

wavelet kernel inherits the advantage from wavelet function in approximating arbitrary

signals and equips the method with the ability in resistance to random noise. The

performance of the proposed method is verified by the experiment of classifying four

target whiskies. The training and testing samples were obtained from two environments.

Accordingly, a framework of "feature extraction – domain adaptation" is proposed in the

experiment.

Aiming at the instability of traditional transient-state features extracted from the

noise-contaminated signal, a novel kernel Tikhonov regularization-based numerical

differentiation algorithm is proposed. The proposed method can improve such features by

directly estimating accurate high-order derivatives from noisy signals. The performance
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of the proposed method is verified by the experiment of identifying four target whiskies.

The training and testing set were collected from two different environments. Moreover,

samples of two new whiskies were added to the testing set as disturbances. Accordingly,

a framework of "feature extraction – domain adaptation – one-class classification" is

proposed in this experiment.

In addition, on the basis of stable feature representations, we also proposed two

frameworks for food freshness monitoring and evaluation. Monitoring is realized by

one-class classification. A single hidden Markov model (HMM) trained only by fresh

samples is applied to track the change in freshness. For freshness evaluation, an HMM-

based decoding algorithm is proposed to cluster the freshness level when the whole

life-span data of meat stored in a specific storage condition is available. Then, HMM for

each freshness level is trained and applied in parallel as freshness evaluation models to

classify the tested meat samples.
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INTRODUCTION

1.1 Motivation and Scope

Olfaction, the sense of smell through which odours (chemical substances) in

the vicinity are perceived, plays a vital role for animals in foraging, breeding,

and avoiding dangerous situations [1]. Insects release pheromones and detect

olfactory cues to indicate food sources (e.g. ants’ trail pheromones), seek mates (e.g.

moths’ sex pheromones), and call for a colony defense (e.g. bees’ alarm pheromones);

many mammals leave odours of urine or other secretions to mark their territory (e.g.

bears’ scent marking) or ward off predators (e.g. skunks’ spray) [16, 25, 49, 59, 71, 93].

Humans, however, do not use the sense of smell like other mammals but rely heavily

on senses like vision to acquire information and guide behaviors [83]. Most people only

emphasize their sense of smell in limited scenarios such as searching for a fragrant

scent when picking mangoes at the grocery store or making a decision over whether

to throw away the leftover in the refrigerator. In most cases, information deriving

from olfaction directly links to brain regions processing emotions and memories, thus

frequently influencing people unconsciously [83, 161]. As a result, the power of smell

and olfaction have been underestimated by people for a long time [151, 158].

In fact, smells can offer people information far more than traits for scent preference.

Differences of fragrance can be decisive factors for the label of classification of wines or

perfume; scent from food and food products can be a vital indicator for their freshness,

ripeness, and quality; some odours emitted from human bodies can be olfactory marks of
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suffering from certain diseases; foul odours coming from gas stoves can be the alarm for

hazardous gas leak.

Thus, biological olfaction has been increasingly investigated, appreciated and em-

ployed in different areas. Studies suggest that humans, with about 400 types of olfactory

receptors, are able to distinguish more than one trillion different odours [18, 122, 167].

People receiving professional training for and/or having talent for distinguishing scents

can make a career being perfumers, sommeliers, brewers, winemakers, and distillers.

In some special fields, people also seek help from animals with more powerful olfactory

system. Dogs, for example, are not only valued in the criminal investigation, but also

trained for diagnosing human diseases such as cancer, malaria, and diabetes [57, 61, 184].

Recently, researchers even attempt to train dogs to detect the possible infection of coron-

avirus disease 2019 (COVID-19) [60, 75].

Powerful as they are, the biological olfactory systems of either humans or other

animals have their natural deficiencies: i) The perception of smells is a subjective

sensation [27], which varies individually; (ii) It is time and money consuming to train

novice employees or other animals to become competent for certain tasks [63]; iii) The

biological olfactory system is prone to fatigue and would be affected by some diseases [64,

138]; iv) Some target smells (odours) may contain toxic substances, infectious bacteria,

or viruses.

Aware of the power of smells and olfaction, researchers started to devote themselves

in developing artificial olfactory system. The artificial olfactory system, also known as

electronic nose or e-nose for short, is a device designed to imitate the function of the

human olfactory system to recognize single or mixed odours [52, 63, 70, 130, 139, 143].

An e-nose is composed of two major parts, i.e. hardware and algorithms. Hardware can

be further classified as a gas sensor array and a control system, which includes a sensor

chamber, an air intake and exhaust system, a power module, a sensor heating module,

and a communication module. The air intake and exhaust systems is designed to mimic

the breathing function (i.e. sniffing odours by inhalation and cleaning odour residuals

by exhalation). Gas sensors perform as olfactory sensory neurons. Other components

perform as supporting cells to maintain the olfactory function. Algorithms can be further

classified as signal processing algorithms, feature extraction algorithms, and pattern

recognition algorithms. The function of algorithms performs as olfactory bulbs and the

brain. An intuitive comparison between human olfactory system and artificial olfactory

system is illustrated in Fig. 1.1.

Existing studies have made great contributions to the technology of artificial olfactory
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Figure 1.1: An intuitive comparison between two olfactory systems (a) Human olfactory
system. Odorant molecules entered the nasal cavity by inhalation to touch olfactory
sensory neurons. Once the molecules are caught, they will interact with specific reac-
tors on the surface of olfactory sensory neurons. Then, action potentials are activated
and transmitted via the neuron axons to the olfactory bulb. In the olfactory bulb, the
potentials are further processed by glomerulus and mitral cells, and finally interpreted
by the brain [70, 188]. (b) Artificial olfactory system. Odorant molecules are sniffed in
to the sensor chamber by air intake/exhaust system. Once the odorant molecules are
perceived by the sensor, the sensor’s resistance will change. Then, this change is reflected
by the voltage over the load resistor. After analog-to-digital (A/D) conversion, the sensor’s
reading is further processed by signal processing and feature extraction algorithms, and
finally interpreted by pattern recognition algorithms.
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system in both hardware and algorithms. Hardware design focuses on two aspects: i)

Research on gas sensors focuses on the updating of sensing materials and/or designing of

transduction mechanisms. It contributes to different types of gas sensors, such as metal

oxide semiconductors (MOS/MOX) [76], metal oxide semiconductor field-effect transistors

(MOSFET) [45], photoionization detectors (PID) [142], surface acoustic wave (SAW)

sensors [5], conducting polymer sensors [117], and quartz crystal microbalance (QCM)

sensors [32]. ii) Research on control system mainly includes designing heating module

(constant heating temperature or periodically changing temperature) [44, 47, 54, 201,

206], air intake module (constant flow rate or periodically switching flow rate) [152, 181],

sensor chamber structures (single chamber or multiple chambers) [135, 173, 174], control

module (automatic control or manual control) [214, 216], and communication module

(wired or wireless communication) [30]. The algorithm design includes sensor-decided

signal processing and feature extraction algorithm design and task-decided pattern

recognition algorithm design. Algorithms are the key object of this research. The major

challenges regarding the algorithm will be further introduced in Section 1.3.

This thesis mainly focuses on the improvement in algorithms for MOS-type gas sensor

array-based e-noses. The instruments adopted in experiments are our self-designed

portable e-noses, i.e. UTS NOS.E II and III. UTS NOS.E II and III belong to wireless

automatic e-nose with single sensor chamber, constant sensor heating temperature, and

constant flow rate. The MOS-type sensors installed are commercially available, which is

manufactured by Figaro Engineering Inc. (Japan).

1.2 Applications of Electronic Nose

The e-nose technology has been found wide applications in many different fields. Repre-

sentative application fields are introduced as follows.

1.2.1 Auxiliary Disease Diagnosis

Human body emits hundreds to thousands of odorous or odorless volatile organic com-

pounds (VOCs) produced by daily metabolism [155, 171]. Once pathological processes (e.g.

metabolic disorders and infections) occur, a person’s VOCs will change. These changes

include the variation in the proportion of compounds under normal conditions or the

synthesis of new substances [155]. VOCs can be used as markers to indicate individual’s

physical condition. For example, if a person suffers from diabetes, his body either cannot
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produce enough insulin or cannot use insulin effectively. The glucose in the blood cannot

be broken down normally to provide energy. Then, the body turns to break down fatty

acids for energy instead [67]. A high level of acetone, one kind of VOC that causes a

fruity smell in breath or urine, is generated during this process [98]. The fruity smell is

hence regarded as a sign for patients with diabetes.

The potential of e-nose technology has been investigated for several diseases over the

past decades. Breath and urine are two main sources of VOCs for disease analysis. For

breath analysis, e-noses have been applied to the diagnosis of respiratory diseases, such

as distinguishing lung cancer from other lung diseases [35, 88], predicting treatment

effect on lung cancer patients [28], evaluating the development of chronic obstructive

pulmonary disease (COPD) [46], and detecting early lung cancer from high-risk smok-

ers [116]. With the development of the COVID-19 pandemic, researchers also attempted

to give an e-nose solution to detect this infectious disease [185]. For urine odour analysis,

e-noses appear in the diagnosis such as prostate cancer [6], urinary tract infections [126],

and diabetes [157]. For other sources of VOCs, the e-nose has been found in applications,

such as detecting tuberculosis (TB) from sputum samples [43, 163], identifying wound

infections from swab cultures [162], and checking possible use of illegal drugs from skin

odours [176].

As most researchers describe, the major advantage of e-noses is the non-invasive way

for disease diagnosis. But, it should be noted that e-noses only regard VOCs as a mixture

without specifying what exact compounds contained [52, 63, 130, 143]. This is caused

by the characteristic of gas sensors. Accordingly, it is better to regard the e-nose as an

auxiliary disease diagnostic tool.

1.2.2 Food Safety Control

Food and food products usually generate unpleasant smells in the process of spoilage.

These smells are actually VOCs caused by bacterial, molds, yeasts, or fungi during

their metabolism [73, 180]. For example, the concentration of VOCs, such as dimethyl

sulfide, trimethylamine, acetic acid, and methane-thiol, gradually increase as milk

spoilage progresses [108]. The commonly used evaluation methods in the food industry

include sensory analysis (e.g. human sensory on aroma, flavor, appearance, texture, or

sound [39]), chemical analysis (e.g. total volatile basic nitrogen [80] ), physical analysis

(e.g. Warner-Bratzler shear force [31]), and micorbiological analysis (e.g. microbial total

viable count [48]).
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Compared with the above methods, the e-nose can provide a time-saving and econom-

ical non-destructive evaluation for food and food products. For this purpose, e-noses have

been found in evaluating the quality, freshness, or shelf life of almost all kinds of foods

and food products, including fruits and vegetables [55, 56], fish and sea foods [100, 123],

poultry [186], meats and sausages [140, 146, 182, 183], eggs [200], dairy [89], grains [124],

cooked foods [156], and alcohol and beverages [50, 110].

Moreover, e-noses are also applied in food fraud detection, such as identifying real

and fake liquors [134], detecting adulteration in meat mince [165], and finding the use

of preservatives [205].

1.2.3 Hazardous Gas Detection and Localization

Hazardous gases include toxic, corrosive, explosive, or oxidizing products or wastes

generated from industrial facilities, and flammable gases used in households. A long

term exposure to hazardous gases is a great threat to both health and life. For example,

inhalation of low concentrated carbon monoxide (the product of incomplete combustion

of hydrocarbons) causes symptoms like dizziness, headache, or nausea, while prolonged

exposure can lead to irreversible injury or even death [133]. Therefore, hazardous gas

leaks should be detected and eliminated as early as possible.

E-noses are more capable to work in such dangerous situations. The application of

e-noses can be classified into two categories, i.e. passive sensing and active sensing.

Passive sensing refers to collecting the on-site air in a sampling bag (e.g. Tedlar bag)

for off-line gas analysis [20, 149] or placing the e-nose in a fixed position for on-line gas

monitoring [24, 95]. For active sensing, gas sensors are placed on moving platforms, such

as robots, vehicles, and flying drones [2, 3, 41, 118, 190]. The moving platform is able to

locate the source of leakage by tracking along the odour concentration gradient. Based

on the gradient, several searching methods have been proposed, such as chemotaxis (i.e.

comparing the concentration difference between two gas sensors and moving towards the

one with larger reading [145]), bio-inspired methods (i.e. imitating moving strategies of

animals in tracking odour plumes, such as silkworm moths [19] and dung beetles [144]),

swarm robotic methods (i.e. relying on the collaboration among a group of odour tracking

robots [114, 160]), probability maps (i.e. modelling the odour distribution as a probability

distribution and locating the source by inferences [14, 42]), and reinforcement learning

(i.e. learning to find the source of leakage from environment information [178]).
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1.3 Algorithmic Challenges and Solving Strategy

Similar to the receptors of the human olfactory system, gas sensors are also designed to

be non-odour-specific [130, 210]. That is, the gas sensor can respond to more than one

chemical stimulus. The purpose of algorithms is to find the differences as patterns among

the response curves to represent different odours. However, in real applications, finding

such differences has been challenged due to uncertainty in odour measurement processes.

This uncertainty is usually attributed to three causes, which can be summarized as the

3D issue [210, 213], i.e. discreteness, drift, and disturbance.

1.3.1 Discreteness Issue

Discreteness issue refers to the difference when e-noses with the same gas sensor ar-

ray measure the same odour under the same environmental conditions. Concentration

variation of the target odour is a main cause of the difference since gas sensors produce

different response curves under different concentration levels. Accordingly, the concen-

tration of the target odour is usually controlled in one experiment. But, it should be

noted that even if the odour concentration is the same, two same gas sensors’ readings

can still be different. The inevitable variability in the manufacturing process causes

the discrepancy between the parameters of two identical sensors [187, 211]. For MOS-

type sensors, the discrepancy can be described as two aspects [211, 213]: i) Baseline

discrepancy caused by the fluctuation of a sensor’s resistance value R0 to fresh air; and ii)

Sensitivity discrepancy caused by the fluctuation of a sensor’s rate constant KGas to tar-

get gases. Another cause of the discreteness issue is the sensor noise. MOS-type sensors

should work at about 400◦C [121, 150, 164]. The thermal agitation of electrons inside

the sensor causes Johnson-Nyquist noise (thermal noise), which is increased under this

high working temperature and then reflected by the sensor’s reading [10, 164]. Under

the influence of noises, the same feature extraction algorithm will obtain completely

different feature representations from similar response curves. A representative example

of the discreteness issue is illustrated in Fig. 1.2.

1.3.2 Drift Issue

Drift issue refers to the difference caused by the change in the state of gas sensors.

We classify the drift issue into two categories: i) Irreversible drift (or long-term drift)

refers to a permanent change in the state of sensors, such as aging (e.g. the diffusion
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Figure 1.2: Representative example of the discreteness issue. The example displayed
is responses of TGS 2602 sensors to the Chanel Chance perfume sample. (a) Odour
concentration variation. The concentration of the target odour decreases as the number
of measurements increases. Concentration variation causes the difference in response
curves. (b) Sensor manufacturing discrepancy. Two identical sensors produce different
response curves under the same environmental conditions.

or the rearrangement of metal atoms onto sensing film surface over long period of

time [121]) and poisoning (e.g. the formation of strong and irreversible bonds between

sensing materials and chemical pollutants [172]). ii) Reversible drift (or short-term

drift) refers to a temporary change in the state of sensors, such as the variation in

environmental conditions (e.g. humidity and temperature) and memory effect (e.g. the

residue of previous gases). A representative example of the drift issue is illustrated in

Fig. 1.3.

1.3.3 Disturbance Issue

The disturbance issue refers to the influence of non-target odours on the target odour

recognition. Under the disturbance condition, the response of the sensor is actually

a comprehensive result of both the target odour and non-target odours. The response

curve is hence completely different from the one that only responds to the target odour

itself. The cause of the disturbance issue can be classified into three categories: i)

Continuous disturbance refers to a relatively constant influence of non-target odours.

In this case, non-target odours can be considered as "background smells". For example,

the ambient air at the Sydney Fish Market (SFM) is usually full of a "fishy smell". All

target odour samples collected at the SFM contained disturbance information of such

smell. ii) Contingent disturbance refers to a possible influence of non-target odours. In

the process of sample collection, the target odour might be polluted contingently by

8



1.3. ALGORITHMIC CHALLENGES AND SOLVING STRATEGY

0 10 20 30 40 50

Time (s)

0

0.5

1

1.5

2

2.5

3

R
es

po
ns

e 
(V

)

Measurement @UTS CB11
Measurement @UTS CB04

Figure 1.3: Representative example of the drift issue. The example displayed is responses
of TGS 2602 gas sensor to the Chanel Chance perfume sample. The blue and red lines
represent the samples measured at UTS CB11 and UTS CB04, respectively. The change
in temperature and humidity causes the difference in response curves.

non-target odours. For example, due to the influence of intermittent wind, some target

odour samples collected during the Australian bushfires in 2019 could be contaminated

by smoke. iii) The target odour itself can change to non-target odour. For example, in

food freshness monitoring, the smell released by the fresh food is regarded as the target

odour. However, the target odour gradually becomes a non-target odour as the progress

of spoilage process. An illustrative example of the disturbance issue is shown in Fig. 1.4.

(a) (b) (c)

T3+D

T1+D

T2+D

T1+D

D D
T3

T1

T2

D

T1

Figure 1.4: Illustrative example of the disturbance issue. (a) Continuous disturbance. (b)
Contingent disturbance. (c) Changing from target odour to non-target odour. Ti denotes
the ith target odour. D denotes disturbance. Ti +D represents the mixture of target and
disturbance odour.
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1.3.4 Solving Strategy

The solving strategy is determined by the cause of each problem. Accordingly, the 3D

issue can be solved as follows:

i) The discreteness issue caused by:

• Odour concentration variation: For MOS-type sensors, the sensor’s reading

has a non-linear relationship with the odour concentration [17, 189]. If the concen-

tration fluctuates within a small range, the relationship can be approximate as

linear [17]. Accordingly, the concentration of the target odour should be controlled

in the experiment. Then, the difference caused by the concentration variation

can be eliminated or alleviated by linear transformations, such as normalization,

standardization, fractional conductance, etc. [127].

• Sensor manufacturing discrepancy: The parameter difference caused by man-

ufacturing discrepancy fluctuates within a small range. Accordingly, this influence

can also be considered as linear, and then be alleviated by linear transforma-

tions [211, 213].

• Sensor noise: Sensor noise affects the stability of the feature representation.

There are two ways to improve feature extraction algorithms: i) Applying denoising

algorithms, such as filtering and regression, to improve the quality of the sensor’s

reading [105, 214, 215]; ii) Designing feature extraction algorithms with the ability

in resistance to random noise [33, 106, 193].

ii) The drift issue caused by:

• Irreversible drift: From the perspective of feature space, drift is actually a prob-

lem of inconsistency between the feature distributions of samples obtained under

different conditions. Based on the accurate and stable feature representations,

ensemble learning can be applied. Base models are established for each feature

distribution. Then, a possible model for the future feature distribution can be

predicted from all previous models [104, 170, 172].

• Reversible drift: Transfer learning is a class of algorithms proposed to solve the

problem of inconsistent feature distribution. Hence, it can be applied to solve the

drift issue [102, 198, 209, 212, 213].

10
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iii) The disturbance issue caused by:

• Continuous disturbance: If the influence of "background smell" is constant, the

disturbance issue can be categorized into the drift issue. Hence, it can be solved by

transfer learning.

• Contingent disturbance: From the perspective of algorithms, the disturbance

issue can be considered as the influence of new classes of odour samples on the

pre-trained model. If the new odour is not the pattern we are interested in, it can

be removed as an outlier via novelty detection [107, 208]. Conversely, if the new

odour is a pattern that we might be interested in, it can be added to the existing

model as a new class via incremental learning [53].

• The changing from target odour to non-target odour: This problem is com-

mon in monitoring tasks. Monitoring aims to track the change of features over

time. For most monitoring tasks, samples from normal conditions (target odours)

are much easier to obtain than ones from abnormal conditions (non-target odours).

Accordingly, monitoring can be regarded as a novelty detection task.

Solving the discreteness issue is the first step for the others since an accurate and

stable feature representation will facilitate the solution to the drift and the disturbance

issues. Accordingly, our strategy for solving the 3D issue is illustrated in Fig. 1.5.

1.4 Thesis Contribution

As mentioned previously, a good feature representation is a prerequisite for solving

the drift and disturbance issue faced in real applications of e-noses. Accordingly, this

thesis conducts research on algorithms that can provide accurate and stable feature

representations for MOS-type gas sensor array-based e-nose. Based on such features,

aiming at the 3D issue, this thesis also presents problem-solving frameworks in specific

applications. The major contributions of this thesis are summarized as follows:

i) Proposition of feature extraction algorithms:

• Non-parametric modelling-based feature extraction algorithm

This method regards the e-nose as a dynamic system. A unit step signal is assumed

to be the ideal system input, which denotes the receiving of the target odour. The

gas sensor’s reading is considered as the system output. Parameters of this dynamic

11
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Figure 1.5: The solving strategy to the 3D issue.

system can be regarded as a representation of odour since other interfering factors

of the system (e.g. relative stable environment, fixed operation parameters, and

regulated concentration) have been controlled in the experiment. Accordingly, odour

identification can be regarded as system identification. Here, a non-parametric

modelling method, i.e. the finite impulse response (FIR) model, is applied to avoid

the problem in pre-setting the order of the model. In addition, the use of a smooth

and stable kernel function overcomes the ill-posed problem in calculating system

parameters, which ensures a stable feature extraction.

• Multiscale wavelet kernel regularization-based feature extraction algo-
rithm

The major shortage of the above-proposed method is the requirement of an accurate

setting of initial time (time of gas-on). However, in real applications, it is laborious

12
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to find such time point when the sensor’s reading is contaminated by noises. Hence,

an improved feature extraction algorithm based on multiscale wavelet kernel

regularization is introduced to solve the problem. The multiscale wavelet kernel

inherits the advantage from wavelet function in approximating arbitrary signals.

Accordingly, finding the initial time can be avoided. Moreover, the use of multiscale

wavelet-based regularization endues the FIR model a good ability in resistance to

random noises.

ii) Proposition of signal processing algorithm:

• Numerical differentiation algorithm using kernel-based Tikhonov regu-
larization

As the simplest feature extraction algorithm, traditional hand-crafted features

have been widely used in e-noses. Among the hand-crafted features, most of them

are designed based on the 1st- and 2nd-order derivatives of the gas sensor’s response

curve. These features are called transient-state features. However, calculating the

derivative (numerical differentiation) of a noisy signal is an ill-posed problem since

it has a tendency to amplify the effect of noise. To tackle this problem, a novel

numerical differentiation algorithm is proposed, which uses kernel-based Tikhonov

regularization. The proposed algorithm is able to directly estimate high-order

derivatives from the noise-contaminated signal without applying any smoothing

technique (e.g. filtering and regression). After derivative estimation, accurate and

stable transient-state features can be obtained.

iii) Proposition of problem-solving framework in real applications:

• A framework for odour identification based on domain adaptation and
one-class classification

In many odour identification tasks, the training and testing samples are collected

under two different environmental conditions. To simplify the problem, we assume

that the temperature, humidity, and background smell in each environment are

relatively constant. Based on this assumption, the drift issue (i.e. reversible drift)

can be alleviated by a domain adaptation algorithm, domain regularized component

analysis (DRCA) [209]. Then, the disturbance issue (i.e. contingent disturbance)

can be solved by a hidden Markov model (HMM)-based one-class classification

method. The proposed framework is verified in a real application scenario dis-

played at the CeBIT (Centrum für Büroautomation, Informationstechnologie und
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Telekommunikation) Australia 2019 Expo by successfully identifying four targets

and two disturbance whiskies.

• A framework for food freshness monitoring and evaluation based on hid-
den Markov models

A data-driven freshness monitoring and evaluation method is needed in food indus-

try. To simplify the problem, we assume that all training and testing samples are

collected under the same environmental conditions i.e. the temperature, humid-

ity, and background smell are relatively constant. Based on this assumption, we

proposed two frameworks for different tasks: i) To enable monitoring regardless

the storage condition, we propose a monitoring method based on a single HMM

trained only by fresh samples. Monitoring is realized by measuring the distance

(i.e. likelihood) between the fresh sample and the tested sample. ii) When the whole

life-span data of meat stored in a specific storage condition is available, a meat

freshness evaluation method based on multiple HMMs is proposed. The freshness

level is uncovered by a decoding algorithm (i.e. the Viterbi algorithm). Then, HMM

for each level is trained and applied in parallel as a classifier to evaluate the

freshness. The proposed frameworks are verified by monitoring and evaluating the

freshness of three different meat products.

1.5 Thesis Outline

Arrangement of the thesis is as follows:

CHAPTER 1
This chapter presents an introduction of motivation and scope, possible application

areas, faced challenges, contributions, and outline of the thesis.

CHAPTER 2
This chapter presents a literature review related to improving the feature quality

for MOS-type sensor array-based e-noses, including signal processing algorithms and

feature extraction algorithms.

CHAPTER 3
This chapter presents a novel feature extraction algorithm. We apply the impulse

response of a kernel-based FIR model as the feature to represent the gas sensor’s reading.

Based on the normalized mean square error and information entropy, hyper-parameters

of the kernel function are optimized to prevent the FIR model from overfitting. Based

14
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on these features, odour identification is realized by applying Gaussian mixture density

hidden Markov models (GMM-HMMs). Also, hyper-parameter selection for GMM-HMM is

realized according to the Bayesian information criterion (BIC) index and cross-validation.

The dataset used to verify the algorithm is six different perfumes measured by the self-

designed electronic nose system, UTS NOS.E II. Firstly, we validate the performance of

the proposed feature extraction method in resistance to noise and compare it with other

existed features. The modelling-based feature reaches the highest performance even

without applying any filtering or smoothing techniques. Then, we compare the proposed

combination of feature extraction and classification algorithms with other approaches.

The proposed method outperforms other approaches reaching 93.56% in sensitivity and

98.71% in specificity.

The work of this chapter has been published in:

• T. LIU, W. ZHANG, L. YE, M. UELAND, S. L. FORBES, AND S. W. SU, A novel
multi-odour identification by electronic nose using non-parametric modelling-
based feature extraction and time-series classification, Sensors and Actuators B:

Chemical, 298 (2019), pp. 126690.

CHAPTER 4
Aiming to the shortage of the above proposed feature extraction algorithm, this

chapter presents an improvement method. The impulse response is estimated from

a FIR model constrained by a multiscale wavelet kernel regularization matrix. The

kernel regularization matrix equips the proposed feature extraction method with an

ability in resistance to random noise. A numerical experiment proves that, compared

with single-scale kernel regularization, the use of multiscale wavelet kernel helps to

achieve more stable and accurate impulse response estimation. Then, a field experiment

is conducted to demonstrate the performance of the proposed features. This experiment

aims to identify four different whiskeys measured by a self-designed e-nose, UTS NOS.E

III. Under the framework of "feature extraction – domain adaptation", the classification

result based on the proposed features outperforms those using other considered features.

The accuracy of whiskey identification reaches 92.00%.

The work of this chapter has been submitted for publication:

• T. LIU, W. ZHANG, J. LI, M. UELAND, S. L. FORBES, W. X. ZHENG, AND S. W.

SU, A multiscale wavelet kernel regularization-based feature extraction method
for electronic nose, Submitted to IEEE Transactions on Systems, Man, and

Cybernetics: Systems. (Under Review)
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CHAPTER 5
As the simplest feature extraction algorithm, traditional hand-crafted transient-state

features have been widely used in the area of e-noses. However, the influence of noise

in the calculation of numerical differentiation leads to the inaccuracy and instability

in extracting these features. To tackle this issue, a novel numerical differentiation

algorithm using kernel-based Tikhonov regularization is proposed in this chapter. The

proposed method can provide accurate and stable transient-state features by directly

estimating high-order derivatives from the noise-contaminated sensor’s reading. The

feature representation is a prerequisite for good performance of e-noses. Nevertheless, it

should be noted that this performance in real applications can still be affected by other

factors such as sensor drift and unknown odour disturbance. This issue can be addressed

by applying a framework of domain adaptation and one-class classification. The proposed

method and the adopted framework have been verified in a field experiment, which

identifies the odour of four targets and two disturbance whiskies measured by UTS

NOS.E III. The classification accuracy reaches 86.36%.

The work of this chapter has been submitted for publication:

• T. LIU, W. ZHANG, L. WANG, M. UELAND, S. L. FORBES, W. X. ZHENG, AND S.

W. SU, Numerical differentiation from noisy signals: a kernel regularization
method to improve transient-state features for electronic nose, Submitted to

IEEE Transactions on Industrial Electronics. (Under Review)

CHAPTER 6
This chapter presents the use of UTS NOSE II with a data-driven approach, HMMs,

to detect meat spoilage. The data-driven approach we proposed include: i) A training

algorithm using segmental rapid centroid estimation (RCE) to increase the overall stabil-

ity of the HMM optimization algorithm; ii) A monitoring algorithm using a single HMM

trained only by fresh samples to track the change of meat freshness in real-time when

the storage condition is not specified; iii) An HMM-based decoding algorithm to cluster

the freshness level when the whole life-span data of meat stored in a specific storage

condition is available. Then, HMM for each freshness level is trained and applied in

parallel as freshness evaluation models to classify the tested meat samples. In freshness

monitoring, case studies on fish, beef, and chicken demonstrate the effectiveness and

potential of this method. In freshness evaluation, we observed sensitivity and specificity

of 96.32%±2.83% and 99.07%±0.69%, 99.09%±2.40% and 99.82%±0.48%, as well as,

99.35%±0.27% and 98.31%±0.71% for fish, beef, and chicken, respectively.
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The work of this chapter has been published in:

• T. LIU, W. ZHANG, M. YUWONO, M. ZHANG, M. UELAND, S. L. FORBES, AND S.

W. SU, A data-driven meat freshness monitoring and evaluation method using
rapid centroid estimation and hidden Markov models, Sensors and Actuators B:

Chemical, 311 (2020), pp. 127868.

CHAPTER 7
This chapter summarizes the work of the paper and presents prospects for future

research.
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LITERATURE REVIEW

2.1 Introduction

Feature extraction is a bridge connecting gas sensor technology and pattern recog-

nition techniques. It converts the gas sensor array’s reading into a simple rep-

resentation that can be processed efficiently by pattern recognition algorithms.

A discriminant and stable feature representation is also a prerequisite for good perfor-

mance of e-noses. There are two ways to improve feature extraction algorithms: i) The

indirect method is to apply signal processing algorithms to enhance the quality of the

original response for subsequent feature extraction; ii) The direct method is to design a

feature extraction algorithm with anti-noise ability for the response curve.

A typical response curve of MOS-type sensors is shown in Fig. 2.1. In the area of

artificial olfaction, the entire response curve is called one sniff [91]. One sniff represents

one sample (or instance) in pattern recognition algorithms. It can be clearly seen from the

figure that a sniff consists of three stages: i) The baseline stage represents the sensor’s

response in fresh air; ii) The absorption (or response) stage represents the interaction

between the sensing material and odour stimuli; iii) The desorption (or recovery) stage

represents washing the residual odour on the surface of the sensing material with fresh

air. Generally, MOS-type sensors take a longer time in the desorption stage than in the

absorption stage. Feature extraction algorithms are usually performed in the first two

stages.

In this chapter, we review the two fundamental techniques that have been applied
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Figure 2.1: Typical response curve of MOS-type gas sensors. The example displayed is
responses of TGS 2602 gas sensor to the Chanel Chance perfume sample.

in MOS-type gas sensor array-based e-noses. Section 2.2 presents signal processing

algorithms. Section 2.3 presents feature extraction algorithms. The algorithms reviewed

in this section are the main source of comparison algorithms for our proposed methods.

2.2 Review of Signal Processing Algorithms

2.2.1 Linear Transformation Algorithms

Linear transformations are applied to reduce the influence of discreteness issue caused

by odour concentration variation and sensor manufacturing discrepancy [211]. The

most widely applied linear transformation algorithms include differential response (2.1),

fractional response (2.2), normalization (2.3), and standardization (2.4) [106, 107, 127,

162, 210, 211]:

ŷ(t)= y(t)−min y(t)(2.1)

ŷ(t)= y(t)−min y(t)
min y(t)

(2.2)

ŷ(t)= y(t)−min y(t)
max y(t)−min y(t)

(2.3)

ŷ(t)= y(t)−mean y(t)
std y(t)

(2.4)
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where y(t) and ŷ(t) represent the sensor’s reading before and after transformation,

respectively. The performance of above linear transformations is shown in Fig. 2.2.
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Figure 2.2: Representative example of linear transformations. The example displayed is
responses of TGS 2602 sensors to the Chanel Chance perfume sample. (a) Original re-
sponse curves. (b) Differential conductance. (c) Fractional conductance. (d) Normalization.
(e) Standardization

The choice of linear transformation algorithm depends on the particular task in real

applications. Differential response and fractional response are called baseline manipula-

tion methods, which can align the baseline and retain information related to the response
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(concentration). Normalization and standardization perform better than baseline manip-

ulation methods in reducing the effect of the discreteness issue caused by concentration

variation and sensor manufacturing discrepancy. However, the concentration-related

information has been totally eliminated after such transformations. Normalization is a

globally scaling method, which can be influenced by outliers. Standardization is not be

affected by outliers, but it cannot align the baseline.

2.2.2 Smoothing Algorithms

Smoothing algorithms are applied to reduce the influence of discreteness issue caused by

sensor noise. The most widely used smoothing techniques include filtering and regression.

Representative smoothing algorithms are introduced in the following parts.

2.2.2.1 Wavelet Transformation Domain Filter

Recall that the thermal agitation of electrons inside the sensor causes thermal noise in

sensor’s reading. Thermal noise in an ideal resistor can be considered as Gaussian white

noise [10]. The wavelet transformation domain filter (WTDF), as one of wavelet filters

designed to tackle the white noise, has been adopted to process e-nose signals [105, 106].

The WTDF assumes that, in a noise-contaminated signal, the components with high

correlation should be passed through the filter [191]. A simple implement of WTDF is

shown in Algorithm 1.

2.2.2.2 Polynomial Regression

Polynomial regression is the simplest but commonly used smoothing technique in signal

processing. It uses a linear combination of basic functions {φm(t) |m ∈ M} to model

a smooth approximation of signal y = [y[1], . . . , y[N]] ∈ RN . If the input variables are

defined as X= [x1, . . . , xN] ∈RN×M , where xn = [φ1(n), . . . ,φM(t)]ᵀ ∈RM , the combination

parameters ω= [ω1, . . . ,ωM] ∈RM can be obtained by [68, 141, 218]:

ω= argmin
ω

J(ω)

= argmin
ω

‖y−Xω‖2
2(2.5a)

= (XᵀX)−1Xᵀy(2.5b)

where (2.5b) is a closed-form solution obtained by applying the least square (LS).
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Algorithm 1: Wavelet Transformation Domain Filter
Input: Signal y ∈RN , scale M ∈Z+, mother wavelet ψ(t), and threshold

Pthresh > 0.
Output: Filtered signal ŷ ∈RN .

1 Initialization: Filtered wavelet coefficient matrix WF ← 0M×N .
2 Calculate wavelet coefficient matrix W← [wᵀ

1,n, . . . ,wᵀ
M,n] ∈RM×N , where

wᵀ
m,n ∈RN is the discrete wavelet transformation of y on level m by ψm,n(t).

3 for m = 1, . . . , M−1 do
4 Pw ←∑

n∈N wm,n ◦wm,n. � ◦: Hadamard product
5 while Pw > Ptresh do
6 c ← wm,n ◦wm+1,n.
7 Pc ←∑

n∈N c ◦ c.

8 ĉ ←
√

Pw
Pc

· c.
9 for n = 1, . . . , N do

10 if |ĉ[n]| > |wm,n [n]| then
11 WF [m,n] ← wm,n [n].
12 wm,n [n] ← 0.
13 end
14 end
15 Pw ←∑

n∈N wm,n ◦wm,n.
16 end
17 end
18 Reconstruct signal ŷ from WF via the inverse discrete wavelet transformation.

return ŷ.

When the optimal parameters are obtained, the smoothed signal can be calculated as:

(2.6) ŷ=Xω.

Improvement of polynomial regression is made from two aspects:

i) Add regularization terms to (2.5a) to avoid model overfitting, such as ridge re-

gression (2.7) [68], LASSO (least absolute shrinkage and selection operator) regression

(2.8) [141], and elastic net regression (2.9) [218]:

J(ω)= ‖y−Xω‖2
2 +α‖ω‖2

2(2.7)

J(ω)= ‖y−Xω‖2
2 +β‖ω‖1(2.8)

J(ω)= ‖y−Xω‖2
2 +α‖ω‖2

2 +β‖ω‖1(2.9)

where ‖ω‖2
2 and ‖ω‖1 represents L2 and L1 regularization term, respectively. α and β

denotes trade-off parameters.
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A closed-form solution can also be obtained for (2.7) via the regularized least square

(ReLS) since L2 is a differentiable convex term. However, (2.8) lacks closed-form solutions

since L1 term is not differentiable. A numerical solution can be obtained by using least

angle regression (LARS) [85]. For elastic net regularization, (2.9) can be converted to the

basic form of LASSO [196], and then solved as LASSO regression.

ii) Change the global regression to local regression with moving average, such as

locally weighted regression (LWR) [26]. A simple implementation of LWR is shown in

Algorithm 2.

Algorithm 2: Locally Weighted Regression (with Gaussian weight)
Input: Signal y ∈RN , input variable X ∈RN×M , and hyper-parameter τ ∈R.
Output: Smoothed signal ŷ ∈RN .

1 Initialization: Smoothed signal ŷ← 0, index t← [1, . . . , N]ᵀ ∈RN , and
1N ← [1, . . . ,1]ᵀ ∈RN .

2 for n = 1, . . . , N do
3 a← exp

{−(n·1N−t)◦2

τ

}
� Gaussian weight

4 A← diag(a)
5 ω← (XᵀAX)−1XᵀAy
6 y[n] ←X[n,:]ω

7 end
8 return ŷ.

2.2.2.3 Tikhonov Regularization-Based Smoothing

Tikhonov regularization is considered to be an extension of ridge regression. It adds

constraint on the dth-order derivatives of the unknown vectors (parameters). Accordingly,

ridge regression can be considered as a 0th-order Tikhonov regularization.

Let q1 = [1,−1] be the FIR approximation of the 1st-order derivative operator. Based

on this, a dth-order (d � 2) derivative operator can be constructed as [147]:

(2.10) qd = qd−1�q1

where � denotes discrete convolution. From (2.1), differentiation matrix can be con-
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structed with zero-padding as:

(2.11) Qd =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

qd [1] qd [2] · · · qd [d+1] 0 · · · 0

0 qd [1] · · · qd [d] qd [d+1] · · · 0

0 0 · · · qd [d−1] qd [d] · · · 0
...

... · · · ...
... . . . ...

0 0 · · · 0 0 · · · qd [d+1]

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦
∈RN×N .

Accordingly, the estimation of a dth-order Tikhonov regularization is given by [147]:

(2.12)

ŷ= argmin
ŷ

J( ŷ)

= argmin
ŷ

‖y− ŷ‖2
2 +λ‖Qd ŷ‖2

2

= (IN +λQᵀ
dQd)−1 y

where Qd ŷ denotes the dth-order derivative of ŷ. IN is a N-by-N identity matrix. λ

denotes the trade-off parameter.

2.2.2.4 Support Vector Regression

Support vector regression (SVR) is a classical algorithm in nonlinear regression. It finds

a line to fit a nonlinear function with a flexible error bound in a feature space mapped

from the original input space.

SVR problem can be formed as [7, 159]:

(2.13)

min
ω,b,en,ên

1
2
‖ω‖2

2 +λ
N∑

n=1
(en + ên)

s.t. ωᵀφ(xn)+b− y[n] � ε+ en,

y[n] −ωᵀφ(xn)−b � ε+ ên,

en � 0, ên � 0, n = 1, . . . , N

where ω and b are parameters of regression model to be estimated. en and ên denote

slack variables. ε represents the bound of acceptable deviation. λ is a trade-off parameter.

φ(·) is a mapping from the input space to feature space.

The optimization of (2.13) can be simplified by converting it to its dual problem
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as [7, 159]:

(2.14)

max
α,α̂

N∑
n=1

y[n](α̂n −αn)−ε(α̂n +αn)

− 1
2

N∑
n=1

N∑
m=1

(α̂n −αn)(α̂m −αm)xᵀ
nxm

s.t.
N∑

m=1
(α̂n −αn)= 0,

0� α̂n, αn �λ.

Then, (2.14) can be solved by a efficient optimization algorithm, i.e. sequential

minimal optimization (SMO) [207]. The estimated model is in the form of [7, 159]:

(2.15) ŷ(x)=
N∑

n=1
(α̂n −αn)κ〈xn, x〉+b

where κ〈·, ·〉 denotes kernel function representing the inner product φ(·)ᵀφ(·).
Here, we list some widely applied kernel functions, such as radial basis function

(RBF) kernel, Laplace kernel, polyomial kernel, and sigmoid kernel [125]:

κ〈x1, x2〉 = exp

{
−‖x1 − x2‖2

2

2θ2
1

}
(2.16)

κ〈x1, x2〉 = exp
{
−|x1 − x2|

θ1

}
(2.17)

κ〈x, y〉 = (xᵀ
1x2)d(2.18)

κ〈x1, x2〉 = tanh(θ1xᵀ
1x2 +θ2)(2.19)

where θi and d are hyper-parameters of the considered kernel function.

2.3 Review of Feature Extraction Algorithms

According to the recent research outcomes, we can roughly divide the existed feature

extraction approaches into four categories: i) Traditional hand-crafted features; ii) Curve

fitting-based features; iii) Learning-based features; and iv) Frequency-domain features.

2.3.1 Traditional Hand-Crafted Features

Traditional hand-crafted features refer to piecemeal features extracted directly from the

sensor’s response curve [193]. These characteristics reflect some physical information
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about the interaction between the odour stimulus and the sensing material, such as

concentration, speed, acceleration, etc..

Hand-crafted features are designed from the basic elements shown in Fig. 2.3. Based

on this, the constructed features are listed in Table 2.1. It should be noted that we

cannot list all hand-crafted features in this table. The one designed from the structural

characteristics of the response curves can be classified as this category. We can further

classify the hand-crafted features into steady-state features and transient-state features.

As we can see from the table, transient-state features contribute most of the hand-crafted

features.
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Figure 2.3: Basic elements for hand-crafted features. The example displayed is responses
of TGS 2602 sensors to the Chanel Chance perfume sample. The blue solid line is the
estimation result of our proposed method Chapter 5. The gray dashed line is the filtering
result of WTDF.

Traditional hand-crafted features are easy to be influenced by the discreteness issue.

The steady-state feature is sensitive to sensor manufacturing discrepancy and odour

concentration variation. Once normalization or standardization is adopted to reduce such

influences, the discriminant information it has provided will be totally eliminated, as

illustrated in Fig. 2.2(d) and (e). The transient-state features designed from derivatives

are sensitive to noise since numerical differentiation has a tendency to amplify the

influence of noise [120]. As illustrated in Fig. 2.3, although the noise in the filtered

signal has been suppressed to a small level, we can still have an large influence in the

2nd-order derivative. The stability and accuracy in feature extraction are significantly

challenged under such conditions. Despite such shortages, traditional features are still
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Table 2.1: Representative traditional hand-crafted features

Feature Construction Description Category

f1 ypeak − ybase Peak value Steady-state feature

f2 tpeak − tgas-on Response time

Transient-state feature

f3 |d ymax| Maximum 1st-order derivative

f4 td1max − tgas-on Time interval between td1max and tgas-on

f5 tpeak − td1max Time interval between tpeak and td1max

f6 d2ymax Maximum 2nd-order derivative

f7 td2max − tgas-on Time interval between td2max and tgas-on

f8 tpeak − td2max Time interval between tpeak and td2max

f9 d2ymin Minimum 2nd-order derivative

f10 td2min − tgas-on Time interval between td2min and tgas-on

f11 tpeak − td2min Time interval between tpeak and td2min

f12 td2min − td2max Time interval between td2min and td2max

popular in many applications, such as gas sensor array optimization and flow rate

optimization [135, 162], due to their simplicity and physical significance.

2.3.2 Curve Fitting-Based Features

To tackle the influence of sensor noise, curve fitting-based feature extraction algorithms

are proposed. Curve fitting methods approximate the discrete and noised sensor’s re-

sponse by using continuous and smooth analytical functions. The coefficients of curve

fitting functions (e.g. polynomial regression, exponential regression, and sigmoidal re-

gression [36, 193, 194]) are applied as a feature vector to represent the response curve.

We take the polynomial regression as an example. The polynomial curve fitting-based

features can be extracted as illustrated in Fig. 2.4.

In comparison with the traditional method, features are not required to be designed,

as the coefficients of curve fitting indicate the structural characteristics of the response

curve. However, this method only provides a limit number of features. The number of

features is decided by the degree of the curve fitting function. If the degree is too high,

the fitting function will be overfitting. As illustrated in Fig. 2.4(c) and (d), a large value

is generated for the largest degree term, while the rests are close to zero. In this case,

the high-degree fitting function mainly focuses on the detail of the response curve but

ignores its general characteristics. The ability of the feature in generalization is hence

reduced. However, if the degree is too low, the limited features shall not discriminant
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Figure 2.4: Representative example of polynomial curve fitting-based feature extrac-
tion. The example displayed is responses of TGS 2602 sensors to the Chanel Chance
perfume sample. (a) Curve fitting in the absorption stage. (b) Coefficients of 2nd-degree
polynomials. (c) Coefficients of 3rd-degree polynomials. (d) Coefficients of 4th-degree
polynomials.

two similar response curves. It should be noted that, once the signal is contaminated

by noise, it is not trivial to find the optimal curve fitting degree that should be pre-set

before coefficient estimation [79].

2.3.3 Learning-Based Features

A modern approach for extracting odour features is feature learning. Feature learning

allows the algorithm to discover the representations needed for classification automat-

ically. Artificial neural networks (ANNs) are usually selected to deal with this task.

Feature learning methods can be either supervised or unsupervised. Supervised feature

learning (e.g. time-delay neural network [40, 148], long short-term memory (LSTM)

networks [166], convolution neural networks (CNN) [96]) allows the algorithm to both

learn the features and use them to perform classification. Unsupervised feature learning

(e.g. sparse auto-encoder (SAE) [217], restrict Boltzmann machine (RBM) [90, 112]) is

specifically attractive to data that is unintuitive and difficult to interpret. Besides the

ANNs, features can also be learnt from sparse coding, such as dictionary learning [66]. A

representative example of learning-based feature extraction is illustrated in Fig. 2.5.

Learning-based features are convenient to use. One can directly feed the sensor
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Figure 2.5: Representative example of SAE-based feature learning.

array’s responses to a neural network without applying any pre-processing technique.

However, a large number of training data is necessary to ensure an accurate learnt

representation.

2.3.4 Frequency-Domain Features

Frequency-domain features can be extracted when sensor’s responses are modulated

by a periodic signal. Recall that there are two ways to realize modulation: i) Design

e-nose systems with a temperature modulation module [47, 54, 201, 206], as shown in

Fig. 2.6(a). This module aims to heat the sensor with a periodically changing temperature.

ii) Design e-nose systems with a temperature modulation module [152, 181], as shown in

Fig. 2.6(b). This module aims to switch the gas input periodically. Under such conditions,

frequency-domain features can be extracted. Wavelet-based features constitute a major

part of this category, such as the spectrum, energy, and entropy of wavelet (package)

decomposition [69, 152]. Besides, the use of other frequency-domain analysis tools, like

the Fourier, the short-time Fourier, and the Gabor transformation, is also reported [65,

69].

These features provide a wealth of discriminate information compared with their time-

domain counterparts. However, these features require a special design of the modulation
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Figure 2.6: Illustrative example of modulation system. (a) Temperature modulation
module. (b) Flow rate modulation module

system, which will also increase the manufacturing cost of the e-nose. Moreover, for

temperature modulation, the performance of the most commercially available MOS-type

gas sensor will be influenced if the pulse width modulation (PWM) signal is used to

drive these sensors. MOS-type gas sensors need to work at a specific temperature to get

the best performance, therefore if PWM signal is used to control the power, getting the

appropriate heating temperature for the gas sensors is difficult to obtain. This method

is not recommended by the commercial gas sensor manufactures, unless they add the

related description in the technical data sheet (e.g. TGS2444, TGS8100).

2.3.5 Other Features

2.3.5.1 Linguistic-Level Features

The result of the first-level pattern recognition algorithm based on the above-mentioned

features is used as the input of the second-level pattern recognition algorithm. This

kind of two-level pattern recognition algorithms is also known as decision-level fusion.

The result of the first-level pattern recognition can be regarded as linguistic-level fea-

tures [192].

2.3.5.2 Comprehensive Features

Comprehensive features refer to the new features obtained by the fusion or combination

of the above-mentioned features at the feature level [77]. The widely used feature fusion

31



CHAPTER 2. LITERATURE REVIEW

or combination algorithms include principle component analysis (PCA), kernel PCA

(KPCA), genetic programming (GP), and SAE.
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3
FEATURE EXTRACTION BASED ON NON-PARAMETRIC

MODELLING

3.1 Introduction

For a specific application, when the designing of the sensor array and hardware

structure is completed, feature extraction and classification methods matter in

improving the performance of the e-nose system. A useful feature extraction

method will facilitate the subsequent classification procedure. Recall that we have

classified the existed feature extraction algorithms into four categories in the previous

chapter: traditional hand-crafted features, curve fitting-based features, learning-based

features, and frequency-domain features.

The traditional hand-crafted features are deliberately designed piecemeal represen-

tations with the physical meaning [199, 215]. Their design requires experts’ experience.

Among the traditional features, the steady-state feature is most widely used for its

simplicity in computing [199, 208]. However, the information provided by this feature

would be totally eliminated when normalization is adopted to reduce the effect of con-

centration fluctuation and sensor discrepancy [106]. Derivative contributes the rest

traditional hand-crafted features [107]. However, the stability is significantly challenged

since numerical differential operator would amplify the influence of sensor noises. The

curve fitting-based features is hence proposed to alleviates the influence of noise to

some extent. These methods apply the parameter of curve fitting function or parametric
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modelling as features, such as polynomial fitting, exponential fitting, and autoregressive

model [112]. However, once the signal is contaminated by noise, it is not trivial to find

the optimal curve fitting or modelling order that should be pre-set before parameter

estimation [79]. In recent years, it has been proposed that learning-based approaches

can directly learn the representation from the response curve without being affected

by noises, such as sparse coefficient of dictionary learning, encoding of auto-encoders,

and hidden layer’s output of deep neural networks [202]. However, a large number of

training data is necessary to ensure an accurate learnt representation. When the sensor

array is operated under a periodic heating voltage (i.e. temperature modulation [65])

or a periodic switching airflow (i.e. airflow modulation [152]), the sensor’s response will

contain frequency information. Under such conditions, frequency-domain features can

be extracted. Wavelet-based features constitute a major part of this category, such as

the spectrum, energy, and entropy of wavelet (package) decomposition [69, 152]. Besides,

the use of other frequency-domain analysis tools, like the Fourier, the short-time Fourier,

and the Gabor transformation, is also reported [65, 69]. However, the shortage is the

requirement of a specially designed e-nose platform. Since our e-nose is not equipped

with a temperature or airflow modulation system, the frequency-domain features would

only contain trivial information about noises. Hence,we do not consider this category

anymore in our thesis.

Apart from the approaches mentioned above, features can also be extracted based

on system modelling. From the perspective of system identification, the e-nose device

is regarded as a black-box system. In this study, it is assumed the input of the gas

sensor, the stimulation of the target odour, can be approximately treated as a step input.

However, the actual system output is subjected to divergence from the ideal input by

interfering factors [33], such as the properties of gas molecules, gas circuit, type of

sensor and its installation site, temperature, and relative humidity. Different interfering

factors provide different model parameters to the black-box system. When environmental

and device operation parameters are set to the same, the only interfering factor is the

properties of gas molecules. Therefore, odour identification can be achieved by realising

system identification. It is reasonable to consider the solution of system identification

as features for target odours. Inspired by the above hypothesis, our work is developed

accordingly. In addition, due to the fact that the complexity of the parametric model is

bounded even if the amount of data is unbounded. In this study, to well improve the

flexibility, we developed a non-parametric modelling-based approach.

The primary contributions of this chapter are summarized as follows:
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• We proposed a feature extraction method according to a non-parametric modelling-

based approach, namely, kernel-based model estimation, and developed the corre-

sponding parameters optimization algorithm.

• To take full advantage of the discriminant information contained in the features,

we combined the proposed feature extraction method with GMM-HMMs. Also, a

parameter selection method for GMM-HMMs is provided.

• We developed an automatic initial time detection method based on the estimated

model and achieved automatic odour identification with the proposed method.

The proposed feature extraction method shows excellent ability in noise suppression.

Moreover, the combination method improves the performance of the self-designed e-

nose system. Compared with traditional feature extraction approaches, the proposed

method provides non-hand-design features. Compared with curve-fitting approaches, the

proposed method extracts more structural characteristics of the original curve. Compared

with feature-learning approaches, the proposed method achieves higher classification

accuracy.

The rest of the chapter is structured as follows: Section 3.2 is devoted to describing the

whole methodology of modelling-based feature extraction. Experiment setup is introduced

in Section 3.3. Then, the experiment results and discussion will be presented in Section

3.4. Finally, the conclusion of this chapter will be outlined in Section 3.5.

3.2 Methodology

The response of e-nose to target odours is comprised of three stages: baseline stage,

absorption stage and desorption stage. In this study, features were extracted from

the data acquired in first two stages, as the third stage requires a long time for the

chemical sensors to desorb the odour molecules and let the sensor’s response return to the

baseline. Recall that the parameters of the dynamic model can be applied as features for

target odours. It performs as an improvement of conventional curve fitting-based feature

extraction. Compared with curve fitting-based methods, dynamical modelling takes both

the current input and the previous behaviour of the system into consideration, and

therefore, can extract more features. But, it should be noted that traditional dynamical

modelling approaches (e.g. ARX model [40]) are usually parametric models. A specified

order of the system should be decided before estimating the parameters; that is, the
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complexity of the parametric model is usually bounded. Actually, it is difficult to identify

the exact order when the input is a step signal, and the observation is polluted with

noise. Non-parametric modelling approach, e.g. FIR model, can be applied to solve this

problem. The estimation of the FIR model does not need to consider the order of the

system. However, finding the impulse responses from the noised observation is an ill-

posed inverse problem. Therefore, in this section, a newly developed non-parametric

modelling approach [131, 132, 195], was introduced, which adds a regularization term

with a well-selected kernel function. The kernel-based regularization helps prevent

overfitting caused by the noise-polluted observations and obtain a more accurate and

robust estimation.

3.2.1 Kernel-Based Model Estimation

Let ṽs(t) be the normalized actual response of the sth sensor and ũs(t) be its corresponding

ideal step input. Then, a noiseless output, v̂s(t|θs), can be obtained by calculating the

convolution between the Dth-order finite impulse responses, θs(t), and ũs(t) as:

(3.1)

v̂s(t|θs)= (θs ∗ ũs)(t)

=
D∑

τ=1
θs(τ)ũs(t−τ)

= x̃
ᵀ
t θs, t ∈ T

where x̃t = [ũs(t−1), ũs(t−2), . . . , ũs(t−D)]
ᵀ

is a vector presentation of ũs(t−τ).

The actual normalized response can also be vectorized as: Ṽs = [ṽs(1), ṽs(2), . . . ṽs(T)]ᵀ.

Accordingly, the finite impulse responses of the sth sensor can be written in the matrix

form as:

(3.2) Ṽs = X̃sθs + Ẽs

where X̃s = [x̃1, x̃2, . . . , x̃T ]
ᵀ
, and Ẽs denotes the disturbance vector of the finite responses

model.

In order to avoid any ill-conditioned solution and to obtain a better finite impulse

responses model, a newly regularization method was introduced. By applying a Mercer

Kernel, the θs can be smoothed by projecting it into a Reproducing Kernel Hilbert

Space (RKHS). θs can be calculated by minimizing the following cost function as:

(3.3) θs = argmin
θs

(Ṽs − X̃sθs)ᵀ(Ṽs − X̃sθs)+θ
ᵀ
s K−1θs
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where the first squared error term implies the modelling disturbance, while the last

term is a regularizer, which denotes the squared Euclidean norm in RKHS. K indicates a

D-by-D sized kernel matrix.

The impulse response is regarded as a function that decays exponentially at a certain

rate. When this finite impulse response model is obtained, the stable spline (SS) kernel,

which belongs to the local stationary kernel of amplitude modulation [195], can achieve

the desired effect. The element ki j in SS kernel matrix, K, is defined as:

(3.4) ki j = c
2

(
exp{−β(i+ j)−βmax{i, j}}− 1

3
exp{3βmax{i, j}}

)
, c,β> 0

where c and β are parameters for spline function. Parameter selection for both c and β

will be discussed later.

The cost function (3.3) can be solved by applying the ReLS as:

(3.5) θs = (KX̃ᵀ
s X̃s +ID)−1KX̃ᵀ

s Ṽs

where ID denotes an D-dimensional identity matrix.

As for a stable system, the amplitude of its impulse responses will gradually approach

to zero. Therefore the order of finite impulse responses, D, can be decided at which the

amplitude is close to zero.

3.2.2 Parameter Optimization

In SS kernel, the parameter c and β should be determined in advance. From the previous

study [23], an experiential selection only for parameter β is given by 0.9<β<1. In this

paper, an optimization method for both parameters was proposed by maximising the

following equation as:

(3.6)

(c∗,β∗)=argmax
c,β

1
M ·S

∑
m∈M

∑
s∈S

(
1−

‖ṽ(m)
s (t)− v̂(m)

s (t|θs, c,β)‖2
2

‖ṽ(m)
s (t)− 1

T
∑

t∈T ṽ(m)
s (t)‖2

2

+γ · Ent(θs|c,β)
logD

)
where the number of sensors and training samples are indicated by S and M respec-

tively. ṽ(m)
s (t) denotes the normalized responses of the sth sensor in the mth test, while

v̂(m)
s (t|θs, c,β) represents its estimation. Ent(θs|c,β) is defined as:

(3.7) Ent(θs|c,β)=− ∑
d∈D

Ps(d) logPs(d)
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where Ps is expressed as:

(3.8) Ps(d)= |θs(d|c,β)|∑
d∈D |θs(d|c,β)| .

The second term of (3.6) is the normalized mean square error (NMSE), which indicates

the goodness of curve fitting. A lower NMSE shows a better curve-fitting result. The third

term denotes the normalized information entropy (IE) of θs. The finite impulse responses

model will be much smoother when the normalized IE reaches a higher value. θs with a

smaller normalized IE will possess a higher risk of overfitting. γ is a hyper-parameter

ranged from 0 to 1 controlling the trade-off between the NMSE and the normalized IE.

A default selection of γ is 0.5. It means the two terms are of the same importance in

parameter optimization.

3.3 Field Experiment Setup

3.3.1 Material Preparation and Instrument Settings

Six perfumes were investigated as target odours in this study, which are Chance (Chanel),

Gabrielle (Chanel), Miss Dior (Dior), Red Rose (Jo Malone), Pacific Merchants (Hollister)

and Princess (Vera Wang). For each perfume, the 2-mL liquid was stored in a sealed

10-mL-volume headspace crimp top vial.

The e-nose used in this experiment is a self-designed and developed device, called

UTS NOS.E. This device contains an air-intake system, power system, a sensor chamber

to install sensor array, a controller unit, an analogue-to-digital (A/D) converter, a Wi-Fi

communication module, and a Pad-based control and configuration panel. All of the

modules are housed inside a hand-held case. Five commercially available MOS-type gas

sensors are adopted in perfume identification. The sensitive characteristics of the five

gas sensors are shown in Table 3.1.

The ambient temperature and humidity for experiments were around 25℃ and 50%

RH respectively. Non-bubbling method [129] was adopted to prevent odour vapour from

extraordinary fluctuations. The vapour of target odour was injected into the e-nose

chamber through the gas input port by sampling needle, and then clean air was pumped

to wash odorant molecules from the sensor array [105]. Then, the A/D converts analogue

signals into digital signals at a 1-Hz sampling frequency. After one measurement, the

Wi-Fi communication module sends digital signals directly to PC. The schematic diagram

of the experimental setup is shown in Fig. 3.1. The representative example of the

measurement circuit is shown in Fig. 3.2.
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10-mL-volume vial

Fresh Air

Target
odour

Exhaust

Cooling Fan

Pad-based 
control and 
configuration 
panel (User 
interface)

220V AC

UTS NOS.E

Figure 3.1: Schematic diagram of experimental setup

OUTA
- INA

V-
- INB

V+
OUTB

+INB
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Figure 3.2: Representative example of the measurement circuit. Inside the e-nose, two
pairs of sensors are connected to two dual-channel amplifiers (OP2177) respectively,
and the single rest sensor is connected to one single-channel amplifier (OP1177). The
representative example shows the measurement circuit using a dual-channel amplifier.
The heater voltage (VCC_5V) is applied to the integrated heater to make the gas sensor
work at a specific temperature that is most suitable for gas sensing. The VCC_5V DC
voltage is also applied as sensor circuit voltage to allow measurement of the voltage
across the load resistors (R4, R5 and R7, R8) which are connected in series with the
sensor. Once the sensor detected the target gas, the measurement voltage is changed
due to the variation of the sensor resistance. The measurement voltage is sent to the
non-inverting amplifier (OP2177) before transmitting to the analogue to digital module
of the microcontroller for further processing.
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Table 3.1: Gas sensors used for perfume identification

No. Sensor Name Sensitivity Characteristics*

1 TGS 2610C Iso-butane, Propane, Hydrogen, Ethanol, ect.

2 TGS 2602 VOCs, Ammonia, H2S, etc.

3 TGS 2620 Ethanol, Hydrogen, Iso-butan, CO, Methane, etc.

4 TGS 2603 Trimethylamine, Methyl mercaptan, etc.

5 TGS 2602** VOCs, Ammonia, H2S, etc.

* The response of sensors is non-specific. They are also sensitive to other gases, which are not list in
this table;
** Sensor 2 and Sensor 5 are same type of sensor, but they were installed in different places.

After setting the operating parameters of NOS.E II, the experiment is carried out

automatically. One single measurement incorporates three main steps:

• Wash the chamber by exposing all gas sensors to dry clean air for 30 seconds to

obtain the baseline;

• Extract the target perfume vapour into the sensor chamber for 60 seconds;

• Clean the chamber for 500 seconds.

Each perfume was tested 300 times giving a total of 1800 samples. The specific

information of samples is listed in Table 3.2.

Table 3.2: Perfume Information

Label Product Information Sample Size

1 Chance (Chanel) 300

2 Gabrielle (Chanel) 300

3 Miss Dior (Dior) 300

4 Red Rose (Jo Malone) 300

5 Pacific Merchants (Hollister) 300

6 Princess (Vera Wang) 300
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3.3.2 Experiment Process

3.3.2.1 Data Pre-Processing

Normalization (2.3) was introduced in raw responses to reduce sensor drift and compen-

sate for the fluctuation in concentration. In a traditional e-nose system, filtering methods

are implemented in the signal pre-processing, because the time-domain features, espe-

cially the derivatives-based features, extracted from a non-smooth response curve will

result in lower classification accuracy in subsequent pattern recognition procedure. In

this study, due to the enhanced performance of the proposed feature extraction algorithm

in resistance to noise, filtering operations were not necessary for the data pre-processing

procedure. The performance of resistance to noise will be discussed in Section 3.4.

3.3.2.2 Classification Based on GMM-HMM

Θ = {θ1,θ2, . . . ,θS} is a D-by-S matrix, which contains S observation sequences. This

matrix represents one measurement of target odour, where θs denotes the impulse

response of the sth sensor with a length of D. It is difficult for algorithms like support

vector machine (SVM), logistic regression (LR), and other classifiers to handle this

dataset, due to the high dimension of the reshaped feature vector (1-by-D ·S), which is

prone to the small-sample-size problem. Therefore, a time-series classification algorithm,

hidden Markov models (HMMs), is introduced in this section.

HMM is an efficient tool in dealing with time series and can cater for multi-observation

scenarios. Baum et al. first developed the HMM at the end of the 1960s [11]. Due to its

expressive structure of probabilistic networks and the availability of algorithms in calcu-

lating model parameters, HMM has been dominantly applied in time-series classification.

HMM is a special case of a Bayesian network, as illustrated in Fig. 3.3.

This model can be described in terms of the joint probability distribution over hidden

state sequence, Q1:D , and observation sequence, O1:D as follows:

(3.9) P(Q1:D ,O1:D)= P(Q1)P(O1|Q1)
D∑

d=2
P(Qd|Qd−1)P(Od|Qd)

where P(Q1) denotes the initial state probability. P(Qd|Qd−1) represents transition

probability and P(Od|Qd) emission probability.

However, in a real application, observation sequences are usually continuous. In

order to avoid quantization error, we can apply Gaussian Mixture density (GMMs) [92]
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Q1 Q2 QD

O1 OD

Transition probability: P(Qd = statej | Qd-1 = statei)

Emission probability: P(Od | Qd = statei)

First order
Markov process:

(Hidden state sequence)

Stochastic process:
(Observation sequence)

O2

...

...

Figure 3.3: The basic structure of hidden Markov Models. HMM contains two processes:
the unobserved discrete first-order Markov process, where the current state, Qd, only
depends on the previous state, Qd−1, and the observed stochastic process, where the
current observation, Od, is only dependent on the current hidden state, Qd.

to instead the emission probability in traditional discrete HMM as follows:

(3.10) p(Od|Sd = state j)=
∑
q∈Q

c jqN (Od,μ jq,Σ jq)

where c jq denotes the mixture coefficient for the qth mixture in state j, constrained by

c jq � 0 and
∑

q∈Q c jq = 1. N represents Gaussian distribution with mean vector, μ jq,

and covariance matrix, Σ jq, for the qth mixture in state j. This type of HMM is called

Gaussian mixture density hidden Markov model (GMM-HMM).

Equation 3.10 can be trained using the Baum-Welch algorithm. We use λ to represent

the trained GMM-HMM. In odour identification, the finite impulse responses, Θ, are

regarded as observation sequences. In the training procedure, the model λn was learned

for the nth target odour from the corresponding training set of finite impulse responses.

In the test procedure, the observed sequences of an unknown odour were evaluated by

calculating the likelihood logP{Θ|λn} of each trained model using the Forward-Backward

algorithm. Odour identification can be achieved by selecting the model with the highest

log-likelihood. The training and testing procedure of GMM-HMM-based odour identifica-

tion are illustrated in Fig. 3.4(a) and Fig. 3.4(b) respectively. Further discussion on the

Baum-Welch algorithm and Forward-Backward algorithm will not be discussed in detail

in this paper. The basic theories of two algorithms for multiple observation sequences

and GMM-HMM can be found in [99, 137].

In GMM-HMM, the number of hidden states P and Gaussian mixtures Q are hyper-

parameters. However, P is difficult to determine in advance [175]. It will be discussed

later. Q can be optimized in advance by employing the Bayesian information crite-

rion (BIC) [175]. Theoretically, a GMM can approximate any signal to a certain precision
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Figure 3.4: Flowchart of GMM-HMM-based odour classification. (a) Training procedure:
Model parameters for both feature extraction and classification algorithms should be
decided first. Next, send the normalized sensor array’s responses to the feature extraction
models and obtain finite impulse responses. Then, the classification model is learned
based on these finite impulse responses. This procedure is repeated for every perfume
class. (b) Testing procedure: sensor array’s responses to an unknown odour is first
normalized and then processed by the feature extraction method. Then, log-likelihood of
the extracted feature sequence is evaluated by each trained classification model, λn. The
label of the model that reaches the highest value is regarded as the label of the unknown
odour.

when provided with enough mixture components. However, too many Gaussian compo-

nents may lead to overfitting. The optimal Q is the one to get the lowest value of the

BIC.

3.4 Results and Discussion

3.4.1 Automatic Initial Time Detection

To separate the baseline stage and the absorption stage to apply ideal step input, the

detection of the initial time is important in the proposed feature extraction method. The

initial time (or referred to as the time of gas-on in some literature), tg, indicates the

actual start time of the chemical sensor in response to target odours. tg is also a critical

time point that many other feature extraction methods are relying on. It is unreasonable

to simply regard the initial time as the time when gas is injected to the e-nose chamber,

since this time differs greatly due to the sensor’s sensitivity to the concentration of odour

molecules and its installation site. A traditional method assumes the time point where
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the response reaches x% of the peak value to be the initial time. x is ranged from 1

to 10. In order to achieve automatic odour identification, in this research, an initial

time detection method can be realized by calculating the kernel-based estimated model,

v̂s(t|θs), as expressed in (3.1). If the detected time, tg, is before the real sensor initial

time, the kernel-based estimation will contain negative values, as expressed in Fig. 3.5.
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Figure 3.5: Representative example of sensor initial time detection. The real initial
time is 37s for this sensor. When the selected initial time is set to 20s, its kernel-based
estimation generates negative values on the interval (20,37).

Theoretically, the negative response value indicates the sensor starts response before

any stimulation, which is unreasonable. Therefore, we can increase the tg until no

negative value appears in the kernel-based estimation. The pseudo-code of this process

is shown in Algorithm 3.

3.4.2 Result of Parameter Selection

In SS kernel function, parameters β and c can be optimized according to (3.6). The

goodness of fit is decided by both of these parameters, while c provides an additional

decision to the complexity of the model. To make the parameter optimization process

visual, the result is visualized in Fig. 3.6.

As mentioned in the previous section, IE has adopted to constraint the model complex-

ity and reduce the risk of overfitting. To prove the effectiveness of IE, a representative

comparison of finite impulse responses with different c is illustrated in Fig. 3.7. The
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Figure 3.6: Illustration of SS kernel parameter optimization. (a) Contour plot of pa-
rameter optimization for Perfume 1. β = 0.9825, c = 7. (b) Contour plot of parameter
optimization for Perfume 2. β= 0.9800, c = 8. (c) Contour plot of parameter optimization
for Perfume 3. β= 0.9850, c = 5. (d) Contour plot of parameter optimization for Perfume
4. β= 0.9850, c = 8. (e) Contour plot of parameter optimization for Perfume 5. β= 0.9900,
c = 2. (f) Contour plot of parameter optimization for Perfume 6. β= 0.9825, c = 2.
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Algorithm 3: Initial Time Detection
Input: Signal ṽs.
Output: Initial time tg.

1 Initialization: tg ← 1
2 while 1 do
3 v̂s ←Kernel Based Estimation via ṽs and tg
4 if Each element of v̂s is not negative then
5 return tg
6 else
7 tg ← tg +1
8 end
9 end

finite impulse responses with a small c obtain a higher entropy value and are much

smoother than that with a large c.
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Figure 3.7: Representative example of the finite impulse responses to one sensor. The
number of impulse responses, D, is selected as 200, at which the amplitude is much close
to zero. When c is set to 1, the IE equals 4.1932. The IE decreases to 4.1096, when c
increases to 100. However, the NMSE reduces from 0.12% to 0.06%.

In GMM-HMM, the number of Gaussian mixtures, Q, can be decided by Eq. (12)

before model training. The optimization result is illustrated in Fig. 3.8.

As aforementioned, the number of hidden states, P, in GMM-HMM is difficult to

determine in advance. However, the selection of P will finally affect the classification

accuracy. If P is less than the optimal value, the low model complexity restricts its
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Figure 3.8: BIC for Gaussian mixtures. The results are Perfume 1: Q = 8, Perfume 2:
Q = 15, Perfume 3: Q = 9, Perfume 4: Q = 8, Perfume 5: Q = 9, Perfume 6: Q = 13.

application in time-series modelling. But, when P is beyond the optimal one, the trained

classifier will be overfitting.

An alternative approach to select this parameter is calculating the corresponding

classification accuracy. In the multiclass classification, the number of positive samples is

less than that of negative ones. Positive samples are expected to be identified as much as

possible since a positive sample is more important than the negative one. Therefore, the

sensitivity is applied instead of the accuracy to measure the performance of the classifier

in the multiclass classification. The sensitivity is defined as MTP /MP , where MTP and

MP represents the number of correctly classified positive samples and the total positive

samples respectively. The sensitivity is obtained by applying five-fold cross-validation

(5-CV). In the 5-CV, the 300 samples for each perfume class is randomly re-ranked and

separated into five subsets. Each subset contains 60 samples. In one validation procedure,

one of the five subsets is used for testing, while the rest four subsets are applied for

training. The validation procedure is then repeated for five times. The 5-CV ensures

that each sample for one class is used for model training and model testing only once.

Finally, the five results are combined to yield one sensitivity. The classification results

of six perfume classes are shown in Fig. 3.9. When the number of hidden states, P, was

set to three, the classification sensitivity reaches the highest median with the lowest

interquartile range in each perfume testing result. Therefore, the optimal number of

hidden states is selected as three in this experiment.
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Figure 3.9: Boxplot of classification sensitivity
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3.4.3 Comparison of Resistance to Noise

In this section, the capacity of the proposed feature extraction method in resistance to

noise is discussed in comparing with traditional features. Gaussian noise was added

to the raw responses. In the pre-processing procedure of traditional feature extraction

method, as the raw output of the sensor is nonnegative, we adopted normalization to

reduce the effect of sensor drift and concentration fluctuation, and then, applied different

filtering and fitting techniques to smooth the response curve, including mean filter

(MF) [169], WTDF (as shown in Algorithm 1) and polynomial regression (as shown

in (2.5a)). For the proposed non-parametric modelling-based method, we only applied

normalization in the pre-processing procedure. The traditional features selected in this

experiment are mainly transient-state features and time intervals since the steady-

state features become less discriminant after normalization. The detailed information

of these features are (see Table 2.1): f2, f3, f4, f6, f7, f9, f10, and the integral from

gas-on to peak. The same classifier, GMM-HMM, was adopted to identify perfume

classes. Also, the parameters of GMM-HMM classifier for each considered feature set is

optimized using the method mentioned above. The classification results are evaluated

by averaged sensitivity (A. Sen.) and averaged specificity (A. Spe.) of the six perfume

classes respectively. The sensitivity quantifies the performance of a classifier in correctly

identifying positive samples, while the specificity quantifies the ability of correctly

classifying negative samples. The sensitivity (Sen.) is defined as mentioned in the

previous section, while the specificity (Spe.) is calculated as MTN /MN . MTN indicates

the number of correctly classified negative samples and MN the total number of negative

samples. All classification results were calculated by applying the 5-CV. The experiment

result is shown in Table 3.3.

Due to the fact that the derivative-based features are extremely sensitive to the

noises, the raw traditional time-domain features perform worst in all considered methods.

After applying filters, the sensitivities and specificities of traditional features become

acceptable. The result of applying WTDF to traditional features is much better than

that of applying MF. Since WTDF is capable of reducing Gaussian noises in an entire

frequency band, while MF can only be regarded as a low-pass filter. Polynomial curve

fitting is a typical smoothing method, which is still sensitive to noise. Since it performs

well in a high signal-to-noise Ratio (SNR) condition but performs worse in a low SNR

condition. The proposed method achieves the highest sensitivity and specificity in all

considered SNR conditions even without applying any pre-processing technique.

The reason is that the kernel-based non-parametric modelling approach introduced
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Table 3.3: Comparison result of resistance to noise

Method
Classification result (%)

SNR=50dB SNR=40dB SNR=30dB SNR=20dB

A. Sen. A. Spe. A. Sen. A. Spe. A. Sen. A. Spe. A. Sen. A. Spe.

Proposed method 91.78 98.36 91.28 98.26 89.39 97.88 78.39 95.68
Raw signal + GMM-HMM 72.67 94.53 70.72 94.14 67.72 93.54 63.28 92.66

MF*+ Traditional features + GMM-HMM 78.50 95.70 75.72 95.14 71.44 94.29 70.17 94.03

WTDF**+ Traditional features + GMM-HMM 91.06 98.21 90.06 98.01 83.22 96.64 74.28 94.63

Polynomial regression***

+ Traditional features + GMM-HMM
90.22 98.04 90.00 98.00 80.83 96.47 70.28 94.29

* The parameters of MF are set as: sliding window length = 5, lag factor = 1;
** WTDF + Traditional features + GMM-HMM. The parameters of WTDF are selected as: wavelet factor = ’sym’, level = 6;
*** The degree of polynomial curve fitting is set to 3, according to [194].
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the so-called Tikhonov regularization, in which the evaluation functionals of the regular-

ization term are bounded. This penalizes the high-frequency components of the identified

finite impulse responses. In addition, the SS kernel also provides a strong condition of

continuity between two impulses, which further smooths the result. Furthermore, the

well-selected parameters of kernel function also prevent the finite impulse responses

from overfitting. Therefore, the proposed method has an excellent ability in resistance to

noise.

3.4.4 Comparison of Different Feature Extraction Methods

Typical feature extraction methods from different categories as mentioned in the intro-

duction are analysed and compared in this section, including traditional hand-crafted

features (in Section 2.3.1), polynomial curve-fitting features (in Section 2.3.2), and SAE

neural network learned features (in Section 2.3.3). Meanwhile, directly applying raw

responses to the time-series classifier was also compared. Before extracting such features,

WTDF was applied as a pre-processing tool in above four compared algorithms due to its

effectiveness in denoising as verified in the previous section. The classifier considered

in this experiment were optimized GMM-HMMs. The parameter optimization method

is mentioned in the previous section. All considered methods were evaluated by both

sensitivity and specificity, which are obtained according to the 5-CV. The result is listed

in Table 3.4.

The proposed method outperforms other feature extraction methods and achieves

93.56% averaged sensitivity, and 98.71% averaged specificity respectively. The result

of directly applying raw responses in GMM-HMM is not acceptable since the length

of time-series is not always the same. The proposed method solves this problem by

transforming the raw responses from the time domain to feature domain with the

same dimension. The classification result of traditional features is close to that of the

proposed method. However, it needs a pre-processing technique to ensure the quality of

the extracted features. Also, the design and selection of these features require additional

expert knowledge. Parameters of the polynomial function is a kind of curve-fitting-based

feature extraction method. The degree of the polynomial was three, which means that we

can only extract four features (including the parameter of the constant term) from each

sensor. A higher degree polynomial will lead to overfitting since the high-degree curve

corresponds too closely to the original signal. It limits the extraction of the discriminant

information contained in these structure parameters. In this situation, the proposed

method can provide more informative structure parameters when comparing with the
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Table 3.4: Comparison result of resistance to noise

Method
Classification result (%)

Perfume 1 Perfume 2 Perfume 3 Perfume 4 Perfume 5 Perfume 6 Averaged

Sen. Spe. Sen. Spe. Sen. Spe. Sen. Spe. Sen. Spe. Sen. Spe. Sen. Spe.

Proposed method 84.33 95.60 95.00 98.80 90.67 98.93 91.33 98.93 100 100 100 100 93.56 98.71

Raw + WTDF

+ GMM-HMM
50.67 85.00 54.33 97.40 85.67 97.80 83.33 94.13 100 100 97.67 100 78.61 95.72

WTDF + Traditional

features + GMM-HMM
84.67 97.00 82.67 97.47 89.33 98.60 94.33 96.00 100 100 95.33 99.60 91.06 98.11

WTDF + Polynomial

features + GMM-HMM
73.67 90.53 80.67 98.67 85.67 95.47 87.00 97.07 98.00 100 82.33 99.73 84.56 96.91

WTDF + SAE

+ GMM-HMM
85.00 87.00 44.33 95.00 86.67 93.00 56.67 97.20 100 100 33.67 89.07 67.72 93.54
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curve-fitting features. SAE is a representative algorithm for feature learning method.

The SAE compresses sensor array’s responses from the input layer into a comprehensive

expression from the hidden layer and then recovers the comprehensive expression to

signals that closely matches the original input. This comprehensive outputs from the

hidden layer are regarded as features for target odours. In this experiment, the number of

hidden neurons were selected based on a genetic algorithm (GA). However, the optimized

SAE performs worst among all considered methods. The reason is that the small sample

size limits the training of an accuracy model.

The proposed feature extraction method is able to extract more discriminant and

stable features from the raw responses than other considered algorithms, which makes

it be an ideal feature extraction method for MOS-type gas sensor array-based e-noses.

3.4.5 Comparison of Different Multiclass odour Identification
Methods

In this section, the proposed method is compared with other different combinations of

feature extraction and classification algorithms, including proposed features combining

with Discrete HMM (DHMM) and K-Nearest Neighbours (KNN), as well as traditional

features combining with SVMs under different multiclass classification strategies and

Softmax regression. For the combinations with traditional features, additional WTCF-

based pre-processing procedure is added. The comparison results were assessed by

sensitivity, specificity and the area under the ROC curve (AUC). The confusion matri-

ces and assessment results for each considered method are detailed in Table 3.5-3.10

respectively. The ROC plot is illustrated in Fig. 3.10.

Table 3.5: Classification result of proposed method

Label
Classified as

Sen. (%) A. Sen. (%) Spe. (%) A. Spe. (%)
1 2 3 4 5 6

1 253 15 16 16 0 0 84.33 95.60

2 15 285 0 0 0 0 95.00 98.80

3 25 3 272 0 0 0 90.67 93.56 98.93 98.71

4 26 0 0 274 0 0 91.33 ±6.06 100 ±1.62

5 0 0 0 0 300 0 100 100

6 0 0 0 0 0 300 100 100
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Table 3.6: Classification result of modelling-based features with DHMM

Label
Classified as

Sen. (%) A. Sen. (%) Spe. (%) A. Spe. (%)
1 2 3 4 5 6

1 279 12 1 2 0 6 93.00 86.20

2 44 245 2 0 0 9 81.67 96.47

3 54 15 212 9 0 10 70.67 83.06 99.47 96.61

4 56 0 1 242 1 0 80.67 ±8.97 99.27 ±5.25

5 15 2 1 0 282 0 94.00 99.93

6 38 24 3 0 0 235 78.33 98.33

Table 3.7: Classification result of modelling-based features with KNN

Label
Classified as

Sen. (%) A. Sen. (%) Spe. (%) A. Spe. (%)
1 2 3 4 5 6

1 213 16 25 46 0 0 71.00 96.73

2 27 273 0 0 0 0 91.00 97.07

3 21 21 252 6 0 0 84.00 90.28 98.33 98.06

4 0 0 0 300 0 0 100 ±11.15 96.47 ±1.54

5 0 0 0 0 296 4 98.67 100

6 1 7 0 1 0 291 97.00 99.73

Table 3.8: Classification result of traditional features with SVM (1 v 1)

Label
Classified as

Sen. (%) A. Sen. (%) Spe. (%) A. Spe. (%)
1 2 3 4 5 6

1 274 0 0 8 18 0 91.33 99.07

2 8 272 0 4 14 0 90.67 99.93

3 0 0 287 0 13 0 95.67 93.06 99.87 98.52

4 4 1 0 265 30 0 88.33 ±4.16 99.00 ±2.54

5 0 0 0 0 300 0 100 93.40

6 0 0 0 1 22 277 93.33 99.87
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Table 3.9: Classification result of traditional features with SVM (1 v Rest)

Label
Classified as

Sen. (%) A. Sen. (%) Spe. (%) A. Spe. (%)
1 2 3 4 5 6

1 239 3 0 18 38 2 79.67 99.93

2 0 276 2 0 21 1 92.00 99.73

3 0 0 277 0 23 1 92.33 89.61 99.87 97.97

4 2 2 0 249 46 1 83.00 ±7.27 98.87 ±4.08

5 0 0 0 0 300 0 100 89.67

6 0 0 0 0 28 272 90.67 99.73

Table 3.10: Classification result of traditional features with Softmax regression

Label
Classified as

Sen. (%) A. Sen. (%) Spe. (%) A. Spe. (%)
1 2 3 4 5 6

1 215 40 5 38 0 2 71.67 96.40

2 30 251 17 0 0 2 83.67 95.73

3 22 0 276 0 0 2 92.00 88.78 98.13 97.76

4 2 22 3 269 0 4 89.67 ±10.03 96.93 ±1.69

5 0 0 0 0 300 0 100 100

6 0 2 3 8 0 287 95.67 99.33

The proposed method achieves the highest averaged sensitivity and averaged speci-

ficity among all considered methods. It performs best in identifying Perfume 2, 3, 5 and

6 according to the AUC. Particularly, the proposed method acts as a perfect identification

tool for perfume 5 and 6, since its AUC equals one in such classes. The number of hidden

states of DHMM was optimized to three according to the cross-validation. The specifica-

tion of observation symbols was set to 100. DHMM reaches the worst result in dealing

with the proposed features, due to the quantization error in the procedure of finite

impulse responses sequences discretization. The quantization error will decrease as the

specification of observation symbols increase; however, the computational overhead will

also increase. The parameter, k, for KNN is selected as 120 according to the BIC index.

The finite impulse responses sequences ensure the requirement of time alignment in

using KNN-based time-series classification, and therefore, KNN achieves an acceptable

result. This method performs best in identifying Perfume 4 since its AUC ranks first in

such class. Nevertheless, this method is still inferior to the proposed method in compar-

ing both averaged sensitivity and averaged specificity of other perfume classes. For the
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combination of traditional features, the method of SVM under 1-v-1 strategy achieves a

good result, and close to the performance of the proposed method. The parameters for all

SVMs are optimized according to GA. However, SVM requires 15 binary classifiers to

address this perfumes identification task, while GMM-HMMs only needs six classifiers

to complete the same work. Moreover, if a new class of perfume is added to the sample

library, another six SVMs should be trained. In this situation, GMM-HMM has a unique

advantage that any new odour sample can be simply trained and directly added to

the existing pattern library. SVM under 1-v-Rest strategy greatly reduces the number

of trained classifiers, since only six binary classifiers are trained for each considered

class, with the samples of that class as positives and the rest as negatives. However, the

negative samples in the training set are five times the positives, which introduces a new

problem of data imbalance. Each binary SVM tends to correctly classify the negative

samples to reduce the error of the cost function. It is reflected by its reduced sensitivity.

The traditional features with SVM-based methods performs best in identifying Perfume

1 according to the AUC. Softmax regression can solve the multiclass problem by training

one classifier. However, this method is a linear classifier, which is not an ideal choice in

dealing with non-linearly separable problems. Therefore, the proposed method can be

applied in e-nose to make an accurate and robust decision for odour identification.

3.5 Conclusion

In this chapter, a new odour identification method is developed based on kernel-based

model estimation and GMM-HMM. An effective parameter selection method is also

provided to optimize the proposed algorithms. The extracted features are finite im-

pulse responses containing discriminant information of different odours, which can be

identified by GMM-HMM. When the kernel-based model estimation method is used to

extract the features of the raw sensor array’s responses, the classification sensitivity

and specificity is higher than those of other considered features, including traditional

hand-crafted features, polynomial features and SAE features. The experimental result

demonstrates that the proposed feature extraction method is able to provide a wealth of

discriminant structure information of the original response curve. Moreover, it is possible

to skip the smoothing procedure before feature extraction, since this method has a bet-

ter performance in resistance to noise than traditional time-domain feature extraction

methods combining with additional filtering or smoothing tools. The classification result

of proposed features using GMM-HMM also achieves the highest accuracy compared
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Figure 3.10: ROC curves for considered methods. (a) Perfume 1: AUC4 > AUC1 > AUC3
> AUC2 > AUC6 > AUC5; (b) Perfume 2: AUC1 > AUC4 > AUC3 > AUC5 > AUC2 >
AUC6; (c) Perfume 3: AUC1 > AUC4 > AUC6 > AUC5 > AUC3 > AUC2; (d) Perfume
4: AUC3 > AUC1 > AUC4 > AUC6 > AUC5 > AUC2; (e) Perfume 5: AUC1 = AUC6 >
AUC4 > AUC3 > AUC2 > AUC5; (f) Perfume 6: AUC1 > AUC3 > AUC4 > AUC6 > AUC5
> AUC2.
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with DHMM, KNN, SVM and Softmax regression, and is less computationally expensive

in dealing with multiclass classification task. In addition, the automatic initial time

detection method makes automatic gas identification possible. The results of this study

demonstrate that the proposed modelling-based feature extraction method combining

with GMM-HMM based classification is more effective and applicable in identifying

different odours by e-nose.
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FEATURE EXTRACTION BASED ON MULTISCALE

WAVELET KERNEL REGULARIZATION

4.1 Introduction

Recall that the modelling-based feature extraction algorithm highly relies on

the selection of kernel function. In the previous chapter, we set the kernel as

the stable spline (SS) kernel. The performance of SS kernel-based modelling

depends on an accurate setting of the initial time. If the given initial time is incorrect,

no matter how to optimize the hyper-parameters of the kernel function, a stable feature

representation cannot be obtained. Accordingly, we proposed a initial time detection

algorithm (as shown in Algorithm 3) to solve this problem. In this chapter, we give

another solution, which is applying a more powerful kernel – multiscale wavelet kernel.

The multiscale wavelet kernel derived from the concept of multi-resolution analysis

has been proposed and used for many years for its rich and flexible kernel expansions

in representing highly complex functions [111]. The multiscale wavelet kernel usu-

ally requires closed-form orthonormal wavelets since a closed-form expression is easy

to compute. The simplest orthonormal wavelets with closed-form expressions are the

Shannon and the Haar [84]. Recently, two new wavelets, alleged as the type I and the

type II raised-cosine wavelets [177], have been designed by adding a constraint on the

raised-cosine spectrum, which enlarges the family of closed-form orthonormal wavelets.

Subsequently, multiscale kernels based on such wavelets are also developed [111]. De-
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spite the computation cost, the multiscale kernel can also be constructed from the

orthonormal wavelet without closed-form expressions, such as the Daubechies wavelet

with p � 2 vanishing moment [109]. In this case, the kernel function can be calculated

using the approximated mother wavelet. In real applications, one can approximate the

wavelet function at the finest scale, then the function at a coarser scale can be simply

obtained by down-sampling.

From the view of usage, most of the research applies the multiscale wavelet kernels

in the feature domain to deal with nonlinear problems, i.e. κ〈x(i),x( j)〉, where κ denotes

kernel function, and x(i) as well as x( j) represent feature representations (vectors) of

different observations (samples). In this usage, multiscale wavelet kernels have been

reported in hybrid with support vector machines (SVMs), extreme learning machines

(ELMs), principle component analysis (PCA), etc. to tackle nonlinear classification prob-

lems [82]. Multiscale wavelet kernels are also used in support vector regression (SVR) to

deal with the nonlinear regression [51] or nonlinear system identification problems [111].

In this study, the multiscale wavelet kernel is introduced as a Tikhonov regulariza-

tion term to equip the modelling-based feature extraction algorithm with an ability in

resistance to random noises.

The primary contribution of this chapter are summarized as follows:

• A multiscale wavelet kernel regularization-based modelling method is applied

to extract features, which avoids the difficulty of pre-setting the initial time en-

countered in the previous parametric modelling- or traditional curve fitting-based

methods.

• We give a numerical experiment to show that the usage of multiscale wavelet

kernel regularization outperforms single-scale kernels in resistance to noise.

• We also compare the proposed feature representations with other widely used

features in a field experiment displayed on the CeBIT Australia 2019 exhibition.

The training and testing samples are obtained from different places. Accordingly,

drift issue are considered in this experiment.

The rest of the chapter is structured as follows: Section 4.2 is devoted to describing the

whole methodology of multiscale wavelet kernel regularization-based feature extraction.

To verify the proposed method, a numerical experiment is conducted and discussed in

Section 4.3. Then, a field experiment is conducted and discussed in Section 4.4. The task
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of the field experiment is to identify four different target whiskies. Finally, Section 4.5

gives a short conclusion of this chapter.

4.2 Methodology

Modelling-based feature extraction methods regard the e-nose as a dynamic system,

where a step signal is assumed to be the ideal system input denoting the receiving of

target odours (as illustrated in Fig. 4.1), and the sensor’s reading to be the output. Para-

meters of this dynamic system can be regarded as a representation of odour since other

interfering factors of the system (e.g. relative stable environment, fixed operation para-

meters, and regulated concentration) have been well regulated in the experiment [106].
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Figure 4.1: Representative example of sensor’s response. The example displayed here
is TGS2600’s response to one sample of Ardbeg whisky. The operating parameters
representing the presence or absence of the target odour divide the sensor response into a
baseline stage, an absorption stage, and a desorption stage. Feature extraction is usually
performed at the first two stages. The curve of operation parameters is regarded as the
ideal input of the e-nose system from the view of modelling-based feature extraction.

It is difficult to pre-set an exact order for the dynamic system before parameter

estimation. To avoid this problem, we apply a non-parametric method, i.e. the FIR model.

However, it should be noted that the estimation of the FIR model is an ill-posed problem

caused by the simple step input and the existence of large noise in the output. Hence,

Tikhonov regularization technique is adopted to solve this problem [120]. Moreover, a

multiscale wavelet kernel is also applied because of the advantages of wavelet kernel
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inherited from the wavelet function in approximating arbitrary signals. Unlike the

kernel-based learning, which applies the kernel in observations to solve the nonlinear

problem, the proposed method applies the kernel in the regularization term to give a

bound in the estimation of the FIR model.

4.2.1 Multiscale Wavelet Kernel

Recent studies pointed out that multiscale kernel is more flexible and capable over con-

ventional single-scale kernel, i.e. κ〈t,τ〉 =ψ(t−τ), in modelling complex functions [111].

The multiscale wavelet kernel is constructed in the notion of multi-resolution analysis

(MRA).

The MRA of a functional space L2(R) consists of a sequence of nested subspaces:

{0} ⊂ . . .Vm+1 ⊂ Vm ⊂ Vm−1 ⊂ ·· · ⊂ L2(R), where Vm, the span of orthonormal bases

{φm,n(t) = (Dm Tnφ)(t)}n∈Z, is called the approximation space at scale m [84]. φ(t) rep-

resents the scaling function. Dilation operator D and time translation operator T

are defined by (Dm f )(t) = 2−m/2 f (2−mt) and (Tn f )(t) = f (t− n), respectively. For each

scale m, a detail space Wm, the span of orthonormal wavelet functions {ψm,n(t) =
(Dm Tnψ)(t) = 2−m/2ψ(2−mt − n)}n∈Z, is defined as the orthogonal complement of Vm

in Vm−1, i.e. Vm−1 = Vm ⊕Wm, where ⊕ represents the orthogonal direct sum. Hence,

{Wm}m∈Z are pairwise orthogonal. Accordingly, the functional space can be orthogonally

decomposed as L2(R)=⊕m∈ZWm [84].

The orthogonal projection operator Qm to detail space Wm can be precisely defined as:

(4.1) Qm =∑
n
ψm,nψ

∗
m,n

where ∗ is the Hermitian adjoint.

Hence, the detail of a function f (t) ∈ L2(R) in the space Wm is represented as:

(Qm f )(t)=∑
n
ψm,n(t)ψ∗

m,n f

=∑
n
ψm,n(t)

∫
ψm,n(τ) f (τ)dτ

=
∫

κm〈t,τ〉 f (τ)dτ(4.2)

where κm〈t,τ〉 =∑
nψm,n(t)ψm,n(τ) is defined as the kernel function at scale m.

Since {Wm}m∈Z are pairwise orthogonal,
∑

m Qm is also an orthogonal projection

operator [84, 111]. Accordingly, the multiscale wavelet kernel can be constructed as:

(4.3) κ〈t,τ〉 =∑
m

κm〈t,τ〉 =∑
m

∑
n
ψm,n(t)ψm,n(τ).
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Note that the construction of the multiscale wavelet kernel is based on the orthogonal

projection operator, implying that the basis generated by the mother wavelet ψ should

be orthonormal [84, 111]. The existing closed form orthonormal wavelets include Haar

(Haa), Shannon (Sha), and two types of raised-cosine wavelets (I and II) [111]. Their

mother wavelets are defined, respectively, as follows:

ψ(Haa)(t)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
1, 0� t < 0.5

−1, 0.5� t < 1

0, otherwise

(4.4)

ψ(sha)(t)= 2sinc(2t)−sinc(t)(4.5)

ψ(I)(t+ 1
2

)= sinπ(1+α)t−4αtcosπ(1−α)t
πt[(4αt)2 −1]

− sin2π(1−α)t−8αtcos2π(1+α)t
πt[(8αt)2 −1]

(4.6)

ψ(II)(t+ 1
2

)= 2cos2παt
1+4αt

sinc(2πt)− cos2παt
1+2αt

sinc(πt)(4.7)

where the hyper-parameter α is called the roll-off factor ranged from 0 to 1/3 [177].

However, most of orthonormal wavelets cannot be expressed in closed form, e.g. the

Daubechies wavelet with p � 2 vanishing moment. In this case, the kernel matrix K
can be calculated using the approximated mother wavelet. In real applications, we can

approximate the wavelet function at the finest scale, then the one at a coarser scale can

be simply obtained by down-sampling.

4.2.2 Feature Extraction Using Kernel-Based Modelling

Let y= [y1, y2, · · · , yN]ᵀ ∈RN be the standardized discrete sensor’s response.

x = [x1, x2, · · · , xN]ᵀ ∈ RN is the assumed ideal step input representing the receiving of

the stimulus from the target odour. The sampling interval is assumed to be one for

convenience. The model represented by M impulse responses θ = [θ1,θ2, · · · ,θM]ᵀ ∈RM is

in the form of:

(4.8) y(n)= (θ� x)(n)+ε(n)=
M∑

m=1
θ(m)x(n−m)+ε(n)

where ε= [ε1,ε2, · · · ,εN]ᵀ ∈RN represents the disturbance of the system, and � denotes

discrete convolution.

The model (4.8) can be expressed compactly as:

(4.9) y=Xθ+ε
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where, the Toeplitz matrix X is constructed from the step input x as:

X=
[
(T0 x)(n), (T1 x)(n), · · · , (TM-1 x)(n)

]

=

⎡⎢⎢⎢⎢⎢⎣
x1 0 · · · 0

x2 x1 · · · 0
...

... . . . ...

xN xN−1 · · · xN−M+1

⎤⎥⎥⎥⎥⎥⎦ ∈RN×M(4.10)

with T being the time translation operator with zero-padding as defined in the previous

section.

However, deconvolution from (4.9) is an ill-posed problem, since the step input

provides little information and the observation contains noise. Hence, a regularization

term is added in the cost function (4.11a) providing an additional constraint. Since the

kernel function is positive-definite, the features of a given sensor’s response, i.e. the

impulse response θ, can be estimated using regularized least square as (4.11b):

θ∗ = argmin
θ

‖y−Xθ‖2
2 +σ2‖θ‖2

K−1(4.11a)

= argmin
θ

(y−Xθ)ᵀ(y−Xθ)+σ2θᵀK−1θ

=KXᵀ(XKXᵀ+σ2I)−1y(4.11b)

where σ2 is a trade-off parameter denoting the variance of the system disturbance ε,

I ∈ RN×N represents the identity matrix, and K = [κ〈i, j〉]i, j∈M ∈ RM×M is the kernel

matrix.

In Bayesian statistics, (4.11a) is also called Maximum a posteriori (MAP) estimation

of θ. The regularization term specifies an observation sample-independent prior distribu-

tion over θ. Unlike kernel-based learning applying the kernel function to observation

samples, the i and j in the kernel matrix K represent position indexes of the ith and jth

impulse response, respectively. Hence, the kernel matrix K can be calculated without

considering the observations. The multiscale wavelet kernel in (4.3) can be rewritten in

the form of matrix as:

(4.12) K=∑
m

∑
n∈N

ψm,n(P)◦ψm,n(Pᵀ)

where P = [1,2, · · · , M]ᵀ · [1,1, · · · ,1] ∈ RM×M is the dot product of the vector of nature

number from 1 to M and the all-ones vector, denoting the position of each impulse

response. ◦ is known as Hadamard product performing element-wise multiplication.

ψm,n(P) can also be realized using element-wise operation.
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The kernel matrix K(ω) is parameterized by the bound of scale factor

ω = [mupper,mlower]ᵀ. Tuning such hyper-parameter in the prior distribution is called

the empirical Bayes method, which maximize the marginal likelihood P(y|ω). This is

equivalent to minimizing the following equation:

(4.13) ω∗ = argmin
ω

yᵀΣ−1(ω)y+ logdetΣ(ω)

where Σ(ω) = XK(ω)Xᵀ+σ2I. Although (4.13) is not convex, it can be solved by using

heuristic optimization such as the DIRECT algorithm [74], or sequential convex opti-

mization by converting the problem to multiple kernel learning [22].

A simple implementation of the proposed modelling-based feature extraction method

is presented in Algorithm 4.

Algorithm 4: Modelling-based feature extraction
Input: Sensor’s response from the first two stages y ∈RN , Number of inpulse

response M, trade-off parameter σ2, and scale factor bound
ω= [mupper,mlower]ᵀ.

Output: Feature sequence θ.
1 Initialization: x← 1ᵀN .
2 X← [T0 x,T1 x, · · · ,TM-1 x].
3 Initialization: v← [1,2, · · · , M]ᵀ.
4 for m = mlower,mlower +1, · · · ,mupper do
5 for n = 1,2, · · · , N do
6 Km,n ←ψm,n(v1ᵀM)◦ψᵀ

m,n(v1ᵀM).
7 K←K+Km,n.
8 end
9 end

10 θ←KXᵀ(XKXᵀ+σ2I)−1y.
11 return θ.

4.3 Numerical Experiment

The purpose of this numerical experiment is to verify the effectiveness of multiscale

wavelet kernel-based regularization in resistance to noise. For curve fitting or modelling-

based feature extraction methods, the more accurate the reconstructed signal from the

features is, the more robust in resistance to noise the features will be.
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4.3.1 Experiment Setup

The simulated signal y∗(t) containing the baseline and the absorption stage is performed

as the ground truth. Recall that the thermal agitation of electrons inside the sensor

causes thermal noise in sensor’s reading. Thermal noise in an ideal resistor can be

considered as Gaussian white noise. Accordingly, Gaussian white noise is added to a

simulated sensor’s response as the observation. The signal-to-noise ratio (SNR) is ranged

from 10 dB to 40 dB. Features (i.e. the impulse responses) are extracted from the noisy

observation using different kernels. Then, the signal ỹ(t) is reconstructed from the

impulse response and compared with the simulated response y∗(t) by measuring the

normalized root mean square error (NRMSE) as follows. The smaller the NRMSE, the

more stable the method.

(4.14) εNRMSE = || ỹ(t)− y∗(t)||22
||y∗(t)−mean y∗(t)||22

.

A theoretical Figaro TGS MOS-sensor’s resistance value change with gas concentra-

tion is as follows:

(4.15) Rsensor(v)= R0(1+k[v])−β

where R0 denotes the sensor’s resistance value to fresh air. k represents the rate constant

of an odour. [v] is the odour concentration in mol·dm−3. β ∈ [0.25,0.55] is the sensor’s

exponent constant. According to the measurement circuit (as shown in Fig. 4.2), the

simulated sensor’s response across load resistor Rload (as shown in Fig. 4.3) can be

calculated as:

(4.16) Vout = VccRload

Rsensor +Rload

4.3.2 Comparison of Different Kernel-Based Modelling Methods

The kernels selected for comparison are widely used, including the radial basis function

(RBF) kernel, the stable spline (SS) kernel, the tuned correlated (TC) kernel, the Mexican

hat wavelet (Mex) kernel, the Morlet wavelet (Mor) kernel, and the Shannon wavelet

(Sha) kernel. By defining max{·, ·}, min{·, ·}, cos(·), sinc(·), and exp{·} as element-wise
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Figure 4.2: Basic measuring circuit of Figaro TGS MOS sensor. The integrated heater
(Rheat) provides an optimal temperature for the sensing element (Rsensor). The sensor’s
reading is the voltage across the load resistor (Rload) connected in series with the sensor.
Both of the Vcc and Vheat are constant voltage sources.
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Figure 4.3: Simulated TGS MOS sensor’s response. The blue line denotes the simulated
response, and the red dashed line denotes the noised observation. The features are
extracted from the noised observation. The experiment parameters were set as: Vcc = 5 V,
Rload = 0.45 kΩ, R0 = 4 kΩ, k = 100, and β= 0.4. The concentration of odour is ranged
from 0 to 40 mol·dm−3, and the initial time tgas-on = 20 s.
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operations, the kernel matrices can be calculated as:

K(RBF) = exp
{
− 1

2α2

(
P−Pᵀ)◦(P−Pᵀ)}(4.17)

K(SS) = 1
2
αβmax{P,Pᵀ} ◦

(
βmin{P,Pᵀ} − 1

3
βmax{P,Pᵀ}

)
(4.18)

K(TC) = exp
{−α(P+Pᵀ)

}◦exp
{−α|P−Pᵀ|}(4.19)

K(Mor) = cos
(
1.75× P−Pᵀ

α

)
◦exp

{
− 1

2α2

(
P−Pᵀ)◦(P−Pᵀ)}

K(Sha) = 2sinc
(
2
(
P−Pᵀ

α

))
−sinc

(
P−Pᵀ

α

)
(4.20)

where α and β are hyper-parameters for each kernel.

Here, the mother wavelet selected for constructing multiscale kernel is the Shannon

wavelet (4.5). Hyper-parameters for each kernel matrix at different noise level are

optimized according to (4.13) by using the DIRECT algorithm.

Each experiment is repeated for 100 times. The statistical result is shown in Table 4.1.

On the condition of high SNR (>25 dB), the NRMSE of the reconstructed signal using the

multiscale wavelet kernel is commensurate with those using single-scale kernels. The

multiscale wavelet kernel gradually outperforms others with the increase of the noise

level. The result of numerical experiment demonstrates the use of multiscale wavelet

kernel-based regularization increases the stability of the modelling-based features.

4.4 Field Experiment

The purpose of this experiment is to demonstrate the effectiveness of our feature extrac-

tion method in odour identification. This experiment was displayed on CeBIT (Centrum

für Büroautomation, Informationstechnologie und Telekommunikation) Australia 2019

exhibition.

4.4.1 Experiment Setup

4.4.1.1 Material Preparation and Instrument Settings

This experiment investigates four brands of alcoholic drinks, including two single malt

whiskies and two blended whiskies. We put 5 ml of each whiskey into a sealed 20-ml

headspace crimped top vial as a test material. Then, measure each material by a self-

designed e-nose. When the number of measurements for a material exceeds 20 times,

we discard the test material, and prepare the same one in a new top vial. The record of
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Table 4.1: Simulated signal reconstruction by kernel-based modelling with different kernels

Kernel
NRMSE

SNR=40 dB SNR=35 dB SNR=30 dB SNR=25 dB SNR=20 dB SNR=15 dB SNR=10 dB

Multiscale
0.0113
±0.0006

0.0148
±0.0009

0.0223
±0.0015

0.0376
±0.0028

0.0602
±0.0057

0.0763
±0.0060

0.0983
±0.0102

RBF
0.0117

±0.0006

0.0155

±0.0009

0.0239

±0.0016

0.0403

±0.0032

0.0709

±0.0047

0.1114

±0.0106

0.1479

±0.0151

SS
0.0688

±0.0013

0.0696

±0.0023

0.0723

±0.0044

0.0814

±0.0112

0.1134

±0.0307

0.2190

±0.1022

0.3097

±0.1609

TC
0.0747

±0.0002

0.0748

±0.0004

0.0750

±0.0010

0.0761

±0.0013

0.0796

±0.0029

0.0909

±0.0066

0.1293

±0.0130

Morlet
0.0117

±0.0005

0.0154

±0.0009

0.0239

±0.0018

0.0404

±0.0036

0.0709

±0.0047

0.0954

±0.0071

0.1355

±0.0129

Shannon
0.0117

±0.0006

0.0154

±0.0012

0.0244

±0.0015

0.0402

±0.0028

0.0717

±0.0060

0.1267

±0.0087

0.2297

±0.0152
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one measurement is regarded as one sample. Three different datasets are used in our

field experiment. The training set was collected on different days (12-27/Oct./2019) at

different labs of UTS (UTS Labs). The environment temperature and humidity at each

lab are relatively constant. Since the sensor installed in the e-nose would be influenced

by the environment change, a calibration set was collected at the first day (29/Oct./2019)

at an exhibition hall of the Sydney Convention and Exhibition Centre (ICC Sydney) to

overcome this influence. The testing set was collected randomly at the same hall during

the CeBIT Australia 2019 exhibition (29-31/Oct./2019). The information of the dataset is

listed in Table 4.2.

Table 4.2: Whisky information (four targets)

Lable Product Information
Sample Size

Training Set Calibration Set Testing Set

1
Ardbeg 10 Year Old

(Single Malt, ABV*46%)
240 20 40

2
Macallan 12 Year Old

(Single Malt, ABV 43%)
240 20 57

3
Johnnie Walker Red Label

(Blended, ABV 40%)
240 20 62

4
Chivas Regal 12 Year Old

(Blended, ABV 40%)
240 20 41

* ABV stands for alcohol by volume.

A self-designed e-nose, UTS NOS.E III, installed with four Figaro MOS-type gas

sensors (i.e. TGS2600, TGS2602, TGS2603, and TGS2620) is adopted in our experiment.

More details about the e-nose can be found in [214]. Before taking the first measurement

on the day, the e-nose should run (initialize) in the ambient air for 60 min with all valves

and pumps open. The duration of one measurement is 60 s. The time interval between

two measurements is also set as 60 s, during which all valves and pumps are opened for

washing. The figure of experiment setup is displayed in Fig. 4.4.

4.4.1.2 Experiment Process

The diagram of experiment process is shown in Fig. 4.5. Some basic elements in the

process are explained as follows:

• Normalization: According to previous linear assumptions for both sensor discrep-

ancy and concentration fluctuations, normalization (2.3), is applied to the sensor’s
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NOS.E III (Electronic Nose)

Laptop (User Interface)

Top Vial (Whisky Sample)

NOS.E III

Top Vial
(Whisky Sample)

Target Odor Ambient Air

Exhaust

Control
Command

Data

Laptop (User Interface)

Ambient Air

Input Port I Input Port II

Exhaust Port

(a) (b)

Figure 4.4: Experiment setup. (a) Field experiment on CeBIT Australia 2019. (b) Diagram
of material measurement. Firstly, ambient air is drawn into the sealed sensor chamber
through the input port II for 10 s to obtain a baseline for each sensor. Next, the target
odour is inhaled by a sampling needle through the input port I for 10 s. Then, the sensor
chamber is cleaned by the ambient air for 40 s. The flow rate is kept constant at 1.1
L/min. The sampling rate of the e-nose is set as 10 Hz. After one measurement, the
collected data is sent to a laptop for further processing via the Wi-Fi.

response to reduce the effect of discreteness.

• Drift calibration: Sensor drift would cause feature distribution inconsistency in

different environments. Hence, a recently developed domain adaptation algorithm,

domain regularized component analysis (DRCA) [209], is adopted. This method

introduces a regularization in the target domain, which allows the training with

few calibration samples. The projection (calibration) matrix is given by:

(4.21) A= argmax
A

tr(Aᵀ(ΘS Θ
ᵀ
S
+ηΘT Θ

ᵀ
T

)A)

tr(Aᵀ(μS −μT )(μS −μT )ᵀA)

where A ∈ RM×d denotes the projection matrix. M and d represent the dimen-

sion of the feature vector before and after domain adaption, respectively. ΘS =
[θ(1)

S
, ...,θ(NS )

S
] ∈RM×NS is the training set in the source domain at UTS Labs, and

ΘT = [θ(1)
T

, ...,θ(NT )
T

] ∈ RM×NT its corresponding feature set used for calibration

in the target domain at ICC Sydney. NS and NT represent the sample size of

training set and calibration set, respectively. μS and μT are centroids of ΘS and

ΘT , respectively. η is a trade-off parameter to alleviate the data imbalance between

training set and calibration set. Accordingly, the representation of a given sample

θ in the new feature space is given by Aᵀθ.
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Figure 4.5: Flow diagram of experiment process. (a) Training procedure. (b) Testing
procedure.

• Classification: A good feature representation will facilitate subsequent pattern

recognition algorithms. In this experiment, a simple classifier, k-nearest neighbors

(KNN), is adopted to identify whiskies. The classifier is build on the new feature

space after domain adaption. The hyper-parameters for both DRCA and KNN are

optimized by maximizing the classification accuracy of the five-fold cross validation

(5-CV). In the 5-CV, both the training set and the calibration set are divided into

five subsets and composed as five pairs. Four pairs are used for training, and the

rest one pair for validation. This procedure is then repeated for five times. When

optimized parameters are achieved, all training and calibration samples are used

to generate the final classifier for testing.
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4.4.2 Comparison of Different Feature Extraction Methods

In this section, the proposed feature extraction method is compared with the repre-

sentative method in other categories mentioned in Section 2.3, including handcrafted

features, polynomial features, and SAE-based features. In addition, the performance of

time series classification, i.e. directly classifying sensor array’s raw response without

feature extraction, is applied as the baseline.

The hyper-parameters used for the proposed method are as follows: multiscale Shan-

non kernel with the optimized scale factor m ∈ [−10,10] and the number of impulse

response M = 20. In the case of handcrafted method, only derivative-based features are

compared since the responses-related features provide no information after normaliza-

tion. The derivative-based features [107, 215] are (see Table 2.1): f2, f3, f4, f6, f7, f9,

and f10. Moreover, WTDF is adopted to denoise the response curve before extracting

the handcrafted features. In the case of the curve fitting-based method, the order of

polynomial function is selected as 4. The SAE used in this experiment is a three-layer

net with 64 nodes in the hidden layer. This parameter is selected according to the highest

accuracy of the cross validation. In case of time series classification, the distance metric

used in the KNN is dynamic time warping. The result is summarized in Table 4.3. The

detailed result (confusion matrix) for the field experiment is illustrated in Fig. 4.6.

The result of the time series classification (Fig. 4.6(e)) shows the similarity of the

response curves to some extent. From this view, the sensor array’s response to Whisky 1

is significantly different from that to other whiskies. This is also observed by the highest

sensitivity and relative low false rate of label 1 in each considered feature extraction

method. All of the considered features are able to detect the difference of whisky 4 from

whisky 2, although their time series cannot be classified. Whisky 2 and Whisky 3 are

the most difficult to distinguish, even though their composition and ABV are different.

The polynomial curve fitting-based feature performs worst among all considered feature

extraction methods. Compared with the handcrafted features, the accuracy via proposed

method is much better, even without applying any additional filtering or smoothing

technique. Both of the SAE and the proposed method achieve good performance in

whisky identification. The proposed method performs better than SAE in identifying

whisky 3.
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Figure 4.6: Confusion matrix for the field experiment (the testing procedure). (a) Proposed
features. Sensitivity (Sen.) for each label: 100%, 85.96%, 87.10%, and 100%; Specificity
(Spe.) for each label: 100%, 94.41%, 94.20%, and 100%. (b) Handcrafted features. Sen.:
97.50%, 77.19%, 72.58%, and 97.56%; Spe.: 99.38%, 90.91%, 87.68%, and 99.37%. (c)
Polynomial curve fitting-based features. Sen.: 92.50%, 73.68%, 80.65%, and 82.93%;
Spe.: 98.12%, 89.51%, 91.30%, and 95.60%. (d) Sparse auto-encoder features. Sen.: 100%,
85.96%, 79.03%, and 100%; Spe.: 100%, 94.41%, 90.58%, and 100%. (e) Time series (no
feature extraction). Sen.: 87.50%, 68.42%, 56.45%, and 53.66%; Spe.: 96.88%, 87.41%,
80.43%, and 88.05%.
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Table 4.3: Classification Results Via Different Feature Representations

Method
Hyper-parameters Accuracy (%)

DRCA KNN Training Procedure (5-CV) Testing Procedure

η d k (Training Set + Calibration Set) (Testing Set)

Proposed Features 1 18 9 95.38±1.47 92.00
Handcrafted Features 1 10 6 88.65±2.03 84.00

Polynomial Curve Fitting-Based Features 1 5 8 87.40±1.15 81.50

Sparse Auto-Encoder Features 3 16 10 93.27±2.47 89.50

Time series (No Feature Extraction) 5 69 3 69.62±1.64 65.50
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4.4.3 Comparison in Resistance to Noises

The proposed feature extraction is able to resist random noise. To verify this, we add addi-

tional white Gaussian noise (SNR ranges from 50dB to 20dB) to the sensor array’s record

obtained from the above field experiment. Then, the training and testing procedure (as

shown in Fig. 4.5) is operated on the noise-contaminated datasets. All hyper-parameters

for each considered method are also re-optimized at different SNR levels accordingly.

The filtering algorithm is only applied before extracting handcrafted features. The result

of 100 repeated experiments for each SNR level is shown in Fig. 4.7.
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Figure 4.7: Boxplot of different features in resistance to Gaussian white noises

The classification accuracy via the proposed features falls slowly with the increase

of noise level in comparing with other considered features. The multiscale wavelet

kernel regularization helps stabilize the extracted features. SAE also performs well in

resisting random noise. The anti-noise ability of SAE comes from its sparse and abstract

representation. However, in order to obtain this ability, SAE needs to increase the

number of hidden layers or hidden neurons, which also increases the computational cost.

Although the handcrafted features are extracted after filtering, this method performs

worst among all the considered methods. The derivative operation (the differentiation

operator) acts as a high-pass filter which has a tendency of amplifying the noise to an

undesirable level. The higher the order of the derivative, the more the result affected by

noise.
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4.5 Conclusion

In this chapter, we propose a kernel regularization-based feature extraction method

for tackling the discreteness problem faced in the real application of e-nose technology.

The success of kernel methods highly relies on the capacity of kernel function. Here, a

multiscale wavelet kernel derived from the orthogonal projection operator is applied as

the regularization matrix in solving the inverse problem - estimating impulse response

(i.e. the features for target odours) from noisy sensor’s response. A numerical experiment

is given to verify the stability of the proposed method. Moreover, we also demonstrate

the proposed method in a real application scenario. Under the framework of transfer

learning, the proposed feature extraction method is applied in identifying the odours

of four different whiskies measured by a self-designed e-nose with four commercial

available MOS gas sensors. The obtained results outperform the classification using

other considered features by reaching an accuracy of 92.00%. The results have shown a

good potential of applying the proposed feature representations in the area of e-nose. The

weakness of this method is the computational cost in constructing the kernel matrix when

the observation sequence is very long. This is why we introduce element-wise operations

(matrix operations) in kernels. Moreover, since the kernel matrix is independent of the

observation, we can calculate it off-line. In order to solve this problem, our future work

will focus on improvement through segmented estimation and real-time estimation.
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5
NUMERICAL DIFFERENTIATION BASED ON KERNEL

REGULARIZATION TO IMPROVE TRANSIENT-STATE

FEATURES

5.1 Introduction

Traditional hand-crafted features (i.e. steady-state and transient-state features)

are considered to be most susceptible to the discreteness issue. The steady-state

feature is sensitive to sensor manufacturing discrepancy and odour concentration

variation. Once normalization is adopted to reduce such influences, the discriminant

information it has provided will be totally eliminated. The transient-state features

designed from derivatives are sensitive to noise since numerical differentiation has a

tendency to amplify the influence of noise [120]. To tackle these shortages, in recent years,

alternative feature extraction methods have been proposed as reviewed in Section 2.3.

However, traditional features are still popular in many tasks such as sensor array

optimization and flow rate optimization [135, 162], because they are easy to extract and

have physical meaning.

In order to obtain accurate transient-state features, numerical differentiation meth-

ods should be adopted. We roughly divide the existing numerical differentiation (differ-

ential estimation) algorithms based on noisy signals into two groups: the indirect way

and the direct way.

For the noise-contaminated observation y of a continuously differentiable function
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g, the way of indirectly calculating g′ from y is to construct a less noisy or smooth

approximation f ≈ g, and then compute f ′ ≈ g′ using finite difference formulas (e.g.

the forward and backward differences). Most of existing methods to construct f fall

into following categories: filtering, regression, and Tikhonov regularization. i) Filtering

methods (e.g. finite impulse response (FIR) filter, Fourier or wavelet filter) approximate f
by reducing the noise in y. Although the noise in the filtered signal f has been suppressed

to a small level δ, such that ‖g− f ‖2 < δ, we can still have an arbitrary large ‖g′ − f ′‖2.

The finite difference formula has a tendency to amplify the noise. The higher the order

we calculate, the less accurate the derivative is. ii) Regression methods are applied to

model a smooth approximation f . In this category, the simplest algorithm is polynomial

regression. Progresses of this linear method are made from two aspects: introducing

regularization technique to avoid overfitting (e.g. ridge regression and lasso regression),

and introducing kernel method to extend the regression to nonlinear area (e.g. the

kernel ridge regression (KRR) and support vector regression (SVR)). Moreover, ensemble

strategies (e.g. multiple kernel learning and ensemble learning) are also introduced to

improve the general performance regression algorithms. iii) Another extension of ridge

regression is Tikhonov regularization, whose re-construction error (error term) ‖y− f ‖2

in the cost function is constrained by the upper bound of the dth-order derivative ‖ f (d)‖2.

A recent developed segment-wise regularization framework improves the boundary

smoothness of the approximation f . Based on this, a real-time improvement of Tikhonov

regularization can be achieved to effectively process long sequences.

Instead of constructing f , an alternative way is directly estimating f ′ from y. We

further classify the direct way into two categories: Tikhonov regularization and Fourier

truncation method. i) By introducing a Volterra integral equation T1 f ′ =∫t
0 f ′(η)dη [179],

the error term in the cost function can be re-written as || ŷ−T1 f ′||2, where ŷ= y− f (0) [87].

Then, Tikhonov regularization is applied to ensure an accurate estimation of f ′. ii)

Another direct way is to reformulate operator T1 by truncated singular value expansion

(TSVE). This setting coincides with estimating the differentiation the truncated Fourier

series of y term-by term [12]. The Fourier truncation methods are widely applied to

compute numerical differentiation for periodic signals.

In this chapter, we propose a novel numerical differentiation algorithm based on the

Tikhonov regularization and kernel method to ensure an accurate and stable transient-

state feature extraction for e-noses. The proposed algorithm is able to directly estimate

high-order derivatives (i.e. 2nd-order derivative) from the noise-contaminated signal

without applying any pre-processing technique. The kernel method is applied to the
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regularization term as priors regarding the signal, which equips the proposed method

with an ability to resist random noise.

The primary contribution of this chapter are summarized as follows:

• A new derivative estimation algorithm is proposed and verified by a numerical

experiment.

• A framework is proposed to tackle the 3D issue encountered in real applications

for e-noses.

• We also compare the improved transient-state features with other widely used

features in a field experiment displayed on the CeBIT Australia 2019 exhibition.

The training and testing samples are obtained from different places. We also added

two new classes as disturbances. Accordingly, both drift and disturbance issue are

considered in this experiment.

The rest of the chapter is structured as follows: Section 5.2 is devoted to describing

the whole methodology of numerical differentiation algorithm based on kernel Tikhonov

regularization. To verify the proposed method, a numerical experiment is conducted

and discussed in Section 5.3. Then, a field experiment is conducted and discussed in

Section 5.4. The task of the field experiment is to identify four target whiskies and two

disturbances. Finally, Section 5.5 gives a short conclusion of this chapter.

5.2 Methodology

5.2.1 Derivative Estimation for Electronic Nose Signals

We start the derivation of the proposed method from a special condition, i.e. g(d)(0)= 0,

where d = 1, . . . ,D. This setting is similar to the characteristics of e-nose signals, that is,

e-nose signals usually respond from a constant baseline.

Let g[n] be the discrete-time sampling of a D times differentiable function g(t). A

sampling of g[n] with length N can be vectorized as g = [g[0], . . . , g[N−1]]ᵀ ∈ RN . It’s

corresponding discrete-time observation (i.e. gas sensor’s reading) y= [y[0], . . . , y[N−1]]ᵀ ∈
RN is assumed to be contaminated by additive Gaussian noise ε= [ε[0], . . . ,ε[N−1]]ᵀ ∈RN ∼
N (0,σ2), such that y= g+ε. Let ud(t) be the dth-order numerical derivative of g(t), i.e.

ud(t)= g(d)(t). Correspondingly, ud[n] can be represented as ud = [ud [0], . . . ,ud [N−1]]ᵀ ∈
RN .

81



CHAPTER 5. NUMERICAL DIFFERENTIATION BASED ON KERNEL
REGULARIZATION TO IMPROVE TRANSIENT-STATE FEATURES

Under the constraint of g(d)(0) = 0, the relationship between g(t) and uD(t) is as

follows:

(5.1)

D︷ ︸︸ ︷∫t

0

∫x

0
· · ·

∫ξ

0
uD(η) dηdξ · · · dx︸ ︷︷ ︸

D

= g(t)− g(0).

By defining the integration operator as:

(5.2) φD(t)=

D−1︷ ︸︸ ︷∫t

0

∫x

0
· · ·

∫ξ

0
1 dηdξ · · · dx︸ ︷︷ ︸

D−1

(5.1) can be simplified as the convolution of uD(t) and φD(t):

(5.3) (uD ∗φD)(t)=
∫t

0
uD(τ)φD(t−τ)dτ= g(t)− g(0).

For a discrete-time system, the discrete convolution (uD �φD)[n] can be expressed

compactly as ΦDuD , where ΦD is constructed from the discretized φD[n] with zero-

padding, as:

(5.4) ΦD =

⎡⎢⎢⎢⎢⎢⎣
φD [0] 0 · · · 0

φD [1] φD [0] · · · 0
...

... . . . ...

φD [N−1] φD [N−2] · · · φD [0]

⎤⎥⎥⎥⎥⎥⎦ ∈RN×N .

We take the 2nd-order derivative as an example. Based on (5.2), φ2(t)= t. Then, Φ2

can be expressed as:

(5.5) Φ2 =

⎡⎢⎢⎢⎢⎢⎣
1 0 · · · 0

2 1 · · · 0
...

... . . . ...

N N −1 · · · 1

⎤⎥⎥⎥⎥⎥⎦ ∈RN×N .

Accordingly, derivative estimation from noisy observation y can be regarded as a

deconvolution problem. However, deconvolution is ill-posed. Inspired by recent developed

kernel-based modelling [15, 81, 101], kernel-based Tikhonov regularization algorithm is

proposed, whose cost function is given as:

(5.6) J(uD)= ‖y− y0 −ΦDuD‖2
2 +σ2uᵀ

DK−1uD
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where y0 = [y[0], . . . , y[0]]ᵀ ∈ RN denotes the vector of initial value. Here, we apply y[0]

instead of g[0]. K= [κ〈i, j〉] ∈RN×N is a positive-definite kernel matrix. Unlike the kernel-

based learning algorithm (whose kernel function κ〈·, ·〉 operates on sample vectors, the

i, j = {1, . . . , N} in K represents position indices.

Accordingly, the derivative uD can be calculated by minimizing the cost function via

regularized least squares as:

(5.7)
u∗

D = argmin
uD

J(uD)

=KΦ
ᵀ
D(ΦDKΦ

ᵀ
D +σ2IN)−1(y− y0)

where IN ∈RN×N represents a identity matrix.

The kernel matrix K represents prior guessing regarding to the solution. Accordingly,

we can construct K without considering observations. In (4.17), we list some widely used

smoothing kernels. These kernel can also be used in this study.

The proposed method relies on the selection of kernel parameters. The kernel matrix

can be written as a function of the hyper-parameter, i.e. K(ω). Then, ω can be optimized

by maximizing the marginal likelihood P(y− y0|ω), which is equivalent to minimize the

following function:

(5.8) ω∗ = argmin
ω

(y− y0)ᵀΣ−1(ω)(y− y0)+ logdetΣ(ω)

where Σ(ω)=ΦDK(ω)Φᵀ
D +σ2IN . Equation (5.8) is actually the problem of difference of

convex programming (DCP). To solve this, we can use heuristic searching methods such

as the DIRECT algorithm, or convert the problem to multiple kernel learning on a set

of given W = {ωm}m∈M , i.e. K(λ) =∑
W λmK(ωm),λ = [λ1, . . . ,λM]ᵀ, and then optimize λ

using sequential convex optimization.

5.2.2 Boundary Distortion Reduction Using Polynomial
Extension

The proposed method suffers from the influence of boundary distortion, which is derived

from two aspects: i) the inaccurate initial value, i.e. y(0) �= g(0), caused by noise contami-

nation; ii) a sharp increase in variance and bias in boundary region caused by boundary

effect.

A simple improvement can be made by using extensions based on the Dth-degree

polynomial regression, where D � m < N/2. The polynomial expansion helps to avoid

artificial discontinuities of the extended signal and its high-order derivatives at the
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boundary. The underlying idea can be realized in Algorithm 5. An illustration of the

extended signal is shown in Fig. 5.1.

y
E

y
LE

y
RE

y
R

y
L

y

y
E0

y
0

Figure 5.1: Illustration of polynomial extension. y ∈ RN is the input signal. yL ∈ Rm

(yR ∈Rm) represents the first (last) m points of y used to training polynomial function
pL(t) (pR(t)). yLE ∈ Rm (yRE ∈ Rm) represents the related extension. yE denotes the
polynomial extension. y[0] (yE [0]) denotes the first point of y (yE).

Algorithm 5: Polynomial extension
Input: Signal y ∈RN , D ∈Z+, m ∈Z+.
Output: Extended signal yE ∈RN+2m.

1 Initialization: yL ← y[0:m−1]; yR ← y[N−m:N−1].
2 Train Dth-degree polynomial pL(t) via y[0:m−1].
3 Train Dth-degree polynomial pR(t) via y[N−m:N−1].
4 yLE ← pL([−m :−1]).
5 yRE ← pR([N : N +m−1]).
6 yE = [yᵀLE, yᵀ, yᵀRE]ᵀ.
7 Update the index: yE [0:N+2m−1] ← yE [−m:N+m−1].
8 return yE.

Then, derivative estimation is performed on the extended signal yE ∈ RN+2m and

the estimated initial vector yE 0 = [yE [0], . . . , yE [0]] ∈RN+2m. A simple implementation of

the proposed derivative estimation algorithm with polynomial extension is shown in

Algorithm 6.
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5.2.3 Derivative Estimation for Arbitrary Differentiable
Functions

For arbitrary differentiable functions, i.e. ∀d ∈ D, ∃ g(d)(0) �= 0, (5.1) can be re-written as:

(5.9)

D︷ ︸︸ ︷∫t

0

∫x

0
· · ·

∫ξ

0
uD(η) dηdξ · · · dx︸ ︷︷ ︸

D

= g(t)−
D−1∑
d=0

1
d!

g(d)(0)td.

Accordingly, derivative estimation for such signals can be realized iteratively using

the proposed kernel-based Tikhonov regularization method, as shown in Algorithm 7.

Algorithm 6: Derivative estimation (special case)
Input: Signal y ∈RN , D ∈Z+, m ∈Z+, noise level σ2 ∈R, optimized kernel

parameter ω ∈R.
Output: Dth-order derivative uD ∈RN .

1 Initialization: a← [1, . . . , N +2m]ᵀ, 1N+2m ← [1, . . . ,1]ᵀ, P← a ·1ᵀN+2m.
2 yE ← Dth-degree polynomial extension of y via Algorithm 5.
3 yE 0 ← yE [0] ·1N+2m.
4 Construct φD [0:N+2m−1] via (5.2).
5 Construct ΦD from φD [0:N+2m−1] via (5.4).
6 Construct K from P with selected kernel via (4.17).
7 uDE ←KΦ

ᵀ
D(ΦDKΦ

ᵀ
D +σ2IN+2m)−1(yE − yE 0).

8 uD ← uDE [m+1:m+N]
9 return uD.

5.3 Numerical Experiment

5.3.1 Experiment Setup

Three signals adopted in other’s work have been analyzed in this experiment [12, 153],

as:

g1(t)= sinc(πt)+ t+1, t ∈ [−3,3], Δt = 0.012.(5.10)

g2(t)= ecos(2πt), t ∈ [−2,2], Δt = 0.01.(5.11)

g3(t)= 2.25
4(1+100t)−0.4 +0.45

, t ∈ [1,30], Δt = 1.(5.12)

Note that (5.12) is in the form of VccRload/(Rsensor +Rload), where Rsensor(t)= R0(1+
kt)−β is the Figaro TGS MOS gas sensor’s theoretical function modelling the relation

between resistance (kΩ) and the concentration (mol ·dm−3) [107].
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Algorithm 7: Derivative estimation (arbitrary signal)
Input: Signal y ∈RN , D ∈Z+, m ∈Z+, noise level σ2 ∈R, optimized kernel

parameter ω ∈R.
Output: Dth-order derivative uD ∈RN .

1 Initialization: a← [1, . . . , N +2m]ᵀ, 1N+2m ← [1, . . . ,1]ᵀ, P← a ·1ᵀN+2m,
ŷE 0 ← [0, . . . ,0]ᵀ.

2 y(0)
E ← Dth-degree polynomial extension of y via Algorithm 5.

3 y(0)
E 0 ← yE [0] ·1N+2m.

4 for d = 1, . . . ,D do
5 ŷE 0 ← ŷE 0 + 1

(d−1)! y(d−1)
E 0 ◦ (a−1N+2m)◦(d−1).

6 Construct φd [0:N+2m−1] via (5.2).
7 Construct Φd from φd [0:N+2m−1] via (2.11).
8 Construct K from P with selected kernel via (4.17).
9 y(d)

E ←KΦ
ᵀ
d(ΦdKΦ

ᵀ
d +σ2IN+2m)−1(yE − ŷE 0).

10 y(d)
E 0 ← y(d)

E [0] ·1N+2m.
11 end
12 uD ← y(d)

E [m+1:m+N]
13 return uD.

We also adopted the same environment setting, i.e. Gaussian white noise with a SNR

of 15 dB was added to the ground truth signal g(t) as a noise observation y(t). Different

derivative estimation algorithms are compared and evaluated by NRMSE (4.14).

5.3.2 Comparison of Different Numerical Differentiation
Methods

The kernel parameters for the proposed method is optimized via (5.8) using the DIRECT

algorithm. The parameters for other considered algorithms are selected by minimizing

the NRMSE. To avoid boundary distortion, polynomial extensions are also applied to

all compared algorithms. Each experiment is repeated for 1000 times. The statistical

results are summarized in Table 5.1. All considered methods obtain more accurate result

for g1(t) and g1(t) than g3(t) since derivative estimation is more difficult for a sparse

set (e.g. Δt = 1) than for a dense set (e.g. Δt = 0.01). This limitation is also appeared

in our proposed method. Despite this limitation, the proposed method still reaches the

lowest errors in all considered functions in comparison with other methods. This result

demonstrates that the proposed method is able to calculate more accurate derivatives

for noise-contaminated signals.
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Table 5.1: Normalized root mean square error in derivative estimation (SNR=15 dB)

Kernel
NRMSE

g1 g2(t) g3(t)

g′
1 g′′

1 g′
2 g′′

2 g′
3 g′′

3

Proposed Method 0.154±0.026 0.159±0.032 0.091±0.014 0.179±0.031 0.378±0.022 0.466±0.027

Wavelet Filter [105] 0.278±0.041 0.468±0.068 0.259±0.283 2.381±7.176 0.851±0.030 1.036±0.039

Kernel FIR Filter [214] 0.198±0.033 0.222±0.041 0.104±0.016 0.226±0.040 0.554±0.026 0.633±0.029

Ensemble Regression [153] 0.432±0.088 0.506±0.091 0.328±0.090 0.599±0.150 0.751±0.054 0.835±0.033

Tikhonov (Category I) [147] 0.265±0.028 0.506±0.043 0.128±0.014 0.255±0.023 0.589±0.058 0.737±0.074

Tikhonov (Category II) [87] 0.193±0.036 0.225±0.045 0.200±0.014 0.357±0.018 0.618±0.080 0.771±0.101
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5.4 Field Experiment

5.4.1 Experiment Setup

5.4.1.1 Material Preparation and Instrument Settings

The material preparation and instrument settings are the same as Section 4.4.1. The

only difference is the material information, as shown in Table 5.2. In this experiment, we

only considered four task whiskies. Another two whiskies are applied as disturbances.

5.4.1.2 Experiment Process

To tackle the 3D issue, the following framework is proposed, (shown in Fig. 5.2), as:

AL

Training
Set

Calibration
Set

N
or

m
al

iz
at

io
n

Pr
op

os
ed

 M
et

ho
d

D
om

ai
n 

Ad
ap

ta
tio

n

C
H

M
M

 T
ra

in
in

g

N
or

m
al

iz
at

io
n

Pr
op

os
ed

 M
et

ho
d

y z

likelihood1

likelihoodL

La
be

l D
ec

is
io

n

Label

(a)

(b)

Discreteness Issue Drift Issue Disturbance Issue

New
Sample

Feature
Vector

Feature Space
@UTS Labs

Feature Space
@ICC Sydney

Projected
Subspace

Class l
l = 1, ..., L

Feature in Subspace

Projection
Matrix

Learned Model
for Class l

C
H

M
M

l

Al

A1

Al

...

...

C
H

M
M

1
C

H
M

M
l

ALTz

A1Tz

AlTz

C
H

M
M

L

likelihoodl

...

...

...

...

...

...

Figure 5.2: Framework of experiment process to tackle the 3D issue. (a) Training proce-
dure. (b) Testing procedure.

• Discreteness: Normalization is applied to reduce the discreteness caused by

odour concentration variation and sensor manufacturing discrepancy. The proposed

method is applied to ensure a stable and accurate transient-state feature extraction

in resistance to sensor noises. The extracted transient-state features are illustrated

in Fig. 5.3.
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Table 5.2: Whisky information (four targets and two disturbances)

Category Lable Product Information
Sample Size

Training Set Calibration Set Testing Set

Target

1 Ardbeg 10 Year Old (Single Malt, ABV 46%) 240 20 40

2 Macallan 12 Year Old (Single Malt, ABV 43%) 240 20 57

3 Johnnie Walker Red Label (Blended, ABV 40%) 240 20 62

4 Chivas Regal 12 Year Old (Blended, ABV 40%) 240 20 41

Disturbance X
Smokehead (Single Malt, ABV 43%) - - 20

Johnnie Walker Black Label (Blended, ABV 40%) - - 22

89



CHAPTER 5. NUMERICAL DIFFERENTIATION BASED ON KERNEL
REGULARIZATION TO IMPROVE TRANSIENT-STATE FEATURES

0 10 30 40 50 60

0

0.5

1

y 
(1

)

0 10 20 30 40 50 60

0

0.02

0.04
dy

/d
t

0 10 20 30 40 50 60
t (s)

-2

0

2

d
2
y/

dt
2

10-3

t
peak

t
d2min

y
peak

t
d1max

t
d2max

t
3

t
2

t
1

dy
max

d2y
min

d2y
max

Figure 5.3: Representative example of feature extraction. Six transient-state features
are extracted, including: z1 = d ymax, z2 = d2ymax, z3 = d2ymin, z4 =Δt1, z5 =Δt2, and
z6 =Δt3.

• Drift: Similar to Section 4.4.1, DRCA is adopted to reduce the effect of sensor drift.

Considering the subsequent disturbance issue, in this experiment, the projection

matrix is learned for every single class.

• Disturbance: The disturbance issue refers to the influence of unknown odours

on the trained classifier. It is expensive and unrealistic to train models for all

possible disturbance odours. In this experiment, we adopt the strategy of one-class

classification to tackle this problem. Here, we apply CHMMs as classifiers for our

task. We use the dataset obtained after domain adaptation to establish CHMM for

each target whisky. The hyper-parameters of CHMM, i.e. the number of hidden

states, the number of Gaussian mixtures, and the threshold (likelihood) for one-

class classification, can be optimized by maximizing the classification accuracy of

the five-fold cross validation (5-CV) on both training and calibration set. In the

5-CV, both the training set and the calibration set are divided into five subsets

and composed as five pairs. Four pairs are used for training, and the rest one pair

for validation. This procedure is then repeated for five times. When optimized

parameters are achieved, all training and calibration samples are used to generate

the final classifier for testing. In the testing procedure, each CHMM would assign a

likelihood to the test sample. If the likelihood of a sample is not within the threshold

of any model, the sample is considered as a disturbance sample. Otherwise, the
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label of the sample belongs to the model that generates the largest likelihood.

5.4.2 Comparison of Different Feature Extraction Methods

We compare the accuracy of the traditional transient-state features processed by our

method and by the standard filtering process in identifying whiskies. Moreover, we also

compare other noise-resistant feature extraction algorithms, including the polynomial

curve fitting-based features and SAE features. The results are illustrated in Fig. 5.4.

Under the proposed framework, we realize the identification of both target whiskies

and unknown disturbances. The proposed method improves the quality of transient-

state features by increasing the classification accuracy (including the identification

of disturbances) from 73.14% to 86.36%. The processed transient-state features even

perform better than the learning-based (SAE) method. The result of the field experiment

shows the potential of applying the proposed method and framework in the area of

e-noses.

5.5 Conclusion

In this chapter, we propose a novel numerical differentiation algorithm using kernel-

based Tikhonov regularization. A numerical experiment is conducted to verify the effec-

tiveness of the proposed method. Then, the proposed method is applied to the area of

e-noses in estimating 1st- and 2nd-order derivatives from the noise-contaminated gas

sensor’s reading to ensure an accurate and stable transient-state features extraction.

The extracted features are hence no longer sensitive to the discreteness issue. On the

basis of accurate feature representation, the subsequent drift and disturbance issue is

tackled by applying the strategy of domain adaptation and one-class classification. A

field experiment is also conducted to verify this framework. The result outperforms the

classification using other considered features by reaching an accuracy of 86.36% in the

task of identifying four target and two disturbance whiskies, which shows its strong

potential to be employed in the proposed method and the adopted framework for the

purposes of odour identification.

In the area of e-noses, recent research points out the similarity between the derivative

of the slower but inexpensive MOS-type gas sensors and the signal of the faster but

expensive photoionization detector (PID) [152]. Accordingly, the proposed numerical

differentiation method would also benefit the research in using the derivative of the
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Figure 5.4: Confusion matrix for the field experiment (the testing procedure @ICC
Sydney). (a) Traditional transient-state features (proposed method). Accuracy (Acc.):
86.36%; Averaged sensitivity (A. Sen.): 87.29%; Averaged specificity (A. Spe.): 96.50% (b)
Traditional transient-state features (wavelet filter). Acc. 73.14%; A. Sen.: 73.66%; A.Spe.:
93.18%. (c) Polynomial curve fitting-based features. Acc.: 60.33%; A. Sen.: 60.49%; A.Spe.:
89.97%. (d) Sparse auto-encoder features. Acc.: 83.47%; A. Sen.: 84.43%; A. Spe.: 95.75%.

MOS sensor’s response modulated by periodic flow rate change to achieve rapid olfactory

recognition similar to the function of PID sensors. Future improvement of the proposed

method would be automatic kernel selection and real time derivative estimation based

on the segment-wise regularization framework.
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DATA-DRIVEN MEAT FRESHNESS MONITORING AND

EVALUATION USING ELECTRONIC NOSE

6.1 Introduction

Meat constitutes a vital part of the human diet since it is a critical source of

high-quality protein and other nutrients [37]. Nevertheless, meat undergoes a

rapid freshness deterioration process, during which the proliferation of bacteria

occurs [72]. Ingesting such contaminated meat, people with a weak immune system,

such as the elderly, children, and pregnant women, are prone to foodborne diseases [197].

Besides, meat products are also commercially important in the food industry; freshness

plays a crucial role in deciding the market values of this product due to its relatively short

product shelf-life. Thus, the demand for a stable and rapid meat spoilage monitoring and

evaluation method is becoming increasingly urgent.

Previous studies have demonstrated that the concentration of volatile organic com-

pounds (VOCs), such as fatty acids profiles, aldehydes, and trimethylamine, gradually

increases as meat spoilage progresses. [58, 108]. These VOCs take part in the perception

of odour, which enables distinguishment of the spoilage process using olfaction-based

approaches. Since e-nose was introduced in 1982 [130], much research has been de-

voted to investigating its efficacy and practicality in food quality control [108, 136, 143].

E-nose offers a non-destructive detection on meat products [58, 136]. Moreover, this

approach is more time and cost efficient compared to other methods in the industry [58],
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including chemical test [86], microbiological analysis [21], spectroscopy [8] and computer

vision [113].

A number of approaches have been proposed for e-nose-based food quality control.

We classify the approaches in two categories, that is, food quality monitoring and food

quality evaluation. Food quality monitoring is a dynamic process that uses monitoring

indices to track the changes of the extracted features over time. A significant change in

the monitoring indices is indicative of a freshness degradation. Unlike monitoring, food

quality evaluation is static. Since the evaluation model is trained exactly once utilizing

historical dataset and do not update frequently. Evaluation models directly associate the

features with the given labels. These labels that divide the foods into different quality

groups are often acquired from two aspects: non-data-driven approaches (i.e. according to

the storage time [97], sensory analysis [94] and chemical or microbiological analysis [62,

115]); and data-driven approaches (i.e. according to clustering analysis [103]).

Food quality monitoring algorithms can be further subdivided into unsupervised

learning and supervised learning. In terms of unsupervised learning, principal compo-

nent analysis (PCA) has been widely applied in the monitoring of various food products.

The mechanism of this method is to compress the whole life-span samples of monitored

food from the high-dimensional feature space to a low-dimensional subspace (i.e., 1- to

3-dimension [4, 29, 38]) and to find the coordinates that maximize variances of these

samples. Once new observations are added to the historical dataset, the previously calcu-

lated PCA projection matrix needs to be updated. After the whole life-span data has been

fed to the model, a final PCA score plot is provided to visualize the monitoring result

by tracking the position change of these samples. Alternative methods include kernel

PCA (KPCA) [168], which adopts kernel functions to construct non-linear mapping, and

independent component analysis (ICA) [9], which maximizes the higher order statistics.

In terms of supervised learning, a similar analytic tool is linear discriminant analysis

(LDA). It also illustrates the monitoring result by using a 2- or 3-dimensional [29, 119]

score plot. Unlike PCA, LDA utilizes the label information. This method reduces the

dimension of the original dataset by selecting coordinates that maximize the general-

ized Rayleigh quotient of the between-classes scatter matrix to the within-class scatter

matrix. An alternative method is kernel LDA (KLDA) [168], which is regarded as a

non-linear expansion of the standard LDA. Both PCA- and LDA-based methods apply

the coordinates change of the tested sample in the transformed feature space as monitor-

ing indices to reveal the quality change of food. However, these monitoring models are

usually static models. The major shortcoming of static models is the lack of focus on time
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dependence [34], which restricts their applications in real-time monitoring.

Food quality evaluation algorithms can be further subdivided into classification and

regression. Classification algorithms enable qualitative analysis (e.g., freshness level

or spoilage degree evaluation) by assigning the new food sample observation to a set

of mutually exclusive quality groups. According to the review papers published recent

years [58, 78, 108, 154, 186], existing food quality evaluation methods cover nearly all

classical classification algorithms, such as k-nearest neighbours (kNN), naive Bayes

classifier (NB), discriminant analysis (DA), logistic regression (LR), decision tree (DT),

support vector machines (SVM) and artificial neural network (ANN). Improvements are

often made in the area of feature extraction, since discriminant features will facilitate

classification accuracy. With the development of deep learning, some deep neural net-

works, such as auto-encoders and Boltzmann machines, have been applied to reduce the

effect of long-term sensor drift. Regression algorithms are able to realize quantitative

analysis (e.g., shelf life or storage time prediction) by modelling the relationships among

input feature vectors and the object variables. Linear regression is a common method to

build the predictive model. Improved algorithms include support vector regression (SVR),

which overcomes the presence of non-linearity in the data, as well as principal compo-

nent regression (PCR) and partial least squares regression (PLSR), which overcome the

presence of a large number of highly correlated features in the data.

Although considerable research has been devoted to the advancement of the tech-

nology. There are gaps that prevent industry adoption of e-nose to food quality control.

The purpose of this chapter is to: i) provide the ability to monitor the meat freshness

change regardless the storage condition; ii) provide a data-driven method to grade the

meat freshness level rather than biological or chemical tests when the specific storage

condition is determined; and iii) improve the stability of the data-driven method. This

study applies a powerful statistical tool, hidden Markov model (HMM), to establish the

freshness monitoring and evaluation models.

The main contributions of this chapter are as follows:

• To enable monitoring regardless the storage condition, we propose a monitoring

method based on a single HMM trained only by fresh samples. Monitoring is

realized by measuring the distance (i.e. likelihood) between the fresh sample and

the tested sample.

• When the whole life-span data of meat stored in a specific storage condition is avail-

able, a meat freshness evaluation method based on multiple HMMs is proposed.
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The freshness level is uncovered by a decoding algorithm (i.e. the Viterbi algo-

rithm). Then, HMM for each level is trained and applied in parallel as a classifier

to evaluate the freshness.

• To ensure stable and reliable monitoring and evaluation results, we improve

the traditional training algorithm of HMM (i.e. the Baum-Welch algorithm) by

proposing the segmental rapid centroid estimation (RCE) algorithm.

The rest of the chapter is structured as follows: Section 6.2 is devoted to describing the

whole methodology. Experiment setup is introduced in Section 6.3. Then, the experiment

results and discussion will be presented in Section 6.4. Finally, the conclusion of this

chapter will be outlined in Section 6.5.

6.2 Methodology

6.2.1 Preliminary of HMMs

The hidden Markov model (HMM) is a powerful statistical tool with a double-layered

stochastic process: an unobserved Markov process Q := q1:D , where the current state

is only dependent on its previous state, associates with an observed stochastic process

O := o1:D , where the current observation only generates from the current hidden state.

An HMM λ := {π,A,B} can be expressed in joint distribution as (3.9).

There are three fundamental questions of interest with HMM. The solution for

the questions are of great use in our proposed data-driven approaches: i) Learning:

Given a set of observation sequences O, learn the model λ. This question relates to

the establishment of models for meat freshness monitoring or evaluation, which can be

solved by the Baum-Welch algorithm; ii) Decoding: Given a trained model λ and one

observation sequence O, find the most likely hidden state sequence Q that generated

this observation sequence. This question relates to meat freshness level grading, which

can be solved by the Viterbi algorithm; iii) Evaluation: Given a trained model λ, and one

observation sequence O, calculate the likelihood P(O|λ) that the model produces this

observation sequence. This question relates to meat freshness evaluation, which can

be solved by the Forward algorithm. Details of the algorithms mentioned above can be

found in [175].
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6.2.2 Segmental RCE-Based Training

Algorithm stability is required in food quality control. However, the Baum-Welch algo-

rithm suffers from the high reliance on a good initial guess of HMM parameters since the

convergence is only guaranteed to local optima. The sensitivity to initialization is mainly

derived from the estimation to Gaussian mixture density, i.e. {C,μ,Σ}. Segmental rapid

centroid estimation (RCE)-based training method is therefore proposed in this section

to alleviate the influence of estimating Gaussian mixture parameters and to ensure a

stable model.

The proposed method is an improvement of the traditional k-means initialization [13].

The mainly difference is the replacement of particle swarm optimization-based clustering

(PSC) algorithm to the traditional k-means algorithm. PSC is more stable and can obtain

a more globally solution. However, PSC will become computationally demanding when

the dimension of data is high. RCE is a simplified version of PSC, which introduced a new

update strategy. Our previous works have demonstrated that RCE can greatly reduce

the computational complexity [203, 204]. The proposed training algorithm separates the

observation sequences into several segments, and then, estimates Gaussian mixture

parameters within each segment. The algorithm is assumed convergence when the

distance score between two re-estimated models reaches the threshold. The final model

can be regarded as the learning result. A simple implementation of segmental RCE-based

training is presented in Algorithm 8. The pseudo-code of RCE is shown in Algorithm 9.

6.2.3 HMM-Based Meat Freshness Monitoring

As mentioned in the previous section, conventional statistical models such as PCA or

LDA are not suitable in dealing with real-time monitoring. Therefore, an HMM-based

model is proposed in this section to monitor the dynamic process.

However, in the real situation, a large number of factors may cause the meat to spoil,

such as bacteria, mould and oxidative rancidity. Different factors will generate different

spoilage patterns. It is impossible for a pattern library to include every interested

spoilage pattern, and it is also difficult to obtain enough samples to train those patterns.

To avoid the problem over complicated, we can simplify it by only identifying the fresh

meat.

The monitoring model is trained by segmental RCE algorithm only using the feature

vectors of fresh samples, O0 = [o(1)
0 , o(2)

0 , ..., o(K)
0 ]ᵀ. We use subscripts 0 to denote the fresh

meat sample. o(K)
0 ∈ R1×dim represents the kth fresh meat sample. Then, the incoming
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Algorithm 8: Segmental RCE-based training
Input: Observations O ∈RK×dim, state number N ∈Z+, and mixture number

M ∈Z+.
Output: Trained model λ= {π,A,C,μ,Σ}.

1 Initialization: Initialise λ randomly or according to requirements, iter← 0.
2 repeat
3 Partition O into N segments as {O1,O2, ...,ON} according to the optimal path

of λ calculated via the Viterbi algorithm.
4 for j = 1,2, . . . , N do
5 if |O j| < M, where O j = {o j,1, ..., o j,T j }. then
6 ∀m, ĉ jm ← 1

M .

7 ∀m, μ̂ jm ←
∑

o j,t∈O j o j,t

|O j | .

8 ∀m, Σ̂ jm ← Identity matrix.
9 else

10 Cluster O j into M clusters via Algorithm 9.

11 ∀m, ĉ jm ← The number of o j,t grouped in cluster m
|O j | .

12 ∀m, μ̂ jm ← the mth centroid of O j.
13 ∀m, Σ̂ jm ← cov(All o j,t grouped in cluster m).
14 end
15 end
16 λ̂← {π,A,Ĉ, μ̂, Σ̂}.
17 λ← re-estimate λ̂ via the Baum-Welch Algorithm.
18 iter← iter+1.
19 until iter reaches maximum iteration;
20 return Trained model λ= {π,A,C,μ,Σ}.

sample, ot, t > 0, is evaluated by the model via the forward algorithm. The monitoring

index (i.e. the output of the forward algorithm) is log-likelihood, which denotes the

probability of the observation generated by the given model. The monitoring index will

maintain at a similar value if the incoming sample is still fresh but will drop to a very low

value when the sample has spoiled. The monitoring is achieved by tracking the change

of likelihood over time. The flowchart of the proposed monitoring method is illustrated in

Fig. 6.1.

6.2.4 HMM-Based Meat Freshness Grading and Evaluation

When the whole life-span data obtained under a specific storage condition is determined,

an interesting question is how to grading its freshness level. In addition to expert
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Algorithm 9: RCE algorithm
Input: Observations O ∈RK×dim, cluster number M ∈Z+.
Output: Locally optimum centroids μBest ∈RM×dim.

1 Initialization: Initialise swarm: M particles, where
μ← rand(Ω),c← 0,s← 0,μ0

Best ←μ,�μ0 ← 0. � Ω: searching space
2 iter← 1; stag← 0. � stag: count for stagnation
3 repeat
4 Calculate pairwise Euclidean distance between each Ok and each μm.
5 ∀m, cm ← The closest position, μm, of the particle m in relation to the

observation Ok.
6 ∀k, sk ← The position a particle that has been closest to the observation Ok.
7 μiter

Best ← argmin
{μiter−1

Best ,μ}
{ f (μiter−1

Best ), f (μ)}. � f : cost function

8 stag=
{ stag+1 f (μiter

Best)− f (μiter−1
Best )>−ε

0 others
.

9 μwin ← Position of a particle which constituted cluster contains the most
observations.

10 Assign each observation to its corresponding cluster Om.
11 for m = 1,2, . . . , M do
12 if |Om|>0. then
13 Cm ← cm −μm. � Cognitive term

14 Sm ←
∑

∀Ok∈Om (sk−μm)
|Om| . � Social term

15 Rm ←
∑

∀Ok∈Om (Ok−μm)
|Om| . � Self-organising term

16 �μiter
m ←ω ·�μiter−1

m +φ1 ◦Cm +φ2 ◦Sm +φ3 ◦Rm.
17 μm ←μm +�μiter

m .
18 else
19 μm ←μm +φ4 ◦ (μwin −μm). � φ1,...,4: uniform random vector
20 end
21 end
22 ω← 0.95×ω. � ω: inertia weight
23 iter← iter+1.
24 until iter reaches maximum iteration or stag reaches threshold;
25 return Locally optimum centroids μBest.

experience and chemical or biological analysis, clustering algorithms can be applied

to solve this problem. However, conventional clustering algorithms, such as k-means,

PSC and GMM, lack the focus on the dependence of sample on time. Therefore, a meat

freshness grading method is proposed based on the Viterbi algorithm in this section.

Meat spoilage is an irreversible process, where the freshness level degrades progres-

sively with storage time and cannot change back. The freshness level can be regarded as
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Samples0
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Training: t = 0

Monitoring: t > 0

Figure 6.1: Flowchart of HMM-based meat freshness monitoring. Sensor array’s re-
sponses of meat samples are first pre-processed before extracting features. In the training
procedure, only the feature vectors extracted from fresh meat samples (i.e. t = 0) can be
sent to segmental RCE algorithm to learn the monitoring model, λ0. In the monitoring
procedure, the monitoring result can be achieved by evaluating the feature vector of an
incoming sample (i.e. t > 0) via the forward algorithm.

a hidden state since it usually hides beneath the observable feature vectors extracted

from the sensor array’s responses. Therefore, we can use the Viterbi algorithm to uncover

the exact freshness level from the observations. In order to model this dynamic process,

we select the no-jump left-right HMMs, whose structure is illustrated in Fig. 6.2.

q1 q2 q3 qN

a12 a23 a34 aN-1,N

a11 a22 a33 aNN

...

Figure 6.2: Representative example of a N-state no-jump left-right HMM. In such HMMs,
the current state is restricted to transit only to itself and the following state. Jumps of
more than one state are not allowed.

To build the freshness grading model, the whole life-span data should be arranged in

chronological order as O = [oᵀ1, oᵀ2, ..., oᵀT], where ot ∈ R1×dim is the feature vector of the

sample obtained at time t. The initial state vector of the no-jump left-right HMM is fixed

as π= [1,0, ...,0]ᵀ ∈RN during the training procedure since the spoilage process usually
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starts at the first freshness level. The initial guess of state transition matrix, A, is as:

(6.1) A =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

0.5 0.5 0 · · · 0

0 0.5 0.5 · · · 0

0 0 0.5 · · · 0
...

...
... . . . ...

0 0 0 · · · 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦
∈RN×N

After training, the Viterbi algorithm is applied to finding a hidden state sequence that is

most likely to generate O. The optimal hidden sequence, Q, is regarded as the grading

result. The hidden states number, N, is representative of the number of freshness level,

which can be determined by the one that maximize the BIC. The flowchart of the proposed

monitoring method is illustrated in Fig. 6.3.

Sensor
array

Pre-
processing

Feature
extraction

Sensor
array

Pre-
processing

Feature
extraction

o1

oT

x1 y1

xT yT

Grading result: Q

Sample1

SampleT

Training:

Decoding:

Data
arrangement

Segmental
RCE-based

training

... ... ......

Viterbi
algorithm

O={o1
T, ..., oT

T}

Grading model: λlife

State
number:

N

Figure 6.3: Flowchart of HMM-based meat freshness grading. Sensor array’s responses
of the whole life-span meat samples are first pre-processed before extracting features.
Feature vectors are arranged from the first test to the last test. In the training procedure,
the arranged dataset is sent to segmental RCE algorithm to learn a stable grading model,
λlife. In the decoding procedure, the most probable state path is calculated according to
λlife via the Viterbi algorithm to illustrate the grading result.

Then, the pattern of each freshness level can be trained using the data from its

corresponding cluster. We can still apply HMMs as the classification tool. In freshness

evaluation, the type of HMMs is not limited to no-jump left-right HMM. The valuation

procedure can be achieved by assigning a meat sample to a specific freshness level whose
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model obtains the highest log-likelihood via the Forward algorithms. The flowchart of

evaluation procedure is illustrated in Fig. 6.4.

Evaluating:

Sensor
array

Pre-
processing

Feature
extraction

Forward
algorithm

ox

pattern
λ1

xx yx

Sample to
be

evaluated ...

Forward
algorithm

pattern
λL

argmaxl∈L
logP(ox|λl)

logP(ox|λ1)
...

logP(ox|λL)
Evaluation result: Label

...

Figure 6.4: Flowchart of HMM-based meat freshness evaluation. The pattern of each
freshness level is trained based on its corresponding samples. In evaluating procedure,
log-likelihood of the sample to be evaluated is evaluated by all trained models. Its specific
freshness level is determined by the model that achieves the highest log-likelihood.

6.3 Field Experiment Setup

6.3.1 Material Preparation

Three different materials were measured in this study: i) three salmon fillets (skinned

and boned); ii) three packs of beef mince and iii) three packs of chicken mince (here-

inafter referred to as fish, beef and chicken). All materials were purchased from a local

supermarket in Sydney. Salmon fillets were sold in a polystyrene box covered with ice.

The salmon was processed at a commercial seafood processing plant and delivered to the

supermarket within one day after slaughter. We purchased the three salmon fillets on

the same day. Beef mince and chicken mince were sold in modified atmosphere packages.

The three packs of each material were purchased on the same day from the same brand

produced by the same supplier with the same labelled expiration of four days.

In the preparation of fish samples, we cut each salmon fillet into forty small cubes

(weighing approx. 4g each), known as group A, B and C. Then, each small cube was placed

in a 10-ml-volume headspace crimped top vial. After placing the sample, the headspace
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crimped top vial was sealed with its cap immediately and stored at 4◦C (refrigerator

temperature). In the preparation of beef samples, the 184g of each pack of beef mince

was divided equally into forty-six parts (weighing approx. 4g each). Each part was then

placed in a 10-ml-volume headspace crimped top vial and sealed with the cap. Forty

samples of each pack were stored at 4◦C, known as group A, B and C, and the rest six of

each pack were stored at 25◦C (room temperature), known as group A′, B′ and C′. The

sample preparation procedure for chicken mince was the same as the preparation for

beef samples.

For the groups that stored at 4◦C, four samples of that group were measured as

fresh samples on the same day of purchase. And for the remaining thirty-six samples,

we measured one sample every 8 hours. For the groups that stored at 25◦C, we only

measured one sample every 8 hours. Each measurement was repeated for three times.

6.3.2 Instrument Settings

The emitted odour profiles of the tested meat samples were measured by a self-designed

e-nose system, known as UTS NOS.E. This system consists of an AC to DC power

transformer, an air-intake system controlled by a control module, a sealed sensor chamber

to place gas sensors, an A/D converter to convert sensor’s reading to digital signal and a

Wi-Fi module to communicate with a Pad-based panel. The measurement circuit of the

e-nose can be found in our previous work [106]. The schematic diagram of experiment

setup and the control logic for the NOS.E system is illustrated in Fig. 6.5(a) and 6.5(b),

respectively. During the measurement, the ambient temperature and humidity were

well-regulated at 25℃ and 50% RH, respectively. Seven different Figaro metal oxide-

based sensors were installed in a sealed sensors chamber. The sensor array was selected

according to some widely applied biomarkers used in meat and fish freshness evaluation,

including nitrogen and sulphur volatile compounds, 1-butanal, trimethyl amine, ethanol,

etc. [108]. The sensitive characteristics of the gas sensors are shown in Table 6.1.

6.3.3 Data Pre-Processing and Feature Extraction

Traditional features were adopted to represent the response curve in this study. Before

extracting features, we first applied the fractional conductance (2.2) to align the baseline.

Then, the proposed numerical differentiation algorithm is applied to ensure a stable

and accurate hand-crafted feature extraction. The extracted features include (see Ta-
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Table 6.1: Gas sensors used for meat freshness monitoring and evaluation

No. Sensor Name Sensitivity Characteristics*

1 TGS2600 Hydrogen, Ethanol, Hydrocarbons, ect.

2 TGS2602 Hydrogen sulfide, Ethanol, Ammonia, ect.

3 TGS2603 Trimethyl amine, Methyl mercaptan, Hydrogen sulfide, ect.

4 TGS2610_D Hydrocarbons, Hydrogen, Ethanol, ect.

5 TGS2611_E Methane, Hydrogen, Iso-butane, ect.

6 TGS2612 Propane, Iso-butane, Methane, ect.

7 TGS2620 Ethanol, Hydrogen, CO, Methane, ect.

* The response of sensors is non-specific. They are also sensitive to other gases, which are not list in
this table.

ble 2.1): f1, f2, f3, f4, f6, f7, f9, f10, and the integral from tgas-on to tpeak. The dimension

of the feature vector to represent the sensor array’s response is 63.

6.4 Results and Discussion

6.4.1 Meat Freshness Monitoring

6.4.1.1 Results of HMM-Based Monitoring

The performance of single HMM-based monitoring algorithm is discussed in this section.

For each type of meat, we used only fresh samples from group A, B, and C to train the

monitoring models separately, and then applied each model to track all three groups

of freshness changes. Specifically, for beef and chicken, we also tested the performance

of the trained model for monitoring samples under different storage conditions. The

log-likelihood changes of fish, beef and chicken with storage time are illustrated in

boxplots, Fig. 6.6(a) to 6.6(c), respectively.

For the meat stored at 4◦C, the boxplots above show a downward trend in the log-

likelihood change, indicating the degradation process of meat freshness. We roughly

divide the monitoring curve into three phases. In the first phase, the change in the

monitoring curve is usually not noticeable. The monitoring index is also close to zero,

indicating that the meat stored in the refrigerator remained fresh during the first few

days. As the meat spoilage process develops, the concentration of emitted VOCs is in-

creasing. The response of the Figaro TGS sensor to the concentration increase is basically

consistent with an exponential model (4.15). The resistance of the sensor decreases at a
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(a) Schematic diagram of experiment setup (b) Control logic for the NOS.E system

Figure 6.5: (a) Experiment setup. The odour of the tested meat sample was pumped to the
sensor chamber through the input port II by sampling needle. After one measurement,
fresh air was pumped to clean odour molecules from the sensor array. Meanwhile, the
sensors’ responses were sent to and stored in a tablet PC (Pad). (b) Control logic of the
NOS.E system. Connect the meat sample to input port II. At the baseline setting stage,
open Valve I, III, IV and Pumps I, II and keep the flow rate at 1.1L/min for 30 seconds
letting the fresh air to wash the sensor chamber. The baseline of each sensor can be
obtained. At the testing stage, keep Valve III, IV and the Pump I, II open, and control
the flow rate at 1.1L/min. Then, close Valve I while opening Valve II. This state would
last for 90 seconds, during which the sensor’s response would increase and reach the
steady value. At the recovery stage, keeping the state of Valve III, IV and the Pump I, II
unchanged, close Valve II while opening Valve I. This state would last for 300 seconds,
during which the sensor’s response would return to its baseline. After the measurement,
remove the meat sample from input port II. Open all valves and pumps, and set the flow
rate at 2.2L/min letting the fresh air clean the residual odour molecules in the gas circuit
for 80 seconds. Meanwhile, the sensor’s response were converted into digital signal at a
1-Hz sampling rate and sent to the Pad via the Wi-Fi module.

high rate at low ppm concentrations. Thus, in the second phase, the monitoring index

falls obviously with storage time, which makes the monitoring algorithm capable of

detecting the early spoilage. According to the exponential model, the resistance of the

sensor will reduce the rate of decrease at high ppm concentrations. This explains why

the monitoring index fluctuated around a low value for a long time in the final phase.

We believe the fluctuation is caused by the vary of humidity inside the top vials since

other external influences had been well-regulated during the whole experiment. Tissue

exudation increased during the spoilage process and had been kept by the sealed top

vial, leading to the internal humidity change. Despite the large fluctuation in the final

phase of spoilage, the proposed method is still applicable in detecting the early freshness
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Figure 6.6: Boxplots of HMM-based meat freshness monitoring. (a) Fish monitoring
result. During the first 48 hours of storage at 4◦C, log-likelihood values remained at
a very similar level around -0.52. The monitoring index began to decrease gradually
after 56 hours, and then dropped sharply after 112 hours. After 136 hours of storage,
the log-likelihood values began to fluctuate from -13.45 to -10.12 until the end of the
experiment. (b) Beef monitoring result. For samples stored at 4◦C, the log-likelihood
value decreased slightly from 0 to -2.31 during the first 40 hours of storage. Then, it
dropped obviously to an average of -17.28 after 96 hours, and eventually fluctuated from
-18.01 to -21.64. For samples stored at 25◦C, the log-likelihood values dropped directly to
the final fluctuation range of the counterparts stored in the refrigerator, within 36 hours
of storage. (c) Chicken monitoring result. For samples stored at 4◦C, the log-likelihood
values remained at around -0.70 during the first 48 hours of storage. After 88 hours
of storage, it falls rapidly to an average of -11.30. And then, the log-likelihood value
fluctuated from -15.71 to -11.62 until the end of the experiment. For samples stored
at 25◦C, the log-likelihood value dropped directly to the final fluctuation range of the
counterpart stored in the refrigerator, within 24 hours of storage.
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change of meat.

6.4.1.2 Comparison with PCA-based monitoring

The proposed algorithm enables real-time monitoring. To verify this, we illustrate this

process and compare it with PCA-based monitoring algorithm in Fig 6.7. We take the

fish freshness monitoring as an example.
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                            (e) Day 5                             (f) Day 12
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Figure 6.7: Representative example of real-time monitoring. This figure compares HMM-
and PCA-based monitoring algorithms in tracking the real-time freshness change of the
salmon stored at 4◦C. (a) to (e) are the results of monitoring obtained for five consecutive
days. Subplot (f) shows the result of the last day. Blue symbols denote the samples
obtained from the first day. Red represents the newly obtained data, and gray the
historical data. Symbol "•", "×" and "+" represent data in group A, B and C, respectively.
The number (i.e.: 8,16,24, . . . ,288) in PCA score plots represents the storage time.

The spoilage trend also appears obviously in the PCA score plot: moving from left to

right along the PC1 axis. However, for the PCA-based approach, the previously calculated

projection matrix should be updated as new samples are added to the historical dataset.

The coordinates of the PCA score plot will also vary with the model, which is not conducive

to establishing a warning line for separating edible and spoiled meat. For the proposed

algorithm, the monitoring model only needs to be trained once. The assessment of the

incoming food sample does not change the original model and the coordinates. Because
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the evaluation result is a single metric, we can adopt a threshold to instead the warning

line. Thus, the proposed method is more applicable in tracking the real-time freshness

change of meat.

6.4.2 Meat Freshness Grading

6.4.2.1 Results of HMM-Based Decoding

Meat spoiled rapidly at 25◦C, resulting in insufficient data for clustering analysis. There-

fore, in this section, we focused on the samples stored at 4◦C. As mentioned in the

previous section, the BIC index can be used to determine the optimal number of hidden

states, N (a.k.a. the number of freshness level). The BIC formula used in this study is

according to Pelleg and Moore’s work [128]:

(6.2) BIC(N)= log l(O|λ; N)− KN

2
log(|O|)

where l(O|λ; N) denotes the likelihood of the observation set, O, given the model, λ,

parameterized by N, and |O| the number of samples. KN represents the number of free

parameters.

The optimal N is the one that obtains the highest value of the BIC. The selection

result is shown in Fig. 6.8. Then for each type of meat, the grading model, λlife, is trained

based on the whole life-span data according to the optimal number of hidden states. The

hidden path, Q, is decoded via the Viterbi algorithm and illustrates in Fig. 6.9.

The no-jump and left to right assumptions restricted the state transited only to

itself and the next state. Recall that the monitoring model was trained only by the

fresh samples, while the grading model used the whole life-span samples for training.

But, compared with Fig. 6.6, we can find that the decoding results (Fig. 6.9) is roughly

consistent with the monitoring results. Samples with a similar rate of change are decoded

in the same hidden state. The decoding results further illustrate the effectiveness of the

monitoring method.

6.4.2.2 Stability Analysis

In this section, the stability of the proposed meat freshness grading algorithm is discussed

and compared with other considered methods.

We mainly compared two types of methods: decoding and clustering. As to the former,

the instability is mainly derived from the training of a HMM. Initial guess of a Gaussian

mixture density will lead to different local optima. Thus, we compared the proposed
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Figure 6.8: BIC index for selection of the number of hidden states. The selection results
are: Fish, N = 4; Beef, N = 3; Chicken, N = 3.

training algorithm with other HMM training methods, including the classical Baum-

Welch algorithm and the training with k-means++ initialization. As to the latter, the

instability is derived from the guess of the initial centroids and from the high dimension

of the input data. Thus, we also compared k-means clustering, k-means++ clustering,

RCE clustering as well as their combination with PCA-based feature reduction method.

To test the stability, we can run the considered algorithm with random initialization

for D times and compare the results. The difference between the two decoding/clustering

solutions can be measured by calculating their normalized Hamming distance, 1
|L| ||Li −

L j||H, between the two label vectors, Li and L j. For a set of solutions, we use the mean

and standard deviation of pairwise normalized Hamming distance, { 1
|L| ||Li −L j||H | ∀i �=

j and i, j ≤ D}, to measure the stability of the algorithm. This measure reflects the

diversity of the solutions, hence, the smaller the mean and standard deviation values of

the pairwise normalized Hamming distance, the more stable the algorithm is.

Note that for the clustering algorithm, even if the centroids calculated from the two

tests are the same, their label vectors are not always the same. The clustering algorithm

lacks the focus on the dependence of the samples over time. Therefore, we sorted the

clustering result based on the average storage time of the samples in the same cluster

and then re-labelled the cluster. After this operation, clustering result with the same

centroids will generate the same label vector. We ran each considered algorithm for

100 times for each of three test groups and calculate the overall stability measure. We
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(a) Hidden path for fish
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(c) Hidden path for chicken

Figure 6.9: Representative example of HMM-based freshness grading. (a) Hidden path
for fish. Fish samples stored at 4◦C from 8 to 48 hours were generated by State I, from
56 to 80 hours by State II and from 88 to 120 hours by State III. The rest samples were
generated by State IV. (b) Hidden path for beef. Beef samples stored at 4◦C from 8 to
40 hours were generated by State I, from 48 to 88 hours by State II. The rest samples
were generated by State III. (c) Hidden path for chicken. Chicken samples stored at 4◦C
from 8 to 48 hours were generated by State I, from 56 to 80 hours by State II. The rest
samples were generated by State III.
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eventually got 300 solutions for one algorithm. The size of the set of pairwise normalized

Hamming distance is
(300

2

)
. The comparison result is shown in Table 6.2.

According to the statistical results in Table 6.2, segmental RCE greatly increases the

stability of decoding results to 1.2%±1.4%, 1.2%±1.4% and 0%±0% for fish, beef and

chicken experiment respectively, which outperforms other considered methods. Especially

for chicken freshness grading, the decoding results is the same for all three groups. For

the fish and the beef freshness grading, the diversity of solutions is attributed to the

between group differences. As to the fish experiment, the difference was derived from

group C: the sample stored for 48 hours was decoded as State II while the one with

same storage time was decoded as State I in group A and B. As to the beef experiment,

the difference was also from group C: the sample stored for 88 hours was decoded as

State III, while its counterparts were still in State II. For k-means initialization-based

algorithm, the diversity of solutions is attributed to both between group differences and

within group differences. Therefore, the proposed training algorithm ensures to decode

a stable hidden path. In terms of clustering methods, RCE performs best in comparing

with the traditional k-means and k-means++. The stability can be further improved by

using a PCA-based feature reduction method.

Moreover, to verify whether the decoding performance is consistent with the cluster-

ing, we selected one of the 100 repeated tests whose clustering result minimized the cost

function and illustrated it in Fig. 6.10. Compared with Fig. 6.9, clustering results for fish

and beef were the same as the decoding results. For chicken, the sample stored for 56

hours was classified in Cluster I, while it was graded as State II in decoding. But the

decoding result achieved a smaller cost function than clustering, which means that the

decoding method can obtain a more global solution. Therefore, the proposed method is

applicable in grading the freshness level of meat.

6.4.3 Meat Freshness Evaluation

In this section, the performance of the proposed meat freshness evaluation method is

validated and compared with other algorithms, including different HMMs, and some

other classifiers mentioned previously, such as kNNs, softmax regression and SVMs.

Data from two of the three experimental groups was used to train the freshness

evaluation model, which was then used to test whether the samples with the same

freshness levels in the rest one group could be correctly identified. The validation

procedure was repeated for three times, which ensured each experimental group was

used for training only once. This operation performs like three-fold cross validation (3CV).
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Table 6.2: Comparison result of algorithm stability

Category Method
Normalized Hamming distance (mean% ± std%)

Fish Beef Chicken

Decoding
Baum-Welch algorithm 64%±33% 51%±35% 56%±37%

k-means++ initialization

+ Baum-Welch algorithm
6.0%±4.5% 1.3%±1.4% 3.4%±3.8%

Proposed method 1.2%±1.4% 1.2%±1.4% 0%±0%

Clustering

K-means clustering 43%±23% 28%±23% 32%±25%

K-means++ clustering 31%±25% 23%±21% 27%±22%

RCE clustering 17%±15% 16%±15% 18%±20%

PCA* + K-means++ clustering 11%±8.5% 20%±18% 24%±21%

PCA + RCE clustering 6.3%±11% 1.3%±3.4% 0.70%±2.5%

* The number of principle components for fish, beef and chicken samples are 2, 3, and 3, respectively.
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(b) Clustering result for beef
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(c) Clustering result for chicken
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Figure 6.10: Voronoi diagram of meat freshness clustering based on PCA + RCE. (a)
Clustering result for fish. Fish samples stored at 4◦C from 8 to 48 hours were classified
in Cluster I, from 56 to 80 hours in Cluster II and from 88 to 120 hours in Cluster
III. The rest samples were classified in Cluster IV. (b) Clustering result for beef. Beef
samples stored at 4◦C from 8 to 40 hours were classified in Cluster I, from 48 to 88 hours
in Cluster II. The rest samples were classified in Cluster III. (c) Clustering result for
chicken. Chicken samples stored at 4◦C from 8 to 56 hours were classified in Cluster I,
from 64 to 80 hours in Cluster II. The rest samples were clustered in Cluster III.

We ran the considered algorithm for 100 times and then calculated the sensitivity (sen.)

(i.e. TP/P, where P and TP denote the number of positive samples and true positive

samples, respectively) and specificity (spe.) (i.e. TN/N, where N and TN denote the

number of negative samples and true negative samples, respectively) for each freshness

level. The sample size of the last freshness level is usually larger than that of the

previous freshness levels. To measure the general performance of a considered classifier,

we also adopted the weighted averaged sensitivity (WA sen.) and the weighted averaged

specificity (WA spe.).

Hyper-parameters of each considered algorithm was optimized using the genetic

algorithm (GA) by maximizing the accuracy (i.e. (TP+TN)/(P+N)). Recall that the type

of HMM is not limited to no-jump left-right HMM in meat freshness evaluation. Hence,

the hyper-parameters for HMM-based algorithms include the type of state transition

matrix, hidden state number N and Gaussian mixture number M. We only select K
closest training samples for KNN. softmax regression is a non-parametric algorithm.

Hyper-parameters for SVMs include the regularization parameter C, kernel type and

kernel parameters.

The comparison results among classifiers for fish, beef and chicken freshness evalu-

ation are shown in Table 6.3 to 6.5, respectively. Standard variances for algorithms as

kNNs, Softmax regression and SVMs are caused by between group differences, while the

standard variances for HMM-based algorithms come from both the local optima and the

between group differences. Meat freshness classification is a non-linear separable task.
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Table 6.3: Comparison result of fish freshness evaluation (mean% ± std%)

Method
Freshness level I Freshness level II Freshness level III Freshness level IV General performance

sen. spe. sen. spe. sen. spe. sen. spe. WA sen. WA spe.

Propose

method

94.44%

±8.13%

98.89%

±1.63%

93.33%

±9.76%

98.92%

±1.57%

100%

±0%

100%

±0%

96.83%

±2.32%

95.56%

±3.25%

96.32%

±2.83%

99.07%

±0.69%

k-means++

initialization

+ HMMs

94.44%

±8.13%

98.89%

±1.63%

93.33%

±9.76%

98.92%

±1.57%

100%

±0%

100%

±0%

87.30%

±2.32%

82.22%

±3.25%

95.63%

±2.85%

98.11%

±0.75%

HMMs
88.89%

±8.13%

97.78%

±1.63%

92.00%

±12.65%

98.71%

±2.04%

100%

±0%

100%

±0%

88.25%

±3.54%

83.55%

±4.95%

93.89%

±3.07%

97.86%

±0.83%

KNNs
94.44%

±8.13%

98.89%

±1.63%

61.66%

±10.63%

94.72%

±1.58%

66.67%

±9.76%

94.62%

±1.57%

93.65%

±2.32%

91.11%

±3.25%

74.48%

±3.36%

95.60%

±0.74%

Softmax

regression

66.67%

±28.17%

93.33%

±5.63%

38.33%

±10.63%

91.57%

±1.60%

33.33%

±9.76%

89.25%

±1.57%

95.24%

±4.02%

93.33%

±5.63%

49.16%

±9.46%

91.62%

±1.74%

SVMs
88.89%

±8.13%

97.78%

±1.63%

93.33%

±9.76%

98.92%

±1.57%

93.33%

±9.76%

98.92%

±1.57%

98.41%

±2.32%

97.78%

±3.25%

92.98%

±3.91%

98.62%

±0.49%
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Table 6.4: Comparison result of beef freshness evaluation (mean% ± std%)

Method
Freshness level I Freshness level II Freshness level III General performance

sen. spe. sen. spe. sen. spe. WA sen. WA spe.

Proposed method
100%

±0%

100%

±0%

97.78%

±5.86%

99.56%

±1.17%

100%

±0%

100%

±0%

99.09%

±2.40%

99.82%

±0.48%

k-means++ initial

-ization + HMMs

100%

±0%

100%

±0%

96.30%

±7.35%

99.26%

±1.47%

92.10%

±2.01%

81.21%

±4.64%

97.73%

±3.04%

97.92%

±0.76%

HMMs
100%

±0%

100%

±0%

94.44%

±8.13%

98.89%

±1.63%

90.77%

±2.03%

78.18%

±4.07%

96.84%

±3.55%

97.47%

±1.11%

KNNs
100%

±0%

100%

±0%

83.33%

±14.43%

96.67%

±2.89%

98.72%

±1.92%

96.67%

±5.00%

93.06%

±5.77%

98.34%

±0.83%

Softmax regression
86.67%

±10.00%

97.85%

±1.61%

57.78%

±13.33%

92.33%

±1.51%

97.44%

±3.85%

93.33%

±10.00%

74.99%

±3.27%

95.06%

±0.92%

SVMs
100%

±0%

100%

±0%

94.44%

±8.33%

98.89%

±1.67%

100%

±0%

100%

±0%

97.72%

±3.42%

99.54%

±0.68%
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Table 6.5: Comparison result of chicken freshness evaluation (mean% ± std%)

Method
Freshness level I Freshness level II Freshness level III General performance

sen. spe. sen. spe. sen. spe. WA sen. WA spe.

Proposed method
100%

±0%

100%

±0%

100%

±0%

100%

±0%

92.31%

±3.25%

80.00%

±8.45%

99.35%

±0.27%

98.31%

±0.71%

k-means++ initial

-ization + HMMs

97.78%

±5.86%

99.56%

±1.17%

100%

±0%

100%

±0%

92.05%

±6.25%

79.33%

±16.24%

98.51%

±2.20%

98.09%

±1.43%

HMMs
77.78%

±11.52%

95.56%

±4.30%

100%

±0%

100%

±0%

91.28%

±7.48%

77.33%

±19.44%

91.12%

±7.34%

96.46%

±0.84%

KNNs
88.89%

±16.67%

97.78%

±3.33%

66.67%

±12.50%

95.83%

±1.56%

100%

±0%

100%

±0%

77.62%

±6.52%

96.90%

±1.09%

Softmax regression
94.44%

±8.33%

98.89%

±1.67%

58.33%

±12.50%

94.79%

±1.56%

94.87%

±5.09%

86.67%

±13.23%

74.65%

±9.03%

95.61%

±2.02%

SVMs
94.44%

±8.13%

98.89%

±1.63%

100%

±0%

100%

±0%

97.44%

±3.75%

93.33%

±9.76%

97.75%

±2.83%

99.03%

±0.74%
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6.5. CONCLUSION

It can be revealed by the worst performance of the softmax regression, a linear classifier.

Regarding the HMM-based algorithms, the proposed method shows superior to the k-

means++ initialization-based HMM. It can be reflected that the segmental estimation

procedure can improve the overall stability of the HMM optimization algorithm, and can

help to achieve a more "global" solutions. Compared with the proposed algorithm, SVM

shows superior in correctly identifying the samples from the last freshness level. This

may caused by the unbalanced dataset. The number of training samples from the last

freshness level is larger than that from the previous freshness levels, and SVM tends

to correctly classify those samples to reduce the error of the cost function. Regarding

the general performance, the proposed method achieves highest WA sensitivity and WA

specificity among all considered algorithms. Accordingly, the proposed method can be

applied in e-nose to make an accurate freshness evaluation.

6.5 Conclusion

This work introduced a powerful statistical tool, hidden Markov models, to improve

the performance of e-nose in the area of food quality control. Three different uses of

HMM were discussed: i) When the spoilage pattern of one meat was unknown, a single

HMM method was proposed to track the freshness change of the tested meat. Since

the single model was trained only using the fresh samples, it could be used to monitor

the meat spoilage process under different storage temperatures. ii) When a specific

spoilage pattern was known, a decoding method was proposed to automatically grade the

freshness levels that the tested meat had undergone through its whole life-span. With

the help of the proposed segmental RCE-based training algorithm, the stability of the

decoding result was improved, which was demonstrated by the comparison experiments.

iii) When the freshness levels were obtained, meat freshness evaluation could be achieved

by classifying the test sample into a set of HMMs trained for each freshness level. The

experiment result showed that the sensitivity and specificity for fish, beef and chicken

samples reached 96.32%±2.83% and 99.07%±0.69%, 99.09%±2.40% and 99.82%±0.48%,

as well as, 99.35%±0.27% and 98.31%±0.71%, respectively.

A preliminary attempt to apply HMMs achieved an acceptable result. Future research

along this work will be towards exploring the following aspects: i) Warning line establish-

ment. To make the HMM-based monitoring method more applicable for users, a warning

line (threshold) is required to separate the edible and spoiled meat. How to establish

this threshold is a further study of the proposed method. ii) Storage time prediction.
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The proposed freshness grading and evaluation algorithm only provides a qualitative

evaluation (i.e. the classification result). A quantitative evaluation is also required in

some situation. A time-variant HMM, which enables the storage time prediction, can

be established according to the decoding results. However, its hidden state duration

obeys the geometric distribution. Whether this distribution is suitable to model the

meat spoilage process needs further study. iii) More application scenarios. The proposed

framework can be used not only for food freshness monitoring but also for other scenarios

of food quality control, such as food fermentation process monitoring and fruit ripeness

monitoring. For example, in fruit ripeness monitoring, we can train a HMM for ripe fruit

and then track the similarity change of the tested fruit.
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CONCLUSION AND FUTURE WORK

7.1 Conclusion

This thesis aims to improve the performance of MOS-type gas sensor array-based

electronic noses by using stable and discriminant feature representations. In

order to achieve the goal, we conducted our research from two aspects: i) Design

novel feature extraction algorithm to provide stable feature representations; and ii)

Design novel signal processing algorithm to ensure a stable feature extraction using

existed algorithms.

For the first aspect, in Chapter 3, we proposed a novel feature extraction algorithm

using kernel-based non-parametric modelling. A stable spline kernel is applied in the

regularization term, which improves the stability in model parameter estimation. More-

over, a hyper-parameter optimization algorithm is proposed to prevent the model from

overfitting. The feature extracted is a series of impulse responses containing discriminant

information of different odours. Considering the characteristic of the proposed features

(i.e. impulse responses is actually a time series), we applied a time series classification

tool, the Gaussian mixture density hidden Markov model (GMM-HMM). It should be

noted that the stable feature representations obtained by the proposed method are

calculated based on an accurate setting of the initial time. In order to find the initial

time from the noise-contaminated signal, we also proposed a changing time searching

algorithm. However, the searching of the initial time is time-consuming.

Aiming to the shortage of the modelling-based features, an improvement method
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is proposed in Chapter 4. The success of kernel methods highly relies on the capacity

of kernel function. Here, a multiscale wavelet kernel derived from the orthogonal pro-

jection operator is applied as the regularization matrix in solving the inverse problem

– estimating impulse response (i.e. the features for target odours) from noisy sensor’s

response. The use of the multiscale wavelet kernel equips the proposed method with

ability in resistance to random noise. Moreover, the proposed method no more relies on

the accurate setting of the initial time, due to the flexibility of the kernel function.

For the second aspect, in Chapter 5, we proposed a novel numerical differentiation

algorithm using kernel-based Tikhonov regularization for the extraction of traditional

transient-state features. The proposed method is able to directly estimate accurate high-

order derivatives from the noise contaminated signal without applying any smoothing

technique. The proposed method greatly improved the stability of the traditional hand-

crafted feature extraction.

As to the 3D issue encountered in real applications, the field experiment in Chapter

3 only considered the discreteness issue, since all training and testing samples of six

target perfumes were collected under the same environmental conditions. The proposed

feature extraction algorithm is able to alleviate the influence of the discreteness issue.

Under such conditions, the classification accuracy reached 93.56%.

The field experiment in Chapter 4 considered both discreetness issue and drift issue,

since the training and testing samples of four target whiskies were collected under two

different environments. This problem was solved under a "feature extraction – domain

adaptation" framework by reaching an accuracy of 92.00%.

The field experiment in Chapter 5 considered the whole 3D issue (i.e. discreteness

issue, drift issue, and disturbance issue). The training and testing samples of four target

whiskies were collected under two different environments. Moreover, we added two new

whiskies as disturbance samples. This problem was solved under a "feature extraction

– domain adaptation – one-class classification" framework by reaching an accuracy of

86.36%.

The task in Chapter 6 is to monitor and evaluate the freshness level of meat products.

In the field experiment, we only considered the discreteness issue and the disturbance

issue, since all samples were collected under the same environmental conditions. We

proposed a monitoring method and an evaluation method based on single and multiple

HMMs, respectively. The proposed methods successfully evaluated the freshness level

of three different meat samples, all obtaining a sensitivity and specificity higher than

95.00%.
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7.2 Limitations

Thesis proposes a framework of "feature extraction – domain adaptation – one-class

classification" to tackle the 3D issue. However, it should be noted that the 3D issue itself is

only a simplification of the problems encountered in real applications. The real problem is

more complex. For example, domain adaptation requires an assumption that temperature,

humidity, and background smell in each environment are relatively constant. However,

this assumption cannot be strictly guaranteed in all application scenarios (for example,

in an open environment where wind influence must be considered).

7.3 Future Work

Interesting directions for future work are listed as follows.

In Chapter 3 and Chapter 4, we proposed feature extraction algorithms using kernel-

based non-parametric modelling. The performance of these methods highly depends on

the choice of kernel function as well as the optimization of kernel hyper-parameters. In

these two chapters, we only give the method to optimize the kernel hyper-parameters.

Therefore, the future improvement of the proposed methods will be automatic kernel

selection.

In Chapter 5, we proposed numerical differentiation algorithm using kernel-based

Tikhonov regularization. The weakness of this method is the computational cost in

constructing the kernel matrix when the observation sequence is very long. This is why

we introduce element-wise operations (matrix operations) in kernels. Moreover, since

the kernel matrix is independent of the observation, we can calculate it off-line. In order

to reduce the computation cost, our future work will focus on improvement through

segmented derivative estimation and real-time derivative estimation.

In Chapter 6, we proposed a monitoring algorithm based on a single HMM. The

proposed method has not considered the influence of the drift issue. To solve this problem,

we can realize the domain adaptation using one reference odour. Then, all samples can

be projected to the feature space calibrated by the reference odour. Finally, monitoring

can be realized in the projected space.
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