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he 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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FIGURE Page

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 reactors 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. 3

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 de-
creases as the number of measurements increases. Concentration variation
causes the difference in response curves. (b) Sensor manufacturing discrep-
ancy. Two identical sensors produce different response curves under the same

environmental conditions. . . . . . . . . ... 8

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 CBO04,
respectively. The change in temperature and humidity causes the difference
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1.4 Illustrative example of the disturbance issue. (a) Continuous disturbance. (b)
Contingent disturbance. (¢) Changing from target odour to non-target odour.
T, denotes the ;" target odour. D denotes disturbance. T'; + D represents the

mixture of target and disturbanceodour. . . ... ... ... ... ........

1.5 The solving strategytothe 3Dissue. . . . . . ... .. ... ... .........

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.

2.2 Representative example of linear transformations. The example displayed is
responses of TGS 2602 sensors to the Chanel Chance perfume sample. (a) Orig-
inal response curves. (b) Differential conductance. (c) Fractional conductance.

(d) Normalization. (e) Standardization . . . . ... ... .. ... ... ......

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. . . . . . .. ... ... .. ......

2.4 Representative example of polynomial curve fitting-based feature extraction.
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
2"d_degree polynomials. (c) Coefficients of 3"¢-degree polynomials. (d) Coeffi-

cients of 4"-degree polynomials. . . . . . . . ...

2.5 Representative example of SAE-based feature learning. . . .. ... ... ...

2.6 Illustrative example of modulation system. (a) Temperature modulation mod-

ule. (b) Flow rate modulation module. . . . . .. ... ... ... ... . .....

3.1 Schematic diagram of experimentalsetup . . . . ... ... ... ... ......
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LIST OF FIGURES

3.2

3.3

3.4

3.5

Representative example of the measurement circuit. Inside the e-nose, two
pairs of sensors are connected to two dual-channel amplifiers (OP2177) respec-
tively, 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 in-
tegrated 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. . ... ... ..

The basic structure of hidden Markov Models. HMM contains two processes:
the unobserved discrete first-order Markov process, where the current state,
@4, only depends on the previous state, @;_1, and the observed stochastic
process, where the current observation, Og4, is only dependent on the current
hidden state, Q4. . . . . . . . . . . . e

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, 1,,. The label of the
model that reaches the highest value is regarded as the label of the unknown

OdOUL. . . . . o e e e e

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). . . . .. ... ..

XVii

43



LIST OF FIGURES

3.6

3.7

3.8

3.9
3.10

4.1

4.2

Ilustration of SS kernel parameter optimization. (a) Contour plot of parame-
ter optimization for Perfume 1. f = 0.9825, ¢ = 7. (b) Contour plot of parameter
optimization for Perfume 2. = 0.9800, ¢ = 8. (c) Contour plot of parameter
optimization for Perfume 3. = 0.9850, ¢ = 5. (d) Contour plot of parameter
optimization for Perfume 4. f = 0.9850, c = 8. (e¢) Contour plot of parameter
optimization for Perfume 5. = 0.9900, c = 2. (f) Contour plot of parameter
optimization for Perfume 6. =0.9825,c=2. . . . . .. ... .. ... ......

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 ¢ increases to 100. However, the NMSE reduces from 0.12%

BIC for Gaussian mixtures. The results are Perfume 1: @ = 8, Perfume 2:
Q =15, Perfume 3: @ =9, Perfume 4: @ = 8, Perfume 5: @ =9, Perfume 6:

Boxplot of classification sensitivity . . . ... ... ... .. ... ... ...,

ROC curves for considered methods. (a) Perfume 1: AUC4 > AUC1 > AUC3
> AUC2 > AUCG6 > AUCS5; (b) Perfume 2: AUC1 > AUC4 > AUC3 > AUC5
> AUC2 > AUCG; (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 > AUCS5; (f) Perfume 6:
AUC1 > AUC3 > AUC4 > AUC6 > AUC5 >AUC2. ... .............

Representative example of sensor’s response. The example displayed here is
TGS2600’s response to one sample of Ardbeg whisky. The operating parame-
ters 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. . ... ... ... ........

Basic measuring circuit of Figaro TGS MOS sensor. The integrated heater
(Rpeat) provides an optimal temperature for the sensing element (Rgensor). The
sensor’s reading is the voltage across the load resistor (Rjyaq) connected in

series with the sensor. Both of the V. and V},t are constant voltage sources.
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Simulated TGS MOS sensor’s response. The blue line denotes the simulated
response, and the red dashed line denotes the noised observation. The fea-
tures are extracted from the noised observation. The experiment parameters
were set as: Ve =5V, Rjpaq = 0.45 kQ), Ry =4 kQ, £ =100, and 8 =0.4. The
concentration of odour is ranged from 0 to 40 mol-dm~2, and the initial time

loason =208, . . L

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 viathe Wi-Fi. . . ... ... ... ... .............

Flow diagram of experiment process. (a) Training procedure. (b) Testing

procedure. . . . . ... . e e e e e

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) Hand-
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80.43%, and 88.05%. . . . . . . .. e

Boxplot of different features in resistance to Gaussian white noises . . . . . .

Illustration of polynomial extension. y € RY is the input signal. y; € R™
(yr € R™) represents the first (last) m points of y used to training polynomial
function pr(t) (pr(®)). yr.g € R™ (yrr € R™) represents the related extension.
yg denotes the polynomial extension. yo; (y£[07) denotes the first point of y
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Framework of experiment process to tackle the 3D issue. (a) Training proce-

dure. (b) Testing procedure. . . . .. . .. ... ... ... ... ..
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Representative example of feature extraction. Six transient-state features are
extracted, including: z1 = dYmax, 22 = d2Vmax, 23 = A2Ymin, 24 = At1, 25 = Atg,
and zg = Af3. . . .. e e

Confusion matrix for the field experiment (the testing procedure @ICC Syd-
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(Acc.): 86.36%; Averaged sensitivity (A. Sen.): 87.29%; Averaged specificity
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the current state is restricted to transit only to itself and the following state.

Jumps of more than one state are not allowed. . . . . ... ... .........

Flowchart of HMM-based meat freshness grading. Sensor array’s responses
of the whole life-span meat samples are first pre-processed before extracting
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(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, IT unchanged, close Valve II while opening Valve 1. 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. . . . . . . .
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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. (¢) 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. . . . ... ... ... ... .... 106

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 repre-
sents the newly obtained data, and gray the historical data. Symbol "e", "x"
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. . . ... ... 107

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. . . . . .. ... ... ........ 109
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6.9

6.10

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 ITL. . . . . ... ... ... ... ... ...........
Voronoi diagram of meat freshness clustering based on PCA + RCE. (a) Clus-
tering 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) Clus-
tering 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 ITI. . . . . . .
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