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SEPARATING A GAS MIXTURE INTO ITS CONSTITUENT ANALYTES
USING FICA

Aparna Mahadevan
ABSTRACT

Unlike the conventional “lock-and-key” sensor design in which one sensor is finely tuned to
respond to one analyte, the sensor array approach employs multiple sensors in which one sensor
responds to many analytes. Consequently, signal processing algorithms must be used to identify
the analyte present from the array’s response. The analyte identification process becomes
significantly more complicated when a mixture of analytes is presented to the sensor array.
Conventional methods that are employed in gas mixture identification are plagued by several

design issues like: complexity, scalability, and flexibility.

This thesis derives and develops a novel method, fingerprint-based ICA (FICA), to extract and
identify individual analytes from a sensor array’s response to a gas mixture of the analytes. FICA
is a simple, flexible, and scalable signal processing system that employs independent
components analysis (ICA) to extract and identify individual analytes present in a gas mixture;
separation and identification of gas mixtures using ICA has not been investigated previously.
FICA takes a fundamentally different approach that reflects the underlying property of gas

mixtures: gas mixtures are composed of individual analyte responses.

Conventional signal processing methods that identify gas mixtures have been developed and
implemented in this work; this helps us understand the drawbacks in the conventional approach.
FICA's performance is compared to the performance of conventional methods using metric like
error rate and false positives rate. Properties like flexibility, scalability, and the data requirements

for both conventional methods and FICA are examined.

Results obtained in this work indicates that FICA results in lower error rates, and it's
performance is better than conventional methods like multi-stage multi-stage support vector
machines, and PCR. Furthermore, FICA provides the most simple, scalable, and flexible signal

processing system.
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CHAPTER 1 - INTRODUCTION

1. Introduction

1.1 Motivation

Machine olfaction pertains to the identification of chemicals (also referred as analytes) from their
response to sensors; these chemicals are either presented individually or as a mixture to the
sensors [1]. Therefore, a machine olfaction system must be capable identifying individual
analytes present in a gas mixture. These systems are used in food processing industries for
quality assurance, in the identification of hazardous chemicals in the environment, in cosmetics
and fragrance industry, and in several other areas [3]. Since its applications are in such diverse
fields, there is an ever growing need to improve the performance of such systems, and increase
its ability to identify complex mixtures (made up of several individual analytes). In addition, the

use of the same machine olfaction system to identify a large number of analytes is desirable.

A gas chromatography-mass spectroscopy (GC-MS) is a popular technique used to resolve a
mixture of chemicals into its constituent analytes [2]. In GC-MS, the gas chromatography stage
extracts the individual chemicals present in a gas mixture; since different chemicals have
different molecular properties, they take different amounts of time to exit the gas chromotograph.
The mass spectroscope then identifies the chemicals based on their mass to charge ratio; GC-MS
techniques are accurate, but the process is time consuming and a large setup is required to
implement these methods. Another approach to gas mixture identification is the use traditional
“lock-and-key” type of sensors, where each sensor is highly selective to a particular chemical,
the disadvantage of this method is the design of such finely tuned sensors is very difficult [3].
With the advent of cross reactive sensor arrays—an array of non-specific sensors—it is possible
to design an array of sensors to identify several chemicals and also some complex mixtures [4].
However, the sensor array’s capabilities depend on the signal processing and pattern recognition
algorithms that extract information from its response and identify the individual analytes present

in a gas mixture [5, 6].

Several signal processing algorithms like: neural networks, support vector machines (SVMs),
principal components analysis (PCA), Fisher linear discriminants (FLD) are used in the analyte
identification process. A large number of these methods are intended for single analyte

identification (one analyte is presented to the sensor array at a time). A relatively smaller number
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of methods [4, 6, 7, 8], are available to address the identification of gas mixtures (several analyte
are presented to the sensor array at the same time); single analyte identification can be
considered as a gas mixture identification where there is just one analyte in the gas mixture.
Since in real world scenarios, single analytes are rarely the case, it becomes important to
understand the issues and challenges with the gas mixture identification. This thesis develops
several conventional signal processing methods, based on the existing literature, to identify gas

mixtures; furthermore, the issues encountered in these methods are discussed in detail.

The conventional methods employed in the identification of individual analytes present in a gas
mixture are plagued by several design issues, the important ones are: complexity, scalability, and
flexibility. A gas mixture identification system is more complex than a single analyte
identification system; for example, a single neural network classifier is used in [10] to identify
single analytes, whereas, a collection of seven neural networks is used in [4] to recognize binary
gas mixtures. Scalability, the second design issue, arises due to the fact that an increase in the
number of analytes present in the mixture degrades the performance of conventional signal
processing methods. Classification of binary mixtures has been discussed in [3, 7, 8] and ternary
mixtures in [6]: the percentage of correct classification drops about 5% from the binary to the
ternary case. The third issue is due to the lack of flexibility; conventional methods need to be
trained using the exact mixture composition (i.e. requires the knowledge of analytes present in
the mixture and their concentrations) to be able to identify an incoming gas mixture. This affects
the practicality of conventional methods, since in real world scenarios it is impossible to estimate
the composition of gas mixtures. Therefore, there is a need to design a gas mixture identification

system that is simple, scalable, and flexible.

Independent components analysis (ICA) is an algorithm that extracts independent sources from
their linear mixtures [9]. Use of ICA to extract and identify individual analytes present in a gas
sensor array has not been investigated. Since analytes in a mixture are independent of each other
(are independent processes), a simple, scalable algorithm like ICA, could be used as a part of the
signal processing system. This thesis develops a novel signal processing method that employs
ICA to extract the individual analytes present in a gas mixture and a simple classifier is then used
to identify the extracted analyte responses. The new method provides comparable identification

performance while providing a simple, flexible and scalable system.
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1.2 Overview of a machine olfaction system

A machine olfaction system refers to the sensing systems that are capable of identifying
chemicals/gases/compounds present in the environment. Although there are several ways by
which machine olfaction can be performed, the processing steps involved in the identification

remain fairly uniform; Figure 1.1 depicts the structure of a machine olfaction system.

?
&
Classification Validation

Figure 1.1 : A machine olfaction system.

The first step is to use a sensing device (devices) that show some measurable change in its
physical parameter (like: resistance, voltage). The sensing devices can be solid state sensors, gas
chromatographers, sensor arrays etc. Preprocessing then compresses the signal and compensates
for errors. Feature extraction selects data that improves identification of analytes. The extracted
features are input to the classification stage where the actual identification takes place.
Validation estimates the system performance and helps the designer determine if any of the

processing steps need to be modified.
1.3 Approach and contributions

This thesis derives and develops a novel signal processing method for machine olfaction called
fingerprint-based independent components analysis (FICA). FICA is a simple, flexible, and
scalable signal processing system that employs ICA to extract and identify individual analytes
present in a gas mixture. FICA utilizes a property of gas mixtures that has not been
investigated—gas mixtures are composed of independent, individual analytes—to successfully

extract and identify the constituent analytes. The contributions of this thesis are as follows:
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1. Development of conventional signal processing methods that recognizes gas mixtures;
identification of drawbacks in the conventional approach.

2. Derivation of a new method—fingerprint-based data transform (FDT)—that overcomes
the challenges associated with the application of ICA to sensor array responses.

3. Design of a novel signal processing system (FICA) that employs ICA to extract, separate,
and identify individual analytes present in a gas mixture.

4. Comparison of FICA’s performance with conventional methods using performance
metrics like error rate and false positives rate.

5. Examination of properties like flexibility, scalability, and data requirements for both

conventional methods and FICA.
1.4 Document Organization

This thesis is organized as follows. Chapter 2 describes the sensor array approach to analyte
identification; the properties and significance of this approach are discussed in detail. Signal
preprocessing is presented in Chapter 3 and several preprocessing techniques are evaluated.
Additionally, synthetic data generation, a method used to generate sensor array response data, is
also explained in this chapter. Chapter 4 presents an overview of the conventional signal
processing methods employed for machine olfaction; furthermore, conventional algorithms used
for gas mixture identification are studied in detail. Chapter 5 proposes the new FICA method that
utilizes ICA for the identification of individual analytes present in a gas mixture. It also lists the
advantages and disadvantages of using FICA method over conventional signal processing
methods. In Chapter 6, the performance of conventional methods presented in Chapter 4 and
FICA method described in Chapter 5 are compared. Finally, Chapter 7 provides concluding
remarks about the advantages and practicality of using FICA as a signal processing and pattern
recognition system for machine olfaction; future work to enhance FICA’s performance have

been suggested as well.
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2. Sensor Arrays

2.1 Cross-reactive sensor arrays

The traditional approach to chemical sensor design uses the “lock-and-key” idea, where a
particular sensor is finely tuned to respond to a specific analyte. This imposes strict designs
constraints—the sensor must be highly selective only to one particular analyte. This implies that
when more than one analyte needs to be identified, separate sensors must be designed for every

analyte.

Another approach to analyte identification is the use of cross-reactive sensor arrays; this method
employs an array of non-selective sensors, where one sensor responds to several analytes; the
signal processing and pattern recognition methods use the entire sensor array response for
analyte identification [3]. The idea of the sensor array approach comes from the human olfactory
system; the human olfactory system consists of thousands of receptors and the response from all
the receptors are processed for the identification of an odor. Since the working of sensor arrays
are similar to the human olfactory system, sensor arrays are also known as electronic noses and

the process of chemical identification is called machine olfaction.
2.1.1 Working of a cross-reactive sensor array

A sensor array comprises of several sensors; each of these sensors measures some property of an
analyte. For example, sensor 1 in an array measures polarity and sensor 2 measures acidity.
These sensors use properties like binding and adsorption of analytes on their surface to create a
change in its resistance, conductance or voltage [3]. This change is measured and conveyed to
the signal processing stages. Since each sensor in an array measures some property related to an
analyte, a sensor responds to all analytes that have the same property. For example, the sensor
that measures polarity will respond to water, ammonia, and hydrogen fluoride (all polar
chemicals). The response across the entire sensor array is used by the subsequent signal

processing algorithms to identify the analyte.

A sensor array comprises of /V; sensor types, each measuring different analyte properties; often,
sensor arrays also have redundant sensors—several copies of a same sensor type. A sensor array

with N, sensor types and N, redundant copies is depicted in Figure 2.1. Redundancies are
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provided to ensure fault tolerance in the event that some sensors stop working. Moreover,

averaging the responses of the redundant sensors provides good SNR (Signal to Noise Ratio).

Redundantcopies

v o o= 40w 30w

Figure 2.1: A sensor array with Nt sensor types and Nr redundant sensors.

Sensors in an array are typically simple in design because they are not highly selective to a
particular analyte and also designed to be low power; therefore, they are employed in mobile
chemical sensing systems [1]. Cross-reactive sensor arrays are used in perfume, food processing
and other industries where complex odors need to be identified. Another important application of
cross-reactive sensor array comes in the identification of chemical warfare agents (CWA); here

several complex chemicals (or their mixtures) require to be identified.
2.2 Sensor responses

2.2.1 Ideal sensor responses

When an analyte or a mixture of analytes is presented to a sensor array, each sensor on the array
responds with a change in its measureable parameter (e.g. resistance, voltage, conductivity, etc.).
In a controlled environment, an ideal sensor response is as shown in Figure 2.2; it is described by
three distinct phases: growth, steady state, and recovery [11]. A sensor’s response stays at the
baseline before an analyte (or a mixture of analytes) is introduced. When the analyte is presented
to the sensor, the output of the sensor grows exponentially, this constitutes the growth phase. The
output of the sensor reaches a constant value, steady state, and as long as the analyte is present it

remains in steady state. When the analyte is removed, a neutral gas (sensors do not respond to
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this gas) is used to purge the system, the sensor response then exponentially decays back to the

baseline; this constitutes the recovery phase.

Based on the sensor type and the analyte present, variations arise in this ideal response. Three
typical variations arise in the: duration of the growth phase, steady state value reached, and

duration of the recovery phase. These variations contribute to analyte identification.

,/ Steady State Reoovery

04 —
Basdi

0z —

Figure 2.2: Three phases of an ideal sensor response to a single analyte.
2.2.2 Distortion due to noise and drift

Random fluctuations arise in the sensor response due to noise present in the sensing system; the

sources that contribute to noise are due to:

Variation in the amount of analyte adsorbed on the surface of the sensor [3].
Temperature fluctuations in MOSFET sensors [12].

In nano-sensors, unstable contact between the sensor (wire/bead) and the contact metal.

o=

Environmental conditions, chemical interferents, and electronic circuitry associated with the
sensing system [1].

Another factor that contributes to signal distortion in sensor response is drift. Drift refers to the
shift in baseline and it occurs due to the poor reversibility of the sensors [1]. In the presence of
drift, the sensor response does not return to the baseline at the end of the recovery phase;
consequently, if a second measurement follows the recovery phase, the baseline is different,

shown in Figure 2.3. This means that two measurements of the same analyte do not yield
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identical results. Therefore, drift is a significant problem, and signal processing algorithms

compensate for the signal distortion due to drift.

Steady state values are different ~.

-7

Response

Baseline Drifts

0 20 40 60 80 100 120 140 160 180
Time

Figure 2.3: A sensor response with drift, the starting point of the second response change due to drift.

2.3 Overview of multi-analyte chemical sensor microsystems project

This project, sponsored by DARPA, aims to miniaturize a sensor array, by building nano-scale
sensors and related data collection and signal processing methods. The project aims to assemble
an array of 250 nanosensors (5 sensor types and 50 redundant copies) and develop a low power
readout circuitry for data collection. Sensors used in this project are nanobeads and/or nanowires,
these sensors are coated with polymers so that a particular property of an analyte is identified.
These sensors are then mounted on a CMOS integrated circuit that reads out the change in the
resistance of the sensors when an analyte is presented to the array. Since the response can be of a
single analyte or a mixture of analytes, the signal processing algorithms need to identify
individual analytes present in the mixture and estimate the performance of the sensor array.
Additionally, study of how nanobead variability affects the identification of individual analytes
is a project goal. The work in this thesis, concentrates on the signal processing part of this
project, importantly, design of a system that has low complexity and better performance than

available methods to identify individual analytes present in a gas mixture.
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3. Pre-processing

Preprocessing is the first stage in the signal processing system that processes the electronic nose
data. It takes in the sensor array output, the exponentially growing and decaying curves, and
transforms them into a more compact version. The functions of preprocessing methods are three
fold: compress the measurement curve, compensate for baseline drift, and provide a uniform
representation of responses from different sensor types. The responses mentioned here can be of
single analytes or multiple analytes presented at the same time. Preprocessing methods are

divided in to three categories:

1. Baseline Manipulation: These methods implement drift compensation.

2. Compression: These methods reduce the number of data points in the sensor response.

3. Normalization: These methods ensure that the range of the sensor response values of different
sensors is uniform.

Section 3.1 delineates the framework that defines variables, and symbols, that will be used to
denote both the sensor array and its response. Section 3.2 to 3.4 describes several approaches
available for all the three categories of preprocessing methods. An evaluation of sensor array
preprocessing methods is done in Section 3.5. Section 3.6 discusses a slightly different topic:

synthetic data generation.
3.1 Framework

The number of different types of sensors in the array is denoted by variable »,. The number of
redundant sensors of each type is N,, therefore the total number of sensors in the array is given
by N;*N,. R is the total number of analytes that the sensor array is designed to identify, and the

aim of the signal processing stages is to estimate all the R analytes with minimum error.

The measurement of a sensor signifies the entire response of the sensor to an analyte or mixture
of analytes. This includes the growth phase, steady state and the recovery phase as shown in
Figure 2.1. To generate a sensor response, several measurements of the same analyte/mixture are
taken. This means that for a given sensor, the measurement cycle has been repeated K times. The

time taken for taking a complete measurement is 7; it can also indicate the number of points in
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each measurement. 7 is the sum of the growth phase, steady state and recovery phase, given by

Equation 3.1.

T = tgrowth + tsteady + trecovery (3-1)

Figure 3.1 shows the sensor response of Nitro-methane to a single nanowire sensor, the analyte
(Nitro-methane) is presented to the sensor 3 times, therefore K = 3. Also, the time taken for a
single measurement is 360 seconds, this implies that 7= 360. Therefore, the response of a single

sensor contains 7xK points.
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Figure 3.1: Response of a single nanowire sensor to Nitro-methane.

So far, we have seen representations for a single sensor response, the collection of response
signal generated by the entire sensor array is denoted by the variable X7; this comprises of
responses from all the N; x N, sensors present in the array. To identify individual sensor

responses, say of the i” sensor and its j” copy, we use the symbol X rji.

3.2 Baseline manipulation

The sensor response measurement, X rji, suffers from baseline drift; Figure 2.3 shows how this

drift distorts the sensor response. Baseline manipulation is a simple operation by which the effect

of drift is compensated. Three baseline manipulation methods discussed in [13], they are:
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1.

Differential Method: Here the baseline of every sensor response is subtracted from the
entire response curve. If X rji (0), the first point in the curve, indicates the baseline value.
Then,

Xr} = Xr} — Xr}(0) ,Vi,j (3.2)
Where Xr denotes the baseline manipulated response.
Relative Method: In this method every single point on the response curve is scaled by the
baseline value, X rji (0).

Xrl = Xrf/Xr}(0) ,Vij (3.3)

Fractional Method: Here the baseline is subtracted from every point on the sensor

response and the signal is scaled by the baseline value.

(xr = xri())
Xr}(0)

Xr} = Vi, j (3.4)

Baseline manipulation methods are simple and effective, but require prior knowledge of the

initial value.

3.3 Compression

Compression of sensor array responses is done in order to reduce the amount of data that is input

to subsequent signal processing stages like classification and feature extraction. Compression

methods extract the information contained in )??ji and thereby provide a compact representation

of the sensor response [13]. Commonly used compression methods are:

1.

Steady State: Often, the most discriminating property in the sensor response is its steady

state value and using just a single point from the steady state gives satisfactory
performance. Therefore an entire response curve, is reduced to a single point, X=rji,

Xr} = X1 (ts) (3.5)
where, f,, is any point in the steady state part of the response curve.
Integration: Instead of taking a single point from steady state, we can integrate the sensor
response over time by adding all the 7 points in )??ji; this method incorporates

information about the growth steady state and recovery phases.
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Xri= > %t (o) (36)

3.4 Normalization

Sensor array response signals contain data from several sensors types, the response from some
sensor type might be very high, say resistance greater than 10* ohms (as shown in Figure 3.1)
and some sensor types might respond with change in the order of milliohms. This difference
occurs due to: the properties measured, sensor types, and analytes present in various
concentrations. Though the magnitude of these responses differs greatly, it must be ensured that
subsequent signal processing algorithms are not biased by the large magnitude of some sensors
[5]. Therefore, normalization is used to scale the wide range sensor array response signals to
obtain uniform data range sensor array responses [13]. There are three types of normalization

operations:

1. Vector normalization: Here the data across different sensor types are normalized by using
Equation 3.7. Normalization is typically done on baseline manipulated and compressed
sensor array response signals, the normalized signal Xc is the input to the signal

processing and pattern recognition algorithms.

.
Xcl=—L (3.7)

J =2
Nt i
w’ i=1 X7
2. Vector auto-scaling: This is a very straight forward normalization method, the sensor
array response is made zero mean and unit variance, as shown in Figure 3.8, p; is the
mean of the sensor response and o;' is its variance.
- )
Xcj = ~— )

9j

(3.8)

3. Dimension auto-scaling: This is similar to the previous method—the sensor array
response is made zero mean and unit variance, but the mean and variance are taken across
all the sensor types. Variable u; is the mean of the sensor responses from the ;™ replicate

of all sensor types and o; is its variance.
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chi _ (X=7)l B 'uj)
Ji

(3.9)

3.5 Evaluation of preprocessing methods

The previous sections indicate that there are a several methods available for preprocessing;

Figure 3.2 depicts the various methods and possible combinations.

Baseline Compression Normalization

Manipulation

* No baseline * Integration * No
manipulation * Steady state normalization
* Difference * \Vector
* Relational normalization
¢ Fractional * Vectorauto
scaling

¢ Dimensional
autoscaling
\ J/ . J \ J/

Figure 3.2: Different preprocessing methods evaluated.

In order to evaluate the different sets of preprocessing methods, we have used data from a
nanowire sensor array with N, = 2 sensors. These sensors respond to Nitro methane and Methane,
the analyte responses are shown in Figure 3.3. The various combinations of the preprocessing
methods are applied on this data and a simple classifier, K Nearest Neighbor (KNN) method is
used to study the impact of the preprocessing methods on classification. The preprocessed sensor
measurements comprise of two dimensional data points; the two dimensions correspond to the
two sensor types. KNN classifies these two dimensional data points into two classes: methane
and nitro-methane, based on the class of its closest neighbor [14].The classification results
obtained are shown in Table 3.1; performance metric used in this table is the probability of error

that is obtained by estimating the percentage of wrongly classified data points.
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Using Integration Using Steady State value

Probability of
Error

0.1667

0.6667 0.125

No drift 0.2917 0.2917
Compensation

Difference 0.25 0.0417 0.5 0.0417 0.25 0.0833 0.5 0
Method

Relative 0.2083 0.375 0.5 0 0.1667 0.2917 0.5417 0
Method

Fractional 0.2083 0.0417 0.5417 0 0.1667 0.0833 0.4583 0
Method

Table 3.1: Error rate of various preprocessing methods.

xof
T T T
28}
24}
22
2,
B 13 L L L L L
'E a U0 4o AW om0 20 6w
g @
x
fallu
3sf 13
3 138,
25 13
2 L 1 1 L L 1 L L L 1% L 1 1 1 1 1
0 4D WD BD AW MU A0 D 40 &0 W 0 H0 0 WU AW B0 W0 A
© @

Tims

Figure 3.3: Nitro-methane and methane response across a sensor array with two sensor types. (a) sensor
type 1’s response to methane, (b) sensor type 2’s response to methane, (c) sensor type 1’s response to

nitro-methane, (d) sensor type 2’s response to nitro-methane.
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From Table 3.1, we can see that normalization using dimensional auto scaling gives the best
performance. Vector normalizations and vector auto-scaling do not perform very well. Also, the
overall performance of steady state compression is better than compression using integration. For
this example, the steady state value of one measurement is obtained by selecting its maximum
value; this is because the maximum value of a given measurement is present in the steady state
part. Among the drift compensation methods, the fractional method performs the best, although
the difference in performance is not considerable. For all methods discussed in Chapter 4 and 5,
compression using steady state and normalization using dimensional auto-scaling has been
performed. Drift compensation by baseline manipulation is not used since it can also be

addressed by the classifiers.
3.6 Synthetic data generation

For the work in this thesis, synthetic sensor array response data is employed to test and evaluate
the performance of the signal processing algorithms that are described in Chapters 4 and 5. First,
ann ideal sensor array response with 7" = /80 (seconds) is generated; the growth and recovery
phases in this ideal response are modeled as exponential growth and decay with Z4,0s = 10 and
trecovery = 90. The steady state of this ideal response is represented by a constant value of one.
Since an analyte or mixture of analytes is usually presented to the sensor array several times and
repeated measurements are taken, the ideal response is repeated K times; this collection of K

successive ideal responses is denoted by Ir.

The steady state of the R analytes across the NV, sensor types are assigned values between 0 and 1.
The synthetic response of a specific sensor type-analyte pair is generated by scaling /r with the
assigned steady state value, af, where af represents the steady state value of the i" sensor type
for analyte p. Additionally, it is assumed that the response of a mixture of analytes is a linear
combination of individual analyte response. In summary, our sensor array response model to a

mixture of R analytes is given by:

. R .
Xrf = z 1cpaf1r + d; + z (3.10)
p:

where ¢ represents the concentration of the pth analyte in the mixture, a/ represents the steady

state value of the j sensor type for analyte p, d; represents drift for sensor type i, and zf
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represents Gaussian noise for each sensor type and copy. The drift, d;, is modeled as a straight
line with different slopes for different sensor types, the value of the slope is selected randomly;
Figure 3.4 plots sensor responses from two different sensor types with different amount of drift.
This response is then preprocessed and the preprocessed signal Xc, is used for signal

identification.

Sensor Responses with Drift

9

Sensor 1
N

Drift slope = 4 i

Figure 3.4: Responses from two different sensors with drift.
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4. Conventional signal processing methods for machine olfaction

This chapter describes the several signal processing algorithms used for processing sensor array
response signals. Additionally, methods provided in recent literature that address the problem of

gas mixture identification are reviewed.
4.1 Overview of a general signal processing system

With the transition from a “lock-and-key” type of sensor to a cross reactive sensor array, the role
of signal processing and pattern recognition in chemical/gas identification has become more
important. The objectives of these signal processing systems are twofold—extract information
about analytes from the sensor array response data, and mitigate the effects of interference from
noise and drift. Any general signal processing and pattern recognition system used for machine
olfaction consists of three important data processing steps: feature extraction, classification or
regression, and validation [15], as depicted in Figure 4.1. The following provides an overview of
how the signal processing system facilitates the identification of an analyte from its sensor array

response, using an example:

1. Let A, B, and C represent three analytes; using their sensor array response, the signal
processing system identifies which of the three analytes have been presented to the array.
The signal processing system can also be employed to determine the composition of a gas
mixture, but for this example, let us assume that only one analyte is presented to the array
at a time. The difference between single analyte identification and gas mixture
identification is described in Section 4.2.

2. Sensor array response data is first preprocessed, as described in Chapter 3, and this
preprocessed data used for further data analysis.

3. Dimensionality reduction, (discussed in Section 4.3) transforms the preprocessed data
into a small set of features; typically, analytes (or mixtures) are presented several times to
the sensor array, therefore the feature data set comprises of many data points. Each data
point is derived by preprocessing and dimensionality reduction of one sensor array
response. The feature data extracted from sensor array response to A, B and C results in
three separate clusters of data points in the feature space; this indicates that the analytes

form separable patterns across the features.
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4.  The extracted features are used to train the classifier/regressor, explained in Sections 4.4,
4.5, and 4.6; during the training phase, the classifier learns to recognize the three different
clusters present (or learns the pattern of different analytes). Prior knowledge available
about the sensor array, analyte/mixture response, noise, and drift are used to make the
system performance better.

5. After the training phase, the signal processing system is ready to be tested; an unknown
sensor array response (that can correspond to any of the three analytes) is provided to the
system. After preprocessing and feature extraction, the pre-trained classifier identifies the
cluster to which this response belongs; hence the classifier identifies the analyte (A, B, or
C) that was presented to the array.

6.  Validation (Section 4.7) partitions available data into training and testing data sets, and is
used to estimate the classification error; this performance estimate is input as feedback to

the feature extraction and classification stages to improve the performance, if necessary.

UPDATE MODEL DURING TRAINING TO REDUCE ERROR

v r

DIMENSIONALITY CLASSIFICATION OR VALIDATION
REDUCTION REGRESSION
A ]

[ LSS
PREPROCESSED DATA
QUTPUT

I PRIOR KNOWLEDGE

Figure 4.1: Block diagram of a signal processing engine for sensor array response data.

4.2 Single analyte identification vs. Gas mixture identification

There are innumerable algorithms available for each of the processing steps [5] — [16] discussed
in the previous section, with different classification performance, complexity, and data
requirements. However, most of these techniques have been designed for the identification of
single analytes and do not perform well when individual analytes need to be identified from a
sensor array response to a gas mixture. The following elucidates the goal of signal processing

algorithms in both, single analyte, and gas mixture identification:
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1. Single analyte identification: Here, only one analyte is presented to the array at a time,
the sensor array response is then input to the signal processing system that identifies the
analyte. The different classes (or clusters) the classifier identifies correspond to
individual analytes, as in the example of analytes A, B, and C provided earlier.

2. Gas mixture identification: A mixture of analytes (any combination of analytes A, B,
and C) is presented to a sensor array and the response is used to identify individual
analytes present in the mixture. Here, the feature space comprises of separate clusters,
each belonging to a different mixture. For example, there can be a cluster that
corresponds to a mixture of just A and B and another to a mixture of B and C; the
classifier distinguishes between these two different mixtures. Since several mixture
combinations are possible for a given set of analytes, the gas mixture identification
problem is much bigger and complicated than single analyte identification.

The following sections discuss several methods for dimensionality reduction, classification and

regression; the methods employed to address gas mixture identification problems are

emphasized.
4.3 Dimensionality reduction for sensor array data

Dimensionality reduction methods transform the preprocessed data into “classifier-ready” data.
Preprocessing (described in Chapter 3) is the first step in extracting analyte specific information
from the sensor array response signals. Preprocessed data, Xc (recall Xc is the notation used for
preprocessed sensor array response in Chapter 3), is the response from a sensor array with N,
sensor types and N, replicates of each type. This data is compressed and in a more compact form
than the sensor array response signal; however, even the preprocessed data suffers from high

redundancy and high-dimensionality.

“Dimensionality of data refers to the number of parameters required to identify a pattern within
that dataset” [14]. In the sensor array approach, the overall response across the array is used for
identifying an analyte (the pattern to be identified); therefore, each sensor response contributes to
a data dimension. The preprocessed sensor array data hence has a dimensionality of N,*N,. If a
classifier makes use of the preprocessed data directly, it would input N,*N; points to identify a

single analyte/mixture.
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A sensor array with N; = 6 and N, = 15, has a dimensionality of 90; this is very high and will
increase the complexity of the classifier. Additionally, data with high-dimensionality will require

a much larger training set to train the classifier to identify the analyte/mixture class correctly [5].
The other issue with the preprocessed data, its redundancy, arises due to two reasons:

1. An array contains several copies of the same sensor type.
2. Since sensor arrays are made up of an array of non-specific sensors, it is possible that
two or more sensors (of different types) have similar response to an analyte.
Although redundancy is needed—to mitigate noise, and insure fault tolerance—it is essential to

extract and retain just the relevant information prior to classification.

Dimensionality reduction methods map the preprocessed sensor array data into a lower
dimensional data in a way that the reduced representation does not degrade classification

performance and has minimum redundancy.
4.3.1 Feature extraction

Feature extraction is a dimensionality reduction technique that finds a low dimensional mapping
of the data set, while ensuring that the classification performance is not degraded [5]. Let Xc
represent a set of preprocessed sensor array response signals with a dimensionality of 90, every
data point in Xc, corresponds to a single preprocessed sensor array measurement and is a vector
of 90 points. Let Xfuure be the reduced dimension feature dataset, with two dimensions, that

captures the information contained in Xc, then

xfeature c f(XC) (4.1)

where f(°) is some linear or non-linear transformation and Xaur. is a subset of the transformed
dataset. Two criteria can be employed for the selection of the transformation function f{°): signal
representation, and signal classification [5]. Signal representation methods measure the
information present in the data (say, in terms of variance), and obtains features that contain the
most information. Signal classification methods transform the data in order to achieve maximum
separation between data from different classes, thereby resulting in clusters that are far apart in

the feature space.
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Data dimensionality reduction is important for both single analyte response data and for mixture

responses and the most common method for this purpose is PCA.
4.3.2 Feature extraction methods for gas mixture identification

Signal representation methods, like PCA, are commonly used as a feature extraction technique
for both gas mixture identification and single analyte identification [7], [19], [10]. PCA is a
linear transformation that maps high dimensional data onto a lower dimensional space [14]; PCA
transforms the data into a new co-ordinate system, and orders the data based on the variance.
Therefore, it can be used for dimensionality reduction by retaining components that contribute
the most to the variance and by ignoring the remaining data. In sensor array applications the first
few principal components contain more than 90% of the total variance; [11] reports that the first
three principal components contribute to 99.3% of the total variance. The PCA algorithm [29]

employed for dimensionality reduction is comprised of the following steps:

1. Input the preprocessed data; it is important that the preprocessed data is normalized and
has zero mean and unit variance (described in Chapter 3).
2. Obtain the covariance matrix, calculate the eigenvectors and eigenvalues.
3. Order the data based on its eigenvalues; the first signal in the re-arranged dataset is the
most significant principal component.
For signal classification methods, cluster transformations like Fisher Linear Discriminant (FLD)
[27], and Non-linear Cluster Transformation (NCT) [28], are commonly used algorithms. NCT
was employed in the identification of individual analytes present in a binary mixture [4]. Here
inter-cluster distances are increased to obtain good classification performance; this is achieved

by a three step process that includes:

1. Outlier removal: The outliers present in the data are removed; this is based on the
Mahalanobis distance [14] of a data point from the cluster centers.

2. Cluster translation: Cluster of different classes can be very closely packed; this is more of
a problem for gas mixture response data. The clusters are hence moved along the
direction that best separates them, a cluster transformation matrix can be defined at the

end of this step.
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3. Function Mapping: To learn the cluster transformation a generalized regression neural
network (GRNN) is used; detailed explanation of this method is provided in [28]. This
GRNN is used to translate the clusters and can be easily implemented using MATLAB.

4.4 Classification by Neural Networks

4.4.1 An overview of neural networks

Neural networks (NNs) are the most commonly used classifiers due to their ability to classify
both linearly and non-linearly separable data. Multi layer NNs can learn any non-linearity and
map the input vector to an arbitrary output region. A NN is a network of simple processing
elements that can exhibit complex global behavior as determined by the connections between the
processing elements and element parameters [23]. The simple processing elements in a NN are

called neurons and the connections between them are called synapses.
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Figure 4.2: Structure of a single neuron.

The following describes the operation of a single neuron (depicted in Figure 4.2) in a neural

network:

1. Every input, x;, to the neuron is scaled by a synaptic weight wy;.

2. The adder sums the weighted input signals; the output is given by:

p
U, = Z W Xj (4.2)
j=1
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3. The activation function is used for limiting the amplitude of the neuron output; it may
introduce non-linearity. There are several activation functions available, the most
commonly used are: piece-wise linear, threshold, and sigmoidal (non-linear)
functions [14]. The output of the activation function is the output of the neuron,

Vi = f(ux — by) (4.3)
variable, by, the bias, has the effect of applying affine transformation to the neuron

output [15].
Several neurons are linked together to form a NN and it is arranged in layers; Figure 4.3 shows a
three layer NN, each of the orange circles denote a single neuron (as shown in Figure 4.2). The
input layer is the one that receives the input, the output layer provides the estimated class of the

input; the hidden layer has no external contact and maps the input to the output.

Hidden
Input

L

Cutput

Figure 4.3: A three layer NN.

In order to identify a pattern, a NN needs to be first trained, during training NN learns to map an
input pattern to a target class (desired output); this is achieved by adjusting the synaptic weights
in the network. The training/learning process starts with a NN having random values assigned to
the synaptic weights, the NN processes its inputs and compares the outputs obtained with the
target class and estimates the errors. These errors are then back-propagated to change the
synaptic weights and this decreases the overall error. The process is repeated till an accurate
mapping of the input to the output is achieved. This mechanism of learning is called the feed-
forward back-propagation learning [15]. The training data includes input patterns from all the
different classes the NN is designed to identify, but it is important that the NN does not over-fit

the training data. Over-fitting results in poor generalization; it can be controlled by using early



CHAPTER 4 — CONVENTIONAL METHODS

stopping and regularization methods like weight decay. Another approach for combating over-
fitting is the use of noisy training data [24]. An often encountered issue while training is that the
NN does not learn the training data at all. This can be avoided by normalizing the training data
and target class values and initializing the synaptic weights to a reasonable (not too high or low)

value.
4.4.2 Application of neural networks for sensor array response data identification

Features extracted from the sensor array response to different gas mixtures constitute distinct
clusters in the feature space; these extracted features are used as input to a neural network. The
neural network is trained using the features extracted from the sensor array responses to different
gas mixtures; thereby it learns to recognize these gas mixtures. To determine the individual
analytes present in a gas mixture, information about the composition of different gas mixtures is

made available to the signal processing system.

For single analyte identification, neural networks are the most commonly used methods [5]. The
performance of different types of neural network is compared in [12]; multi layer perceptron
(MLP), radial basis functions (RBF), and fuzzy art are different types of neural networks, they
have been previously employed in [10], [25], and [26] to identify analytes from sensor array
responses. These different types differ in the number of layers and activation functions used
within a neural network [15]; a MLP has: three or more layers, and non-linear activation
function; it is popular for sensor array applications. As mentioned in Section 4.2, identification
of individual analytes from a mixture is more complicated than single analyte identification. This
applies for neural networks too, while a three-layer MLP is sufficient for single analyte
identification, to determine the composition of a gas mixture a more complicated structure is

required.

Multistage NN: A multistage NN decomposes a large, potentially difficult to solve problem, into
a sequence of smaller problems. Two stage NN have been previously employed in [4] and [8] for
the identification of individual analytes present in binary gas mixtures. In [4] a two tiered
classification approach is used to separate features extracted from different binary mixtures;
feature extraction is done using NCT. The first tier (or stage) of the classification identifies the

dominant analyte in the mixture and the second tier identifies the secondary analyte. Error rate
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for the identification of the dominant analyte is reported to be 2% and the overall error rate is
3%. A two stage neural network is used in [8] to identify gas mixtures of NO, and NO; here the
output of one neural network is used as an input to the second neural network. Mixtures are
organized into different categories, the first stage identifies the category and the second stage
identifies the specific mixture; maximum error rate of 14.7% is reported for mixture

identification.

We developed a general structure for multistage NN that identify gas mixture responses; Figure
4.4 depicts the structure of a three stage NN. Consider a mixture of three analytes, a MLP will
not be able to recognize all possible combinations of the three analytes; consequently, we divide

this problem into three stages as shown in Figure 4.4 to simplify the identification task.

stage 1: In the first stage, a NN is designed to take all the extracted features as inputs, and
identify if a single analyte, A, is present or not. This NN has three layers, with 5
neurons in the input and hidden layer, and 1 neuron in the output layer; also, the
activation function used in the hidden layer is sigmoidal.

stage 2: Based on the decision of the first stage, one of the two NNs in the second stage is
chosen; these NNs use the same structure as defined in the previous stage, but are
trained to estimate analyte B. The training data used here is a subset of the
training data used in stage 1; the first NN in stage 2 is trained using data from gas
mixtures that contain analyte A, and the other NN is trained with data from gas
mixtures that do not contain A.

stage 3: Again, a NN is selected based on the decision of stage 1 and stage 2. The training
data used for a NN, selected after identifying that A and B are both present,
consists of sensor array data from gas mixtures that contain both analyte A and B.
The output of this stage determines if analyte C is present or not.

Additional stages are added to this three stage NN if gas mixture contain more than three

individual analytes; also, if the number of analytes is less than three, this structure is pruned to

two stages.
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Figure 4.4: A three stage NN designed to identify individual analytes present in three analyte gas

mixtures.
4.5 Classification by Support Vector Machines

4.5.1 Overview of support vector machines

A Support Vector Machine (SVM) is a linear classifier; it works on the principle that any
pattern—when linearly or non-linearly mapped to a suitable high dimensional space—will be
linearly separable [14]. Over fitting the classification model to a specific training dataset is a

significant problem in NNs; this problem is mitigated inherently in SVMs.

SVM Training: Consider a set of features Xjuurs that comprises of several data points, and let
each data point be p dimensional; additionally, the data points belong to two different classes that

are non-linearly separable. The first step in SVM training is to map these data points onto a high
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dimensional space where they are linearly separable; let w(°) be the mapping function that maps

the feature data, X/zaures, to y on the new high dimensional space. Hence,

Yy = l/)(xfeatures) (4'4)

Figure 4.3 presents an example of linearly separable features, y, in the high dimensional space
(here y is two dimensional). In the figure, the green data points correspond to one class and red

ones to the other. A linear discriminant in this two dimensional feature space is given by:

G(y) = a'y (4.5)

Where a is the two-dimensional weight vector that identifies the separating hyperplane in the
augmented space y and a' represents its transposed form. The classification decision variable z is
set to £/, according to whether a data point belongs to the red or the green side. A separating
hyperplane (like H2) guarantees that all red samples lie on one side of the plane and all green

samples lie on the other side (as shown in Figure 4.6).

Now there might be many hyperplanes which separate the data. In Figure 4.6, three hyperplanes
are marked; of these, H/ and H2 separate the data while H3 does not. Out of H/ and H2, the
SVM tries to find out the hyperplane which has the farthest separation from the data-points (in
this case, H2). Such a hyperplane has the maximum separation or margin from the data-points
and such a classifier is called a maximum-margin classifier; therefore, a SVM ensures minimum
generalization error. In order to identify the maximum-margin classifier, SVMs makes use of
support vectors; support vector are points in the augmented space y that are the closest to a
separating hyperplane. Once the support vectors are identified, the optimal separating hyperplane

is the one with the maximum distance from all the support vectors.
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Figure 4.5: SVM classifier separating two linearly separable classes using a hyperplane.

Once the hyperplane is chosen, the training phase is complete and the hyperplane can be used as
a classifier. It is important to note that the performance of any classification model can be
improved by the proper use of prior knowledge about the sensor response data. For example, in
the case of SVMs, the positioning of the optimal hyperplane can be influenced by information
available about the noise levels in the sensor or if specific features are more noise prone than the

others, etc.

The problem of choosing the appropriate mapping function (or kernel function) requires to be
considered; this is typically determined base on the designer’s knowledge of the problem and the
dimensionality of the mapped space can be arbitrarily high. If the choice of mapping function is

not obvious, Gaussians, polynomials, or other basis functions can be used [14].
4.5.2 Support vector machines for gas mixture identification

SVMs, a recent addition to the family of classification algorithms for machine olfaction, are
increasingly used instead of neural networks [20]-[22] due to their property of minimizing
generalization errors i.e., over fitting. When SVMs are used for classification, features extracted
from the sensor array responses are used as inputs and the analytes/mixtures are identified. It has
already been pointed out that when a mixture of gases is presented to sensor array, the

identification becomes more complicated. As a result, a straight forward application of SVMs
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that identifies single analytes, will not work recognize gas mixtures. For the identification of gas
mixtures, tapped delay SVMs [6] have been used; in this method, the input is provided to the
classifier in a tapped delay format. This enables the SVM to learn about the pattern by looking at
not just one single feature vector, but a history of responses. The output of all the delay elements
constitutes SVM’s input. Individual analytes present in ternary mixtures of NO,, NH3, and humid
air are estimated in real time by using this tapped delay SVM method; Error rate of 6% to 8% for

the identification of ternary gas mixtures is reported.

We have developed a multi-stage SVM that identifies the composition of gas mixtures; this
method is an adaptation of prior work to allow fair comparison with other conventional methods
and FICA. Figure 4.6 depicts the structure of the multi-stage SVM. This structure is similar to
the multi-stage NN shown in Figure 4.5, and the process of identification is also identical. The
following explains the process of individual analyte identification from a sensor array response

to a three analyte gas mixture using a three stage SVM classifier:

stage 1: Features extracted from the sensor array responses to different gas mixtures
constitutes the input, it is divided into training data and test data. A single SVM in this
stage is trained to identify the presence/absence of analyte A. The training data from
different gas mixtures are labeled as 1 or -1 according to whether analyte A is present
or not in that specific gas mixture; the SVM uses a Gaussian kernel to map the features
onto a high dimensional space where the data is linearly separable, it then determines
the separating hyperplane. After the training is complete, the test data points are
mapped onto the high dimensional space and classified using the estimated
hyperplane.
stage 2: Two SVMs are present in this stage, and one of the two is selected based on the first
stage’s decision. Both these SVMs are trained to identify analyte B; and the SVMs use
a Gaussian kernel to map features. The SVM selected on analyte A’s presence is
trained using data from gas mixtures that contain analyte A, and similarly the other
SVM is trained with gas mixtures that do not contain analyte A. The decision at this
stage indicates if analyte B is present or not.
stage 3: Here the SVMs are trained to identify analyte C, the training dataset for each of these

SVMs depend on the decision of the previous stages; for example, for a classifier
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selected after the identification of analyte A and B, the training dataset comprises of
responses from gas mixture that contain both analyte A and B. The decision at this

stage indicates the presence/absence of analyte C.

Training data

SVM(trained to identify analyte
A)

O/Pstage 1:
Analyte A

Ve identified

SVM (trained to identify analyte B SVM (trained to identify analyte B

using data that contains A) using data that does not contain A)
O/P stage 2:
Analyte B B
identified

Ye No Yes

SVM (trained to SVM((trained to

SVM (trained to SVM (trained to identify analyte C identify analyte C

identify analyte C using identify analyte C using
data that contains both data that contains
analyte A and B) analyte A but not B)

using data that using data that does
contains analyte B but not contain both
not A) analyte A and B)

O/P stage 3: Analyte C identified

Figure 4.6: Structure of a three stage SVM that recognizes gas mixtures of three analytes.

Multi-stage SVMs can be extended or pruned depending on the number of individual analytes

present in a gas mixture. For two analyte mixtures, just the first two stages are sufficient.
4.6 Regression based methods

4.6.1 Background

Regression methods seek to find some functional description of data, often with the goal of
predicting values for new input [14]. In regression, the relationship between two variables (one

independent and the other dependent) is modeled by fitting an equation; the parameters of this
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equation (or model parameters) are selected so as to give the best-fit of the data [17]. Once the
relationship is determined, the equation can be used to predict the value of the dependent
variable, given that the independent variable is known. If X denotes the independent variable, S
the unknown model parameters, and Y the dependent variable, then the regression equation is a

function of variable X and p:

Y =f(X,B) (4.6)

Linear regression is the most commonly used regression method, here, the regression equation
that predicts the value of ¥ from X is a linear combination of the model parameters f. Figure 4.7

provides an example of linear regression; the data is modeled by a straight line.

Datapoints
Regression

L~ ] L]

=

Dependent variable

0.2 0.4 0.6 0.8 1.0
Independent variable

Figure 4.7: Regression example—linear equation fit to a set of points.
4.6.2 Regression methods used for gas mixture identification

For the analysis of sensor array data, regression is used to obtain a predictive model from the
extracted features (independent variable). The dependent variable for sensor array data analysis
is the relative concentration of individual analytes present in a gas mixture [5]. The dependent
variable may also correspond to different mixture classes; therefore, regression can be applied
for classification purpose. Different regression methods differ in the mechanism used to select
the best-fit equation for the given data; ordinary least squares (OLS) method minimizes the least
square error of the predicted value to obtain the best fit equation [18]. When OLS regression is

applied to the principal components that are retained after PCA, it is called principal components
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regression (PCR). PCR has been previously employed for the identification of gas mixtures [7].
In this method, the features extracted (using PCA) from the sensor array response to a binary gas
mixture of CO (carbon monoxide) and CH4 (methane) form the independent variable, and the
concentration of the analytes present in the gas mixture constitute the dependent variable; a
linear equation is then fit to this data and different binary mixtures of CO and CH,4 are identified.
The actual and predicted values of the mixture composition show a high degree of correlation
(over 0.9). Another regression method—partial least squares (PLS)—uses a modified OLS
approach to get the best-fit equation; [19] describes the application of PLS to a sensor array’s

response to binary gas mixtures.

In order to facilitate the comparison of other conventional methods and FICA with PCR, the
features extracted using PCA from different gas mixtures constitute the independent variable,
and the class of the mixture (as defined in Section 4.4.2) is made the dependent variable. Linear
regression is then used to model the relationship between these two variables and the estimated

function is employed to predict the classes of unknown sensor array responses.
4.7 Validation

Validation or cross-validation refers to partitioning the data set (typically extracted features) into
training data and validation/testing data. The training data is used to design the classifier and the
validation data is used to estimate the classifier performance. Partitioning assures that the
classifier is tested using data different from the training dataset, thereby providing generalized
performance results. The most popular type of cross-validation is K-fold cross-validation where,
a data set is divided into K disjoint subsets. K-/ of these subsets are used for training and one
subset is reserved for validation; additionally, the performance is averaged across all the
partitions [5]. When the number of partitions equals the number of data points, the cross-
validation is called leave-one-out, where only one data point is kept for validation and all other
points are used for training. Validation is heuristic and does not give improved classifiers [14];
for sensor array signal processing, the choice of validation technique is dictated by the amount of
data available. For large data sets a small value of K is sufficient; while for sparse datasets leave-

one-out cross validation must be used.
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4.8 Comparison of conventional approaches for gas mixture identification

The design of a signal processing system for gas mixture identification involves selecting the
correct combination of dimensionality reduction method, and classification/regression technique.
Section 4.3 discusses two popular dimensionality reduction methods used for gas mixture
identification: PCA and NCT, and Sections 4.4 - 4.6 describes the classification and regression
techniques. Table 4.1 summarizes the publications that employ these methods for gas mixture

1dentification.

Reference Feature extraction Classification/Regression Result

NCT

Two stage NN Average  error:

2% - 3%

None Two stage NN Maximum error:
14.7%

PCA OLS regression 0.98 (correlation
coefficient)

None Tapped delay SVM Average  error:

6%-8%

Table 4.1: Publications- gas mixture identification.

In this chapter, we have developed two conventional signal processing methods for gas mixture
identification: multi-stage neural networks, and multi-stage SVMs. Additionally, PCR has also
been adapted to the identify different analyte mixtures. These systems are based on earlier work
on gas mixture identification, and are suitable for comparison with FICA method discussed in
Chapter 5. Table 4.2 summarizes the properties of the various conventional methods developed
in this chapter. The importance of training a NN, SVM, or regression based methods has been
stressed earlier; the feature space comprises of clusters that belong to different gas mixture
responses, and all these conventional methods learn to identify the different clusters. It is
essential to note that since the different clusters in the feature space belong to specific gas
mixture responses, the conventional methods can identify only those gas mixtures. In real world
scenarios, where the knowledge about the exact gas mixture presented to the sensor array is not
be available, conventional methods will be of little use. Although prior knowledge about gas
mixture composition is required by the conventional methods, the assumptions about sensor

array response data are minimal; conventional signal processing methods only assume that the
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different gas mixture responses are linearly or non-linearly separable in the feature space. The

validation methods discussed in Section 4.7 are used to separate the available data into testing

and training datasets.

Method Feature Prior knowledge
extraction

Training Flexibility

Multi-stage NN NCT may be used Requires complete Necessary Poor, requires re-
information about training if new gas
the gas mixture mixtures have to
composition be recognized.

Multi-stage SVM I\ Requires complete Necessary Poor

information about
the gas mixture

composition
PCA Requires complete Necessary Once the function
information about has been estimated
the gas mixture PCR will
composition recognize new gas
mixtures, re-
training is not
needed.

Table 4.2: Properties of conventional signal processing systems discussed in this chapter.
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5. FICA Method

When an unknown mixture of analytes—or even just a single unknown analyte—is introduced to
the sensor array, signal processing and pattern recognition algorithms extract information from
the array’s response in order to identify the constituent analytes present. This identification
process becomes increasingly difficult as the number of analytes in the mixture increases.
Separation and classification of mixtures using conventional methods has been discussed in the
previous chapter. This chapter focuses on FICA (recall FICA is Fingerprint-based Independent
Components Analysis), a novel method designed to extract and identify individual analytes from

a sensor array’s response to a gas mixture of analytes.
5.1 Introduction

Independent Components Analysis (ICA) is a method of blind source separation. It is used to
extract individual sources from a mixed signal when no information about the sources or the
mixing process is available [9]. ICA is typically used to separate linear mixtures of audio signals
or images, but can be applied to any source separation problem provided the sources are
statistically independent; this is described in Section 5.2. However, ICA has not been employed
to separate a gas mixture into its constituent analytes. Earlier work on the preprocessing and
classification of sensor array data has shown that the undesired artifact due to sensor drift can be
separated and removed from the sensor response using ICA [11]. However, this prior work did
not use ICA for individual analyte detection and classification from a gas mixture; indeed,

mixtures were not used—instead only one analyte was presented to the array at a time.

Using ICA to extract individual analytes from a mixture poses significant challenges that have
remained unaddressed until now. We describe these challenges in Section 5.3. Sections 5.4 - 5.6,
develop our novel method (called Fingerprint-based ICA) that allows ICA to be utilized for the
gas mixture separation problem—thereby realizing new advantages that result in superior

separation performance.
5.2 Independent Components Analysis (ICA)

The problem of separating a mixture of source signals with little or no information about the

sources or the mixing process is known as Blind Source Separation (BSS). It uses properties that
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source signals posses, but mixture signals do not—independence, non-Gaussianity, and lower
complexity—to extract source signals from the mixture of sources [9]. ICA is an approach to the

BSS problem that utilizes independence and non-Gaussianity of the source signals for unmixing.

Consider a set of observed mixture signals x;,x>...xy,; each is a linear combination of unknown

source signals s,,5,...sg. Their relationship is given by:

X; = @181 + QjS; + - AigSy (5.1)

for 1<i < N and ay;...ang are the scalar mixing coefficients. Equation (5.1) is represented in

matrix form as:
X =AS (5.2)

where A4 is defined as the mixing matrix. ICA estimates the source signals, S, and the mixing
matrix, 4, from the observed mixed signals, X. As mentioned previously, ICA performs this
extraction based on the assumption that the source signals, S, are statistically independent and
non-Gaussian; evaluation or estimation of these properties will be discussed in the following
section. Let I be the inverse of the estimated mixing matrix, then the estimated source signals,

U (set of uj,uy,...,ug), are obtained by:
U=wX (5.3)

If we observe Equation (5.1), we can see that, any scalar multiplier of a source signal, s;, can be
cancelled by dividing the corresponding mixing coefficient, a;;, by the same scalar. Since 4 and
S are both unknown, ICA can only estimate U to within an unknown scaling factor [30];
consequently, there is an ambiguity in both the amplitude and sign of U. Additionally, ICA does
not preserve the order of the source signals: for example, the third estimated independent
component, u3, can correspond to any of the source signals s,5»,...,5z, and not necessarily to the
third source signal, s;. Hence, the use of ICA introduces three ambiguities—scale, sign, and
order—in the estimated source signals, but for most applications these ambiguities do not pose
significant problems. It is also important to note that if there are N observed signals and R source

signals to estimate, then it is required that N > R.
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5.2.1 Source signal properties: Independence and non-Gaussianity

Two random variables, C and D, are independent if one variable does not provide any

information about the other; their joint probability density function (p.d.f) p(C, D) factorizes as

p(C,D) = p(C)p(D) (5.4)

Also, statistical independence of the variables results in the following properties for the

expectation operator (E), variance (Var), and covariance (Cov).

E(CD) = E(C)E(D) (5.5)
Var(C + D) = Var(C) + Var(D) (5.6)
Cov(C,D) =0 (5.7)

Statistical independence is the core of ICA, but ICA requires a method to determine if the
extracted signals are mutually independent or not. Entropy is commonly used in ICA to evaluate
independence; “Entropy is a measure of the uniformity of the distribution of a bounded set of
values, such that complete uniformity corresponds to maximum entropy” [9]. Any two
independent signals will have a more uniform distribution than signals that are not independent;
therefore, by seeking a set of signals that have maximum entropy, ICA extracts the independent

sources.

Another property of the source signals that is widely used is non-Gaussianity; this is because the
observed mixed signals, being a linear combination of the sources, will tend to be more Gaussian
than the independent source signals (by the central limit theorem) [31]. The following methods

are employed by ICA to estimate the source signals:

1. Kurtosis: This measures the “peakedness” of the data. Kurtosis is given by the fourth
cumulant of the data divided by its second cumulant [31]. The kurtosis of Gaussian data
is zero; hence, ICA extracts source signals that have non-zero kurtosis.

2. Negentropy: Negative entropy or negentropy is a measure of non-Gaussianity. It is
estimated by calculating the difference between the entropy of a random variable and the
entropy of a Gaussian distribution with the same mean and variance. Hence, a Gaussian

variable has zero negentropy value, while a non-Gaussian variable has non-zero
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negentropy. The FastICA algorithm [32] that we employ in FICA uses negentropy to
extract source signals.

3. Infomax: Infomax or information maximization method uses entropy as a measure of
independence, the set of signals with maximum joint entropy is extracted from the
observed mixed signals; these signals are the independent sources [32].

4. Maximum Likelihood: This approach estimates the unmixing matrix W by finding a set
of signals with joint p.d.f as close as possible to the joint p.d.f of the source signals [32].
The joint source signal p.d.f is assumed to be infinitely sharp (non-Gaussian).

An example that demonstrates the separation of a linear mixture of three sources using ICA is

explained in the next section.
5.2.2 Cocktail Party Example

Consider a room with three speakers (R=3); these three speech signals are independent, non-
Gaussian sources, S, and are depicted in Figure 5.1 along with their histograms. Three
microphones (N=3), placed at different locations throughout the room, record the conversation in
the room. Each microphone measures an observed signal, x; that is a mixture of the three speech
source signals, S = {s;, 52, s3}. The unknown mixing coefficients, a;, depend on the distance
between the microphones and speakers and comprise the mixing matrix, 4. The observed mixed
speech signals, X, are input into the Fast/CA algorithm, see Figure 5.2. We observe that the
histograms, an approximation to the p.d.f of the source signals in Figure 5.1, are peakier than the
histogram of the observed mixtures in Figure 5.2. Once the Fast/CA algorithm inputs the three
observed mixed signals, it searches for the un-mixing coefficients that generate estimated
sources with the highest negentropy values. The algorithm continues to search for the best un-
mixing coefficients for a fixed number of iterations, after which the estimated sources are
determined using Equation 5.3. In this example there are three independent signals and three
observed sources, ICA needs at least three observed signals to estimate all the independent

sources.
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Figure 5.1: Three independent speech source signals, S.

Figure 5.2: Observed mixed speech signals, X.

Figure 5.3 shows the resulting estimated source signals, U. A comparison of Figures 5.1 and 5.3
reveals that U; closely approximates S;, U, closely approximates S, and U; closely
approximates S;. As mentioned earlier, ambiguities introduced by ICA result in the change of

order.
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Figure 5.3: Three estimated speech source signals, U.
5.3 Challenges: ICA applied to sensor array data

Using ICA to extract individual analytes from a sensor array response to a gas mixture is
desirable—after all, the unknown analytes are independent of one another in the observable
mixture. However, two challenges preclude our ability to exploit the advantages of ICA for the

sensor array separation problem.

First, there is no one source signal s that corresponds to a single analyte (unlike the speech
example where s; corresponds to the speech of speaker 1). This problem stems from a basic
feature of cross-reactive sensor arrays where one sensor responds to many analytes (in contrast
with the conventional “lock-and-key” approach in which one sensor is finely tuned to respond to
only one analyte). Indeed, this inherent dependence across the array’s sensors violates the
independence required by ICA to extract individual source analytes from the observed sensor
array mixture data. And so an important question arises: can we define a set of independent
source signals where each one corresponds to the overall sensor array response for one analyte of

interest? We address this question in Section 5.3.

Second, as mentioned in the speech example, ICA requires that the number of observed mixed
signals be equal to (or greater than) the number of source signals. For our sensor array
problem—assuming we can successfully address the first challenge of identifying independent

source signals for the individual analytes—one observed mixed signal is measured when the
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sensor array is exposed and responds to one gas mixture. This means that several gas mixtures
will need to be introduced to the array in order to identify multiple analytes. This is a departure
from the conventional approach in which a sensor array’s response to one gas mixture is used to
resolve the constituent analytes. Again, an important question arises: how practical is our
approach that requires multiple gas mixtures (i.e. do the benefits of ICA outweigh this additional

data requirement)? We address this question in Section 5.6.
5.4 Fingerprints

As mentioned above, the first challenge is to define a set of independent source signals where
each one corresponds to the overall sensor array response for one analyte of interest. A cross-
reactive sensor array consists of N, sensor types and N, copies of each type. We begin by
assuming that in the cross-reactive sensor array each analyte’s response across the different
sensor types in the array uniquely defines it. This has been depicted in Figure 5.4 using a sensor
array with four sensor types; the responses of three analytes across these four sensors are shown.
The overall sensor array response across the four sensor types is unique to each analyte and is

referred to as the analyte’s fingerprint.

U
Sensor ~_Sensor

Semsor— _ gooo”  {yped- type
_——Type3 X £
1 | ype Sensor  Type3 Ty
“ typed Type3
as N | -
| - y i“”"""'-w.,,,
" Sensor type " :
T Sensor type i Sensor type
Sensortype Sensartype e PO gos ortype 1 o p
1 " 2
Fingerprint Fingerprint Fingerprint
Analyte 1 Analyte2 Analyte3

Figure 5.4: Response of three different analytes across a sensor array with four sensor types; these three

unique overall responses are called the fingerprints of the three analytes.

Fingerprints are integral to the identification of analytes in a gas mixture using cross-reactive

sensor arrays. The following summarizes their important properties:

1. The fingerprints are the source signals that correspond to the analytes.
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2. Each analyte corresponds to a unique N; dimensional fingerprint;

3. Fingerprints persist after the compression (i.e. preprocessing); fingerprints uniquely
characterize an analyte before and after compression.

4. Since the analytes are independent, their fingerprints are too.

5. A sensor array’s response to a mixture of analytes corresponds to a linear mixture of the

individual analyte fingerprints.
5.5 Fingerprint-based Data Transform (FDT)

Fingerprints, defined in the previous section, are the independent source signals that correspond
to the analytes. The preprocessed sensor array response, Xc (defined in Chapter 3), does not
correspond to a mixture of fingerprints; consequently, individual analyte fingerprints cannot be
extracted from Xc. Therefore, Xc must be rearranged to reflect the fingerprint structure. The
Fingerprint-based Data Transform (FDT) restructures Xc; and, the subsequent application of ICA

to this rearranged data extracts the individual analyte fingerprints.

The key idea underlying FDT is to present an entire array response (an N-dimensional signal, if
redundancies are ignored) as a one-dimensional signal. The presence of N, redundant copies of
each sensor type results in N, replicates (with differences due to noise and drift) of the one-
dimensional signal, depicted in Figure 5.5. Let the transformed data matrix for one mixture

(called mixture a) be x,. Each row in x, is given by:
xL = {XcE |IXCL || o || Xk, } (5.5)

for 1 <i< N, and || is the concatenation operator.
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Figure 5.5: Schematic representation of FDT.

As an example, consider a sensor array with three sensors types (N, = 3), two copies of each (N,
=2) and a mixture of two analytes is presented to this array of 6 sensors. The preprocessed sensor

array response data is shown below.
Xci ={00000} Xc?={0.01 0.01 0.01 0.01 0.01}
Xy ={11111} Xcz={1.01 1.01 1.01 1.01 1.01}
Xcd ={22222} Xci=4{2.012.01 201 2.01 2.01}

Different sensor types have different steady state values (around 0, 1 and 2) while replicates of
the same sensor type differ in the amount of perturbation due to noise (for the example, same
amount of perturbation is added to all the second replicates). Each sensor response is a sequence
of five measurements, that is, there are five steady state values in every preprocessed sensor

response. Then after FDT, the sensor response would be configured as:
x} ={000001111122222}

xZ = {0.01 0.01 0.010.010.011.01 1.01 1.01 1.01 1.01 2.01 2.01 2.01 2.01 2.01 }
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5.6 Fingerprint-based ICA (FICA)

FICA is our new method that extracts and identifies individual analytes from a sensor array’s
response to a gas mixture of the analytes. It employs FDT to rearrange the compressed sensor
array response and ICA to extract the independent source fingerprints. The FICA method is
depicted in Figure 5.6.

P e Analyte Compressed  sensor
¢ & ) ___ Mixture Data array response data to
G ™ mixtures of analytes in

bl compression

l varying concentrations
- .

Fingerprint-based
Data Transform

(FDT) |

Principal
Component

Independent

Classifier (like Component

KNN) Analysis (ICA) Analysis (PCA)
The individual Estimates of analyte
analytes present fingerprints
in the mixture are
identified

Figure 5.6: The FICA system.

The FICA method is as follows:

Step 1. A sensor array, consisting of N, sensor types and N, redundant copies, responds to a gas
mixture comprised of R (or fewer) analytes. This sensor array response, Xr, is
compressed to obtain Xc which is a set of NN, individual sensor responses where each
response has K sample points.

This first step is a simple signal collection (described in Section 2.2) followed by preprocessing

(Section 3.2-3.5).

Step 2. FDT is applied to Xc and the result, x,, reflects the fingerprint structure.



CHAPTER 5 — FICA METHOD

As described in the previous section FDT modifies the response data so that it reflects the
fingerprint structure. The signal, x,, represents a linear mixture of the independent, individual

analyte fingerprints.

Step 3. Steps 1 and 2 are repeated for N different mixtures resulting in X={x;,x2,...,xn}. Since we
assume up to R different analytes as well as sensor drift (another independent
component), then N must be > R+1.

Since ICA needs N different linear mixtures to extract all the individual analyte responses, N

different mixtures are exposed to the cross-reactive sensor array one at a time. Each overall

sensor array response contributes one linear mixture; this is indicated by multiple arrows to the

FDT block in Figure 5.6.

Step 4. PCA is applied to X for dimensionality reduction.

When N, >1, there are multiple copies of every FDT data output, PCA is used to remove
redundancies prior to extraction by ICA. Therefore PCA reduces the number of parameters that
are input to ICA; therefore, it decreases the complexity of unmixing problem and ensures that

ICA successfully extracts all the independent analyte fingerprints [30].

Step 5. The first R+1 principal components are input to the FastICA algorithm to extract U: the
estimate of all the independent components (R analyte fingerprints and drift).

ICA estimates the independent components that include the R analyte fingerprints and drift. Drift

is extracted because it is an independent component in the observed sensor array response mixed

signal. The extracted analyte fingerprints are estimated to within an unknown scalar and may be

in any order (with respect to the input order).

Step 6. Finally, U (minus the drift) is input to a K Nearest Neighbor (KNN) classifier [5], with
any K value, and an n-fold validation technique to identify the analytes present in the gas
mixture.

Drift, an independent component, is not part of the data that is input to the classifier; its removal

is possible because drift does not look like any of the analyte fingerprints and hence is identified

as a separate component. The classifier used here is a simple nearest neighbor classifier, where

the K nearest neighbors are used to estimate the class of a sample. To estimate performance, an
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n-fold validation technique is used, here 1/n™ of the data points are kept for testing and the

remaining points contribute to the evaluation of the nearest neighbor.
5.7 Comparison with Conventional Approach

FICA requires the array response to several mixtures in order to first extract and then identify the
individual analytes. However, conventional approaches use the array response to a single gas
mixture in order to identify the mixture composition. This is commonly achieved by first
decorrelating the array response with PCA and then using a neural network or cluster analysis (or
both) to identify the analytes in the mixture; methods discussed in Chapter 4. For binary mixtures
[4], [7], [8], and [33], the percentage of correct classification is about 98%; for ternary mixtures
[6], the performance is close to 93%. Performance decreases as the number of analytes in the
mixture increases; this is due to the increasing complexity of the gas mixtures responses. Since
FICA extracts analyte response prior to identification, its performance does not rest on the
complexity of the gas mixture data; therefore, FICA performance remains unaffected with the

change in the number of analytes in the mixture.

In order to realize the advantages of ICA for the sensor array problem, FICA takes a
fundamentally different approach that more accurately reflects what is physically occurring: a
gas mixture comprised of several individual analytes that are independent of one another. It is the
extraction/estimation of the analytes that sets FICA apart from conventional methods and allows
the application of ICA. Additionally, an estimate of the drift artifact occurs as part of the analyte
fingerprint extraction; hence, the data that is sent to the classifier is not corrupted by drift; this is
not the case with conventional methods. This fundamental difference results in better

performance with a simpler classifier (reported in Chapter 6).

Nevertheless, FICA requires additional array response data (several gas mixtures are needed
instead of one) and this issue must be considered further. The additional data could be obtained
all at once (in parallel) if multiple sensor arrays are used to measure the response to one gas
mixture of analytes. Alternatively, the additional data could be obtained sequentially if one
sensor array is used to measure the response to multiple gas mixture of analytes (we illustrate

this approach). The first approach offers faster performance at a higher cost while the second
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approach takes longer at a reduced cost. The practicality of the second approach is investigated

in Chapter 6.

Unlike conventional methods, FICA does not require a dedicated training phase to learn the gas
mixture responses and identify individual analytes present. Consequently, FICA requires less
data and time than conventional methods like neural network or SVM. Also, the amount of prior
information demanded by FICA and conventional methods are vastly different. To design a
conventional method based signal processing system, complete knowledge about the
composition of every gas mixture (the analytes present and in what concentrations) is necessary;
FICA method, on the other hand, requires no prior information about the analytes or their
mixtures (and concentrations) for the extraction of independent analyte fingerprints. However, in
order to ensure that all independent analyte fingerprints in a mixture are extracted, FICA requires
an estimate of the maximum number of analytes in the mixture. Additionally, if a specific
analyte requires to be identified, knowledge about the ideal fingerprint of that analyte is needed.
Therefore, FICA extracts the analyte fingerprints without any prior information, and based on the
availability of information these analyte fingerprints are identified. This decoupling of
identification and analyte fingerprint extraction offers immense flexibility to FICA. Hence, FICA
is a more pragmatic approach; since, in real world conditions both the concentration and the

identity of the analytes are unknown.
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6. Results

In this chapter, FICA’s performance is evaluated; additionally, the performance of FICA and
conventional signal processing methods are compared. The sensor array response data used for
testing these methods is generated synthetically (described in Chapter 3); the parameters used for
generating the required sensor array response data are provided in Section 6.1. The performance
metrics employed to evaluate both FICA and conventional methods are provided in Section 6.2.
FICA results are presented in Section 6.3 and 6.4; and its comparison with the conventional

methods is done in Section 6.5.
6.1 Data generation

Signal processing methods are designed to identify individual analytes present in a mixture from
its sensor array response. When a gas mixture is presented to a sensor, the entire sensor response
(including growth, steady state, and recovery) is called its measurement (described in Section
3.1). Preprocessing compresses a sensor measurement to a single point by extracting the steady
state value (explained in Section 3.2). To test and evaluate various signal processing methods,
the sensor array response signals are used, these comprise of measurements of a gas mixture
across the entire sensor array. The following parameters are required to generate the synthetic

sensor array response signals, X7, for a gas mixture using Equation 3.10:

1. The number of sensor types in the array: N;; the number of replicates of each type: N,.
2. The number of analytes in the gas mixture: R.
3. The steady state responses, a, for all R analytes across the sensor array.
4. The concentrations, ¢, of the individual analytes present in the gas mixture.
5. A value for the variable K that indicates the number of times the gas mixture
measurement is repeated.
6. The amount of drift, d, present in every sensor type; and the Gaussian noise, z, added to
all the sensor responses.
For testing and evaluation, we assume a sensor array with ; equal to four and N, equal to ten;
also, it is assumed that the gas mixtures contain up to three different analytes (R = 3). Table 6.1
provides the steady state values of the three analytes across the four sensor types. The value of K

is fixed at fifteen for all the sensor array responses. The following sub-sections present the
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sensor array response data sets used for studying the performance of both FICA and conventional
methods; the parameters R, N, N,, a, and K, remain fixed at the current values for all the data

sets generated, while ¢, d, and z are varied.

Steady state
values, o

Sensor type 1 Sensor type 2 Sensor type 3 Sensor type 4

Analyte 1
Analyte 2
Analyte 3

Table 6.1: Steady state values of the three analytes across all four sensor types.

6.1.1 FICA performance evaluation data

FICA requires sensor array responses from N (with N > R +1) different gas mixtures to extract
and identify individual analytes present (refer Section 5.6); therefore, for identifying three
analytes, four mixture responses are needed. By varying the concentration of the constituent
analytes, different mixtures are obtained. Table 6.2 shows the individual analyte concentrations
of three sensor array response data sets: FICA data setl, FICA data set2, and FICA data set3.

The data sets uses drift slope values of less than 0.5 for all sensor types:
di <05, j={12..,N} (6.1)

The amount of noise, Zij, added to every sensor response fixes the SNR of the sensor response,

Xr"j, between 10 and 25dB, shown in Equation 6.2.
10 dB < SNR(Xr) < 20dB, j={12,..,NJandi={12,..,N;} (6.2)

The data generated (FICA data setl, FICA data set2, and FICA data set3) contains sensor
array responses to 4 different gas mixtures and each gas mixture is presented 15 times (K = 15);
the generated sensor array responses are preprocessed prior before using signal processing

methods to identify gas mixtures.
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%
Analyte 1

%
Analyte 2

%

Concentration, ¢
Analyte 3

Mixture 1

Mixture 2 11 19 70
FICA_data_setl
Mixture 3 41 27 32
Mixture 4 87 3 10
Mixture 1 7 91 2
Mixture 2 65 13 22
FICA_data_set2
Mixture 3 58 27 15
Mixture 4 44 33 23
Mixture 1 9 49 42
Mixture 2 38 62
FICA data set3
» » Mixture 3 22 78
Mixture 4 54 46 0

Table 6.2: Analyte concentrations in different mixtures.
6.1.2 Data for performance comparison

FICA and conventional methods use fundamentally different approach to gas mixture
identification. In order to compare both these approaches on equal footing, the generated sensor
array response data has seven mixture types (shown in Table 6.3). While FICA extracts
individual analyte responses for each type and then identifies the analytes, conventional methods
recognize dissimilar mixture types and use prior information about the mixture composition to
identify the individual analytes; methods explained in Section 5.6 and 4.3. Each mixture type
includes gas mixture responses from four different mixtures; the concentration values used for
synthetic data generation are provided in Table 6.4. Other parameters required for data
generation are noise (z) and drift (d); Table 6.5 presents the datasets with different noise levels

and drift slope values.
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Mixture Type Analyte 1 Analyte 2 Analyte 3

Present Present Present

Absent Present Present
Present Absent Present
Present Present Absent
Absent Absent Present
Present Absent Absent
Absent Present Absent

Table 6.3: Different mixture types present in the synthetic sensor array response data.

Concentration, ¢ % & °

’ Analyte 1 Analyte 2 Analyte 3
Mixture 1 20 50 30
. Mixture 2 11 19 70
Mixture Type 1 Mixture 3 41 27 32
Mixture 4 87 3 10
Mixture 1 0 50 30
. Mixture 2 0 19 70
Mixture Type 2 Mixture 3 0 27 32
Mixture 4 0 3 10
Mixture 1 20 0 30
. Mixture 2 11 0 70
Mixture Type 3 Mixture 3 41 0 32
Mixture 4 87 0 10
Mixture 1 20 50 0
. Mixture 2 11 19 0
Mixture Type 4 Mixture 3 41 27 0
Mixture 4 87 3 0
Mixture 1 0 0 30
. Mixture 2 0 0 70
Mixture Type 5 Mixture 3 0 0 32
Mixture 4 0 0 10
Mixture 1 20 0 0
. Mixture 2 11 0 0
Mixture Type 6 Mixture 3 41 0 0
Mixture 4 87 0 0
Mixture 1 0 50 0
. Mixture 2 0 19 0
Mixture Type 7 Mixture 3 0 27 0
Mixture 4 0 3 0

Table 6.4 : Analyte concentrations of different mixture types.
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Variable Noise Drift = 0.2 Variable Drift \ SNR =25 dB

SNR =5 dB NI data_set Drift slope = 0.2 D1 data_set
SNR=10dB N2 data_set

SNR =15 dB N3 _data_set Drift slope = 0.5 D2 data_set

SNR =20 dB N4 _data_set

SNR =25 dB N5 data set Drift slope = 0.9 D3 data set

Table 6.5 : Noise and drift parameters for different data sets.

Every data set, like NI data _set, comprises of sensor array responses to seven mixture types;

each mixture type in turn has four different gas mixtures responses and each gas mixture is

presented 15 times. Again, preprocessing is done before using this data for gas mixture

identification.

6.2 Performance metrics

The performance of different signal processing methods is quantified by estimating the following

metrics:

1.

Error rate: The fraction of misrecognized analytes in a gas mixture corresponds to the
error rate. This value is expressed as a fraction or as percentage; for a good performance
error rate is expected to be small. In any dataset described in Section 6.1, a gas mixture is
presented to the sensor array 15 times. Every mixture response is used to identify the
presence/absence of the three individual analytes; therefore, a total of 3x15 analyte
identifications are made. If 10 analyte identifications are erroneous, then the analyte error
rate is 10/ (3x15).

False positives rate: The fraction of analytes identified as present when they are actually
absent gives the false positive rate. In the 3x15 analyte identifications, there can be say,
1x15 cases, where some analytes are absent; if 5 identification errors are made in those
cases, false positive rate is 5/ (1x15).

True positives rate: The fraction of analytes correctly identified as present gives the true
positives rate. In the 3x15 analyte identification, if there are 2x15 cases where analytes
are present and 25 correct identifications are made in those cases, true positive rate is 25/

(2x15).
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6.3 FICA performance

FICA performance is evaluated using data sets: FICA data setl, FICA data set2, and
FICA data set3. FICA method (Section 5.6) extracts independent source fingerprints from the
sensor array responses to gas mixtures; the ideal source fingerprint signals of the three analytes
present in the gas mixtures across the four sensor types are presented in Figure 6.1, they have
been derived from the steady state values given in Table 6.1. It is important to note that the
fingerprint signal of every analyte is unique and independent (statistical independence is
described in Section 5.2); thereby, it satisfies the properties identified in Section 5.4. Since ICA
introduces sign and scale ambiguity, it is necessary that the fingerprints are unique even with an
unknown sign and scaling factor. The fingerprint signals given in Figure 6.1 meet that criterion
too, and therefore ICA is successfully employed. Additionally, the fingerprints that can be
extracted using ICA are not limited to these three; any set of analyte fingerprints that have all the

above mentioned properties are extracted by applying ICA.
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Figure 6.1 : Ideal source fingerprints for three analytes on a sensor array with four sensor types.

Figure 6.2 shows the compressed, rearranged, sensor array response to the N (= 4) gas mixtures,
using data from FICA data setl. The principal components resulting from PCA are shown in

Figure 6.3; they do not approximate the ideal fingerprints, nor do they represent drift.
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Figure 6.2 : Four compressed, rearranged array responses to four gas mixtures X (result of FICA Step 3).

ICA is subsequently applied to these four PCs to extract estimates of the individual analyte
fingerprints and the sensor drift. The first three independent components (ICs) in Figure 6.4
closely resemble the ideal fingerprints in Figure 6.1 (the estimates of analytes 1 and 2 are the
“negative” complements of the ideal fingerprints due to the sign ambiguity of ICA). The fourth
IC in Figure 6.4 does not correspond to an analyte, but to the independent component that is
sensor drift. Therefore, ICA has successfully extracted estimates of the individual analyte

fingerprints from the set of gas mixtures.

As described in step 6 of the FICA method (Section 5.6), these estimated fingerprints are then
input to a KNN classifier and a 10 fold cross-validation is used to obtain the error rate. It is
important to note that the three extracted analyte fingerprints result in three distinct clusters in
the feature space, the KNN classifier labels these clusters are 1, 2 and 3 and obtains the error
rate; therefore prior information about analyte fingerprints is not required to obtain this error
rate. In Table 6.6, an examination of the three different data sets reveals that FICA achieves 0-

3% analyte separation and classification error (error rate).

Significance of independence: Table 6.6 shows that the FICA performance is compared to an
alternative approach in which the output of the PCA is input to the KNN classifier. In this case,
analyte error rate increases to 10-12%. It is important to note that this PCA+KNN approach is
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not like the traditional approach, where decorrelated mixtures are input to the classifier. Instead,
here the response data rearranged by FDT is input to PCA; the difference between this approach
and FICA is that FICA uses ICA to extract independent analyte responses before classification.
This increase in error rate without the use of ICA (from 3% to 12%) therefore proves that our

initial assumption—fingerprints of different analytes are independent—is indeed true.
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Figure 6.4 : Independent components estimated analyte fingerprints using FICA (result of FICA Step 5);

compare to Figure 6.1.
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Data sets FICA

FICA data_setl 0%
FICA_data_set2 3.1%
FICA _data_set3 2.7%

Table 6.6 : Comparison of PCA and FICA for three mixture sets: result indicates analyte error rate.

Design of a sensor array signal processing system based on FICA requires two parameters: the
number of redundant sensors in the array »,, and the fingerprint of the analytes across the N,

sensor types. The following sections explain how to select these two parameters.
6.3.1 FICA performance as a function of V,

The sensor array has N, redundant sensors; in order to evaluate the change in the error rate of
FICA method with N,, N2 data set and N5 data_set (Table 6.5) are used and the performance is
averaged over the different mixture types present in these data sets. The output of FDT, the result
of FICA step 3, comprises of 10 (since N, is assumed to be 10) redundant copies of the re-
arranged data. Typically, all these redundant copies are input to PCA (FICA step 4); for this
study, the number of redundant copies that are input to PCA is varied from 1 to 10, the variation
in error rate for both N2 data set and N5 data set with the change in the number of redundant

copies is shown in Figure 6.5.
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Figure 6.5 : FICA performance as a function of Nr.

For N2 data set (SNR = 10dB) the error rate decreases with the increase in the number of
redundant copies; also, the impact of N, is quite significant: error rate doubles when N, changes
from 10 to 1. N5_data_set (SNR = 25dB), has an error rate of 0, and there is no variation in this
value with the change in N,. Therefore, FICA performance improves with the increase in number
of redundant copies, but the influence of N, is significant for signals with lower SNR. In real
world scenarios, the sensor array data is seldom clean like N5 _data set; hence including several

redundant copies of every sensor type is indispensable.
6.3.2 Dependence on fingerprint

FICA assumes that the fingerprints of individual analytes are independent and unique (explained
in Chapter 5); extraction of independent analyte fingerprint from a gas mixture using ICA is
possible because of this assumption. N,, the number of different sensor types present in an array,
determines the fingerprint of individual analytes; the value of N, must be selected such that the
above mentioned assumption remains valid. For large N, values, independence and uniqueness
are easy to achieve, whereas, for small N, value (for FICA _data_setl, N, = 4) the fingerprints of
individual analytes must be carefully selected to insure these properties; fingerprints of three
analytes across four sensor types that are independent and unique is shown in Figure 6.1.
Therefore, prior to design of a sensor array system to identify a maximum of R analytes, the

value of IV, that results in the required fingerprints must be determined.
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6.4 FICA receiver operator characteristic

A receiver operator characteristic (ROC) curve is a graphical plot of the false positive rate vs. the
true positive rate, for a classifier system as its discrimination threshold is varied [34]; ROC
curves are generally used to select optimal operating thresholds. Figure 6.6 shows a ROC curve,

it is desired that the system operates in the point marked as optimal.

100%

Optimal value

>

©  True positive rate

False positive rate  100%

Figure 6.6 : A ROC curve.
6.4.1 ROC curves for FICA

FICA needs no prior knowledge or training to extract independent analyte responses from the
sensor array’s response to a gas mixture; nevertheless, if a particular analyte requires to be
identified, that analyte’s fingerprint is compared to the extracted independent analyte responses.
Typically, for such a comparison, a correlator is used; it finds the correlation coefficient between
the extracted responses and the fingerprint of any particular analyte. Based on the correlation
coefficient, the system determines if that particular analyte is present or not. To determine the
optimal correlation coefficient threshold for individual analyte identification using FICA, ROC
curves are used. A FICA system that uses a correlator to compare an incoming independent

component to an analyte fingerprint is shown in Figure 6.7.
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Figure 6.7 : FICA system used to identify a particular analyte using a correlator.

For the datasets provided in Table 6.5, FICA extracts the independent analyte responses and the
correlator associates each of these responses with one of the three analytes (ideal fingerprints are
shown in Figure 6.1). The correlation threshold is varied from 0.1 to 0.95 and Figure 6.8 plots
the ROC for the different datasets. The region indicated as optimal threshold has correlation
coefficient between 0.7 and 0.8; the average false positive rate obtained by using optimal
threshold value is 1%. The ROC curve informs the designer that if a particular analyte must be
identified from all the extracted independent responses, the correlation threshold must be set to a

value between 0.7 and 0.8 to obtain the most optimal performance.
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Figure 6.8 : ROC curves for different datasets.
6.5 Comparison with conventional methods

Four conventional methods discussed in Chapter 4: a three stage neural network (3-stage-NN), a
three stage neural network with NCT (3-stage-NN-NCT), a three stage SVM (3-stage-SVM), and
PCR, have been implemented and their performance compared to FICA’s performance. The data
presented in Table 6.5 is used for evaluating error rates and false positive rates. Implementations
of the conventional methods divide the datasets into two equal parts: training data and testing
data; the methods are first trained and learn to recognize the seven mixture types present, the
testing data is then used to estimate performance. PCR method, described in Section 4.6, is a
regression based approach where the performance is not in terms of error rate; it estimates the

correlation between the predicted mixture types and the actual mixture types.
6.5.1 Error rates

PCR achieves very low correlation (= 0.4) between the predicted and actual mixture types for all
the data sets in Table 6.5; since this is not a good performance, it is concluded that PCR is not
suitable for complex mixtures generated in this work. The error rates of all conventional methods
other than PCR, along with FICA’s error rate, are presented in Table 6.7. FICA and 3-stage-NN-
NCT obtain comparable performance, with average error rates of 7% and 6% respectively; 3-

stage-NN and 3-stage-SVM result in a much higher error rate of 16% and 23%.
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Datasets 3-stage-NN 3-stage-NN- 3-stage-SVM
NCT

N1 data_set

N2 _data_set

N3 _data_set

N4_data_set
NS _data_set
D1 data_set
D2 data_set
D3 data_set
Average values

Table 6.7 : Error rates of conventional methods and FICA for different datasets.
6.5.2 Drift and noise tolerance

DI data_set, D2 data set, and D3 _data_set vary only in the amount of drift added to the sensor
array responses (see Table 6.5); the error rates for each of these datasets are shown in Table 6.7.
FICA’s performance varies the least (0%-9%) when drift slope value changes from 0.2 to 0.9,
while all other methods show a larger degradation in performance. In FICA method, drift is
extracted as a separate independent component (output of FICA step 5); although the estimated
analyte responses are not completely free from drift, this extraction of drift as a separate

component results in improved drift tolerance.

NI data set, N2 data set, N3 data set, and N4 data set have sensor array responses with
different SNR levels (shown in table 6.5). The error rates for these datasets, presented in Figure
6.7, indicate that 3-stage-NN-NCT has the best performance for low SNR values; FICA results in
error rate values that are close to 3-stage-NN-NCT performance. Both 3-stage-NN and 3-stage-

SVM do not perform well when the sensor array responses have low SNR values.
6.5.3 Scalability

For gas mixture identification, scalability is defined as the ability of the signal processing system
to achieve good classification performance (low error rate) as the number of analyte in the gas
mixture changes. The results reported previously correspond to three analyte mixtures; to
observe the variation in performance as the number of analytes changes, error rates for two

analyte mixtures have been estimated.
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This analysis uses datasets shown in Table 6.4, but only mixtures of analytes 2 and 3 are used,
therefore, data from mixture types 2, 5, and 7 are employed for training and testing.
Conventional methods that classify these gas mixture responses are 2-stage-NN, 2-stage-SVM,
and 2-stage-NN-NCT. The conventional methods use 2-stage algorithms because the gas mixture
contains only two analytes; these methods are described in Chapter 4. The performance of FICA
is also evaluated; FICA does not call for a change in the model to accommodate the change in

the number of analytes.

Table 6.8 compares the error rates obtained for three analyte and two analyte mixtures for
different methods. FICA performance remains almost constant for the two cases, but, there is a
considerable change in the error rate for NN and SVM based methods. This ascertains that the

performance of conventional methods degrade as the number of analytes in the mixture

increases.

Methods Two analyte mixtures Three analyte mixtures
Multi stage NN 9% 16%

Multi stage NN with NCT 4% 6%

Multi stage SVM 6% 23%

FICA 6% 7%

Table 6.8 : Error rates obtained for two analyte mixtures and three analyte mixtures.
6.5.4 Flexibility

Flexibility can be defined as the ability of a system to respond to changes; with respect to pattern
classification for sensor array response signals, changes arise in the nature of gas mixtures that
the system is required to identify. These changes can be grouped into two categories:
increase/decrease in the number of individual analytes present in the mixture, and variation in the
composition of gas mixtures. When conventional methods are used, if the number of individual
analytes in the gas mixture varies a new, a modified classification approach has to be employed.
This is evident from the results reported in Section 6.5.1 and 6.5.3, where a three stage
classification approach is necessary for gas mixtures with a maximum of three analytes, but a
two stage classification approach is sufficient for gas mixtures of two analytes. FICA, on the
other hand, requires no modifications to accommodate an increase in the number of individual

analytes present in the mixture.
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Conventional methods also depend on the composition of individual analytes present in the gas
mixture. For example, if the concentration values reported in Table 6.4 are varied, then the
conventional methods (including multi stage NN, multi stage NN-NCT, multi stage SVM, and
PCR) need to be re-trained using data from the modified datasets; this is a major setback for
conventional methods. The change in composition of the mixtures does not affect FICA at all,
since it first extracts the individual analyte responses from the gas mixtures prior to analyte

identification.
6.5.5 False positives

False positive rates of FICA method, estimated in Section 6.4, indicate that the average false
positive rate across datasets provided in Table 6.5 is 1%. The false positive rates for the three
conventional methods: 3-stage-NN, 3-stage-SVM, and 3-stage-NN-NCT, are determined using
the same datasets. 3-stage-NN achieves the highest false positive rate of 18%, while 3-stage-
SVM has a low false positive rate of 3.39%; 3-stage-NN-NCT attains a false positive rate of
6.2%.

6.5.6 Data requirements

Conventional methods require training data to learn the patterns of different gas mixtures and
achieve low error rates. For the datasets used earlier to estimate classification performance, 50%
of the entire dataset was used for training alone. Additionally, care must be taken that the
training data and the testing data are similar, in terms of— mixture composition, noise level, and
drift level—otherwise error rate achieved during testing will be large. For a mixture of R
analytes, if there are 2% -1 different mixture types (in Table 6.3, for 3 analytes there are 7 mixture
types), the training data must comprise of all the mixture types. FICA on the other hand needs
no training to extract and identify individual analyte responses from gas mixtures; indeed, no

training data is required for FICA.

After the conventional methods train the system with all the mixture types, a single sensor array
response to a gas mixture is enough to identify its composition, but FICA requires at least R+/
different mixtures to identify R analytes; for our three analyte mixtures, we used four gas
mixtures (see Table 6.1). This is due to the use of ICA to extract individual analyte responses

(explained in Section 5.6). There are two ways by which additional data requirements could be
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satisfied. First, the multiple responses could be acquired in parallel with multiple sensor arrays;
this approach is readily understood and applied. The second approach with one sensor array and
multiple mixtures raises issues of practicality. How would multiple, different mixtures be
acquired in a real world setting (like a field-deployed sensor array)—and what are the

implications on the speed of the system?

Suppose the multiple mixtures were acquired consecutively in the same environment. The
concern is that the mixtures would be very similar—how might this impact performance? Table
6.9 illustrates that FICA maintains its performance when the four mixtures are very similar;
FICA data set4 consists of four gas mixtures with very similar composition. Consequently,

there are tractable ways to satisfy the FICA requirement for multiple gas mixtures.

% % %

Concentrations, ¢ Analyte1  Analyte 2 Analyte 3

Mixturel

Mixture 2 20.78 30.50 48.72
FICA_data_set4 99.4%

Mixture 3 20.56 30.20 49.24

Mixture 4 20.58 30.48 48.94

Table 6.9 : Performance when the mixtures are very similar.

6.5.7 Apriori knowledge

The difference in prior knowledge required by conventional methods and FICA has been pointed
out in Chapter 5. For the datasets (Table 6.5) used to estimate error rates, conventional methods
required information about all the seven mixture types, in order to identify the composition of an
unknown gas mixture response. FICA utilizes no prior knowledge to extract the analyte
responses from the seven different mixture types and also to evaluate the error rates; if a specific
extracted independent component is required to be associated to a specific analyte, the
fingerprint of the analyte across the sensor array is needed (methods explained in Section 6.4).

This on-demand type of analyte identification makes FICA a pragmatic approach.

6.5.8 Assumptions about sensor array response data
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Conventional methods make only one assumption about the sensor array data—that different gas
mixtures are linearly or non-linearly separable. FICA systems additionally assume the following

about the sensor array responses:

1. Sensor responses to a gas mixture are linear mixtures of the individual analyte responses.
2. Fingerprints are independent and unique.
Prior to application of any signal processing method to sensor array response data, the validity of

these assumptions must be verified.
6.5.9 Summary: comparison with conventional methods

Table 6.10 summarizes the performance and properties of conventional methods and FICA
presented in this section. We can see that FICA offers superior performance in terms of error rate
and false positive rate; it requires no training and minimal prior knowledge. In addition, FICA’s
performance is more flexible and scalable than the conventional methods. FICA achieves these

advantages by the use of ICA, but for ICA to be successfully employed the individual analyte

fingerprints must be unique and independent.

Parameters used for comparison Results

Error rate 3-stage-NN-NCT and FICA achieve comparable
error rate values of 6% and 7% respectively.

Drift tolerance Performance of FICA is the least affected with
increasing drift.

Noise tolerance Performance of 3-stage-NN-NCT is least affected
by increasing noise.

Scalability FICA’s performance does not degrade with

increasing number of analytes in the mixture, hence
it is highly scalable.

Flexibility FICA is a more flexible system than conventional
methods.

False positives FICA offers very low false positive rate of 1%.

Data requirements FICA requires no training, but requires R+/

mixtures to extract R. Conventional methods need
training data from 2% -/ different mixtures types.
Apriori knowledge FICA requires no information about mixture
composition to extract and indentify individual
analytes.

Assumptions about sensor array response data Conventional methods assume sensor array data to
be separable; whereas, FICA additionally requires
analyte fingerprints to be unique and independent.

Table 6.10 : Comparison of FICA with conventional methods: summary.
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7. Conclusion

7.1 Significant Contributions

Based on the design of FICA (Chapter 5), and the evaluation of FICA’s performance and its
comparison with other conventional methods (discussed in Chapter 6), the following are the

significant contributions:

1. To extract individual analyte responses from a gas mixture response, FICA employs ICA;
separation and identification of gas mixtures using ICA has not been investigated
previously. In addition, FICA wuses extract-then-identify approach to gas mixture
identification problem, as opposed to conventional methods that differentiate between
dissimilar mixtures without actually extracting analyte responses.

2. The FICA takes a fundamentally different approach that reflects the underlying physical
property of gas mixtures: gas mixtures are composed of independent analyte responses.

3. FICA results indicate low error rates, its performance is comparable to (often better than)
the conventional methods like multi-stage neural networks, NCT followed by multi-stage
neural network, multi-stage SVMs, and PCR. Furthermore, FICA provides the most
simple, scalable, and flexible signal processing.

4. FICA needs no training, and hence very minimal prior knowledge about the mixtures, for
the extraction of individual analyte fingerprints. However, for complete identification, it
requires prior knowledge about the analyte fingerprints. This decoupling of analyte
response extraction and identification is very desirable since it offers immense flexibility
to FICA.

5. Since several mixtures are required for the extracting the independent components using
FICA, the practicality of FICA was discussed Chapter 5. Additionally, in Chapter 6, it
was demonstrated that FICA can extract independent components when the mixture
compositions are similar. Therefore, FICA offers a new practical approach for sensor

array systems that do not have adequate training data.
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7.2 Future work

The FICA method developed in this thesis presents an improved signal processing system for
separation and identification of gas mixtures. Further investigations that should be done to

expand and strengthen our results are listed below.

1. Fingerprints: The synthetic data that is generated to evaluate performance in this thesis
employs the fingerprint of three analytes across four sensor types depicted in Figure 6.1;
other fingerprints, satisfying the requirements stated in Chapter 5, must be determined for
the three analyte and four sensor type combination. Studying FICA’s performance using
the new fingerprints will reveal the impact of fingerprint selection for a given number of
analytes and sensor types.

2. Fingerprints and sensor array design: It also important to determine valid fingerprints for
different analyte and sensor type combinations; as an extension to this investigation, a
reliable method to determine valid fingerprints for any number of analytes and sensor
types needs to be developed. The knowledge available about the valid fingerprints should
be used by sensor array designers to develop sensor arrays with pre-defined fingerprints
and therefore ensuring successful implementation of FICA.

3. Real data: Results discussed in chapter 6 use synthetic data. Synthetic data assumes
mixtures to be linear combinations of analyte responses; consequently, it is important to
investigate if these assumptions are true in real data. In [35] it is illustrated that responses
of binary mixtures are linear combinations of individual analyte responses, this indicates
that the assumption is valid; therefore, FICA must be tested with real data from sensor
array responses to mixtures of three or more analytes.

4. Real world conditions: Existing literature (discussed in Chapter 4) and this work have
studied the sensor array responses under controlled conditions; that is, every sensor
response comprises of three phases: growth, steady state, and recovery. In real world
conditions, the sensor response will not consist of these phases since the flow of analytes
(or mixtures) is not controlled. In Chapter 6, it was observed that FICA requires the least
amount of prior information and training compared to all other methods and is hence
suitable for real world data; this observation must be validated by testing FICA using data

from sensor deployed in real world conditions.
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5. Concentration estimation: The FICA algorithm developed in this thesis identifies analytes
present in gas mixtures; a natural extension to this work is determination of the amount of
the individual analytes present in the mixture in addition to their identification. Fusion
architecture of FICA and a neural network based classifier should be investigated to

include concentration estimation capabilities to the FICA method.
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