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                                                    Summary 

 

Performing gas and vapour analysis has typically been accomplished by employing 

spectroscopic techniques.  Often these methods produce excellent results, but human breath 

is a particularly difficult challenge in elemental analysis and one on which spectroscopy 

methods have generally failed.  To cope with its limitations in this field, optical emission 

spectroscopy from a small-volume (5 μL) atmospheric pressure RF-driven helium plasma 

was used in conjunction with Partial Least Squares – Discriminant Analysis (PLS-DA) 

algorithm to identify, and determine the concentration of, the OES gas obtained from an 

RF plasma.  Our proposed analysis strategy will be based on subjecting the complete 

datasets to rigorous mathematical interrogation via the development of suitable algorithms 

that are sufficiently rapid, accurate and robust.  When analysing spectral data there are 4 

main issues: the fact that this data is complex, high dimensional, collinear and noisy due to 

the sensitivity of spectrometry-based detection methods.  The PLSDA algorithm is a 

recognized technique for handling high dimensionality via latent variables for binomial and 

multinomial classification of spectral data. However, as collinearity between these types of 

data is more than the standard level, PLSDA as a standalone algorithm may not cope with 

this problem.  To mitigate this in the present study, first we confirm which of the 

aforementioned issues is the most significant by manipulating data via pre-processing 

algorithms, spectra segmentation and VIP selection. Second, we utilise a regularization 

method to generalise the main algorithm. Third, introducing an innovative approach called 

‘peak merging’ to determine concentration.  The final and most important finding of this 

work is to separately identify three different gases (methane, ethane & acetylene) along 

with their concentration. 
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Chapter 1 – Introduction 

 

Gas detection has gained rising consideration in many areas, from home uses and breath 

analysis, to ensuring safer welding practices in manufacturing, and even climate change 

surveillance. Odourless and colourless gases such as acetylene and hydrogen - with their 

low flammability limit (LFL) - are very easy to ignite if leakage occurs and they are brought 

into contact with heat. In an industrial context, gas detection can ensure the amount of toxic 

and flammable gases in the surrounding area are recognised before there is any risk of 

asphyxiation, poisoning or explosion. 

Breath analysis and detection of volatile organic compounds (VOC) has a long history, with 

ancient Greek medical practitioners trying to detect various diseases from exhaled breath. 

VOCs are small species such as hydrocarbons and they typically make up less than 1% of 

total exhalation volume [1, 2, 3]. The mixture of these VOCs can determine the odour of 

exhaled breath. In particular, a fishy odour could indicate liver disease and a urine-like 

smell may signal the presence of kidney illness [4]. 

Development of Gas Chromatography and Mass Spectrometry (GC-MS) during the second 

half of the 20th century enabled researchers to produce more sophisticated means of 

detecting disease [5]. Meanwhile, investigation of human exhalation for the purpose of 

analysing hydrocarbons has been taking place since the 1960s [6]. Some studies proposed 

a linkage between breath hydrocarbon content and lipid peroxidation [7, 8, 9].  Lipid 

peroxidation (LPO) in vivo are highly reactive products that may cause DNA damage. High 

LPO levels have been observed in patients with Alzheimer, cancer, heart failure and 

immunological disorders [10].  Some research has proposed that the levels of ethane (C2H6) 

in human exhalation might serve as means for assessing the extent of LPO [11]. 

Furthermore, several studies presented a connection between the amount of ethane found 

in exhaled breath and schizophrenia [12, 13, 14] while other works suggested a link to lung 



2 
 

cancer [15, 16, 17]. Another hydrocarbon found in human breath is methane (CH4). Exhaled 

methane can typically be observed in human subjects greater than 3 years old [18], and is 

associated with bowel cancer, irritable bowel syndrome (IBS), small intestinal bacterial 

overgrowth (SIBO), and metabolic diseases like obesity [19, 20, 21]. Studies [22, 23, 24] 

suggested breath CH4 content may be higher in females, while another observed that those 

with lower socioeconomic status show higher levels of exhaled methane than those from 

more affluent groups [25]. 

 

Detecting the diseases using a breath indicator or VOCs is non-invasive, less expensive and 

does not involve any time consuming and hazardous biopsy procedures. This method also 

allows early recognition of disease, and typically results in more effective treatment and 

quicker recovery for patients.   

When working on gas analysis, caution must be used during the experimental process as 

the complexity of the numerous stages can easily result in errors. Breath analysis 

specifically is further complicated by the lack of proven methods for assessment.  

Currently, there are some sensor-based instruments for detection of breath VOCs, such as 

ion mobility spectroscopy (IMS), electronic nose (e-nose) [26], SRI 8610C, Agilent Gas 

Chromatograph [27] but none of these are portable, nor can they provide greater than 90% 

accuracy in either detecting indicator of disease or analysis of complex gaseous mixtures. 

These systems generally contain a sensor-based network with software components such 

as pattern recognition models and an Artificial Neural Network (ANN). In general, the 

cross-reactive sensor array consists of various sensors selected to reply to chemical 

categories in a mixture. Each sensor response can be assembled to construct a specific 

pattern known as an electronic fingerprint. Therefore, the identification and classification 

of mixture component can be determined by recording each unique chemical fingerprint. 

These fingerprints are maintained in a reference library where a pattern recognition 

algorithm can access them when a new unknown sample enters the system. The new 
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samples can be compared with patterns available in databases of the reference library and 

their identity will be recognised [28]. 

 

1.1. Aim and Objectives 

 

The aim of this project is to develop a machine learning program for a plasma based sensor 

that can distinguish various gases and identify their concentration. The intention is to apply 

this technique to human exhaled breath in order to identify the presence of disease. Overall 

the main objectives of this PhD project are: 

 Evaluate challenges with vapour and volatile data. 

 Understand methods to manipulate spectral data (pre-processing). 

 Develop an algorithm for gas identification using three different 

hydrocarbons (CH4, C2H2, C2H6). 

 Organise a model for detecting gas concentration (classification). 

 

1.2. Thesis Overview and Structure 

 

This study covers three main aspects, starting with analysis and manipulation of CH4 data 

to recognise the challenges and difficulties of dealing with spectral data. Once we have a 

better understanding of this data, an algorithm is employed to confirm the quantity of each 

gas in the mixture.  Finally, this work will enable us to identify which gases are present.       

This thesis contains 6 chapters, with this introduction serving as chapter 1. Chapter 2 is the 

literature review which discusses background knowledge, with a focus on a) spectroscopy 

methods including optical emission spectroscopy; b) plasma emission spectroscopy and 

machine learning; and c) a potential machine learning approach for identification and 
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classification of gas mixtures. Chapter 3 is an overview of algorithm selection, pre-

processing approach and instrument configuration. This chapter also discusses the 

difficulties with spectral data when analysing and manipulating recorded hydrocarbons. 

Chapter 4 discusses feature extraction, algorithm regularisation, and finally, an innovative 

method for classification of concentration. Chapter 5 describes the available solutions for 

gas identification when using three different hydrocarbons (methane, ethane & acetylene).  

This chapter relies on the knowledge of feature extraction used in the previous section, 

making a sound understanding of the concepts found in chapter 4 a prerequisite for this 

chapter. Chapter 6 is the final chapter, which concludes the thesis, provides a summary and 

makes some suggestions for further work. 
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Chapter 2 –  Literature review 

 

2.1. Background 

 

Gas identification and in particular the detection of trace levels of molecular components 

in gases has gained increasing attention in many fields from atmospheric pollution and 

climate change monitoring to industrial safety [1] and breath analysis for clinical diagnosis 

[2]. There are a number of established techniques including mass spectrometry [3], gas 

chromatography [4], optical spectroscopy, electrochemical [5], solid-state and optic fibre 

[6], that have inspired the development of a wide range of technologies in each category. 

Among the spectroscopic techniques, Tunable Diode Laser Absorption Spectroscopy 

(TDLAS) and Inductively Coupled Plasma Optical Emission Spectroscopy (ICP-OES) are 

well-established and routine laboratory techniques. Apart from improving limits of 

detection (LOD) and increasing the number of target species, there is a major drive towards 

system miniaturisation and cost reduction in order to enhance the deployment of gas 

detection capability e.g. for rapid and continuous environmental monitoring via 

autonomous distributed networks or point of care clinical breath screening. For example, 

methane is a high priority greenhouse gas with stringent targets for reduction, including 

reducing CH4 emission from the oil and gas industry [7]. This has inspired the search for 

high accuracy miniaturised systems. The ARPA-E (US) MONITOR program has funded 

development of various technology strands including compact IR spectrometry, compact 

mass spectrometry, hollow-core optic fibre and low cost printed nanomaterials [8]. 

Hydrocarbons such as methane & ethane are also important breath biomarkers and 

detection of trace hydrocarbon levels is a major challenge. Recently Dong et al. reported a 

compact trace CH4 detection system based on TDLAS with distributed feedback interband 

cascade lasers in a 5L volume package [9].  However, these compact systems remain costly 

when considered for autonomous field deployment. Detector arrays based on high porosity 
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and high surface area nanomaterials have been proposed as a low-cost electronic nose 

platform for breath and environmental analysis. High sensitivity has been achieved when 

coupled with machine learning [10] but systems struggle with lifetime, species interference 

and cross-sensitivity (e.g. temperature and humidity) [11,12].   

 

2.2. Spectroscopy 

 

Spectroscopy is the study of the molecule and atom’s structure by means of absorption or 

emission of the light. There are many approach on manipulating the atomic structure of 

materials in such a way that able us to study their properties.  The underlying changes that 

an element may undergo during this process can be described as follows: when atoms are 

subjected to sufficient levels of electromagnetic radiation, they move between different 

states of excitation and/or ionization.  During excitation, the energy absorbed will push 

electrons away from the atom's nucleus, where they will reach a higher energy level 

(absorption).  In this excited state, an atom may also release some of the electromagnetic 

radiation as a photon, causing it to move back towards its ground state, a process known as 

emission. Emission normally results from heating up the sample to a high temperature 

(> thousands oC). Figure 1.a demonstrates the difference between absorption and emission. 

For ionization to occur, an atom must have absorbed enough energy for it to release an 

electron entirely, causing the creation of an ion. Ions have internally excited states; these 

state transitions are key, as by studying the difference in each one's energy levels, it is 

possible to identify wavelengths that are unique for any given element [13].  This is key 

for meaningful analysis of a sample's properties. Figure 1.b illustrates the identified 

wavelength for each 3 states of hydrogen atoms.  
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a) 

 

 

 

 

 

 

 

b) 

Fig. 1.a. Energy is released in each state which is call photon. LHS : Absorption- when 

electron absorbs photon of energy at upper state. RHS: Emission- excited atoms have a 

higher energy. In order to become stable, atoms should come to a lower energy state that 

will release photon [14]. 

Fig. 1.b. Emission wavelengths for three states of hydrogen atom. Hydrogen quantum-

mechanical model is one of the easiest system. 

 

The relation between energy levels and wavelength can be calculated via Planck’s equation:  

𝐸 = ℎ𝑣. where 𝐸 is energy difference between two excited internal states, 𝑣 is radiation 

𝜆 = 656.3 nm 

𝜆 = 121.6 nm 𝜆 = 102.6 nm 

n = 3 

n = 2 

n = 1 E=-13.6 eV 

E=-3.4 eV 

E=-1.5 eV 
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frequency and ℎ is Planck’s constant. As  𝑣 =
𝑐

 𝜆
 , where 𝑐 is light’s speed and 𝜆 is 

wavelength, then Planck’s equation can be rewritten as 𝐸 = ℎ𝑐/ 𝜆.       

 

2.2.1. Optical Emission Spectrometry (OES) 

 

One effective technique using emission process is Optical Emission Spectrometry (OES) 

which is the assessment of the light emitted by excited ions, molecules and/or atoms while 

de-excitation occurs [15]. This technique can provide qualitative and quantitative 

information about a sample’s constituents by measuring the wavelength and light intensity 

peaks. OES-based devices can interact with a sample in such a way as to cause it to produce 

an optical emission that is then recorded. For this purpose, the first stage of an OES analyser 

requires some method to excite the species (atoms, molecules, ions) within the sample so 

that they release light i.e. optical emission occurs.  For example, when enormous levels of 

heat are applied to a sample, using a powerful electric discharge or a furnace, this will result 

in changes in the atomic structure, ultimately causing the sample to produce multiple 

optical emission lines, which are then filtered into wavelengths pertaining to specific 

elements.  These are sent on to a detector where the intensity of each wavelength is 

determined.  A spectrum is generated showing the light intensity peaks versus their 

wavelengths.  The element can be identified by examining the peak wavelength, while the 

peak area or intensity of the element indicates the amount present in the sample. OES is a 

useful technique for material analysis due to its speed and relative simplicity to operate.  It 

can be applied effectively to a wide range of elements and is quite inexpensive. 
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2.2.2. Infrared Spectrometry  

 

OES presents an alternative optical analysis approach to chemical sample analysis 

compared to standard Infrared (IR) techniques which are based on absorption. Infrared is 

based on analysing transmission and absorption of IR radiation as it passes through a 

sample. There are various types of spectrometers: non-dispersive, dispersive and Fourier 

Transform (FT).  One disadvantage of non-dispersive spectrometers is their inability to 

provide variable wavelength selection.  Dispersive spectrometers benefit from their 

spectral splitting capability enabled by grating monochromators and filters.   

A nondispersive infrared sensor (NDIR sensor) is a type of spectroscopic measuring device 

frequently used for the detection of gas.  Its name is intended to indicate its differing method 

of detection from other spectroscopic sensors, in that it does not disperse light via the use 

of a prism or similar mechanism in order to narrow the spectrum of light for gas detection.  

Instead, they function by combining an optical filter and a broadband lamp in order to allow 

only a particular spectral selection (typically 50-300nm) that coincides with the absorption 

region of a given gas. An NDIR system is typically comprised of a source that can project 

infrared light, a light tube, an optical filter and some form of detector capable of reading 

infrared input.  Two parallel chambers are then used, one containing a reference gas such 

as nitrogen, with the other deployed to send the infrared beam in the direction of the 

detector.  Absorption of the certain wavelengths will occur in the sample gas, with the 

detector then measuring the attenuation at these wavelengths in order to calculate the gas 

concentration.  The optical filter is used as a means of ensuring that only the wavelengths 

corresponding to those the chosen gas can absorb reach the sample. 

NDIR systems tend to be expensive and are often larger in size than other spectroscopic 

sensors. They are also prone to issues of cross-sensitivity, whereby other gases present can 

absorb some light at the selected wavelengths, and are particularly poor at accurate 
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detection when multiple hydrocarbon based gases are present.  They are incapable of 

detecting hydrogen due to it not absorbing IR light.  The hydrogen molecule is homo-

nuclear diatomic and due to symmetry its dipole moment (electric dipole transitions) is zero 

and hence an IR spectrum is not available.  Furthermore, NDIR respond poorly to changes 

in environmental conditions, and are prone to having results altered by fluctuations in 

temperature or humidity.  Finally, they tend to work best with higher concentrations of gas 

(2,000 – 10,000 ppm) and struggle in terms of accuracy when dealing with gases at lower 

levels [16] [17]. 

FT-IR spectrometers allow faster collection of data, superior signal-to-noise ratio and 

enhanced precision in comparison to dispersive instruments, and are the most common in 

modern laboratories [18].  As shown in Figure 2, in order to collect a spectrum, an FT-IR 

instrument can be employed, with the key system being the interferometer.  Comprising 

the interferometer is a detector, a laser, two mirrors, a beam splitter and a source.  

 

Fig. 2 - FTIR  diagram 

As the diagram shows energy travels from the source to the beam splitter, which bisects 

the beam.  One part of the beam is directed to a fixed mirror, while the other is sent to a 

non-stationary mirror, which uses a constant velocity as it travels backwards and 
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forwards.  The interferometer uses an extremely precise wavelength. Reflection from the 

mirrors is used to recombine the beams at the beam splitter.  At this stage, the distance 

travelled by each beam is different.  Therefore, there is now an interference pattern present, 

as the wavelengths combine in both constructive and destructive ways.  This formation is 

known as an interferogram, and it is this which is sent to the sample.  Upon contacting the 

sample, some energy is absorbed, while some continues on, where the detector waits to 

simultaneously record information about every wavelength in the infrared range.  

The infrared spectrum can be collected by using a Fourier transform (a computing 

algorithm) on the interferogram, changing it into a single beam spectrum.  The process also 

collects a reference single beam without the use of a sample.  The beam taken from the 

sample is then processed in ratio to this background beam, thus creating a transmittance 

spectrum, which can be abbreviated to (𝑡) [19]. If 𝐼  is transmited beam intensity and  𝐼0 is 

intial beam intensity, the relation between absobance (𝑎) and transmitance (𝑡) can be 

calculated as follow: 

          𝑎 = 𝑙𝑜𝑔10(
𝐼0

𝐼
)      (1)      ,         𝑡 =  

𝐼0

𝐼
        (2)   then         𝑎 = 𝑙𝑜𝑔10(𝑡−1)      (3) 

FT-IR spectroscopic technique is mostly used for solids, and sometimes liquids. This 

system is laboratory-based and requires expensive and large laboratory equipment; 

therefore, these approaches cannot be considered as on-line detection methods. 

Furthermore, sample dissolution with laboratory analytical instruments potentially is a 

time-consuming procedure that may restrict its use for some applications. 

 

2.3. Plasma 

 

Plasmas are very effective at creating emission and this leads to Plasma Optical Emission 

Spectroscopy.  
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To produce plasma, a voltage can be applied and pass a current through the gas. Initially 

the small amount of free charge carriers (i.e. ions or electrons) give rise to ionisation when 

accelerated by an applied voltage creating an avalanche until the plasma is created. The 

applied voltage does not only initiates this ionization but also creates the electric field 

which accelerates the free charged carriers (mainly electrons because they are light), which 

then are involved in more collisions. This collision-based process causes the multiplication 

of electrons and ions, i.e. an avalanche, until it reaches to the stage where there is a high 

density of mobile charges and a plasma is formed. When this occurs the electric field inside 

the plasma reduced to a small value (because the plasma is conductive), while the electric 

field around the outside of plasma (called the sheath region) remains high. The plasma is 

now self-perpetuating, if the voltage/current is maintained.  

Plasma is often categorised into two main classes – hot (thermal) plasma and cold (non-

thermal) plasma. This terminology is unfortunately imprecise. A better classification 

scheme is to consider the relative temperature of ions and electrons. In thermal equilibrium, 

gas ion and electron temperatures are equal and thus the plasma is hot (>10,000K – 

100,000K). In non-thermal equilibrium plasmas, gas molecules and ions are at a much 

lower temperature compared to electrons. These plasmas can be termed “cold”. However 

more recently, with new atmospheric pressure plasma applications in medicine and 

agriculture, the label “cold” has come to mean gas temperature below ~60 oC   

Heat can be described as the flow of energy from a high temperature to a low temperature.  

If these temperatures become equal, there is no longer a flow of heat and a state of thermal 

equilibrium can be said to have formed. Hot plasma is in thermal equilibrium, meaning a 

homogenous temperature is found throughout the atoms, molecules, ions and electrons.  

There is frequent collision between these components, enabling a state of thermal 

equilibrium to be reached.  In contrast, cold plasmas are not in thermal equilibrium.  One 

example of this might be found in a low pressure gas discharge, where the infrequency of 

collision between gas molecules and electrons means non-thermal equilibrium cannot exist.  
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In such discharge the ions and neutral are at a common temperature, only the electrons are 

hotter. 

Therefore, plasma is a separate state of matter i.e. like solid, liquid or gas but where the gas 

has equal numbers of ions and electrons. This is the key feature of plasma - a medium with 

almost equal quantities of positive and negative particles. For all cold plasmas and for some 

thermal (hot) plasmas the first condition is never reached. In a cold plasma, most of the 

collisions are due to electrons (they are lighter and have more energy). However, when a 

light electron hits a heavy atom (e.g. He atom is 8000 times heavier), the momentum 

transfer is very tiny so the heating process is very inefficient. Figure 3 demonstrates the 

NIBEC custom plasma system for measuring our OES data. In this plasmas the ionization 

fraction is as low as 10-4. 

 

 

Fig. 3. NIBEC RF capillary plasma system operated with helium carrier gas at atmospheric 

pressure. The electrode gap was 5 mm and the internal diameter of the capillary was 7 mm. 
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Plasma plays a key role in many OES approaches such as Inductively Coupled Plasma OES 

(ICP-OES), Glow Discharge OES (GD-OES) and Laser Induced Breakdown Spectroscopy 

(LIBS). 

The most common technique for many decades has been Inductively Coupled Plasma 

(ICP). The main analytical advantages of this technique result from its power for accurate 

excitation and ionization of a wide range of ultra-trace components, particularly 

environmental samples, and especially those with a high-matrix component (i.e. untargeted 

background species) [20]. The other main method (GD-OES), is used with solid surfaces 

and provides information on the elemental constituent, along with layer structure and 

thickness. This technique uses plasma sputtering to create depth profiles in materials and 

measure elemental composition of sputtered material by plasma optical emission. Excellent 

depth resolution and quick measurement make it a highly effective method [21]. Laser-

induced breakdown spectroscopy (LIBS) is an approach for sample analysis which involves 

use of a laser pulse to provoke the generation of a plasma.  The light emitted can then be 

analysed to determine the chemical composition of samples in different states, mainly in 

solids and in some liquids. 

These methods have been accurate and reliable for decades, but due to the reasons outlined 

in further sections, they cannot deal with clinical experimental data such as human breath, 

environmental data e.g. aerosols and VOCs (volatile organic compounds).  

 

2.3.1. (ICP-OES) & (GD-OES) & (LIBS) 

 

Inductively Coupled Plasma – Optical Emission Spectrometry (ICP-OES) is one effective 

emission spectrometry method involving plasma, widely used due to its great versatility, 
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enabling it to measure large numbers of different elements simultaneously and give a 

detailed analysis of their composition.   

In the case of ICP-OES, an element solution is used, which upon entry to the spectrometer 

is processed by a nebulizer, causing it to become vapour.  Larger droplets from the sample 

are discarded into a drain, but the smaller ones are carried by argon gas and delivered into 

an argon plasma measuring 1000s degrees C.  This causes the sample to become excited, 

via collision with the plasma's charged ions and electrons.  The sample will break down 

into charged ions, and the process of atomic electron loss followed by recombination results 

in emission of electromagnetic radiation (light) at specific wavelengths, and this light 

travels to a monochromator that both separates the emission lines and simultaneously 

focuses the element's emitted wavelengths towards a set of slits configured to only allow 

passage of a particular spectrum of light.  They are then recorded by at least one 

photomultiplier (PMT).  Multiple PMTs can be used, recording many wavelengths at the 

same time, or a single PMT can be employed to collect all the light information before 

sending it on to different locations to detect each wavelength [15]. Figure 4 illustrates a 

simple diagram for ICP Optical Emission Spectrometry. 

While ICP-OES is an appropriate method for processing minerals, Glow Discharge Optical 

Emission Spectroscopy (GDOES) is a useful method for the analysis of solid materials.  It 

provides quantitative and qualitative information, allowing detailed investigation of 

elemental composition, layer thickness and layer structure (depth profiling).  It can analyse 

depths ranging from a few nanometres to hundreds of micrometres.  It is advantageous due 

to its ease of use, fast sputtering rate, high depth resolution, ability to process low 

concentrations, multi-element capability, good quantification and speed of analysis.  
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Fig. 4. ICP-OES diagram. The samples excited with argon plasma and begin to give off 

electromagnetic radiation (light) at specific wavelengths to the mirror. Slits configured to 

only allow passage of a particular spectrum of light (monochromator). photomultiplier 

(PMT) or CCD detector use for recording wavelength [22]. 

 

GDOES typically operates as follows: a vacuum chamber is used containing two electrodes 

in which the sample acts as a cathode which is sealing the anode tightly.  The chamber is 

filled with gas (Ar, Ne, Kr are typically used) and a high direct voltage current is applied 

between the two electrodes. Electrons start to release from the sample surface and travel 

rapidly towards the anode and accumulate kinetic energy as a result.  By colliding with 

argon atoms, argon ionization takes place and new electrons are also created in the 

process.  The end result is an increase in charge carrier density and thus conductive argon 

gas. The mixture of neutral argon atoms, argon cations and electrons is plasma. The high 

negative potential of the surface causes the argon cations to be drawn towards it at high 

speed.  This bombardment results in the displacement of sample atoms, a process known 

as sputtering.  When these detached atoms enter the plasma, they collide with high-energy 

electrons, resulting in excitation of the sample atoms.  When they transition to their ground 

state, they produce light, the wavelength of which can be analysed to determine the 
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material's properties.  The process from here is very similar to ICP-OES, with the light once 

again being separated into various wavelengths and analysed by photomultipliers. 

The main difference between these two categories is that with ICP, the atoms should 

comply with Boltzmann distribution for each state, and the radiation energy density for all 

transitions has the full radiator level of the system temperature [23, 24]. Boltzmann 

distribution defines probability distribution of temperature or energy for a system in order 

to retain the system in a particular state. To achieve this, it may be necessary for gas 

temperatures to reach as high as 15000oC. When in thermal equilibrium, the population 

density of any excited state has a known relationship [𝑎𝑖 ∝ 𝑒
−𝐸𝑖

𝑘𝑇⁄ ]  the density of the 

ground state (value of which is being sought). Where the 𝑎𝑖 is the system probability at 

state i,  𝐸𝑖 is state’s energy and K is the Boltzmann constant. However, with GD-OES, the 

gas and ions remain cold (<500K) but the electrons are hot (>10,000K) and this causes two 

issues.  Firstly, it is necessary for the instrument to function in a vacuum.  Secondly, thermal 

equilibrium conditions are not met, ground and excited state densities are no longer simply 

related and therefore the spectrum is more challenging to analyse and as a result accuracy 

is diminished.  

Laser-induced Breakdown Spectroscopy (LIBS) technique has a number of advantages.  

Firstly, sample preparation is not necessary, resulting in a more efficient procedure that 

reduces time and cost.  This immediacy, and the portability associated with the technology, 

enables the technique to be utilised in a wide variety of locations, from use in a surgery 

ward to eliminate cancerous growths, to soil sample analysis on space missions.  The rapid 

speed of analysis, aided by recent improvements to algorithms being applied in the field of 

spectroscopy, also helps in these regards.  Furthermore, LIBS does not require contact with 

a sample, which can mean delicate artefacts such as those assessed in archaeology can be 

more easily examined (though damage can still potentially occur due to the ablative nature 
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of the technique). It can be performed remotely, meaning LIBS can be deployed in 

dangerous contexts where it would be unsafe for a human to be near the sample. 

In more detail, the LIBS process involves the application of a short-pulse laser to a sample, 

resulting in ablation.  The huge energy of the pulse results in the ablated portion forming a 

plasma full of cations and free electrons.  The next stage – cooling – is crucial in the process, 

as during this phase atomic emission takes place.  There are various devices used for 

capturing the spectra at this point, though one common approach is the use of an intensified 

charge coupled device (ICCD) and spectrograph.  There is a unique spectral peak associated 

with each element, and this can be used as a reference to determine the nature of the 

sample's elemental composition. 

As our possible experimental data are clinical e.g. human breath, (including infant breath) 

or environmental e.g. water pollution, aerosols, VOCs, or methane leaking from natural gas 

pipelines, these techniques would not be very practical. An advanced form of Plasma OES 

which can operate without a vacuum, is portable, and possesses the capability to analyse 

gases, liquids and solids that can pass through the plasma would circumvent these 

problems.  

 

2.4. Plasma Emission Spectroscopy & Machine Learning 

 

Recent progress in the design and control of miniaturised plasmas systems has encouraged 

their application to new research fields such as plasma-based medicine, agriculture, gas 

reforming, catalysis and environmental pollution control. The associated non-equilibrium, 

low temperature (NELT) plasma devices are of simple construction, small, low cost and 

operate at atmospheric pressure. They can also provide high intensity light emission and 

therefore have the potential to act as an optical emission source for trace gas detection. 
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However high spectral variability can be expected with NELT plasmas [25]. Kudryavtsev 

et al. investigated gas analysis of CO2 at ≥ 500 ppm using a current probe technique 

integrated into a helium micro plasma, operating at sub-atmospheric pressure. Weagant et 

al. investigated the use of a low power atmospheric pressure Ar – H2 micro plasma and 

portable spectrometer to detect trace metal impurities [26]. The gas temperature was not 

specified but simple spectra containing a few high intensity metal lines were observed. 

Nevertheless, maintaining reproducible line intensities and background emission was 

difficult [25]. Trace metal detection has been demonstrated using RF-excited glow 

discharge emission spectroscopy at atmospheric pressure. [27]. Here the dried sample is 

ablated by the plasma which operates with a gas temperature up to 1500 oC and spectral 

variability up to 28% was reported. While trace metal detection by miniaturised plasmas 

may offer low cost portable alternatives to ICP-AES, the detection of trace molecular and 

volatile constituents represents a much greater challenge, especially for NELT plasma 

devices. High resolution optical emission spectroscopy of NELT plasmas containing 

molecular mixtures is often used to fit observed to simulated spectra in order to determine 

internal plasma parameters such as gas rotational and vibrational temperatures [28] as well 

as electron temperature and density [29]. We have carried out such analysis on similar 

plasma devices to that used here [30,31].  

Spectral data is often used to help determine the constituents of materials and can consist 

of, for example, measured values of radiation or mass intensity at fixed discrete 

wavelengths or mass values, respectively.  Chemometric and machine learning techniques 

have been applied where spectral discrimination is problematic. [32] The interpretation of 

optical spectra, from UV to far IR, depends on the experimental approach and the 

instrument resolution. Thus with absorption spectra, the concentration of a target species 

may be directly related to measured intensity through the Beer-Lambert Law. For emission 

spectra, a direct relationship between concentration and intensity, at a specific wavelength, 
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is only possible when the system is in local thermodynamic equilibrium, in which case it is 

given by the Boltzmann distribution which relates excited state densities to that of the 

ground state.  High temperatures are therefore required to obtain measurable emission 

intensities. For the low temperature emission spectra used here, thermodynamic 

equilibrium is not established and spectral data consist of a large number of lines where 

there is little a priori information about expected line strength and significance. Intensity 

values will follow a complex non-linear relationship with concentration. Line broadening 

via intrinsic or instrumental effects will create data values around each peak which may be 

highly correlated and redundant and/or merge peaks from different excitation states and 

species. In order to cope with such complexity, we aim to develop suitable machine 

learning algorithms for NELT plasma emission spectra to handle the expected challenges 

of high dimensionality, nonlinearity, redundancy and collinearity [33]. Recently, 

collaboration work in Ulster University between NIBEC Plasma group and AI group 

Computing developed a number of algorithmic approaches based on PLS-DA to 

characterise reflectance spectral data from portable optical and infra-red systems under 

uncontrolled and variable field conditions [34,35,36,37]. Algorithm performance was also 

compared with traditional laboratory-based absorption spectra. Emission spectra, by 

contrast, display a much larger number of sharp well-defined peaks with a wide range of 

intensities and thus the algorithmic challenges are heightened. Recently we have sought to 

investigate trace molecular gas analysis using NELT plasma OES. Preliminary trials using 

binary He – CH4 mixtures sought to establish the feasibility of this approach to detect the 

presence of CH4 [38].  In this work, we seek to extend this capability by investigating multi-

categorical models to allow estimation of the molecular species concentration range. 

Emission spectra from hydrocarbons (C2H2, CH4& C2H6) in helium mixtures, with 

concentrations from 0 to 100 ppm, were obtained from a low cost portable NELT plasma 

device. The gas mixtures also contained trace impurities from air and H2O of unknown 

concentration. Therefore, to build observation proximate to real world and compare the 
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effect of the other impurity on these mixture, other gases such as H2, N2, HO, helium and 

natural air are recorded individually. 

Though improvements have been made in building small plasmas for chemical analysis, 

but there are two major difficulties when dealing with spectra data from a computation 

perspective: firstly, the combination of collinearity and a high matrix component cause 

difficulty in identifying each concentration (model overfitting). Secondly, distinguishing 

gases (C2H2, CH4& C2H6) from each other can be challenging as all these three contain 

helium, carbon and hydrogen, while impurities present such as N, O, OH/H2O further 

complicated the process. As samples are recorded categorical, a supervised machine 

learning algorithm (SML) is a favourable tool for determining the connection between 

spectral features and related descriptors of the examined sample.  

To cope with limitations in this field, accommodating Partial Least Squares-Discriminant 

Analysis (PLS-DA) in proposed sensor is supportive. This is an algorithm useable in many 

contexts which specialises in predictive and descriptive modelling along with 

discriminative variable selection. It is also a recognized technique for handling high 

dimensionality via latent variables for binomial and multinomial classification of spectral 

data. However, as collinearity between these types of data is more than the standard level, 

PLSDA as a standalone algorithm may not cope with this problem.  To mitigate this in the 

present study, first it has been confirmed which of the aforementioned issues is the most 

significant by manipulating data via spectra segmentation and VIP feature selection. 

Second, utilising a ‘peak merging’ method to penalize the main algorithm and manage 

‘overfitting’. Full details of the algorithm and computational procedures are described in 

the next chapters. 
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Chapter 3 – OES DATA: Experimental Setup, Collection & 

Evaluation  

 

3.1. Equipment set up 

 

3.1.1. Initial view 

 

The main devices used to generate optical emission samples in this project was atmospheric 

pressure plasma. The type of plasma used was a low power and low temperature helium jet 

of simple construction and operating at atmospheric pressure. To produce plasma, helium 

flows through a quartz capillary with inner diameter of 2 mm in the middle of two aligned 

ring electrodes with 5 mm distance (Figure 1). The RF power will energise the electrode 

and causes helium to be ionised and creates free electrons [1]. This type of plasma cannot 

be compared to other plasma sources used for chemical analysis, e.g. ICP-torch. Its non-

equilibrium characteristics means that the electron temperature is much higher than the gas 

or ion temperatures and hence excitation intensities do not have a direct relationship with 

ground state species densities. In this study, as it will discuss in next sections, there is two 

different plasmas: plasma 1 that previously used to generate a number of datasets which 

were later analysed in this study. Plasma 2 used to extend the number of datasets and the 

gas types. The main differences between plasma 1 and 2 were the capillary diameter size, 

when plasma 1 had 0.7 mm internal diameter capillary and plasma 2 supplied with 2 mm 

capillary. This may cause major differences in the plasma generation and sample features. 

The plasma device that called plasma no. 2, and it is designed in a lightweight compact & 

portable model is illustrated in Figure 1.  
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                                  a)                                                                         b) 

Fig.1. a. shows plasma no. 2 device used in this project with connected plastic tube outlet 

to prevent air diffusion. The outlet is connected to 2 mm diameter glass capillary.  

Fig.1. b. shows plasma no. 2 from different perspective and its connected optic fibre. A pen 

is used parallel to plasma for comparing its proportion.  

Note: RF capillary plasma system operated with helium carrier at atmospheric pressure. 

The electrode gap was 5 mm. The main difference between these two plasma is ‘internal 

diameter capillary’ when plasma no. 1 had 0.7 mm internal dimension. 

 

 

The overall view of the apparatus and their connection in this project is shown in figure 2. 

Plasma device is located at the centre of a gas line network and is driven by RF power for 

gas ionisation. Presence of helium is necessary as a carrier gas for sustain of plasma when 

measuring different gases. The target species (CH4, C2H2, C2H6, N2, H2O, H2 or Air) are 

diluted in helium to reach the desired concentration. Mass Flow Controller (MFC) is 

employed to adjust flow rate of helium and other gases. Spectrometer works alongside with 

ocean view software (Ocean View Spectrometer Operating Software: Version 1.5.2) to 

measure wavelength scope.  
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Fig. 2. apparatus and its set up for measuring CH4 from He – CH4 mixture. Emission spectra 

of He – CH4 is obtained from a plasma operated at atmospheric pressure. The mixture can 

be replaced by other mixtures (e.g. C2H6, C2H2, N2) for recording their value. In this work, 

RF power generator (Cesar- RS232) connected to the plasma system when forwarded 

power (Wf) for all samples remained in a constant value of 90 w and the Reflected power 

(Wr) also could not exceed to more than 2% of Wf and usually retained at zero. Ocean 

Optics (HR4000CG-UV-NIR) spectrometer is connected from one side to the plasma via 

an Optic Fibre and from other side to the computer. Syringe pump and 30 ML syringe is 

set to inject air to the plasma. Mass Flow Controller (MFC) via two MKS-MFC is set to 

manage and quantify gas and liquid flow rate [2]. 
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3.1.2. Oceanview Software and Spectrometer 

 

 

In this work, the spectra were measured using an Ocean Optics HR4000CG-UV-NIR 

spectrometer (optical resolution < 1.0 nm FWHM, slit width 5 µm), with a total of 3648 

wavelength points in a range of 194 nm – 1122 nm (interval 0.25 nm). The spectrometer 

from one side is connected to optic fibre, and from other side connected to a computer 

where an Oceanview spectroscopy software process the data. The software benefit from a 

graphical user interface that it will able the end user changes the Integration Time (IT), 

background removal and save sample for a specified number of scans (Figure .3). As the 

figure shows x-axis assess the wavelength and y-axis measure the emission intensity that 

can be varied via integration time. The IT set generally to 8 second for most samples, 

however it decreases for some lower concentration to 4-6 second when the software shows 

intensity saturation. The software also has a peak metrics capability that may assist the user 

to distinguish different sample’s peak in a processed mode. 
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Fig.3. Ocean view software when recording samples (the red signal shows recorded 

sample). 

 

 

3.1.3. Syringe Pump 

 

Adding measured air to our recorded samples made them more practical and similar to real 

world data. The hydrocarbon and other gases are usually existing with many impurities in 

actual world that it will be described in next chapter. For this purpose, atmospheric air with 

different volume (0.5 ml, 0.1 ml, 1 ml, 5 ml, 13 ml, 16 ml) is included to hydrocarbon 

samples using a 30 ml syringe with 32 mm inner diameter and a syringe pump. The pump 

is capable of handling infusion syringes up to 60 cc (60 ml), using a drive-screw system 

(Figure.4). It has programmable phase that can configure the volume with rate key and 

adjust interaction with other devices.  
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Different volumes of air combined with hydrocarbon gas is measured and it seems the 

optimal value was 0.1 ml (100 ppm) as any value beyond may overload the samples with 

air’s nitrogen and causes suppression of the peaks.  

 

 

Fig. 4. Utilised syringe pump in this project when a 30 ml syringe is located at its drive-

screw. 

 

 

3.1.4. Experimental Calculation 

 

The gas mixture was prepared to national physical laboratory standards with a certified 

tolerance filling value of approximately + 5%. Therefore, a requested filling value of 100 

parts per million (ppm) mixture can be charged with 95 ppm. There is a necessary unit 

conversion as our gas data are recorded in ppm, and MFC measure unit was either Standard 

Litre per Minute (SLM) or Standard cubic centimetres per minute (SCCM). For this reason, 

division of requested ppm by total gas mixture provides SLM value. Then the conversion 

formula would be:     gas slm value=requested ppm/ certified filling mixture value.  

Table 1 shows the calculated ppm for helium and C2H2 proportion in SLM unit for 17, 23 

and 30 ppm C2H2. The certified filing value for C2H2 mixture is 95 ppm. 
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PPM helium 

(slm) 

C2H2 

(slm) 

17 0.821 0.179 

23 0.758 0.242 

300 0.684 0.316 

                                                Tabel.1. ppm calculation in SLM  

                                                     unit for helium & C2H2. 

 

The total slm calculation for helium and any requested measured gas (here C2H2) should 

reach to 1 slm altogether (e.g.  for 17 ppm C2H2, the overall slm would be: helium (0.821) 

slm+ C2H2 (0.179) slm=1 slm).  

 

3.2. Data Collection 

 

CxHy–He spectra were obtained from an RF (13.56 MHz) excited plasma formed in a quartz 

capillary between two exterior ring electrodes (separation 5 mm) while helium was used to 

sustain the plasma. The capillary outlet was a large distance (~50 cm) from the plasma to 

minimise atmospheric impurity back-diffusion.  

In this study, two plasmas are utilised to measure samples; plasma no. 1 with a special 

structure and covering chamber that had least air diffusion and plasma no. 2 which was 

portable, but may record sample with more impurity. CH4 - He data from plasma no.1 was 

collected in two datasets, where datasets A and B comprise 523 and 720 samples in nine 

(0, 1, 2, 4, 6, 12, 23, 77, 100 ppm) and eight (0, 1, 2, 4, 6, 23, 77, 100 ppm) CH4 

concentrations respectively. Three spectrums belong to different concentration are 

indicated in figure 5 while intensity change between samples. To build observation 

proximate to real world and compare the effect of the other impurity on these mixture, other 

gases such as H2, N2, HO, helium and natural air are recorded via plasma no 2.  
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Fig.5. Illustrative spectra from samples with 0 ppm, 2 ppm and 100 ppm CH4, truncated to 

the wavelength range 194 – 1150 nm. Category increment will cause a boost in peaks 

number and lead these data to a categorical nature. It seems four most visible lines belong 

to helium spectrum (0-ppm CH4) corresponds to wavelengths of 588, 686, 706, 781 (nm). 

These lines can be identified through other CH4 ppm spectrum. 

 

In general, 3648 variables (wavelength) are recorded and collected data in each session 

sum up in a single matrix as shown in figure 6. As it is shown in this diagram, usually 

sample for different categories are in column when wavelength set in rows. In this study, 

the term ‘category’, ‘spectra’, ‘concentration’ and ‘ppm’ are interchangeable and all may 

refer to the recorded sample. Meanwhile, in many places, the wavelength is referred to as 

‘variable’.  
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Fig.6. All categorical sample are set in columns and variables (wavelength) in rows. Each 

sample contain 3648 variables. 

 

 

Total recorded sample (plasma 1&2) and their concentration are summarised in table 2 

where each category population can vary from 70 to 100.  

 

Plasma 1 

 

Category (ppm) Plasma 2 Category (ppm) 

 

CH4/He (A) 

0, 1, 2, 4, 6,12, 23, 

77, 100 

 

CH4/He 

0, 1, 2, 4, 6, 12, 17, 23, 30, 40, 

47.5, 60, 77, 85, 95, 99 

 

CH4/He (B) 0, 1, 2, 4, 12, 23, 77, 

100 

C2H2/He 0, 1, 2, 4, 6, 12, 17, 23, 30, 47.5, 77 

 

C2H2/He 

 

0, 1, 2, 4, 6,12, 23, 

77, 100 

C2H6/He 0, 1, 2, 4, 6, 12, 17, 23, 30, 40, 

47.5, 60, 77, 85, 95, 99 

 

C2H2/He/H2/air 0, 1, 2, 4, 6,12, 23, 

77,  98 

N2/He 1, 2, 4, 6 

H2/He 0, 1, 2, 4, 12, 23, 77, 

100 

H2O/He 15, 30, 50, 77, 100, 300, 500 

  air 100, 500, 6000, 13000, 16000 

helium 1 (slm) 

 

Table.2. Summarising all collected sample from plasma 1&2 with their concentration. 
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Figure 7 compares samples from each mixture, those were recorded via plasma 2 apart 

from H2 that it was collected with plasma 1. As this figure shows ‘air’ and ‘N2’ have 

similarity in term of peak clustering at wavelength interval approx. 300-400 nm, although 

it will discuss in chapter 5 that the atmospheric air contains 78% nitrogen [3]. In contrast, 

as it shown in table 2, H2 is recorded via plasma 1 (smaller diameter capillary) where air 

diffusion was very limited compared to plasma 2, therefore, it may possible to find the 

reason for present of less peak for H2 at mentioned wavelength interval. As the figure 7 

shows, this is also possible to observe homogeneity between hydrocarbon samples. This 

feature can challenge the algorithm for gas identification and concentration classification.  

 

 

 

 

Fig.7. spectrum belong to CH4, C2H2, C2H6, H2O, H2, N2, air & helium. Note the 

concentration varied for each gas, i.e. for CH4, C2H2, C2H6, H2, N2 is 6 ppm, 15 ppm H2O, 

100 ppm air and 1 slm helium. 
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In this work, from a computation perspective, there are two major difficulties when dealing 

with spectra data: firstly, the combination of collinearity and a high matrix component 

cause difficulty in identifying each concentration (model overfitting). Secondly, 

distinguishing gases (C2H2, CH4 & C2H6) from each other can be challenging as all these 

three contain helium, carbon and hydrogen, while impurities present such as N, O, OH/H2O 

further complicated the process.  

 

3.3. Peak Evaluation 

 

The main spectral lines are listed in Table 3 in rank order of intensity at 1 ppm CH4 (from 

plasma 1) and intensity values relative to the maximum at 588 nm are indicated. Using 

spectral intensity data, species involved in specific transitions are listed. There are 4 classes 

of species i.e. helium, carbon-based (C I, C II, CH etc.), hydrogen based (H I, H II, etc.) 

and impurities (e.g. N, O, OH/ H2O). The impurities (if there are any) are at trace levels 

and their concentrations are unknown. However, impurity lines, representing species 

derived from air (N2, O2, OH), are noticeable with intensities up to 20% of the maximum. 

The visible peaks can include all rotational, vibrational and electronic excitation levels of 

atoms, molecules and ions. No peak, except possibly near 516nm, can be assigned 

unambiguously to any particular species.  
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Rank 

Peak 

 wavelength 

(nm) 

 

Relative 

Intensity 

 

Species 

1 588 1.00 He, C I 

2 706 0.80 He, CII 

3 656 0.68 H, C I, O I, N II 

4 336 0.52 He I, C I, Impurity 

5 778 0.51 OI, Impurity 

6 391 0.43 He I, CN, CII 

7 516 0.36 C2 Swan 

8 358 0.24 He I, C I, Impurity 

9 309 0.22 CN, He I, O II 

10 431 0.21 CH, H 

 

Table. 3.  Main OES peaks of CH4 - He listed in rank order of intensity as observed for CH4 

spectra (group A). The relative intensity column values are calculated with respect to the 

maximum peak intensity (588 nm) at 1 ppm CH4. 

 

 

As table 3 illustrates, the same wavelength can assign to up to 3 other species. This is partly 

due to the complexity of the spectra and uncertainty in wavelength assignment. The only 

detectable lines that may be attributed to CH4 fragmentation are CH (A – X) (431 nm) 

which overlaps with H2 (figure 8) and C2 species (516 nm and surrounding).  
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Fig.8. Comparing 0 &100 ppm CH4 in wavelength interval ~ 350-565. The peak 431 nm 

(100 ppm CH4) is quite obvious when comparing with 0 ppm.  

 

The integrated line intensity taken over the range 431 nm ±3 nm exhibits an approximately 

constant value at low concentrations, suggesting that CH emission may not be significant 

until 4 ppm, where the intensity is noticeably enhanced. The H line intensity at 656.56 nm, 

which may derive from H2O dissociation and/or CH4 fragmentation, varied approximately 

linearly with CH4 concentration and at ≥ 77 ppm was greater than that of the main He line 

(588 nm). For 3 samples with 0 ppm, the peak wavelength changes from 587.4 to 587.9 

due to uncertainty arising from spectrometer resolution (Figure 9). This amount of variation 

is large enough to overlap other peaks of other species.  
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Fig.9. wavelength variation (at 587.4, 587.7 & 587.9 nm) for 0 to 100 ppm CH4. For pure 

He, at 0 ppm the average intensity of all samples is shown +/- 1 standard deviation, also 

shown with the red dashed lines. Similar averages +/- 1 std. dev are shown for added CH4 

concentrations showing that the hydrocarbon induced change in helium spectrum is below 

the inherent He spectrum variability for concentrations up to ~ 23ppm. As it can be 

compared the helium peak (0 ppm CH4) is very changeable and not following specific 

pattern. 

 

 

In figure 10 the peak heights (relative to the average for 100% helium) for the main 

wavelengths are plotted with increasing CH4 ppm. The helium peak remains almost 

constant up to 23 ppm, then decreases. The helium peak variation with ppm is similar to 

the within sample standard deviation for 100% helium. The other peaks fluctuate erratically 

and it is obvious that the data is very changeable and not following a specific pattern in 

each sample. For species represented by peaks at every ppm, it is not possible to 

unambiguously assign them to carbon and it is likely they are from impurities. Therefore, 

the change in intensity of a single or set of peaks cannot be used to guess the associated 

category concentration.  
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Fig.10. Five possible carbon related peaks and their relationship to methane concentration 

in the CH4 - He dataset. As it mentioned above, all CH4 concentrations are diluted in helium. 

 

 

3.4. Algorithm Selection  

 

The overall objective is to develop an algorithmic solution to the task of recognising an 

unknown spectrum as a member of one category. Initially, the performance potential of 

four different algorithmic approaches was investigated using the Receiver Operating 

Characteristic (ROC) curve, figure 11, for a single category (0 ppm CH4). As it was 

previously found with infra-red spectra [4][5], the PLS-DA algorithm shows the best ability 

to distinguish spectral data from any two groups. For example, in this case distinguishing 

0 ppm CH4 concentration from those ≥ 1 ppm CH4, the area under curve (AUC) was > 98% 

for PLS-DA while Linear Discriminant Analysis (LDA) [6] demonstrates the poorest 

classification at 64%. Both Weighted K-Nearest Neighbour (WKNN) [7] and Support 

Vector Machine coupled with Principal Component Analysis (SVM-PCA) [8] [ 9] show 

intermediate performance. Model performance on each concentration is shown in table 4. 
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Fig.11. Comparison ROC for four algorithms (PLS-DA, WKNN, SVM-PCA and LDA) on 

CH4 - He spectra. Roc curve shows binary result between 0-ppm (helium) and 1-ppm 

methane. 

 
 

 

AUC % 

         ppm     
 
 
Algorithm 

0 1 2 4 12 23 77 100 

PLS-DA 98 67 97 100 98 100 97 98 

W-KNN 88 93 68 75 89 68 97 100 

SVM-PCA 72 60 50 82 78 40 98 98 

LDA 64 81 80 95 76 98 94 82 

 

Table 4. Comparing algorithm accuracy for each concentration. As the result shows PLS-

DA & W-KNN are better fitting as compare to other two. 

 

 

In next section, the PLS-DA algorithm will be discussed in three sequence stages via 

explaining two other prerequisite algorithms, i.e. Least Square (LS) & Partial Least Square 

(PLS). Furthermore, W-KNN is compared with PLSDA as a second performance algorithm 

when it will be examined on hydrocarbon species. 

 

 

 

 



47 
 

 

3.4.1.  Least Square (LS) 

 

In regression theory, the initial regular procedure is to find the trend of data via a linear fit 

[10,11]. Green dots in figure 12 shows data points and two lines (blue &red) have been 

randomly adjusted to this data set (Figure 12.a.). The equation of these two line can be 

written as: 𝑌 = 𝑋 ∗ 𝐵 + 𝐸 [12]. where ‘𝐵’ is the slope of the line and can call regression 

coefficient and ‘𝐸’ can be consider as the intercept. The best fit between these two line 

would be the one that can make the least distance between the line and each data point. If 

the value of each data in this data set consider as (𝑋𝑖, 𝑌𝑗), then the distance between all 

data points and the line can be measured via:  

(𝐸 – y1) + (𝐸 – y2) + (𝐸 – y3) +……+ (𝐸 - yn). Certainly, any less result from this equation 

can confirm the points are closer to fits. However, this may not easy to select the optimal 

fit via visualization, but as the dash arrows in diagram 12.a show blue fit has a greater 

distance to most data points as compare to red fit. Therefore, the red line may a preferable 

fit as compare to blue (Figure 12.b) and can be entitled as a Least Square (LS) fit.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  a)                                                                             . b)  

                                                             

 

Fig. 12.a. Adjusting two line (blue & red) to dataset and measuring their distance from each 

data point via dash arrow.  

X 

Y 

X 

Y 
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Fig. 12.b. Selecting best fit (Least Square) between red & blue line in diagram 2.a. 
 

 

The assumption with Least Square as a classifier is that samples are distributed normally 

and uncorrelated. This algorithm may not be a perfect classifier if the samples have serial 

correlation (collinearity) or when the number of dependant variable(Y) is more than 

independent variable (X) (high dimensionality). The algorithm may fail completely when 

above expectation cannot be met and Partial Least Square (PLS) can be a superior substitute 

[13]. 

                                                                 

 

3.4.2. Partial Least Square (PLS) 

 

Partial Least Square (PLS) is a regression algorithm that reduces the number of predictors 

and observations to smaller number of components, called Latent Variables (LV) and 

conducts Least Square regression on these component sets.  [14]. Therefore, the difference 

between least square and Partial Least square is that instead of fitting a direct model 

between X and Y, PLS decomposes X and Y into Latent Variables T and U as shown in 

figure 13.  

 

 

   

 

 

 

 

 

Fig.13. Fitting separated models (T & U) to observation and predictor instead of fitting a 

single model between X & Y. Here, T & U are Latent Variables (LV) for each set. 
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Thus, the regression equation for these two lines can be written as:  

                                                  𝑋 = 𝑇 ∗ 𝑃′ 

                                                  𝑌 = 𝑈 ∗ 𝑄′ 

where P and Q are orthogonal matrices of loading matrix X and Y respectively (i.e. 𝑄′ ∗

 𝑄 = 𝐼, 𝑃′ ∗  𝑃 = 𝐼). Please note (') above each letter can be sign of matrix transpose. 

The trend of prediction from initial X & Y can be achieved by calculating ‘weight’ 

(multiplying X & Y). weight is a prerequisite for calculating X scores matrix (T); and T is 

prerequisite for calculating X-loading matrix (P) and Y-loading Matrix (Q). Then Y-score 

matrix (U) can be drive by multiplying Y& Q.  

Therefore, weight (W) can be calculated. 

W = X′ ∗ Y  

and then T can be achieved via:  

T = X ∗ W     

Loading matrices P can be drive via:  

P =
X′ ∗ T

T′ ∗ T
     

Prior to calculate U, (Q) is required that can be derived via: 

Q = Y′ ∗ 𝑇  

then U can be attained via:  U = Y ∗ Q 

 Then a least square model can be fitted between T and U via: 

                                                    U = T ∗ B.   

Where the regression coefficient B can be achieved via:  

B =  
U′ ∗  T 

T′ ∗  T
 

Finally, the Partial least square model can be defined as: 

                                              Y = X ∗ (P ∗ B ∗ Q′). 

i.e. the regression coefficient for PLS algorithm would be: P ∗ B ∗ Q′;  
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E and F are the residuals that can be derived via: 

E = X − (T ∗ P′) 

F = Y − (U ∗ Q′) 

 

3.4.3. Partial Least Square Discriminant Analysis (PLS-DA) 

 

Classification with PLS is termed Partial Least Square Discriminant Analysis (PLS-DA) 

where DA represents discriminant analysis. This classification technique can deal with 

multivariate and high dimensional data when it can reduce the number of independent 

variables X or samples to latent variables with a maximum covariance with the 

corresponding dependent variable Y or classes. This algorithm has favourable properties 

over other algorithms when applied to spectral data. It can provide weight and model’s 

Variable Importance on Projection (VIP) that can be utilised to identify variables which 

participate most in the model [15]. Also comparison of loadings and scores plots can help 

to discover important variables in each class [16] [17] [18]. As described in previous 

section, PLSDA represent best model performance on our CH4 - He spectral data.  

To change the regression (PLS) model to classification one (PLSDA), a dummy matrix can 

be defined for Y variables by setting its value to one, if the samples are in the group and 

zero if not. As the regression results usually have not an absolute value of zero or one, then 

a threshold set to decide the identity of the samples (values closer to one would be assigned 

into class and values closer to zero would not be assigned into the class). In a dummy 

matrix, the rows are equal to observation (sample) number and column are equal to 

categories launch to the algorithm. Figure 14 shows an example of how this matrix 

categorise 8 samples. 
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Fig.14. PLSDA Dummy matrix. A sample can be allocated to a category (ppm) if the 

algorithm assigns one to it and may not allocated if it receives zero value. 

 

3.4.4. Distance weighted k-NN algorithm 

 

K - Nearest Neighbour (KNN) is one of the most widely known supervised learning 

algorithm in pattern recognition and classification [19]. This approach is known as a non-

parametric technique, since the algorithm does not prejudice assumptions about the 

probability distribution of input data. Therefore, it may be a good choice for a collinear 

dataset. This technique retains a total training set during learning and assigns to each new 

unlabelled query point a label corresponding to the majority vote of its KNN in the training 

set. The basic calculation of this algorithm is upon an arbitrary distance function. 

Euclidean, Manhattan and Minkowski are well known distance metric determinations of 

this method. 

Let  C = {( 𝑎𝑖 , 𝑏𝑖)}  denote training set, where ‘𝑎𝑖’ training vector and ‘𝑏𝑖’ corresponding 

class label.  KNN algorithm can classify a new data point of CH4 - He (𝑎′) with the label 

that is most common between the k nearest neighbours from 𝑎′ inside the training set C. 

Therefore, for a given query 𝑎′the unknown class 𝑏′can be formally written:  
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                                𝑏′ =  𝑎𝑟𝑔 𝑚𝑎𝑥 ∑ ∆(𝑏 = 𝑏𝑖
𝑛

(𝑎𝑖
𝑛,𝑏𝑖

𝑛) )          (1) 

Where 𝑏𝑖
𝑛 shows the class label of the 𝑖𝑡ℎ nearest neighbour, 𝑏 is a class label and ∆ call 

response function. 

Considering the neighbours equal in the procedure of majority voting by the response 

function without paying attention to their distance to query point may cause an issue. 

Hence, to deal with this problem, a refinement version of the 𝑘𝑛𝑛 call 𝑤𝐾𝑁𝑁 is introduced 

[20] when the distance function assigns the heaviest weight to the closest neighbour of the 

query point and lightest weight belongs to the remotest point [21]. Therefore, this can be 

directed by weighting the votes of the neighbours in conformity with their distance. If the 

weight of the 𝑖 − 𝑡ℎ nearest neighbour is denoted with 𝑤𝑖, then the eq. (1) can be modified 

in the following way: 

                           𝑏′ =  𝑎𝑟𝑔 𝑚𝑎𝑥 ∑ 𝑤𝑖  ∆(𝑏 = 𝑏𝑖
𝑛

(𝑎𝑖
𝑛,𝑏𝑖

𝑛)  )      (2) 

 where the weight can be calculated with an inversion kernel function: 

                                     𝑤𝑖 = 
1

𝑑(𝑎′ ,𝑎𝑖  )
2                          (3) 

Hence, extending KNN to WKNN version requires counting distance followed by 

converting it into a weight by applying a kernel function [22]. If the weighting process 

applied to CH4-He data, the algorithm can be modified to a global one, while all the training 

samples can be used instead of applying just ‘k’ nearest neighbours. However, it may cause 

more computational time and slow running process. In this work, KNN will perform a 

binary classification between 0 and 100 ppm. The sample intensity will be considered as 

the input or training set when the output could be the class or ppm. Prior to apply KNN 

algorithm, the data filter via pre-processing algorithm that has been described at the end of 

this chapter. 
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Figure (15) demonstrates 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝐾𝑁𝑁 search on CH4-He dataset while applying 

Euclidean distance. The assumption is that the sign (×) denotes a new unlabelled sample, 

green dots methane (100 ppm) and red one helium data (0 ppm). As the figure describes, 

implementing 𝑤𝑘𝑛𝑛 with choice k = 7 causes all seven dots nearest unclassified point (×

) can be identified with blue circles. In this case, definitely, the unlabelled point can be 

identified as a helium when all selected nearest neighbour belongs to helium samples. 

 

 

Fig.15. Applying WKNN on CH4-He dataset using Euclidean distance. 

 

The choice of k is another issue that should be considered cautiously in this algorithm when 

too large k may cause comprising many unrelated classes and oppositely, too small k 

pushes the algorithm to select noise points [23].  
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3.5.1. Cross Validation(CV) 

Cross validation is a technique use for evaluating how well an algorithm works and 

assessing model ability on unobserved samples [24]. For this purpose, the data is divided 

into two parts containing the training and test samples respectively. This method can call 

Hold-Out CV, and usually the split of training data is more than validation part.                                                                                              

This can be challenging to assign which subset of data and in what population as a test or 

train. K fold cross validation approach can solve this complication via splitting dataset into 

‘K’ cluster (fold) of equal size and perform train and test uniformly through all subsets 

[25]. ‘K’ is the number of dataset partitioning. In a 4-fold cross validation, the total number 

of dataset will have divided into 4 block regardless of the sample type and category. In each 

session one block can be consider as a test when other are training block. Each session will 

provide one accuracy that finally k-fold-CV result can be obtain via average accuracy of 

all sessions (Figure 16). 

 

 

 

   

                                   

 

 

 

 

 

 

 

Fig.16. Four-fold CV (in each session one block is test and three others are training sets). 

The final result can obtain via average of entire sessions (
X1+X2+X3+X4

4
). 
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3.5.2. Leave One Out Cross Validation 

 

Leave one out cross validation (LOOCV) is a special case of k-fold cross validation that 

test each sample against all other individuals [26]. Therefore, if a dataset contains n number 

of samples, LOOCV can be repeated n times. Therefore, k=n. Figure 17 shows how 

LOOCV can perform on four samples when k=4.   

 

 

   

 

 

 

 

 

 

 

 

 

  

Fig.17. LOOCV for 4 sample. The K value is equal to number of samples.  This CV will 

be repeated four times (iteration is equal to sample number). 

 

 

However, this CV technique may increase the computational time and cause high variance 

[27], but as our data are categorical, this approach may have a higher probability of success 

in examining algorithm performance on each sample against other; i.e. in each LV, one 

category will be validated with the model that trained with all categories. Figure 18 shows 

applying LOOCV on raw CH4 data from A group when LV=15. In this approach, the cross 

validation algorithm validates each sample against other in each LV. Increasing the number 
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of LV improve the model performance up to 98% for LV=15. This process will discuss via 

protocols in next chapter precisely. 

 

 

Fig.18. Applying Leave One Out Cross Validation on CH4-He(A) dataset. PLSDA 

LOOCV’s iteration is usually equal to the number of latent variables. Here, 15 latent 

variables are considered.  

                

 

3.6. Collinearity 

Collinearity can be described as an issue when two independent variables or dependent 

predictors have a linear relationship [28]. Muticollinearity can occur when more than two 

variables are involved in collinearity. In correlated samples, any variation in one sample is 

linked with a change in another sample. An emission spectrum in theory consists of a series 

of line transitions i.e. a series of peaks, each one variable wide. However, in practical 

measurement each peak is broadened to span many variables, maybe up to 20. Each 

variable in a broadened peak would be related since they are determined by the same atomic 

or molecular transition and therefore a high degree of multicollinearity can be expected 

with emission spectra. Multicollinearity may cause an unfavourable effect on regression 
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estimation or sample classification leading to poor algorithm performance. A correlation 

coefficient, ranging from -1 to +1, can be used to measure the collinearity or variance 

between two variables, with 0 representing no correlation. [29]  

The conventional perspective to interpret the correlation coefficient is given in table 5 [30], 

[31], [32]. 

Correlation coefficient Collinearity evaluation 

0-0.1 Insignificant (negligible) 

0.1-0.4 frail 

0.4-0.7 average 

0.7-0.9 strong 

0.9-1 very strong 

 

Table. 5. Correlation coefficient interpretation. 
 

 

 

Figure 19 compares the scatterplot and related correlated coefficient between nine CH4 

categories from plasma 1 and same process is conducted for eight C2H2 categories from 

plasma 2 (Figure.20). 
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Fig.19. Scatterplot belong to 9 samples of CH4-He (A) dataset. The covariance between 

pair of PPMs measured in each subplot; i.e. X&Y represents compared PPMs. The pink 

line shows correlation coefficient between each two categories. Note: these sample are 

recorded via plasma no.1.  

 

As the figure 19 show all CH4 samples encounter a strong collinearity when the coefficient 

varies in a range of 0.71 (lowest magnitude between 1 ppm and 77 ppm) and 0.88 (highest 

magnitude between 77 ppm and 100 ppm). However, the collinearity may slightly improve 

when dealing with C2H2 samples from plasma 2, but still a powerful correlation can be 

observed when comparing trace concentration with their adjacent category (i.e. 1 with 2, 4 

with 6 and 6 with 12 ppm).  The least collinearity –with correlation coefficient of 0.51- can 

be noticed with C2H2 dataset between 1 and 77 ppm. 

 

Fig.20. Scatterplot and correlation coefficient between 8 samples of C2H2 - He dataset. 

Note: these sample are recorded via plasma no.2. 
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3.7. Overfitting 

 

Overfitting is a fundemental issue that may cause algorithm can not perform properly from 

train sample to test samples. This phenomenon reflects the situation where a model 

performs well when fed training data only but then the performance suffers when fed test 

data. This indicates that the model has been forced during the training process to fit too 

closely to the training data and has lost generality. 

Generaly, this may happen because of model complexity, presence of noise, collinearity or 

access to limited number of training samples [33]. Basically, any machine learning model 

suffering from overfitting, may have high variance (Figure 21). An ideal algorithm may 

require amount of variance to observe the hidden underlying sample from training set to 

unseen data, but this variance should not limited to an individual training data. In contrast, 

the model with excessively low variance may target to high bias [34].  A satisfying model 

can achieve prediction performance via a balance of variance and bias. 

 

 

                

Fig.21. green dots shows class 1 and red dot are class 2. Blue line or curve shows the model 

in all three examples. L.H.S. shows a model with high bias when significant number of red 

class samples are located below the blue line and considered part of the green class. i.e. 

there is a high number of misclassified samples (underfit model). Middle: shows a model 

with high variance when the algorithm just have excessive variance and learnt these 

samples. Approximately, there is no fault in this classification and model shows 100% 

accuracy (overfit model). R.H.S. shows an ideal model when there is a proper separation 

between classes and model is flexible enough to identify most unseen samples. As the 

figure shows there is a few misclassification around the border. 

 

 

Elimination duplicate sample, dataset expansion and aggregate homogenous variables may 

help to cope with data collinearity and model overfitting. In this study duplicate samples 
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have been abolished via PLSDA latent variable, but collinearity and subsequent model 

overfitting remains even with increasing the amount of data.  

 

3.8. Pre-Processing 

 

Raw data is normally noisy and can contain a significant degree of redundancy and 

inconsistency. The pre-processing steps will assist in the first stage of data mining to cope 

with these challenges. However, pre-processing techniques should be applied with care, as 

they can assist minimise undesirable variations, but could decrease net analyse sign of 

interest. In the following section, some potentially useful pre-processing steps on the 

hydrocarbon datasets are examined before this data is fed into the main training and testing 

algorithm. However, some of the available pre-processing approaches were found to be 

unsuitable for this study when they have been tested on samples.  

 

3.8.1. Baseline Correction 

The most important pre-processing step was ‘baseline correction’ since all spectra contain 

a significant continuum emission in the middle of wavelength range and cause the baseline 

value to vary from peak to peak (Figure 22). Flat spectra with equal baseline and alignment 

with the x-axis is important since the algorithmic analysis depends on relative peak heights.  
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Fig.22. Raw samples without baseline correction. Spectral baseline deviation from 

original base level can be seen in wavelength interval ~ 300-900.  

 

Different experimental conditions or even variations in ambient temperature during data 

measurement cause the spectral baseline to deviate from its original base level. Baseline 

uneven intensity shift is a frequently occurring phenomenon in many types of spectral data 

that may be caused by background noise. For applications that require consecutive 

procedure such as peak detection, baseline correction may be important. This problem may 

cause a negative effect on further steps, especially on feature extraction when an expected 

zero is measured as a positive value [35]. This problem can be solved in two stage: firstly, 

a polynomial curve will be fitted to the base of samples to estimate continuum emission 

and deviation and in second step the difference between deviated polynomial curve and x-

axis (called background) will be subtracted from original samples. Therefore, a smooth and 

flexible curve can be designed to move slowly through the baseline of the spectral and 

avoid the jump of the peaks (figure.23). 
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Fig.23. Designing a flexible curve through the baseline of spectra.  Blue line shows an 

average of 90 samples from the 9 ppm CH4 - He dataset. 

 

 

In this approach, the wavelength is considered as the separation unit, while a ‘shifting 

window’ is a dependent parameter of wavelength with a ‘window size’ of 10, a spline 

interpolation method was used to regress the window with a quantile value of 0.2550 (~ 

wavelength interval) [36]. This technique is performed via trial and error procedure as the 

peak spike varies through spectra. 

The background can be estimated via the red polynomial function applied in figure 23. 

There is an intensity jump (approx. 600 unit) in the baseline in the wavelength interval ~ 

400-600 nm, figure 24. Regions of the background line that go below zero are then 

eliminated (set to zero).  
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Fig.24. Subtracted background from 9 ppm CH4 - He using adjusted baseline correction. 

Coloured lines in the figure represent different sample of 9 ppm. 

 

Figure 25 demonstrates corrected baseline for 9 ppm CH4 - He data after baseline correction 

and background subtraction. 

. 

Fig.25. Corrected baseline & background removal for 60 samples of 9 ppm CH4 – He. 

   The colour around 700 nm shows the area which samples are not overlapped. 
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3.8.2. Standardization (Auto-scaling) 

 

Samples from the same category (ppm) may have different peak intensity ranges (max – 

min) while retaining equal relative heights among sample peaks. Standardization is a 

weighting procedure which results in each category in columns being scaled in proportion 

with other samples. While categories have various scales because they are based in diverse 

peaks, the importance and effect of the values are not equivalent to their information 

content [37].  Standardization results the intensity capacity of each sample can be changed 

to the specific value. This technique can be used for OES spectra which often suffer from 

a fluctuation in the plasma output. 

This problem can be solved in two steps. Firstly, perform mean centring of the samples in 

each column (subtracting the mean (𝑚) of data), which results in changing of data position 

towards the mean. For this purpose, the mean spectrum is subtracted from each data point, 

then, divide the result of the first step by the standard deviation (𝑠𝑑) of that spectrum 

(column). The equation can be written as follows: 

 

                                                  Bij(A) =
Bij−mi

SD
               

Where 

i = wavelength variable counter in each row 

j = sample counter of ith row  

Bij= Data point value in each column 

mi = The mean value of each column 

SD= Standard Deviation of each column 

Bij(A)= Auto scaled column (spectrum) 
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This technique is a valid approach to amending variable scaling since it corrects each 

spectrum individually. One benefit of this type of scaling could be for different samples 

which would have different Mean/SD values and standardisation would then penalise the 

dataset with the largest SD. Figure 26 shows applying auto-scaling algorithm on 90 samples 

of 1-ppm C2H6 - He. 

a)  

 b)         

Fig.26. a) 1-ppm C2H6 - He before applying auto-scaling algorithm. As the figure shows 

the intensity normally will reach above 12000 units. b) 1-ppm C2H6 - He [same samples 

shown in figure 26.a.] after applying auto-scaling algorithm. As the figure shows the 



66 
 

intensity has been decreased to 15 units with standardization. The occasion blue lines are 

the part of samples that are not overlapped. 

 

3.8.3. Noise reduction filter (Savitzky-Golay Smoothing) 

Noise can be described as unwanted signal present in data. Low resolution OES sensors 

usually introduce noise into samples which further adversely affects the results of PLS-DA 

algorithm analysis. To cope with this problem, it is necessary to introduce a noise reduction 

algorithm which moves through the data set and ensures that only important patterns 

remain. This project benefits from Savitzky-Golay smoothing algorithm as this technique 

is effective at maintaining the shape of the original data as well as being a useful method 

in cases where data varies rapidly [38] [39] [40]. Generally, this filter fits a polynomial 

least square function (𝐹𝑖) on to the set of data points (𝑀𝑖). The value of the polynomial 

function at (𝑀𝑖) provides the filtered value of (𝐹𝑖). The smoothing filter [41] can be written 

as follow:  

                                                         𝐹𝑖 = 𝑝𝑖(𝑀𝑖)        

To adjust this function, two parameters are required:  

a) Polynomial degree (M)  

b) The length of the interleaving function, which can be considered as NL (the number of 

points to the left of 𝑀𝑖) and NR (number of point to the right of 𝑀𝑖).   

In this work, M=2 which appears to be the most optimal for our project. After applying the 

filter algorithm to CH4 data, the smoothed curve can be shown as figure 27. For smoothing 

100 ppm CH4, intensity points are replaced by the M value of polynomial function for each 

sample. As the SG filtering procedure is a linear approach, the number of input are very 

limited; i.e.  parameter NL=NR=3. Therefore, for sample with 3648 variables, the windows 

make a moves of 608 times. This value can be achieved via dividing intensity length by the 
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neighbour parameters (here windows=6) of each data point.  As the figure shows, Savitzky-

Golay algorithm manages smoothing without loss of resolution in cases where data is 

locally well-fitted by a polynomial function. 

 

Fig.27. Red curve shows applying Savitzky Golay smoothing filter on 100-ppm CH4 at 

wavelength interval (~ 395-450). Blue curve is the main signal. 

 

From above pre-processing method, standardization and baseline correction were found to 

be suitable for OES data when they have been tested on samples. Applying Noise reduction 

filter (Savitzky-Golay Smoothing) algorithm shows a fluctuate result through LVs. The 

result of the pre-processing algorithms will be discussed in the next chapter. 

3.9. Conclusion 

In this work, the data were collected via low temperature plasma and measured with an 

Ocean optics spectrometer in a wavelength range of 194 nm -1122 nm. The total samples 

were collected on two different occasions using two different types of plasma (‘Plasma 1’ 

and ‘Plasma 2’).  Plasma 1 allowed less air diffusion to the system due its specific structure 

and smaller diameter capillary.  Each hydrocarbon species is recorded in the 1-100 ppm 

range. The number of peaks increased when going towards higher hydrocarbon 



68 
 

concentrations. Each individual peak can be assigned to at least two species without being 

definitively linked to any specific species, other than peak 431 nm, which confirms the 

presence of CH radicals. The other main problem with this data is high dimensionality; 

PLSDA is recognized as the best algorithm to deal with this problem. Another difficulty 

with this data is model overfitting that may result from samples' multicollinearity.  

Some pre-processing may be necessary since OES data usually are prone to baseline spikes.  

Therefore, the data was filtered by the pre-processing algorithm before being fed to the 

main PLSDA algorithm. The comparison result of the pre-processing samples and raw data 

will be shown in the next chapter. 
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Chapter 4 – Hydrocarbon Classification 

 

4.1. Introduction 

 

As discussed in the previous chapter, PLSDA is recognized as the best algorithm to deal 

with our OES data.  In this chapter, the discussion will focus on investigating model 

performance and its classification function on two different CH4 sets from plasma 1.  OES 

data usually are prone to baseline spikes, noise and model overfitting due to their 

collinearity. Therefore, in advance, data have been filtered by the pre-processing algorithms 

before being fed to the main PLSDA algorithm.  The next step involves initial analysis of 

data via 4 protocols, following up with regularization to deal with undesirable model 

overfitting.  After this, there is feature extraction via data segmentation and VIP selection.  

This process helps us to find important variables in various wavelength intervals. Finally, 

a new technique known as ‘VIP merging’ is introduced to deal with the ppm classification 

difficulties of this data.   

 

4.2. Basic Analysis of Data (Initial Protocols) 

 

In order to better understand and improve the model performance, the underlying behaviour 

of the PLSDA algorithm was evaluated according to various protocols. 

Partial least squares discriminant analysis (PLS-DA) is an algorithm for building predictive 

models in cases where there is both a large number of parameters and factors which are 

highly collinear. It searches for linear combinations of independent variables, namely latent 

variables (LV), that maximize the covariance between the latent variable and the response 

[1][2][3]. Furthermore, if the Y data are independent and measurements can be classified 
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into different categories, i.e. trace gas concentrations, the algorithm is capable of setting 

separate and simpler models for each Y. 

Initially, model performance was evaluated using 4 different protocols as listed in Table 1. 

Models were constructed using CH4 - He mixture from plasma no.1 in order to obtain nine 

output categories for group A and eight for group B. In each protocol, the ratio between 

training and validation samples is 50-50%.  

 

 
 

Protocol Description 

1 Model training and validation using A dataset 

2 Model training and validation using B dataset 

3 Datasets ‘A’ and ‘B’ merged. Model training and 

validation using merged A + B data 

4 Model constructed and trained using A dataset. 

Model validation using B dataset 

Table. 1. Selected protocols and their description for CH4-He mixture. 

 

An estimate of the model sensitivity to the number of latent variables (LV) used to build 

the model was determined using a Leave One Out Cross Validation (LOO-CV) method 

(see Chapter 3). A plot of model error rate versus LV, figure 1, indicates the improving 

accuracy as the LV count increases. The error bars represent Root Mean Square Error 

(RMSE) value [4] at each latent variable.  Increasing the number of LVs results in lower 

error rates for the optimal model. As shown in figure 1, the classification accuracies for 

protocols 1 and 2 are above 90% once the number of LVs is ≥ 9 while protocol 3 reaches 

90% accuracy for LVs ≥ 15; However, with protocol 4 the use of different datasets for 

training and validation results in reduced classification accuracy (~63%).  Data group A 

and B both were collected on different occasions under different circumstance (noise, 

different capillary and changes in data by nature). The outcome from protocols 1 – 3 show 
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accuracies above 80% for LV ≥ 8 whereas the maximum protocol 4 accuracy is ~63%. 

Therefore, raising the accuracy of the protocol 4 outcome is the main objective and a 

number of special techniques were explored. 

 

 

Fig.1. Comparison PLS-DA accuracy for four different protocols applying two datasets 

(A, B). Error bars demonstrates RMSE values at each latent variable.                 

 

 

4.3. Regularization 

 

When models fit very closely to a specific set of training data, they may lose generality and 

perform less well on unseen data. This is known as overfitting and is especially likely with 

data based on many and correlated input variables, such as emission spectra [5][6][7]. 

Overfitting is likely the cause of poor performance observed with protocol 4, figure 1. 

Regularisation-based approaches are often used in an attempt to enhance the prediction 

accuracy, by minimising potential overfitting. The original regularization technique was 

developed by Tikhonov in 1943 to figure out integral equations [8]. Later, it was applied 

by Tibshirani in 1996 to introduce the Least Absolute Shrinkage and Selection Operator 

(LASSO) algorithm in the field of statistics. In addition to Lasso, Ridge and Elastic Net are 
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two comparative regularization techniques. The penalization method is usually applied to 

reduce the model variance and prevent model overfitting caused by collinearity and 

redundant predictors. These are types of algorithm that can shrink the regression coefficient 

toward zero where, as discussed in previous chapter, the coefficient is the slope of the 

regression line. In simple language, regularization can be written as: Least square + Penalty 

term. i.e. regularisation seeks to reduce the possibility of overfitting, by adding a penalty 

term to the cost function. The difference between these three regularization algorithms can 

be seen in the change of their ‘penalty term’. All three are displayed below: 

 

Lasso          =            min
𝛽𝛽0

(
1

2𝑁
∑ (𝑦𝑖

𝑁
𝑖=1 −𝛽0 − 𝑥𝑖

𝑇 𝛽)2 + 𝜆 ∑ |𝛽𝑗|
𝑝
𝑗=1  )         

Ridge          =           min
              𝛽𝛽0

(
1

2𝑁
∑ (𝑦𝑖

𝑁
𝑖=1 −𝛽0 − 𝑥𝑖

𝑇 𝛽)2 + 𝜆 ∑ 𝛽𝑗
2𝑝

𝑗=1  )           

Elastic Net  =           (
1

2𝑁
∑ (𝑦𝑖

𝑁
𝑖=1 −𝛽0 − 𝑥𝑖

𝑇 𝛽)2 + 𝜆𝑝𝛼(𝛽) )                     

 

                           where 

                                                    𝑝𝛼(𝛽) ∑ (
(1−𝛼)

2

𝑝
𝑗=1 𝛽𝑗

2 + 𝛼|𝛽𝑗|          

 

and N is number of samples, p denotes a predictor variable, λ is a regularization parameter 

or penalty term, yi is the response variable at observation i, xi is a vector of p values at 

observation i, β0 is the regression intercept, 𝛽𝑗 represents regression coefficients. For Lasso 

regularization(L1), the penalty term can be written as 

                                                                   𝜆 ∑ |𝛽𝑗|
𝑝
𝑗=1              

while the penalty term for Ridge regularization (L2) is defined as 

                                                                    𝜆 ∑ 𝛽𝑗
2𝑝

𝑗=1                

Lasso squeezes some of the coefficients toward zero while Ridge shrinks the coefficients 

greatly to a low but non-zero value [8]. Elastic net is a combination of L1 and L2 which 
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makes use of an extra α parameter to provide a weighting between L1 and L2. Elastic net 

algorithm retains the coefficient to the value of 0.5. Therefore, the penalty term for Elastic 

net would be 

                                        𝜆(
(1−𝛼)

2
∑ 𝛽

𝑝
𝑗=1 𝑗

2
+ 𝛼 ∑ |𝛽𝑗|

𝑝
𝑗=1 )        

 

Lambda(𝜆) is the regularization parameter that determines the model’s flexibility. In the 

current study, the best value of (𝜆) is obtained via 10-fold cross-validation Lasso algorithm.  

Lasso cross validation approach fit a regularised regression to select optimal value when 

assessing predictive error (Mean Square Error). Figure 2 demonstrates the optimal lambda 

value for CH4- He data is 10-2.25, the area where mean square error is at its lowest. However, 

the regularised algorithm is tested with many other random lambda values in interval (10-1 

– 10-3), but the best value was the one that Lasso CV has suggested (i.e. 10-2.25).   

 

Fig.2. CV mean square error Lasso classifier, green dashed line indicates the Lambda value 

with a minimum cross-validated MSE and the blue dashed shows the Lambda value which 

is creates the sparsest model with low MSE (note: sparsest point shows minimum CV error 

with one standard deviation). 
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Across the concentration range, using a regularised algorithm as a sole classification led to 

some improvement in model accuracy but for the lowest concentration values, ≤ 1 ppm, the 

model accuracy decreased. This may cause by high bias performance of regularised 

algorithm for classifying lower and adjacent concentrations.  Using a Ridge penalty term 

to regularise the PLSDA algorithm improved the model performance by 5-6%, whereas 

using Lasso or Elastic Net penalty term provides no beneficial effect. In Table 2 the PLS-

DA result (Protocol 3) is compared with regularized algorithm via Ridge. Using L1 and L2 

as a penalization algorithm may work effectively on higher CH4 concentration by reducing 

the model variance while factoring in bias, but in contrast, these algorithms cause a reverse 

effect on low, trace, concentration data.  

 

 

Algorithm Accuracy % 

                 ppm 

 

 

Algorithm 

0 1 2 4 12 23 77 100 

 

PLS-DA 
 

96 

 

90 

 

73 

 

80 

 

85 

 

82 

 

92 

 

86 

Regularised 

PLS-DA 

Using RIDGE 

 

74 

 

86 

 

89 

 

92 

 

91 

 

91 

 

92 

 

81 

Table. 2. Accuracy comparison for PLS-DA algorithms with regularized PLS-DA for 

eight concentrations using protocol 3 dataset. 

 

 

The LASSO method can also be used for feature extraction where it identified a subset of 

275 wavelength variables (extracted features), from the original ~3600, for use in the model 

(figure 3). These extracted features via Lasso algorithm can identify variables that have 

greatest contribution to groups’ classification. In this way, Lasso feature extraction 
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algorithm penalize insignificant wavelength variables from model by means of decreasing 

their coefficient to zero. i.e. Lasso abolished less important wavelength variables and retain 

only 275. 

As the figure 3 demonstrates at least one fifth of important features are located beyond a 

wavelength of 900 nm; i.e. from 275 selected feature via LASSO, ~ 55-60 are detected in 

this wavelength interval. In contrast, by evaluating raw spectra and calculating normal 

distribution of each segment, it is clear there is no significant peak (>100 intensity) located 

in this area.  

 

 

Fig.3. 275 extracted features from 3648 variables (CH4-He) via Lasso algorithm, at least 

55-60 features are detected beyond a wavelength of 900 nm.       

 

 

4.4. Feature Extraction              

4.4.1 Data Segmentation  

 

In this work, as the Y data are categorical, it enables the algorithm to build a model for 

each Y versus other categories using binary classification, as well as performing 
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multinomial classification for each section. The discriminant analysis aims to separate a 

group of observations (samples) based upon the value of X-variables which are tightly 

similar and homogenous [3].  Poor algorithm performance is often attributed to overfitting 

and large number of input variables; feature extraction techniques are often used to reduce 

the number of variables to those that are the more important. In this section, the different 

regions of the spectrum are investigated for their predictive capability using a simple 

segmentation approach. The algorithm, normally utilized the full set of intensity – 

wavelength variables from 194 nm to 1100 nm, i.e. ~ 3600 variables. In order to investigate 

the sensitivity of the model to the wavelength variables, 36 variable subsets were selected, 

each containing 100 variables. PLS-DA multinomial models were built for each subset, 

using 15 LVs and protocol 2. Figure 4 demonstrates the CH4-He data divided in to 36 parts 

(blue lines). After applying PLS-DA on the pre-processed training data, the model 

examines unseen data, then outputs 36 results for each section. The individual model 

accuracy for each subset and the test result for subset is shown in the ‘Accuracy’ section of 

Figure 4. For training data only, the average accuracy across all models was > 96%. For 

test data, the average accuracy across all models fell to >89% with a larger variation. At 

the lowest accuracy (from 1051.1 nm-1039.1 nm), the difference compared to training data 

is 18%, which indicates most overfitting to data in this region, which contains no peaks. 

The best subset model accuracy was observed for subsets with wavelength range [511.02 

nm - 536.73 nm] with test accuracy of ~ 93%, compared to the equivalent from the training 

data of ~96%, indicating rarely overfitting. A collection of sample spectra in this region is 

shown in figure 5. Under the same LV and protocol conditions the original model accuracy, 

using the full 3600 variable spectra was ≥ 95%.  
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Fig.4. Protocol 2 Model accuracy with 15 LVs for 3648 samples when segmented into 36 

parts by wavelength. Lower part of figure demonstrates whole B group spectra (red: 

original spectrum) and upper part compares accuracy for each section, using the training 

samples (red *) and test samples (blue *). 

 

 

 

 

Fig.5. Subsets with wavelength range [511.02-536.73] with least model overfitting 

(model accuracy is ~ 92%). Each sample shows with a different colour.  

 

 

Table 3 shows highest accuracy segments and the associated peak according to rank. This 

represent a similar or improved performance yet with considerably reduced number of input 
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variables. The poorest accuracies can be found in wavelength range [194.43-220.85] 

(~78%) and [1015.1 - 1039.1].  The model shows most overfitting in wavelength ranges 

[194.43-220.85], [966.32-990.51], [990.76-1014.9], [1051.1-1039.1] and [1039.3-1063.2]) 

and least overfitting in the area with wavelength range [300.62-327.10 nm]. The highest 

test accuracies occur in segments where there are higher intensity peaks. Conversely the 

worst accuracy occurs in regions without obvious peaks. Eliminating the segments that 

show more overfitting causes the reverse effect on the model and is therefore undesirable. 

This method was repeated with protocol 4 data and the test accuracy did not exceed 50% 

(figure 6). In another exploratory approach, the Savitzky Golay filter algorithm that has 

been described in the previous chapter is applied on segments with the highest overfitting 

to remove any noise that may be present.  However, this method could not improve the 

algorithm performance, neither in each segment nor in general. It typically reduced 

accuracy to ~ 40% (down from 63-65%) when using protocol 4.  

Although this approach did not solve the performance issue with Protocol 4, it 

demonstrated that PLSDA could perform quite well yet only need 100 variables instead of 

3600. Therefore, further exploration, adjusting both the segment widths and the boundary 

locations especially around peaks may be beneficial. 

Segment 

No. 

Wavelength 

Interval (nm) 

Accuracy of 

each segment 

 

Peak Intensity 

rank 

15 562.64 - 588.47 91.33 1 

13 511.02 - 536.73 92.58 2 

5 300.62 - 327.10 92.49 3 

11 458.86 - 484.71 91.89 4 

16 588.47 - 614.23 90.15 5 

 

Table. 3. Five segments with best model performance and test result. 
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Fig.6. Subset model accuracy for 36 subsets with ~100 wavelength variables each. 

Comparison between Protocol 2 and Protocol 4.  

 

4.4.2 Variable Importance on Projection  

 

As it described in previous chapter, PLSDA represent best model performance on our CH4-

He spectral data. This algorithm has favourable properties over other algorithms when 

applying on spectral data. It can provide weight and model’s Variable Importance on 

Projection (VIP) [9]. VIP is a technique to investigate the model operation and identify the 

features that have a significant impact on model accuracy. In this algorithm a variable’s 

value can be assessed by means of its VIP score; i.e. each VIP score indicates the 

importance of a variable within a model.  It is also frequently used for feature (variable) 

selection to reduce the number of variables by excluding those of least value.  This method 

has two advantages: first, it may assist in improving the model’s interpretation and second, 

it can eliminate redundant variables from the model, which may help avoid overfitting.  

Based on how these variables are selected for the PLS model, it is possible to categorise 

variable selection techniques in to three groups: filter, wrapper and embedded techniques 

[10]. The various schemes for VIP selection in the PLS algorithm are generally based on 
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the manipulation of the model regression coefficient and weight [11]. For CH4-He data, the 

VIP score of variable 𝑗 can be defined: 

 

VIPj = √
∑ S2 (y,ti )(

Wij

wi
)2n

i

(
1

m
) ∑ S2 (n

i y,ti )
         

 

where 𝑊𝑖𝑗 is PLS-DA weight of the 𝑗𝑡ℎ variable in latent variable 𝑖,  𝑚 is the number of 

variable,  𝑛 is the number of latent variable,  𝑠2(𝑦, 𝑡𝑖) is variance’s fraction of y defined by 

latent variable 𝑖. 

The filter method can be applied to identify a subset of important variables and summarises 

their contribution in the PLS-DA model. After conducting the filter method in this project 

and closely evaluating each VIP score and the corresponding wavelength, it has been 

discovered that the most important variables are located exactly at the wavelength peaks, 

as demonstrated in figure 7. Table. 4 compares the VIP wavelength in rank order of height 

against the original rank order of spectral intensity.  

 

Fig.7. selected VIP score >1 for CH4-He. The red dot shows VIP scores >1 that the total 

number of VIP>1 are 835. Note that multiple dots at a single peak reflect the fact that the 

peaks are a finite width. 
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VIP 

Rank 

VIP wavelength 

(nm) 

VIP 

value 

Peak Intensity 

Rank 

1 706.8 15.36 1 

2 587.7 12.41 2 

3 656.8 10.55 3 

4 336.6 8.003 4 

5 778.2 7.965 5 

6 391.7 6.92 6 

7 516.5 5.54 7 

8 358.3 3.70 8 

9 309.9 3.41 9 

10 431.4 3.25 10 

 

Table. 4. Compares the highest peak wavelength for 1 ppm CH4-He with VIP’s wavelength 

and their height. 

 

 

The VIP wrapper method has been examined on CH4 mixture as well.  This applies the 

variables selected by the filter method and returns them to the PLS-DA model for refitting, 

i.e. instead of dealing with all 3648 variables, just selected VIPs>1 (~ 835 variables) fed to 

algorithm and model constructed with VIPs >1 scores. After utilising this method in this 

project and evaluating the result, it was found that this approach may put the model more 

at risk of overfitting because the technique is impractical for a large quantity of changeable 

data. Figure 8 demonstrates VIP scores for whole CH4 and its corresponding wavelength 

on the X axis in wavelength interval 330-750 nm. The importance threshold was arbitrarily 

set where the VIP value is > 8, as highlighted with red squares.  
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Fig.8. VIP scores for whole spectra in wavelength interval ~330-750 nm. The red squares 

show VIPs (≥ 8).  

 

In this work, the number of VIP scores output for each complete dataset matches the total 

number of variables (i.e. 3648 scores), however selected VIP>1 is ~ 835 variable. As shown 

in table 4 the most important variables are located on the peaks and that there is a direct 

correlation between VIP height and intensity. As described above, the main aim of finding 

and selecting such features in this work, to compare VIP’s wavelength in the model with 

peak wavelengths as well as estimating the algorithm’s ppm classification accuracy around 

each VIP. Taking a threshold (figure 8) VIP score > 8 selects 14 spectral peaks in four sets 

corresponding to neighbouring wavelength values of  

(i) 336.61 nm, 

(ii) 587.18 - 588.21 nm,  

(iii) 656.30 - 656.82 nm, 

(iv) 706.31 - 707.33 nm.  
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These selected peaks correspond to the four highest value entries in table 3- chapter 3. 

Therefore, a set of restricted feature PLS-DA models (9 LVs, Protocol 1) was created using 

± 10 wavelength variables around each of the 14 VIP-selected peaks and their accuracy 

compared in figure 9.  

 

Fig.9. Accuracy for selected VIPs scores (using ± 10 wavelength variables around each) 

shown in figure 8 (i.e. VIP amplitudes > 8).  

 

 

There appears to be a trend of increasing accuracy for sets containing the higher 

wavelengths intensity. Therefore, with VIP selection, an accuracy of 88% is achievable 

using only 20 wavelength variables over a very restricted wavelength range. This compares 

to 95% accuracy achieved for the full model comprised of 3648 wavelengths. As a further 

investigation, the highest accuracy peak (shown in figure 9) is selected from each set and 

was used to build a combined restricted PLS-DA model (2, 3 or 4 peaks, ± 10 wavelength 

variables per peak with 9 LVs) and observed an increase in accuracy to 99%, figure 10.  

Therefore, this method can be very helpful in developing a suitable algorithm in later stages 

for hydrocarbon identification (next chapter) and peak merging that it is described in 

following section. 
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Fig. 10. PLS-DA accuracy for selected data around top VIP’s peak from each set with 

higher accuracy. The green dashed lines demonstrate the model accuracy for combined data 

around VIP’s 707.07 nm and 656.56 nm. The red dashed lines demonstrate the model 

accuracy for combined data around VIP’s 707.07 nm, 656.56 nm and 587.95 nm. The blue 

dashed lines demonstrate the model accuracy for combined data around VIP’s 707.07 nm, 

656.56 nm, 587.95 nm and 336.6 nm.  

 

4.5. Peak Region Variable Reduction (Peak Merging) 

Referring to ‘VIP selection’ section, it has been determined that the highest priority 

variables and most significant model information lies in the peak regions. Each peak spans 

a relatively wide range of wavelengths due to the low resolution and inherent jitter of the 

spectrometer whereas the underlying optical transition is expected to be a line transition at 

a single wavelength subject to instrumental broadening. In this approach the observed 

broad peak is reduced to a single wavelength intensity value by summation ± 5 variables 

around 10 highest value peak. This procedure is carried out on each peak of intensity greater 

than a set threshold. For each peak, the neighbouring data with intensity above threshold is 

summed and allocated to the peak as a modified intensity value, whereupon the 

neighbouring data is set to zero, figure 11. This method aims to remove correlated variables 

around a peak while assigning their summed intensity to the single peak variable. 
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Therefore, the technique should be applied to the samples after gas identification (discussed 

in the next chapter) due to similarity between concentrations and eliminating few unrelated 

lines after merging. Overall, the total number of wavelength variables is reduced from the 

original 3648 depending on the extent of peak broadening e.g. for 6 ppm 3328 variables 

remain and 3300 for 100 ppm. 

 

 

Fig.11. Compare single sample of 100-ppm CH4 - He before and after ‘peak merging’ in 

wavelength interval ~ 300-520 nm. 

 

As the figure 11 shows, peak merging may cause increased intensity, but it seems this has 

no direct effect on PLSDA classification performance.  

 

4.6. Results 

4.6.1. Preprocess Result 

The mentioned pre-processing methods (discussed in previous chapter) was applied on 

CH4-He gas mixture from dataset B (Plasma 1) to compare the effect of data pre-processing. 

Comparison raw data and pre-process samples was carried out via selected algorithm 
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(PLSDA). For this, the PLS-DA model was set to 15 latent variables. From all of the pre-

processing algorithms, ‘Baseline Correction’ and ‘Standardization’ are applied in order. As 

shown in figure 12, implementing pre-processing algorithms can improve algorithm 

performance especially with reduced latent variables at least up to five percent compared 

to non-pre-process samples (raw data).  As the figure shows with pre-process samples, the 

model can reach > 90 percent accuracy with 8 LVs compared to raw data which requires 

>13 LVs.  

 

 

Fig. 12. Comparison between raw data with preprocess samples for CH4-He(B) dataset 

when utillising LOOCV. 

 

 

4.6.2.Classification Result 

 

PLSDA models versus LV were built using Protocol 4 and the Peak Merging approach 

explained above and compared with Protocol 4 performance using original data without 

peak merging, as shown in figure 13. Whereas the latter reaches less than ~70% accuracy, 
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the peak merging (compression) improves the accuracy considerably reaching ~90% with 

6 LVs and attaining a maximum of ~98% using 8 LV’s.  

 

 

Fig. 13. PLS-DA accuracy versus LV using peak merging and trained / tested under 

Protocol 4, in comparison with accuracy obtained from unmerged peaks. 

 

 

In figure 14, the accuracy of the different approaches taken in this chapter are summarised.  

Adding in a Ridge penalty term, although not required in this test, resulted in an 

improvement in accuracy. Regularization algorithm as a classifier cannot performed 

effectively on these data and may also were less effective as compare to PLSDA algorithm, 

however when variables are merged as it may just increase the computation time with a 

limited impact on accuracy. For more complex scenarios, it may be necessary and therefore 

it is worthwhile to see that it does not have a negative impact on merged PLSDA.  Overall 

this shows the robustness of the approach using the modified algorithm (merged PLSDA) 

across different datasets collected at different times – which is closer to real world 

requirements for gas detection.  
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Fig.14. Comparing result of all applied algorithm using protocol 4. LSC: using only Lasso 

as a classifier. RgC: using only Ridge as a classifier. En: using only Elastic Net as a 

classifier. PLSDA (non-cv): using simple PLSDA as a classifier. PLSDA(cv): before 

applying PLSDA, the data cross validated and substandard data have been eliminated. 

PLSDA-Rg(cv): regularised PLSDA via Ridge (Combining Ridge and PLSDA) and apply 

on cross validate data. PLSDA-Ls(cv): regularised PLSDA via Lasso (Combining Lasso 

and PLSDA) and apply on cross validate data. PLSDA-En(cv): regularised PLSDA via 

Elastic Net (Combining Elastic net and PLSDA) and apply on cross validate data. PLSDA 

(merged): applying PLSDA on merged data. PLSDA-Rg(merged): regularised PLSDA 

via Ridge and apply on merged data. PLSDA-Ls (merged): regularised PLSDA via Lasso 

and apply on merged data. PLSDA-En (merged): regularised PLSDA via Elastic Net and 

apply on merged data. 

  

 

4.7. Conclusion 

 

Using PLS-DA applied to low resolution UV – visible range optical emission spectra 

derived from plasma excitation, we have demonstrated the ability to detect and classify 

trace level concentrations of CH4 up to 100 ppm. We show that PLSDA can work better 

than other algorithms on our complex gas mixture datasets when it can decrease the number 

of samples to a manageable number of latent variables and therefore it can deal with high 
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dimensionality of our data. However, this algorithm alone is not strong enough to deal with 

collinearity, but this problem is solved via peak merging, VIP selection and data 

segmentation. In this work, the PLSDA algorithm was tested using 4 different protocols 

and protocol 4 (models trained on A dataset and tested on B) shows unsatisfactory result 

with an accuracy of ~63% and since this protocol is closer to real world application 

compared to the other three, it is the main target for performance improvement.  

Simple application of PLS-DA in protocols 1 and 2, with limited pre-processing, shows the 

capability of this algorithmic approach in developing accurate multi-categorical models 

based on high dimensional spectral data. As expected, the accuracy increases with 

increasing number of latent variables used, levelling off in accuracy (> 90%) for LV ≥ 10. 

However, the potential for overfitting of spectral data is obvious from protocol 3 where the 

mixed session data shows a fall in accuracy, for a given LV, compared to protocols 1 and 

2. Protocol 4 shows poor accuracy due to model overfitting as the nature of our data is 

changeable and collinear. However, protocol 4 trained and tested on two different occasion 

data, that this may cause added various impurity during recording samples. So 

neighbouring peaks will merge and the peak wavelength will not be in exactly the same 

position for each sample – even though they are in the same category. Compensating 

techniques such as Lasso or elastic net were unable to rectify the loss in accuracy.   To deal 

with this problem, firstly via data segmentation, in multinomial classification, by splitting 

spectra into up to 36 arbitrary wavelength ranges and building models based on each 

spectral subrange, Secondly, a VIP (Variable Importance in Projection) filter technique can 

be applied to improve the model’s interpretation and identify important scores introduced 

with PLS-DA. Via VIP selection, we extracted the most important features - that are mostly 

located at the samples peaks - and merging the data at the VIPs location which again 

reduced number of wavelengths leading to reduced data variance and changeability. The 

wavelength range which contains a greater number of VIP scores >1 shows better model 
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performance.  Therefore, a model accuracy of 88% is achievable using only 20 wavelength 

variables around VIPs. 

In the present study, applying the Savitzky Golay noise reduction algorithm on overfitted 

segments is not likely to greatly improve the model but at least it enables the recognition 

that the poor accuracy in this area is not the result of the noise and therefore may be due to 

collinearity.  

However, the regularization algorithms were not very effective on these data. Their outputs 

indicated that there are important features beyond wavelength interval 900 nm which have 

a significant contribution to the group’s classification. In contrast, from raw spectra no 

peaks (intensity > 100) are observed in this region and from VIP analysis no VIP scores >1 

are returned for this segment. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



95 
 

4.8. References 

 

[1] Eriksson, L., Johansson, E., Kettaneh-Wold, N., and Wold, S., Multi- and Megavariate 

Data Analysis – Principles and Applications, Umetrics, 2001 

[2] Sjöström, M., Wold, S., and Söderström, B. PLS Discriminant Plots. Proceedings of 

PARC in Practice, Amsterdam, June 19-21, 1985. Elsevier 

Science Publishers B.V., North-Holland, 1986. 

[3] Ståhle, L., and Wold, S. Partial Least Squares Analysis with Cross-Validation for the 

Two-Class Problem: A Monte Carlo Study, J. Chemometr. 1 (1987), 185-196. 

[4] Gowen, A., Downey, G., Esquerre, C. and O'Donnell, C. (2010). Preventing over-fitting 

in PLS calibration models of near-infrared (NIR) spectroscopy data using regression 

coefficients. Journal of Chemometrics, 25(7), pp.375-381.  

[5] Gromski PS, Muhamadali H, Ellis DI, Xu Y, Correa E, Turner ML, et al. A tutorial 

review: metabolomics and partial least squares discriminant analysis - a marriage of 

convenience or a shotgun wedding. Anal Chim Acta. 2015; 879:10–23. 

https://doi.org/10.1016/j.aca.2015.02.012 

[6] Westerhuis JA, Hoefsloot HCJ, Smit S, Vis DJ, Smilde AK, Velzen EJJ, et al. 

Assessment of PLSDA cross validation. Metabolomics. 2008; 4:81–9.  

https://doi.org/10.1007/s11306-007-0099-6 

[7] Brereton RG, Lloyd GR. Partial least squares discriminant analysis: taking the magic 

away. J Chemom. 2014; 28:213–25. 

 

https://doi.org/10.1016/j.aca.2015.02.012
https://doi.org/10.1007/s11306-007-0099-6


96 
 

[8] Kalivas, J. (2012). Overview of two-norm (L2) and one-norm (L1) Tikhonov 

regularization variants for full wavelength or sparse spectral multivariate calibration 

models or maintenance. Journal of Chemometrics, 26(6), pp.218-230. 

[9] Galindo-Prieto, B., Eriksson, L. and Trygg, J., 2014. Variable influence on projection 

(VIP) for orthogonal projections to latent structures (OPLS). Journal of Chemometrics, 

28(8), pp.623-632. 

[10] Mehmood, T., Liland, K., Snipen, L. and Sæbø, S. (2012). A review of variable 

selection methods in Partial Least Squares Regression. Chemometrics and Intelligent 

Laboratory Systems, 118, pp.62-69. 

[11] Barcelo, D., Chormey, D., Bakirdere, S., Turan, N. and Engin, G., 2018. Data Analysis 

for Omic Sciences. San Diego: Elsevier. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



97 
 

Chapter 5 – Hydrocarbon Identification 

 

5.1. Introduction 

 

In previous chapter, the application of supervised learning models based on Partial Least 

Squares Discriminant Analysis (PLS-DA) was investigated with data obtained from plasma 

optical emission spectroscopy. As a result, classification of a single type of hydrocarbon 

gas, methane, was achieved down to concentrations in the low parts per million range. The 

next stage is to attempt detection of hydrocarbon gases and investigate the capability of the 

machine learning approach with more complex scenarios.  

In this chapter, the focus will move to the process of identification, with the aim being to 

distinguish hydrocarbon gases using the PLSDA method and its properties, such as VIP 

selection. As described in chapters 1 and 2, detecting hydrocarbons such as CH4 and C2H6 

can be useful in breath analysis (VOCs) or climate change monitoring applications. The 

bonding between carbon atoms is what determines the type of hydrocarbon, with single 

bond C forming an alkane, double bond C forming an alkene and triple bond C forming an 

alkyne.  For CxHy detection, two alkanes (CH4, C2H6) and one alkyne (C2H2) are selected 

with the aim being to use these as a basis for detecting other gases that are very similar in 

their composition. In that way, this technique can be fundamental for a much wider field 

of hydrocarbons or breath VOCs.  However, this could prove challenging, as all these three 

contain helium, carbon and hydrogen, while common impurities present such as N, O, 

OH/H2O can further complicate the process. Another difficulty could be the way plasma 

interacts with molecules, a process over which there is great uncertainty.  The first 

hypothesis is that the plasma breaks the bonds in the molecule thereby creating isolated C 

and H species resulting in the production of spectral lines, a process known as dissociation. 

If 100% dissociation is the case, then every hydrocarbon gas would simply be broken up 
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into their simplest atomic components and all hydrocarbon gases would end up as identical 

constituent parts, thus being indistinguishable from one another. The chemical equations 

below show examples of dissociation via electron impact with CH4 [1]: 

                                                          e+CH4→e+CH3+H                       (1) 

                                                          e+CH4→e+CH2+H2                        (2)                               

                                                          e+CH4→e+CH+H2+H                  (3)    

                                                          e+CH4→e+C+2H2                        (4) 

It is possible for this dissociation to continue by electron impact with carbon radicals 

created above e.g. CH3. Though the above hypothesis may be true in some contexts, it may 

not apply to our atmospheric pressure plasma as it does not supply enough energy for 

dissociation; present of CH radicals in hydrocarbon mixtures that has been described in 

further sections, can be an evidence. 

The other hypothesis can be outcome of two mechanisms: (i) all hydrocarbons molecules 

are dissociated as in equation (1) to (4) but not all are fully dissociated to single C molecules 

or (ii) only some hydrocarbons are dissociated as in equation (1) to (4) and some are fully 

dissociated to single C molecules. 

There is an alternative hypothesis called superideal quenching [2] for low energy plasma. 

In this process, a molecule can be excited to continue the reactions even thermally unviable. 

Sun et al. (2012) believes that quenching of excited helium (shown in equation 5) with CH4 

can be described with the following equation [3]: 

                                        He (2s 1S) +CH4→He+CH+H2+H               (5)  

Therefore, less dissociation will occur when excited helium reacts with CH4, creating a CH 

radical. CH is a radical that relies significantly on temperature [4] and some studies indicate 
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that it presents an emission line at wavelength 431 nm [5][6][7]. Our work in this chapter 

will elaborate on last two hypotheses, including discussion of how CH radicals are more 

visible in CxHy species compared to other volatile gases. Discriminating two hydrocarbons 

molecule mixing with natural air (CH4, C2H6) using unique VIPs would be the final target 

of this chapter. 

 

5.2. Experimental Setup 

 

As this described in chapter 3, datasets from three gases (CH4-He, C2H6-He and C2H2-He) 

were collected in a matrix of 3648 variables (wavelengths) for each, using RF plasma 

formed in a quartz capillary between two exterior ring electrodes. The wavelength ranges 

194.43 – 1122.6 nm (interval 0.25 nm), with a minimum optical resolution >0.5 nm. In 

each set, the CH4, C2H6 and C2H2 concentration varied from 0 – 100 ppm (0, 1, 2, 4, 6, 12, 

23, 30, 47, 60, 77, 85, 100 ppm). Figure 1 compares one sample belong to 4 ppm 

concentration from each mixture. Other species such as N2, He, H2O and natural air were 

recorded in different concentration for compare and further investigation. 

 

 

Fig.1. Illustrative spectra for 4 ppm samples of CH4, C2H6 & C2H2, truncated to the 

wavelength range 194 – 1150 nm. 
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5.3. Classification Results  

 

In order to evaluate and improve algorithm prediction accuracy, model performance was 

evaluated using 5 different protocols as listed in table 1. 

 

Protocol Description Plasma 1 Plasma 2 

1 Model training and cross-validation using C2H2 

dataset 

 ✓ 

2 Model training and cross-validation using CH4 

dataset 

 ✓ 

3 Model training and cross-validation using C2H6 

dataset 

 ✓ 

4 Model trained and cross-validated using two C2H2 

datasets. 
✓ ✓ 

5 Model trained and cross-validated using two CH4 

dataset. 
✓ ✓ 

            Table.1. Protocols for implementation of algorithm training & evaluation. 

 

This approach was assessed on two different CH4 datasets and discussed in previous 

chapter. As the table 1 shows, protocols 1 – 3 represent within individual or combined 

session evaluations while Protocol 4 and 5 uses dataset from one plasma for training and 

test on similar species from other plasma.  A Leave One Out Cross Validation (LOO-CV) 

approach was applied to acquire an estimate of the model sensitivity to the number of latent 

variables (LV) used to build the model, from which a plot of accuracy versus LV can be 

obtained (figure 2). In each protocol, the training and validation samples is swapped and 

the result changed approximately > 4%. 
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Fig.2. Comparison of PLS-DA accuracy versus the number of model Latent Variables for 

five protocols given in table 1. 

                  

 

The peak merging algorithm (it is discussed in previous chapter) was not necessary for 

protocols 1, 2 and 3 (figure 2) as the accuracy was >95% with only the PLSDA algorithm.  

However, for protocols 4 & 5 it was also necessary to include the merging algorithm, which 

resulted in an accuracy ≥ 95% for 9 LVs, as shown in figure 3.  

 

 

Fig.3. PLS-DA accuracy versus LV using peak merging for Protocol 4 (C2H2) and 5 (CH4), 

in comparison with accuracy obtained from unmerged peaks.  
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5.4. Carbon-hydrogen Identifier 

 

As it discussed in chapter 3 (peak evaluation section), there are 4 classes of species i.e. 

helium, carbon-based (C I, C II, CH etc.), hydrogen based (H I, H II, etc.) and impurities 

(e.g. N, O, OH/H2O). No peak, except possibly near 516nm, can be assigned 

unambiguously to any particular species. In this work, the appearance and disappearance 

of a peak at wavelength 431 nm is triggered by the addition or removal of any hydrocarbons 

to the helium mixture at the time of experimentation. Comparing other recorded gases (N, 

H2O, He, H2 and natural air with available hydrocarbon[CxHy]) with the same set up at 

wavelength 431 nm shows that the highest intensity could belong to CxHy species (Figure 

4). Two concentrations have been considered for H2O as the behaviour of H2O samples are 

quite different as compare to other gases. 

 

 

Fig.4. Spectral intensity at wavelength 431.382nm for different gases in He. The number 

above each red circle indicates ppm for that species. 

 

Figure 5 shows the peaks at wavelength 431.382 nm where an almost direct relationship is 

observed between concentration, up to 12 ppm and intensity. 
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Fig.5. Increasing intensity with C2H2 concentration’s growth at wavelength 431.382 nm. 

Ninety samples are recorded for each ppm. Helium line at 427 nm is adjacent to this peak 

with a width from 425.35 to 428.76 nm. 

  

 

In current study, CH can be used as an indicator for hydrocarbon products (CxHy) when the 

present of CH peak at the 431 nm wavelength was unavoidable. This is especially more 

obvious for C2H2-He mixture when the bonding between C-H is more robust. As it 

mentioned above, the emission line at 431 is only triggered by addition or removal of any 

hydrocarbons to the helium mixture at the time of experimentation. Studies [5][6][7] 

approve that CH presents an emission line at wavelength 431 nm. 

Figure 6 compare three hydrocarbons - CH4-He, C2H6-He and C2H2-He- at wavelength 

431.382 nm across the range of concentrations. Up to 12 ppm, the peak height versus 

concentration is almost linear with different slopes, then saturates at higher concentrations. 

As mentioned earlier, each mixture contains impurity and water vapour. The reason of 

atom’s behaviour after 12 ppm across all these three hydrocarbons is still ambiguous, 

however the weight of hydrocarbons is another matter that may affect atom saturation at 

this specific wavelength. Heavier hydrocarbons such as C2H2 & C2H6 may have different 
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trend at this wavelength line due to double and triple bond between carbon in C2H6 and 

C2H2 respectively.  

 

Fig.6. Comparing CH4-He, C2H6-He, C2H2-He concentrations at wavelength 431.382 nm. 

The reason of atom’s behaviour after 12 ppm across all these three hydrocarbons is still 

ambiguous, however atom weight and construction can affect atom saturation at this 

specific wavelength. 

 

 

5.5. Gas Identification Via Unique VIPs 

 

PLSDA has been shown to work accurately in detecting a single trace gas in helium but the 

accuracy is reduced significantly when multiple gases are included in the model. In this 

section the objective is to search for specific peaks that are unique to individual gases and 

then for a test spectrum, use such feature search to select specific gas models. Figure 7 

illustrates the decision process for gas identification and concentration determination. 

Models for CH4 concentration classification using peak merging have been demonstrated 

in the previous chapter.  
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Fig.7. In term of identifying hydrocarbon (CH4-He, C2H6-He & C2H2-He), eight different 

gas with concentrations (0-100 ppm) are recorded separately. Step 1 (Identification): 

searching for VIP>1 at 431 nm and if exist, identifying gas via unique VIP. Step 2 

(classification): Merging ± 5 variables around each peak to cope with model overfitting 

and acknowledge each gas concentration. 

 

Therefore, to determine gas specific peaks, they must be unique to the gas or significantly 

larger intensity than same peak with other gases. Such peaks are also likely to be considered 

an important variable by the gas model i.e. have a VIP score >1. Therefore, VIP scores are 

analysed to find the required features.  In this work, the number of VIP scores output for 

each complete dataset matches the total number of variables (i.e. 3648 scores). In the 
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previous chapter it was shown that the most important variables are located on the peaks 

and that there is a direct correlation between VIP height and intensity. If a variable has a 

VIP score < 1, it can be considered less important, and possibly removed from the 

model.  Those variables with a VIP score > 1 (one), however, will be of importance in the 

model. Figure 8. compares variables with a VIP score >1 for CH4 dataset from plasma 1 & 

2.  

        

    

 

  Fig.8. Upper: Selected VIPs for CH4-He recorded with plasma 1. Lower: Selected VIPs 

  for CH4-He recorded with plasma 2. The red dot shows VIPs > 1. Note (lower figure):  

  The broad background around 700nm-840nm approve presence of air and more impurity  

  in this interval. 



107 
 

The VIP scores plot can be quite complicated. Variables can have a different VIP score for 

each category (concentration). Each gas may also have differences in VIPs scores. Finally, 

each peak region covers multiple wavelength variables and may therefore contain multiple 

VIPs. To deal with this problem, a three-phase process was developed to filter the number 

of VIPs and to select one VIP per peak, figure 9. Phase one: select all VIP scores > 1(black 

line); phase two: within each peak region, select highest value VIP score (green line); 

phase three: select 10-20 highest value VIP scores from phase two (blue line).  

 

 

 

 

Fig.9. Finding highest value VIP in three stages, zooming window demonstrates 

wavelength interval ~ 300-534 nm. Red squares show selected VIPs in each step. Stage1: 

black line indicates selected all VIPs>1 for 2-ppm C2H2. Stage2: green line selected highest 

VIP for each wavelength range for the same sample. As the zooming window shows the 

number of VIPs have decreased from black line to green line (select highest VIP for each 

peak). Stage3:  blue line shows selected 10-20 highest VIPs that located on highest peak. 

Note: the sample collected using plasma no.1. 

 

 

Figure 10 shows selected VIPs (phase-1) for 6ppm C2H6 at wavelength interval 

406 – 442 nm. As the figure indicates, six VIPs are observed near the 431 nm line (range 
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429.28 - 431.90 nm, containing 8 wavelength variables). Adjacent to this peak, there is the 

He line at 427 nm (with a peak width from 425.35 nm until 428.76 nm) that supplies another 

six VIPs. Since from figure 4, the 431 nm line is only observed as a significant peak when 

hydrocarbon is present, any single observed VIP in this interval 429.28 - 431.90 nm may 

validate the presence of hydrocarbon in the mixture.  

 

 

Fig.10. Selected VIPs (phase-1) for 6ppm C2H6 at wavelength 431 nm. (hydrocarbon 

identifier spot). 

 

 

Despite the fact that each mixture displays much similarity in the highest value VIP 

wavelengths selected in phase three, it was found that each gas has a unique VIP score 

located on a specific wavelength interval that is not be available on the same point for other 

gases (Figure 11 & 12). Therefore, there are some wavelength peak that can be utilised to 

distinguish one gas from others. Comparing three gases in figure 12 shows that there are 

unique peaks for C2H2 in the wavelength interval 510nm - 610 nm, these provide unique 

VIP scores > 1. However, the peak intensity is not high enough for CH4 & C2H6 to be 

captured by means of VIP algorithm in this interval. The unique VIPs for each gas are 

shown in figure 13.   
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Fig.11. peak differences between CH4 & C2H2 at wavelength interval 425nm-495nm 

 

 

 

 

Fig.12. Comparing peaks for CH4, C2H6 & C2H2 at wavelength interval (~510 - 610 nm). 

Two unique peaks (VIPs) belong to C2H2 are identified at 513 & 557 nm. As this can be 

seen in next figure (fig 13), these unique peaks can be identified by means of VIPs. The 

baseline for CH4 & C2H6 is shifted to avoid line overlap.  
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Fig.13. Black line: selected VIP scores >1 for CH4, C2H6 & C2H2. Green circle on this line 

shows unique VIP for each. Unique VIP for CH4 at wavelength 283 & 375 nm. Unique VIP 

for C2H6 at wavelength 668.07nm. Unique VIPs for C2H2 at wavelength 513.36 nm & 

557.72 nm. Note: all the samples in this figure recorded via same plasma (plasma no.2).  

 

 



111 
 

Table 2 shows selected highest value VIPs (phase-3) belonging to eight recorded gases. 

H2O is recorded twice for two concentrations, i.e. 30 ppm &100 ppm as the nature of these 

data is slightly dissimilar to other gases and usually VIP numbers decrease with increasing 

ppm.  

It is important to point out that, although the same threshold value for VIP algorithm was 

used for each gas, four mixtures (N2, H2, H2O-100 & air) provided >15 VIPs. VIPs 

corresponding to hydrocarbon species (i.e. around 431 nm) are only found in CxHy 

mixtures, namely 431.382 nm for CH4, 430.858 nm for C2H6– and 429.285 nm for C2H2. 

The line related to helium (i.e. 427) can be identified in most mixtures except (N2, C2H2, 

H2O -100 & air. Apart from air and nitrogen, all samples indicated a VIP > 1 score at 777nm 

due to the presence of oxygen (O I). There is quite similarity between N2 & air discovered 

VIPs, as the atmosphere air consist of approximately 78 percent nitrogen [8]. 

 

N2 
 

H2 CH4 C2H6 C2H2 H2O H2O       He 
 

Air 
 

6 ppm 6 ppm 6 ppm 6 ppm 6 ppm 30 ppm 100 
ppm 

1 slm 13 ml 

         

309.894 336.883 283.644 309.894 257.606 283.644 283.644 211.251 314.132 

315.191 357.745 312.013 315.191 337.147 312.278 312.278 257.606 316.250 

336.883 390.152 336.883 337.147 358.009 337.147 337.412 312.278 337.147 

353.523 427.712 354.050 358.009 390.152 354.314 358.536 336.883 353.787 

357.745 447.360 358.009 389.626 429.285 358.272 640.169 358.272 358.009 

371.193 501.656 375.672 427.450 507.121 375.936 656.308 380.676 371.193 

375.409 587.442 380.676 430.858 513.364 380.940 706.571 390.941 375.409 

380.150 656.564 390.678 516.484 557.726 391.204 772.922 427.712 380.413 

399.620 668.072 427.450 587.700 587.700 427.974 777.459 587.700 394.624 

405.664 706.825 431.382 640.169 640.938 587.700  640.169 399.883 

 728.414 640.425 656.564 656.308 640.169  656.564 405.664 

 777.711 656.564 668.072 674.714 656.308  706.571 426.926 

 1083.163 706.825 706.571 706.571 706.571  773.174  

  773.174 772.922 772.922 772.922  777.459  

  777.711 777.711 777.711 777.459  844.920  

Table.2. Selected highest value VIPs (phase-3) belong to eight recorded gases (N2, H2, CH4, 

C2H6 & C2H2, H2O, helium & atmospheric air). Two concentrations have been considered 

for H2O. 
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5.6. Hydrocarbon’s VIP Including Air 

 

Under realistic test scenarios, trace gas mixtures are likely to contain air. This section 

reports a preliminary investigation of the effects of air inclusion on gas detection and 

plasma operation. As described in chapter 3, air is injected into plasma via a 30ml syringe 

and syringe pump at a pre-set flow rate.  When helium only is involved, increasing the air 

flow rate beyond 9 ml/min will result in the plasma ceasing to ignite.  In the case of 

hydrocarbons, an air flow rate greater than 1ml/min can still allow the plasma to be 

sustained, but will prevent hydrocarbons from being identified due to their peaks no longer 

being visible.  Therefore, an amount of 0.1 ml/min air was selected for investigation. For 

this, a 30ml syringe was filled with normal laboratory air on four different occasions. To 

discover how the presence of air can affect CxHy species, it is necessary to first recognise 

the difference between helium and helium-air mixture. Figure 14 compares the helium and 

He-Air spectrum separately. 

 

Fig.14. Comparing helium and He-Air spectrum. 
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At a glance, these two spectra appear indistinguishable from one another.  However, by 

applying the VIPs algorithm and selecting the highest value VIPs (VIP>1), it is possible to 

distinguish the differences in each spectrum.  Table 3 shows the selected 10 highest value 

VIPs belonging to four helium and helium-air mixtures that were recorded on four different 

occasions. 

 

            Set 1                                               Set 2             Set 3             Set 4 

He-air He He-air He He-air He He-air He 

337.146 257.606 312.278 257.606 312.278 312.278 312.278 283.644 

353.787 337.146 337.146 337.147 337.147 337.147 337.147 312.278 

357.745 357.745 353.787 357.745 353.787 353.787 353.787 337.147 

375.672 390.941 357.745 390.941 357.745 357.745 357.745 357.745 

380.413 427.188 375.672 427.188 375.672 390.941 375.672 390.941 

390.941 640.425 380.413 640.425 380.413 427.188 380.413 427.188 

427.188 656.564 390.941 656.564 390.941 656.564 390.941 640.425 

706.825 706.825 427.188 706.825 427.188 706.825 427.188 656.564 

773.174 773.174 706.825 773.174 706.825 773.174 706.825 706.825 

777.711 777.711 777.711 777.711 777.711 777.711 777.711 777.711 

        Differences      Differences      Differences      Differences 

353.787 
 
375.672 
 
380.413 
 
 

 
257.606 
 
640.425 
 
656.564 
 
 

 
312.278 

 
353.787 
375.672 
380.413 
 
 

257.606 
 

640.425 
656.564 
773.174 

 
 

375.672 
 
 
 
 
 
 

656.564 
 
 
 
 
 
 

353.787 
 
375.672 

 
 
 
 

283.644 
 

640.425 
656.564 

 
 
 

   

Table 3. Highest value VIPs for helium and helium-air mixtures recorded in four different 

occasion. For ease of read, the differences between mixtures in each set is written below 

all columns. 

 

 

 

As can be seen in the ‘Differences’ section of the above table, the number of differences 

found varied between each recording.  The line 375.672 nm can be discovered in all He-air 

mixture, but never in pure helium. In contrast, the line 656.564 nm is discoverable just in 

pure helium, but never in the He-air mixture. 
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After detecting the VIP differences between the pure helium and helium-air mixtures, the 

second stage involves mixing air with hydrocarbons.  The 0.1ml air was added to CH4-He 

& C2H2-He mixture and the highest value VIPs identified for both sets (Figure 15). The 

exact wavelength location indicated by a red asterisk in figure 15 is shown in table 4.  This 

table also shows the results for hydrocarbons without air, as explored in previous sections. 

 

 

 Fig.15. Selected highest value VIPs for C2H2-He-air & CH4-He-air mixtures. Unique 

VIPs are shown with arrows in each figure. 

 

As figure 15 shows, there are two unique VIPs for C2H2-air mixture at wavelength interval 

(440-600 nm) that are not available for CH4 mixtures. These two VIPs are located at 

506.861 nm and 532.328 nm, whereas for non-air C2H2 mixtures the unique VIPs are 

located at 513.36 nm and 557.72 nm.  For CH4-air unique VIPs, the two VIP points are 

found at 257 nm & 283 nm, with 283 nm also found in the non-air mixture.  
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VIP Height Rank He/CH4/air He/CH4 He/C2H2 /air He/C2H2 

1 309.894 312.013 309.894 706.571 
2 773.174 777.711 777.459 777.711 
3 777.711 706.825 773.174 390.152 
4 337.147 390.678 431.382 656.308 
5 390.678 773.174 336.883 772.922 
6 660.146 336.883 674.714 337.147 
7 358.009 656.564 388.047 513.364 
8 674.714 640.425 357.745 507.121 
9 283.644 358.009 506.861 358.009 

10 380.676 427.450 216.587 587.700 
11 223.521 431.382 706.825 429.285 
12 257.606 380.676 532.328 257.606 
13 706.825 283.644 380.413 640.938 
14 431.382 354.050 375.672 674.714 
15 427.45 375.672 353.787 557.726 

 

Table 4. VIPs scores in figure 15 for hydrocarbon/air mixture and their corresponding 

non-air mixtures from plasma 2.  

 

 

The software can be locked to a gas as soon as identification is complete, and from there 

VIP summation can proceed in order to cope with model overfitting that it described in 

previous chapter. Peak merging is a valid solution to improve accuracy and ppm 

classification. As mentioned in previous chapter, the most significant variables (VIPs) are 

located at peaks. Here, this VIP feature repeated to identify peaks and perform +/-5 merging 

around each selected VIP (Figure 16).  This method can abolish ambiguity and 

changeability of each category; however, as it explained earlier, each mixture displays 

much similarity in the highest value VIP wavelengths. Therefore, the summation procedure 

(peak merging) only can be performed after mixture identification. 
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Fig.16. 2 ppm C2H2 & C2H6 after & before merging; as the comparison between merged 

and unmerged samples show there is ~ 50 nm shift in wavelength when merging algorithm 

reducing the number of wavelength by 100 variables. The result of this concentration 

classification via merging is shown in section 5.3 in this chapter. 

 

 

5.7. Discussion 

 

Using PLS-DA classification applied to low resolution UV – visible range optical emission 

spectra derived from plasma excitation, it has been demonstrated the ability to detect the 

presence of hydrocarbons and to label sample concentrations up to 100 ppm. Simple 

application of PLS-DA in protocols 1 and 2, with limited pre-processing, in previous 

chapter and in protocol 1, 2, and 3 in this chapter shows the capability of this algorithmic 

approach in developing accurate multi-categorical models based on high dimensionality 

spectral data. As expected, comparing classification result in figure 2, the accuracy 

increases with increasing number of latent variables used, levelling off in accuracy (> 90%) 

for LV ≥ 9. However, the potential for overfitting of spectral data and a fall in accuracy for 

a given LV is obvious from protocol 4 and 5, where the train and validation were from two 

different plasmas. It is the same situation as in protocol 4 in the previous chapter, where 
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the training and test data were from entirely different sessions presenting a much more 

realistic and stringent challenge which the algorithm failed to handle satisfactorily. In 

contrast, the peak merging procedure has provided the greatest predictive success with 

regard to protocol 4 and 5 with accuracy values > 97%, an outcome as good as that obtained 

from Protocol 1 to 3. By reducing the multiple correlated wavelength variables around each 

spectral peak to a single variable, the effect of overfitting has been minimized. Also, since 

the compressed peak wavelengths are the same for each sample, the issue of spectrum 

misalignment is no longer a concern. However, as it mentioned earlier, the process of 

sample identification should be performed before merging and ppm classification due to 

similarity between the samples after peak compression. 

These relatively simple plasma devices along with portable spectrometers inevitably 

produce highly variable output. Machine learning algorithms and associated pre-processing 

or enhancements offer the opportunity to directly negate the effect of this variability on 

predictive accuracy. They also offer the opportunity to gain further insight into underlying 

mechanisms to help improve issues such a plasma hardware, operating procedures and 

auto-filtering of data to allow progress to more complex sensing scenarios.  

Given the likely complexity of the plasma chemistry along with the limited spectrometer 

resolution, multiple species assignment to a single emission line is possible and while 

knowledge of the underlying chemistry would be valuable, it is not currently available. 

However, we observe small features around 431 nm which can be attributed to CH 

emissions, these features are weak and the variance is relatively large, nevertheless there is 

a trend of increasing intensity with hydrocarbons concentration; however, higher 

concentrations showed a saturation or decrease, making this feature ambiguous for ppm 

detection. Line 431 nm was recognised as the best identifier for the presence of these three 

investigated hydrocarbons.  Other gases such as H2O, N2, H2 and helium cannot be 

identified at this wavelength point.   
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CH emission normally dominates over C2 emission in hot methane flames or plasmas [9] 

since the latter derives from CxHy species which in turn are produced by heavy particle 

collisions between hydrocarbons radicals, e.g. dimerisation reactions between CH and CHx 

[9]. These reactions are often exponentially dependent on gas temperature, with thresholds 

typically > 1000 oC. [65] Therefore CH4 dissociation and emission from CxHy fragments 

can be expected to contribute to PLS-DA models.  

Analysis of the full variable count models using VIP indicated, as expected, that the 

primary contributors to models were at the spectral peaks. Evaluating table 3 and highest 

value VIPs shows us that the line at wavelength 337 nm, captured via VIP algorithm, can 

be seen in all sets of pure helium & helium-air.  This wavelength can also be used to identify 

OH (as shown by [10]) and N2 (as shown by [11]). CH lines in the range 410-440 nm- 

transition: A2Δ – X2Π are not found in any of the recorded sets for helium and helium-air, 

other than the specific line 427 nm.  More lines belonging to CN (i.e. 350-430 nm) [12] 

can be observed in the helium-air samples than that of the pure helium.  The VIP identified 

at line 380 nm may belong to N2 [13] [14], and is found in helium-air sets but not those for 

pure helium. The line at 375 was used by [14] to identify CO2 and by [13] for N2, and this 

can be seen in all helium-air mixtures but no pure helium set can show any VIP at this line.  

Conversely, the VIP captured at 656 nm can be discovered in all helium sets but in none of 

the helium-air mixtures.  The line belonging to helium at 427 nm described previously can 

be detected among the highest value VIPs in all sets of pure helium and helium-air 

mixtures.  The 777 nm line that may belong to OI [15] can be seen in all sets.  Finally, some 

other line differences between sets have been identified, such as 257 nm, 283 nm and 640 

nm, but the appearance of these is inconsistent. 

Comparing VIPs captured (for included air and non-air hydrocarbons) in table 4 shows that 

the hydrocarbon detector line (431 nm) is captured via VIPs algorithm for both C2H2 & 

CH4 mixtures, though at a completely different height for each.  In all VIP sets, the 
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presence of OI at 777 nm can be clearly seen.  Both hydrocarbon sets show approximately 

the same number of CN (i.e. 350-430 nm) related lines, however there is a change in unique 

VIPs after adding air to the CxHy mixtures as described in previous sections. In this work, 

some unique wavelength points belonging to specific molecular hydrocarbons (methane, 

ethane, acetylene) are identified, but this applies to those plasmas (1 and 2) that we 

investigated, and to those hydrocarbons.  It remains to be seen how generally this applies 

to other plasmas and other hydrocarbons.   
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Chapter 6 – Conclusion and Future Work 

6.1. Conclusion 

We have demonstrated the capability of using optical emission spectroscopy from a small-

volume (5 mL) atmospheric pressure plasma, coupled with PLS-DA spectral classification 

algorithms, to detect the presence of hydrocarbon down to concentrations of 1 ppm and to 

label sample concentrations up to 100 ppm. The ability to detect hydrocarbons and assign 

a concentration classification offers scope for higher resolution classifications which will 

be valuable for diagnostics, online monitoring of trends and developing advanced warning 

capabilities. Nevertheless, future plasma emission sensor devices will also need to handle 

increased levels of matrix gases including other type of hydrocarbons and will require 

further development of algorithms and plasma sources. 

In this work, initially, we have referred to some of the available spectroscopic methods 

such as GD-OES, ICP-OES and IR for analysing gas but as discussed in previous chapters 

all these techniques have their own limitations, encouraging us to find a new method which 

is portable and more accurate.  It has been shown that OES data are typically associated 

with high dimensionality, multicollinearity and changeability, all of which lead to model 

overfitting.  The PLSDA algorithm can deal with high dimensionality, however, as a single 

classifier it may not be capable of solving the difficulties with OES data mentioned above.  

Changeability of data can be visible when moving from one data set to another one recorded 

at a different time; use of cross validation and the result from protocol 4 in chapter 4 proved 

this.  However, our OES data may encounter noise, but applying a noise reduction 

algorithm and some other pre-processing techniques may not be very effective throughout 

all latent variables.  Most applicable pre-processing method was baseline correction as 

there was a continuum emission at the middle of spectra. 
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Through data segmentation, it has been discovered that the best model performance can be 

seen in areas where peaks are frequent or high. Our data segmentation approached showed 

that by reducing the number of predictor (wavelength) variables from ~3600 to 100 resulted 

in limited loss in model accuracy for protocols 1 and 2 in chapter 4. This was observed for 

a number of subset models across the wavelength range 300 nm to 600 nm. However, even 

with such a reduced variable number, overfitting is still a significant factor and application 

of the approach using protocol 4 was unsuccessful. Nevertheless, reduction of variable 

count has been shown to be important not only for data analysis but may also allow use of 

lower specification and narrower range spectrometers, with implications for reduced cost. 

There is considerable scope in exploring the data segmentation approach further using 

multiple segment models and variable window sizes.   

In terms of feature extraction, a robust filter VIPs method is applied and the presence of 

the most important scores on the peaks has been confirmed. Using VIP scores to reduce the 

variable count further, with models containing only 20 variables at single peaks, also 

resulted in high prediction accuracy.  

With a relatively small number of samples, models overfit to the training data and have 

reduced generality. To deal with model overfitting, regularization techniques such as lasso, 

ridge and elastic net were assessed.  These were effective on higher concentrations but not 

on trace ppm.  In contrast, variables merging could deal with model overfitting and improve 

model performance up to 98% while adding regularization techniques to merging could 

even improve ppm classification up to 99%. Therefore, including segmentation and/or VIP 

selection with peak merging offers routes for consideration with more complex gas 

mixtures. 

In terms of gas identification, three different gases have been considered (CH4, C2H2 & 

C2H6), and to make the mixture similar to real world data, other gases and impurities such 

as helium, nitrogen and natural air were also recorded.  In these conditions, the first step 
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for identifying a hydrocarbon is to confirm the presence of a wavelength line at 431 nm.  

This is the only wavelength where an increase in peak height indicates an increase in CxHy 

concentration.  To distinguish each hydrocarbon from each other, the unique VIP of each 

gas was the solution.  Though there was much similarity between the VIP score of each 

gas, each hydrocarbon shows a few different VIPs lines that may not be presented for other 

gases.  While certain quite specific wavelength points were identified in previous chapters 

as indicating the presence of particular CxHy species, the general hypothesis is that a unique 

VIP at wavelength interval 200-400 nm indicates methane, 500-600 nm shows acetylene 

and 600-700 nm for ethane.  

The most notable work of this thesis can be summarized as follows: 

 Understanding the nature and difficulties of OES data using pre-processing 

algorithms and data segmentation. 

 Solving the sample high dimensionality using an appropriate machine learning 

algorithm (PLSDA). 

 Solve the model overfitting result of multicollinearity using an innovative method 

called ‘wavelength variable merging’. 

 Introducing regularization algorithms and evaluating their effect on samples and 

the PLSDA algorithm. 

 Using Variables Important in Projections (VIP) as a feature extraction method and 

also for identifying hydrocarbons.  

 

6.2. Future Work 

These algorithmic techniques can be a fundamental solution for model overfitting and 

vapour identification especially when dealing with gas spectral data and breath analysis. 

Therefore, the future trend will involve assessing the algorithm’s potential role in the 
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development of a portable sensor for use in breath analysis or detection of industrial gases, 

as it can enable greater detection accuracy for these purposes. Prior to this step, the 

following stages could be considered:  

⮚  In this study, the presence of CH line in 431 nm is confirmed and the trend of 

increasing intensity with hydrocarbon concentration has been observed.  However, 

the complexity of the plasma chemistry and the behaviour of molecules within it 

is uncertain; discovering more about this area would be very valuable. Most 

knowledge in this field is currently at the level of hypothesis.  

⮚ It will be necessary to identify unique VIPs for other hydrocarbons and vapours.  

This would make the current work more robust and make it generalisable to other 

fields.  Once this has been done, the improvement and further development of 

current algorithmic methods would be the next step. 

⮚ It will be important to examine how this hydrocarbon data will be affected during 

interaction with various plasma devices. 

⮚ More work needs to be performed to assess how the algorithm responds to complex 

mixtures of hydrocarbons, such as a combination of CH4 & C2H6 mixed with air. 

 

 


