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Abstract

Air pollution due to the greenhouse emissions of pollutants by vehicles, is an issue whose
gravity is increasing, and it gains more significance for big cities such as Madrid. Controlling
the composition of vehicle fuel can reduce pollutant emissions from combustion and it can
also improve the performance of the vehicle engine. The intentional addition of off-
specification fuel or contaminants can occur during the distribution of fuels and it is difficult
to detect, unless the fuel is analyzed at every stage or the fuel quality is carefully

monitored.

Establishing a fuel effective compliance program regarding specifications is important to
ensure that fuels sold at gas stations meet all the requirements, and at the same time it is
challenging because fuel is manipulated by many different agents along the distribution
chain. It may also result costly, as the equipments used to measure the fuel composition
are based on laboratory chromatographs and spectrometers. These techniques need of
highly qualified staff, and large amount of samples, time and laboratory reagents

consumption.

Consequently, it becomes necessary the use of simple, fast, and accurate techniques to
carry out this quality control process. Although optical methods (non destructive) such as
Infrared and RAMAN Spectroscopy have been widely applied and studied, they still pose
drawbacks such as the lack of in-field applicability and the high cost of the equipment

currently employed for it.
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In this PhD thesis a new device is proposed and developed for the quality control of pure

fuel and its blends with alcohols (additives and adulterants). It consists on complementing
or replacing current laboratory techniques by an innovative compact MID IR sensor based
on a combination of a linear-array of detectors made of Vapour-phase-deposited Lead
Selenide (PbSe) coupled to a linear variable filter of wavelengths selection between 2.9 and
4.5 microns (3450-2222 cm™). This device provides a clear and quick analysis of fuel, either
pure or blended with alcohols, using the specified wavelength range. A simple, fast and
accurate method has been developed to determine fuel composition in three single steps:
the development of the device set-up; the recording of the spectra with optimized
parameters; and a fast processing of the data based on chemometrics as to being able to

easily get implemented at any stage of the fuel distribution chain.

The results obtained in the first part of this thesis demonstrated the prospective of this
device as a tool to differentiate pure chemical substances such as diesel oils, gasoline, and
alcohols with increasing hydrocarbon chain length from 1C (Methanol) to 6C (n-Hexanol) by
applying an appropriate pre-processing method in order to remove the noise and the drift
from the spectra. A Principal Components Analysis provided a reduction in the
dimensionality of the data and a preliminary differentiation between diesel oils, gasoline
and alcohols when plotting PC1 (retaining 95.35 % of variance) against PC2 (4 %), PC3 (0.21
%) and PC5 (0.07 %). The most remarkable fact regarding these results was the relevancy of
the information gathered by the PC2, PC3 and PC5; whilst the higher amount of information
was retained by PC1 (95 % of variance). Afterwards, a MANOVA analysis was applied on the
scores from PC1 to PC5, and the two first canonical variables gave a neat segregation
among pure substances when graphically represented in a Cartesian diagram. A total of 75
spectra were used for doing this calibration of the method. These results were validated
using the projection of new data sets (420 spectra) achieving a 100 % of successfully
classified individuals. The key wavelengths used for this analysis were 3035, 3101 and 3145
cm™ (3.3-3.2 microns) by the variable canonical 1, and 3035 and 3145 cm™ by the canonical

2.

The second part of this thesis was based on the experiments conducted to assess the
capacity of the device and method, set up for simultaneously quantifying and identifying
the type of alcohol in gasoline and the corresponding alcohol mixtures in a 10, 20, 30 %
(v/v). After the spectra pre-processing by a smoothing and baseline correction, two

different approaches were followed in order to quantify and determine the type of alcohol

-2-
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contained in the blend. Quantitative analysis was done by applying a PLS regression using

253 and 134 spectra for the train and test sets respectively. The results obtained for the
training and validation data sets gave a goodness of fitting of 0.95 in both of them, with a
Root Mean Square Error of Calibration and Cross Validation of 7.4 and 8.5 % respectively,
using 5 latent variables to build the model. These results demonstrated the ability of the
sensor for quantitatively predicting concentrations of alcohol up to 10 %. In parallel, a PCA
was performed on the pre processed spectra followed by a MANOVA analysis that gave a
segregation triangular pattern, where each vertex of the triangle corresponded to a type of
alcohol and it was qualitatively determined by the angles values (173° for methanol, 57.1°
for ethanol and 304° for n-butanol in the calibration data set, and 177.4°, 55.05° and 306.3
° respectively for the validation data set) and the radial distance measurement of each
cluster centroid to the centre of the triangle gave a parallel way to determine the
concentrations of each alcohol. This method was validated with the projection of a new
data set (97 spectra) on the loadings obtained from the calibration set (181 spectra). For
this analysis, the spectra of pure gasoline were not taken into account, and neither the 40
% methanol and ethanol mixtures, as they did not result of practical interest for the

analysis.

The experimental set up implemented in this thesis together with the search of the most
appropriate data analysis methods provided a new fast and accurate optical method to
determine and quantify pure chemical substances and their blends with a prospect of being

applied in the near future, at the fuel distribution chain.

Resumen

La contaminacion del aire debido a las emisiones de contaminantes de efecto invernadero
por los vehiculos, es un problema cuya gravedad estd aumentando y adquiere mas
importancia para las grandes ciudades como Madrid. Controlar la composicion del
combustible del vehiculo puede reducir las emisiones contaminantes de la combustién y
también puede mejorar el rendimiento del motor del vehiculo. La adicién intencional de
combustible fuera de especificacion o contaminantes puede ocurrir durante la distribucion
de combustibles y es dificil de detectar, a menos que el combustible se analice en cada

etapa o la calidad del combustible se controle cuidadosamente.
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Establecer un programa de cumplimiento efectivo de combustible con respecto a las

especificaciones es importante para garantizar que los combustibles vendidos en las
estaciones de servicio cumplan con todos los requisitos, y al mismo tiempo es un desafio
porque el combustible es manipulado por muchos agentes diferentes a lo largo de la
cadena de distribucién. También puede resultar costoso, ya que los equipos utilizados para
medir la composicion del combustible se basan en cromatdgrafos y espectrometros de
laboratorio. Estas técnicas requieren personal altamente calificado y una gran cantidad de

muestras, tiempo y consumo de reactivos de laboratorio.

En consecuencia, se hace necesario el uso de técnicas simples, rapidas, precisas y exactas
para llevar a cabo este proceso de control de calidad. Aunque los métodos 6pticos (no
destructivos) como la espectroscopia infrarroja y RAMAN se han aplicado y estudiado
ampliamente, todavia presentan inconvenientes como la falta de aplicabilidad in-situ y el

alto coste de los equipos actualmente empleados para ello.

En esta tesis doctoral se propone y desarrolla un nuevo dispositivo para el control de
calidad del combustible puro y sus mezclas con alcoholes (aditivos y adulterantes). Consiste
en complementar o reemplazar las técnicas de laboratorio actuales por un innovador
sensor compacto MID IR basado en una combinaciéon de un conjunto lineal de detectores
hechos de seleniuro de plomo depositado en fase de vapor (PbSe) acoplado a un filtro
variable lineal de seleccién de longitudes de onda entre 2.9 y 4,5 micras (3450-2222 cm™).
Este dispositivo proporciona un analisis claro y rapido del combustible, ya sea puro o
mezclado con alcoholes, utilizando el rango de longitud de onda especificado. Se ha
desarrollado un método simple, rapido y preciso para determinar la composiciéon del
combustible en tres pasos simples: el desarrollo de la configuracion del dispositivo; la
grabacién de los espectros con parametros optimizados; y un procesamiento rapido de
anadlisis de los datos basado en quimiometria para poder implementarlos facilmente en

cualquier etapa de la cadena de distribucidon de combustible.

Los resultados obtenidos en la primera parte de esta tesis demostraron la posibilidad de
gue este dispositivo sea una herramienta para diferenciar sustancias quimicas puras como
gasoleo, gasolina y alcoholes con una longitud de cadena de hidrocarburos creciente de 1C
(metanol) a 6C (n-hexanol) aplicando un método de pre-procesamiento apropiado para
eliminar el ruido y la deriva de los espectros. Un analisis de componentes principales

proporciond una reduccion en la dimensionalidad de los datos y una diferenciacién
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preliminar entre gaséleo, gasolina y los alcoholes visualizando el PC1 (que retiene el

95.35% de varianza) frente a PC2 (4%), al PC3 (0.21%) y al PC5 (0.07 %). El hecho mas
notable con respecto a estos resultados fue la relevancia de la informacién recogida por los
PC2, PC3 y PC5; aunque la mayor cantidad de informacidn esta retenida por el PC1 (95% de
variacion). Posteriormente, se aplicéd un analisis MANOVA a las muestras proyectadas en los
componentes principales PC1 a PC5. Las dos primeras variables candnicas dieron una clara
segregacion entre sustancias puras cuando se representan graficamente en un diagrama
cartesiano. Se utilizé un total de 75 espectros para realizar esta calibracién del método.
Estos resultados fueron validados utilizando la proyeccidon de nuevos conjuntos de datos
(420 espectros) logrando un 100% de individuos clasificados con éxito. Las longitudes de
onda clave utilizadas para este analisis fueron 3035, 3101 y 3145 cm™ (3.3-3.2 micras) por la

variable canénica 1, y 3035y 3145 cm™ por la candnica 2.

La segunda parte de esta tesis se basd en los experimentos realizados para evaluar la
capacidad del dispositivo y el método, configurado para cuantificar e identificar
simultdaneamente el tipo de alcohol en la gasolina y las mezclas de alcohol correspondientes
en un 10, 20, 30% (v / v). Después del procesamiento previo de los espectros mediante un
suavizado y una correccion de referencia, se siguieron dos enfoques diferentes para
cuantificar y determinar el tipo de alcohol contenido en la mezcla. El analisis cuantitativo se
realizd mediante la aplicacién de una regresion PLS utilizando 253 y 134 espectros para el
set de datos de entrenamiento y prueba del modelo, respectivamente. Dichos resultados
devolvieron un coeficiente de ajuste de minimos cuadrados con un valor de 0.95 en ambos,
con un error cuadrdtico medio de calibracién y validacién cruzada de 7.4 y 8.5%
respectivamente, utilizando 5 variables latentes para construir el modelo. Estos resultados
demostraron la capacidad del sensor para predecir cuantitativamente las concentraciones
de alcohol de hasta el 10%. Paralelamente, se realizé un andlisis de componentes
principales (PCA) en los espectros pre-procesados seguido de un analisis multivariante de la
varianza (MANOVA) que dio un patrdén triangular de segregacién, donde cada vértice del
triangulo correspondia a un tipo de alcohol y se determind cualitativamente por los valores
de los dngulos (173 ° para metanol, 57.1 ° para etanol y 304 ° para n-butanol en el conjunto
de datos de calibracién, y 177.4 °, 55.05 ° y 306.3 ° respectivamente para el conjunto de
datos de validacion) y la medicidon de la distancia radial de cada centroide del grupo al
centro del tridngulo dio Una forma paralela para determinar las concentraciones de cada

alcohol. Este método fue validado con la proyeccién de un nuevo conjunto de datos (97
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espectros) en las variables candnicas obtenidas del conjunto de calibracion (181 espectros).

Para este analisis, no se tuvieron en cuenta los espectros de la gasolina pura, ni tampoco las
mezclas de metanol y etanol al 40%, ya que no resultaron de interés practico para el

analisis.

La configuraciéon experimental implementada en esta tesis junto con la busqueda de los
métodos de anadlisis de datos mas apropiados proporcioné un nuevo método dptico rapido
y preciso para determinar y cuantificar sustancias quimicas puras y sus mezclas con la

posibilidad de aplicarse en un futuro préximo, en la cadena de distribucidon de combustible.
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Chapter 1

Introduction and antecedents

There exist some original causes at the time of vindicating the use of gasoline and alcohol
blends. These reasons are mainly related to the non-renewability of fossil fuels and the
environmental pollution caused by them. That is why new renewable sources of energy are
being investigated. Nevertheless, when it comes to implement new chemicals in the fuel
composition, it is also necessary an adequate quality control regarding to the vehicles

engine performance and the emissions generated from the exhaust gases.

This background leads to an exhaustive preliminary analysis of the fossil fuels and their
historical evolution, the introduction of additives and/or blending components in the

gasoline or diesel formulation, and the potential adulterations that it may suffer.

1.1 Fossil fuels as source of energy and their consumption

historically
Fossil fuels are the most used source of energy all over the world. This fact is due to they
constitute a high-power energy source because of their great heating power, given by their
carbon-carbon and hydrogen-carbon bonds, which are highly energetic. This feature has
been making them useful for the industry. Fossil fuels usage has allowed the great

economic and demographic growing up since the Industrial Revolution in XIX century. In
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2007, coal, petroleum and hydrogen gas combustion represented 86.4 % from the world

primary energy (U.S. Energy Information Administration 2015)".

They came from a decomposition and transformation of organic matter process that takes
thousands of years due to the temperature and pressure under several layers of sediments
deposited over the organic matter accumulated underneath them. This process was carried
out in oxygen absence and its million-years lasting made the fossil fuels a non-renewable

source of energy, due to they are consumed more quickly than they are generated.

Concerns surrounding this risk of depletion have persisted for decades not only at regional,
but also at global levels (Smil 2017). But the fossil fuels dependence is not only a matter of

running out these resources, but also an environmental issue as disclosed below.

The transport sector relies heavily on fossil fuels, for example in the form of gasoline or
diesel oils. The excessive usage of fossil fuels however, is not only leading to a depletion of
these resources but also it is presumed to contribute to the greenhouse effect, air
pollution, acid rain, ozone wearing and climate change. Pollutants generated via
combustion of fossil fuels, e.g. carbon monoxide or dioxide, unburned hydrocarbons (UHC),
nitrous oxides (NOx), hydrofluorocarbons (HFC) and others, pose a serious problem not
only for environment but also for human health (Corsetti, Zehentbauer, et al. 2015). Hence,
there is a strong need of new alternative fuels and a more demanding quality control of

fuels and vehicle exhaust emissions too.

Regarding the fossil fuel consumption historically, although fossil fuel production and
consumption began with coal, whose first use was reported as far back as 4000BC in China
(Smil 2017); large-scale combustion of coal is typically correlated with the period around
the beginning of the Industrial Revolution (year 1800). It can be seen that the global
consumption of fossil energy has increased more than 1300-fold since then to the year
2017. As shown, coal was the first and only fossil source until the 1860s when crude oil
consumption began. Natural gas production began a couple of decades later, in the 1880-

90s.

The 20th century saw a large diversification of fossil energy consumption, with coal

declining from 96 percent of total production in 1900 to less than 30 percent in 2000.

! https://www.eia.gov/todayinenergy/detail.php?id=26912
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Today, crude oil is the largest energy source, accounting for around 39 percent of fossil

energy, followed by natural gas and coal at 33 and 28 percent, respectively.

Figure 1 below displays the global fossil fuel consumption from the year 1800 onwards to
the year 2017, in terms of global use of these sources, regarding to coal, natural gas and

crude oil in terawatt-hours (TW/h) (Smil 2017).

On the other hand Figure 2 shows the index of average fossil fuel prices for coal, oil and
natural gas over the 30 last years. This index is measured relative to the year 2000, where
prices in 2000 are equal to 100 (Smil 2017), (Dudley 2015), (Jamrozik 2017). It can be seen
that natural gas prices have been the least variable over this period (remaining relatively
close to 100 across the last 30 years). Coal has shown the greatest volatility (rising to four
times the 2000 price in 2008, and nearly 3.5 times in 2011. Oil has similarly shown volatility,

varying by two to three-folds over this period.

Global fossil fuel consumption

Global primary energy consumption by fossil fuel source, measured in terawatt-hours (TWh).

120,000 TWh
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100,000 TWh
80,000 TWh
60,000 TWh =
40,000 TWh

20,000 TWh / L Coal

_ _,/"ﬂ -

0TWh =
1800 1850 1900 1950 2000 2017
Source: Vaclav Smil (2017). Energy Transitions: Global and National Perspective & BP Statistical Review of World Energy
OurWorldIinData.org/fossil-fuels/ « CC BY

Figure 1.Global fossil fuel consumption in terms of coal, natural gas and crude oil from 1800 to
nowadays

A significant increase on natural gas and crude oil is observed since the 90’s due to a peak

in petrochemical industry.
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Fossil fuel price index Our World

Average global prices of oil, natural gas and coal, measured as an energy index where prices in 2000=100.
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Figure 2.Index of average fossil fuel prices for coal, oil and natural gas over the last 30 years
(Santos 2000)

The question often asked with regards to fuel reserves is: when are they going to run out?

Because they are finite resources and will eventually run out if consumed indefinitely.

This background pointed out for the need of renewable sources that have been gradually
implemented in the new vehicle engines. Some of these alternative fuels are based on
which are known as bio-fuels. These are transportation fuels that are produced from
biomass materials and are usually blended with petroleum fuels (gasoline or diesel fuels)
but can also be used on their own. This means less gasoline or diesel fuel is burned and also

the combustion process is cleaner than when gasoline or pure diesel fuel is used.

In a joint research work in 1917, Charles Kettering (inventor of electric self-starter) and
Midgley blended ethyl alcohol (grain alcohol) with gasoline and concluded that alcohols
mixed with gasoline could produce a suitable motor fuel (Nadim and Hoag 2001). It was
discovered that alcohol had many advantages over other additives, because it burned clean
and free from any deposits, it produced higher compression ratios inside the engines
without knocking and generated more horsepower due to an increase in the octane

number.
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Ethanol has been frequently and widely used as an automotive vehicle fuel due to the

variety of renewable resources available for its industrial scale production especially in
some countries such as Brazil or the US (Adenilton 2012). Additionally, the fact of
containing oxygen in its structure provides the potential to reduce particulate emission in
compression-ignition engines. Methyl-Tertbutyl Ether (MTBE) used to be the oxygenated
chemical added to gasoline instead of the ethanol, but it has been demonstrated to be toxic

and environmentally harmful and also it is not renewable as alcohols (Hansen 2005).

The knocking or detonation in Internal Combustion Engines (ICE) occurs when the peak of
the combustion process takes place at a moment that is not the optimal on the combustion
cycle. To avoid this phenomenon that causes damage to the spark ignition engine, some
additives have been studied and proposed for the gasoline fuel. So on, in the early 20th
century, Thomas Midgely, a research scientist working for the Dayton Research
Laboratories of Dayton (Ohio) discovered that the addition of iodine to gasoline
substantially reduced the engine knocks and so on preventing damages to the vehicle. He
related engine knocks to low quality of fuel combustion (later known as octane rating).
lodine raised octane rating and eliminated the knocks. lodine had two major drawbacks; it

was corrosive and prohibitively expensive (Nadim, et al. 2001).

1.2 Additives and octane boosters as main blending components

Gasoline is a petroleum-derived liquid that is used primarily as a fuel in internal combustion
engines (ICE), particularly Spark ignition Otto Engine (SI). Gasoline is a blend of
hydrocarbons with some contaminants, including sulfur, nitrogen, oxygen, and certain
metals. The four major constituent groups of gasoline are olefins, aromatics, paraffins, and

napthenes. (Demirbas 2015).

1.2.1 Additives

The Additives Manufacturers association from Europe (ATC) defines a fuel additive as: A
chemical substance or preparation, added to fuel, in concentrations typically of less than
1%, to impart or enhance desirable properties or to suppress undesirable properties.
Additive treat levels do not approach those of blending components such as ethanol for use
in gasoline, where the use levels are typically for 3% to 20% of the hydrocarbon base fuel

volume.
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An additive may be used as a single stand-alone product to resolve a specific issue, for

example at the refinery or, frequently, may be combined with other products to create a
multi-functional package for use in finished fuels for the automotive industry. Typical single
additives are dosed at 50-500 mg/kg range, while a multifunctional package may be used at
treat levels in the range 350-3500 mg/kg (0.035-0.35 %) depending on the extent and the

range of benefits desired.

A very wide range of additives has been developed to meet the needs of the fuel industry
as indicated in Figure 3 below. These may be encountered at the refinery, in distribution
systems and storage tanks or in use, for example in numerous different transport

applications.

ruel agaitive types and history
An indication of the approximate dates of intraduction af major fuel addithee types i ghven in Figure 2 below,
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Figure 3.Diagram showing the indication of the approximate dates of introduction of major fuel
additive types (Smil 2017).

As it can be observed, the first type of additives that were introduced into the additive
market were the Cetane Number improvers for diesel oils and lead anti-knock additives for
gasoline in parallel, followed by the dyes and/or markers, antioxidants, metal deactivators,
corrosion inhibitors, and anti-icing additives. The rest of types of additives were being

implemented from the 60’s on. New additives are still being developed and implemented in
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gasoline and diesel fuel in order to improve their properties with regards to their transport

and the correct working of the vehicle engine.

According to the ATC the petroleum additive industry is a significant operating sector of the
world economy, with a world-wide turnover of about € 7,000 million, (€ 1,900 million in
Europe) and research and development (R&D) spending in 2005 of € 400 million (€ 115
million in Europe). The industry has 8,400 direct employees world-wide (2,800 in Europe),

maintaining some 75 R&D and manufacturing sites globally (25 in Europe).

Additives need to comply with European REACH (Registration, Evaluation, Authorization
and Restriction of Chemicals) regulations linked to health and safety legislation which poses

a significant challenge.

1.2.2 Octane boosters

On the other hand, octane number or octane rating is a measure of the level of
temperature and pressure needed to ignite the fuel/air mixture, high-octane fuels prevent
premature ignition. Such premature ignition can create a knocking on the engine, causing

stress and potential damage on it, as it was described in previous sections.

Octane number is defined nowadays as a measure of the knock resistance of gasoline. It
can take a numerical value from 0 to 100, and describes the behavior of a fuel during
combustion. It comes necessary differentiating between the Research Octane Number
(RON) and the Motor Octane Number (MON). While the RON is a measure or description of
the fuel behavior at low temperatures and speeds (65 °C in the inlet, 600 rpm) (Demirbas
2015), in an attempt to simulate the acceleration behavior, the MON is a measure of the
fuel behavior at high temperature and speed (i.e. such as when driving fast on a highway).
According to the specific regulations, a gasoline RON should be at least 95.0 if it is Super
and at least 98.0 if this is a Super Plus gasoline. Nevertheless, the MON should be at least
85.0 for Super and 88.0 for Super Plus gasoline. The difference is that RON is usually
specified at service stations, whilst MON is not known to the public as it is not specified at
service stations. Other difference is that usually RON is higher that the specifications, whilst

MON is generally at the limit of the specification®.
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Modern spark ignition engines have a typical octane requirement in the range 90-98

research octane number (RON). Operation on fuel of inadequate octane quality produces

unwanted noise from detonation and may result in engine damage.’

Octane boosters, also called antiknock compounds, comprise principally organometallic
chemistries including Tetraethyl Lead (TEL), Ferrocene and Methyl cyclopentadienyl
manganese tricarbonyl (MMT). Tetraethyl lead (formula, (CH3;CH,),Pb) was first mixed with
gasoline in the 1920s as a patented octane booster. Burning of TEL generates lead oxide,
which poisons catalytic converters. The use of compounds containing lead causes

environment pollution.

On the other hand, the use of organic compounds as octane boosters, such as N-methyl
aniline, ethanol, methyl tertiary butyl ether (MTBE), etc. is less effective than when using

organometallic additives.

1.3 Ethanol as multi-functional blending component
As disclosed above, alcohols have been chosen as the candidates to replace MTBE and

other additives because of their renewability and eco-friendly character (Szulczyk 2010).

Preceding research has been oriented to investigate the impact of fuel-alcohol blends in the
spark ignition (SI) engine performance and its emissions produced, by comparison of the
results obtained from the gasoline-alcohol fuel blends (concretely at E5 and E10 blending
rates) to those of pure gasoline fuel (Balat 2011). These results indicated that alcohol-
gasoline blends provided better properties to the gasoline (Abu-Zaid, Badran and Yamin
2004) since they improve oxygen content, and enhance octane number; more oxygen in the

fuel allows more complete combustion and reduction of carbon monoxide emissions.

In 2003, the Environmental Protection Agency (EPA) issued a waiver that authorizes the
incorporation of up to 15% ethanol into gasoline for cars and light pickup trucks made from

2001 onwards.

The world’s top ethanol fuel producers in 2011 were the US with 52.6 billion liters, followed
by Brazil with 21.1 billion liters. Together they account for the 87.1 % of the world
production (84.6 billion liters). Strong incentives, coupled with other industry development

initiatives, are giving rise to fledgling ethanol industries in countries such as Germany,

2
www.mabanaft.com s.f.
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Spain, France, Sweden, China, Thailand, Canada, Colombia, India, Australia, and some

Central American countries.

Table 1 below summarizes the annual ethanol fuel production by the main producer
countries among 2014 and 2016. It also shows the evolution in the amount of ethanol fuel
produced along these three years that follows an increasing tendency from 2014 to 2016.
This means that the use of ethanol blended with gasoline is technically working on and
moving forward.

Table 1.Summary of the ethanol fuel production a year all over the world during the period
between 2014 and 2016 (Balat 2011)

Annual fuel production by country (2014-2016) (Millions of US liquid gallons per year)

World rank (2017) Country 2016 2015 2014
1 United States 15.330 14.806 14.300
2 Brazil 7.295 7.093 6.190
3 European Union 1.377 1.387 1.445
i} China 845 813 635
5 Canada 436 436 510
6 Thailand 322 334 310
7 Argentina 264 211 160
8 India 225 211 155
* Rest of the world 490 391 865

World total 26.094 25.682 24.570

In the past, ethanol was not given expectancy due to its insufficient production and high
price (Eyidogau, et al. 2010). That moved on research and development of new sources for
biologically obtained ethanol, better known as bio ethanol (of relatively low cost and

environmentally friendly), which is mainly produced by the alcoholic fermentation of
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agriculture feedstocks (e.g. sugar cane and corn). These raw materials are classified into

three categories of agricultural raw materials: simple sugars, starch and lignocelluloses.

1.4 N-butanol as a potential blending component in comparison to

ethanol
To cope up with increased demand for ethanol, alcohols with increased carbon numbers
such as butanol can be utilized as heightened substitutes because the implement of ethanol

as fuel in gasoline engines is mainly limited by its low heating value (LHV).

Butanol has four isomers: n-butanol, isobutanol, sec-Butanol, and tert-butanol. Among
them, only n-butanol is produced from fermentation through the Acetone-Butanol-Ethanol
(ABE) process. The remaining isomers are not discussed in this section, because they are
not produced by the ABE process, so they do not pose the same sustainability as the n-
butanol. Both n-butanol and ethanol can be fermented from the same feedstocks, which
include the sugar and starch crops and lignocellulosic fermentation from wood and crop
residues, and fast-growing energy crops like hybrid poplar, switchgrass, and willow.
Furthermore, the capital and facilities used to produce ethanol can be switched to butanol
fermentation with minimal costs. These facts pose an advantage to replace ethanol by

butanol in fuel blends.

When n-butanol is added to gasoline, their blends are denominated in the same way than
when using ethanol, following the code of the letter “N’ (as the initial letter of the n-
butanol), followed by a number that indicates the percentage of alcohol in the blend. For

instance, N20 is a blend which contains exactly a 20 % of n-butanol.

N-butanol offers some advantages with respect to ethanol. More specifically, it overcomes
three lacks or deficiencies of ethanol: 1) n-butanol owes higher energy content than
ethanol; 2) butanol-gasoline blends are more hydrophobic than the ones made with
ethanol, and more affined to the gasoline too; and 3) n-butanol can be blended with
gasoline in any percentage, all the way up to 100%. Since n-butanol is a longer chain

hydrocarbon, and thus resembles gasoline more closely.

Referring to Table 2, pure n-butanol has an octane rating of 87, which is comparable to

gasoline fuels. However, ethanol has a higher octane rating. This higher octane rating gives
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ethanol an advantage. Petroleum distributors could buy a cheaper, low-octane fuel and

blend it with ethanol to increase its octane. However, octane rating is not the only
important fuel property (Szulczyk 2010).
Table 2. Ethanol, gasoline and n-butanol properties. Sources: Brekke (K., 2007); Davis and Diegel

(Davis S.C., 2006); Gallagher et al. (Gallagher PW, 2003 (25)), Graboski (M.S., 2009); Reynolds (R.E.);
Sheehan et al. (Sheehan J., 1998); Wu et al. (Wu M., 2007).

Units Gasoline Pure ethanol Pure butanol
Oxygen content 100 % Close to 0 36 22
Octane number 100 % 85t0 94 112.5t0 114 87
Reid vapor
Bar 0.480to 1.034 0.159 0.023
pressure
Higher heating
MJ/ liter 34.8 23.6 -
value
Lowe heating
MJ/ liter 31.2to032.4 21.1to021.3 27.8

value

Table 2 demonstrates that gasoline has almost zero oxygen, ethanol contains 36% oxygen,

and butanol contains 22% oxygen.

According to the Reid Vapor Pressure, a fuel needs a minimum vapor pressure to start a
cold engine. N-utanol has a lower Reid vapor pressure than ethanol. Thus, n-butanol does
not easily vaporize which may make it more difficult to start a cold engine. However, the
Environmental Protection Agency regulates a gasoline’s maximum vapor pressure. Easy
vaporization of fuel leads to higher pollution levels, especially during hot summers. The
sun’s ultraviolet radiation converts these volatile organic compounds along with NOy gases
into ground ozone pollution (Environmental Protection Agency of US, 2008°). So on,

butanol’s low vapor pressure is both a benefit and a disadvantage.

® https://cfpub.epa.gov/ncea/risk/recordisplay.cfm?deid=190806

-17 -



https://cfpub.epa.gov/ncea/risk/recordisplay.cfm?deid=190806

M2 del Sagrario Maldonado Gil Introduction
Another important fuel property is its energy content. Referring to Table 2, butanol

contains approximately 86% of the energy of gasoline, while ethanol contains
approximately 65%. The lower energy content reduces the acceleration and mileage from a
gallon of fuel. Thus, butanol fares much better in energy content and is closer to gasoline in
energy content. The differences in energy content would lead to different market prices for

the fuels.

Butanol has one property that may hinder the public’s adoption of this fuel. Butanol is toxic
to humans when excessive or prolonged exposure to butanol vapors (The Dow Chemical
Company, 2009%). However, gasoline is formed of hundreds of compounds and some of

these compounds are just as toxic.

What makes butanol a better alternative? Butanol has high energy content, butanol-
gasoline blends do not separate in the presence of water, and butanol can be blended with
gasoline at any percentage without modifying the gasoline engine. Furthermore, butanol
has a comparable octane level to gasoline and a lower vapor pressure. Gasoline distributors
could buy a cheaper gasoline and blend in butanol to meet the EPA's minimum fuel

requirements.

1.5 Methanol as potential adulterant or additive
Methanol and ethanol, both anhydrous, are added to the gasoline in many countries

around the world, generally in the ratio of 10% (v/v) (Fernandes, et al. 2008).

During the ethanol crisis of 1989 in Brazil, alternative additives were investigated to be
incorporated into the gasoline, such as, the oxygenated compounds from petroleum like
MTBE, (ethyl-tert-butyl-ether) and TAME, (tert-amyl-methyl-ether). At that time, in addition
to a reduction of the amount of anhydrous ethanol added to the gasoline, a new fuel called
MEG (which means 33%, v/v of methanol + 60%, v/v of ethanol + 7%, v/v of gasoline) was
proposed. Although its production had been authorized, its commercialization was
considered dangerous due to methanol manipulation, finally being abandoned (Santos
2000). The addition of methanol to gasoline is currently forbidden in Brazil. However in

some countries, such as USA, it is still used (Abu-Zaid, Badran and Yamin 2004).

Previous studies carried out in 2015 by Abreu et al. (Romario, Abreu and Paz 2015) in Brazil,

dealt with the adulteration of fuel mixing it with methanol. This practice is more usual and

* http://www.annualreports.com/Company/the-dow-chemical-company
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important in a sort of biodiesel called hydrated ethyl alcohol fuel (HEAF) that is mainly used

in countries like Brazil, where sugar cane agricultural waste and other biological feedstocks
are found in high amounts. This fuel is constituted by anhydrous ethanol blended with
gasoline. The production and consumption of this fuel are increasingly larger, making it
more susceptible to adulterations with methanol, due to the similarity in the chemistry of
both alcohols and the much lower price of methanol. Specifically, a common non-

conformity refers to the addition of methanol to HEAF (Lemos, Romario and Abreu 2015).

In recent studies developed in 2017 by Jamrozik, it was discovered that the addition of
methanol to diesel fuel blends in up to 30% (v/v) could have some positive effects regarding
the engine performance and the emissions. More specifically, it was observed that the
addition and the increase in the methanol content of up to 30 % in diesel methanol blends
had a positive effect on thermal efficiency. Moreover this increase led to a substantial
reduction in carbon monoxide emissions and did show a significant effect on emissions of
hydrocarbons and carbon dioxide. Nevertheless, a further increase in volume on methanol
of over 30 % caused disturbances in the combustion process, a substantial decline in in-

cylinder pressure and unsteady engine work (Jamrozik 2017).

1.6 Problem statement

Taking all the information provided above into account, regarding to fuel additives,
blending components and adulterations, it must be remarked that not only qualitative
determination but also quantification is also important when it comes to know the type of
additive or alcohol added to the gasoline, because it is also considered adulteration when

the alcohol is blended with the gasoline in higher than the amount legally established.

The procedures for quality tests and norms for fuels commercialization are based on
recognized standard methods that usually involve multiple laboratory techniques such as
gas and liquid chromatography, ion absorption, and atomic spectrometry. These techniques
usually result in high costs regarding to personnel and reagents consumption, and take
longer at the stage of sample preparation, so they result in higher time consumption too,

which makes them disadvantageous for the petrochemical companies.

Sampling is expensive and the fuel might result spoiled during the process, therefore real

time and in situ measuring techniques are required in order to guarantee the accuracy and
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reliability of the analysis. Also, the longer a fuel is onboard in a vessel, in a tank or in a

distribution network, the more opportunity there is for it to change and deviate from its
specification or to be contaminated. So on, some companies who dedicate to fuel quality
testing are trying to include in field support by infrared portable spectrometer among their

analysis in addition to the traditional laboratory methods”.

On the other hand, considering the increasing use of additives in the fuel industry, there is
a need of accurate and robust analytical techniques in order to determine exactly the

alcohol-fuel proportions, as well as the identification of the type of alcohol molecule in use.

Furthermore, there is an increasing interest in non-invasive, non-destructive and rapid
assessment techniques since the number of analysis per year can exceed 1.5 million,
depending on the type of fuel studied and the legislations from each country. In this

framework it the optical methods will most probably gradually replace the chemical ones.

5
www.astm.org
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Chapter 2

State of the art

This chapter has been structured into technical and scientific prior art. The former refers
mainly to patented optical devices (apparatus and methods). Most of them work in the
Infrared and are applied to solve issues that are similar to the one in this thesis (fuel quality
control), some of them are applied for liquid measurements and the others are for gas. The
latter section focuses on scientific publications from the research that has been developed
about spectroscopic techniques and the mathematical methods used to analyze fuel and

fuel-alcohol blends.

2.1. State of technical prior art
As indicated in the problem statement optical methods are expected to gradually replace

the chemical ones, and thus are specifically considered for the technical state of prior art.

2.1.1. The first patented inventions related to optical devices applied to fuel
quality control

The first relevant number of optical inventions goes back to the first 90’s and the early XXI

Century to measure fuels or other kind of organic liquid or gaseous matters in real time and

in situ. The results demonstrated that optical devices constituted an effective and accurate

tool comparable to traditional chemical methods due to their quick response, better

accuracy and non-invasive way of sample measuring and data acquisition. However, these

optical methods needed to be supported by complex chemometric approaches.
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The optical devices reviewed here were designed not only to identify and determine the

ethanol, methanol or another constituents in the blend content, but also for the study and
characterization of some raw diesel or gasoline parameters such as octane index,
hydrocarbon content profile (PIANO), etc. as will be discussed towards the released patents

since 1993.

As subsequently disclosed, most of these optical devices referred above are based on
infrared spectroscopy. The infrared radiation can be divided in three regions known as Near
(12500-4000 cm™), Middle (4000-400 cm™) and Far infrared (400-10 cm™). Some of the
patents are focused in apparatus and methods that work in a determined wavelength span,
whilst some others combine two or more different regions. The following parts make a
disclosure about the instrumentation that is associated with these invetions, starting by a
exposure about the light sources and afterwards the type of detectors depending on the
spectral range used. Afterwards, a brief screening of the inventors or assignees is given,
before going to describe the specific experimental set up used for each invention regarding

to their applications.

Ligh sources

As the spectroscopy is a technique based on the study of the absorption and emission of
light and other radiations by matter, the instruments for measuring infrared absorption all
require a source of continuous infrared radiation of different frequencies. (Graybeal and
Hurst 2018). These all processes depend on the wavelength of the radiation. The
decomposition of electromagnetic radiation into its component wavelengths is
fundamental to spectroscopy. Evolving from the first crude prism spectrographs that
separated sunlight into its constituent colors, modern spectrometers have provided

increasing wavelength resolution.

The main types of electromagnetic sources include the broadband-light sources, which are
based on the generation of light separately from the sample. A typical broadband light
source that can be used for either emission or absorption spectroscopy is a metal filament

heated to high temperature (Graybeal and Hurst 2018).

Infrared sources usually consist of an inert solid that is electrically heated to a temperature

between 1.500 and 2.200 K. The heated material will then emit infrared radiation.
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Other kinds of sources are the line and the laser sources. The first ones are capable of

primarily emitting radiation with discrete, well-defined frequencies are also widely used in
spectroscopy. The second ones are also line sources that emit radiation over a very narrow

frequency range.

Different kinds of sources are eligible depending mainly on the spectral range in study and
the type of sample and detector used. For instance, normally the FTIR spectrometers use
type of broadband lamp that is the Globar or Nernst lamp source for the MID IR region. The

Nernst or Globar filament is made of rare earth oxides in the form of a hollow cylinder.

If the Far IR region is to be examined, then a high pressure Mercury lamp can be used. This
one is a lamp that produces light as a result of an electrical discharge generated by two
electrodes in a high-pressure mercury vapor that is contained in a transparent bulb (Van

Bommel 2012).

For the Near Infrared, Tungsten-halogen lamps are usually employed as sources. These are
a specific type of Globar source which consists of a Tugnsten filament that is sealed into a
compact transparent envelope filled with a mixture of an inert gas and a small amount of
an halogen such as iodine or bromine. The combination of the halogen gas and the
tungsten filament produces an halogen cycle chemical reaction that re-deposits the
evaporated tungsten on the filament. These kinds of sources work at temperatures of

around 250 °C.

The light sources employed on the inventions discussed in this section can be different
types such as broadband sources which supply a continuous spectrum in a wide range of
wavelengths from the NIR and/or the MID IR, or tunable frequency sources such as the
ultra-short pulsed lasers. Some of the inventions patented and discussed here combine two
different types of sources, such as UV Vis and IR beams (Lord 2002) for whom two different
kinds of sources are used, i.e. a Silicon Carbide lamp heated to 1000 °C for the IR and a
Deuterium or high pressure Xenon lamp for the UV Vis spectral range in the case of the

invention that combines this type of sensor with the Infrared ones (Lord 2002).

Spectral ranges (detectors)
Most of the devices or inventions patented are based on an appropriate wavelength
selection in order to pick the target compounds and avoid interferences or cross

sensitivities to other analytes that absorb or transmit radiation at the same wavelengths.
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The first patented invention to disclose at this section was in 1993, when the company

Boston Advanced Technologies, Inc. patented a method and apparatus based in the MID IR
(4000 to 500 cm™, or 20.0-2.5 microns) (Clarke 1993) to analyze components in fuel
solution. This method was useful to measure octane index and Reid Vapor Pressure of the
fuel. These properties to determine had nothing to do with the alcohol or other additives
content, but it meant the starting point for the application of the infrared spectroscopy to

measure the fuel quality.

Following this line, (Maggard 1994) patented an apparatus based on a combination of NIR
selected wavelengths (wavelength ranges of 2.05 to 2.25 microns for olefins identification:
0.88-0.974, 1.152-1.230, 1.320-1.380, 1.470-1578, 1.614-1.644, 1.746-1.810, 1.94-2.00,
and 2.058-2.130 microns for paraffin and isoparaffin identification) to measure and analyze
percentage of various hydrocarbons (PIANO), research octane index and motor octane

index of gasoline, and cetane index of diesel fuels through these hydrocarbons profiling.

The gasoline adulteration issue was addressed much later by an invention patented in
2006. (Chen and Asher 2006) used a very narrow section from the MID range (2800 to 3200
cm™ which is equivalent to 3.6-3.12 microns). The patented invention comprised a fuel
reservoir as sample cell, and a heating mechanism to determine the fuel dilution in a
sample. This parameter is an indicative of a possible engine disfunction. The concentration
of fuel in crankcase lubrication oil provides an important indication of engine condition and
can signal the need for engine maintenance. Most engines collect some fuel in the
crankcase oil under normal operation, however excessive fuel dilution usually indicates
engine malfunction, improper operation, or overly extended periods between oil changes.
Usually this fuel dilution was determined by means of gas chromatography analysis or other

techniques.

Many patents released later than 2000 combine two or more different optical methods
that work in different spectral wavelength ranges (such as combining NIR with MIR, RAMAN
or UV VIS).

The reasons why RAMAN is a complimentary technique to IR spectroscopy may be

explained from the information gathered in Table 3 below (Peeran 2005).
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Table 3.Differences between IR and Raman methods

RAMAN FTIR

It is due to the scattering of light by the It is the result of absorption of light by
vibrating molecules. vibrating molecules.
The vibration is Raman active if it causes a Vibration is IR active if there is change in
change in molecules polarization. dipole moment.

The vibration concerned should have a
The molecule need not possess a
change in dipole moment due to that
permanent dipole moment.
vibration.

Water cannot be used due to its intense
Water can be used as a solvent.
absorption in IR.87

Sample preparation is not very Sample preparation is elaborate

complicated, as it can be in any state. Gaseous samples can rarely be used.

Cost of instrumentation is higher than IR Comparatively inexpensive

As derived from Table 3, both techniques (RAMAN and FTIR) are useful depending on the
substance, and sample presentation. In an ideal situation, the best results would be
obtained by combining both devices simultaneously. For an instance, (Wellch and Bledsoe
2000) patented a method and device in the year 2000 to analyze several properties in a
reformulated gasoline (RFG) such as Reid Vapor Pressure (RVP), sulfur, olefin and aromatic
contents, distillation properties, volatile carbon (VOCs) and nitrogen oxides (NOx) by

combining NIR and RAMAN techniques.

Regarding UV Vis spectroscopy (Lord 2002) patented a device which combined a non-
dispersive IR and UV Vis to quantify pollutants in exhaust emissions. The choice between IR
or UV or both combined, comes from the need to measure some compounds that absorb
better in one wavelength range or another. For example, some pollutants such as NO

absorb in the UV wavelength range.
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A recent embodiment (Zelepouga 2016) for in situ measurement of the fuel gas

composition and heat values combines three types of sensors in an attempt to overcome
the inaccuracies associated with the cross-sensitivity of known sensors. A specific target is
set for each sensor: NIR (0.9-1.7 microns/11111-5882 cm™) for measuring concentrations of
hydrocarbons and carbon dioxide, a MID IR sensor (up to 5-8 microns/2000-1250 cm™) for
measuring concentrations of carbon monoxide, and a semiconductor-based sensor for
measuring the hydrogen concentration and to reduce the cross sensitivity of previous ones.
The apparatus of this invention may be integrated with turbines, engines or any

combustion system for efficient exhaust gases control.

As it can be extracted from the points disclosed above, many approaches have been done
before in order to improve the accuracy and versatility of the patented devices along the

last decades.

One of the main aims of the inventions disclosed above is gathering the widest wavelengths
range using the simplest instrumentation possible. And that is the contribution provided by
this thesis, as it found out the applications for a rugged and compact device with no moving
parts that works in a wavelength range that gathers the near and the middle infrared
regions simultaneously, in a spectral range spanned between 2 and 5 microns, that is where
most of the organic molecules absorb radiation, as it shows strong vibration modes of the

carbon-hydrogen, carbonyl and hydroxyl functional groups.

Inventors and assignees from the disclosed patents

In order to get a better knowledge of the inventions origin and understanding the
motivations and applications for each development, a brief screening of the inventors,
institutions and assignees who released each of the studied patents is shown below in

Table 4.
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Table 4.Inventors, institutions and assignees for each of the disclosed patents

Patent ID Inventor/s Country Assignee/s

US5225679 1993 Richard H. Clarke United Boston Advanced
Deming Tang States Technologies, Inc.
United
US5349189 1994 Steven M. Maggard Ashland Oil, Inc.
States
William T. Welch, Roy R. United
Us6140647 2000 Bledsoe, Brian K. Wilt, e C
) States Petroleum
Michael B. Sumner
United .
US6455851 2002 Harry C. Lord, Marc M. Air Instruments and
Baum States Measurement, Inc
US200601921 Yu-Min Chen United
2006 On-Site Analysis, Inc.
22A1 William Asher States
Luis Ramirez-Arizmendi United Exxonmobil Research
US7420170 2008 stat and Engineering
Heather D. Hamje ates company
EP2944944A1 2015 Chayan Mitra et al Europe ~ General Electric
Company
Serguei Zelepouga, John United ﬁ]iiitute T((achf)moI:fL/
US9291610 2016 M. Pratapas, Alexei V. .
Saveliev. Villas V. Jangale States North Carolina State
' --ang University (NC)

As it can be extracted from Table 4, most of the patented inventions were released in the
United States. Only one of the patents is European, but its applicants came from different
nationalities such as India and the United States. Regarding the institutions who applied for
the patents, they can be classified in two main groups: those who belong to technical
companies (engineering, manufacturing, etc.) who designed and manufactured the
patented devices as a part of their products; and those who belong mainly to oil and
petrochemical sectors, which apply the designed, implemented technology or method to

the fuel or gaseous emissions quality control.
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And finally, it is remarkable the fact that only one patent is applied by a company together

with a university. This is the case of the latest patent from 2016, which was released by the
Gas Technology Institute of lllinois together with the North Carolina State University. This
could mean that applied research and development carried out by the universities together
with the companies has been growing up during the last few years in an attempt to develop

new technologies that are applicable to the fuel industry.

2.1.2. Specific experimental set-up

From the patents mentioned above, some devices have been patented for liquid fuels while
others refer to gaseous chemicals. This fact affects the sample presentation and position
inside the measuring chamber, and so more detailed information are included in this

paragraph.

Liquid measurements

Sample presentation, volume adjustment and concentration are less complicated for
liquid than for gaseous samples. Nevertheless, in the case of gasoline errors may occur due
to certain volatile compounds that are susceptible to evaporate while measuring; in such
cases the temperature is a parameter that must be monitored along the acquisition
process, because it affects directly to the presence of volatile compounds in a headspace

and their concentrations.

Table 5 below summarizes patents from the 90’s to 2008 for liquid fuel applications
with varying IR spectral ranges (NIR or MID IR), and target compounds. The earliest devices
were designed for industrial environment: tank (1993) or continuous flow (1994). The most
recent patents (2000 and 2008) since they refer only to the method and do not include an

apparatus.
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Table 5.Screening of some patented devices from the 90’s to 2008 for liquid fuel applications

LIQUID
. Spectrum and
M T
Year Patent ID Title Calibration ea?urlng wavelength arget
site - analytes
MTBE
Aromatic
Method and
apparatus for L MID Alcohols
1993 US5225679 determining Yes L'q;"d Ii”e'
hydrocarbon fuel an 4000 to 500 cm™ Octane
properties
Batch or Hydrocarbons
Process and continuous cor(:lﬁﬁgrzts(
apparatus for sample NIR aF;affin
1994 US5349189 analysis of Yes feeding isg araffi'n
hydrocarbons by arrangement  9524-8334 cm™ ar(?matics’
near IR spectroscopy (Non na htene;
specified) 2 .
and olephins)
e O
2000 US6140647 analysis by a Yes g . 8
spectrometer in different span non exhaust
P blends specified) emissions
FTIR Chemometric MID
method to Batch set-up " Cetane
determine cetane for the diesel 4300-3500 cm number of
2008 US7420170 ber of diesel Yes lei CIRMES
num erq . |es(f) sample in 2200-1800 cm™? . '
fuels containing * 'FA study diesel fuel oil

alkyl ester additives

1700-1624 cm™

(*)Fatty acid, (**) Rapeseed methyl ester

Limited details of sample presentation are provided in the most recent patent documents,

in which only block diagrams are shown, while patent in 1993 (Figure 4) specifies that the

sample should flow through a sample cell immersed in the storage tank, and the signal

transmitted by an optical fiber to the processor.
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Figure 4.Schematic drawing of the experimental device corresponding to the patented invention
for measuring hydrocarbon fuel properties, which was released in 1993 for liquid fuels
applications.

Details such as the vehicle and the fuel tank are specified. Same occurs with the piping and

heating that are clearly specified as their way to the final processor.

Gas measurements

The sample flow cell features constitutes the specificity of patents related to gaseous
sample determination (inventions patented from 2002 to 2016), in either of the cases,
samples are fully gaseous: exhaust gas plumes or heated sample. As a consequence, the
need of controlling temperature and pressure is mandatory in these cases as it affects the
volatile compounds concentration. Table 6 below summarizes for gaseous fuel applications
which in all cases includes MID range, in two of the cases in combination with other
spectral ranges (NIR or UV). FTIR-based devices (spectra scanned by moving mirrors) are
not used for gaseous samples since notorious fluctuations are shown on the spectral peaks

at measuring volatile or gas flows.
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Table 6.Screening of some patented devices from 2002 to 2016 for applications in volatile
compounds and exhaust gases from fuels.

Calibrati  Measurin Spectrum and
Year Patent ID Title . 8 wavelength Target analytes
on site
span
Spectroscop{c Exhaust MID IR and UV CO, CO,, HC, NO,
remote sensing . . N,O, C,H,, NH; and
exhaust Non emissions Vis SO,, aromatic
2002 US6455851 L . from plume (wavenumbers v
emission specified . hydrocarbons,
- of in-use span non
monitoring . o aldehydes and some
vehicles specified)
system others
Apparatus and Euel D Volatile
Joos US2006019 Tt e Non  diltionin Clesel il 20 dtect
2122 B specified petroleum  2800-3200 cm’ . X
dilution of 1 adulteration with
. product .
lubricant gasoline
Method and
apparatus for
. 11111-5882
real-time *(NIR)
cm
2016  US9291610 ;ne?surement of Yes Fu.e)I[ gas Hyctl)roca:jr.bo.r:js and
ue gas. ' mixtures Up to 667 cm™ carbon dioxide
compositions (MID IR)
and heating
values
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Figure 6. Plant view drawing of the invention patented by Yu-Min Chen et al., 2006

Numerals correspond to each component of the apparatus described by the drawing of its

front and plant section sights.
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Figure 7. Schematic drawing of the invention patented by Zelepouga et al., 2016

In this case a block diagram was used to describe the structure and layout of the apparatus,

pointing out each of the types of sensors and control systems.
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Figure 8. Schematic diagram of the remote sensor for exhaust emission monitoring patented by
Lord et al., 2002

Figure 5 and Figure 6 describe the invention patented by (Chen and Asher 2006) for

measuring fuel dilution in petroleum product by spectroscopic analysis. It consists on an

-33-



12 del Sagrario Maldonado Gil State of the prior art
apparatus and method for spectral analysis, more specifically for detecting and quantifying

the fuel dilution, a parameter that is an indicator of possible adulterations in the product.
For such purpose, the apparatus consists on a sample reservoir for receiving a liquid
sample, a heather to vaporize it, a vapor collector and a spectrometer for analyzing the
collected vapors. The numerals from 1 to 30 refer to each part from the device. It is the
case of a quite specific design, as the authors explain in deep detail how each component
works by means of drawings of each section sight from the front, or transversal. Also a
contrast is appreciated with regards to the schematic block diagram from the patent by
(Zelepouga 2016) showed in the Figure 7 to measure the gas composition by using three
different sensors, a NIR sensor, a MID Infrared and a semiconductor sensor is shown. The
invention provides an apparatus and method for in situ and real time measurement of the
composition and heating value of fuel gas mixtures, reducing the cross sensitivities to other
gases than the target ones. It consists on a NIR sensor for measuring hydrocarbons and CO,,

a MID IR sensor to measure CO and a semiconductor sensor to measure H,.

Figure 8 is extracted from the invention patented in 2002 by Lord et al. to measure the
exhaust plume gases emitted by vehicles. This invention consists in a remote gas sensor
based in IR and UV absorption spectroscopy to construct a remote exhaust emission
monitoring system for multiple components such as CO, CO,, HC, NO, N,0, C,H,, SO,, dust
and others. These chemicals can be measured either in real time or by post-processing of
the acquired spectra. Reflecting mirrors are used in this instance in order to make the
sources beams traverse the flow cell a plurality of times. These beams are not coaxial, so
they do not require any optical device to split them. The detectors used may either be
dispersive linear arrays or Fourier Transform type. In this case also numerals are used to
describe each part of the device in a schematic drawing showing the main components of

the device.
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Figure 6. Plant view drawing of the invention patented by Yu-Min Chen et al., 2006

Numerals correspond to each component of the apparatus described by the drawing of its

front and plant section sights.
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Figure 7. Schematic drawing of the invention patented by Zelepouga et al., 2016

In this case a block diagram was used to describe the structure and layout of the apparatus,

pointing out each of the types of sensors and control systems.
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Figure 8. Schematic diagram of the remote sensor for exhaust emission monitoring patented by
Lord et al., 2002

All these drawings showed in the figure 4 above have in common that they focus on the

sources, lens and detectors, as on their role and position in the global set up design.
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2.1.3. Detector principle

The spectrometers to be used at the inventions mentioned and discussed above are either

be rapid scanning dispersive or non dispersive devices.

They can employ linear or two dimensional detector arrays or Fourier transform IR or

RAMAN spectrometers, (Wellch and Bledsoe 2000).

In several inventions from the ones discussed in this section, the spectrometer is not only
formed by the source light and the detector, it also uses optical devices to collimate light
beams, reflecting mirrors or interferometers being able to detect a plurality of chemical
compounds either in liquid or gas phase. In some patented inventions, the different IR and
UV Vis beams are combined to be made coaxial using beam splitters and reflecting mirrors

(Lord 2002).

The method and apparatus patented by (Zelepouga 2016) also comprises a semiconductor-
based sensor, in addition to the NIR and MID IR sensors used to measure the gas

composition in the fuel.

As it can be deduced from the patents discussed above, all these inventions are described
and claimed in a way that it is understood that the sensor nature is flexible as long as it can
be implemented in the experimental set up and the measures can be taken in the specified

way (either continuous or batch, liquid or gas state, and so on).

2.1.4. Spectral curves

The invention patented in 1994 (Maggard 1994), provides the qualitative content of some
hydrocarbons such as paraffin, isoparaffin, aromatic, naphtenes and olefins (which is called
PIANO) and octane applied to quality control of fuel. This method is based on a selection of
key wavelengths from the NIR spectrum in where these hydrocarbons absorb. Figure 9 and
Figure 10 show two examples from this invention of spectral curves in their second
derivative, corresponding to different hydrocarbons spectra superimposed on the rest of

the PIANO components spectra at different wavelengths ranges from the NIR.
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Figure 9.Plot of the second derivative of absorbance versus wavelengths for olefins superimposed
on other PIANO constituents from 2050 to 2250 nm (4878-4445 cm-1).
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Figure 10.Second derivative of NIR spectra plot showing aromatics superimposed on other PIANO
constituents from 800 to 900 nm.

The MID IR

applied to fuel quality control in liquid phase (patent ID US5225679, 1993)

working in the wavelength range between 4000 and 500 cm™ (20-2.5 microns) provides the

absorption spectra from two different octane rate gasolines (Figure 11), focusing on the

effects of different octane enhancers additives such as aromatics, MTBE and alcohols.
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Figure 11.Graphical comparison of absorbance (in arbitrary units) exhibited by fuel enhancers in
two gasolines, one at 92.8 octane (dotted line trace) having aromatic octane enhancers, and one at
87.1 octane (solid line trace) without aromatics (Clarke 1993)

Both Figure 11 and Figure 12 are illuminated in the MID IR range of about 4000 to 500 cm™,

in the practice of the invention.
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Figure 12.Graphical comparison of absorbance (in arbitrary units) exhibited by fuel enhancers in
two gasolines, one at 94 octane (solid line trace) having MTBE and aromatic octane enhancers, and
one at 86 octane (dotted line trace) without MTBE (Clarke 1993).
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Figure 13.Comparison of absorbance exhibited by the components of two gasolines, one at 91.2
octane (curve 1) and one at 87.3 octane (curve 2).

The 91.2 octane fuel uses alcohol (including ethanol) and aromatics as octane enhancers.
The 87.3 octane fuel lacks the alcohol fuel enhancers. As shown, a vibrational mode
signature for alcohols is at about 3300 cm™ (3.0 microns), and therefore a detector limited
to a narrow spectrum at about 3300 cm™ can detect variations in light intensity attributed
to absorption caused by the vibrations associated with MID-IR excited alcohols. As well,

ethanol has a unique signature at 1100 cm™(9.1 microns).
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Figure 14.Graphical representation of absorbance exhibited by a gasoline formulated with a blend
of MTBE, aromatic, alcohol (including ethanol) octane enhancers, detected according to the
invention.

The peak at 1200 cm™ (8.33 microns) indicates MTBE quantity, the peaks at 500-800 cm™
indicate aromatic quantity, the peak at 3300 cm™ indicates alcohol quantity, and the peak
at 1100 cm™ indicates ethanol. In practice of the invention, the fuel in this figure was

accurately predicted to have an octane rating of 93.6.

Figure 15, Figure 16, Figure 17 and Figure 18 below were extracted from the patented
invention in 2002 (Lord 2002), where two spectrometers based on MID IR and UV Vis
respectively, are combined to measure air pollutants from the vehicle exhaust plumes.
These figures show the MID IR and UV spectra from ambient air and from vehicle exhaust
emissions respectively, with the aim of doing a comparison of both spectra and so
identifying the main pollutants that are present in the exhaust gases. The spectra measured

by this device are showed and explained in the figures below:
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Figure 15.MID IR spectrum of ambient air, the number 100 encodes the CO2 absorption peak at
about 2550 cm™ (3.9-4.0 microns approximately) in this region.
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Figure 16.UV VIS spectrum of ambient air. The number 102 encodes the deuterium emission peak
of the lamp used.
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Figure 17. MID IR spectrum of the pollutants from the vehicle exhaust emissions measured by the
apparatus in the invention described above (Lord 2002).

104 and 106 numbers encode the two spectral bands corresponding to CO, absorption
peaks around 3800-3500 cm™ (2.6-2.8 microns) and 2400-2200 cm™*(4.2-4.5 microns), whilst
108 encodes HC such as propane absorption peaks around 3100-2700 cm-1(3.2-3.7
microns), 110 corresponds to the peak from CO at around 2200 and 2100 cm™ (4.5-4.7
microns) and 112, by last, 112 corresponds to the acetylene (C,H,) absorption peak at 3400-
3200 cm™(2.9-3.1 microns).
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Figure 18.UV Vis absorption bands of pollutants in vehicle exhaust emissions.

Bands 114, 116 and 118 correspond to NO three absorption peaks around approximately
200-240 nanometers (50000-42000 cm™), the broadened peak at 250 nm (40000 cm™)
whose encoding number is 120 corresponds to the ozone (O3) that is not directly emitted
by the vehicle but later formed by photochemistry, and the bands 122 and 124 correspond
to formaldehyde (HCHO) and nitrous acid (HONO) absorbing in a wavelength span of
around 300-350 nm (33300-28570 cm™) and 235-400 nm (42550-25000 cm *)respectively.

2.1.5. Mathematical methods used at data analysis

When working with IR absorption spectroscopic devices, the absorbance signal from the
measurement of each chemical compound, used either solely or in conjunction with other
bands, will preferably be mathematically processed to mostly provide derived signals which

are indicative of the concentrations (or properties) being measured (Oliveri, et al. 2019).

Preferred techniques for mathematical signal pre-processing are absorbance base-line

offset corrected absorbance data; first, second, third, fourth or higher derivative of the
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absorbance spectrum; rating the absorbance at one wavelength by another; spectral

subtraction; and various combinations of these mathematical techniques.

Also valuable are the well known curve-fitting techniques of Savitzky-Golay and Kubelka-

Munk, and N-point smoothing (signal averaging).

For the statistical data treatment (once pre-processed) are also possible such as partial

least squares (PLS), Gauss-Jordan Row reduction, etc. (Alasadi and Baya 2017).

Here below is shown a table (Table 7) that compiles each patented invention and its
corresponding processing mathematical method applied on the acquired signal. As it can be
inferred from the Table 7 above, the pre processing methods have a great importance in all
these techniques as a complimentary tool, removing the noise and extracting the most
information from the spectra. The same happens with the optimal selection of wavelengths

and the database availability in order to identify the analytes of interest.
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Table 7.Compilation of the mathematical methods used by each of the inventors applied to the

patented inventions.

Patent ID

Mathematical method

US005225679A Liquid Linear correlation of absorption data with volume percent of fuel

1993 component in solution and octane rating

US00534.9189A Liqguid Key wavelengths selection for chemicals identification

1994 -Second derivative at different absorption wavelengths
-Multiple linear regression to model the individual component
concentrations
-Weighting constants (from Gauss-Jordan algorithm)

USO006140647A Liquid -First, second or higher derivatives as pre processing method

2000 -Partial Least Squares (PLS), Multivariate Linear Regression (MLR)
and Principal Components Regression (PCR)
-Neural Networks
-Prediction models that correlate the observed spectral data with the
predicted emissions

US007420170B2 Liquid -Training set with 241 samples

2008 -Two spectral regions used for the Multivariate-based MID IR FTIR
model (4900-3500 cm™ and 2200-1624 cm™)

US006455.851B1 Gas  -Fourier Transform into absorbance spectra

2002 -Pattern recognition algorithms and spectral reference database to
identify chemicals
-Lambert Beer law for linear correlation between absorbance and
concentration
-Absorbance spectrum linearly or higher order polynomials fitting
baselined over the absorption band of the analyte being measured.
-Pattern recognition algorithm applied to spectral data using a
reference analyte spectrum as a blank

US20060192122A1 Gas Linear correlation of intensity with analyte concentration

2006 (Lambert Beer law)

EP2944944A1 Gas  Wavelength modulation spectroscopy

2015

US009291610B2 Gas -Mean centering and statistical scaling or normalization as pre

2016 processing methods

-Principal Components Regression and Partial least Squares
Regression algorithms as statistical analysis of spectral data
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2.1.6. Calibration curves

Regarding to the calibration curves, it can be observed that all of the patents for
applications in liquid fuels include calibration curves in their documents. In the most recent
one (2016) concerning gaseous applications only a cross sensitivity analysis is included with
no quantitative reference values. This is an important thing to take into account which

points to the difficulty of providing validation measurements in gas phase.

Figure 19 shows the calibration curves to validate the liquid measurements of EPA
parameters in a winter gasoline, in contrast to other methods reported by a certified
laboratory. More specifically, the graph displays the NIR-predicted NOx concentration in
the gasoline plotted against the corresponding NOX values obtained by inserting the
conventional “lab reported” oxygenates, sulfur, RVP, PIANO results for aromatics, olefins
and benzene, and distillation by ASTM D-3710 into the EPA complex formula. This

validation should be made by the inventors to test the robustness of the patented model.
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Figure 19.Plot of the “lab reported” results obtained for the NOx measurement in a winter
gasoline (that is one of the EPA parameters to determine in quality control of reformulated
gasoline) against the NIR predicted values using the patented prediction model

The patented prediction model for these NIR measurements of this same target compound

corresponds to the patent ID. US614064).
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Figure 20 shows the estimation of benzene content in a winter gasoline from liquid samples

by means of NIR, FTIR and RAMAN sensors against conventional methods (US6140647,
2000). A good fit can be observed between the data acquired by optical methods and
conventional laboratory techniques, which confirms the reliability and robustness of these

kinds of devices to determine fuel quality.
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Figure 20.Linear fit correlation of NIR (top left), RAMAN (top right), and FTIR (bottom) benzene
content measured in a gasoline versus conventional laboratory methods.
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The acquired MID IR spectra from each type of gasoline are shown in the Figure 21 below:
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Figure 21.(left). Volume percent aromatics as measured by gas chromatography (GC-PIANO) versus
the volume percent predicted according to the present invention. (right) Plot of reformate
research octane predicted by NIR versus a knock engine.

2.1.7. Summary of remarkable points about the technical state of the art

The patented inventions disclosed above are a proof of the increasing interest in optical
and/or spectroscopic methods for fuel quality control same as applied on liquid or gas
phase along the last decades. Different types of approaches have been developed
regarding to the sample presentation, type of detector, and the ways of improving the
signal to noise ratio and the mathematical algorithms to extract the maximum information

from the spectral data acquire by each of the devices.

Different wavelengths ranges and techniques have been used combined, such as IR with
RAMAN and UV Vis, and they have been patented in different embodiments that used
diverse sorts of acquisition, pre processing and analyzing methods for liquid and gaseous

fuel and exhaust samples.
2.2. State of scientific prior art

The scientific state of the prior art regarding to publications in papers about the research of
new analytical methods to measure fuel quality by means of optical devices based in
infrared and RAMAN spectroscopy and the effect of alcohols as additives in the engine

performance is disclosed along the points below.
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2.2.1. Effect of alcohol blend on engine performance

Some authors (Eyidogau, et al. 2010) assessed the performance of a S| engine using
ethanol-gasoline or methanol-gasoline blends instead of the pure gasoline fuel. The results
obtained from the use of alcohol—gasoline fuel blends were compared to those of gasoline
fuel indicating that when alcohol—gasoline fuel blends were used, the brake specific fuel
consumption increased. Also the cylinder gas pressure started to rise later than gasoline
fuel, and almost in the all test conditions, the lowest peak heat release rate was obtained

from the gasoline fuel use.

Other authors (Gopinath 2017) studied the effect of adding n-butanol to gasoline in
different proportions such as N10, N20 and N30 and the blends were tested in a four-
stroke, four-cylinder multi-point fuel injection (MPFI) spark ignition (SI) engine using an
eddy current dynamometer to investigate the combustion and emissions behavior of these
n-butanol blends. The tests were conducted over a rotational range of 1400 rpm—2800 rpm
under a constant load of 20 Nm. The results obtained indicate that use of n-butanol blends
produced lower hydrocarbon (HC) and carbon monoxide (CO) levels than the pure gasoline
but nitrogen oxide (NOx) emissions were found to be higher. When ignition timing was
retarded, NOx emissions for all n-butanol blends decreased. So on, it is advantageous to
use n-butanol as an additive to the pure fuel regarding to the exhaust emissions and to the

engine performance as well.

To ensure reliable engine operation, control strategies based on a measurement of the

composition need to be developed.

2.2.2. Main analytical techniques for fuel quality assessment

The tests for fuel quality control are internationally regulated by the American Society for
Testing and Materials (ASTM) according to the specifications fixed by the Environmental
Protection Agency (EPA). Gas chromatography is the major analytical technique applied due
to the fuel characteristics such as volatility and matrix complexity. It is usually employed to
determine various properties of fuels such as the content of oxygen and hydrocarbons such

as aromatics and olefins (Ugena, et al. 2018).

Other analytical techniques have also been explored, showing the same accuracy and
precision as ASTM standardized methods such as nuclear magnetic resonance (NMR)
spectroscopy (Khijwania 2007). Consequently, the recent studies have been focused on

improving these techniques to replace the traditional standardized ones.

-50-



12 del Sagrario Maldonado Gil State of the prior art
2.2.3. Infrared spectroscopy for fuel quality control

Infrared spectroscopy is the main optical technique studied in this dissertation; hence a
specific review about this method is included in the document, starting with a comparison
between NIR and MIR techniques and their applications. In general, the use of NIR and MIR
techniques is carried out combining the spectral data set with chemometric multivariate

methods and thus, they will also be considered in this paragraph.

Effect of ethanol in the infrared spectra

When it comes to analyze the ethanol content in a gasoline blend, hydrogen bonds among
ethanol molecules cause frequency shifts and excess infrared absorbance phenomena, so
adjusting the spectral window before calculating the ratio of intensities have been ways to
correct and eliminate such effects (Corsetti, McGloin and Kiefer 2015). Usually ethanol
causes fluctuations when measuring its mixtures in a volatile phase, like other volatile
organic chemicals (Huang and Gutiérrez-Osuna 2016) so it is recommendable applying the
appropriate pre-treatment and data analysis methods to process the signal and extract the

maximum information from the IR spectra.

Near and Middle Infrared Spectroscopy

Fourier Transform Infrared Spectroscopy (FTIR), either in the near (NIR) or middle (MID)
ranges from the Infrared region, has been one of the most common techniques chosen for
measuring various constituents in a mixture, due to its high sensitivity and wavelength

resolution.

The basis of FTIR equipment is a Michelson interferometer that is used to create an
interference from two source beams which contains the spectral information. It makes use
of the Fourier-transform of the diffractive pattern in the time domain generated by this

interference to extract the spectral information.

In comparison, in a dispersive IR equipment wavelength selection can be done by tuning
the source laser frequencies or by directly coupling a diffraction grating or a linear variable
filter (LVF) to the sensor. Previous studies applied to food quality control were carried out
in order to make a comparison between the FTIR and the dispersive instruments of Near
Infrared devices according to their signal-to-noise ratio, instrument stability, light
penetration depth and predictive capacity (Peirs, et al. 2002). As a conclusion, it was found

that the FTIR achieved a higher signal-to-noise ratio. Also, the dispersive instrument got
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significantly lower prediction errors, which makes it more robust at the time of determining

guantitative predictions.

When comparing the analytical performance of NIR and MID IR, the first one presents
advantages such as its sensitivity and reproducibility, presenting a small level of
interference and vibrational absorption coefficient, thus allowing an interaction more
efficient between the light source and the studied material. Another advantage of NIR
spectroscopy is related to the sample preparation. For the NIR analysis, water can be used

as a solvent; and glass and quartz as cell windows, focus lenses and optical fiber.

The main disadvantage of NIR is related to the difficulty in assigning off the functional
groups by presenting overtone-type vibrations and their combination (Martins, Da Silva
Filho and Pacheco 2016), (Demirbas 2009). Also it presents other drawbacks such as giving
false readings, high limits of detection for some chemicals, high scattering level and
problems of selectivity for some organic compounds (Villena Gonzales and Mobasher

2019).

During the early development of infrared spectroscopy the focus was on the use of NIR,
that is now firmly established in the food sector. Nevertheless, as MID IR instrumentation
has developed, becoming simpler to use and more accessible in terms of cost, its
applications have been increasingly reported. One of the reasons of this increase is that the
fundamental vibrations of molecular bonds occur in this region more remote from the NIR
(from 3 microns/ 4000 cm™ on). Additionally, the MID IR presents a higher optical

throughput, consequently more radiation interacts with the sample.

In regards of Far IR (FIR) this technique is used for applications that are very different from
the applications of NIR and MID IR, and that is why a comparison of this technique is not
included. The main applications of FIR are for example the observation of lattice vibrations
of crystals, low frequency skeletal motions of organics and the stretching modes of heavy

atoms such as Uranium (Gilbert 2017).

Previous recent works (Correia 2018)have demonstrated and developed the applicability of
a portable micro-near infrared micro-spectrometer in the fuel quality control of diesel to
determine the quantity of biodiesel in diesel fuel; and the ethanol and methanol content in

a gasoline.
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On the other hand, water, methanol, and ethanol were able to be determined by this micro

NIR spectrometer in ethanol-hydrated fuel (EHF). Results obtained from these cited authors
showed that for gasoline blends, the gasoline, ethanol, and methanol contents ranged from
0.0 to 75.0 wt%, 25.0-75.0 wt%, and 0.0-50.0 wt%, respectively. In the Ethanol Hydrated
Fuel control, the ethanol, water, and methanol contents ranged from 0.0 to 100.0 wt%,
0.0-50.0 wt%, and 0.0-50.0 wt%, respectively (Niemeyer and Hagen 2016). Results like
these demonstrated the prospective of an in situ fast and accurate method to develop and

deploy into the standardized systems.

Nevertheless, while NIR spectroscopy has found many broad applications in industrial
processes management, in some cases other procedures such as Raman and MID-IR
spectroscopy could provide more useful analytical data more readily. It is the MID-IR
spectral region where most of the fundamental structural information is produced and
when measurements in that region can be made on a particular class of samples. It may
well be the method of choice, as the spectra obtained from this region are more

discriminating than the NIR ones (Zhang, Yuan and Coronado 2012).

Table 8 below shows a summarized comparison of both techniques regarding to their main

strengths and weaknesses.
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Table 8.NIR and MID IR strengths and weaknesses comparison

STRENGHTS WEAKNESSES

NIR MID IR NIR MID IR
Higher energy levels Organic functional The absorption bands As a result of the
L groups have occurring there are the mentioned black body
because radiation - .
characteristic and well overtones of the radiation curve,
levels from black body delineated absorption fundamental bands available energy in the
. bands in this spectral residing in the mid-IR Mid-IR decreases
emitters peak at . . . .
region region. As a result, substantially with
shorter wavelengths they are relatively wavelength
weak and not clearly
delineated. This makes
guantitative
calculations  complex
and calibration
procedures quite
laborious and not
transferable from one
instrument to another
Since molecules differ MID-IR  transmitting
from each other by materials are more

having different expensive and in some
combinations of cases less chemically
functional groups, resistant. Mid-IR
their MID-IR spectra optical fibers tend to
can be used to identify be very expensive and
them and to quite difficult  to
characterize their manipulate

structure

MID-IR spectra of Most materials are
mixtures are additive. strongly absorbing in
Absorption bands the MID-IR and
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STRENGHTS WEAKNESSES

NIR MID IR NIR MID IR
associated with therefore cells with
individual components extremely short
in a mixture are effective path lengths
frequently isolated — in a span of 10 -
from other bands and 100pum — must be used

can be used to
quantify the individual
components by the
strength of  their
absorption
Low cost materials Calibration models in
such as glass and the MID-IR are much
quartz transmit NIR more generic than that
radiation and can be in the NIR and thus is

used as cell windows, more readily

focusing lenses and transferable from

optical fibers instrument to
instrument

The fact that MID IR spectra of mixtures are additive, converts MID IR sensors in a useful
tool to not only qualitatively but also quantitatively analyze fuel blends. As a conclusion
from the ideas exposed above, in an ideal case the most appropriate would be combining
both spectral ranges to determine as many properties as possible to achieve a better
characterization of the desired substrate. Regarding to the sample preparation, the NIR
may result more advantageous, mainly because of the possibility of including water as a
solvent, so the media are frequently prepared in water or most of the substrates contain
water in their structures. Nevertheless when it comes to the characterization of organic
matters, the MID IR results more useful, as it shows more specific and selective information
about the functional groups and bounds. That is why it is appropriate for mixture
guantification and determination, as the calibration models obtained from this technique
are more generic and transferable from one device to another. As it can be inferred from
the Table 8 above, the combination of NIR and MID IR spectroscopy is the most useful way
to in situ and in real time determine the fuel quality control of gasoline and their blends

with the maximum information provided and accuracy.

Nevertheless, there are not many publications referring to the use of middle infrared
spectroscopy applied to fuel quality control, as a direct tool in real time and in situ for

gasoline blends.
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However, MID IR has been used to monitor and predict the distillation profile and cold

properties of diesel fuel and gasoline, in combination with neural networks as the
chemometric tool supporting the analysis (Pasadakis, Sourligas and Foteinopoulos 2006). It
has been also applied to determine physical properties of diesel fuel such as dynamic and
kinematic viscosities and other properties of biodiesel-diesel blends (Soares, Rocha and

Teixeira 2013), (Jamrozik 2017).

On the other hand, in 2015 other authors (Corsetti, Zehentbauer, et al. 2015) used the MID
IR range by means of a FTIR spectrometer to characterize gasoline-ethanol blends from a
molecular point of view, and this way being able to study the interactions between alcohol
and gasoline molecules. In the same paper another method is disclosed in order to select
the key absorption wavelengths corresponding to vibrational stretching and bending of

certain functional groups as CH and OH.

The same authors have also studied the applicability of the RAMAN technique at the
analysis of gasoline-alcohol blends comparing it with the infrared spectroscopy (Corsetti
and Kiefer 2016). For each method, two different approaches for data evaluation are tested
and compared: Firstly, the calibration of the intensity ratio of characteristic peaks as
function of composition; secondly, a principal component regression (PCR). According to
these authors, both methods were found to have comparable uncertainty. For the
evaluation of the Raman spectra, the PCR method yielded better accuracy than the
intensity ratio approach. In addition, they made a detailed investigation of the influence of
noise in the signal. When the full IR spectra were evaluated by PCR, even high noise levels

did not reduce the measurement accuracy significantly.

Other authors have profited the range of MID IR wavelengths to make a characterization of
pure gasoline fuels by measuring their hydrocarbons, which absorption peaks in the
infrared region are found around 3.4 microns (Dupuy and Kister 2015). In this case, the MID

IR spectroscopy was not applied to blends but to pure gasoline analysis in vapor phase.

The most remarkable conclusion from this disclosure above is the fact that middle infrared
has been mostly applied to diesel and biodiesel quality control, and not so frequently

applied in gasoline and its blends.
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2.2.4. What has been done till now and how it contributes to solve the problem

of fuel quality assessment
All the research and development invested in the fuel quality control issue to date has led
to a better knowledge of the gasoline and diesel fuels composition, by means of new tools
to analyze the different types of spectra obtained by each technique. It has also allowed a
better understanding of how the additive, alcohol in this case, affects to the gasoline in
what refers to vapor pressure and molecular interactions. These parameters are crucial
when it comes to the vehicle engine performance, and at the same time they determine

the way in which the fuel should be stored and transported towards the distribution points.

Fourier Transform Infrared Spectroscopy (FTIR) has been widely used for the purpose of
determining and quantifying ethanol in different fuel blends, and in addition, to study the
behavior of these blends (Ye, et al. 2009). The before disclosed authors (Corsetti, McGloin
and Kiefer 2015) suggested that the Hydrogen bond between molecules of ethanol in a
blend is weakened upon gasoline addition, but still such bonds do not disappear
completely. It seems like some ethanol clusters are formed which interact with the gasoline
molecules through Van deer Waals forces. This fact may be important regarding the engine

behavior when using gasoline-alcohol blends.

These all studies were usually developed at a laboratory scale and using different
percentages of blending, spanning between the 5 and 50 percent of alcohol or additive in
the blends, to cover a wider range of potential mixture proportions, although in practice

the blends are made in an additive proportion between 10 and 20 % in volume (v/v).

The results obtained from them, regarding to the sample presentation, the developed
experimental set up in each case and the multivariate techniques of data analysis
(supervised and unsupervised) that were used as supporting tools have contributed to
evaluate which method or model became more useful and accurate at the time of acquiring
and processing the data obtained from the spectra and obtaining back the highest amount

of chemical information in a robust way.

2.2.5. Exposing the gap in scientific current knowledge

Despite of all the research and development invested on new analytical methods based
fundamentally on the optical techniques and more concretely focused on the infrared
spectroscopy in the near and middle regions (due to the most of chemical organic species

absorb at this spectral ranges), optical methods still remain unused outside the laboratory,
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and there exists a lack of devices which can be implemented in field, this means, in the

storage tanks of fuels, or in petrol stations, to give an example.

The main gap of these optical techniques described above, is the lack of a rugged, compact,
and uncooled sensor to be assembled in a device that is able to be implemented in field
and works in the optimal wavelength range to detect the key organic species that play the
main role at the fuel quality control, as they provide the means to distinguish one pure

substance from another.

On the other hand, from the review made above it can be observed that only few of the
experiments were carried out using commercial gasoline, whilst most of them were done
using gasoline surrogates. A gasoline surrogate is synthesized by mixing the different
hydrocarbons that are part of the gasoline composition (n-heptane, n-octane,

trimethylpentane, etc.) but without any other kind of additive.

When using pure commercial gasoline, it should be warned that the work is being done not
only with these hydrocarbons, which build the raw composition of gasoline, but also with
some additives (even though in small proportions). So the gap comes by the next question:
Which results are more robust or reliable? Are those which come from the laboratory
under ideal conditions (using pure surrogates of gasoline synthesized at the laboratory) or
those who are performed using real gasoline samples from winter and summer collection?

There is a need of validation of this gap.

Consequently, when investigating the fuel quality it is a remarkable question to pose
whether using commercial gasoline or preferably use surrogates made of heptanes and

octane to ensure the pureness of the analysis.
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Chapter 3

Antecedents, Hypothesis and Objectives

3.1. Antecedents
There exist numerous studies about the applications of the Near Infrared spectroscopy
(NIR) in the food and pharmaceutical industries laboratories, and in the monitoring of

synthesis chemical reactions at a laboratory scale.

Nevertheless, the prospective of MID IR Spectroscopy at an industrial level has not been
exhaustively studied till the date. This type of spectroscopy is actually still in a stage of
development from the point of view of the manufacturing and improvement of the
detectors. Only a few scientific publications have been released to the date related to this

subject (Vergara, Linares, et al. 2014).

On the other hand, the application of these uncooled devices has been performed uniquely
in the field of Defense for detection through infrared emissions detection; and in the steel
and automotive industries for the monitoring of welding processes or exhaust gaseous
emissions in which the sample is not previously treated and is directly placed in the field of

view of the measuring device (G. Vergara, R. Linares, et al. 2014).

New Infrared Technologies owns the technical capacity to optimize the detectors in size,
acquisition speed and resolution to be adapted to different industrial sectors depending on

each application specifications. The company has been awarded with the Innovation Radar
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Award 2018 by the European Commission and by the Real Engineering Academy in 2016,

which awarded NIT with the Academiae Dilecta recognition®.

Regarding the sensor exclusively, New Infrared Technologies is the only company who
manufactures and commercializes infrared detectors made of pollycristaline vapour phase
deposited PbSe all over the world (Sierra, Torquemada and Vergara 2014). The methods
used by NIT are protected by the international patents ID EP1876652 and EP18529,
consisting respectively on a method of treating non-refrigerated, spectrally-selective Lead
Selenide Infrared detectors, by selecting and preparing them, delineating and depositing

multilayer interference filters.

The method proposed by NIT for the treatment of polycrystalline Lead Selenide Infrared
detectors on the interference filters is based on monolithically integrating the linear
variable filter and the PbSe detector (Vergara, Pérez and Montojo 2003). This innovative
method for processing detectors, based on a vapor phase deposition (VPD) technique, has
allowed manufacturing the first 2D array of polycrystalline PbSe with good electro optical
characteristics. The perspectives opened by these sensors are numerous and very
important, converting the old PbSe detector in a serious alternative to others uncooled
technologies in the low cost IR detection market. The number of potential applications is
huge, some of them with high commercial impact such as personal IR imagers, enhanced
vision systems for automotive applications and other not less important in the security or
Defense domains such as sensors for active protection systems (APS) or low cost seekers
(Vergara, Torquemada and Montojo 2007) The technology described results useful in the
field of low cost infrared detection. The MID IR spectral range allows detecting most of the
organic compounds as fuels and their volatile, due to the bound C-H and C-O vibrations

absorb in this region from the spectrum.

Nevertheless, no applications in the Chemistry field have been studied to date, so this

opens up to the main hypotheses of this PhD research.

About eight years ago, New Infrared Technologies joined the Polytechnic and Complutense
universities from Madrid, in a common project called Campus de Excelencia Moncloa in

order to extend the applications and possibilities of their PbSe sensors in the agro-food

https://www.niteurope.com/la-real-academia-ingenieria-reconoce-new-infrared-technologies-nit-

premio-academiae-dilecta/
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field. As a result of this collaboration, various research works and this thesis have been

developed.

One on the most significative papers obtained from this collaboration was a published
study about the capability of this PbSe sensor in the range of 2.5- 4.5 microns to detect the
presence of the volatile 1,3-pentadiene, which is considered an indicator of the spoil
process in packaged foods (Rivas, et al. 2015). This methodology also allowed the
determination of CO, in the same packaged foods. The results from this research
publication demonstrated the potential applicability of these PbSe sensors in the Food
Industry, and extensively in other industries where volatile chemicals need to be detected

and/or determined.

Afterwards, the synergy between the LPF TAGRALIA group and the company NIT gave back
a new application of the PbSe sensors in the automotive industry, through a method which
detected the defectuous spot welding in the batteries manufactured for vehicles by means

of the in-situ thermography and chemometric methods (Maldonado, et al. 2017).

3.2. Starting hypothesis

The starting point for this PhD research came by giving an answer to the question:

e |Is the MID- device manufactured and patented by NIT able to qualitatively and
quantitatively to measure chemicals in fuels?

o  Will it have a future in the fuel industry?

3.3. Objectives
The main aim of this PhD dissertation is expanding the market niche of the low cost MID IR
technology patented by NIT and the development of new experimental set ups and
mathematical data analysis methods (Chemometrics) for the study of their applicability to
more specific sectors from industry such as the fuel quality control, established as an

specific objective, all of them directly involving fuel analysis

So the main goals are the design, testing and set-up of a MID-IR device at a laboratory scale

based on the absorption range of hydrocarbon and alcohols, i.e. 2.5 and 4.9 microns
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(around 4000-2000 cm™) using the low technology developed by NIT. These main goals

were reached through following the specific objectives pointed below:

To obtain repetitive, reproducible, and stable spectra along time, as well as a fast and

simple software for acquisition and data storage.

e To optimize the measuring device with regard to main sources of variation
(components distances, layout and acquisition time among others).

e To optimize the signal to noise ratio in the detector in order to achieve as best
resolution as possible.

e To improve the sensor by means of the optimal wavelength range selection and a fixed
bandwidth.

e To apply the most appropriate Chemometrics among the supervised and non-

supervised procedures in order to obtain neat results and visual information for a given

application of the sensor.
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Chapter 4

This document has been structured according to most relevant results, gathered in two
different experiments. For both of them material and methods and results are presented

jointly.

Additionally, there have been several communications in a variety of congresses that are
included in Annex I|. The first one refers to the initial steps in the use of MID IR for both
fuels and edible oils. The second congress communication presents an innovative use of
MID IR for the identification of the quality of welding, while the third refers to a more

detailed analysis of edible oils.

Finally, Annex Il includes a JCR publication in Fuels that includes the results in experiment 1,

while the second experiment remains unpublished at the time of writing this document.

Materials and methods

4.1. Experimental design

This section provides the details of the MID IR equipment together with the experimental
design and applied statistical procedures. Regarding the MID IR equipment a specific
description is provided: the PbSe sensor and its embodiment in a camera; the layout of all
the elements from the spectrometer device to reduce the drift and obtain reproducible
measurements; the optimal material to hold the sample, and the acquisition method.
Additionally to the spectral data pre-processing used, the unsupervised and supervised
analysis carried out, to discriminate between chemicals or quantify the blending

percentages in mixtures, are included. The simplicity and rapidity of the acquisition method
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together with the automated spectra classification constitute the novelty provided by this

thesis.

4.1.1. The Middle Infrared Spectrometer and its components
The instrumentation and set-up consisted of an infrared source, a sample chamber and a

detector.

4.1.1.1. The Mid Infrared sensor

The mid-infrared (MIR) spectrometer used for this study was based on a nondispersive
linear sensor model CORE-HS LUXELL 128, which is manufactured by the company New
Infrared Technologies (Boadilla del Monte, Madrid). The sensor comprises a line of 128
detectors of vapor phase deposited PbSe (VPD PbSe) and has coupled a linear variable filter
(LVF), in the wavelength range between 2.5 and 4.5 um. The PbSe detection band ranges
between 1 to 5 um. The peak detection wavelength is 3.7 um. The integration time ranges
between 4 and 20 us (selectable on the instrument). The acquisition rate is up to 300
spectra per second, so it is faster than other kinds of sensors. The experimental set up for
liquids is schematized in the Figure 22 below, whilst the experimental set up for gases is

shown in the Figure 23 next:

PbSe MID IR
detector

MID IR source Sample holder (sapphire)

MID IR radiation

Figure 22. Graphical scheme of the experimental set up used to the spectra acquisition for liquid
samples
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Sample cell for gas/volatile
1 cm PbSe MID IR detector

MID IR
radiation

Figure 23.Graphical scheme of the experimental set up used to the spectra acquisition in gaseous
samples

The MID IR radiation gets out from the source lamp and then it passes through the thin
optical path created by the two sapphire windows containing the drop of sample between
them. The main variables that affected each of the experiments were the Field of View
(FOV) and the acquisition time. Regarding to the FOV, it was fixed for all the experiments
performed according to the best way to make the detector receiving the highest amount of
light. The results improved considerably when this configuration was achieved, as the

absorption peaks became more intense and clearer with less noise levels.

The acquisition time played an important role too, so on it was fixed too at 11 seconds of

recording, in order to obtain the most reproducible results at the signal processing stage.

This spectrometer, with no moving parts, is a rugged, compact and economically affordable

device. A picture of this sensor embodiment is shown in the Figure 24 below:
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Figure 24. Image of the sensor embodiment

The sensor embodiment is formed by the linear array of PbSe and the metal housing for the
camera. The experimental set-up includes the source, the sample holder and the detector,

fixed on a support by means of screws.

4.1.1.2. The light source
The infrared light source consisted on a Silicon Carbide (SiC) filament and a parabolic

reflector (IR-SiX, Hawkeye Technologies, Inc.).

One of the main advantages of these types of sources is that they do not need to operate in

a sealed atmosphere, being able to work at room conditions in situ.

The specifications of the source lamp regarding to its intensity and radiation power depend
strongly on the type material of what sample holder is made and its transparency and
absorption values to the MID IR radiation. In this case, the Sapphire windows were chosen,

as sample holder, because they were transparent to the radiation at this wavelength range.

The design of these lamps is oriented to experimental conditions which require high
temperatures and greater output from their infrared source, a stable signal, and physical

and thermal strength.

These emitters are manufactured using a patented silicon nitride and a silicon carbide

material. The advanced ceramic technology ensures a very stable product’.

7 .
www.hawkeyetechnologies.com
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The Table 9 below shows some of the commercial information referring to the Hawkeye
Inc. lamps, according to the specifications given by the experimental conditions. In the case
studied, the Silicon Carbide lamp was used.

Table 9. Some recommended operating parameters of SiC infrared lamps manufactured by
Hawkeye Technolgies, Inc. according to the experimental conditions required.

IR-Si207  IR-Si217

Voltage (V) 12.0 24.0
Temperature (°C) 1375 1385

Current (A) 2.0 1.5
Power (W) 24.0 37.0

Emmisivity (%) 80 80
Material Silicon Silicon

Carbide Carbide

In the case of concern the model IR-Si207 was used, so on the intensity was set at 4.5 A,
while voltage was fixed at 6.5 V during the assays performance. The emittance of Sapphire
versus wavelength in microns at different conditions: after heating (corresponds to the
black one), after heating and polished and at its original state (the blue curve) is shown in
the Figure 25 below. It can be observed that in the range of wavelength between 2 and 5
microns, after heating the SiC reaches a maximum emissivity of the 95%, that is not

significantly different from the original state (Dengfeng, et al. 2016).
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Figure 25. Emissivity of the SiC versus wavelengths before and after heating and compared to the
heated and polished one (Dengfeng, et al. 2016).

4.1.1.3. The sample holder
Liquid samples were allocated between two sapphire windows without any spacer in

between, thereby allowing a very thin optical path (around 200 microns).

Sapphire windows feature extreme chemical resistance and surface hardness, being thinner

and stronger than standard glass windows, easily transmitting a wide range of wavelengths.

Sapphire is the second hardest crystal next to diamonds and, because of their structural
strength, sapphire windows can be made much thinner than other common dielectric
windows with improved transmittance. Chemically, sapphire is single crystal aluminum

oxide (Al203) and is useful in a transmission range from 0.2 - 5.5um.

The optical transmission of the UV-grade and the Standard Commercial grade Sapphire
used in these experiments (corresponding to the curves 1 and 2 respectively) is displayed

on the Figure 26 below:
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Figure 26. Sapphire optical transmission versus wavelength in microns curves, for the UV-grade
and Commercial types

From the curves above it can be deduced that in a wavelength span between 2 and 5
microns the optical transmission of the type of sapphire used in this thesis reaches above

the 85%.

4.1.2. Establishment of a fixed experimental set up

The establishment of a fixed protocol for carrying out the measurements involved several
stages. The first of all them, was fixing the amount of light that reached the sensor to
obtain the optimal signal. This one was followed by acquiring the first liquid measurements
that were done by subtracting the background (i.e. the measurements of blank, which was

referred to the empty sapphire wafers and the environment).

The next step was finding out a pre treatment for these first noisy and drifty spectral
curves. Different liquid chemicals were analyzed using this configuration. Smoothing and

PCA were applied in a first approach to differentiate among them.

After being able to differentiate among chemicals, the next step was testing the
experimental set up to measure volatile compounds in a headspace. For this aim, a specific
type of flask was used. This one consisted on a glass bottle sealed with a cap and a tap to
release the vapors in the headspace. Vapors were released inside a ring-shaped sample cell

which was sealed with the two sapphire windows that were used for the liquid
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measurements (Rivas, et al. 2015). Figure 27 below shows the experimental set up used for

the volatile compounds measurement in the case of 1,3-pentadiene and CO, produced by
yeasts as an indicator of food spoilage.

Low cost non
refrigerated MWIR
spectroscopy

Assay on
patron
compounds

Assay on
Yeast cell cultures

Assay on
liquid phase

Assay on gas
phase

Producers of

Non producers of 1,3
1,3 pentadiene

pentadiene

1
Potassium

1,3-Pentadiene 1,3-Pentadiene
Sorbate

S. cerevisiae ATCC 7754
D. fabryi PRE6

S. cerevisiae EPD 112
D. hansenii CBS 766

High concentration / static Low concentration / dynaric

Figure 27. Experimental design which covers tests on pure substances (patron chemicals) as well as
these chemical produced from yeast cell cultures (Rivas, et al. 2015)

These experiments were performed in liquid patron compounds as static measurements,
and when the analytes were in the volatile released by yeasts they were performed in

dynamic, as it resulted of interest observing when the target gas appeared in the spectrum.

Dynamic spectrum of volatile compounds can be observed in Figure 28 below:
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Figure 28. Dynamic acquisition of gaseous or volatile compounds
The next steps to this one were the establishment of a fixed layout and an acquisition time

that were able to give repetitive and reproducible measurements. The stages of the

experimental set up fixing process are schematized in the Figure 29 below:

Establishing a specific .
layout for the Choosing an
spectrometer

components

Determining an

addecuate sample
presentation

acquisition time

Figure 29. Line up of the steps given to establish a fixed experimental set up to obtain reproducible
and repetitive measurements

4.1.2.1. Fixing the light intensity and focusing the optical lens to obtain an
optimal signal

The aim of this preliminary experimental step was adjusting the light emitted by the source

in order to feed the optimal signal to the detector. Initially, an optical lens was assembled

to the FPA to collimate the light radiation. Different values of intensity of the source were
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tested while focusing the lens in the camera with the goal of obtaining an optimal signal to

noise ratio.

Afterwards it was discovered that a better signal to noise ratio was reached when removing
the optics from the FPA. As a consequence, the experiments were performed without

optical lens.

4.1.2.2. Determining the optimal sample presentation

When starting working with gasoline, it was checked out the ability of this device to
measure the volatile organic compounds emitted by the fuel in storage conditions. For this
purpose, the same experimental procedure as described above for chemicals produced by
yeast in the food spoilage was applied to samples of liquid gasoline inside the glass flasks

with a tap in their cap to release the vapors contained in the headspace.

For substances such as diesel oil and alcohols, this configuration was not useful, as they did
not release such amount of volatile compounds to be detected by the PbSe sensor. That led
to continue employing the sapphire wafers as a sample cell and dropping the liquid sample
between them. For the spectra processing, the background was subtracted as it was done

in previous liquid measurements.

4.1.2.3. Establishing a specific layout for the spectrometer components

The distances between the source, the sample cell and the detector, they all played a key
role at the time of performing the experiments, as this parameter affected the intensity of
signal and the stability in the absorption spectra. Given a fixed signal to noise ratio, this
variable was fixed in order to enhance the repeatability of the measurements. The source,

the sample container and the sensor were arranged as showed in the Figure 30 below:
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Figure 30. Layout of the main components of the spectrometers. The source, the sample cell and
the camera are fixed by screws to the ground in an optimal distance obtained by laboratory testing

4.1.2.4. Choosing an acquisition time

As the variables mentioned above, the acquisition time was fixed to a unique value in
seconds too. The main aim of this fact was oriented to the data processing. After several
batches of trials, it was found out that the optimal duration of the acquisition or spectral
recording was 11 seconds, as it allowed the data to be stored in a small size file and clearly
seeing the absorption peak in a short processing time. These recorded spectra were
processed by MATLAB® by a script that read the file and simultaneously subtracted the

background.

4.2. Specific chronogram of the experiments
The development of an optimal device to measure fuels and their blends involved several
stages corresponding to different workplaces. The scheme of these stages and their

corresponding workplaces and achievements is showed in the Table 10 below:
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Table 10. Work stages of this thesis in order to obtain the specific application on fuel quality

control

Years

2013-2015

Workplace
CEl MONCLOA

Experiments
Preliminary results obtained for
food spoilage by yeasts
(detection of 1,3 pentadiene and

CO) (Rivas, et al. 2015)

Year 2016

New Infrared Technologies (NIT)

Establishment of a new
experimental set up with a new
device without optics with the
aim of measuring fuels and their
mixtures.

Implementing the PCA algorithm
in the software of a device and
method to monitor defective

and non defective spot welding

at automotive industry

Year 2017

-Back to work at LPF lab and
calibration transfer from the
factory device to the laboratory
set up

A&M

-Scholarship at Texas

University for the Fall semester

-Analysis on headspace for
volatile compounds in gasoline
-Analysis on edible oils mixtures
by MID and NIR

-Data processing on the raw
spectra acquired at the LPF
laboratory.

-FTIR measurements in gas flow

for volatiles such as ethanol and

acetone
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4.2.1. The work developed inside the CEI Moncloa framework (years 2013-
2015)

During this stage, the first device manufactured from NIT was used to detect and analyze

volatile chemicals such as 1,3-pentadiene and CO, in order to detect food spoilage carried

out by yeasts. The experimental set up was fixed for this purpose, using a special sample

cell to gather the gas that was released from the yeast, and the spectra were collected in a

dynamic way of recording, fixing the frame when the absorption peak of 1,3 pentadiene or

CO, appeared (Rivas, et al. 2015).

4.2.2. The experimental set up with a new device and the analysis performed at
the manufacturing company New Infrared Technologies
During this period, the experimental work was developed in the manufacturing company
laboratory. A new set up had to be fixed after a batch of tests. A new sensor was used with
the LVF but without the optics. A layout for each of the spectrometer components was
fixed and same with the time of acquisition or recording of the spectra for liquid
measurements. This new set up was applied to the measurement of pure substances
(Maldonado, et al. 2017) and gasoline and alcohol mixtures, following exactly the same

procedure.

4.2.3. The work developed inside the LPF laboratory and the Computer Science
and Engineering Department PSI Lab, from Texas A&M University

While working in the LPF laboratory, several trials were carried out: the first one was

regarding the improvement of an experimental set up for measuring volatile compounds in

gasoline and their mixtures with alcohols. This improvement was useful for pure gasoline

volatile compounds measurement, but not as useful when it came to mixtures of gasoline

and alcohols.

In a parallel way, edible oils and their mixtures (made of a high quality olive oil mixed with a
cheaper one) were analyzed using the NIR and the MID IR simultaneously. The aim of these
experiments were testing the ability to detect possible adulterations and keep the data
stored for taking them to the scholarship at Texas A&M University where they should be

processed using the specific techniques of the host research team (PSI Lab).
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When starting the mentioned scholarship at Texas A&M University, the first aim was
finding out an optimal data processing for edible oils and their mixtures in order to

difference between pure oils and their adulterations with low cost ones.

Afterwards the goal was fixed on the fuel and their mixtures with alcohols. Using the same
data processing, the aim was being able of simultaneously quantifying and identifying the

type of alcohol added to the blend.

And finally, an FTIR equipment was used to measure the concentrations of alcohol and
acetone in their volatile state in air. These chemicals were diluted in air flow at different
concentrations to be measured by the FTIR device. Pre and post processing methods were
applied on these spectra in order to do an accurate quantification. The FTIR measurements
were performed at the Texas A&M Engineering Experimental Station. Figure 31 below
shows the Texas A&M Engineering Experimental Station (Bryan, TX) where the experiments
were carried out. Even though the small size of the sampling cell a large variability in the
spectra was found concluding that this procedure had still a long way until fully design and

validated. Therefore it was decided to differ its use for future research works.

™

TEXAS A&M ENGINEER
EXPERIMENT STATION

- el [

“;-sk

-

Figure 31. Texas A&M Engineering Experimental Station (Bryan, TX, USA)
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The Figure 32 below shows the FTIR sample cell for measuring volatile chemicals such as

acetone and ethanol in variable concentrations by adjusting the air mass flow.

Figure 32. Experimental set up and spectra acquisition of the FTIR device for acetone and ethanol
measuring

4.3. Samples and chemicals

4.3.1. Experiment 1: Identification of pure fuel, additives and adulterants in
gasoline

Three gasoline samples were taken in two different seasons (winter and summer gasoline

according to legislation) and from different sources, also with varying octane numbers

(between 95 and 98).

Three diesel oil samples were used, also from different quality and origin (two diesel oils

destined to fuel for vehicles and one diesel oil destined to heating fuel).
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The chemicals used for the test were different long chained alcohols as laboratory reagents
(99.5% analytical grade). They were all bought from Panreac®. The alcohols used were

methanol, ethanol, n-propanol, n-butanol and n-hexanol.

Measurements were taken on different days to ensure the repeatability and reproducibility
of the results. To be more precise, the alcohols were measured on seven different dates

and the fuels were measured on nine different days.

The Table 11 below screens the fuel types used for these analyses, their precedence and

features.

Table 11.Gasoline fuel precedence and dates of sampling

SAMPLE SAMPLING DATE BRAND LOCATION IN MADRID
G-1 11/15 (Winter) é? ETSI Agronomos 95
G-2 12/15 (Winter) i? New Infrared Technologies (Blind 95
sample)
G-3 09/2016 (Summer)  REPSOL Usera (Madrid) 95
G-4 09/2016 (Summer)  CEPSA Boadilla del Monte (Madrid) 98
G-5 09/2016 (Summer)  REPSOL Coslada (Madrid) 98
The

Table 12 below shows the days of measuring, number of repetitions, replicates and

individuals used for all the assays constituting this experiment.
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Table 12.Days, number of individuals, replicates and repetitions for the experiment 1

Sample type Days of Number of Number of Number of
measuring repetitions replicates individuals

Gasoline (type 1) 7 3 3 63
Gasoline (type 2) 7 3 3 63
Gasoline (type 3) 4 9 3 108
Gasoline (type 4) 3 9 3 81
Gasoline (type 5) 2 9 3 54
Diesel oil (type 1) 7 3 3 63
Diesel oil (type 2) 7 3 3 63
Diesel oil (type 3) 7 3 3 63
Methanol 5 3 3 45
Ethanol 5 3 3 45
Propanol 5 3 3 45
Butanol 5 3 3 45
Hexanol 5 3 3 45

Table 13.Total of individuals used for the experiment 1

Calibration set Validation set

75 samples 423 samples
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The calibration set was formed by 75 samples of different long-chained alcohols (methanol,
ethanol, propanol, n-butanol and hexanol), two sorts of gasoline (winter and summer),
three sorts of diesel oils (different petrol stations). 3 replicates and 3 repetitions were
acquired from each fuel sample and 2 replicates and 3 repetitions were acquired from each

alcohol.

The validation set was formed by 420 (after discarding 3 outliers) samples corresponding to
3 replicates and 3 repetitions acquired from measurements conducted on several days.
These samples were of the same types of gasoline, diesel oils and alcohols. These data sets
were concatenated and then projected onto the PC and MANOVA spaces. The projection
onto the PC space was achieved by multiplying the normalized spectra by the loading
matrix. The new canonical projections were obtained by first centering the PC scores of the
validation set with regard to the calibration data, and subsequently projecting them onto

MANOVA, via multiplication by the eigenvectors.

The days of measuring to make up the calibration and validation sets were chosen following
the criteria of being as much separated as possible, i.e. choosing the first and last days of

measuring for each data set.

4.3.2. Experiment 2: Characterization of gasoline and alcohol blends
The three commercial gasoline samples and alcohols employed in this experiment were the

same as those used for experiment 1.

The mixtures of gasoline with alcohols were daily prepared using different proportions
ranging from 10 to 40 percent of alcohol in gasoline (v/v). For methanol and ethanol
mixtures, the proportions used were 10, 20, 30 and 40 %, whilst for the n-butanol blends,
only two percentages were used: 20 and 30 % (no blends of n-butanol are commercially
used beyond 30%). Pure chemicals (gasoline and alcohols) were also analyzed as controls

every testing date.

Table 14, Table 15 and Table 16 below show the screening of the methanol, ethanol and n-
butanol mixtures used for this experiment. The percentages used go from 0 to 100

depending on the amount of alcohol that was mixed with the gasoline to make the blend.
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Table 14.Screening of the days and blend rates used for methanol and gasoline blends, considering
0 % the pure gasoline and 100 % the pure alcohol. The percentages used for each day of
measurement are marked with a cross (x)

Methanol Percentages

Day N2of sp 0 10 20 30 40 100
1 24 X X X X
2 18 X X X X X X
3 24 X X X X
4 15 X X X X X
5 24 X X X X
6 18 X X X X X
Total 123

Table 15.Screening of the days and blend rates used for ethanol and gasoline blends, considering 0
% the pure gasoline and 100 % the pure alcohol. The percentages used for each day of
measurement are marked with a cross (x)

Ethanol Percentages

Day N2of sp 0 10 20 30 40 100
1 18 X X X X X X
2 24 X X X X
3 15 X X X X X
4 24 X X X X
5 16 X X X X X
6 21 X X X X
Total 118

Table 16.Screening of the days and blend rates used for butanol and gasoline blends, considering 0
% the pure gasoline and 100 % the pure alcohol. The percentages used for each day of
measurement are marked with a cross (x).

Butanol Percentages

Day N2of sp 0 10 20 30 40 100
1 50 X X X X
2 48 X X X X
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3 49 X X X X

Total 147

There were only three days of measurement for n-butanol and two percentages of blending

used (20 and 30), due to then- butanol was introduced later in the experiments.

4.4. Spectra pre processing

MATLAB® computing environment (Mathworks®, Inc.) was used for the mathematical
analysis on pre-processed spectra. The following pre-processing methods have the aim of
removing the noise and drift from the spectral curves acquired and this way getting an
increase in the resolution of the device and extracting the maximum information from the

signal. All of them are common to the experiments 1 and 2.

4.4.1. The Savitzsky-Golay algorithm

The raw spectral curves acquired by the spectrometer were first smoothed in order to
remove the noise, using the Savitzsky-Golay filter (Savitzsky and Golay 1964). This algorithm
is widely used in signal processing and it was proposed as a method of data smoothing
based on local least-squares polynomial approximation. It was showed that fitting a
polynomial to a set of and input samples and then evaluating the resulting polynomial at a
single point within the approximation interval is equivalent to discrete convolution with a
fixed impulse response. The lowpass filters obtained by this method are widely known (in
some sectors) as Savitzsky-Golay filters. These authors were interested in smoothing noisy
data obtained from chemical spectrum analyzers, and they demonstrated that least squares
smoothing reduces noise while maintaining the shape and height of waveform peaks (in

their case, Gaussian-shaped spectral peaks) (Schafer 2011).

The basic idea behind least-squares polynomial smoothing is depicted in Figure 33, which
shows a sequence of samples x[n] of a signal as solid dots. Considering for the moment the
group of 2M + 1 samples centered at n = 0, we obtain (by a process to be described) the
coefficients of a polynomial that minimize the mean-squared approximation error for the

group of input samples centered on n =0, as showed in the equations below:

N

p) = ) gt

k=0

-82 -



M2 del Sagrario Maldonado Gil Material and Methods

M
ev= ) (@) - x[n])
n=-M

The analysis is the same for any other group of 2M + 1 input samples. We shall refer to M
as the “half width” of the approximation interval. In Figure 13, where N = 2 and M = 2, the
solid curve on the left in this same figure is the polynomial p(n) evaluated on a fine grid
between -2 and +2, and the smoothed output value is obtained by evaluating p(n) at the

central point n = 0. That is, y [0], the outputat n =0, is

y[0] = p(0) = a,

i.e., the output value is just equal to the Oth polynomial coefficient. In general, the
approximation interval need not be symmetric about the evaluation point. This leads to
nonlinear phase filters, which can be useful for smoothing at the ends of finite-length input
sequences. The output at the next sample is obtained by shifting the analysis interval to the
right by one sample, redefining the origin to be the position of the middle sample of the
new block of 2M + 1 samples, and repeating the polynomial fitting and evaluation at the
central location. This can be repeated at each sample of the input, each time producing a

new polynomial and a new value of the output sequence y[n].

. X(m) or x(n)

marn

Figure 33.lllustration of least-squares smoothing by locally fitting a second-degree polynomial
(solid line) to five input samples.
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Filled dots (¢) denote the input samples, and empty dots (°) denote the least-squares
output sample, and x denotes the effective impulse response samples (weighting
constants). (The dotted line denotes the polynomial approximation to centered unit

impulse.)

The Figure 34 below shows spectral curves raw and pre-processed by the S-G. smoothing

method. It is notorious how the noise is completely removed from the curves.

Raw spectra Savitzky-G. smoothed spectra
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Figure 34. (Left) Raw middle infrared spectra from the validation set without any pre-processing.
(Right) Pre-processed smoothed spectra using Savitzky-Golay algorithm.

4.4.2. The Baseline Correction

The main aim of the baseline correction is correcting or eliminating the drift in time in the
spectra related to the device temperature. Baseline correction was conducted on the
smoothed spectra by means of a dedicated MATLAB function. In this routine the baseline is
defined as the straight line between the initial and final values of the spectra, computed
based on two windows with 25 wavelengths. The base-line corrected spectra correspond to
the smooth values minus the straight line. Figure 35 below shows examples of smoothed

and base-line corrected spectra.
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Figure 35. Comparison of the smoothed spectra versus the smoothed and baseline corrected
spectra, with the highest and lowest parts of the curves taken to zero. This method is useful to
eliminate the drift caused by the temperature in the sensor.

4.5. Chemometric methods

Whilst pre-processing methods were common to both experiments, the
chemometric methods for data analysis were different for the experiment 1, in which a
Principal Component analysis (PCA) followed by a Multivariate Analysis of Variance
(MANOVA) was applied, and the experiment 2, in which a Partial Least Squares regression
(PLS) was used to quantify, and afterwards the same PCA and MANOVA was performed on
the mixtures to segregate among chemicals (type of alcohol) blended with the gasoline. The
PLS analysis was applied on the experiment 2, where quantitative determination was
required, because this is one of the most useful and widely applied algorithm to

guantitatively determine composition of blends.

4.5.1. Experiment1
In this experiment, the first step consisted on a Principal Component Analysis. Afterwards,
MANOVA was carried out by addressing the ability to distinguish between the additives and

adulterants based on the PCA extracted from the MID IR spectra.

4.5.1.1. Principal Components Analysis
Principal Component Analysis was conducted on the pre-processed spectral data. It is

useful to select a reduced set of PCs according to their relative weight for the non-
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supervised analysis. Since the PCA subspace was defined by the calibration set, the
maximum number of PCs could not be more than 75, retaining the information contained in
128 wavelengths. Once the PC variables are defined, any new set of spectra (in the case of

study, the validation set formed by 420 spectra) may be projected on this subspace.

4.5.1.2. Discriminant Analysis (MANOVA)

One-way multivariate analysis of variance was applied to the PC scores obtained from the
calibration set, using a categorical variable labelled according to the description of the
materials and methods provided in the first section: gasoline, additives and adulterants.
Canonical variables are a linear combination of the PCs that are created in this analysis, and
they retain the maximum ability for segregation between individuals grouped in each
category. Since MANOVA is preferably computed over a reduced amount of independent
variables, in the case of MIR spectra, it is convenient to apply PCA in advance. MANOVA
works by means of the diagonalization of Wilks's lambda matrix (in-between group variance
compared to within-group or intra-group variance). The contribution of the original
wavelengths to the canonical variables can be computed as X (centered spectra)*L (loading

matrix) *EV (eigenvectors matrix).

4.5.1.3. Classification procedure

After screening the quality of segregation done by MANOVA, a classification procedure was
implemented by computing the Euclidean distance of each sample in the validation set (420
spectra) from the centroid of the categories in the canonical space created from the PCs of
the calibration set (75 spectra). This procedure is then available for any new anonymous

sample under routine analysis.

4.5.2. Experiment 2
Two kinds of supervised analysis were made in order to quantitatively and qualitatively

determine the performance of the MID IR spectrometer applied to fuel-alcohol blends.

Firstly a Partial Least Square (PLS) regression analysis was applied for quantitatively
addressing the overall concentration of blending in each sample, using a train set (253 sp)
and a test set (134 sp), with ten folds cross validation, with the blend ratio in percentage as

the predicted variable.
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Secondly, MANOVA was used to evaluate the segregation among chemicals, and the blend
ratio; 181 spectra were used for the calibration set, and 97 spectra were used for the

validation set (blend concentration below or equal 30%).

4.5.2.1. Quantitative PLS

PLS was developed in 1975 for application in econometrics. It is based on the stepwise
computation of a number of latent variables (L) that maximize the covariance of the
independent variables (X) with regard to the dependent variable (Y) with the constrain of
the latent variables being orthogonal one another. In our case, X contains the spectra and Y
the concentration of alcohols in the blends. The latent variables are then used under

multiple linear regression with regard to the dependent variable (Y).

PLS regression is used in combination with a cross validation algorithm that estimates the
optimal number of latent variables by dividing the train set in folds and leaving one out for

internal validation of the model in order to prevent over-fitting.

4.5.2.2. MANOVA analysis for each percentage and chemical simultaneously

MANOVA is an extension of the univariate analysis of variance (ANOVA) that linearly
combines multiple continuous variables into the so called canonical variables in order to
maximize the separation between groups or categories, in our cases the additive used for
blending: methanol, ethanol, and n-butanol. MANOVA estimates the dimension of the
space containing the group means with the largest possible dimension being one less the

number of categories, two in this study.

In order to decrease the dimensionality of the input space used by MANOVA, Principal
Components Analysis is performed in advance as to retain 99.9% percentage of initial
variance. Therefore, two consecutive projection vectors are used: from the spectra to the

principal components, and from the principal components to the canonical variables.
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Chapter 5

Results

5.1. Preliminary results from setting up the device and method

The start of the LPF TAGRALIA research team collaboration with NIT began in 2012 at the
request of the company, who was interested in expanding the range of applications of their
PbSe detectors to other applications different than the military ones, for which the
company’s products were oriented. They had recently found a PhD thesis from the research
group (Ruiz Garcia, Barreiro Elorza and Robla Villalba 2008) in which there was a first
approach to detection and differentiation of ethanol and ethylene by a MID IR sensor
combined with an LVF. Both chemicals have traditionally been difficult to detect and
segregate using conventional detectors such as chemical sensors based on resistive

transducers.

The CO, was another interesting gas investigated by the LPF research team through
different research works using infrared technology. The main advantage of IR spectroscopy
was the possibility of simultaneously detect different gaseous chemicals such as CO,,

ethanol and ethylene.

The next application given to the PbSe sensors manufactured by NIT was the detection of
organic volatile compounds such as the 1,3-pentadiene, which was a result of food spoilage
by yeasts, together with the CO, generated during the fermentation process. This
development was carried out in a framework involving the company NIT and the LPF

research group together with the Yeast research group from the Complutense University of
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Madrid. This application was published as a research paper inside the thesis work of its
main author (Rivas, et al. 2015)and the patent developed is included in the Annex Il of this
document. Because of this publication, the apparatus and method were not eligible to be
patented. Nevertheless the patent document became released (see it in Annex Il, jError!

No se encuentra el origen de la referencia.).

In this context it comes up the idea that inspired this thesis: the application of the NIT PbSe
uncooled sensors to the Agroengineering field by means of the identification and
quantification of additives and adulterants in fuels (See Annex I: Research paper published

in Q1 journal (Fuel Processing technology)).

5.2. Apparatus and method development for fuel analysis
The results obtained from the experimental design gave back the optimal parameters for a

reproducible and repetitive measurements batch.

5.2.1. Fixing the light intensity and focusing the optical lens to obtain a stable
signal
As mentioned above, the NIT devices had been previously applied only for military
purposes so focusing the light source was not necessary. But when it came to set it up or
spectroscopic purposes this was the first step to obtain a reproducible and stable signal.
The noise and the drift affecting the signal were the main obstacles to get this
reproducibility, thus a preliminary calibration was needed as first step. The results obtained
from focusing the light and obtaining reproducible signals with the two devices (the one

used at the LPF laboratory and the one used at the NIT factory).
Adjusting the signal at the LPF laboratory (using lens)

The results of this process gave back the optimal signal by using optical lens to focus the
light on the detector. The amount of light that reached the detector was high enough but
not saturated, the noise was minimized and reproducible spectra were obtained using this

configuration.
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Adjusting the signal at the NIT factory (without lens)

After adjusting the amount of light that reached the detector in order to minimize the
signal to noise ratio and this way, getting a better resolution in the spectral measurements,
the optics was removed. Figure 36 below displays the curve containing the optimal amount
of radiation coming to the detector. The shape of the spectra corresponding to the light
from the source should be “mountain shaped”, as showed in Figure 36 below where the

peak corresponds to the emission of the Silicon carbide filament of the lamp.

In a parallel way, the dynamics of the sensor were fixed too, setting the integration and the

reset times to a fixed value of 20.0 ps.

Figure 36. Shape of the spectra corresponding to the radiation from the infrared source, after
being focused and optical lens removed in the acquisition sofware

5.2.2. First spectra acquisition and data storage

Before being able to directly read the files acquired by the camera through MATLAB, the
pre processing and data analysis of spectra were done by directly exporting the acquired
spectra to EXCEL files from the acquisition software (See Annex Il about development of

software Reading .dat files with optics and Reading the files without optics).
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No backgrounds were being subtracted from the spectra recorded and the data stored
were an average of the 360 frames per second acquired by the 128 detectors. This means,
an average of 360 frames per second was stored in each cell of the matrix formed by the
128 detectors and the wavelengths or channels that each of them captured in steps of

0.024 microns as showed in Figure 37 below:

1.5um 5um
128 PbSe detectors

x
9
5
D
)
>
?
-
N

2.5 um 4.5 um

Figure 37. PbSe MID IR detector scheme in terms of wavelengths

Afterwards, the background was subtracted by taking the empty sapphire windows as a

blank.

As mentioned above, in a first approach, the spectral data were stored as EXCEL files (.xIsx
format). These first recorded spectra from liquid substances (agqueous potassium sorbate
and glucose in concentrations ranging from 0.001 to 0.5 g/L (See Figure 38 top); and patron

compound 1,3-pentadiene in aqueous solution in concentrations ranging from 1 to 100
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g/L. Three repetitions and three replicates of each sample were recorded from each

solution, reaching a total of 27 spectra for each concentration value. Figure 38 below

shows some of the acquired spectral curves visualized in EXCEL datasheets.
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Figure 38. Spectra pre processing by Excel of an analyte in solution at different concentrations

As it can be observed, the absorption intensity of the peaks increased with an increasing

value of the solute concentration.
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5.2.3. Triggering the spectra recording to homogenize the data

When performing the first experiments on liquid chemical substances the spectra were
acquired and recorded during few seconds, time enough to obtain a stable signal and
exporting it to EXCEL. This method resulted useful to process data from liquid chemicals but
at the time of measuring gases or volatiles in headspace, or great amounts of spectra, it
stopped being practical as the diffusion of the gas inside the measuring cell was depending
on the acquisition time exclusively, so a dynamics of the measurements became necessary

in order to process the data and apply the multivariate methods.

The Table 17 below shows the liquid substances measured in the first experiments, whose

first derived spectra are displayed in the Figure 39 below:

Table 17. Liquid substances used for the preliminary experiments to set up the device and the
method

TYPE OF LIQUID SUBSTANCE TREATMENT

Olive oil Different varieties (pure)

Aqueous Glucose Different concentrations from 0.001 to
100 g/L

Aqueous 1,3-pentadiene (patron) Different concentrations from 0.25 to
10 ppm

Ethanol in water solution 25, 50 and 100 % (v/v)

Aqueous Potassium sorbate Different concentrations from 0.001 to
10 g/L

The Figure 39 below shows the processed spectra of liquid substances by means of a first

derivative:
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Figure 39. First derivative of the spectra from liquid substances. Numerals refer to each
type of compound, being 1 the potassium sorbate, 2 the olive oil, 3 the glucose, 4 the
ethanol and 5 the 1,3-pentadiene

As it can be inferred from this figure above, the spectra of the glucose and ethanol are
overlapping. This proves the chemical sense of the measurements, as these two chemicals
have a similar bound structure (Glucose is a polyalcohol) and both of them own vibrations
corresponding to the C-H and C-OH bonds stretching (Bazan and Bryce 2016). By these
preliminary experiments, the capacity of the sensor to segregate among chemical species
which are present in foods was assessed. The results pointed out the need of Chemometric

tools to distinguish these compounds when analyzing foods and other substrates.

The 1,3-pentadiene patron compound was volatilized to perform experiments of measuring
this gas in a headspace. The aim of these experiments was testing the ability of the sensor
to detect this organic volatile compound that is produced by yeasts during packed foods
spoilage (Rivas, et al. 2015). Nevertheless, when working with gases or volatile headspaces,
there existed confusion about the presence or concentration of the analyte due to the time
of appearance of the absorption peak. Consequently, the measurements had to be taken

while triggering the optimal time to see the neat spectrum. The importance of this variable

-94 -



M2 del Sagrario Maldonado Gil Results

is reflected in the Figure 40 below where the first derivative of the same experiment
performed at different times (t1, t2 and t3) indicates the variation of the absorption

spectrum first derivative a’ the three different times.

60 80 100 120 140

Figure 40. First derivative of the spectra acquired during a experiment (named as “ep3”
in the legend) at different times of exposure (t1, t2 and t3). As it can be observed, the
variation on the concentration of the gas is higher during the first instants.

As the first derivative measures changes in the spectrum, a more pronounced slope in them
means a bigger change (increase) in concentration of the target analyte (1,3-pentadiene) in
the gas flow cell. When performing the Principal Components Analysis over these results, it
was demonstrated that the first derivative of the spectra in these headspace
measurements gathered the most information about the analyte concentration in the
headspace. The Figure 41 below displays the loadings for PC1, which captures more than 90

% of the variance contained in the data set.
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Variable Number vs. Loadings for PC# 1
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Figure 41. Loadings for the PC1 obtained from the PCA applied over the experiments
performed on headspace volatile compounds

5.2.4. Development of a MATLAB script for automatic reading of the acquisition

files
Once the measuring time was fixed and triggered for the experiments performed in
headspace volatile compounds, it was not useful extracting just the average spectra from
each of the 128 detectors, because in this case, the single frame or instant when the
absorption peak appeared was the most important variable, and also the temporal

evolution of the gas diffusion through the sample cell.

For this purpose, a MATLAB script was developed. This open source code was able to first
read the file from its original format, calculating the number of frames of the whole file,
eliminating the header of the file, measuring the number of frames of the data acquired
and transforming them into time values (milliseconds). Both the number of frames as the

time points became stored in different arrays. At the same time, and once stored these
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mentioned variables, the algorithm took the first seconds of the acquisition recording to

subtract the background, taking the empty sample cell as a blank (See code in Annexes).

One example of the spectra plot using this code is shown in the Figure 42 below, where the
abbreviation “ep3” corresponds to experiment 3 (the third repetition of the same
experiment) and t1, t2 and t3 means the three times of recording along the duration of the

experiment.
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Figure 42. Raw (top) and smoothed spectra (bottom) obtained directly through the
designed script
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5.3. Establishing an experimental set up for gas measurements

(volatile compounds in headspace)
As mentioned in section 4.1.2 (Establishment of a fixed experimental set up) two different
approaches were obtained for liquid and gas measurements respectively. While Liquid
measurements were performed just dropping the sample between the two sapphire
windows and recording during a fixed time, gas measurements required the use of a
specifically designed recipient. The protocol for gas measurements is described in Figure 43

below:

Figure 43. Experimental set up designed for volatile compounds in headspace

The recipient for sample (1) consisted on a bottle with a sealed cap connected to a valve
and a tap. When opening the tap, the volatile compounds in the recipient’s headspace were
released to the sample cell (2) which consisted in a ring made of methacrylate, whose
optical path length was 1 cm. The volatile compounds entered the sample cell throughout
diffusion mechanism. Volatilization was enhanced by heating the sample with boiling water

(3).

5.3.1. Acquisition from headspace in gasoline and alcohols
Using the experimental set up described above some testing on volatile chemicals was

performed.
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The first application in study was oriented to pure gasoline volatile compounds, which were
released by the pure fuel in storage conditions (at room temperature and atmospheric

pressure).

Gasoline is generally a refined product of petroleum consisting of a mixture of
hydrocarbons, additives, and blending agents. The composition of gasoline varies widely,
depending on the crude oils used, the refinery processes available, the overall balance of
product demand, and the product specifications. But the typical composition of gasoline is
based on hydrocarbons (% volume) as follows: 4-8% alkanes; 2-5% alkenes; 25-40%
isoalkanes; 3-7% cycloalkanes; 1-4% cycloalkenes; and 20-50% total aromatics (0.5-2.5%

benzene) (Ahmed and Goteng 2015).

The most volatile compounds evaporate at storage conditions (room temperature and
atmospheric pressure) and the main aim of this acquisition was testing if the PbSe MID IR
sensor was able to monitor these volatile emissions. The spectral results obtained are
shown in Figure 44 below. The spectra belonging to the gasoline were not processed as
there was no database to identify chemicals on them. They correspond to 3 replicates and 3

repetitions of the same gasoline sample.
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Raw spectra of volatile from gasoline at storage conditions
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Figure 44. Raw spectra of volatile from pure commercial gasoline at different storage
conditions

The next step in order to test the device for mixtures monitoring was assessing the ability
of the device to detect volatile alcohols, concretely ethanol and methanol. For this purpose,
the sample had to be volatilized as shown in the Figure 43 due to the boiling point of
ethanol and methanol is higher than room temperature (Knorr and Stange 2015) as
gathered in Table 18 below. This was not necessary at the gasoline measurements because

of the much lower boiling point of gasoline than alcohols.

Table 18. Short-chain alcohols (ethanol and methanol) boiling points compared to pure
gasoline

Alcohol Boiling point (2C)

Methanol 65
Ethanol 78
Gasoline 39
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The spectra recorded from volatilized alcohols are displayed in the Figure 45 beneath that
displays the scattering of the raw spectra from volatilized alcohols recorded along a time
interval without pre treatment whilst the Figure 46 shows the spectra of 3 replicates and 3
repetitions of volatilized ethanol and methanol (the same ones used for the experiment 2,
see 4.3.2), smoothed and normalized. As it can be observed in the spectra of methanol
differ considerably from the ethanol ones even in gas phase, as the hydrogen bonds of
methanol are broken much more easily than ethanol, due to its high volatility (Knorr and

Stange 2015).
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Figure 45. Raw spectra scattering of pure volatilized methanol and ethanol. The
temperature of volatilization was above 60 2C
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Figure 46. Smoothed and normalized spectra of volatilized pure alcohols (MetOH and EtOH) at the
beggining and the end of the acquisition (t1 and t2 respectively)

As it can be observed, the hydroxyl functional group (OH) stretching disappeared
progressively along time, because of the volatilization of these alcohols. This fact weakens
the hydrogen bond between their molecules through this functional group, diminishing the

importance of this interaction (Knorr and Stange 2015).

5.4. The bandwidth calculation and its utility

In order to get a better knowledge of the PbSe detector resolution, a new calculation was
performed, using the spectra obtained from preliminary measurements of volatile 1,3-
pentadiene patron compound in a headspace (these spectra are displayed in the Figure 47
below), and the gaseous metabolites released by yeasts cultures in a headspace too (Rivas,
et al. 2015). This approach consisted on finding out the bandwidth of the absorption peaks
on the gaseous compounds spectra. The aim of this calculation was an attempt to estimate

the concentration of a chemical in a headspace in a diffusion-controlled medium.
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Bandwidth is defined as the difference between the upper and lower cutoff frequencies or
wavelengths in a spectral signal. A key characteristic of bandwidth is that any band of a
given width can carry the same amount of information, and this information is what was
correlated with the concentration of the volatile compound in the headspace (Sundararajan

2009).

The MATLAB function developed by Barreiro et al. from LPF was based on taking the first
derivative of the absorption signal and extracting these upper and lower cutoff

wavelengths by means of a mathematical algorithm.
The results are showed in the Figure 47 and Figure 48 below, where the bandwidth is

marked in red for each spectrum obtained.
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Figure 47. Bandwidth calculation on the raw spectra of a gaseous patron compound (1,3-
pentadiene)
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Figure 48. Bandwidth calculation of two absorption peaks in a set of measured spectra
from headspace of yeasts cultures. The smaller ones correspond to the gas 1,3-
pentadiene whilst the bigger ones are typical absorption peaks of CO2 at channel 100
(which corresponds to 4.2 microns).

The bandwidth value obtained from the experimental measurements was 0.19 microns,
whilst the resolution of the PbSe detector was of 0.2 microns. Thus, the conclusion
obtained from this calculation was that the sensibility and resolution of the device was

suitable to detect these volatile chemicals in a headspace at low concentrations.

5.5. Establishing a fixed layout and protocol for new liquid
measurement at the NIT laboratory

The results obtained from experiments 1 and 2 are based on the experimental layout fixed

in the NIT factory after a laboratory batch of measurements. In this layout, the source of

light, the sample cell and the detector were screwed to the ground at fixed distances in

order to optimize the acquisition time, the subtracting of background and the signal
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intensity in order to process the data through a specific script designed and calculated to

extract the pure liquid spectra (See Annexes).

5.6. Experiment 1: Identification of pure fuel, adulterants and

additives in gasoline
Even though fuels are the new focus of this PhD thesis, previous experiments were carried

out with edible oils and the results are gathered in the Annexes (see the Section 4 from

Annex I).

5.6.1. Preliminary Analysis

The Figure 49 below shows the average baseline-corrected spectra for all types of gasoline
(winter and summer), diesel oils (adulterant type 2), additives (ethanol, n-propanol, n-
butanol and n-hexanol), and adulterant type 1 (methanol). The average was done using the

75 spectral curves that formed the calibration dataset.
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Figure 49.Spectral curves pre processing: (Left) Average blc-corrected-spectra from each sort of
pure substance. (Right) Average normalized spectra from each of the pure substances.

As it can be observed, the saturated hydrocarbon CH stretching absorption all occurs

around 3000 cm™ (Coates 2000).

It is noticeable the second absorption peak corresponding to the hydroxyl group (-OH) in
the alcohols and more notoriously in methanol at 3145 cm™. In ethanol, this absorption
peak is slightly overlapped by an additional methyl group in the hydrocarbon chain, and its
absorption wavelength is 3079 cm™. From propanol to hexanol, the chain length is

increasing and so the absorption peak corresponding to the hydroxyl groups becomes
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completely overlapped. The absorption peaks corresponding to the OH from methanol and
ethanol respectively do not correspond to the theoretical absorption wavelength expected
according to the Table 19. This fact is due to the absorption wavelength of hydroxyl results
affected in a significant way by the Hydrogen bond interactions, which weakens the
strength of the O-H bond and then its absorption frequency will be much lower than the
theoretically expected. Not only the O-H bond, but also the C-H bond of the alkane
hydrocarbon chains of alcohols becomes affected by these intermolecular interactions, as it
can be seen in the absorption frequency of 3035 cm™ in methanol and ethanol hydrocarbon
chains respectively; 3057 cm™ in propanol and 3068 in hexanol cm™ (Fornaro and Burini

2015).

Regarding to the gasoline and the diesel oils, the absorption peak of hydrocarbon bounds in
aromatics corresponds to 3068 cm™ in the winter gasoline, and 3046 cm™ in both summer
gasolines. The absorption peak for alkanes in diesel oils was at 3057 cm™ (slightly shifted
with respect to the theoretical value). The differentiation between gasoline and diesel oils
was based mainly in the presence of olefins in gasoline, and naphtenes (cyclic alkanes) in
diesel oils. The olefins absorption peak is closer to the C-H bond in aromatics range (3000-
3100, see Table 19), whilst the naphtenes have their absorption wavelength in the range of

alkanes or paraffins.

The theoretical absorption peaks expected for each type of bond that is present in fuels and
alcohols are indicated in Table 19 (Segneanu, et al. 2012). In all five average spectra, the

1

main absorption band was found to be around 3000 cm™ , with slight changes in spectra

shape, also referred as spectral fingerprint.

By means of this average of the spectra, it was feasible a preliminary differentiation

between all the pure chemicals used in the experiment.

These hydrocarbons are present on the two kinds of gasoline (winter and summer), diesel
oil (adulterant type 2), ethanol (additive) and methanol (adulterant type 1), in the mid
infrared range used for this study (2222.22-3333.33 cm™).
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Table 19.Theoretical absorption wavelengths for hydrocarbons and alcohol bonds

2850-3000 Alkanes (paraffins) (C-H)
3000-3100 C-H bond in Aromatics

3080-3140 Alkenes (olefins) (C=H)

3300-3600 Alcohol (-OH)

Figure 50 plots the complete set of 495 raw spectra (alcohol on the right side, and gasoline
and diesel oil on the left side) corresponding to the calibration (75 spectra) and validation
(420 spectra) sets. A large vertical dispersion is found, blurring the clarity of the averaged
spectra and pointing to the need for chemometric techniques for the individual assignment
of samples. It is also noticeable the clear difference between the shape of diesel and
alcohol spectra, being the alcohols much broader and showing a sort of absorption valley in
the left side of the main absorption peak. It can be observed that alcohols absorb more
infrared radiation than diesel oils and gasoline, which may be caused by the molecular

interactions between the hydroxyl groups (-OH), which are more powerful electronically.

Raw spectra of gasoline and diesel oils Raw spectra of alcohols
50 50

Intensity counts

00 -200
2600 2800 3000 3200 3400 3600 3800 4000 4200 2600 2800 3000 3200 3400 3600 3800 4000 4200
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-2

Figure 50. (Left) raw spectra of fuels (gasoline and diesel). Raw spectra of alcohols (Right).
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5.6.2. Principal Component Analysis

The percentage of variance retained by the first five principal components, accounts for
more than 99.9% of normalized spectra. ANOVA analysis was performed on such principal
components with regard to the type of substance: diesel, gasoline, adulterant and additive.
PC2 and PC3 have higher relevance significance levels than PC1. This may be due to the fact
that PC1 usually gathers information related to the signal intensity, which should not be
very different among samples from the same substance; while PC2 and PC3 contain
information about other spectral features that may be more relevant for reducing the scale

of the information.

The Table 20 below shows the Fisher-test statistical values obtained from the ANOVA
analysis of the first 5 PCs, and the figures 25 to 29 display the segregation between classes
provided by each Principal component, considering 1 as the additives, 2 as the methanol

adulterant, 3 as the diesel oil and 4 as the gasoline.

Table 20.Percentage of variance retained by the first five principal components and F-test

values obtained from the ANOVA analysis performed on the scores of each principal component.

95,35 53.49

1

2 4,17 63.05

3 0,21 26.89

4 0,10 7.00

5 0,067 16.48
Total variance percentage 99,90

Table 20 displays the loadings or wavelength weights for PC 1, PC 2, PC 3 and PC 5 which
provide the highest segregation of the individual spectra into fuel, additive and adulterant
(1 and 2). The most relevant wavelengths are identified by the maximum absolute values in
the loading plot: 3046 cm™ (PC1); 2991, 3046 and 3145 cm™ (PC5); 3068 cm™ (PC2) and
2957, 3079 cm™, 3145 cm™ (PC3).
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Figure 51. Loadings from principal components 1, 2, 3 and 5 of the calibration dataset.
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Figure 52. Graphical 2D scattering of the scores of PC1 versus the scores of PC2 of the same
calibration dataset.
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Figure 53. (Left and right) Graphical scattering of the scores of PC1 versus the scores of PC3 and
PC5 respectively.

Although the highest percentage of the variance is retained by PC1 and PC2, the slight
percentage retained by the PC5 (0.07%) could result in a significant value as regards key
spectral information. The scores of principal components 1 versus 2, 1 versus 3; and 1
versus 5 for fuels, additives and adulterants were represented in each Cartesian plane in

the figures above. The following remarks should be made:

® PC1 (x-axis) allows distinguishing methanol from fuels, while not allowing such a
clear separation between fuels, methanol and the rest of alcohols. Moreover, there is little
specific spectral information contained in PC 1, since there are no sharp bands in the load
plot (Fig. 16, top left).

® PC2 (y-axis) versus PC1 (x-axis), makes a linear function of signal intensity with the
hydrocarbon chain length of substances

* PC3 (y-axis) is able to difference between gasoline and diesel oils and also methanol
from the rest of alcohols (additives).

® PC5 (y-axis) is capable of differentiating between gasoline and diesel oils.
In order to improve the segregation between alcohols, additives (ethanol, propanol,

butanol or hexanol) and adulterants (methanol), a Multivariate Analysis of Variance was

performed.
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5.6.3. Multivariate Analysis of Variance (MANOVA)

MANOVA differs from ANOVA in that it combines the segregation ability of several different
inputs (which are the scores from PCs in this case). The analysis is performed on the basis of
PC 1-5 (99.9% of original spectral variance). Figure 54 shows the canonical scores for the
calibration and validation data sets, showing neat segregation of the pure substances in
three main clusters: alcohols, diesel oils and gasoline. Methanol appeared to be clearly
differentiated from the rest of the alcohols, due to its particular spectral curve, with the
hydroxyl absorption peak more pronounced than in the others. The validation data are the
result of projecting anonymous spectra onto the PC space and then onto the canonical
space by multiplying the spectral matrix by the eigenvectors obtained from MANOVA, and

thus confirming the repeatability and reproducibility of the analysis.
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Figure 54.Projection of the validation set canonical variables (Cvall and Cval2) on the calibration
set canonical variables (CV1 and CV2, retaining the 75 and 15% of the segregation power
respectively)

Filled squares represent data from calibration set and empty squares represent data from

validation set.
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Figure 55. Weights of the contributions of wavelengths from the canonical variables.

The canonical variable 1 focuses on three wavelengths of 3035 and 3101 cm™ (3.3-3.2
microns) regarding to the C-H bond in aromatics (major constituents of gasoline) and the
canonical 2 focuses on 3035 and 3145 cm™. Both of them focus also in 3145 cm™ (3.1

microns), which correspond to the vibration of the hydrogen bond in the alcohols.

Table 21 below shows the segregation power provided by each canonical variable, as
derived from the eigenvalues of MANOVA. As it can be observed, CV 1 and CV 2 retain 67.5
and 20.10 % of the segregating power; the rest of the canonical variables retain the 12 % of
the segregation power approximately. According to MANOVA the dimension of the
segregation space is set to 2 and therefore a segregation plane is considered.

Table 21. Eigenvalues and segregation power of each canonical variable obtained from MANOVA
applied on the calibration set

Canonical variable Eigenvalue Segregation power
1 205.18 67,50
2 86.25 20,10
3 58.76 11,32
4 1.10 0,70
5 0.99 0,40
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5.6.4. Characteristic values

Table 22 below provides the average canonical values CV1 and CV2 for each sample in
either the calibration or the validation set showing significant congruence (among similar
samples) and robustness (repeatability over time, 9 days in the validation set besides
calibration) in the procedure. Additives and adulterants show positive average for CV1:
around 30 for methanol (adulterant), and between 0.9 and 3.8 for the rest of alcohols
(additives), while gasoline and diesel present average negative values for this canonical
variable (around — 4 and -6 respectively). In the case of CV2, only additives show negative

values (around -9). The centroids for each category are included in Table 23.

On the other hand, MANOVA uses the highest wavelengths values (such as 3167 cm™) to
segregate between alcohols, as these compounds have the higher absorption frequencies
(see Table 19), and the lowest ones to segregate between diesel oils and gasoline, because
according to the composition of gasoline, who is richer in alkenes and aromatics than
diesel, it should have higher frequency values than diesel oils.

Table 22.Characteristic values from MANOVA. The Average values of each canonical variable from
the calibration and validation set are displayed.

Calibration  Validation Calibration  Validation

Potential
Methanol 32.31 29.48 8.19 8.42
adulterant (1)
Diesel (1) -6.29 -6.36 2.35 2.15
Potential -
Diesel (2) -6.27 -5.96 2.72 2.74
adulterant (2) -
Diesel (3) -6.32 -6.20 2.22 2.27
Propanol 3.25 2.38 -8.98 -9.13
Potential
. Butanol 0.89 0.46 -10.05 -10.18
additive
Hexanol 3.24 3.80 -9.24 -9.70
Fuel Gasoline(1) -3.98 -4.04 8.28 8.13
ue
Gasoline(2) -4.08 -4.11 6.78 6.99
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Table 23.Centroids

Canonical 1 Canonical 2

Calibration Validation Calibration Validation
Adulterant 1 Methanol 32.31 29.48 8.19 8.42
Adulterant Diesel -6.29 -6.17 2.43 2.39
Additive Rest of acohols 2.46 2.21 -9.42 -9.67
Fuel Gasoline -4.03 -4.08 7.53 7.56

A classification algorithm was developed for calculating the distance between each
individual in the canonical plane with regard to the centroids for each category in the
calibration set: gasoline, additive (ethanol, propanol, butanol or hexanol), adulterant 1
(methanol) and adulterant 2 (diesel oil). Table 24 compares the observed and predicted

classes for both the calibration and validation sets with 100% consistency.

Table 24.Confusion matrix comparing the observed and predicted classes for both the calibration
and validation sets.

Predicted
Observed Validation (calibration)
Gasoline Additive Adulterant 1 Adulterant 2
Gasoline 110 (18) 0 0 0
Additive 0 120 (24) 0 0
Methanol (Ad1) 0 0 28 (6) 0
Oil adulterant (Ad2) 0 0 0 162 (27)
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5.7. Experiment 2: Characterization of alcohol and gasoline blends
Results in this experiment have been structured in three steps: the visualization of spectra,
guantification of additive in the blends, identification of the type of additive in the blend,

and the visualization of the wavelengths involved in blend quantification and identification.

5.7.1. Visualization of spectra

Figure 56 (left) shows four average MID IR raw spectra corresponding to pure gasoline and
alcohols (methanol, ethanol, and butanol) in the training set. The right side of Figure 53
also shows the corresponding four average spectra with baseline line correction using the

same method than in the experiment 1.

Average raw spectra from each type of substance

Average baseline corrected spectra from each type of substance
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Figure 56. (Left) Mean raw spectra obtained from all the samples belonging to the pure substances
from the train set. (Right) Pre-processed spectral curves from all the samples of the train set
(baseline corrected).

5.7.2. Quantitative prediction of overall blend concentration
Figure 58 below shows the accumulated percentage of variance in overall blend
concentration for increasing number of latent variables as derived from cross-validated PLS:

65% for one latent variable, and 95% for five.

The root mean square error of calibration (RMSEC) of the prediction and the root mean
square error of the cross validation (RMSECV) obtained with ten-fold criterion are plotted
against the number of latent variables (Figure 57) in order to select the optimal number for
PLS regression. While RMSEC always tends to decrease for increasing number of latent

variables, the RMSECV reaches a minimum at the optimal number which resulted to be 5 in
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this study. RMSEC and RMSECV were 7.43% and 8.42% respectively for this model
indicating that the device would be useful to detect overall blends in which the additive or
adulterant is above 10 % in volume concentration. Below this threshold, there exists a risk

of obtaining wrong or imprecise results. Table 25 characterizes the final selected model.

CV for PLS via SIMPLS, leave-one-out.
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Figure 57.Root mean square error of Calibration and Cross Validation curves and indicating that
the optimal number of Latent Variables is in the span between 4 and 5 in order to minimize these
two errors.

As it can be observed, the quantitative model is able to predict 95% from this variance

explained in Y.

% of variance captured by each PLS component {quantitative)

Percent Variance Explained in Y

60

1 1.5 2 25 3 3.5 4 4.5 5
Number of PLS components

Figure 58. Plot of the percentage of variance explained in the dependent variable Y captured by
each PLS component or latent variable at the quantitative analysis.
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Table 25.Root mean square errors of calibration and validation in the quantitative prediction
analysis by Partial Least Squares in the train and test sets and the applied spectral pre processing,
that is baseline correction in this case.

DOUA A PRED ON ANA
R*Train  R*Test RMSEC RMSECV Lv Sp preprocessing
0.9542 0.9442 7.43 8.52 5 Baseline correction

As it can be observed in the table above, the goodness of the fitting in the train and in the
test set is highly accurate (above 0.90), which indicates the robustness of the prediction
model for quantitative analysis. By the other hand, the root mean square errors of
calibration and validation are below 10 percent. This means that the method is able to

predict concentrations from 10 percent and on.

5.7.2.1. Supervised analysis of the blends by MANOVA

Ten Principal components have been computed as a mean of dimension reduction from the
initial 128 wavelengths. Table 26 shows the percentage of variance retained by the first ten
principal components which accounts for 99.2% of total variance.

Table 26. Percentage of variance retained by each of the ten principal components used for the
discriminant analysis in this experiment.

PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10
92.37 2.78 2.70 0.76 0.15 0.11 0.10 0.06 0.05 0.04

The scores from PCA are feed into MANOVA as source data. The first two canonical
variables (Figure 59) generated with the MANOVA analysis, provide a strong radial trend
(angle) that identifies the blending additive: methanol, ethanol or butanol, while the radial
distance of each sample indicates the blend concentration of every particular
measurement. Figure 60 provides increasing degraded color for increasing concentration of
the additive in each sample, while bold black lines in this same figure, refer to the centroid
of identical blend concentration (10, 20 and 30 %). The maximum distance of each group
centroid to the triangle center presented in tThe numerical values measured of the
distance from each centroid to the center of the triangle are given in the Table 27 displays
the overlapping calibration and validation sets radial distances and angles respectively, in a

way to complement the results obtained numerically in the Table 25 above.
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Table 27 provides a quantitative measure of the segregation among alcohol percentages
which is complementary to the quantitative PLS prediction. The correlation coefficient
between the eleven radial distances in the calibration set and the blend concentrations

reaches an R? of 0.95, that is, an explained variance of 90.7 %, 94 % in the validation set,

reinforcing the results of the PLS model.

Canonical projection of validation on calibration dataset
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Figure 59. Projection of the validation set on the MANOVA plane
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Figure 60.Centroids of latent variables in MANOVA.
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A triangle is clearly described by this figure, whose angles determine the type of substance
and the degraded color represents an increasing concentration.

The figures above show that a triangle is clearly described by this figure, where the type of
alcohol blended with the gasoline is positioned by the angles (in the figure, methanol
blends are encoded by the triangles, ethanol blends by the squares and butanol blends are
displayed as circles) and the position of each point in each branch of the triangle indicates
the percentage contained in the blend from 0 to 30 %. These branches are defined by the
lines that match each vertex. Decreasing intensity of the dots in Figure 60 means more

percentage of the adulterant or additive in study.

The numerical values measured of the distance from each centroid to the center of the
triangle are given in the Table 27 displays the overlapping calibration and validation sets
radial distances and angles respectively, in a way to complement the results obtained

numerically in the Table 25 above.

Table 27.Distances from each concentration in percentage group centroid to the center of the

triangle formed by plotting canonical variables 1 and 2.

CALIBRATION SET VALIDATION SET
RADIAL DISTANCES RADIAL DISTANCES
(CO/O)NCENTRAT'ON METHANOL ETHANOL BUTANOL METHANOL ETHANOL BUTANOL
10 0.95 0.60 0.74 0.81 0.57 1.16
20 1.90 1.72 1.14 0.95 1.50 1.47
30 2.61 2.53 2.91 1.84 2.80 3.00
40 5.30 4.30 : 5.73 4.10 -
ANGLE
(DEGREES) 173 57.1 304 177.4 5505  306.3

The 40 % (v/v) concentrations of butanol do not appear as they were not used in the data

acquisition.

The radial distances or the so called branches above are represented in the Figure 61
below, where the circles symbolize the calibration dataset and the crosses correspond to

the overlapped validation dataset distances.
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Figure 61. Radial distances and average angles from each alcohol blend cluster centroid to the
origin according to MANOVA canonical variables.

The calibration and validation sets superposition graphically demonstrates the robustness
of this analytical method to determine simultaneously the concentration and the type of

substance in the blends.

5.7.2.2. Wavelength contribution to quantitative and qualitative models
Figure 62 provides the weight contributions of each wavelength in the computation of the

PLS model (left) while the Figure 63 refers to MANOVA.

Figure 63 provides the main contributing wavelengths which were 2836, 2980 and 3167 cm’
! for the quantitative model (blend concentration); regarding to en C-H bond in alkanes

(main constituents of gasoline) and the hydrogen bonds from hydroxyl group.

For the qualitative model (additive identification), the wavelength of 3145 cm™ provides
the most relevant contribution for C1 which corresponds to the vibrational stretching the
hydrogen bonding in alcohols and 3046 cm™ which is related to the C-H bond in aromatics
(other important constituent of the gasoline). The major contribution to C2 comes from
2991 cm™ which is around the vibrational stretching frequency of C-H bond in alkanes and

also 3145 cm™ from the hydrogen bonding in alcohols.
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Figure 62.Contribution of the wavelengths to the quantitative PLS model
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Figure 63.Weights of each wavelength from canonical variables CV1 and CV2.
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5.8. The use of FTIR for determination of acetone and ethanol

With regards to study and develop a method to detect volatile chemicals not inside a
headspace but in a dynamic gas flux, also kwon as “plumes’’; the experiment carried out at
the Texas A&M University Engineering Experimental Station was designed by using an air
mass flow regulator to inject different ratios of the acetone and ethanol (Panreac®, USA)

which were volatilized by being dragged in the air flux.

The measured percentages of each chemical are shown in the Table 28 below. As it can be
observed, the ratio of acetone goes increasing as it is more volatile than ethanol (boiling
point of 56 2C) so it became necessary an increasing injection ratio in the device along time.

Each ratio was measured three times to assure the repeatability of the measurements.

Table 28. Percentages ratio of acetone and ethanol injected to the FTIR device through
dynamic mass flow

Acetone (% v/v) Ethanol (% v/v) ‘
0 100
5 95
c
o 10 90
)
©
= 15 85
©
>
(] 25 75
)
e
= 75 25
]
g 85 15
a
95 5
100 0

The spectral results obtained from these measurements are displayed in Figure 64 below:
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Raw spectra
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Figure 64. Spectra collected from de dynamic measurements of acetone and ethanol
using an FTIR

As it can be observed in the Figure 64, after collecting 32 and 64 scans to improve the
resolution, the results concluded that even though the FTIR owns a higher resolution than
the PbSe dispersive device, there were fluctuations in the measurement of the same ratio.
This fact made the spectra unstable to analyze the data with the prospective application of
this device in the detection and quantification of volatile compounds at parts per million
(ppm) levels. This fact leads to the conclusion that volatile plumes cannot be measured in a

robust and reproducible way, so it was decided to differ it as a future challenge.
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Chapter 6

Discussion

The results obtained from the experiments 1 and 2 described above lead to an advance in
the current state of the prior art (Section 2.1. and 2.2.) from a technical and scientific point
of view. The technical advance consists mainly on the affordability and compactness of the
apparatus, which is susceptible of being implemented in any production chain or process.
From a scientific point of view the step forward regards to the easy acquisition method and
a new way to investigate the composition of chemical substances such as fuels and their
blends (but extendable to other type of chemical products based on organic molecules)
more simple and rapid than the existing ones. The most relevant aspects from this

dissertation are disclosed in the following points.

6.1. The use of the MID IR spectral range for measuring chemicals

in fuels. Comparison with the previous state of the art
The application of the MID IR spectroscopy in the fuel quality control is not a novel matter.
Qualitative and quantitative analysis have been performed before by other authors in
previous works on a huge variety of determinations either in pure fuel or in its blends with

alcohols or other additives.
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These many authors have well published or patented inventions improving the
experimental set up or applying the technique to different analysis of fuel blends or pure
gasoline or diesel. Nevertheless, none of the inventions or publications described in the
State of Prior Art (Sections 2.1. and 2.2.) uses such a simple method in terms of

instrumentation and experimental set-up

The FTIR and RAMAN techniques used by other authors in previous publications (Corsetti
and Kiefer 2016, Corsetti, Zehentbauer, et al. 2015) were expensive and complex laboratory
equipment, working in the spectral range of 4000-500 cm™ (2.5-20 microns) both of them.
This means an advantage regarding the measurable wavelengths, but even so authors had
to apply chemometric methods to determine the ethanol content in the mixture that was

prepared using a surrogate of gasoline instead of pure commercial gasoline.

From the point of view of the chemometric analysis, the results obtained by previous
authors had to be pre and post processed using the same or similar methods to the ones
used in this thesis. Despite of having obtained much narrower and noisy spectra from the
acquisition stage, the classical supervised and non supervised algorithms such as PCA, PLS
and MANOVA gave good results. And these results were more realistic as they were

achieved from commercial gasoline samples instead of surrogates.

Other authors (Adenilton 2012) employed NIR and MIR spectroscopies associated to
pattern recognition models to detect possible adulteration in hydrated ethyl alcohol fuel
(HEAF). These authors also used an FTIR spectrometer to carry out the analysis in the
wavelength range of 7449-3769 cm-1 (1.34-2.65 microns) in the NIR and another FTIR
working in the MID IR range of 3477-698 cm-1 (2.87-14.3 microns). They were able to see
the C-H stretching in the NIR region at 4600-4000 cm-1 (2.2-2.5 microns), and the first O-H
overtone of water and ethanol at 6870 cm-1 (1.4 microns) from the NIR. In the MID IR
region they could observe the peaks around 1180-840 cm-1 (8.5-11.9 microns)
corresponding to C-O, C-C-O stretching modes of alcohols and the C-H stretching and
absorption peak of water at 2900 cm-1 (3.5 microns) and 3450 cm-1 (2.9 microns)
respectively. As it can be inferred from the above, the method developed by these authors
is complex from the instrumentation point of view and not suitable for a possible on field or
in situ analysis. The novelty provided by the work carried out for this PhD to this kind of

publications in which various devices are combined to detect several species
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simultaneously, consists on the easiness of acquiring the relevant information using a
unique device much simpler and compact than an FTIR. In this work the NIR range between
1 and 2 microns becomes unnecessary as water does not need to be detected in the
mixture. Hence, it was demonstrated that the spectral range used here (2.5-4.5 microns) is

more than enough to characterize organic substances and their mixtures.

As it can be observed in the Section 2.2. disclosed above, the major part of the state of the
art regarding to the use of MID IR spectroscopy applied to fuel quality control has been
based in the use of FTIR spectrometers along decades (Adenilton 2012), (Corsetti, McGloin
and Kiefer 2015) (Corsetti and Kiefer 2016) (Niemeyer and Hagen 2016). Lower prominence
has been given to the non-dispersive instruments for this application. This thesis provides
an advance to the state of the art in terms of the application of dispersive devices to the

field of fuel characterization.

On the other hand, the MID IR photon detectors have been traditionally relegated to a
single-element detector or relative small linear arrays (Vergara, Torquemada and Montojo
2007), whilst this thesis used a sensor based on an array formed by 128 PbSe detectors,
which improves the covered wavelength span and as a consequence, the variety of
molecular bonds vibrations. The linear variable filter (LVF) coupled to this sensor increased
the level of responsivity compared to other detectors and allowed to select the
wavelengths of the absorption spectra in a compact and affordable way that made possible
the discrimination of chemicals using the multivariate analysis as a robust supporting tool

to improve the accuracy of the method.

Regarding to the patented devices of infrared applied to fuel quality control, the first
invention disclosed in previous Section 2.1., (Clarke 1993) it consisted on an in situ MID IR
device to characterize the hydrocarbons in a fuel using the wavelength range from 4000 to
500 cm-1. Whilst this invention needed to use various narrowband filters (one filter per
each hydrocarbon to detect), the device used in this research provided information of all
the species simultaneously without the need of changing the linear filter, as the LVF

provided all the necessary wavelengths for the detection and quantification.

Maggard et al, (Maggard 1994) used the NIR to characterize the PIANO profiling (i.e.
Paraffin, Isoparaffin, Aromatic, Naphtenes and Olefins) octane rate and percent of other

various hydrocarbons by means of a optimal key wavelengths selection that made possible
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the identification and differentiation of these chemicals among them. But their method
only consisted in a mathematical procedure for wavelength selection without providing any
device to it. In our case, we did a wavelength selection in the MID IR but it was
automatically performed by the algorithm which quantified and discriminated among the

chemicals of interest.

More recently Zelepouga et al., (Zelepouga 2016) patented a method and apparatus for
real-time measurement of fuel gas composition and heating values, consisting on a NIR to
measure concentrations of hydrocarbons and carbon dioxide, a MID IR sensor for
measuring concentrations of carbon monoxide and a non-optical semiconductor based
sensor for measuring hydrogen. This sensor measured the concentration of Hydrogen gas
by changing its polarity and sending this signal to the electrical transducer to be processed.
Again, instead of combining three different sensors, the contribution provided here is the
possibility of measuring hydrocarbons, carbon dioxide (4.27 microns or 2342 cm™) and
carbon monoxide (4.55-4.65 microns/2193-2198 cm™) in the same spectrum, giving a more

compact device than the one described in this patent.

These all contributions done in small advances to each of the previous research papers or
inventions patented have improved the state of the art by providing a more compact,
economically affordable and at the same time versatile and useful device and method to
determine properties in a fuel that are important from an environmental and mechanical

point of view.

6.2. The mostrelevant aspects regarding to the results

From the two experiments performed within this PhD thesis, the first one regarding to pure
substances and the second one to mixtures, the determination of alcohol content in a
gasoline mixture and the type of alcohol simultaneously gave the most promising results
regarding to the practical industrial application in the fuel quality control field. On the other
hand, the results obtained from the experiment 1 allowed the clear and robust
differentiation of pure substances whose molecular structure shows a big similarity with
the molecular structure of the most of the chemicals used for industrial purposes. This fact
makes it useful as a potential prospective tool in laboratory analysis for pharmaceutical,

food and fuel environments.
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Sections 5.1 and 5.2. reveal the infrared spectra of pure substances and how it influenced

their differentiation by the sensor employed.

The experiment 1 method and its results exposed above was the first step to find out the
ability of this sensor to differentiate among substances of different chemical nature, i.e. the
oily compounds such as diesels, whose main molecular bounds are alkanes hydrocarbons (C
simple bound to H); the gasolines, whose main bonds are the corresponding to aromatics
(these are the ones derived from benzene, i.e. double and single bond C-C and C=C
combined alternatively in a ring shaped molecule basis) and the linear-chained alcohols,
whose chemical structure is an hydrocarbon chain (single C-H bound) bounded to an
hydroxyl group (O-H) which absorbs radiation at a different wavelength and on the other
hand it also absorbs more radiation due to the higher electronic density provided by the
oxygen atom, that is much bigger in size than the hydrogen and presents 2 free electron
pairs (not taking part in any bound) (Graybeal and Hurst 2018) This is the reason why the
shape of the alcohols spectra was observed to be different to the rest, as it showed another
additional absorption peak at a different wavelength next to the 3.4 microns (2940 cm™)
typical of alkanes. As the hydrocarbon chain of alcohols was increasing (from methanol, 1C
to n-hexanol, 6C) this second absorption peak of O-H group was getting overlapped by the
C-H absorption peak, causing a progressive broadening of the spectra in the alcohols

cluster.

It is remarkable that the methanol (1C) gave back a notoriously different spectral shape
from the rest of substances, even from his closest one: the ethanol (2C). This fact was
unexpected because of the chemical similarity of both alcohols. But as the methanol is
toxic, cheaper and a perfect candidate to be an adulterant in commercial blends, these
results potentially gave a chance of profit our device to detect adulterations in fuel

industry.

These all facts favored a clear and robust discrimination among oily, aromatic and alcoholic
substances, and the results obtained from applying the MANOVA analysis on these spectra

were encouraging to give a next step in the fuel quality control provided by this method.
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6.2.1. The infrared spectra of mixtures and how it influenced the simultaneous
quantification and identification of gasoline and alcohol blends from a
chemical point of view

The experiment 2 disclosed afterwards was the next step to test the ability of this sensor

and method to quantify the ethanol, methanol and butanol concentration in volume

percentage (% v/v) in a gasoline-alcohol blend. The sense of this research pathway was
because of the progressive insertion of ethanol and more recently butanol (this one in form
of its different isomers as n-butanol, iso-butanol, etc.) in the gasoline formulation, for the

reasons disclosed in the introduction of this thesis dissertation.

The accuracy of the sensor and method was demonstrated to be high, in terms of
gualitative and quantitative analysis the results showed a 100% classification success and
less than a 10% of prediction error respectively considering that the gasoline and alcohol
blends were prepared in a non-certified laboratory with no standardized volumetric
materials; and also the low resolution of the sensor used for the analysis. The root means
square error was not more than 8.5 percent and the goodness of the fitting obtained was of

0.954 and 0.944 in the train and test sets respectively.

Chemist dictates the basis of the results obtained. Always the molecular structure of the
substances influences the vibrations and stretching modes, and so on the shape and
intensity of the spectra. In this case, the intensity was not as important as the shape. One
could expect that the higher is the amount of alcohol in the mixture, the more absorption
intensity of the spectra (because of what was explained in the previous section about the
bigger absorption of the hydroxyl group). But nevertheless, the method used at this stage
was focused on the progressive shape changes in the spectral curves as the alcohol
concentration in the blend was increased from 10 to 30 %. Due to the basis of the sensor, it
is sensitive to changes in the spectral curves within different concentrations. Nevertheless
it is not so accurate when it comes to the intensity changes, as it has a considerable level of
drift during the measurements. This progressive change was enough for the PLS algorithm
developed in the Texas A&M University (Huang and Gutiérrez-Osuna 2016)to build a robust
prediction model using only 5 latent variables and with an acceptable accuracy especially

for mixtures of 20 and 30 percent of alcohol.

But this ability of quantification was not really useful if it was not possible to know the type

of alcohol contained in the blend so the lack of a way to identify it took us to apply a
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MANOVA analysis on the same datasets, using the training and test sets for the PLS as
calibration and validation sets for MANOVA respectively, which gave back a regular
triangle. This triangle was the key tool to discriminate and quantify simultaneously. The
vertexes of the triangle were each one of the three alcohols and the measure of the radial

distances were the amount in their respective blends.

So the vertexes and the distance measures were finally the tool that was obtained from this
experiment 2. They may have the potential applicability of being implemented in the

interface screen of the software addressed to the measuring sensor.

6.3. Discussion on spectra pre-processing and data analysis

From the point of view of Chemometrics, several facts are remarkable. The first one is
comparing our results to other authors from previous works who combined the FTIR or the
RAMAN spectra (which provides more amount of clearer chemical information as its
resolution is much higher). These authors used prediction models such as the PLS
algorithm, or methods like the PCA to discriminate among different species. In our case,
and having less resolution than a RAMAN or FTIR, these same methods resulted useful and

suitable for the quantification and the discrimination of chemical substances.

The second point to remark is that none of the authors reviewed in this thesis used the
MANOVA analysis to discriminate among chemicals and doing a wavelength selection. Even
when the PCA was also used, as the MANOVA analysis were performed on the scores
obtained from this analysis. This MANOVA analysis provided highly clear and robust results,

that allowed the differentiation and segregation among the substances to analyze.

The third and last item regards to the spectra pre processing methods. When it may be
expected that the spectral curves obtained from our PbSe detector (and subsequently more
noisy, drifty and blurry) would need much more pre processing than the RAMAN and FTIR
spectra, the results demonstrated the usefulness of our algorithm just composed by a
smoothing and a baseline correction. No first or second derivatives of the spectra were

necessary.

However, other mathematical methods such as the Lambert Beer approach, which
stablishes a linear correlation of absorption data and the concentration of the chemical

substance in the spectrum, (Clarke 1993), (Lord 2002), (Chen and Asher 2006) and linearly
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or higher order polynomials correlating the spectrum fitting baselined over the absorption
band of the analyte measured would not be reliable when applied on our spectral data, due

to the drift of the spectrometer.

6.4. The infrared spectral range used by the PbSe sensor and what

to expect about it
According to previous works, (Corsetti, Zehentbauer, et al. 2015) further characteristics of
ethanol can be found in the fingerprint region of the spectrum. As these authors used an
interferometric spectrometer in the MID IR (FTIR) working in the range span of 4000-500

cm’, they were able to see this fingerprint region.

The sensor used for this thesis works in the infrared spectrum region that goes from 2.5
and 4.9 microns (4000-2200 cm™), with a maximum of absorption in 3.7 microns. The main
difference with an interferometric sensor like an FTIR is that it does not use the fingerprint,
but only the stretching and bending regions. This fact prior reduces its accuracy, but
regardless of it, this thesis work aims the goal of offsetting the “inaccuracy issue” by means
of the chemometric tools, and that is what provided an added value to an instrumentation

that is simple and economically affordable.

The Figure 65 below shows the infrared spectra obtained from a FTIR, displaying both the
stretching and bending, and the fingerprint regions. It can be observed that the fingerprint
region starts from approximately 1400 cm™ and it extends to 500 cm™. The functional

group region runs from 4000 cm™ to 1550 cm™®).

8
www.chem.ucla.edu
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Figure 65.Generic Middle infrared spectrum.

Due to this limitation of wavelength range, only one a single broad absorption peak was
observed in our spectra, except in the methanol and ethanol mixtures that have the highest
concentrations (the 20 and 30 percent ones), where two peaks can be found: the first one
around 2940 cm™ (around 3.4 microns), corresponding to the C-H bounds and the second

one around 2800 cm™ (around 3.6 microns), which corresponds to the hydroxyl (O-H)

vibrations.

But in the end, keeping in mind all the issues and solutions discussed above, and after an
exhaustive review of the literature from the last decades, it has to be concluded that we
are faced with a different kind of concept in what refers to infrared spectroscopy. Once it
was made a comparison of the advantages and drawbacks of each type of sensor published
or patented, the device used in this thesis work is able to achieve the same purposes or
applications than the most of the equipment from other authors do, with less costs and

execution time, in a simpler way and an easier interpretation of results within everyone’s
grasp.

In addition, this device offers the possibility of being implemented in diverse points of the
process such as the oil refinery, the pipeline for the distribution of fuel or even in the gas

stations, due to its simpler instrumentation and its ruggedness. The study developed for
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this PhD has opened this possibility of application, which was the main aim of the thesis.

And it has been accomplished.

6.5. Possible prospective applications of the developed device in

field
Another contribution provided by this thesis with regards to previous authors consists on
the prospective applicability of the studied device in field. For this purpose, there is still
large amount of research and development to be done starting from these preliminary

results obtained.

The work carried out here and the main goals achieved are oriented to the attainment of a
compact, rugged and affordable spectrometer that measures chemical compounds which
vibrate in the Infrared spectral region, and is based on a fast response and uncooled sensor,
which is able to give back a rapid in situ measurement and whose resolution has become

clearly improved by means of the Chemometric techniques provided in this research work.

The final developed product would become implemented in field, such as a gas station or a
fuel distribution point. Its main tools for determining the fuel quality in terms of the
qualitative and quantitative analysis should be the vertexes of the triangle described by the
plot of canonicals 1 and 2 from the MANOVA analysis. This chemometric method would
become deployed in the software, taking a few seconds to be performed. The user
interface of this software should display the point of the triangle determined by the
calibration dataset in which the acquired test sample of fuel is located. The equipment
should be calibrated every season of sampling using an elevate number of gasoline samples

up to 75 or 80 individuals.

This point would indicate the nearest vertex from the triangle, and this way, the type of

alcohol blended with the gasoline should be known.

In a parallel way, the user interface would display the distance of this point corresponding
to the test sample from the centre of the triangle. This distance would be correlated with

the concentration value, given in total volume percentage.

A graphical approach is given in the Figure 66 below:
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Figure 66.User interface approach of the proposal for a future prospected device

And a numerical approach is demonstrated using an example for the quantification of
ethanol content in a test sample of gasoline the below:

Table 29.Example given as an approach to the prospective future application of the results
obtained in quantitative terms.

Training and Calibration for Summer Sampling Season/ 2020- EtOH content

_ _ ] Radial distance REGIEN
Goodnes of Error of Calibration | Concentration
to the center in distance in

prediction (%o v/v)

calibration the test
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Chapter 7

Conclusions
The main aim of this thesis was proposing a MID IR detector that posed a clear prospect for
an industrial application. And the results provided a fast, simple and reliable method for the
in situ differentiation of pure chemical substances that are potential adulterants or
additives in fuels such as gasoline. The procedure was validated as regards the repeatability
of the methods (tests conducted on several different dates). The main goals achieved are

listed below:

7.1. The identification of the key absorption wavelengths for each

chemical compound
This is one of the most important steps. In this thesis, the identified absorption bands
match the chemical information obtained from the bibliography. Thus, the proposed MID IR
device gathers at least five absorption bands corresponding to the main functional groups,
i.e. the methyl, methylene and hydroxyl groups that are typical of organic molecules. This
device has a clear ability for classification based on the presence of functional groups such
as hydroxyl. Moreover, the shorter the hydrocarbon chain, the higher the influence of the

hydroxyl, as may be seen in the case of methanol.
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7.2. The discriminant analysis performed on the spectra according
to the key wavelengths: A tool to differentiate between

chemical substances
Principal Component Analysis focuses on the most significant wavelengths, i.e. the most
intense wavelengths in the spectra (3145, 3046 and 3068 cm™/3.18, 3.30, and 3.26 microns
respectively) to group the spectra variables in a space with reduced dimensions. On the
other hand, MANOVA chooses the most discriminating wavelengths (those that are most

different to the rest) regardless of their intensity.

7.3. The issue of high volatile compounds such as methanol and

gasoline: A prospect of future improving
Highly volatile substances revealed greater dispersion in measurements, as may be seen in
Cartesian diagrams, particularly methanol. This calls for a device capable of ensuring an
uniform measurement procedure, by fixing the sample volume between the wafers, or
using a specific sample holder for volatile substances, as an issue to be explored in

subsequent studies.

7.4. The algorithm for quantitatively determine concentrations: An

useful tool to implement in fuel industry
A quantitative cross validated PLS model is proposed for the estimation of overall alcohol
concentration in gasoline using low cost non-destructive MID IR spectroscopy, attaining
95% of explained variance and root mean square errors below 8.5%. The wavelengths used
for the PLS model make use of alkane hydrocarbons vibration bond (2980 cm™/3.35
microns) with regard to internal blank reference in the spectra (3167 and 2836 cm™/3.15-

3.53 microns).

7.5. A qualitative approach by MANOVA to reinforce and validate
the quantitative results obtained by PLS

A qualitative approach for additive identification has also been performed through
MANOVA defining two canonical variables that enable the isolation of the type of alcohol
used for blending as related to the radial angle in the canonical plane. The wavelengths that
contribute to the segregation incorporate the vibration bond of aromatics (which are

typical of gasoline) to the PLS selected alkane band.
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A secondary output of the qualitative approach is an estimation of the overall
concentration of alcohols in the blend derived from the radial distance in the canonical

plane, which reinforces the PLS prediction.

7.6. Main goals achieved
This thesis provides an improvement in fuel quality control by incorporating the estimation
of additive concentration in gasoline blends using MID IR, compared to our initial work

were only pure samples were identified with this technology.

The combination of quantitative-qualitative MID IR models constitutes a robust mean for
blend characterization and quantification that may be used as screening method by more
advanced and standardized chemical tests in order to reduce time and laboratory reagents

needs.

Based on a simple and cheap experimental design and two fast and accurate algorithms, a
reliable analysis of the most relevant alcohol-gasoline blends may be performed. This
results in a promising industrial application in a moment when the sustainability and

environmentally friendly fuels are issues of a big concern all over the world.
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Chapter 8

Proposal for future research

Based on the conclusions obtained from this thesis dissertation, the next steps to take may

be proposed and disclosed below:
o Expand the spectrum of applications to the detection of edible oil adulterations.

o Develop a head space sampling device that solves the problems of quick
volatilization of gasoline and alcohols, which causes an error in the results obtained from

measurements.

o Design and build an online device for the evaluation of liquid fuels at different

stages along the distribution chain.

. Establish a calibration transfer between FTIR and MID IR models aimed at the

characterization of fuels and their mixtures

. Analyze the critical control points of fuels throughout the process of production,

refining and commercial distribution.

. Adapt the above-mentioned sampling designs to industrial environments
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Annex I: Conferences
In this annex |, the contributions done to national and international conferences through
the works carried out in conjunction with the manufacturing company New Infrared

Technologies are attached as an important part of this thesis development.

1 International Conference of Agricultural Engineering (CIGR)

Aarhus, Denmark. June 2016.

PROSPECTIVE OF THE USE OF MID IR FOR FOOD-TO-FUEL
CHARACTERIZATION

3.4. Abstract
A new MID IR spectrometry device is used based on linear array of 128 elements of vapor
phase deposit (VPD) PbSe coupled to a linear variable filter (LVF) working in the spectral
range between 2.5 and 4.6 microns. This compact device, with no moving parts, is based on
a rugged and affordable detector and is suitable to be used in applications with liquid and
gas samples which demand high sensitivity, good spectral discrimination, reliability and

compactness and where an alternative to the traditional scanning instrument is desired.

In this work a wide set of edible oils, diesel, biodiesel and pyrolysis oil samples, together
with gasoline and alcohols, are used to assess the feasibility of the MID IR technique in
either liquid or gas samples. GC/MS is also used as a reference advanced analytical

platform.

Three replicates and three repetitions of each sample have been tested with the MID IR
equipment (135 spectra with 128 wavelengths). The first step has consisted of the
reduction of dimension for the identification of relevant differences according to the

chemical species (oil, alcohol) and type (chain length and complexity of the oil mixture).
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Furthermore, MANOVA analysis is accomplished to address the discrimination ability based

on the MID IR spectra on liquid samples.

The volatilization process of industrial oils has also been faced, recording at 400 frames per
second the MID IR spectra in a confined chamber (20 minutes of acquisition time, 480.000
spectra per sample). This information is confronted with regard to GS/MS spectra (0-600
mz) obtained using two different solvents (hexane and chloroform). Some final remarks on
the application and interest of this particular technology in the petrochemical and engine

industry are given, together with further development steps.

3.5. Introduction
Adulteration of automobile fuels i.e. gasoline and diesel is a clandestine and profit oriented
operation that leads to increased tailpipe emissions and the consequent illness effects on
public health and environment; in addition to damages in the engine. As an example, one of
the most usual adulteration in renewable bio fuels such as hydrous ethanol is replacing
ethanol by methanol, which is much cheaper but also much more toxic (Figueiredo
Monique K.-K. 2012). No variations are observed with regards to density or other physical
properties of fuels once adulterated. Usually, density remains within the prescribed value.

So, for example density test is not a good indicator of diesel adulteration.

Usually, time and reagents consuming techniques are used such as Inductively Couple
Plasma Optical Emission Spectrometry (ICP-OES), High Temperature Gas Chromatography
(HTGC) and High-Performance Liquid Chromatography (HPLC) at the certificating
laboratories of analysis. In contrast, infrared spectroscopy techniques are quick, non-

destructive and highly accurate and require little or no pre-treatment of samples.

Similarly, the adulteration of food products such as edible oils involves the replacement of
high cost ingredients with lower grade and cheaper substitutes. Due to its sensory quality
and nutritional benefits extra-virgin olive oil is often adulterated with less expensive oils.
Actually, blend edible oils can be prepared only for suitable products, but when the
resulting blend deviates from the mixture proportions given on the label, or if the blend is
traded as genuine, it means the oil is adulterated (Ulberth 2000)). The edible oils widely
employed in virgin olive oil adulteration can be lower quality olive oil (refined or pomace
olive oil) or other vegetable or seed oils such as corn, peanut, cottonseed, sunflower,

soybean and poppy seed oils (Aparicio 2013). There exist numerous methodologies to
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detect and quantify vegetable or seed oils in olive oil. Techniques involving application of
chromatographic methods are commonly applied. There is an increasing demand for the
development of new rapid and sensitive methods instead of traditional time-consuming

and expensive analysis techniques.

Application of spectroscopy which includes IR techniques combined with chemometric

methods is a relatively new approach to determine authenticity of olive oil.

Over the past twenty years the use of the infrared region of the spectrum has grown
precipitously for a wide variety of the analytical procedures. Its great development during
the last years is tightly linked to the big advances reached in related fields such as

chemometrics, computing power and, over all, instrumentation.

MID IR spectroscopy (from 3 to 5 microns) shows a large potential in the current IR devices
market, due to its multiple applications (gas detection, chemical analysis, industrial
monitoring, combustion and flame characterization, food packaging, etc) and its
outstanding performance (good sensitivity, NDT method, velocity of response, among
others), broadening this technique to very diverse fields of application, such as industrial
monitoring and control, agriculture, medicine and environmental monitoring. The need for
simple solutions for analytical measurements has prompted the development of better and
more affordable uncooled MID IR detectors, electronics and optics (Linares-Herrero
2012).In the MID IR spectral region several molecular vibration bands exist, such as CH,
CH2, CH3, CN, and NCS stretching, that are related to organic compounds such as oils and

biofuels.

New Infrared Technologies (Boadilla del Monte, Madrid) is a spin-off company that
manufactures MID IR a variety of instruments based on their own detector patents based
on vapor phase deposited (VPD) PbSe on Silicon matrix. At current stage MID IR detectors
are coupled to a linear variable filter (LVF) that works in the spectral range between 3 and
4.6 um. LVF have been often used in the Near Infrared range (NIR), but the use of a LVF in
the Middle Infrared is the novelty presented by this device; Figure 1 shows the linear array
covered with the LVF (left) and the camera formed by the detector assembled to its 44.8 x

80 mm size metal housing and the optics (right) as proprietary design of NIT Technologies.
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This paper presents an approximation of the used of MID IR spectrometer for the
characterization of edible oils and alcohols and its prospective of use in the assessment of

quality of olive oil and bioethanol. And derive adulterations.

3.6. Materials and methods

3.6.1. Samples
Three replicates of 8 edible commercial oils (24 samples) and 5 alcohols (15 samples) were
tested with the compact MID IR spectrometer, acquiring three repetitions per samples
(117). The set of edible oils consisted of 7commercial samples from different origins:
sunflower, corn, soy, sesame and virgin olive oil (1 extra high quality AOVE and 2 low cost
olive oil, LOO). All the samples were acquired from local supermarkets. The alcohols:
methanol, ethanol, propanol, n-butanol and n-hexanol were bought as laboratory reagents

of analysis grade from Panreac® (Barcelona, Spain).

The experimental device consisted on the sensor LUXELL FPA described in the introduction
part. Its LVF goes from 2.5 to 4.95 microns, and is connected by an USB 2.0 to a software

package NIT SOFTWARE SUITE (Acquisition and visualization SW).

3.6.2. MID IR equipment
A novel MID IR spectrometer is used consisting of a low-cost uncooled MID IR readout
module with USB output system, based in microcontroller ARM M3 CORTEX architecture
for linear LUXELL FPA (64, 128 and 256 px). In this study, a 128 pixels type was used. The
module includes a LUXELL FPA and its band of detection goes from 1 to 5 microns without
the LVF. Its peak wavelength of detection is 3.7 microns. The integration time goes from 4
to 20 ps (selectable by the user). The acquisition rate is up to 300 frames per second
(http://www.niteurope.com/luxell-fpa/). This spectrometer, with no moving parts, can be

considered a rugged, compact and affordable device

In this spectrometer, the narrow wavelength range (3-4.6 microns) and the 60 nm spectral
resolution imposed by the LVF suppose a limitation regarding the spectrometer
performance. This is the reason why it becomes necessary to use Chemometrics as a

complementary tool to analyze chemical species.

The electro-magnetic radiation source of the spectroscopy device is an infrared lamp made

of a SiC mounted within a parabolic reflector. The acquisition was performed in frequency
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mode. The sample was placed in between the IR light path inside two sapphire wafers;
spectra of empty sapphire wafers were recorded during a few seconds and used as blank

reference.

3.6.3. Measurements
The samples (oils and alcohols) were prepared using a Pasteur pipette, by spotting a single
drop over one of the sapphire wafers, used as sample holder, and enclosing it, with the
other wafer, like a “sandwich”. Special care was taken for uniformly sample spreading

through the whole surface of the sapphire.

3.6.4. Data analysis
For the mathematical analysis, MATLAB® was used together with the software package NIT
SOFTWARE SUITE®. The first step consisted on the reduction of dimension for the
identification of relevant differences according to the chemical species (oil and alcohol) and
type (chain length and complexity of the oil mixture) by means of a Principal Component
Analysis. Furthermore, MANOVA analysis has been accomplished by addressing the

discrimination ability based on the MID IR spectra on liquid samples.

~
e Savitzky-Golay (smoothing, window size -11-, polynomial order -2-)
Pre- * 0 order and First derivative that constitute the X ;7«15 matrix
Treatment )
~
® Scores S;17+19)
* Loads L5541
J
* Canonical variables C;;7+4
* Eigenvectors EV ;p+
J

Figure 67.Graphical scheme of the steps followed in the mathematical analysis carried out.

The first main step is the pre-treatment of the row spectra, by means of a Savitzky-Golay

smoothing algorithm. The parameters used for this treatment were a window size of 11 and
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the curves were fitted to an order 2 polynomial; followed by the first derivative of the

spectra.

The second step was the Principal Component Analysis in order to reduce the variable
space dimensions, from which a scores matrix of n individuals x m wavelengths was

obtained; and a loads matrix with m individuals x nPC principal components.

And by the last the MANOVA analysis was performed, obtaining the canonical variables
matrix (n individuals x nC canonical variables) and the eigenvectors matrix (nPC principal

components x nC canonical variables).

3.6.5. Principal Component Analysis
Principal component is a multivariate technique that allows dimensionality decrease
without information reduction by means of diagonalization of data variance. Thus several
linear combinations of spectral variables are generated with decreasing information weight,
while providing non-linear relationship among them. The new variables also called Principal
Components retain the spectral variance though they may or may not refer to the
information that is required to segregate populations. In cases where the main variance in
the data corresponds to the differences in search, this procedure will be sufficient to easily

identify the species of interest.

3.6.6. MANOVA analysis
Discriminant analysis is used when two or more groups or clusters or populations are
known a priori and one or more new observations are classified into one of the known
populations based on the measured characteristics. One-way multivariate analysis of
variance (MANOVA) is used to determine whether there are any differences between
independent groups on more than one continuous dependent variable by mean of the
diagonalization of the between-groups sum of squares and cross-products matrix compared
to the within-groups sum of squares and cross-products matrix. In this procedure a linear
combination of variables is created that retain the segregation ability instead of data
variance. MANOVA is compute preferably in a reasonable amount of independent
variables, and thus in the case of NIR it is convenient to apply PCA in advance. The
contribution of the original wavelengths to the canonical variables, can be computed as X

(row data matrix)*L (loads matrix) *EV (eigenvectors matrix).
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3.7. Results and discussion

Results obtained from the PCA and MANOVA are described in this paragraph.

3.7.1. Principal Component Analysis
PC1, PC2 and PC3 respectively account for 75%, 18%, and 7 % of spectral variance. In all
three planes (PC1-PC2, PC1-PC3, and PC2-PC3) an overall separation of oils and alcohols can
be found (data not shown), however some of the oil samples (sunflower and sesame)
appear mixed with alcohols, that is to say no 100% segregation is attained by non-

supervised procedures.

3.7.2. MANOVA analysis
Figure 68 (up) presents the results of MANOVA for the segregation of alcohols and oils. Only
the first canonical variable is required for segregation since there are only two categories
(100 % of Wilks-lambda retained). Oils present negative canonical values in variable 1,
while alcohols show positive ones. Compared to PCA, both groups appear very distant with
no overlapping of individuals. This is in accordance with this procedure being a supervised
analysis compared to the unsupervised nature of PCA. In addition to the nature of the
substances (oil or alcohol), a vertical distribution of data is found in both groups, which

points to the existence of further sources of variation that are not a priori identified.

For global MANOVA, 10 of the 117 PCs (minimum between spectra number -117- and
wavelength-128- ) have been used corresponding to 99.9951% of spectral variance. Figure
68 (down) presents the eigenvectors (weight of each PC in the definition of the canonical
variable). The absolute value of the eigenvector increases for increasing number of PC as

expected, since the amount of information retained by the large PC numbers is very low.
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MANOVA oils and alcohols
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Figure 68.Scattering representation of the 1-way-MANOVA analysis performed on the whole data
set (up), and Weight of each principal component contribution to their MANOVA eigenvectors
regarding the information given by the canonical variables.

The second step in the analysis is the segregation among oils: AOVE (high quality olive oil
from very different varietal origin), LCOO (low cost olive oil), others vegetable oils
(sunflower, corn, soybean, and sesame). To this end a new MANOVA is performed on the
PC scores based on the previous identification. A main feature from this plot is that both
AOVE (first canonical variable >0) can be easily segregated from the rest (C1<0). Moreover,
the position of the two LCOO samples suggests adulteration by other vegetable oils that are
proximal in the canonical plane (sunflower, and soybean respectively). This fact is
confirmed when representing the second and forth canonical variables, since it is feasible
to segregate among two large groups: A (sunflower, corn, LCOO1, AOVE2 ) and B (AOVE1,
LCOO02, soybean, sesame).
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Figure 69.Graphical scattering representation of the 1-way-MANOVA analysis made to the oils
data set, using the canonical variables C1, C2, C3 and C4. The legend displays the different types of
oils classified in the analysis.

Figure 69 shows the results of MANOVA carried out on alcohols: methanol, ethanol,
propanol, n-butanol and n-hexanol. As a main feature, it results feasible to segregate
among short chain (methanol, ethanol) and the longer chained alcohols (propanol, n-
butanol and n-hexanol). In order to segregate between the intermediate classes (propanol,
n-butanol and n-hexanol), the plane represented by canonical variables 1 and 3 provides

the required segregation power.
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Figure 70.Graphical scattering of the 1-way-MANOVA analysis made to the alcohols data set using
the canonical variables: C1 agaist C2 and C1 against C3.

The legend shows the alcohol names. Left: The separation given by canonical 1 against
canonical 2 clearly differentiates the methanol and ethanol from the rest of the alcohols.
This fact is quite positive since it could be useful to detect adulterations in which ethanol is
replaced by methanol. Nevertheless, the separation made by canonical 1 against 3 (right)

clearly separates the rest of alcohols.
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Figure 71 summarizes the hierarchical segregation procedure, and Table 30 includes the

discriminant functions.

The Table 30 below summarizes the canonical values for each type of chemical or oil

analyzed in the mathematical process.

oil oil AOVE
segregation MANOVA identification

/

Raw Global
PCA
spectra MANOVA
Alcohol Alcohol Identification
of EtOH and
segregation MANOVA MetOH

Figure 71.Mathematical hierarchical segregation procedure carried out from the row spectra to
the end classification which predicts potential sources of adulteration between oils, and
distinguishes between different chain lengths of alcohols
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Table 30.Summary of segregation functions used in the MANOVA analysis at each stage of the
mathematical procedure. Canonical variables are represented by C1, C2, C3 and C4.

MATHEMATICAL DISCRIMINANT
GIVEN INFORMATION
ANALYSIS FUNCTION
C,>0 Alcohol
Global MANOVA
C,<0 Oil
C;>2 AOVE
C,<2 Rest of the vegetable oils
0il MANOVA C.07° G 6

Probable adulteration with (sunflower

or corn)

Probable adulteration with soybean or

C.0.7* C, -6
sesame
Short chain alcohol (ethanol and
C>0
methanol)
<0 Long chain alcohol (Propanol, n-butanol
Alcohol MANOVA
and n-hexanol)
Ci<-1.71*%C;-4.5 n-hexanol

-1.71*C;-4.5<C5<-
n-butanol
1.71*C,;-6

C;>-1.71*C4-6 Propanol
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3.8. Conclusions
This paper shows the ability of a compact and low cost MID IR uncooled spectrometer to
segregate between oils and alcohols, as well as among several kinds of oil species, and
alcohol chain length. The advantage given by this device is its compactness and easy set up,
versus other laboratory analytical techniques based on chemical separations such as mass
spectrometry or chromatography, which usually result in more accurate results, at the
expense of reagent requirements, acquisition time, and chemical pre treatment and

destruction of the samples.

Proposed low cost MID IR uncooled spectrometer is poor in spectral resolution as
compared to other spectrometric devices, and so this technique must be strongly

supported by new chemometrics tools.

This paper is the first step in a deep collaboration between university and a technology
based SME for the application of MID IR in the agrofood industry that will take place in an
upcoming period of four years. This type of action is viewed as a strategic challenge by the

Spanish Ministry of Economy.
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4. IX Congresso Ibérico de Agroengenharia. Bragancga,

Portugal. September, 2017

EDIBLE OILS MEASURING USING LOW COST MID IR

4.1. Abstract

A low cost, uncooled and rugged middle infrared camera was used for measuring edible oils

spectra and so on studying its potential for quality control in edible oils industry.

The samples used were different edible oil brands belonging to different origins but mainly

classified in:
-Extra Virgin Olive Oils
-Non-extra virgin olive oils

The aim of this work is testing the feasibility of this device to the segregation of high and

low quality oils.

Also, a set up device and experimental procedure was developed, first at the factory
department and after wards the device was moved to the University laboratory.
Additionally, the results obtained with and without optics coupled to the sensor were

compared.

Some changes were observed in the results by changing some parameters such as

integration time, and also, through the experimental analytical procedure.

During the factory measuring stage, a much higher signal level was obtained (the order of
400 intensity counts) and a notorious decrease of the signal was observed when the device
was installed at the UPM laboratory (in the order of 100 intensity counts with an
integration time of 20.48 and approximately 250 intensity counts with an integration time

of 21.12 us.

Also, during the factory stage, the measuring was carried out using an unknown sample
amount. This fact became changed when the laboratory at UPM stage, by means of several

trials that were made using different weights (20-30 mg of sample, 70-80 mg of sample and
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around 50 mg sample. The 70-80 mg samples were not taken into account for this study,
because of the lacks of oil through the wafers. In other words, this means that the quantity

is too much to the wafer.

The 20-30 mg samples were also discarded because this amount did not cover the entire

surface of the wafer.

Those facts made the 50 mg samples the optimal for the analysis. This change in the
experimental procedure made the method more capable of distinguish, which could be

checked out in a decrease of non-classified individuals (around the 10%).

The raw spectra were submitted to different pre treatments and after they were applied a
PCA and MANOVA analysis. The results show the reproducibility and repeativity of the

method in the new experimental set up at UPM.

The next question is if a calibration transfer should be made from the results obtained at

UPM to the results obtained in the NIT experimental set up.

4.2. Materials and methods

4.2.1. Samples
Eight oils from different brands were used for this experiment. The eight oils were tested
during the first stage at the factory department. In the second stage at the UPM, only six
samples were used, having been removed the ones belonging to the cocoa (too different
from the rest and so on distorted the MANOVA analysis) and sunflower (too similar to

sunflower+palm oil).

The Table 31 below shows a screening of the type of edible oils used for the analysis and

their origin.
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Table 31. Samples numbers and type of edible oils and their procedence

Numero de muestra Origen
1 Aceite de oliva virgen extra (1) (baja calidad)
2 Soja
3 Preparado graso para fritura (girasol + palma)
4 Maiz
5 Girasol
6 Grasa de coco
7 Aceite de oliva virgen extra (2) (alta calidad)
8 Aceite de oliva virgen extra (3) (alta calidad)

4.2.2. Device
A middle infrared camera with a frame rate of acquisition of 2000 fps was used. The

wavelength range used was from 2.95 to 4.5 microns.

The sample was placed between two sapphire wafers and the source and the detector

following the set up described in the Figure 72 below:

.-\

Figure 72.(Left) Picture of the sensor used to the experiment, consisting in an array of 128
detectors. (right) Experimental set up of the measure device: (1) infrared source with a parabolic
reflector (Hawkeye technologies, Inc.) (2) sapphire wafers containing the sample, (3) middle
infrared detector (New Infrared Technologies, S.L.).

The Table 32 shows the main spectral wavelengths of interest selected for the analysis
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Table 32. Spectral wavelengths of interest given in microns

Longitud de onda de absorcion Grupo funcional Formula
(micras) molecular
3411 Metileno =CH,
3.424 Metilos presentes en aldehidos -CH3
3.436 Grupo hidroxilo en alcoholes -OH
3.461 Metileno presente en alcohol =CH,
3.486 Metilos presentes en cadenas -CH,3

hidrocarbonadas

4.2.3. Measuring procedure
Two different measuring procedures were carried out, one of them at the NIT department
and the second one at the UPM. The main conditions featuring these procedures are

described in the Table 33 below:

Table 33.Main parameters of the measuring procedures carried out at each department.

Main parameters who affect the measuring

Measuring day Integration time (uS) Intensity of the source (mA)
1 24.96 4412
1*stage NIT
2 25.60 4497
3 20.48 4548
2" stage LPF 1 20.48 4500
2 20.48 4450
3 21.12 4480

Another important tip regarding the measuring procedure is the amount of sample put
between the two sapphire wafers, which directly affects the optical path length and so on
the intensity of the signal obtained. During the first stage, an unknown amount of sample
was used. Sometimes it was too much for the capacity of the windows, so the oil squeezed
out through the wafers. Too much dispersion was observed in the measurements, so on, in
the second stage, a more accurate method was tried in order to control the amount of

sample put between the wafers. It consisted in weighting different amounts of oil and find
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out the optimal weight to put between the wafers. Three different ranges of weight were

used for this purpose, which are shown in the Table 34 below:

Table 34.Weight ranges tested in the new analytical procedure.

Range Weights (mg)

1 20-30
2 50-70
3 80-100

4.2.4. Spectra acquisition
The spectra were recorder during 11 seconds, using the first empty 5 seconds as a blank in

order to subtract the background to the image.

4.2.5. Spectra pre-treatment
The spectral curves obtained were subjected to a pre treatment consisting on a SNV and
afterwards a baseline correction (Barreiro et al, 2016) and a normalization of the spectra

between 0 and 1 intensity values.

4.2.6. Principal Component Analysis
A principal component analysis was applied to the 128 variables corresponding to the
acquired 128 wavelengths, in order to reduce the dimensions to 10 without loss of

information.

4.2.7. MANOVA analysis
The MANOVA analysis was applied to the scores obtained at the first stage, by makig the

PCA to the pre-trated spectra.
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4.3. Results

Average spectradi, so Average spectra days1-3, d2, so
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Figure 73. Spectra acquisition during 6 seconds, taking 3 replicates and 3 repetitions per sample.

4.3.1. Data analysis
The Figure 74 below schematizes the mathematical procedure carried out for the

chemometric analysis of the spectra acquired in order to discriminate between

edible oils.

e Standard Normal Variate (SNV)

e Baseline correction (BLC)
Pre-

treatment IRRSVPEPILCIAN

e Scores (Sy744:)
e Loads (Lyyg )

e Canonical variables (C ;;5,3)
* Eigenvectors (EVy, ,)
* Spectral Eigenvectors (VS;,g, 3)

Figure 74. Mathematical procedure carried out to perform the data analysis, starting by the

spectral curves pre-treatment, followed by the PCA and the MANOVA analysis to discriminate
between samples.
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The results obtained from the multivariate PCA and MANOVA analysis are displayed on the

below:
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Figure 75. Cartesian diagram plot of the main clusters segregated by the MANOVA analysis
performed on the oil samples (top and bottom left). Contribution of CV1 and CV3 in terms of
wavelenght weights to the analysis (Top and bottom right)

A projection of the canonical variables obtained from the MANOVA analysis applied to the
data set without optics on the MANOVA analysis on the data set with optics was done, as

shown in the Figure 76 below.
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Proyeccion datos con optica en datos sin optica (calibracion)
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Figure 76. Projection of the MANOVA space obtained from the results with optics on the MANOVA
space obtained from the results without optics.

And finally, a comparison between the segregation power of the canonical variables
obtained by the MANOVA analysis from the device 1 (360 frames per second) and the ones
obtained from the device 2 (2000 frames per second) was done, and the results are shown

in the Table 35 below.

Table 35. Comparison between the segregation power of the canonical variables obtained from
the MANOVA analysis performed in both devices 1 and 2

Dispositivo 1

(360 imagenes por segundo)

Dispositivo 2

(2000 imagenes por

segundo)
49,00 96,75
30,42 1,875
12,25 0,942
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As it can be observed, the first canonical variable gains significantly in segregation power
when using the device 2 for measuring, whilst canonical 2 and 3 decreases their segregation

power very notoriously.

4.4. Conclusions
A non-destructive and in-situ analysis device is proposed for the quality control of edible

oils in the agri-food industry.

The Chemometric analysis methods are fundamental tools for this purpose.

The device with a rate acquisition of 2000 fps plus optics has been the one in giving the

best results.

It is necessary establishing a delimited method of measurement and an appropriate

calibration transfer system.

A future proposal of research is analyzing the headspace on frying processes for the

detection of adulterations and non desirable mixtures.
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Annex II: Dissemination

This annex shows the research paper that was published in a Q1 journal during this thesis

and other ways of results dissemination in shape of prizes and/or awards and patents.

5. Research paper published in Q1 journal (Fuel Processing

technology

MID-INFRARED UNCOOLED SENSOR FOR THE IDENTIFICATION
OF PURE FUEL, ADDITIVES AND ADULTERANTS IN GASOLINE

=

FUELS 2018_pdf

Annex III: Software development

This annex contains the open source MATLAB® code (.mat files) that was developed by NIT
and the LPF TAGRALIA to read the files acquired by the PbSe sensor in both devices (the
first one in the LPF Laboratory using optical lens and the second one in the NIT factory

without optical lens).

6. Reading .dat files with optics

%initializing the workspace
clear;
close all;

%$input parameters
%these parameters had to be adapted to the script configuration

nombre='87 5p.dat'; % name of the file which has to be in the same
directory than the script

numero_de frames = 30; %number of frames to promediate

sdone

%initializing variables, number of frames calculation, and
eliminating the

theader

fileInfo = dir (nombre);

fileSize = fileInfo.bytes

frames calc =(fileSize-2060)/268

file ID = fopen(nombre, 'r','b");
header = fread(file ID,2060, 'char');
i=1;
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Jjunk=uint32 (1) ;

frame number=zeros (frames calc,1l,'uint32'); %at this point an array
containing the frames numbers is created
time=zeros (frames calc,1,'uint32'");%an array containing the time
vector is created

time ms=zeros (frames calc, 1, 'uint32');%an array containing the
temporal points in miliseconds

time ms sin off=zeros(frames calc,1l,'uint32');%an array containing
the temporal points in miliseconds starting in O
frame=zeros (frames calc,128, 'intl6');%an array containing the 1x128
vectors corresponding to the acquired data

frame promeadiados=zeros (fix((frames calc/numero de frames)),128,'in
tl6');%an array containing the 1x128 vectors corresponding to the
acquired data and with the averaged number of frames

frames promeadiados sin offset=zeros (fix (frames calc/numero de frame
s),128,'intl6'") ;%an array containing the 1x128 corresponding to the
acquired data and with the averaged number of frames with
subtraction of the offset

$file reading

comp=frames calc+1;

while i<comp
junk = fread(file ID,1,'uint32');
frame number (i) =fread(file ID,1, 'uint32');
time (i) = fread(file ID,1, 'uint32');
time ms (i) =(time(i)-time(1))/100;
frame(i,1:128) = fread(file ID,128,'intl6");
time ms sin off (i)=time ms(i)-time ms(1l);
i=i+1;

end
%once all the information is extracted from the file, it is

closed

fclose(file ID);

%done

[

% plotting the data as an image
minimo=min (min (frame))

maximo=max (max (frame))

img=mat2gray (frame, [double (minimo) double (maximo)]) ;
imshow (transpose (img))

[

% done

7. Reading the files without optics

%$initializing the workspace
clear

close all

clc

%reading .dat and transforming into .mat
D=dir ('*.dat');

for i=1l:1length (D)

nombres=strsplit (D(i) .name, '.");
nombre=strcat (nombres{1l},' ', nombres{2});
eval ([nombre '= cleanDAT(D(i) .name,1000) ;'71)
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X=[num2str(i) , '/', num2str(length(D))];
disp (X)

end
save all data.mat

$removing the 'false peaks'that defectively appear at pixels 58, 60,

62 and

%69

all data sp = all data;

for i=l:size(all data,l)
all data sp(i,58)=(all data(i,57)
all data sp(i,60)=(all data(i,59)
all data sp(i,62)=(all data(i,61)
all data sp(i,69)=(all data(i, 68)

end

figure, plot(all data sp')

all data(i,59))/2;
all data(i,61))/2;
all data(i,63))/2;
all data(i,70))/2

+ + 4+ +

I

% % Pretreatment of the spectra
[all data n,all data slb]=pretreatment (all data sp);
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