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Summary

The potential of infrared (IR) spectroscopy combined with multivariate calibration has
been well-vetted over the years for its ability to predict the quality parameters of fuel
samples. The main objective of this doctoral thesis is to develop calibration models
based on IR spectroscopy to predict diesel quality properties. These models are of great
interest in the petrochemical industry since they can be used in offline (laboratory) and

online (process) analysis as an alternative to standard methods.

In this work, a broad set of diesel samples collected at the Repsol refinery in Tarragona
(Spain) during almost four years (2018-2022) from two streams (namely, desulfurized
diesel (stream 1) and commercial diesel (stream 2)) were considered to predict eleven
properties of interest. These properties are: (1) distillation temperatures at 65%, (2) 85%,
and (3) 95% recovered (T85%, T85%, and T95%), (4) flash point, (5) cloud point, (6)
density, (7) cetane number, (8) sulfur content, (9) viscosity, (10) cold filter plugging point
(CFPP), and (11) fatty acid methyl esters (FAME).

The physicochemical properties of a diesel fuel emerge from its chemical composition,
which also defines the characteristics of its IR spectrum. We have characterized the
desulfurized and commercial samples in terms of their physicochemical properties and
spectral features using analysis of correlations between properties and multivariate
analysis of the measured spectra, respectively. From the results, we concluded that: 1)
except for the distillation temperatures in commercial samples, the properties were not
significantly correlated; 2) Three spectral clusters were identified: desulfurized samples,
commercial samples containing FAME, and commercial samples without FAME content;
3) The difference in the property values of the samples seems to be more influenced by
the origin of the samples (from streams 1 or 2) rather than by the FAME content. This
latter observation has led to the development of specific calibration models for samples

from each stream.

Partial least squares regression (PLS) and artificial neural networks (ANN) calibration
models have been considered to model IR spectrum-property relationships. For the ANN
approach, a new strategy for establishing the limits of the applicability domain has been
developed. Two limits based on 1) the 0.99 quantile of the squared Mahalanobis distance
calculated from the network activations of the training set and 2) the 0.99 quantile of the
reconstruction error of the training spectra using either an autoencoder network or a

decoder network were considered.
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Using PLS and ANN calibration models, we have accurately predicted the density and
cetane number of both desulfurized and commercial samples and the FAME content and
viscosity of commercial samples. Only the models for determining density and FAME
content could be considered valid for diesel routine analysis. Comparatively, the
predictive performances of the ANN models were superior for density, T65%, T85%,
flash point, CFPP, and FAME content in commercial samples, and T95%, flash point,
cloud point, sulfur content in desulfurized samples. In turn, the PLS model outperformed
the ANN model in predicting the density of samples from stream 1 and T95% and cloud
point of commercial samples. The predictive ability of ANN and PLS models was similar

for the remaining properties.

Monitoring the predictive ability of the PLS models over ten months showed that the
prediction errors did not vary significantly for most of the properties with the exception of
flash point (commercial samples), sulfur content (desulfurized samples), and FAME
content. However, despite the observed decline in the predictive performance of the PLS
model for FAME content during this monitoring period, it remained the only valid model

for use in routine diesel analysis.

The deterioration of the predictive ability of the PLS model to predict density was
confirmed when it was applied to spectra measured on an infrared spectrophotometer
different from the one used to develop the model. Thus, three model adaptations from
the developed PLS model were compared: 1) domain invariant partial least squares (di-
PLS), 2) dynamic orthogonal projection (DOP), and 3) model updating (MU). The results
showed 80%, 87%, and 92% reductions in root mean squared error prediction (RMSEP)
after applying di-PLS, DOP, and MU, respectively. The results point to MU as the only

valid model adaptation to be used for control in diesel analysis.
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.1 Introduction

.1.1 Diesel relevance. Production process

Diesel is one of the most widely used fuels around the world. It has a crucial role in
the global economy and in raising living standards as it is used in internal combustion
engines of automotive vehicles in every mode of transport (maritime, rail, air, and road),
electricity generation, and domestic heating, among others. In European OECD
countries, the production of diesel from crude oil represented the most significant share
(33.3%) of the average production of refineries in 2022 (Figure 1-1) [1]. Specifically in
Spain, diesel consumption in 2022 represented 55% of the total consumption of
petroleum products, as reported by the Strategic Petroleum Products Reserves

Corporation (CORES, by its acronym in spanish) [2].

LPG 1.8%

Other 14.3%

Figure I-1. Average refinery output by product type in OECD Europe in 2022. Adapted from the
International Energy Agency [1].

In the last 20 years, the change in consumption from gasoline to diesel has been due
to, among other factors, efficiency, energy density, and lower CO; emissions of diesel
as compared to gasoline. This has led to a strong global increase in demand for diesel.
In this regard, it is estimated that by 2045, the demand for diesel will amount to
approximately 29.6 million barrels per day, which represents an increase of 3.30 million
barrels per day more than in 2020 [3].

Diesel or petrodiesel is a mixture of various fractions obtained during petroleum
refining [4]. Specifically, it comes from mixtures of the medium and heavy fractions of the
direct distillation of crude oil [5], which are treated to improve their quality and then mixed
to obtain the final product with the required specifications. In some cases, other products
(biodiesel, for instance) that do not come from petroleum are added to the final mixture

[6].
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Figure I-2 illustrates diesel production in a refinery, where diesel is obtained from
mixtures of five streams. Stream A comes from the middle fractions of the direct
distillation of crude oil (atmospheric distillation). Stream B is obtained from the
hydrotreatment of the mixture of the heavy fractions of this direct distillation and other
streams. Hydrotreatment is a hydrogenation process where hydrogen replaces the
heteroatoms (nitrogen, oxygen, and sulfur) present in the hydrocarbons and binds with
them to form ammonia (NHs), water (H20), and hydrogen sulfide (H2S) [5,6]. Also, the
saturation of aromatic compounds and olefins is produced [7]. Stream C comes from the
hydrodesulfurization process (ISOMAX unit) of the lighter fractions obtained from
vacuum distillation (Light Vacuum Gasoil). This process greatly improves the quality of
the diesel by decreasing the concentration of sulfur, thus reducing corrosivity,
environmentally damaging emissions, and engine wear caused by sulfur compounds.
Stream D is obtained during hydrocracking of the heavy fractions of vacuum distillation
(GOPV). Hydrocracking is a catalytic cracking process that allows the conversion of
heavy hydrocarbons into lighter ones by incorporating hydrogen under pressure in the
presence of a catalyst [5,8]. This process is also used to reduce the sulfur and nitrogen
content. Finally, stream E comes from the visbreaking process of the residue from
vacuum distillation, which is subsequently hydrodesulfurized. Visbreaking reduces the

viscosity of heavy residues from distillations.
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Figure I-2. Simplified outline of the diesel production process.
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.11.2 Chemical composition and physicochemical properties of diesel

Diesel is made up of paraffinic, naphthenic, and aromatic compounds. Their carbon
chains can include between 8 and 22 carbon atoms, although most have between 17
and 20 carbon atoms and are paraffinic chains. Table I-1 shows the most representative
hydrocarbons of diesel. The different proportions of paraffin, naphthenes, and aromatics
determine the quality of the final product. It is worth mentioning that other chemical
compounds, such as sulfur, nitrogen, and oxygen, may be present in small amounts in

diesel and play an essential role in its properties [9].

The different relative proportions of diesel hydrocarbons determine the differences
between diesel types. For example, one can expect that the higher the content of
paraffinic compounds, the higher the value of the cetane number, and conversely, the
higher the aromatics content, the lower the cetane value [10]. A low flash point may also
indicate contamination of the diesel sample with gasoline. At the same time, high-density
values are related to an increase in the content of fatty acid methyl esters (FAME), an
increase in un-saturations, or an increase in hydrocarbons with a shorter chain length
[11-13].

Determining the physicochemical properties of diesel is crucial for safety and
regulatory purposes. Traditional characterization procedures are standardized by official
organizations such as the American Society for Testing and Materials (ASTM), European
Norms (EN), the Spanish Standardization Association (UNE), and the International
Organization for Standardization (ISO). These procedures involve various analytical
determinations that are usually carried out off-line in chemical laboratories. Among them,
the determination of density, sulfur, and FAME content are of prime importance since
they are parameters that have a substantial impact on the price and quality of diesel.
Table I-2 summarizes the main properties that are used to characterize the quality of
diesel, the analytical methods recognized by the official organizations, the techniques
involved in their determination, and a brief description of the property. The precision data
of the reference analytical method for each property, including the repeatability and

reproducibility and standard deviation of reproducibility (sR), are listed in Table I-3.

Determining diesel specifications using standard methods has limitations since they
require specific instrumentation that must be purchased and maintained, are time-
consuming, or require intensive sample handling so that the cost-per-analysis can be high.
One case is the standard method of determining the cetane number, which requires a large
sample volume and high-purity hydrocarbon references. In addition, due to the time

needed for a test, the method is not feasible for on-line control of diesel blending. Quick

-4 Maria Suliany Rodriguez Barrios, Doctoral Thesis, Universitat Rovira i Virgili, 2024



UNIVERSITAT ROVIRA I VIRGILI
DETERMINATION OF DIESEL PROPERTIES BY INFRARED SPECTROSCOPY AND MULTIVARIATE CALIBRATION
Maria Suliany Rodriguez Barrios

Chapter |

and cost-effective assessments are preferred in the context of quality control and process

control.

Table I-1. The most representative hydrocarbons of diesel, their molecular formula, and the
corresponding hydrocarbon group [9].

Hydrocarbon class Compound Molecular formula
n-Paraffins Decane CioH2z
n-Pentadecane CisHsz
n-Hexadecane (Cetane) CieHaa
Eicosane CaoHaz
Isoparaffins 2,2-Dimethyloctane CioH22
3-Ethyldecane Ci2Hze
4,5-Diethyloctane Ci2Hze
2-Methyltetradecane C1sH32
Heptamethylnonane CieHas
8-Propylpentadecane CigHas
7,8-Diethyltetradecane CigH3s
9,10-Dimethyloctane C20Hao
2-Methylnonadecane CaoHa2
Naphthenes cis-Decalin CioH1s
n-Butylcyclohexane CioH20
n-Pentylcyclopentane C1oH20
3-Cyclohexylhexane Ciz2Ho24
n-Nonylcyclohexane C1sH3o
n-Decylcyclopentane C1sH3o
2-Methyl-3-cyclohexylnonane CieH32
n-Tetradecylcyclohexane CaoHao
n-Pentadecylcyclopentane CaoHao
2-Cyclohexyltetradecane CaoHao
Aromatic Naphthalene CioHs
Tetralin CioH12
1,3-Diethylbenzene CioH14
1-Methylnaphthalene C11H1o
n-Pentylbenzene C11H1e
Biphenyl C12H10
Anthracene C14H10
1-Butylnaphthalene C14H1e
1-Pentylnaphthalene CisH1s
n-Nonylbenzene CisHas
2-Octylnaphthalene CigHas
1-Decylnaphthalene CaoH2s
n-Tetradecylbenzene CooHs4
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Table I-2. Physicochemical properties determined in diesel quality routine analysis and the
methods used for their determination.

Property

Distillation
temperatures at
65%, 85% and
95% recovered

Flash point

Cloud point

Density

Cetane number

Sulfur content

Viscosity

Cold filter
plugging point
(CFPP)

FAME

Description

The temperature at which 65%,
85%, and 95% of the diesel has
been distilled.

The lowest temperature at which
vapors from a diesel sample ignite
when exposed to air under
controlled laboratory conditions.

The temperature below which the
wax (paraffin crystals) in diesel
begins to solidify, taking on a
cloudy appearance.

Mass of diesel per unit volume at
15 °C and 101.3 kPa.

Measurement of the ignition
quality of diesel in compression
ignition engines under controlled
conditions. It is quantified as the
volume percentage of cetane (n-
hexadecane) in a reference blend
which exhibits an ignition delay
equivalent to that of the analyzed
fuel.

Amount of sulfur present in diesel
samples.

Time for a volume of diesel to flow
under gravity through viscometer
at 40 °C. The kinematic viscosity of
diesel indicates its tendency to
form deposits in the engine.

The lowest temperature at which a
given volume of diesel fuel still
passes through a standardized
filtration device at a specific time,
when cooled under standardized
conditions.

Amount of fatty acid methyl esters
(FAME), as it is a mixture of esters
with different chain lengths and
saturation degrees, which can be
blended with diesel (up to 20%) for
use in diesel engines.

ASTM
method

ASTM
D2887

ASTM D93

ASTM
D2500
(Manual
Method)
ASTM D
5772
(Automatic
Method)

ASTM
D4052

ASTM D613

ASTM D
5453

ASTM D
445

ASTM
D6371

ASTM
D7806

EN 590
method

EN ISO
3405

EN ISO
2719

EN ISO
23015

UNE-EN
16715

EN ISO
20846

ISO
3104

UNE-
EN-116

UNE-EN
14078

Method and/or
instrumentation
Manual or automatic
distillation at
atmospheric

pressure

Pensky-Martens
Method in closed
glass

Constant
temperature cooling
bath

Oscillating U-Tube
density meter
method.

CFR Standard test
engine method
cetane analyzer

Fluorescence in the
ultraviolet

Capillary viscometer

Standardized
device

filter

Infrared
spectroscopy
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Table I-3. Reference methods and their precision.

Property Method Repeatability () Reproducibility (R) sR
T65% ASTM D 86 1.1 3.6 1.3
T85% ASTM D 86 1.3 4.8 1.7
T95% ASTM D 86 29 9.0 3.2

Flash Point ASTM D 93 2 5 2
Cloud Point ASTM D 5772 1.3 3.3 1.2
Density ASTM D4052 0.1 0.5 0.2
Cetane number EN 16715 0.6 1.5 0.5
Sulfur content EN I1SO 20846 1.2 2.4 0.9
Viscosity () ASTM D 445 0.016 0.031 0.011
Cold filter plugging point EN-116 1.5 3.6 1.30
FAME EN 14078 0.2 0.9 0.3

1.1.3 Infrared spectroscopy in diesel analysis

Compared to traditional methods, applying empirical mathematical equations and
theoretical models such as the Group Contribution Method can be simple and more cost-
effective for predicting some physicochemical properties [11,14—16]. Alternatively,
spectroscopic techniques such as vibrational spectroscopy- near-infrared (NIR), mid-
infrared (MIR), or Raman- have also been widely adopted for diesel quality assessment.
These techniques are known for their accuracy, speed, easiness of spectra acquisition,
non-destructive nature, minimal sample quantity requirements, and direct determination

with minimal or no need for sample preparation [17-27].

In particular, infrared spectroscopy (the NIR and/or MIR ranges) has become a
powerful tool to tackle the complexity of diesel samples, offering valuable information
about functional groups such as amine (-NH), hydroxyl (-OH), thiol (-SH), methylene (-
CH>), methyl (-CHs), carbon-carbon (C-C), carbonyl associated groups (-C=0), carbon-
oxygen (C-0O), and aromatic (-C=C-). Due to its clear advantages, IR spectroscopy
combined with multivariate calibration techniques, both linear and nonlinear, such as
multiple linear regression (MLR), principal component regression (PCR), partial least
squares regression (PLS), artificial neural networks (ANN), support vector machines
(SVM) among others, are suitable approaches for obtaining quantitative information of
diesel both off-line and on-line, as an alternative to standard methods. In that sense, the
(relatively) low cost, the advances in instrumentation, and the progress in chemometric
methods have boosted the use of NIR- and MIR-based analysis. Table I-4 shows several
standard procedures for implementing these techniques in the quality control of

petroleum products.
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Table I-4. NIR and MIR as an ASTM-compliant tool. Adapted from [28].
Standard norm Procedure
ASTM E1655: Standard Practice for Infrared Development of
Multivariate Quantitative Analysis. methods

ASTM D8321: Standard Practice for the

Development and Validation of Multivariate Analyses o )
) o ) Multivariate analysis of
for Use in Predicting Properties of Petroleum
o ) petroleum products
Products, Liquid Fuels, and Lubricants Based on

Spectroscopic Detection.

ASTM D6122: Standard Practice for Performance

Validation of Inline, Inline, Field, and Laboratory Method validation
Multivariate Infrared Spectrophotometers.

ASTM D8340: Standard Practice for Performance-

Based Qualification of Spectroscopic Analyzer Validation of results

Systems.

.1.4 Application of PLS and ANN models based on IR to diesel fuels

Throughout the years, many efforts have been made to develop multivariate
calibration models that allow the prediction of fuel properties from their IR spectrum.
Among these models, PLS and ANN stand out as the most commonly applied linear and
nonlinear calibration methods, respectively. The burgeoning interest in this field has
resulted in many publications, making a comprehensive literature review daunting.
Therefore, the literature review presented in this section focuses solely on the prediction
of eleven properties in diesel and diesel/biodiesel samples using IR spectroscopy
coupled with PLS and ANN over the last 25 years. The properties of interest are
distillation temperatures at 65% (1), 85% (2), and 95% (3) recovered (T65%, T85%, and
T95%), flash point (4), cloud point (5), density (6), cetane number (7), sulfur content (8),
viscosity (9), cold filter plugging point (CFPP) (10), and fatty acid methyl esters (FAME)
(11). Web of Science, Scopus, Google Scholar, and Microsoft Academic are the sources

consulted.

In 1999, Fodor et al. [29] used mid-IR spectroscopy in attenuated total reflectance
(ATR) mode combined with PLS regression to predict twenty-seven physicochemical
properties, encompassing viscosity and density of middle distillates (diesel and
kerosene). Several preprocessing methods were evaluated, and the ASTM-E-1655 [30]
was used for the first time to verify the agreement between the PLS model predictions

and the reference ASTM methods. Afterward, Soyemi et al. [31] achieved a better
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predictive ability with NIR data using PCR compared to PLS. Subsequently, Santos Jr.
et al. [32] showcased that PLS and ANN, in conjunction with FTIR-ATR, NIR, and
Raman, could successfully predict various quality parameters. The ANN/FT-Raman

models exhibited the best predictive ability among all the models they considered.

In 2006, Pasadakis et al. [33] predicted the cold properties and a distillation profile
of diesel fuel fractions using MIR spectroscopy and ANN with an accuracy comparable
to the respective standard method. Furthermore, Oliveira et al. [34] developed NIR/PLS
and NIR/ANN models to quantify biodiesel content in biodiesel/diesel blends. Bezerra de
Lira et al. [35] developed PLS based on NIR and MIR spectroscopy to predict the quality
parameters of diesel/biodiesel blends. Similarly to previous studies [29,32], the root
mean square error of prediction (RMSEP) values were comparable with the
reproducibility of the standard method. In 2010, Gonzaga and Pasquini [36] used a low-
cost short wave NIR spectrophotometer to predict the quality parameters of diesel fuel.
Other authors, such as Nespeca et al. [37], have employed multivariate filters and

variable selection techniques to obtain the best model.

Over the years, the literature has focused on estimating physicochemical properties
of diesel/biodiesel blends, improving variable selection techniques to obtain the best
predictive ability of the model incorporating other nonlinear techniques such as SVM [38—
40], support vector regression (SVR) [10,20], and so on. Recently, data fusion has also
gained attention to investigate whether complementing chemical information from
different data sources could improve the estimation of properties in crude oil [41-43] and
diesel [44—46]. IR or nuclear magnetic resonance (NMR) spectra have been mainly used
in this sense. However, the inherent variability within the processes might influence the

models' performance.

Table I-5 summarizes the studies that used PLS and ANN chronologically. For each
property, we identified the references, date, the number of samples used, the type of
samples, the regression method and the analytical techniques, the spectral region used,
the preprocessing technique, the number of LVs or nodes for developing the models, the
most outstanding results obtained only for the models of interest, the type of validation
and finally, the calibration range. Several properties were analyzed in some works. Some
of the most studied properties were density, cetane number, sulfur content, viscosity,
FAME content, and flash point. Other properties such as T85%, cloud point, T95%,
T65%, and CFPP were less studied.

Following Table I-5, PLS was the most applied regression model. In contrast, only
five articles [32-34,47,48] applied ANN models with IR data to predict distillation

temperatures, density, viscosity, cloud point, cetane number, FAME, and sulfur content
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in diesel samples. Comparatively, studies based on the estimation of diesel properties
using other diesel properties as inputs of ANN instead of IR spectra have received much
more attention in the literature [48—60]. Also, regardless of the input data of the ANN, the
studies for predicting biodiesel properties [61-69] are more common than the studies for

diesel properties.

Table 1I-5 also indicates that the most used spectral pretreatments were the first
derivative and mean centering, followed by vector normalization. Moreover, FTIR
spectroscopy and the NIR region have been the most frequently used spectroscopic
techniques and spectral regions. Among the studies listed, only two compared PLS and
ANN model performance based on different spectroscopies. In one of them, Santos Jr.
et al. [32] compared the performance of PLS and ANN models based on FTIR-ATR,
FTNIR, and FT-Raman spectroscopies to predict properties such as density, T85%
recovered, viscosity, and sulfur. They found that the PLS model based on the NIR region
yielded better predictions for density, viscosity, and sulfur content with an RMSEP equal
to 0.23 kg/m?3,0.08 mm?/s, and 0.012 %w/w, respectively. In contrast, for predicting T85%
recovered, the FT-Raman/ANN models yielded better predictions with an RMSEP of 2.22
°C. In the other study, Oliveira et al. [34] only compared the performance of PLS and
ANN models based on FTIR-ATR and FTNIR spectroscopies to predict biodiesel content
(FAME). They obtained a better prediction of biodiesel content with a PLS model in the
NIR spectral region (RMSEP = 0.061 %V/v). In addition, the ANN model with NIR or MIR
spectra had the same predictive ability for this property. The results of both works
suggested that, for some properties, the PLS model might exhibit better predictive ability
for NIR data.

Bezerra de Lira et al. [35] and Pimentel et al. [70] also compared the performance
of PLS models based on MIR and NIR spectra for predicting sulfur content, density,
T85%, and biodiesel content. According to Bezerra de Lira et al. [35], the NIR region was
the more suitable to predict density and T85%, with RMSEP of 0.56 kg/m®and 2.01 °C,
respectively. In contrast, the MIR region was the best for predicting the sulfur content
with PLS (RMSEP of 0.01 %w/w). Pimentel et al. [70] achieved a better prediction with
NIR data and the PLS model for predicting the biodiesel content (RMSEP of 0.18 %v/v).

The literature review showed that if the property estimated is highly related to IR
spectra, the predictions from PLS models based on IR spectra have good accuracy and
perform better than or similar to ANN models. For other properties less related to IR
spectra, ANN performed better than PLS models. Furthermore, the number of samples
employed in the studies ranged from 50 to 684. Notably, many studies used fewer than

1-10 Maria Suliany Rodriguez Barrios, Doctoral Thesis, Universitat Rovira i Virgili, 2024
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200 samples, highlighting the difficulty in obtaining samples that spanned the full range

of compositional variability expected in production and finished product fuels.

The property ranges corresponding to the studies that reported the best results were
846.5-872.2 kg/m?® (density), 300-360 °C (T85%), 47.1-49.7 (cetane number), 2.2-3.8
mm?/s (viscosity), -12.4-2.2 °C (cloud point), -47-6 °C (CFPP), 300-2100 mg/kg (sulfur
content) and 0.2-30 %vV/v (FAME content). The lowest RMSEP values for density, T85%,
T95%, cetane number, viscosity, cloud point, CFPP, sulfur content and FAME content
were 0.23 kg/m?® [32], 2.01 °C [35], 4.03 °C [71], 0.167 [72], 0.074 mm?/s [73], 1.132 °C
[72], 1.15 °C [71], 2.17 °C [22], 0.01 mg/kg [35] and 0.16 %(v/v) [74], respectively. The
standard prediction error (SEP) referenced for T65% was 0.9 °C (280-356°C) [33].
However, aside from the cetane number and cloud point, these RMSEP values were

calculated from external validation sets containing at most 45 samples.

As can be seen in Table |-5 and the databases consulted, there is no literature for
properties such as flash point and CFPP describing their estimation by ANN models and
IR spectroscopy. Furthermore, only in Ref. [33] was an ANN model based on MIR
spectroscopy used to predict one (T65%) of the reviewed distillation temperatures.
Regarding the cold properties, the available literature is especially scarce. In this sense,
the prediction of CFPP in diesel samples, for instance, was solely reported in Ref. [22],

employing the more prevalent approach based on PLS and NIR data.

Another noteworthy observation from Table I-5 is the growing number of studies on
diesel samples blended with biodiesel over the years. These blends represent a viable
option to expand the use of renewable energy sources. Biodiesel is a renewable energy
source [75] and is considered the main substitute for diesel because it is free of sulfur
and aromatic compounds and has a high cetane number [76]. In this context, there has
been a marked interest in determining the quality parameters of biodiesel samples
employing multivariate models with IR [77], with the CFPP being one of the most studied
[70,78-80].

While the research above showcased the suitability of PLS/IR and ANN/IR methods
for predicting diesel properties, it is crucial to acknowledge that their implementation in
the industry may not be straightforward. Routine implementation requires that prediction
errors be within the limits admitted by the reference method and also have tools that
allow overcoming the loss of predictive ability of the model when working conditions vary.
Due to this, implementing IR spectroscopy for routine use in diesel quality monitoring

operations is challenging.

Maria Suliany Rodriguez Barrios, Doctoral Thesis, Universitat Rovira i Virgili, 2024 I-11



UNIVERSITAT ROVIRA I VIRGILI

DETERMINATION OF DIESEL PROPERTIES BY INFRARED SPECTROSCOPY AND MULTIVARIATE CALIBRATION
Maria Suliany Rodriguez Barrios

¢l

| ZAVA ‘_I[_Iﬁl[/\ | BJINOY JeJISIBAIUN ‘SIS8Y ] [el0}oo( ‘soleg zenﬁ,upoa /fue//ns eliep

Ref.

Fodor et al.
[29]
Soyemi

et al. [31]

Santos Jr.
et al. [32]

Morris et al.
[81]

Table I-5. Review of PLS and ANN methods based on IR spectra used to determine 11 physicochemical diesel properties.

Year

1999

2000

2005

2009

Samples

(calibration,

validation)

684

(547, 137)

90

118

(45,45)

(60,30)

280

Type of
samples

commercial

diesel

diesel

production

diesel

synthethic
diesel

Regression

method

PLS

PLS

PLS

ANN

PLS

Spectroscopic

technique

FTIR

NIR

FTIR-ATR1?

FTIR-ATR2®

FTNIR®

FT-Raman®

FTIR-ATR1*

FTNIR™

FT-Raman®*

NIR

Spectral

region (cm’")
Density (kg/m®)

4000-650

13330-4000

660-1490
1560-1660
2940-3100?
1350-1730
2750-3090°
44404760
5230-6030
8130-8430°
1220-1520
2620-3060¢
660-1490
1560-1660
2940-3100?
44404760
52306030
8130-8430°
1220-1520
2620-3060¢

10000-6250

Pretreatment

MC

MC

VN

1st derivative

VN

baseline + MC

LVs or

nodes

19

10

10

32-32-1

28-28-1

31-31-1

8

Error Validation

SEP_cv=0.9
CcVv
RZ%cv = 0.9952
RMSEP =6
LOOCV
R? =0.985
RMSEP = 0.45°
RMSEP = 2.2°
external
validation

RMSEP = 0.23°
RMSEP = 1.2¢

RMSEP = 0.96%*

RMSEP = 0.43% Ccv
RMSEP = 1.2%
r’=0.96

LOOCV
RMSECV =2.4

Calibration

range

788.0-871.9

800-870

846.5-872.2

740-880
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Table I-5 (cont.)

<
o Samples Type of Regression Spectroscopic Spectral LVs or o Calibration
> Ref. Year . . Pretreatment Error Validation
P (cal., val.) samples method technique region (cm") nodes range
QST TR 7° 2RMSEP = 0.60"
thethi
3 synietie 12000 -4000°  SG1D (a 8 YRMSEP = 1.58'
blend
Ry Bezerra de 4000-600° second-order 8 aRMSEP = 0.562
S 161 " biodiesel FTIR-ATR? . . ;
S Lira et al. 2010 (86.30) PLS polynomial and 8 RMSEP = 1.60 full CV 836-860
Q )
S [35] o an 11-point
Y 2 biodiesel )
] FTIR portable, 2 1789.4— 650° window) 10° °RMSEP =1.452
g diesel
3
& biodiesel/ LOOCV,
N Ferrado et al. 85 RMSECV = 0.54
O 2010 diesel PLS HATR-FTIR 1070-650 MSC + MC 7 external 848.2-866.2
S [74] (57, 28) RMSEP = 0.54 o
% blends validation
g R? = 0.980°
= 132
3 RMSECV = 0.567°
5] FTIR-ATR
2} 3500-2500 o R? = 0.960°
7
y Marinovié¢ production 1670-6502 RMSECYV = 0.836°
c 2012 93 _ PLS MC Loocv 827.5 -840
g. etal. [73] diesel . R? = 0.952%
e 1670-650° RMSECV = 0.892%*
@ FT-Raman*
Q R? = 0.934"*
~ gb
g RMSECV = 1.07°*
§- 8 hidden Abs. error mean =
[\
- FTIR-ATR 4000-650 layer 0.7467
§ Bolanca commercial neurons R=0.9315 external
Q 2012 93 _ ANN - o 827.2-841.3
= et al. [48] diesel 8 hidden Abs. error mean = validation
§ FT- Raman 3700-350 layer 0.9399
ha) neurons R =0.9092
Brouillette 166 production MSC + first RMSECV = 2.25 venetian
016 PLS FT-NIR 9100-6500 6 820-880
e et al. [82] (88%, 12%) diesel derivative R2CV=0.95 blinds CV
—
w
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Ref.

Palou et al.
[71]

Nespeca

et al. [37]

Al-kaf et al.
[47]

Mishra et al.

[44]

Fodor et al.
[29]

Santos Jr.
et al. [32]

Year

2017

2018

2018

2021

1999

2005

Samples

(cal., val.)

278

409
(271, 133)

243
(122,121)
395
(237, 158)

684
(547, 137)

90  (45,45)

Type of

samples
Biodiesel
/diesel
blends of

production

production

diesel

diesel

diesel

commercial

diesel

production

diesel

Regression

method

PLS

PLS

ANN

PLS

Distillation temperatures at 65%, 85% and 95% recovered (°C)

PLS

PLS

Table I-5 (cont.)

Spectroscopic

technique

FT-NIR

ATR-FTIR

NIR

NIR

FTIR

FTIR-ATR1®

FTIR-ATR2®

FTNIR®

FT-Raman®

Spectral

region (cm™")

10000-4550

3100-2450
1950-500

13330-6450

13330-6450

4000-650

660-900
1100-1770?
1070-1590
2820-2990°
44404760
52306030
8130-8430°
1220-1660
2790-2990¢

Pretreatment

SG2D + SNV

multivariate
filter OSC

SNV and 2nd

derivative

MC

VN

1st derivative

VN

LVs or

nodes

16

10

Error

RMSEC =1.2
RMSEV = 1.6
RMSEP = 1.6

RMSECV = 0.5
RMSEP = 0.4
R?CV =0.993
R? val = 0.994

RMSEP = 0.828

RMSEP = 2
R2p = 0.96

SEP cv=28
R%cv = 0.7932

RMSEP = 2.9°

RMSEP = 4.5°

RMSEP = 2.9°

RMSEP = 3.7¢

Validation

Ccv

venetian
blinds CV

10-fold CV

Ccv

external

validation

Calibration

range

826.2-861.7

831.6-860.4

781.8-872.8

790-870

T95%
230-375

T85%
245.6-369.8
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Gl

Ref.

Santos Jr.
et al. [32]

Pasadakis
et al. [33]

Bezerra de
Lira et al.
[35]

Gonzaga
and
Pasquini
[36]

Year

2005

2006

2010

2010

Samples

(cal., val.)

90  (60,30)

122
(85%, 15%)

161
(86,30)

93
(60, 30)

Type of Regression
samples method
production
ANN
diesel
production
ANN
diesel
synthethic
blend
! biodiesel
PLS
2 biodiesel+
diesel
diesel PLS

Table 1-5 (cont.)

Spectroscopic

technique

FTIR-ATR1*

FTNIR®*

FT-Raman®*

FTIR

FTIR'

FTIR-ATR?

FT'R portable, 2

SW-NIR

Spectral
region (cm’")

660-1490
1560-1660
2940-3100°
4440-4760
5230-6030
8130-8430°
1220-1520
2620-3060°

14741464
1314-1306

810-800
740-720

12 000 —4000°
4000-600°

1789.4— 650°

11630-9700

Pretreatment

VN

scale

SG1D (a
second-order
polynomial and
an 11-point

window)

SG1D (a
second order
polynomial and
21 point
window) + MC.

LVs or

nodes

32-32-1

28-28-1

31-31-1

28-2-1-1

8
8b
3a
5b

Qc

Error

RMSEP = 3.41%*

RMSEP = 2.9%*

RMSEP = 2.22%

SEPtraining = 1.3°
SEPtest = 0.9°
SEPtraining = 1.2°
SEPtest = 1.0°
SEPtraining = 1.0°¢
SEPtest = 1.3°
aRMSEP = 2.01"
PRMSEP = 3.28'
aRMSEP = 3.372
PRMSEP = 4.382

‘RMSEP =4.182

RMSECV = 3.9
RMSEP = 3.2
rcv =0.85
rp=0.90

Calibration
Validation
range

T85%
245.6-369.8

Ccv

¥T65%
280-356
*T85%
314-377
°T95
347-401

T85%
300-360 °C

full CV

T85%
329.5-363.2

full CV
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RMSECV = 0.362"

— - @)
N Table 1-5 (cont.) =
(o))
Samples Type of Regression Spectroscopic Spectral LVs or o Calibration O
Ref. Year Pretreatment Error Validation o
(cal., val.) samples method technique region (cm") nodes range =
i~ Biodiesel
Q RMSEC = 1.18
3, Palou et al. /diesel T95%
QO 2017 278 PLS FT-NIR 10000-4550 SG2D + SNV 8 RMSEV = 5.39
v [71] blends of RMSEP = 4.03 336.5-384.9
< =4
& production
S
< RMSECV = 5.1
c? Nespeca 409 production 3100-2450 multivariate RMSEP = 4.7 venetian T85%
QU 2018 PLS ATR-FTIR 8
(g et al. [37] (271, 133) diesel 1950-500 filter GLSW R2CV =0.593 blinds CV 330-369.5
P R? val = 0.639
N
vs] Cetane Number
Q
3 Fodor et al. 684 commercial SEP_cv=1.6
o 1999 _ PLS FTIR 4000-650 MC 12 Ccv 36.9-61.3
» [29] (547, 137) diesel R2cv = 0.7641
S Soyemi _ RMSEP = 1.23
e} 2000 118 diesel PLS NIR 13330-4000 MC 3 LOOCV 40-60
) etal. [31] R%=0.985
Q
L RMSEC = 0.745
- Alves et al. 114 . .
> 2012 diesel PLS MID/NIR 35004678 baseline + MC 5 RMSEP = 0.556 37.6-48.9
8 [10] (77 and 37) )
2 R*=0.860
c 110 R2=0.9822
S
CED' FTIRATR RMSECV = 0.279°
Q_ 3500-2500 o R? = 0.984°
L Marinovié 2012 93 production PLS 1670-650° e RMSECV = 0.267° Loocv 50-56
? etal. [73] diesel . R? = 0.980%*
< @ .
Q;)' FT.R . 1670-650° RMSECV = 0.316°
-Raman
; & R2=0.972"
<
N
S
N
AN




UNIVERSITAT ROVIRA I VIRGILI

DETERMINATION OF DIESEL PROPERTIES BY INFRARED SPECTROSCOPY AND MULTIVARIATE CALIBRATION

Maria Suliany Rodriguez Barrios

P20z ‘IBJIA 1 BUINOY JBYSIBAIUN ‘SIS8Y | [Bi0}o0q ‘Souieq zenblipoy Auelins eLiep

-

Ref.

Bolanca
et al. [48]

Brouillette
et al. [82]

Zhan and
Yang [38]

Palou et al.

[71]

Al-kaf et al.

[47]

Nespeca
et al. [37]

Barra et al.

[25]

Year

2012

2016

2017

2017

2018

2018

2020

Samples

(cal., val.)

93

166
(88%, 12%)

381
(254,127)

278

232
(116,116)

409
(271, 133)

50
(40, 10)

Type of
samples

commercial

diesel

production

diesel

diesel

biodiesel
/diesel
blends of

production

diesel

production

diesel

production

diesel

Regression

method

ANN

PLS

PLS

PLS

ANN

PLS

PLS

Table 1-5 (cont.)

Spectroscopic
technique

FTIR-ATR

FTIR-Raman

FT-NIR

NIR

FT-NIR

NIR

ATR-FTIR

FTIR

Spectral

region (cm")

4000-650

3700-350

9000-6500

13330-6450

10000-4550

13330-6450

3100-2450
1950-500.

4000-400

Pretreatment

1st derivative +
an 11-point,
third-degree

polynomial
(SG) + MSC

none

SG2D + SNV

multivariate
filter OSC

baseline
correction +
MC and SG1D

LVs or

nodes

8 hidden
layer

neurons

Error

Abs. error mean =

0.3228
R =0.9599

Abs. error mean =

0.3669
R =0.9406

RMSECV = 1.1
R2 CV=0.91

RMSEC = 1.85
RMSEP = 2.14

RMSEC = 0.45
RMSEV = 1.02
RMSEP = 0.7

RMSEP = 1.87

RMSECV = 0.6
RMSEP = 0.6
R?CV =0.815
R? val = 0.841
RMSEC =0.28
RMSEP = 0.42
R?=0.99

Validation

external

validation

venetian
blinds CV

external

validation

venetian
blinds CV

LOOCV

Calibration

range

50.1-55.9

42 - 53

20.4 49.5

45.5-59

40.3-61.3

42.2-51

49-59
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Ref.

Msimanga
et al. [72]

Fodor et al.
[29]
Soyemi

et al. [31]

Santos Jr.
et al. [32]

Samples
Year
(cal., val.)
80
2022
(56, 24)
684
1999
(547, 137)
2000 118
(45,45)
2005 90
(60,30)

Type of
samples

commercial

diesel

diesel

commercial

diesel

production

diesel

Regression
Method

PLS

PLS

PLS

PLS

ANN

Table 1-5 (cont.)

Spectroscopic

technique

FTIR-ATR

Spectral

region (cm')

4000-650

Viscosity (mm?/s)

FTIR

NIR

FTIR-ATR1?

FTIR-ATR2®

FTNIR®

FT-Raman®

FTIR-ATR1%*

FTNIR™

FT-Raman®*

4000-650

13330-4000

660-1660°

1200-1590
2690-3090°
44404760
52306030
8130-8430°
970-1120
1220-1520
2620-3060¢

660-1660%

4440-4760
52306030
8130-8430°
970-1120
1220-1520
2620-3060°

LVs or
Pretreatment
nodes
baseline
correction + -
normalization
MC 19
MC 2
1st derivative + 5
VN
no pre-
5
processing
vector
8
normalization
no pre-
P 6
processing
1st derivative +
32-32-1
VN
VN 28-28-1
no pre-
P . 31-31-1
processing

Error

RMSEP = 0.167
R? = 0.965

SEP_cv =0.08
R2cv = 0.9640
RMSEP = 0.23
R?=0.979

RMSEP = 0.09%

RMSEP = 0.2°

RMSEP = 0.08°

RMSEP = 0.16¢

RMSEP = 0.23%*

RMSEP = 0.16°*

RMSEP = 0.15%

Validation

Ccv

Ccv

LOOCV

external

validation

cv

Calibration

range

47.1-49.7

1.14-4.05

1.3-3.4

2.6-5.3
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61-l

Ref.

Morris et al.
[81]

Marinovi¢
et al. [73]

Bolanca
et al. [48]

Brouillette
et al. [82]
Al-kaf et al.
[47]

Mishra et al.
[44]
Hradecka
et al. [22]

Year

2009

2012

2012

2016

2018

2021

2021

Samples

(cal., val.)

261

93

93

134
(88%, 12%)
232
(116,116)
395
(237 and 158)

90

Type of
samples

synthethic

diesel

production

diesel

commercial

diesel

production

diesel

diesel

diesel

diesel

Regression

method

PLS

PLS

ANN

PLS

ANN

PLS

PLS

Table 1-5 (cont.)

Spectroscopic

technique

NIR

FTIR-ATR

FT-Raman*

FTIR-ATR

FT- Raman

FT-NIR

NIR

NIR

FTIR/NIR

Spectral

region (cm’")

10000-6250

3500-2500
1670-650°

1670-650°

4000-650

3700-350

9100-6500

13330-6450

13330-6450

9000-5000

LVs or
Pretreatment
nodes
baseline + MC 8
122
7b
MC
83
5b
) 8 hidden
layer
neurons
MSC + 1st
derivative
SNV and 2nd 5
derivative
10

Error

r’=0.85
RMSECV = 0.195
R?=0.9897
RMSECV = 0.074?
R%=0.983"
RMSECV = 1.07°*
R%=0.972*

RMSECV = 0.116%

R?=0.963"

RMSECV = 0.133"

Abs. error mean =
0.7467

R =0.9315

Abs. error mean =
0.9399

R =0.9092
RMSECV = 0.17
R?CV=0.85

RMSEP = 0.09

RMSEP = 0.21
R%p =0.78
RMSEC = 0.14
R? = 0.992

Validation

LOOCV

LOOCV

external

validation

venetian
blinds CV

10-fold CV

10-fold CV

Calibration

range

2.2-3.8

2.24-3.79

2-4.5

1.3-3.55

1-4

1.13-4.88
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Ref.

Fodor et al.
[29]
Morris et al.
[81]

Ferrao et al.
[74]

Alves et al.
[10]

Brouillette
et al. [82]

Palou et al.
[71]

Nespeca
et al. [37]

Msimanga
et al. [72]

Year

1999

2009

2010

2012

2016

2017

2018

2022

Samples

(cal., val.)
684
(547, 137)

280

85
(57, 28)

451
(350, 101)

107
(88%, 12%)

278

409
(271, 133)

80
(56, 24)

Type of
samples

commercial
diesel
synthethic

diesel

biodiesel/
diesel
blends

diesel

production
diesel
biodiesel
/diesel
blends of

production

production

diesel

commercial

diesel

Regression

method

PLS

PLS

PLS

PLS

PLS

PLS

PLS

PLS

Table 1-5 (cont.)

Spectroscopic

technique

Spectral

region (cm")

Flash Point (°C)

FTIR

NIR

HATR-FTIR

MID/NIR

FT-NIR

FT-NIR

ATR-FTIR

FTIR-ATR

4000-650

10000-6250

968-756

39444769

9100-6500

10000-4550

3100-2450
1950-500

4000-650

Pretreatment

MC

baseline + MC

MSC + MC

SNV

MSC + 1st
derivative
Savitzky—
Golay’s
second

derivative

multivariate
filter OSC

baseline
correction +

normalization

LVs or

nodes

Error

SEP_cv=5
R2cv = 0.5203
r?=0.22
RMSECV = 8.9

RMSECV = 0.93
RMSEP = 0.90

RMSEC =4.21
RMSEP = 3.77
R?=0.698
RMSECV = 6.7
R2CV=0.37

RMSEC = 0.57
RMSEV =3.72
RMSEP =2.90

RMSECV =2
RMSEP =2
R2CV =0.809
R? val = 0.791

RMSEP =1.132
R?=0.956

Validation

Ccv

LOOCV

Loocv
and
external
validation

Ccv

venetian
blinds CV

Ccv

venetian
blinds CV

cv

Calibration

range

23-96

47.0-79.5

24.5-76.5

65-95

56-71

8-70
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Ref.

Fodor et al.
[29]
Pasadakis
et al. [33]
Brouillette
et al. [82]

Palou et al.

(711

Hradecka
et al. [22]

Breikreitz
et al. [83]

Santos Jr.
et al. [32]

Year

1999

2006

2016

2017

2021

2003

2005

Samples

(cal., val.)

684
(547, 137)
122
(85%, 15%)
111
(88%, 12%)

278
90
97
(41,30,26)
90  (45,45)

Type of
samples

commercial
diesel
production
diesel
production
diesel
biodiesel
/diesel
blends of

production

diesel

diesel

production

diesel

Regression
method

PLS

ANN

PLS

PLS

PLS

PLS

PLS

Table 1-5 (cont.)

Spectroscopic Spectral
region (cm’")

Cloud Point (°C)

technique

FTIR 4000-650
FTIR 1700-600
FT-NIR 9100-6500
FT-NIR 10000-4550
CFPP (°C)
FTIRINIR 9000-5000

Sulfur Content

NIR 12500-5560
FTIR-ATR1? 660-1490%
1200-1660
FTIR-ATR2®
2430-3090°
44404760
FTNIRS®, 5230-6030
8130-8430°

Pretreatment

MC

1st derivative

MSC + 1st

derivative

SG2D

SG1D (a
second-order

polynomial)

1st derivative +
VN

LVs or

nodes

16

6-5-3-1

10

Error

SEP_cv =3.1
R%cv = 0.8430

SEPtraining = 1.4

SEPtest = 3.1
RMSECV = 3.6
R? CV=0.68

RMSEC =0.53
RMSEV = 1.22
RMSEP =1.15

RMSEC = 2.17
R?=0.988

RMSEP = 360

RMSEP = 160°

RMSEP = 220°

RMSEP = 120°

Validation

Ccv

venetian
blinds CV

Ccv

10-fold CV

internal and
external

validation

external

validation

Calibration

range

-12.4-2.2

-47-6°C

700-3300

1900-3500
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Ref.

Santos Jr.
et al. [32]

Bezerra de
Lira et al.
[35]

Soares et al.

[84]

Ferrao et al.
[74]

Year

2005

2010

2010

2010

90

Samples

(cal., val.)

(45,45)

(60,30)

161
(86,30)

85
(57, 28)

Type of
samples

production

diesel

synthethic
blend
' biodiesel

blends.

2 biodiesel
blends +

diesel

production

diesel

Biodiesel/
diesel
blends

Regression

method

PLS

ANN

PLS

PLS

PLS

Table 1-5 (cont.)

Spectroscopic

technique

FT-Raman®

FTIR-ATR1%*

FTNIR®*

FT-Raman®*

FTIR'

FTIR-ATR?

FTIR portable, 2

ATR-FTIR

HATR-FTIR

Spectral
region (cm’")

670-790
1220-1660
2790-3060¢
660—-1490°
4440-4760
5230-6030
8130-8430°
670-790
1220-1660
2790-3060°

12 000 —4000°
4000-600°

1789.4— 650°

2717-1145
856-665
3099-2713

1491-1070
3165-2746

Pretreatment

VN

1st derivative +
VN

VN

SG1D (a
second-order
polynomial and
an 11-point

window)

MSC + MC

LVs or

nodes

32-32-1

28-28-1

31-31-1

62
8b
22
2b

10¢

Error

RMSEP = 150¢

RMSEP = 100%*

RMSEP = 300°*

RMSEP = 100%*

2RMSEP = 200’
PRMSEP = 200’
aRMSEP = 200?
PRMSEP = 1002

°RMSEP = 2002

RMSEP = 0.038

RMSEP = 0.16

RMSECV =134
RMSEP = 13.9

Validation

external

validation

Ccv

full CV

LOOCV
and
external

validation

Calibration

range

1900-3500

300-2100

400-2500

312-1351
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Ref.

Palou et al.
[71]

Nespeca
et al. [37]

Correia
et al. [85]

Hradecka
et al. [22]

Msimanga
et al. [72]

Zheng et al.

[86]

Pimentel
et al [70]

Year

2017

2018

2018

2021

2022

2023

2006

Samples

(cal., val.)

278

409
(271, 133)

133
(89, 44)

90

80
(56, 24)

95
(70%,30%)

(43, 13)

Type of

samples
biodiesel
/diesel
blends of

production

production

diesel

diesel

blends

diesel

commercial

diesel

synthethic
diesel

biodiesel/die

sel blends

Regression

method

PLS

PLS

PLS

PLS

PLS

PLS

PLS

Table 1-5 (cont.)

Spectroscopic Spectral
technique region (cm’")

FT-NIR 10000-4550

3100-2450
ATR-FTIR

1950-500
MicroNIR 11000-6000
FTIR/NIR 10000-6000
FTIR-ATR 4000-650
FTIR 12 490- 3600

FAME Content % (v/v)
MID 4500-500
NIR 13330-4000

LVs or
Pretreatment

nodes
SG2D + SNV 5
multivariate 5
filter OSC
SG1D (a
second-order
polynomial and 5
an 7-point
window)
- 10
baseline

correction + -

normalization

SG1D (15-
point, second

order)

1st derivative

Error

RMSEC =0.48
RMSEV = 2.56
RMSEP = 1.88

RMSECV = 100
RMSEP = 100
R2CV = 0.969
R?val = 0.974

RMSEP = 13.2
R?=0.992

RMSEC =0.53
R?=0.984

RMSEP = 0.26
R?=0.979

RMSEC =47.6
R%c =0.97
RMSEP = 50.7
R?=0.97

RMSEP = 0.25
RMSEP =0.18

Validation

Ccv

venetian
blinds CV

venetian
blinds 5-
fold CV

10-fold CV

Ccv

external

validation

Calibration

range

2-22

100 - 1900

10-500

0.36-11

5.0-11.7

10.3-1038.0

0-5 %(V/v)
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Ref.

Oliveira
et al. [34]

Ferrado et al.
[74]

Alves et al.
[87]

Alves et al.
[39]

Palou et al.
[71]

Nespeca
et al. [37]

Year

2006

2010

2013

2016

2017

2018

Samples

(cal., val.)

96
(48, 48)

85
(57, 28)

91

101
(66, 35)

278

409
(271, 133)

Type of

samples

diesel/
biodiesel
blends

biodiesel/
diesel
blends

diesel
blends
diesel
blends of
production
biodiesel
/diesel
blends of

production

production

diesel

Regression
Method

PLS

ANN

PLS

PLS

PLS

PLS

PLS

Table 1-5 (cont.)

Spectroscopic

technique

FTIR-ATR?
FTNIR®

HATR-FTIR

NIR

MID/NIR

FT-NIR

ATR-FTIR

Spectral

region (cm’)

3699-2974
1841-925°

8930-7927,
7479-6685,

6137-4463°

1909-650
3165-2746

5500-6000

3900-9000

10000-4550

3100-2450
1950-500

Pretreatment

1st derivative

MSC + MC

SNV

SNV

SG2D

multivariate
filter OSC

LVs or

nodes

10

Error

RMSEP = 0.2022
RMSEP = 0.061°

RMSEP = 0.213?
RMSEP = 0.212°

RMSECV = 0.21
RMSEP = 0.16

RMSEP% = 0.25
R?=0.9999
RMSEC % =0.17
RMSEP % = 0.24
R?=0.999

RMSEC = 0.63
RMSEV = 0.67
RMSEP = 0.51

RMSECV = 0.2
RMSEP = 0.2
R?CV =0.877
R?val = 0.878

Validation

external

validation

LOOCV
and
external

validation

Ccv

Ccv

venetian
blinds CV

Calibration

range

0-100%

(w/w)

0.2-30
Yo (VIv)

0-20 %(v/v)

0-25.5
Y%(vIv)

0-14.9
Yo(VIv)

0.6-7.4
Yo (VIv)

| ;o)deyn



UNIVERSITAT ROVIRA I VIRGILI
DETERMINATION OF DIESEL PROPERTIES BY INFRARED SPECTROSCOPY AND MULTIVARIATE CALIBRATION
Maria Suliany Rodriguez Barrios

P20z ‘IBJIA 1 BUINOY JBYSIBAIUN ‘SIS8Y | [Bi0}o0q ‘Souieq zenblipoy Auelins eLiep

G|

Table I-5 (cont.)

Samples Type of Regression Spectroscopic
Ref. Year
(cal., val.) samples method technique
. biodiesel/
Correia 133
2018 diesel PLS MicroNIR
et al. [85] (89, 44)
blends

PLS: Partial Least Squares

ANN: Artificial Neural Network

ATR-FTIR: Attenuated Total Reflectance-
Fourier Transform Infrared

FTIR: Fourier transform infrared

HATR: horizontal attenuated total reflectance
MC: Mean centering

MSC: Multiplicative scatter correction

VN: Vector normalization
SG1D: Savitzky-Golay’s first derivative
OSC: orthogonal signal correction

SG2D: Savitzky-Golay’s second derivative
SNV: standard normal variate
GLSW: Generalized Least Squares weighting

K-ANN: Kohonen artificial neural network

LVs: latent variables

R2: coefficient of determination of calibration
RZ,: coefficient of determination of cross-
validation

RZ: coefficient of determination of prediction
RMSEC: root mean square error of calibration
RMSECV: root mean square error of cross-
validation

RMSEP: root mean square error of prediction

Spectral LVs or Calibration
Pretreatment Error Validation
region (cm") nodes range
SG1D (a
second-order venetian
RMSEP = 1.8 wt%
11000-6000 polynomial and 5 blinds 5- 0-100 wit%
R? =0.998
an 7-point fold CV
window)

SPE: Standard Prediction Error
r: correlation coefficient
LOOCV: leave-one-out cross-validation

CV: cross-validation
EV: External validation
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1.1.5 Transfer of multivariate calibration models in diesel analysis

Several methodologies have been developed to extend the generalizability of
predictive models when applied to new spectra acquired under different environmental
conditions or with different spectrophotometers [88-90]. Among these, spectral
transformation or combinations of transforms, including derivatives, standard normal
variate (SNV), multiplicative scatter correction, and filtering algorithms, aim to correct
baseline shifts and changes in signal-to-noise ratio. Besides, calibration transfer
methods, such as spectral transfer and model transfer, are more commonly employed to
remove changes in an instrument’'s bandwidth or dispersion and deviations in a
detector's response linearity. For spectral transfer, piecewise direct standardization
(PDS), direct standardization (DS), and orthogonal signal correction (OSC), among other
variants, adjust the new spectra to resemble the spectra measured on the instrument
used for initial calibration. As an alternative to spectral transfer, model transfer involves
adapting the existing calibration model for a new spectrophotometer, ranging from model

updating (MU) to slope-bias correction and transfer of the regression equation.

The transfer of PLS models utilizing IR data for fuel analysis has been previously
explored in the literature [91]. Specifically in diesel analysis, Perston and Harris [92]
assessed the suitability of calibration-transfer approaches (bias correction and model
updating) between instruments of a PLS model used to determine the biodiesel content
in diesel/biodiesel blends by ASTM D7371-14. The performances of calibration transfer
approaches were assessed through external validation using F-tests. In addition,
Bezerra de Lira et al. [35] used DS to address the instrument calibration transfer of PLS
models for predicting properties such as biodiesel content and sulfur content, density,
and T85% recovered of diesel/biodiesel blends. In their study, ten transfer samples were
used, and the prediction errors obtained after applying DS between two
spectrophotometers were similar to those obtained by full recalibration of the secondary

spectrophotometer.

Cooper et al. [93] proposed a novel calibration transfer approach utilizing virtual
standards and the slope and bias correction (SBCP) method. This approach aimed to
overcome the loss of the predictive ability of PLS models when predicting ten diesel
properties in a secondary spectrophotometer. The virtual standards were mathematically
created from seven spectra of pure solvents acquired on primary and secondary
spectrophotometers to remove the need to keep fuel standards or produce complex
mixtures to replicate fuels. Furthermore, the predictive ability of the PLS models in the
secondary spectrophotometer improved significantly after SBCP correction. Also, this

improvement surpassed that obtained after PDS correction using transfer spectra of fuel.
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Da Silva et al. [94] also used virtual standards as transfer samples to apply the
reverse standardization (RS) method from a benchtop to a handheld NIR spectrometer
in order to determine the biodiesel content of diesel/biodiesel blends. The adoption of
virtual standards prevented alterations in the composition or volatilization during the
transportation and storage of transfer fuel samples. However, the RMSEP values

obtained after RS were not equivalent to the reproducibility of the reference method.

Table I-6 summarizes the above studies and shows the techniques used, calibration
transfer scenarios, and properties examined. The most studied scenario was calibration
transfer between instruments, and the most analyzed property was the biodiesel content.
Two of the studies in this table adopted strategies requiring transfer samples measured
on both primary and secondary instruments. In contrast, the other two studies adopted
strategies based on virtual standards. Above all, the literature review revealed the

scarcity of studies concerning the application of calibration transfer methods for PLS
models in diesel analysis.

Table I-6. A summary of recent calibration transfer techniques applied to diesel and
diesel/biodiesel blends.

Calibration transfer

Ref. Year Technique . Properties
scenario
Between FTIR
Perston and Bias correction and spectrometer with -
Harris [92] 2009 model updating different ATR biodiesel content
accessory
biodiesel content,
Bezerra de Direct Between two FTIR density,
. 2010 N ,
Lira et al. [35] standardization instruments sulfur content
T85%
API gravity,
% aromatics,
cetane index,
i 0, )
Cooper et al slc\)/Ir;L-jt?ilasst?rnadnas:‘Zr Batween two NIR T10%, T20%
P ' 2011 P o handheld fuel T50%,
[93] PDS, slope-bias analvzers
corrected Y T90%,
flash point,
% hydrogen,
% saturates
Virtual standards as Between a high-
Da Silva et al transfer samples in resolution benchtop
[94] ’ 2017 the reverse FT-NIR and a biodiesel content
standardization (RS) handheld MicroNIR

method
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1.1.6 Motivation

Previous studies about diesel analysis reveal that coupling IR spectroscopy with
chemometric methods is a powerful approach for predicting physicochemical properties
in diesel samples. The PLS model and its variants stand out as the most extensively
employed regression technique among the chemometric methods. However, it is also
acknowledged that non-linear spectrum-property relationships in systems with strong
intermolecular or intramolecular interactions, such as diesel fuel, could pose a challenge
to the performance of the PLS model [95]. This is particularly relevant for predicting
diesel properties that are not directly related to the chemical composition (e.g., T95%,

flash point, cold filter plugging point) and, thus, to the spectrum [96].

Unlike the PLS model, nonlinear methods are deemed more suitable for building
robust calibration models in complex systems [97,98]. In this sense, ANNs are among
the most effective and popular nonlinear methods. ANNs possess the capability to
approximate any linear or nonlinear relationship between input and output values by
appropriately adjusting the free parameters or weights [99,100]. Accordingly, this
capability of ANN could be tentatively harnessed to develop calibration models and

obtain better predictions of diesel properties.

Regardless of the calibration model used, the limits of the applicability domain (AD)
must be well-defined to ensure that the model will generate reliable predictions for new
samples. In the PLS calibration model, the applicability limits are commonly based on
Hotelling’s T2 and Q statistics [101,102]. Other limits based on criteria, such as ASTM'’s
RMSSR (Root Mean Square Spectral Residuals) and NND (Nearest Neighbor Distance)
[30], have also been used to flag spectra outside the established limits as discordant
spectra. Although measures based on the similarity among spectra apply to all types of
models, those that consider the specific form of the model, such as Hotelling’s T? and Q
statistics, are preferred since they are related to how the spectrum is being used by the
model. A similar system for defining the limits of applicability of multivariate regression

based on ANNs has not been reported yet.

The routine use of multivariate calibration models in diesel analysis requires
substantial effort not only to develop the calibration model but also to maintain it to ensure
its performance over time or when the work conditions vary. In this context, calibration-
model adaptations have been proposed to address this issue. Specifically, in fuel
analysis, to avoid contamination problems during use or changes in composition due to
the volatility of some components, several studies use virtual standards (digitally created

from spectra of pure components) for calibration transfer of infrared-PLS models of diesel
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blends. In this regard, domain invariant-PLS (di-PLS) and dynamic orthogonal projection
(DOP) standard-free calibration transfer approaches stand out for their versatility and
free availability and are promising for enhancing the transferability of PLS calibrations
between instruments in diesel analysis. To the best of the author's knowledge, the
application of both calibration transfer approaches in the prediction of quality parameters
of diesel samples for correction of external influences associated with different

instruments has not been reported in the literature.

1.1.7 Hypotheses

The hypotheses of the work developed in this doctoral thesis are the following:

e The chemical information in the IR region makes it possible to determine the
physiochemical properties that characterize the quality of a diesel sample from its IR

spectrum.

e Multivariate calibration models such as PLS and ANN provide the means to
model the complex relationships between the IR spectrum and the diesel properties

of interest.

e A broad set of diesel samples representative of several production months could
contribute to improving the performance of predictive models based on IR

spectroscopy.

e Modeling the nonlinear IR spectrum—property relationships by using ANNs can
improve the poor predictive ability of PLS models for some diesel properties such as
T95% recovered, flash point, and CFPP.

e Similar to the applicability limits of the PLS model based on the leverage and the
spectral residuals, those of a feed-forward neural network (FFNN) model can be
defined by the squared Mahalanobis distance and Q-residuals as a measure of the

leverage and spectral residuals.

¢ Monitoring the performance of calibration models enables the revealing of any

spectral variability that has not been accounted for.

e Calibration-model adaptations can be used to overcome the loss of PLS model
performance when applied to spectra obtained from a spectrophotometer different

from the one used in model development.
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.2 Objectives

The general objective of this doctoral thesis is to develop and validate multivariate
calibration models for the determination of the quality properties of diesel from its IR

spectrum.

To fulfill the main objective, the following specific objectives are proposed:

1. To characterize the samples in terms of their physicochemical properties and
spectral features.

2. To develop a predictive model based on IR spectroscopy coupled with an ANN
multivariate calibration model and establish a methodology to define its limits of
the applicability domain (AD).

3. To develop PLS and ANN multivariate calibration models to predict eleven
physicochemical properties in diesel samples, providing an alternative to
conventional methods.

4. To compare the predictive ability of PLS and ANN models developed to estimate
each of the properties of interest in the samples.

5. Todevelop a strategy that allows monitoring the performance of PLS models over
time.

6. To implement a strategy to overcome the loss of the predictive ability of a PLS
calibration model between instruments by applying novel approaches such as di-
PLS, DOP, and MU.

1.3 Thesis structure

This doctoral thesis is structured in seven chapters.

Chapter I. Introduction, objectives, and structure. This chapter is dedicated to the
introduction, objectives, and structure of the study carried out in this doctoral thesis. In
order to understand the importance and complexity of the subject under study, this
chapter provides an overview of the relevance of diesel as a fuel and presents a
simplified view of its production process. The characteristic chemical composition of
diesel is discussed, along with the properties that characterize its quality and the
suitability of infrared spectroscopy for determining these properties. These ideas support
the hypotheses. It then provides a brief literature survey on the application of infrared
spectroscopy to determine diesel properties. Also, the hypothesis, the general and

specific objectives, and the thesis structure are presented.
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Chapter Il. Theoretical foundation. This chapter briefly describes the theoretical

foundations of the instrumental and chemometric techniques used in this doctoral thesis.

Chapter Ill. Exploration of properties and spectra. This chapter is dedicated to
characterizing desulfurized and commercial diesel samples in terms of their
physicochemical properties and spectral features. The correlations between properties
are studied. The instrumentation used in the spectral acquisition is also described, and
classical spectral analysis is performed to identify the most representative regions of the
characteristic functional groups of the diesel composition. The multivariate analysis of

the spectra is carried out to detect natural groups of the samples.

Chapter IV. Calibration model based on artificial neural network for density
prediction. Defining the limits of its applicability domain. This chapter describes a
strategy for establishing a calibration model based on a feed-forward neural network
(FFNN) to predict the density of diesel samples using mid-infrared spectra and its limits
of the applicability domain (AD). Here, AD was defined by two limits: 1) the 0.99 quantile
of the squared Mahalanobis distance calculated from the network activations of the
training set and 2) the 0.99 quantile of the reconstruction error of the training spectra
using either an autoencoder network or a decoder network. Furthermore, the

performances of the decoder and autoencoder networks were compared.

Chapter V. PLS vs. ANN calibration models for determining diesel quality
parameters. This chapter describes the establishment of calibration models based on
PLS and FFNN for predicting six quality parameters of desulphurized diesel and eleven
quality parameters of commercial diesel. The study includes the methodology used to 1)
select the spectral region that provides the best results, 2) set the applicability limits and
the tolerance limits admitted for each property, and 3) consider the validity of the models
from an industrial point of view. Additionally, the predictive abilities of PLS and FFNN

calibration models are compared.

Chapter VI. Monitoring and maintenance of PLS models. This chapter is dedicated
to monitoring and maintaining the performance of PLS models over time. Additionally,
the suitability of three calibration-model adaptations from an existing calibration PLS for
determining density in routine analysis between two infrared spectrophotometers are

compared.

Chapter VII. Conclusions and perspectives. This chapter presents the main

conclusions of this doctoral thesis. Also, some recommendations for future work on the
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implementation of IR spectroscopy-based analysis methods in the field of diesel analysis

are proposed.
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1.1 Infrared spectroscopy

Infrared is the region of the electromagnetic spectrum between 750 and 106 nm
(13.333-10 cm™). This region is divided into near-infrared (NIR), mid-infrared (MIR), and
far-infrared (FIR) according to radiation energy, the nature of the interaction of radiation

with matter, and the instrumental requirements (Table II-1).

Table II-1. Infrared region division. Adapted from [1].

. Wavenumber interval Wavelength range Origin of absorption
Region
(cm™) (nm) (transition type)
Overtones and combination bands of
NIR 13.333 - 4000 750 - 2500 ) )
fundamental molecular vibrations
Fundamental molecular vibrations and
MIR 4000 - 400 2500 - 50000 ]
rotations
Molecular rotations and skeletal
FIR 400- 10 50000 - 108

vibration

The spectroscopy associated with IR radiation, which is related to molecular
vibrations and rotations, is a powerful analytical tool for the quick and easy
characterization of samples, allowing the simultaneous determination of physical and
chemical parameters. It is also a valuable tool for the control of industrial processes,
especially with instrumental configurations with optical fibers. Among the vibrational
spectroscopy techniques, MIR and NIR spectroscopies stand out as widely established

techniques used in qualitative and quantitative applications.

NIR spectroscopy is the vibrational spectroscopy in the 13.333 — 4000 cm™' region
[2]. The absorption bands in this region are characteristic of the first and second
overtones and combination bands of the fundamental vibrations of the functional groups
C-H, N-H, and O-H in the mid-infrared [3] (Figure lI-1). They are characterized by being
wide bands of low intensity [2]. This feature allows the quantitative determination of

analytes with high concentrations without pre-treatment of the sample.

11-2 Maria Suliany Rodriguez Barrios, Doctoral Thesis, Universitat Rovira i Virgili, 2024



UNIVERSITAT ROVIRA I VIRGILI
DETERMINATION OF DIESEL PROPERTIES BY INFRARED SPECTROSCOPY AND MULTIVARIATE CALIBRATION

Maria Suliany Rodriguez Barrios
Chapter Il
T ——
R ——
CH NH OH OH SH NH CH+CH CH+cCC
4th Overtone  3rd Overtane  2nd Owertone 1st Overtane 13t Owerlane Combinations Combinations Combinations
OH CH NH CH CH NH CH C=0 OH NH + OH
3rd Owerione 3rd Overtone 2nd Overtone 2nd Overtone 1st Overtone 1t Overtone: 1st Ovestane: 2nd Overtone Combinations Combinaticns
Combinations
H,p H,0 : H,0 ; H,O ; H,0
L ] - ; o i L i ; [ J
ROH 'ROH i ROH i ROH ROH
s - | = _ ® -
AOH  RNH, AOH | RNH, : MOH  RNH, : RCOH . RNH,
* = ® - i L K N i o & i
CONH, : RCOR! :
MCH  RNHR: ACH CONHR ACH | SH CONH, = CONH,{R)
[ ] - 9 L i e - L] Al =BT
ArCH : : :
CH CH CH ; cH [ CH : CHO CH
5] L= i - T [ ] e -] : Lad fea—
CH, CH, CH, : CH, CH, : cc CH,
[ 2 - < ; Loty oo 3 | [ o
tH, CH, CH, i CH, CH,' ) CH,
700 800 90 1000 1110 1200 1300 1400 1500 1600 1700 1800 1300 2000 2100 2200 2300 2400 2500

Figure II-1. Overtone and combination NIR band assignment (source: ASD Inc. 2005-2013).

MIR spectroscopy is the vibrational spectroscopy technique in the region 4000 — 400
cm™. The absorption bands in this region result from transitions between the fundamental
vibrational level (v = 0) and the first excited vibrational level (v = 1). Simultaneously with
vibrational transitions, rotational transitions also occur in this region, which usually
overlap with the vibrational bands [1]. Although the MIR region is very useful for structural
characterization (Figure 1I-2), it is less used for online quantitative analysis because the

samples must be usually pre-treated due to the high intensity of the absorption bands.

C=NC=C “Fingerprint regién”
OH CH c=0 Generally not useful
- a»
Alkenyl CH Alkyl CH c=¢
Exception: 680-860 cm’
NH region can help
- determine orto-meta-

L J para substitution patterns
Alkvne CH for aromatics

4000 3500 3000 2500 2000 1500 1000 500cm

Figure II-2. MIR bands assignment.
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There are different modes of measurement in the infrared region [1]. The classical

mode for the analysis of liquid samples is transmittance (Figure 11-3).

Figure II-3. Near-infrared transmittance.

The transmittance at a given wavenumber ¥ is given by:

_ P
=5 (I1.1)

where P is the radiant power emerging from the sample when a beam of radiant power
P, reaches the sample through the transparent cuvette of length [ that contains the
sample. Absorbance is defined as —log(T) and relates to concentration through Beer-
Lambert's law (eq. 11.2) [1,2]

A = —log(T) = log (%) = ¢lc (1.2)

where ¢ is the molar absorptivity, [ is the optical path, and c is the concentration of the

absorbent species.

1.2 Exploratory analysis

Due to the overlap of spectral bands and complexity of IR spectra, multivariate
analysis is a crucial player in the applications of IR spectroscopy, used in exploratory
studies, classification, and quantification [4—6]. Exploratory data analysis is performed
with unsupervised methods, where principal component analysis (PCA) is possibly the

most widely used [7-9].

PCA is a factorization method that decomposes a matrix X (I X K) into the product

of two matrices according to:

X = TPT +E (11.3)
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where T = [t t,,...,t4] (I X A) is the scores matrix and has orthogonal columns, P =
[p1, P2, -, Pal (K X A) is the loadings matrix and has orthogonal and normalized

columns, E (I x K) is the matrix of residuals, and A is the number of retained factors.

PCA projects the multivariate data into a reduced space of principal components
(PCs), retaining as much information as possible from the original space [10] (Figure
I1-4). PCs are linear combinations of the original variables and are orthogonal to each
other. They are ordered according to the variance they explain, with PC1 accumulating
the maximum spectral variability of the I samples at K wavelengths. PCA, among other
applications, allows the visualization of similarities between samples and the

identification of spectral outliers [11-14].

PCA

>
PC2

I PC1
PC = py Ay, +.+pAp,

Figure II-4. Principal component analysis representation.

T-Distributed Stochastic Neighbor Embedding (t-SNE) is another exploratory
technique that is used to visualize local clusters and patterns in high-dimensional data
[15]. Conversely to PCA, t-SNE is a nonlinear dimensionality reduction technique
designed to preserve only local similarities between data points. This algorithm
minimizes the Kullback-Leibler (KL) divergence between a Gaussian probability
distribution used to model the similarity between points in the original space and other
similar probability distributions over the points in the lower-dimensional space, ensuring
that similar points in the high-dimensional space remain close in the lower-dimensional

space.

1.3 Linear multivariate calibration model

The quantitative analysis of a sample using its infrared spectrum involves a
multivariate calibration model that relates the property value and the spectrum. Inverse
multivariate calibration is based on developing a quantitative model for predicting a
property of interest based on predictor variables. In this thesis, multivariate calibration
models are used to predict a physicochemical property of a diesel sample (J,nx) from

the vector of measured spectra x,. , = [Xunk 1, > Xunk k] @s follows:
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K

yunk = bO + xunk,lbl + -t xunk,KbK = bO + Z Xunk,k bk (”4)
k=1

where b, is the constant term, x,,x, is the absorbance at sensor k and by is the

regression coefficient for sensor k.

1.3.1 PLS algorithm

PLS regression is perhaps the most commonly used model for calibration with IR
spectra [16]. PLS regression can handle the multicollinearity in X by creating latent
variables (LVs) that explain most of the variability in the response variables Y [17,18].
The PLS1 regression based on the non-iterative partial least squares (NIPALS) algorithm
consists of two outer relations (X and y-block) and an inner relation between both blocks
[19] (Figure II-5). The outer relation for each block is based on the decomposition of X

and y to obtain a space of LVs:

X = TPT +E (11.5)

y =uq +f (11.6)
where X is the matrix of predictor variables, y is the response vector, T and u are scores,
P and g are the loadings, and E and f are the residuals of X and y. The inner relation is

made by regressing u against t for every LV a.

ﬁa = binner,ata (”-7)

Finally, the predicted value y is estimated as follows:

y =x'b (1.8)
where the vector of regression coefficients is b = W(PTW) b, .- and W is the matrix

of weights for the X-block.

Quter relation Outer relation

X = TP"+E y=uq +f
K A 1 1

w u ¢

— —_—

X p T . u 49 y

i { l /
w: weights t

Inner relation

—~
Ug = binner,uta

7 =x'h
b= W(PTw)ilbinner

Figure II-5. Stages of PLS1 regression. Adapted from [20,21].
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11.3.2 Establishment of a PLS calibration model

The establishment of a calibration model involves the following stages: design and
preparation of samples, recording of spectra and determination of the property of interest
using the reference method, pretreatment of data, calculation and validation of the

model, application of the model, and model maintenance (Figure 1I-6).

Data collection and
curation
Model Maintenance

Figure II-6. Stages in the use of a multivariate calibration model.

11.3.2.1 Data collection and curation

Data collection and curation involves collecting and preparing the samples,
determining the reference values of the properties, the acquisition of the spectra, and
the data splitting.

Available data are split into training, validation, and test sets. The training set is used
to calculate the model coefficients. It must be large enough to cover all the variability of
the samples to be predicted so that the model can predict accurately without the need
for extrapolation. The validation set is used to optimize the customizable parameters of
the model (e.g., number of latent variables). The test set (a.k.a. prediction set) is used to
evaluate the actual predictive ability of the model with samples that have been neither
used to calculate the model coefficients nor used to choose one model among other
competing models [22]. When the dataset is not large enough, the validation set is often

omitted, and cross-validation performs this function.

Data splitting methods act as a fundamental step prior to the data processing step
[23]. Some algorithms that can be used for sample selection include the Kennard-Stone
(KS) algorithm [24], leverage-based algorithms [25], or random selection. Due to its
simplicity, random selection is one of the most used.
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11.3.2.2 Calibration

e Data Preprocessing

Before calculating the model coefficients, it is usually advantageous to preprocess
the spectra to remove signal variability that is not related to the property of interest. A
common pre-processing is mean-centering, which involves subtracting the average

spectrum of the dataset from each spectrum (eq. 11.9):

mean—centered __ =
Xik = Xj — Xk (11.9)

where, x;; is the absorbance of the sample i at wavelength k and X, is the average of
the absorbances of the training data at wavelength k. This removes the part of the

spectrum that is common to all samples and, therefore not useful for prediction.

The first derivative is another common preprocessing, which is often used to
accentuate variations in the data and enhance features of interest. In its simplest form,
the first derivative is computed by subtracting from the absorbance of the sample i at k
wavelength, x;,, the absorbance of the sample at the k+§ immediate neighboring
wavelength, x;,.s (€9. 11.10) and dividing by the increment of wavelengths.

xlgt derivative _ Xik —A iikw (11.10)

Since eq. 11.10 increases the noise in the data the first derivative is coupled with the

Savitzky-Golay smoothing to reduce the noise while preserving the features of interest.

e Variable selection

Variable selection seeks to improve the predictive ability, computational efficiency,
and interpretability of the model [26]. The goal is to identify the subset of wavelengths
that produces the smallest error prediction. Some common methods for spectral
selection used with PLS are based on a genetic algorithm, interval selection, or a moving
window [27-29]. The moving window approach, which is a classical wavelength interval
selection method, uses moving window partial least squares regression (MWPLSR) for
spectral mapping, providing stable and fast results [30]. A new model is obtained for
each continuous size window displacement and tested using cross-validation. There are
other modifications of this approach, such as the changeable size moving window partial
least squares (CSMWPLS), the searching combination moving window partial least

squares (SCMWPLS), and modified changeable size moving window partial least
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squares (MCSMWPLSR), between others, has been widely used [31,32]. Figure II-7

shows some modifications of the moving windows approach.

a b d
CSMWPLS
15t step
k=1 k=K
— Moving with w =1 Basicregionina Every window in b
Wiowi combination
— oving SMWPLS
— Moving with w = cte 2nd step C
k=1 k=K " o
Basic regioninaand b Eyery window in ¢
combination
CSMWPLS
w=K 31 step
Basic region
MWPLS CSMWPLS SCMWPLS

Figure II-7.Some approaches of moving window PLS regression. Adapted from [27].

e Selection of optimal number of latent variables in PLS

A key step in the calculation of a PLS model is the decision of the number of LVs
that are needed to retain the spectral variability representative of the samples. Too a
high number of LVs creates overfitted models with a loss of generalization ability and
less predictive performance. Too a low number of LVs leads to under-fitted models
whose predictions are mostly biased. Cross-validation (CV) is one of the most used
methods for determining the optimal number of LVs [33]. During cross-validation, a
subset of samples is removed from the dataset and used to evaluate a PLS model that
has been calculated without that subset. This step is repeated with the next subset of
samples until all have been left out once. Ideally, the optimal number of LVs corresponds
to the model with the lowest root mean square error of CV (RMSECV). In practice, when
there is not a clear global minimum, softer rules such as “the beginning of a plateau” or

“the first local minimum” are used (Figure 11-8) [16,33,34].

RMSECV

0 2 4 6 8 10 12
PLS latent variables

Figure 1I-8. RMSEYV as a function of PLS components. Adapted from [33].
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11.3.2.3 Validation

Figure /I-9 shows the flow diagram of the calibration and validation processes [27].
Validation evaluates the predictive ability of the model over a set of validation samples

that have not been used to train the model. The root mean square error is given by

£=1(3A’i —¥;)?
I

RMSE = (11.11)

where y; and j; are the reference value of the property for sample i and the value
predicted by the model, respectively, and / is the number of predicted samples. This
value can be either calculated by cross-validation (RMSECV) or using an external
validation set (RMSEV) [15,22] and is an estimate of the average prediction error that

can be expected when predicting future samples [37].

\ Calibration samples | ’ Validation samples ‘
IR spectra Reference IR spectra Reference
X property X property
values y values y
, !
v v Pretreatment respect to
| Pretreatment | calibration samples

e
—

.
-t

S~ Property values

v Y a7 estimed by calibration
I Calibration model [ _______________ »| model §
; l
| RMSE |

Figure II-9. Flow diagram of calibration and validation. Adapted from [27].

It is common to plot the predicted values y;’s against the reference values y;’s where
the prediction errors can be observed as vertical deviations from the diagonal of the

graph. The coefficient

_ %:1(371‘ - Yi)z
{=1(3’i -y)?

R2=1 (11.12)
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is then reported as a summary of the performance of the model. To verify if the predictions
agree with the values provided by the reference method [38—42], one compares the
prediction error with the reproducibility limit of the reference method, R, as described in
eq. I1.13.

—R < 9;—y; <R (1.13)

where, y; is the reference value and J; is the prediction from the PLS model. The
reproducibility of a reference method is calculated as the interlaboratory measurement

error at a 95% confidence level.

According to the ASTM-E-1655 norm, which outlines practices for infrared
multivariate quantitative analysis, the model predictions agree with the reference method
if the range specified by eq. I1.13 for a specific property encompasses 95% or more of

the validation set.

11.3.2.4 Prediction

At the prediction step, the model is used to estimate the property values of incoming
samples. Hence, it is essential to adequately establish the limit of applicability of the
model to ensure the reliability of the predictions and to address predictive outliers
effectively if they are detected. Predictive outliers are samples that fall outside the
model's applicability limits. Some reasons can be instrumental failures, new

interferences, or errors in spectral acquisition.

e Setting applicability limits of a PLS model

The applicability limits of a calibration model are an important quality parameter of
analytical methods that involves the examination of the similarity of an incoming sample
to the samples in the calibration set [43]. For this purpose, the leverage, as a measure
of the position of a sample in the space of latent variables, and the spectral residuals, as
a measure of the orthogonal distance from a sample to the model from selected latent
variables, can be used [44]. Specifically, Hotelling’s T? and the Q statistic as a measure
of leverage and spectral residuals, respectively, are commonly used to establish the

applicability limits of a PLS model.
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e Hotelling’s T2 [45] indicates how far a sample is from the center of the model. For

the calibration samples, it is calculated as:

A t?

2 _ ia

T? = = (1.14)
a=1 '@

where t;, is the score of the ith sample in the ath LV used in the model and s?, is the

estimated variance of t,.

e Q-residuals [46] are a lack-of-fit statistic that measures the spectral residual
between a sample spectrum and its projection onto the LVs of the model. It is

calculated as follows for sample i:

Qi = eie] = x;(I —PAP; )x] (11.15)
where, e; is the spectral residual, P, is the matrix of loadings and x; is the

response vector for sample i.

A decision regarding the similarity of an incoming sample to the training samples
can be determined by the values of Qu, and T2, compared to the control limits T7,,, and
Q;im- These control limits can be established by assuming statistical distributions such
as F-distribution and a y?-distribution for Hotelling’s T? and Q-residuals, respectively.
Samples with high Hotelling’s T2 (T? > TZ,) are at the extremes of the experimental
domain and thus, their prediction cannot be trusted. Similarly, a sample with a high Q-
value (Qunx > Qi ) contains spectral variability not contemplated by the model that may
increase the bias in the predictions. Note that high Q and T? values for a new sample do
not automatically (except for the most extreme cases) imply high prediction errors; it only

suggests that the predictions are unreliable [47].

Consequently, to decide the action to be taken for a sample whose spectrum is
beyond TiZ,, Or Qi the property value must be determined using the reference method.
Then, if the absolute prediction error is lower than the tolerance limits (R) admitted by the
reference method, the sample can be added to the calibration set for the model
maintenance step. If the prediction error is higher than R, the prediction sample is a
spectral outlier and is rejected. This general procedure for prediction samples is shown

in Figure 11-10.
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| Incoming sample |

l

| IR spectra X,nx |

!

Pretreatment respect to the
calibration samples x

v

Project hew spectrum x on the
calibration model space and
estimate the property value

!

| Calculate Qy,x and T2, |

|

Prediction is trusted

Prediction should not be trusted. Analize
sample with the primary reference method

Use the sample for l
k Yes
model updating W
1 No
Keep the sample for future
studies

Figure 1I-10. Procedure of the prediction step. Adapted from [43].

11.3.2.5 Model maintenance

A calibration model should be robust enough to be used for long periods of time.
Changes in the instrumental response (“instrumental drift”) and changes in the physical-
chemical composition of the samples (“product drift”) over time [48] can translate into
new sources of variability in the spectra not considered during calibration, and that may
result in invalid predictions.

Model maintenance refers to the processes for preserving or improving the
predictive ability over time and adapting the model to varying working conditions [49] with
the least effort and cost. Figure I1-11 shows a general scheme of calibration maintenance
to identify the new source of variations in the data and to implement strategies for

adapting the model, ensuring its continued validity over time.

¢ Monitoring stability over time

A common practice to detect unexpected or abnormal ranges of variation in infrared
measurements over time associated with changes in the environment or instrument (i.e.
replacement, repair, or aging of the instrument) is to periodically compare the PLS

predictions with the values provided by the reference method. To do this, the spectrum
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of a reference sample is periodically measured, and its prediction is monitored.
Systematic trends in the predictions over time may indicate unusual variability in the

infrared measurements that affect the predictions of all future samples.

Strategies to detect unusual characteristics in the incoming samples (i.e. the raw
materials of new batches differ), which do not require the use of the reference method,
include the use of multivariate statistical process control (MSPC) rules [46]. These rules
allow monitoring of diagnostic measures such as Hotelling’s T? and Q-residuals,

facilitating the identification of their trends toward unacceptable values [47].
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e Calibration transfer

Calibration transfer reduces discrepancies in instrumental responses or predicted
values between two instruments, ensuring that the model's predictions remain accurate
and reliable when applied to a new instrument [48,50,51]. In this thesis, we consider
transferring a calibration model developed in the source instrument to make it applicable
to another (refer to section V1.3).

One way to do this is by measuring a small number of samples, known as transfer
standards, on both instruments and then estimating a transfer function between them
that can be used to transfer the model to the new instrument. However, this procedure
may not always be feasible, e.g., if the source instrument is no longer available or stable
calibration standards are unavailable. Alternative standard-free procedures have been
developed in recent years [52,53], such as domain adaptation techniques (including
transfer component analysis (TCA) [54-58], scatter component analysis (SCA) [59]),
domain invariant PLS regression (di-PLS) [60], parameter-free calibration enhancement
(PFCE) framework [61]) and the dynamic orthogonal projection (DOP) [56-58,62].
Among these methods, di-PLS and DOP stand out for their versatility. The theoretical
background of these two calibration transfer approaches used in this thesis to adapt a

PLS model between two instruments is described below.

Domain invariant partial least squares

Domain invariant PLS regression (di-PLS) is a calibration transfer method [60,63—
66] that consists of an extended PLS regression with a domain regularization term. This
term helps to minimize the variability between the source spectra X5 and the target
spectra X, while maximizing the covariance between Xg and the corresponding

response variable ys. The di-PLS method is implemented as follows:

In the first step, the NIPALS algorithm is used to extract domain-invariant latent
variables between Xs (Ng X K) and Xt (N X K). This is achieved by minimizing the
function given in eq. 11.16. The first term corresponds to the NIPALS objective function,
and the second term corresponds to a domain regularization term, which represents an
upper limit on the absolute difference between the variances of Xs and Xt in the direction

of w.

min|Xs — ysw[|" + yw Aw (11.16)
w
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where || || is the Frobenius norm, y is the domain regularization parameter, w is a weight
vector, A = Kdiag(|14], ..., |1, )KT is the matrix obtained by calculating the absolute value
of the eigenvalues 14, ..., 4 in the eigen decomposition described in eq. 11.17 and K is
the eigenvector matrix of the difference between the covariance matrices of X5 and Xr.

1
XiXg — —XTXq (11.17)

Kdiag(|2A], ..., [ DKT = Ny —1

Ng—1

For each latent variable, the regularization parameter y in eq. 11.16 is determined
using the heuristic approach described in reference [64], where the same weight vector

was used in both terms of eq. 11.16.

The solution of eq. I1.16 is obtained by dividing the weight vector w from eq. I1.18 by

lwTwl].

T
r_ Vs Xs Y 1
¥sTys ¥sTys

The scores tg and tr of the domain-invariant projections corresponding to the

direction w are computed as in eq. I1.19

tg = Xsw and tr = XTW (”19)

The orthogonalization step to eliminate the variation in the data that is captured by

the current LV is described in eq. (11.20).

Xs = Xg —tg(tatg) 1tiXg and Xp = X — to(thtp) 1elX, (11.20)

The remaining steps that follow are the same as the standard algorithm used in PLS

regression [63,65].

Dynamic orthogonal projection

Dynamic orthogonal projection (DOP) is a calibration transfer technique used in
spectroscopic modeling to address the influences of physical, chemical, and
environmental factors [56—-58,62]. DOP involves the correction of the calibration dataset
by incorporating new reference measurements obtained under the new conditions. This

correction is achieved through orthogonal projections defined by the differences between
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the source calibration spectra Xg and the target spectra measured under the new

conditions Xt .The DOP method is implemented as follows:

The virtual standard spectra Xy, the target spectra that should have been measured
with the first spectrophotometer are estimated as a linear combination of X following eq.
11.21.

X = AXs (11.21)

The coefficients (a;,,) of the linear combination A are calculated by kernel functions
centered on yr , the reference values of X, and applied to ys, the reference values of Xg
as follows: a;, = F,,(ysm), where i and m are the index of the spectra measured in
spectrometers 1 and 2, respectively, and F,. . is a kernel function. Specifically, due to
their continuity properties and the normal distribution assumed for the reference values

ys, the Gaussian kernel was chosen in this thesis for the function Fy, . following eq. Il.22:

1 <—(YTi _YSm)2> (11.22)

Ay = ex
T eV2ma(ys) P 2e%02(ys)

where the parameter ¢ was tested using the following sequence of values ¢ € [104; 10

38, ..;10°21] and o is the Gaussian kernel width.

The difference spectra matrix D between X1 and X is calculated as:

An orthonormal basis P of the space spanned by D is estimated by principal

component analysis:
D=TPT +E (11.24)

where T, P, and E are the scores of D, the corresponding loadings vectors, and the
residuals, respectively. The dimension p for P is selected taking into account the

percentage of variance explained by PCA.

The calibration spectra are orthogonally projected onto the basis P to obtain the

corrected source data Xg:

X = Xs(1—PPT) (11.25)
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A new PLS regression is performed using Xg and the source reference values ys.
The correction applied to the source calibration database through orthogonal projection
is integrated into the model itself. As a result, there is no need to correct new spectra
acquired under other scenarios (the target instrument) when using the recalculated

model.

e Model updating

Calibration models are updated to expand the calibration space for incoming
samples that have a new composition or when the response of the instrument changes
[47,67]. The simplest MU strategy involves recalculating the model by adding new
spectra to the existing training set. This ensures that the model's predictive ability

comprises both old and new conditions.

1.4 Artificial neural networks

Artificial neural networks (ANN) can be used to model non-linear and complex
relationships between input features X and the output y without any explicit assumptions
about the model [68].

I1.4.1 Feed-forward neural network

The feed-forward multilayer perceptron or feed-forward neural network (FFNN) is
likely the most commonly employed ANN in quantitative analysis using spectroscopic
data [35,39,69-72]. In this network, neurons are arranged in layers, and the flow of
information occurs in one direction - from the input layer to the output layer [73]. The
architecture of a FFNN consists of one input layer, one or more hidden layers, and one

output layer (Figure 11-12).
X1 Wii Wi

S rap = f(z Wi X + wju)

. . o .
- Wik " nodej k=1

I' 1
I / :
! 1
HAFH
I I

O< o ok
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Figure II-12. The architecture of a feed-forward multilayer perceptron with one hidden layer.
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The input layer contains all the elements of the spectrum x = [xy, ... x¢, ... xx]T. For
the first hidden layer, the input of a single node is a linear combination of the input layer
(x, elements of the spectrum x) and f is a nonlinear activation function. This function
performs the nonlinear distortion from input to output, thereby constructing a nonlinear
model. There are various activation functions such as hyperbolic tangent, sigmoid, and
linear function, which produce different bounded outputs. The choice of the activation
function depends on the specific problem to be solved and the characteristics of the data
[74]. The layer of j nodes processes data from the previous layer according to eq. 11.26.

Each node in this layer represents a specific kind of feature in the input spectrum.
K
aj = f (z ijxk + W]0> (”26)
k=1

where, a; is the output of node j of the layer, wj, and wj, are the weights and biases
associated with this node, x;’s are the inputs of node j and f is the activation function.
In the output layer, which consists of a single node, the x;’s are the outputs from the
previous hidden layer, the activation function f is linear and the output is the estimated
value for the property of interest, 9.

The weights and biases are estimated by backpropagation from the pairs of
spectrum and property values {x,y} of the training set [73,75]. To achieve this, the
backpropagation algorithm, which is based on gradient descent, minimizes the loss

function given by the mean square error (MSE) [68]:

1
1
MSE =2 (i = 90 (11.27)
i=1

where [ is the number of training samples, y; is the predicted property value and y; is
the reference property value of the ith training sample. The initial values for the weights
are random and close to zero [-1,1], so the model starts out almost linear and becomes

nonlinear as the weights are optimized [76,77].

11.4.2 Establishment of a FFNN model

The implementation of ANNs can be divided into three steps: data preprocessing,

learning, and testing.
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1.4.2.1 Data preprocessing

Before training the network, it is also useful to apply normalization or standardization
to scale the input values (x, y) so that they are within a certain range [-1,1] or [0,1]. Min-
max normalization is one of the most used data normalization methods in ANNs since it
provides to the network with a feasible manner to assign the correct weights to network
inputs by preventing certain features from dominating the learning process due to
differences in their scales [78,79]. This pretreatment scales x;, of x in the range [MIN,
MAX] according to eq. 11.28.

¥, = = min (x,) (MAX — MIN) + MIN (11.28)
k™ max (x;) — min (x,) '

where, MAX is the new maximum of variable k (in this thesis MAX = 1), MIN is the new
minimum of variable k (in this thesis MIN = —1), x;;, is the absorbance value of sample
i at sensor k. The y-variable is pretreated likewise. This step will accelerate subsequent

calculations (learning step) and improve the training efficiency.

1.4.2.2 Learning step

During the learning step, the abstraction capacity of the model is developed based
on two processes carried out in parallel: training and validation. To achieve this, the
model is fine-tuned using both the training and validation sets until the desired level of
output precision is attained. The training set is used by the network to learn the spectral
pattern, while the validation set is used to evaluate the generalization ability of the trained
network [80] to prevent “overfitting”, ensuring that the model performs well not just on
the trained data but also on new data [81]. Overfitting occurs when the training error
decreases and the validation error starts to increase [82]. Hence, the training process

stops when the lowest validation error is obtained.

The learning process constitutes a multivariable optimization problem that may
encompass hundreds of variables [84]. Among the most crucial are the number of hidden
layers, the number of nodes in the hidden layer, the type of regularization, and the

network weights.
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Selection of the number of nodes and hidden layers

In the majority of prediction problems, employing a single hidden layer is often
sufficient [84]. This is due to the fact that the number of hidden layers is directly linked to
the complexity, training time, and performance of the model. In this sense, experimental
findings suggest that ANN models with two hidden layers are inclined to exhibit more
imprecise performance or worse overall results compared to those with a single hidden
layer [74,85].

Excessively augmenting the number of neurons inside the hidden layer could
deteriorate the learning process, resulting in less accurate models [74]. Similar to having
a large number of LVs in the PLS model, which can result in overfitting, a high number
of neurons in ANN can also lead to an overfitted model, which loses its generality and
predictive ability. For this, during the validation procedure, a subset of external samples
is used to assess the performance of ANN models with different numbers of nodes in the
hidden layer via the root mean square error of validation (RMSEV). The optimal selection
of nodes corresponds to the ANNs with the lowest RMSEV.

Regularization term

A way to avoid overfitting in ANN models is to include a regularization term in the
loss function. Two common types are L1 (Lasso regularization) and L2 (Ridge
regularization). This latter form is widely adopted and recognized as the most efficient
way to prevent overfitting. This term penalizes the sum of the squared amplitude of the

model weights. The loss function adopted in this thesis is given by:

1 n
MSE = MSE + -2 z W (11.29)
i=1

where MSE is the mean squared error, 1 is the regularization parameter, and n is the

total number of weights w;.

Common values for the regularization parameter typically follow a logarithmic scale
ranging from 0 to 0.1, A €[0.0001,0.001,0.01, 0.1, ...]. Although the value of 1 does not
alter other well-tuned parameters in the model, its effect is evident in the convergence of

the loss function.

Finally, the top-performing network is chosen to advance to the next step, where its
performance is evaluated on a test set [86]. Essentially, the ANN undergoes a cycle of

training, validation, and subsequent testing steps.
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1.4.2.3 Testing step

The test set should consist of samples not included in the training and validation set,
ensuring the proper evaluation of the model [87]. To do this, the model accuracy is
measured by some loss functions or objective functions such as the root mean square
error (RMSE), the determination coefficient (R?), mean absolute percentage error
(MAPE), or the mean absolute error (MAE).

If there is a significant lack of fit, the model should undergo re-training. This involves
modifying the learning procedure by incorporating larger datasets that allow for greater

accuracy in the results or redefining the model architecture.

There is not a one-size-fits-all solution that ensures the best performance in ANN
assays. The right way to develop a high-quality ANN model is to test several
architectures, loss functions, and assess predictive ability on validation samples. Only
after evaluating several models, a more relevant network can be selected to solve the

specific problem at hand.

11.4.3 Autoassociative neural networks

An auto-associative neural network, also known as a replicator neural network or
autoencoder, is a feedforward multilayer perceptron network designed to reproduce the
input [68,88]. A key feature is that one hidden layer has fewer neurons than the input
layer (Figure 11-13) which gives this network the aspect of having a bottleneck. The left-
hand side of the network, from the input layer to the bottleneck layer, performs a
nonlinear mapping of the input x (e.g., a spectrum) to a reduced latent space so that x is
represented in fewer dimensions. This block is known as the encoder. The right-hand
side of the network, from the bottleneck to the output layer, is the decoder part and uses
the compressed representation emerging from the bottleneck to approximately
reconstruct the input x. The network is trained to reconstruct the input data by minimizing

the loss function
E = 1
= EZ Qi (11.30)

where [ is the number of training samples and Q; is the sum of squared spectral residuals

of the i training sample given by [89]
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K
Qi = kZl(xik - fik)z (”31)

where x; = [X;1, ... Xi, . Xik T is the spectrum of the " training sample, K is the number

of spectral variables and &; = [£;1, ... £, ... £ik] T is the output of the autoencoder.
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Figure 1I-13. Autoencoder with three hidden layers. The central layer is the bottleneck layer.

With adequate settings, autoencoders can perform, for example, nonlinear principal

component analysis [90]. Although autoencoders are usually symmetric [68], symmetry

is not strictly necessary, and the encoder and decoder parts may have a different number

of layers and nodes.
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lll.1 Description of the diesel samples

The diesel samples used in this study are 2307 samples from 36 months of
production between 2018 and 2021. These samples correspond to desulfurized diesel
(stream 1) and commercial diesel (stream 2), the former being the main constituent in
the blend used to formulate commercial diesel. In this work, the temperature at 95%
recovered, flash point, cloud point, density, cetane number, and sulfur content were
determined for desulfurized diesel. These properties were also determined for
commercial diesel, together with the temperature at 65% and 85% recovered, viscosity,
cold filter plugging point (CFPP), and FAME content. The collected data correspond to
analyses carried out following production requirements, so there are more commercial
diesel samples than desulfurized samples (Table lll-1). Not all the samples had the same
properties determined. For this reason, the number of samples for each property ranged
between 75 and 1583.

Table IlI-1. Number of samples for each property.

Property Desulfurized diesel Commercial diesel
T95% 147 1581
Flash point 146 1583
Cloud point 90 1006
Density 150 1578
Cetane number 75 225
Sulfur content 146 1550
T65% - 1578
T85% - 1582
Viscosity - 229
Cold filter plugging point (CFPP) - 1573
FAME content - 979

lll.2 Distribution of properties in the samples of each stream

Figure llI-1 compares the distribution of the properties for the two types of diesel.
Although the ranges of property values for both streams have some overlap, the values
of T95% recovered, flash point, cloud point, density, cetane number, and sulfur content

of desulfurized diesel tend to be higher than for commercial diesel.
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lll.3 Correlation between physicochemical properties

Figure IlI-2 and Figure 111-3 show the heat map of correlation coefficients (r) among

properties pairs in streams 1 and 2, respectively.
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Figure lll-2. Heat map of correlation coefficients between all pairs of properties in stream 1.

As can be seen, correlations are weak between the properties of stream 1, with
correlation coefficients ranging between -0.626 and 0.568. The most positively correlated
pair was T95% and density (r = 0.568). This correlation can be expected if one considers
that both density and T95% recovered are measures of the amount of heavy fractions
(naphthenes and aromatics) in diesel, meaning that higher density samples may contain
heavier fractions of hydrocarbons and this will result in higher distillation temperatures
[1]. In contrast, lower-density samples may contain lighter fractions of hydrocarbons
(paraffin) and, thus, lower distillation temperatures, especially in the first fractions of the
distillation. Both density and distillation temperatures (in this case, T95% recovered)
increase with the number of carbons for compounds of the same hydrocarbon class and
in the following order: isoparaffins < n-paraffins < naphthenes < aromatics for
compounds with the same carbon number [2,3]. The most negative correlation is
between density and cetane (r =-0.626). This can be associated with the fact that cetane
number is defined from the relative proportions of n-hexadecane or cetane (CN = 100
arbitrarily assigned) and a-methylnaphthalene (CN = 0 also arbitrarily assigned), which
have the same ignition retardation properties as the test fuel. Thus, higher-density
samples may contain heavier hydrocarbons, which could affect ignition characteristics
and, consequently, the cetane number. CN increases in the following order: aromatics <
isoparaffins and naphthenes < paraffin. Last, the least correlated pairs were cetane

number and sulfur content (r = 0.045) and cloud point and density (r = 0.068).

Maria Suliany Rodriguez Barrios, Doctoral Thesis, Universitat Rovira i Virgili, 2024 111-5



UNIVERSITAT ROVIRA I VIRGILI
DETERMINATION OF DIESEL PROPERTIES BY INFRARED SPECTROSCOPY AND MULTIVARIATE CALIBRATION
Maria Suliany Rodriguez Barrios

Chapter Il

T65%

T85%

T95%

Sulphur content 0.5

Density

FAME content

Flash point

Cloud point

CFPP

Viscosity

Cetane number 05

oo golo cob o g d ad ad o® oy ek
<& <@ (P Gov‘e(})e«"’doo\e“ N 0?2\500"”‘:\&"8

S

= ce®

Figure 1ll-3. Heat map of correlation coefficients between all pairs of properties in stream 2.

In contrast, some correlations were higher between the properties of stream 2, with
correlation coefficients ranging between -0.541 and 0.90. The most positively correlated
pairs were: T65% and T85% (r = 0.901), T85% and T95% (r = 0.876), and to a lesser
extent T65% and T95% (r = 0.517). As expected, the distillation temperatures at 65%,
85%, and 95% recovered, which are the most important parameters of the distillation
curve [4], are typically highly correlated (see Figure IlI-4). The composition, including the
class and structures of hydrocarbons present, influences the boiling points and,
consequently, the distillation profile of the diesel fuel. The higher the distillation
temperatures in the final section of the distillation curve (in this case, T65%, T85%, and

T95% recovered), the higher the heavier hydrocarbon fractions in the diesel.

Temperature [°C]

150 - ‘ ‘ e
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Figure Ill-4. Distillation curves of three diesel samples.
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Furthermore, the pairs T65% and viscosity (r = 0.639) and between density and
viscosity (r = 0.561) were also positively correlated. These correlations can be expected
if one considers that viscosity is a measure of how easily diesel fuel can flow and is
related to the molecular weight of the compounds rather than to the class of
hydrocarbons [2]. Naphthenes generally exhibit slightly higher viscosity than paraffins
and aromatics for a given number of carbons. It is unsurprising that the correlation
between viscosity and distillation temperatures decreases as the percentage of
recovered volume increases. As the distillation process progresses, the composition of
the fractions that remain to be distillate diverges further from the original diesel
composition. A similar trend for the correlation between density and distillation

temperatures can also be deduced from the heat map in Figure Il1-3.

Finally, as expected, FAME and cetane number (r = 0.525) were also positively
correlated. In this sense, the higher the FAME content, the better the ignition properties
and, therefore the higher the cetane number of the fuel. Similar to the aforementioned
properties, cetane number has a systematic variation with hydrocarbon class (paraffins,
isoparaffins, naphthene, or aromatic) and hydrocarbon structure (linear or branched).
Within the characteristic range of each class, the higher the molecular weight in paraffins
and longer side chains in isoparaffins, in high molecular weight naphthenes, and in
single-ring aromatics, the higher the cetane number. In this sense, FAME predominantly
consists of long-chain hydrocarbon groups characterized by minimal branching or

aromatic structures [8], resulting in a typically higher cetane number (CN).

The most negative correlation is between FAME and flash point (r = -0.541). This
observation is intriguing, considering that FAME commonly exhibits higher flash points
compared to diesel [5,6]. Besides, it is also known that light compounds show higher
flash points (FP) [7]. Therefore, although the reason behind this correlation is not clear,
the effect of FAME content is probably masked by the effect of the amount of heavier

non-FAME fractions in the samples.

The least correlated pairs were T65% and sulfur content (r = 0.011), T65% and
CFPP (r = 0.062), T85% and sulfur content (r = -0.075), T85% and CFPP (r = 0.085),
T95% and sulfur content (r = -0.003), T95% and density (r = 0.04), T95% and CFPP (r =
0.061), sulfur content and FAME content (r = -0.064), sulfur content and cloud point (r =
-0.017), sulfur content and cetane number (r = -0.002), density and CFPP (r = -0.048),
FAME and cloud point (r = 0.074), FAME and CFPP (r = 0.023), flash point and cloud
point (r = -0.056), flash point and CFPP (r = 0.072) and flash point and cetane number (r
=0.078).
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lll.4 Acquisition and spectral analysis
lll.4.1 Spectral acquisition

The infrared spectra of the samples were recorded in absorbance mode with an
Analect Diamond 20 FTIR/FT-NIR process lab analyzer used for routine analysis under
laboratory conditions. The 100% of the transmittance was established daily with the
empty cell. Diesel samples were injected into a flow cell of 0.5 mm path length. The flow
cell was flushed with toluene between samples. The spectra were recorded at room
temperature (22 + 2 °C) under the following conditions: wavenumber range 7000-986
cm™, resolution 4 cm™, and averaging of 64 scans. A new background spectrum was
acquired daily to keep up with baseline shifts and environmental fluctuations. Figure 111-5
shows the spectra of the total set of samples analyzed for each stream (150 and 1583
for stream 1 and stream 2, respectively). It can be seen that the absorbances recorded in
the following subregions of the IR spectrum: 3276 - 2755 cm™, 1750 -1735 cm™ and 1555
- 1320 cm™ for all samples were very high. This is probably attributable to the heightened
molar absorptivities of active species in these mid-infrared (MIR) subregions, which often
need sample dilution before analysis. Only the spectral regions with absorbance lower

than 1.5 were considered for the classical spectral analysis.
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Figure IlI-5. Infrared spectra of the analyzed samples from stream 1 (left) and stream 2 (right).

lll.4.2 Classical spectral analysis

Figure 111-6 shows the spectrum of a sample from each stream, both with the same
cetane number value (53). For better analysis, the spectrum is divided into three spectral
subregions: NIR-MIR (6024.5-3270.7 cm™), MIR (2753.9-1554.3 cm™), and MIR (1320
—984 cm™).
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The NIR absorption bands 6021 and 4000 cm™ (Figure I1I-6A) are the result of the
first overtones and combination regions of the C-H bond stretching, and the second
overtone of the C=0 and combination regions of C-O of hydrocarbons characteristic of
diesel [12—14]. Specifically, the absorption bands of the C-H bond stretching of the methyl
group in branched alkanes appear around 5905 cm™, 5872 cm™', and 4100 cm™". Some
bands near 5800 cm™, 5680 cm, and 4336 cm™" correspond to the C-H bond stretching of
the methylene group in alkanes [13]. The combination band of the C-H and C=0O bond
appears near 4650 cm™"[12,13]. For some spectra, some differences are observed in the
absorption band near 4425 cm™', probably related to the vibrational mode of stretching of

the C-H bond in the terminal methyl group near the carbonyl group.

1571 T T 1.5 T
——— Stream 1 vE=0
Stream 2
uC-H,
o 17 o 17
Q Q
oy C
(] ®
= £
o o
2] [ 2]
0 e}
<05 < 05
— Stream 1
0F ‘ . ‘ . B 0_—|Stream2‘ ‘ . ‘ .
6000 5500 5000 4500 4000 3500 2600 2400 2200 2000 1800 1600
Wavenumber(cm’1) Wavenumber(cm‘1)

251 vC-0. Stream 1| |
i 1 —— Stream 2

o
T

Absorbance
[4)}

0.5

1300 1250 1200 1150 1100 1050 1000
Wavenumber (em™)

Figure Ill-6. Spectra of diesel of streams 1 and 2 in the region a) 6021 and 4000 cm™, b) 2760-
1560 cm™ and ¢) 1320-984 cm™.

In the MIR region, the absorption bands between 2760 and 984 cm™' (Figure 111-6B
and Figure I1I-6C) result from the fundamental vibrational modes of the groups C = 0 and
C — C [15]. The weak bending bands of the C — H bond (overtone) of aromatic compounds
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are observed around 2000-1650 cm™. The content of FAME in the samples produces an
intense carbonyl absorption band (1750 and 1735 cm™"), corresponding to the stretching
vibrations of the C = 0 bond, and two aliphatic ester absorption bands (1300 and 1050
cm™") characteristic of two stretching vibrations of the C — O bond [16,17]. Specifically, the
coupled asymmetric vibrations correspond to the bonds (CC(=0)—- 0 and 0-C-C)
around 1250 and 1205 cm™, respectively [14,18,19]. The band at 1175 cm™ provides
additional spectral information and completes the three-band pattern (1250, 1205, and
1175 cm™) characteristic of the methyl esters of long-chain fatty acids [14,18,19]. The

vibrational group attribution to each band is presented in Table IlI-2.

Table 11I-2. Vibrational group and spectral bands for diesel samples.

Vibrational group attribution Wavenumber (cm)
CH; stretch 5905, 5872, 4100
CH, stretch 5800, 5680, 4336
C—H + C = 0 combination 4650
CH; stretch 4425
C = 0 carbonyl stretch 1750 - 1735
C = C stretch (alkenes) 1660-1600
C = C stretch (aromatic) 1600, 1475
CC(= 0) — O stretch (aliphatic ester) 1250
0- C- C stretch (aliphatic ester) 1205
0- C- C stretch (methyl esters of long-chain fatty acids) 1175

l1l.4.3 Multivariate spectral analysis

Principal component analysis (PCA) was carried out with spectra of samples from
each stream, for which reference values for the properties of interest were
simultaneously available. A matrix X = [X4; X5](261 X 963) was constructed and mean-
centered, where X1: 74 X 963 and Xz: 187 X 963 are the spectral matrices of streams
1 and 2, respectively, in the ranges 6024.5 — 3270.7 cm™ and 2753.9 — 1554.3 cm™.

The first three principal components explain 44.27%, 27.18%, and 9.43% of the
variance, respectively, and 80.88% of the accumulated variance. Figure Ill-7 shows the
PCA scores using the FAME content to evidence the variability between the two types
of diesel samples. The graph of PC2 vs. PC1 (Figure IlI-7A) shows that the spectra of
both streams overlap to some degree. Although this overlap is maintained in Figure Ill-

7B, two groups of samples are distinguished. One group consists mainly of samples from
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stream 2 with FAME located at the top of Figure IlI-7B. The other group is formed by the
remaining samples from stream 2 (they do not contain FAME or this is less than 0.05%
V/V) and the samples from stream 1, located at the bottom of Figure IlI-7B. This

differentiation is achieved by PC3 despite its low percentage of explained variance.

The PCA of the spectra in the aforementioned working regions could not differentiate
the samples of stream 1 from the samples of stream 2. However, it seems that PCA was
able to differentiate the samples by their FAME content. This behavior was already
expected since the absorption band of the C=0 bond linked to FAME content is the most

significant spectral difference between the samples of the analyzed streams.
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Figure Ill-7. Score plots of PCA of the spectra of the diesel samples: stream 1 (circles) and stream
2 (rhombus) and the FAME content measured in each sample (colour bar).

PCA may encounter limitations as it consistently seeks linear relationships [20,21].
In order to address this issue, t-SNE from the same spectral data can account for non-
linear relationships, resulting in better differentiation between samples from both
streams. Figure III-8 depicts the spectral data reduced to two dimensions after applying
t-SNE with Euclidean and cosine distance metrics. It can be seen that the first dimension
separates the spectra, taking into account their FAME content, and the second
dimension differentiates the samples of stream 1 from the samples of stream 2. Three
clusters are evident: i) samples from stream 1, ii) samples from stream 2 with FAME
content, and iii) samples from stream 2 without FAME content. In addition, one notices
that some spectra from stream 1 seem to belong to cluster 3, which is not surprising
considering that the samples from stream 1 are the basis of the chemical formulation of
samples from stream 2. In this sense, the lower the FAME content, the greater the

similarity between the spectra of clusters 1 and 3. Overall, t-SNE provides better
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clustering than PCA since the expected differences between the samples are more
distinguishable. Besides, t-SNE using cosine distance outperformed Euclidean distance

since a better separation between clusters was obtained.
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Figure 11I-8. Plot of the spectral data {stream 1 (circles) and stream 2 (rhombus) and the FAME
content measured in each sample (colour bar)} after t-SNE by using euclidean (left) and cosine
(right) distance metrics, perplexity = 30, learning rate = 500.

Figure 111-9 shows the spectral data reduced to 2 dimensions by applying t-SNE
(cosine distance) and the reference values of the six common properties for both streams
as code colour. It can be seen that the spectral characteristics of the samples from each
stream, which are a reflection of their chemical composition, play a pivotal role in
determining their property behavior. Specifically, spectra associated with samples from
stream 1 exhibit higher values for density, T95%, flash point, cloud point, cetane number,
and sulfur content compared to those from stream 2. Interestingly, among the spectra
corresponding to stream 2, despite variations in ester content, no significant differences
are observed in their property values. Also note that within the same cluster, remarkably
similar spectra are linked to different reference values, and across different clusters,

several spectra share the same reference values.

This exploratory analysis suggests that, despite the identification of three groups of
samples based on their spectral characteristics, the values of the physicochemical
properties are strongly influenced by the origin of the samples (streams 1 or 2) rather
than by the FAME content.
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Figure 11I-9. Plot of the spectral data {stream 1 (circles) and stream 2 (rhombus)} after t-SNE by using cosine distance metric
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1.5 Conclusions

For samples from stream 1, no significant correlations between the physicochemical
properties were identified. For samples from stream 2, stronger correlations between
T65% with T85% (r = 0.90) and T85% with T95% (r = 0.876) were identified.

Samples containing FAME can be identified by the absorption band around 1750
cm™ corresponding to the carbonyl group C=0. There are no specific absorption bands

in the infrared region for other properties of diesel.

Principal component analysis of the spectra differentiated the samples into two
clusters based on their FAME content. These groups do not correspond to the samples

from each stream.

Exploratory analysis using t-SNE proved to be more effective than PCA in
distinguishing clusters according to their spectral features. Through this approach,
samples from stream 1, samples from stream 2 with FAME content, and samples from

stream 2 without FAME content were identified.

The difference in the property values of the samples seems to be more influenced
by the origin of the samples (streams 1 or 2) rather than by the FAME content. This
observation has led to the development of specific calibration models for samples from

each stream.
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IV.1 Introduction

The demand for fast, inexpensive, and multiparametric analytical methods has led
to the widespread use of infrared spectroscopy with multivariate calibration. Among the
calibration models, artificial neural networks (ANNs) are a versatile class that is
especially suited to handle nonlinear relationships between the spectrum and the
property to be predicted [1]. Some examples of analytical determinations that use ANNs

can be found in references [1-7].

The use of ANNs in routine analyses requires proper model validation, the
specification of the applicability domain, the periodic testing of the model’s performance
against the reference method, and some means of estimating the prediction uncertainty.
While aspects such as prediction uncertainty [8-9] and analytical figures of merit [9-11]
have been addressed, the characterization of the applicability domain of a feed-forward
neural network has been less studied. The applicability domain (AD) can be defined as
the sample space where the model is expected to predict with a given reliability [12]. In
spectroscopic methods, predictions are more reliable when the spectra of the new
samples are like the spectra of the training samples, i.e., within the AD. Samples outside
the AD are extrapolations, and therefore, their predictions are less reliable. The reasons
why a new sample may fall outside the AD are diverse. Some are related to the sample
itself, such as having a new ratio of constituents or different matrix effects, while others
are related to gross errors, new measurement conditions, or instrument performance.
These sources of discrepancy are discussed regularly in reports that deal with novelty
detection, anomaly detection, fault detection, and model updating. In this sense, the
specification of the AD is connected to the approaches used to detect prediction outliers,

which are those instances that are outside the boundaries of the AD.

Quantitative-structure activity relationship (QSAR) studies offer a convenient initial
perspective about some approaches that can be used to describe the AD. The definition
of the AD in QSAR is an active area of research [13-18] motivated by the fact that the
validation of QSAR models used in regulatory applications must include the specification
of the AD [19]. When the modeling algorithms used in analytical determinations coincide
with those in QSAR, the principles used to define the AD are common [20-21]. These
principles are also found in surveys about outlier detection in classification and
regression [22-28], where the AD is not explicitly mentioned, but it is indirectly

understood as the space enclosed by the limits used to issue outlier warnings.

There are different approaches to defining the AD of a model. They can be based

on variable ranges, distances, densities, ensemble learning, or prediction intervals, to
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mention one way of grouping them [20,29]. This diversity of methods reflects the variety
of scenarios, and the choice of the approach depends on the characteristics of the model
and the type and distribution of the available data. Nevertheless, the prevailing situation
is the lack of training instances outside the AD, so most methods are unsupervised, and
the boundaries of the AD are set by learning from good data. Among these methods,
distance-based approaches are simple and widely used [13,17,18,30]. The similarity
between a new sample and the training samples can be measured by the Euclidean
distance [14], Mahalanobis distance [31], Manhattan distance [32], Hotelling’s T? and
leverage [29]. For highly correlated variables, such as spectra, the Mahalanobis distance
is especially useful [33,34]. It is assumed that the prediction accuracy decreases as the
distance of the new sample to the training samples increases. Hence, a distance above
a given threshold indicates that the sample is outside the AD, and its prediction is
unreliable. The threshold can be set as a quantile of the theoretical distribution that the
metric is known to follow or a quantile of the distances calculated for the training samples
up to the maximum distance obtained for the training set [13,29,35]. Reconstruction-
based methods are also common. They assume that novelties (i.e., spectra of good
samples not yet represented by the model) or anomalies (i.e., spectra of bad samples or
erroneous spectra of good samples) cannot be reconstructed from projections in a space
of fewer dimensions calculated from good samples [25,36]. Therefore, they can be
detected by a spectrum reconstruction error above a given threshold [21]. This idea is
used in factor-based multivariate models, where the sum of squared spectral residuals
(a.k.a. Q-value) is commonly used to detect outliers. In nonlinear scenarios,
autoencoders are a type of neural network that can be used for this purpose. These
networks are designed to reconstruct the input through a narrow hidden layer known as
the bottleneck. By compressing the input through the narrow layer, the common
information relevant to describing the samples is preserved, so the autoencoder learns
to reconstruct the training data approximately. Hence, an autoencoder will properly
reconstruct the spectrum of a new sample if it is similar to the spectra used to train it.
Otherwise, reconstruction will be poor. Therefore, novel and anomalous samples can be
identified by having larger spectral residuals than the residuals of the training samples.
Autoencoders have been used in multivariate process control, sample classification, and

fault diagnosis, among other applications [7,37].

This work shows a procedure for establishing the AD when a feed-forward neural
network (FFNN) is the calibration model of an analytical determination. The AD is
enclosed by two limits. One limit is based on the Mahalanobis distance calculated from

the projection of the training spectra in the reduced latent space of the regression
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network. The other limit uses the sum of squared spectral residuals of an autoencoder.
Two variations of the latter are presented and compared. One is the classical
autoencoder, trained from the raw spectra. The other uses only the decoder part of an
autoencoder, trained using the activations from the regression network as input.

As a study case, the approach is applied to the determination of the density of diesel
fuel samples from IR spectra using an FFNN. The combination of IR spectroscopy and
ANNSs has been shown to be effective in determining relevant physicochemical properties

of diesel fuel samples [38-41].

IV.2 Theory
IV.2.1 Autoencoder in anomalies detection

Autoencoders can be used to detect anomalies since, by forcing the output to be as
similar as possible to the input, they generalize poorly. An autoencoder trained with the
spectra that were used for training the regression network will faithfully reconstruct a new
sample spectrum only if it resembles the training spectra. An anomalous spectrum
containing unmodeled parts will not be reproduced well, and the spectral residuals will
be large. A threshold Qy;, can be estimated from the spectral residuals of the training
spectra so that a new spectrum whose Q value is larger than Qy;,, is said to be outside
the applicability domain of the model. The threshold will depend on the complexity of the
autoencoder and the similarity among the training spectra. For a given autoencoder
architecture, a training set that is made of very similar spectra will result in a well-fitted
autoencoder, small residuals and a low Q. Only very similar new spectra will be
reproduced well and the applicability domain will be restricted. A slightly different
spectrum will easily be marked as outside the applicability domain. This implies an
increased risk of rejecting a good extreme sample (type | error). Conversely, an
autoencoder trained with very diverse spectra will have a worse fit and a higher Qy;,,. The
applicability domain will be less tight and more varied spectra will be accepted,
increasing the likelihood that a true outlier will go unnoticed (type Il error). The number
of layers and nodes of the autoencoder will also affect Qy;,,. For a given training set, a
wider bottleneck results in a better fit and a lower Qy;,, than a narrow bottleneck. Thus,
fine-tuning the autoencoder architecture can restrict or widen the applicability domain.

The trade-off will depend on the problem at hand.

Note that an autoencoder will reproduce a spectrum independently on the regression
network for which we are specifying the applicability domain. In this sense, defining the
applicability domain of a regression network using the autoencoder’s ability to reproduce

spectra is like using the nearest neighbor distance or principal component analysis to

V-4 Maria Suliany Rodriguez Barrios, Doctoral Thesis, Universitat Rovira i Virgili, 2024



UNIVERSITAT ROVIRA I VIRGILI
DETERMINATION OF DIESEL PROPERTIES BY INFRARED SPECTROSCOPY AND MULTIVARIATE CALIBRATION
Maria Suliany Rodriguez Barrios

Chapter IV

define the applicability domain of a partial least squares regression model. None of these
methods use the specific form of the regression model to indicate that a spectrum is
inside or outside the applicability domain. Since the regression network emphasizes
different parts of the spectrum depending on the property to be predicted, the effect of a
spectral anomaly on the prediction is different depending on the zone of the spectrum
affected. To emphasize the detection of anomalies in the wavelength ranges that are
most influential for prediction, an alternative spectral reconstruction approach can be
tested. It consists of training only the right-hand block of the autoencoder, the decoder,
to reproduce the training spectra. In this case, the input to the decoder for the training
sample i can be the activations vector of the hidden layer of the regression network a;
and the output will be the reconstructed spectrum X;. The decoder is then trained to
minimize the reconstruction error given by equation 11.30 in Chapter Il. This is a less
optimal implementation of an autoencoder, as only the decoder part is trained starting
from a loose representation of the spectrum. It results in larger spectral residuals but is
an attempt to increase the sensitivity to anomalies at the wavelengths that are relevant

for regression.
IV.2.2 Mahalanobis distance

Let X = [X,, ...,Xp]T be p x 1 random vector with population mean p = E(X) and

covariance matrix £ = E[(X — p)(X — p)T]. The Mahalanobis distance between X and p

is given by

DX, p) = {(X - W'E (X — W}/ (IV.1)

This scalar is a generalized distance that measures where a vector X lies with
respect to the center of the multivariate space taking into account the correlations among
variables. If X is normally distributed, i.e., X~Np(u, ), D? follows a chi-square distribution

with p degrees of freedom [42]. In practice, p and X are estimated from the M training
samplesas X = %Zﬁ‘il x;and S = ﬁzgilcxi —X)(x; — X)T so the sample version of the

squared Mahalanobis distance for observation x;

D? = (x;, -X)TS™ ' (x; —-%), i=1,...,M (IV.2)

is only approximately distributed as a )(12, if x;~N,(u, Z) but will asymptotically approach

X7 as M gets larger.
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In linear calibration models such as multiple linear regression, principal components
regression or partial least squares regression, the Mahalanobis distance is related to the
leverage, which is a recommended measure to flag that a new sample spectrum is
outside the calibration range [43]. The Mahalanobis distance can be used for the same

purpose as the leverage, by setting a limit of the AD as a quantile (e.g., 0.99) of )(5 in

case of multivariate normality or a quantile of the D? values of the training set if X is not
normally distributed. This latter approach resembles the ASTM norm recommendation
that a leverage larger than the maximum leverage of the calibration set can be used as

an indication of extrapolation of the model.

Although the Mahalanobis distance can be calculated for the spectra, it requires the
covariance matrix be nonsingular, which limits its use to cases when the number of
samples is larger than the number of variables. Moreover, the fitted model is not
considered to define its AD because eq IV.2 only involves the spectra. A less restrictive
option is to calculate the Mahalanobis distance using the activations of the hidden layer

of the regression network as

D? = (a; 'S (a; — 3) (IV.3)

where a; is the vector of activations of the hidden layer for sample i and a and S are the
average and covariance matrix of the hidden layer activations of the training set
respectively. As noted above, if the underlying distribution of the activations is
multinormal, then a quantile of x4 where d is equal to the dimension of a (that is, the
number of nodes in the hidden layer) can be used as a limit of the applicability domain.
If D? does not follow a chi-square distribution, then a limit Df,, can be set as a quantile
(e.g., 0.99) of the D? values of the training set. In all cases, a higher D? than the limit will
indicate that a sample outside the applicability domain and that its prediction cannot be
trusted [44]. This work describes the case when the regression network has only one
hidden layer. Such a model was enough for the property being modelled. For regression
networks with more than one hidden layer, one could hypothesize that combining the
Mahalanobis distances calculated for each hidden layer could be another way of defining

the applicability domain. This hypothesis has not been considered in this work.

IV.2.3 Q spectral residual

The root mean square of spectral residuals has been recommended [43] to detect

that a new sample contains interferences not present in the calibration samples.

V-6 Maria Suliany Rodriguez Barrios, Doctoral Thesis, Universitat Rovira i Virgili, 2024



UNIVERSITAT ROVIRA I VIRGILI
DETERMINATION OF DIESEL PROPERTIES BY INFRARED SPECTROSCOPY AND MULTIVARIATE CALIBRATION
Maria Suliany Rodriguez Barrios

Chapter IV

Similarly, for an autoencoder that has been trained to reproduce an input spectrum,

define the Q value for a sample [45] as the squared reconstruction error of the spectrum:

K
Q= kZl(xk - fk)z (|V4)

A new sample will be considered to be outside the AD if the sum of squared spectral
residuals from the autoencoder is larger than a limit set from the spectral residuals of the
training data. If the spectra follow a multinormal distribution, then Q follows a x%
distribution with the number of degrees of freedom equal to the number of spectral
variables K. In that case, a limit Q);;, can be set as a certain quantile (e.g., 0.99) of the
chi-square distribution. Otherwise, Qy;,, can be set, for example, as the 0.99 quantile of
the Q values of the training set. Thus, a new sample is said to be outside the applicability

domain if Q > Q.

IV.2.4 Applicability domain of a regression network

The applicability domain of the regression neural network can be established as
follows. Once a regression network has been trained to predict a property of interest from
the infrared spectrum, the vector of activations of each training sample in the hidden
layer of the regression network a; (Figure 11-12) is kept aside. The activations of all the
training samples are then used to calculate S in equation V.3, the squared Mahalanobis
distance of each training sample, and the limit of the applicability domain D§ .. Next, two
approaches are proposed to calculate the limit of the applicability domain that is based
on the spectral residuals, Qy;,. The first approach consists of training an autoencoder
(Figure 11-13) to reconstruct the training spectra using the training spectra as input. The
spectral residuals of the training set are used to define Q. Alternatively, only the
decoder part of Figure 1I-13 is trained to reproduce the training spectra using as input
the activations a; that were used to calculate the Mahalanobis distance. The spectral
residuals are used to define Q);,. The spectrum of the new sample is submitted to the
regression network to obtain the prediction and the Mahalanobis distance is calculated
from the activation of the hidden layer. Next, either the spectrum is submitted to the
autoencoder to obtain the reconstructed spectrum £ and Q (equation IV.4) or the hidden
layer activations are submitted to the decoder to obtain the reconstructed spectrum X

and Q. The spectrum is inside the applicability domain if Q < Qy, and D? < D§,..
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Otherwise, the prediction is not reliable and must be verified using the reference

analytical method.

IV.3 Matherials and methods
IV.3.1 Samples and software

The sample set consisted of 1792 diesel samples from streams 1 and 2 described
in section 1ll.1 of Chapter Ill. Absorbance spectra were acquired using the procedure
described in section I11.4.1 of Chapter lll. Absorbance spectra between 2591.86-1785.76
cm™' were considered for the development of the global calibration model. The density of
the samples was measured following the ASTM D4052 method [46] with an ANTON
PAAR digital densimeter model DMA 4500M. The values ranged between 820.0 kg/m?
and 875.0 kg/m3. The dataset was randomly split into a training set (899 samples), a
validation set (451 samples) and a test set (434 samples) which contained 50%, 25%

and 25% of the samples analyzed each month over 35 months.

Five spectra measured in a second FTIR/FT-NIR instrument of the same
manufacturer were added to the test set. Three discordant spectra resulting from an
erroneous manipulation of the sample in the instrument and a flawed background

measurement were also added to the test set.

Calculations were carried out in MATLAB (The MathWorks Inc., Natick, MA,
R2022a) with MATLAB'’s Deep Learning Toolbox™ and homemade routines.

IV.3.2 Methodology for optimizing artificial neural networks

A regression network was trained to predict the density of the diesel samples from
the mid-infrared spectra. The type of neural network used to predict diesel quality
parameters was a FFNN. The network consisted of a combination of layers as described
in the Deep Learning toolbox of Matlab software: an input layer that received the spectral
data after, min-max normalization (see Chapter Il) preprocessing, a hidden layer with the
hyperbolic tangent activation function, and an output layer with a linear activation function
(see Figure 1I-12 in Chapter IlI). The architecture of the network was selected after
training different networks with one and two hidden layers, with different combinations of
number of nodes in each layer up to 25 nodes. The models were trained by
backpropagation with 5000 or more epochs to minimize the MSE with Lz-regularization.

Training used stochastic gradient descent with momentum, initial learning rate 0.001,
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and Lo-regularization factor 10%. A mini-batch size of 16 was used to evaluate the
gradient of the loss function and update the weights. The simplest network with a low

MSE in the validation set was selected.

Different setups of autoencoder with three hidden layers were tested with an
increasing number (up to 25) of neurons each. To reduce the number of possible
structures that could be evaluated, the number of neurons in the bottleneck layer was
the number of nodes in the hidden layer of the selected regression network. The rest of
the settings for training the autoencoder were the same as those used for the regression
network. For the decoder, different setups of decoder were tested. Except Lo-
regularization factor 1073, the training parameters for the decoder were the same as those
used for the autoencoder. Both in the autoencoder and the decoder, the number of

neurons of the output layer was the dimensions of the spectrum.

IV.4 Results and discussion
IV.4.1 Neural network models

Figure V-1 shows the MIR region used to establish the regression model. The range
2591.86-1785.76 cm™ contains the fundamental vibrations of groups C-H and C=0
present in most compounds in diesel samples [47]. Regression networks with one or two
hidden layers with a variable number of nodes were trained to predict density from MIR
spectra. The selected model was the network with one hidden layer (Figure 11-12) and
ten neurons, as it was the simplest model with an acceptable prediction error of the
validation set. Only small differences in the validation performance were found by using
more than ten neurons or a second hidden layer. Such improvements fluctuated
depending on the randomness of the iterative training process based on minibatches.
Figure IV-2 shows the predicted density for the calibration and validation sets using the
selected network. The root mean squared error (RMSE) for the calibration and validation
sets was 0.56 kg/m®and 0.62 kg/m? respectively. The determination coefficient (R?) of
the linear fit between the reference density and the predictions was 0.98 and 0.98 for the
training and validation sets, respectively. The prediction ability of the network was
comparable to previously reported results [39] with ANNs or other multivariate calibration

methods calculated with smaller sets of samples covering shorter production periods.
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Figure IV-2. Predicted versus reference density for the training (blue) and validation (orange)
samples.

Different autoencoder architectures with one or three hidden layers were tested to
reproduce the training spectra. To keep the number of combinations to be tested low,
the number of neurons in the bottleneck was fixed, and it was the same as the number
of neurons in the hidden layer in the regression network. The selected autoencoder had
15, 10, and 15 neurons in the first, middle (bottleneck), and third hidden layers,
respectively. The RMSE for the training and validation sets in the selected model was
8.21-10"* and 8.47 - 10~*, respectively. Figure V-3 shows the reconstructed spectra
X and the spectral residuals of the calibration and validation samples. For both the
calibration and validation sets, the correlation coefficient between each spectrum and
the reconstructed spectrum ranged from 0.9992 to 1, confirming that the autoencoder

could successfully reproduce the spectra.
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Figure IV-3. Reconstructed training spectra and spectral residuals from the autoencoder.

The decoder was trained using as inputs the hidden layer activations of the training
set from the regression network (a 10 x 1 data vector per sample). Like in the
autoencoder, the output layer returned the reconstructed spectrum and equation 11.30 in
Chapter Il with Lo-regularization was the loss function to be minimized. Fifteen different
architectures of the decoder were tested with one and two hidden layers, with an
increasing number of neurons, up to 25. The simplest network with one hidden layer and
15 neurons was selected as it provided the lowest RMSE for the validation set. The
reconstruction error did not improve by using two hidden layers. The RMSE for the
training and validation sets in the selected model was 1.43-1073 and 1.42-1073,
respectively. Figure IV-4 shows the spectra estimated by the decoder for the training and
validation sets and the spectral residuals. For both the calibration and validation sets,
the correlation coefficient between each spectrum and the estimated spectrum ranged
between 0.9986 and 1, confirming that the decoder could also correctly reproduce the
original spectra from the ten activation values obtained from the regression network. The
spectral residuals are larger than the residuals produced by the autoencoder, which is
consistent with the fact that the autoencoder has a more complex structure with more

coefficients and is thus expected to fit the training spectra better.
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Figure 1V-4. Reconstructed training spectra and spectral residuals from the decoder.

IV.4.2 Applicability domain of the regression network

The squared Mahalanobis distance of calibration, validation and test spectra was
calculated from the activations of the hidden layer of the regression network (equation
IV.3). The quantile-quantile plot [48] of the D? values of the training samples (Figure I1V-5)
indicated that D? does not follow a x%, distribution, so the limit of the applicability domain

Dg,., was set at the 0.99 quantile of the D? values of the training set, which was 39.49.

120 ¢

N
o) o
S S}
T T
o

Quantiles of D?
(2]
o
)

) IN
S IS}

.

0 5 10 15 20 25 30 35
Theoretical quantiles of a X?o distribution

Figure 1V-5. Quantiles of D? vs. theoretical quantiles of a x?, distribution.

The Q values were calculated from the spectral residuals of the autoencoder and
the decoder. The quantile-quantile plot indicated that Q for both the autoencoder (Figure
IV-6) and the decoder (Figure IV-1S in the supplementary information) do not follow a
chi-square distribution. For the autoencoder, the largest Q value was 3.60-107 and the
limit Q;;m—ag Was set at 1.20-1073, the 0.99 quantile of the Q values of the training set.

For the decoder, the largest Q value of the training set was 6.60-10 and Qji,—gy Was
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set at 2.70-1073, the 0.99 quantile of the Q values of the training set. Note that Qjip,_ag iS
lower than Qym_gn, Which is consistent with the smaller spectral residuals of the

autoencoder observed above.
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Figure IV-6. Quantiles of Q from the autoencoder vs. theoretical quantiles of a y%,, distribution.

Figure IV-7 shows the limits of the AD of the regression network defined by the
squared Mahalanobis distance and the spectral residuals of the autoencoder. 1% of the
training samples (that is, 9 samples) had D? values higher than D, or Q values higher
than Qjim_gn- In total, 15 training samples (1.7% of the set) are outside the applicability
domain because they exceed one of the two limits Df,, or Qjim_ag Or even both. This is
an expected consequence of selecting 0.99 quantiles to set the limits of the AD. The
presence of these valid samples outside the AD indicates that the limits of the
applicability domain should not be interpreted as rigid boundaries that separate good
samples from outliers with unreliable predictions. Rather, these limits are the borders of

an inner region where the predictions can be confidently accepted.

log, ()

Figure IV-7. log,,(Q) of the autoencoder vs. log,,(D?) for the training (blue), validation (orange)
and test samples (red). The limits of the applicability domain of the regression network are shown.
The logarithmic scale was used to facilitate the visualization.
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Only four validation samples had Q values higher than Q);,,—ag and one of them also
had D? value higher than Df,,,. Most of the test samples were also within the AD, except
19 samples that had D? or Q values exceeding the limits. Four of them stood out only for
their high spectral residual (Q > Qiim—ag) While their D? values were lower than D .. Two
samples stood out for their high D? values (D? > Df,,) while having a low spectral
residual (Q < Qjim_ag)- The thirteen remaining samples had simultaneously D? and Q
values exceeding the limits. Figure IV-8 shows the spectra of these thirteen highly
discordant samples, compared with the spectra of the training samples. Among these
thirteen, five were the ones that had been measured with the second instrument and
three were the rare spectra that had been added to the test set. This showed the ability

of the AD to flag discordant spectra.

Absorbance

0 | | | | ! I ! |
2600 2500 2400 2300 2200 2100 2000 1900 1800
VVavenunwber(cnf1)

Figure IV-8. Spectra of the samples outside the applicability domain compared to the range of the
spectra of the training samples.

Figure IV-9 shows the empirical cumulative distribution function of the absolute
prediction error of the density for each sample e; = |y; — ¥;| of the training and validation
set together. As expected for regular spectra, there is not a high correlation between the
absolute prediction error and the D?and Q values as they all are part of the modelled
variability of the training set. Hence, a range of prediction errors is possible, as indicated
by the cumulative curve. On the other hand, anomalous spectra that have high values of
Q and D? (that is, they are outside the AD) are more susceptible to produce large
prediction errors. This is what is observed in Figure IV-9 with the ten test samples that
were outside both AD limits simultaneously. Nine of them had absolute errors larger than
1.35 kg/m3, that is, worse than 97% of the errors of the training and validation sets. The
other four test samples that were outside the AD had small absolute errors, in
accordance with the idea that the AD cannot be regarded as the space outside which we

have the absolute certainty that the prediction errors will be large in all the cases, but as
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a zone outside which there is a higher risk of large prediction errors and thus, the

predictions should not be trusted.

Figure IV-9. Empirical cumulative distribution function of the absolute prediction error for density.

As an alternative to the autoencoder, which is trained independently on the
regression network, the spectral residual limit of the AD was also calculated from the
decoder part of an autoencoder, calculated from the activations of the hidden layer of
the regression network. The decoder reconstructs the spectra worse than the
autoencoder, resulting in larger residuals and a larger Qj;y,. The AD limits set from the
Mahalanobis distance and the decoder also detected the thirteen discordant spectra in
the test set with a Q value larger than Qy;,, that were also flagged by the autoencoder
(Figure IV-2S in the supplementary information), but we did not observe any apparent
improvement in the detection of outlying samples by using the decoder compared to
using the autoencoder. The reason was that the decoder did not necessarily had the
largest weights at the nodes that received the largest (in absolute value) activations from
the hidden layer of the regression network. Therefore, small anomalies at the important
wavelengths that resulted in defective activations (and hence, could be detected by the
Mahalanobis distance) did not translate into large spectral residuals in a more sensitive

way than for the autoencoder.
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IV.5 Conclusions

Routine quantitative determinations based on multivariate spectroscopy and
multivariate calibration require safeguards to ensure that the accepted size of the
prediction errors is maintained during the use of the model. One of these safeguards is
the characterization of the applicability domain of the model. Beyond the limits of this
domain, the prediction of a sample is not considered to be reliable enough. This does
not necessarily mean that the sample will produce a large prediction error, but it is
susceptible to it. This work has presented an approach to finding these limits in a feed-
forward neural network, arguably the most common and simple network used in chemical
analysis. The limits were set as the 0.99 quantiles of two metrics calculated from the
training data. One was the squared Mahalanobis distance calculated from the activations
of the hidden layer of the regression network. This measured the distance of the new
sample to the center of the model. The second was the sum of squared spectral residuals
obtained by reconstructing the spectrum from a lower dimensional space. For the latter,
two approaches were studied, either using an autoencoder or a decoder. The
autoencoder was trained independently on the regression network, while the decoder
used the activations from the hidden layer of the regression network. Both approaches
indicated how well the prediction spectrum could be reproduced from the training data.
Large spectral residuals indicated a spectrum outside the applicability domain and a
qguestionable prediction. As a case study, a neural network was used to predict the
density of diesel fuel samples from their MIR spectra. Thirteen spectra were identified
outside the applicability domain with Q and D? values higher than the limits
simultaneously. Nine of them were found to have high prediction errors. For the
remaining four samples, although their prediction should not be trusted, the prediction
errors were not abnormally high. While the initial hypothesis that the decoder might
outperform the autoencoder could not be confirmed, both methodologies showed

consistent behavior.

This work has been restricted to a regression network with one hidden layer, but
there are a variety of architectures of networks that could be considered. For example,
the activations of a regression network with two hidden layers could be combined to offer
a better limit of the applicability domain. The idea that a better definition of the
applicability domain should involve the form of the model (something that is not taken

into account by the autoencoder only) still persists.
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IV.7 Sumplementary information
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Figure 1V-1S. Quantiles of Q from the decoder vs. theoretical quantiles of a y2,, distribution.
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Figure IV-2S. log,,(Q) of the decoder vs. log,,(D?) for the training (blue), validation (orange)
and test samples (red). The limits of the AD of the regression network are shown. The logarithmic
scale was used to facilitate the visualization of the samples around the established limits of the
AD.
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Chapter V

V.1 Introduction

This chapter aims to develop multivariate calibration models for the quantitative
determination of the physicochemical properties of desulphurized diesel samples
(stream 1) and commercial diesel samples (stream 2) using IR spectroscopy. The
physicochemical properties of interest were listed in Chapter |. The calibration models
will be based on PLS regression and FFNN. The methodology followed for each quality
parameter involves a) selection of the optimal region of the IR spectrum, b) calculation
of the models and definition of their limits of applicability (Q and Hotelling’s T? for PLS
and Q and D? for FFNN) and c) validation of the models. Additionally, we compare the
performance of both models in determining each diesel property and contrast them with

performance data from the literature.
V.2 Experimental

V.2.1 IR data and software

The sample set comprised 1736 diesel samples described in section I1l.1 of Chapter
I1l. All samples were recorded under identical conditions using the procedure outlined in
section IIl.4.1 of Chapter Ill. From the recorded spectrum, only the spectral ranges of
6021-3275 cm™ and 2760-1800 cm™ were considered for developing the calibration

models.

For each stream, 50%, 25%, and 25% of the samples were randomly assigned to
the calibration, validation, and test set, respectively, making this division individually for
each of the 36 months of diesel production considered in this dataset. To compare the
results of PLS and ANN models, the same training, validation, and testing sets were

utilized for both models of each property.

PLS models were carried out with Matlab (The MathWorks Inc., Natick, MA, R2022a)
and PLS-Toolbox v7 (The Eigen Vector Research, Manson, WA). ANN models were

calculated using Matlab’s Deep Learning Toolbox.
V.2.2 Selection of the optimal spectral region for the PLS model

Wavenumber selection was performed using a changeable size moving window
partial least squares (CSMWPLS) approach. Although this method is computationally
intensive compared to other common selection approaches, it was very simple to
implement, and the calculation times were reasonable enough for the number of PLS

models that had to be tested.
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The CSMWPLS approach was applied to two specific regions of interest within the
IR spectrum: the NIR-MIR region spanning from 6021 to 3275 cm™ and the MIR region
from 2760 to 1800 cm. The initial window size was 180 spectral points and was steadily
increased to 715 points for the NIR-MIR region and up to 248 points for the MIR region.
The starting window size (180) was selected based on the resolution of the spectra and
the width of the widest absorption band in the spectrum. For every size window, a PLS
model was calculated as the window moved along the spectrum. The PLS models were
calculated using mean-centered data, and their number of LVs was chosen as the one
with the minimum RMSECYV after 10-fold cross-validation. The optimal spectral interval
for each IR region of interest was selected as the spectral sub-region corresponding to
the size window with the smallest RMSECYV value. Subsequently, the PLS model was
computed by combining the optimal spectral sub-regions identified: the best one in the
NIR-MIR region and the top-performing one in the MIR region. Finally, for each of the
two streams, the spectral sub-region or combination of optimal spectral sub-regions with

the lowest RMSECYV value was chosen for the development of PLS and ANN models.

V.2.3 Calibration models: PLS and ANNs

The PLS models were calculated using mean-centered data in the optimal spectral
region selected by CSMWPLS and following the procedure described in the previous
section. Meanwhile, the FFNN models were constructed using IR data in the same
spectral region selected for the PLS model, employing the procedure described in
section IV.3.2 of Chapter IV. The predictive ability of both PLS and ANN models was
evaluated as the mean square error of prediction (RMSEP) of the test set for each

stream.

The applicability domain of the PLS model was established based on Hotelling's T2
and Q statistics, as commented in Chapter Il. The limits of applicability of the FFNN
model were set as the 0.99 quantiles of the squared Mahalanobis distance (D?) and the
spectral residuals (Q) obtained by the autoencoder and the decoder networks, as
detailed in Chapter IV. The architecture of both the autoencoder and decoder networks

was tested following the procedure described in section 1V.3.2 of Chapter IV.

Once the limits of applicability have been defined, a new spectrum is projected onto
the calibration model space. Hotelling's T? and Q-residuals (for the PLS model) or
squared Mahalanobis distance and Q-residuals (for the FFNN model) are calculated and
compared to these limits. A sample whose statistics values fall within the limits of the
applicability is regarded to be similar to the calibration and validation samples, and its

prediction by the model is deemed reliable. Conversely, the prediction of a sample whose
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spectrum is beyond the limits of applicability should not be trusted and must be analyzed

with the reference method.

The tolerance limits admitted by the models were as follows: density (1 kg/m?), T65%
(2.58 °C), T85% (3.40 °C), T95% (6.46 °C), flash point (3.57 °C), cloud point (2.36 °C),
CFPP (2.59 °C), sulfur (1.73 mg/kg) and FAME content (0.66 % v/v), viscosity (0.022
mm?/s), cetane number (1.08). To evaluate the agreement between the predicted values
from the model and those determined by the reference method and also consider
whether the model was valid or not for routine analysis, eq. 11.13, detailed in Chapter I,
was applied. According to the ASTM-E-1655 standard, the models were considered valid
for routine analysis if more than 95% of samples exhibited prediction errors within the

tolerance limits admitted by the reference method.
V.3 Results and discussion
V.3.1 PLS and ANN models for predicting density

For selecting the optimal spectral range, Figure V-1 and Figure V-2 show the cross-
validation error of PLS models constructed for the density of samples from streams 1
and 2 as a function of the starting point and length of the spectral region. In the NIR-MIR
region (Figure V-1 (left) and Figure V-2 (left)), the error decreased as the starting point
shifted towards smaller wavenumbers and the region length increased. The minimum
error for stream 1 was 0.78 kg/m?, corresponding to the interval 5538.56-3336.25 cm™’
(571 points) (Figure V-3). For stream 2, the minimum error was 0.82 kg/m3,
corresponding to the interval 5168.29-3270.68 cm™ (492 points) (Figure V-4). Both
spectral regions correspond to vibrational modes of the C-H bond stretching of methyl
and methylene group and a combination bands of C-H bond stretching and C=0 bond

stretching (see Table 1lI-2 of Chapter ).

In the MIR region (Figure V-1 (right) and Figure V-2 (right)), the error for all PLS
models is lower than in the NIR-MIR region. As the starting point of the range shifted
towards lower wavenumbers, the error decreased. The smallest error for stream 1 was
0.48 (kg/m3), corresponding to the interval 2518.58-1824.33 cm™ (180 points) (Figure
V-3). For stream 2, the smallest error was 0.56 (kg/m3) corresponding to the interval
2742.28-1801.19 cm™' (244 points) (Figure V-4). Both regions are characteristic of the
fundamental vibrations of the C-H, C=C, C=0, and S-H bonds (see Table IlI-2 of Chapter
).
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Figure V-1. Cross-validation error of each PLS model for density prediction of desulfurized
samples during the CSMWPLS procedure as a function of the starting wavenumber of the spectral
window and the window size in the NIR-MIR (left) and MIR (right) region.
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Figure V-2. Cross-validation error of each PLS model for density prediction of commercial
samples during the CSMWPLS procedure as a function of the starting wavenumber of the spectral
window and the window size in the NIR-MIR (left) and MIR (right) regions.
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Figure V-3. Optimal spectral range in the NIR-MIR (left) and MIR (right) regions for the PLS model
of desulfurized samples.
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Figure V-4. Optimal spectral range in the NIR-MIR (left) and MIR (right) regions for the PLS model
of commercial samples.

Table V-1 shows the main results of the best-performing PLS models developed for
samples from each stream in the best NIR sub-region, the best MIR sub-region, and the
union of both selected sub-regions. As can be seen, the RMSECV of the PLS model for
samples from stream 1 did not improve by joining the spectral sub-regions, but it
improved for samples from stream 2. Hence, the PLS model for samples from stream 1
was based on the optimal MIR sub-region (2518.58-1824.33 cm™) selected, whereas the

PLS model for samples from stream 2 was based on the joint NIR-MIR sub-regions

(5168.29-3270.68 and 2742.28-1801.19 cm™).

Table V-1. Characteristics of the PLS models in the optimal spectral subregion NIR-MIR, MIR,
and the combination NIR-MIR and MIR intervals.

PLS
Stream 1 Stream 2
Selected region (NIR-MIR) cm~!  5538.56-3336.25 5168.29-3270.68
LVs 10 10
RMSECV 0.78 0.83
Selected region (MIR) cm™! 2518.58-1824.33 2742.28-1801.19
LVs 10 13
RMSECV 0.48 0.56
5538.56-3336.25 5168.29-3270.68
Region (NIR-MIR) cm™! and and
2518.58-1824.33 2742.28-1801.19
LVs 12 14
RMSECV 0.58 0.48

Figure V-5 shows the applicability domain of the PLS model for samples from

streams 1 and 2, expressed for each statistic, corresponding to significance levels of

V-6
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95% and 99%. As can be seen, at a significance level of 95%, only a few calibration
samples from stream 2 had high Q residuals and Hotelling’s T? values. Nevertheless,
these samples that remained very close to the limits at this significance level had low
prediction errors, and hence, they were kept in the model. At a significance level of 99%,
no calibration sample from streams 1 and 2 was excluded from the analysis. Those
samples from the test set of each stream that exceeded, Qy, and TZ, with high
prediction errors were removed. Some of these removed samples had density values

outside the range of the calibration model for each stream.
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Figure V-5. Q residuals vs. Hotelling’s T? for stream 1 (left) and stream 2 (right) PLS models. Solid
and dashed lines represent the limit of Hotelling's T? and Q statistics at 95% and 99% confidence,
respectively. Calibration samples (blue), validation samples (orange), and test samples (green).

Figure V-6 shows the experimental density values versus those estimated by the
PLS models for samples from each stream. The determination coefficient (R?) of the
linear fit between the reference density and the predictions of each PLS model was 0.99.
The RMSE values for the calibration, validation, and test samples from stream 1 were
0.34 kg/m3, 0.61 kg/m* and 0.73 kg/m?®, respectively. Meanwhile, the corresponding
values for the calibration, validation, and test samples from stream 2 were 0.40 kg/m?,
0.43 kg/m* and 0.46 kg/m?3, respectively. The predictive ability of the PLS model for

stream 2 was better than that for stream 1.

Figure V-7 shows the prediction error of the test samples from streams 1 and 2 in
temporal order and the allowed tolerance limit for density. It is observed that there is no
systematic temporal trend in the prediction error. Based on the ASTM-E-1655, only the
IR/PLS model for stream 2 was considered to give estimated values that agree with the

reference method.
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Figure V-6. Predicted density vs. measured value for stream 1 (left) and stream 2 (right) with PLS

models.
2 2
A
& AA A A A A A A
E 1 - E 1 — —
2 A AA S roa A
= A =
- = A
s R A 5 A *}
= A = 4
o 0 A N o 0
c c M
:% A AA A A :% ‘lﬁ :: z‘
8 - 3 A
T A T A * A A M
A
2 . . . 2 | I !
0 5 10 15 20 25 0 100 200 300 400

Sample number

Sample number

Figure V-7. Prediction error of the test set for streams 1 (left) and 2 (right) of PLS models in the
temporal order. Red lines represent the tolerance limits admitted.

Figure V-8 shows the experimental density values versus those predicted by the

FFNN models for the training, validation, and test samples from streams 1 and 2. The
RMSE values for the calibration, validation, and test samples from stream 1 were 0.39
kg/m?3, 0.89 kg/m* and 0.85 kg/m?®, respectively. The R? of the linear fit between the
reference density and the predictions was 0.99, 0.98, and 0.98 for the training, validation,
and test sets of the same stream, respectively. For samples from stream 2, R? was also
high (0.99), and the RMSE was 0.25 kg/m?3, 0.44 kg/m* and 0.42 kg/m?*for the calibration,
validation, and test sets, respectively. Similar to the PLS models, the predictive ability of
the FFNN models for samples from stream 1 was slightly worse than that obtained for

samples from stream 2, probably due to the small set used for the training network.
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Figure V-8. Predicted density vs measured value for stream 1 (left) and stream 2 (right) for FFNN
models.

Similar to the approach described in section IV.4.1, different autoencoder
architectures with one or three hidden layers were tested to reproduce the training
spectra of each FFNN model. The selected autoencoder for stream 1 had 10, 5, and 10
neurons in the first, middle (bottleneck), and third hidden layers, respectively. For stream
2 the autoencoder architecture had 15, 10, and 15 neurons in the first, middle
(bottleneck), and third hidden layers, respectively. Figure V-9 and Figure V-10 show the
reconstructed spectra X and the spectral residuals of the calibration and validation
samples of streams 1 and 2, respectively. For both the calibration and validation sets of
streams 1 and 2, the correlation coefficient between each spectrum and the
reconstructed spectrum ranged from 0.99 to 1. The Q values were calculated from the
spectral residuals of the autoencoder and the squared Mahalanobis distance of
calibration, validation, and test spectra was calculated from the activations of the hidden

layer of the regression network for two streams.
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Figure V-9. Reconstructed training and validation spectra of samples from stream 1 (left) and
spectral residuals (right) from the autoencoder. Brown and blue lines represent the training and
validation spectra, respectively.
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Figure V-10. Reconstructed training and validation spectra of samples from stream 2 (left) and
spectral residuals (right) from the autoencoder. Brown and blue lines represent the training and
validation spectra, respectively.

Figure V-11 shows the limits of the applicability domain of the regression network
defined by the squared Mahalanobis distance and the spectral residuals for streams 1
and 2. As expected, the samples showed different trends in both applicability domains
with respect to those observed for each PLS model, and some samples from both
streams were outside the AD limits. In stream 1, the only calibration sample with Q and
D? values larger than Qy;,, and Df,, corresponds to the sample with the highest density.
In stream 2, some samples of the validation set are also outside the established
applicability domain. In both cases, the network did not show prediction errors greater
than the admitted tolerance limit for these samples. The AD limits detected no discordant

spectra in the test set with a Q and D? values larger than Qy;,, and D§.,.
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Figure V-11. Q of the autoencoder vs. D* for the training (blue), validation (orange), and test
samples (green) of stream 1(left) and stream 2 (right). The limits of the applicability domain of the
regression network are shown.

As an alternative to the autoencoder, which is trained independently on the
regression network, the spectral residual limit of the AD was also calculated from the

decoder part of an autoencoder, calculated from the activations of the hidden layer of
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the regression network. The simplest network with one hidden layer and 15 neurons was
selected as it provided the lowest RMSE for the validation set. Figure V-12 and Figure
V-13 show the spectra estimated by the decoder for the training and validation sets and
their corresponding spectral residuals for samples from streams 1 and 2, respectively.
For both the calibration and validation sets, the correlation coefficient between each
spectrum and the estimated spectrum ranged between 0.9985 and 1 for both stream 1
and stream 2. As expected, the spectral residuals are larger than the residuals produced

by the autoencoder.
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Figure V-12. Reconstructed training and validation spectra of stream 1(left) and spectral residuals
(right) from the decoder. Brown and blue lines represent the training and validation spectra,

respectively.
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Figure V-13. Reconstructed training and validation spectra of stream 2(left) and spectral residuals
(right) from the decoder. Brown and blue lines represent the training and validation spectra,

respectively.

Figure V-14 shows the AD limits of the regression network defined by the squared
Mahalanobis distance and the speciral residuals of the autoencoder and decoder,
respectively for the two streams. As it was foreseen, for both streams the decoder
reconstructs the spectra worse than the autoencoder, resulting in larger residuals and a

larger Qiim- The AD limits established from the squared Mahalanobis distance and the
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autoencoder also detected no discordant spectra in the test set with a Q and D? values

larger than Qy;,, and Df,,.
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Figure V-14. Q of the decoder vs. D? for the training (blue), validation (orange), and test samples
(green). The limits of the applicability domain of the regression network are shown.

Figure V-15 shows the prediction error of the density for each sample e; =
ly; — 9;| of the test set from streams 1 and 2 in temporal order. As for the results of PLS
(Figure V-7), the prediction error is random, without a temporal trend. Besides, the IR/ANN
model for stream 2 was also considered to give predictions that agree with the reference
method. In both streams, some samples tested that were within the Qy;,, and Dg,, fell

beyond the allowed tolerance limit for density, but their prediction error was low.
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Figure V-15. Prediction error of the test set for streams 1 (left) and 2 (right) for FFNN models in
temporal order.

Method comparison

The calibration, validation, and test results of the PLS and ANN models are
compared in Table V-2. Only five nodes were needed in the network, while PLS required
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10 LVs for stream 1. The network for samples from stream 2 also needed a smaller
number of nodes (10) than the number of LVs in the PLS model (14). Taking into account
the prediction errors of models for the test sets of streams 1 and 2, the PLS and ANN
models of stream 2 yielded a lower RMSEP for the NIR-MIR method. The network
method provided a slightly lower error than the PLS model for the test set of stream 2.

Table V-2. Characteristics of the best PLS and FFNN models for predicting density in diesel
samples of streams 1 and 2.

PLS FFNN
stream 1 stream 2 stream 1 stream 2
LVs and 10 14 5 10
nodes
Cumulative o o
Variance X. Y 98.84%, 98.97%, i )
’ 99.72% 99.17%
(%)
RMSEC 0.34 0.40 0.39 0.25
R%c 0.99 0.99 0.99 0.99
RMSEV 0.61 0.43 0.89 0.44
R2v 0.99 0.99 0.98 0.99
RMSEP 0.73 0.46 0.85 0.42
R?%p 0.99 0.98 0.98 0.99

Comparison with available literature data

Figure V-16 compares the above results in terms of RMSEP for samples from both
streams using PLS and ANN models with those from references found in the literature
review (Table 4 in Chapter I). Our PLS calibration models for samples from streams 1
and 2 yielded similar results to those of Bezerra de Lira et al. (2010) [1], Ferrao et al.
(2010) [2], Marinovi¢ et al. (2012) [3], and Nespeca et al. (2018) [4], the RMSEP value
for stream 1 always being slightly higher. Except for the result reported by Santos Jr. et
al. (2005) [5], our PLS models for both streams obtained better results than those of the
remaining works. Our ANN models for streams 1 and 2 yielded similar results to those
of Al-kaf et al. (2018) [6] and Santos Jr. et al. (2005) [5], respectively. The behavior of
the predictive abilities of models found in the literature and those developed in the current
study are primarily attributed to the variations in diesel feedstock, the disparity in the
number of samples in the datasets, and the differences in the ranges of the density
values. Comparatively with the reviewed studies, the added value of our model results
for diesel samples from stream 2 lies in the fact that they are based on a broader set of

samples that covers a lot of variability in the production process.
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Figure V-16. Comparison of our RMSEP values of PLS (left) and ANN (right) for prediction of
density in diesel-diesel/biodiesel blends from its IR spectra with those from the literature.

Partial conclusions

The following partial conclusions can be drawn:

The optimal spectral region to develop the PLS model was the MIR region
between 2518.58-1824.33 cm™' for samples from stream 1, and the joining NIR-
MIR and MIR subregions between 5168.29-3270.68 and 2742.28-1801.19 cm’
for samples from stream 2.

The RMSEPs values of both calibration approaches, PLS and FFNN, on the
same test set were comparable to those reported in the revised literature.
RMSEPs values of PLS models for samples from streams 1 and 2 were 0.73
kg/m® and 0.46 kg/m?®, respectively, while for FFNN models, the corresponding
values were 0.85 kg/m?® and 0.42 kg/m®. Comparatively, the predictive ability of
the FFNN model developed for each stream was similar to that obtained by the
PLS model, being slightly inferior for stream 1.

The limits of applicability of both PLS and FFNN models are useful to detect
samples that might not be similar to the samples used to establish the model.
The Q-residuals for the FFNN model calculated from a decoder were higher than
those of the autoencoder. Hence, the decoder approach was considered to define
the limit of Q for other properties of interest.

The percentage of the test samples whose prediction error falls outside the
tolerance limits admitted by the reference method were 20.8% and 4.4% for the
PLS models for samples from streams 1 and 2, respectively, and 25% and 2.9%
for FFNN models. Therefore, based on ASTM-E-1655, we recommend only the

V-14
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IR/PLS and IR/ANN models of stream 2 for practical implementation in routine

diesel analysis.

V.3.2 Results of PLS and ANN models of the remaining properties

Schemes 1 to 15 show in the condensed format the results of the variable selection
procedure, the applicability domain corresponding to each model, the predicted versus
measured values, and the prediction error of the test set in temporal order, corresponding
to PLS and ANN models for predicting the properties of interest in samples from each
stream. In addition, the RMSEP values of PLS and ANNSs for properties of interest (Figure
V-17) are compared with those from the literature (Table I-5 in Chapter |). T65% was not

included in the comparison as only SEP values were available in the literature.

The comparative analysis of our results with those reported in the literature (Figure

V-17) revealed the following aspects:

e For T85%, our PLS calibration model yielded an RMSEP value similar to those
obtained in [5,7], albeit slightly lower. In addition, the corresponding value for the
ANN model was comparable to that reported by Santos Jr. et al. (2005) [5].

e For T95%, our PLS models exhibited higher predictive abilities for samples from
stream 2 and lower abilities for samples from stream 1 compared to those
reported in Palou et al. [8].

e For the cetane number of samples from stream 1, the RMSEP value by the PLS
model was similar to those reported by [4,9], whereas for samples from stream 2
the RMSEP was similar to that obtained by Brouillete et al. [10]. Furthermore, the
RMSEP values of the corresponding ANN models were lower than that of Al-kaf
et al. [6].

e For viscosity, both PLS and ANN model achieved the best predictive ability
compared to references [3,5,6,10—14].

e For flash point, the RMSEP obtained by PLS for samples from stream 1 was
similar to those achieved by Brouillete et al. [10], while for samples from stream
2 was similar to those obtained by Nespeca et al. [4].

e For FAME content, the RMSEP value from the PLS model was equal to the one
reported by Nespeca et al. [4].

e For cloud point, the RMSEP obtained for PLS models of samples from stream 1
and 2 were higher than that obtained by Palou et al. [8] and significantly lower

than that obtained by Brouillete et al. [10], respectively.

Maria Suliany Rodriguez Barrios, Doctoral Thesis, Universitat Rovira i Virgili, 2024 V-15
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e For CFPP, the ability predictive of the PLS model was inferior to that obtained by
Hradecka et al.[14].

e For sulfur content, the RMSEP of our PLS model for samples from stream 2 was
slightly lower but comparable to that obtained by Palou et al. [8], whereas the
corresponding value for samples from stream 1 was higher than those obtained

by [8,14—-16].
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Figure V-17. Comparison of RMSEPs of PLS and ANN for predicting remaining properties with those from the literature.
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Partial conclusions

The following conclusions can be drawn from the above PLS and FFNN calibration

models:

1.

The union of the NIR-MIR and MIR subregions were the optimal spectral regions to
develop the PLS model for predicting T65% (4744.03-3579.23 and 2734.57-1801.19
cm™), T85% (4763.31-3482.81 and 2684.43-1808.90 cm™"), CFPP (5411.28-3374.82
and 2514.72-1801.19 cm™), flash point of desulfurized samples (5102.72-4389.19
and 2680.57-1940.04 cm™), cloud point of commercial samples (4335.19-3598.52
and 2742.28-1820.47 cm™), and sulfur content of commercial samples (4003.5-
3286.1 and 2595.7-1832.0 cm™).

The optimal spectral regions to develop the PLS models were the MIR regions
between: 2680.57-1855.19 and 2669.0-1801.19 cm" for predicting T95% recovered
of desulfurized and commercial samples, 2618.86-1866.76 cm™' for cetane number
of desulfurized samples, 2738.42-1820.47 cm for viscosity, 2526.29-1808.90 cm"
for FAME content, 2726.85-1801.19 cm™ for flash point of commercial samples and
2676.71-1963.18 cm™ for cloud point of desulfurized samples, respectively.

Only for predicting the cetane number of commercial samples and sulfur content of
desulfurized samples, the optimal spectral regions were the NIR-MIR region between
4400.76-3270.68 cm™ and 5230-4215.6 cm™, respectively.

The RMSEPs values of the PLS models for predicting T65%, T85%, T95%, flash
point, cloud point, density, cetane number, sulfur content, viscosity, CFPP, and
FAME of commercial samples were 2.83 °C, 2.82 °C, 2.81°C, 1.76 °C, 1.30 °C, 0.46
kg/m?3, 0.92, 1.19 mg/kg, 0.04 mm?s, 3.82 °C, and 0.20 % (v/v), respectively. The
corresponding values of FFNN model were 2.75 °C, 2.61 °C, 2.92°C, 1.66 °C, 1.58
°C, 0.42 kg/m?, 0.96, 1.20 mg/kg, 0.04 mm?/s, 3.81 °C, and 0.19 % (v/v).

The RMSEPs values of the PLS models for predicting T95%, flash point, cloud point,
density, cetane number, and sulfur content of desulfurized samples were 4.96°C,
6.77 °C, 1.34 °C, 0.73 kg/m?, 0.59 and 4.36 mg/kg, respectively. The corresponding
values of FFNN models were 4.65°C, 5.50 °C, 1.30 °C, 0.85 kg/m?, 0.61 and 4.05
mg/kg, respectively.

To the best of the author’s knowledge, our models achieved the lowest RMSEP for
viscosity. For the other properties, the obtained RMSEP values are generally

satisfactory and comparable with the best results in the literature.
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V.3.3 PLS vs ANNs: general remarks

Figure V-18 summarises the results obtained by PLS and ANN for the prediction of
diesel properties. The ANN models demonstrated a superior predictive ability compared
to the PLS models for the following four groups of properties: 1) T65%, T85%; 2) T95%,
cloud point, and sulfur content of samples from stream 1; 3) the density of samples from
stream 2; and 4) the flash point of samples from each stream. Conversely, the PLS
models demonstrated superior predictive ability over ANN models for 1) the density of
samples from stream 1 and 2) T95% and cloud point of stream 2. Furthermore, the
predictive ability of both PLS and ANN models was very similar for the cetane number of
samples from streams 1 and 2, viscosity, CFPP, the sulfur content of samples from

stream 2, and FAME content.
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Figure V-18. Comparison of the performance of PLS and ANN calibration model in terms of root
mean squared errors of prediction (RMSEP) values for eleven diesel properties: density (at 15
°C), distillation temperatures at 65%, 85%, and 95%, cetane number, kinematic viscosity (at 40
°C), flash point, cloud point, CFPP, sulfur content, and FAME content.

The results showed that, despite the potential of ANN models to capture complex
nonlinear relationships in data, making them suitable for tackling intricate patterns
anticipated challenging for linear methods, PLS models provided comparable results for
most properties.
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It should also be noted that, in the present study, the predictive ability appears to
rely more on the type of the samples (stream 1 or stream 2) and, thus, on the nature of
the relationship between the IR spectrum and property than on the chosen approach for
modeling this relationship. In this sense, except for the cetane number, the predictive
abilities of both PLS and ANN models were superior for samples from stream 2. This
behavior is noticeable for density, T95%, flash point, and sulfur content. A possible
explanation for this behavior could be that the models are consistently developed with a

more significant number of samples from stream 2 than from stream 1.

Regarding the cetane number, it is plausible that the samples from stream 2, being
a finished product, may include specific additives such as a cetane improver. Cetane
improver is utilized to raise the cetane number, thereby improving the ignition properties
of diesel fuel. Since detailed information on the possible addition of the cetane improver
was not available, its chemical composition and concentration in the samples of stream
2 were unknown. Consequently, the models developed did not consider the possible
spectral variability associated with this additive, which could have affected the predictive

ability for cetane number in the samples of stream 2.

Concerning parameters such as interpretability, sample efficiency, sensitivity to
outliers, ease of use, computational efficiency, and stability, both modeling approaches

can be organized in the following order:

Interpretability: PLS > ANN. The interpretability of PLS models was often more
straightforward and intuitive than that of ANN models. This is probably attributed to the
PLS model directly identifying LVs with meaningful physical interpretations, thereby

providing insights into the IR spectrum-property relationship.

Sample efficiency: PLS > ANN. PLS models exhibit satisfactory performance even
when trained on a limited number of samples, while ANN models require larger datasets

to achieve successful training.

Sensitivity to detecting outliers: ANN > PLS. ANN models were more sensitive to

detecting outliers in the data than PLS models.

Ease of use: PLS > ANN. PLS models are characterized by their simplicity and
require less tuning compared to ANN models. ANN required more model

hyperparameters to optimize.

Computational efficiency: PLS > ANN. ANN training required more computational
(CPU) times compared to the model-building approaches of PLS.
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Stability: PLS > ANN. PLS models exhibit better stability to minor variations in
spectral data, while the ANN model may be more susceptible to overfitting in such

scenarios.

Table V-3 summarizes the percent of test samples that fall in the range established
by Eq. (I.13) using the reference and estimated values by the PLS and ANN models.
Only models with R? >0.75 were considered. One can notice that in addition to the IR/PLS
and IR/ANN models for the density of commercial samples, only the PLS and ANN
models for FAME content can be considered valid for practical implementation in routine
diesel analysis. Regarding FAME content, merely 0.9% of the test samples for both the
PLS and ANN models exhibited prediction errors exceeding the tolerance limits

established by the reference method.

Table V-3. Percentage of the test samples that fall within the tolerance limits admitted for each

property.

P t PLS ANN
ropeny Stream 1 Stream 2 Stream 1 Stream 2
Density 79.2 95.6 75 97.1
T65% - 68.3 - 71
T85% - a - a
T95% a a a a
Cetane Number 90 a 90 a
Viscosity - 50 - 41.3
Flash Point a a 41.7 a
Cloud Point a 86.8 a a
CFPP - a - a
Sulfur content a a a a
FAME content - 99.1 - 99.1

a Models with R2-values < 0.75 were not considered.

It is important to emphasize that while the models have a high predictive ability for
cetane number and viscosity, the admitted tolerance limits are very narrow, making it
susceptible to exceeding them. Conversely, although the predictive ability is lower for
properties such as cloud point, the broader tolerance limits result in a high percentage

of samples within the acceptable range.

Overall, it is essential to recognize that ASTM reference analyses incorporate
diverse measurement errors, which limit the predictive ability of the developed
chemometric models. In this regard, the usefulness of the developed or any predictive
models should be evaluated considering the expected predictive ability for the given

application for which they are intended. Thus, predictive models exhibiting high
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prediction error compared to the ASTM reference method might not serve as a

replacement for that method. Still, instead, they could prove highly valuable as a

detection tool to flag potentially suspicious samples for further analysis [17].

V.4 Conclusions

The following conclusions can be drawn from the development of both PLS and ANN

calibration models for each property:

1.

PLS and FFNN models employing IR spectra yielded accurate predictions for
density, cetane number, viscosity, and FAME content. Both models for distillation
temperatures, flash point, cloud point, CFPP, and sulfur content were not
satisfactory enough.

The ranges of the properties corresponding to the calibration models for
commercial samples were 820-850 kg/m? (density), 265-320 °C (T65%), 305-350
°C (T85%), 340-370 °C (T95%), 48-57 (cetane number), 2.3-3.3 mm?/s
(viscosity), 52-70 °C (flash point), -12.5-2.5 °C (cloud point), -30-2.5°C (CFPP),
0-13 mg/kg (sulfur content) and 0-17.5 %v/v (FAME content). For desulfurized
samples, the corresponding ranges of the properties were 835-875 kg/m?®
(density), 350-390 °C (T95%), 50-60 (cetane number), 60-100 °C(flash point), -
5-15 °C (cloud point), 5-30 mg/kg (sulfur content).

Superior predictive performance of the ANN model over the PLS model was
found for T65%, T85%; T95%, cloud point, and sulfur content of samples from
stream 1; the density of samples from stream 2; and the flash point of samples
from each stream. In contrast, the PLS model outperforms the ANN model for the
density of samples from stream 1 and T95% and cloud point of samples from
stream 2. The predictive ability of ANN and PLS models was similar for the
remaining properties. Each method had its strengths and weaknesses, and the
most suitable method should be selected based on the specific characteristics of
the dataset, the complexity of the relationship between variables, and the
requirements of the application of interest.

Based on ASTM-E-1655, the IR/PLS and IR/ANN models can be used for
determining density and FAME content in samples from stream 2 for practical

implementation in routine analysis.
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V1.1 Introduction

As mentioned in Chapter IlI, calibration models must be monitored over time to
ensure that they maintain their predictive ability. Degradation in performance is typically
caused by the so-called instrumental drift and product drift [1]. In diesel analysis,
monitoring the predictive ability of the calibration model over time is crucial since
products, production processes, or measuring instruments may not remain stable in time.
For example: 1) diesel composition may vary over time due to changes in feedstock (i.e.,
crude oil), refining processes, or environmental regulations; 2) the spectrophotometer
used for the calibrations may be renewed, or its quality may deteriorate; 3) external
factors, such as temperature and humidity, can influence the properties of diesel
samples. After identifying the new sources of variation in the data, strategies for adapting
the model can be selected. These may include spectral correction, model parameter

tunning, or model expansion [2].

This chapter is divided into two main sections. In Section VI.2, a strategy for
monitoring the performance over time of the PLS models developed in Chapter V is
presented. In section VI.3, three approaches to correct instrumental drifts between two

spectrophotometers are considered and compared.
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V1.2 Monitoring the predictive ability of PLS calibration models over time

New characteristics of incoming samples could be identified by comparing model
diagnostic measures, such as Hotelling’s T? and Q residuals, to the established limits of
applicability for a calibration model. Samples with high T2 values often exhibit a chemical
composition similar to the calibration samples but with extreme concentrations or unusual
combinations thereof [3]. Samples with high Q residual represent singular samples with
new analytes or other new variations (such as changes in the measurement conditions

or the instrument).

Below, the methodology adopted for monitoring the predictive ability of the PLS
calibration models over time is addressed. This methodology was based on Hotelling’s
T? and Q-residuals and the prediction errors. Prediction errors outside the tolerance limits
admitted by the reference method or biased predictions indicate degradation of the
model's predictive ability over time due to product drift. Moreover, it was assumed that
there was no instrumental drift over the time period considered in the analysis performed

in this section.

Materials and methods

The incoming samples set consisted of 571 samples produced between 2021 and
2022. The corresponding spectra were measured using the procedure described in
section 111.4.1 of Chapter Ill. Only a third of these samples were used to detect deviations
in the predictions of the calibration model over time. The samples were selected by taking
the first of every three samples in the order in which they were produced. The order in
which the samples were produced is retained to examine the impact of emergent
variations on prediction performance. Only these diesel samples were analyzed using

the reference methods listed in section 1.3 of Chapter I.
The adopted methodology consisted of two main steps:

1) Monitoring Hotelling’s T? and Q-residuals of incoming samples considering the
limits of applicability of PLS/IR models developed in section V.2.4 of Chapter V.
2) To verify that the prediction errors remain constant and uniformly distributed
over time. The prediction error of each sample was compared to the tolerance
limits admitted by the reference method for each property as described in section
V.2.3 in Chapter V. More than 5% of samples with prediction errors beyond the
tolerance limits admitted by the reference method were considered as an

indicator of the invalidity of the model for routine diesel analysis.
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Results and discussion

Figure VI-1 shows the results of monitoring the PLS model of density applied to

incoming samples from streams 1 (left) and 2 (right), expressed in terms of Hotelling’s

T? and Q-residuals. It can be seen that some incoming samples for both streams

exceeded one of the two limits. Yet, for a significance level of 99%, no sample exceeded

Qiim and TZ,, simultaneously. This could suggest that the variability of these incoming

samples was included in the calibration model.
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Figure VI-1. Q Residuals vs. Hotelling T? for the PLS model of density applied to samples from
stream 1 (left) and stream 2 (right). Solid and dashed lines represent the limit of Hotelling's T? and
Q statistics at 95% and 99% confidence. Calibration samples (blue circles), incoming samples
analyzed using the reference methods (brown inverted triangles), and remaining incoming
samples (golden star).
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Figure VI-2 shows the prediction errors of density of the selected incoming samples

from streams 1 and 2 in temporal order over the entire control period (10 months) and the

allowed tolerance limit. It is observed that there is no clear temporal trend in the prediction
error. The RMSEP (1.04 kg/m® and 0.64 kg/m?®) and average residual values (0.53 kg/m?®

and -0.09 kg/m?) for each stream were not markedly high, being higher for stream 1.
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Overall, of the selected incoming set, only 3 (~17%) and 14 (~9%) of the samples from
streams 1 and 2, respectively, were outside the admitted tolerance limits. These results
might suggest that the model retained, to some extent, its stability over time. However,
based on ASTM-E-1655, none of the density models remained valid for routine analysis
after ten months due to the percentage of samples that exceeded the limits admitted by

the reference method. To deal with this issue, updating the models can be considered.

The results of monitoring the stability of PLS models for the remaining properties are
shown below in Figure VI-3. It is possible to observe that the variability of incoming
samples was included in the calibration model for the cetane number and cloud point of
samples from streams 2 and 1, respectively. In contrast, some random samples over
time were representative of new sources of variability in the production process (novel
spectra) not included in the calibration model to predict the remaining properties. The
novel spectra were not the same for all properties. Also, for flash point, FAME content,
and sulfur content, a cluster of incoming samples with high T2 and Q beyond the limits of
applicability was observed. Except for flash point (stream 2), sulfur content (stream 1),

and FAME content, monitoring prediction errors revealed no temporal trend.
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Figure VI-3. Results of stability control of PLS models of the remaining properties.

Table VI-1 lists the values of average residuals and RMSEP for all properties. It can
be observed that the largest values corresponds to T95%, flash point from stream 1, and
CFPP. Based on the referred ASTM, only the model for predicting FAME content
retained its validity for routine analysis after 10 months, since 96% of the new samples
fall within the admitted tolerance limits (Table VI-2). For this reason, although the
calibration model withstands new variations of incoming samples, their maintenance
must be also considered.

Table VI-1. Residual statistics of predictions of the PLS model for samples collected over 10

months.
Average residuals RMSEP
Property
Stream 1 Stream 2 Stream 1 Stream 2

Density (kg/m?) 0.53 -0.09 1.04 0.64

T65 % (°C) - 0.38 - 2.66

T85 % (°C) - 1.07 - 2.70

T95 % (°C) -1.19 1.89 5.72 3.59

Cetane Number -0.30 -0.33 0.60 0.96
Viscosity (mm?/s) - 0.0096 - 0.0470

Flash Point (°C) 249 0.03 7.26 2.56

Cloud Point (°C) -0.67 0.11 2.51 1.36

CFPP (°C) - -1.83 - 4.90

Sulfur content (mg/kg) -1.83 0.47 3.50 1.36

FAME content (%Vv/v) - -0.15 - 0.89
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Table VI-2. Percentage of incoming samples that fall within the tolerance limits admitted for each
property during the control of model stability.

Diesel t PLS
1e5€l property Stream 1 Stream 2
Density 83 91
T65% - 68
T85% - a
T95% a a
Cetane Number 90 a
Viscosity - 33
Flash Point a a
Cloud Point a a
CFPP - a
Sulfur content a a
FAME content - 96

a Models with R%-values < 0.75 were not considered.

Partial conclusions

In this section, the stability of the PLS models developed for all properties was
monitored over 10 months using samples that include new sources of variability. For
most properties, except flash point (stream 2), sulfur content (stream 1), and FAME
content, the results suggest that the models retained, to some extent, their stability over
the period of time considered. Though, despite the observed deterioration of the predictive
ability of the PLS model for FAME content over this 10-month period, it passed the test to
verify agreement with the reference method and was the only model that remained valid

for control in routine diesel analysis.

In the context of routine diesel analysis, despite the observed stability of the models,
monthly updating of those models that exhibit good predictive ability is a requirement for
their continued use. Novel diesel samples with Q and T2 values beyond the limits of
applicability must be added to the calibration dataset and the models should be

recalculated to ensure robustness.
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V1.3 Calibration transfer of a PLS model between instruments

A practical constraint in routine diesel analysis occurs when the model is applied to
spectra acquired in a spectrophotometer that is different from the one where the model
was developed. This often leads to poor predictive performance on new samples,
rendering the model invalid under new conditions. This situation is considered in the

present section.

To overcome the loss of model performance, the calibration model can be
transferred to another instrument by using some calibration-model adaptations
(sometimes referred to as model maintenance, model update and calibration transfer)
[3-5]. The calibration-model adaptations have commonly been compared in terms of
their respective RMSEP values. However, the improvement of RMSEP does not
guarantee that the values estimated after the adaptation of the calibration model agree
with the values of the reference method. Based on ASTM-E-1655 [6], the tolerance limits
admitted by the method are defined from the reproducibility of the reference method
(£R). In order to consider the model adaptation valid for routine analysis, not only the
RMSEP value but also the percentage of samples whose prediction error falls within the
tolerance limits admitted by the reference method must be compared. In some cases,
the precision of the method is very high (that is, very low interlaboratory variability), and
the tolerance limits to control the difference between the estimated values and the
reference values can be expanded to +2R. In this way, although the model can not strictly
replace the reference method, it can provide predictions that are valid enough to be used

to control for the production process.

The aim of this section is to compare three approaches for the adaptation of an
existing PLS calibration model based on IR spectroscopy for diesel analysis according
to ASTM-E-1655. To this end, the suitability of unsupervised Domain invariant PLS (di-
PLS), supervised Dynamic Orthogonal Projection (DOP), and Model Updating (MU) to
correct for external influences associated with two spectrophotometers (instrumental
drift) in predicting a quality parameter of diesel samples is compared for the first time.
The comparison was carried out considering the RMSEP values and the percentage of
samples with a prediction error within the tolerance limits of the reference method
according to ASTM-E-1655.

From the practical point of view, the supervised DOP and MU require both spectra
and reference values in the new conditions, while the unsupervised di-PLS only requires

new spectra. These methods are especially relevant not only for petrochemical analysis
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but also for industrial applications where the provision of reference values and complete
recalibration are cumbersome. Furthermore, the results of the comparative study
promote the widespread use of the PLS model for diesel analysis among different

laboratories.

Materials and methods

The existing PLS calibration model for density in diesel was built with 1156 samples
produced at the Repsol refinery in Tarragona (Spain) from 2018 to 2022. The reference
density values of the samples were measured following the ASTM D4052 method [4]
with an ANTON PAAR digital densimeter model DMA 4500M in the analysis laboratory.
The spectra were measured using the procedure described in section 111.4.1 of Chapter
[l

A new Analect Diamond 20 FTIR/FT-NIR spectrophotometer with the same
instrumental settings was purchased to back up the first one, and a new batch of 105
samples was measured on it. This will be called the target spectrophotometer. The
determination of density in the new samples from their infrared spectra using the current
calibration PLS model produced numerous outlier warnings. Therefore, a transfer of the

existing model to the target spectrophotometer became necessary.

The non-linear iterative partial least squares (NIPALS) algorithm was used to
develop the PLS model. The spectra were pretreated with Savitzky—Golay’s first
derivative (second-order polynomial and a 15-point window) and mean-centered. The
optimal spectral region for density was a joint NIR (5168.29-3270.68 cm™) and MIR
(2742.28-1801.19 cm™) region, so the PLS model was based on NIR and MIR
spectroscopies. The optimal number of LVs of the model was selected based on the
lowest prediction error of 10-fold cross-validation. According to the ASTM-E-1655, the
model was considered to be validated for routine use standard if model predictions agree

with the reference method using the procedure described in section 11.3.2 of Chapter II.

The predictive ability of the model for the target condition was evaluated by RMSEP,
and the determination coefficient of prediction (R3) obtained after regressing the
predicted versus the reference values. When the model was detected to be invalid due
to changes in the instrument response, three approaches were tested for the adaptation
of the existing PLS calibration model to the new situation. These approaches, domain

invariant partial least squares unsupervised di-PLS, dynamic orthogonal projection DOP,
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and model updating MU can lead to more general models that allow the transfer of the

calibration models developed from the source to the target spectrophotometer.

Di-PLS consists of an extended PLS regression with a domain regularization term
in order to align the spectra distributions on source and target spectrophotometers in the
latent space [8]. To do this, we used a subset of the spectra of the new batch measured
in the target spectrophotometer (which will be referred to as the transfer samples) to
minimize the variability between the source and the target data matrix. The pretreatment
used for di-PLS was column mean-centering, and the optimal number of LVs was

obtained by external validation with a test set of 90 samples.

DOP involves recalculating the model by correcting the calibration spectra used for
the existing PLS model. This correction is achieved through the calculation of virtual
standards of transfer samples to obtain the orthogonalization matrix that filters the
differences between the source calibration spectra and the target spectra [9]. In this
case, the spectra are also mean-centered, and the optimal number of LVs was obtained

by cross-validation.

MU involves recalculating the model by including the spectra of transfer samples
measured on the target spectrophotometer into the current calibration set, which should
reflect the spectral variability of the samples measured on two spectrophotometers [10]
The spectral preprocessing and the selection of LVs of the MU were the same as for the

existing PLS model.

The external validation of all adaptation models was carried out by predicting the
samples of the new batch that had not been used for the transfer. More details

concerning the adaptation models can be found elsewhere [8,9,11-17].

The PLS models were developed using PLS-Toolbox v7 (The Eigen Vector
Research, Manson, WA) in MATLAB (The MathWorks Inc., Natick, MA, R2022a), and
the calculations for calibration transfer were carried out in MATLAB with homemade

routines.

Data sets

The data set used to develop the existing model PLS in the laboratory of Repsol was
randomly split into a training set (766 samples) and a validation set (390 samples), which
contain 75% and 25% of the samples analyzed from both streams each month over 35

months, respectively. A new batch of 105 samples was used in both spectrophotometers
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to develop the adaptation of the existing PLS calibration model to the target
spectrophotometer. From this set, the samples for transferring and updating the model
were selected with the Kennard-Stone algorithm [18]. As a result, the new batch was
divided into a transferring set (15 samples) used to transfer the calibration model and a

test set (90 samples) used to perform the external validation.

The density values of all samples were determined using the reference method
mentioned above. The density values ranged from 820.0 kg/m?® to 845.0 kg/m3. A
summary of the data sets involved in the calibration and adaptation models is provided

in Table VI-3 and Table VI-4, respectively.

Table VI-3. Summary of the datasets used in the PLS model.

PLS
Data set Calibration (samples = Validation (samples
x wavelengths) x wavelengths)
X a1s (766 X 738) Xya1g (390 X 738)
Spectra
(S) (S)
Reference values Yeag (766 X 1) Yvalg (390 x 1)

(S) source spectrophotometer and (T) target spectrophotometer

Table VI-4. Summary of the datasets involved in the adaptation of the PLS model.

Transferred PLS (di-PLS and DOP) Model updating
Transfer
Data set Test (samples x = Updating (samples x = Test (samples x
(samples x
wavelengths) wavelengths) wavelengths)

wavelengths)
X a1 (766 x 738) +

Xiransy (15 x 738) Xiestr (90 x 738) Xiestr (90 x 738)
Spectra Xiransy (15 X 738) (S)
(T) (T) (S) +(T)
+(T)
Reference Yealg (766 X 1) +
YtransT (15 X 1) YtransT (90 X 1) YtransT (90 X 1)
values Yiransy (15 X 1)

(S) source spectrophotometer and (T) target spectrophotometer
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Results and discussion

Evidencing the need for model adaptation

The existing PLS model was constructed using 12 LVs determined by cross-
validation that accounted for 98.97% and 99.17% of the X .y, and y.q, variance,
respectively. The RMSEP and the R}, of the linear fit between the reference density and
the predicted values for the validation set in the source spectrophotometer were
0.50 kg/m3and 0.99, respectively. These values are comparable to previously published
models developed using spectroscopic techniques [8,22,23]. In addition, based on the
referred ASTM-E-1655 [6], the values predicted by the PLS calibration models agreed with
the reference method since 95% of the prediction errors of the validation set fell in the

range +2R (Figure VI-4). Thus, the model was considered valid for routine analysis.

-

Prediction error (kg/ms)
o

'
-

0 100 200 300 400
Sample number

Figure VI-4. Prediction error vs. sample number of the new batch.

Before applying the PLS model, it is necessary to ensure that the new samples are
similar to the calibration and validation samples used for the establishment of the model.
The limit of applicability of the PLS calibration model can be used to address this fact.
Hotelling’s T? and Q-residuals statistics as a measure of leverage and spectral residuals,
respectively, are commonly used to identify new spectral variability in new spectra. The
applicability limits T, and Q;i,, can be set as a certain quantile (e.g., 0.95 or 0.99) of
the distribution that follows the Q or T2 values of the training dataset. New samples that
produce Q or T? values larger than Q;, and T, do not necessarily imply that the
predictions are flawed but rather that they should not be trusted [3]. Hence, the predictions

should be verified against the reference method.

When the spectra of the new batch were measured in the target spectrophotometer,
the first task was to check the spectral disturbances due to changes in the instrument

response. The raw absorbance spectra acquired from the source and target
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spectrophotometer are presented in Figure VI-S1 in the Supplementary Information. The
first task was to check whether the new spectra were well represented by those used to
establish the model. To do this, Figure VI-5 shows the first derivative of the spectra in
the two spectral regions that were used for calibration. In both regions, differences
remain in the spectral pattern that are not even removed by the first derivative. Although
the spectra shown in Figure VI-5 are the result of measuring different samples in both
spectrophotometers, it can be seen that the main differences are horizontal shifts of the
absorption bands in both regions. In particular, a small wavenumber shift occurs around
the absorption bands of 4578, 4184, 3814, 3764, 3721, and 3594 cm™".

Absorbance

Absorbance
o

°
o

o
o
]

o
o
&

=
o
B

5000 4800 4600 4400 4200 4000 3800 3600 3400 2600 2400 2200 2000 1800
Wavenumber (cm'1) Wavenumber (cm'1)

Figure VI-5. First derivative spectra of the diesel samples acquired on the source (blue) and target
spectrophotometer (orange) in A) the NIR region and B) the MIR region.

As expected, the Q-residuals versus Hotelling’s T? (Figure VI-6A) revealed the
abnormal behavior of the new batch located in the upper right quadrant concerning the
calibration and validation samples, since its Q and T? values exceeded the limits of
applicability of the PLS model. The new spectra included new variability not considered
during calibration and thus, a loss of predictive ability of the model under the new
conditions can be expected. To verify this, the reference values corresponding to the
new spectra were determined using the reference method. When the model was applied
to predict the density values of these spectra, the predictive performance was poor with
a RMSEP of 5.27 kg/m3 (Figure VI-6B). Also, Figure VI-7 shows that the prediction errors
for all the samples were higher than the expanded tolerance limits (+1 kg/m3). Thus,
calibration transfer methods and model updating were tested to overcome these spectral
perturbations, and the loss of predictive ability of the model under the target instrument,

calibration transfer methods and model updating were tested.
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Figure VI-6. A) Q-residuals vs. Hotelling’s T?. B) Predicted vs measured values of density with

the current model. Calibration samples of the established models (blue), validation samples of

the established models (orange), and samples of the new batch (green).
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Figure VI-7. Prediction error vs. sample number of the new batch.

Instrument adaptation models to predict the density of diesel samples

Di-PLS regression (Figure VI-8A) with 7 LVs using only 15 transfer samples
representative of the variations in target data improved the RMSEP obtained for validation
samples to 1.04 kg/m3, which is close to the tolerance limits admitted by the reference
method. The prediction error for the target instrument decreased by 80%. The
improvement in terms of the predictive ability of the di-PLS model was attributed to the
alignment of the distributions of the scores corresponding to X, s and X¢ans T, Which
indicates that the new space of latent variables is invariant concerning the distributional
properties of the domains of the spectra measured on the source and target
spectrophotometers. This alignment led to a lower prediction error than the prediction

error of the PLS developed with data from the source instrument only. However, the R?

was 0.87, which means the Rf) decreased by 12%, indicating that the di-PLS did not
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successfully recover the functional relationship between IR spectra and the density of
samples. In addition, it can be observed in Figure VI-8B that a significant number of
samples are outside the interval determined by the admitted tolerance limits. Overall, di-
PLS calibration transfer was not a suitable strategy to overcome the loss of the predictive

ability of the PLS model with the target spectrophotometer.
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Figure VI-8. A) Predicted density vs. measured density after di-PLS. B) Prediction error after di-
PLS vs. sample number.

After DOP correction (Figure VI-9A), 16 LVs were required to achieve a model with

the lowest cross-validation error. The value of Rf, for validation samples was 0.99, while

the average prediction error was RMSEP = 0.69 kg/m3. The DOP correction improved
the performance of the model since the prediction error decreased by 87%, and the
coefficient of determination remained unchanged. These results indicated the superior
predictive ability with respect to the original PLS and also di-PLS. In this case, the
correction applied to the source calibration spectra through orthogonal projection is
integrated into the model itself. As a result, there is no need to correct new spectra
acquired with the target spectrophotometer when using the recalculated model. Although
the number of validation samples that are outside the admitted tolerance limits (Figure
VI-9B) has decreased significantly compared to the existing PLS model (10% of

samples) the model was not yet valid for routine analysis according to ASTM-E-1655.

MU involved 15 LVs, three LVs more than in the original model to include the new
variability introduced by the measurement in the target spectrophotometer. As expected
(Figure VI-10A), the RMSEP decreased by 92% (RMSEP = 0.44 kg/m?3), which indicates
the superior predictive ability with respect to the original PLS and also transferred models

(di-PLS and DOP). In this case, only 3% of the prediction error of the validation samples
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falls out of the tolerance limits admitted (Figure VI-10B). Thus, the MU agrees with the

reference method and is valid for control in routine diesel analysis. Table VI-5

summarizes all the above results.
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Figure VI-9. A) Predicted density vs. measured density after DOP correction. B) Prediction error

after DOP vs. sample number.

It is important to mention that no more than 15 transfer samples were needed to

improve the results since the number of samples used was the minimum necessary to

minimize the RMSEP of the external validation set. By increasing the number of transfer

samples (from 15 to 70), the RMSEP for the external validation set did not improve

significantly.
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Figure VI-10. A) Predicted density vs. measured density after MU. B) Prediction error after MU

vs. sample number.
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Table VI-5. Prediction of density by PLS, di-PLS, DOP, and MU.
Existing model Transferred models Updated model
Parameters
PLS di-PLS DOP MU
N, 390 90
LVs 12 7 16 15
RZ 0.99 0.87 0.99 0.99
RMSEP 0.52 1.04 0.69 0.44

Partial conclusions

The PLS regression model used to determine density in diesel samples based on
NIR and MIR spectroscopies showed a good predictive ability. However, when the model
was applied to spectra acquired in a new spectrophotometer, the predictive ability was

poor, and the model was not valid for routine analysis.

The three considered adaptations of the calibration model improved the predictive
ability of the model in the new conditions for the determination of density with reductions
of 80%, 87%, and 92% in RMSEP after applying di-PLS, DOP and MU, respectively.
However, only MU passed the test to verify agreement with the reference method and,

hence, was considered valid for control in routine diesel analysis.
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V1.4 Conclusions

Although monitoring the predictive ability of the PLS models for ten months showed
that the prediction errors did not vary significantly for most of the properties, only the PLS

model for predicting FAME content remained valid for routine diesel analysis.

Three model adaptation techniques were explored to address deteriorating
predictive ability when the PLS model for density was applied to spectra acquired in a
new spectrophotometer. MU proved to be the most effective of the three approaches
(92% reductions in RMSEP). MU is the only tested model adaptation that can be
considered valid for routine diesel analysis since only the 3% of the validation samples

falls out of the tolerance limits admitted by the reference method.

The present comparative study provides valuable information to the audience
interested in infrared technology as it addresses possible solutions to changes in
instrumental response when using different spectrophotometers in calibration and

prediction steps.

The findings presented herein may be of interest in industrial applications where
analytical methods based on multivariate calibration and infrared data are used in routine

analysis, such as in the food and pharmaceutical industries.
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V1.6 Supplementary Information
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Figure VI-S1. Raw spectra of diesel samples acquired from the source (blue) and target
spectrophotometers (red).
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Chapter VII

VIl.1 Conclusions

The development of multivariate calibration models for the determination of quality

properties of diesel from its IR spectrum was addressed in this thesis. PLS- and ANN-

based

regressions have been able to model the complex IR spectrum—property

relationships in diesel samples. Two diesel streams, namely desulfurized diesel (stream

1) and

commercial diesel (stream 2), and eleven physiochemical properties of diesel,

namely temperatures at 65%, 85%, and 95% recovered, flash point, cloud point, density,

cetane

methyl

number, sulfur content, viscosity, cold filter plugging point (CFPP), fatty acid
esters (FAME) have been studied.

The main findings of this thesis lead to the following conclusions:

2.

The analysis of diesel quality parameters in the samples analyzed evidenced that:
Desulfurized diesel samples were characterized by higher T95%, flash point,
cloud point, density, cetane number, and sulfur content values than commercial
diesel samples.

Regardless of the sample origin (desulfurized or commercial samples),
correlations between property values were generally below 0.6, except for the
distillation temperatures of commercial samples, which exhibited correlations as
high as 0.9. These results suggested that the correlations between properties

showed a weak dependence on the chemical composition of the samples.

Exploratory analysis of IR spectra based on classical and multivariate spectral

analysis showed that:

3.

In the spectral region considered 7000-950 cm™, the specific band of the carbonyl
group at 1750 cm™" enabled the rapid identification of samples containing FAME.
PCA of the spectra differentiated samples into two clusters based on their FAME
content. t-SNE successfully differentiated desulfurized samples, commercial
samples containing FAME, and commercial samples without FAME content. The
difference in the property values of the samples seems to be more influenced by

the origin of the samples (streams 1 or 2) rather than by the FAME content.

It was possible to predict accurately the density of desulfurized and commercial

diesel fuel samples from their MIR spectra using a global calibration model based on

feed-forward neural network (FFNN) regression.
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4. A new methodology was developed to define the applicability limits of an FFNN
model that allowed the discarding of erroneous spectra measured in a second instrument
and discordant spectra. The limits were defined from 0.99 quantiles of two metrics: 1)
the squared Mahalanobis distance calculated from the activations of the hidden layer of
the FFENN, and 2) the sum of squared spectral residuals obtained by reconstructing the
spectrum from the original spectra (autoencoder approach) and from a lower dimensional

space (decoder approach).

5. The hypothesis that the decoder might outperform the autoencoder could not be
confirmed. The ability to reproduce the prediction spectrum from the training data for the

autoencoder and decoder approaches was similar.

6. Multivariate calibration model based on partial least squares (PLS) and non-linear
approaches based on FFNN yielded accurate predictions for properties closely related
to the chemical composition of diesel: density, cetane number, viscosity, and content
from FAME. Therefore, these analytical methods based on IR spectroscopy coupled with
either of the two calibration models can be considered as an alternative to standard
methods. The selection of wavelengths is relevant to optimize the predictive ability of

each model.

7. The sulfur content predictions obtained by both multivariate models were poor,
probably due to the low concentration present in the analyzed samples and the low molar

absorptivity of the sulfur compounds in the infrared region.

8. The PLS and ANN calibration models yielded poor predictions for properties not
directly related to the chemical composition of diesel: distillation temperatures such as
T65%, T85%, and T95%, flash point, cloud point, and CFPP. Thus, neither model can
be considered an alternative to the ASTM reference method for diesel quality analysis.
However, both calibration models did provide reasonable estimates for most of these
properties (T65%, T85%, T95%, flash point, and cloud point). For these properties, the
developed models might prove valuable in control processes with less stringent accuracy

demands for fast detection of gross deviations of normal process conditions.

9. ANN models were superior to PLS models for predicting density, T65%, T85%,
flash point, CFPP, and FAME content in commercial samples, and T95%, flash point,
cloud point, sulfur content in desulfurized samples. In contrast, PLS predicted better
density in desulfurized samples, T95%, cloud point, and sulfur content in commercial

samples, and cetane number in desulfurized and commercial samples. Moreover, the
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ANN and PLS models showed similar predictive ability for viscosity in commercial
samples. Overall, the predictive ability of both PLS and ANN models for properties in
commercial samples was superior, with the exception of the cetane number in

desulfurized samples.

10. For most properties, -except flash point (commercial samples), sulfur content
(desulfurized samples), and FAME content- the developed PLS models were stable over
a 10-month monitoring period. Nevertheless, despite the observed deterioration of the
predictive ability of the PLS model for FAME content over this monitoring period, it was

the only one that remained valid for the control in routine diesel analysis.

11. The PLS calibration model used to determine the density in commercial diesel
samples was no longer valid for predicting this property when applied to spectra acquired
in a new spectrophotometer with similar characteristics to the one used during model

development.

12. Three calibration model adaptations, di-PLS, DOP, and MU, were considered to
transfer an existing PLS model to the new instrument, improving its predictive ability.

Only the adaptation based on MU yielded valid results for routine diesel analysis control.
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VII.2 Perspectives

A prospective path for further research involves exploring how combining infrared
measurements with complementary analytical techniques or with chemical composition
data could enhance the performance of calibration models for predicting the
physicochemical properties of diesel. For instance, considering the concentration of
additives like cetane improvers and cold-flow improvers in diesel samples could improve
the predictive ability of calibration models for cetane number and low-temperature

properties, respectively.

While this study has focused on FFNN regression models, it is worth considering
other different types of neural networks, such as Convolutional Neural Networks (CNNs),
Deep Belief Networks (DBNs), Radial Basis Function Networks (RBFNs), and so on, that

offer different architectural features and learning mechanisms.

As an alternative to ANN, support vector machines (SVMs) could be a promising
option for spectral regression tasks, especially in models where poor predictions were

obtained for properties not directly linked to the chemical composition of diesel.

The approach used to adapt an existing PLS model based on the optimal NIR
(5168.29-3270.68 cm™') and MIR (2742.28-1801.19 cm™) spectral region for density
determination to a new instrument could similarly be employed to adjust two PLS models
based on each of these spectral subregions. The development and comparison of these
two models could provide valuable insights into their robustness and the sensitivity of

each spectral region to instrumental variations.

Improvements in the predictive ability of the models for cetane number and viscosity
that were based on a small number of samples could be expected as new diesel spectra
are measured and their reference property values are determined and incorporated into

the models.

Regarding the calibration transfer approaches, this study has focused on the
evaluation of three models adapted from PLS for predicting density in diesel samples,
but models based on transfer learning (TL) for adapting artificial neural networks (ANN)

models could also be considered in future studies.
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