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The combustion of conventional hydrocarbon-based fuels exerts a profound adverse
impact on the environment, primarily due to the emission of particulate matter such as soot.
To mitigate these challenges, this study investigates advanced strategies for enhancing fuel
combustion characteristics and curbing pollutant emissions. In particular, the research
examines the effects of incorporating oxygenated functional groups—including alcohols,
ethers, and ketones—into toluene primary reference fuel (TPRF) blends. Experimental
results demonstrate that blending fuels with oxygenates significantly increases the smoke
point (SP), which in return suppresses soot formation and promotes cleaner, more efficient
combustion processes. A comprehensive dataset comprising 89 new SP measurements for
TPRF with oxygenate highlights the pivotal role of oxygenates in reducing soot formation

and enhancing fuel efficiency for advancing environmental sustainability.

This work implements advanced artificial intelligence (Al) approaches to forecast smoke
point (SP) values of oxygenated fuel blends in order to develop fuel design methodologies.
With an R-squared value of 0.98 and a Root Mean Squared Error (RMSE) of 0.84 and
Mean Absolute Error (MAE) of 0.6 on the test set, Support Vector Machine (SVM)
outperformed the other six machine learning (ML) models techniques in the training and

testing of the framework across accuracy and generalization.
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In addition, an artificial neural network (ANN) model demonstrated exceptional prediction
accuracy on the test set, with an R-squared value of 0.97, RMSE of 0.23, and Mean
Absolute Error (MAE) of 0.18. These trustworthy models eliminate the need for time-
consuming experimental methods while enabling accurate evaluations of SP and the
possibility for soot reduction that goes along with it. This approach opens the door for
cleaner combustion techniques and environmentally sustainable fuels innovations by
combining empirical experimentation with Al -driven computational modelling to give

scalable and affordable ways for forecasting important fuel characteristics.
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CHAPTER 1
INTRODUCTION

1.1 Background

Fuels are classified into two main categories: primary fuels, found naturally, such as
coal, petroleum, and natural gas, and secondary fuels, derived from primary fuels
through chemical reactions, and physical, or thermal processes, such as coke, gasoline,
and coal gas. The applications of these fuels are vast, particularly in combustion
equipment like furnaces, boilers, and combustion engines, which depend on solid, liquid,
or gaseous fuels. Selecting the optimum fuel requires consideration of several factors,
including quantity, quality, cost, environmental effects, storage, and heating value.
Importantly, the properties of the fuel determine its quality and efficiency, which in turn

influences its suitability for specific applications [1].

For decades, energy suppliers have relied heavily on primary energy sources such as
fossil fuels for transportation, especially in hard-to-decarbonize industries. Despite this
dependency, there is fast growing need for sustainable energies and renewable fuels due
to the urgency of decarbonization. The use of synthetic fuels, such as oxymethylene
dimethyl ethers (OMEs), shows great promise in reducing smoke formation and
supporting low-carbon transport systems. Integration of such oxygenated fuels into
existing infrastructures provides an essential comprehensive understanding of their

thermochemical properties.



The challenges associated are due to the complex and variable composition of fossil
fuels based on their origin and production processes [2]. Furthermore, biofuels that
consist of oxygenated hydrocarbons, are emerging as a viable replacement for fossil
fuels due to their low soot emissions and carbon neutrality. Despite their potential, many
biofuel candidates remain under research regarding their thermochemical, physical, and

combustion properties for transportation sectors.

Functional groups that contain large numbers of carbon, hydrogen, and oxygen require
accurate characterization to understand their influence on the properties. Experimental
analysis of all potential fuel candidates is impractical due to the complexity of the
experiment and the cost associated with it. Traditional modeling approaches, based on

quantum mechanical principles, are also resource-intensive and time-consuming [3].

Fuel properties, such as SP, derived cetane number (DCN), pour point, viscosity, flash
point, calorific value, density, and octane number, have a significant effect on
combustion performance. For example, a complex mixture of diesel fuel contains
hydrocarbons with chain lengths of 9 to 25 carbon atoms, and surrogate fuels have been
employed to simplify the complexity of these mixtures. However, predicting the
behavior of fuels under extreme conditions, such as high pressure and temperature,

remains as a significant challenge [2].

Emissions from burning fuels, such as nitrogen oxides (NOx), Carbon dioxide (CO-) and
soot that consist of a carbonaceous particulate matter (PM), are critical concerns for both

spark ignition (SI) and compression ignition (CI) engines.



Sl engines, offering improved efficiency through strategies like stratified charge
combustion, face challenging in managing PM and NOx emissions due to the
incompatibility of certain catalysts, such as the three-way catalyst (TWC), with
stoichiometric conditions. Advanced approaches, such as low-temperature combustion
(LTC) and advanced compression ignition (ACI), aim to suppress NOyx and PM
emissions and improve thermal efficiency [4,5]. Fuels' properties, specially SP, provide
an accurate indicator of fuels’ sooting tendencies and can guide the engine design that
can support emissions reduction and improve efficiency. For example, a study
investigated the use of catalyzed diesel particulate filters (CDPF) and diesel oxidation
catalysts (DOC) demonstrated over 90% reduction in PM and particle number emissions
[6]. Understanding SP property is essential for environmental sustainability, reducing
air pollutants like CO2 contributes to mitigating climate change and its associated

impacts, such as global warming and fire growth [7].

Understanding of the physical and chemical properties of fuels is necessary for
numerical simulations of combustion phenomena, designing fuel, and optimizing engine
in internal combustion systems and gas turbines. The accuracy of these simulations
depends on precise property estimation, making the development of efficient predictive
tools are critical [8]. The implementation of advanced technology, including Al and ML,
is a transforming industry by improving efficiency, reducing costs, and minimizing
human involvement. The industrial evolution era over the history has progressively
moved from manual processes to programmable control systems and now to intelligent
systems, integrating technologies such as edge computing, internet of things, and ML

[9, 10].



ML has emerged as a powerful tool for analyzing complex datasets and making
predictions possibles with minimal human supervision. By leveraging large datasets,
ML algorithms can accurately estimate fuel properties, even for complex mixtures under
varying conditions of pressure and temperature [2]. As a subset of Al, ML enables
computers to learn patterns from data and make decisions without being explicitly
programmed. Arthur Samuel first defined ML in 1959 as the ability of machines to learn
without direct programming [11]. Various deep learning techniques, including ANN,
supervised learning methods, and unsupervised learning methods, have been explored
for fuel property prediction. Among most of Al models, ANN are particularly effective
due to the ability of such deep learning model to handle nonlinear and complex
relationships between input features and output which results in reducing data

complexity through hidden layers and aggregation processes [3,12].

ANNs have demonstrated superior accuracy, efficiency, and cost-effectiveness
compared to traditional models, making them a valuable tool for predicting properties
like SP [13]. Considering the implementation of ML into the field of fuel research
facilitates the discovery of new biofuel/ oxygenated candidates and accelerates the
development of sustainable fuels tailored to meet future energy demands. This work
focuses on leveraging six ML models and an ANN to predict fuel combustion property

efficiently, enabling advancements in fuel design and engine optimization.



1.2 Problem Statement

Prediction of oxygenated fuel properties is not accurate as the complexity of the

functional groups increases due to the increase in the nonlinearity of the fuel properties.

Therefore, this limitation highlights the need for more accurate prediction methods that
identifies the relationship between variety of the functional groups and SP that captures
the non-linearity between the data which other methods struggle to capture it effectively.
An advanced prediction method such as implementing of ANN model, which is capable

to handle this nonlinearity, is highly recommended for investigation.

Depending on the experimental data that the study relies on, primary reference fuel
(PRF) and toluene primary reference fuel (TPRF) were used as base fuels, blended with
a variety of oxygenated fuels, including five alcohols, two ketones, and four ethers, to
validate the prediction of combustion properties using functional groups as descriptors.
SP is a critical property for determining the fuel tendency to produce soot, and
combustion efficiency serves as a main focus. Additionally, this research explores the
capability of ML models in predicting highly nonlinear relationship between descriptors
and SP, with an emphasis on the highly effective functional group in predicting SP. In
the fuel design part, this research aims to predict the functional group percentage for a

targeted SP.



With the power of optimization algorithms, the aim to enhance the prediction of blended
oxygenated fuels is a major to refine the blending process and improve the overall fuels’
performance. Such a pathway addresses the challenges of emission reduction and

enhancing combustion efficiency.

1.3 Aims and Objectives

= To experimentally measure the SP of oxygenated fuels containing alcohols,
ketones, and ethers using PRF/TPRFs as base fuels.

= To calculate the sooting potential of fuels, threshold sooting index (TSI)
techniques have been measured for the blended fuels, in addition to investigating
which of the additives has the highest soot reduction based on the SP and the
molecular weight of the blend

= To design, implement and validate an ANN model for accurately predicting SP
value for oxygenated fuel blends.

= To compare ANN model results with RF, ETR, SVM, Nu-SVR, XGBR and
light-GBR and identify which of these models have the best results based on
accuracy which define the model capability to predict SP and generalization
which depends on the model’s performance on the unseen data.

= To validate and refine the optimal blends for fuel design that align with

environmental standards.



CHAPTER 2
LITERATURE REVIEW

The combustion process is a highly exothermic, redox reaction between fuel and
atmospheric oxygen. Such a reaction releases heat and produces visible flames in
addition to the product. The dependency on fossil fuels spans a cross variety of sectors,
from power generation, where the three types of fossil fuels coal, gas, and oil are
consumed extensively to meet growing electricity demands, to heavy industries such as
cement and steel manufacturing rely on these energy sources to drive high-temperature
processes. However, the transportation sector emerges as the largest consumer,
accounting for over 95% of fossil fuel usage, with renewable energy sources
contributing only about 5%, underscoring their pivotal role in global energy systems
[14,15]. This fact emphasizes the critical role of fossil fuels in powering vehicles, ships,
and aircraft. Central to their utilization is the combustion process—a highly exothermic
redox reaction between the fuel and atmospheric oxygen. Such reaction generates
substantial heat, produces visible flames, and releases various byproducts[16]. Such a
dependency comes with significant environmental and health consequences. The
emissions out of the combustion process, lead to greenhouse gas emissions, including
carbon dioxide (CO:), methane (CHa4), and nitrous oxide (N:0), which drive global
warming. It also produces pollutants like sulfur oxides (SOx), nitrogen oxides (NOx),
and particulate matter, all of which degrade air quality. Among these, soot, primarily

composed of black carbon, is this study's concern.



Soot is considered the 2nd contributor to global warming. With the high thermal
absorbent capability, soot increases thermal radiation that causes flame spared and fire

growth.

2.1 Soot Formation

Carbon-based particles known as soot are created when hydrocarbon fuels are not
completely burned or undergo pyrolysis. The negative impacts of soot emissions on
agriculture, population health, the condition of the atmosphere, and both the worldwide
and local climate are well documented. Soot formation is a complex chemical, and

physical process that involves multiple stage [17,18]:

1. Thermal Decomposition: Under high temperatures, the hydrocarbon fuels
decompose, leading to the production of hydrogen, acetylene and smaller
hydrocarbon radicals. The main components of soot precursors are provided by

equation (1). This is the breakdown:

A
C.H, > H,; + Hydrocarbone radicals + C;H,Acetylene (1)

2. Aromatic Growth (Precursor Formation): A key stage in the production of soot
is the synthesis of aromatic structures, which serve as the building blocks for the
production of polycyclic aromatic hydrocarbons (PAHs) and, eventually, soot

particles. This phase includes:



a)

b)

Benzene Ring Formation: Acetylene (C-H-) or propargyl radicals (CsHs) combine
with tiny hydrocarbon radicals to generate benzene (CsHs), the first aromatic struct
ure. The

elevated temperature and the presence of reactive intermediates in the flame promo
te this reaction as shown by equation (2).

Radicals + C;H, —» C¢HgBenzene ring 2

Formation of Naphthalene (Ci0Hs): The benzene ring develops into naphthalene,
a two-ring aromatic hydrocarbon, through a series of interactions involving
acetylene and other precursors via equation (3). This is the first stage of PAH
development.

C6H6 + CZHZ - CIOHB Naphthalene (3)

Additional PAH Growth: By adding more acetylene and recombining PAH
fragments, naphthalene and related structures continue to grow, forming larger
PAHs like pyrene (CisHio) and phenanthrene (CisHio) as in equation (4), and
subsequently more complex molecular weight MW type that nucleate to produce
soot particles.

C10H8+ Csz —)PAHS (4)

Nucleation: PAHs combine to form initial soot particles as in equation (5), which

signifies the change from gaseous to solid-phase particulate matter.

Nucleation (5)
PAH, + PAH, ——— PAH (jy5ter



4. The surface Growth: Soot fragments develop by adsorbing gaseous hydrocarbons
and adding carbon atoms, via equation (6). which is made possible by processes
such as the hydrogen-abstraction-carbon-addition (HACA) process.

PAHCluster + CZHZ - Csoot (6)

5. The aggregation and Coagulation: Individual soot particles collide and stick to
one another to form larger fractal-like aggregates provided by equation (7); this

stage influences the shape and size distribution of soot particles.

Growth (7)
Csoot ? SOOtparticle

6. The oxidation process: In oxygen-rich areas of the flame or combustion
circumstances, soot particles undergo oxidation as in equation (8), which reduces
their mass and changes their nanostructure, which can have a substantial effect on
the emission characteristics of soot.

The summary of the key stages of soot formation is presented in Figure 2.1

10



Soot Formation Process

Oxidation: Soot
Mass Reduction

Agglomeration

CGH6 A Csz - CIOHB Naphthalene
C10H8 + Csz - PAHs

Growth of Aromatic

Thermal Decomposition

Figure 2.1: Stages of Soot Formation
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2.2 Combustion Properties: Smoke Point (SP)

The SP serves as a pivotal metric for evaluating the fuel propensity to soot, including jet
fuel, diesel, and kerosene. It represents the critical temperature-related threshold at
which particulate matter (PM), or soot begins to form because of incomplete combustion

[19]. SP and its relation to soot will be investigated in the below sections.

2.2.1 SP as a measure of Sooting Index

The SP of a fuel is conventionally defined by the maximum laminar flame height—often
described as a "candle-like" flame at which no visible smoke is emitted from the flame
tip. Soot formation generally occurs in the lower region of the flame, where fuel
decomposition and intermediate species are present. The soot then moves upward by
ascending air and oxidised in the upper part of the flame. The balance between soot
generation and oxidation in laminar flames operating at their smoke-point conditions
guarantees that soot is fully oxidised before exiting. In contrast, soot oxidation
dominates and produces very little soot emissions for flames burning at or below their
SP height [20,21]. Several factors affect the production of soot, but residence time is a
crucial one. In the lower flame area, where undecomposed fuel and intermediates are
still accessible, the percentage of fuel converted to soot rises as fuel residence duration
increases. Higher radiative heat losses per unit volume of soot and higher soot volume
fractions are the results of longer residence durations. Both the residence time and

radiative heat loss scale with the fuel supply rate (or flame volume) [22].
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As the fuel supply rate increases, radiative heat loss intensifies, leading to increased
flame cooling. Eventually, excessive cooling causes the flame tip to quench before
complete oxidation of soot and other products of incomplete combustion can occur [20].
Lower laminar flame heights at the SP, shorter residence periods, and more noticeable
radiative heat losses, all of which cause quick cooling and early flame extinction are
characteristics of fuels with increased sooting tendencies [22]. At elevated combustion
temperatures, the nature of flame diffusion, whether turbulent or laminar, plays a crucial
role in determining the reaction mechanism [23]. In laminar diffusion, an increase in the
fuel flow rate leads to the flame reaching its SP, marked by a significant plume of soot
breakthrough above the flame [24]. The SP, a temperature-related parameter, indicates
the threshold at which fuel generates PM or soot due to incomplete combustion. This
parameter serves as a characteristic feature for jet fuel, diesel, and kerosene, varying

across different fuel types with a range of 300°F to 550°F [25].

Utilizing the ASTM-D1322 Standard [26], the SP lamp apparatus is employed to
measure the SP value Figure 2.2, by observing the highest flame in mm without
observing the soot mist. The average height is then used as input data for the model. All
tools were maintained clean via using n-heptane solution and ionized water. Eventually,
an estimated value of each fuel mixture’s propensity to soot was obtained by measuring

the SP as they inversely proportion [27].
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Figure 2.2: Apparatus for SP Measurement, ASTM-D1322.

The relationship between soot and SP is inversely proportional with a higher SP flow
rate corresponding to a lower tendency for sooting [28]. To assess the sooting potential
of fuels, various techniques have been developed. The TSI, proposed by Calcote and
Manos (1983) [29], has extensively applied while gaining significant recognition. TSI
is the numerical value that indicates a fuel's propensity to soot, with higher values
reflecting a greater tendency to produce soot. TSI is calculated based on the MW and

the SP using equation (9) as follows:

TSI =a <1|;I_LV> +b ©)
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From the above equation 9 the notations ‘a’ and ‘b’ are constants specified to the SP
apparatus and MW is molecular weight of the fuel. Such an equation highlights the
importance of accurately predicting SP to assess the sooting tendencies of various fuels,

ultimately leading to the development of cleaner combustion technologies.

Based on Olson et al. work, the TSI was measured for 103 hydrocarbons, revealing the
important aspects of soot formation mechanisms [27]. Further research done by Gill and
Olson showed that the TSI for fuel blends can be accurately predicted using an additive
rule as in equation (10), highlighting the relationship between the mixture components

and their sooting tendencies [30].

TSI, = Z x, * TSI, (10)

c

From equation (10), m represents the mixture and x. represent the mole fraction of
component c. Furthermore, variety of techniques developed to addresses the limitations
of traditional sooting indices, these techniques typically do not consider the effects of
the presence of oxygen atoms in fuel molecules [31], oxygen extended sooting index
(OESI) [32] is used as a useful method to study the effect of oxygenated groups such as
alcohols, ketones and ethers in both aromatic and non-aromatic surrogate fuels. OESI is

calculated using equation (11) below:

c+ (1)

SP

h
7}

N[O

OESI = a’ +b*
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The parameters used in this equation stands for: C the carbon, representing the number
of carbon atoms in the fuel molecule that play a direct role in soot formation during
combustion. H stands for hydrogen, indicating the H atoms that affect the combustion
process. O stands for Oxygen, referring to the O atoms in the fuel molecule that enhance
combustion and reduce soot formation by promoting oxidation processes that break
down soot precursors.and a* and b* are constant for the device. The value of SP is

integral to both TSI and OESI which have similar values for non-oxygenated surrogates.

It is important to note that the SP is relatively user-dependent, which leads to significant
uncertainties in its measurement. Additionally, the SP of aromatic compounds is notably
low and challenging to measure, potentially limiting the utility of this parameter in
analyzing practical fuels [33]. Research, improved sooting indices through developing
technique such as the yield sooting index (YSI) [33-37], YSI estimates sooting

tendencies of the fuel through measuring the maximum volume fraction V., of the

soot through laser-induced incandescence (LII). Using constants & and b, the

VrmaxValue is converted into an apparatus-independent index, as described in equation

(12) as follow:
YSI= a* Vipay + b (12)

Another method for measuring fuel propensity to soot is the micro pyrolysis index
(MPI). This method was developed with several key features: (i) it is independent of
oxygen levels, addressing the significant variations in sooting tendencies that resulted

from changing the oxygen concentration.
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(ii) it requires only a small volume from the sample, making it suitable for laboratory-
scale applications. (iii) it improves repeatability compared to traditional methods; and
(iv) it uses standard laboratory equipment, facilitating its adoption across multiple
research settings. MPI measure requires a 20 pL of fuel, this fuel is then pyrolyzed over
a bed of R-Al>O3 beads at 850 °C. The carbon deposited on the beads is then oxidized
in a clean reactor using temperature-programmed oxidation (TPO) to quantify the soot
formed. This method provides a reliable measure of a fuel's sooting tendency,
independent of parameters like flame temperature or stoichiometric oxygen/fuel ratios,
which can significantly influence results in other sooting tendency assessment

techniques [38].

While fuel equivalent sooting index (FESI) incorporates the sooting tendencies
measured through YSI, which is based on the soot volume fraction produced under
specific combustion conditions, and OESI, which adjusts for the impact of oxygenated
compounds on soot reduction. By integrating these concepts, FESI provides a
comprehensive measure of a fuel’s propensity to form soot, accounting for both
molecular structure and oxygen content, making it a more versatile and accurate
indicator of sooting tendencies for complex fuel blends, especially those containing
oxygenates [39,40]. FESI value expressed based on equation (13) as follow:

A * meax - Zcxc * FESI, (13)

FESI, =
y x

y

The samples of equation (13) defined as follow:
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‘A’ represents an apparatus-dependent constant, while x. and FESI. denote the mole
fraction and Fuel Equivalent Sooting Index (FESI) of the ¢ component in the blend,
respectively. The x,, refers to the mole fraction of the fuel component whose sooting
tendency is being evaluated, denoted as FESI,. The hydrogen content of pure
compounds, determined from their molecular formulas, is linked to soot production
during combustion, with higher hydrogen content yielding less soot. Furthermore, the
aromatic content of fuel significantly influences soot formation, with higher aromatic

content generally correlating with increased soot formation [41].

The emission of particulate matter (PM) and soot affects human inhalation system,
engines, and the environment. Due to that pollution, Environmental Protection Agency
(EPA) has its standard for acceptable percentage of soot emission [5]. Many studies
were involved in improving fuel properties through additives to decrease the amount of
PM and NOx. Data were collected from pure hydrocarbon and oxygenated fuel to form

models for predicting SP which used in calculating the TSI [5,42].

An input of (jet fuel, kerosene and gasoline and their surrogate) with those additives
containing alcohol and ethers, MW along with branching index (BIl) of organic groups
of olefinic, naphthenic and paraffinic of methane, ethane, propane, ethene, ethanolic
OH/O and aromatic were included. The incompetence of multiple linear regression
method to capture the data for SP model, ANN model with high accuracy is used [42].
Previously many approaches have been employed to assess the sooting tendencies of

oxygenates.
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The first approach involved creating flames from pure oxygenates and measuring the
smoke height, defined as the maximum flame height of the test compound that did not
emit soot from its tip. This technique had been utilized for seven long-chain alcohols

and carboxylic acids, as well as for five small alcohols [43,44].

The second approach added oxygenates to a heavily sooting base flame and measured
the consequent reductions in smoke height. This method was advantageous as it was
more closely related to the goal of minimizing soot formation in engines. It had been
applied to 24 diverse oxygenates [45], using either a heptane/toluene mixture or a
commercial diesel fuel as the base fuel. A third approach involved introducing small
amounts of oxygenates to a lightly sooting base flame and measuring the subsequent
increases in soot concentration. The primary benefit of this method was that the additive
concentrations ~1000 ppm were too low to impact soot concentrations through indirect
mechanisms such as base fuel dilution or flame temperature changes. Therefore, the
observed sooting tendencies were predominantly influenced by the direct chemical
effects of the oxygenate structure. Additionally, the method's experimental convenience
allowed for the characterization of hundreds of test compounds within a reasonable

timeframe [36].

The SP range for n-heptane and isooctane is beyond ASTM-1322 values therefore PRF
is also beyond the range. Hence Haas.et.al [46] utilized the TSI linear by mole blending
approach to predict the SP for known MW fuels with a minimal sooting propensity using
extrapolation. In this work we aim to validate the model using the VSP data collected

experimentally.
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2.2.2 Methods to Improve SP

Enhancing SP reduces the production of soot, which minimizes its detrimental effects
on atmosphere quality and consequences to the environment and global warming, in
addition to the effects on human health. It also improves combustion efficiency. Main

strategies to deal with these issues are examined in this section.

Fuel pre-treatment or catalytic processes: Researchers as Eliasz [47] study the use
of catalytic systems to chemically pre-treat fuels, with an emphasis on oxidizing
polycyclic aromatic hydrocarbons (PAHS) and disrupting the intricate structure of
hydrocarbons. In high-pressure combustion systems, this catalytic initial treatment uses
elements like platinum to promote reactions like paraffin dehydrogenation, which forms
olefins and reduces soot precursors. These methods successfully lower soot generation

and raise the fuel's SP by changing the fuel's chemical structure before combustion.

Optimizing combustion conditions is another technique used to improve the SP. Soot
production can be considerably decreased by fine-tuning the operational parameters of
combustion systems, such as ensuring the air-fuel mixture is proper, managing the

temperature during combustion, and modifying the pressure levels.

To minimize the production of unburned hydrocarbons, optimum air-fuel mixing
guarantees an appropriate proportion for full combustion. The problems of high
temperatures, which encourage the generation of nitrogen oxides (NOx), and low
temperatures, which lead to incomplete combustion, are avoided by maintaining the

temperature of combustion within an ideal range.
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Furthermore, sustaining high pressure increases air mixing and fuel atomization, which
boosts combustion efficiency. By raising the SP and minimizing the incomplete

combustion zone, these modifications successfully lower soot emissions [48,49].

Furthermore, adjusting the fuel composition method is another step that can be
implemented to improve fuels’ SP, by changing the composition structurally to greatly
decrease the fuel's propensity for making soot. One of the main processes is lowering
the aromatic content, which reduces the production of polycyclic aromatic hydrocarbons
(PAHS), a contributor to soot formation. Combustion characteristics are also enhanced
by reducing the carbon-to-hydrogen ratio and raising the paraffinic concentration. These
fuels have a higher SP and significantly lower soot emissions because they

produce fewer carbon residues when they burn [50-52].

Blending Oxygenated Fuels: As a final strategy to lower soot emissions, this study
investigates the blending of oxygenated chemicals into fuels. This method reduces the
incomplete combustion zones where soot precursors usually form by promoting more
complete combustion through an increase in the oxygen-to-carbon (O/C) ratio of the
fuel. It is an efficient method of lowering emissions because the increased oxygen
availability interferes with the chemical processes that cause soot particles to develop.
This technique shows promise as a workable alternative for cleaner fuel applications
since it not only improves SP and combustion efficiency but also dramatically reduces

soot production. [53-55].
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2.2.3 Influence of Functional Groups on Combustion Properties

Crude oil represents one of the most chemically intricate substances found in nature,
several hundred thousand distinct molecular entities varying in size, structure, and
functionality exist within a single drop of oil. In such a complex mixture, a functional
group is defined as a specific arrangement of atoms within a molecule that dictates its

physical properties, chemical behavior, and reactivity. [56,57].

Convenient fuels like gasoline and diesel are made up of a large number of hydrocarbon
molecules, usually, gasoline consists of 61 to 71" groups [58]. These hydrocarbons often
have a restricted range of functional groups, despite their complexity. Such functional
groups are essential in controlling the fuel's combustion kinetics, which in turn
determines important performance attributes like emissions characteristics, ignition
quality, and flame stability [59]. The amount and nature of functional groups that are
present in a compound have a significant impact on its thermochemical properties (heat
capacity [60], heat of formation [61], and flash point [62-65]), physical properties such
as density and viscosity [66], and different combustion characteristics ( cetane number,

flame speed, SP and sooting tendency [25,28,67—69]).

There is a strong relationship between a fuel's physical and chemical behavior and the
distribution of functional groups within it [70,71].
By providing crucial insights into fuel efficiency optimized performance, Dooley's
work[72] further emphasizes the crucial significance that functional group composition

plays in shaping these qualities.
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It has been observed that the component molecules are essential for controlling chemical
reactions, independent of the parent surrogate molecule. The most common structural

units in paraffinic hydrocarbon fuels are the CHz and CH2 groups.

According to Wn et al. [70], the CH2/CHjs ratio and the metric == « (CH, + CH5) are

CH
CHs
essential for determining the low-temperature alkyl peroxy radicals' reactivity in
paraffinic fuels. Additionally, the CH2/CHs ratio in n-paraffin fuels, is a significant
factor in determining the ignition delay especially within the boiling range of diesel fuels

[71,73].

Many studies have investigated using the functional group's additive technique to
estimate reaction rates based on alkyl and free radical groups [74]. To estimate reaction
rates for a range of reaction sets used in kinetic simulations, Sumathi et al. [75-77]
expanded Benson's group additivity. In a similar vein, Pepiot-Desjardin et al. [78]
applied group additivity techniques to forecast the sooting patterns among several fuel
types. The TSI in gas engine combustors was estimated by Yang et al. [79] using
fundamental compositional data from jet fuels. Mehl et al. [80]suggested defining fuel
surrogates for extremely heavy molecular substances by employing pseudo-components
that mimic the reactive groups present in the desired fuel. Furthermore, structural moiety
contribution frameworks have been developed to analyze the sooting tendencies of

gasoline and diesel [78] and to estimate the smoke points of pure hydrocarbons [81].

The fact that various functional groups produce distinct sooting behaviors is further

supported by experimental data [31].

23



These results demonstrate that the fundamental basis for predicting crucial combustion
phenomena is the functional groups present in fuels. Since a fuel's behavior is largely
determined by its chemical structure, studying functional groups is essential to

improving our knowledge of combustion kinetics and emissions.

2.2.4 Functional Group

Naphthene’s, olefins, iso-paraffins, n-paraffins, and aromatics are the five molecular
groups that make up the majority of motorized fuels, including petrol, diesel, kerosene
and jet fuel. Furthermore, oxygenates are frequently added to fuels in order to improve
combustion and lower emissions. These reactive groups can be determined explicitly
from the chemical structure and composition information for both pure hydrocarbons
and hydrocarbon-oxygenated mixtures. As an illustration for ketones, cyclopentanone
(MW= 84 g/mol) consist of 5 paraffinic CH. (MW= 14 g/mol), 1 carbonyl group (MW
= 28 g/mol). The percentage weight of these group is 67% and 33% respectively. For a
mixture of TPRF 80-20 (MW = 105.72 g/mol) consist of (toluene 20% vol, iso-octane
64% and n-heptane 16% vol) the weight percentage can be identified with a knowledge
of density (0.726 g/cmq) to determine the functional group content as follow: paraffinic:
CHs 48.57%, CH. 18.05, CH 6.96% and C 6.43% and Aromatic 19.99%. Weight
percentage (wt.%), as compared to mole percentage (mol.%), was used to quantify the
functional groups. This decision was taken because, in some situations, mol.% numbers
may give a somewhat inaccurate overview of the contributions made by functional
groups to the overall composition. For instance, toluene has one aromatic C-CH (single
ring) and a single CHs paraffinic group.
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Each of these groups makes up 50% of the molecule in terms of mole percentage
(mol.%). Nevertheless, even though the paraffinic CHz group has a much lower
molecular weight than the aromatic ring, it is disproportionately highlighted in this
computation. The computed mol.% values for the paraffinic CHs groups in n-heptane-
toluene blends are found to be 15-20% higher than the equivalent weight percentage

(wt.%) values, highlighting this disparity.

2.2.5 Influence of Branching Index Bl

Under various circumstances, functional groups are essential for regulating the
characteristics of combustion. Nonetheless, research indicates that isomers containing
identical functional groups can differ greatly in low-temperature reactivity and octane
or cetane values. For example, because of the different configurations of their functional
groups, 2-methylheptane and 3-methylheptane have different combustion properties
[82-86]. Abdul Jameel et al. developed the idea of the Bl as an extra input parameter to

describe the level of branching in a molecular structure [87].

An indicator known as the Bl was developed to measure how functional groups are
arranged within molecules. A Position Index (PI) is used to identify the position of
critical functional groups, like alkyl substitutions, within the Bl architecture. The degree
of branching in the carbon chain positively influences octane number (ON), and
negatively affects cetane number (CN) for pure substances and blends, as has been
extensively published in research [88,89]. In particular, a greater level of branching (i.e.,
more alkyl substitutions) that associated with a drop in CN [87] and a rise in ON [90],
when all other variables are held unchanged.
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There is still not enough systematic study to measure the effect of branching on the
combustion and thermochemical characteristics of fuels, despite the fact that many
studies recognize its influence. Several research [68] have tried to use the CHs/CHz ratio
to depict branching in iso-paraffins, but this metric does not take into consideration
branching in compounds like 2,4-dimethylbutane, iso-butane, and neo-pentane that lack
CH> groups. Furthermore, the positional effects of alkyl substitutions on CN are not
reflected in the CHs/CH. ratio. For instance, 3-methylheptane and 2-
methylheptane have the same CHs/CHa ratio, but they have very distinct DCNs, which

are 45 and 52.6, respectively.

Furthermore, because n-paraffins are unbranched, this ratio gives them a positive
branching significance, which should ideally be zero. The degree of branching in a
molecule or hydrocarbon mixture is generally indicated by the quantity of paraffinic
CHs groups available; a higher number of CHs groups indicates a fuel that is more
strongly branched. In contrast, the linearity of the structure is shown by the amount of
paraffinic CH> groups. Due to the faster rate of low temperature peroxyl radical
isomerization processes between CH; groups, which encourage radical chain branching
and ignite, highly linear fuels typically have more CN and lower ON [91,92]. The default
setting of Bl is taken to be O for olefinic, n-paraffinic, and straight chain molecules.
Equation (14) defines BI for iso-paraffins.

_ Ch+PI, (14)

BI
Cl
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C? represent the carbon atom branched from the longest chain, PI,. position index of C?
and €' carbon atom of the longest chain. PI, has a variety of values based on the

position of €? as follows:

PI. =0, 0.5 and (0.5+0.5) based on the C? connected to the position of the outermost,
1 position far from the outermost and 2 position far from outermost respectively. For

detailed information 2,3-dimethylpentane BI’s calculated in accordance with Equation

14)where PI . value 0.5 for the 2" C atom eventually the value of Bl =2+0%09) _ g 5,
5

Taking into account an input feature such as BI, allows one to differentiate 2,4-
dimethylpentane from 2,3-dimethylpentane. However, compounds with naphthenic
rings or aromatic are unable to have their Bl calculated using Equation (14), thus

another calculation is required where ring effect is considered referring to [93].

2.3 Fuels and Additives for Combustion Research

The combustion process, despite the engine types, is significantly influenced by the
Fuels and their properties. The physical properties significantly impact atomization
quality, spray speed of evaporation and engine efficiency. Furthermore, the molecular
composition of fuels greatly impacts environmental emissions, both in type and quantity.
For example, fuels with high aromatic content tend to increase emissions, whereas
adding oxygenated compounds reduces them. Ultimately, both fuel types and additives
have a substantial effect on fuel and combustion characteristics[53,94-96]. This section

will provide a detailed investigation of fuel bases and additives.
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2.3.1 PRF/TPRF

Developing and validating chemical kinetic models for gasoline-like fuels is essential in
fuel research. Given the complex composition of gasoline and other real fuels, creating
a kinetic model for each individual component is highly challenging. To simplify this
process, surrogate fuels are often formulated to mimic the key characteristics of the
actual fuel. These characteristics typically include combustion properties, such as
ignition delay and flame speed, as well as physical properties like MW, H/C ratio,
viscosity, density, and the distillation curve. One of the most important findings is that
no single surrogate fuel can perfectly replicate all these characteristics, eventually, a
selection of the right surrogate requires careful consideration. Extensive discussions on

surrogate fuel formulation strategies are found in the literature[97-100].

Historically, PRFs, defined by their research octane number (RON), were widely used

as surrogates in combustion research.

PRFs, the blends of n-heptane and iso-octane, provide a simplified model for studying
gasoline’s auto-ignition behavior under a controlled condition. Extensive research has
focused on developing chemical kinetic models for PRFs, making them essential for
understanding fuel performance, especially in relation to engine knock resistance. In
recent years, research has expanded to include complex fuel blends and additives, such
as toluene, which is frequently used in TPRFs. TPRFs allow researchers to examine
the effects of aromatic compounds on octane numbers and knock resistance. Although
toluene has a high-octane rating of RON 120, its blending effects can vary, showing
both synergistic and antagonistic behaviors based on the composition of the base fuel.
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While toluene enhances octane levels, its effectiveness is significantly dependent on the
chemical composition of the base fuel, especially its aromatic content. In summary,
PRFs serve as a basic model for studying fuel behavior, whereas TPRFs provide more
detailed insights into the role of aromatics like toluene, in influencing fuel performance

[101-103].

2.3.2 Oxygenated Functional Groups

Blending fuels with oxygenated compounds, including alcohols, ethers, and ketones, has
proven effectiveness in improving fuel properties, especially by increasing the smoke
point. Oxygenated functional groups promote more complete combustion by enhancing
the oxidation of hydrocarbons, thereby reducing the formation of unburned carbon
particles (soot). As a result, fuels blended with oxygenated compounds tend to have

higher smoke points and produce fewer particulate emissions.

Various studies have explored the effects of blending oxygenated compounds with
surrogate fuels to optimize fuel quality and reduce soot emissions. For example, ethanol
(EtOH) and dimethyl ether (DME) have been shown to significantly reduce sooting

tendencies compared to pure hydrocarbons[104-113].

Other oxygenated compounds, such as n-pentanol, have also demonstrated improved
combustion properties, including increased smoke points, when blended with
conventional fuels like diesel[114,115]. WEei et al. found that blending n-pentanol with
diesel not only increased the SP but also reduced hydrocarbon emissions, although it
resulted in a slight increase in nitrogen oxides (NOx) due to the presence of the alcohol

(OH) group[116].
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In addition to alcohol, ketones have recently gained attention for their ability to improve
fuel efficiency and reduce emissions. Patil et al. examined the effects of blending various
ketones, including cyclohexanone and 2-butanone, with gasoline and observed
significant increases in the SP and reductions in soot formation[117]. The use of ketones
in combustion engines, particularly those with common rail injection systems or direct
injection engines, has been shown to reduce fuel consumption and enhance overall fuel

performance[118].

The successful blending of these oxygenated compounds with conventional fuels
demonstrates the potential for creating cleaner-burning fuels with higher smoke points.
However, the complexity of fuel blends and the variety of oxygenated compounds
available necessitate a comprehensive understanding of their interactions and impacts
on combustion properties. Continuous research is essential to further optimize fuel

formulations and reduce emissions[88].
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2.4 Al in Combustion Research

In combustion research the use of Al has emerged as a powerful tool, enabling to
accurately predict fuel properties [119,120]. Implementing Al approaches such as ML
and deep learning in predicting engine performance and fuel design optimization is
highly investigated [81,120-124]demonstrating the estimate experimental results which
will lead to reduce physical testing with model can achieve high accuracy such as 97%

and 98% respectively[25,125]. Further discussion will be included in this section.

2.4.1 Applications for ML

ML is a multidisciplinary field supported by numerous areas of study and has emerged
as a powerful tool across numerous domains. The complexities associated with
measuring the quantitative and qualitative aspects of thermochemical and physical fuel
properties often require time-consuming and expensive testing. ML techniques,
effectively address these challenges with their ability to learn from existing datasets and
processes, by simplifying the prediction process and minimizing the dependency on
extensive experiments [126]. The optimization of engine and fuel design requires a
detailed understanding of the physical and chemical properties of fuels. This
understanding is essential for conducting accurate numerical simulations of combustion
phenomena in internal combustion engines and gas turbines. The accuracy of such
simulations depends on reliable property estimation, highlighting the importance of
developing efficient predictive tools [127]. Advancements in Al and ML are
revolutionizing industries by enhancing efficiency, reducing costs, and minimizing

human involvement.
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Over time, industrial evolution has gradually shifted from manual operation to
programmable control systems, and in recent time, to intelligent systems that integrate
advanced technologies like edge computing, the Internet of Things (loT), and ML
[128,129] These technologies enable industries to analyze complex datasets and make
predictions with limited supervision. Various ML techniques, including ANNS,
supervised learning, and unsupervised learning, have been applied to predict fuel
properties. Among these methods, ANNs have demonstrated superior performance due
to their ability to handle complex, nonlinear relationships and reduce data complexity
through hidden layers and aggregation processes [62,130] [32]. ANNs have proven to
be more accurate, efficient, and cost-effective than traditional models, making them

particularly valuable for predicting properties like SP and DCN [131].

The integration of ML into fuel research has facilitated the discovery of biofuel
candidates and accelerated the development of sustainable fuels tailored to meet future
energy demands. The success of ML models relies on the quality of the database, which
integrates experimental and computational findings, and the selection of descriptors that

effectively represent the system.
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Descriptors such as atom type electro-topological State Index (AET), BI, coulomb
matrix (CM), functional group molecular descriptors (FGMD), molecular graph (MG),
and MW provide critical input features. Advanced analytical tools like Fourier transform
infrared (FTIR) spectroscopy, ASTM distillation curves, Nuclear Magnetic Resonance
(NMR) spectroscopy, and dielectric spectroscopy further refine these descriptors,

enabling accurate prediction of fuel properties [132,133].

Since hydrocarbon fuels comprise hundreds of distinct molecules of varying shapes and
chemical types, their composition is often represented by grouping individual molecules
into defined chemical moieties or functional groups. This approach simplifies the

prediction of fuel properties, reducing experimental costs and complexities [134].

2.4.2 Steps for ML Implementation

For the purpose of predicting combustion quality (i.e., SP and DCN), various techniques
and interactions have been established for n-paraffins[135], pure petroleum products
[136-139], pure fuel blends, oxygen-rich hydrocarbons [140-143], fuels made from
diesel [140,144-147], artificial types of diesel, biofuels, additives for biofuels and
biodiesel [148,149]. A wide variety of study fields support the establishment of the

multidisciplinary discipline of ML.
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Because time-consuming and expensive tests are required, measuring the quantitative

and qualitative aspects of thermochemical and physical fuel properties can be difficult.

The ability of ML techniques to learn from previous datasets and procedures allows it

to handle such problem [150].

A process of four steps is required to build a ML model described in Figure 2.3 as

follows:

a. Building a dataset with appropriate samples

b. Appropriate selection of descriptors and algorithms

C. Using the database and descriptors to build the algorithm,

d. Depending on the chosen descriptors, using the developed model to forecast the

output values [151]
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Figure 2.3: Schematic of a standard ML development model.
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2.4.3 Historical Development of ML in Fuel Research

The application of ML algorithms, particularly ANNSs, in fuel property prediction began
in 1996. Keshavaraj et al. used ANNSs to predict the fluid properties of siloxanes,
employing descriptors like AET, Branching Patterns (BP), and Topological
Connectivity (TC) to measure critical volume, temperature, and pressure [152]. In the
same year, Hall et al. developed QSAR (Quantitative Structure-Activity Relationship)
models using ANNs to predict boiling points and critical temperatures for datasets of
298 and 165 compounds, respectively, relying on the electro-topological state of atoms

[153]. Subsequent advancements include:

e 2000: McClelland et al. used a dataset of 420 molecular structures to predict
vapor pressure with eight CNN descriptors, including electronic, hybrid,

geometrical, and topological features [129].

e 2006: Gao et al. implemented BPANN and multiple linear regression (MLR)
models to develop QSPR (Quantitative Structure-Property Relationship) models

for predicting melting and boiling points of polyamides [154].

e 2007: Katritzky et al. built QSPR models using multi-layer perceptron

algorithms to predict vapor pressures of 645 organic compounds [155].

e 2008: Yong Pan et al. enhanced QSPR models with Support Vector Machines
(SVMs), predicting flash points for 1,282 organic molecules classified into 57

functional groups [130].
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o Saldana et al.: Combined multiple ML models to predict flash points and cetane
numbers using SMILES (Simplified Molecular Input Line Entry System)
formulas and functional group descriptors, demonstrating the integration of

graph-based approaches in QSPR modelling [62].

These efforts highlight the increasing adoption of ML techniques in fuel research. The
application of perceptron-based architectures, such as three-layer perceptron’s with
backpropagation algorithms, has further advanced the field. Basu and Henshaw used

such architectures to predict adsorption isotherms of volatile organic compounds [131].
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CHAPTER 3
SP MODELLING

The study aims to develop an advanced model to predict the SP of fuels containing
oxygenated groups specifically ketones, alcohols, and ethers. The combinations of
hydrocarbons with oxygenated compounds are nearly limitless, which presents a
significant challenge for fuel studies. While Qasem’s model focuses on ethers and
alcohol in real fuels[25], this work introduces ketones to extend SP prediction using
TPRF. This study addresses the gap that traditional models struggle with, while complex
fuel blends reflect challenges to predict SP. Establishing an efficient methodology for
predicting the SP of both new and current fuel blends is crucial. By enabling proactive
soot reduction during fuel formulation, mixture ratio modifications according to
anticipated sooting tendency could be possible. As a result, combustion engines will
operate depending on environmentally friendly fuels, reducing the impact of soot

emissions on the environment [156-158].

3.1  Methodology

Research on predicting SP has the ability to catalyze the development of atmospheric
models aimed at minimizing the environmental impact of smoke emissions [159]. Model
development was achieved using SP data from 89 experimental measurements. This
large exhaustive experimental dataset (containing blends of TPRF and oxygenates) was

used for model development, validation and testing.
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The predictive model was developed using artificial neural networks (ANNS) as
traditional regression methods have proven inadequate for accurately capturing the

complex relationships between fuel chemistry and behavior [160].

Figure 3.1 visualizes the overall process for predicting SP containing the necessary

stages, providing a roadmap for model development. Details explanation for selecting

Fuel properties Q
pr—) . E

oxygenate is explored below:

[ - A 2o i "1/
=, ST Input ~m
— - Functi
— unctional group

& = Smoke point (mm) Output
epi)m mm} ul Iﬂll‘

Stage 1 Stage 2 Stage 3

Data collected experimentally Data Pre-processing - ANN model
training, testing
and Validation

Figure 3.1: Flowchart for developing SP prediction model

3.1.1 Selection of Oxygenated Compounds

In preparing the fuel blends for testing, the primary objective was to match the Research
Octane Number (RON) and density of commercially available gasoline, ensuring that
the surrogate blend accurately reflects key characteristics such as ignition behavior,

vaporization properties, heat release rates, and combustion stability.
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This approach ensures the surrogate is representative of the fuels commonly found in
the consumer market, making the testing results applicable to real-world conditions. To
achieve this, a variety of oxygenated compounds were selected, focusing on their ability
to influence these combustion properties. These additives include Ethanol (EtOH), n-
Pentanol (n-PeOH), Isopropanol (i-PrOH), Isobutanol (i-BuOH) 2-Methyl-2-Butanol
(2MB20L), Methyl tert-Butyl Ether (MTBE), Ethyl tert-Butyl Ether (ETBE), Diethyl
Ether (DEE), Dibutyl Ether (DBE), Cyclohexanone (CHN) and Cyclopentanone (CPN).

The properties of these oxygenates are summarized in Table 3-1.

Table 3-1: Physicochemical Properties of Selected Chemicals for SP Measurement

Chemicals Structure Q) H/C MW Density SP Ref

w%
(g/mol) (g/cm®) (mm)

n- 100.21 0.684 137 [161]
H3C\/\/\/CH3 0 2.29

Heptane

114.23  0.692 49 [161]
Iso-octane 0 2.25

92.14 0.867 8.9 [161]
Toluene 0 1.14

84.12 0.948 26.2 [31]
CPN (@) 19.04 2.0

98.15 0.95 26.2  [31]
CHN 0] 16.33 2.0

EtOH /\OH 3473 3.0 46.07  0.789 -
OH -
i-PrOH )\ 26.64  2.67 60.1 0.785
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i-BuOH /lvOH 2159 275 7412 0802 417 [162]

2MB20L HO)I\/ 1818 25 8815 081 259 [31]

n-PeOH \/\/\OH 18.18 2.4 88.15 0.814 27.7  [31]

88.15  0.74 24.1  [31]

MTBE o 1815 3.0

J< 102.18 0744 -
ETBE ~ 1566 2.8
DEE Ao\ 2159 30 /412 0713 -

DBE HsC/\/\O/\/\CH3 1231 225 130.23 0.769 )

In this work, TPRF blends is the selected base fuel instead of more complex commercial
gasoline, also to simplify the analysis. The chosen oxygenates were selected based on
their availability, relevance to real-world applications, and prior research indicating their
effectiveness in reducing soot[161]. The varying chemical structures of these oxygenates
allowed for deeper exploration of how the C/H bond and oxygen atom position affect
soot formation, providing valuable insights for cleaner combustion processes. TPRF
surrogates were blended with 2%, 4%, 6%, 8%, 10%, 12% and 14% (by volume) of the

oxygenated compounds.

3.1.2 Virtual Smoke Point VSP

The concept of the VSP was developed as an innovative approach to address challenges
in measuring the SP of certain fuels, such as n-heptane and isooctane, which fall beyond

the range of ASTM D1322 standard values.
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Haas et al.[163] utilized a linear blending approach to overcome this limitation, based

on the TSI to predict the SP for fuels with minimal sooting propensity.

In this study 23 fuel blends fall under VSP values, these mixtures contain PRF as a based
fuel with oxygenated additives, and TPRF20-10 summarized in Table 3-2 These
findings lead us to select TPRF80-20 as the base fuel for this work. The predictive model
didn’t include the VSP data collected through experimental measurements, providing

further accuracy to prediction, and offering a deeper insight into the behavior of fuels at

their SP.
Table 3-2: Initial investigation of the fuel blend

Base Fuel Additives Concentration
PRF20 n-PeOH 5%, 10%0, 15%0, 25%
PRF20 CPN 10%, 20%, 30%
PRF20 2MB20OL 10%, 20%, 30%
PRF20 DEE 10%, 20%, 30%
PRF20 MTBE 10%, 20%, 30%
PRF20 - -
PRF30/40/50/60 - -
TPRF20-10 - -
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3.2 Experimental Setup

The experimental setup for measuring the SP was carefully designed to ensure accuracy
and consistency, following the ASTM D1322 Standard[164]. An SP lamp apparatus was
used (see Figure 3.2), and oxygenates were incorporated into TPRF blends, based on
volume percentages under the fuel preparation step where the blended fuel was stirred,
and to ensure a homogenous blend, the mixtures were stirred using a magnetic stirrer at
550 RPM for 1 minute and 40 seconds, ensuring no phase separation or sedimentation
occurred, then a cotton wick was soaked in the fuel sample for two minutes to ensure
full saturation, followed by trimming the wick to a uniform length of 125 mm. This
trimming was essential for maintaining consistency across tests. The wick was then
positioned correctly within the candle apparatus, as misalignment could lead to uneven

burning or flame distortion.

Figure 3.2: Apparatus setup for SP Measurement, ASTM D1322
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The wick was fully saturated with 20 ml of fuel sample loaded to the candle, and inserted
into the lamp apparatus, the wick guide ignited, and the chamber closed to preserve the

flame see Figure 3.3:

Oxygenated
Fuel

Iso-Octane Lﬁ -
: “ | S v

Prepare fuel The fuel blend is ~ Cotton wick Measure the
blend stirred usinga  soaked inthe  smoke height
magnetic stirrer  fuel sample

Figure 3.3: SP measurement steps

The initial flame was stabilized at 10 mm for five minutes, then the flame height
gradually increased until a soot tail appeared, after which it was lowered until the soot
disappeared, for 5 minutes. a paper was used to ensure there was no soot at this length
marking the 1st SP reading. The flame height was recorded with a tolerance of £1 mm
using a Nikon D5600 camera, and all of the equipment was thoroughly cleaned between

tests using n-heptane and ionized water to avoid contamination[25].
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Figure 3.4 represent the steps for reading SP for the TPRF80-20+Cyclopentanon6%.
To ensure precision, the flame height was measured three times, and the average height
was used. This method provides a reliable estimate of the fuel mixture’s sooting

propensity, as the SP is inversely proportional to soot production[27].

15t adjust the flam at 10mm for 21 jncrease the height of 3 reduce the height of the
Smin to measure the height of the flam until the soot flam until the soot
cyclopentanone 6% . appears. disappears.

Figure 3.4: Steps for reading SP height for TPRF80-20 blended with
cyclopentanone6%

3.3 Computational Setup

In this study, all models were implemented on a personal Dell Latitude 5530 laptop
using Python 3.11/3.12 (64-bit) as a programming language due to the extensive library

supported via it, as well as its adaptability in handling complex computations.
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With data visualization and live code execution offered by Jupyter Notebook as an
integrated development environment IDE. The setup, ranging from data collection to
model development and results, will be discussed in the following sections.
Additionally, the code used for implementing the models and analysis is available in the

appendix for reference.

3.3.1 Dataset

This study used an experimental dataset comprising 89 fuel mixtures of TPRF with
ketones, ethers and alcohols. The features of the dataset are 11 attributes, one of which
was density, a widely studied property in ML models, and can be related to combustion
performance. Other key features included Bl, MW, and functional groups, all of which
were determined based on the chemical structure of the compounds. The diversity of the
data provided a robust foundation for ML models, enabling the prediction of SP for

various fuel blends[117] [161].

A statistical analysis of the dataset yielded information about the features, which are
shown in Table 3-3. The arithmetic mean (1), maximum, minimum, and standard
deviation (o) of the characteristics are all included in Table 3-3 Such statistics
comprehend the range and variability of the feature values for better understanding of
the dataset. Primary, secondary, tertiary, and quaternary carbon atoms make up the
paraffinic hydrocarbon functional groups denoted by the acronyms P.CH3, P. CH2,
P.CH, and P.C. The functional groups denoting ketone, alcoholic, ether, and aromatic,

functionalities are denoted by the terms CO, OH, O, and Arom.
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Table 3-3: Statistically analyzing dataset features for SP prediction based on wt%
alcohol OH%, ether 0% , ketone CO%

Dens P.C pPC PC Aro OH O PC CO Mw B. SP
ity H3 H2 H% m% % % % %
% %
No. 89 89 89 89 89 89 89 89 89 89 89 89
] 073 478 204 671 169 073 05 635 061 104. 06 31

8

o 001 350 294 081 418 112 08 076 138 29 005 45
2

Min 069 400 155 574 0 0 0 563 O 949 04 25
4 8

Max 0.76 623 295 103 199 424 3.0 949 585 112. 0.61 495

In Regression methods, heatmaps provide insight investigation to understand the
relationships between features and SP in model prediction. Pearsons’s correlation (PC)
is frequently utilized for such purpose Figure 3.5, illustrates how the eleven input

features correlate with SP.

The values in the cross-section of the rows and columns labelled with the other feature
indicate the degree of correlation between any two features. For instance, the correlation
value of 0.52 between P.CH3 (wt%) and Mol.Wt (Mw) suggests that these features
jointly influence SP. The aromatic content (Arom, wt%) and the Bl show a positive
correlation of 0.71, highlighting the role of both the positioning of aromatic functional
groups and the presence of oxygenated groups in combustion characteristics. A higher
Bl indicates greater branching, which typically results in a lower SP due to its influence

on molecular packing and combustion processes.
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The BI, as introduced by Abdul Jameel et al. [87] , is a method of measuring the degree
of branching, considering both the size and the position of branches. A strong correlation
(0.89) between the paraffinic content (P.C%) and P.CH3% further emphasizes the role
of branching in influencing fuel properties. This suggests that increased branching leads
to unique combustion behaviors, directly affecting the SP. While the negative
correlation between Arom and SP (-0.92) means that higher Arom content reduces SP,
experimental results provide a detail into the effects of TPRF blends which contain
Arom group with oxygenated groups in providing higher SP. These relationships are

crucial for optimizing fuel blends for better combustion.

Correlation Heatmap

Density - 016 -0, -0. . -0.49
p.cH3 (wtee) Y - - 064 013 012 N 058 | 0.47
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P.CH (wt%) JRIA - -0.12 - -0.65 0.035 -0.34 0 0.26 037 -0. 0.46
Arom (wt%) -0 - 0.069 016 -0. -0.024 -0.43 - -0.92

Alc OH (wt%) S -0.13 -0 ! 0.069 - 039 021 029 -0.65 -0.28 -0.18
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Figure 3.5: Heatmap of Pearson Correlation Coefficients to represent SP relationship
with input features
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3.3.2 Model Development

The capability of the ANN model to handle highly nonlinear, complex relationships is
one of its strengths and has gained recognition and validation in the research [165]. The
data preprocessing phase was conducted prior to model development to ensure
consistent feature scaling and improve model performance. Standardization techniques
were applied to the input features using the StandardScaler from the sci-kit-learn library,
normalizing each feature to have a mean of 0 and a standard deviation of 1. This process
was complemented by visual checks to validate correct scaling across features. After
preprocessing, the dataset was randomly split into training (70%), validation (15%), and
testing (15%) subsets, a structure intended to enhance model training fidelity and enable
reliable performance evaluation. Once the data has been preprocessed, an ANN was
designed, and its architecture optimized through hyperparameter tuning using Optuna.
important hyperparameters such as neuron count, layer depth, learning rate, and dropout
rates were adjusted to mitigate overfitting and improve model generalization. An
exploration of regularization techniques followed, starting with L1 regularization to
bolster stability, and progressing to L2 regularization to achieve improved parameter
sparsity. Further adjustments included evaluating multiple activation functions such as:
tanh, ReLU, and Leaky RelLU to determine the optimal configuration for the model.
Model validation was performed using K-fold cross-validation, with mean squared error
(MSE), mean absolute error (MAE), and regression coefficient (R?) metrics providing a
comprehensive assessment of the model’s accuracy and generalization capabilities. This
rigorous validation framework ensured a well-evaluated and robust ANN

model[25,132,133,156,160,166-175].
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CHAPTER 4
RESULTS

4.1 Experimental Results

Different oxygenated groups, such as alcohols, ketones, and ethers, exhibit varying
sooting behaviors compared to pure hydrocarbons. For oxygenates, the breakdown
products frequently include oxygen-containing compounds, such as formaldehyde
(CH20) and carbon monoxide (CO), which do not contribute to soot formation [176].
As aresult, oxygenates typically exhibit a lower tendency to produce soot. However, the
extent to which a particular oxygenate generates soot is strongly influenced by the nature
of the functional groups (FG) it contains[36], not only the percent of the oxygen

content[177].

4.1.1 Impact of Alcohols

The variation in the SP values at the different percent of oxygenated alcohols is
presented in Figure 4.1:
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Figure 4.1: Impact of blending alcohols with TPRF 80-20 on SP

Straight-chain alcohols like EtOH and n-PeOH generally contribute to higher SP values
due to their linear molecular structure, which promotes cleaner combustion and reduced
soot formation similar to alkanes [31]. EtOH functions as a pure fuel, an oxygenate
extender for petroleum-derived fuels, and also as an octane enhancer, reducing soot
formation and improving overall combustion efficiency when blended with TPRF80-20
[90,178]. EtOH has a short chain with a high hydrogen-to-carbon (H/C) ratio, high O%,
and low Mol Wt [179] . which results in higher SP compared to n-PeOH when blended
with TPRF80-20 . While n-PeOH has a longer carbon chain, it shows a higher SP when
blended with TPRF80-20 at concentrations below 10%, likely due to its thermal

stability, which interrupts soot precursor formation.
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However, at concentrations above 10% in the TPRF mixture, EtOH's SP surpasses that
of n-PeOH, likely because ethanol's higher volatility and oxygen contribution make it
more effective in reducing soot at elevated concentrations, promoting more complete
combustion. EtOH is also known to have a shorter ignition delay compared to n-PeOH
due to its high volatility, providing highly uniform mixing with air, minimizing fuel-

rich zones, and hence potentially decreasing soot production.

Branched alcohols display unique sooting tendencies due to the impact of molecular
branching on combustion behavior [31,87]. Introducing branched hydrocarbon
structures, such as in alcohols like i-PrOH, i-BuOH, and 2MB20L, regularly results in
more complex carbon networks that are less likely to fully decompose, thereby
aggregating into soot particles. This trend was also highlighted by Barrientos et al. [162],
who found that branching often increases the sooting tendency, as steric hindrance from

branching inhibits complete oxidation.

For 2MB20L, with its additional methyl group, a highly branched structure, and a longer
carbon chain but similar O% content as n-PeOH, SP values are higher than those of i-
PrOH and i-BuOH. This is likely due to the methyl group’s steric hindrance, which
resists decomposition into soot precursors and delays soot formation. For i-PrOH and i-
BuOH, the SP values reflect their combustion stability differences. At low
concentrations (<10%) in TPRF blends, i-PrOH has a higher SP than i-BuOH, possibly
due to its shorter carbon chain that provides high volatility and lower energy content,

which leads to more controlled combustion.
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At higher concentrations, however, i-BuOH exhibits a higher SP than i-PrOH, which
allows for stable flame behavior at these levels by delaying soot formation. These
branching effects are consistent with Barrientos et al.'s findings, which indicate that
branched alcohols tend to have complex sooting behaviors due to their varied
decomposition and oxidation rates, meaning they decompose into a variety of
intermediate products that do not easily form PAHSs, the building blocks for soot, which

increase the SP and reduce PM and NOx [31,162].

4.1.2 Impact of Ethers

Based on previous research [31,180], certain oxygenated functional groups have proven
more effective than others at reducing soot and particulate emissions (PE). Ethers
generally tend to perform better than alcohols [25] at soot reduction. Ethers exhibit a
symmetrical molecular structure, which leads to a unique breakdown process during
combustion: the molecule splits at the oxygen atom, producing small, non-sooting
fragments. This fragmentation process results in higher SP compared to alcohols of

similar molecular weight due to the reduced likelihood of forming soot precursors.

For ethers, the oxygen atom breaks the carbon chain, leading to smaller byproducts that
do not easily form benzene rings reducing soot formation. McEnally et al. [181],
highlighted that the molecular structure significantly influences the decomposition
process, which explains why ethers produce smaller, less reactive fragments,

contributing to reduced soot when used in TPRF fuel blends.
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For instance, adding ethers like DBE to a blend of TPRF80-20 significantly increases
the SP, thereby reducing the sooting tendency of the fuel mixture. DEE and ETBE also

show similar positive effects, although to a slightly lesser degree than DBE.

Effect of Ethers on SP
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Figure 4.2: Impact of blending ethers with TPRF80-20 on SP

As shown in Figure 4.2, when blended with TPRF80-20 at 6%, DBE has the highest
SP value among the ethers tested. Research by [177] analyzed PM emissions from a
compression ignition engine under varying load conditions, comparing DBE’s
performance to alcohols for soot reduction. The study demonstrated that DBE achieved
an 80% reduction in particulate emissions relative to diesel fuel, confirming its
effectiveness in soot control. DBE’s high SP can be attributed to its ether symmetric

structure, which consistently fragments into non-aromatic, non-sooting byproducts.
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In contrast, MTBE showed the lowest range of SP values among the tested ethers when
blended with TPRF80-20. MTBE’s structure, with a branched configuration, appears
less effective in reducing soot precursors, leading to a lower SP than DBE. Looking at
DEE across a volumetric concentration range from 2-8%, DEE exhibits similar
characteristics to DBE, with a high SP value comparable to DBE at low-to-moderate
concentrations. However, above an 8% concentration, the rate of increase in DEE’s SP
slows. At a blend ratio of TPRF80-20 with 12% DEE, the SP value was lower than that
of ETBE, which started with an initial SP value similar to DEE at 2% but demonstrated

a consistently lower rate of increase compared to DEE as concentration increased.

At higher concentrations (12-14%), ETBE and DEE show close SP values, indicating
that the structural differences between them have a diminishing impact on SP at high
blend ratios. On the other hand, MTBE demonstrates a steady, linear increase in SP
across concentrations, indicating a consistent, albeit lower, effect on reducing soot

formation relative to the other ethers.
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4.1.3 Impact of Ketones

Ketones provide high energy conversion efficiency from chemical to thermal energy and
possess strong knock resistance. Their lower cost also makes them commercially viable
[182]. Investigations have observed that ketones enhanced stability during combustion
comparable to alcohols such as EtOH [183]. Comparing both CPN and CHN as cyclic
oxygenated additives based on Figure 4.3 CHN shows high SP height starting from a
volume concentration of 6%, while CPN has the highest value at a lower concentration
of 2%. The outperforming behavior of CPN at low concentration is due to its ring strain,
which tends to be reactive during combustion. The ring opening produces oxygen-rich
fragments that burn cleanly without contributing to soot. CHN has a high H/C ratio
[117], which assures a more complete combustion. More hydrogen atoms promote the

formation of stable byproducts like water (H20) instead of carbon-based soot precursors.

Effect of Ketones on SP
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Figure 4.3: Impact of blending ketones with TPRF80-20 on SP
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For ketones, such as CPN, the influence on SP is gradual, with noticeable improvements
observed in the SP value compared to other oxygenates. Ketones do not participate in
the four-center reactions like secondary alcohols, which makes them less prone to
forming olefins that can contribute to soot formation. As a result, the use of ketones like
CPN in TPRF fuel mixtures can effectively improve the SP, indicating a lower

propensity for soot formation [181].

The differences in SP among the oxygenated fuel blends become more pronounced as
the volume percentage of the oxygenated component in the blend increases. The
broadening of SP measurements can be attributed to the influence of molecular weight
(Mol Wt) and molecular structure of the oxygenated fuels at higher blend ratios. The
impact of straight-chain versus branched-chain structures also underscores the role of
the Bl in determining smoke and soot formation characteristics. These insights
emphasize the importance of studying each functional group independently to

understand their distinct sooting behaviors comprehensively [157], [181], [184].

4.1.4 Threshold Sooting Index (TSI)

TSI values were measured for alcohols, ketones and ethers, based on equation (9). The
constant values a and b were calculated based on the experimental value of isooctane
and toluene SP and TSI from[185]. The constant values for the SP apparatus are 4.637
and —4.01 for a and b respectively. The reduction in the TSI of the base fuel comparable

to the range of the additives blended with TPRF80-20 is presented in the Figure 4.4:
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Figure 4.4: Impacts of adding alcohols(a), ethers(b), and ketones(c) with various
percentages on TSI

The TSI value of the base fuel is 14.5 and adding oxygen content reduces this value
significantly based on the volume percentage of the oxygenate. Figure 4.4 (a) illustrates
the effects of TSI after adding various oxygenated groups to the base fuel TPRF80-20.
Considering alcohols as an additive to the TPRF80-20, i-BuOH blend show a higher TSI
values due to its lower SP, which has been affected by the branching, as we increase the
i-BuOH the TSI decreases.
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However, i-BuOH indicates higher sooting tendency comparable to other alcohols due
to its higher TSI value across all percentages. The trend for other alcohols shows
consistency in reducing the TSI value as the volume percentage increase, indicating a
lower sooting tendency, among all alcohols increasing of EtOH percentage show a
lowest TSI, at 14% blend of EtOH by volume, TSI show a value of 8.7. This shows that
straight chain alcohols exhibit lower sooting tendencies comparable to the branching

alcohols.

In Figure 4.4 (b), ethers show a major decline of TSI, among all ethers, DBE blends
with TPRF80-20 has the most effective results in reducing TSI to achieve 9.9 at 14%
followed by the mixture of DEE reading TSI of 10 due to the effects of a high SP value
and lower MW, while MTBE blends show a minimal TSI reduction at low
concentration, after exceeding 10% addition, the rate of decreasing increase noticeably.
ETBE exhibits an intermediate reduction in sooting tendency. Although the blends of
CHN with TPRF80-20 have a higher SP value comparable to the CPN blend, the latter
has a lower MW, which results in a lower TSI. Both ketones, as shown in Figure 4.4 (c)
exhibit a consistent trend with a noticeable decrease in TSI as the volume percentage
increases. Figure 4.4 clearly indicates the role of adding oxygenate in reducing soot
formation among all of the additives EtOH > DBE > DEE. Therefore, EtOH emerges
as the most effective oxygenate in enhancing fuel properties due to its higher oxygen
content, symmetry, and higher H/C ratio. Such results provide valuable information

about the optimum selectin of fuel blends for cleaner combustion.
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4.2 Computational Results:

The results from the implementation of deep learning and ML models for predicting
SP provide insightful information about blending oxygenates with the base fuel. These

results are explored below:

4.2.1 ANN model

Applying the ANN model discussed in the methodology, we selected the best parameters
using grid search prioritizing accuracy and avoiding overfitting. These parameters were

highlighted in Table 4-1 after tuning.

Table 4-1: Significant characteristics of training parameters for ANN architecture

Parameters Range Optimum value

Regularization L1/L2 L2

Number of Layers 1,2,3,45 4

Activation ‘tanh’ , ‘relu’ ‘tanh’

Units/neurons 10,20,30,40,50,60,70,80,90,100 30, 70,50, 1
,120,130,140

Dropout 0.1,0.2,0.3 0.3

Learning rate 0.001, 0.002, 0.01, 0.02,0.03,0.1  0.001

Batch_Size 8,32, 64, 128, 256, 512 32

Epochs 300 <x <1500 600

59



Table 4-2 compares the predicted and actual SP values for the data set, provides concrete
and quantitative evidence of the model’s accuracy. This demonstrates the model's

effectiveness in accurately predicting SP across a broad spectrum of fuel mixtures.

Table 4-2: Model performance metrics on TPRF80-20 blends

Model Performance Training  Testing Validation  All data
R? 0.96 0.97 0.92 0.96
RMSE 0.18 0.23 0.2 0.19
MAE 0.13 0.17 0.14 0.14

ANN model’s performance in predicting SP is represented in Figure 4.5 and Figure 4.6.
These cross graphs capture the influence of important factors such as molecular structure
and the oxygen contents that affect SP. The hyperparameter used above helped enhance

model sparsity, focusing on the most significant features and improving generalizability.

Figure 4.5 demonstrates the model's fit on the training dataset, achieving an RMSE of
0.18 and R? of 0.96, along with an MAE of 0.13. These metrics indicate that the model
effectively learned the nonlinear relationships between input features and SP values,
with predicted values closely matching the actual ones. Also, the figure represents the
test dataset, the model also performed well, with an R2 of 0.97, an RMSE of 0.23, and
an MAE of 0.17. This strong performance on the test data suggests that the ANN model

generalizes effectively to unseen data, with minimal overfitting.

60



Predicted Values

Furthermore, the high R2 values and lower error metrics suggested that ANN is a

reliable tool for modelling the SP of complex fuel mixtures.

Predicted vs Actual (Training Data) Predicted vs Actual (Test Data)

e Train Data
— Perfect Fit

Predicted Values

2 3 -1 0 1

1 2
Actual Values Actual Values

Figure 4.5: Comparison of experimental and predicted SP values for training and
testing data using Ann model

Figure 4.6 illustrate the performance of ANN for both validation and entire data. The
RMSE for all data is 0.19, while for the validation dataset, it stands at 0.20. This
indicates that the model's average prediction error is low, with only a slight increase for
the validation data. The MAE is consistent at 0.14 for both datasets, demonstrating stable
prediction accuracy across all data points. Moreover, the R2 score is 0.96 for all data and
0.92 for the validation set, meaning the model can explain 96% and 92% of the variance
in each respective dataset. These results show that the model performs well, with strong
accuracy and minimal prediction error. The slight differences in RMSE and R2 scores
between all data and validation data are typical and reflect a modest reduction in
performance when transitioning to validation, which is a common sign of mild

overfitting.
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Predicted Values

Overall, the model successfully captures the underlying relationships in the data and

generalizes effectively, maintaining reliable accuracy even for previously unseen data.

Predicted vs Actual (All Data) Predicted vs Actual (Validation Data)
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Figure 4.6: Plotting actual SP vs predicted SP for all and validation data using ANN
model.

Eventually, the complex mixture with multi-functional groups and branched structures
faced discrepancy while predicting due to the increment of various features interaction.
Additionally, two fuel blends with identical SP will never give similar functional group
distribution due to the unique nature of each mixture. Such obstacles add to the model’s
challenge. Incorporating a large and diverse data set will improve the accuracy of the
predicted model. The selection of functional groups as a feature allows the model to

quantify the fuel constituent component for more accurate and reliable prediction.
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4.3 ML Models

To further investigate the complex and non-linear relationship between features, six ML
models were used to predict SP these models include: extra tree regression (ETR),
extreme gradient boosting regression (XGBR), Light gradient boosting regression
(LightGBR), Nu- support vector regression (Nu-SVR), support vector machine (SVM),
and random forest (RF). All the models were evaluated based on accuracy and
generalization through the implementation of grid search for hyperparameter tuning.
Detailed information about these models is provided below. The code used for

implementing the models and analysis is available in the appendix for reference.

4.3.1 ETR Model

The ensemble learning method known as ETR [186] blends the ideas of random forests
and decision trees. The ETR method guarantees decision resilience and minimizes
overfitting. Trees by means of randomization. ETR does this by adding unpredictability
to data sampling and feature sampling, two crucial steps in the tree-building process.
ETR uses bootstrap sampling, which selects sections of the original data at random with
replacement, as opposed to using the full training dataset for every tree. This lowers the
possibility of overfitting by producing distinct training datasets for every tree.
Furthermore, at each split, ETR randomly selects a subset of features rather than taking
into account all of the features by performing random feature subsampling. As a result,

the trees become more diverse.
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The final ensemble forecast is created by combining the predictions of the various trees,
usually by averaging them, producing a prediction that is more reliable and accurate

[186].

4.3.2 XGBR Model

For regression tasks, XGBR (Extreme gradient boosting regression) [191] is another
popular ensemble learning approach. An ensemble of weak regression models, or
decision trees, is progressively constructed by fitting them to remnants from the prior
model. The objective function, which is often an expression that computes the errors

made by the earlier models, is the main focus of each succeeding model.

XGBR uses regularization approaches to penalize big weights or complicated tree
structures in order to assess the model's complexity and avoid overfitting. The approach
determines the ideal weights for each weak model using a gradient-based optimization
algorithm, and a robust predictive model is produced by carefully combining these weak

learners with the optimization of the objective function.

4.3.3 LightGBM Model

The implementation of Gradient Boosting Decision Tree (GBDT) models, such as
XGBR, is computationally expensive because it involves scanning all data instances for
each feature. To solve the limitations of efficiency and scalability on high-dimensional

and large datasets that XGBR struggles with, researchers invented LightGBM.
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LightGBM builds an ensemble of weak learners, typically decision trees, and uses a leaf-
wise growth strategy, which splits the leaf with the maximum loss reduction rather than
growing level-wise. This approach reduces training loss more effectively and often
produces a better-fitting model compared to traditional level-wise strategies. LightGBM
also employs advanced techniques like histogram-based learning, Gradient-based One-
Side Sampling (GOSS), and Exclusive Feature Bundling (EFB) to enhance training
speed and reduce complexity. By reducing the computational burden while preserving
model accuracy, GOSS focuses on instances with larger gradients that contribute more
to the model’s learning process. It maintains data distribution by retaining all high-
gradient instances and sampling low-gradient instances with a weighted adjustment.
EFB merges mutually exclusive features—those rarely active simultaneously—into a
single feature bundle, optimized through graph-based methods to reduce the feature
space without significant loss of information, dramatically decreasing memory usage

and computation time [192].

Eventually, LightGBM incorporates regularization techniques, making it a robust and
scalable tool. The combination of speed, efficiency, and accuracy makes LightGBM
particularly suitable for large-scale datasets and high-dimensional features, addressing

the needs of academic and technical contexts.

4.3.4 Nu-SVR Model

Nu-SVR a supervised learning methods represented by [187] is a combination of Nu
parameter with support vector regression SVR  for regression tasks. Regression

analysis carried out by support vector machine SVM utilized by SVR.
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It attempts to keep the error within a predetermined range while identifying the
hyperplane that best fits the data. Nevertheless, Nu-SVR improves this procedure by
incorporating a "nu" parameter that regulates the error tolerance and the quantity of
support vectors. A set of fundamental functions is used to estimate the regression
function when working with non-linear kernels, producing a modified version. C is the
penalty parameter linked to the error term in the Scikit-learn implementation of the SVR
[188], regulating the trade-off between model complexity as well as mistake tolerance.
Furthermore, the highest limit for the percentage of training errors is indicated by the
parameter €. The optimization problem and the description of the margin provided by
the Nu parameter are where SVR and Nu-SVR diverge. The trade-off between the
complexity of the model and the number of support vectors is controlled by the value of
Nu. A more complex model may result from a smaller Nu value, which permits more
support vectors. In contrast, a simpler model may be produced by limiting the number

of support vectors with a higher Nu value.

4.3.5 Support Vectors Machine

Support Vector Machines (SVMs) are highly effective algorithms, particularly suitable
for small and intricate datasets. These models prioritize specific observations, known as
support vectors, which carry significant information, thereby reducing the impact of
outliers on the overall performance. The approach encompasses both linear techniques,
such as Linear Support Vector Regression (LinSVR), and nonlinear methods employing

kernel functions, like SVR and Nu-SVR.
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Support Vector Regression (SVR), a popular choice for tackling regression challenges,
seeks to derive a function that best represents the data. Unlike conventional linear
regression, SVR introduces an g-insensitive zone, where errors within this margin
between actual and predicted values are not penalized, ensuring robustness to minor

deviations[189].

4.3.6 Random Forest

Multiple decision trees are constructed and averaged using the Random Forest (RF)
algorithm, which is an ensemble approach. This method was created to overcome the
shortcomings of basic Decision Trees (DT), such overfitting, by constructing a "forest"
of trees in which individual trees' incorrect predictions are offset by those of other trees.
RF is a reliable method for both classification and regression tasks, produces more
consistent results, and is less susceptible to noisy data.

In contrast to a single decision tree model, Random Forest shows significant efficiency
in this study and offers a baseline for model comparison (Sahin 2020). According to
Segal et al. (2004), sample bootstrapping is a technique that, instead of learning from
the complete dataset, creates a single decision tree from a sample.

Breiman (2001) first officially introduced the random forests approach, which uses
bootstrap sampling to choose randomly a forest of decision trees from the previous
training set and then averages the trees' output. The model's training complexity is
expressed as O (n log(n) - d - k), where n is the number of training instances, d is the
data's dimensionality, and k (estimators) is the ensemble's number of decision trees,

which in this work is fixed at 200.

67



A seed sample is taken from the training set to create the Random Forest model, and a
decision tree is constructed with the max depth factor set to regulate the tree's depth. At
every division in the assembly process, a portion of features is picked at arbitrary, and
the node is split using the best feature. While the min samples leaf option stipulates that
each leaf node must include at least two samples, the min samples split parameter
guarantees that a node must have at least five samples in order to be further divided. To
create the ensemble of decision trees, this procedure is repeated for the specified number

of estimators[190].

4.4 SHAP Analysis

An effective tool for comprehending how predictions are made by ML models. Shapley
additive exPlanations SHAP was first presented by Lundberg and Lee (2017) and gives
input features priority. Demonstrating their respective significance in the results of
predictions. Shapeley numbers, which quantify the impact of each feature on
predictions, are computed by SHAP. It has gained popularity due to its simply explained
characteristics and use of cooperative game theory. SHAP calculates the contribution
and impact of each feature on the prediction of the final model using an additive feature

attribution method [193].
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45 ML Models Performance

The dataset utilized in this study where six ML models implemented to evaluate their
suitability for prediction consisted of 89 experimental TPRF blends combined with
oxygenated ketones, ethers, and alcohols. Eleven key features were identified for
predicting the SP, encompassing properties such as density, MW, and BI. To ensure
uniformity and prevent features with larger magnitudes from disproportionately
influencing the model, all features were normalized using the StandardScaler from the
sklearn. preprocessing module. This standardization transformed each feature to have a
mean of 0 and a standard deviation of 1, ensuring that all features contributed equally
during model training, effectively mitigating scale-related biases and enhancing the
predictive accuracy of the models. Following normalization, the dataset was divided into
training (80%) and testing (20%) subsets, with a fixed random state ensuring
reproducibility across multiple experiments. The training data was utilized for model
fitting and hyperparameter tuning, while the testing set was reserved for evaluating
model performance on unseen data. Hyperparameter optimization, a critical step in
enhancing model accuracy and generalizability, was conducted using GridSearchCV.
This methodical approach involved systematically iterating over various parameter
combinations, leveraging k-fold cross-validation (k=3) to evaluate model performance
for each configuration. Grid search not only provided an efficient mechanism to identify
the ideal hyperparameters but also minimized overfitting by ensuring robust evaluation
across data folds. Compared to manual tuning, this approach offered a data-driven

optimization strategy that was both time-efficient and reliable.
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The parameter ranges explored during the grid search, along with the corresponding

best-fit values for each model, are summarized in Table 4-3. Optimizing these

parameters led to significant improvements in the models' predictive accuracy,

generalizability, and alignment with the underlying data patterns. This rigorous

optimization process ensured that the ML models were tailored to the specific

characteristics of the dataset, enhancing their utility in predicting the SP of diverse TPRF

blends.

Table 4-3: Configuration of hyperparameter tuning for ML models and best-fit values

Model Parameters Range Best Fit
n_estimators [100, 200,500, 1000] 200
max_depth [5, 10, 20] 20

RF
min_samples_split [2, 5, 10] 5
min_samples_leaf [1,2, 4] 2

SVR Kernels Polynomial, Linear, RBF Linear
Gamma Scale, auto scale
C (Regularization) [0.1, 1, 10, 100] 100

LGBM learning rate [0.01, 0.1, 0.2] 0.01
n-estimators [100, 200, 500] 500
num_leaves [31, 50, 100] 31
max_depth [5, 10, 15] 5
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min_data_in_leaf [10, 20, 50] 10

XGBR learning_rate [0.01,0.1,0.2] 0.2
n_estimators [100, 200, 500] 100
max_depth [3,5,7] 3
subsample [0.7,0.8, 1] 0.7
colsample_bytree [0.7,0.8, 1] 0.7

ETR Model n_estimators [100, 200,500, 1000] 500
max_depth [5, 10, 20, None] 20
min_samples_split [2, 5, 10] 5
min_samples_leaf [1,2, 4] 1

Nu SVR Kernels Polynomial, Linear, RBF Linear
Gamma Scaled , auto Scale
Nu (Support Vectors)  [0.1, 0.5

0.2,0.3,0.4,0.5,0.6,0.7,0.8]

C (Regularization) [0.1,0.2,0.3,0.4,0.5,1,1.1, 1

1.2,1.4,1.5,1.6,1.7]
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4.6 ML Models Results:

In this section the results of the six ML model will be explored in detail, starting with
ETR, then XGBoost, LightGBR, Nu-SVR, SVM and finally RF. Followed by a
comparison between all of models using Taylor diagram and insight into feature

importance and SHAP analysis.

ETR - Training Data: Predicted vs Actual ETR - Testing Data: Predicted vs Actual
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Figure 4.7: Predicted vs Actual values for training, testing, and entire dataset for ETR

model

The performance of ETR model based on Figure 4.7 for the training dataset
demonstrated strong predictive capabilities, with an R2 value of 0.97, indicating that
97% of the variance in the target variable was explained by the model. Additionally, the
model achieved a low MAE of 0.51 and RMSE of 0.74, reflecting its ability to closely

align predictions with actual values in the training data.
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However, a significant decline in performance was observed on the testing dataset,
where the R2 dropped to 0.79, and the error metrics increased substantially, with an MAE
of 1.37 and RMSE of 2.47. This suggests that the model overfitted to the training data,
capturing noise rather than generalizable patterns. The scatter plot further highlights this
overfitting, with several points deviating noticeably from the diagonal line, particularly
for higher SP values. These results underscore the model's inability to generalize
effectively to unseen data, reflecting one of the limitations of this model as it is less
effective on small datasets. Emphasizing the need for mitigating overfitting, via

expanding dataset.

XGBoost - Training Data: Predicted vs Actual XGBoost - Testing Data: Predicted vs Actual
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Figure 4.8: Predicted vs Actual values for training, testing, and entire dataset for
XGBoost model
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The performance of XGBoost model based on Figure 4.8 for the training dataset
demonstrated perfect predictive capabilities, with an R2 value of 1.00, reflecting that
100% of the variance in the target variable was explained by the model. Additionally,
the model achieved a minimal prediction error with MAE of 0.04 and RMSE of 0.05,
suggesting the model closely matches the training data. However, a significant decline
in performance was observed on the testing dataset, where the Rz dropped to 0.91, and
the error metrics increased substantially, with an MAE of 0.96 and RMSE of 1.63. This
suggests that the model overfitted to the training data, the gap between training and
testing metrics suggests the model has memorized patterns specific to the training data

rather than learning generalized relationships.

The scatter plot further highlights this overfitting, with several points deviating
noticeably from the diagonal line, particularly for higher SP values. These results
underscore the model's inability to generalize effectively to unseen data, and to its ability
to capture complex patterns through ensemble learning. reflecting one of the limitations
of this model as it is complex to tune. Emphasizing the need for mitigating overfitting,

via expanding dataset.
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Figure 4.9: Predicted vs Actual values for training, testing, and entire dataset for
LightGBM model

The performance of the LightGBM model based on Figure 4.9 for the training dataset
demonstrated satisfactory predictive capabilities, with an R2 value of 0.93, indicating
that 93% of the variance in the target variable was explained by the model. The model
achieved a reasonable MAE of 0.65 and RMSE of 1.07, reflecting its ability to capture
key patterns in the training data. However, a significant decline in performance was
observed on the testing dataset, where the R2 dropped to 0.78, and the error metrics

increased substantially, with an MAE of 1.34 and RMSE of 2.53.

This decline suggests that the model struggled to generalize to unseen data, likely
capturing specific patterns in the training data rather than learning generalized
relationships. The scatter plot further supports this observation, with noticeable

deviations from the diagonal line, particularly for higher SP values.
75



These results highlight the limitations of the LightGBM model in handling small
datasets effectively, emphasizing the need for addressing overfitting by expanding the

dataset or refining the feature engineering process.

NuSVR - Training Data: Predicted vs Actual NuSVR - Testing Data: Predicted vs Actual
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Figure 4.10: Predicted vs Actual values for training, testing, and the entire dataset for
Nu-SVR model

The performance of the Nu-SVR model based on Figure 4.10 for the training dataset
demonstrated strong predictive capabilities, with an R2 value of 0.95, indicating that
95% of the variance in the target variable was explained by the model. Additionally, the
model achieved a low MAE of 0.59 and RMSE of 0.88, reflecting its ability to closely

align predictions with actual values in the training data.
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On the testing dataset, the NuSVR model maintained robust performance, with a slight
decline in metrics; it achieved an R? value of 0.96, RMSE of 1.02, and MAE of 0.72.
The minor gap between training and testing metrics suggests the model generalizes well
to unseen data. The scatter plot highlights this strong generalization, with most points
closely aligned along the diagonal line, indicating consistent predictive accuracy across
the dataset. These results underscore the Nu-SVR model's ability to balance accuracy
and generalizability, making it a reliable approach for predicting SP values in the

dataset.
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Figure 4.11: Predicted vs Actual values for training, testing, and entire dataset for
SVM model
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The performance of the SVM model based on Figure 4.11 for the training dataset
demonstrated strong predictive capabilities, with an R2 value of 0.96, indicating that

96% of the variance in the target variable was explained by the model.

Additionally, the model achieved a low MAE of 0.51 and RMSE of 0.81, showcasing

its ability to closely align predictions with actual values in the training data.

On the testing dataset, the SVM model maintained excellent performance, achieving an
R2 value of 0.98, an RMSE of 0.84, and an MAE of 0.60. The minimal gap between
training and testing metrics demonstrates the model’s robust generalization capabilities,
effectively avoiding overfitting. The scatter plot further validates these observations,
with points closely aligning along the diagonal line across both datasets, reflecting
consistent predictive accuracy. These results highlight the SVM model's reliability for
SP prediction, emphasizing its ability to generalize well while maintaining low

prediction error.

78



Random Forest - Training Data: Predicted vs Actual Random Forest - Testing Data: Predicted vs Actual
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Figure 4.12: Predicted vs Actual Values for Training, Testing, and Entire Dataset for
RF model

The performance of the Random Forest model based on Figure 4.12 for the training
dataset demonstrated strong predictive capabilities, with an R2 value of 0.96, indicating
that 96% of the variance in the target variable was explained by the model. The model
also achieved a low MAE of 0.54 and RMSE of 0.83, suggesting its ability to align well
with the training data. However, the testing dataset revealed a significant decline in
performance, with the R2 dropping to 0.82, RMSE increasing to 2.32, and MAE rising
to 1.31. This considerable gap between the training and testing metrics indicates that the
Random Forest model struggled to generalize effectively to unseen data, likely
overfitting to the training set. The scatter plot supports this observation, showing

noticeable deviations from the diagonal line for higher SP values in the testing data.
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These results reflect one of the key limitations of the Random Forest model,
emphasizing its sensitivity to overfitting, particularly when working with smaller
datasets. This underscores the need for strategies to enhance generalization, such as

increasing dataset diversity or exploring ensemble techniques to reduce variability.
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Figure 4.13: Taylor Diagram for Performance Comparison of All Models

The Taylor diagram compares the performance of several regression models, including
ETR, XGBR, LightGBR, Nu-SVR, SVM and RF based on Figure 4.13. It visually
summarizes three key metrics for each model relative to a reference (denoted by the red
star): standard deviation, correlation coefficient, and centered RMSE. These statistics

are crucial for evaluating how well a model represents the dataset.
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A higher correlation coefficient indicates better alignment with the reference data, with
a value close to 1.0 being ideal. The diagram shows that most models achieve a
correlation coefficient between 0.8 and 0.9, demonstrating reasonably good predictive
performance. However, models like SVM and Nu-SVR show a better fit compared to
others, while the remaining models deviate more from the reference, indicating issues

like overestimation or underestimation of the data's variability.

For RMSE, lower values signify that the model predictions are closer on average to the
reference data. In this diagram, models like Nu-SVR and XGBR are positioned closer
to the reference point, indicating lower RMSE and better prediction accuracy compared

to the other models.

4.7 Feature Importance and SHAP analysis for ML models

Based on

Figure 4.14, the physical properties show a strong influence on prediction, density and
MW are the most important factors in forecasting the SP, followed by aromatic content
which is supported by persons correlation that indicates that the aromatic characteristics
such as the double bond has highly negative effects on the SP value and P.CH content
existence suggest the importance of H/C ratio in predicting sooting tendency of the fuel,
according to the feature importance plot for the SVM model. For the ketones the
important feature analysis requires more data to accurately show the effects of the
ketones group while alcohols and ethers have more data in the model it shows significant

importance in predicting SP.
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Feature Importance of XGBR Model
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Figure 4.14: Permutation Method Illustration of Feature Importance on the SVM
Model.

Also, Bl's relation to the aromatics clearly appears in the plot highlighting the effects of
branching on the SP as in the literature and this work. These findings highlight how
important structural and compositional characteristics are in predicting the SP, provide
insights into developing cleaner-burning fuels and contribute to a deeper understanding
of the interaction of the molecular level in influencing fuel soot formation during

combustion.
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Figure 4.15: SHAP Summary Plot for Feature Impact on SP based on SVM Model

The SHAP as in Figure 4.15 waterfall plot provides an in-depth explanation of how

each feature contributes to the model output. It begins with the base value or expected

value (E[f(X)] = 0.617), which is the average prediction of the model across the entire

dataset. The bars in the plot represent the individual contributions of each feature to the

final predicted value. The length and direction (positive or negative) of each bar

indicates how much a feature increases or decreases the prediction relative to the

baseline. In this plot, Density makes the highest contribution, adding +0.21 to the

model’s output, indicating its significant importance in the prediction.
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Arom (wt%) and Mol Wt also make positive contributions of +0.07 and +0.06,
respectively, further increasing the final output. On the other hand, P.CH (wt%) has a
negative contribution of -0.01, slightly lowering the final predicted value. This step-by-
step visualization helps in understanding the specific impact of each feature on the

model’s prediction.

4.8 Model Evaluation: MLs vs. Deep Learning

Based on results represented on Table 4-4 it reveals that the deep Learning model ANN
outperformed all other ML models, achieving the best predictive accuracy on both

training and testing datasets.

Table 4-4: Comparison of metrics performance for ML and deep learning models for
predicting SP

Model RMSE RMSE MAE MAE R? R?
(Train) (Test) (Train) (Test) (Train) (Test)
ETR 0.74 2.47 0.51 1.37 0.97 0.79
XGBR 0.05 1.63 0.04 0.96 1 0.91
LightGBM 1.07 2.53 0.65 1.34 0.93 0.78
Nu-SVR  0.88 1.02 0.59 0.72 0.95 0.96
SVM 0.81 0.84 0.51 0.6 0.96 0.98
RF 0.83 2.32 0.54 1.31 0.96 0.82
ANN 0.18 0.23 0.13 0.18 0.96 0.97
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With an R2 value of 0.97 on the testing data and significantly low RMSE (0.23) and
MAE (0.18), the Deep Learning Model demonstrated its capability to effectively capture
complex, non-linear relationships in the dataset, making it the most reliable model for
predicting smoke points. Among the ML models, SVM and Nu-SVR are considered
strong alternatives, exhibiting balanced performance across all metrics. The SVM
achieved the highest R2 value (0.98) and a low RMSE (0.84) on testing data, indicating
strong generalizability. Similarly, NuUSVR maintained consistent results, with an R2 of
0.96 and relatively low RMSE (1.02), reflecting its ability to generalize effectively while
minimizing prediction errors. In contrast, tree-based models like XGBR and RF
demonstrated limitations due to overfitting. While XGBR performed perfectly on the
training data with the lowest RMSE (0.05) and MAE (0.04), its testing performance
declined significantly, with an RMSE of 1.63 and an R2 of 0.91. Random Forest showed
a similar pattern, achieving high accuracy on training data (R of 0.96) but struggling to
generalize to unseen data, with an R2 of 0.82 and an RMSE of 2.32 on testing data. The
ETR and LightGBM also exhibited similar tendencies, with relatively high RMSE
values (2.47 and 2.53, respectively) on testing data, indicating weaker predictive

performance and challenges in generalizing across the dataset.

To sum up, the Deep Learning Model demonstrated the best performance and
generalizability, SVM and Nu-SVR are viable alternatives for scenarios where
computational simplicity and efficiency are critical. Tree-based models, despite their
strengths in capturing relationships within training data, require careful tuning and

extended dataset to avoid overfitting and improve their generalization capabilities.
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CHAPTER 5
CONCLUSION

5.1 Conclusion

The research conducted indicates that adding oxygenated additives such ethers,
alcohols, and ketones to hydrocarbon-based fuels can effectively reduce soot emissions
and improve combustion characteristics. According to experimental data, ethers—in
particular, dibutyl ether (DBE)—achieved the greatest SP values when combined with
TPRF80-20 because of the non-sooting fragments that their chemical structure
produced. At greater mix levels, it has been demonstrated that straight-chain alcohols
such as ethanol (EtOH) and n-pentanol (n-PeOH) greatly increase SP, with ethanol
outperforming other alcohols in this regard. At lower concentrations, cyclopentanone
(CPN) showed significant reactivity, lowering soot emissions, whereas at greater levels,
cyclohexanone (CHN) burned cleaner. The complexity of additive behavior was shown
by the different impacts that branching alcohols and ketones had on SP. As the TSI was
measured for all oxygenated blends showing a reduction in soot tendency, focusing on
14% of oxygenated additives, ethanol showed the highest TSI reduction of 40% as seen

in Figure 5.1.
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Figure 5.1: Soot tendency reduction for 14% oxygenated additives

As it came to predicting SP, the deep learning ANN model did better computationally
than other ML models. With a Mean Absolute Error (MAE) of 0.18, R2 of 0.97, and
Root Mean Squared Error (RMSE) of 0.23, the ANN demonstrated exceptional accuracy
on both the testing and training datasets. Considering R2 values of 0.98 and 0.96,
respectively, Support Vector Machine (SVM) and Nu-Support Vector Regression (Nu-

SVR) outperformed the other ML models in terms of prediction.
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However, overfitting was a problem for tree-based models like Random Forest and

Light Gradient Boosting, which resulted in poorer generalization abilities.

results highlight the benefit of using deep learning methods to capture complicated and
non-linear relationships in the dataset. The combined experimental and computational
results demonstrate how advanced modelling techniques and properly designed
oxygenated additions can improve combustion efficiency and lower soot emissions. The
performance and environmental issues in contemporary combustion technologies are

addressed by this comprehensive strategy, which advances cleaner fuel technology.

5.2 Future Work

®,

% Broadens Dataset Diversity: To improve model generalizability, more fuel
compositions, such as novel oxygenates and other blends based on

hydrocarbons, should be included in future investigations.

L)

» Examine New Additive Classes: To further optimize SP and lower particulate
matter emissions, future studies may examine additional oxygenated molecules,
such as esters, aldehydes and advanced biofuels.

% Advanced Modelling Techniques: To increase prediction accuracy and

interpretability, use more complex algorithms, such as generative Al or hybrid

ML-deep learning frameworks.
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% Optimize Experimental Conditions: To gain a better understanding of the
relationship between SP and soot generation, examine how different

combustion parameters, such as temperature and pressure, affect both processes.

 Applications in the Actual World: Verify the models and experimental results
in actual combustion systems in order to evaluate their scalability and effect

on emissions and engine efficiency.
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7 Appendix

# Import necessary libraries

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from sklearn.model selection import train_test_split, GridSearchCV

from sklearn.preprocessing import StandardScaler

from sklearn.ensemble import RandomForestRegressor, ExtraTreesRegressor
from sklearn.svm import SVR, NuSVR

from sklearn.metrics import mean_squared_error, r2_score, mean_absolute_error
import lightgbm as Igb

import xghoost as xgh

import joblib

# Load the dataset

data = pd.read_excel('path_to_file.xIsx")
X =data.iloc[:, :-1]

y =data.iloc[:, -1]

# Normalize data
scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

# Split into training and testing
X_train, x_test, y_train, y_test = train_test_split(X_scaled, y, test_size=0.2, random_state=42)

# Define model hyperparameters for GridSearch

param_rf = {'n_estimators': [100, 200], 'max_depth': [5, 10], 'min_samples_split': [2, 5],
'min_samples_leaf'": [1, 2]}

param_svr = {'C": [0.1, 1, 10], 'kernel': ['linear], 'gamma’: ['scale’]}

param_nusvr = {'C": [0.1, 1], 'nu': [0.5, 0.8], 'kernel’: ['linear}

param_Igb = {'learning_rate': [0.01, 0.1], 'n_estimators': [100, 200], 'max_depth': [5, 101}
param_xgb = {'learning_rate": [0.1, 0.2], 'n_estimators": [100, 200], 'max_depth": [3, 5]}

# Train and tune Random Forest

rf = RandomForestRegressor(random_state=42)

grid_rf = GridSearchCV(rf, param_rf, cv=3, n_jobs=-1)
grid_rf.fit(x_train, y_train)

best_rf = grid_rf.best_estimator

# Train and tune SVR

svr = SVR()

grid_svr = GridSearchCV/(svr, param_svr, cv=3, n_jobs=-1)
grid_svr.fit(x_train, y_train)

best_svr = grid_svr.best estimator

# Train and tune NuSVR

nusvr = NuSVR()

grid_nusvr = GridSearchCV(nusvr, param_nusvr, cv=3, n_jobs=-1)
grid_nusvr.fit(x_train, y_train)

best_nusvr = grid_nusvr.best estimator

# Train and tune LightGBM
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Igb_model = Igh..GBMRegressor()

grid_Igb = GridSearchCV(Igh_model, param_lIgb, cv=3, n_jobs=-1)
grid_Igb.fit(x_train, y_train)

best Igh = grid_Igh.best estimator

# Train and tune XGBoost

xgh_model = xgh.XGBRegressor(objective="reg:squarederror')
grid_xgb = GridSearchCV(xgh_model, param_xgh, cv=3, n_jobs=-1)
grid_xgb.fit(x_train, y_train)

best_xgb = grid_xgb.best estimator

# Train and tune Extra Trees Regressor

param_etr = {'n_estimators': [100, 200], 'max_depth': [5, 10], 'min_samples_split': [2, 5],
'min_samples_leaf'": [1, 2]}

etr = ExtraTreesRegressor(random_state=42)

grid_etr = GridSearchCV (etr, param_etr, cv=3, n_jobs=-1)

grid_etr.fit(x_train, y_train)

best_etr = grid_etr.best_estimator

# Evaluate and save results
def evaluate_model(model, name):
y_pred = model.predict(x_test)
r2 = r2_score(y_test, y_pred)
rmse = mean_squared_error(y_test, y_pred, squared=False)
mae = mean_absolute_error(y_test, y_pred)
print(f"{name}: R?={r2:.4f}, RMSE={rmse:.4f}, MAE={mae:.4f}")
joblib.dump(model, f"{name}.pkl")

# Evaluate all models
evaluate_model(best_rf, "Random_Forest™)
evaluate_model(best_svr, "SVR")
evaluate_model(best_nusvr, "NuSVR")
evaluate_model(best_Igb, "LightGBM")
evaluate_model(best_xgb, "XGBoost")
evaluate_model(best_etr, "Extra Trees")

# Visualize predicted vs actual
def plot_results(actual, predicted, title):
plt.scatter(actual, predicted, alpha=0.7)
plt.plot([actual.min(), actual.max()], [actual.min(), actual.max()], 'r--")
plt.xlabel("Actual™)
plt.ylabel("Predicted")
plt.title(title)
plt.show()

# Generate plots for the best model
for model, name in zip([best_rf, best_svr, best_nusvr, best_Igh, best xgb, best_etr],
['Random_Forest”, "SVR", "NuSVR", "LightGBM", "XGBoost", "Extra_Trees"]):
plot_results(y_test, model.predict(x_test), f"{name}: Predicted vs Actual™)
# Generate Taylor Diagram
observations = {'std": np.std(y_test)}
models = {
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"Random_Forest": {'std": np.std(best_rf.predict(x_test)), ‘corr_coeff': np.corrcoef(y_test,
best_rf.predict(x_test))[0, 1], ‘phias": mean_squared_error(y_test, best_rf.predict(x_test),
squared=False)},

"SVR": {'std": np.std(best_svr.predict(x_test)), 'corr_coeff': np.corrcoef(y_test,
best_svr.predict(x_test))[0, 1], 'pbias’: mean_squared_error(y_test, best_svr.predict(x_test),
squared=False)},

"NuSVR": {'std": np.std(best_nusvr.predict(x_test)), 'corr_coeff': np.corrcoef(y_test,
best_nusvr.predict(x_test))[0, 1], ‘pbias': mean_squared_error(y_test, best_nusvr.predict(x_test),
squared=False)},

"LightGBM": {'std": np.std(best_Igh.predict(x_test)), ‘corr_coeff': np.corrcoef(y_test,
best_Igb.predict(x_test))[0, 1], ‘pbias': mean_squared_error(y_test, best_lgb.predict(x_test),
squared=False)},

"XGBoost": {'std": np.std(best_xgb.predict(x_test)), ‘corr_coeff': np.corrcoef(y_test,
best_xgb.predict(x_test))[0, 1], 'pbias': mean_squared_error(y_test, best xgb.predict(x_test),
squared=False)},

"Extra_Trees": {'std": np.std(best_etr.predict(x_test)), ‘corr_coeff': np.corrcoef(y_test,
best_etr.predict(x_test))[0, 1], 'pbias’: mean_squared_error(y_test, best_etr.predict(x_test),
squared=False)}

}

_ =taylor_plot(
observations, simulations=models,
title="Taylor Diagram",
leg_kws={"facecolor": "white", "edgecolor": "black"”, "fontsize": 12},
marker_kws={"ms": 8, "markeredgecolor”: "k"},

cont_kws={"colors": "blue", "linestyles": "--"},
grid_kws={"color": "gray"}

)

ANN model

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.preprocessing import StandardScaler, MinMaxScaler

from sklearn.model_selection import train_test_split

from sklearn.metrics import mean_squared_error, r2_score, mean_absolute_error
import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense, Dropout

from tensorflow.keras.optimizers import Adam

from tensorflow.keras.callbacks import EarlyStopping, ReduceLROnPlateau, ModelCheckpoint

# Load data
path = "C:/Users/DELL/Downloads/paper for SP and soot/TPRFdata - withoutO-N.xIsx"
df_raw = pd.read_excel(path).drop("Name", axis=1)

# Preprocessing
X =df_raw.iloc[:, :-1].to_numpy()
Y =df_raw.iloc[:, -1].to_numpy()

scaler = StandardScaler()
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X_scaled = scaler.fit_transform(X)
Y _scaled = scaler.fit_transform(Y.reshape(-1, 1)).flatten()

# Splitting the data

X_train, X_temp, y_train, y_temp = train_test_split(X_scaled, Y_scaled, test size=0.3,
random_state=42)

X val, X _test, y val,y test = train_test split(X_temp, y_temp, test_size=0.5, random_state=42)

# Build the model
def create_model():
model = Sequential ([
Dense(30, input_dim=X.shape[1], activation="tanh’,
kernel_regularizer=tf.keras.regularizers.12(0.01)),
Dropout(0.3),
Dense(70, activation="tanh’, kernel_regularizer=tf.keras.regularizers.12(0.01)),
Dropout(0.3),
Dense(50, activation="tanh’, kernel_regularizer=tf.keras.regularizers.12(0.01)),
Dropout(0.3),
Dense(1, activation='linear', kernel_regularizer=tf.keras.reqularizers.2(0.01))
D
model.compile(optimizer=Adam(learning_rate=0.001), loss='mean_squared_error’,
metrics=['mean_squared_error])
return model

# Callbacks

checkpoint_filepath = 'best_model weights.h5'

callbacks = [
ModelCheckpoint(filepath=checkpoint_filepath, save_best_only=True, verbose=1),
EarlyStopping(monitor='val loss', patience=20, restore_best_weights=True),
ReduceLROnPlateau(monitor="val loss', factor=0.1, patience=5, min_Ir=1e-6, verbose=1)

]

# Train the model

model = create_model()

history = model.fit(X_train, y_train, validation_data=(X_val, y_val), batch_size=32, epochs=600,
callbacks=callbacks)

# Evaluate on test data

y_test_pred = model.predict(X_test)

mse = mean_squared_error(y_test, y_test pred)
rmse = np.sgri(mse)

r2 =r2_score(y_test, y_test pred)

print(f"Test RMSE: {rmse}, R {r2}")

# Plot learning curve

plt.figure()

plt.plot(history.history['loss], label="Training Loss")
plt.plot(history.history['val_loss], label="Validation Loss")
plt.title('Learning Curve')

plt.xlabel(‘'Epochs’)

plt.ylabel('Loss")

plt.legend()

plt.show()
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# Predicted vs Actual

plt.scatter(y_test, y_test_pred, alpha=0.6)

plt.plot([min(y_test), max(y_test)], [min(y_test), max(y_test)], r--")
plt.xlabel('Actual Values')

plt.ylabel('Predicted Values')

plt.title('Predicted vs Actual (Test Data)")

plt.show()

# Save the model
model.save( TPRF_SPModel_V2.h5")
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