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Abstract

Fuel Genome Project aims at addressing the forward problem of fuel property prediction and the inverse
problems of molecule design, retrosynthesis and reaction condition prediction. This work primarily addresses the
forward problem by integrating feature engineering theory, artificial intelligence (AI) technologies, gas-phase
chemical kinetics. Group contribution method (GCM) is utilized to establish the GCM-UOB (University of
Birmingham) 1.0 system with 22 molecular descriptors and the surrogate formulation is to minimize the difference
of functional group fragments between target fuel and surrogate. The improved QSPR (quantitative structure—
activity relationship)-UOB 2.0 system with 32 molecular features couples with machine learning (ML) algorithms
to establish the regression models for fuel ignition quality prediction. QSPR-UOB 3.0 scheme expands to 42
molecular descriptors to improve the molecular resolution of aromatics and specific fuel types. The obtained
structural features combining with ML algorithms enable to predict 15 physicochemical properties with high
fidelity and efficiency. In addition to the technical route of ML-QSPR models, another route of deep learning-
convolution neural network (DL-CNN) is proposed for property prediction and yield sooting index (YSI) is taken
as a case study. The predicted accuracy of DL-CNN is inferior to the ML-QSPR model at its current status, but its
benefit of automated feature extraction and rapid advance in classification problem make it a promising solution
for regression problem. A high-throughput fuel screening is performed to identify the molecules with desired
properties for both spark ignition (SI) and compression ignition (CI) engines which contains the Tier 1
physicochemical properties screening (based on the ML-QSPR models) and Tier 2 chemical kinetic screening
(based on the detailed chemical mechanisms). Polyoxymethylene dimethyl ether 3 (PODE3) and diethoxymethane
(DEM) are promising carbon-neutral fuels for CI engines and they are recommended by the virtual screening
results. Their ignition delay time, laminar flame speed and dominant reactions of PODE3 and DEM are examined
by chemical kinetics and a new DEM mechanism including both low and high-temperature reactions is constructed.

Concluding remarks and research prospects are summarized in the final section.
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Chapter 1 Introduction
1.1 Technical background of fuel design and artificial intelligence (Al)
application

The engine-fuel interaction is through the combustion process that the combustion connects the engine hardware
and fuel compositions. The essence of fuel design is to formulate the fuel compositions to address required
properties for specific combustion modes, so it is called “property-oriented fuel design” in this work. The ultimate
target of fuel design is to maximize the engine thermal efficiency, increase renewable energy utilization and reduce
pollutant emissions. Research efforts are devoted to discovering viable high-performance fuel candidates paired
with various combustion modes. The combustion modes for CI engines are mainly classified by the levels of in-
cylinder fuel stratification at the combustion initiation [1-3] which order from homogeneous charge to full fuel
stratification as HCCI, PPCI, MCCI. Either low and high reactivity fuels can be applied in these combustion modes
as shown in Figure 1.1. Another innovative combustion mode of RCCI adopts both low and high reactivity fuels
to construct in-cylinder fuel reactivity gradient, ¢ gradient, temperature gradient while other combustion modes
contain only the latter two gradients [4]. Therefore, the property-oriented fuel design should perform toward a
specific combustion mode.

The experiment-based property-oriented fuel design method has serious limitations: (1) Facilities should be
available to measure the target properties. (2) Enormous compounds without experimental data need to be screened
to identify the suitable molecules with desired properties. This process is time-consuming, expensive and even
unrealistic for those emerging fuels. One way to address these problems is applying Al technologies to accelerate
the property-oriented fuel design by electrically handling the huge amount of data. Therefore, the chemical
structures need to be transformed into mathematical representations that can be processed and manipulated by the
computer [5]. Deoxyribonucleic acid (DNA) and ribonucleic acid (RNA) composes of nucleotides polymers

(strand) and nitrogenous bases pairs which can be expressed as single nucleotide polymorphisms (SNP) as shown
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in Figure 1.2 (a). The polylactic acid is composed of repeated monomers forming a long chain which can be

represented by hierarchical levels of fingerprints (property-based features, fragment-based features, atomic

position-based features) as shown in Figure 1.2 (b). Given that the fuel molecule is composed of a set of atoms

and bonds, a molecule can be decomposed into a series of atomic fragments and encoded as molecular descriptors

as shown in Figure 1.2.

Artificial neural network (ANN) is a branch of AI technologies and its application in chemical engineering is

reviewed by Panerati et al. [6] as shown in Figure 1.3. ANN is widely adopted in the oil and energy sector and it

is mainly used for modeling, prediction, control and optimization. New application scenarios should be created to

promote Al application to the oil and energy sector. The data volume for ANN modeling in chemical engineering

mainly has the order of magnitude of 10”2 which indicates that ANN rarely applies in streaming data type and the

more training data is needed to improve the model robustness, reliability, extrapolation ability.

] Heat release rate

Level of in-cylinder fuel stratification at the start of combustion

Figure 1.1. Traditional combustion mode and advanced combustion modes for compression ignition engines,
strategies are positioned according to the level of fuel stratification at the start of combustion relative to

conventional diesel combustion, which is highly stratified.
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1.2 Historical evolution review of artificial intelligence (Al) application:
From Human Genome Project to emerging material discovery

1.2.1 Human Genome Project

The Human Genome Project (HGP) coordinates by the U.S. National Institutes of Health (NIH), the National
Academy of Sciences and the Department of Energy (DOE) to decipher and sequence all the genes of human
beings at 1988~2003 [9]. The timeline of Human Genome Project is shown in Figure 1.4 and it provides a
foundation for enormous scientific projects regarding the relationship between human genes and disease
Deoxyribonucleic acid (DNA) molecule carries the organism genetic information which contains four types of
bases including adenine (A), cytosine (C), guanine (G), thymine (T). The assembling of the organism building
blocks is instructed by the order of the four types of bases. A gene is a sequence of nucleotides in DNA coding the
synthesis instruction and a genome denotes a complete set of genetic genes that contains all the synthesis
instructions. Human beings have 3 billion bases and 99.9% of these bases are identical for all peoples. The
remaining 0.1% of 3 billion bases vary from person to person. A single-nucleotide polymorphism (SNP) denotes
a DNA sequence variation in the genome as shown in Figure 1.5 (a). The DNA molecule cannot directly sequence
without breakage because the bases identification reactions can only read DNA stand containing less than 1000
bases. The whole genome sequencing is composed of 5 steps as shown in Figure 1.5 (b): (1) DNA sample collection.
(2) Massive replication of the DNA sample. (3) Breaking the massive DNA samples into tremendous small,
overlapping segments. (4) Sequencing the order of bases by implementing a series of chemical reactions. (5)
Assembling the complete set of genes. Genome sequencing facilitates to identify the association between human
genes with diseases and these types of studies are called genome-wide association study (GWAS) as shown in
Figure 1.5 (c) [10]. To evaluate the impact of SNPs on a given disease, the members are grouped into cases group
(patients with specific diseases) and control group (health individuals). The SNPs are sequenced for both case
group and the obtained SNPs across the genome are compared and analyzed to identify the caused gene to many

rare and severe diseases.
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1.2.2 Material Genome Initiative

In the biological fields, a genome is a full set of encoded information in DNA language that constitutes the

nucleic acid sequences for human beings and acts as the genetic blueprint of an organism’s growth. Outside the

biological context, the term “genome” denotes a set of build blocks of a particular object [13]. Material Genome

Initiative (GMI) aims at creating a material innovation ecosystem to accelerate the new material discovery,

manufacture, and deployment in clean energy, human beings, national security by integrating computation

techniques, experimental facilities and data informatic tools as shown in Figure 1.6 [14]. Yun Liu et al. [15] and

Yue Liu et al [16] propose their understanding of the application of ML technology in material engineering science

as shown in Figure 1.7 (a) and Figure 1.7 (b) respectively and their ideas are similar. Advanced computational

tools of feature engineering and intelligent algorithms are adopted to accelerate the material property prediction

by ML algorithms and discover material with desired properties by high throughput screening. The computational

and data-driven material design and screening enable to replace the expensive, time-consuming and high-risk

experiments for new material validation and certification [13]. The material genome reveals the intrinsic structure-

property relationship of materials by complementary efforts of computation, informatic theory and experiment

[17].
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1.2.3 Polymer Genome

Polymer Genome provides an informatic platform to predict the polymer properties, design the polymer
structure with desired properties, perform retrosynthesis analysis by machine learning and density function theory
[20-24]. Polymer Genome aims at addressing the forward problem of the polymers properties prediction and the
inverse problem of new polymers generation with desired properties. The technology roadmap of Polymer Genome
is shown in Figure 1.8. An online material properties repository is established to store the notable material
properties and the database list can be found in ref. [21]. Polymer Genome follows the idea of material genome
initiative to develop hierarchical fingerprints (including atomic level, block level and chain level) to represent the
polymers in a numerical format making it manageable by the Al tool as shown in Figure 1.9 [25]. Polymer Genome
applies ML algorithms and density functional theory (DFT) to predict the polymer electronic properties, dielectric
& optical properties, thermal properties, physical & thermodynamic properties, mechanical properties, solubility
properties, permeability properties as shown in Figure 1.10, the accessible properties are summarized in Table 1.1.
Polymer Genome applies ML algorithms and genetic algorithm to generate polymer structure iteration to meet the
performance objective as shown in Figure 1.11 and Figure 1.12 [26]. The recommended polymers are verified by
computational and experimental tests. The validated polymers are registered to the established polymer properties
repository.
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Figure 1.8. Overview of the Polymer Genome project. Reproduced from ref. [20, 21].



Materials Increasing level of fingerprint granularity ——>

Property-based features Fragment-based features Atomic-positions-based features
1 2 3 4 5 1 2 3 F, | F, \E| F, | F.
1 Elements and associated properties 1 Number fraction of atomic fragments Capturing pair-wise atomic distances
C, Si, atomic radius, electron affinity, ... and angular information using

basis functions
H Il SOAP, AGNI, MTP
Electrical properties | (0]

2
Conductivity, dielectric constant,
band gap, ... C4 c3 H1 o1
Graph-based
3 Thermal properties 2 Number fraction of block fragments |:|:|:|

Heat capacity, melting temperature, s
glass-transition temperature, ... H H H
' \ 1
N S N 3 > ‘
wr ! Rl

4 Lattice parameters " | |
5 Other physical properties 3 Other morphological features
Density, grain size, dislocation density, Topological surface area, QSPR Other variants
two-point correlation features, quantum numbers, ... Coulomb matrix, electron density, ...

Figure 1.9. Hierarchical material fingerprints in the Polymer Genome project. Reproduced from ref. [21].

Materials design
Forward problem Satisfy

All candidates ML model prediction criteria?  Screened candidates
e ——— —_—
(e.g. BaTiO,, PE, PET) (e.9. T.=500K, T =300K) (e.g. PET)

Inverse problem .
P Search material

Selection criteria _latentspace ML model material , Desired candidates
(e.g- T >300K) generation (e.g. PET)

Search
Target material synthesis space ML model reaction __, Synthesis pathway

(e.g. BaO) " generation (e.g. calcination at 800K)

Figure 1.10.The forward and inverse problems of Al-powered material screening. Reproduced from ref. [21].

Example dataset Fingerprinting, learning and prediction
Material Property Material Fingerprint Property
Material 1 pt Materiall —— F',F,..F, ——> P!
Material 2 p2 Material2 —— F,F,...F, —— P?
Material N PN Material N FNLOFN RN pN
Fingerprinting Learning
(e.g. GPR,
. LASSO, NN)
The learning problem
Material o ML prediction model f(Fl, P FY=P

Material X ?

Figure 1.11. The forward problem of material property prediction by machine learning algorithms. Reproduced
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Table 1.1 Machine learning-powered polymer property prediction in Polymer Genome platform [27]

Property Type No. Properties Property Type No. Properties
Electronic 1 Bandgap (bulk) Dielectric & 15  Dielectric constant
Bandgap (single chain) Optical 16  Refractive index (bulk
resin)
3 Tonization energy 17  Refractive index (crystal)
4 Electron affinity Mechanical 18  Tensile Strength
5 Electron injection barrier 19  Young's Modulus
6 Electrical conductivity Solubility 20  Solvent
Thermal 7 Glass transition temperature 21  Non-solvent
8 Melting temperature 22  Hildebrand Solubility
Parameter
9 Thermal decomposition Permeability 23  Permeability (Barrer)
temperature
Physical & 10  Density 24 Selectivity
Thermodynamic 11 Atomization energy Others 25  Tendency to Crystallize
12 Specific heat 26  Limiting Oxygen Index

13 Cohesive energy density
14  Fractional free volume




1.3 Fuel Genome Project
1.3.1 Goals and technology roadmap: from property prediction to molecule discovery

Cheminformatics refers to the application of computational methods and information science techniques to solve
problems in chemistry. The Fuel Genome Project provides a chemoinformatic platform to predict fuel property
(forward problem) and discover/design advanced fuels with desired performance (inverse problem) as shown in
Figure 1.13. Especially, the inverse problem comprises of three subproblems: (1) Design new molecules with
demand properties. (2) Perform retrosynthesis to design reaction steps going backward from the target molecules
to the commercially available feedstocks; (3) Determine appropriate reaction conditions (catalyst, temperature,
pressure, reaction/resident time, solvent, reagent, purification method) for the identified reaction steps to improve
the product yield. In the Fuel Genome Project, Al technologies are applied to chemistry to accelerate and boost
the efficiency of the forward problem and inverse problem as shown in Figure 1.14. For the forward problem of
fuel property prediction, QSPR theory is employed to extract the structural features and property features while
Al technologies (especially machine learning and deep learning) are used to build a regression model to correlate
both features. For the inverse problem of molecule design, the recurrent neural network (RNN)-driven encoder
creates a continuous molecular representation (latent space) by converting molecules into vectors and the decoder
translates a point in the latent space with desired properties into the promising molecule. For the inverse problem
of retrosynthesis and reaction condition design, the Al-based retrosynthesis tool condenses the chemical rules to
generate the intermediates, reaction networks and search the suitable reaction conditions.

The technological roadmap of the Fuel Genome Project contains 4 aspects as shown in Figure 1.15. The first
aspect is to create a data repository of molecular structure features and a wide variety of fuel properties. The second
aspect is feature extraction which includes two ways of manual feature extraction (see chapter 2, 3, 4) and

automated feature extraction (see chapter 5). The third aspect is to develop and deploy the property prediction
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model, molecular generation tool, retrosynthesis package. The fourth aspect is to employ the computational

programs to accelerate the fuel property prediction, molecule design, retrosynthesis and combine with

experimentally derived data to boost the data repository.

This thesis adopts the Quantitative structure-property relationship (QSPR) method to address the forward

problem of fuel property prediction which correlates the relationship between molecular structure and the

properties of interest. In other words, the property is functional of the molecular descriptors as shown in Eq. (1.1)

[28, 29]. Once the dependence of fuel properties on the molecular structure is established, the QSPR approach

enables the physicochemical properties prediction of new molecules. The molecular descriptors development is to

elucidate is section 1.3.2.

Macroscopic property = f (molecular descriptors) (1.1)

M) | Forward problem: Molecule property pledlctlon ] ‘

v Molecnhrdescnp(ors i I‘ g 1 1
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D 3 ” L Pan
M} Inverse problem: 1. Molecule design | e l ‘ <

O W W 2. Retrosynthesis = iy

-J 3. Reaction condition design l | I l i /

Molecular structures |

' Molmll:rpropnnes
Figure 1.13. Two general problems of fuel design establishing the relationship between molecular structure and its
properties: the forward problem of fuel property prediction and the inverse problem of molecule design and

retrosynthesis.
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1.3.2 Molecular descriptors design

Before applying Al technologies in chemistry, the molecular structure must be converted into notation that can
be processed by the computer. Molecular descriptors (also known as molecular fingerprints or feature vectors) are
mathematical representations of molecules that encode the structural features into numerical values [30].
Molecular descriptors development is an open research problem in progress and there is not a representation that
is suited to all properties. In short, there are no best molecular descriptors, but the most appropriate representation
to the property of interest. The molecular descriptors development should address 7 requirements as below [28,
311

(1) They should provide a good correlation performance to the property of interest;

(2) They should contain the appropriate amount of structural information;

(3) They should have a good molecular resolution to discriminate the among isomers;

(4) They should be simple to construct and interpret for the user convenience;

(5) They should not be based on the properties;

(6) They should satisfy the “uniqueness” demand in two directions. The forward direction is that the
molecular structure should be expressed in a unique representation or notation. The inverse direction is
that each representation corresponds to only one molecule. Therein, the forward direction must be
addressed and the inverse direction is not mandatory due to the simplicity requirement.

(7) They should correctly reflect the molecular size variation.

The fuel molecule is composed of atoms and bonds and it can be expressed in five classes of graphics as shown
in Figure 1.16. Correspondingly, there are five categories of molecular descriptors including 0D, 1D, 2D, 3D, 4D
representation as summarized in Table 1.2. 0D descriptors include the chemical formula, molecular weight and
other fuel properties. 1D molecular descriptors (also known as constitutional descriptors) count the chemical
fragments. 2D molecular descriptors (also known as topological descriptors) provide information about the
connection between atoms and bonds. 3D molecular descriptors (also known as geometrical descriptors) provide

additional information about the spatial position of atoms/bonds or the distances and angles between atoms
14



compared to 2D descriptors. 4D molecular descriptors (also known as quantum descriptors) contain more complex
information of electronic features, vibrational frequency levels, and reactivity indices, etc. Molecular descriptors
classified by chemical nomenclature compose of 4 categories of “name”, “line notations”, “graph theory
representation”, “matrix representation” as shown in Table 1.3. The automated molecular descriptors calculation

software is summarized in Table 1.4.

&
Diethyl ether \5&

Figure 1.16. Hierarchical scheme of molecular structure with different levels of structural information [5].
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Figure 1.17. Molecular descriptors for chemoinformatics transform the molecule's geometric and chemical

information into a numerical representation. Reproduced from ref. [32, 33].
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Table 1.2. Molecular descriptors classification by dimensionality of molecular representation [5, 29, 30].

Represented Descriptor type Example
dimension
0D Atom/bond counts, molecular weight, Chemical formula, molecular weight, atoms types/numbers atomic or molecular properties
atomic properties
1D Constitutional descriptors Fragment counts of primary C, secondary C, tertiary C, quaternary C, secondary C in ring structure, tertiary C in ring
structure, quaternary C in ring structure, alcohol/ester/ketone groups etc.
2D Topological descriptors Connectivity indices, Zagreb index, Wiener index, Balaban index etc.
3D Geometrical descriptors Polar surface area; molecular eccentricity, gyration radius, radial distribution function etc.
4D Quantum descriptors Electronic features, vibrational frequency levels, and reactivity indices etc. originating from density functional theory

Table 1.3. Molecular descriptors classification by chemical nomenclature [5]

Chemical nomenclature

Examples

Name

Line notations

Graph

theory

representation
Matrix representation

Trivial names, [UPAC (International Union of Pure and Applied Chemistry) nomenclature

SMILES (simplified molecular-input line-entry system), WLN (Wiswesser line notation), ROSDAL (Representation of Organic Structures Description
Arranged linearly), Sybyl line notation

Nodes and edges represent atoms and bonds.

Adjacency matrix, distance matrix, atom connectivity matrix, incidence matrix, bond matrix, bond-electron matrix, connection table

Table 1.4 Summary of automated molecular descriptors calculation software [28, 34].

No. Name Institution No. of descriptors Platform requirement Freely available Ref.
1 BlueDesc University of Tiibingen 174 JAVA JDK or JRE 1.6. Yes [35]
2 ChemDes Central South University 3679 Web interface Yes [36,37]
3 ChemoPy Central South University 1135 Windows/Linux Yes [38, 39]
4 Cinfony Cinfony N/A Python Yes [40]
5 Dragon 7 Kode Chemoinformatics 5270 Windows/Linux No [41]
6 Mordred Osaka University 1825 Python Yes [34, 42]
7 PaDEL National University of Singapore 1875 Java JRE 6 or above Yes [43, 44]
8 PyDPI Central South University 615 Python Yes [45, 46]
9 Repi Central South University 307 R 4.1 or above Yes [47, 48]
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1.3.3 Al technology overview

To better utilize the Al-assisted fuel design (including both forward problem of molecule property prediction
and the inverse problem of molecule discovery), the application domain, techniques, tasks of Al-related algorithms
are overviewed. Al algorithms are developed to perceive and learn from the environment, make a judgment and
take action [49] which can be implemented in a variety of domains including robotics, computer vision, natural
language processing, oil/energy sector, material/drug discovery, etc as shown in Figure 1.18 [50, 51]. Machine
learning (ML) is a subset of Al techniques that composes of ensemble algorithms, dimensionality reduction
algorithms, artificial neural network (ANN) algorithms, decision tree algorithms, Bayesian algorithms, instance-
based algorithms. Regardless of the specific application domain, ML application falls into four categories of
clustering, classification, regression, control as shown in Figure 1.19 (a). Clustering belongs to unsupervised
learning which partitions the data into groups to find the similarity or shared characteristics. Unsupervised learning
has only input data without corresponding output responses. Classification and regression belong to supervised
learning that learns the inherent pattern from the known input & output data and trains a model to generate a
prediction of the new input data. Reinforce learning is a dynamic process to implement control and decision-
making of an agent-based on the environment observations and rewards. Figure 1.20 showcases a flow chart to
choose the right algorithm for the task based on the data type and size. The data type required for unsupervised
learning supervised learning and reinforce learning are compared in Table 1.5. Deep learning (DL) is a subset of
ML which refers to a multilayers neural network for classification and regression as shown in Figure 1.19 (b). The
ML workflow and DL workflow are compared in Figure 1.21 (a) and the key difference between ML and DL is
that DL performs automated feature extraction while the ML requires manual feature extraction as shown in Figure
1.21 (b). Therefore, DL is particularly suited to images or video data input while ML can only process numerical
data. ML has six categories of algorism to address regression problem (such as fuel property prediction) as shown
in Figure 1.22: (a) linear regression; (b) decision tree; (c) support vector machine (SVM); (d) Gaussian process
regression (GPR); (e) ensemble algorithm; (f) artificial neural network (ANN). The principle and application of
these algorithms can be found in MATLAB Machine Learning Toolbox User’s Guide [52], textbooks [53] and

review article [50].
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Figure 1.18. (a) Summary of Al-related technologies; (b) Brief AI development history. Reproduced from ref. [S0].
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Figure 1.19. (a)Three types of ML technologies of supervised learning, unsupervised learning, reinforce learning

and their application domain. (b) A branch of ML Deep learning and its application domain.
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Figure 1.21. (a) The work flow of ML and DL; (b) The difference between ML and DL application.
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Figure 1.22. Summary of regression algorithm types: (a) linear regression; (b) decission tree: (c) support vector
machine (SVM); (d) Gaussian process regression (GPR); (e) ensemble algorithm; (f) artificial neural network
(ANN). Repreduced from ref. [50, 54, 55].

Table 1.5. Data type for unsupervised learning, supervised learning, reinforce learning [53].

Branch of ML Training dataset requirement

Unsupervised learning 1. Input dataset

Supervised learning 1. Input dataset; 2. Output dataset

Reinforce learning 1. Input dataset; 2. Output dataset; 3. Grade of individual outputs
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1.3.4 Molecular design and retrosynthesis software

For the inverse problem of molecule design, a variety of computer-aided molecular design software are available

to rapidly construct the molecular graphics as summarized in ref. [56]. For the inverse problem of retrosynthesis

and reaction condition design, the computer-aided organic synthesis software since 2009 is summarized in Table

1.6.

Table 1.6. Summary of computer-aided organic synthesis software since 2009 .

No. Name Freely available Platform requirement Ref.
1 AiZynthFinder Yes Python 3.6~3.8 [57, 58]
2 ASKCOS Yes Web interface or Windows [59, 60]
3 Chemical.Al Yes Web interface [61]
4 IBM RXN Yes Web interface [62]
5 ICSYNTH No Windows [63, 64]
6 Molecule.one No Web interface [65]
7 RetSynth tool Yes Python 2.6/2.7 [66]
8 Route Designer No Windows [67]
9 SciFinder" (formerly known as ChemPlanner) No Windows [68]
10 Spaya No Web interface [69]
11 SYLVIA No Windows [70, 71]
12 Syntaurus No Windows [72]
13 Synthia (formerly known as Chematica) No Windows [72,73]

¢ The retrosynthesis programs released before 2009 have been review by Wang et al. [74].
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1.4 Thesis outline and research framework

Fuel Genome Project aims at addressing the forward problem of fuel property prediction and the inverse
problems of molecule design, retrosynthesis and reaction condition prediction. This work primarily addresses the
forward problem by integrating feature engineering theory, artificial intelligence (AI) technologies, gas-phase
chemical kinetics. The thesis contains 9 chapters and their contents and inherent relations are described below (see
Figure 1.23 as well):

Chapter 1: An overview of the property-oriented fuel design and the Al technology application (Human Genome
Project, Material Genome Initiative, Polymer Genome) are provided. The motivation. technology roadmap and
necessary technologies (molecular descriptors design, Al algorithms, software for molecular design &
retrosynthesis) of the Fuel Genome Project are discussed in detail. The thesis outline and the intrinsic connection
are explained.

Chapter 2: Group contribution method (GCM) is proposed for surrogate formulation which used functional
group fragments as aligned parameters. The molecular descriptor scheme of GCM-UOB 1.0 contains 22 molecular
descriptors which decomposes the molecules into specific atoms or functional groups. POSF 4658 jet fuel,
rapeseed methyl ester (RME) biodiesel, diesel, FACE C gasoline are used as target fuels to showcase the
application of GCM.

Chapter 3: The principle of quantitative structure—property relationships (QSPR) is that similar molecular
structures result in similar physicochemical properties. The improved QSPR-UOB 2.0 system with 32 molecular
features is developed to enhance the discrimination of aromatics up to 3 rings. Machine learning (ML) algorithms
are utilized to learn a mapping function between molecular structures and properties.

Chapter 4: The ML-QSPR method for property prediction expanded from 3 properties (chapter 3) to 15
properties (chapter 4). The improved QSPR-UOB 3.0 scheme with 42 molecular descriptors is proposed to enhance

the discrimination of aromatics (from 3 rings to 6 rings), esters, carboxylic anhydrides, hydroperoxides and
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peroxides.

Chapter 5: In addition to the technical route of ML-QSPR regression models, another route of deep learning-

convolution neural network (DL-CNN) is proposed for property prediction and yield sooting index (YSI) is taken

as a case study. The predicted accuracy of DL-CNN is inferior to the ML-QSPR route at its current status, but its

benefit of automated feature extraction and rapid advance in classification problem make it a promising solution

for regression problem.

Chapter 6: A high-throughput fuel screening is performed to identify the molecule with desired properties for

both spark ignition (SI) and compression ignition (CI) engines which contains the Tier 1 physicochemical

properties screening (based on the ML-QSPR models) and Tier 2 chemical kinetic screening (based on detailed

chemical mechanisms).

Chapter 7: Polyoxymethylene Dimethyl Ether 3 (PODE3) is a promising carbon-neutral fuel for CI engines

which is shortlisted in the fuel screening recommendation in chapter 6. Its ignition delay time, laminar flame speed,

dominant reactions are examined by chemical kinetics and are compared with n-heptane.

Chapter 8: Diethoxymethane (DEM) is another promising carbon-neutral fuel for CI engines and it is shortlisted

in the fuel screening recommendation in chapter 6. A new DEM mechanism including both low and high-

temperature reactions is constructed to compute ignition and flame speed properties.

Chapter 9: Concluding remarks and research prospects are summarized.
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Chapter 2 A Novel Functional Group Contribution Method for
Surrogate Formulation with Accurate Fuel Compositions

2.1 Introduction

CFD (computer fluid dynamic) coupling combustion chemistry is an effective tool to develop and understand
the application of conventional combustion modes (such as stoichiometric charge spark ignition, mixing controlled
compression ignition) and the advanced low temperature combustion (LTC) modes (such as HCCI, PPCI, RCCI)
[75] to the internal combustion engine. The CFD code combined with a detailed chemical kinetic mechanism
enables the reactive flow simulation to accurately predict the combustion and emission characteristics of practical
fuels with the aid of a high-performance computer [76, 77]. However, two problems need to be addressed to
provide high fidelity simulation. (1) The complexity of representing the practical fuel with complex components.
The detailed hydrocarbon analysis by two-dimensional gas chromatography (GCxGC) [78-80] with a FID (flame
ionization detection) or TOFMS (time-of-flight mass spectrometry) quantifies that commercial diesel [81-83],
gasoline [84-86], aviation fuel [87] contains individual components/isomers on the order of 5000 (mostly C8 - C25
molecules), 1200 (mostly C4 — C12 molecules), 2500 (mostly C6~C18 molecules). It is unrealistic to construct a
detailed chemical kinetic mechanism containing all the detected compounds to mimic the combustion and pollutant
formation chemistry, thus the “surrogate fuel” is formulated to address this problem. The surrogate formulation is
to choose a single component or a few pure compounds blended together and quantify the proportions following
specific criteria to emulate the target properties of the real fuel [88]. The surrogate fuel usually contains less than
or equal to 10 components which makes it possible to develop the detailed chemical kinetic mechanism with the
compromise of complexity and fidelity. (2) The complexity of detail chemical kinetic mechanism for large
molecule fuels. The number of species and reactions grow exponentially with the molecular size and a large
molecule contains a large-scale mechanism [89, 90]. For example. the mechanism of 2-methyl alkanes up to C20

developed by LLNL contains approximately 7200 species, 31400 reactions [91, 92] and the mechanism of
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SME/RME (soy/rapeseed) developed by LLNL comprises about 4800 species, 20000 reactions. The detailed

reaction mechanisms of large molecules cannot be directly applied for CFD simulation and significant mechanism

reduction is necessary for computational facilitation. The mechanism reduction techniques are divided into 4

categories [88]: (a) species/reaction elimination method, (b) species lumping method, (¢) dimension reduction

method, (d) multistage reduction method.

The target properties of the surrogate formulation are used to validate and evaluate the properties between the

target fuel and surrogate fuel. The commonly used target properties for surrogate formulation are divided into

physical properties and chemical properties as summarized in Table 2.1. The physical properties compose of

volatility (e.g. distillation curve), spray properties (e.g. density, viscosity, surface tension), diffusive properties (e.g.

molecular weight). The chemical properties comprise chemical class similarity (e.g. proportions of n-/i-paraffins,

naphthenes, olefins, aromatics), functional group similarity (e.g. structural fragments), carbon type similarity (e.g.

carbon atom types), ignitability (e.g. RON/MON, CN/DCN), energy content (e.g. heating value), H/C ratio &

pollutant emission (e.g. TSI), flame phenomenon (e.g. laminar flame speed).

To classify the surrogate formulation method, the concept of “aligned parameters” is introduced which denotes

the parameters of the surrogate formulation model to be matched by adjusting the compositional proportions. The

“aligned parameters” are used to determine the component compositions in the surrogate formulation model while

the “target properties” are sued to validate and examine the predictive capacity of the surrogate fuel. The surrogate

formulation methods are divided into 2 categories according to the type of aligned parameters as shown in Table

2.2. (1) Surrogate formulation methods utilize physical & chemical properties as aligned parameters. The typical

methods include surrogate blend optimizer [93-95], surrogate formulation toward CFD engine simulation [96],

comprehensive surrogate formulation method [81, 87, 97]. For example, the surrogate blend optimizer method

combines the physical property of the distillation curve and chemical properties of LHV, H/C ratio, RON/MON/CN

as aligned parameters of the surrogate formulation model. (2) Surrogate formulation methods utilize chemical
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properties as the aligned parameter. The representative methods compose of group chemistry representative (GCR)

method [98], structural compositions matching method [99, 100], minimalist functional group (MFG) [101-103],

complex fuel surrogates model (CFSM) [104-107], chemical deconstruction method (CDM) [108] as well as this

work. For example. the structural compositions matching method uses structural fragments of CH;, CH,, CH, C

and phenyl group as aligned parameters to compute the component proportions.

After choosing the surrogate formulation method, another important step is to select the surrogate palette based

on the criteria of feasibility, simplicity, similarity, cost [109, 110]. The feasibility requires that the detailed chemical

kinetic mechanism should be available for the selected compounds. The simplicity requires adopting small

molecules of fewer carbon atoms whenever possible. The similarity requires the surrogate fuel to mimic the target

fuel on both physical properties and chemical properties. The cost requirement advocates adopting the fuel

molecules with reasonable expense. The surrogate fuel component library for gasoline, jet fuel (kerosene), diesel,

biodiesel and their mechanism source are summarized in Table 2.3 and the component library for gasoline, jet fuel

and diesel recommended by other researchers is provided in ref. [94, 95, 111-117], ref. [114, 118-120], ref. [94,

95, 113, 114, 121-123].

Current surrogate formulation methods adopt either physical & chemical properties or only chemical properties

as aligned parameters, but the physicochemical properties of emerging fuels are usually not available or difficult

to obtain. To address this problem, a surrogate formulation method based only on the molecular structure with

reasonable accuracy is needed. This work proposes a novel functional group contribution method (GC<) for a

surrogate formulation that minimizes the discrepancy of the functional group fragments between target fuel and

surrogate fuel. A GCM-UOB 1.0 functional group classification system is established to decompose the fuel

molecules into functional group fragments. The GCM surrogate formulation requires the accurate compositions of

the target fuel to achieve high predictive accuracy.
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Table 2.1. Target properties for surrogate formulation

Classification Items Representative parameters Ref.

Physical properties Volatility Distillation profiles, T10, T50, T90 [81, 87, 93-98]
Physical properties Spray properties Density, viscosity, surface tension [81, 87,96, 97]
Physical properties Diffusive properties Molecular weight [124, 125]
Chemical properties Chemical class similarity Proportions of n-/i-paraffins, naphthenes, olefins, aromatics [93-96, 98, 126]
Chemical properties Functional groups similarity Functional group fragments [99, 100]

Chemical properties
Chemical properties
Chemical properties
Chemical properties
Chemical properties

Carbon types similarity

Ignition propensity

Energy content

H/C ratio, NOy/CO/HC/PM emissions
Flame phenomena

Carbon atom types

RON/MON (for gasoline type fuels) or CN/DCN (for diesel type fuels)

Heating value, cumulative heat release
H/C ratio, TSI
Premixed laminar flame speed

[81, 87, 97]

[81, 87, 93-98, 124-126]
[93-96]

[87, 93-96, 124-127]
[128, 129]

Table 2.2. Overview of surrogate formulation methodologies

No. Method type

Surrogate formulation method

Aligned parameters

Ref.

1 Physical &

properties
2 Physical & chemical Surrogate formulation toward CFD
properties engine simulation
3 Physical & chemical Comprehensive surrogate formulation
properties method
4 Chemical properties Group chemistry representative (GCR)
method
5 Chemical properties Structural ~ compositions
method

6 Chemical properties
7 Chemical properties

chemical Surrogate blend optimizer

8 Chemical properties Chemical  deconstruction

9 Chemical properties

(CDM)

matching

Minimalist functional group (MFG)
Complex fuel surrogates model (CFSM)

Group contribution method (GCM)

distillation curve, lower heating value, H/C ratio, and RON/MON/CN

10 H types

22 functional group fragments

chemical classes of n-paraffins, naphthenes and aromatics

Structural compositions of CHs, CH,, CH, C and phenyl group

Quasi-components (QCs) and approximate discrete components (ADCs)
method Representative fuel components

[93-95]

distillation curve, liquid density, lower heating value (LHV), viscosity, chemical [96]
class composition, H/C ratio, CN/RON
Distillation curve, liquid density; 11 carbon types, CN, TSI

(81, 87,
97]
[98]

[99, 100]
[101-103]
[104-107]
[108]

This work
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Table 2.3. Surrogate fuel component library and mechanism sources

No.  Fuel class Components Formula CN Gasoline Jet fuel  Diesel Mechanism source
1 n-Alkanes n-Butane CsHio 206 [91, 92]
2 n-Pentane CsHiz 30 \ [91, 92]
3 n-Hexane CsHis 479 A [91, 92]
4 n-Heptane C7His 528 \/ \/ [91, 92]
5 n-Octane CsHisg 582 \/ \/ [91, 92]
6 n-Nonane CoHzg 609 \/ \/ [91, 92]
7 n-Decane CioH2, 655 \ \ [91, 92]
8 n-Undecane CiiHas 69 \ \/ \/ [91, 92]
9 n-Dodecane Ci2Has 729 A \/ \/ [91, 92]
10 n-Tridecane CisHog 79 \ \ [91, 92]
11 n-Tetradecane Ci4Hso 85.1 \ \ [91, 92]
12 n-Pentadecane CisHz 90 \ \ [91, 92]
13 n-Hexadecane CisHza 98.5 \/ \/ [91,92]
14 n-Heptadecane Ci7H3s 105 \ N/A

15 n-Octadecane CisHssg 106 \ N/A

16 n-Eicosane CxoHa2 110 \ N/A

17 iso-Alkanes iso-Butane (2-Methylpropane) C4Hjo 0 [91, 92]
18 iso-Pentane (2-Methylbutane) CsHi» 25 \ [91, 92]
19 iso-Hexane (2-Methylpentane) CeHi4 34 \ [91, 92]
20 iso-Heptane (2-Methylhexane) C7His 435 A [91, 92]
21 iso-Octane (2,2,4-Trimethylpentane) CsHis 14 S S \ [91, 92]
22 iso-Dodecane (2,2,4,6,6-Pentamethylheptane) Ci2Hae N/A S \ [91, 92]
23 2-Methylpentadecane Ci6Hzs N/A S \ [91, 92]
24 2,2.4.,4,6,8,8-Heptamethylnonane Ci6Haq 15 \ \ [91, 92]
25 Cycloalkanes Cyclopentane CsHyo 6.1 \ [130]
26 Cyclohexane CeH1z 185 \/ x/ [131, 132]
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27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55

Alkenes

Esters

Alcohols

Methylcyclohexane
Ethylcyclohexane
Propylcyclohexane
Butylcyclohexane
Dimethylcyclohexane
Cyclooctane

Decalin
n-Pentylcyclohexane
n-Heptylcyclohexane
n-Dodecylcyclohexane
2-Methyl-2-butene
Diisobutylene
1-Pentene

2-Pentene

1-Hexene

2-Hexene

3-Hexene
Diisobutylene
trans-2-Pentene
trans-2-Hexene
Methyl butanoate
Methyl crotonate
Methyl decanoate
Methyl palmitate
Methyl stearate
Methyl oleate
Methyl linoleate
Methyl linolenate
Methanol

C/Hus
CsHie
CoHig
CioHzo
CsHie
CsHie
CioHis
CuHa
Ci3Has
CisHse
CsHio
CsHie
CsHio
CsHio
CeHi2
CeHi2
CeHi2
CsHie
CsHio
CeHi2
CsHi00:
CsHsO,
C1H20;
C17H3402
CioH3502
C1oH3602
CioH3402
C1oH3202
CH;0H

22.5
35.8
N/A
47.6
N/A
22.3
44
N/A
N/A
N/A
20
N/A
24.4
17
27
20
16
N/A
N/A
N/A
30

52.7
85.9
101
57
38.2
22.7
3

2222 2 2 2 2 2

222 2 2 2 2 2 =2

< 2 2 2

< 2 2 2

2

2222 2 2 2 2

[113, 133, 134]
[113]

[113]

[113]

[135]

N/A

[136]

N/A

N/A

N/A

[137]
[138-140]

[91, 92, 140]
[91, 92, 140]
[91, 92, 140]
[91, 92, 140]
[91, 92, 140]
[138]
[140]
[140]
[141]
[141]
[141]
[141]
[141]
[141]
[141]
[141]
[142]
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56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81

Ethers

Cyclic ethers

Aromatics

Ethanol
n-Butanol
Dimethyl ether (DME)

Methy! tert-butyl ether (MTBE)

Ethyl tert-butyl ether (ETBE)

Tert-amyl methyl ether (TAME)

Diisopropyl ether (DIPE)
Tetrahydrofuran
Ethyltetrahydrofurfurylether
Benzene

Toluene

Ethylbenzene
Propylbenzene
Butylbenzene
Heptylbenzene

o-Xylene

m-Xylene

p-Xylene

1,2,3-Trimethyl benzene
1,2,4-Trimethyl benzene
1,3,5-trimethylbenzene
1,2,4,5-Tetramethylbenzene
Naphthalene

Tetralin
1-Methylnaphthalene

n-Decylbenzene

C>HsOH
C4sHyOH
C:HeO
CsHixO
CsH140
CsH140
CsH140
C4HgO
C7H140;
CesHs
CsHsCHj3
CsHsC2Hs
CsHsCsH7
CsHsCsHy
CeHsC7Hi5
CoHa(CHs),
CsHa(CH3)2
CoHa(CHs),
CoHi2
CoHi2
CoHi2
CioHi4
CioHs
CioHiz
CuHio
Ci6Has

12
17
55
24
24
N/A
N/A
18
82
10.7
2.6
7.4
7.6
12

8.3
2.6
2.6
10.1
8.9

N/A
22.6

N/A

N/A

< <2

222 2 2 2 2 2 2 =2

222 2 2 2

222 2 2 2 2 2 2 2 2 2 =2

< <2

222 2 2 2 2 2 2 2 2

2.2 2 <2

[142]
[142]
[143-145]
N/A

N/A

N/A

N/A

N/A

N/A
[146]
[146]
[146]
[146]
[146]
N/A
[147]
[147]
[147]
[148]
[148]
[148]
N/A
[149, 150]
[151]
[152]
N/A
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2.2 Surrogate formulation methodology
2.2.1 Surrogate formulation methodology

Before explaining the surrogate formulation methodology, the terms “target fuel”, “surrogate fuel”, “target

99 <

property”, “surrogate palette”, “functional group fragment” need to be clarified as shown in Figure 2.1. The “target
fuel” is a fuel mixture with desired physicochemical properties that are to be matched by a surrogate fuel. It is
usually a commercial practical fuel (such as diesel, gasoline, aviation fuel) containing up to thousands of individual
components. “Surrogate fuel” is a single fuel component or simple fuel mixture containing several pure compounds
blending to reproduce the compositional characteristics and the target physicochemical properties. “Target
property” is a certain set of key properties to be emulated by the surrogate fuel. For example, cetane number (CN),
research octane number (RON), motor octane number (MON) are the commonly used “target property” to depict
the ignition quality of “target fuel”. “Surrogate palette” is several pure components blending to formulate a
“surrogate fuel” and each component is called a “palette compound”. “Functional group fragment”, also known as
“structural fragment”, “chemical fragment”, is a set of functional group types or molecular descriptors in the
functional group classification system. There are 22 molecular descriptors in the GCM 1.0 functional group
classification system of this work which belong to 3 categories of “functional group identifier”, “functional group
position descriptor”, “fuel reactivity descriptor”.

The group contribution method (GCM) assumes that the fuel property is the result of the molecular structure,
thus the fuel molecules with similar chemical structures have similar properties. The workflow of surrogate fuel
formulation comprises 7 steps as shown in Figure 2.2: (1) Specify the target fuel (as well as target properties) and
quantify the detailed chemical compositions. A set of ASTM standards are established to characterize the exact
chemical composition as summarized in Table 2.4. The individual components of PIONA (paraffins, isoparaffins,

olefins, naphthenes, aromatics), olefins, aromatics, oxygenates, ethers/alcohols, FAME (fatty acid methyl esters)

can be quantified by ASTM D6730, ASTM D6550, ASTM D5580, ASTM D5599, ASTM D4815, ASTM E2997.
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The exact hydrocarbons compositions in the target fuel can be quantified through the followed two methods: (i)

two-dimensional gas chromatography with flame ionization detection (GCxGC-FID) [79, 80] or two-dimensional

gas chromatography with time-of-flight mass spectrometry (GCxGC-TOFMS) [87]. It is a molecular level

composition analysis method that consists of two columns: the nonpolar column separates the constituent

compounds by boiling points and the other separates by polarity. Two-column configurations can be used: i. In the

“normal” column configuration, the 1% column is a nonpolar column and the 2™ column is a semipolar column. ii.

In the “reversed” column configuration, the orders of the nonpolar column and semipolar column reverses. The

reversed configuration enables higher separation accuracy and resolution of different hydrocarbon classes and

one-ring, two-ring and multi-ring cycloalkanes. Other information provided by the reversed column configuration

is similar to the normal one. It yields fuel composition on a per-molecule basis and its principle is described in ref.

[78]; (ii) Proton-decoupled 13C (carbon-13) and 1H (proton) Nuclear Magnetic Resonance (NMR) spectroscopy

[87,97, 153, 154]. It measures the mole fractions of different carbon types and yields fuel composition on a per-

carbon-atom basis of quantitative carbon spectra. (2) Choose the surrogate palette which constitutes the

compositions of surrogate fuels. Each component represents one of the fuel types in the target fuel and contains

comparable carbon atoms number, molecular weight. (3) Decompose the fuel molecules into the designated

functional group fragments for both target fuel and surrogate fuel. The molecule decomposition rule follows the

GCM 1.0 functional group classification system which composes of 22 molecular descriptors as shown in Figure

2.3. No. 1 ~No. 5, No. 15 ~ No. 22 fragments belong to functional group identifiers which depict the chemical

class of the studied molecule. They can discriminate the aromatics, alkanes, alkenes, cycloalkanes, alkynes,

alcohols, ethers, ketones, aldehydes, esters, carboxylic acids. No. 2 ~ No. 4, No. 6 ~ No. 7, No. 10, No. 12 ~ No.

14 fragments are functional group descriptors that identify the carbon atom type and corresponding position. They

use constitutional information to discriminate the isomers of molecules. The fuel reactivity descriptors include No.

8 ~ No. 12 functional group fragments which represent the fuel reactivity by the number of the methyl group,
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methylene group and their ratio as recommended by Dooley et al. [155, 156], Dahmen et al. [157] and Yu et al.
[99, 100]. (4) Establish and run the functional group regression model to determine the component proportions.
The development of the functional group regression model is explained in the next paragraph. (5) Test the target
properties of the formulated surrogate fuel. (6) Compare the target properties of the surrogate fuel with the target
fuel and estimate if the property target is achieved. If yes, go to step (7), otherwise, go back to step (2) to adjust
the surrogate palette. (7) Complete the surrogate formulation, report the surrogate palette and corresponding
proportion.

Running functional group regression model minimizes the object function Eq. (2.1) by adjusting the surrogate

palette proportions.

S=>W-F 2.1)

where S is the objective function to be minimized in the iterative optimization procedure. W, is the

NQ
weighting factor of the i th functional group which satisfies the constraint of ZWi =1. The weighting factors
i=1

reflect the significance of each functional group and can be adjusted according to demands. To obtain the global

optimum the weighting factors are automatically determined by the regression model iteration in this work. N g

is the total number of the functional group fragments and F, is the normalized difference of the i th functional

group fragment between the surrogate fuel and the target fuel which is calculated by Eq. (2).

. FGN, . — FGN
P FGN

itag

(2.2)
itag

where FGN. and FGN.,

itarg i calc denote the total number of the i th functional group fragment in the

target fuel molecules and the surrogate fuel molecules. Therein, the FGN is calculated by Eq. (2.3).

icalc
N

I:Gl\licalc:Z:nj ' fgnij (2.3)
j=1

where N j is the molar fraction of the J th surrogate palette compound which satisfies the constraint of
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N
Z n; =1. N, is the number of the surrogate palettes and fgni‘ i is the 1 th functional group number of the

j=1
J th surrogate palette compound.

The surrogate formulation by GCM is a what-if analysis and the Microsoft Excel add-in program-Solver can be

employed to find an optimal value [158, 159]. The objective function S in Eq. (2.2) is objective which subject to

N, N
the constrains of of Z\NI =1 and Z n; =1. The molar fraction n ; and the weighting factor W, of the
i=1 i=1

surrogate palette are set as the decision variables to adjust the vales to produce the optimal results of the objective

and satisfy the limits.
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Target fuel: A fuel with selected properties that are to be matched by a surrogate fuel.
Target fuel is usually produced in a refinery or other large-scale production process and
typically contains tens to thousands of individual compounds.

Surrogate fuel: A fuel mixture containing a limited number of pure compounds blending
together or a single compound to match specific properties of the target fuel.

Target property: A selected property of the target fuel that is to be matched by the
surrogate fuel. Cetane number (CN) is an example of target property to describe the
ignition propensity.

Surrogate palette: A set of pure compounds that are blended together to create a surrogate
— s fuel. Each individual pure compound in the surrogate palette is called a pgleffe compound.

iy b 1) Functional group fragment: There are 22 functional group types in the functional group
@M @/ classification system which contains functional group idenfifier. functional group
s === position descriptor and fuel reactivity descriptor.

Figure 2.1. Definitions of terms used in this study.

1

Select the target fuel and quantify
the target-fuel composition
precisely and accurately

A
2
Select the surrogate palette ?

A

3
Decompose fuel molecules int
functional groups of both target
fuel and surrogate fuel

A

O,
Configure and run the functional
group regression model

»| Test the surrogate properties

Figure 2.2. Workflow of surrogate fuel formulation. The order of each step in the sequence is provided in the

upper-right region of each box.
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FUNCTIONAL GROUP CLASSIFICATION SYSTEM

1. Aromatic bond
i2. Carbon-carbon double bond (CCDB) of aromatic, CH~CH, ™~ )
=3 Carbon-carbon double bond (CCDB) of ring, CH;=CH; H
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8 anan carbon (methvl ladxcal) -CH;
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14 >C<, non-Quaternary carbon' 7
5. xyl radic: X\

16. Ether group (non-ring), —O—(non-ring)
17. Ether group (ring), -O—(ring)

18. Ketone group(non-ring), >C=0(non-ring)
19. Ketone group(ring), >C=0(ring)

20. Aldehyde group, -CH=0

21. Ester group, -C(=0)0O-

22. Carboxylic acid, -C(=0)OH

........

== + em= Fuel reactivity descriptor

OH
Benzene (C;H,) M | tert-Butanol (C.HO0)
_@5 Methanol (CH;0H)
I1,3-Cyclobexadiene (CHy)
16
SO pimethyl ether (C;H.0)
1-Hexene (CHy)
) 17
(G prmese
1-Pentyne
18
2 Methybu QQ 2-Propanone (C;H.0)
9
Cyclopentanone (C:H,0)
[2,2-Dimethylbutane
20
/@, Acetaldehyde (C:H,0)
Cyclopentane (C:Ha) 2
@ Methyl acetate (C;H,0;)
-Propanol (C,H,0)
Acetic acid (G:H.0;)

Figure 2.3. The functional group classification system is used to match compositional characteristics between

target and surrogate fuels. The functional groups are listed on the left, and an example of each functional group is

circled in the molecular structure on the right.

Target fuel

Surrogate fuel

Figure 2.4. Surrogate formulation by decomposing molecules into chemical fragments and functional group

regression model development, take diesel as an example.
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Table 2.4. ASTM standards for exact chemical composition characterization

Item Compositions Scope Ref.

ASTM D6730 PIONA Individual hydrocarbon components (PIONA) of spark-ignition engine fuels and their mixtures containing oxygenate [85]
blends (MTBE, ETBE, ethanol, and so forth) with boiling ranges up to 225 °C

ASTM D6550 Olefins The total amount of olefins in blended motor gasoline and gasoline blending stocks, the application range is from 1 mass % [160]
to 25 mass % total olefins

ASTM D5580 Aromatics Benzene, toluene, ethylbenzene, the xylenes (p-xylene and m-xylene), C9 and heavier aromatics and total aromatics in [161]
finished motor gasoline

ASTM D5599 Oxygenates Organic oxygenated compounds in gasoline having a final boiling point not greater than 220 °C and oxygenates havinga [162]
boiling point limit of 130°C

ASTM D4815 Ethers and Ethers (0.20mass%~20.0mass%): MTBE, ETBE, TAME, DIPE; Alcohols (0.20 mass%~12.0 mass%): methanol, ethanol, [163]

alcohols isopropanol, n-propanol, isobutanol, tert-butanol, sec-butanol, n-butanol and tert-pentanol
ASTM E2997 FAME Fatty acid methyl esters (FAMEs) and petroleum distillate components of biodiesel products [164]
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Table 2.5. Count of functional groups of the real fuel and selected surrogate palette

Palette compound Target fuel Occurrence of functional group types
1 2 4 6 7 8 9 10 11
n-Dodecane POSF 4658 0 0 0 0 0 2 10 10 O
2,2,4-Trimethylpentane POSF 4658FACE C 0 0 0 I 1 5 1 1 O
gasoline

n-Propylbenzene POSF 4658 6 3 00 01 2 2 0
1,3,5-Trimethylbenzene POSF 4658 6 3 0 0 0 3 0 0 O

Toluene POSF 4658/ FACE C 6 3 0 0 0 1 0 O O O O

gasoline

Decane POSF 4658 0 00O0O0OZ2 8 8 0 0 O
Methyl decanoate POSF 4658 0o 0 0O0OOO 8 8 0 0 1
Methyl-9-decenoate POSF 4658 o 01000 7 7 0 0 1
Methyl-5-decenoate POSF 4658 0 010 O0O0O 3 6 0 0 1
n-Hexadecane POSF 4658 0 000 O 2 14 14 0 0 O
Methyl palmitate RME 0 000 O0 2 14 14 0 0 1
Methyl stearate RME 0O 0 0 0 0 2 16 16 0 0 1
Methyl oleate RME 0 01002 7 140 0 1
Methyl linoleate RME 0o 02002 7 12 0 0 1
Methyl linolenate RME 0o 03 002 7 100 0 1
2,2,4,4,6,8,8- Diesel o 01391 3 0 0 0 O
Heptamethylnonane

1-Methylnaphthalene Diesel 1050010 0 0 0 0 O
cis-Decalin Diesel 0o 02000 0 4 8 0 O
n-Octadecane Diesel 0 000 2 16 16 0 0 0 O
Butylcyclohexane Diesel o o1o013 3 5 5 0 0
2-Methylundecane Diesel 0o 00103 8 8 0 0 O
n-Butylbenzene Diesel 6 30001 3 3 0 0 O
Methylcyclohexane Diesel o 00101 0 O 5 5 0
Methylhexadecane Diesel 0 00103 13 130 0 O
m-Xylene Diesel 6 300 02 0 0 0 0 O
n-Butane FACE C gasoline o 00O0O2 2 2 0 0 O
2-Methylbutane FACE C gasoline 0o 00103 1 1 0 0 O
2-Methylhexane FACE C gasoline 0o 00103 3 3 0 0 O
n-Heptane FACE C gasoline 0o 00O0OO0OZ2 5 5 0 0 O
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2.2.2 Chemical kinetic modeling of POSF 4658/ RME/Diesel/FACE C gasoline surrogates

The chemical kinetic mechanisms of POSF 4658/ RME/Diesel/FACE C gasoline surrogates are built as
hierarchical structure as shown in the red block of Figure 2.5. Thus, a modular approach can be employed to
assemble the sub-mechanisms of different components into the target mechanisms of interest. The C0-C4 core
mechanism is the base mechanism for POSF 4658/ RME/Diesel/FACE C gasoline surrogates which contains Ho-
O, sub-mechanism, C1-C4 (methane, ethane, ethylene, acetylene, formaldehyde, acetaldehyde, propane, propene,
butane, etc.) sub-mechanism, CO sub-mechanism. C5-C6 sub-mechanism, NOx sub-mechanism, PRF/TPRF (n-
heptane/iso-octane/toluene) sub-mechanism, alcohols sub-mechanism, aldehydes sub-mechanism, esters sub-
mechanism, aromatics & PAH sub-mechanism, target fuel sub-mechanism and other necessary sub-mechanisms
are combined with the C0-C4 core mechanism to produce the target surrogate mechanisms. The sub-mechanisms
developed by Lawrence Livermore National Laboratory (LLNL) are chosen with priority to ensure the
compatibility of the sub-mechanisms.

For the jet fuel POSF 4658, the Dooley 1° generation surrogate [124] and Dooley 2" generation surrogate [125,
148] use the mechanisms provided in ref. [124] and ref. *°. Especially, the GCM surrogate shares the same
mechanism with the Dooley 2" generation surrogate [125, 148] since their chemical compounds are identical.

For the biodiesel rapeseed methyl ester (RME), GCM1 surrogate components are recommended by Herbinet et
al. [165], therefore, the corresponding mechanism is adopted in this study. The compositions of RME real fuel are
revealed by Westbrook et al. [141] and the mechanism developed by Creck Modelling Group [166] is adopted for
kinetic simulation. And the GCM2 surrogate and hexadecane utilize the Creck Mechanism [166] as well.

For the automotive fuel diesel, Pei surrogate [147] composes of 64.97%n-Dodecane-35.03%m-Xylene and the
published mechanism is adopted. But there are no existing detailed mechanisms available for the GCM1 surrogate
(22.06865%n-Dodecane [147]-33.11807%2-Methylundecane [147]-30.93333%n-Butylbenzene [146]-

13.87995%Methylcyclohexane [134]) and GCM2 (19.666667%n-Hexadecane [91]-29.04%2-Methylhexadecane
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[91]-30.933333%n-Butylbenzene [146]-20.36%Methylcyclohexane [134]) surrogate, therefore, kinetic

mechanisms need to be built for these two surrogates. For diesel GCM1 surrogate, the published n-dodecane

mechanism developed by Sarathy et al. [91] is used as a backbone mechanism and it also contains 2-

methylundecane. The oxidation of n-butylbenzene and methylcyclohexane are incorporated based on the

mechanisms developed by Nakamura et al. [146] and Pitz et. al. [134] and they all place on a higher hierarchical

level of Co~Cs4 core module. For diesel GCM2 surrogate, the n-hexadecane and 2-methylhexadecane developed by

Sarathy et al. [91] act as the backbone mechanism and the n-butylbenzene [146], methylcyclohexane [134] modular

mechanisms are assembled into the skeleton mechanism.

The diesel GCM1 surrogate mechanism contains 3701 species, 15598 reactions and covers n-alkanes from n-

pentane to n-nonane, 2-methylalkanes from 2-Methylhexane to 2-Methylundecane, naphthenes including

cyclohexane, cyclopentane and methylcyclohexane, aromatics from benzene to n-butylbenzene. The diesel GCM2

surrogate mechanism contains 8050 species, 35703 reactions and covers n-alkanes from n-pentane to n-

heptadecane, 2-methylalkanes from 2-Methylhexane to 2-Methylhexadecane, naphthenes including cyclohexane,

cyclopentane and methylcyclohexane, aromatics from benzene to n-butylbenzene. These two mechanisms can be

downloaded from the supporting information. For the FACE C gasoline, the mechanism developed by Sarathy

[167] contains n-butane, 2-methyl butane, 2-methyl hexane, cyclopentane, 1,2,4-trimethylbenzene, 1-hexene, n-

heptane, 2,2,4-trimethylpentane, toluene.
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Real fuel

Figure 2.5. Hierarchical formulation of the combustion chemistry (red block) and modular component library

framework for detail mechanism construction (blue block).
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2.3 Results and discussion

The proposed GCM is applied to formulate surrogates of POSF 4658, RME, Diesel, FACE C gasoline in section

2.3.1, section 2.3.2, section 2.3.3, section 2.3.4 as case studies. The surrogate properties of ignition delay times,

laminar flame speed, oxidation species profiles, density, sound speed, kinematic viscosity are compared with the

target fuels as well as the published surrogates.

2.3.1 POSF 4658

2.3.1.1 Surrogate formulation of POSF 4658

POSF 4658 is a kerosene-based jet fuel and the main constituents (46 compounds) accounting for more than 40%

have been measured by GC-MS [168]. Dooley et al. [124] choose n-decane, iso-octane and toluene as the surrogate

palette and use DCN (derived cetane number), H/C ratio, MW (molecular weight), TSI (threshold sooting index)

as target properties for surrogate formulation. The Dooley 1% generation surrogate composes of 42.7%n-decane-

33.0%2,2,4-trimethylpentane-24.3%toluene, but it fails to simultaneously accommodate the H/C, DCN, TSI

properties. Afterward, Dooley et al. [125] propose the 2" generation POSF 4658 surrogate which replaces the n-

decane with n-dodecane to increases the MW and replaces toluene with n-propylbenzene and 1,3,5-

trimethylbenzene to raise the TSI. The 2" generation POSF 4658 surrogate constitutes 40.41%n-dodecane-

29.48%?2,2 4-trimethylpentane-22.83%n-propylbenzene-7.28%1,3,5-trimethylbenzene.

The GCM decomposes the 46 components into typical functional group fragments following the GCM1.0

system (see Figure 2.3). The decomposed aromatic bond (No. 1 functional group fragment), carbon-carbon double

bond (CCDB) in aromatic (No 2 functional group fragment), tertiary carbon (No. 6 functional group fragment),

quaternary carbon (No. 7 functional group fragment), methyl radical (No. 8 functional group fragment), maximum

quantity of methylene group in series for non-ring structure (No. 9 functional group fragment), methylene group for

non-ring structure (No. 10 functional group fragment), maximum quantity of methylene group in series for ring

structure (No. 11 functional group fragment), methylene group for ring structure (No. 12 functional group fragment)
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account for 10.32 mol.%. 5.16 mol.%. 2.48 mol.%. 10.36 mol.%. 31.08 mol.%. 32.45 mol.%. 3.09 mol.%. 4.91

mol.% as shown in Figure 2.6. GCM surrogate chooses n-dodecane, 2.2.4-trimethylpentane, n-propylbenzene,

1.3.5-trimethylbenzene as surrogate palette which is identical to Dooley 22 generation surrogate [125, 148]. GCM

surrogate formulation model is running to compute the compositions of POSF 4658 and the output result is

54.92%n-dodecane-12.61%2,2.4-trimethylpentane-25.53%n-propylbenzene-6.94%1.3,5-trimethylbenzene as

shown in Table 2.6 and the proportions of the decomposed functional group fragments are presented in Figure 2.6.

The GCM surrogate cannot account for the contribution of maximum quantity of methylene group in series for

ring structure (No. 11 functional group fragment), methylene group for ring structure (No. 12 functional group

fragment) since it does not include cycloalkanes compared to the real fuel.

100%
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3.088079666 8
90% |
] Aromatic bond
Tomatic bon n-Dodecane (Cy,Hys)
3477430719
80% | =2 CCDB of aromatic,
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6 Tertiary carbon, >CH-
70%
M 7 Quaternary carbon, >C<
7 6
_6o% | W 8 Methyl, -CH3
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.:' m9>(CH2)mnomrmg vipen (CeHu)
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Figure 2.6. Functional group mole fractions for POSF 4658 target fuel [168] and GCM surrogate.
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Table 2.6. POSF 4658 surrogate fuel compositions of Dooley 1% generation surrogate [124], Dooley 2" generation surrogate [148] and GCM surrogate

POSF 4658 surrogate Fuel compositions, mol.%, and mechanism source Species/Reactions  Formula H/C ratio
GCM surrogate 54.92%n-dodecane-12.61%2,2 4-trimethylpentane-25.53%n-propylbenzene-6.94%1,3,5-trimethylbenzene [148] 2080/8310 Cios2H204s  1.9439
Dooely 1% surrogate [124] 42.7%n-decane-33.0%2,2,4-trimethylpentane-24.3%toluene [124] 1599/6633 CseiHiz2s  2.0070
Dooley 2" surrogate [125, 148]  40.41%n-dodecane-29.48%2,2 4-trimethylpentane-22.83%n-propylbenzene-7.28%1,3,5-trimethylbenzene [148]  2080/8310 CoooHi924  1.9395
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2.3.1.2 Ignition delay times emulation

The simulated ignition delay times of POSF 4658 jet fuel by GCM surrogate, Dooley 1% generation surrogate,
Dooley 2™ generation surrogate are compared with the observed values (by shock tube and rapid compression
machine) at 9=1.0, Pi;;=20 atm as shown in Figure 2.7. The initial gas fractions of Dooley 1st generation surrogate
[124], Dooley 2nd generation surrogate[125, 148] and GCM surrogate are presented in Table 2.7 and the diluent
(N2) concentration keeps constant as 77.92 mol.% for comparison. The GCM surrogate and Dooley 2nd generation
surrogate[ 125, 148] outperform Dooley 1st generation surrogate [124] because they are closer to the measured
ignition delay time. The GCM surrogate and Dooley 2™ generation surrogate [125, 148] almost coincide at the
temperature regimes of 570~710K and 970~1250K and both accurately capture the NTC (negative temperature
coefficient) behavior at the temperature range of 770~950K as shown in Figure 2.7. The GCM surrogate estimates
a shorter ignition delay time at 710~970K than Dooley 2™ generation surrogate [125, 148] which is closer to the
experimental profiles. But both GCM surrogate and Dooley 2™ generation surrogate [125, 148] significantly
overestimate the ignition delay time at 930~1250K and this issue cannot be addressed by compositional proportion
optimization alone. To further improve the ignition delay time predictive accuracy at 930~1250K, the measures
are either to replace the existing palette compounds with new constituents or expand the number of surrogate
palettes to enhance high temperature reactivity. Increasing the number of surrogate compounds will benefit the

physicochemical properties reproduction at the expense of additional complexity.

1000 ¢

= POSF 4658 ST

+ POSF 4658 RCM
GCM

100 ff ===--- Dooley 1st

F| -- - Dooley 2nd

Phi 1.0-Py=20atm

Ignition delay times (ms)

0.01

12 13 1.4 15 16 17
1000/T (1/K)
Figure 2.7. Ignition delay times of POSF 4658 (symbols) and surrogates simulation (lines) at ¢=1.0, Pi,;=20 atm.
Square and diamond symbols correspond to shock tube and rapid compression machine measurements [124]; solid
line, dashed line and dash-dotted line correspond to GCM surrogate, Dooley 1% generation surrogate [124], Dooley
2" generation surrogate [125, 148].

0.8 0.9 10
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Table 2.7. Initial gas fractions of POSF 4658 surrogates (Dooley st generation surrogate [124], Dooley 2™ generation surrogate [125, 148] and GCM surrogate) for ignition

delay time simulation at @=1.0, P;ni=20 atm

Compositions (mol.%) Fuel Oxidizer Diluent
n-Decane 2,2,4-Trimethylpentane Toluene 0 N,
Dooley 1% surrogate [124] 0.67680 0.52305 0.38516 20.49499 77.92
n-Dodecane 2,2,4-Trimethylpentane n-Propylbenzene 1,3,5-Trimethylbenzene (073 N»
Dooley 2" surrogare [125, 148] 0.56565 0.41265 0.31957 0.10190 20.68023 77.92
GCM surrogate 0.72901 0.16738 0.33888 0.09212 20.75261 77.92
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2.3.1.3 Laminar flame speed emulation

The laminar flame speeds of POSF 4658-air mixture are measured at ¢=0.6~1.6, Tini=400K, 470K, Pini=1 atm
by Dooley et al. [124] and the predictive performances of GCM surrogate (solid line), Dooley 2™ generation
surrogate (dashed line) [125, 148] are presented in Figure 2.8 (a). The Dooley 1% generation surrogate [124] does
not provide the transport property of the species in the published model, so it is excluded in the flame speed
validation. At Ti=400K, the Dooley 22¢ generation surrogate [125, 148] can better reproduce the laminar flame
speed at ¢=0.7~1.4 than GCM surrogate and reaches higher R? as 0.9312 as shown in Figure Figure 2.8 (b). The
GCM surrogate obtains better predictive accuracy than Dooley 2*¢ generation surrogate [125, 148] at Ti=470K
and the R? reaches 0.9848 as shown in Figure Figure 2.8 (c). But both surrogates significantly overestimate the
laminar flame speed at ¢=0.9~1.3 and the maximal deviation reaches 14.67 cn/sec at ¢=1.1 by GCM surrogate.
The future work of surrogate optimization should improve the laminar flame speed at ¢=0.9~1.3 and high initial

mixture temperature (for example around 470K).
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Figure 2.8. (a) Laminar flame speeds of POSF 4658-air mixture (symbols) [148] and surrogates (lines) at
©=0.6~1.6, Tiwi=400K, 470K, Pimi=1 atm; solid line and dashed line correspond to GCM surrogate, Dooley 2
generation surrogate [125, 148]; parity plot between measured and simulated values at (b) Tim=400K; (c)
Tini=470K.
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2.3.1.4 Flow reactor oxidation emulation

The CO, CO,, O2, H>0 profiles of POSF 4658 oxidation in variable pressure flow reactor are measured at 0.3%

carbon, @ = 1.0, Treactr=500~1100K, Pip=12.5 atm, Tresiden=1.8s, V=250cm? by Dooley et al. [124]. The predictive

species profiles by GCM surrogate, Dooely 1% generation surrogate [124], Dooley 2™ generation surrogate [125,

148] are compared with observed values as plotted in Figure 2.9. The initial gas fractions of these surrogates are

provided in Table 2.8 and the carbon atom concentration keeps constant as 0.3 mol.% following the experimental

program published by Dooley et al. [124]. The GCM surrogate accurately captures the POSF 4658 oxidation onset

of 580K and the subsequent low temperature oxidation behavior at 580~640K. Both GCM surrogate and Dooley

27 generation surrogate [125, 148] overestimate the oxidation reactivity at NTC regime of 640~780K compared

to Dooely 1* generation surrogate [124], thus the O» concentration and CO/CO,/H,O concentrations are lower and

greater than the observed concentrations respectively. This is because the GCM surrogate replaces n-decane with

n-dodecane and increases the proportion from 42.7mol.% to 54.92mol.% Dooely 1% generation surrogate [124] as

shown in Table 2.6. GCM surrogate and Dooley 2" generation surrogate [125, 148] almost overlap at high

temperature oxidation regime of 780~1100K, but they underestimate the fuel oxidation reactivity at 880~1040K.

Therefore, the predictive species of O, and CO/CO,/H,O are higher and lower than the measured values

respectively as shown in Figure 2.9. Even though the Dooely 1% generation surrogate [124] fails to capture the

onset of high temperature oxidation onset at 800K, it better reproduces the high temperature oxidation reactivity

than other surrogates at 960~1100K. The GCM surrogate replaces toluene with n-propylbenzene and 1,3,5-

trimethylbenzene and increases the aromatic proportion compared to Dooely 1% generation surrogate [124] which

reduces the high temperature oxidation reactivity.
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Table 2.8. Initial gas fractions of POSF 4658 surrogates (Dooley 1% generation surrogate [124], Dooley 2™ generation surrogate[125, 148] and GCM surrogate) for flow reactor

simulation at ¢ = 1.0, Treactor=500~1100K, Pin=12.5 atm

Composition (mol.%) Fuel (C=0.3mol.%) Oxidizer Diluent
n-Decane 2,2,4-Trimethylpentane Toluene 0, N>

Dooley 1% surrogate [124] 0.014876321 0.011496923 0.008465916 0.450487748 99.51467309
n-Dodecane 2,2,4-Trimethylpentane n-Propylbenzene 1,3,5-Trimethylbenzene 0, N>

Dooley 2" surrogate [125, 148] 0.012223847 0.00891757 0.006905974 0.002202168 0.446908495 99.52284195

GCM surrogate 0.015644049 0.003591979 0.007272261 0.00197687 0.445342676 99.52617216
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2.3.1.5 Liquid phase density, sound speed and kinematic viscosity emulation

The measured liquid phase density, sound speed, kinematic viscosity of POSF 4658 jet fuel at P;,=0.083MPa

are reported by Bruno et al. [169] and the predictive values of GCM surrogate, Dooley 1% generation surrogate

[124], Dooley 2" generation surrogate[125, 148] are computed by NIST REFPROP (Reference Fluid

Thermodynamic and Transport Properties Database) program version 9.1 [170] as shown in Figure 2.10.

REFPROP calculates the mixture thermodynamic properties by applying the mixing rule to the equation of state

in Helmholtz energy of mixture constituents. The discrepancy between the real mixture and ideal mixing is

considered by the departure function. The viscosity is estimated by the extended corresponding states (ECS) model.

For the parameters of liquid phase density, sound speed and kinematic viscosity, the predictive accuracy of

surrogates arranges from high to low as: GCM surrogate > Dooley 2™ generation surrogate[125, 148] > Dooley

1% generation surrogate [124].

Liquid phase density (kg/m3)
a3 3
s 3

710

690

670

1500

m  POSF 4658
GCM

----- Dooley 1st
= - = Dooley 2nd

(b)

1400

1300

1200

Sound speed (m/s)

1100

1000

900

®  POSF 4658
GCM
----- Dooley 1st

n = - = Dooley 2nd

260

280

300

320
Temperature (K)

3200
(©

2700

s)

2 2200

1700

Kinematic viscosity (uPa-

i
)
S
S

700

340 360

380 260

280 300 320

Temperature (K)

340 380

m  POSF 4658
GCM
----- Dooley 1st

— - — Dooley 2nd

280

300

320
Temperature (K)

340 380

Figure 2.10. (a) Liquid density, (b) sound speed and (c) kinematic viscosity of POSF 4658 (symbols) [169] and
surrogates simulation (lines) at P;,=0.083MPa, solid line, dashed line and dash-dotted line correspond to GCM
surrogate, Dooley 1% generation surrogate [124], Dooley 2" generation surrogate [125, 148].
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2.3.2 Rapeseed methyl ester (RME)
2.3.2.1 Surrogate formulation of RME

Rapeseed methyl ester (RME) biodiesel is a mixture of FAME (fatty acid methyl ester) containing 4.3%methyl
palmitate-1.3%methyl stearate-59.9%methyl oleate-21.2%methyl linoleate-13.3%methyl linolenate [141] and the
CRECK mechanism [166] is used to simulate the real fuel oxidation. The RME has high average carbon atom
numbers of 18.91 as shown in Table 2.9 and the surrogate formulation needs to balance the accuracy of having
comparable MW and complexity of the chemical kinetic model. Dagaut et al. [171] simply employ n-hexadecane
as RME surrogate which contains comparable carbon atom numbers, but the contribution of the ester group to the
oxidation process is omitted. To develop the GCM surrogates, the pure compounds in the RME real fuel are
disassembled into CCDB of non-aromatic for non-ring structure (No. 4 functional group fragments), methyl group
(No. 8 functional group fragments), maximum quantity of methylene group in series for non-ring structure (No. 9
functional group fragment), methylene group for non-ring structure (No. 10 functional group fragment), ester
group (No. 10 functional group fragment) which account for 5.71 mol.%, 29.78 mol.%, 52.47 mol.%, 4.01 mol.%.
Two GCM surrogates (GCM1, GCM2) are designed for the RME which contain different levels of MW. The
GCM1 surrogate introduces methyl decanoate, methyl-9-decenoate, methyl-5-decenoate as the surrogate palettes
to address the required functional group fragments. The carbon atom number of each compound is limited to 11 to
avoid the complex chemical kinetic model. On the contrary, the GCM2 surrogate replaces methyl-9-decenoate
with methyl decanoate to increases the average MW at the expense of increasing the complexity of the
corresponding kinetic model. The compositions of GCM1 and GCM2 surrogates are formulated as
59.7727%methyl decanoate-29.7394%methyl-9-decenoate-10.4879%methyl-5-decenoate and 37.42749%n-
hexadecane-38.46876%methyl decanoate-24.10376%methyl-5-decenoate as shown in Table 2.9 and the
proportions of decomposed functional group fragments are demonstrated in Figure 2.11 and Figure 2.12. After
replacing the palette compounds, the average formula of GCM1 and GCM2 surrogates are C11H21.2002 and
C12.87H26.0101.25 respectively. Their predictive performance on ignition delay time and oxidation in the jet-
stirred reactor are examined in section 2.3.2.2 and section 2.3.2.3. The experimental data of liquid density, sound

speed and kinematic viscosity for RME are not available for validation. Furthermore, the RME components of
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methyl palmitate, methyl stearate, methyl oleate, methyl linoleate, methyl linolenate are not in the substance

database of REFPROP software and thus the computational values are not available as well. Therefore, theses 3

properties cannot be used to validate RME surrogate at their current status.
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Table 2.9. RME surrogate fuel compositions of GCM1 surrogate, GCM2 surrogate, RME Real fuel [141] and Hexadecane [171]

RME surrogate Fuel compositions, mol.% and mechanism source Species/Reactions  Formula H/C, O/C ratios

GCMI surrogate 59.7727%methyl decanoate-29.7394%methyl-9-decenoate-10.4879%methyl-5-decenoate  3299/10806 Ci1H21 2002 1.9273, 0.1818
[165]

GCM2 surrogate 37.42749%n-hexadecane-38.46876%methyl decanoate-24.10376%methyl-5-decenoate [166]  484/19341 Ci287H26010125  2.0210, 0.0971

RME real fuel [141] 4.3%methyl palmitate-1.3%methyl stearate-59.9%methyl oleate-21.2%methyl linoleate- 484/19341 Cig91H34 9302 1.8498, 0.1058
13.3%methyl linolenate [166]

Dagaut surrogate [171]  100%hexadecane [166] 484/19341 Ci6Hss 2.125,0
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2.3.2.2 Ignition delay times emulation

The measured ignition delay time of RME is not reported in the literature because its high distillation

temperatures (320~360°C) and kinematic viscosity (6.9~8.2mm?/s@20°C) [172] make it difficult to vaporize into

gas phase to be tested in shock tube and rapid compression ignition machine. Hence, Westbrook et al. [141] develop

a detailed chemical kinetic mechanism for RME and simulate the ignition delay times at ¢=1.0, T;ni=625~1250K,

Pini=13.5bar which are used as a benchmark in this section (the symbols in Figure 2.13). The predicted ignition

delay times of GCM 1 surrogate, GCM2 surrogate, real fuel (CRECK model [166]), Dagaut surrogate (hexadecane)

[171] are validated against Westbrook mechanism [141] as shown in Figure 2.13. The ignition delay times of real

fuel (CRECK model [166]) almost overlap with RME data predicted by Westbrook mechanism [141] because it

contains all the RME components of methyl palmitate, methyl stearate, methyl oleate, methyl linoleate, methyl

linolenate. The surrogate predictive accuracy orders from high to low as: GCM2 (R*=0.98) >GCM1

(R?=0.9744) >Dagaut surrogate [171] (R?>=0.8134). The GCM2 surrogate accurately reproduces the high

temperature ignition at 900~1238K. It overestimates the fuel reactivity at low temperature ignition regime at

615~770K and NTC behavior at 770~888K because the proportion of maximum quantity of methylene group in

series for non-ring structure (No. 9 functional group fragment) is 11.94% higher than the target fuel which is the

principal influence factor of fuel reactivity. Similar to GCM2 surrogate, the high temperature ignition at

900~1238K is successfully captured by GCM1 surrogate. The low temperature ignition delay time at 575~800K

of GCMI1 surrogate is closer to the taegett fuel than GCM2 surrogate and Dagaut surrogate [171] because it obtains

the minimal propsotional discrepancy of No. 9 functional group fragment. Even thoguh the GCM1 surrogate

overestmates the intermediates temperature ignition at 800~900K, the slope of the NTC regime is acucrately

captured by GCM1 surrogate due to the minor deviation of No. 9 functional group fragment. As expected, the

Daugaut surrogate [171] significantly overestimates the fuel reactivity at low temperature ignition regime of

625~800K and intermediate temperature ignition regime of 800~950K because the proportion of No. 9 functional
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group fragment accounts for 46.67% which is even higher than GCM2 surrogate (41.72%).
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2.3.2.3 Jet stirred reactor oxidation emulation

Daugaut et al. [171] measured the major and intermediate species of RME oxidation in JSR (jet-stirred reactor)

at a wide range of conditions to reveal the fuel oxidation reactivity and species evolution at low/intermediate/high

temperature regimes for chemical kinetic model development. The predicted species profiles of GCM1 surrogate,

GCM2 surrogate, Daugaut surrogate [171], the real fuel (CRECK model [166]) are applied to mimic the RME

oxidation in JSR at the condition of Ti=500~1600K, Pi,=1latm, V=30.5cm?> and Figure 2.14, Figure 2.15, Figure

2.16, Figure 2.17 correspond to ¢©=0.25, Tresiden=0.07s; ©=0.5, Tresiden=0.07s; ©=1.0, Tresiaen=0.07s; @=1.5,

Tresiden=0. 15 respectively. The initial gas fractions of RME surrogates are provided in Table 2.10 and the fuel

concentration keeps constant as 0.05 mol.% with nitrogen dilution. The real fuel (CRECK model [166]) can

accurately predict the major species of H2, CO, CO2, CH20 (formaldehyde) at the studied conditions, Daugaut

surrogate [171] comes second, GCM2 surrogate is next and GCM1 surrogate obtains the worst accuracy. This is

because the real fuel (CRECK model [166], Cis91Hz349302) contains identical components and the Daugaut

surrogate [171] has a comparable chemical formula as CisH3s, while there are great discrepancies in formula

between GCM2 surrogate (Ci287H26 0101 25), GCM1 surrogate (C11Hz12002) and target fuel. For similar reasons,

the real fuel (CRECK model [166]) and Daugaut surrogate [171] achieve better predictive accuracy than GCM1

surrogate, GCM2 surrogate for intermediate concentration of CH4 (methane), C,H (ethane), CoH» (acetylene),

C,Hjs (ethylene), CsHs (propene), C4He (but-1-yne) as shown in Figure 2.14. There is no measured data available

in the literature for the oxygenated species of methanol (CH3OH), acetaldehyde (CH3CHO), propionaldehyde

(C,HsCHO) and acetone (CH3COCH3), thus the real fuel (CRECK model [166]) is regarded as the baseline for

comparison. The peak concentration and corresponding temperature are broadly captured by the GCM2 surrogate

and Daugaut surrogate [171] while the GCM1 surrogate fails to reproduce the correct orders of magnitude for

propionaldehyde (C,HsCHO) and acetone (CH3COCH3) concentration due to low average carbon atom numbers.

In summary, the speciation predictive performance orders from high to low as: real fuel (CRECK model [166]) >
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Daugaut surrogate [171] > GCM2 surrogate > GCM1 surrogate. The GCM surrogate formulation enables to utilize

simple compounds (such as methyl decanoate, methyl-9-decenoate, methyl-5-decenoate) to reproduce the gas

phase combustion process of complex fuel mixtures (such as methyl palmitate, methyl stearate, methyl oleate,

methyl linoleate, methyl linolenate) by providing similar proportions of functional group fragments compared.

The ester group in the molecule forms asymmetric structure and thus a larger numbers of species, reactions are

required to describe the gas phase combustion process than corresponding n-alkanes with identical carbon atom

numbers.
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Table 2.10. Initial gas fractions of RME surrogates (GCM1 surrogate, GCM2 surrogate, real fuel [141] and hexadecane surrogate [171]) for jet stirred reactor simulation at

Tini=500~1600K, Piyy=1atm

[0} Tresident  XFuel Xo2 (mol.%, GCM1/GCM2/real fuel [141]/hexadecane surrogate [171]) X2 (mol.%, GCM1/GCM2/real fuel [141]/hexadecane surrogate [171])
(mol.%)

0.25 0.07 0.05 3.059775006/3.749591059/5.332/4.9 96.89022499/96.20040894/94.618/95.05

05 0.07 0.05 1.529887503/3.749591059/2.666/2.45 98.4201125/98.07520447/97.284/97.5

| 0.07 0.05 0.764943751/0.937397765/1.333/1.225 99.18505625/99.01260224/98.617/98.725

1.5 0.1 0.05 0.509962501/0.624931843/0.888666667/0.816666667 99.4400375/99.32506816/99.06133333/99.13333333
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2.3.3 Diesel

2.3.3.1 Surrogate formulation of diesel

High-resolution chemcials identification of commercial petroleum can be performed by GC-MS with the aid of

NIST (National Institute of Standards and Technology)/EPA (United States Environmental Protection

Agency)/NIH (National Institutes of Health) mass spectral library, NIST Tandem mass spectral library as well as

NIST GC method/retention index library [173]. But the detailed compounds and corresponding proportion of diesel

are not reported in the literature which fails to meet the requirement of step 1 of GCM surrogate formulation (see

Figure 2.2). To work out a compromise, Qian surrogate [174] containing 21.5%n-hexadecane-25.8%2,2,4,4,6,8,8-

heptamethylnonane(HMN)-13.7%1-methylnaphthalene%-8.1%decalin-15.4%n-octadecane-8.1%n-

butylbenzene-7.4%n-butylcyclohexane is regarded as target fuel in this section because it has been approved in

the single-cylinder compression ignition engine and is composed of up to 7 components to represent the real fuel.

There are 4 chemical families of n-alkanes, iso-alkanes, aromatics, cycloalkanes in Qian surrogate [174] to

represent the China stage V 0# diesel, thus the GCM1 surrogate and GCM2 surrogate contain 4 components and

each of them represents the corresponding chemical class. The Qian surrogate [174] probably underestimates the

molecular weight (198.2g/mol vs 206 2=20g/mol [175]) and overestimates the H/C ratio (1.9268 vs 1.82+0.1[175])

of the commercial diesel. GCMI1 surrogate select n-dodecane, 2-methylundecane, n-butylbenzene,

methylcyclohexane as surrogate palette as the simpler case while the GCM2 surrogate replaces n-dodecane with

n-hexadecane to increases the average MW for better representing the real fuel. The target fuel of Qian surrogate

[174] is decomposed into 8 functional group fragments of aromatic bond (No. 1 functional group fragment), CCDB

of aromatic (No. 2 functional group fragment), tertiary carbon (No. 6 functional group fragment), methyl group

(No. 8 functional group fragment), maximum quantity of methylene group in series for non-ring structure (No. 9

functional group fragment), methylene group for non-ring structure (No. 10 functional group fragment), maximum

quantity of methylene group in series for ring structure (No. 11 functional group fragment), methylene group for
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ring structure (No. 12 functional group fragment) account for 8.73 mol.%, 4.37 mol.%, 2.32 mol.%, 15.77 mol.%,

29.16 mol.%, 31.59 mol.%, 3.27 mol.%, 4.79 mol.% as shown in Figure 2.18. By adjusting the proportions of

palette compounds to minimize the target function Eq. (2.1), the formulated GCM1 surrogate and GCM2 surrogate

are 22.06865%n-dodecane-33.11807%2-methylundecane-30.93333%n-butylbenzene-

13.87995%methylcyclohexane  and  19.666667%n-hexadecane-29.04%2-methylhexadecane-30.933333%n-

butylbenzene-20.36%methylcyclohexane as shown in Table 2.11. The access of the diesel GCM1 surrogate

mechanism and diesel GCM2 surrogate mechanisms are illustrated in the section of Data and Software Availability.

The decomposed functional group fragments of GCM1 surrogate and GCM2 surrogate are provided in Figure 2.18

and Figure 2.19. Pei surrogate [147] which contains 64.97%n-dodecane-35.03%m-xylene is included for

comparison. It should be noted that there is no published detailed chemical kinetic mechanism for Qian surrogate

[174].
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Table 2.11. Diesel surrogate compositions of Qian surrogate [174], GCM1 surrogate, GCM2 surrogate and Pei surrogate [147]

Diesel surrogate Fuel compositions, mol.% and mechanism source Species/Reactions  Formula H/C
ratio

Qian surrogate [174]  21.5%n-hexadecane-25.8%2,2,4,4,6,8,8-heptamethylnonane(HMN)-13.7%1-methylnaphthalene%-  N/A Cis21Ha738  1.9268
8.1%decalin-15.4%n-octadecane-8.1%n-butylbenzene-7.4%n-butylcyclohexane

GCM1 surrogate 22.06865%n-dodecane [147]-33.11807%2-methylundecane [147]-30.93333%n-butylbenzene [146]- 3701/15598 CioeoH2062  1.9289
13.87995%methylcyclohexane [134]

GCM2 surrogate 19.666667%n-hexadecane  [91]-29.04%2-methylhexadecane  [91]-30.933333%n-butylbenzene 8050/35703 Ci2e0H2432  1.9302
[146]-20.36%methylcyclohexane [134]

Pei surrogate [147] 64.97%n-dodecane-35.03%m-xylene [147] 3701/15598 CiosoH2040  1.9245
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2.3.3.2 Ignition delay times emulation

The measured ignition delay times of commercial diesel at at Tin=600~1250K, (a) ¢=0.37, Pi.i=10bar, (b)

©=0.37, Pini=15bar, (c) ¢=0.5, Pini=10bar, (d) =0.5, Pi=15bar, (¢) ¢=0.67, Pini=10bar, (f) ¢=0.67, Pi,=15bar,

(g) ©=0.67, Pini=20bar, (h) ¢=1.0, Pini=15bar, (i) ¢p=1.0, Pi,i=20bar are reported by Yu et al. [175, 176]. The GCM1

surrogate, GCM2 surrogate and Pei surrogate [147] are applied to predict the ignition delay times at the mentioned

conditions and expand the temperature range of 600~1250K as shown in Figure 2.20 (a) ~ Figure 2.20 (i). The

initial gas fractions are presented in Table 2.12. The GCM1 surrogate, GCM2 surrogate and Pei surrogate [147]

underestimate the fuel reactivity and thus result in higher predictive ignition delay time than the observed values.

The ignition delay times profiles of GCM1 surrogate and GCM?2 surrogate almost overlap at the full temperature

range of 600~1200K which indicates that the GCM enables a consistent surrogate formulation with different

palette compounds. The ignition delay times of GCM1 surrogate and GCM?2 surrogate indicate that the target fuel

of Qian surrogate [174] possibly underestimates the fuel reactivity compared to commercial diesel. Both GCM

surrogates successfully reproduce distinct NTC behavior at intermediate temperature regime of 725~850K while

the Pei surrogate [147] exhibits monotonous ignition delay times with increasing temperature. The ignition delay

times of diesel fuel decrease with increasing pressure and equivalence ratio which are well captured by the GCM 1

surrogate and GCM2 surrogate. The ignition delay times predictive accuracy of four studied surrogate rank from

high to low as: GCM2 surrogate ~ GCM1 surrogate = Qian surrogate [174]> Pei surrogate [147]. These four

surrogates cannot represent the high reactivity of the real diesel fuel resulting in higher ignition delay times, new

surrogates with higher reactivity are needed. This problem can be addressed by the current GCM formulation given

that the detailed components of commercial diesel are revealed by GC-MS. The GCM surrogate formulation

enables a rapid quantization of compositional proportions and provides a reasonable property reproduction.
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Table 2.12. Initial gas fractions of diesel surrogates (GCM1 surrogate, GCM2 surrogate and Pei surrogate [147])

for ignition delay times simulation at Tini—=600~1250K.

@ Pinit  XFuel Xo2 (mol.%, GCMI1/GCM2/Pei [147] Xn2 (mol.%, GCMI1/GCM2/Pei [147]
(atm) (mol.%) surrogate) surrogate)
0.37 10 0.35 14.98656272/17.67266667/14.84908108  84.66343728/81.97733333/84.80091892
037 15 0.35 14.98656272/17.67266667/14.84908108  84.66343728/81.97733333/84.80091892
05 10 0.473 14.98741909/17.67367653/14.8499296  84.53958091/81.85332347/84.6770704
0.5 15 0.473 14.98741909/17.67367653/14.8499296 84.53958091/81.85332347/84.6770704
0.67 10 0.473 11.18464111/13.18931085/11.08203701  88.34235889/86.33768915/88.44496299
0.67 15 0.473 11.18464111/13.18931085/11.08203701  88.34235889/86.33768915/88.44496299
0.67 20 0.473 11.18464111/13.18931085/11.08203701  88.34235889/86.33768915/88.44496299
1.0 15 0.473 7.493709546/8.836838267/7.4249648 92.03329045/90.69016173/92.1020352
1.0 20 0.473 7.493709546/8.836838267/7.4249648 92.03329045/90.69016173/92.1020352
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2.3.3.3 Jet stirred reactor oxidation emulation

The diesel oxidation kinetic in a JSR is studied at ¢=0.5~2.0, T;ni=800~1400K, Pis=1~10atm by Mati et al.

[177] and the GCMI1 surrogate, GCM2 surrogate and Pei surrogate [147] are validated against the experimental

values at the studied conditions as shown in Figure 2.21 ~ Figure 2.26. The initial gas fractions of these surrogates

are provided in Table 2.13 and the average chemical formula of the “real fuel” (diesel) is CissH3o [177]. The

chemical formulas of GCMI1 surrogate, GCM2 surrogate and Pei surrogate [147] are Cioe9H2062, Ci2 60Ho24 32,

Ci060H20 40 which are smaller than the real fuel, thus they require less O, concentration than the real fuel as shown

in Figure 2.21 ~ Figure 2.26. The molecules of H,, CO, CO,, CH,O (formaldehyde) are accurately described by

GCM2 surrogate, GCM1 surrogate comes second, and Pei surrogate [147] is the worst. For example, the GCM1

surrogate and GCM2 surrogate successfully predict the peak CO concentration at around 1120~1140K and the

sequential rapid oxidation at 1140~1400K under the fuel-lean condition of ©=0.5, Tresiden=0.1s as shown in Figure

2.21 (c). Under the fuel-rich condition of ¢=2.0, Tresiden=0.5s, the GCM1 surrogate and GCM2 surrogate forecast

the CO emission concentration rapidly increases at 840~960K while the rapid oxidation occurs at 870~1127K for

the real fuel. Both GCM surrogates successfully predict the CO, formation plateau at high temperature oxidation

regime of 1100~1400K because the oxygen concentration is insufficient to further oxidize CO into CO2 as shown

in Figure 2.26 (c). Correspondingly, the CO2 production curve exhibits a plateau at 1260~1400 which is accurately

reproduced by both GCM surogates. In addition, the alkanes species of CHs (methane), CoHg (ethane), alkenes

species of C2H4 (ethene), CSH10-1 (1-pentene), C6H12-1 (1-hexene), aromatic species of COHSCH3 (toleene),

C6H6 (benzene) are well represented under the studied conditions by both GCM surrogates. The concentrations

of C3H4-P, C3H4-A, IC4HS species have distinct deviations at 900-1200K for all the studied surrogates, but the

GCM2 surrogate obtains better accuracy than the rest surrogates. In summary, the species evolution predictive

accuracy of the studied surrogates ranks from high to low as: GCM2 surrogate > GCM1 surrogate > Pei surrogate

[147].
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Figure 2.21. Speciation in JSR of diesel (symbols) [177] and surrogates simulation (lines) at ¢=0.5,

Tini=500~1600K, Pini=latm, Tresiden=0.1s, V=39cm?, 0.03mol.% fuel diluted by nitrogen; solid line, dashed line
and dash-dotted line correspond to GCM1 surrogate, GCM2 surrogate and Pei surrogate [147].
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Figure 2.22. Speciation in JSR of diesel (symbols) [177] and surrogates simulation (lines) at ¢=1.0,
Tini=500~1600K, Pii=1atm, Tresigen=0.1s, V=39cm?, 0.03mol.% fuel diluted by nitrogen; solid line, dashed line
and dash-dotted line correspond to GCM1 surrogate, GCM2 surrogate and Pei surrogate [147].
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Figure 2.23. Speciation in JSR of diesel (symbols) [177] and surrogates simulation (lines) at @=1.5,
Tini=500~1600K, Pipi=1atm, Tresiden=0.1s, V=39cm?, 0.03mol.% fuel diluted by nitrogen; solid line, dashed line
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75



14B04 19802 — 30803 6403
@) ey - = - u2 ®) S\ e o2 © ® co @ e coz P
N FAY = . \ — 2 GCM1 — O GCMI SRE03 [ ©coz oMl 7
Rinall S —— 12 0O 25808 | ammns O GOMZ s COZ OCMR 7
i - — =00 C12-mXyl 51803 — w002 C12-mXyl -~
1oE0s | = 4.5B-08
i 20803 [
r,oms Fooifn ! !""“"
HI 15808 | 32803
ooros | Q ]
26803
~ 10803 |
40805 | ~ 1.98-03
Sl or 13803
20808 LN SoE-08
‘- N 6.4E-04
0.0B 00 0.0E 00 0.0E 00
L00 1000 1100 1200 1300 ®0O 00
Temoerature (K
2.0E-04 1.5E-04 4 6E-04 7406
© e cmzo o - . cna ® ®)
1L.8E-04 L —CH20 GEM 14B04 | — A GCM 41804 |- 67806
——CH20 GOM2 e €104 GOM2
16B04 L o4 | - 37E-04 | - 59B-06
—- = CHIO C12-mXyl 128 - -4 +Cl4 C12-mXyl . C2M4 C13- 0N
1AE04 11E04 32808 [ 5 52806
-
i. 2804 9.0E-08 2 RE-04 | -\ 44E-06 R
-
1.0B-04 !nnns iusm F N js.nms
-
$.08-05 6.0B-05 18804 | Now - ;:.oF,os .
N -
6.08-05 4.5B-05 14808 | N 22806 N
TR
4.0B-05 3.0B0% o2808 | * - 1.5E-06 .
4 >
2.0B-08 1.5B08 46805 [ 7T4E07
-
3
0.0E 00 0.0B 00 00 00 - 0.0 00 =
1 %00 1200 1300 1400 800 200 1000 1100 1200 1300 1400 %00 200 1000 1100 1200 1300 1400
E-05
24 12B-04 1 6E-05 21808
® @ . e ) . * cans [ * icas
21808 11804 T @mecan 1408 —— canz-1 GO 1cas aen
- C3M6 OCM2 . e CAMB-1 GOMZ 1803 — acne
Y -+ +CIMI C12-mXA 0.6E-08 — =C316 C12-mXyl 1 bl
18805 \ 12805 | of - = 4 SCAME-1 Cl2-mXyl -4+ ICAMS CI12-mXyl
\
\ 84E-05 S 1.5E-05
1.SE-05 '
72805
- £ 2808
12E-05 6.0B-08 '
©.08-06 4RE05 $ooros
36805
6.0 6.0E-06
2405
3 0E-06 3 0E-06
1.2B-08
0.0E 00 0.0E 00 00E 00
800 200 1000 1100 1200 1300 1400
- . & 800 1200 1300 1400 800 200 1000 1o 1200 1300 1400
| RE-05 3RE0S
e cano @ e cemaa @® e cens
34E05 !
csio-1 oMt 16805 121 ooat CMECID GG { OO
s CSHIG-1 OCM2 H
14805 = e CEM12-1 GOM2 1 8E-06 e e CEMECID GOM2 3.0B-05 i S
- e *ICAME C12-mXyl }
1 SE-06 2705 H
12B08 i
1 3E-06 2. 3B-08
1.0E-05 - i
11E-06 1.9B-05 H
! ROE-06 - {
R RE-07 F 1.5B-0S H
6.0E-06 66E07 H LIE0S H - *
06 H a3 il L4 N
4o 44E-07 H 76E06 ile
! -
20E-06 22807 | 3RE-06 -
00E 00 00E 00 0.0E 00
w00 200 1000 1100 1200 1300 1400 800 200 1000 1100 1200 1300 1400 800 200 1000 1100 1200 1300 1400 ® o000 1000 1100 1200 1300 1400
Tempernture (K) Tempernture (K) Temperature (K)

Temperatare ()
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Figure 2.25. Speciation in JSR of diesel [177] (symbols) and surrogates simulation (lines) at ¢=1.0,
Tini=500~1600K, Pini=10atm, Tresigen=0.5s, V=39cm?, 0.05mol.% fuel diluted by nitrogen; solid line, dashed line
and dash-dotted line correspond to GCM1 surrogate, GCM2 surrogate and Pei surrogate [147].
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Figure 2.26. Speciation in JSR of diesel (symbols) [177] and surrogates simulation (lines) at ¢=2.0,
Tini=500~1600K, Pini=10atm. ., Tresiden=0.5s, V=39cm?, 0.05mol.% fuel diluted by nitrogen; solid line, dashed line
and dash-dotted line correspond to GCM1 surrogate, GCM2 surrogate and Pei surrogate [147].

78



Table 2.13. Initial gas fraction of diesel surrogate (GCM1 surrogate, GCM2 surrogate and Pei surrogate [147]) for jet stirred reactor simulation at Tin;=500~1600K

(0] Pinic (atm)  Tresidents)  XFuel (M01.%)  Xo2 (mol.%, real diesel/GCM1/GCM2/Pei [147] surrogates) Xn2 (mol.%, real diesel/GCM1/GCM2/Pei [147] surrogate)

05 1.0 0.1 0.03 1.38/0.950576/1.120952/0.941856 98.59/99.019424/98.849048/99.028144
1.0 1.0 0.1 0.03 0.69/0.475288/0.560476/0.470928 99.28/99.494712/99.409524/99.499072
1.5 1.0 0.1 0.03 0.46/0.316859/0.373651/0.313952 99.51/99.653141/99.596349/99.656048
0.5 10 0.5 0.05 2.3/1.584294/1.868253/1.56976 97.65/98.365706/98.081747/98.38024
1.0 10 0.5 0.05 1.15/0.792147/0.934127/0.78488 98.8/99.157853/99.015873/99.16512
20 10 0.5 0.05 0.575/0.396073/0.467063/0.39244 99.375/99.553927/99.482937/99.55756
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2.3.4 FACE C gasoline
2.3.4.1 Surrogate formulation of FACE C gasoline

Fuels for Advanced Combustion Engines (FACE) are designed and certified by a subgroup of the Coordinating
Research Council’s (CRC’s) Advanced Vehicle, Fuel, and Lubricants Committee’s FACE Working Group. The
FACE objectives are to design, advocate a set of advanced research fuels and quantify the influence of fuel
physicochemical properties on the combustion and emission characteristics of advanced combustion modes [178,
179]. The designed FCAE diesel [82, 83] for compression ignition engines are toward advanced low temperature
combustion (LTC) mode including HCCI (homogeneous charge compression ignition), PPCI (partially premixed
compression ignition), CAI (controlled auto-ignition), etc. The designed FACE gasoline [84] for spark-ignition
engines are toward stoichiometric high-efficiency combustion. The FACE C gasoline contains 24.43 vol.% n-
paraffins, 69.73 vol.% iso-paraffins, 0.36 vol.% cyclo-paraffins, 3.92 vol.% aromatics, 1.27 vol.% olefins with
RON of 84.3, MON of 83, OS of 1.3. The species concentrations of FACE C gasoline are measured by gas
chromatography with flame ionization detectors (GC - FID) which are reported in CRC Report No. AVFL-24 [84].
n-Butane, n-heptane, 2-methylbutane, 2-methylhexane, 2,2,4-trimethylpentane , toluene are selected as surrogate
palette of GCM surrogate which represent n-paraffins, iso-paraffins, aromatics. The effects of olefins, cyclo-
paraffins are omitted by the GCM surrogate to avoid complex chemical kinetic model because the sum proportion
of'these compounds is only 1.63 vol.%. Based on the result of detialed hydrocarbon analysis, the major components
of the FACE C gasoline are decomposed into designed functional group fragments. The mole fractions of surrogate
components are determined by the GCM model as 15.54%n-butane-9.29%?2-methylbutane-0.41%?2-methylhexane-
4.8%toluene-15.36%n-heptane-54.60%2,2,4-trimethylpentane and the average chemcial formula is Ce 894H 15 404 as

shwon in Table 2.14.
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Table 2.14. FACE C surrogate compositions of GCM surrogate

FACE C surrogate  Fuel compositions, mol.% and mechanism source Species/Reactions Formula H/C ratio

GCM surrogate 15.54%n-butane-9.29%2-methylbutane-0.41%2-methylhexane-4.8%toluene-15.36%n-heptane- 2406/9633 CososHisa04  2.2344

54.60%2,2,4-trimethylpentane [167]
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2.3.4.2 Ignition delay times emulation

The measured ignition delay times of FACE C gasoline at ¢=0.5, 1.0, Tini=550~1250K, Pi=20bar, 40bar are
reported by Sarathy et al. [180]. Therein the low temperature and high temperature ignition delay times are
measured by RCM (400~1200K) and ST (800~2500K) based on their operating conditions [181]. The simulated
ignition delay times of the GCM surrogate are validated against the measured values [180] as shown in Figure
2.27. At ¢=0.5, Py,i=20bar, the GCM surrogate accurately reproduces the measured ignition delay times at low
temperature (570~770K)/intermediate temperature (770~850K)/high temperature (850~1250K) regimes. The
NTC behavior is also captured by the GCM surrogate at the intermediate temperature of 770~850K that the ignition
delay times increase with enhanced temperature. At ¢=1.0, Pi,=20bar, the GCM surrogate overestimates the
ignition delay times at 770~1050 and the measured curve demonstrates a plateau at 774~929K. The slope of NTC
behavior declines as increasing equivalence ratio and pressure [182, 183] which also supports by the GCM
surrogate. At ¢=0.5, Piy;=40bar, the GCM surrogate obtains a reasonable predictive accuracy at the full temperature
regime. It reveals that the NTC intensity decreases as increasing initial gas pressure and the ignition delay times
curve of ¢=0.5, Piy=40bar becomes flattered compared to that of ¢=0.5, Pii=20bar. At ¢=1.0, Pyz=40bar, the
GCM surrogate successfully emulates the ignition delay times at 570~730K and 910~1250K but overestimates the
fuel reactivity at an intermediate temperature regime of 730~910K. The NTC intensity weakens as increasing
temperature and thus the ignition delay times curve becomes flat as shown in Figure 2.27. The dependence of

equivalence ratio, pressure on the NTC behavior is accurately captured by GCM surrogate.
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Figure 2.27. Ignition delay times of FACE C gasoline-air mixture (symbols) [180] and surrogates simulation (lines)
at ¢=0.5/1.0, Tini=550~1250K, (a) Pini=20bar, (b) Pipz=40bar.
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2.3.4.3 Jet stirred reactor oxidation emulation

The FACE C gasoline oxidation in a JSR is studied at =0.5/1.0/2.0, Tini=500~1100K, Pini=1atm, Tresidgen=0.7s
by Chen et al. [184]. The measured mole fraction profiles of GACE C gasoline and the predicted profiles of GCM
surrogate are compared in Figure 2.28. The measured and predicted concentrations of major species (H.O, CO,
CO,, H,, CHa4, O,), C1-C2 oxygenated species (CH,O, CH;CHO, CH3;0H), C2-C4 olefins (C,Ha4, C3Hs, IC4Hs) at
¢=0.5, 1.0, 2.0 are plotted in Figure 2.29, Figure 2.30, Figure 2.31 respectively. The initial gas fractions of the
FACE C gasoline surrogate (GCM surrogate) at ¢=0.5, 1.0, 2.0 are presented in Table 2.15. The low temperature
oxidation reactivity enhances as decreasing equivalence ratio from 2.0 to 0.5 which is successfully reproduced by
GCM surrogate as shown in Figure 2.28. The GCM surrogate also well forecasts the fuel consumption at high
temperature regime of 750~1100K compared to the observed data. The GCM surrogate satisfactorily predicts the
major species of H20, CO, CO2, H2, CH4, O2 at the entire temperature regime (500~1100K). The H20, CO
profiles exhibit the low temperature oxidation at temperature of 575~750K and the high temperature oxidation
starts at around 800K, the bimodal profiles at fuel-lean, stoichiometric, fuel-rich conditions are well captured by
GCM surrogate. The oxygenate species of CH>O (formaldehyde), CH3CHO (acetaldehyde), CH3OH (methanol)
have two peaks corresponding to low and high temperature oxidation respectively. The first peak is caused by the
reaction of oxygen addition to alkyl radical at low temperature of 575~750K and the high temperature oxidation
dominates the second peak. The C-C bond B-scission of alkyl radical reaction is prevalent at high temperature

above 800K and produce significant amount of olefins of C,H4 (ethylene), C3Hs (propene), IC4Hs (iso-butene).
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Figure 2.28. Reactant profiles in JSR of FACE C gasolines (symbols) [184] and surrogates simulation (lines) at
Tini=500~1100K, Pini=1atm, Tresiden=0.7s, V=38cm?, 0.1mol.% fuel diluted by nitrogen; (a) ¢=0.5, (b) ¢=1.0, (c)
¢=2.0.
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Figure 2.29. Speciation in JSR of FACE C gasoline (symbols) [184] and surrogates simulation (lines) at ¢=0.5,
Tini=500~1100K, Pini=1atm, Tresigen=0.7s, V=38cm?, 0.1mol.% fuel diluted by nitrogen.

7003 32603 7080
@ ® HO = co © = coz ) " =
2803
60E03 | | —H20GCM cocem co26eMm 60ED — H2Gem
Phi Lo 2 E03 Phi 10 Phi Lo
5.0E-03 Phi 1o 50E0
20803
§ 003 5 § o0
£ Eree0n g
Saoe03 ] Ea0e0
12603
20803 2080
800
1003 0E0 1080
VATV -
008 00 00€ 00 008 00 00€ 00
5 70 e o0 1000 1100 5 G0 70 e o0 1000 1100 S0 60 7080 o0 100 1100 5 50 700 60 o0 10 1100
Temperature (<) Temperature K) Temperature (K) Temperature )
6350 12802 2. €0 se05
) = cH n = o2 © = cho )
n g
56e0 1 | e, pmEw 2160 0E05 L
—cH oem L = —oz26em —cHzoGem -
10802
%0 oni 10 . - Lero Bhi 10 35805 Phi 10
20E03
2E0 = 30E-05
1560
< SB0E0 5
23580 L] 2 225605
g 8 2 g
£ Eroe0s Zize0 g
§ 2860 2 F20E05
2 Zooeon 2
90E.05
2180 15605
s0E03
6005 Lozos
1 E0 0E-03
7 0E-05 3.0E-03 30805 - 50E-06
-
00€ 00 20803 00€ 00 00E 00
E a0 70 ew o0 100 1m0 E S0 7m0 sm e 100 1100 S0 60 70 E0 o0 1000 1100
500 600 T remperstore () 1000 1100 Temperature  K) Temperature (K) Temperature (K)
10805 50E0 3260 2080
o B CH30H 0 ®» CcH am ® = C3He . L)
9006 = Saco 1860
——CH30H GCM 00 —C2H GCem L] ——C3Hs GCM [ ]
80E06 = 1680
L] Phi 10 Phi 10 2. E0 Phi 10 -
70E05 10
OE0 =
2080
£ 60E06 < u < £1260
H H | £ H
£ s0e0 Za0e0 Eieeo E1oe0
g = 2 2 2
oE0s . 80E05
2060
30805 60E05
8005
20808 0£05
1080
£
10E-06 0805 20E-05
o =y . ™
00€ 00 00€ 00 00€ 00 008 00
S0 60 7m0 e o0 1000 1100 S0 60 70 e o0 1000 1100 S0 60 70 s o0 1000 1100 50 60 700 0 o0 100 1100
Temperature (9 Temperature K) Temperature (K) Temperature (9

Figure 2.30. Speciation in JSR of FACE C gasoline (symbols) [184] and surrogates simulation (lines) at ¢=1.0,
Tini=500~1100K, Pini=1atm, Tresigen=0.7s, V=38cm?, 0.1mol.% fuel diluted by nitrogen.
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Figure 2.31. Speciation in JSR of FACE C gasoline (symbols) [184] and surrogates simulation (lines) at ¢=2.0,
Tinie=500~1100K, Pini=1atm, Tresigen=0.7s, V=38cm?, 0.1mol.% fuel diluted by nitrogen.

Table 2.15. Initial gas fractions of FACE C gasoline surrogate (GCM surrogate) for JSR simulation at
Tini=500~1100K, Pjiy=1atm

¢

Fuel (0.1 mol %)

n-Butane

2-Methylbutane

2-Methylhexane

Toluene

n-Heptane

2,2,4-Trimethylpentane

(07}

N2

05

1.0

2.0

0.015539974

0.015539974

0.015539974

0.00929003

0.00929003

0.00929003

0.000409959

0.000409959

0.000409959

0.004800001

0.004800001

0.004800001

0.015360028

0.015360028

0.015360028

0.054600008

0.054600008

0.054600008

2.149

1.0745

0.53725

97.751

98.8255

99.36275
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2.4 Conclusion

This work proposes a novel group contribution method (GCM) for surrogate formulation and the core idea is to

minimize the difference of functional group fragments between the target fuel and surrogate fuel. It is based on the

assumption that the fuel molecular structure determines the fuel physicochemical properties, thus the fuels with

similar structures have similar properties. A GCM-UOB 1.0 functional group classification system containing 22

structural fragments is established to decompose the fuel molecules into functional group fragments. The GCM

based surrogate formulation contains 7 steps: (1) Identify the target fuel and its detailed composition. (2) Select

the surrogate palette to represent the major chemical classes of the target fuel. (3) Decompose the fuel molecules

into typical functional group fragments for both target fuel and surrogate fuel. (4) Run the GCM regression model

to minimize the difference of functional group fragments between target fuel and surrogate fuel. (5) Examine the

surrogate fuel properties and validate against the target fuel. (6) Evaluate if the surrogate properties meet the

requirement. (7) Finalize and output the surrogate formulation result.

GCM surrogate formulation applies to POSF 4658 aviation fuel, RME biodiesel, Diesel, FACE C gasoline as

case studies. A satisfactory agreement on ignition delay times, species evolution, laminar flame speed, liquid

density, sound speed, kinematic viscosity between the target fuel and surrogate fuel. The success of GCM surrogate

formulation is attributed to the following reasons: (1) The reasonable GCM hypothesis that the fuel

physicochemical properties are the sum result of the fuel molecular structure and functional groups. (2) The GCM

surrogate formulation simplifies the aligned parameters from complex physicochemical properties to functional

group fragments of fuel molecules. (3) The GCM-UOB 1.0 system considers the functional group interaction (by

functional group identifier, functional group position descriptor) and the contribution to fuel reactivity (fuel

reactivity descriptor). The GCM provides an efficient and reliable tool to determine the compositional proportions

for surrogate formulation.
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Chapter 3 Machine Learning Regression Quantitative Structure-
Property Relationship (ML-QSPR) for Cetane and Octane
Numbers Prediction of Pure Fuel Compounds and Mixtures

3.1 Introduction

Ignition quality is an important property of fuel molecules for property-oriented fuel screening and cetane
number (CN) [185], derived cetane number (DCN) [186, 187], indicated cetane number (ICN) [188], research
octane number (RON) [189], motor octane number (MON) [190] are the commonly used measurements. The scope
of these indexes are different. CN, DCN and ICN are used to describe the ignition quality of diesel fuel oils or
diesel-like fuels with high autoignition propensity while RON, MON depict the ignition quality of spark-ignition
engine fuels or gasoline-like fuel with high anti-knock property. Especially, the CN, RON, MON are measured by
CFR (Cooperative Fuel Research) engine test while the DCN and ICN are determined by constant volume chamber.
The apparatus, calibrated range, sample consumption, test time of these ASTM fuel ignition quality test standards
are compared in Table 3.1. There are some challenges in determining the fuel ignition quality by combustion
experiments (CFR engine test or combustion vessel test) which are summarized below: (1) It is difficult to
simultaneously determine the CN, ROM, MON by CFR engine test because the CN loosely negatively correlates
with RON/MON [157, 191, 192] and the calibrated ranges of ASTM standards are limited (see Table 3.1). In other
words, those fuel molecules are suited to be characterized by CN/DCN are usually not adapted to RON/MON
scale. For example, the dibutyl ether (CAS No.: 142-96-1) is prone to autoignition with DCN of 115.4 [193] but
its RON/MON cannot determine by the CFR engine test because of the extremely high reactivity. Similarly, the
toluene has good knock resistance with RON of 120 but its CN cannot be measured by CFR engine test or constant
volume chamber test. For comparison, it is good to place molecules on the unified ignition quality scale either CN
or RON/MON. (2) 500mL fuel sample is required to determine the CN/RON/MON by CFR engine test and this

quantity is hard to prepare for the new fuels due to technical difficulty and cost. The DCN (100 mL or 370 mL)
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and ICN (40 mL) determination by combustion chamber consume fewer sample quantity but it is not cost-effective

to conduct large-scale studies during the preliminary stage of fuel screening. For example, polyoxymethylene

dimethyl ether 3 (PODE3, CAS No.: 13353-03-2) is a promising carbon-neutral fuel for CI engine, but there are

incredibly high price ($32/1g) and limited stocks in AmBeed [194]. It is unreasonable and unrealistic to perform

a large-scale experimental screening for the emerging fuels at the early stage of fuel screening due to the cost and

sample availability. (3) The CFR engine test (40 min per sample) and combustion vessel test (25~30 min per

sample) are time-consuming and large-scale experimental fuel screening on emerging fuels from biomass or waste

plastics is not realistic. Some solutions are proposed to address the above challenges which are summarized as

follow: (1) Unify the CN and RON/MON scales using conversion formulas as shown in Table 3.2. But their scopes

are limited to typical hydrocarbons and the predictive accuracy is modest, so they cannot satisfy the requirement

of large-scale fuel screening. (2) Model-based ignition quality predictive method. According to the feature

extraction method, the CN/RON/MON predictive models can be divided as: (i) GCM (group contribution method),

(i) QSPR (quantitative structure-property relationship), (iii) Simulated IDT (ignition delay time), (iv) Measured

chemical compositions information such as LC (liquid chromatography) & GC-MS (gas chromatography-mass

spectrometry), H NMR (nuclear magnetic resonance) spectroscopy, FTIR spectra as summarized in Table 3.3.

GCM is proposed by Benson et al. [195-197] to estimate the thermodynamic properties and rate parameters of

pure compounds which belongs to an empirical method. GCM is based on the group additivity principle that a

molecule is decomposed into typical functional groups (building blocks) and the fuel property is a sim of the

contributions from these structural fragments [29]. It applies to any possible combination of the present functional

groups but the relevant contributions (weights) are empirical [198] and the model performance heavily relies on

the studied compounds [199]. QSPR theory assumes that similar chemical structure results in similar properties

and the macroscopic properties change reflects the molecular structure variation [29, 200]. The object of QSPR is

to relate the macroscopic property and molecular structure features (encoded by molecular descriptors) by
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mathematical regression model as shown in Eq. (1.1) [29, 201]. The molecular descriptors to characterize the

chemical structure of components are divided into 4 categories [29, 200]: (1) Constitutional descriptors which

represent the occurrence of typical atom types, bonds, functional groups of molecules based on the 1D chemical

formula or 2D chemical structure. (2) Topological descriptors which use vertices and edges to describe typical

atoms and bonds based on the 2D molecular structure. (3) Geometric descriptors which depict the interatomic

distances, angles, dihedral angles, molecular volume and surface areca based on 3D molecular structure. (4)

Quantum chemical descriptors which sketch electronic features, vibrational frequency levels, reactivity indices,

orbital energies based on 3D chemical structure. A wide variety of mathematical tools can be used to build the

regression models such as artificial neural network (ANN), genetic algorithm (GA), multilinear regression (MLR),

non-linear regression (NLR), partial least squares (PLS) and machine learning (ML) algorithms [52] (linear

regression, regression trees, support learning machines, Gaussian process regression, ensembles of trees) [29, 199].

The simulated IDT method is used to correlate the simulated IDT with RON/MON while the IDT is computed by

a detailed chemical kinetic mechanism. This method has been validated against the fuel types of alkanes, alkenes,

cycloalkane, aromatics, alcohols, ketones, esters, acids, furans, TPRF mixtures but limited number of compounds

are involved. In addition, the detail chemical kinetic mechanism must be available for the studied compounds of

interest. Measured chemical compositions information method uses LC, GC-MS, NMR, FTIR to reflect the

information of molecules and atoms types which used as the regression model input.

This work proposes a machine learning quantitative structure-property relationship (ML-QSPR) method to

predict the ignition quality (CN/RON/MON) of pure compounds and mixtures. A novel constitutional molecular

descriptor of QSPR-UOB 3.0 is developed to extract the structural features and transforms them into the fuel

molecular structural matrix. A fuel ignition quality data containing 869 pure compounds and 432 mixtures is

established to prepare the fuel property matrix and train the regression model. ML algorithm is employed to build

the regression model to connect the fuel molecular structure matrix and fuel property matrix. The model predictive
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performance is examined by 10-fold cross validation and prevent over-fitting.

Table 3.1. Comparison of ASTM fuel ignition quality test standards

Parameters  Standard Apparatus Calibrated range ~ Vol. (mL/sample)  Test time (min/sample)  Ref.

CN ASTM D613 CFR engine  30~65 500 40 [185]
DCN ASTM D6890 CVV 31.5~75.1 100 20 [186]
DCN ASTM D7668 CVV 30~70 370 30 [187]
ICN ASTM D8183 CVV 35~85 40 25 [188]
RON ASTM D2699  CFRengine  40~120.3 500 40 [189]
MON ASTM D2700  CFR engine  40~120 500 40 [190]
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Table 3.2. Conversion formula between cetane and octane numbers

No. Formula, R-square Institute Validation scope Ref.
1 CN=56-0.39xRON, 0.87 NREL Hydrocarbons and oxygenates [193]
2 CN=68.54-0.59xRON, 0.93 (general expression) SwRI 66 gasoline samples, MON: 75~ 94, CN: 24~71 [202]

CN=67.49-0.59%RON, 0.94 (high OS fuel)

CN=68.51-0.59xRON, 0.92 (low OS fuel)

CN=60.96-0.56xMON, 0.82 (general expression)

CN=64.21-0.61xMON, 0.893 (high OS fuel)

CN=67.86-0.63xMON, 0.903 (low OS fuel)
3 CN=54.633-0.4208xRON, 0.9799 Shell Global Solutions n-Heptane-iso-octane mxitures, n-heptane-toluene mxitures [203]
4 ON=125-1.96xCN, 0.99 University of Wisconsin-Madison secondary reference fuels T and U mixtures, CN: 19.4~75.2 [204]
5 ON=146-3.7xCN+0.08946xCN2-0.001263xCN? SwRI PRF mixtures [205]
6 CN=(120-RON)/2 Toyota Central R&D Labs., Inc. Diesel fuel samples [206]
7 CN=60-0.5xMON Umweltbundesamt Hydrocarbons and gasoline stocks [207]
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Table 3.3. Overview of CN and ON forecasting approaches

Objective Feature Regression ~ Model inputs Optimal RMSE Dataset Scope Ref.
extraction model R?
method

CN/RON/MON GCM ANN 38 functional groups 0.90 N/A 449 Alkanes, alkenes, alkynes, cycloalkanes, [208,
cycloalkenes, aromatics, alcohols, 209]
aldehydes/ketones, ethers, esters, acids, furans

CN GCM IQT ignition 13 functional groups, IQT ignition 0.98 8.75 162 As above [157]

delay model  delay, vapor pressure

CN GCM LRM 13C NMR spectroscopy and 7 group 0.64 N/A 127 34 pure alkanes, 93 hydrocarbon mixtures [210]

descriptors

CN GCM BP-NN 4 functional groups and boiling point 0.97 N/A 141 iso-Paraffins and diesel fuels [211]

for isoparaffins

CN QSPR SVM 28 functional groups 0.934 6.3 229 Hydrocarbons, alcohols, esters [212]

CN QSPR GA 150 molecular descriptors 0.978 N/A 147 Alkanes, alkenes, cycloalkanes, aromatics [213]

CN QSPR ASM 9 topological indices and 5 carbon- 0.93 N/A 110 Alkanes, alkenes, cycloalkanes, aromatics [214]

chain related descriptors

CN QSPR ABFIS 4 evaporation relevant descriptors and 0.986 3.38 496 204 hydrocarbons and 292 oxygenates, no [215]

6 combustion relevant descriptors further detail available
CN QSPR ANN & 15 QSPR descriptors 0.963. 7.94 N/A Alkanes, alkenes, alkynes, cycloalkanes, [216]
ReLU aromatics, alcohols, aldehydes/ketones, ethers,
esters

CN QSPR ANN 10 molecular descriptors 0.934 N/A 349 Alkanes, alkenes, aromatics, alcohols, esters, [217]
others (3 ketones, 1 aldehyde, 8 ethers and 4
acids)

CN QSPR ANN 15 molecular descriptors N/A 9.1 284 Alkanes, alkenes, alkynes, cycloalkanes, [218]
cycloalkenes, aromatics, alcohols,
aldehydes/ketones, ethers, esters, acids, furans

CN QSPR Regression 2D TI 0.99998 N/A 71 Alkanes, cycloalkanes [219]

equations

CN LC & GC-MS  General 12 hydrocarbon groups 0.97 N/A 69 Alkanes, cycloalkanes, aromatics [220]

regression
NN

CN H NMR MLR H NMR spectroscopy 0.95 N/A 125 Alkanes, alkenes, alkynes, cycloalkanes, [156]

spectroscopy aromatics, hydrocarbon mixtures

RON/MON QSPR SVM Molecular descriptors: 12 for RON, 23 0.92 N/A 552 279 for RON, 273 for MON, alkanes, alkenes, [221]

for MON

alkynes, cycloalkanes, cycloalkenes, aromatics,
alcohols, esters, furans
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Molecular mass, hydration energy,
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RON: constant volume IDT at 750K,
25bar
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N/A
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25

251

34

Alkanes, cycloalkanes

Heptane isomers, octane isomers
46 samples of alkanes, 32
cycloalkanes

Alkanes, alkenes, cycloalkane, aromatics,
alcohols, ketones, esters, acids, furans
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Alkanes, alkenes, aromatics and their mixtures

TPRF mixtures

128 pure hydrocarbons: alkanes, alkenes,
cycloalkanes, cycloalkenes, aromatics; 123
hydrocarbon blends: n-heptane, iso-octane
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Alkanes, alkenes, cycloalkanes, aromatics

[222]

[223]
[224]
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[228]

[229]
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3.2 Modeling approach
3.2.1. Methodological overview

ML-QSPR models are developed to predict the CN, RON, MON simultaneously from the molecular structure
which provides an insightful understanding of the impact of molecular structure on the ignition quality. A QSPR-
UOB 2.0 functional group classification system is proposed to decompose the fuel molecule into component
fragments and transform them into a fuel molecular structure matrix. Fuel ignition quality database containing 869
pure compounds and 432 mixtures is established to provide the fuel property matrix and train the regression model.
Fuel molecular structure matrix and fuel property matrix are mapped by 19 ML algorithms. 10-fold cross validation
is implemented to examine the predictive accuracy and choose the best model with minimum RMSE.
3.2.2. Fuel ignition quality database development

Fuel ignition quality database is established to store the CN/RON/MON data and fuel molecular structure matrix
of 869 pure compounds and 432 mixtures. The CN/RON/MON properties are mainly obtained from Co-
Optimization of Fuels & Engines: Fuel Properties Database [230] and Los Alamos National Laboratory Report No.
LA-UR-16-25529 [208, 209]. Another major data source of CN is the Compendium of Experimental Cetane
Numbers [193] and the RON/MON is provided by API Data Book [231] and American Petroleum Institute
Research Project 45 [232]. The detailed data sources are summarized in Table 3.4 and the fuel ignition quality

database contains 603, 374, 371 data of CN, RON, MON respectively as shown in Table 3.5.
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Table 3.4. The data source of measured CN/RON/MON for pure compounds and fuel mixtures

Items Fuel type Institute Ref.
CN/RON/MON  Alkanes, alkenes, alkynes, cycloalkanes, cycloalkenes, aromatics, alcohols, aldehydes/ketones, ethers, esters, acids, furans NREL [230]
CN/RON/MON  Alkanes, alkenes, alkynes, cycloalkanes, cycloalkenes, aromatics, alcohols, aldehydes/ketones, ethers, esters, acids, furans LANL [208, 209
CN Alkanes, alkenes, alkynes, cycloalkanes, cycloalkenes, aromatics, alcohols, aldehydes/ketones, ethers, esters, acids, furans NREL [193]
CN Alkanes, alkenes, alkynes, cycloalkanes, cycloalkenes, aromatics, alcohols, aldehydes/ketones, ethers, esters, acids, furans RWTH Aachen University  [157]
CN Alkanes, alkenes, alkynes, cycloalkanes, aromatics, hydrocarbon mixtures KAUST [156]
CN Alkanes, cycloalkanes RAS [233]
CN Alkanes, cycloalkanes, aromatics Hokkaido University [234]
CN Alkanes, aromatics, hydrocarbon mixtures usC [235]
CN Cycloalkanes, n-heptane-cycloalkane mixtures usC [236]
CN Hydrocarbon mixtures Princeton University, [155]
CN Hydrocarbon mixtures Stanford University [237]
RON/MON Alkanes, alkenes, alkynes, cycloalkanes, cycloalkenes, aromatics, alcohols, aldehydes/ketones, ethers, esters, acids, furans AIChE [231]
RON/MON Alkanes, alkenes, alkynes, cycloalkanes, aromatics ASTM [232]
RON/MON TPRF mixtures Saudi Aramco [238]
RON/MON TPRF mixtures University of Cambridge [239]
RON/MON TPRF mixtures Saudi Aramco [227]
RON/MON TPRF mixtures KAUST [240]
RON/MON TPRF-ethanol mixtures University of Melbourne [241]
RON/MON Hydrocarbon mixtures KAUST [226]
RON/MON Hydrocarbon-ethanol mixtures LLNL [225]
RON/MON Alkanes, alkenes, cycloalkanes, cycloalkenes, aromatics, ethanol and their mixtures KAUST [228]
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Table 3.5. Number of compounds of different chemical classes in the ignition quality database for model training

Number of compounds (measured data)

Compound class CN RON MON
Alkanes 74 46 46
Alkenes 35 70 72
Alkynes 0 4 2
Naphthenes 52 40 35
Aromatics 56 35 37
Total oxygenates 266 24 23
Alcohols 52 13 12
Aldehydes/Ketones 19 2 2
Saturated esters 66 3 3
Unsaturated esters 19 N/A N/A
Ethers 66 6 6
Carboxylic acids 5 N/A N/A
Polyfunctionals 39 N/A N/A
Fuel mixtures 120 156 156
Total 603 375 371
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3.2.3. Structural features extraction by QSPR-UOB 2.0

QSPR-UOB 2.0 functional group classification system is used to decompose fuel molecules into component
fragments and transform structural features into a fuel molecular structure matrix. The fuel molecular structure
matrix contains 32 columns, # rows and each fuel molecule corresponds to 1 row. Each column in a row represents
the occurrence of the corresponding functional group in QSPR-UOB 2.0. The QSPR-UOB 2.0 system upgrades
from the GCM 1.0 system of Chapter 1 which complements aromatic bond at position 1~9 and unbranched
aromatic bond (functional group type 1.1~1.10 in Figure 3.1) to describe the aromatics with one benzene ring, two
fused benzene rings (naphthyl group), three fused benzene rings. Similar to the GCM 1.0 system, the QSPR-UOB
2.0 system composes of 13 functional group identifiers, 18 functional group position descriptors and 6 fuel
reactivity descriptors as shown in Figure 3.1. The roles of the functional group identifiers, functional group position

descriptors and fuel reactivity descriptors have been discussed in section 2.2.1.

FUNCTIONAL GROUP CLASSIFICATION SYSTEM
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Figure 3.1. QSPR-UOB 2.0 for structural features extraction. The functional groups are listed on the left, and an

example of each functional group is circled in the molecular structure on the right.

97



3.2.4 Training and validation of ML regression model

The fuel molecular structure matrix and fuel property matrix are prepared by UOB-QSPR 2.0 system and fuel

ignition quality database and then correlated by 19 ML algorithms as shown in Figure 3.2. Five regression model

types of linear regression, regression trees, support vector machines, Gaussian process regression, ensemble trees

are included which possess different model interpretability and flexibility as shown in Table 3.6. 10-fold cross

validation is adopted to examine the predictive accuracy of 19 ML regression models and use RMSE as criteria to

choose the best model. The cross validation scheme can not only examine the model performance to predict new

data but also protect against over-fitting especially for the flexible models. Advanced model training option can

be adjusted in the MATLAB regression learner APP to further improve the predictive accuracy [52].
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Figure 3.2. Flow chart of the CN/RON/MON prediction by coupling QSPR and ML regression model.
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Table 3.6. 19 ML algorithms used to train the regression model [242]

Regression algorithm Type Interpretability  Model Flexibility
Linear regression (DLinear Easy Very low
@Interactions linear Easy Medium
(®Robust linear Easy Very low. Less sensitive to outliers, but can be slow to train.
@Stepwise linear Easy Medium
Regression trees ®Fine tree Easy High. Many small leaves for a highly flexible response function (Minimum leaf size is 4.)
®Medium tree Easy Medium. Medium-sized leaves for a less flexible response function (Minimum leaf size is 12.)
(@Coarse tree Easy Low. Few large leaves for a coarse response function (Minimum leaf size is 36.)
Support vector machines (& Linear SVM Easy Low
(©Quadratic SVM Hard Medium
0Cubic SVM Hard Medium
(DFine Gaussian SVM  Hard High. Allows rapid variations in the response function. Kernel scale is set to sqrt(P)/4, where P is the number
of predictors.
(2Medium  Gaussian Hard Medium. Gives a less flexible response function. Kernel scale is set to sqrt(P).
SVM
13)Coarse Gaussian Hard Low. Gives a rigid response function. Kernel scale is set to sqrt(P)*4.
SVM
Gaussian process (4)Rational quadratic Hard Automatic
regression (15Squared exponential ~ Hard Automatic
(i6Matern 5/2 Hard Automatic
(7)Exponential Hard Automatic
Ensembles of trees (8Boosted trees Hard Medium to high. Least-squares boosting with regression tree learners.
(19Bagged trees Hard High. Bootstrap aggregating or bagging, with regression tree learners.
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3.3 Results and discussion
3.3.1 Predictive accuracy of CN/RON/MON

The R? of CN, RON, MON between measured and predicted values are shown in Figure 3.3 and the left column
and right column are the model performances trained by the pure compound dataset and pure compound & mixture
dataset. The functions and parameters of these 6 models are presented in Table 3.7. The models trained by pre
compound & mixture dataset outperform those trained by the pure compound dataset and their R & RMSE of CN.
RON, MON reach 0.9911 & 2.526, 0.9874 & 2.454, 0.9731 & 2.765 as shown in Table 3.8. Based on the ML
theory of the bigger the data the better the model, the full dataset contains additional 120, 156, 156 samples of CN,
RON, MON than the pure compound dataset. These mixture samples facilitate the model training by refining the
contribution of the functional groups in QSPR-UOB 2.0 on the ignition quality. The models trained by pure
compounds & mixtures dataset are adopted in the following sections unless otherwise specifies in the following
context. The subgroup R? of ML-QSPR models for CN/RON/MON prediction is compared with various published
methods as shown in Table 3.9. The ML-QSPR models obtain the best overall as well as subgroup predictive
accuracy among these models. The GCM model proposed by Kubic et al. [208, 209] achieves R? of 0.90, 0.93,
0.91 for CN, RON, MON and their RMSE data are not available, but it is reasonable to infer that their RMSE are
greater than the current ML-QSPR models.

The predictive residuals of typical compound groups (left column) and within specified ranges (right column)
for CN, RON, MON are presented in Figure 3.4. The left column intends to examine the model predictive accuracy
for different chemical families while the right column aims at exploring the model forecasting accuracy for various
ranges. The box and whisker chart have the greatest maximum & minimum residuals for CN, RON, MON of 6.91
& -6.65 (contributed by alkanes), 5.42 & -18.85 (contributed by alkynes), 4.24 & -6.32 (contributed by alkanes)
as shown in Figure 3.4 (a), Figure 3.4 (b), Figure 3.4 (¢). The large RON predictive residuals of alkynes are caused

by the insufficient samples (4 compounds) as shown in Table 3.5. The minimum and maximum RON predicted
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residual of other compound groups are within the range of -6.65~6.91 as shown in Figure 3.4 (b) and it indicates

that the ML-QSPR models enable accurate forecasting for different chemical classes. If more experimental data

are available for typical compound groups, it would enhance the model interpolation and extrapolation capability

and reduce the predictive residual. The predictive residuals at the range of -20~-10 (two samples, propane and 3,3-

dimethylpentane) for CN are abnormally high as shown in Figure 3.4 (d). The outliers may contain measurement

uncertainty in addition to predictive error, thus repeatability and reproducibility tests are needed for these

compounds. For example, the CN of propane (-20) reported in the Compendium of Experimental Cetane Numbers

[193] are collected from ref. [243] which is computed by the Ab initio molecular orbital calculations. It combines

both Hartree—Fock density functional theory (HF—DFT) method and the 6-311G(p,d) basis set but it should be

further verified by the experimental test [243].
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Figure 3.4. Predictive residuals of typical compound groups and within specified ranges for (a), (d) CN; (b), (e)
RON; (c), (f) MON.

103



Table 3.7. Functions and parameters of the ML regression models

Property  Training compounds (No.) MATLAB module Algorithm  Kernel function = Basic function ~ Optimizer Nonlinear programming solver
CN Pure compounds (483) Regression learner ~ GPR Exponential Linear Quasinewton  Active-Set method
Pure compounds & Mixtures (603) Regression learner ~ GPR Exponential Constant Quasinewton  Active-Set method
RON Pure compounds (217) Regression learner ~ GPR Exponential Constant Quasinewton  Active-Set method
Pure compounds & Mixtures (373) Regression learner ~ GPR Exponential Constant Quasinewton  Active-Set method
MON Pure compounds (215) Regression learner ~ GPR Matern 5/2 Constant Quasinewton  Active-Set method
Pure compounds & Mixtures (371) Regression learner GPR Matern 5/2 Constant Quasinewton  Active-Set method

Table 3.8. Statistical analysis of predictive performance for the machine learning regression models

Property Training dataset R? MAE RMSE
CN Pure compounds (483) 0.9816 1.891 3.580
Pure compounds & Mixtures (603) 0.9911 1.460 2.526
RON Pure compounds (217) 0.9151 4.543 6.795
Pure compounds & Mixtures (373) 0.9874 1.386 2.454
MON Pure compounds (215) 0.7307 6.500 9.922
Pure compounds & Mixtures (371) 0.9731 1.567 2.765
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Table 3.9. Comparison of correlation coefficients of different compound groups between the current study and published methods

R? CN RON MON
Compound class Current Saldana et al. Kubic et al. DeFries et al. Dahmen et al. Current Kubic et al. Albahri Current Kubic et al. Albahri
[212] [208, 209] [210] [157] [208, 209] [244] [208, 209] [244]
Paraffins 0.9866 N/A 0.91 0.73 0.53 0.9902 0.94 0.86 0.9765 0.95 0.87
Olefins and alkynes  0.992 N/A 0.90 N/A -0.48 0.9279  0.90 0.53 0.8839  0.65 -1.55
Naphthenes 0.9599 N/A 0.81 N/A 0.25 0.9839 0.85 0.75 0.9504 0.89 -0.40
Aromatics 0.9946 N/A 0.87 0.44 0.58 0.9896 0.76 -3.28 09722 N/A N/A
Oxygenates 0.993 N/A 0.85 N/A 0.41 0.9821 0.62 N/A 0.9767  0.56 N/A
Alcohol 0.9977 N/A N/A N/A N/A 0.9945 N/A N/A 0.9433 N/A N/A
Aldehydes/Ketones 0.9973  N/A N/A N/A N/A 1 N/A N/A 1 N/A N/A
Saturated esters 0.9956 N/A N/A N/A N/A 0.9977 N/A N/A 0.9991 N/A N/A
Unsaturated esters  0.9881 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
Ethers 0.9905 N/A N/A N/A N/A 09414 N/A N/A 0.9943 N/A N/A
Carboxylic acids 0.9996 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
Polyfunctionals 0.9937 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
Fuel mixtures 0.98 N/A N/A N/A N/A 0.9982 N/A N/A 0.9908 N/A N/A
Overall 09911 0.934 0.90 0.64 0.53 0.9874 0.93 0.55 09731 0.91 -1.16
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3.3.2 Method application: characterizing the impact of fuel molecular structure on the
ignition quality

This section displays the functionality of characterizing the impact of molecular structure on the ignition quality
for alkanes (section 3.3.2.2), alkenes (section 3.3.2.3), naphthenes (section 3.3.2.4), aromatics (section 3.3.2.5),
alcohols (section 3.3.2.6), esters (section 3.3.2.7). The ignition quality comparison of aldehyde, n-alkane, alcohol,
ether, alkene, ketone, ester is showcased in section 3.3.2.1. Unless otherwise specified, RON is chosen as ignition
quality evaluation index for the C1~C11 molecules because they have good ani-autoignition propensity and the
measured RON rather than measured CN. If the studied compounds contain 12 carbon atoms or greater, CN would
be used to evaluate the ignition quality because these molecules are prone to autoignition and their measured CN
are usually available compared to RON.
3.3.2.1 Comparison of ignition quality for different fuel types

Current ML-QSPR models provide an efficient way to compare the ignition quality of multiple fuel types when
rare experimental data is available. A case study is conducted to investigate the ignition quality of aldehyde
(pentanal), n-alkane (n-pentane), alcohol (1-pentanol), ether (methyl butyl ether), alkene (cis 2-pentene), ketone
(2-pentanone), ester (methyl butanoate) with 5 carbon atoms as shown in Figure 3.5. Since the carbon chain lengths
of these fuel molecules are relatively short and they are less prone to occur autoignition, thus RON is used as an
ignition quality indicator. The RON of these fuels orders from lowest to highest as: pentanal<n-pentane<l-
pentanol<methyl butyl ether<cis 2-pentene<2-pentanone<methyl butanoate. Therein, the measured RON of
pentanal, methyl butyl ether, cis 2-pentene, 2-pentanone, methyl butanoate have not been reported in the literature
and this work successfully overcome this dilemma and it is extremely important for the fuel screening. The results
in Figure 3.5 also indicate that hydrothy group, ether group, carbon-carbon double bond, ketone group, and ester
group can boost the RON compared to the equivalent n-alkane with 5 carbon atoms. On the contrary, the aldehyde

group slightly decreases the RON compared to the C5 n-alkane. But the major influence factors of ignition quality
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are the carbon atom number (carbon chain length for hydrocarbons) and branching degree of the fuel molecules.

By this ML-QSPR model, the users can easily obtain the ignition quality information of the interested fuel

molecules since the functional group interaction has been considered by the Gaussian process regression model.
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Figure 3.5. RON of different fuel types with 5 carbon atoms, numbers with red frames and red backgrounds are

measured values and predictive values.
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3.3.2.2 Impact of alkanes structural features on ignition quality

The RON of C1~C8 n-alkanes and corresponding isomers are predicted by the ML-QSPR model and the C4,

C5, C6, C7 and C8 alkanes have 2, 3, 5, 9, 18 isomers respectively as shown in Figure 3.6. It indicates that the

proposed ML-QSPR model enables to study the impact of molecular structure variation (increasing carbon chain

length, molecular centralization, methyl group addition, etc.) on the ignitability property. There are four ways to

increases the RON of fuel molecules by modifying the molecular structure: (1) Shorten the carbon chain length or

reduce the number of carbon atoms to increases RON. For example, the measured RON of n-heptane, n-hexane,

n-pentane, n-butane, propane, ethane increase as 0, 29, 61.8, 94, 111, 114.9 and the predicted values can accurately

reproduce this tendency. The predicted RON of n-octane increases slightly to 8.53 but the true value should be

negative. iso-Octane and n-heptane are the primary reference fuels of the RON rating which corresponds to 100

and 0 respectively [189]. The n-octane (CN=64.4 ) is more reactive than n-heptane (CN=56) based on their CN

rating [193], thus the RON of n-octane should be lower than that of n-heptane (RON=0). More measured RON

data for those molecules with 8 carbon atoms or greater are needed to improve predictive accuracy. (2) Adding

methyl group into fuel molecule would either increases or decreases RON, thus concrete analysis should be made

according to concrete circumstance. For example, adding methyl group into 2-methylbutane (measured RON: 93)

at position 2 and position 3 produce 2,2-dimethylbutane (measured RON: 91.8) and 2,3-dimethylbutane (measured

RON: 104.3). (3) Increasing the branching degree or the number of side-chain can improve the RON at a given

carbon atom number. For example, the predicted RON of n-octane, 2-methylheptan, 2,3-dimethylhexane, 2,3,4-

trimethylpentane, 2,2,3,3-tetramethylbutane increases as 8.53, 21.83, 68.56, 103.27, 118.54 as shown in Figure

3.54. (4) Moving the side chain toward the center of the fuel molecule can increase the RON. For example, the

predicted RON of n-octane, 2-methylheptane, 3-methylheptane, 4-methylheptane, 3-ethylhexane, 3,3-

dimethylhexane increases as 8.53, 21.83, 27.06, 31.6, 31.6, 62.26 as shown in Figure 3.7.
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3.3.2.3 Impact of alkenes structural features on ignition quality

Alkenes are the main components of gasoline up to 10 vol.% which is a good component to increases octane
p g p g p

level [245, 246]. It results in deposit formation in injector and combustion chamber and increases reactive

hydrocarbons and toxic compounds emissions, thus the gasoline regulation constrains the maximum allowed olefin

content. Appropriate design of the alkenes can increase the gasoline anti-knock performance [115, 247]. The

measured and predicted RON of C2~C11 straight-chain alkenes are shown in Figure 3.8 and the results are

summarized below: (1) The RON decreasing slope of 1-alkenes is smaller than that of alkanes. The RON of C2~C3

1-alkenes are smaller than counterpart n-alkanes. The RON of 1-alkenes are greater than corresponding n-alkanes

as the number of carbon atoms is equal to or greater than 4. Thus, replacing n-alkanes with counterpart 1-alkenes

in the gasoline can boost the anti-knock property, For example, the predicted RON of 1-butene, 1-pentene, 1-

hexene, 1-heptene are 6.09, 28.17,47.22, 52.26 greater than the counterpart n-alkanes which accurately reproduces

the observed values. (2) The RON of straight-chain alkenes increases as the carbon-carbon double bond moving

to the molecular center. For example, the predicted RON of 1-undecene, 2-undecene, 3-undecene, 4-undecene, 5-

undecene increase as 26.88, 27.97, 28.28, 30.6, 34.84 as shown in Figure 3.8.

The measured and predicted RON of C4~C8 branched chain alkenes are shown in Figure 3.9. Carbon-carbon

double bond centralization would increase or decrease the RON compared to the counterpart alkanes. For example,

the predicted RON of 2,4,4-trimethyl-1-pentene and 2,4,4-trimethyl-2-pentene are 105.73 and 99.46 respectively

and that of 2,2,4-trimethylpentane is 105.42 as shown in Figure 3.9. In general, the impact of carbon-carbon bond

centralization on RON varies from molecule to molecule and this ML-QSPR model can draw a full picture of the

ignition quality for all the isomers at a given carbon atom number.
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3.3.2.4 Impact of naphthenes structural features on ignition quality

The most prevalent napththenes (also called cycloalkanas or cycloparaffins) in gasoline, diesel and aviation

fuels have ring with five and six carbon atoms [248-250]. The naphthenes have a wide range of octane levels

similar to alkanes and the RON of C3~C7 alkyl cyclopropanes, C5~C9 alkyl cyclopentanes, C6~C10 alkyl

cyclohexanes are compared in Figure 3.10, Figure 3.11, Figure 3.12 respectively. The impacts of molecular

structure on RON for naphthenes are summarized below: (1) The RON of the simplest nathelenes are greater than

the corresponding n-alkanes except for cyclooctane. For example, the predicted RON of Cyclopentane (98.6),

Cyclohexane (80.59) are 38.39 and 51.59 greater than n-pentane (60.21), n-hexane (29) while the RON of

Cyclopropane (101.82) is 6.87 lower than n-propane (108.69). (2) The RON decreases with increasing ring size.

Take the methyl-cycloalkanes as an example, the predicted RON of methylcyclopropane, methylcyclopentane,

methylcyclohexane decreases as 95.09, 88.45, 74.05. Ethyl-cycloalkanes show a similar tendency, the predicted

RON of ethylcyclopropane, ethylcyclopentane, ethylcyclohexane decreases as 78.57, 65.91, 46.93. The impact of

side-chain size. number and position on the RON of naphthenes are summarized below: (1) Shortening the side

chain length and increasing the branching degree benefit the RON enhancement. For example, the predicted RON

of butylcyclohexane, propylbenzene, ethylcyclohexane, methylcyclohexane increases as 13.13, 19.84, 46.93,

74.05 as increasing chain length. The predicted RON of Butylcyclohexane, isoButylcyclohexane, Tert-

butylcyclohexane increases as 13.13, 43.63, 95.84 with increasing branching degree. (4) Splitting the carbon atoms

in a single side chain into two or more side chains increases the octane rating. For example, the RON of

butylcyclohexane, 1-methyl-2-propylcyclohexane, 1-ethyl-3,5-dimethylcyclohexane, 1,2,3,5-

tetramethylcyclohexane as 13.13, 32.24, 61.69, 85.63 as side-chain distribution. (5) Combining two side chains on

the same carbon atom on the ring has high octane rating, For example, the predicted RON of 1,2,3,5-

tetramethylcyclohexane, 1,1,3,5-tetramethylcyclohexane, 1,1,4,4-tetramethylcyclohexane increases as 85.63,

89.64, 100.14. (6) The naphthenes with the less symmetric structure have greater RON. For those naphthenes with
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two side groups, the RON increases in the order of 1.4-naphthene, 1.3-naphthene, 1.2-naphthene. For example, the

1.4-dimethylcyclohexane, 1,3-dimethylcyclohexane, 1.2-dimethylcyclohexane have RON of 68.43, 71.36, 80.16.
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3.3.2.5 Impact of aromatics structural features on ignition quality

Aromatics represent a class of hydrocarbons with six-membered ring which contains three conjugated double

bonds [251]. Especially. the components with two or more aromatic rings fused on shared carbon atoms are called

polycyclic aromatics [249]. The resonance structure of aromatics results in a low reactivity and thus most of them

have a high RON above 100 as shown in Figure 3.13. The impact of the size, number, position of the aromatic

substituted groups on the RON are summarized below: (1) For aromatics with one side chain, the RON increases

as decreasing chain length and increasing branching degree. For example, the predicted RON of butylbenzene,

propylbenzene, ethylbenzene, toluene increases as 97.91, 101.17, 107.62. 117.33 with shortening substituted group

chain length. The butylbenzene, isobutylbenzene, tert-butylbenzene have RON of 97.91, 99.34, 104.43 as

increasing branching degree of the side chain. (2) For aromatics with two side chains, the RON decreases as para-

isomer>meta-isomer>ortho-isomer. For example, the predicted RON of p-xylene, m-xylene, o-xylene decreases

as 141.49>140.79>118.2. (3) For aromatics with three side chains, the most symmetric compounds have the

highest RON. For example. the predicted RON of 1.2.3-trimethylbenzene, 1.2.4-trimethylbenzene, 1.3.5-

trimethylbenzene increases as 117.15, 142.68, 163.65 with a more symmetric structure.
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3.3.2.6 Impact of alcohols structural features on ignition quality

The measured and predicted RON of C1~CS5 alcohols are compared in Figure 3.14 and the C3, C4, C5 alcohols
have 2, 4, 8 isomers respectively. The impacts of molecular structure on the RON of alcohols are summarized
below: (1) For the straight chain alcohols, the octane rating increases with shortening chain length. For example,
the predicted RON of 1-pentanol, 1-butanol, 1-propanol, ethanol, methanol increases as 78.3, 94.81, 102.82,
110.83, 121.3 with decreasing chain length. (2) The effect of adding methyl group on RON varies with various
types of alcohols. For example, the predicted RON decreases from 116.62 of 2-propanol to 106.84 of tert-butanol
after adding methyl group. Another situation is that the RON increases from 102.82 of 1-propanol to 106.53 of 2-
methyl-1-propanol after adding methyl group. (3) The influence of molecular centralization on RON of alcohols
varies from case to case. For example, the predicted RON reduces from 109.76 of 3-Methyl-1-butanol to 104.74
of 2-Methyl-1-butanol as the methyl group moving from the 3% carbon atom to .2%¢ carbon position. On the contrary,
the predicted RON increases from 109.76 of 3-methyl-1-butanol to 114.18 of 2,2-dimethylpropanol with molecular

centralization because the backbone chain length reduces from 4 to 3.
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3.3.2.7 Impact of esters structural features on ignition quality

Long-chain methyl esters of methyl palmitate, methyl stearate, methyl oleate, methyl linoleate, methyl

linolenate are the main components of the soy and rapeseed biodiesels [141]. The methyl decanoate [252], ethyl-

5-decenoate and methyl-9-decenoate [165] with mediate chain length are often used as biodiesel surrogate. The

measured ignition quality of FAME is usually reported as CN rather than RON/MON as shown in Table 3.10, so

the CN is adopted for ignition quality comparison in this section. The impact of carbon chain length, unsaturated

bond position, unsaturated degree on the CN of methyl esters are investigated in Figure 3.15 which are summarized

as below: (1) The CN increases with carbon chain length. For example, the predicted CN of methyl butanoate,

methyl pentanoate, methyl hexanoate, methyl heptanoate, methyl octanoate, methyl nonanoate, methyl decanoate,

methyl undecanoate, methyl laurate, methyl palmitate, methyl stearate increases with carbon chain length as 8.80,

13.72, 21.47, 32.77, 36.93, 43.00, 48.84, 59.64, 64.13, 83.91, 85.51. (2) Increasing the number of unsaturated

carbon-carbon double bond decreases the CN. The predicted CN of methyl stearate, methyl oleate, methyl linoleate,

methyl linolenate decreases with increasing number of carbon-carbon double bond as 85.51, 57.2, 42.5, 40.44. (3)

Moving the carbon-carbon double bond toward the molecular edge increases the CN at an identical unsaturated

degree. For example, the predicted CN increases from 35.51 of methyl-5-dodecenoate to 46.59 of methyl-2-

dodecenoate as the carbon-carbon double bond moving away from the center of the molecule. The measured CN

of unsaturated methyl esters are rarely reported and this work can enrich the fuel ignition quality dataset for fuel

screening.
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Table 3.10. CN/RON/MON data for the C4~C19 FAME

CN RON MON
Type Compound name CAS Formula Measured  Predicted Measured  Predicted Measured  Predicted
Saturated ester Methyl propanoate 554-12-1 C4H802 N/A 12.3374537 N/A 114.5810038 N/A 99.70427057
Methyl butanoate 623-42-7 C5H1002 6.4 8.803907176 N/A 109.4152828 N/A 103.1973804
Methyl pentanoate 624-24-8 C6H1202 133 13.72257375 105 104.4873508 105 104.5531942
Methyl hexanoate 106-70-7 C7H1402 18 21.47406229 N/A 95.97552268 N/A 102.4482313
Methyl heptanoate 106-73-0 C8H1602 342 32.76689424 N/A 88.12779085 N/A 98.35823618
Methyl octanoate 111-11-5 C9H1802 N/A 36.93403167 N/A 81.09446911 N/A 94.23497525
Methyl nonanoate 1731-84-6 CI0H2002 N/A 42.99989239 N/A 74.95562214 N/A 91.01511649
Methyl decanoate 110-42-9 CI11H2202 47.9 48.84417181 N/A 69.72134462 N/A 88.85634686
Methyl undecanoate 1731-86-8 CI2H2402 N/A 59.63656042 N/A 65.34623513 N/A 87.56586154
Methyl laurate 111-82-0 CI3H2602 61.2 64.12724379 N/A 61.74985414 N/A 86.87033775
Methyl palmitate 112-39-0 CI17H3402 85.9 83.90988485 N/A 53.24419747 N/A 86.35316755
Methyl stearate 112-61-8 CI9H3802 86.9 85.50863183 N/A 51.36357188 N/A 86.37935827
Unsaturated ester-2 Methyl acrylate 96-33-3 C4H602 N/A 7.451941853 N/A 119.541674 N/A 93.60812733
Methyl but-2-enoate N/A C5H802 N/A 6.547661437 N/A 120.0847422 N/A 93.87104261
2-Pentenoic acid methyl ester ~ N/A C6H1002  N/A 9.977274701 N/A 114.8447465 N/A 96.56159128
Methyl 2-hexenoate 13894-63-8 C7H1202  N/A 13.62774544 N/A 109.2792792 N/A 98.85318241
Methyl 2-heptenoate 38693-91-3 C8H1402 N/A 17.63048788 N/A 103.1724211 N/A 99.6628692
Methyl trans-2-octenoate 7367-81-9 C9H1602  N/A 22.07129927 N/A 96.427612 N/A 98.42163841
Methyl 2-nonenoate 111-79-5 CIOH1802 N/A 26.99665496 N/A 89.51556936 N/A 95.78147928
Methyl (E)-2-decenoate 2482-39-5 CI1H2002 N/A 32.48884001 N/A 82.97180469 N/A 92.87887352
Methyl-2-undecenoate 22104-71-8 C12H2202 N/A 38.67122643 N/A 77.07701433  N/A 90.45134162
Methyl (E)-2-dodecenoate N/A CI3H2402 N/A 46.59097091 N/A 71.93732974 N/A 88.72413925
Unsaturated ester-5 Methyl 5-hexenoate 2396-80-7 C7HI1202 N/A 18.91313174 N/A 102.4863373 N/A 99.01555011
Methyl(E)-5-heptenoate 54004-28-3 C8H1402  N/A 17.63048788 N/A 103.1724211 N/A 99.6628692
Methyl (Z)-5-octenoate 41654-15-3 C9H1602  N/A 19.96845447 N/A 99.20752041 N/A 99.04192494
Methyl non-5-enoate N/A CIOH1802 N/A 22.4689945  N/A 95.06759219 N/A 97.61074494
Methyl 5-decenoate 79837-87-9 CI11H2002 N/A 25.14293194 N/A 90.9463543 N/A 95.72250187
Methyl-5-undecenoate N/A CI2H2202 N/A 29.98755308 N/A 84.45378128 N/A 93.42007995
Methyl (Z)-5-dodecenoate N/A CI3H2402 N/A 35.50509499 N/A 78.41689467 N/A 91.11998166
Unsaturated ester-9 Methyl oleate 112-62-9 CI9H3602 56 57.20057352  N/A 60.6025195 N/A 86.65434945
Unsaturated ester-9, 12 Methyl linoleate 112-63-0 CI19H3402 41.7 42.4973983 N/A 66.88578885 N/A 86.99091671
Unsaturated ester-9, 12, 15 Methyl linolenate 301-00-8 CI19H3202 459 4044218212 N/A 74.5217454  N/A 87.09859343
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3.3.3 Method application to fuel mixtures

The QSPR method decomposes the fuel molecule into component fragments following the QSPR-UOB 2.0
system and it operates at the atomic level rather than the molecular level. As a result, the ML-QSPR model can
apply to pure compounds as well as fuel mixtures. The fuel ignition quality database contains 120, 156, 156 mixture
samples of CN, RON, MON as shown in Table 3.5 which are used to train the ML regression model to handle the
interaction of functional groups. The octane sensitivity (OS) is the difference between RON and MON. Practical
gasoline with higher OS has a better anti-knock property for modern spark-ignition engine [253]. The measured,
predicted and residuals of CN, RON, MON for TPRF (n-heptane-iso-octane-toluene) mixtures are compared in
Figure 3.16 and the ML-QSPR models enable precise forecast. The residuals of CN, RON, MON, OS are within -
1.22~3.46, -5.42~2.68, -4.7~7.7 (see Figure 3.16) and the R? are 0.9933, 0.9984, 0.991, 0.8849 (see Figure 3.17)
respectively. The predicted CN, RON, MON, OS of TPRF mixtures are validated against 30, 87, 87, 87 samples
and their RMSE is 0.732, 0.655, 1.368, 1.139 as shown in Table 3.11. The ML-QSPR model does not limit to the
TPRF mixture but can also apply to other fuel mixtures. This work takes n-heptane-dibutyl ether-ethanol mixtures
as an example, the predicted CN, RON, MON are plotted in Figure 3.18, but there is no ignition quality data
available for these new mixtures. This evidence supports that the ML-QSPR model can enrich the fuel ignition

quality dataset and provide a priori and reasonable prediction for fuel screening.
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Table 3.11. Predictive performance of TPRF mixtures for ML-QSPR models

Property Fuel mixtures (No. of measured compounds) R? MAE RMSE
CN TPRF (30) 0.9933 0.395 0.732
RON TPRF (87) 0.9984 0.4 0.655
MON TPRF (87) 0.991 0.869 1.368
oS TPRF (87) 0.8849 0.661 1.139

122



3.4 Conclusions

It is difficult to determine the CN, RON, MON of pure compounds simultaneously because the reactive fuels

are well suited to CN and those with a high anti-knock property are described by RON/MON in CFR engine test.

In addition, few methods can be applied to predict the ignition quality of fuel mixtures and their scopes are limited

to typical fuel types. This work proposes a machine learning quantitative structure-property relationship (ML-

QSPR) method for fuel ignition quality (CN/RON/MON) prediction of pure compounds and mixtures. It applies

to 13 fuel types of alkanes, alkenes, alkynes, naphthenes, aromatics, alcohols, aldehydes, ketones, saturated esters,

unsaturated esters, ethers, carboxylic acids, polyfunctionals, fuel mixtures. QSPR-UOB 2.0 functional group

classification system is proposed to extract the structural features and transform them into a fuel molecular

structure matrix. A fuel ignition quality database is developed to store the 603, 375, 371 samples of CN, RON,

MON data and provides the ignition quality matrix. 19 ML algorithms are utilized to map the fuel molecular

structure matrix and ignition quality matrix and develop the regression model. The ML-QSPR regression models

provide high predictive fidelity and their model performance is better than the published models. The R? & RMSE

of CN, RON, MON for ML-QSPR models reach 0.9911 & 2.526, 0.9874 & 2.454, 0.9731 & 2.765 respectively

while the R? of published GCM models are 0.90, 0.93, 0.91. This method takes advantage of QSPR theory which

decomposes the fuel molecules into typical component fragments and transforms them into chemical

representation. These atomic-level features rather than molecular level are adopted for regression model

development, so the proposed ML-QSPR model enables to predict the ignition quality of fuel mixtures. High

validation accuracy of CN, RON, MON for TPRF mixtures are obtained and their R? reach 0.9933, 0.9984, 0.991.

Most importantly, the ML-QSPR models can enrich the sample set in the fuel ignition quality database for fuel

screening and enable understanding the impact of the molecular structure on the fuel ignition quality. This tool

benefits fuel formulation to adjust the fuel reactivity adapting to the combustion mode requirement.
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Chapter 4 Machine Learning-Quantitative Structure Property
Relationship (ML-QSPR) Method for Fuel Physicochemical
Properties Prediction of Multiple Fuel Types

4.1 Introduction

Combustion modes optimization and fuel components design are the two major approaches to realize efficient
and clean combustion in IC engines. In the category of combustion modes optimization, the major solution is low
temperature combustion (LTC) [254]. It exploits high dilution ratio and charge density to reduce peak combustion
temperature and increase the absolute oxygen content which benefits NOx, PM and specific fuel consumption
reduction. The represented LTC combustion modes include HCCI [255, 256], PPC [257], RCCI [258] etc. In the
category of fuel component design, the solution is utilizing fuel physicochemical properties [259] and combustion
chemistry [76, 89, 260] of typical fuel types to control the combustion rate and timing. The impacts of molecular
structure on the ignition and oxidation behavior of gasoline [115], diesel [113, 114, 261], kerosene [118] and
biofuels [262, 263] are explored by the chemical kinetics. Relative independence between the combustion modes
optimization and fuel component design is observed and they lack an intrinsic interaction until the concept of
“property-oriented fuel design” comes up.

The property-oriented fuel design concept is applied to the Cluster of Excellence “Tailor-Made Fuels from
Biomass” (TMFB) [261, 264, 265] and the U.S. Department of “Co-Optimization of Fuels & Engines” [266, 267]
for the first time. At the first step, use engine combustion (droplet spray and atomization, charge preparation, fuel-
air mixing, combustion timing/duration, HRR) and emission requirement (NOx/HC/CO/PM) as design constraints
to determine the combustion mode and required fuel physicochemical properties. In the second step, fuel screening
is performed to identify the fuel molecules with desired physicochemical properties [268, 269]. The fuel screening

usually involves 5 categories of properties: (1) volatility; (2) atomization; (3) energy density; (4) sooting propensity;

(5) ignitability. The volatility and atomization are described by the T, T,, AH_, FP, VPandthe p respectively.

vap ?

The LHV, p and YSI are the indicators of energy density and sooting tendency. The CN, RON, MON, LFL,
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UFL evaluate the fuel ignition quality. But the experimental data of these properties are limited and a part of them
are not in interest, so fuel physicochemical property prediction models are needed to accelerate the fuel screening
process and the models are summarized in Table 4.1. The predictive models for CN/RON/MON have been
summarized in Table 3.3 and do not repeat here. Group contribution method (GCM) and quantitative structure-
property relationship (QSPR) are the most commonly used methods for molecular structure features extraction and
the regression methods are diverse including correlation equations, convolution neural network (CNN), machine
learning (ML) algorithms, commercial software, etc. There are 4 knowledge gaps of these fuel properties predictive
models: (1) None of the published GCM/QSPR system can apply to all 15 properties and diverse fuel types. A
generic molecular structure features extraction method that can apply to multiple fuel properties and compound
groups is needed. (2) Some GCM/QSPR methods contain a large set of molecular descriptors which is complex
for feature extraction and reducing the model interpretability. A simple and efficient feature extraction method is
required for high fidelity prediction. (3) The scopes of published property predictive models are limited to typical
fuel types and they should be expanded to a wider range of chemical classes. (4) Some models obtain modest
predictive performance and their R? are below 0.9. The model forecasting capability can be further improved by
optimizing feature extraction systems and regression models. (5) The model training dataset should be expanded
to improve the model interpolation and extrapolation capacity.

This work develops the machine learning quantitative structure-property structure (ML-QSPR) models to
predict 15 physicochemical properties for 24 fuel types. A novel QSPR-UOB 3.0 functional classification system
is proposed for molecular structure feature extraction which contains 42 component fragments. ML algorithm is
exploited to correlate the molecular structure features and fuel properties. A UOB Fuel Property database
containing 1797 pure compounds, 465 mixtures is established for model training and validation. 10-fold cross
validation is implemented to protect against over-fitting. ML-QSPR models enable property-oriented fuel
screening despite limited experimental data and provide insights into the impact of molecular structure on the fuel

properties.
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Table 4.1. Prediction of 13 fuel physicochemical properties by computer-aided molecular design (CAMD) methodology

Object Feature Regression model Model inputs R2* Dataset Scope Ref.
extraction
method
T, QSPR Correlation equations 639 molecular descriptors 0.8373 443 Substituted benzenes [270]
QSPR Graph-based molecular tensor N/A 3041 Aliphatic compounds [271]
convolutional NN
QSPR Extreme learning 145 2D descriptors 0.63 4173 Organic compounds [272]
machine
QSPR Nonlinear NN 40 molecular descriptors 0.99 1250 Organic compounds [273]
QSPR Machine learning 23 molecular descriptors, 27 functional group count descriptors ~ 0.851 1097 hydrocarbons, alcohols and [274]
esters
GCM position distribution 95 molecular descriptors N/A 730 Covalent compounds [275]
function
GCM Enthalpy/entropy 43 molecular descriptors N/A 596 Aliphatic, non-hydrogen- [276]
transition bonding compounds
GCM Enthalpy/  entropy 46 molecular descriptors N/A 1040 Aliphatic compounds [277]
transition
MDM Potential energy Polymer consistent force-field N/A 8 n-Alkanes [278]
function
T, QSPR Boosting regression 330 2D and 432 3D descriptors 0.9565 2475 Hydrocarbons, oxygenates [279]
tree
QSPR MLR/MLP-ANN 1666 molecular descriptors 0.9999 223 pure hydrocarbons [280]
QSPR Back-propagation 8 Molecular descriptors 0.9999 327 Alkanes, alkenes, alkynes [281]
NN
QSPR MLR 2 electro-negativity descriptors 0.9993 215 Alkanes, unsaturated [282]
hydrocarbons, alcohols
QSPR 7-parameter equation  ~800 molecular descriptors 0.9517 612 C-H-O-N-S-F-CI-Br-1 [283]
compounds
QSPR 4-parameter equation  ~600 molecular descriptors 0.9598 298 Organic compounds [284]
QSPR RBN 1666 molecular descriptors 0.989 240 Acyclic oxygen organic [285]
compounds
QSPR RBN 1666 molecular descriptors 0.99 432 C-H-O compounds [286]
QSPR MLR 119 Topological indices 0.9939 119 Aliphatic esters [287]
GCM Correlation equation 293 molecular descriptors 0.9836 1141 Organic compounds [288]
AH,,  QSPR Correlation equation 22 norm descriptors 0.967 573 Hydrocarbons, oxygenates [289]
QSPR Correlation equation 3 norm indexes 0.9503 480 Hydrocarbons, oxygenates [290]
QSPR GA-MLR ~3000 molecular descriptors 0.9814 4879 Pure chemical compounds [291]
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ANN
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39 molecular descriptors
COSMO-RS sigma moments
6 molecular descriptors
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pressure, temperature, molar volume

151 molecular descriptors

26 molecular descriptors

over 600 molecular descriptors

579 molecular descriptors
over 3000 molecular descriptors

36 chemical features
116 molecular descriptors
11 input properties

1481 molecular descriptors
1664 molecular descriptors

23 molecular descriptors, 27 functional group count descriptors

47 structural groups
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0.993
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N/A
0.963
0.96
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0.993
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0.999

0.999
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4672
407
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337
2748
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C-H-O-N-F-CI-Br-S compounds
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C-H-O-N-S compounds
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organic compounds
Pure compounds in DIPPR 801
database

hydrocarbons, alcohols and
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Alkanes, alkenes, aromatics,

cyclic compounds

[309]
[292]

[310]
[311]

[274]

[312]
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GCM Robust regression 1%t, 27, 31 order functional groups 0.99 794 Pure substances in DIPPR 801 [313]
Database
GCM Least square method 32 atom-type structural groups 0.9982 452 pure hydrocarbons [314]
GCM ANN 142 chemical groups 0.99999 4590 Compounds in Yaws' Handbook  [315]
P QSPR MLR or MLP-ANN 20 molecular descriptors 0.9993 222 pure hydrocarbons [280]
QSPR ANN or SVM 22 molecular descriptors, 26 functional group descriptors 0.997 730 Hydrocarbons, oxygenates [304]
QSPR ANN 11 input properties 0.99981 281 Saturated/unsaturated [292]
hydrocarbons
QSPR 2-parameter constitutional, topologic, geometric, electrostatic descriptors 0.9749 303 C-H-O-N-S-F-CI-Br-1 [316]
correlation compounds
GCM GCVOL density 60 molecular descriptors N/A 1040 Hydrocarbons, oxygenates [317]
equation
GCM equation-of-state 15t, 2" order functional groups 0.983 334 Hydrocarbons, oxygenates [318]
YSI QSPR MLP 5270 molecular descriptors N/A 297 Oxygenated bioblendstocks [319]
QSPR ANN 25 molecular descriptors 0.978 421 Hydrocarbons, oxygenates [320]
GCM Bayesian linear 66 fragment types. N/A 441 oxygenates, alkanes, alkenes, [321]
regression cycloalkanes, aromatics
GCM kernel ridge 33 molecular descriptors 0.9858 204 Esters, ketones, aldehydes, [322]
regression ethers, alcohols
MD 2 parameters equation ReaxFF Molecular Dynamics simulations N/A 4 aromatic [323]
IT QSPR GA-MLR or FFNN 3224 molecular descriptors 0.8317 813 69 different chemical families. [324]
QSPR GA-PLS or SVM 605 descriptors 0.901 446 C-H-O-N-S-F-CI-Br-1 [325]
compounds
QSPR MLR or BPNN or 6 atom types descriptors 0.9274 142 hydrocarbons, halogenated [326]
SVM aliphatics, aromatics, alcohols,
ethers, esters, ketones, amine
QSPR ANN or MLR 16 atom-type electrotopological-state indices 0.9063 118 alkanes, olefins, alkynes, [327]
aromatics
GCM 3 layers ANN 46 functional groups descriptors 0.984 1025 78 different chemical families [328]
GCM Robust regression 1st, 2nd, 31 order functional groups 0.76 513 Alkanes, aldehydes, alcohols, [329]
acids
GCM ANN +PSO 42 molecular descriptors 0.9899 343 C-H-O-N-CI-Br compounds [330]
Empirical Correlation equation  size and branches of different classes of hydrocarbons 0.955 274 alkanes, alkenes, cycloalkanes, [331]
model cycloalkenes, alkynes, and
aromatics
FP QSPR ANN geometrical, topological, quantum mechanical, electronic 0.978 758 organic compounds [332]
descriptors
QSPR 3 parameter equation  Boiling point, relative negative charge, H-donors charged surface  0.902 271 C-H-O-N-S-F-CI-Br-1 [333]
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temperature
5 descriptors

17 molecular structures
24 molecular descriptors
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4 descriptors

29 types and 4885 kinds of molecular descriptors

105 functional groups
1st, 2nd 31 order functional groups

42 molecular descriptors
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1664 molecular descriptors
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1651

740
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1038
1615
458

181
1057

443

418
543

865
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pure compounds in DIPPR 801
database

pure compounds in DIPPR 801
database

pure compounds in DIPPR 801
database

pure compounds in DIPPR 801
database

Alkanes, aldehydes, alcohols,
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C-H-0O-N-S-X-Si compounds
pure hydrocarbons and
undefined petroleum fractions
81 chemical families in DIPPR
801 database

Alkanes, alkenes, alkynes,
aromatics, cyclic compounds
Organic compounds

Organic compounds

Alkenes, aromatics
C-H-O-N-S-F-CI-Br-1
compounds

2 diverse chemical material
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pure compounds in DIPPR 801
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binary hydrocarbon gases
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[334]
[335]
[336]
[337]
[338]
[329]

[339]
[340]

[341]
[342]
[343]
[344]
[345]
[346]
[347]
[348]

[349]
[350]

[329]

[351]
[352]
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QSPR
QSPR
GCM

GCM
GCM

GA-MLR
GA-MLR
Robust regression

ANN-PSO
3-layer FFNN

1664 molecular descriptors
6 types of molecular descriptors
1st, 2nd 31 order functional groups

42 molecular descriptors
113 functional groups

0.898

0.758

0.91

0.9818
0.9469

278

588

351

418
867

database

pure compounds in DIPPR 801
database

C-H-O-N-S-F-CI-Br-1
compounds

Alkanes, aldehydes, alcohols,
acids

C-H-O-N-S compounds

pure compounds in DIPPR 801
database

[354]
[355]
[329]

[351]
[356]

* Maximal R? is selected.
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4.2 Modeling approach
4.2.1 Methodological overview

The ML-QSPR models of 15 physicochemical properties enable the Tier 1 fuel physicochemical property
screening as shown in Figure 4.1. The property-oriented fuel design contains Tier 1 fuel physicochemical property
screening and Tier 2 chemical kinetics screening which will be discussed in Chapter 6. The studied properties
include melting point T, boiling point I, vapor pressure (VP), enthalpy of vaporization AH, . cetane number
(CN), research octane number (RON), motor octane number (MON), ignition temperature (IT), flash point (FP),
yield sooting index (YSI), liquid density p . lower heating value (LHV), surface tension j , lower flammability
limit (LFL), upper flammability limit (UFL). A UOB Fuel Property Database containing 1797 pure compounds
and 465 mixtures is established for model training and validation. A novel functional group classification system
QSPR-UOB 3.0 (see section 4.2.3) is proposed to extract the structural features and transform them into a fuel
molecular structure matrix according to the occurrence of typical component fragments. Machine learning (ML)
algorithm is adopted to map the fuel molecular structure matrix and fuel property matrix. 10-fold cross validation

is applied to examine the model performance on new data prediction and avoid over-fitting.
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Figure 4.1. The workflow of virtual fuel screening by ML-QSPR and chemical kinetics.
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4.2.2 Fuel physicochemical properties database development

The UOB Fuel Property Database covering 15 properties is established for model training and validation. The
total number of compounds for CN, RON; MON, T, T,. AR, »,LHV, p,YSLIT, FP, VP, LFL, UFL and
the numbers of different compound groups are shown in Table 4.2. It covers 24 fuel types of n-alkanes, iso-alkanes,
cycloalkanes, alkenes, cyclic alkenes, alkadienes, alkynes, alcohols, cycloalcohols, aldehydes, ketones, cyclic
ketone, saturated esters, unsaturated esters, acyclic ethers, furans, other cyclic ethers, aromatics, carbonate ester,
carboxylic anhydride, peroxide, hydroperoxide, polyfunctionals, carboxylic acids as shown in Table 4.2.
Particularly, the term “polyfunctionals” refers to component with more than one designated functional groups
(aromatic bond, carbon-carbon double bond, carbon-carbon triple bond, hydroxyl group, carbonyl group, aldehyde
group, ether group, ester group, carboxylic acid group, carbonate ester group, carboxylic anhydride group,
hydroperoxide group, peroxide group). The model training dataset is measured values and the data source is

summarized in Table 4.3.
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Table 4.2. Number of compounds of different chemical classes in the model training dataset

Number of compounds (measured data)

Compound class CN RON MON T, T, AH,, Ve LHV P YSI IT FP VP  LFL UFL
Alkanes 75 46 46 93 111 61 88 102 106 30 48 98 31 94 56
Cycloalkanes 50 38 34 75 79 26 89 101 79 20 36 47 13 30 24
Alkenes 25 70 72 85 106 49 97 107 105 36 32 73 29 61 62
Cycloalkenes 5 1 N/A 16 20 1 9 19 19 12 17 5 14 12
Alkadienes 4 N/A N/A 22 28 2 20 32 28 1 28 3 23 13
Alkynes 4 2 19 24 5 10 18 23 3 15 5 11 N/A
Aromatics 49 35 37 156 167 31 120 170 165 122 47 142 27 135 106
Alcohols 38 14 13 107 137 71 16 124 130 49 47 133 38 109 86
Cycloalcohols 2 N/A N/A 8 9 2 N/A 8 7 1 7 9 2 2 1
Aldehydes N/A N/A 26 40 6 37 38 18 14 41 14 35 25
Ketones 10 2 38 47 22 6 31 50 28 13 42 15 30 17
Cycloketones 4 1 2 8 9 2 N/A 7 10 2 2 7 3 7 2
Saturated esters 87 1 124 151 41 10 93 147 41 36 116 38 88 30
Unsaturated esters 34 N/A N/A 28 44 N/A 28 40 20 9 33 9 24 16
Acyclic ethers 35 3 4 50 69 31 4 51 70 34 20 60 23 48 31
Furans 14 3 2 7 13 3 6 13 3 1 12 5 7 3
Other cyclic ethers 7 N/A N/A 13 17 6 N/A 12 14 4 13 6 9 2
Carbonate ester N/A N/A N/A 5 1 N/A 5 5 3 5 3 3

Carboxylic anhydride N/A N/A N/A 9 N/A N/A 8 7 N/A N/A 9 3 6 3
Peroxide N/A N/A N/A 1 N/A N/A 1 N/A N/A N/A 1 N/A 1 N/A
Hydroperoxide N/A N/A N/A 1 3 N/A N/A 3 3 N/A N/A 3 N/A 2 N/A
Polyfunctionals 52 2 2 57 97 8 3 70 87 14 23 102 24 69 56
Carboxylic acids 5 N/A N/A 56 52 7 8 62 41 4 18 59 11 49 33
Mixture 130 167 167 N/A N/A N/A N/A N/A N/A 12 N/A N/A N/A  N/A N/A
Total oxygenates 296 26 25 537 703 196 55 546 662 221 202 645 194 486 306
Total 635 387 383 1003 1238 371 488 1095 1187 457 378 1065 307 857 579
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Table 4.3. Data sources of 15 fuel physicochemical properties in the model training dataset

Property  Fuel type Institute Ref.

CN Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, University of Birmingham [357]
acids, furans, multi-oxygen compounds, mixtures

RON Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, University of Birmingham [357]
acids, furans, multi-oxygen compounds, mixtures

MON Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, University of Birmingham [357]
acids, furans, multi-oxygen compounds, mixtures

T Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, NIST [358]

" acids, furans, carboxylic anhydride, peroxides, hydroperoxides, multi-oxygen compounds

T, Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, NIST [358]
acids, furans, carboxylic anhydride, peroxides, hydroperoxides, multi-oxygen compounds

AH,, Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, NIST [358]
acids, furans, multi-oxygen compounds

Ve Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, alcohols, aldehydes/ketones, ethers, esters, Kuwait University [359]

LHV Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, Kuwait University [312]
acids, furans, carboxylic anhydride, peroxides, hydroperoxide, multi-oxygen compounds

LHV Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes, ethers, esters, furans Nanjing University of [310]

Technology

LHV Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, DIPPR 801 database [360]
acids, furans, carboxylic anhydride, peroxides, hydroperoxide, multi-oxygen compounds

P Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, NIST [358]
acids, furans, carboxylic anhydride, hydroperoxides, multi-oxygen compounds

YSI Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, Yale University [321,
furans, multi-oxygen compounds, mixtures 361]

IT Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, NIST [358]
acids, furans, carboxylic anhydride, multi-oxygen compounds

FP Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones, ethers, esters, NIST [358]

acids, furans, carboxylic anhydride, peroxides, hydroperoxides, multi-oxygen compounds
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VP

LFL

LFL

LFL

UFL

UFL

UFL

Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones,
acids, furans, carboxylic anhydride, multi-oxygen compounds

Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones,
acids, furans, carboxylic anhydride, peroxides, hydroperoxides, multi-oxygen compounds

Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones,

acids, furans, carboxylic anhydride, peroxides, hydroperoxides, multi-oxygen compounds

Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones,
acids, furans, carboxylic anhydride, peroxides, hydroperoxide, multi-oxygen compounds

Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones,
acids, furans, carboxylic anhydride, multi-oxygen compounds

Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones,
acids, furans, carboxylic anhydride, multi-oxygen compounds

Alkanes, cycloalkanes, alkenes, cycloalkenes, alkynes/alkadienes, aromatics, alcohols, aldehydes/ketones,

acids, furans, carboxylic anhydride, multi-oxygen compounds

ethers,

ethers,

ethers,

ethers,

ethers,

ethers,

ethers,

esters,

esters,

esters,

esters,

esters,

esters,

esters,

NIST

University of Tehran

National Kaohsiung First
University of Science and
Technology

DIPPR 801 database

University of Tehran

University of Tehran

DIPPR 801 database

[358]

[350]

[348]

[360]

[353]

[356]

[360]
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4.2.3 Features extraction of molecular structure by QSPR-UOB 3.0

QSPR method is applied to extract chemical structure features and transforms them into a fuel molecular
structure matrix. A novel QSPR-UOB 3.0 functional group classification system is established to further improve
the fuel molecule resolution compared to QSPR-UOB 2.0 and the major modifications are below: (1) Add
component fragments of 1.10, 1.11, 1.12, 1.13, 1.14 which enables to describe aromatics with 3 fused benzene
rings, 4 fused benzene rings, 5 fused benzene rings accompanying substituents at position 10, 11, 12, 13, 14. For
example, it can recognize the 9,10-dimethylanthracene (CAS:781-43-1, CisHi4), 11-methyltetracene (CAS:6111-
78-0, Ci9H14), 12-methyltetracene (CAS:2422-79-9, Ci9Hi4), 13-methylpentacene (Ca3His), 14-methylpentacene
(Cx3His) and convert structural features into fuel molecular structure matrix as shown in Figure 4.2. (2)
Complement ester group in ring structure (fragment component 22 in Figure 4.2) to distinguish ester group in ring
structure or non-ring structure such as 2(3H)-furanone, dihydro-5-methyl- (CAS:108-29-2, CsHsO»). (3) Add
fragment components of carbonate ester (functional group 24), carboxylic anhydride (functional group 25),
hydroperoxide (functional group 26) and peroxide (functional group 27) to identify corresponding fuel types such
as dimethyl carbonate (CAS:616-38-6, CsH¢O3), acetic anhydride (CAS:108-24-7, C4HgO3), tert-butyl
hydroperoxide (CAS:75-91-2, C4H100>), dicumyl peroxide (CAS:80-43-3, Ci13H20,). The functional groups are
divided into 3 categories of functional group identifier, functional group position descriptor and fuel reactivity
descriptor as shown in Figure 4.2.

The fuel molecular structure matrix has 42 columns and the element in each column corresponding to the
occurrence of the 42 functional groups in QSPR-UOB 3.0 system. For example, 2-(2-hexoxyethoxy)ethanol (CAS:
112-59-4, Ci0H2203) has 1 methyl radical (functional group 8), 2 non-ring ether groups (functional group 16), 1
hydroxyl group (functional group 15), 5 maximum quantity non-ring methylene groups in series (functional group
9), 9 non-ring methylene groups in total (functional group 10). Thus, the the fuel molecular structure matrix of 2-
(2-hexoxyethoxy)ethanol is expressas [0 00000000000000000000015900001200000000

0 0 0]. Each fuel molecule occupies a row in the matrix.
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FUNCTIONAL GROUP CLASSIFICATION SYSTEM: QSPR-UOB 3.0
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Figure 4.2. Conversion of molecules into fuel molecular structure matrix by QSPR-UOB 3.0 functional group classification system. The molecular descriptor computation of n-propyl
acrylate in this figure is simply for display and illustrative purposes. The true fingerprintis[000000000000000000100012200000000001000000].
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4.2.4 Training and validation of ML-QSPR models

The workflow of ML-QSPR method is shown in Figure 4.3. (1) Uses QSPR-UOB 3.0 system to manually extract
the structural features from molecule images and convert them into a fuel molecular structure matrix. (2) Prepare
the fuel property matrix based on the UOB Fuel Property Database. (3) Apply ML algorithms to map the fuel
molecular structure matrix and fuel property matrix and perform 10-fold cross validation. By using the Regression
Learner APP in MATLAB, 19 ML algorithms (as shown in Table 3.6) are used to train the ML-QSPR models in
parallel and the one with minimal RMSE is chosen. The principles of these ML algorithms can be found in
MATLAB Statistics and Machine Learning Toolbox [52]. 10-fold cross validation is used to examine the model

capacity to predict new data and prevent over-fitting.
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Figure 4.3. Integration ML algorithm and QSPR methodology to predict fuel physicochemical properties.
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4.3 Results and discussion
4.3.1 General training settings and predictive accuracy of 15 fuel physicochemical
properties

The optimal ML-QSPR models for 15 fuel physicochemical properties are determined by the RMSE and the
model functions, parameters are demonstrated in Table 4.4. LHV is proportional to carbon atom number and it
does not exhibit a strong non-linear relationship with fuel types, so the linear regression algorithm is well suited
to LHV regression. Gaussian process regression algorithm is a nonparametric kernel-based probabilistic model
which is suited for the other 14 properties with a strong non-linear relationship. The R? of CN, RON, MON, T,
T,. AHvap, v ,LHV, p,YSLIT,FP, VP, LFL, UFL are 0.9898, 0.9884, 0.9758, 0.9653, 0.9484, 0.9968, 0.9898,
0.9959, 0.9946, 0.9993, 0.9603, 0.9798, 0.9972, 0.9935, 0.9486 and they reach reasonable overall predictive
accuracy as shown in Figure 4.4. The T, and UFL need further improvement (R?<0.95), especially the former is
an important fuel volatility property for fuel screening task. The predictive residuals of different chemical classes
for 15 properties are shown in Figure 4.5 which describe the deviation between predictive value and observed
value. The box-and-whisker plots also provide information of the outliers and the uncertainty may come from
measurement error and predictive error.

Combining Table 4.2, Table 4.5 and Figure 4.5 enable the users to evaluate the confidence of the predictive
value. Even though the ML-QSPR models applied to 24 fuel types, the greater number of samples, the higher R?
and the smaller predicted residuals of particular compound groups result in better predictive reliability of specific
property and vice versa. For example, the R? of ketones, polyfunctionals for RON are 1 in Table 4.5 but they don’t
represent a good accuracy because of insufficient samples of typical compound groups. The number of compounds
of ketones and polyfunctinals for RON is 2 as shown in Table 4.2 and their box-and-whisker plots become lines
as shown in Figure 4.5. In summary, current ML-QSPR models enable interpolation and extrapolation prediction

of 15 properties, but more measured property data are demand to improve predictive accuracy and confidence for
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Table 4.4. Functions and parameters of the ML-QSPR models for 15 fuel physicochemical properties

Property Compounds MATLAB Type of algorithm Kernel function = Basic Beta Sigma  Optimizer Nonlinear  programming
No. module function solver

CN 635 Regression Gaussian process Exponential None N/A 5.0584  Quasinewton Active-Set method-
learner regression Random

RON 387 Regression Gaussian process Exponential None N/A 4.0483  Quasinewton Active-Set method-
learner regression Random

MON 383 Regression Gaussian process Rational None N/A 3.6833  Quasinewton Active-Set method-
learner regression quadratic Random

T, 1003 Regression Gaussian process Exponential Constant 109.8691 21.1167 Quasinewton Active-Set method-
learner regression Random

T, 1238 Regression Gaussian process Rational None N/A 23.1803 Quasinewton Active-Set method-
learner regression quadratic Random

AH,, 371 Regression Gaussian process Rational None N/A 1.7424  Quasinewton Active-Set method-
learner regression quadratic Random

Ve 488 Regression Gaussian process Exponential None N/A 1.2709  Quasinewton Active-Set method-
learner regression Random

LHV 1095 Regression Linear regression N/A N/A N/A N/A N/A N/A
learner

P 1187 Regression Gaussian process Exponential None N/A 0.0196  Quasinewton Active-Set method-
learner regression Random

YSI 457 Regression Gaussian process Exponential None N/A 16.8289 Quasinewton Active-Set method-
learner regression Random

AIT 378 Regression Gaussian process Exponential None N/A 32.7374 Quasinewton Active-Set method-
learner regression Random

FP 1065 Regression Gaussian process Rational None N/A 11.9396 Quasinewton Active-Set method-
learner regression quadratic Random

VP 307 Regression Gaussian process Exponential None N/A 14.4922 Quasinewton Active-Set method-
learner regression Random

LFL 857 Regression Gaussian process Rational None N/A 0.1169  Quasinewton Active-Set method-
learner regression quadratic Random

UFL 579 Regression Gaussian process Rational None N/A 0.8949  Quasinewton Active-Set method-
learner regression quadratic Random
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Table 4.5. Correlation coefficients of different compound groups

R? CN RON MON T T, AH,, 7 LHV P YSI IT FP VP LFL UFL
n-Alkanes 0.9945 09995 0.9979 0.9959 0.9915 0.9988 0.9991 1 0.9966 09999 0988  0.9881 0.9995 0.9997 0.979
iso-Alkanes 0.9653 0.9867 0.9671 0.8426 0.9683 0.9783 09119 0.9954 09368 0.9979 0.8712 0.9505 0.9993 0.9919 0.7855
Cycloalkanes 09549 0983 09515 0936 0.9962 0.9897 09814 0.9994 09879 0.9968  0.9574 0.9691 0.9994 0.9922 0.9548
Alkenes 0.9903 09136 0.8387 0.9547 0.9564 0.9976 0.8958 0.9989 09815 0.99947 0.7726 0.9811 0.9798 0.9954 0.9383
Cycloalkenes 0.9994 N/A N/A 0.9933 0985 N/A 0.9921 0.5035 09894 09999 09771 0.9535 1 0.9989 0.96
Alkadienes 0.9925 N/A N/A 0.8383 0932 1 0.9723 09702 0.9908 N/A 0.9239 0925 1 0.9961 0.686
Alkynes N/A 0.9916 1 0.8129 0.9811 0.9954 0.9963 09998 09886 0.9942 1 0.9497 0.9998 0.9994 N/A
Aromatics 0.9932 09886 0.9704 0.9301 0.9091 0.9994 0995 09917 09662 09979  0.9417 0.9592 0.9998 0.9939 0.906
Alcohols 0.9977 09924 0.9527 0.9653 0.9342 0.9922 0.9944 09997 09954 0.9973  0.9463 0.9604 0.9926 0.9926 0.9316
Cycloalcohols 1 N/A N/A 0.9065 0.8915 1 N/A 0.9892  0.986 N/A 0.5379 0.8254 1 1 N/A
Aldehydes 0.9957 N/A N/A 0976 09016 1 0.8661 0.9989  0.995 0.9946  0.88 0.7611 0.9995 0.9991 0.9482
Ketones 0996 1 N/A 0.9695 0.9419 0.9901 0.9149 0.8738  0.983 0.9999  0.8244 0.9643 0.9994 0.9915 0.8906
Cycloketones 0.9924 N/A 1 0.9993 0.9951 1 N/A 0.9984  0.9999 1 1 0.9985 0.9999 1 1
Saturated esters 0.9904 N/A N/A 0.9636 0.8292 0.9988 0.9354 09997 09742 0.8535 0.9098 0.9821 0.9989 0.9935 0.9431
Unsaturated esters 0.9914 N/A N/A 0.801 0.8315 N/A N/A 0.9998  0.9934 0.7967 0.9016 0.9808 0.9523 0.9802 0.91
Acyclic ethers 0.9842 0.25 0.9885  0.8987 0.9951 0.9886 0.9748 0.9999 09979 0.9986  0.9781 0.9459 0.9992 0.9919 0.9381
Furans 0.9961 09843 1 0.9854 0.9938 0.9984  N/A 0.9964  0.9979 0.9999 N/A 0.9835 0.9999 1 0.9996
Other cycloethers 0.9998 N/A N/A 0.9603 09913 0.9956  N/A 0.668 0.9995 09879 0.9919 0.9868 1 1 1
Carbonate esters N/A N/A N/A 0.9454 0956 N/A N/A 0.974 09985 1 N/A 0.9938 1 1 N/A
Carboxylic anhydrides N/A N/A N/A 0.9764 0.6742 N/A N/A 0.9884  0.9962 N/A 0.999 0.8913 1 0.997  0.7156
Peroxides N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
Hydroperoxides N/A N/A N/A N/A 0.9986 N/A N/A 0.9996  0.9998 N/A N/A 1 N/A 1 N/A
Polyfunctionals 0.9936 1 1 0.9602 0.9359 0.9865 0.9987 0.9962  0.9982  0.998 0.9765 0.9745 0.9059 0.922  0.9296
Carboxylic acids 0.9993 N/A N/A 0.9739 0.8527 0.9892 0.997 09999  0.997 0.9972  0.9433 0.9869 0.9995 0.9969 0.9086
Mixture 0.9841 09985 0.9946 N/A N/A N/A N/A N/A N/A 09973 N/A N/A N/A N/A N/A
Overall R? 0.9898 0.9884 0.9758 0.9653 0.9484 0.9968 0.9898 0.9959 09946 0.9993  0.9603 0.9798 0.9972 0.9935 0.9486
Overall MAE 1.565  1.391 1.581 9.539  10.609 0.6566 0.4420 44.014 52808 2.711 15456 6.234 1235 0.021  0.4556
Overall RMSE 2.776 2468  2.805 15.214 20.097 1.3991 0.7993 189.563 11.9453 7.567 21.951 10.142 4.798 0.062  0.7251
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4.3.2 Method application

Current ML-QSPR models enable to predict the 15 fuel physicochemical properties from the molecular structure.
The models possess the capability of interpolation and extrapolation through the 10-fold cross validation. This
section comprises 4 case studies of CN/RON/MON, YSI, LHV, T, to provide insight into the impact of the
chemical structure on the properties.
4.3.2.1 Case study of CN/RON/MON

As discussed in Chapter 3, the fuel ignition quality is quantified by CN (DCN), RON and MON. To determine
the ignition quality by CFR engine test, CN is applicable to diesel fuel oil or the fuels prone to autoignition [185]
while RON/MON is suited to the spark-ignition engine fuel or the fuels with high anti-knock propensity [189, 190]
as shown in Table 3.1. Therefore, it is difficult to determine the CN, RON, MON simultaneously by CFR engine
test which poses a great challenge to fuel screening of ignition quality. There are two measures to address this
issue: (1) Use the conversion formula between CN and RON/MON as shown in Table 3.2. But this method limits
to particular fuel types and the predictive accuracy is modest. (2) Develop CN/RON/MON predictive models from
the molecular structure or other fuel properties as summarized in Table 3.3. The other fuel properties include
ignition delay time (IDT), Fourier-transform infrared absorption spectra, NMR spectroscopy, Molecular mass,
hydration energy, boiling point, molar refractivity, octanol/water distribution coefficient, critical pressure, critical
volume, critical temperature, etc. The ML-QSPR models belong to the second technology roadmap and for more
details on ignition quality characterization please refer to section 3.1.

The measured and predicted results of CN/RON for n-alkanes and 1-alkanols are compared in Figure 4.6 and
the ML-QSPR models successfully capture the impact of fuel types and carbon atom numbers on CN and MON.
Figure 4.6 reveals two strong non-linear relationships for particular fuel types: (1) the non-linear relationship
between CN/RON and carbon atom numbers; (2) the non-linear relationship between CN and RON. These non-

linear relationships substantially reduce the predictive accuracy of conversion formulas between CN and
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RON/MON. The ML-QSPR models enable the user to forecast the interested properties of specific fuel compounds
without measured values or the data is no public access. The measured and predicted CN of 18 fuel types with 7
carbon atom numbers are shown in Figure 4.7 and they are ordered from lowest to highest as: toluene (aromatic)
<2.2.3-trimethylbutane(iso-alkane) = <methyl-2-hexenoate  (unsaturated ester) <Il-methylcyclohexanol
(cycloalcohol) <cycloheptanone (cycloketone) <methyl hexanoate (saturated ester) <l-heptyne (alkyne) <2-
methyl-1,5-hexadiene (alkadiene) <cycloheptane (cycloalkane) <cycloheptene (cycloalkene) <1-heptanol (alcohol)
<2-heptanone (ketone) <Il-heptene (alkene) <dipropyl carbonate (carbonate ester) <I1-butoxy-2-propanol
(polyfunctional) <n-heptane (n-alkane) <heptanal (aldehyde) <1-methoxyhexane (acyclic ether). The ML-QSPR
models also enable the CN/RON/MON/OS prediction of fuel mixtures as shown in Figure 4.8 and the high
predictive accuracy (R%: 0.9929 for CN, 0.9979 for RON, 0.9932 for MON, 0.8896 for OS) is achieved as shown
in Figure 4.9. The QSPR method decomposes the fuel molecules into component fragments and the regression
model development is based on the atom level rather than the molecular level. This characteristic of QSPR method

enables handling not only the pure compounds but also the fuel mixtures.
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4.3.2.2 Case study of YSI

Similar to section 4.3.2.1, the ML-QSPR model predict the YSI of 18 fuel types with 7 carbon atom numbers as

shown in Figure 4.10 and they are ranked from lowest to highest as: 1-methoxyhexane (acyclic ether) <1-butoxy-

2-propanol (polyfunctional) <2-heptanone (ketone) <heptanal (aldehyde) <methyl hexanoate (saturated ester)

<dipropyl carbonate (carbonate ester) <l-heptanol (alcohol) <n-heptane (n-alkane) <methyl-2-hexenoate

(unsaturated ester) <l-heptene (alkene) <cycloheptane (cycloalkane) <cycloheptanone (cycloketone) <2,2,3-

trimethylbutane (iso-alkane) <l1-heptyne (alkyne) <2-methyl-1,5-hexadiene (alkadiene) <cycloheptene

(cycloalkene) <1-methylcyclohexanol (cycloalcohol) <toluene (aromatic). The ring structure (cyclic hydrocarbon,

aromatic) and unsaturated bond (carbon-carbon double bond, carbon-carbon triple bond) dramatically increase the

YSI. The sooting tendency becomes more complex as increasing carbon atom numbers and molecular

isomerization degree. The ML-QSPR model can predict the impact of one side carbon chain, both sides carbon

chain and branching degree on YSI as shown in Figure 4.11. There are 3 distinct characteristics: (1) The YSI

increases with carbon atom number and the YSI of one side chain ethers are similar to both side-chain ethers with

identical carbon atom numbers. For example, the side chain ethers of methyl propyl ether (17.30), methyl pentyl

ether (25.32), methylheptyl ether (29.91), 1-methoxynonane (40.84) are corresponding to diethyl ether (15.38),

dipropyl ether (28.06), dibutyl ether (38.27), dipentyl ether (43.36). Many of the C6 or above ethers don’t have

measured YSI and fore measured data is needed to upgrade the extrapolation capability of the ML-QSPR model.

(2) Isomerization of fuel molecules can either increase or decreases the YSI compared to the straight-chain ether

which depends on the typical molecular structure. (3) For a given carbon atom number, YSI increases as the methyl

group moving toward the oxygen atom until forming the ring structure. For example, the predicted YSI of 2-

methoxy-3-methylbutane, 3-methoxypentane, 2-methoxypentane, tert-amyl methyl ether, cyclopentyl methyl ether

are 29.55, 31.36, 31.59, 37.75, 61.28 respectively as shown in Figure 4.11.
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4.3.2.3 Case study of LHV

The ML-QSPR model is applied to predict the LHV of 15 fuel types up to 12 carbon atom numbers as shown
in Figure 4.13 and the comparison between experimental and predicted values are provided in Appendix A. It
displays two trends: (1) The LHV increases linearly with carbon atom number for specific fuel types. This
phenomenon supports that the linear regression algorithm is the best-suited model to correlate the fuel molecular
structure features and LHV as shown in Table 4.4. (2) For the fuel types with the same carbon atom number the
LHV increases in the following order: alkylbenzenes <methyl esters <cycloalkanes <2-ketones <aldehydes <2-
alkanols <l-alkynes <Il-alkanols <2-methylalkenes <l-alkenes <acyclic ethers <2.2-dimetylalkanes <2-
methylalkanes <3-methylalkane < n-alkanes. Take the fuel molecules with 12 carbon atom numbers as an example,
the following order is obtained: n-hexylbenzene (6781.51 kJ/mol)<methyl undecanoate (6943.83
kJ/mol)<cyclododecane (7015.92 kJ/mol)<2-dodecanone (7140.01 kJ/mol)<dodecanal (7168.07 kJ/mol)<2-
dodecanol (7310.07 kJ/mol)<1-dodecyne (7312.56 kJ/mol)<1-dodecanol (7322.92 kJ/mol)<2-methyl-1-undecene
(7386.59 kJ/mol)<1-dodecene (7389.97 kJ/mol)<di-n-hexyl ether (7395.25 kJ/mol)<2.2-dimethyldecane (7505.22
kJ/mol)<2-methylundecane (7506.29 kJ/mol)<3-methylundecane (7509.12 kJ/mol)<n-dodecane (7509.78 kJ/mol).
The orders may change slightly as varying carbon atoms numbers due to the small difference for typical fuel types

(such as 3-methylalkane and n-alkanes).
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4.3.2.4 Case study of T,

The predicted T, of 15 fuel types from C1 to C12 is plotted in Figure 4.13 and the comparison between
experimental and predicted values are provided in Appendix A. The fuel molecules with 12 carbon atom number
rank from lowest to highest as: dodecanal (aldehydes) < 2.2-dimethyldecane (2.2-dimetylalkanes) < 3-
methylundecane (3-methylalkane) < 1-dodecene (1-alkenes) < 2-methylundecane (2-methylalkanes) < 2-methyl-
l-undecene (2-methylalkenes) < n-dodecane (n-alkanes) < 1-dodecyne (1-alkynes) < di-n-hexyl ether (acyclic
ethers) < n-hexylbenzene (alkylbenzenes) < methyl undecanoate (methyl esters) < 2-dodecanol (2-alkanols) <
cyclododecane (cycloalkanes) < 2-dodecanone (2-ketones) < 1-dodecanol (1-alkanols). The 7, and carbon atom
number display strong non-linear relationship which is different from LHV, so the T, orders of various fuel types
change significantly at varying carbon atom numbers. ML-QSPR model can provide the users a quantitative

prediction on T, properties for fuel screening.

240

(@ ~—#—n-Alkanes g ® _- A
a0 || ¢ 2Methylalkanes U | .,-‘ -
- =-3-Methylalkane i - o =
— @ =22 Dimetylalkanes i o
172+ 2-Methylalkenes i 206 | Y
—s¢— 1-Alkenes i
g || =5 - 1-Alkynes 172
=0 + Cycloalkanes
138 .
~ .
g ¢ .
z =104 - )
2 K e
H ¥ 70 A
= >
2 2
36 ~—f— n-Alkanes
«+# - Cycloalkanes
2 ==k == Alkylbenzenes
- ® —1-Alkanols
2-Alkanols
2 r —#— Acyelic ethers
~—3 - Aldehydes
158 -66 —o- - 2-Ketones
10 11 12 Methyl esters
: -100 . .

7

Carbon atom number in molecules

274

4 5 6 7 8 9 10 11
Carbon atom number in molecules

Figure 4.13. Predicted I, of C1~C12 (a) hydrocarbons, (b) n-alkanes, cycloalkanes, alkylbenzenes, 1-/2-alkanols,

acyclic ethers, aldehydes, 2-ketones, methyl esters.

150



4.4 Conclusions

This work develops ML-QSPR models to predict 15 physicochemical properties of 24 fuel types from molecular
structure. They can accelerate property-oriented fuel screening and provide insight into the impact of chemical
structure on properties. UOB Ful Property Database containing 1797 pure compounds and 465 mixtures is
established to train the regression models and prepare the fuel property matrix. QSPR-UOB 3.0 is proposed to
manually extract the structural features and transforms them into a fuel molecular structure matrix. 19 ML
algorithms are applied to map the fuel molecular structure matrix and fuel property matrix. 10-fold cross validation
is used to examine the model performance to predict new data and prevent over-fitting. The model with the
minimum RMSE is chosen as the optimal model for a particular property. Linear regression algorithm is the most
suitable for LHV and the Gaussian process regression algorithm is suited to the other 14 properties. Current ML-
QSPR models obtain reasonable predictive accuracy and the R? of CN, RON, MON, Tm s Tos AHVap , v ,LHY,
©,YSLIT, FP, VP, LFL, UFL are 0.9898, 0.9884, 0.9758, 0.9653, 0.9484, 0.9968, 0.9898, 0.9959, 0.9946, 0.9993,
0.9603, 0.9798, 0.9972, 0.9935, 0.9486 respectively.

The success of ML-QSPR models can be attributed to the following reasons: (1) The QSPR-UOB 3.0 functional
group classification system substantially increases molecular resolution by complementing aromatic bond at
position 10~14, ester group in ring structure, carbonate ester group, carboxylic anhydride group, hydroperoxide
group, peroxide group compared to QSPR-UOB 2.0 system. The QSPR-UOB 3.0 system contains only 42
component fragments covering 24 fuel types and it is simple to quantify the molecular structure features compared
to the commercial QSPR system with thousands of descriptors. (2) The non-linear systems of various properties
are described by nonparametric models created by ML algorithms. The ML algorithms facilitate high predictive
accuracy, fast training speed, reasonable memory usage. (3) UOB Fuel Property Database provides a large set of
samples for model training and validation. But more experimental data for typical chemical families are needed to

further improve the interpolation and extrapolation capacity of the ML-QSPR models.
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Chapter 5 Machine Learning and Deep Learning Enabled Fuel
Sooting Tendency Prediction from Molecular Structure

5.1 Introduction

Fuel sooting tendency is an important property for fuel screening to identify the suitable molecule and it can be
quantified by smoke point (SP) [362], threshold sooting index (TSI) [363], oxygen extended sooting index (OESI)
[364], micropyrolysis index (MPI) [365] and yield sooting index (YSI) [321, 361, 366]. SP measures the sooting
tendency of kerosene and aviation turbine fuel which represents the maximum height of a smokeless flame of fuel
burned in a wick-fed lamp [363]. TSI is an index free of apparatus dependence modified from the SP and takes
into account the effect of molecular weight on sooting tendency [363]. OESI accounts for the impact of oxygen
atom in fuel molecules on stoichiometric air [364]. These SP-based indices encounter problems to determine the
proper flame shape for compounds with high SP. MPI and YSI are independent of SP. MPI accounts for the
dependence of sooting tendency on oxygen concentration [365]. YSI is a robust measure of the sooting tendency
for a wide variety of fuel types including alkanes, alkenes, cycloalkanes, aromatics and oxygenates [321], thus it
is chosen as the sooting tendency indicator in this work. Soot formation model can provide insightful understanding
into the impact of chemical structure on the sooting tendency and screen the renewable fuels with soot-reducing
benefits. There are 3 technology roadmaps to build the YSI predicted model as summarized in Table 5.1: (1)
Machine learning (ML) roadmap. Group contribution method (GCM) or quantitative structure-property
relationship (QSPR) method is applied to manually extract chemical structure features. By using the GCM or
QSPR method, it is possible to extend the model application domain from pure compounds to fuel mixtures. ML
algorithms are used to correlate the structural features and target property. There are two ways to improve the
model predictive capacity of fuel properties: one is to propose an innovative functional group classification system
to increases the component fragment resolution; the other is to adopt new ML algorithms to fit the model input

and output. (2) Deep learning (DL) roadmap. A deep neural network is used to automatically learn the molecular

152



structure features and perform regression. The commonly used deep network is convolution neural network (CNN),

but it is usually utilized in computer vision domains such as image classification, object detection, semantic

segmentation, super-resolution, etc. The popular CNN architectures and their designed application domains are

summarized in Table 5.2 and it indicates that few CNN is specially developed for a regression problem. Without

tailor-made CNN architectures for a regression problem, the only way to conduct regression operation is by transfer

learning but the model performances contain considerable uncertainty. Schweidtmann et al. [367] for the first time

to utilize CNN into regression task to predict the fuel properties of cetane number, research/motor octane number.

Application of DL into fuel properties prediction is still in its infancy, there is no existing DL-CNN model for YSI

prediction. (3) Molecular Dynamics (MD) simulation. It uses ReaxFF reactive MD simulation to mimic the fuel

oxidation, pyrolysis and soot formation process. The advantage of this method is that the molecular dynamic

simulation does not require the chemical kinetic mechanism as an input, it is particular suitable to those fuel

molecules with poor-known or even unknown chemistry [323].

This work applies both ML and DL roadmap to build the YSI prediction model from the molecular structure and

conduct a systematic performance evaluation. In the ML route, QSPR-UOB 3.0 functional group classification

system is developed to manually extract chemical structure features and transform them into a fuel molecular

structure matrix. ML algorithm is used to map the fuel molecular structure matrix and Y'SI matrix. In DL, a tailor-

made CNN network of SDSeries38 is developed for automated features learning and regression operation based

on the molecule images. Transfer learning is performed on 10 classical CNN (which are designed for image

classification or object detection) for YSI prediction and they are compared with the SDSeries38 network in

predictive accuracy and training speed.
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Table 5.1. Comparison of YSI predicted method in this study with published methods

Feature extraction method Regression method Year Compound No. Training dataset R? RMSE Ref.
GCM (35 chemical groups) Linear regression 2015 265 YSI database Volume 1 [368] 0.95 N/A [369]
QSAR (5270 molecular descriptors) Multilayer perceptron 2017 297 YSI database Volume 1 [368] N/A N/A [319]
GCM (66 fragment types) Bayesian linear regression 2018 441 YSI database Volume 2 [370] N/A N/A [321]
GCM (37 structural groups) Kernel ridge regression 2019 204 YSI database Volume 2 [370] 0.9018 N/A [322]
QSPR (15 descriptors) Artificial neural network 2019 421 YSI database Volume 1 [368] N/A 13.478 [320]
ReaxFF software Molecular dynamics simulation 2020 2 YSI database Volume 2 [370] N/A N/A [323]
GCM (37 chemical groups) Artificial neural network 2021 449 YSI database Volume 2 [370] 0.99 N/A [371]
QSPR-UOB 3.0 (42 chemical groups) Gaussian process regression 2021 456 YSI database Volume 2 [370] 0.9993 7.567  This work
CNN-SDSeies38 CNN-SDSeies38 2021 456 YSI database Volume 2 [370] 0.9953 19.58  This work
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Table 5.2. Popular CNN architectures developed by the DL research community for feature extraction, classification, regression and transfer learning

Feature® CNN Purpose Training dataset Year  Top-1accuracy (%)  Top-5 accuracy (%)  Depth  Size Parameters Input size Ref.
(MB) M)
Versatile ~ SDSeries38 Regression YSI database Volume 2 2021 N/AP N/AP 10 22.7 6.03 150%300%3  This work
[370]
Accuracy  Xception Image classification ImageNet[372, 373] 2017 79 94.5 71 85 22.9 299x299x3  [374,375]
Accuracy  Densenet201 Image classification ImageNet[372, 373] 2017  78.54 94.46 201 77 20 224x224x3  [376,377]
Accuracy  Inceptionv3 Image classification ImageNet[372, 373] 2015 782 94.1 48 89 23.9 299x299x3  [378,379]
Accuracy  ResNetl8 Image ImageNet[372, 373] 2015 72.12 91.8 18 44 11.7 224x224x3  [380,381]
classification/
Object detection
Accuracy  ResNet50 Image ImageNet[372, 373] 2015 77.15 93.29 50 96 25.6 224x224x3  [381,382]
classification/
Object detection
Accuracy  ResNet101 Image classification ImageNet[372, 373] 2016  78.25 93.29 101 167 44.6 224x224x3  [380,381]
Accuracy  DarkNet19 Image classification ImageNet[372, 373] 2016 27.1 8.8 19 78 20.8 256%x256x3  [383,384]
Accuracy  DarkNet53 Image classification ImageNet[372, 373] 2016 22.8 6.2 53 155 41.6 256x256x3  [383,384]
Accuracy  InceptionResNetV2  Image classification ImageNet[372, 373] 2017 804 953 164 209 55.9 299x299x3  [385]
Speed AlexNet Image classification ImageNet[372, 373] 2012 593 81.8 8 227 61 227x227x3  [386,387]
Speed GoogleNet Image ImageNet[372, 373] 2014 68.7 93.33 22 27 7 224x224x3  [388,389]
classification/
Object detection
Speed VGG-16 Image classification ImageNet[372, 373] 2014 744 91.9 16 515 138 224x224x3  [390,391]
Speed VGG-19 Image classification ImageNet[372, 373] 2014 745 92 19 535 144 224x224x3  [390,391]
Size Shufflenet Image classification ImageNet[372, 373] 2018  73.7 91.23 50 5.4 1.4 224x224x3  [392-395]
Size Mobilenetv2 Image classification ImageNet[372, 373] 2018 72 91.76 53 13 3.5 224x224x3  [396,397]
Size Squeezenet Image classification ImageNet[372, 373] 2016 57.5 80.3 18 52 1.24 227x227x3  [398,399]
Size EfficientnetB0 Image classification ImageNet[372, 373] 2019 77.1 933 82 20 53 224x224x3  [400,401]

* The network features are divided according to network size (network requires low memory footprint and can be deployed to low-compute, low-power devices), accuracy (network enables learn informative

features and achieves high accuracy score), speed (simple network enables fast iterations and seeks a balance between speed and accuracy).

P Top-1 accuracy and Top-5 accuracy are used to evaluate the precision of image classification, SDSeries38 network is specially designed for regression tasks and it is not yet tested in classification problem.
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5.2. Modeling approach
5.2.1 Methodological overview

Two technology roadmaps of ML and DL are developed for YSI prediction as shown in Figure 5.1. (1) In the
ML technology roadmap, quantitative structure—property relationship (QSPR) is used to extract and digitalize the
fuel molecular structure features. 19 ML algorithms are implemented to train the regression models in parallel.
The model with minimum RMSE is chosen as the optimal ML-QSPR model for YSI regression. Especially, the
QSPR-UOB 3.0 functional group classification system is adopted for structural feature extraction. The ML-QSPR
model development is described in section 5.2.2. (2) In the DL technology roadmap, a convolution neural network
(CNN)-SDSeries38 is designed to perform automated feature extraction and regression task. The SDSeries38
network has a standard series network architecture containing 9 feature learning modules and 1 regression module
in series. The feature learning modules start with simples features and increase in complexity to the features that
define the sooting tendency as the modules progress [402]. The regression module flattens the network’s 2D spatial
features into a 1 D vector of each image and maps the vectors with responses for regression purpose. The DL-
CNN model development and relevant model information are explained detailly in section 5.2.3. The YSI dataset
is established for regression model training and validation which contains 444 pure compounds and 12 mixtures
covering 24 fuel types as shown in Table 5.3. The YSI data of pure compounds are derived from Yield Sooting

Index Database Volume 2 [370] while those of mixtures are collected from [321, 361].
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Figure 5.1. Frameworks showing two YSI prediction roadmaps of ML regression and DL regression.
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Table 5.3. Number of compounds of different chemical classes in the YSI dataset

Compound class

No. of compounds (measured data)

n-Alkanes
iso-Alkanes
Cycloalkanes
Alkenes
Cycloalkenes
Alkadienes
Alkynes
Aromatics
Alcohols
Cycloalcohols
Aldehydes
Ketones
Cycloketones
Saturated esters
Unsaturated esters
Acyclic ethers
Furans

Other cyclic ethers
Carbonate ester
Carboxylic anhydride
Peroxide
Hydroperoxide
Polyfunctionals
Carboxylic acids
Total oxygenates
Mixture

Total

8
22
20
36
12
1

3
122
49
1
18
28
2
40
20
34
3

N/A
N/A
N/A
14

4
220
12

456 (444 pure compounds+12 mixtures)
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5.2.2 ML-QSPR regression model development

The development of ML-QSPR models for 15 fuel properties has been explained detailly in Chapter 4 and the
ML workflow is illustrated in Figure 4.3, so this section only gives a necessary instruction of the model principle
for YSI prediction. QSPR-UOB 3.0 functional group classification system is implemented to manually extract
molecular structure features and transforms these features into a fuel molecular structure matrix. The elements of
the fuel molecular structure matrix of a particular fuel molecule represent the occurrence of the component
fragments listed in QSPR-UOB 3.0 system. The YSI training dataset provides the fuel property matrix for
regression purpose. 19 ML algorithms are adopted to map the fuel molecular structure matrix and fuel property
matrix and build the regression models as shown in Table 3.6. 10-fold cross validation is applied to validate the
model performance to predict new data and prevent over-fitting. The model with minimum RMSE is selected as
the optimal ML-QSPR model for YSI prediction. The model functions and parameters are demonstrated in Table

4.4.
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5.2.3 DL-CNN regression model development

The DL workflow to develop a deep neural network is illustrated in Figure 5.2 which comprises 3 steps. (1)
Data access and preparation. YSI dataset containing 444 pure compounds is established based on Yield Sooting
Index Database Volume 2 [370]. Accordingly, the images of 444 fuel molecules are prepared by Chemdraw
software [403] and the image size would be resized to 150x300%3 (height>width>depth) before entering the
SDSeries38 network. The images and YSI values are the DL-CNN model input and output respectively. (2)
Develop and train the CNN predictive model. MATLAB deep network designer toolbox is used to build the CNN
architecture and the model training is perform by Experiment Manager toolbox or MATLAB command lines. In
this work, the model training is performed on a device with Intel® Core™ i5-4200M Processor (2 cores, 4 threads,
3.1 GHz), 32GB memory, Intel® HD Graphics 4600 integrated graphics, GeForce GT 755M independent graphics.
(3) Deploy the trained network into production systems on desktops, mobiles, embedded devices as an application.
There are 4 most common ways to deploy the DL-CNN model depends on the intended purposes: (a) Deploy as
an APP on desktops or mobile devices by MATLAB Compiler. (b) Deploy to the cloud or a server by MATLAB
Production Server. (¢) Deploy to desktop-based GPUs by MATLAB GPU Coder. (d) Deploy to embedded devices
such as GPUs or processors.

A standard series CNN with 38 layers, SDSeries38, is built for YSI prediction which contains 1 image input
layer, 9 feature learning modules and 1 regression module as shown in the red box of Figure 5.3. The image input
layer imports the graphs into the network and performs data normalization. Each feature learning module is a stack
of convolution layer, batch normalization layer, rectified linear unit (ReLU) layer, max pooling layer. The
convolution layer appliers sliding convolutional filter to the input and the feature map forms as a result of the filter
moving along the layer input as shown in the red box of Figure 5.4. The filter size is 3x3x [
(heightxwidthxnumber of filters) and NNy doubles when advances to the next convolution layer until reaching 512.

N- is equal to 8, 16, 32, 64, 128, 256, 512 for 9 convolution layers which generates the corresponding number of
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feature map to store the features (local information) as feature map size scaling down by the max pooling layers.
The filters scan through the input with a stride of 1 and padding of 0, thus the feature map size remains consistent
before and after the convolution layer. The batch normalization layer normalizes the layer input across a mini-
batch which is used to accelerate the network training and weaken the network initialization sensitivity. The ReLU
layer implements a threshold operation to all the input elements, where all the negative values are set to zero as
shown in Eq. (5.1). To reduce the connection numbers to the sequential layer, max pooling layer is adopted to
down-sample the layer input. Max pooling layer divides the input into a few rectangular pooling areas and extracts
the maximal value of each area as shown in the blue box of Figure 5.4. In other words, the max pooling layer
down-sample the input feature maps by dividing the input into rectangular pooling regions of height 2, width 2
and returns the maximal values of each region as shown in the blue box. The dropout layer randomly sets the input
elements to zero with a given probability. By applying 9 feature learning modules, the feature map size shrinks
progressively from 150x300x3 to 2x3x512 and the feature map size of each layer is listed in Table 5.4. The drop
of the feature map size alongside the deeper feature learning modules reduces the capacity requirement of computer
memory. The required memory decreases from 1598.4 MB of the 1% convolution layer to 13.64 MB of the 9*"
convolution layer as shown in Table 5.4. The number of filters at each convolution layers increases as 8, 16, 32,
64, 128,256, 512 and the numbers of feature map increases correspondingly to store the learned features as shown
in the blue box of Figure 5.3. Thus, the model parameters increase from 224 of the 1% convolution layer to 2359808
of the 9 convolution layer as shown in Table 5.4. The regression module consists of 1 fully connected layer and
1 regression layer. The fully connected layer combines all the learned features from the previous layers to recognize

the larger patterns. The regression layer calculates the half-mean-squared-error loss of the predictive response by

Eq. (5.2).
f(X)={);:§:g (5.1)

R (t —vV. 2
loss = lzw (5.2)

27 R
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The model parameters set up and SDSeries38 network training compose 6 steps. (1) Define the solver and a
maximum number of epochs. Stochastic gradient descent with momentum (SGDM) is adopted as a solver to move
toward the negative gradient of the loss function. SGDM can overcome local minima and saddle points to avoid
gradient descent to zero [404]. The maximum number of epochs is set as 40 and the training data is shuffled and
looped over mini-batches for each epoch for SDSeries38 network training as shown in Table 5.5. (2) Specify and
modify the learning rate. The learning rate initializes as 1E-05 until epoch 20 and then it drops to 1E-06 until the
maximum number of epochs. (3) Select hardware resources. (4) Train the CNN. The tuned hyperparameters of the

SDSeries38 network are presented in Table 5.5.
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Figure 5.2. DL workflow to develop a deep neural network for regression.
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SDSeries38 architecture for regression (series network, stack CONV-Batch norm.-ReLU-POOL layers)
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Figure 5.3. The network architecture of SDSeries38 for regression. The sequence of deep learning layers (red box)
and obtained feature maps (blue box).
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Convolution layer
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Figure 5.4. Convolution operation on a MxNx3 image matrix with a 3x3x3 filter (red box) and 2x2 max pooling

operation over convolved feature map (blue box).
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Table 5.4. SDSeries38 architectural dimensions

No. Layer type Filter size Stride Padding Activations size Parameters Memory Convolution
Height Width No. Vertical Horizontal Top/Bottom Left/Right Height Width Depth Weights Bias Offset Scale (MB) # operation

1 Image input N/A N/A NA NA N/A N/A N/A 150 300 3 N/A N/A N/A N/A 599.4 0

2 Convolution 3 3 8 1 1 Same * Same 150 300 8 3x3x3x8 Ix1x8 N/A N/A 1598.4 9720000

3 Batch N/A N/A NA NA N/A N/A N/A 150 300 8 N/A N/A Ix1x8 Ix1x8 N/A N/A
normalization

4 ReLU N/A N/A  NA NA N/A N/A N/A 150 300 8 N/A N/A N/A N/A N/A N/A

5 Max pooling 2 2 8 2 2 0 0 75 150 8 N/A N/A N/A N/A 399.6 0

6 Convolution 3 3 16 1 1 Same Same 75 150 16 3x3x8x16 IxIx16  N/A N/A 799.2 12960000

7 Batch N/A N/A  NA NA N/A N/A N/A 75 150 16 N/A N/A Ix1x16  1x1x16  N/A 0
normalization

8 ReLU N/A N/A  NA NA N/A N/A N/A 75 150 16 N/A N/A N/A N/A N/A 0

9 Max pooling 2 2 16 2 2 0 0 38 75 16 N/A N/A N/A N/A 202.464 0

10 Convolution 3 3 32 1 1 Same Same 38 75 32 3x3x16%32 Ix1x32  N/A N/A 404.928 13132800

11 Batch N/A N/A  NA NA N/A N/A N/A 38 75 32 N/A N/A Ix1x32  1x1x32  N/A 0
normalization

12 RelLU N/A N/A  NA NA N/A N/A N/A 38 75 32 N/A N/A N/A N/A N/A 0

13 Max pooling 2 2 32 2 2 0 0 19 38 32 N/A N/A N/A N/A 102.58176 0

14 Convolution 3 3 64 1 1 Same Same 19 38 64 3x3x32%64 IxIx64  N/A N/A 205.16352 13307904

15  Batch N/A N/A  NA NA N/A N/A N/A 19 38 64 N/A N/A Ix1x64  1x1x64  N/A 0
normalization

16  ReLU N/A N/A N/A  N/A N/A N/A N/A 19 38 64 N/A N/A N/A N/A N/A 0

17 Max pooling 2 2 64 2 2 0 0 10 19 64 N/A N/A N/A N/A 53.9904 0

18 Convolution 3 3 128 1 1 Same Same 10 19 128 3x3x64x128 1x1x128 N/A N/A 107.9808 14008320

19  Batch N/A N/A N/A  N/A N/A N/A N/A 10 19 128 N/A N/A I1x1x128 1x1x128 N/A 0
normalization

20  ReLU N/A N/A N/A  N/A N/A N/A N/A 10 19 128 N/A N/A N/A N/A N/A 0
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21 Max pooling 2 2 128 2 2 0 0 5 10 128 N/A N/A N/A N/A 28.416 0

22 Convolution 3 3 256 1 1 Same Same 5 10 256 3x3x128%x256  1x1x256 N/A N/A 56.832 14745600

23 Batch N/A N/A N/A  N/A N/A N/A N/A 5 10 256 N/A N/A Ix1x256  1x1x256 N/A 0
normalization

24 ReLU N/A N/A N/A  N/A N/A N/A N/A 5 10 256 N/A N/A N/A N/A N/A 0

25  Max pooling 2 2 256 2 2 0 0 3 5 256 N/A N/A N/A N/A 17.0496 0

26  Convolution 3 3 512 1 1 Same Same 3 5 512 3x3x256x512  1x1x512 N/A N/A 34.0992 17694720

27  Batch N/A N/A N/A  N/A N/A N/A N/A 3 5 512 N/A N/A Ix1x512  1x1x512 N/A 0
normalization

28  ReLU N/A N/A N/A  N/A N/A N/A N/A 3 5 512 N/A N/A N/A N/A N/A 0

29  Max pooling 2 2 512 2 2 0 0 2 3 512 N/A N/A N/A N/A 13.63968 0

30  Convolution 3 3 512 1 1 Same Same 2 3 512 3x3x512x512  1x1x512  N/A N/A 13.63968 14155776

31  Batch N/A N/A N/A  N/A N/A N/A N/A 2 3 512 N/A N/A Ix1x512  1x1x512 N/A 0
normalization

32 ReLU N/A N/A N/A  N/A N/A N/A N/A 2 3 512 N/A N/A N/A N/A N/A 0

33 Convolution 3 3 512 1 1 Same Same 2 3 512 3x3x512x512  1x1x512  N/A N/A 13.63968 14155776

34 Batch N/A N/A N/A  N/A N/A N/A N/A 2 3 512 N/A N/A Ix1x512  1x1x512 N/A 0
normalization

35 ReLU N/A N/A N/A  N/A N/A N/A N/A 2 3 512 N/A N/A N/A N/A N/A 0

36  Dropout N/A N/A N/A  N/A N/A N/A N/A 2 3 512 N/A N/A N/A N/A N/A 0

37  Fully N/A N/A N/A  N/A N/A N/A N/A 1 1 3072 1x3072 1x1 N/A N/A 0.00444 0
connected

38  Regression N/A N/A N/A  N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 0
output

* Add padding of size at training/prediction time so that the output has the same size as the input when the stride equals 1. If the stride is larger than 1, then the output size is ceil(inputSize/stride),
where input size is the height or width of the input and stride is the stride in the corresponding dimension.
P The required memory is calculated based on the YSI training dataset of 444 fuel molecule graphs.
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Table 5.5. Tuned hyperparameters of SDSeries38 network for YSI prediction

Specification Item

Solver SGDM optimizer
Momentum 0.9

Initial learn rate 1.0E-05
Learn rate schedule Piecewise
Learn rate drop factor 0.1

Learn rate drop period 20

L2 Regularization 1.0E-05
Gradient threshold method L2norm
Gradient threshold Inf

Max epochs 40

Mini batch size 111

Verbose 1

Verbose frequency 1

Shuffle Every-epoch
Execution environment auto

Plots

Sequence length

Sequence padding value
Sequence padding direction
Dispatch in background

Reset input normalization

Training-progress
Longest
0

Right
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5.3 Results and discussion
5.3.1 Predictive accuracy of ML-QSPR model and DL-CNN model

The correlation coefficients of the ML-QSPR model and DL-CNN model-SDSeries38 are 0.9993 and 0.9953
respectively as shown in Figure 5.5. The RMSE of the ML-QSPR model and DL-CNN model-SDSeries38 are
7.567 and 19.58 as shown in Table 5.6. The predictive accuracy of the ML-QSPR model outperforms the
SDSeries38 network. Especially, the ML-QSPR model obtains much lower YSI predicted residuals for most of the
compound groups than the SDSeries38 network as shown in Figure 5.6. The R? of different compound groups also
supports that ML-QSPR obtains good overall and subgroup predictive performance as shown in Table 5.6. The R?
of cycloalkanes, alkenes, alcohols, saturated esters, unsaturated esters, furans, other cyclic ethers, polyfunctionals
for SDSeries38 network are 0.4992. 0.2389, 0.1726, 0.00484, 0.2086, 0.0008, 0.3858, 0.0715 as shown in Table
5.6. The DL roadmap implements CNN to learn the structural features but it still needs significant improvement

to capture the dependence of YSI on molecular structures for typical chemical classes.
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Figure 5.5. Parity plots of YSI between measured and predictive values and error distribution histogram by (a)
ML-QSPR model and (b) DL-CNN model of SDSeries38 network.
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of SDSeries38 network.

Table 5.6. Correlation coefficients and RMSE of YSI prediction by ML-QSPR model and DL-CNN model of

SDSeries38 network

R? ML-QSPR DL-CNN
n-Alkanes 0.9999 0.8656
iso-Alkanes 0.9979 0.5503
Cycloalkanes 0.9968 0.4992
Alkenes 0.99947 0.2389
Cycloalkenes 0.9999 0.9764
Alkadienes N/A N/A
Alkynes 0.9942 0.9176
Aromatics 0.9979 0.9927
Alcohols 0.9973 0.1726
Cycloalcohols N/A N/A
Aldehydes 0.9946 0.6713
Ketones 0.9999 0.9717
Cycloketones 1 1
Saturated esters 0.8535 0.00484
Unsaturated esters 0.7967 0.2086
Acyclic ethers 0.9986 0.8746
Furans 0.9999 0.0008
Other cycloethers 0.9879 0.3858
Carbonate esters 1 0.6123
Carboxylic anhydrides N/A N/A
Peroxides N/A N/A
Hydroperoxides N/A N/A
Polyfunctionals 0.998 0.0715
Carboxylic acids 0.9972 0.7624
Mixture 0.9973 N/A
Overall R? 0.9993 0.9953
Overall MAE 2.711 13.352
Overall RMSE 7.567 19.58
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5.3.2 Transfer learning of 10 classical CNN architectures

10 classical CNN of AlexNet [386, 387], Densenet201 [376, 377], GoogleNet [388, 389], Inceptionv3 [378,
379], Mobilenetv2 [396, 397], ResNet18 [380, 381], Resnet50 [381, 382], Shufflenet [392-395], Squeezenet [398,
399], Xception [374, 375] are applied to predict YSI and compared with SDSeries38 network of this work. The
max epochs of these 11 networks are set as 40 and the mini batch size varies depending on the available/required
memory. The traditional transfer learning is to replace the final layers with new layers to learn the new dataset,
then set a faster learning rate in the new layers than those in the transferred layers [404]. However, it is not adapted
to the YSI prediction problem because these 10 classical CNN are developed for image classification. To make
these CNNss fit the current problem, the CNN architectures are maintained unchanged but the learnable parameters
(weights and bias) in the convolution layer and fully connected layer are trained from the scratch. The network
training progress of the SDSeries38 network and 10 classical CNN are illustrated in Figure 5.7. The SDSeries38,
Xception, Shufflenet, Resnet50, Resnetl8, Mobilenetv2, Inception v3 obtain lower mini-batch size RMSE after
40 epochs training while other networks have little effect to reduce the RMSE. The predictive accuracy versus
model training speed of these 11 networks are shown in Figure 5.8 and it indicates that the SDSeries38 network
achiebes the the lowest RMSE and the shortest time elapsed per epoch among the studied networks. The model
performance (based on predictive accuracy and model training speed) for YSI prediction orders from high to low
as:
SDSeries38>ResNetl1 8>ResNet50>Inceptionv3>Xception>Densenet201>Shufflenet~GoogleNet=Squeezenet~A

lexNet.
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5.3.3 Challenge of application DL into regression problem

As discussed in section 5.3.1 and section 5.3.2, the predictive accuracy of DL-CNN is lower than the ML-QSPR
method and the SDSeries38 network obtains better accuracy than 10 classical CNN. It is necessary to examine
how to further improve the predictive accuracy of the DL roadmap by optimizing the CNN architectures. There
are a few reasons that the 10 classical CNN do not obtain high YSI predictive accuracy: (1) These networks are
originally designed for image classification rather than regression. Rare CNN architectures are specially designed
for regression problem and it is still in its infancy. (2) Even for the image classification problem, their predictive
accuracy are still far from perfect. The top-1 accuracy of theses networks ranks from highest to lowest as:
Xception(79%) > Densenet201 (78.54%) > Inceptionv3 (78.2%) > ResNet50 (77.15%) > Shufflenet (73.7%) >
ResNet18 (72.12%) > Mobilenetv2 (72%) > GoogleNet (68.7%) > AlexNet (59.3%) > Squeezenet (57.5%) as
shown in Figure 5.9. Breakthrough technology is needed for CNN architecture in DL to substantially promote
predictive accuracy. Top-1 accuracy and top-5 accuracy represent the fraction of test images for which the correct
label is amongst the model’s top-1 and top 5 predictions respectively [372, 373]. They are the commonly used
evaluation index of image classification in ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
competition [372, 373].

Even though image classification problem and regression problem are different types of problems, their
evaluation indexes can represent the models’ performances well and exist inherent relationships. The model with
a lower top-1 error rate for image classification also obtains lower RMSE in YSI regression and the R? is 0.6333
as shown in Figure 5.10. According to this result, the CNN with higher top-1 accuracy is preferred when conducting
transfer learning from image classification problem to regression problem. Given that the specially designed
SDSeries38 network in this work outperforms 10 classical CNN networks in predictive accuracy and training
speed for YSI prediction (see Figure 5.8). It indicates that tailor-made CNN is needed for typical regression

problem to achieve better predictive accuracy. The established CNN are designed for image classification, object
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detection, semantic segmentation, instance segmentation, biomedical image segmentation, human pose estimation,
generative adversarial network, super resolution, image restoration, video frame interpolation, video coding, but
rare of them are oriented to a regression problem. The deeper the network usually results in higher predictive
accuracy (see Figure 5.9) but the error rate will increase once the number of layers exceeds a certain point [405]
as shown in Figure 5.11 (a). Given that the layer numbers can not grow infinitely, some functional modules that
have proven successful in image classification problem can be introduced into the tailor-made CNN for a
regression problem. For example, residual learning module (in ResNet18/50/101 network [380-382]); inception
module (in GoogleNet network [388, 389]); dense module (in Densenet201 network [376, 377]) etc and the new
modules are required. So. the tailor-made CNN for regression problem should be a modular structure to

accommodate the typical functional modules.
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Figure 5.9. Accuracy and network depth of 10 classical CNN architectures for image classification training on
ImageNet database [373].
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5.4 Conclusions

This work applies two technology roadmaps of ML and DL for YSI prediction and performs a systematic
performance evaluation. The YSI dataset containing 444 pure compounds and 12 mixtures is set up for model
training and validation. In the ML roadmap, the QSPR-UOB 3.0 functional classification system is developed to
extract structural features and transforms them into a fuel molecular structure matrix. 19 ML algorithms are utilized
to map the fuel molecular structure matrix and YSI matrix. Gaussian process regression obtains the best predictive
accuracy and the R?, RMSE are 0.9993 and 7.567 respectively. ML-QSPR model can apply to mixtures as well
since the QSPR method decomposes the fuel molecules into component fragments. QSPR method eliminates the
gap between pure compounds and mixtures. In the DL roadmap, a special design CNN of SDSeries38 is
implemented for feature learning and regression. It is a standard series network architecture containing 1 image
input layer, 9 feature learning modules and 1 regression module with 38 layers in total. The feature learning module
is a stack of convolution layer, batch normalization layer, ReLU layer and max pooling layer and the regression
module comprises a fully connected layer and a regression layer. The R? and RMSE of the DL-CNN model are
0.9953 and 19.58 respectively.

The ML-QSPR model achieves better predictive accuracy than the DL-CNN model of SDSeries38 and requires
less computational resource for model training and prediction on new data. In the deep learning scope, the
SDSeries38 network outperforms 10 classical in terms of predictive accuracy and model training/prediction speed.
Most of the established CNN is developed for image classification and the network with higher top-1 accuracy for
classification usually has better accuracy for a regression problem. Therefore, the network with higher top-1
accuracy is preferred when performing transfer learning from the image classification problem to the regression
problem. Applying DL technology to regression problem and computer vision is in its infancy, some gaps need to
be filled: (1) Tailor-made CNN architectures for regression problem are required to substantially improve model
predictive capability. (2) Direct transfer learning the established CNN architectures from image classification to
regression does not guarantee good performance and more innovative network architectures are required. (3) One
of the specially-developed CNN for regression problem is to adopt a modular structure with typical functional

modules such as residual module, inception module, dense module.
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Chapter 6 High Throughput Fuel Screening by ML-QSPR and
Chemical Kinetics for Internal Combustion Engines

6.1 Introduction

Substantive researches are carried out on the thermodynamic cycle/combustion mode optimization [254, 255,
257,258] and clean-burning fuel components development (including petroleum-derived fuels and biofuels) [115,
259, 261, 264, 406]. Biofuels can improve the fuel quality, reduce the particulate emission and carbon footprint,
more importantly, their molecular structure and hence the physicochemical properties provide an additional degree
of freedom for property-oriented fuel design. A vast amount of biofuels are derived from biomass [407-410], but
it is not feasible to identify the ideal molecules enabling efficient and clean combustion by performing fundamental
combustion tests (shock tube, RCM, JSR, PFR, CVV) and engine experiments for all these compounds. Engine
experiments are time-consuming and require a significant number of samples, so it is not practical to adopt engine
tests for fuel screening especially for those expensive compounds.

The property-oriented fuel design concept integrates the fuel combustion/emission and fuel synthesis into
consideration [268, 269]. It adopts engine combustion and emission requirements as design rules to determine the
desirable physicochemical properties, and hence to identify the promising blendstock candidates from both fossil
and bio-feedstock. Therefore, an efficient and precise model-based fuel screening approach is necessary to discover
viable high-performance fuels for internal combustion engines. The recent progress of fuel screening approaches
is summarized in Table 6.1 and these methods can broadly divide into two categories: (1) establishing a fuel
property database by compiling the measured fuel property data; (2) constructing fuel property predictive models
to compute the missing property data.

To realize the efficient and clean combustion process in the IC engine, the desirable fuel physicochemical
properties should be clarified. The major physicochemical properties relevant to engine combustion/emission

performance include 5 categories, 16 parameters: (1) volatility specification: melting point T, , boiling point T,
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vapor pressure (VP), enthalpy of vaporization AH,, ; (2) atomization specification: surface tension » , kinematic
viscosity V ; (3) energy density: lower heating value (LHV), liquid density p ; (4) sooting tendency: yield
sooting index (YSI); (5) ignitability: CN, RON, MON, ignition temperature (IT), flash point (FP), lower/upper
flammability limits (LFL/UFL). The forecasting approaches of these 16 physicochemical properties by computer-
aided molecular design (CAMD) technique are summarized in Table 3.3 and Table 4.1. QSPR and GCM (group
contribution method) are the mainstream technologies for structural feature extraction. The regression models are
developed by supervised machine learning algorithms including multiple linear regression (MLR), artificial neural
networks (ANN), support vector machine (SVM), etc. A wide variety of QSPR/GCM schemes are developed to
predict these 16 parameters, but none of them can apply to these 16 parameters simultaneously. Researchers have
to apply different QSPR or GCM schemes to specific properties which cause additional difficulty to high-
throughput (multiple fuel types and properties) fuel screening [411].

This work proposes a high-throughput fuel screening approach coupling quantitative structure property
relationship (QSPR) and machine learning (ML) to identify the suitable fuel blendstocks with desirable properties
enabling efficient and clean combustion. The fuel screening approach composes of Tier 1 fuel physicochemical
property screening and Tier 2 chemical kinetic screening. The paper is structured as follows: Section 1 provides
an overview of the objective, challenges and methods of fuel screening for internal combustion engine. Section 2
proposes the fuel screening approach by coupling ML-QSPR and chemical kinetics which consists of Tier 1 fuel
physicochemical property screening and Tier 2 chemical kinetic screening. Two case studies showcase the fuel
screening for spark ignition (SI) and compression ignition (CI) engines in section 3.1 and section 3.2 respectively.
Section 3.3 presents the CI engine test results of the selected fuel components recommended by the fuel screening

result. Section 4 presents the concluding remarks.

177



Table 6.1. Overview of fuel screening approaches and applications

Engine  Project No. of Target properties Chemical families Method Ref.
compounds
SI Co- 470 T, . T, , solubility, corrosivity, n-Paraffins, iso-paraffins, olefins, aromatics, naphthenes, Fuel properties database [266]
Optima toxicity, safety, biodegradation, alcohols, ketones, fatty acid, esters, furans, ethers, multi-ring [230]
RON aromatics, aldehydes, fatty esters, carboxylic acids
Co- 369 T., T,, RON, MON, AH,,,, LHV, Alkanes, alcohols, alkenes, esters, ethers, furans, ketones, Fuel properties database [412]
Optima » ’ solubility, safety, polyfunctionals [230]
biodegradation
Co- 41 RON, OS PRF, TPRF, and PRF40—ethanol blend Gaussian process classifier [413]
Optima
TMFB 3,215 oxygen content, T, T,, », V, n-Paraffins, iso-paraffins, olefins, aromatics, naphthenes, QSPR model [191]
AH_, DCN alcohols, ethers, esters, ketones, aldehydes, and
* polyfunctionals
ClI Co- 456 T., T,, FP, T,. ., lubricity, n-Paraffins, iso-paraffins, olefins, aromatics, naphthenes, Fuel properties database [414,
Optima . . .. e alcohols, ketones, fatty acid, esters, furans, ethers, multi-ring [230] 415]
viscosity, conductivity, oxidation A e ldehvdes. fatty est boxvli d
stability, solubility, toxicity, safety, romatics, aldeliydes, fatly esters, carboxylic acids
corrosivity, biodegradation, CN,
LHYV, YSI
Co—. 36 T., T,, FP, T, LHV, v, ICN, Alkanes, ethers, alcohols, ketones, enones, esters EPI Suite [416]
Optima water-solubility, YSI
TMFB 3215 oxygen content, T, T,, », V, n-Paraffins, iso-paraffins, olefins, aromatics, naphthenes, QSPR model [191]
AH_, DCN alcohols, ethers, esters, ketones, aldehydes, and
* polyfunctionals
General* Co- 1977 RON, TSI, T, Hydrocarbons/oxygenates BioCompoundM software  [417]
Optima
NKRDPC 319895 p, T, T, T, P, V., M Saturated hydrocarbon Single-layer neural [418]

vap >

AH ., LHYV, specific impulse

fus »

network

* General-purpose fuel property characterization tool.
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6.2 Modeling approach
6.2.1 Methodological overview

To identify promising fuel blendstock candidates with desired properties enabling efficient and clean
combustion, this work develops a high-throughput fuel screening approach for internal combustion engines by
machine learning-quantitative structure property relationship (ML-QSPR) and chemical kinetics. The term “high
throughout” means the proposed approach applies to multiple fuel types and fuel properties. The general scheme
of the model-based fuel screening for internal combustion engines is shown in Figure 6.1. The high throughput
fuel screening consists of Tier 1 physicochemical properties screening and Tier 2 chemical kinetic screening. Tier
1 and Tier 2 screenings aim at discovering the novel fuel candidates that meet the basic specification requirements
and significantly lessening the workload of combustion research. The prioritized fuel candidates are then becoming
the target molecules of the synthetic pathway analysis and catalytic production route design. Both fundamental
combustion experiments (CVV, JSR, shock tube, RCM) and engine experiments examine the combustion and
emission performance of the selected components. The fundamental combustion experiments provide valuable
data for chemical kinetic mechanisms development, verification and understanding of the fuel reactivity,
autoignition propensity, and reaction pathways. Engine experiments at diverse combustion modes and operating
conditions enable to verify the potential of the chosen fuel molecules to achieve ultra-low pollutant emissions. The
fundamental combustion tests and engine tests enrich the laboratory collections and literature data and it further
nurtures the development of ML-QSPR predictive models.

Tier 1 screening examines the fuel physicochemical properties of melting point T, boiling point T, vapor
pressure (VP), enthalpy of vaporization AH\,ﬁp , cetane number (CN), research octane number (RON), motor octane
number (MON), ignition temperature (IT), flash point (FP), yield sooting index (Y SI), liquid density ( p ), lower

heating value (LHV), surface tension » , lower/upper flammability limit (LFL/UFL). These properties are

computed by the corresponding ML-QSPR predictive models. QSPR theory assumes that fuel physicochemical
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properties are a sum result of the fuel molecular structure, hence, the compounds with similar molecular descriptors
exhibit similar physicochemical properties. An ungraded QSPR-UOB 3.0 functional classification system is
adopted to decompose molecules into structural fragments and record as fuel molecular structure matrix which is
improved from QSPR-UOB 2.0 system [357]. ML algorithms are used to train the 15 predictive models correlating
the fuel molecular structure matrix and fuel property matrix. UOB Fuel Property Database containing 23 chemical
families, 1742 pure compounds and 465 mixtures is established for model training. Its data mainly derive from
Co-Optimization of Fuels & Engines: fuel properties database [230], compendium of experimental cetane numbers
[193]. octane and cetane number data tabulation [208. 209], API data book [231]. American petroleum institute
research project 45 [232], yield sooting index database [321], CRC handbook of chemistry and physics [358]. The
fuel properties screening criteria for SI and CI engines are set up to distinguish the molecules with desirable

properties. Tier 2 fuel chemical kinetic screening examines ignition delay time, ¢ -sensitivity, laminar flame

speed which represent the fuel reactivity, stratified charge sequential autoignition capacity, combustion rate and

dilution ratio.
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Figure 6.1. The workflow of virtual fuel screening by ML-QSPR and chemical kinetics.
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6.2.2 Tier 1 fuel physicochemical property screening and Tier 2 chemical kinetic screening

The fuel screening approach composes of Tier 1 fuel physicochemical property screening and Tier 2 chemical
kinetic screening. Tier 1 screening contains 5 categories: (1) volatility; (2) atomization; (3) energy density; (4)
sooting propensity; (5) ignitability. The volatility is described by the T,, T, and AHvap . The atomization
performance is depicted by surface tension » and dynamic viscosity x , but the latter parameter does not
participate in the current screening process. The 42 molecular descriptors of QSPR-UOB 3.0 system cannot fully
capture the principle component of dynamic viscosity (R?<0.6). The energy density is considered by LHV and p
while the sooting propensity is evaluated by Y SI. The ignitability is characterized by RON, OS for SI engines and
CN for CI engines respectively. In Tier 1 screening, these 15 fuel properties are calculated by the ML-QSPR
predictive models. The fuel specifications requirements recommended by Co-Optima and TMFB projects are
summarized in Table 6.2.

Tier 2 screening consists of 3 parameters: (1) ignition delay times 7 ; (2) ¢-sensitivity; (3) laminar flame speed
S, . Boosted autoignition (knock) condition for SI engines is represented by ¢=1.0, Tini=750~850K, Piy;=50bar
[419] which is also beyond RON ( K <0) condition [420, 421]. The advanced autoignition condition for CI engines
is represented by ©=0.3, Tini=1050~1200K, Pis;=25bar [419]. The longer the ignition delay times, the better knock
resistance performance in SI engines while the shorter the ignition delay times, the more readily autoignition in CI
engines. @-sensitivity quantifies the variation in how readily a fuel-air mixture autoignites as the equivalence ratio
¢ altering and the definition is shown in Eq. (1) [422]. The change of ignition delay times with the equivalence
ratio allows creating higher ¢-gradient within the combustion chamber for sequential autoignition. The regions
with higher fuel concentration autoignite faster than the fuel-lean regions. The sequential autoignition can expand
the engine speed-load range of kinetic controlled combustion by reducing the peak combustion pressure and
pressure rise rate. Higher ¢-sensitivity fuels can tune ignition timing via charge stratification and benefit the engine

efficiency and noise. The laminar flame speed influences the premixed combustion properties (fuel-air mixture
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reactivity, combustion rate, dilution tolerance) which is critical to both boosted SI combustion and advanced CI

combustion strategies. The higher the laminar flame speed, the greater the combustion rate and dilution tolerance.

dlog (7, ) "
n=-——r—x
dlo
o).,
where 77, Tj,, @ denote ¢ -sensitivity, ignition delay time and equivalence ratio respectively.
Table 6.2. Fuel specifications requirements recommended by Co-Optima and TMFB projects
Specifications Fuel blendstocks for SI engine Fuel blendstocks for CI engine
Co-Optima [266, TMFB® TMFB# Co-Optima [414, TMFB
413] [191] [191] 415, 423] [191]
Oxygen content N/A >10 >10 N/A >10
(Wt.%)
T, (°C) 20~165 60~120 60~150 <338 60~250
Tm (OC) <-10 <-20 <0 <0 <-20
T (°C) N/A N/A N/A <0 N/A
¥ (mN/m) N/A <30 <35 N/A <30
V @40°C (mm?%s)  N/A <2 <5 1.9~4.1 <45
AHvap (kJ/kg) N/A <60 <60 N/A N/A
FP (°C) N/A N/A N/A >52 N/A
Lubricity® (um) N/A N/A N/A <520 N/A
CN/DCN N/A <20 <25 >40 >40
RON >98 N/A N/A N/A N/A
(0N >8 N/A N/A N/A N/A
LHV (MJ/kg) N/A N/A N/A >25 >30
YSI N/A N/A N/A <200 N/A
p (kg/m?) N/A N/A N/A N/A 700

¢ Pure-component biofuel candidates for SI engine; P Blending biofuel candidates for SI engine; ® High Frequency

Reciprocating Rig (HFRR) test by ASTM D975.
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6.3 Results and discussion

Two case studies showcase the fuel blendstocks screening for SI and CI engines in section 6.3.1 and section
6.3.2 respectively. The ideal components for SI engines should have high antiknock property, low sooting tendency,
good stratified charge combustion capability, high combustion rate and dilution tolerance. The ideal components
for CI engines should have high reactivity and energy density; low sooting tendency, reasonable liquid breakup,
atomization and vaporization performance.

6.3.1 Case study 1: fuel screening for SI engine
6.3.1.1 Tier 1 fuel physicochemical property screening for SI engine

Tier 1 fuel physicochemical property screening for SI engine consists of 5 categories, 10 properties filters and
the flowchart is shown in Figure 6.2. The specifications constraints refer to Co-Optima [266,413] and TMFB [191]
projects which are compared in Table 6.2. Melting point constraint is equal to or less than -10°C to improve low-
temperature fluidity and avoid low-temperature condensation. The lower and upper boundaries of the boiling point
are 60°C and 150°C to ensure volatility at low temperatures. The enthalpy of vaporization is defined as the enthalpy
change of one-mole liquid converting into gas phase at 25°C, 101 325 kPa and the upper boundary is constrained
to 60kJ/mol. The surface tension and dynamic viscosity are restricted to 35mN/m and 1.5mPa-s which facilitate
liquid droplet atomization and fuel-air mixing process to inhibit soot formation. Lower bounds are placed on the
LHV (>1200kJ/mol, equivalent to ethanol of 1235kJ/mol) and liquid density (650 kg/m?, equivalent to iso-octane
of 687.8kg/m?) to attain reasonable gravimetric energy densities. An upper bond of unified YSI is set as equal or
less than 70 to limit the molecule sooting tendency and the blendstock candidates should be free of aromatic to
meet this requirement. Fuel molecules with high autoignition resistance are desired to suppress end gas
autoignition and stochastic knock in the combustion chamber. Given that the K constant is a negative value for
the modern boosted SI engines, the higher the RON and OS result in higher octane index (OI) [253]. To some

extent, RON and OI (OI=RON- K xOS) represent the lower and upper ends of the anti-knock capability, thus the
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RON and OS should be equal or greater than 100 and 6 for high-performance SI fuels.

Tier 1 fuel screening for SI engine starts from 1074 chemical compounds in the UOB property database, the

number of compounds satisfying the property constraint and those failing to satisfy the property requirements are

demonstrated in solid and dotted line arrows respectively. The boiling point, melting point and RON are the three

main property filters in this work as shown in Figure 6.2. 13 fuel types, 166 compounds are acquired from the Tier

1 fuel screening for SI engine as shown in Figure 6.3 (a) and the complete list is provided in the author’s publication

[424]. Saturated esters, acyclic ethers, unsaturated esters, polyfunctionals, alcohols account for 79.52% of Tier 1

fuel screening candidates. The remaining share comprises iso-alkanes, alkenes, cycloalkenes, aldehydes, furans,

cycloalcohols, cycloketones. RON versus YSI of these compounds is plotted in Figure 6.3 (b) to identify those

fuel types having strong autoignition resistance and low sooting tendency simultaneously. The saturated and

unsaturated esters in the 166 compounds possess excellent antiknock performance and low sooting tendency. The

represented candidates of these 13 fuel types are presented in Table 6.3 and they have the common characteristics

of highly compact, branched molecular structures.

Hierarchical clustering analysis is implemented on the functional groups and molecules to identify the key

functional groups of Tier 1 fuel screening candidates (166 compounds) for the SI engine and the heatmap is shown

in Figure 6.4. A high-resolution, interactive version of the heatmap (“Tierl SI fuel heatmap.json” file) with

zooming capability is provided in author’s publication [424]. Functional group types of 8~12 (see Figure 4.2) are

the dominant factors for all these compounds and they are also the fuel reactivity descriptors in QSPR-UOB 3.0

scheme. Reducing the numbers of functional group types of 9, 10 and 11, 12 is to shorten the length of the straight-

chain carbon backbone and the ring size of cyclic molecules respectively. Increasing the number of functional

group type 8 is to increase the number of the branched-chain methyl group. Figure 6.4 also indicates that the

acyclic ester group, aldehyde group and acyclic ester group (functional group type 16, 20, 21) benefit autoignition

resistance and sooting tendency reduction. CCDB in non-aromatic, non-ring structure (e.g. alkenes) and cyclic

184



structure (e.g. furans) can improve the autoignition resistance but the side effect is deteriorating sooting emission.
The design rules of gasoline blendstock for boosted SI engine on the molecular level are summarized as: (1)
constructing highly compact, branched molecular structure (necessary precondition); (2) introducing oxygen-
containing functional groups, for example, ester group, ether group, hydroxyl group, ketone group, aldehyde group;
(3) introducing unsaturated structure (e.g. CCDB) or cyclic structure (e.g. cycloalkenes, furans, cycloalcohols,

cycloketones) and moving toward the central position of the molecule; (4) being free from the aromatic bond to

reduce soot emissions.
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Figure 6.2. Tier 1 fuel physicochemical property screening for SI engine by ML-QSPR models.
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provided in author’s publication [424].

188



Table 6.3. Represented candidates of Tier 1 fuel screening for SI engines

Fuel candidates Structure Fuel type CAS RON (O YSI Mechanism
2,2,3- iso-Alkane 464- 112.1 10.8 553 [425]
Trimethylbutane >—é 06-2
Diisobutylene Alkene 107- 106 19.5 68.5 [138, 426]
Cyclohexene Cycloalkene 110- 120.00* 37.50* 61.66  [427,428]
@ 83-8
Ethanol Alcohol 64-17- 111 15 10.3 429
P ; [429]
Cyclopentanol Cycloalcohol 96-41- 103.15* 17.84* 36.01* [430,431]
i}w ;
iso-Butanal Aldehyde 78-84- 103.98* 9.75%  21.2 [432]
A 2
2-Butanone " Ketone 78-93- 118 22.14% 17.6  [433,434]
)J\/ 3
Cyclopentanone Cycloketone 120- 101 12 22 [435]
&o 92-3
Methyl o Saturated ester  598- 123.97% 20.92* 30.8 N/A
trimethylacetate >‘)‘\o/ 98-1
Vinyl pivalate i Unsaturated 3377-  123.24* 21.17% 47.85% N/A
o N
ester 92-2
2,2- )A Acyclic ether  77-76- 117.13* 26.06* 164  N/A
Dimethoxypropane o g 9
2,5-Dimethylfuran ° Furan 625- 119 30.63* 54.76  [436]
1,1-Dimethoxy-2- o Polyfunctional = 6342- 116.78* 28.94* 14.8 N/A
propanone _— 56-9

* Predictive values calculated by the machine learning QSPR models in this work, experimental data not available.
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6.3.1.2 Tier 2 chemical kinetic screening for SI engine

Tier 2 chemical kinetic screening examines 3 parameters: (1) ignition delay times T ; (2) @-sensitivity; (3)
laminar flame speed S . It requires the detailed chemical kinetic mechanisms (including chemical kinetic
mechanism, thermodynamic parameters, transport parameters) of the studied components. Ethanol, 2,5-
dimethylfuran, 2-methylfuran cyclopentanone, diisobutylene, cyclopentanol are selected from the 166 fuel
blendstock candidates. Toluene and iso-octane are also incorporated for comparison since they are the most
common constituents of gasoline surrogates [111, 117]. The physicochemical properties and mechanism sources
of these 8 candidates are provided in Table 6.4 and Table 6.5 respectively. Essential modifications (e.g. complement
the missing thermodynamic/transport parameters, correct misnamed substances, adjust mechanism format to
accommodate Chemkin Pro software) on the raw mechanisms are implemented and the modified mechanisms are
provided in Supplementary Material.

The ignition delay time is test under ¢=1.0, Tin=750~850K, Pin=50bar which represents the boosted
autoignition (knock) condition for SI engine [419] as shown in Figure 6.5. The ignition delay times at 800K order
from longest to shortest as: toluene (325.08ms) > ethanol (35.12ms) > 2,5-dimethylfuran (21.70ms) >
cyclopentanone (20.52ms) > cyclopentanol (13.21ms) > diisobutylene (8.23ms) > iso-octane (4.49ms). No ignition
is detected for 2-methylfuran at 800K and it autoignites at 860K.

The ¢-sensitivity is studied under (a) @=0.5, Tin=600~1400K, Pi,y=20bar; (b) ¢=1.0, Tin=600~1400K,
Pini=20bar; (c) ©=0.5, Tini=600~1400K, Pini=50bar; (d) @=1.0, Tin=600~1400K, Pi,;=50bar (as shown in Figure
6.6) which cover the knock onset conditions of boosted SI engine. Cyclopentanol, iso-octane and diisobutylene
achieve the greatest ¢-sensitivity among the 8 selected fuel candidates. As the mixture initial temperature increases
at the range of 1000K~1400K, the ¢-sensitivity of iso-octane and diisobutylene decrease significantly from 0.62
and 0.74 to 0 while that of cyclopentanol stabilizes at the range 0.418~0.606. Cyclopentanol and cyclopentanone

exhibit superior ¢-sensitivity at a wide temperature regime. As the mixture initial pressure increases to 50bar, the
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peak @-sensitivity of cyclopentanol, iso-octane and diisobutylene decrease to 1.294 at 720K, 1.235 at 800K and

1.261 at 840K respectively. On the opposite, ¢-sensitivity of cyclopentanone at Pi,;=50bar is greater than those at

Pini=20bar. Overall, some conditions need to be addressed to organize the stratification combustion for boosted SI

engine: (1) Construction of low-temperature combustion environment (e.g. EGR) is required as the ¢-sensitivity

peaks at the range of 640K~840K and it decreases significantly as increasing temperature. Cyclopentanol and

cyclopentanone demonstrate good temperature adaptability on @-sensitivity over a wide range of temperatures. (2)

Appropriate boost pressure should be implemented since the @-sensitivity usually decreases as increasing pressure.

Cyclopentanone inhibits good pressure adaptability so it may partially offset the ¢-sensitivity deterioration in

boosted SI engine as gasoline additives.

The laminar flame speed is tested under ¢=0.4~1.7, Tin;=428K, Pini=1bar as shown in Figure 6.7 and the greater

the flame speed representing higher combustion rate and dilution tolerance. The laminar flame speeds order from

highest to lowest as: ethanol (85.46cm/s) > 2-methylfuran (83.45cm/s) > 2,5-dimethylfuran (70.90cm/s) >

cyclopentanol (70.88cm/s) > toluene (70.52cm/s) > diisobutylene (69.45cm/s) > iso-octane (64.13cm/s).

10000 g
F =1.0,P;,;=50bar _
[ Representing temperature
1000 | ranges (750~85.0K). for Y
£ boosted ST autoigntion \ -
E (knock) kinetics o ,..7
100 . P
g [ ’f . P v
o i 7
= L
=
g 1t
Eﬂ E ——— Ethanol
01 k [ IR '[‘oluene
B L B e 2,5-Dimethylfuran
- = = = 2-Methylfuran
I Cyclopentanone
0.01 3 — — iso-Octane
r — - = Diiscbutylene
i — - - = Cyclopentanol
O-Ool 1 1 1 1 1 1 1 1 1

07 0% 09 10 11 12 13 14 15 16 17
1000/T (1/K)

Figure 6.5. Ignition delay times of fuel (candidates for SI engines)-air mixture at ¢ =1.0, Tin=600~1400K,
Pi,m:SObar.
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Table 6.4. Physicochemical properties of 8 selected fuel blendstock candidates for SI engine

Fuel Ethanol Toluene 2,5-Dimethylfuran 2-Methylfuran ~ Cyclopentanon  iso-Octane Diisobutylene Cyclopentanol
candidates e
Structure o) ()

/\OH ©/ \@/ @/ P OH
Fuel type Alcohol Aromatic Furan Furan Cycloketone iso-Alkane Alkene Cycloalcohol
CAS 64-17-5 108-88-3 625-86-5 534-22-5 120-92-3 540-84-1 107-39-1 96-41-3
RON 111 120 119 103 101 100 106 103.15%
MON 96 104 86.13* 86 89 100 86.5 85.31*
(ON) 15 16 32.87 17 12 0 19.5 17.84
T (°C) -114.14 -95 -62.8 -91.2 -51.7 -107.36 -93.7 -17
T, (°C) 78.24 110.6 96 63.9 130.5 99.2 101.3 140.4
AH,, 42.32 38.01 40.75* 36.48* 42.72 35.14 35.59 57.05
(kJ/mol)
Ve 21.99 27.93 34.74% 34.69* 18.73* 18.32 19.25 28.06%*
(dyne/cm)
LHV -1235 -3734 -3290.95%* -2685.82%* -2698 -5065.3 -4937.3 -2890.36*
(kJ/mol)
p (kg/m?)  789.3 862.3 888.3 913.2 948.7 687.8 715 948.8
YSI 10.3 170.9 54.75869963 52.69* 22 61.7 68.5 36.01*
IT (°C) 363 482 421.98% 431.39* 431.10% 418 391 324.68*
FP (°C) 13 4 7 -13.94* 26 -12 -6 51
VP (kPa) 7.87 2.38* 0.44* 0.47* 1.55 6.5 5.96 0.294
LFL 33 1.1 1.62* 1.72% 1.5 0.95 0.88 1.41*
(vol.%)
UFL 19 7.1 12.09* 12.66* 9.84* 5.59% 6.77* 9.99%*
(vol.%)
This work ~ Recommend N/A Recommend Recommend Recommend N/A Recommend Recommend
Co-Optima  [419] N/A [419] [419] [419] N/A [419] N/A
TMFB/FS  [192] N/A [191] [191] N/A N/A N/A [430, 431]
C

* Predictive values calculated by the machine learning QSPR models in this work, experimental data not available.
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Table 6.5. Detail chemical kinetic mechanisms of 8 selected blendstock candidates for SI engine

Fuel candidates CAS Species Reactions Application Institute Mechanism
Ethanol 64-17-5 113 710 Ty S, NUI Galway [429]
Toluene 108-88- 530 2808 Ty LLNL [146, 437]
3
Toluene 108-88- 679 1740 S, LLNL [438]
3
2,5- 625-86- 524 3143 Ty S, Bielefeld University [436]
Dimethylfuran 5
2-Methylfuran 534-22- 524 3143 Ty S, Bielefeld University [436]
5
Cyclopentanone 120-92- 444 2269 Ty LLNL [435]
3
iso-Octane 540-84- 874 3796 T LLNL [439]
1
iso-Octane 540-84- 73 296 S, University of Wisconsin- [440]
1 Madison
Diisobutylene 107-39- 897 3783 7 NUI Galway [138]
1
Diisobutylene 107-39- 178 758 S, Tsinghua University [426]
1
Cyclopentanol 96-41-3 278 1475 Ty S, RWTH Aachen University  [430, 431]
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6.3.1.3 Performance assessment of 8 selected blendstock candidates for SI engine

The performance assessment composes of 5 basic components: (1) volatility; (2) atomization; (3) energy density;

(4) sooting tendency; (5) ignitability and the weight of each component is equal to 20%. Volatility is characterized

byT,, T, and AH,,, while atomization is described by surface tension » . Energy density is indicated by LHV

while YSI is used to mark sooting tendency. Ignitability is assessed by RON, OS, ¢-sensitivity, S, . Each of these

parameters is normalized to a range of 0~20% and the score of a particular candidate is calculated by Eq. (6.2).
The fuel candidate with a higher score reflects better overall performance. The fuel merit function Eq. (6.2) is
tailor-made for current fuel screening application which provides a paradigm to evaluate the potential benefits
among various fuel candidates. The users are encouraged to develop the customized criteria based on specific
research requirements. For example, the fuel efficiency merit function for SI engine is proposed to evaluate the
thermal efficiency benefits of various fuels by considering the impact of RON, OS, HOV, laminar flame speed and
particulate matter index (PMI) [441]. The scores of the 8 selected fuel candidates in Tier 2 screening arrange from
high to low as: diisobutylene > iso-octane > ethanol > cyclopentanone > cyclopentanol > 2,5-dimethylfuran >

toluene > 2-methylfuran as shown in Figure 6.8. Diisobutylene obtains a good balance among atomization ( y

=19.25dyne/cm), energy density (LHV=-4937.3kJ/mol) and sooting tendency (YSI =68.5). Ethanol has high
volatility (T, =-114.14°C, T,=78.240C, VP=7.87kPa) and good soot suppression capability (YSI=10.3) with the

drawback of low energy density (LHV=-1235kJ/mol). Low sooting tendency (YSI=22) and good atomization
performance (  =18.73 dyne/cm) are the main advantages of cyclopentanone. Compared to cyclopentanone,

cyclopentanol has a worse sooting tendency (YSI=36.01, predicted value) and atomization performance (  =28.06

dyne/cm). 2,5-Dimethylfuran and 2-methylfuran are favorable components for blending into gasoline base fuel to

enhance anti-knock quality.

Score =Volatility, ., + Atomization, ., + Energy density . + Sooting tendency. ., + Ignitability, ..,

norm

Tm norm +Tb norm + AHvap norm RONnorm + OSnorm + ﬂnorm +S
=— ' —+ Voo LAV o +YSI o +

norm norm
3 4

(6.2)

L,norm
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Figure 6.8. Performance comparison of volatility, atomization, energy density, sooting tendency and ignitability

for 8 selected blendstock candidates for SI engine.
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6.3.2 Case study 2: fuel screening for CI engine
6.3.2.1 Tier 1 fuel physicochemical property screening for CI engine

Tier 1 fuel physicochemical property screening for CI engine inspects volatility, atomization, energy density,
sooting tendency, ignitability and the parameters constraints are depicted in Figure 6.9. The specifications
constraints refer to the recommendation from Co-Optima [414, 415, 423] and TMFB [191] projects which are
compared in Table 6.2. The upper bound of the melting point is -10°C to guarantee low-temperature fluidity. The
boiling point is at the range of 60~250°C which follows the recommendation by TMFB project [191]. High
enthalpy of vaporization benefits low-temperature combustion for NOy reduction, so an upper limit is set as
75kJ/mol. The ceilings of surface tension and dynamic viscosity are 38mN/m and 2mPa-s which promote liquid
droplet break up and homogeneous fuel-air mixture formation. As mentioned earlier, the filter of dynamic viscosity
plays no role since corresponding machine learning QSPR model fails to reproduce the observed data accurately.
The energy density requires the LHV and density are equal to or greater than 2700kJ/mol and 675kg/m?
respectively. Given that the YSI of diesel is around 215 [416], the YSI of the blendstock candidates is confined
below 70 to reduce soot emission considerably by blending the candidates with diesel base fuel. Similar to Co-
Optima [414, 415, 423] and TMFB [191] projects, a minimum CN of 40 is required for stable autoignition at a
cold start. 10 fuel types, 129 compounds satisfy required criteria as shown in Figure 6.9 and the complete list is
provided in author’s publication [424]. Tier 1 fuel screening candidates for CI engine comprises 10 fuel types,129
compounds as shown in Figure 6.10 (a). Acyclic ethers, iso-alkanes, polyfunctionals make up 63.57% of Tier 1
fuel screening candidates. Alkenes, aldehydes, saturated esters, cycloalkanes, n-alkanes, other cyclic ethers, furans
account for the rest 36.43%. CN versus Y SI of these 129 compounds is plotted in Figure 6.10 (b) to identify those
fuel types with high CN and low Y SI simultaneously. Acyclic ethers and other cyclic ethers in the 129 compounds
are readily autoignition and possess low sooting tendency. The represented candidates of these 10 fuel types are

presented in Table 6.6 and they all have a long straight-chain structure in the molecules.
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Hierarchical clustering analysis is conducted on the functional groups and the molecules to identify the key

functional groups of Tier 1 fuel screening candidates (129 compounds) and the heatmap is shown in Figure 6.11.

A high-resolution, interactive version of the heatmap (“Tierl CI fuel heatmap.json” file) with zooming capability

is provided in author’s publication [424]. Reducing the number of methyl groups (functional group type 8) and

increasing the number of methylene groups (functional group types 9~12) can boost CN. They are also the fuel

reactivity descriptors in QSPR-UOB 3.0 scheme (see Figure 4.2). Adding ether group in acyclic or cyclic

molecules can substantially improve CN while maintains modest Y SI due to the introduction of the oxygen atom.,

so the color keys of functional groups 16, 17 demonstrate deep red color in the heat map. The design rules of diesel

blendstock for CI engine on the molecular level are summarized as (1) increasing the number of methylene in

series and reducing the number of side chains; (2) adding ether group and moving toward the center of the molecule

to increase CN while maintaining modest YSI; (3) moving the CCDB, ester group, aldehyde group, ketone group,

side chain and ring structure toward the edge of the molecule or even removed from a molecule; (4) avoiding the

cyclic (e.g. cycloalkanes, clcloalkenes, cycloalcohols) and unsaturated (e.g. alkenes, unsaturated esters) structures;

(5) discarding the aromatic structure.
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Figure 6.9. Tier 1 fuel physicochemical property screening for CI engine by ML-QSPR models.
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Figure 6.11. Hierarchical clustering of Tier 1 fuel screening candidates for CI engine (129 compounds), a high-
resolution, interactive version of the heatmap (“Tierl CI fuel heatmap.json” file) with zooming capability is

provided in author’s publication [424].
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Table 6.6. Represented candidates of Tier 1 fuel screening for CI engine

Fuel candidates Structure Fuel type CAS CN YSI Mechanism
n-Octane /\/\/\/ n-Alkane 111- 63.8 42.6 [91, 442]
65-9
2,2-Dimethyloctane ></\/\/ iso-Alkane 15869- 59 31.44* N/A
87-1
n-Butylcyclohexane O/\/\ Cycloalkane 1678-  47.6 76.8 [443, 444]
93-9
8-Methyl-1-nonene /\/\/\)\ Alkenes 26741- 50.83* 67.51* N/A
7
24-2
1-Octanal /\/\/\j Aldehyde 124- 80.5 37.5 [445, 446]
13-0
Decyl acetate i Saturated ester  112- 62 68.97 N/A
)ko/\/\/\/\/\ 174
PODE3 \O/\O/\O/\O/ Acyclic ether 13353- 78 14.39*%  [447]
03-2
2- <°J/\/\ Furan 1004- 455 32.61*% [448]
Butyltetrahydrofuran 29-1
Ethyl @/\O/\ Other cyclic 62435- 7890 13.21* N/A
tetrahydrofurfuryl ether 71-6
ether
9 ; * *
Ethyl-3- s /\)Lo/\ Polyfunctional ~ 763- 82.20* 22.51* N/A
ethoxypropionate 69-9

* Predictive values calculated by the ML-QSPR models in this work, experimental data not available.
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6.3.2.2 Tier 2 chemical kinetic screening for CI engine

Dibutyl ether, PODEj3, n-heptane, n-octane, 2-butyltetrahydrofuran, butylcyclohexane are selected from the 129

fuel blendstock candidates. PODE, and 1-octanol are recommended by Kopernikus Project Power-to-X [447] and

TMFB project [445, 449-451] respectively which provide high LHV of 3223.97kJ/mol and 4898.3kJ/mol. The

physicochemical properties and mechanism sources of these 8 candidates are provided in Table 6.7 and Table 6.8

respectively. Modifications are conducted on the chemical kinetic mechanisms of 8 selected candidates for the CI

engine and the modified mechanisms are provided in Data and Software Availability.

The ignition delay time is tested under @=0.3, Tini=1050K~1200K, P;ni=25bar which represents the autoignition

condition for advanced CI engine [419] as shown in Figure 6.12. The ignition times at 1060K order from longest

to shortest as: n-octane (1.47ms) > dibutyl ether (1.38ms) > n-heptane (1.31ms) > Il-octanol (1.14ms) >

butylcyclohexane (0.96ms) > 2-butyltetrahydrofuran (0.71ms) > PODE;3; (0.22ms) > PODE, (0.2 1ms).

The @-sensitivity is studied under (a) ¢=0.2, Tini=600~1400K, Pis;=30bar; (b) ¢=2.0, Tinit =600~1400K, Pini¢

=30bar; (c) =0.2, Tini =600~1400K, Pinit =60bar; (d) ©=2.0, Tisi =600~1400K, Pisi; =60bar (as shown in Figure

6.13) which cover the autoignition conditions in advanced CI engine. The peak @-sensitivity of the 8 selected

candidates at 30bar order from high to low as: butylcyclohexane (2.793) > dibutyl ether (1.652) > PODE, (1.441) >

2-butyltetrahydrofuran (1.404) > PODE3 (1.380) > n-heptane (1.194) > 1-octanol (1.148) > n-octane (1.054) and

the same order is observed at 60bar. Butylcyclohexane achieves the greatest @-sensitivity over the range of

600~1400K among the 8 selected candidates. Similarly, PODE4 and PODE; also exhibit high ¢-sensitivity as

increasing initial temperature. On the contrary, the ¢-sensitivity of dibutyl ether peaks at 30bar occurs at 780K

(1.652) but it decreases dramatically from 0.642 to 0.151 as initial temperature increases from 1000K to 1400K.

Thus, dibutyl ether is more suitable for low temperature combustion compared to mixing controlled compression

ignition.

The laminar flame speed is tested under ©=0.4~1.7, Tini=428K, Pinit =1bar as shown in Figure 6.14 and the fuel
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candidates arrange from high to low as: PODE; (82.39cm/s) > PODE, (81.18cm/s) >dibutyl ether (76.35cm/s) >

n-Heptane (73.57cm/s) > 1-octanol (70.86cm/s) > n-octane (74.09cm/s) > butylcyclohexane (67.67cm/s) > 2-

butyltetrahydrofuran (60.60cm/s). Specially, the laminar flame speed of dimethyl ether is less temperature

dependent than PODEj3, PODE;, as ¢ decreasing from 0.7 to 0.4. Dibutyl ether possesses high combustion rate and

dilution tolerance at fuel-lean conditions (p=0.4~0.7) which particularly benefits low temperature combustion in

CI engine.
1000 g
: =03, P=25bar
L Representing temperature
L ranges (1050~1200K) for :;
o
100 7

/ advanced CI autoigntion //
kinetics Py
SR

—_
)

Ignition delay time (ms)

01
E,:{, S
[ = == n-Heptane

oot L . 1-Octanol

. ;J,- — — n-Octane
E — . =2_BTHF
L — - - =Butylcyclohexane
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=
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|
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Figure 6.12. Ignition delay times of fuel (candidates for CI engine)-air mixture at ¢=0.3, Tiy;=600~1400K,
Pinit:25bar.
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Table 6.7. Physicochemical properties of 8 selected blendstock candidates for CI engine

Fuel Dibutyl ether PODE;3 PODE;, n-Heptane 1-Octanol n-Octane 2- Butylcyclohexane
candidates Butyltetrahydrofuran

Structure /\/\ 0/\/\ \O/\O/\O/\O/ \O/\O/\O/\O/\O/ \/\/\/ \/\/\/\/OH /\/\/\/ G/\/\ O/\/\
Fuel type Acyclic ether Acyclic ether Acyclic ether n-Alkane Alcohol n-Alkane Furan Cycloalkane
CAS 142-96-1 13353-03-2 13352-75-5 142-82-5 111-87-5 111-65-9 1004-29-1 1678-93-9
CN 95 78 90 56 39.1 63.8 45.5 47.6

T (°C) -96 -25.30% 2.81* -90.549 -14.7 -56.73 -92.02%* -74.68

T, (°C) 141.6 183.10%* 229.93* 98.38 194.7 125.62 163.05%* 180.9

AH,, (kJ/mol) ~ 44.97 46.69* 56.42% 36.57 70.98 41.49 52.18* 49.36

7 (dyne/cm)  18.75% 35.20% 36.67* 19.78 27.43* 21.08 28.49* 26.51

LHV -4946.9 -2741.27* -3223.97* -4464.7 -4898.3 -5074.2 -5385.0* -6090.2
(kJ/mol)

p (kg/m?) 768.4 1015.1%* 1049.86* 679.5 826.2 698.6 875%* 790.2

YSI 38.7 14.39* 35.89* 36 41.1 42.6 32.61* 76.8

IT (°C) 194 340.12* 356.74* 213 270 206 290.99* 246

FP (°C) 25 83.54* 117.24* -4 81 13 39.48* 48

VP (kPa) 0.898 0.507* 0.074* 6.09 0.01 1.86 5.462* 3.306*

LFL (vol.%) 0.9 1.15% 0.97* 1.05 0.84 0.96 1.40 0.79*

UFL (vol.%) 7.6 12.87* 11.82* 7 6.4 6.5 7.90* 5.5

This work Recommend Recommend N/A Recommend N/A Recommend Recommend Recommend
Co-Optima N/A N/A N/A N/A N/A N/A N/A [415]
TMFB/FSC [449, 450, 452] N/A N/A N/A [445, 449-451] N/A [191, 448] N/A
Power-to-X N/A [447] [447] N/A N/A N/A N/A N/A

* Predictive values calculated by the ML-QSPR model in this work, no experimental data available.
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Table 6.8. Detail chemical kinetic mechanisms of 8 selected blendstock candidates for CI engine

Fuel candidates CAS Species Reactions Application Institute Mechanism
Dibutyl ether 142-96-1 436 2732 Ty S, CNRS-INSIS [453]
PODE; 13353-03-2 322 1611 Ty S, RWTH Aachen University [447]
PODE4 13352-75-5 322 1611 Ty S, RWTH Aachen University [447]
n-Heptane 142-82-5 1268 5336 7, NUI Galway [454]
n-Heptane 142-82-5 73 296 S, University of Wisconsin-Madison [440]
1-Octanol 111-87-5 1281 5510 T RWTH Aachen University [445]
1-Octanol 111-87-5 403 2374 S, Xi'an Jiaotong University [446]
n-Octane 111-65-9 1147 4714 7 LLNL [91]
n-Octane 111-65-9 80 194 S, Dalian University of Technology [442]
2-Butyltetrahydrofuran 1004-29-1 424 1790 Ty S, RWTH Aachen University [448]
Butylcyclohexane 1678-93-9 397 2171 7 Shanghai Jiao Tong University [443]
Butylcyclohexane 1678-93-9 348 2163 S, Stanford University [444]
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6.3.2.3 Performance assessment of 8 selected blendstock candidates for CI engine

The scores of the 8 selected fuel candidates in Tier 2 screening arrange from high to low as: Dibutyl ether > n-
heptane > n-octane > 2-butyltetrahydrofuran > butylcyclohexane > 1-octanol > PODE;3; > PODE4 as shown in
Figure 17. Dibutyl ether possesses good volatility (T, =-96°C, T,=141.6°C, AH ,,=44.97kJ/mol), atomization
( 7 =18.75dyne/cm), ignitability (CN=95, @-sensitivity at 60bar=1.60, S, =75.3lcm/s at @=1.0) while
maintaining modest energy density (LHV=-4946.9kJ/mol) and sooting tendency (YSI=38.7) among 8 selected
candidates. n-Heptane possesses good atomization (  =19.78dyne/cm) and sooting tendency (Y SI=36) properties
while n-octane provides good atomization ( p =21.08dyne/cm) and energy density (LHV=-5074.2kJ/mol). 2-
Butyltetrahydrofuran and butylcyclohexane have the advantages of low sooting tendency (YSI=32.61) and high
energy density (LHV=-6090.2kJ/mol) respectively for blending application into diesel base fuel. The CN of 1-
octanol is 39.1 which fails to meet the ignitability requirement of this work (CN>40). PODE; and PODE;4 are
readily autoignition (CN: 78, 90) and ultra-low soot emission (YSI=14.39, 35.89), but their surface tensions are
greater than the rest candidates which may deteriorate liquid atomization. They are favorable components for

blending into diesel base fuel to improve ignitability and reduce sooting tendency.

= Volatility

B Atomization

B Energy density

¥ Sooting tendency
W Ignitability

PODE4 Dibutyl ether

72.97%

33.01%

46.92% v&o.ﬂﬁ%
1-Octanol n-Octane

51.91% 53.90%

PODE3 n-Heptane

61.86%

Butylcyclohexane 2-Butyltetrahydrofuran

Figure 6.15. Performance comparison of volatility, atomization, energy density, sooting tendency and ignitability

for 8 selected blendstock candidates for CI engine.
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6.3.3 Engine results with tailor-made fuel of n-heptane-dibutyl ether-ethanol
6.3.3.1 Engine experimental program

This section performs the engine test to examine the combustion and emission characteristics of the fuels
recommended by the fuel screening results. A single-cylinder compression ignition (CI) engine with a
displacement of 532 cm?® is applied as a test engine and the engine specifications are listed in Table 6.9.
Correspondingly, the dibutyl ether and n-heptane are adopted as test fuels for the CI engine based on the results in
section 6.3.2. The target-oriented fuel design [268, 269] advocates the ideal functional configuration of fuel
components as “chemical ignition source—PM inhibitor—homogeneous charge” for efficient and clean combustion
in CI engines. N-Heptane and dibutyl ether are regarded as a chemical ignition source and PM inhibitor
respectively and they easily form homogeneous charge due to their low boiling points of 98.38°C, 141.6°C. The
ethanol is introduced to adjust the CN of test fuel since the CN of dibutyl ether is as high as 95. The target CN of
the test fuel is comparable to the reference diesel (provided by Shell) of 53.9. The ternary components fuel
formulation by CN recommends the proportion of 50%n-heptane-40%dibutyl ether-10%ethanol (vol.%) and the
fuel specifications are presented in Table 6.10. The engine test rig is illustrated in Figure 6.16 and the exhaust gas
components are analyzed by MultiGas™ 2030 gas analyzer (see Table 6.11) [455, 456]. The O, concentration is
required to calculate the specific emissions which is measured by AVL DIiTEST Gas 1000 (measuring range:
0~25vol.%, resolution: 0.01 vol.%) [457]. The operating condition fix at the load of 2 bar IMEP, the speed of 1500
rpm and the experimental program are shown in Table 6.12. The configuration of pilot injection-main injection is
adopted, the main injection timing varies as 5°CA, §°CA, 11°CA BTDC and the pilot injection timing is 10°CA
advanced the main injection. As the main injection timing moving from 5°CA BTDC to 11°CA BTDC, the fuel-air
mixture tends to becomes more homogenous with increasing ignition delay times (IDT). The pilot injection
duration accounts for 20 vol.% of the total injection duration to induce the cool flame ignition and the injection

pressure keeps a constant of 550 bar. The pilot injection duration and main injection duration are determined
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experimentally by achieving the preset load of 2 bar IMEP. The experimentally determined pilot injection duration,
main injection duration for both diesel and 50%C7H16-40%DBE-10%EtOH at varied conditions are provided in
Table 6.12. 50%n-heptane-40%dibutyl ether-10%ethanol has LHV of 39.86 MJ/kg. CN of 55.021, RON of 56.79.
MON of 48.35, oxygen mass content of 8.94 mass%, density@20°C of 0.714g/cm>. The fuel reactivity of CN,
RON, MON are predicted by the ML-QSPR method which has been discussed in chapter 5. To reduce the data
uncertainty, the in-cylinder combustion pressure profile is obtained by averaging the data of 1000 cycles. The test
time of gas-phase emission measurement by MultiGas™ 2030 gas analyzer is set as 20 min to ensure the data

reliability.

Diesel 50% C7H16-40%DBE-10%EtOH

Common rail

|
X

Fuel Low pressure High pressure
filter pump pump Injector |'

______________________________________

I
|
|
|
I

Exhaust outlet :
P .:. ] i L :
I
_______________________________ |
|
Charge Cylinder |
— lifi pressure — . 1 |
—— amj er —— \ A0
7 g sensor L B @;.! _ I
| l f— - N - :
I 8 B I |
: I o : AVL DITEST |
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Figure 6.16. Schematic diagram of the engine test rig.
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Table 6.9. Engine specifications [458].

Engine parameters

Specifications

Engine type
Stroke type
Number of cylinders

Compression ignition

Four-stroke
1

Cylinder bore x stroke (mm) 84 x 90

Connecting rod length (mm) 160

Compression ratio 16:1

Displacement (cm$ 499

Engine speed range (rpm) 900 ~2000

IMEP range (bar) <7

Fuel injection pressure range (bar) 500~1500

Injection system Common rail
Table 6.10. Test fuel specifications
Items ULSD n-Heptane Dibutyl ether Ethanol
CAS N/A 142-82-5 142-96-1 64-17-5
Chemical formula CuHag00  CiHis CsH150 C2HsO
Molecular weight (g/mol) 194.44 100.21 130.23 46.07
Melting point (°C) N/A -90.549 -96 -114.14
Boiling point (°C) N/A 98.38 141.6 78.24
Ignition temperature (°C) N/A 213 194 363
Flash point (°C) N/A -4 25 13
Vapor pressure @25 T (kPa) N/A 6.09 0.898 7.87
Lower flammability limit N/A 1.05 0.9 3.3
Upper flammability limit N/A 7 7.6 19
Dynamic viscosity @20°C (mPa*s) 2.0405 0.418 0.691 12
Surface tension @ 25°C (dyne/cm) N/A 19.78 18.75* 21.99
Heat of vaporization @ 25%€ (kJ/mol) 47.25 36.57 44,97 42.32
Density @20°C (g/cm3) 0.8271 0.6795 0.7684 0.7893
Unified YSI 215.1[416] 36 38.7 10.3
LHV (kJ/mol) 8302.6 4464.7 4946.9 1235
CN 53.9 56 95 12
RON N/A 82.02* 111
MON N/A 72.92* 96
(OF] N/A 9.10* 15

*Predicted value is used since the measured value is not available.
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Table 6.11. Specifications of MultiGas™ 2030 gas analyzer [456]

Items

Technical specifications

Gases and Vapors Measurable
Measurable Range (concentration)
Measurement Technique

Spectral Resolution (cm™)

Scan Speed (scan/sec @ 0.5cm-1)
Scan Time (sec)

Infrared Source

Reference Laser

Max Purge Pressure (bar)
Spectrometer Purge Flow (L/min)
Optics Purge Flow (L/min)

Most molecules except for N», H,, and O»
100ppb~100%
FTIR Spectrometry

0.5~16

1

1~300

Silicon Carbide @ 1200°C
Helium Neon (15798.2cm™)

1.5
0.2
0.2

Table 6.12. Experimental program

Fuel type IMEP (bar) Speed (rpm) Injection pressure (bar) Abbreviation Pilot injection Main injection
Timing ("CA BTDC) Duration (ms) Timing ("CABTDC) Duration (ms)

Diesel 2 1500 550 P15 M5 15 0.123 5 0.49

2 1500 550 P18 M8 18 0.125 8 0.5

2 1500 550 P21 M1l 21 0.125 11 0.5
50%C7H16-40%DBE-10%EtOH 2 1500 550 P15 M5 15 0.133 5 0.53

2 1500 550 P18 M8 18 0.135 8 0.54

2 1500 550 P21 _M11 21 0.14 11 0.56
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6.3.3.2 Combustion character of n-heptane-dibutyl ether-ethanol

The injection profile, in-cylinder combustion pressure, heat release rate (HRR), mass fraction burn (MFB)

profile of diesel and 50%C7H16-40%DBE-10%EtOH at the conditions of P21_M11, P18 M8, P15 MS5 are plotted

in Figure 6.17. The MFB05, MFB50, MFB95 for both fuels at various conditions are illustrated in Figure 6.18

which are the crank angles corresponding to 5%, 50%, 95% of total heat release. As the main injection timing

advances from 5°CA BTDC to 11°CA BTDC, the MFB50 of 50%C7H16-40%DBE-10%EtOH moves forward

from 6 °CA ATDC to 1°CA BTDC and that of diesel moves forward from 2°CA ATDC to 1°CA BTDC. The

conversion from fuel chemical energy to the brake output work of IC engine contains 4 major energy losses of

chemical energy loss in the exhaust, heat loss in the exhaust and heat transfer to the environment, pumping loss,

mechanical loss by friction and accessories. The corresponding efficiency indices for these 4 energy losses are

plotted in Figure 6.19. The brake thermal efficiency is the product of combustion efficiency, thermodynamic

efficiency, gas exchange efficiency, mechanical efficiency as shown in Eq. (6.1). The formula to calculate these

efficiency factors can be found in the textbook of internal combustion engine fundamentals [459].

Thorake = Mcombustion * Meombustion * 77 gas exchange - Miechanical (6.1)

The MFBOS is regarded as the ignition initiation, the ignition delay time (IDT) is defined as the crank angle

interval between the start of injection and MFBO5. The combustion duration is defined as the crank angle interval

between MFBO5 and MFB95. The IDTs of 50%C7H16-40%DBE-10%EtOH keep constant as 8°CA as the main

injection timing advances from 5 °CA BTDC to 11 °CA BTDC while those of diesel increases from 4°CA to 7°CA

as shown in Figure 6.20 (a). The IDTs of 50%C7H16-40%DBE-10%EtOH are 1°CA~4 °CA longer than those of

diesel at the studied conditions and it indicates that the CN of 50%C7H16-40%DBE-10%EtOH should be lower

than diesel. The measured CN of the diesel is 53.9 and the predicted CN of 50%C7H16-40%DBE-10%EtOH by

ML-QSPR method (see Chapter 5) is 55.021, thus the proposed method should further improve the predictive

capability of ignition properties (CN, RON, MON) for fuel mixtures by expanding the training dataset. The
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combustion duration of 50%C7H16-40%DBE-10%EtOH decreases from 11°CA to 8 °CA as the main injection

timing advances from 5 °CA BTDC to 11 °CA BTDC. It indicates that 50%C7H16-40%DBE-10%EtOH tends to

form a larger quantity of premixed fuel-air mixture as advancing injection timing.

The indicated thermal efficiency (ITE) of both fuels increases with advanced injection timing because the

shortening combustion duration benefits the constant volume thermodynamic efficiency around the top dead center.

Accordingly, the indicated specific fuel consumption (ISFC) of both fuels decreases with advanced injection timing.

The ITE of 50%C7H16-40%DBE-10%EtOH increases as 23.97%, 25.22%, 26.68% at the main injection timing

of 5°CA, 8°CA, 11°CA BTDC which is 1.01%, 1.74%, 2.67% greater than diesel as shown in Figure 6.20 (b). The

ISFC of 50%C7H16-40%DBE-10%EtOH decreases as 376.67 g/kWh, 358.09 g/kWh at the main injection timing

of 5°CA, 8°CA BTDC which is 13.11 g/lkWh and 2.35 g/kWh greater than diesel. This is because the LHV of

50%C7H16-40%DBE-10%EtOH (39.86 MJ/kg) is lower than diesel (43.11 MJ/kg) and a larger quantity is needed

to achieve the target engine load. As the main injection timing advanced to 11°CA BTDC, 50%C7H16-40%DBE-

10%EtOH obtains lower ISFC of 338.44 g/kWh than diesel of 347.78 g/kWh because the enhanced ITE offsets

the negative impact of modest LHV as shown in Figure 6.20 (b).
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Figure 6.17. Injection profile, in-cylinder combustion pressure, HRR, MFB of diesel and 50%n-heptane-
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10%ethanol at the conditions of P21_M11, P18 M8, P15 _MS5.
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6.3.3.3 Gas-phase emission character of n-heptane-dibutyl ether-ethanol

The CO,, H,0, NOy, NO, CO, THC emissions of diesel and 50%C7H16-40%DBE-10%EtOH at the conditions

of P21 _M11, P18 M8, P15 M5 are compared in Figure 6.21. The THC determination accounts for the FID

response factors by Eq. (6.2) which is recommended by MGRefsMaster Reference Calibrations [455, 461] and the

diesel readings are C1 (number of carbon atoms) basis. The CO, emission from diesel is higher than 50%n-heptane-

40%dibutyl ether-10%ethanol which indicates that the diesel obtains higher combustion completeness. The 50%n-

heptane-40%dibutyl ether-10%ethanol obtains lower NOx and NO emissions than diesel because the introduction

of ethanol drops down the peak combustion temperature. The 50%n-heptane-40%dibutyl ether-10%ethanol emits

comparable CO with diesel but produces a larger amount of unburned THC than diesel. The CH., C2Hs, C2Ho,

CoHa, C3Hg, CH20 emissions of diesel and 50%C7H16-40%DBE-10%EtOH at the conditions of P21_M11,

P18 M8, P15_M5 are compared in Figure 6.22. The THC produced from 50%C7H16-40%DBE-10%EtOH is

greater than that of diesel, therefore, the methane, acetylene, ethylene, ethane, propylene, diesel emissions from

50%C7H16-40%DBE-10%EtOH are also greater than diesel-based Eq. (6.2). The gas-phase emission data in

Figure 6.22 (a)~ Figure 6.22 (e) supports this conclusion. The 50%C7H16-40%DBE-10%EtOH produces a large

quantity of formaldehyde emission than diesel under the studied conditions because its oxygen mass content

accounts for 8.94%.

THC = (1.1xCH4)+(2.4xAcetylene)+(1.9xEthylene)+(2xEthane)+(2.85xPropylene)+(1.35xDiesel)  (6.2)
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6.4 Conclusions

This work adopts machine learning-quantitative structure property relationship (ML-QSPR) and chemical

kinetics to develop a high throughput fuel screening approach for internal combustion engines. The fuel screening

approach can be used to discover promising transportation fuel blendstocks with drop-in diesel/gasoline base fuel

potential which comprises Tier 1 fuel physicochemical property (volatility, atomization, energy density, sooting

tendency, ignitability) screening and Tier 2 chemical kinetic screening. Two case studies toward SI and CI engines

are showcased to identify fuel components enabling high efficiency and low pollutant emissions.

Tier 1 screening utilizes ML-QSPR to develop 15 fuel properties predictive models of melting point, boiling

point, vapor pressure, enthalpy of vaporization, cetane number, research octane number, motor octane number,

ignition temperature, flash point, yield sooting index, liquid density, lower heating value, surface tension,

lower/upper flammability limit. QSPR-UOB 3.0 functional group classification system containing 42 molecular

descriptors is established to convert the molecular feature into a fuel molecular structure matrix. UOB Fuel

Property Database is constructed to store the fuel property data of 1742 pure compounds and 465 mixtures. 19 ML

algorithms are applied to train the regression models connecting the fuel molecular structure matrix and fuel

property matrix. 166 high antiknock and low sooting tendency compounds are identified for SI engines with the

characteristics of (1) highly compact, branched molecular structure; (2) containing oxygenic functional groups; (3)

containing unsaturated (e.g. CCDB) or cyclic structures and moving at the molecular center; (4) absence of

aromatic structure. 129 high reactivity and low sooting tendency compounds are specified for CI engines with the

characteristics of (1) lengthening chain length and reducing the number of primary C-H bond; (2) containing

acyclic or cyclic ether group; (3) locating CCDB, ester group, aldehyde group, ketone group, branched-chain at

the molecular edge; (4) free of cyclic, unsaturated, aromatic structures.

Tier 2 screening utilizes detailed chemical kinetic mechanisms to examine the ignition delay time, ¢-sensitivity,

laminar flames speed which describe the fuel reactivity, stratified charge sequential ignition capacity, combustion
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rate and dilution tolerance respectively. It ranks 8 candidates for SI and CI engines based on the performance of

volatility, atomization, energy density, sooting tendency, ignitability. The recommended orders are: (a)

diisobutylene > iso-octane > ethanol > cyclopentanone > cyclopentanol > 2,5-dimethylfuran > toluene > 2-

methylfuran for SI engines; (b) dibutyl ether > n-heptane > n-octane > 2-butyltetrahydrofuran > butylcyclohexane >

1-octanol > PODE3; > PODEy4 for CI engines. Tier 2 chemical kinetic screening demands the availability of detailed

chemical kinetic mechanisms for the studied molecules, therefore, a certain amount of Tier 1 fuel candidates free

of detailed oxidation mechanisms cannot enter Tier 2 screening. An increasing number of well-validated

mechanisms emerge as the progress of fuel combustion chemistry which will gradually bridge this knowledge gap

and promote model-based fuel screening.

50%n-heptane-40%dibutyl ether-10%ethanol is formulated based on the results of Tier 1, Tier 2 fuel screening

for Cl engine and it is tested in a single cylinder, naturally aspirated CI engine. The 50%n-heptane-40%dibutyl

ether-10%ethanol has two distinct benefits compared to diesel: (1) improving the indicated thermal efficiency by

shortening combustion duration; (2) ethanol addition reducing the peak combustion temperature and NOx emission.

The 50%n-heptane-40%dibutyl ether-10%ethanol contains 8.94 mass% and results in a greater amount of

unburned THC and formaldehyde emission compare to diesel.
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Chapter 7 Chemical Kinetic Study on Ignition and Flame
Characteristics of Polyoxymethylene Dimethyl Ether 3 (PODE3)
7.1 Introduction

The high throughput virtual screening in chapter 6 recommends 129 compounds for CI engines, particularly the
polyoxymethylene dimethyl ether 3 (PODE3) [462, 463] and diethoxymethane (DEM) [464, 465] are the
promising carbon-neutral fuels with a high CN of 78 and 57.3 respectively. Thence, the kinetic properties of
PODE3 and DEM are explored by detailed chemical kinetic mechanisms in chapter 7 and chapter 8 respectively.
The synthesis and potential utilization of PODE3 are reviewed by Liu et al. [466] and Hackbarth et al. [467]. The
application of PODES3 to IC engines and its environmental impacts are reviewed by Awad et al. [468]. An overview
of the PODE3 production, PODE3 application as a pure fuel or fuel blends to IC engines, fuel spray and
atomization characteristics, the benefit of PM reduction by utilizing PODE3, detailed and reduced chemical kinetic
mechanisms, life cycle analysis of PODE3 are briefly summarized in Table 7.1.

For the category of PODE3 production, there are three fossil-free synthetic routes: (1) PODE3 synthesizes from
trioxane and dimethoxymethane with the catalyst of methanesulfonic acid and Deloxan [469]. (2) PODE3
synthesizes from H, and CO, [470]. (3) PODE3 synthesizes from methanol derived from recycling CO, and H»
[471]. For the category of PODE3 application as pure fuel in CI engine, it can adapt to both traditional MCCI
(mixing controlled compression ignition) combustion mode [472, 473] and HCCI (homogeneous charge
compression ignition) combustion mode [474]. But the PODE3 is not suitable to act as a “drop-in” diesel
blendstock exceeding 33% mass content or as a pure fuel in CI engines because the PODE3 has poor compatibility
with elastomers of the fueling supply system. Kass et al. [475] report that the volume expansion of elastomer
exceeds 30% at 33% mass fraction of PODE3 with diesel. Fuorosilicone is the best elastomer material to resist

volume swell among their studied materials, specially designed elastomers are needed to adopt PODE3 as diesel
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blendstock in high-level bend proportion. Otherwise, the PODE3 blend fraction should maintain at a low level to

ensure acceptable material compatibility with existing elastomers in-vehicle infrastructure. Therefore, the majority

of the PODE3 engine application is adopted as fuel blendstocks as listed in Table 7.1. The regular use of PODE3

is blending with diesel [476-478] or diesel-biodiesel mixture [479] as an additive with the benefit of CN

improvement and PM reduction. The pure PODE3 or PODE3-diesel mixture with high reactivity can blend with

low reactivity fuels such as n-butanol [480-482], gasoline [483] for CI engines application. In addition to directly

blending PODE3 with low reactivity fuels, RCCI (reactivity controlled compression ignition) combustion mode

can be applied which injects low reactivity fuel (such as ethanol [484]) at the intake manifold and directly injects

PODES3 into the cylinder. Addition PODE3 into diesel decreases spray tip penetration, Sauter mean diameter (SMD)

and increases the spray projected area, spray cone angle [485]. The reduction of droplet SMD indicates that adding

PODES3 can improve the spray atomization performance compared to pure diesel. The PODE3 soot reduction effect

is quantified by PODE3-ethylene in laminar coflow diffusion flames [486] and burner-stabilized premixed flames

[487]. PODE3 does not exist carbon-carbon bond and this chemical effect is the primary cause of soot formation

reduction in PODE3-ethylene flames. Similar to ethanol [488], a small amount of PODE3 addition enhances soot

formation, the soot volume fraction and particle size reduction benefit can be observed only when the PODE3

fraction exceeds about 10vol.% [486]. The social and environmental impacts are important reasons for PODE3

utilization in IC engine infrastructures because the total life cycle greenhouse gas (GHG) emission of PODE3

(17.76 g CO2eq/MJ) derived from biomass is about 7.125 times less than diesel (126.54 g CO»eq/MJ) in 20 year

[489]. The well to wheel GHG emission of PODE3 (29 g COeq/km) produced via power to liquid (PTL)

technology can be 7.207 times less than diesel (209 g CO»eq/km) [490].

This work studies the ignition delay times, adiabatic flame temperature (AFT) and premixed laminar flame

speed of PODE3 under wide range conditions and compares with diesel surrogate of n-heptane. The heat release
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process and rate-controlling reactions of the ignition process as well as flame temperature are revealed by the

chemical kinetic model. The dependence of ignition delay times and laminar flame speed on equivalence ratio,

temperature, pressure are quantified by the Arrhenius equation and machine learning (ML) regression model.
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Table 7.1 Overview of the production and utilization of PODE3.

Items Classification Brief of research Ref.
PODE3 production Route 1 Start from dimethoxymethane and trioxane and uses methanesulfonic acid or Deloxan catalyst [469]
Route 2 Produce from hydrogen and carbon dioxide by combining established synthetic process [470]
Route 3 Synthesize by methanol derived from H2 and recycled CO2 [471]
Pure fuel in engine HCCI mode Combustion and emission characteristics under HCCI combustion mode [474]
MCCI mode Combustion and emission characteristics under MCCI combustion mode [472,473]
Fuel blend in engine PODE3-diesel Combustion and emission characteristics of PODE3-diesel in CI engine [476-478]
PODE3-diesel-n-butanol ~ Combustion and emission characteristics of PODE3-diesel-n-butanol in CI engine [480-482]
PODE3-gasoline Combustion and emission characteristics of PODE3-gasoline in CI engine [483]
PODE3-ethanol Combustion and emission characteristics of PODE3-ethanol in CI engine [484]
PODE23-diesel-biodiesel Combustion and emission characteristics of PODE3-diesel-biodiesel in CI engine [479]
Elastomers Elastomer materials Fuorosilicone, neoprene, polyurethane, Epichlorohydrin/ethylene oxide (ECO), Blend of NBR/PVC (0Z0O), [475]
compatibility diene monomer (EPDM), silicone, styrene-butadiene rubber (SBR), acrylonitrile, butadiene rubbers (NBR)
Injection process PODE3-diesel Investigate the macroscopic spray and microscopic droplet characteristics of PODE3-diesel [485]
Soot reduction PODES3- ethylene Investigate PODE3 soot reduction performance in PODE3-ethylene laminar co-flow diffusion flames [486]
PODES3- ethylene Investigate PODE3 soot reduction performance in PODE3-ethylene burner-stabilized premixed flames [487]
Detailed mechanism Cai et al. Describe PODE3 autoignition at the low/intermediate/high temperatures, 322 species,1611 reactions [447]
He et al. Mimic the ignition characteristics at low temperature, 225 species, 1082 reactions [491, 492]
Sun et al. Depict the high temperature flame chemistry of PODE3, 274 species, 1674 reactions [493]
Reduced mechanism Ren et al. Predict PODE3 combustion and soot formation for engine application, 145 species, 585 reactions [494]
Lin et al. Predict in-cylinder pressure and HRR for HCCI engine, 61 species and 190 reactions [495]
Huang et al. PODE3/nature gas dual fuel mechanism for CFD simulation, 124 species, 650-reaction [496]
Life cycle analysis Biomass-derived PODE3  Evaluate the life cycle GHG emission of PODE3 (17.76 g CO2eq/MJ) and diesel (126.54 g CO2eq/MJ) [490]
PODE3 Compare the well to wheel GHG emission of PODE3 (29 g CO2eq/km) with diesel (209 g CO2eq/km) [490]
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7.2 Chemical kinetic model development and validation

The He et al. [491, 492] mechanism (225 species, 1082 reactions) describes PODE3 oxidation at the low to the
intermediate temperature of 588K~1111K while the Sun et al. [493] mechanism (274 species, 1674 reactions)
interprets the high temperature flame phenomenon at the temperature of 1500K or above. To predict the ignition
and oxidation characteristics of PODE3 at a wide range temperature of 550~1250K, a modified PODE3 chemical
kinetic mechanism is developed by merging the He et al. [491, 492] mechanism and the Sun et al. [493] mechanism.
The He et al. [491, 492] mechanism is regarded as a master mechanism that is used as the primary source of species
and reactions. The Sun et al. [493] mechanism is placed as a donor mechanism to act as the second source of
species and reactions. For the overlapped elementary reactions in both mechanisms, the reaction rate constants
from the master mechanism are set as default. To reduce the mechanism complexity and focus on the PODE3
oxidation behavior, the sub-mechanisms of decane, dodecane, hexadecane, diisobutylene, cyclohexane,
methylcyclohexane, PAH are removed from the modified PODE3 mechanism. The premixed laminar flame speed
is modeling by adopting the Sun et al. [493] mechanism to avoid interaction between the low temperature reactions
and the high temperature chemistry which may reduce the convergence rate and predictive accuracy.

The modified PODE3 mechanism contains 271 species, 794 reactions and it is validated against the measured
ignition delay times by RCM [491, 492] at varied conditions Tof ¢=0.5, 1.0, 1.5 as shown in Figure 7.1 and the
inputs used for Chemkin simulation are provided in Table 7.2. The predictive ignition delay times almost coincide
with the measured values under fuel-lean, stoichiometric and fuel-rich conditions. The predictive ignition delay
time profiles of ¢=1.5 have an abnormal plateau at 1050K as shown in Figure 7.1 (c) which may be an incipient
NTC behavior under fuel-rich, high dilution conditions. The PODE3 kinetic model also obtains a good agreement
(R?=0.9895) of premixed laminar flame speed between measured and simulated values at the condition of
Tini=408K, Pin=latm as shown in Figure 7.1. The model inputs of Chemkin simulation for premixed laminar
flame speed are presented in Table 7.3. The Sun et al. [493] mechanism overestimates the flame speed at the full
equivalence ratio from 0.7 to 1.6 and the maximal deviation reaches 9.58% at @=0.7. The relative deviation

decreases as increasing equivalence ratio and it drops below 5% at ¢=1.0~1.6.
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Table 7.2. Inputs used for Chemkin simulation of ignition delay times for PODES3 in closed homogeneous batch
reactor module

Item Value

Problem type Constrain pressure and solve energy equation
End time (s) 1

Temperature (K) 550~1250

Pressure (bar) 10/15

Volume (m?) Default

Heat loss (cal/s) 0

Surface temperature (°C) Same as gas temperature

Equivalence ratio ¢ 0.5/1.0/1.5

Table 7.3. Inputs used for Chemkin simulation of premixed laminar flame speed for PODE3

Item Value
Unburned gas temperature (K) 408

Pressure (atm) 1

Ambient temperature (K) 298
Maximum number of grid points allowed 350

Number of adaptive grid points 10

Adaptive grid control based on solution gradient 0.15
Adaptive grid control based on solution curvature 0.5

Starting axial position (mm) 0

Ending axial position (mm) 3

Initial stream inlet velocity (cm/s) 40
Equivalence ratio @ 0.6~1.8

Fuel mixture PODE3
Oxidizer mixture 02/N2 =21/79 vol.%
Complete combustion products CO»/H>O/N>
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7.3 Results and discussion
7.3.1 Ignition characteristics of PODE3
7.3.1.1 Ignition delay times, species evolution, dominant reactions and reaction pathway

The ignition delay times of PODE3 are compared with n-heptane at ¢ =0.25, 0.5, 1.0, 2.0, Tinit = 550~1250K,
Pini=6.5, 13.5, 20, 45atm to evaluate their fuel reactivity as shown in Figure 7.3 and the model inputs for Chemkin
simulation is presented in Table 7.4. The studied conditions are recommended by Zhang et al. [454] to test the fuel
ignition characteristics covering low/intermediate/high temperature regimes by shock tube and rapid compression
machine at engine relevant conditions. The results of ignition delay time include 5 aspects: (1) The PODE3 is more
reactive than n-heptane at the full temperature range of 550~1250K given that it obtains lower ignition delay times.
(2) The fuel reactivity of both fuels enhance with increasing initial pressure and equivalence ratio. (3) PODE3 does
not exist an NTC behavior and exhibits a flat plateau at the intermediate temperature of 750~1050K while the n-
heptane demonstrates a distinct NTC behavior at 850~1050K. The dependence of ignition delay times on
temperature for PODE3 is monotonical and it favors the control of advanced low temperature combustion modes
for IC engines. (4) The flat plateau of PODE3 and NTC of n-heptane expand in temperature range and intensify in
the intensity with increasing equivalence ratio. (5) The flat plateau of PODE3 and NTC of n-heptane narrow in
temperature range and weaken in the intensity with increasing initial pressure.

The species evolution and temperature profile of PODE3 are compared with n-heptane at ¢ =1.0, Tini=600K,
900K, 1250K, Pi;;=20atm as shown in Figure 7.4. The formaldehyde (CH,O) and hydroxyl radical (OH) are
regarded as the indicators of low temperature heat release (LTHR) and high temperature heat release (HTHR)
respectively. The LTHR and HTHR can be determined by the CH,O and OH concentrations accompanied by
temperature profiles. The main findings are summarized below: (1) Both PODE3 and n-heptane demonstrate two-
stage heat release at low temperature regimes of 550~750K and 550~850K respectively. The transition from two-

stage heat release to single-stage heat release takes place as increasing temperature. (2) The LTHR intensity of
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PODE3 is weaker than that of n-heptane. For example, the LTHR of PODE3 starts at 696K with the amplitude of

176K while the LTHR of n-heptane begins at 770K with the amplitude of 250.6K at ¢ =1.0, Tinit =600K, Pinit

=20atm as shown in Figure 7.4 (a) and Figure 7.4 (d). (3) The active radical/species accumulation at LTHR of

PODE3 is weaker than that of n-heptane. For example, the H202 accumulates 54.62% at LTHR for PODE3 while

the n-heptane completes 98.53% H»0O, accumulation at LTHR at ¢ =1.0, Tinit =600K, Pinit =20atm as shown in

Figure 7.4 (a) and Figure 7.4 (d).

The flat plateau in the PODE3 ignition delay times curve divides the full temperature regime into a low

temperature ignition regime of 550~750K, mediate temperature ignition regime at 750~1050K, high temperature

ignition regime of 1050~1250K. The simplified reaction pathways of PODE3 and n-heptane are illustrated in

Figure 7.5. At low temperature, H atom abstraction from PODE3 on carbon position 1, position 2, position 3 forms

PODE3a, PODE3b, PODE3c. 1% O, addition to PODE3x takes place to form PODE3x0O2 and then isomerizes to

form PODE3_OOH. 2" O, addition to PODE3_OOH happens to produce PODE3 OOH_0O2 which undergoes

chain branching reaction to form ketohyroperoxide and hydroxyl radical. Ketohyroperoxide further decomposes

into oxygenated species and hydroxyl radical as shown in Figure 7.5. As the reaction temperature increase to an

intermediate temperature, the reaction rate of 2" O, addition reduces and the PODE3 OOH occurs chain

propagation reactions to produce cylic ether, ether, aldehyde. The macroscopic reactivity increase with increasing

temperature is less impressive and thus a flat plateau appears in the ignition delay times profile. As the reaction

temperature further increases to a high temperature regime, the reaction of 1 O, addition into PODE3x is inhibited

and PODE3x undergoes high temperature decomposition to form R’ and carbonyl radical. Meanwhile, the PODE3

molecule occurs high temperature decomposition to break the carbon-oxygen bond and form PODE2x+CH30 or

R+R’. Generally, the oxidation reaction pathway of PODE3 is similar to n-heptane because both of them contains:

(1) 1%t and 2" O2 addition reactions, (2) low temperature chain branching reactions, (3) when 2" O, addition is

inhibited, the reactants form less reactive products by chain propagation reactions, (4) the fuel molecule takes
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place high temperature decomposition as the reaction temperature further increases.

OH radical sensitivity analysis is performed to identify the ignition dominant reactions of PODE3 at ¢=1.0, P

=20atm, Tinit =600K, 725K, 900K, 1075K, 1250K as shown in Figure 7.6 (a) ~ Figure 7.6 (e). The reactions with

a positive sensitivity coefficient facilitate OH radical production and ignition propensity and vice versa. At Tini

=600K, the reactions of 1% O, addition to PODE3x and 2™ O, addition to PODE3_OOH, promote OH radical

production while the reactions of H atom abstraction from carbon position 1 of PODE3 by OH radical, PODE3b

decomposition into COCOCOC*0O and CHj3 inhibit the OH radical accumulation as shown in Figure 7.6 (a). At

Tinit =725K, the reactions of 2™ O, addition to PODE3_OOH, H atom abstract from PODE3 by OH, HO; radicals

(except PODE3+OH=PODE3a+H,0), H,O, decomposition to form OH radicals favor OH production while the

reactions of H atom abstraction from carbon position 1 of PODE3 by OH radical, PODE3b decomposition into

COCOCOC*0O and CHj3 inhibit the OH radical accumulation as shown in Figure 7.6 (b). At Tinic =900K, the

reactions of 2" O, addition to PODE3_OOH, H,O, decomposition to form OH radicals accelerate OH production

while the reactions of PODE3 OOH=aldehyde+OH, CH3OCH,=CH3+CH:O suppress OH accumulation in Figure

7.6 (c). At Tinit =1075K, the reaction sequence of CH,O+HO,=HCO+H>0,, HO>(+M)=20H(+M) is the primary

OH source while the reaction sequence of CH;0CH,=CH3+CH,0, 2CH3(+M)=C>H¢(+M) reduces the radical pool

and thus restrain OH radical formation as shown in Figure 7.6 (d). At Tii¢ =1075K, reaction sequence of

CH,0+HO>»=HCO+H,0,, H,0>(+M)=20H(+M) and chain branching reaction of H+O,=0+OH boost OH radical

formation. On the contrary, the reaction sequence of CH;OCH,=CH;3+CH>0, 2CH3(+M)=C,Hgs(+M) hinders OH

radical accumulation as shown in Figure 7.6 (e).
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Figure 7.6. Sensitivity analysis on the OH species of PODEs-air mixture at
(b) Tinit =725K, (c) Tinit =900K, (d) Tinit =1075K, (e) Tinit =1250K.

@ =1.0, Pini=20atm, (a) Tini=600K,

Table 7.4. Inputs used for Chemkin simulation of ignition delay times for PODE3 and n-heptane in closed

homogeneous batch reactor module

Item

Value

Problem type

End time (s)
Temperature (K)
Pressure (atm)

Volume (m?)

Heat loss (cal/s)

Surface temperature (°C)
Equivalence ratio ¢

Fuel mixture

Oxidizer mixture
Complete combustion products

Constrain pressure and solve energy equation
10

550~1250
6.5/13.5/20/45

Default

0

Same as gas temperature
0.25/0.5/1.0/2.0

PODE3 or n-heptane
Oz/Nz =21/79 VOl.%
CO2/H20/N»
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7.3.1.2 Quantification and rank the sensitive factors of ignition delay times

This section aims at quantifying the dependence of ignition delay times on equivalence ratio, temperature,

pressure and the number of samples for PODE3 and n-heptane are 234 and 240 as shown in Table 7.5. The

normality of the ignition delay times data is tested by the Kolmogorov-Smirnov test and Shapiro-Wilk test

simultaneously. The significances for both fuels are far below 0.05 for both tests which indicate that the ignition

delay times data disobey normal distribution. Therefore, the non-parametric measure of the Spearman test is

adopted to quantify the correlation coefficients instead of the Pearson test which demands dependent variables

obey normal distribution. The Spearman correlation coefficients of ignition delay times for PODE3 and n-heptane

are shown in Figure 7.7. The factor influence on ignition delay times of PODE3 order from high to low as:

temperature>>equivalence ratio>pressure. The order for n-heptane is slightly different from PODE3 as:

temperature>> pressure > equivalence ratio. Overall, the temperature is of the utmost importance of ignition delay

times for PODE3 and n-heptane.

PODE3 nC7H16

0.0

|
=
=

\
o
(]

|
=
"

-0.267101
-0.328394

&
IS
T

|

o

o
T

\

o

~a
T

\

o

@0
T

Correlation coefiicient for ignition delay times
=)
Lh
T

® Equivalence ratio

® Temperature 0856677
-0.89869 B Pressure

\

o

o
T

-1.0

Figure 7.7. Spearman correlation coefficients of ignition delay times for PODE3 and n-heptane.

Table 7.5. Normality test ignition delay times for PODE3 and n-heptane

Item  Kolmogorov-Smirnov” test (PODEs/n-heptane) Shapiro-Wilk test (PODEs/n-heptane)

Statistics Dy S, Statistics Dy S

7, 0.394/0.406  234/240  6.8891E-105/5.2972E-114 0.280/0.333  234/240  3.0575E-29/1.0933E-28

* Lilliefors significance correction
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7.3.1.3 Regression between ignition delay times and equivalence ratio, temperature, pressure

This section aims at fitting an Arrhenius manner formula to describe the dependence of ignition delay time on
the equivalence ratio, temperature, pressure as shown in Eq. (7.1) [498]. The coefficients of A, Ea , M, n
are computed by iterative optimization to minimize the residual of ignition delay times. The Arrhenius expressions

of ignition delay times for PODE3 and n-heptane are provided in Eq. (7.2) and Eq. (7.3) respectively.

1 E
., =—=Aexp| —=—|-p" 9" 7.1

L p[8.314-Tj e (-1
where K, A, E_, M, N represent global reaction rate of one step mechanism, pre-exponential factor,

apparent activation energy, pressure exponent and equivalence ratio exponent respectively. ¢, T, p denote

the equivalence ratio, mixture initial temperature and mixture initial pressure.

1 53216.492
i = —=0.015-exp| 252702 | 096 | ,-1143 7
Tig PODE, Kooor, p[ 8314.T J p 1) (7.2)
1 112889.509
i = —0.881E —08.exp| ===22227 || 0341 ;0342 73
Tlg nC;Hie p( 8.314-T J p ® ( )

nC;Hse

where @ €(0.25,2.0), T € (550K, 1250K), p € (6.5atm, 45atm).
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Figure 7.8. Comparison of the ignition delay times between Chemkin predicted values and Arrhenius formula
predicted values for PODE3 and n-heptane at ¢=0.25/0.5/1.0/2.0, Tinii=550—1250K, Pini=6.5/13.5/20/45atm.
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7.3.2 Adiabatic flame temperature (AFT) of PODE3
The adiabatic flame temperature (AFT) is the maximum combustion temperature that can be obtained by the
particular gas phase combustibles under specific conditions excluding heat losses, chemical kinetic and mass
transportation restrictions [499]. The AFT of PODE3 are compared with n-heptane at ¢=0.2~2.0;Tii= 298, 358,
398, 458, 518K Piyi= 1, 5. 10, 20, 40atm shown in Figure 7.9. The AFT is computed by the chemical and phase
equilibrium calculation module of Chemkin software at the condition of constant enthalpy and constant pressure.
The test conditions are referred to the research by Zhang et al. [454]. The key findings are summarized below: (1)
The AFT of both fuels reach its peaks at ¢p=1.0 and they decrease gradually as the mixtures become leaner or richer.
(2) The AFT of both fuels increase with initial temperature. (3) The AFT of both fuels are independent of initial
pressure. (4) The AFT of PODE3 are lower than those of n-heptane at ¢=0.9~1.1 and the PODE3 obtains higher
AFT than those of n-heptane at (¢=0.2~0.9 and ¢=1.1~2.0. At the fuel-lean condition (¢=0.2~0.9), the fuel quantity
is the reaction rate-controlling factor. Given that there is a fixed amount of fuel, the PODES3 requires less amount
of air than n-heptane to reach an identical equivalence ratio because it contains oxygen atoms in the fuel molecule.
Thus, PODE3 reaches higher AFT than n-heptane at fuel-lean condition. At the fuel-rich condition (¢=1.1~2.0).
the oxygen quantity is the reaction rate-controlling factor. At a fixed amount of oxygen molecules, larger quantity
of PODES3 is needed than n-heptane to reach an identical equivalence ratio. Thence, the AFT of PODES3 are higher

than those of n-heptane at fuel-rich condition.
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Figure 7.9. Dependence of adiabatic flame temperature on (a) initial temperature; (b) initial pressure for PODE3-
air mixture and n-heptane-air mixture at ¢=0.2~2.0:Tini= 298 358, 398, 458, 518K Pui= 1, 5, 10, 20, 40atm.
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7.3.3 Premixed laminar flame speed of PODE3
7.3.3.1 Premixed laminar flame speed and corresponding dominant reactions

The premixed laminar flame speed and flame flux (also known as flame mass burning rate) of PODE3 are
compared with n-heptane at t ¢=0.2~2.0; Tini= 298 358, 398, 458, 518K; Pini= 1, 5, 10, 20, 40atm as shown in
Figure 7.10. The model inputs for the Chemkin simulation of laminar flame speed are presented in Table 7.6. The
flame speed and flame flux are expressed by Eq. (7.4), Eq. (7.5) and the test conditions are the same as section
7.3.2. The key findings are summarized as below: (1) The PODE3 has a higher laminar flame speed than n-heptane
at the same condition. (2) The laminar flame speeds of both fuels increase with initial temperature. (3) The laminar
flame speeds of both fuels decrease with increasing initial pressure while the laminar flame fluxes increase with
pressure.

The global reaction rate, adiabatic flame temperature through the flame zone, and thermal diffusivity of the
unburned gas are the three principal influence factors of premixed laminar flame speed as expressed in Eq. (7.4)
[500]. The result of section 7.3.1.3 indicates that PODE3 has a higher global reaction rate than n-heptane due to
higher pre-exponential factor and smaller activation energy as shown in Eq. (7.2) and Eq. (7.3). The result of
section 7.3.2 indicates that the PODE3 obtains higher AFT than n-heptane at the fuel-lean condition (¢=0.2~0.9)
and the fuel-rich condition (¢=1.1~2.0). At =0.9~1.1, the AFT of PODE3 is about 5~20°C lower than n-heptane
at the studied conditions but they are broadly comparable as shown in Figure 7.9. The thermal diffusivity of PODE3
is lower than that of n-heptane as shown in Figure 7.11. Given that the laminar flame speed of PODE3 is higher
than n-heptane which must be attributed to the higher global reaction rate and higher AFT of PODE3 than n-

heptane.

—Ea n-2
2

A Ti-T 1 A Ti-T de 2RT
S = — = | —— o Ja-T, -kce™ o«
“ pC, T-T, 5, \pC, T-T, dt f P

(7.4)

where S, 4, o, Cp are the premixed laminar flame speed, the thermal conductivity of unburned

combustible, density and constant pressure specific heat capacity of unburned combustible. T,, T,, T,
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represent the unburned gas temperature, combustible ignition temperature and flame temperature. 5r , £, O

denote the length of the reaction zone, reaction progress variable and thermal diffusivity. Both 9¢ and k are

dt

the reaction rate. E,, R,, N are the activation energy, universal gas constant and the order of the chemical
reaction.
m=p-S, (7.5)
where m denotes the flame mass burning rate [501], also known as laminar flame flux [502].

Increasing the initial temperature has a positive effect on the laminar flame speed while increasing the initial

—-E, n-2
2

pressure has a negative effect which are expressed as S, ce®®" and S _oc p as shown in Eq. (7.4). The

dependence of laminar flame speed on temperature and pressure for both PODE3 and n-heptane are quantified as
Eq. (7.6) ~ Eq. (7.9). Eq. (7.6) ~ Eq. (7.9) reveal two findings: (1) the laminar flame speed of PODE3 is less
temperature-dependent than n-heptane. (2) The global reaction orders of PODE3 and n-heptane are 1.250 and
1.222 respectively which indicates that PODE3 is more reactive than n-heptane. It further supports the conclusion

in section 7.3.1.

& m 678516

S, pobg, * e =T =g T (7.6)
-E m 793,542

S, nCyHyg oce?™ =gl =¢ T (7.7)
L—Z 1.250-2

Sipope, P2 =p 2 = po” (7.8)
L—Z 1.222-2

Stocn, €P2=p 2 =p*** (7.9)

Flame temperature is the dominant factor to influence the laminar flame speed, the flame temperature sensitivity

analysis is conducted at ¢ =1.0, Tini= 298/358/398/458/518K, Pini=1/5/10/20/40 atm to identify the key reactions

affecting laminar flame speed as shown in Figure 7.12 and Figure 7.13. The reactions with positive sensitivity

coefficients favor flame temperature elevation and vice versa. H+O,=0O+OH is the chain branching reaction at

high temperature and CO+OH=CO,+H is the principal exothermic reaction, both of them favor the flame

temperature elevation and laminar flame speed.
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Figure 7.11. Thermal diffusivity of PODE3 and n-heptane at (a) 358K, latm; (b) 518K, latm; (c) 358K, 20atm.
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Figure 7.12. Sensitivity analysis on the flame temperature of PODE3-air mixture at ¢=1.0,
Tini=298/358/398/458/518K, Piyir=1atm.
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Figure 7.13. Sensitivity analysis on the flame temperature of PODE3-air mixture at ¢@=1.0, Tmi=358K,
Pini=1/5/10/20/40atm.

Table 7.6. Inputs used for Chemkin simulation of premixed laminar flame speed for PODE3 and n-heptane

Item Value

Unburned gas temperature (K) 298/358/398/458/518
Pressure (atm) 1/5/10/20/40
Ambient temperature (K) 298

Maximum number of grid points allowed 1000

Number of adaptive grid points 10

Adaptive grid control based on solution gradient 0.1

Adaptive grid control based on solution curvature 0.5

Starting axial position (mm) 0

Ending axial position (mm) 3

Initial stream inlet velocity (cm/s) 40

Equivalence ratio ¢ 0.5~2.0

Fuel mixture PODE3/n-heptane
Oxidizer mixture 0,/N3 =21/79 vol.%
Complete combustion products CO2/H20/N2




7.3.3.2 Regression between laminar flame speed and equivalence ratio, temperature, pressure

Unlike the relationship between ignition delay times and equivalence ratio, temperature, pressure, the Arrhenius

type formula cannot accurately describe the dependence of laminar flame speed on equivalence ratio, temperature,

pressure. To predict the laminar flame sped at particular conditions, a machine learning algorithm is utilized to

build the regression model between laminar flame speed and equivalence ratio, temperature, pressure. for PODE3

and n-heptane. The models are accessible in Data and Software Availability section. The model functions and

predictive errors are listed in Table 7.7. The machine learning models achieve high predictive accuracy with R2 of

0.999978 for PODE3 and 0.999998 for n-heptane as shown in Figure 7.14 (a). The PODE3 (RMSE=0.127) has

greater RMSE than n-heptane (RMSE=0.03) which further supports that the n-heptane regression model obtains

better predictive accuracy as shown in Table 7.7. The machine learning regression model for PODE3 has larger

predictive residuals at the range of 0~50 cm/s than at the range of 50~120 cm/s as shown in Figure 7.14 (b).
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Figure 7.14. (a) Comparison of laminar flame speed between Chemkin computation and machine learning

regression model at @=0.5~2.0, Tinii=298~518K, Pini=1~40atm; (b) Residual of the predicted laminar flame speed.
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Table 7.7. Model function and regression metrics of the machine learning regression model for PODE3 and n-heptane

Property Training dataset Model type Kernel function Basic function R? MAE  MSE RMSE
Laminar flame speed PODE3 (146) Gaussian process regression Matern52 Linear 0.999978 0.087 0.016  0.127
n-Heptane (134) Gaussian process regression Matern32 None 0.999998 0.021  0.001  0.03
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7.4 Conclusions

This work comprehensively examines the ignition characteristics, adiabatic flame temperature, premixed
laminar flame speed of PODE3 at engine relevant conditions and compares with the commonly used diesel
surrogate of n-heptane. A modified PODE3 with 271 species, 794 reactions is developed to predict the
low/intermediate/high temperature oxidation characteristics by merging the He et al. [491, 492] mechanism (225
species, 1082 reactions) and Sun et al. [493] mechanism (274 species, 1674 reactions). The proposed PODE3
mechanism removes sub-mechanisms of decane, dodecane, hexadecane, diisobutylene, cyclohexane,
methylcyclohexane, PAH existing in the He et al. [491, 492] mechanism. Thus current PODE3 mechanism is faster
and requires less computational resource than He et al. [491, 492] mechanism with comparable predictive accuracy.
The major conclusions are summarized as below:

(1) PODES3 has a higher global reaction rate than n-heptane and thus results in lower ignition delay times. The

ignition delay times of  PODE3 and n-heptane can be expressed as
1 53216.492) 405 -
Tig PODE, — =0.015-exp [mj 0% )-1143
PODE, . »
1 112889.509
i = —0.881E —08.exp| ===22227 || 0341 ;0342
Tlg nC;Hye p( 8.314-T J (4

nC7Hie respectively. Temperature is the

dominant factor of ignition delay times.

(2) The PODE3 may not suitable to act as the chemical ignition source of fuel mixtures because of insufficient
temperature increasing amplitude and active radical accumulation during low temperature heat release
(LTHR) compared to n-heptane.

(3) PODE3 has higher AFT than n-heptane at fuel-lean condition (¢=0.2~0.9) and fuel-rich condition
(9=1.1~2.0), but it is 5~20°C lower than n-heptane at ¢=0.9~1.1.

(4) PODES3 has a higher laminar flame speed than n-heptane at t ¢=0.2~2.0; Tini= 298~518K; Pini= 1~40 atm
because of higher global reaction rate and AFT. The high laminar flame speed of PODE3 enhances the
dilution tolerance and enables an application to low temperature combustion modes with a high dilution
ratio.
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Chapter 8 Chemical Kinetic Modeling of Diethoxymethane
Oxidation: A Carbon-Neutral Fuel
8.1 Introduction

United Nations (UN) adopts Paris Agreement in 2015 in response to the threat of climate change by limit global
warming to well below 2°C, preferably to 1.5°C compared to the pre-industrial era [503]. To achieves this long-
term temperature rise target, involved parties/countries commit to reaching greenhouse gas emissions (GHG) as
soon as possible and ultimately arrive at global climate neutrality by mid-21-century. Carbon neutrality targets,
low-/zero- carbon solutions and corresponding markets have been constructed in numerous countries, regions, and
corporations since the agreement entered into force. Massively actions have been implemented in energy and
transport and profound impacts have been achieved in R&D and business.

In the energy sector, a concept of “Power to X” (also known as energy to X) is proposed to utilize renewable
energy (such as sunlight, wind energy) abundant molecules (CO,, H,O, N,) to produce fuels as an energy carrier
and chemicals. Especially the fuels synthesized from renewable feedstocks and produced by sustainable
energy/electricity are called carbon-neutral fuels which have zero net GHG emissions and carbon footprint.
Biofuels derived from biomass (such as lignocellulose, algae, etc.) [264, 407-410] or waste plastics [407, 504-506]
also belong to carbon-neutral fuels. An overview of the research and innovation initiatives toward carbon neutrality
is presented in Table 8.1. SUNERGY project [507] converts renewable energy (sunlight energy, wind energy) and
abundant molecules (CO,, H>O, N») into fossil-free fuels and chemicals for climate neutrality. SUNRISE project
[508, 509] and Energy-X project [510, 511] are the sub-initiatives of SUNERGY project [507]. Solar Fuels
Networks project [512] utilizes solar energy and abundant resource (CO,, H,O) to produce carbon-neutral fuels.
Power-to-X (Kopernikus project, Germany) project [513, 514] transforms renewable electricity into fuels, gases,
heat, chemicals, plastics, cosmetics. Power-to-X (European Commission) project [515] evaluates the technological

competitiveness of power-to-gas and power-to-liquid and compares them with other low-carbon techniques by
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2050. Co-optimization of fuels and engines [267, 415, 419, 516, 517] regards fuels as dynamic design variants to

optimize engine combustion and emission performance. Fuel science center [264, 518, 519] converts renewable

electricity and alternative carbon feedstock into liquid fuels as energy carriers for carbon-neutral and ultra-low

pollutant emission propulsion systems. Renewable fuels are biofuels derived from inedible biomass and e-fuels

from carbon capture and storage (CCS).

The sustainable carbon cycle is illustrated in Figure 8.1 which contains carbon-neutral fuels production from

renewable electricity and abundant molecules (CO», H>O) and carbon-neutral fuels utilization in power and

transportation sectors [520]. Synthesis gas of CO and H2 is the hub of the sustainable carbon cycle, which is the

platform chemical for the target carbon-neutral fuels. Therein, the H2 is generated by water splitting electrolysis

through hydrogen evolution reaction and oxygen evolution in alkaline and acidic media [521, 522]. The renewable

electricity for water electrolysis is supplied by solar panels and wind turbines. The CO can be prepared by CO;

electrocatalysis or photocatalysis process [523, 524] while the CO- is obtained by carbon capture and storage (CCS)

technology [525, 526]. The CO2 is captured from biomass, ambient air, power plant emissions and the technologies

reaching demonstration or commercial scale include post-combustion amines, pre-combustion natural gas

processing, membranes polymeric, pre-combustion integrated gasification combined cycle (IGCC)+CCS, post-

combustion adsorption, bioenergy with CCS (BECCS) industry, direct air capture (DAC), oxy-combustion coal

power plant [525]. The demonstration or commercial level carbon storage technologies compose of saline

formations, CO;- enhanced oil recovery (EOR), CO,- enhanced gas recovery (EGR), depleted oil & gas fields

[525].

Straight chain ethers usually have satisfactory cetane numbers and soot reduction benefits due to high oxidation

reactivity and existing oxygen atoms, thus they are used as diesel blendstocks to adjust the fuel reactivity and

oxygen mass content. An overview of the C3, C5, C7, C9, C11 alkanes and corresponding ethers with 1~5 O-atom

substituents is provided in Table 8.2 and those with citations indicate detailed chemical kinetic mechanisms are
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available. Diethoxymethane (DEM) is getting more and more attention due to its good reactivity (CN: 57.3 [193])

and low sooting tendency (YSI: 18.5 [321, 370]). DEM is one of the 129 compounds for CI engines recommended

by the virtual fuel screening in chapter 6. This chapter intends to propose a detailed kinetic mechanism including

low and high temperature chemistry and explore the ignition delay time and laminar flame speed. There are two

published DEM mechanisms ahead of this work, one interprets the DEM high temperature fuel-rich flame at sub-

atmospheric pressure [527] and the other emulates the high temperature ignition delay times from fuel-lean to fuel-

rich conditions [528]. But the scopes of these mechanisms are limited to high temperature (>1100K) oxidation,

they are unable to describe the low and mediate temperature oxidation conditions due to the lack of a low

temperature reaction scheme. To address this deficiency, this work proposes a detailed chemical kinetic mechanism

of diethoxymethane (DEM) including low and high temperature reaction schemes to describe the ignition process

at full temperature regime and high temperature premixed laminar flame.
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Figure 8.1. Carbon neutral fuels production and utilization in a sustainable carbon cycle.
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Table 8.1 Overview of the research and innovation initiatives toward carbon neutrality by carbon-neutral fuels and biofuels.

Project Grant agency Duration Details Ref.
SUNERGY European Commission 2019- Utilize renewable energy (sunlight, wind) and abundant molecules (CO,, H,O, N») to [507]
Present produce fuels and chemicals.

SUNRISE European Commission 2019-2020 Sub-initiative under SUNERGY project. [508, 509]
Energy-X European Commission 2021-2028 Sub-initiative under SUNERGY project. [510, 511]
Solar Fuels University of Liverpool 2018- Produce renewable fuels from abundant resources (CO,, H>O) by solar energy. [512]
Networks Present
Power-to-X Kopernikus project 2016-2019 Convert and store renewable energy into other substantial energy carriers and chemical [513, 514]

products.
Power-to-X European Commission 2019 Evaluate the utilization of low-carbon electricity to convert power into gas or liquid energy [515]

carrier.
Co-optimization of NREL 2016- Design fuel blendstock enabled high-efficiency, low-emission engine operation [267, 415, 419,
fuels and engines Present 516, 517]
Fuel science center RWTH Aachen 2007- Develop liquid fuels from renewable electricity and alternative carbon feedstock [264, 518, 519]

University Present
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Table 8.2. Overview of C3, C5, C7, C9, C11 alkanes and corresponding ethers with 1~5 O-atom substituents.

No. 3¢ 5 7

9

11

0P n-Propane n-Pentane [530-533] n-Heptane [91, 454, 497]

[529-531]" /\/\ /\/\/\
1 Dimethyl Diethyl ether [535, 536]  Dipropyl ether [537]

ether [534]

PN NN

YAVAVAN

2 N/A Dimethoxymethane [534, Diethoxymethane, this work
538, 539]
o 0 /\ /\ /\
/ \/ \ 0 O
3 N/A N/A 2,4,6-trioxaheptane (PODE2)
[447]
VAVAVAN
4 N/A N/A N/A
5 N/A N/A N/A

n-Nonane [91]

VAVAVAVAN

Dibutyl ether [452, 453]

VAVAVANVAN

Dipropoxymethane
/\/ O\/O\/\
3,5,7-Trioxanonane

/\ o/\o/\o/\

2,5,8-Trioxanonane

NN N

2,4,6,8-Tetraoxanonane (PODE3) [447, 492,

493, 540]
YAV VAVAN

N/A

n-Undecane [91]

/NN NN\

Dipentyl ether
VAVAVAVAVAN
Dibutoxymethane
AVAVAVAVAVA
Propoxymethyl ether
/\/O\/O\/O\/\
3,6,9-Trioxaundecane

o)
NN NN N
2,6,10-Trioxaundecane
VAVAVAVAVAN
3,5,7,9-Tetraoxaundecane
/\ 0 0 0 O/\
2,5,7,10-Tetraoxaundecane

O\/\ yaN /\/O

/ 7N\ AN

2,4,6,8,10-Pentaoxaundecane (PODE4)

[447]

VAVAVAVAVAN

“ Number in the first row is the total number of C-atoms and O-atoms.
P Number in the first column is the total number of O-atoms.

v The newly-published comprehensive mechanisms covering low and high temperature reactions are provided in the reference and those without reference denote comprehensive mechanisms are unavailable so far.
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8.2 Chemical kinetic mechanism formulation

8.2.1 Mechanism development and naming of species

Two sets of DEM mechanisms are built which are low-high temperature mechanism (735 species, 3488 reactions)
and high temperature mechanism (333 species, 1661 reactions) respectively. The DEM low-high temperature
mechanism describes the autoignition at low, intermediate, high temperature regimes from 550~1250K while the
DEM high temperature mechanism interprets the high temperature flame phenomenon. The DEM chemical kinetic
mechanism development follows a hierarchical structure including C0-C4 core mechanism, n-/i-paraffins sub-
mechanism, monoaromatics sub-mechanism, polycyclic aromatic hydrocarbon (PAH) sub-mechanism, alcohols
sub-mechanism, dimethoxymethane (DMM) sub-mechanism, diethoxymenthane sub-mechanism as shown in
Figure 8.2.

The DEM low-high temperature mechanism integrates the Aramco 3.0 mechanism [541], DMM mechanism
[538] and DEM sub-mechanism developed in this work. Aramco 3.0 mechanism [541] act as the base mechanism
containing C0-C4 species (H,, CO, methane, ethane, ethylene, acetylene, formaldehyde, acetaldehyde, propane,
propene, butane, etc.), n-/i-paraffins (n-pentane, iso-pentane, neo-pentane, n-hexane, C7-C8 paraffins, etc.),
monoaromatics (benzene, phenol, cyclopentadiene, fulvene), PAH (indene, naphthalene, fluorene, etc.), alcohols
(methanol, ethanol, n-propanol, iso-propanol, etc.). DMM mechanism [538] is adopted to connect the DEM sub-
mechanism and Aramco 3.0 mechanism [541] by providing the intermediate products. The DEM high temperature
mechanism incorporates PODE2-4 mechanism [447] and DEM sub-mechanism. The PODE2-4 mechanism [447]
acts as the base mechanism which contains the C0-C4 core mechanism to describe the reactions of small molecules
and DMM sub-mechanism. In other words, the PODE2-4 mechanism [447] in DEM high temperature mechanism
has the same function as Aramco 3.0 mechanism [541] and DMM mechanism [538] in DEM low-high temperature
mechanism.

The molecular structure of DEM is similar to n-heptane as shown in Figure 8.3, DEM can be regarded as
replacing the carbon atoms at position 3 of n-heptane with oxygen atoms. The physicochemical properties of DEM
and n-heptane are compared in Table 8.3. Analogy method is adopted to determine the oxidation reaction pathway

and rate constants of elementary reactions and n-heptane is regarded as the analogical object. The comparison of
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simplified oxidation reaction pathways between DEM and n-heptane are presented in Figure 8.3. H-atom
abstraction from n-heptane forms 4 alkyl radicals of C7H15-1, C7H15-2, C7H15-3, C7TH15-4 while H-atom
abstraction from DEM produces 3 DEMx radicals of DEM1, DEM2, DEM3 because oxygen atom occupies
position 3 as shown in Figure 8.4. Similar to n-heptane, the DEM low temperature oxidation has twice O, addition
process: the 1% O, addition to DEMx to form DEMxO2 and then isomerizes to form QOOH. 224 O, addition occurs
on QOOH to produce O2QOOH. The DEM low temperature chain branching reactions trigger by the reactions of
02QOO0H = carbonylhydroperoxide + OH, carbonylhydroperoxide = oxygenated radical + OH. Similar to n-
heptane, the 2°¢ O, addition reaction is suppressed and the QOQOH decomposes into cyclic ethers, acyclic ethers,
B-scission products at intermediate temperature. As the reaction temperature further increasing, the DEM molecule
and DEMx radicals take place high temperature decomposition by carbon-oxygen bond breakage. The
representative species of the DEM molecule, DEMx radical, DEMxO2 radical, B -scission products, R20O0OH,

R20, QOOH, 0O2QOO0H, carbonylhydroperoxide, oxygenated radicals in the DEM low-high temperature

mechanism are compared with the analogical objects in the n-heptane mechanism [454] as shown in Table 8.3.

Figure 8.2. The hierarchical/modular structure and overall interrelationships between component libraries in the
detailed DEM mechanism.
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Figure 8.3. Comparison of simplified oxidation reaction pathways between DEM and n-heptane [454].
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Figure 8.4. Molecular structure of (a) DEM, (b) n-heptane and H-atom abstraction products from fuel molecules.
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Table 8.3. Physicochemical properties of DEM.

Name Diethoxymethane (Ethylal) n-Heptane
CAS 462-95-3 142-82-5
Formula C5H1202 C7H16
Molecular structure /\O/\O/\ /\/\/\
Molecular weight 104.15 100.20
Boiling point (°C) 88.05 [542] 98.38 [542]
Melting Point (°C) -66.5 [543] -90.5[543]
Flash point (°C) -5 [544] -4 [544]
Enthalpy of vaporization (kJ/mol) 35.74 [542] 36.57 [542]
Cetane number 57.3 [193] 56 [193]
Lower heating value (MJ/kg) 29.7 [545] 44.925 [546]

YSI

18.5 [321, 370]

36 [321, 370]
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Table 8.4. Representative species in DEM mechanism and analogy species in n-heptane mechanism [454].

Name (DEM) Molecular structure Name  (n- Molecular structure
heptanne)
DEM \/o\/o \/ nC7H16 \/\/\/
DEM2/ o o C7H15-2
CH3CHOCH20CH2C \/ A4 \/ \/\/\/
H3 : :
DEM202/ o o C7H15-202
CH3COOHOCH20C2 A4 \/
H5
(e}
(0)
N pe
C2H50CH20CHCH?2 \/o\/o\/ C7H14-1 \/\/\/
C2H50COCOOHHCH C7H1500H
3 Y NP4 \/ 5 \(\/\/
AN
OH
C2H50COCOHCH3 \( \/ \/ C7H15-20 Y\/\/
O.
CH3CHOCOCOOHHC C7H1400H
H3 \( N \/ >0 \(\/\/
\OH
CH3COOOCOCOOHC C7H1400H
3 \( \/ Y 5500 W\(
o) o\
\OH o
CH3COOCOCOOHHC C7KET26
H3 Y \/ Y
o\ o)
OH
CH3COOCOCOHCH3 \(O\/OY C7KET260
‘0 o) o) o)
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8.2.2 Reaction classes and detailed oxidation reaction pathway

The key low temperature oxidation reaction pathway of DEM is presented in Figure 1 which includes the H-
atom abstraction from fuel molecules, the 1% O, addition, DEMxO2 isomerization to form QOOH, the 2™ O,
addition, low temperature chain branching reactions. The DEM low-high temperature mechanism composes of 13
high temperature reaction classes and 24 low temperature reaction classes as listed in Table 8.5 and Table 8.6
respectively. The reaction classes of hydrocarbons and oxygenated fuels are referred to [91, 497, 547, 548] and
[447, 538] respectively. The reaction classes constitute a reaction network to interpret from fuel molecules
consumption to final products. Each reaction class corresponds to a set of elementary reactions and the reaction
rate constants are specified by the rate rules of particular reaction classes [447]. The rate constants K of H-atom
abstraction from DEM and n-heptane by O,, OH, C,Hs are compared in Figure 8.6 and the corresponding pre-
exponential factor A, temperature exponent n and activation energy E, are listed in Table 8.7. The rate constants
of H-atom abstraction from DEM are higher than those of n-heptane. The H-atom abstraction reaction rates order
from high to low as: from position 2 carbon atim>from position 4 carbon atom>from position 1 carbon atom at
most conditions. The reaction class 24 describes the ROZ radical isomerization via transition state ring structure
to form QOOH and the internal H-atom abstraction of DEM 102, DEM202, DEM302 are presented in Figure 8.7.
The intermediate transition state structure considered in the DEM low-high temperature mechanism ranges from

5 to 10 member ring.

A(\/v YY\/ YVY \(\/\/\/ i\/YY \/\(\/\/’7

P
\\/OYUY \/cYn\ﬁ\D

!
g VT o YVY Yi :

0C00HCH)

Figure 8.5. The key low temperature oxidation reaction pathway of DEM.
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Table 8.5. High temperature reaction classes considered in the DEM mechanism.

ClassID High temperature reaction classes Rate constant source
Aramco 3.0 DMM n-Heptane DEM [527,549] DEM This
[541] [538] [454] [528] work
1 Unimolecular fuel decomposition: Fuel<=>R + R v v X N J v
2 Fuel decomposition: RH<=>R +H X v J X X J
3 H-atom abstraction from the fuel by J N J N N N

0y 1 /0 /0H/HO,/CH, / CH,0 / CH,0,/ 0,CHO / C,H, /
CZHS

(primary/secondary carbon sites): RH+ X <=>R +XH

4 R radical decomposition v X X J v N
5 R radical isomerization v v X X N v
6 C-O: S-scission of R radicals X v X X X J
7 O—C-O: f-scission of R radicals X v X X X N
8 H-atom abstraction reactions from alkenes v X X X X N
9 Addition of radical species O and OH to alkenes J X X X X J
10 Reactions of alkenyl radicals with H02 , CH302, and C2H502 J X X X X J
11 Alkenyl radical decomposition v X v
12 Alkene decomposition v X X X X v
13 Retroene decomposition reactions J X X X X J
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Table 8.6. Low temperature reaction classes considered in the DEM mechanism.

Class Low-temperature reaction classes Rate constant source
D Aramco 3.0 DMM n-Heptane DEM [527, DEM This
[541] [538] [454] 549] [528] work
14 Addition of O to R radicals: R +0,<=>R0, N N N X X N/
15 R +0,<=>E+ H0, (E: radicals contain carbon-carbon double bond) X X v X X v
16 R +R0,<=> RO+R'O (including R +HO,<=> RO +OH) v v v X X v
17 RO, +Fuel<=>ROOH+ R’ X X J X X J
18 RO, TR0, <=>RO+R'0+0; (including RO, +CH,0,<=>RO+CH,0+t02) ¥ X v X X v
19 RO, +HO, <=>ROOH + O, J X J X X J
20 RO, +H,0,<=>ROOH+ HO, v X v X X v
21 ROOH<=>R0+0H X X J X X N
22 RO decomposition v J v X X J
23 RO, <E+HO, X X v X X v
24 RO, radical isomerization: ro,<=>QOOH J J J X X J
25 RO, concerted eliminations: RO, <=>alkene+HO, v X X J X v
26 QOOH = cyclic ether + OH (cyclic ether formation) J N J X X v
27 QOOH decomposition (f-scission products) N N N X X N
28 QOOH = alkene + HO» (radical site beta to OOH group) N X N X X N
29 QOOH = ether with carbon-carbon double bond + HO» X X X X X J
30 QOOH = alkene + carbonyl + OH (radical site gamma to OOH group) N X J X X v
31 Addition of 02 to QooH: QOOH +02<=>0,Q00H J J J X X v
32 0,QO0H isomerization to form carbonylhydroperoxide and OH J v J X X v
33 Carbonylhydroperoxide decomposition to form oxygenated radicals and J J X X N
OH

34 Cyclic ether reactions with OH and wO, J N J X X v
35 Decomposition of large carbonyl species and carbonyl radicals N X N X X J
36 0,Q00H <=>EROOH+H0O, (EROOH: olefinic hydroperoxy) X X v X X v
37 EROOH decomposition X X J X X v
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Table 8.7. Elementary reactions of H-atom abstract from fuel and rate constant for DEM and n-heptane [454].

DEM reactions A (cm’mol 's 'K™) n E.(cal/mole)  n-Heptane reactions A (cm’mol 's'K™) n E. (cal/mole)
DEM+02=DEM1+HO2 4.20E+13 1.7 52800 NC7H16+02=C7H15-1+HO2 4.20E+13 0 52800
DEM+02=DEM2+HO2 2.80E+13 1.7 50160 NC7H16+02=C7H15-2+HO2 2.80E+13 0 50160
DEM+02=DEM3+HO2 1.40E+13 1.7 50160 NC7H16+02=C7H15-4+HO2 1.40E+13 0 50160
DEM+OH=DEMI1-+H20 5.46E+07 3.513 868.4 NC7H16+OH=C7H15-1+H20 2.73E+07 1.813 868.4
DEM+OH=DEM2-+H20 2.82E+10 2.635  504.7 NC7H16+OH=C7H15-2+H20 1.41E+10 0935 504.7
DEM+OH=DEM3-+H20 1.12E+12 2.02 846.5 NC7H16+OH=C7H15-4+H20 5.62E+11 0.32 846.5
DEM+C2H5=DEMI1+C2H6 1.00E+11 2 13400 NC7H16+C2H5=C7H15-1+C2H6 1.00E+11 0 13400
DEM+C2H5=DEM2+C2H6 1.00E+11 2 10400 NC7H16+C2H5=C7H15-2+C2H6 1.00E+11 0 10400
DEM+C2H5=DEM23+C2H6 5.00E+10 2 10400 NC7H16+C2H5=C7H15-4+C2H6 5.00E+10 0 10400
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8.2.3 Thermochemical and transport data

The species thermodynamic data (enthalpy, entropy, and specific heat capacity fitting to two temperature ranges)
and transport data (geometrical configuration, Lennard-Jones potential well depth, Lennard-Jones collision
diameter, dipole moment, polarizability) in current DEM mechanisms are mainly derived from Aramco 3.0
mechanism [541], DMM mechanism [538], n-heptane mechanism [454], DEM high temperature mechanism [527,
528, 549], 2-methylalkanes (C7 to Cy9) mechanism [91], dibutyl ether mechanism [453] and PODE;-4 mechanism
[447]. Those thermodynamic data of those species not presented in the above mechanisms are computed by group
additivity theory [195, 550, 551]. The transport data of Lennard-Jones potential well depth and collision diameter
for unreported stable species are determined by empirical correlation proposed by Tee et al. [552]. Yaws' handbook
[553]. The required critical pressure, critical temperature and acentric factor are retrieved from AP1700 Material
property calculation and inquiry platform [554] and NIST Chemistry WebBook [542]. The transport data of
unreported radicals come out of those radicals with identical formulas and similar molecular structures or parental

species.
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8.3 Results and discussion
8.3.1 Ignition delay time validation

DEM/O»/N» mixture ignition delay times measured by shock tube (ST) and rapid compression machine (RCM)
at ©=1.0, Tini=500~1400K, Pini=30bar are reported by Lehrheuer et al. [545]. The simulated ignition delay times
by DEM low-high temperature mechanism (hereafter referred to as UOB mechanism) are compared with measured
values as shown in Figure 8.8 and the model inputs for Chemkin simulation are listed in Table 8.8. The present
DEM mechanism accurately reproduces the low, intermediate, high temperature ignition delay times. The DEM
ignition delay times increase as the dilution ratio of N»/O» increasing from 3.76 to 12. The DEM-air mixture
(N2/O,=3.76) exhibits a plateau at an intermediate temperature regime of 640~960K. The slope of ignition delay
times at intermediate temperature increases as the dilution ratio of N»/O, increasing from 3.76 to 12. A sensitivity
analysis on OH species respective to reaction pre-exponential factor is performed at @=1.0, Tix=500/800/1200K,
Pini=30bar, N»/O,=3.76 as shown in Figure 8.9 (a), Figure 8.9 (b), Figure 8.9 (¢). At Tini=500K, the reaction of Eq.
(8.1) (H-atom abstraction from position 2 carbon atom of DEM by O,) and reaction sequence of Eq. (8.2) ~ Eq.
(8.3) facilitate low temperature ignition while the reaction of Eq. (8.4) (H-atom abstraction from position 4 carbon
atom of DEM by HO> radical) suppresses OH radical formation. At Ti,;=800K, the H-atom abstraction from
position 2, 4 carbon atoms of DEM by CH3, CoHs radicals restrain OH radical production. At Tini=1200K, the Eq.
(8.5) ~ Eq. (8.7) are the chain branching reaction sequence while the Eq. (8.8) (H-atom abstraction from position

4 carbon atom of DEM by C,Hs radical).

DEM+02=CH3CHOCH20CH2CH3+HO02 (8.1)
C2H502+CH20=C2H502H+HCO (8.2)
C2H502H=C2H50+0H (8.3)
DEM+HO02=CH3CH20CHOCH2CH3+H202 (8.4)
CH3CHO+HO2=CH3CO-+H202 (8.5)
CH20+HO2=HCO+H202 (8.6)
H202(+M)=20H(+M) (8.7)
DEM+C2H5=CH3CH20CHOCH2CH3+C2H6 (8.8)
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The high temperature ignition delay times of DEM measured by ST at ¢=0.5/1.0/2.0, Ti—=1000~1400K,
Pini=2/4/10bar are studied by Zhang et al. [528] and they also proposed the DEM high temperature mechanism
(hereafter referred to as SCU mechanism ). This UOB mechanism and the SCU mechanism are simulated at the
studied conditions and compare with ST experimental data as shown in Figure 8.10 and the model inputs for
Chemkin simulation are presented in Table 8.8. At Pyi=2/4 bar, the discrepancy of UOB mechanism decreases as
equivalence ratio increases from 0.5 to 2.0 which is opposite to SCU mechanism as shown in Figure 8.10 (a),
Figure 8.10 (b). At ¢=1.0, the predictive accuracy of UOB mechanism improves as the mixture initial pressure
increases from 2 bar to 10 bar as shown in Figure 8.10 (c). Generally, both the UOB mechanism and the SCU
mechanism are capable of capturing the dependence of ignition delay time on equivalence ratio, temperature,

pressure at the high temperature regime of 1000~1400K.

10000

ST Exp. N2/02=3.76
RCM Exp. N2/02=3.76
RCM Exp. N2/02=12 /
RCM Exp. N2/02=12 ’
——— UOB Mech. N2/02=3.76 %
100 | [ ==ee- UOB Mech. N2/02=12 r

1000

o > o

©=1.0, P, ;=30bar -

10

Ignition delay times (ms)

0.1

0.01

0‘001 1 1 1 1 1 1 1 1 1 1 1 1
07 08 09 10 11 12 13 14 15 16 17 18 19 20
1000/T (1/K)

Figure 8.8. Experimental (symbols [545]) and modeling results (lines) of DEM/O»/N, mixture ignition delay times
at ¢=1.0, Tini—=500~1400K, Pip;=30bar.
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DEM+C2H5=CH3CHOCH20CH2CH3+C2H6
DEM+CH302=CH3CH20CHOCH2CH3+CH302H
DEM+CH302=CH3CHOCH20CH2CH3+CH302H

DEM+CH3=CH3CH20CHOCH2CH3+CH4
DEM+CH3=CH3CHOCH20CH2CH3+CH4
DEM+HO2=CH3CH20CHOCH2CH3+H202
DEM+HO2=CH3CHOCH20CH2CH3+H202
DEM+HO02=C2H40CH20C2H5+H202
DEM+OH=CH3CH20CHOCH2CH3+H20
DEM+0OH=CH3CHOCH20CH2CH3+H20
DEM+OH=C2H40CH20C2H5+H20
DEM+02=CH3CH20CHOCH2CH3+HO2
DEM+02=CH3CHOCH20CH2CH3+HO02
DEM+02=C2H40CH20C2H5+HO02
C2H50+02=CH3CHO+HO2
CH3+CH20=C2H50
C2H502H=C2H50+0H
C2H502+CH20=C2H502H+HCO
C2H502=C2H4+H02

C2H5+02=C2H502

(a) 500K

-04-03-02-0100 01 02 03 04 05 06 07 08 09 10
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C4H10(+M)=2C2H5(+M)
CH3CO(+M)=CH3+CO(+M)
CH3CHO+CH302=CH3CO+CH302H
CH3CHO+HO2=CH3CO+H202
C2H5+02=C2H502
CH30(+M)=CH20+H(+M)
CH20+H02=HCO+H202
CH30+02=CH20+H02
CH30H+02=CH30+HO02
CH302H=CH30+0H
CH302+HO2=CH302H+02
CH3+02(+M)=CH302(+M)
2HO2=H202+02

2HO2=H202+02

H202(+M)=20H(+M)

(b) 800K
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Figure 8.9. Sensitivity analysis on OH species respective to reaction A-factors for DEM O,/N, mixture oxidation
at ¢=1.0, Tini=500/800/1200K, Pisi=30bar, N2/O>,=3.76.
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Figure 8.10. Experimental (symbols [528]) and modeling results (lines) of DEM/O»/Ar mixture ignition delay
times at ¢=0.5/1.0/2.0. Tixi=1000~1400K, Pji=2/4/10bar.

Table 8.8. Boundary conditions of DEM oxidation for ignition delay time experiments/simulations

Compositions ® Tinit (K) Pinit (bar)
Lehrheuer et al. [545] DEM:0,:N>=1:7:26.32 1.0 500~1400 30
DEM:0,::N»=1:7:84 1.0 500~1400 30
Zhang et al. [528] DEM:02:Ar=1:14:85 0.5 1000~1400 2/4
DEM:0;:Ar=1:7:92 1.0 1000~1400 2/4/10
DEM:0;:Ar=1:3.5:95.5 2.0 1000~1400 2/4
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8.3.2 Laminar flame speed validation

The premixed laminar flame speed of the DEM-air mixture is measured at ¢=0.5~2.0, Ti= latm,
Pini=1.01/2.50bar by Kopp et al. [555]. The developed DEM high temperature mechanism (hereafter referred to
as UOB mechanism) emulates the studied flame phenomena at the studied condition and compared with the
observed values as shown in Figure 8.11. A good agreement between measured and predicted values is obtained
at the studied conditions and the UOB mechanism slightly overestimates the laminar flame speed of 2.27 ~ 2.85
cm/s at @=0.9~1.2, P;ni=1.01bar. as shown in Figure 8.11. The sensitivity analysis of flame temperature respective
to reaction pre-exponential factors is performed at ¢=0.8, 1.1, 1.5 as shown in Figure 8.12 (a) ~ Figure 8.12 (c).
The reaction sequence of Eq. (8.9) ~ Eq. (8.10) favors flame temperature elevation while Eq. (8.11) ~ Eq. (8.12)

are endothermic reactions.

H+02=0+0H (8.9)
CO+OH=CO2+H (8.10)
H20+M=H+OH+M @.11)
CH3+H(+M)=CH4(+M) 8.12)
72
B 1.01lbar Exp.
o | & 2.50bar Exp.
——— 1.01bar UOB Mech.
A O 2.50bar UOB Mech.

T;ni=398K

init

Laminar flame speed (cm/s)
N w w BN (83}
w o ~ N =

[
(2]

9 1 1 1 1 1 1 1 1 1 1 1 1 1 1

05 06 07 08 09 10 11 12 13 14 15 16 1.7 18 19 20
Equivalence ratio

Figure 8.11. Experimental (symbols [555]) and modeling results (lines) for the laminar flame speed of DEM in air
at =0.5~2.0, Tini= latm, Pin=1.01/2.50bar.
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Figure 8.12. Sensitivity analysis on flame temperature respective to reaction A-factors for DEM oxidation at
Tini=398K, Pini=1.01bar, (a) ¢=0.8, (b) ¢=1.1, (c) ¢=1.5.
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8.3.3 Comparison of ignition delay times between DEM and n-heptane

The ignition delay times of DEM-air mixture and n-heptane-air mixture [454] are compared at
©=0.25/0.5/1.0/2.0, Tini= 500~1400K, Pini= 13.5/20/38/55bar as shown in Figure 8.13. The major findings are
summarized as below: (1) DEM has stronger low temperature reactivity than n-heptane at 500~660K. (2) There is
no observed NTC behavior for DEM and a flat plateau is observed at the intermediate temperature of 640~920K.
On the contrary, the n-heptane exhibits obvious NTC behavior at 720~900K. (3) DEM has higher high temperature
reactivity than n-heptane at 1000~1250K. The species evolution of DEM-air mixture is compared with the n-
heptane-air mixture at ¢=1.0, Tui=560/800/1200K, Pini= 38bar as shown in Figure 8.14. The results indicate that
both DEM and n-heptane demonstrate low temperature heat release (LTHR) and high temperature heat release
(HTHR) at S60K. DEM rapidly accumulates formaldehyde at low temperatures compared to n-heptane. At 800K,
DEM transits from two-stage heat release to single-stage heat release which is different from n-heptane. Both fuels

exhibit HTHR at 1200K.
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® ——_DEM-13.5bar
----- DEM-20bar 3
1000 ||- - - DEM-38bar P /
— . . DEM-55bar s ;’,

®  nC7HI613.5bar 7
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.
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Ignition delay times (ms)

0.001

— - - DEM-55bar ?
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Ignition delay times (ms)

X
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Figure 8.13. Ignition delay times of DEM-air mixture and n-heptane-air mixture [454] at Tii= 500~1400K, Pini=
13.5/20/38/55bar, (a) ¢=0.25. (b) ¢=0.5, (c) ¢=1.0, (d) ¢=2.0.

265



2.4E-02 3000
(a)
2.1E-02 2730
2500
1.8E-02
2250
1.5E-02 o
= 2000 2
=}
= &
z El
£1.2E-02 1750 &
- @
= &
= 1500 &
9.0E-03 =
1250
6.0E-03
1000
3.0E-03 750
0.0E+00 500
14.5 14.8 15.0 153 15.5 15.8 16.0
Time (ms)
1.6E-02 3000
#®
@ H*10
2770
1.4E-02
- - H202%2
HOZ¢2 2540
L2B-02 F| ——cH20
Temperature 1 2310
1.0E-02 n-Heptane Z
E 560K 1 2080%,
F E
& 8.0E-03 1850 &
] 3
= &
= N7 Y | S —— 1620 £
6.0E-03 =
1390
4.0E-03
1160
2.0E-03 030
0.0E+00 —— 700
922.82 922.83 922.84 922.85 022.86
Time (ms)
Figure 8.14.

3100

2870

2640

2410

2180

1950

1720

Temperature (K)

1490

1260

1030

800

3100

2800

2500

2200

1900

Temperature (K)

1600

1300

1000

700

24E-02 -
®
2.1E-02 ]
1.8E-02 |
HO2*10 ]
——CH20 I
2 L3E02 Temperature | 1
k]
£ DEM
S12E-02 800K
)
G
=
9.0E-03
6.0E-03 T
3.0E-03
0.0E+00
00 01 02 03 04 05 06 07 08
Time (ms)
1.2E-02 =
H*4
e
1.OE-02 }|— - — H202
HO2%4
——CH20 |  fEmmmmmmmmmes .
Temperature,
8.0E-03 n-Heptane g
800K J
=
2
<
£ 6.0E-03
@
=
=
4.0E-03
2.0E-03
0.0E+00

030 0.32 034 036 038 040 042 044 046 048 0.50

Time (ms)

266

3200

21E-02 —
(© | r
1.8E-02 | 1 2000
(S
1.5E-02 | 1 2600
= )
S12E-02 | Temperature 1 2300,
E DEM z
< 1200K z
£9.0E-03 2000 £
£
(21
6.0E-03 1700
3.0E-03 1400
.‘J
0.0E-+00 : : : : : —— : 1100
0.000 0.004 0.008 0.012 0,016 0.020 0.024 0.028 0.032 0.036
Time (ms)
2.0E-02 3200
l63) H*3 ’
L8E-02 || 0
""" OH 4 2900
Lek0p L~ H202%5
ok HO2*3
——CH20 T
14E-02 | Temperature 1 2600
n-Heptane oy
1.2E-02 |
5 1200K 1 2002
E El
E108-02 | £
: £
S 4 2000 &
= 8.0E-03 | z
HTHR =
6.0E-03 L/— 1700
4.0E-03
1400
2.0E-03
0.0E+00 : : . : : 1100
004 005 006 007 008 009 010 011
Time (ms)

Species evolution of DEM-air mixture and n-heptane-air mixture [454] at ¢=1.0, Piyi= 38bar, (a)/(d) Tini= 560K, (b)/(€) Tini=

800K, (c)/(f) Tini= 1200K.



8.4 Conclusions

Two sets of DEM detail chemical kinetic mechanisms are developed: one is the low-high temperature

mechanism to describe the autoignition behavior at the full temperature regime; the other is the high temperature

mechanism to interpret the high temperature flame phenomenon. The DEM mechanism is assembled as a

hierarchical structure containing C0-C4 core mechanism, n-/i-paraffins sub-mechanism, monoaromatics sub-

mechanism, PAHs sub-mechanism, alcohols sub-mechanism, dimethoxymethane (DMM) sub-mechanism, DEM

sub-mechanism. The analogy method is used to construct the DEM sub-mechanism and the n-heptane is the

analogical object. The DEM oxidation reaction pathway is designed which contains 13 low temperature reaction

classes and 24 high temperature reaction classes. The pre-exponential factor, temperature exponent, activation

energy of particular elementary reactions are specified by the rate rule of specific reaction classes. The proposed

mechanism is validated against ignition delay time, laminar flame speed and satisfactory agreement is obtained

between the predictive and measured values. The proposed mechanism enables to compute ignition delay time at

engine relevant conditions and premixed laminar flame speed at ambient to mediate pressure. But it is still far from

perfect, there are some knowledge gaps in DEM research as listed below:

(1) A jet stir reactor experiment to test DEM oxidation 500~1200K is needed to obtain species evolution data

for mechanism development.

(2) Due to a lack of speciation data, the rate constants of elementary reaction of DEM sub-mechanism are semi-

empirical. Quantum chemistry technology (like Gaussian 03 or ReaxFF) tool is needed to determine the

reaction rate constant of DEM sub-mechanism.
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Chapter 9 Conclusions and Suggestions for Future Research

9.1 Study findings and conclusions

This work showcases the application of artificial intelligence and chemical kinetics to property-oriented fuel
design for the internal combustion engine. There are two main lines of this research: (1) Application of machine
learning (ML) and deep learning (DL) technology into fuel molecular structure to establish the surrogate
formulation tool and fuel screening tool. The fuel screening tool consists of 15 fuel physicochemical properties
regression models for multiple fuel types based on ML. As an attempt, DL technology is applied to build the YSI
regression model which automatically extracts the molecular structure features and performs regression operation.
The advantages and disadvantages of ML and DL are examined and revealed. (2) Application of chemical kinetics
to investigate the ignition behavior, flame phenomenon, oxidation reaction pathways, rate-controlling reactions of
the target molecules selected by the fuel screening tool. There are seven key achievements of surrogate formulation
method, fuel ignition quality prediction models, fuel physicochemical properties regression models, application of
ML & DL to YSI prediction, fuel screening tool, PODE3 ignition and flame characteristics, detail chemical kinetic
mechanism of diethoxymethane which interpret in section 9.1.1 ~ section 9.1.7 respectively.
9.1.1 Group contribution method (GCM) for surrogate formulation

This work develops a GCM to formulate surrogates toward practical fuels such as diesel, biodiesel, gasoline,
aviation jet fuels, etc. with accurate fuel compositions. The GCM contains two sub-systems: (1) GCM-UOB 1.0
functional group classification system with 22 molecular descriptors which decomposes the target fuels and
surrogate components into typical structural fragments. (2) Chemical fragments regression model which minimizes
the functional group discrepancy between the target fuel and surrogate fuels. The GCM obtains a good agreement
of the studied fuel physicochemical properties including ignition delay times, premixed laminar flame speed,
species evolution, liquid phase density, sound speed, kinematic viscosity for POSF 4658 jet fuel, rapeseed methyl

ester (RME) biodiesel, diesel, FACE C gasoline. ML technology cannot directly apply to the chemical engineering
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problem without tabular data input. GCM-UOB 1.0 system converts the fuel molecules into molecular structure
matrix which digitalizes the chemical structural features and it is the foundation of ML implementation into fuel
ignition quality prediction (chapter 3), 15 fuel physicochemical properties prediction (chapter 4), yield sooting
index (YSI) prediction (chapter 5), fuel screen tool utilization (chapter 6).
9.1.2 Machine learning-quantitative structure property relationship (ML-QSPR) method
for fuel ignition quality (CN/RON/MON) prediction

This work proposes a ML-QSPR method to predict the fuel ignition quality of CN, RON, MON for pure
compounds and mixtures. The ML-QSPR method comprises 2 sub-systems: (1) QSPR-UOB 2.0 functional
classification system containing 32 molecular descriptors. It upgrades from GCM-UOB 1.0 system by adding 10
functional group fragments to recognize the aromatics with one benzene ring, two fused benzene rings, three fused
benzene rings. (2) Machine learning (ML) based regression model correlating the fuel molecular structure matrix
and ignition quality matrix. Gaussian process regression algorithm is approved as the best ML algorithm. High
predictive accuracy of CN, RON, MON are obtained and their R? reach 0.9911, 0.9874, 0.9731. The QSPR theory
assumes that the fuel physicochemical properties are the results of the molecular structure and thus the variation
of the chemical structure varies macroscopic properties. The QSPR method is constructed on the atomic level
rather than molecular level, thus the ML-QSPR method can apply to fuel compounds beyond the model training
dataset and fuel mixtures.
9.1.3 Machine learning-quantitative structure property relationship (ML-QSPR) method
for 15 fuel physicochemical properties prediction

This works extends the application of the ML-QSPR method from fuel ignition quality of CN, RON, MON to
15 fuel physicochemical properties of melting point, boiling point, vapor pressure, heat of vaporization, cetane
number (CN), research octane number (RON), motor octane number (MON), ignition temperature (IT), flash point

(FP), yield sooting index (YSI), liquid density, lower heating value (LHV), surface tension, lower flammability
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limit (LFL), upper flammability limit (UFL). The ML-QSPR method contains two sub-systems: (1) QSPR-UOB
3.0 functional group classification system with 44 molecular descriptors. It upgrades from QSPR-UOB 2.0 system
by complementing 5 functional group fragments to depict the aromatics with 3~5 fused benzene rings and adding
ester group in ring structure, carbonate ester, carboxylic anhydride, hydroperoxide and peroxide to distinguish
ester group in ring structure or non-ring, carbonate esters, carboxylic anhydrides, hydroperoxides and peroxides.
Its function is to convert the fuel molecules into a fuel molecular structure matrix as the structural features. (2)
ML-based regression models connecting the fuel molecular structure matrix and fuel property matrix. The R? of
CN, RON, MON, melting point, boiling point, heat of vaporization, surface tension, LHV, liquid density, YSI, IT,
FP, VP, LFL, UFL are 0.9898, 0.9884, 0.9758, 0.9653, 0.9484, 0.9968, 0.9898, 0.9959, 0.9946, 0.9993, 0.9603,
0.9798, 0.9972, 0.9935, 0.9486 and they reach reasonable overall predictive accuracy. These regression models of
15 fuel physicochemical properties constitute the Tier 1 fuel physicochemical property screening of the fuel
screening tool.
9.1.4 Application of machine learning (ML) and deep learning (DL) to YSI (yield sooting
index) prediction

The DL technology especially the convolution neural network (CNN) is usually used in computer vision
problems of image classification and object detection. This work applies ML and DL to regression problem and
takes YSI as a case study. In the ML technology roadmap, the ML-QSPR method is adopted for YSI prediction. In
the DL technology roadmap, a standard series network of SDSeries38 is developed to automatically extract the
chemical structure feature and perform regression operations. The SDSeries38 network is tailor-made for
regression problem which contains 9 feature learning modules and 1 regression module. Each feature learning
module is a stack of convolution layer, batch normalization layer, rectified linear unit (ReLU) layer, max pooling
layer. The regression layer consists of a fully connected layer and a regression layer. The ML-QSPR method

(R?=0.9993, RMSE=7.567) outperforms SDSeries38 network (R?>=0.9953, RMSE=13.352) in predictive accuracy.
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The SDSeries38 network demands higher computational resources and consumes greater time for model training
and prediction than the ML-QSPR method. In addition, the SDSeries38 network outperforms the pretrained CNN
of AlexNet, Densenet201, GoogleNet, Inceptionv3, Mobilenetv2, ResNetl8, Resnet50, Shufflenet, Squeezenet,
Xception in terms of predictive accuracy and time consumption. The results indicate that tailor-made CNN is
required for regression problem to improve predictive accuracy and efficient computation. Direct transfer learning
of pretrained CNN from image classification problem to regression problem usually cannot obtain satisfactory
predictive accuracy.
9.1.5 High throughput fuel screening for IC engines by ML-QSPR and chemical kinetics

This work develops a high throughput fuel screening tool for IC engines containing Tier 1 fuel physicochemical
property screening and Tier 2 chemical kinetic screening. The term “high throughput” denotes this tool applies to
24 fuel types and 15 fuel physicochemical properties. Tier 1 fuel physicochemical property screening includes 5
categories and 16 parameters: (1) Volatility specification: melting point T,. boiling point T, vapor pressure
(VP), enthalpy of vaporization AH\,ﬁp. (2) Atomization specification: surface tension j» , dynamic viscosity. (3)
Energy density: lower heating value (LHV), liquid density. (4) Sooting tendency: yield sooting index (YSI). (5)
Ignitability: CN, RON, MON, ignition temperature (IT), flash point (FP), lower/upper flammability limits
(LFL/UFL). Tier 2 chemical kinetic screening includes: (1) ignition delay time; (2) ¢ sensitivity; (3) laminar flame
speed. Take CI engines as an example, the Tier 1 screening criteria list as below: (a) melting point: T <-10°C; (b)
boiling point: 60 °C <T, < -250°C; (c) enthalpy of vaporization: AH,,, < 75kJ/mol; (d) surface tension: p <
38mn/m; (e) dynamic viscosity: x < 2mpa-s; (f) lower heating value: LHV >2700kJ/mol; (g) liquid density: p
> 675kg/m?; (h) yield sooting index: YSI< 70; (i) cetane number: CN> 40.

The Tier 1 screening selects 129 compounds from UOB Fuel Property Database containing 1797 pure
compounds. Tier 2 screening demands high reactivity (namely low ignition delay time), combustion with high ¢-

gradient (namely high ¢-sensitivity), high dilution tolerance (high premixed laminar flame speed). The scores of
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the 8 selected fuel candidates in Tier 2 screening arrange from high to low as: dibutyl ether > n-heptane > n-octane >
2-butyltetrahydrofuran > butylcyclohexane > 1-octanol > PODE3 > PODE4. 50%n-heptane-40%dibutyl ether-
10%ethanol is formulated as a test fuel and applies into CI engine test and the results indicate that it improves the
indicated thermal efficiency (ITE) and reduces NOx formation by shortening the combustion duration and
decreasing the peak combustion temperature.
9.1.6 Ignition and flame characteristics of polyoxymethylene dimethyl ether 3 (PODE3)
PODES is one of the recommended candidates for CI engines by the high throughput fuel screening tool and its
ignition and flame characteristics are compared with n-heptane by chemical kinetic modeling in this work. The
main conclusions are summarized as below:
(1) PODES3 is more reactive than n-heptane and results in lower ignition delay times in the full temperature

regime. The ignition delay times of PODE3 and n-heptane are expressions in Arrhenius format as
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respectively. The higher pre-exponential factor and lower activation energy of PODE3 than n-heptane
indicate that the PODE3 exceeds n-heptane in fuel reactivity.

(2) Even though PODE3 exists high overall oxidation reactivity, but it is not suitable to act as a chemical
ignition source in the fuel mixture due to insufficient temperature rise and active radical accumulation
during low temperature heat release (LTHR).

(3) PODES3 reaches higher adiabatic flame temperature (AFT) than n-heptane at most conditions except at near
stoichiometry of ¢=0.9~1.1 and the AFT difference at ¢=0.9~1.1 is as minor as 5~20°C.

(4) PODES3 has higher premixed laminar flame speed than n-heptane due to higher global reactivity and AFT
which benefits the application of PODE3 into low temperature combustion (LTC) mode due to better

dilution tolerance.
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9.1.7 Chemical kinetic modeling of diethoxymethane (DEM) oxidation

Similar to PODE3, DEM is one of the recommended candidates for CI engines by the high throughput fuel
screening tool and both of them are carbon-neutral fuels. This work proposes a detailed chemical kinetic
mechanism of DEM with low and high temperature chemistry to describe the ignition behavior at a full temperature
regime. The DEM mechanism development is based on a hierarchical structure containing C0-C4 core mechanism,
n-/i-paraffins sub-mechanism, monoaromatics sub-mechanism, PAHs sub-mechanism, alcohols sub-mechanism,
dimethoxymethane sub-mechanism, diethoxymethane sub-mechanism. The DEM reaction pathway is clarified as
below: At low temperature of 550~640K, H atom abstraction from DEM molecule takes place to form DEMx. The
1%t O, addition occurs on DEMXx to produce DEMxO2 and then undergoes isomerization to form QOOH. The 2™
O, happens on QOOH to form O2QOO0H. The low temperature chain branching reaction takes place as O2QOOH
decomposes to carbonylhydroperoxide and hydroxyl radical, then it furthers decomposes to oxygenated radical
and hydroxyl radical. At the intermediate temperature of 640~960K, the 2™ O, addition reaction is interrupted and
QOOH decomposes to form cyclic ethers, acyclic ethers and B-scission products. At a high temperature of
960~1250K, the 1% O, addition reaction is suppressed and the DEM molecule, DEMx radicals decompose by
breaking the C-O bond. The DEM mechanism containing high temperature chemistry is also provided to emulate

the high temperature flame phenomenon.
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9.2 Suggestions for future research
9.2.1 Promote the integration of artificial intelligence (AI) techniques and fuel research

As discussed in section 1.2.2, the goal of the Fuel Genome Project is to address the forward problem of fuel
property prediction and the inverse problems of molecule design, retrosynthesis, reaction condition design. This
work proposes two solutions to address the forward problem: (1) At first, the QSPR theory is used to develop the
molecules as molecular descriptors and convert the molecules into a numerical representation. Then adopt ML
algorithms are adopted to correlate the structural feature and the property feature and establish the regression
model. This solution has been applied to 15 physicochemical properties and a good agreement between the
observed and forecasting results is obtained as shown in chapter 3 and chapter 4. (2) The CNN is directly applied
to a set of molecule graphs of interest to learn the molecular feature automatically and perform the regression
operation. This technical pathway has been applied to the YSI prediction as discussed in chapter 5. In summary,
this work along with other published literature has made great efforts and obtained some exciting achievements
on the forward problem of property prediction.

The objective and technology roadmap of property prediction and molecule design are presented in Figure 9.1.
The molecular descriptor scheme needs to be upgraded to simultaneously address the forward problem of property
prediction and the inverse problem of molecule design. The improved molecular descriptor scheme should meet
the biuniqueness requirement namely each fuel molecule has a unique numerical representation and each numerical
representation corresponds to a unique fuel molecule. In other words, the new molecular descriptor scheme should
issue a unique digital identity to the fuel molecules. The simplified molecular-input line-entry (SMILE) system is
a commonly used molecular descriptor that meets the biuniqueness requirement for the Fuel Genome Project. A
new challenge is to convert the line notations of SMILE system into a numerical representation.

Regarding the 1% inverse problem of molecule design, there are two technical routes of ML-QSPR and DL-
CNN to address this problem as shown in Figure 9.1. The principle and developed procedure of ML-QSPR and

DL-CNN have been discussed in chapter 4 and chapter 5 in detail, they won’t be covered here. The key
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improvement and difference in the future work is to adopt the new molecular descriptor scheme with the

characteristic of biuniqueness. On the contrary, there is a huge knowledge gap in the inverse problems to be filled

by the researchers. Regarding the 1% inverse problem of molecule design, there is no available program or software

available to design the molecular structure to achieve desired properties. Based on the experience from Material

Genome Initiative and Polymer Genome, there are two technical pathways to address this problem as shown in

Figure 9.1: One solution is to use an RNN encoder to create the continuous molecular representation latent space

and then use RNN decoder to decode the structural information of the point in the latent space [32. 556]. The

surrogate model conducts a gradient-based optimization in the continuous latent space to find out the highest latent

representation with desired properties. Then the new representation is decoded into SMILE strings and

corresponding molecule which will be validated experimentally. The other solution is to integrate genetic

algorithms and ML algorithms to produce multiple generations of molecules, then a high-throughput screening is

conducted to identify those molecules with desired properties [26, 557]. Even though the computational toolkits

developed by Material Genome Initiative and Polymer Genome cannot directly transfer to the fuel field, but these

examples inspire the technological roadmap for fuel molecule design to address desired properties.

Regarding the 22 and 3™ inverse problems of retrosynthesis and reaction condition design. there are a few

programs and software available for retrosynthetic analysis as summarized in section 1.3.4, but only the RetSynth

tool is specially developed to handle the fossil and bio-based fuels. The tailor-made retrosynthesis tool for fuel

molecules is needed to rapidly identify the viable reaction pathway to produce fuels of interest.

Objective/Platform Technology roadmap Feature extraction AT model
A X Linear regression, regression trees, ensembles of]
> Machine leaming > zzﬁﬁed(mm-m 1 trees, neural networks (NN), Gaussian process
try R regression (GPR), support vector machines (SVM)
Properties prediction fe—
~ - ~ N . _ | Convolution neural network (CNN), recurrent
> Deep learning > . > ) rk (RNN)
e N - Continuous molecular -
representation (latent space) R neural network (RNN)
Molecule design e
: i : S : Linear regression, regression trees, ensembles of]
> :enguc algorithm + machine > :;nphﬁed(mlm-;;g; P trees, neural networks (NN).Gaussian process
ammg e-entry R regression (GPR), support vector machines (SVM)

Figure 9.1. Overview of the objective and technology roadmap of the Fuel Genome Project.
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9.2.2 Develop high throughput fuel screening tool applicable to fuel mixtures and expand
the fuel physicochemical property database
The high throughput fuel screening tool developed in chapter 6 is based on the 15 fuel properties regression
models proposed in chapter 4. Its scope is limited to pure compounds because there are no property data available
for mixtures except for CN, RON, MON. But the market fuels are a blend of components and their properties need
to be optimized by formulating the fuel components rather than just predicting the properties of individual
components. This is a critical issue of high-grade fuel formulation to address highly advanced emission control
requirements. The fuel properties as a function of blending ratio are nonlinear, the best-known example is the effect
of blending ethanol into mineral gasoline on dry vapor pressure equivalent (DVPE). The principle of QSPR
guarantees it can apply to fuel mixture and thus the Fuel Property Database needs to incorporate the mixture
properties.
9.2.3 Calibrate the rate constants of elementary reactions in diethoxymethane sub-
mechanism by jet-stirred reactor experiment and quantum chemistry
This DEM mechanism contains both high temperature and low temperature mechanisms, so it enables to
compute ignition delay time at engine relevant conditions and premixed laminar flame speed at ambient to mediate
pressure. But it is still far from perfect, there are some knowledge gaps in DEM research as listed:
(1) Jet stirred reactor experiment of DEM oxidation at 500~1200K is needed to obtain species evolution data
for mechanism development.
(2) Due to a lack of speciation data, the rate constants of elementary reaction in DEM sub-mechanism are
semi-empirical. Quantum chemistry technology (like Gaussian 03 or ReaxFF) tool is needed to determine
the reaction rate constant of DEM sub-mechanism. But for other sub-mechanisms are not needed,

because they are derived from well-validated mechanisms based on a hierarchical structure.
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Appendix
Appendix A Measured and predicted values of Ty, LHV for hydrocarbons,

alcohols, ethers, aldehydes, ketones, esters

Class Name CAS Formula Tb Tb LHV LHV
(oK (°C)P (kJ/mol) * (kJ/mol) P
n-Alkanes Methane 74-82-8 CH4 -161.5 | -91.8 -803 -820
n-Alkanes Ethane 74-84-0 C2H6 -88.6 -60.5 -1429 -1425
n-Alkanes Propane 74-98-6 C3H8 -42.1 -28.0 -2043 -2033
n-Alkanes n-Butane 106-97-8 | C4H10 -0.5 4.8 -2657 -2642
n-Alkanes n-Pentane 109-66-0 | C5H12 36.1 37.2 -3245 -3250
n-Alkanes n-Hexane 110-54-3 | C6H14 68.7 68.5 -3855 -3859
n-Alkanes n-Heptane 142-82-5 | C7HI16 98.4 98.4 -4465 -4467
n-Alkanes n-Octane 111-65-9 | C8H18 125.6 126.4 -5074 -5076
n-Alkanes n-Nonane 111-84-2 | COH20 150.8 152.4 -5685 -5684
n-Alkanes n-Decane 124-18-5 | C10H22 174.1 176.2 -6294 -6293
n-Alkanes n-Undecane 1120-21- | C11H24 195.9 198.0 -6904 -6901
4

n-Alkanes n-Dodecane 112-40-3 | C12H26 216.3 218.0 -7514 -7510
n-Alkanes n-Tridecane 629-50-5 | CI13H28 235.4 236.5 -8123 -8118
n-Alkanes n-Tetradecane 629-59-4 | C14H30 253.5 253.9 -8733 -8727
n-Alkanes n-Pentadecane 629-62-9 | CI15H32 270.6 270.3 -9342 -9335
n-Alkanes n-Hexadecane 544-76-3 | C16H34 286.9 286.2 -9952 -9944
n-Alkanes n-Heptadecane 629-78-7 | C17H36 303.0 301.6 -10600 -10552
n-Alkanes n-Octadecane 593-45-3 | C18H38 316.0 316.8 -11200 -11161
n-Alkanes n-Nonadecane 629-92-5 | C19H40 330.0 331.8 -11800 -11769
n-Alkanes n-Eicosane 112-95-8 | C20H42 344.1 346.6 -12400 -12378
n-Alkanes n-Heneicosane 629-94-7 | C21H44 359.0 360.9 -13000 -12986
n-Alkanes n-Docosane 629-97-0 | C22HA46 369.0 374.8 -13600 -13595
n-Alkanes n-Tricosane 638-67-5 | C23H48 451.0 388.0 -14200 -14203
n-Alkanes n-Tetracosane 646-31-1 | C24HS50 391.0 400.3 -14800 -14812
n-Alkanes n-Pentacosane 629-99-2 | C25H52 401.9 411.7 -15400 -15420
n-Alkanes n-Hexacosane 630-01-3 | C26H54 415.0 422.1 -16000 -16029
n-Alkanes n-Heptacosane 593-49-7 | C27H56 442.0 431.4 -16600 -16637
n-Alkanes n-Octacosane 630-02-4 | C28HS58 432.0 439.6 -17200 -17246
n-Alkanes n-Nonacosane 630-03-5 | C29H60 443.0 446.7 -17800 -17855
n-Alkanes n-Triacontane 638-68-6 | C30H62 451.0 452.7 -18400 -18463
n-Alkanes Dotriacontane 544-85-4 | C32H66 470.0 461.7 -19600 -19680
n-Alkanes n-Hexatriacontane 630-06-8 | C36H74 N/A 469.6 -22100 -22114
2-Methylalkanes 2-Methylpropane 75-28-5 C4H10 -11.7 4.9 -2649 -2638
2-Methylalkanes | 2-Methylbutane 78-78-4 C5HI12 27.8 347 -3240 -3247
2-Methylalkanes 2-Methylpentane 107-83-5 | C6H14 60.2 64.3 -3849 -3855
2-Methylalkanes 2-Methylhexane 591-76-4 | C7TH16 90.0 92.9 -4460 -4464
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2-Methylalkanes 2-Methylheptane 592-27-8 | C8HI18 117.6 120.2 -5069 -5072

2-Methylalkanes 2-Methyloctane 3221-61- | C9H20 143.0 145.8 -5679 -5681
2

2-Methylalkanes 2-Methylnonane 871-83-0 | C10H22 167.0 169.3 -6289 -6289

2-Methylalkanes 2-Methyldecane 6975-98- | C11H24 189.2 190.7 N/A -6898
0

2-Methylalkanes 2-Methylundecane 7045-71- | C12H26 211.0 210.0 N/A -7506
8

3-Methylalkane 3-Methylpentane 96-14-0 C6H14 63.3 58.2 -3851 -3858

3-Methylalkane 3-Methylhexane 589-34-4 | C7H16 92.0 87.1 -4463 -4467

3-Methylalkane 3-Methylheptane 589-81-1 | C8HI8 118.9 114.9 -5072 -5075

3-Methylalkane 3-Methyloctane 2216-33- | CO9H20 144.0 141.1 -5681 -5684
3

3-Methylalkane 3-Methylnonane 5911-04- | C10H22 168.0 165.3 -6291 -6292
6

3-Methylalkane 3-Methyldecane 13151- Cl11H24 N/A 187.4 N/A -6901
34-3

3-Methylalkane 3-Methylundecane 1002-43- | C12H26 212.0 207.4 -7511 -7509
3

2,2- 2,2- 463-82-1 | C5H12 9.5 32.1 -3250 -3246

Dimetylalkanes Dimethylpropane

2,2- 2,2-dimethylbutane | 75-83-2 CoH14 49.7 58.8 -3841 -3854

Dimetylalkanes

2,2- 2,2- 590-35-2 | C7HI6 79.2 85.3 -4451 -4463

Dimetylalkanes dimethylpentane

2,2- 2,2-dimethylhexane | 590-73-8 | C8HIS8 106.8 111.2 -5063 -5071

Dimetylalkanes

2,2- 2,2- 1071-26- | C9H20 133.0 136.0 -5672 -5680

Dimetylalkanes Dimethylheptane 7

2,2- 2,2-dimethyloctane | 15869- C10H22 154.0 159.6 -6281 -6288

Dimetylalkanes 87-1

2,2- 2,2- 17302- Cl11H24 N/A 181.7 N/A -6897

Dimetylalkanes Dimethylnonane 14-6

2,2- 2,2- 17302- C12H26 N/A 202.2 N/A -7505

Dimetylalkanes Dimethyldecane 37-3

2-Methylalkenes 2-Methylpropene 115-11-7 | C4H8 -7.0 7.4 -2524 -2518

2-Methylalkenes | 2-Methyl-1-butene | 563-46-2 | C5H10 31.1 37.5 -3116 -3127

2-Methylalkenes | 2-methyl-1-pentene | 763-29-1 | C6HI2 62.1 67.2 -3722 -3736

2-Methylalkenes | 2-Methyl-1-hexene | 6094-02- | C7H14 92.0 96.0 -4335 -4344
6

2-Methylalkenes 2-methyl-1-heptene | 15870- C8H16 119.0 123.5 -4948 -4953
10-7

2-Methylalkenes 2-Methyl-1-octene 4588-18- | C9H18 144.0 149.2 -5530 -5561
5

2-Methylalkenes 2-Methyl-1-nonene | 2980-71- | C10H20 167.0 172.8 -6165 -6170
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4

2-Methylalkenes 2-Methyl-1-decene | 13151- Cl11H22 N/A 194.2 N/A -6778
27-4
2-Methylalkenes | 2-Methyl-1- 18516- C12H24 N/A 2133 N/A -7387
undecene 37-5
1-Alkenes Ethene 74-85-1 C2H4 -103.8 | -55.2 -1323 -1308
1-Alkenes Propene 115-07-1 | C3H6 -47.6 -25.7 -1926 -1913
1-Alkenes 1-Butene 106-98-9 | C4HS -6.3 4.8 -2541 -2522
1-Alkenes 1-Pentene 109-67-1 | C5H10 30.0 353 -3130 -3130
1-Alkenes 1-hexene 592-41-6 | C6HI12 63.4 65.1 -3740 -3739
1-Alkenes 1-heptene 592-76-7 | CTH14 94.0 93.7 -4350 -4347
1-Alkenes 1-octene 111-66-0 | C8H16 121.3 120.8 -4961 -4956
1-Alkenes I-nonene 124-11-8 | COHI18 146.9 145.9 -5572 -5564
1-Alkenes 1-decene 872-05-9 | C10H20 171.0 169.0 -6181 -6173
1-Alkenes 1-Undecene 821-95-4 | C11H22 192.7 189.8 -6788 -6781
1-Alkenes 1-dodecene 112-41-4 | C12H24 2134 208.5 -7398 -7390
1-Alkynes Acetylene 74-86-2 C2H2 -84.7 -41.6 -1257 -1231
1-Alkynes Methylacetylene 74-99-7 C3H4 -23.2 -7.5 -1849 -1836
1-Alkynes Ethylacetylene 107-00-6 | C4H6 8.1 18.2 -2465 -2444
1-Alkynes 1-pentyne 627-19-0 | C5HS 399 44.6 -3051 -3053
1-Alkynes 1-Hexyne 693-02-7 | C6H10 71.2 71.4 -3661 -3661
1-Alkynes 1-Heptyne 628-71-7 | CTHI2 99.8 98.0 -4272 -4270
1-Alkynes 1-octyne 629-05-0 | C8H14 126.2 124.2 -4882 -4879
1-Alkynes 1-Nonyne 3452-09- | C9HI16 150.8 149.7 -5493 -5487
3
1-Alkynes 1-Decyne 764-93-2 | C10H18 174.0 174.2 -6104 -6096
1-Alkynes 1-Undecyne 2243-98- | C11H20 N/A 197.4 N/A -6704
3
1-Alkynes 1-Dodecyne 765-03-7 | C12H22 N/A 219.3 N/A -7313
Cycloalkanes Cyclopropane 75-19-4 C3H6 -31.0 -18.5 -1959 -1915
Cycloalkanes Cyclobutane 287-23-0 | C4HS 12.5 20.4 -2568 -2482
Cycloalkanes cyclopentane 287-92-3 | C5HI10 49.2 56.7 -3071 -3048
Cycloalkanes cyclohexane 110-82-7 | C6HI12 80.7 90.0 -3656 -3615
Cycloalkanes cycloheptane 291-64-5 | C7TH14 118.8 120.9 -4290 -4182
Cycloalkanes cyclooctane 292-64-8 | C8HI16 151.1 149.6 -4913 -4749
Cycloalkanes Cyclononane 293-55-0 | C9H18 173.0 176.0 -5536 -5316
Cycloalkanes Cyclodecane 293-96-9 | C10H20 202.3 199.3 N/A -5882
Cycloalkanes Cycloundecane 294-41-7 | C11H22 N/A 219.1 N/A -6449
Cycloalkanes Cyclododecane 294-62-2 | C12H24 N/A 234.9 N/A -7016
Alkylbenzenes Benzene 71-43-2 C6H6 80.1 954 -3136 -3053
Alkylbenzenes Toluene 108-88-3 | C7HS 110.6 118.2 -3734 -3739
Alkylbenzenes Ethylbenzene 100-41-4 | C8H10 136.2 140.4 -4345 -4347
Alkylbenzenes n-Propylbenzene 103-65-1 | C9HI12 159.2 162.6 -4954 -4956
Alkylbenzenes n-Butylbenzene 104-51-8 | C10H14 183.3 184.5 -5564 -5564
Alkylbenzenes n-Pentylbenzene 538-68-1 | C11H16 203.0 205.8 -6174 -6173
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Alkylbenzenes n-Hexylbenzene 1077-16- | C12H18 226.0 226.4 -6784 -6782
3
1-Alkanols Methanol 67-56-1 CH40 64.5 44.6 -638 -629
1-Alkanols Ethanol 64-17-5 C2H60 78.2 70.3 -1235 -1238
1-Alkanols 1-Propanol 71-23-8 C3H80 97.0 95.5 -1844 -1846
1-Alkanols 1-Butanol 71-36-3 C4H100 117.6 119.9 -2456 -2455
1-Alkanols 1-Pentanol 71-41-0 C5H120 137.6 143.2 -3061 -3063
1-Alkanols 1-Hexanol 111-27-3 | C6H140 156.9 165.0 -3677 -3672
1-Alkanols 1-Heptanol 111-70-6 | C7TH160 178.0 185.4 -4286 -4280
1-Alkanols 1-Octanol 111-87-5 | C8HI180 194.7 204.1 -4898 -4889
1-Alkanols 1-Nonanol 143-08-8 | C9H200 213.7 221.4 -5501 -5497
1-Alkanols 1-Decanol 112-30-1 CI10H220 | 229.0 237.2 -6116 -6106
1-Alkanols 1-Undecanol 112-42-5 | C11H240 | 246.0 251.9 -6726 -6714
1-Alkanols 1-Dodecanol 112-53-8 | CI12H260 | 264.1 265.7 -7338 -7323
1-Alkanols 1-Tridecanol 112-70-9 | C13H280 | 287.0 278.7 -7901 -7931
1-Alkanols 1-Tetradecanol 112-72-1 | C14H300 | 295.8 291.2 -8491 -8540
1-Alkanols 1-Pentadecanol 629-76-5 | C15H320 | 318.0 303.5 9114 -9148
1-Alkanols 1-Hexadecanol 36653- C16H340 | N/A 315.6 -9724 -9757
82-4
1-Alkanols 1-Heptadecanol 1454-85- | C17H360 | 324.0 327.6 -10300 -10365
9
1-Alkanols 1-Octadecanol 112-92-5 | C18H360 | 351.0 339.5 -10900 -10974
1-Alkanols 1-Nonadecanol 1454-84- | C19H400 | 345.0 3513 -11500 -11583
8
1-Alkanols 1-Eicosanol 629-96-9 | C20H420 | 356.0 362.9 -12100 -12191
1-Alkanols 1-Docosanol 661-19-8 | C22H460 | N/A 385.1 N/A -13408
1-Alkanols 1-Hexacosanol 506-52-5 | C26H540 | N/A 4223 N/A -15842
2-Alkanols 2-Propanol 67-63-0 C3H80 82.2 82.2 -1830 -1833
2-Alkanols 2-Butanol 78-92-2 C4H100 99.4 103.7 -2441 -2442
2-Alkanols 2-Pentanol 6032-29- | C5HI20 119.1 124.4 -3052 -3050
7
2-Alkanols 2-Hexanol 626-93-7 | C6HI140 N/A 144.2 -3666 -3659
2-Alkanols 2-Heptanol 543-49-7 | CTH160 159.0 162.7 -4330 -4267
2-Alkanols 2-Octanol 123-96-6 | C8H180 179.0 179.7 -4880 -4876
2-Alkanols 2-Nonanol 628-99-9 | C9H200 193.5 195.1 -5490 -5485
2-Alkanols 2-Decanol 1120-06- | C10H220 | N/A 209.0 N/A -6093
5
2-Alkanols 2-Undecanol 1653-30- | C11H240 | 231.0 221.3 N/A -6702
1
2-Alkanols 2-Dodecanol 10203- C12H260 | 249.0 232.2 N/A -7310
28-8
Acyclic ethers Dimethyl ether 115-10-6 | C2H60 -24.8 -22.7 -1328 -1296
Acyclic ethers Diethyl ether 60-29-7 C4H100 344 31.1 -2504 -2516
Acyclic ethers Dipropyl ether 111-43-3 | C6H140 90.1 84.2 -3725 -3736
Acyclic ethers Dibutyl ether 142-96-1 | C8HI80 141.6 134.5 -4947 -4956
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Acyclic ethers Di-n-pentyl ether 693-65-2 | C10H220 | 187.0 180.3 -6170 -6175
Acyclic ethers Di-n-hexyl ether 112-58-3 | C12H260 | 220.0 220.7 -7384 -7395
Aldehydes Formaldehyde 50-00-0 CH20 -19.1 8.2 -527 -478
Aldehydes Acetaldehyde 75-07-0 C2H40 20.8 30.5 -1105 -1083
Aldehydes Propanal 123-38-6 | C3H60 48.0 54.4 -1686 -1691
Aldehydes Butanal 123-72-8 | C4H8O 74.8 77.3 -2304 -2300
Aldehydes Pentanal 110-62-3 | C5H100 103.0 98.6 -2910 -2908
Aldehydes Hexanal 66-25-1 C6H120 129.6 118.0 -3520 -3517
Aldehydes Heptanal 111-71-7 | C7TH140 153.0 1352 -4136 -4125
Aldehydes Octanal 124-13-0 | C8H160 174.0 150.2 -4740 -4734
Aldehydes Nonanal 124-19-6 | C9H180 195.0 163.0 -5350 -5343
Aldehydes Decanal 112-31-2 | C10H200 | 212.0 173.8 -5959 -5951
Aldehydes Undecanal 112-44-7 | C11H220 | 117.0 182.9 -6570 -6560
Aldehydes Dodecanal 112-54-9 | C12H240 | 185.0 190.5 -7179 -7168
2-Ketones 2-Propanone 67-64-1 C3H60 56.1 54.8 -1659 -1663
2-Ketones 2-Butanone 78-93-3 C4H80O 79.6 80.7 -2268 -2272
2-Ketones 2-Pentanone 107-87-9 | C5H100 102.2 106.1 -2880 -2880
2-Ketones 2-Hexanone 591-78-6 | C6H120 127.6 130.7 -3490 -3489
2-Ketones 2-Heptanone 110-43-0 | C7H140 151.0 154.1 -4100 -4097
2-Ketones 2-Octanone 111-13-7 | C8H160 173.0 176.0 -4698 -4706
2-Ketones 2-Nonanone 821-55-6 | C9HI80 194.0 196.2 -5321 -5314
2-Ketones 2-Decanone 693-54-9 | C10H200 | 211.0 214.5 N/A -5923
2-Ketones 2-Undecanone 112-12-9 | C11H220 | 233.1 230.9 N/A -6531
2-Ketones 2-Dodecanone 6175-49- | C12H240 | N/A 245.3 N/A -7140
1
Methyl esters Methyl formate 107-31-3 | C2H402 31.6 25.6 -892 -862
Methyl esters Methyl acetate 79-20-9 C3H602 56.7 52.0 -1461 -1467
Methyl esters Methyl propionate 554-12-1 | C4H802 78.6 77.9 -2078 -2076
Methyl esters Methyl butanoate 623-42-7 | C5H1002 101.9 103.1 -2550 -2684
Methyl esters Methyl pentanoate 624-24-8 | C6H1202 127.4 127.1 N/A -3293
Methyl esters Methyl hexanoate 106-70-7 | C7H1402 151.0 149.6 N/A -3901
Methyl esters Methyl heptanoate 106-73-0 | C8H1602 169.7 170.0 N/A -4510
Methyl esters Methyl octanoate 111-11-5 C9H1802 194.1 188.4 N/A -5118
Methyl esters Methyl nonanoate 1731-84- | C10H2002 | N/A 204.7 N/A -5727
6
Methyl esters Methyl decanoate 110-42-9 | C11H2202 | 233.0 218.9 -6349 -6335
Methyl esters Methyl undecanoate | 1731-86- | C12H2402 | N/A 231.4 N/A -6944
8

* Measured values; P predicted values.
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Data and Software Availability

The research data and software generated during the current study have been archived in the google cloud and
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(Email: Most of them are publicly available in the author’s publications, please refer to

the author publications page.
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