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ABSTRACT 

Pentane isomers are among the most abundant constituents of worldwide 

gasoline. Their autoignition has been extensively studied in fundamental 

reactors (shock tube, rapid compression machine (RCM), jet-stirred reactor, 

etc.) but rarely in practical engines.  

This thesis therefore investigates the autoignition of the three pentane 

isomers, n-, neo- and iso-pentane, in a Cooperative Fuel Research (CFR) 

engine. The research octane number (RON) and motor octane number 

(MON) are first measured. Both RON and MON show that the reactivity of 

the pentanes are in the order of n-pentane > neo-pentane > iso-pentane. 

Modeling of engine autoignition are then conducted using a two-zone model 

[1] and two detailed, optimized chemical models. Reasonable agreement is 

observed between the modeling and experiment in simulating the knock 

onset timing of pentane in the CFR engine.  

Given the inherent uncertainty in kinetic models, uncertainty of the engine 

autoignition modeling is then quantified to determine whether a chemical 

model that is validated with fundamental experiments can reproduce the 

engine autoignition to be within the engine measurement uncertainty. A 

deterministic approach, Bound-to-Bound Data Collaboration [2], is used for 

this purpose to investigate the pentane model from the National University 

of Ireland Galway. Sensitivity analysis is first conducted to identify 29 most 

important reactions in pentane oxidation, for which the uncertainties of the 

rate coefficient are estimated. Extensive Computer experiments are then 

performed to build the modeling surface using the 29 reactions, from which 

the engine autoignition modeling uncertainty is determined.  Results show 
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that the modeling uncertainty, propagated from the uncertainties in the rate 

coefficients of 29 sensitive reactions, is 14 times greater than the engine 

measurement uncertainty. The modeling uncertainty can be reduced 

significantly from constraining the modeling with 15 fundamental 

experiments (6 ignition delays, 7 species concentrations and 2 flame speeds), 

which, however, is still 5 times of the measurement uncertainty. The 

impacts of three important in-cylinder conditions on modeling uncertainty 

are also investigated, which are found less significant than the 29 reactions. 

Multiple strategies are then proposed to reduce the modeling uncertainty, 

where including CFR engine experiment is found to be the most effective 

constraint.  

A set of new CFR engine experiments is then conducted. It is found that 

these data are able to further reduce the modeling uncertainty to be smaller 

than the individual engine measurement uncertainty. These engine 

experiments are further combined with 17 fundamental experiments and the 

combined dataset significantly reduces the modeling uncertainty, with the 

smallest uncertainty being 0.4 CA, much smaller than the engine 

measurement uncertainty. To understand the significance of such modeling 

uncertainty in term of octane number, further CFR engine experiments are 

conducted. It is found that the smallest modeling uncertainty (0.4 CA) is 

equivalent to a change of 1.35 in octane number, which is over the tolerance 

allowed for standard octane number measurements. This indicates that the 

most constrained model for pentanes is not accurate enough for application 

to engine combustion modeling. This situation is likely to be ameliorated by 

including more experimental data, particularly from the CFR engine, as 

constraints. This work demonstrates that well calibrated CFR engine 
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experiments complements the fundamental experiments and should be used 

together for developing more accurate chemical models.  
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Chapter 1   INTRODUCTION 

Oil plays a crucial role in global energy market. Although, in recent years, 

there has been a rapid development of renewables and alternative energies, 

the global energy market is still dominated by oil and this situation will 

continue in the foreseeable future. Among the many sectors of oil demand, 

transportation (cars, trucks and non-road transportation) remains the largest 

contributor (over 50%) to the worldwide oil consumption [3]. While 

electrical vehicles have become popular for transportation purpose, energy 

consumption projection from US Energy Information Administration [4] has 

addressed that light-duty vehicles powered by gasoline engines, also known 

as spark-ignition (SI) egines, remain as the dominate source of energy 

consumption in transportation sector before 2050 (as shown in Fig. 1.1). 

This suggests that efforts should be made to improve SI engine performance 

for interrim control of pollutant and carbon emissions before electrical 

vehicles make a significant penetration in the market. 

 

Figure 1.1. Light-duty vehicle sales by fuel type [4]. 

Performance of SI engines depends on their thermal efficiency, which is 

limited by ‘knock’ caused by the autoignition of the unburned fuel/air 
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mixture in the end-gas. Autoignition is controlled by chemical kinetics, 

which is determined by the in-cylinder thermodynamic condition and, more 

essentially, the chemical composition of the unburned mixture. Commercial 

gasoline fuels contain hundreds of hydrocarbon compounds, among which 

C5 alkanes (n-pentane, neo-pentane and iso-pentane as shown in Fig. 1.2.) 

are the most abundant constituents. Pentanes provide the vapour pressure for 

gasoline mixture and have been used to formulate gasoline surrogates [5, 6]. 

With a carbon number in between that of typical gaseous fuels, e.g. natural 

gas (NG) and liquefied petroleum gas (LPG), and typical liquid fuels, e.g. 

primary reference fuels (PRFs), pentanes have received comparatively less 

attention for their combustion chemistry compared to other hydrocarbons. 

To address this issue, further study of C5 combustion chemistry was 

nominated as a topic for collaborative research in the International 

Workshop on Flame Chemistry at the 2014 International Symposium on 

Combustion. 

 

 

Figure 1.2. The isomers of pentane. 

Substantial efforts have since been spent to investigate the oxidation of 

pentanes in various reactors across a wide range of conditions. However, 

these investigations are often conducted in fundamental reactors by 

measuring ignition delay times, species profiles and flame speeds. Pentanes’ 

combustion in practical engines has rarely been studied. Therefore, as part 

of this community-wide effort, this study performs a systematic 

investigation on the autoignition of pentanes in a Cooperative Fuel Research 

(CFR) engine using both experimental and modeling approaches.  
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Modeling engine autoignition requires combustion model as an input. 

Detailed combustion models used for kinetic modeling contain many 

reactions and species, where each of them is of certain uncertainty. When 

they are put together to form a chemical model, the uncertainty of the model 

in simulating a combustion process can be significant. This is particularly 

important for application of these models to the modeling of engine 

autoignition [7], given that an uncertainty of several crank angles in engine 

combustion can have a significant impact on engine performance. Therefore, 

this thesis conducts an uncertainty analysis for kinetic modeling of the 

autoignition in the CFR engine, using n-pentane as an example. The aim is 

to investigate the applicability of existing chemical models to simulating 

engine combustion. 
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Chapter 2   LITERATURE REVIEW 

The two major objectives of the thesis are to investigate the autoignition of 

pentanes in a CFR engine and to quantify the uncertainty of the modeling of 

engine autoignition. Hence the review carried out in this chapter will be 

closely related to these objectives. Fundamentals of autoignition in SI 

engines are first discussed. This is followed by reviews on the hydrocarbon 

oxidation chemistry, on the experimental approaches for kinetic data 

acquisition, and on the modeling of SI engines. Then, different sources of 

uncertainty in the combustion model are discussed and numerical 

approaches for uncertainty quantifications are reviewed. Last, the existing 

studies on pentanes are reviewed. 

2.1 Autoignition in spark-ignition engines 

2.1.1 Autoignition and knock in SI engines 

Autoignition is practically important in various combustion engines. In 

diesel (compressed ignition) engines, autoignition of the fuel rich mixture 

initiates the combustion. In Spark-ignition (SI) engines, it is undesirable as 

it can lead to engine knock. Autoignition occurs in a SI engine because the 

unburned gas, “end-gas”, is compressed by the flame front and/or the piston, 

causing end-gas to autoignite before it has been consumed by the flame. 

Generally, in SI engine combustion, during the engine compression stroke 

the unburned air fuel charge is compressed by the piston and is ignited by 

the spark before the piston reaches the top-dead-centre (TDC). Thereafter, 

the end-gas will be further compressed as the flame propagates. Even after 

TDC when piston starts to move downwards, the end-gas will still be 

compressed by the flame as the cylinder pressure keeps increasing due to 
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combustion. This flame compression may cause the end-gas to autoignite 

before being consumed by the flame, resulting in abrupt increase of the in-

cylinder pressure and temperature. This abrupt increase of pressure and 

temperature is known as autoignition of the end-gas, which may cause 

severe engine damage. 

The abnormal autoignition in SI engines often occurs at one or more sites in 

the end-gas and results in volumetric ignitions of the entire unburned gas 

and leads to strong pressure wave resonation in combustion chamber, called 

‘knock’.  

This malfunction could cause potential damage to engine components, e.g. 

piston crown, cylinder head and gasket, and might also overload the 

bearings. An extreme case of engine damage caused by knock is shown in 

Fig. 2.1.  

Knock is the primary factor limiting the improvement of SI engine 

efficiency, as it limits SI engine compression ratio which directly correlates 

with engine thermal efficiency. Advances in engine design and fuels have 

substantially increased compression ratio of SI engines over decades. 

Nowadays, compression ratio higher than 10 is often used for SI engines, 

which, however, is still considerably lower than diesel engines. 
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Figure 2.1. Damage to a piston caused by knocking combustion [8]. 

2.1.2 Knock control 

There have been two primary methods to prevent the engine knock for a 

given engine design: adjusting engine operating parameters and improving 

fuel anti-knock properties. For example, a finer control over the 

compression of the end-gas can be provided by adjusting the spark timing, 

which controls the compression by the flame front. Knock can be prevented 

or made less severe by retarding the ignition timing, but this is often 

accompanied with lower in-cylinder pressure and temperature, which will 

also reduce the engine efficiency. On the other hand, anti-knock additives, 

such as tetraethyllead (TEL), were quite popular during 1950s to 1970s to 

inhibit fuel knock propensity. A small amount of anti-knock additives can 

enhance the fuel’s knocking resistance significantly. Due to this, a rapid rise 

in compression ratio occurred during that time. However, TEL was later 

found harmful to human health and air quality. It was thus phased out in 

most part of the world as gasoline additives [9]. 
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Gasoline formulation has since been used to optimize the fuel compositions 

to provide the anti-knock requirements of SI engines. This is where 

fuel/engine interactions and fuel combustion chemistry attract major 

research interests, as subtle difference in the chemical structure of a fuel can 

have a large effect on its propensity to knock. 

2.2 Hydrocarbon oxidation chemistry 

Given autoignition is controlled by the oxidation chemistry of the fuel/air 

mixture in the end-gas. A brief review of the hydrocarbon oxidation is 

presented here for the general understanding of oxidation chemistry of 

alkanes. 

2.2.1 Regimes of hydrocarbon oxidation 

The hydrocarbon oxidation chemistry has been studied since early 1900s. 

Different hydrocarbon oxidation theories have been proposed since then. 

Among these theories, the free radicals and principle of branched chain 

reactions theory established by Semenov [10] in 1935 has become the 

foundation for modern interpretations of hydrocarbon oxidation. The chain 

reactions involving free radicals in this theory can be categorised into four 

types:  

• Chain initiation: reactions forming radicals from parent fuels; 

• Chain termination: reactions consuming radicals; 

• Chain propagation: reactions producing same number of radicals as 

consumed; 

• Chain branching: reactions producing more radicals than consumed. 
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In hydrocarbon oxidation chemistry, the dominant chain reactions, 

particularly the branching reactions, vary with temperature. This results in 

different reaction pathways at different temperatures. In general, there are 

three temperature regimes for hydrocarbon oxidation: low, intermediate and 

high temperature regimes. Figure 2.2 [8] shows a typical case of these 

temperature regimes.  

The upper line in Fig. 2.2 represents the condition of temperature and 

pressure where the rates of the two reactions are equal. •H + O2 → •OH + 

•O• dominates above this line and •H + O2 + M → HO2• + M dominates 

below this line. This line represents the lower boundary of the high 

temperature regime. 

The lower lines in Fig. 2.2 illustrate the condition where forward and 

reverse rate of ROO• = R• + O2 are equal for iso-octane and n-heptane. 

ROO• is an important alkylperoxy intermediate in hydrocarbon oxidation. 

Below the lines is the so called low temperature chemistry regime where the 

alkylperoxy radical chemistry becomes dominant. 
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Figure 2.2. Regimes of hydrocarbon oxidation chemistry as delineated by the main 

kinetic chain branching processes. [8] 

Between the high temperature and low temperature regimes is the 

intermediate temperature chemistry regime where neither of the 

aforementioned pathways is effective. Instead, the reactions of HO2• 

dominate in this regime: 

RH + HO2• → R• + H2O2                                                   Rxn. 2.1 

HO2• + HO2• = H2O2 + O2                                                  Rxn. 2.2 

H2O2 + M → •OH + •OH + M                                      Rxn. 2.3                                 
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Figure 2.3 shows a simplified scheme of the main reaction pathways [11] of 

alkane oxidation at low and high temperature.  

 

Figure 2.3. Scheme of alkane oxidation chemistry. Reactions plotted in solid grey 

are important at low temperature, and those in solid black are important at high 

temperature. Dashed lines mean equivalent. [11] 

As shown in Fig. 2.3, to start the oxidation, the alkane reactant (RH) first 

produces a fuel radical (R•) via H atom abstraction initially by O2, and then 

by radicals generated in subsequent chain reactions. 

At low temperatures, R• undergoes an O2 addition to yield an alkylperoxy 

radical (ROO•). 

R• + O2 = ROO•                                                 Rxn. 2.4 

The alkylperoxy radical goes through several steps to achieve the low 

temperature chain branching process: 
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The ROO• radical first forms an alkyl hydroperoxy radical (•QOOH) via 

internal H atom isomerization (Rxn. 2.5). This isomerization can occur at 

several locations on ROO•, via forming different size of cyclic structure 

during the transition state, which can be classified by the ring size (five, six, 

seven atoms, etc.) formed. Generally, a six member ring transition is the 

most preferable [12] at low temperature. 

ROO• = •QOOH                                               Rxn. 2.5 

•QOOH radical further undergoes a second O2 addition and yields an 

•OOQOOH radical via  

•QOOH + O2 = •OOQOOH                                      Rxn. 2.6 

The •OOQOOH radical further undergoes a second internal H atom 

isomerization to give •U(OOH)2: 

•OOQOOH = •U(OOH)2                                       Rxn. 2.7 

•U(OOH)2 can decompose into an •OH radical and a ketohydroperoxide 

radical (HOOQO), which subsequently decomposes into an •OH radical and 

an alkyloxy (XO•) radical. The unimolecular decomposition of •U(OOH)2 

forms two •OH and a relative reactive XO• radical, resulting in an enhanced 

reactivity of the radical pool at low temperature. This process is called the 

degenerate chain branching process. •QOOH can also deviate from the chain 

branching process by decomposing into a cyclic ether and an •OH radical or 

into a hydroperoxy radical (•HO2) and a conjugated alkene by β-scission. 

As temperature increases, Rxn. 2.4 starts to shift backwards due to that 

ROO• becomes less stable. The following reactions: 

ROO• = Alkene + HO2• (Concerted elimination of HO2•)     Rxn. 2.8 
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•QOOH = Cyclic ether + •OH                            Rxn. 2.9 

•QOOH = Alkene + HO2• (β-scission)                   Rxn. 2.10 

become more favoured than the branching reactions. Rxn. 2.8 and Rxn. 2.10 

are equivalent to chain termination reactions due to the low reactivity of 

HO2• and alkenes at low temperature. 

Due to the decomposition of alkylperoxides (ROO•), the overall reactivity 

counterintuitively decreases despite the temperature increases. This 

phenomenon is called the negative temperature coefficient (NTC) behaviour, 

a unique feature in the oxidation of most alkanes as well as many other 

types of hydrocarbons. 

NTC phenomenon has already been experimentally observed for many years 

in both ignition delay times and species profiles for various fuels. It 

accounts for the cool flame phenomenon observed in hydrocarbon oxidation, 

which occurs at temperature several hundred degrees below the hot ignition 

temperature. During a cool flame, the temperature first increases modestly, 

< 200 K, and then decreases due to declined overall reactivity caused by the 

NTC behaviour. Under certain conditions, the reactivity will increase and 

decrease repeatedly, leading to oscillating cool flames [13]. 

As temperature keeps increasing to high temperature regime, the reaction of 

•H with O2 producing •OH and •O• becomes significant. This reaction 

greatly promotes the reactivity of the radical pool as that both •OH and •O• 

are highly reactive and able to abstract the H atom from the parent fuel. 

These rapid branching reactions finally lead to the full development of hot 

ignition and completed combustion. 
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2.2.2 Modeling of hydrocarbon oxidation 

Advance of computational power has made it possible for developing 

detailed chemical models that include thousands of elementary reactions to 

model hydrocarbon oxidation.  

Chemical models have been built and optimized progressively, as shown in 

Fig. 2.4. They were first started with simple hydrocarbons [14] such as H2 

and CO at high temperatures, then extended to larger molecules [15-19] and 

low temperatures. The number of species and reactions increase 

dramatically as the number of carbon atom increases. For instance, the 

model of gasoline surrogate developed by the Lawrence Livermore National 

Laboratory (LLNL) [20] includes hydrocarbon up to C8 and has more than 

6000 elementary reactions. 

 

Figure 2.4. Typical structure of a detailed kinetic model developed for fuel 

components [21]. 

Rate coefficients in these complex models are usually analogized from 

similar reactions, or obtained from direct experiment measurements or 

quantum calculations.  
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A model can be considered “validated” if it can successfully capture the 

known experimental behaviour. The validation process is completed by 

comparing modeling results using the chemical model to the known 

experimental data. The modeling is often performed via a set of governing 

equations for the given type of combustion process. Different software have 

been developed to solve these coupled differential equations, such as 

CHEMKIN [22]. If significant disagreements are observed, the rate 

coefficients of the elementary reactions in the chemical model will be 

adjusted to approximate the experiments. 

The adjustments of rate coefficients should be conducted with justification 

and consistent approaches. First, sensitivity analysis (will discuss later) 

should be conducted to identify the most important reactions and species 

causing the difference between experiment and modeling. Adjustments will 

then be made to the Arrhenius parameters of these reactions and the 

thermodynamic properties of the species involved, based on either existing 

experiment measurements or quantum calculations. It is possible that 

agreements between simulation and experiment are still large after multiple 

adjustments.`This is likely due to that the experiments cannot meet the 

assumptions made in the mode or there are missing reaction pathways in the 

model. 

2.3 Experimental methods for combustion kinetics 

investigation 

Different types of reactors have been used to understand the oxidation 

chemistry of different hydrocarbons and to develop and optimize chemical 

models. Conventionally, experiments used for kinetic measurements can be 

distinguished into direct and in-direct experiments.  
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2.3.1 Direct experiments 

In direct measurements, the reaction conditions are selected in such a way 

that the measured signal depends mainly on the rate parameters of a single 

reaction step, in which the rate coefficients are determined directly. Direct 

experiments are first used to determine the rate parameters of detailed 

reaction models. When direct measurements are not available, these 

parameters are often estimated by theoretical calculation or analogies. 

Comprehensive kinetic data based on direct measurements can be found in 

the NIST Chemical Kinetic Database [23].  

Recently, direct experiments’ application has been extended to topics of 

uncertainty quantification and model optimization. It is claimed that direct 

kinetic measurements can more rigorously define the uncertainty domain of 

reaction models and can be used as experimental targets, complementary to 

in-direct experiments (will be discussed later), to optimize chemical models. 

In such way, the optimized model will not only be able to reproduce the in-

direct experiments with improved accuracy but also able to maintain the 

‘true’ physical values for the rate coefficients that have been measured by 

these direct experiments. This approach was first proposed by Turányi and 

his co-workers [24] and later applied to the optimization of a hydrogen 

combustion model [25].  

In the present work, direct experiments will be used to determine the 

uncertainty domain of the selected model in Chapter 5 but not as targets for 

uncertainty reduction.  

2.3.2 In-direct experiments 

In the in-direct measurements, the experimental results depend on the rate 

parameters of several elementary reactions and these data can be interpreted 
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via simulations using a detailed reaction model. This type of experiments is 

often used to optimize and tune reaction models overall and to constrain the 

uncertainty in modeling different combustion phenomena that uses such 

reaction models as input. Since in-direct fundamental experiments will be 

used in this work, examples of such experiments are reviewed in this 

Section. 

2.3.2.1 Closed constant volume reactors 

Closed constant volume reactors are the simplest chemical reactors for 

kinetic studies. Experiments in this type of static reactors generally 

introduce reactants into an evacuated vessel maintained at a specified initial 

pressure and temperature. The evolution of the in-vessel temperature, 

pressure and species profiles can be recorded on a time basis using probes. 

Experimental data has been collected using this type of reactors [26]. A 

typical requirement of the closed constant volume reactor is to attain the 

spatially uniform mixing inside the reactor, since that temperature and 

concentration homogeneity is assumed for this type of reactor to avoid 

considering convective and diffusive effects. To achieve this, the 

characteristic reaction time inside the reactor should be longer than the 

diffusion time of the reactants. This results in several drawbacks such as 

long experimental timescales (up to minutes) and limited operating 

temperature (usually lower than 750 K). To address these drawbacks, 

mechanical stirrers have been used to enhance gas mixing [27]. Another 

major task to operate a static reactor is to maintain isothermal condition, as 

temperature should be a controllable variable during the determination of 

the reaction rate of elementary reactions.  
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2.3.2.2 Plug flow reactors 

Plug flow reactor (PFR) [28-37] uses a cylindrical tube with a constant 

diameter as the reactor chamber where the introduced reactant mixture flows 

and converts continuously along the tube. In many cases, the fuel and 

oxidizer are mixed after pre-heating, and react in turbulent flow at a 

prescribed pressure, temperature and flow rate. Highly diluted condition is 

often used to reduce the temperature rise and stretch the reaction zone over a 

distance comparable to the reactor length. Along the axial direction, the 

concentration and thermal gradients are small and diffusive effects are 

negligible. Along the radial direction, the concentration and temperature are 

uniform due to turbulent flow condition. A sampling probe often moves 

along the flow to extract reacting gases and quench the reaction immediately 

for analysis. Reacting gases can be sampled at different locations along the 

reactor tube, which can be readily converted into residence times in the 

reactor. 

In a PFR, species profiles can be measured under steady state condition, 

which are more comprehensive information, compared to ignition delay 

times, for the validation of reaction chemistry and kinetic model. However, 

it is often hard to define the time zero for the obtained species profiles. This 

issue can be moderated using fast mixing techniques. 

2.3.2.4 Shock tubes 

Shock tube [44-47] is a type of fundamental facility used to acquire data 

such as ignition delay times at high temperature (above those achievable in 

static and flow reactors). During a shock tube experiment, a plane shock 

wave is generated in a long, closed tube by the sudden bursting of a 

diaphragm separating the driver gas at high pressure from the test gas at low 

pressure. The test gas is often highly diluted with inert gas (> 95%). The 
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contact surface between driver gas and test gas moves towards the endwall 

at subsonic speed while the shock front travels at supersonic speed. The in-

tube pressure and species can be recorded on a time basis. Ignition delay 

time is defined as the time interval between shock wave arrival and the 

onset of autoignition, which is usually determined by a sudden rise of either 

the pressure or the emission/absorption spectra of an intermediate 

combustion species (e.g., CH, OH), as shown in Fig. 2.5. 

 

Figure 2.5. Definition of ignition delay times utilizing the endwall pressure signal 

and OH emission when the diluent is less than 99% [48]. 

A shock wave can heat the reaction gas rapidly to a high temperature and 

pressure, governed by the pressure ratio cross the shock front and the heat 

capacity ratio of the diluent used [49-51]. In this case, the time interval from 

the shock compression to gas ignition, termed ignition delay, is usually very 

short (10-1000 us), making the heat loss negligible over this reacting period. 

Ignoring heat loss reduces the complexity in kinetic modeling. However, 

short ignition delay times produced in shock tube limit its application in 

studying low and intermediate temperature oxidation. 
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2.3.2.5 Rapid compression machine 

Rapid compression machine (RCM) [52-58] is first used in 1906 [59]. 

During an RCM experiment, the “air” and vaporised fuel were admitted into 

the reactor. The mixture is then compressed by a piston. The compression 

process is as short as possible to assure adiabatic compression process, 

which is usually within a few dozens of milliseconds (10-70 ms). At the end 

of the compression, the piston stops and the mixture reacts and autoignites 

under a constant volume condition. Reactor pressure is recorded as a 

function of time, from which the ignition delay can be determined as from 

the end of compression to the onset of autoignition (determined by pressure 

rise). 

An RCM can be operated at low to intermediate temperatures (600-1100 K), 

pressure up to 70 bar. Different temperatures and pressures after 

compression are achieved by tuning the compression ratio and “air” 

composition (a mixture of O2/CO2/Ar/N2). The temperature at the end of 

compression, Tc, can be deduced from the isentropic law (Eq. 2.1) using the 

pressure at the end of compression, Pc, initial pressure, Pi, initial 

temperature, Ti, and the heat capacity ratio of the mixture (γ = Cp/Cv). 

𝑃𝑐

𝑃𝑖
= ( 

𝑇𝑐

𝑇𝑖
)

𝛾
𝛾−1

                                                     (Eq. 2.1) 

Ignition delay times from RCM are often reported as a function of 

temperature at varying pressures and equivalence ratios, which are a major 

data set for validating kinetic model.  

Compared with shock tubes, RCMs have slow compression and longer 

ignition delay, which allow the investigation to be conducted at low and 

intermediate temperature. Typical issues encountered in RCM are the 
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uncounted pre-reactions during compression process and significant heat 

loss through cylinder wall heat transfer after compression, which may lead 

to significant uncertainties in the determination of ignition delay time. 

Ignition delay time measurements from several shock tubes and RCMs will 

be used in this following work for model selection and uncertainty 

quantification where the modeling of such experiments is conducted. The 

details in modeling these experiments will be discussed in the result 

Chapters. 

2.3.2.3 Jet stirred reactor 

Jet stirred reactor (JSR) [38-43] is a type of flow reactor that enables 

continuous stirring in the reactor. Note that the citations are only examples 

of such reactors. JSR has been used to study the gas phase oxidation and 

pyrolysis of different fuels. Perfect mixing is assumed inside the reactor. 

Although that the ingesting mixture is different from the mixture inside the 

reactor, it is assumed to mix with the inside substances in a time interval 

much shorter than the mean residence time of the flow. Species 

concentrations are measured at the outlet of the reactor as a function of 

temperature, pressure, residence time and equivalence ratio. These species 

concentrations can be used to understand reaction pathways and to validate 

kinetic models. 

JSR has the advantages of fast mixing. It is also easy to be modelled when 

operated at steady state where constant residence time, temperature and 

pressure are achieved. The major issue of JSR is that the gas sampled at the 

JSR exit are from a variety of residence times, which often differ from the 

nominated residence time derived based on an assumption of instantaneous 

and homogeneous mixing of the fresh flow and the substance in the reactor. 
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Species concentrations measured in two JSRs will be used later to selecting 

an appropriate reaction model and to constrain engine modeling uncertainty. 

Details will be discussed in the result Chapters. 

2.3.2.6 Motored engines 

Reactors reviewed in 2.3.2.1 to 2.3.2.5 are often referred as fundamental 

experiments. Motored engines, different from fundamental experiments, 

have also been used to study autoignition chemistry of premixed air-fuel 

mixtures under engine conditions. Cooperative Fuel Research (CFR) 

engines are often modified for this type of experiments due to their unique 

feature of variable compression ratio. The motored condition is achieved by 

disabling the spark plug. The intake system is often modified, where fuel is 

injected into air stream usually a few meters upstream of the intake valve, 

instead of through the conventional carburettor, to assure homogenous 

mixing of air and fuel. Heaters are often used to heat the air over 100 ℃ to 

avoid hydrocarbon condensation before entering the combustion chamber.  

There are several advantages with using motored engines for kinetic study. 

During motored engine experiments, the air fuel mixture is compressed 

solely by the piston. The oxidation of premixed fuel and air, similar to 

autoignition of the end-gas, can be investigated via analysis of exhaust gases 

under practical engine conditions. There are challenges for motored engine 

studies as well. The main disadvantage is that the reactions are carried out in 

a dynamic environment where temperature and pressure are continuously 

varying. This causes difficulty in determining the boundary conditions and 

the separation of variables when analysing measured data. 

Several studies have been carried out in motored engines for different fuels 

under different conditions (engine speed, compression ratio, intake pressure 
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and temperature) [60-65]. Although motored engines are used in these 

studies to investigate the oxidation behaviour of hydrocarbons, they are not 

used as a typical reactor for detailed chemical model validation. 

2.4 Modeling of spark-ignition engines with detailed 

chemistry. 

Fundamental reactors, as reviewed above, investigate hydrocarbon oxidation 

under well controlled conditions. However, in practical engines, the 

oxidation occurs in a dynamic environment with shifting pressure and 

temperature. Detailed chemical models that are well validated against 

fundamental experiments therefore need to be evaluated under engine 

conditions by incorporating them to engine models.  

Multi-dimensional models, also termed fluid mechanic or fluid dynamic 

models, are based on the governing equations expressing the conservation of 

mass, energy, species concentrations and momentum (the Navier-Stokes 

equations). These models solve the flow field inside the cylinder in detail, as 

well as the heat-transfer and combustion processes that depend on the flow 

field. Coupling these CFD models with detailed chemistry requires 

prohibitive computational time for solution, making them not suitable for 

the uncertainty quantification work proposed in this thesis where extensive 

computer experiments need to be conducted. Although the recent work of 

Mueller et al. [66] extended the uncertainty quantification work into large 

eddy simulations (LES) of turbulent flames. This application is limited to 

reduced model. Therefore, dimensional engine model is not considered in 

the present work. Instead, non-dimensional engine models are used. 

Approaches of zero-dimensional engine modeling considering detailed 

kinetics are reviewed below. 
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Thermodynamic models consider energy equation during engine 

combustion process. The solution is temporally resolved but often spatially 

averaged. Detailed chemistry can be included for simulating end-gas 

autoignition. 

Thermodynamic models are typically classified as single-zone and multi-

zone models. Single-zone model uses a single thermodynamic system to 

represent the entire combustion chamber. The energy release occurs 

uniformly within combustion chamber, even though substantially in-

cylinder temperature and gas composition inhomogeneity may exist in 

practical engine combustion. 

On the other hand, multi-zone models are distinguished from single zone 

models by the inclusion of certain geometrical parameters in the basic 

thermodynamic approach. This usually involves the flame with negligible 

thickness separating burned from unburned gases, resulting in a ‘two-zone’ 

formulation [67]. Due to this, the single-zone model is often referred to as a 

zero-dimensional model, while the multi-zone model is considered quasi-

dimensional. Multi-zone models can be further divided into two-types: two-

zone models [68, 69] and predictive models [70, 71]. The difference 

between these two types of engine models is that the former specifies the 

mass fraction burned profile as input while the latter uses sub-models to 

predict the rate of fuel burning, which is usually achieved by the inclusion 

of an “entrained but not (yet) burned” zone (a third zone) in addition to the 

fully burned and fully unburned zones. The principle of the two-zone 

models will be briefly introduced here since this approach is utilised in the 

proposed study (see Chapter 4).  
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Several major assumptions are made when using a two-zone thermodynamic 

model: (1) the fuel, air, residual gas charge is uniformly premixed; (2) the 

volume occupied by the reaction zone (flame) is negligible although it’s 

highly winkled and convoluted. Inputs needed are: (1) a mass fraction 

profile to prescribe the flame burning speed, which is often derived from 

measured cylinder pressure data or the Wiebe function; (2) initial states, 

such as the temperature, pressure and charge compositions, etc. Initial 

pressure and temperature can be obtained by either direct measurements or 

calculation through gas law. Charge compositions can be obtained with and 

without considering pre-ignition kinetics; (3) well defined boundary 

conditions, such as the engine heat transfer, blow-by, etc. Engine heat 

transfer is the most important among different boundary conditions, and can 

be calibrated by heat transfer sub-models or using GT-Power and measured 

pressure data (the latter method is adopted in this study and will be further 

discussed in Chapter 4). 

The two-zone model considers temperature, mass and species homogeneity 

in the end-gas, which is not the practical scenario. Mass and species transfer 

can be achieved using multi-dimensional models, but these models greatly 

increase the computational burden. Multiple zone models can be used to 

partially achieve the inhomogeneity with efficient computation. Although a 

multiple zone model is still 0-dimensional, it considers the thermal 

stratification in the end-gas using a number of zones at different prescribed 

initial temperatures. This method has been widely applied to reproduce the 

in-cylinder pressure traces in HCCI combustion [72-74]. However, it 

introduces additional uncertainties to the modeling and application to SI 

engines is more challenging.  
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Apart from the above engine models, a phenomenological model for engine 

autoignition was proposed by Livengood and Wu [75]: 

∫
1

𝜏

𝑡=𝑡𝑒

𝑡=0

 𝑑𝑡 = 1                                      (Eq. 2.2) 

where 𝜏 is the ignition delay time at a particular physical state, and 𝑡𝑒 is the 

ignition delay in engines. This model, by its nature, is also a thermodynamic 

model. 

In an oxidation process leading to autoignition, there is often a sudden 

transition in the species concentrations which then proceeds to complete the 

combustion within a time interval that is often smaller by orders of 

magnitude than the preceding delay period. If a relative concentration is 

defined as 𝑥/𝑥𝑐  (𝑥𝑐 is the critical concentrations at the transition), before 

transition the change in concentrations, 
𝑑

𝑑𝑡
[

𝑥

𝑥𝑐
], can be assumed to be linearly 

correlated to 1/𝜏. That is to say if the delay at one state is small, then a large 

bulk reaction rate will apply. When the transition (autoignition) is reached, 

𝑥/𝑥𝑐 will equal to 1. That makes the integration of  1/𝜏 up to autoignition 

equal to 1. 

With knowledge of the temperature and pressure history in an engine, the 

autoignition timing 𝑡𝑒  can be obtained using Eq. 2.2. Engine in-cylinder 

pressure can be measured accurately, from which the end-gas temperature 

can be reasonably estimated. With a time interval prescribed (e.g. resolution 

of engine encoder), and assuming the ignition delay times at each time 

interval is constant, the ignition delay or knock onset timing in an engine 

can be determined from the Livengood and Wu integral. 



CHAPTER 2. LITERATURE REVIEW 

26 

 

Using the Livengood and Wu integral requires a map of ignition delay, in 

the space of temperature and pressure, which is often represented by 

empirical equations [75]: 

𝜏 = 𝑐 ∗ 𝑒𝑥𝑝(−𝑏 𝑇⁄ ) ∗ 𝑝𝑛                                  (Eq. 2.3) 

where 𝜏 is the ignition delay, 𝑝 is the mixture pressure, 𝑇 is the mixture 

temperature, and 𝑐, 𝑏, 𝑛  are empirical constants. Such correlations can be 

derived from detailed chemistry for the temperature and pressure space of 

interest to engine autoignition as reported by Kalghatgi et al. [76]. This 

method is comparable to thermodynamic models that consider detailed 

chemistry.  

The uncertainty of this method is often controlled by the quality of the grid 

used for temperature and pressure but not the uncertainty of the used 

reaction model. As mentioned above, a solution map needs to be generated 

by running thousands of simulations at different temperatures and pressures 

using a single reaction model. When thousands of models, sampled within 

the uncertainty of a single model, are used to represent the model 

uncertainty (will be discussed later), the number of simulations will increase 

dramatically. The computational cost becomes unrealistic and make this 

method inapplicable to the uncertainty quantification proposed in this work. 

Due to the simplification of the thermodynamic models, uncertainty will be 

introduced when using them to model engine combustion phenomena. The 

major problems are the simplification of the flow field, the determination of 

the boundary and initial conditions used for these models. These non-kinetic 

parameters can be classified into two types: those can be directly measured 

by experiments and those cannot be directly measured. The uncertainty in 

these non-kinetic parameters are also determined in different ways. The 
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uncertainty of the first type of parameters is often estimated directly from 

experiments. Examples of such parameters are the mass flow rate, 

equivalence ratio, cylinder pressure, etc. The uncertainty of the second type 

of parameters is often estimated from the uncertainty of the first type 

following the direct error propagation rule [77] when these parameters are 

easily correlated. For instance, the uncertainty in the temperature at IVC, 

which cannot be easily measured, is often estimated from the uncertainty in 

the measured pressure and mass by using the ideal gas law. When the 

correlation between the two types of parameters becomes too complicated, 

the non-kinetic parameters, such as the cylinder heat transfer coefficient 

multiplier and burning rate, are often calibrated against experimental 

measurements with zero uncertainty. A detailed evaluation of such 

calibration process in a thermodynamic engine model can be found in [78].  

2.5 Source of uncertainties in chemical model 

Detailed chemical models need to be accurate enough to be applied to 

modeling of engine combustion as that small changes in engine combustion 

can have significant impact on engine performance. It is therefore 

worthwhile to quantify the modeling uncertainty propagated from the model 

uncertainty. There are many sources of model uncertainty. These sources 

can be categorized into three major groups following the definition by the 

name [79]: model input uncertainty, numerical uncertainty and model form 

uncertainty. 

2.5.1 Model input uncertainty 

Model input uncertainties are the uncertainties in the information used to 

construct the model. A chemical model is built by aggregating a large 

number of chemical species and elementary reactions. The rate coefficients 
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of the elementary reactions and the thermodynamic and transport properties 

of the species often have some inherent uncertainties, as their exact values 

are often unknown, cannot be known beyond a certain accuracy, or are 

estimated based on assumptions from the fundamental theory. This type of 

uncertainties is often referred as the parameter uncertainty of the chemical 

model. Another type of model input uncertainty is the experimental 

uncertainty, which comes from the uncertainty in the experimental 

measurements of the fundamental combustion properties that are used to 

validate the chemical model or constrain the model uncertainty. This 

uncertainty can be carefully evaluated by repeating measurements across a 

range of experimental conditions and apparatus. 

2.5.2 Numerical uncertainty 

Numerical uncertainty comes from the processes of simulating physical 

combustion processes with a given model. When finding the solution for a 

physical combustion process, the model is often used as an input for a 

computational tool. The accuracy of the solution therefore depends on the 

setting in the computational tool. For example, the accuracy of laminar 

flame speed simulation can be strongly dependent on the computational 

domain size and local gradients. The uncertainty arisen from the domain and 

gradients setting will be propagated to the model. However, this uncertainty 

can be minimized by sensitivity analysis with respect to the domain size, 

grid parameters, etc. 

2.5.3 Model form uncertainty 

The uncertainties in the assumptions made in building the model are 

referred as the model form uncertainty. Examples of such uncertainty 

include missing reaction pathways and species, incomplete reaction formula, 
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etc. For example, when a model fails to predict the physical combustion 

process to be within its experimental uncertainty and parameter uncertainty, 

it is suggesting that the model is deficient beyond model input uncertainty, 

which is likely due to that some reaction pathways are missing. 

2.6 Determining the model input uncertainty 

2.6.1 Sensitivity analysis 

The quantification of the uncertainty of a chemical model often refers to the 

uncertainty resulting from the model input uncertainty. A model for a large 

hydrocarbon can have thousands of model input uncertainties. It is often 

unnecessary to consider all the model input uncertainties as the modeling 

results from using a chemical model often depend on only a set of model 

parameters at a certain condition [80]. The dependence of the model on the 

model parameters, notably the reaction rate coefficients, can be determined 

by sensitivity analysis [2, 81-83]. 

2.6.1.1 Local sensitivity analysis 

For a spatially homogeneous, evolving system, the concentrations of species 

𝐘 change in time and can be characterized by the following expression: 

𝑑𝐘

𝑑𝑡
= 𝐟(𝐘, 𝐱), 𝐘(𝑡0) = 𝐘0                             (Eq. 2.4) 

where 𝐘0 is the vector of initial concentrations, 𝐱 is the vector of parameters 

with 𝑚 elements that affect the change of concentrations. These parameters 

may include Arrhenius parameters, 3rd body collision efficiencies, 

parameters of pressure dependence, thermodynamics data, etc. 

The effect of the change in parameters on the concentrations at a given time 

can be determined by a Taylor expansion: 
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𝑌𝑖(𝑡, 𝑥 + ∆𝑥) = 𝑌𝑖(𝑡, 𝑥) + ∑
𝜕𝑌𝑖

𝜕𝑥𝑖
∆𝑥𝑗

𝑚

𝑗=1 

+
1

2
∑ ∑

𝜕2𝑌𝑖

𝜕𝑥𝑘𝜕𝑥𝑗
∆𝑥𝑘∆𝑥𝑗

𝑚

𝑗=1

𝑚

𝑘=1

+ ⋯                                                                                           Eq. 2.5 

where 
𝜕𝑌𝑖

𝜕𝑥𝑖
 is the 1st order local sensitivity coefficient and 

𝜕2𝑌𝑖

𝜕𝑥𝑘𝜕𝑥𝑗
 is the 2nd 

order local sensitivity coefficient which represents the interaction between 

two parameters. Generally, 1st order sensitivity coefficients are used for 

reaction model analysis. But studies [84, 85] have shown that 2nd order 

effects can be present and significant in combustion systems. 

The brute force method is perhaps the simplest method for approximating 1st 

order sensitivity coefficients. In this method, a single simulation using the 

original model is first performed and the predicted target is stored. Each 

parameter of interest is then adjusted by a certain percentage (defined by 

user) and new prediction are compared with the original prediction to 

determine the sensitivity coefficients. For a system with 𝑚 parameters, 𝑚 +

1 runs need to be conducted.  

One of the commonly used sensitivity measures is the logarithmic 

sensitivity coefficient. As discussed by Gardiner [86], the sensitivity 

coefficient of the 𝑖th computed quantity or model prediction 𝑦𝑖 with respect 

to the 𝑗th rate parameter 𝑥𝑖 is 

𝑆𝑖,𝑗 =  
log (𝑦𝑖) − log (𝑦′𝑖)

log (𝑥𝑖) − log (𝑥′𝑖)
                                 (Eq. 2.6) 

where 𝑥′𝑖 is the value altered from its nominal value for parameter 𝑖, and 𝑦′𝑖 

is the computed value using the modified parameter. 
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As a useful tool, the concept of sensitivity analysis was introduced in the 

late 1970s and early 1980s. Beyond the brute force method, several 

numerically efficient methods were introduced [81]. Shuler et al. [87, 88] 

championed the method of Fourier amplitude analysis for multi-parameter 

model systems. Rabitz et al. [89-91] introduced Green's function method of 

sensitivity analysis in chemical kinetics. The “Direct Method” by Dickinson 

and Gelinas [92] introduces the use of Jacobian of the model problem in 

sensitivity calculation. The commonly used method today was originally 

proposed by Stewart and Sorenson [93], which fits naturally into the 

solution methods used for problems frequently encountered in combustion 

chemistry and works well for both time-independent and time dependent 

problems. The method is less computational compared to other methods and 

has been implemented in the CHEMKIN suite of codes [94] which has been 

widely used for combustion analysis.  

2.6.1.2 Global sensitivity analysis 

Local sensitivity analysis assumes the model output is linearly correlated to 

the model parameters and each model parameter is independent in effecting 

the model output. However, for combustion modeling process of typical in-

direct experiments, the targeted output, such as ignition delay times and 

flame speeds, often has a highly non-linear dependence on the parameters, 

and these parameters are often dependent to each other. Ignoring 2nd and 

higher order sensitivities can lead to inaccurate determination of the overall 

sensitivity of each parameter to the model output. 

Hence global methods for sensitivity analysis are developed. In global 

sensitivity analysis, the parameters are allowed to vary throughout the whole 

domain of parameter space, usually high-dimensional for combustion 

analysis, rather than by a small percentage close to their nominal values. A 
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large number of points are often sampled with the domain of feasibility and 

simulations are run at these points. The output is then described as a 

continuous distribution rather than discrete points using fitting techniques. 

The sampling is often completed following a joint distribution function that 

determined from the distribution function for each parameter. The 

distribution function can be uniform or probabilistic, depending on the level 

of information available for the parameter. 

Many methods for global sensitivity analysis exist in the literature [83, 85, 

95-98]. The most commonly applied method for combustion analysis is the 

method that deploying response surfaces. In this method, a response surface 

is generated by fitting the simulations on the sampled points in the domain 

of feasibility. Second order polynomials are often used to represent the 

response surfaces, where the first order components give the effect of each 

parameter acting independently upon the output and the second order 

components give the cooperative effect of any two variables upon the output. 

Several sensitivity analysis approaches based on surface response methods 

have been developed including those based on polynomial chaos expansions 

[99-103], Gaussian process emulators [104], orthonormal polynomials [105], 

splines [106] and high dimensional model representations [107-111]. If the 

response surface is limited to second order, the global sensitivity indices 

determined from these methods are similar. More important is the accuracy 

of the surfaces which depends on various factors such as the sampling size 

and methods, the fitting procedure, etc.  

The sampling size if often 5-10 times of the number of parameters 

considered. If 𝑚 parameters present, 5 ∗ 𝑚 to 10 ∗ 𝑚 simulations need to be 

run to generate a reasonable response surface for one target. This is 5-10 
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times larger compared to local sensitivity analysis where only 𝑚 + 1 

number of runs are needed. The implementation of global sensitivity 

analysis to the full models of small fuels, such as hydrogen, is feasible as 𝑚 

is small and their combustion process can be simulated quickly. Applying 

global methods to large model is however demanding in computation. A 

solution to this was proposed by Cord et al. [112] where he first used a local 

sensitivity analysis to screen out the unimportant reactions and identified 31 

significant parameters. These parameters were later allowed to vary within 

the global analysis to explore the non-linear sensitivities and the interactions 

between these parameters. 

2.6.2 Uncertainty of model inputs 

Uncertainty in a combustion model can be originated from different sources 

such as Arrhenius parameters, pressure dependence coefficients, third boy 

collision coefficient, thermodynamic data, etc. Historically, the uncertainty 

analysis in combustion problems have been focused on the Arrhenius 

parameters, originally just the rate coefficient and more recently extended to 

temperature independent Arrhenius parameters. Recently, some attention 

was paid to including the uncertainty in thermodynamic data in uncertainty 

analysis of combustion problems. 

2.6.2.1 Uncertainty of the rate coefficient 

The rate parameters of chemical reactions are always determined with 

uncertainty in either experiments or theoretical calculations. Determination 

and characterization of the uncertainty of the rate coefficient have been 

developed. In the reviews of Baulch et al. [113-115], the uncertainty of the 

rate coefficient is defined by 𝑓 as: 

𝑓 = log10(𝑘0/𝑘𝑚𝑖𝑛) =  log10(𝑘𝑚𝑎𝑥/𝑘0)                  Eq. 2.7 
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where 𝑘0 is the recommended value of the rate coefficient, and 𝑘𝑚𝑖𝑛  and 

𝑘𝑚𝑎𝑥  are the possible extreme values. This expression is temperature 

independent. In order to describe the temperature dependence, several 

values of 𝑓  are given at different temperatures. Similar definition of 

uncertainty in rate coefficient is used by other evaluators [116, 117].  

Assume that the extreme values of the rate coefficients correspond to 3𝜎 

deviations [85, 118-121] or 2𝜎  deviations [102, 122, 123] from the 

recommended value on a logarithmic scale, the uncertainty parameter 𝑓 can 

be converted to the deviation of the logarithm of the rate coefficient using: 

𝜎(log10 𝑘) =
𝜎(ln 𝑘)

ln 10
=

1

𝑚
𝑓(𝑇)                       Eq. 2.8 

where 𝑚 is 3 or 2, respectively. This notation has been used by Turányi et al. 

[24] for uncertainty analysis. 

In order to determine the variance of the logarithm of the rate coefficient at 

different temperatures, the uncertainty parameter 𝑓 needs to be determined 

at different temperatures. For many reactions, the parameter is declared to 

be temperature independent, this allows 𝑓  to be determined easily, as a 

constant across different temperatures. For other reactions, an approximate 

temperature dependent 𝑓  can be defined based on the evaluation of the 

available experimental data and theoretical calculations, as described in [24]. 

For reactions where experimental data is not available, a wider domain of 

uncertainty can be estimated use rate theories of chemical reactions. 

Typically, defining a wide range of uncertainty does not distort the results of 

uncertainty analysis; it only affect the sampling density which lead to 

changes in computational time [24]. 
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2.6.2.2 Uncertainty of Arrhenius parameters 

In high-temperature gas kinetic systems, the rate coefficient is often 

dependent on temperature. This dependence is often described by the 

modified Arrhenius expression 𝑘 = 𝐴 𝑇𝑛 exp(−𝐸/𝑅𝑇)  where 𝐴, 𝑛, 𝐸  are 

called the Arrhenius parameters. With this expression, the temperature 

dependency of the uncertainty of the rate coefficient can be correlated with 

the uncertainty of the Arrhenius parameters. 

Taking the logarithm of the above Arrhenius equation yields: 

ln(𝑘(𝑇)) = ln 𝐴 + 𝑛 ln 𝑇 −
𝐸

𝑅
𝑇−1                    Eq. 2.9 

Simplifying with 𝐾(𝑇) =  ln(𝑘(𝑇)) , 𝛼 = ln 𝐴  and 𝜀 = 𝐸/𝑅 , the above 

equation becomes: 

𝐾(𝑇) =  𝛼 + 𝑛 ln 𝑇 − 𝜀 𝑇−1                    Eq. 2.10 

The variance of 𝐾(𝑇) can be deduced from the variance and covariance of 𝛼, 

𝑛 and 𝜀 following the rule described in [124]: 

𝜎𝐾
2(𝑇) = 𝜎𝛼

2 + 𝜎𝑛
2  ln2 𝑇 + 𝜎𝜀

2𝑇−2 − 2𝑟𝛼𝜀𝜎𝛼𝜎𝜀𝑇−1 − 2𝑟𝜖𝑛𝜎𝜀𝜎𝑛𝑇−1 ln 𝑇

+ 2𝑟𝛼𝑛𝜎𝛼𝜎𝑛 ln 𝑇                                                                  Eq. 2.11 

where 𝜎𝛼 , 𝜎𝑛  and 𝜎𝜀  are standard deviations and 𝑟𝛼𝜀 , 𝑟𝜖𝑛  and 𝑟𝛼𝑛  are 

correlation coefficients and give the covariance between two Arrhenius 

parameters (e.g. 𝑟𝛼𝜀𝜎𝛼𝜎𝜀 is the covariance of 𝛼 and 𝜀). 

If the variance of 𝐾(𝑇) is known for at least 6 temperatures, the standard 

deviations and correlation coefficients can be determined by fitting 

techniques.  
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The variance of 𝐾(𝑇)  can be determined as described in 2.6.2.1. The 

temperature independency of 𝑓 is often interpreted to the statement that only 

the preexponential factor 𝐴  has uncertainty and parameters 𝑛  and 𝐸  are 

absolutely know (in Eq. 2.10, uncertainties in 𝑛  and 𝐸  define the 

temperature dependency of uncertainty in rate coefficient). Ignoring 

uncertainty of 𝑛 and 𝐸 can reduce the computational power. Although this 

simplification is not physical realistic, it has been used in the uncertainty 

analysis work by Frenklach et al. [2, 125, 126], Feeley et al. [127, 128], 

Russi et al. [129, 130], You et al. [122, 131] and Wang et al. [123, 132, 133].  

2.6.2.3 Uncertainty of thermodynamics data 

Thermodynamics data are indispensable for combustion modeling. They are 

of such great importance as the rate coefficients of many reactions can be 

measured with appropriate accuracy in only one direction. For reversible 

reactions, the reverse rates are often calculated from the equilibrium 

constants that are calculated from thermodynamic data (heat of formation 

and entropy). In many combustion systems, the temperature can change 

from 300 to 3000 K. This requires the thermodynamics data for each species 

for a wide range of temperature. This is achieved by representing the 

thermodynamic data with polynomials fitted from experiment measurements 

or calculations at several temperatures. The format of these polynomials is 

adopted from [134].  

Uncertainty in thermodynamic data can be directly taken from experiment 

measurements when available, or estimated from data collected from 

different evaluators or empirically estimated. A detailed evaluation of 

uncertainty in thermodynamics data can be found in [119]. 
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2.6.2.4 Methods to treat uncertainty 

The uncertainty of rate coefficients is defined by the uncertainty factor 

given by the ratios of the most probable values to the nominal value. 

However, this uncertainty factor does not express the probability 

distribution of the rate coefficients within its uncertainty bounds. This leads 

to the two mainstream definitions for uncertainty in the rate coefficients: 

simple bounds of uncertainty and probability distribution function (PDF).  

Historically, the uncertainty in rate coefficient is often interpreted as hard 

bounds which define the maximum and minimum probable value of the rate 

coefficient within its uncertainty. Then, different distribution functions are 

defined, such as the rectangular function used in the GRI-Mech 

development [125, 135], the uniform distribution function used for UQ of 

USC mech [136] and the Gaussian distribution functions used for UQ of the 

syngas model [137]. The use of PDFs is more computationally expensive 

and complicated as it requires a large amount of experimental data in 

comparison to using hard bound uncertainties. 

Figure 2.6 shows an Arrhenius plot for the rate coefficient of a chain 

propagating reaction H + CH4 = CH3 + H2. The Arrhenius coefficients were 

evaluated by Baulch et al. [115] based on a large number of experimental 

data. An uncertainty factor of 2 was quoted for this reaction rates estimation, 

as depicted by the two red dashed lines in Fig. 2.6. This is a reasonable 

evaluation as that this uncertainty limits enclosed almost all the 

experimental observations except some at high temperatures. However, if 

very limited experiments, which scatter over a wide range, can be used to 

evaluate the rate coefficients, such as the case depicted in Fig. 2.7 for a 

chain termination reaction H + HCO = CO + H2, the uncertainty with hard 

bounds that encloses all data becomes overly large. In this case, if 
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reasonable uncertainty limits are specified, a large number of experimental 

data would be excluded, as shown by the red dashed lines in Fig. 2.7. This 

can be expressed in terms of PDF reflecting the different weights of the data 

based on their proximity to the mean value.  
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Figure 2.6. Rate expression (solid line) evaluated from the experimental data (symbols) and 

the evaluated uncertainty (red dashed lines) for H + CH4 = CH3 + H2 [115]. 

 

- 
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Figure 2.7. Rate expression (solid line) evaluated from the experimental data (symbols) and 

the evaluated uncertainty (red dashed lines) for H + HCO = CO + H2 [115].  

- 
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2.7 Uncertainty analysis 

2.7.1 Local uncertainty analysis 

Local sensitivity analysis described in 2.6.1 can be used for uncertainty 

analysis. If the sensitivity coefficients (
𝜕𝑌𝑖

𝜕𝑥𝑖
) in Eq. 2.5 are known, the 

uncertainty in the output ( 𝑌𝑖(𝑡, 𝑥 + ∆𝑥) − 𝑌𝑖(𝑡, 𝑥) ) propagated from the 

uncertainty in the model parameters (∆𝑥) can be determined. If we consider 

only the first order terms in Eq. 2.5 and rewrite this equation in terms of 

uncertainties, we have: 

𝜎2(𝐘) = ∑ (
𝜕𝐘

𝜕𝑥𝑗
)𝑗 𝜎2(𝑥𝑗)                           Eq. 2.12  

If the input parameters are rate coefficients, the variance of the model 

prediction can be calculated from the variance of the rate coefficients of 

interest. 

Local uncertainty analysis is different from the local sensitivity analysis in 

2.6.1. In sensitivity analysis, each parameter is adjusted by the same 

percentage. The sensitivity for a reaction does not take into account the level 

of uncertainty (a threshold) in itself. It is possible that the most sensitive 

reaction is well studied with small uncertainty and hence may not bring the 

largest uncertainty to the model prediction [138]. Local uncertainty analysis 

can address this problem as it evaluates the combination of input 

sensitivities and uncertainties. 

This method has been evaluated and applied to combustion analysis by 

many studies [85, 118, 120, 121, 139, 140]. However, this method is still 

based on the assumption that the linear sensitivity is valid across the whole 

of the input parameter distribution. Within nonlinear models, such as typical 
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combustion analysis, this may not be true and can bring large numerical 

uncertainty in uncertainty analysis.  

Global uncertainty analysis is therefore immerging as a useful tool to the 

above issue. There are many methods for global uncertainty analysis: Monte 

Carlo analysis with Lartin hypercube sampling [105], the Morris method 

[85], the polynomial chaos method [100, 123, 133, 141, 142] and the high 

dimensional model representation method [109-111]. For the purpose of 

introducing methods of uncertainty minimization and model optimization in 

2.8, only polynomial chaos method and the high dimensional model 

representation method are discussed in this thesis. 

2.7.2 High dimensional model representation (HDMR) 

HDMR methods are based on a hierarchical expansion of the functional 

relationship between the inputs and outputs of a model [108]. The HDMR is 

expressed as the hierarchical sum of component functions of increasing 

order [143]: 

𝑓(𝑥) = 𝑓0 + ∑ 𝑓𝑖(𝑥𝑖)

𝑚

𝑖=1

+ ∑ 𝑓𝑖𝑗(𝑥𝑖, 𝑥𝑗)

1≤𝑖≤𝑗≤𝑚

+ ⋯

+ 𝑓12…𝑚(𝑥1, 𝑥2, … , 𝑥𝑛)                                                      Eq. 2.13 

where 𝑓0 is the zero-order term and denotes the mean value of the model 

response across the adopted samples. The first order components 𝑓𝑖(𝑥𝑖) give 

the effect of parameter 𝑥𝑖  independently acting on the model output. The 

second order components 𝑓𝑖𝑗(𝑥𝑖, 𝑥𝑗)  give the cooperative effects of two 

parameters 𝑥𝑖, 𝑥𝑗  on the model output.  
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The HDMR approach typically applied in combustion uses a set of sampled 

inputs based on a certain distribution to generate the input to output solution 

mappings where the response surface is fitted. Using this method, the zero-

order term 𝑓0 is estimated by taking the average of the model outputs at all 

sampled points: 

𝑓0 ≈
1

𝑁
∑ 𝑌(𝐱(𝑠))

𝑁

𝑠=1

                                   Eq. 2.14 

where 𝐱(𝑠) is the value of the input parameters at the 𝑠th sample and 𝑁 is 

the number of model runs which is the same as the number of samples 

points. The higher order component functions are approximated using 

expansions in terms of suitable basis functions such as orthonormal 

polynomials: 

  

𝑓𝑖(𝑥𝑖) ≈ ∑ 𝛼𝑟
𝑖 𝜑𝑟(𝑥𝑖)

𝑘

𝑟=1

                               Eq. 2.15 

𝑓𝑖𝑗(𝑥𝑖, 𝑥𝑗) ≈ ∑ ∑ 𝛽𝑝𝑞
𝑖𝑗

𝑙′

𝑞=1

𝜑𝑝(𝑥𝑖)𝜑𝑞(𝑥𝑗)

𝑙

𝑝=1

                   Eq. 2.16 

where 𝑘, 𝑙, 𝑙′ are the order of the expansion, 𝛼𝑟
𝑖 , 𝛽𝑝𝑞

𝑖𝑗
 are coefficients to be 

determined, and 𝜑𝑟(𝑥𝑖), 𝜑𝑝(𝑥𝑖), 𝜑𝑞(𝑥𝑗) are the orthonormal basis function 

[144]. The coefficient are constants and can be determined using Monte 

Carlo integration over the chosen input sample[145]. 

Once an accurate response surface has been created, the polynomial 

representing this surface can be used to compute the uncertainty as 

described in 2.7.1. 
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2.7.3 Polynomial chaos method 

The polynomial chaos expansion (PCE) was developed by Wiener [146], 

originally as a stochastic description of statistical mechanics. This method 

was then applied to uncertainty analysis of combustion model by Najm and 

co-workers [100, 142, 147] and by Sheen and Wang [123, 133, 148]. This 

method uses stochastic spectral expansion of random quantities to describe 

the spectral uncertainty.  

Similar to HDMR, a response surface of the predicted combustion 

properties is generated with respect to the model parameters, which is often 

represented by a 2nd order polynomial expansion. Hence the model surface 

for the 𝑟th combustion property can be written as: 

ℎ𝑟(𝐱) =  ℎ𝑟,0 + ∑ 𝑎𝑟,𝑖𝑥𝑖

𝑚

𝑖=1

+ ∑ ∑ 𝑏𝑟,𝑖,𝑗𝑥𝑖𝑥𝑗

𝑚

𝑗≥𝑖

𝑚

𝑖=1

            Eq. 2.17 

The uncertainty in 𝐱 can be also expressed as a polynomial expansion of 

basis random variables, which is the major difference between this method 

and the HDMR method.  The polynomial expansion of the input can be 

combined with the expansion of the response surface to obtain a distribution 

of the model prediction given by both the uncertainty and uncertainty 

distribution of the inputs [123].  

In fact, if HDMR is restricted to 2nd order polynomial and the expansion 

used is similar to that in polynomial expansion, both global methods will 

give very similar results. The accuracy of the uncertainty analysis is often 

dependent on the fitting and sampling process. 
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2.8 Uncertainty minimization and model optimization 

Originally it was hoped that quantitatively accurate combustion models 

could be built solely on the basis of direct measurements. This expectation 

becomes unrealistic as the interest has been shifting to more and more 

complex fuels. Nowadays, the parameters in combustion models are often 

theoretically calculated or analogized, with only a few from direct 

measurements. The accuracy of these parameters becomes a problem as the 

original estimations often have large uncertainties and it has been found that 

small uncertainties for some reactions can lead to large uncertainty in 

simulations [85, 121]. Even if the parameters can be directly measured, it is 

found that the kinetic model developed from these parameters often does not 

reproduce well the results of in-direct measurements. In such cases, the 

parameters in such detailed models are often turned within their uncertainty 

to get a better agreement. Problems arises when different authors tune 

different parameters against different measurements as a range of models 

are proposed among which inconsistency often exists. 

2.8.1 Bound-to-bound data collaboration 

To address these problem, Frenklach [2] suggested a systematic method to 

optimize combustion models. The first article on this method was written by 

Frenklach and Miller [2, 80]. A more developed approach was published by 

Frenklach et al. in 1992 [126]. This method was later used for the creation 

and development of GRI model, which describes the oxidation of methane 

and NOx formation during methane combustion. The first version of GRI 

model (GRI-Mech 1.2 [125] and GRI-Mech 2.11[135]) were replaced by the 

last version in 1999 [149].  



CHAPTER 2. LITERATURE REVIEW 

46 

 

This method subsequently evolved in several directions by Feeley et al. [127, 

128], Russi et al. [129, 130], You et al. [122] and, more recently, Frenklach 

et al. [150, 151].  

This method includes the following main steps. To start, a new model is 

created, or a good model is taken from literature. Uncertainty (often 2𝜎 

[122]) of the parameters that are carefully evaluated from literature are 

assigned to each elementary reaction. Targets are selected for well 

characterized typical in-direct experiments at various conditions. A large 

number of points are sampled within the parameter uncertainty domain and 

simulations are run at these sampled points. Results from simulations for 

each target are fitted into a 2nd order polynomial which represent the 

solution for this target on the uncertainty domain. By using the 

measurement uncertainty to truncate the solution surface, new knowledge in 

parameter uncertainty can be acquired which is often reduced compared to 

the original parameter uncertainty. By searching for the best agreement 

between the solution surface and measurements, an optimal set of values of 

the model parameters can be determined. 

This method has several limitations. First, the uncertainty of each parameter 

is assigned with hard bounds rather than described by probability 

distributions. This may cause the minimized uncertainty and optimized 

parameters to be pushed to the edges of their uncertainty [24]. The second 

issue is that only the A-factors are associated with uncertainties and other 

parameters are assumed to be accurate. Performance of the optimized model 

could be problematic when extrapolated from the optimization conditions. 

However, with the simple treatment of uncertainty, Data Collaboration has 

the key advantage of computational efficiency and as it requires less 

sampling.  
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2.8.2 Uncertainty quantification and minimization using polynomial 

chaos expansion 

Another branch of the evolvement of the Data Collaboration is linked to 

Wang and his co-workers. They optimized the combustion models for a 

number of fuels, such as propane [152], Hydrogen/CO mixtures [153], 

ethylene [123] and n-heptane [133].  

They merged model optimization and global uncertainty analysis, and used 

polynomial expansion to represent the response surface function and the 

uncertainty distribution of the model inputs, as described in 2.7. This 

approach is called the method of uncertainty quantification and 

minimization using polynomial chaos expansion [133]. Using this method, 

the optimized polynomial can be used to calculate the uncertainty as well as 

the distribution of the simulation results and the model parameters from the 

covariance matrix of the optimized A-factor. 

This method can give posterior distribution on modeling results and input 

parameters. However, this requires extra computational power compared to 

the Data Collaboration method as more points need to be sampled within the 

uncertainty domain to ensure accurate polynomial expansions. Another 

drawback of this method is that it only takes into account the A factor and 

assumes that other parameters have zero uncertainty. 

2.8.3 Uncertainty quantification and minimization using both direct 

and in-direct experiments 

The above methods only utilize in-direct experiments and consider A-factor. 

In such considerations, another optimization method was developed by 

Turányi and his co-workers [24, 124] based on the experience gained from 

the methods described above. Response surface representation was later 
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adopted in this method to improve computational efficiency which is 

applied to the optimization of an hydrogen combustion model[25]. This 

approach attempts to utilise all kinetic information that is available for a 

chemical system during the parameter optimization. The results of in-direct 

and direct measurements, and also those of theoretical calculations are used 

together. The optimization includes, instead of just 𝐴, Arrhenius parameters 

𝐴, 𝑛, 𝐸 for each important reaction, 3rd body collision efficiencies and also 

other types of parameters, like enthalpies of formation, Troe parameters etc. 

There are several major steps in the most updated approach of Turányi and 

co-workers. First, considerable in-direct measurements are collected and 

simulated using a complex reaction model. Local sensitivity analysis is then 

carried out to identify the important parameters. Results of direct 

experiments are collected for the identified significant parameters for 

determination of the uncertainty. The uncertainty of all these parameters are 

converted to the variance of the independent parameters and the covariance 

of the dependent parameters following the method described in Section 

2.6.2. Sampling are then performed within the parameter uncertainty 

domain. A response surface is generated for each in-direct experiments 

based on the simulation at the sampled points. The original values of the 

parameters and the initial information of uncertainty (variance and 

covariance) are input as initial condition into an optimization scheme [24]. 

After optimization, an optimized model and a set of posterior uncertainties 

of the sensitive parameters are obtained. 

This method is currently the most comprehensive as it adopts both direct 

and in-direct experiments and considers all parameters in a combustion 

model. Needless to say, this method has the largest computational cost. 

Although response surface representation is adopted to ease computational 
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cost, this method has been applied to combustion analysis of only small 

fuels such as hydrogen. 

2.9 Oxidation chemistry of pentanes 

Although several studies on pentanes can be found in the literature, pentanes 

have received considerably less attention in comparison to C1-C4 alkanes or 

primary reference fuels. Despite their significant concentration in worldwide 

gasoline, there are only a few studies investigating their combustion 

behaviour in practical engines. In this section, highlight will be first made 

on the significant concentrations of pentanes in global gasoline. Then, a 

detailed review on the existing studies on pentanes is conducted. This will 

indicate the need for studying pentanes, particularly in internal combustion 

engines. 

2.9.1 Pentanes concentration in worldwide gasoline 

In 1994, McArragher et al. [154] tested a series of European commercial 

gasoline emissions and its relationship with the gasoline composition, they 

observed that n-pentane and iso-pentane accounted for 2.05 and 13.85 wt% 

in the tested gasoline, respectively. Negligible neo-pentane is detected both 

in the emissions and gasoline. Cecil et al. [155] summarized the 

composition of 1997 European automotive and aviation gasoline and found 

30 and 15 vol% C5/C6 isomerate concentration. Later in 1999-2001, Carter 

et al. [156] sampled over 300 fuels over European over the four season 

periods, and found 21 vol% of C5 on average, which is the highest among 

all the C3-C12 hydrocarbons in the sampled gasolines. Another report in 

2001 also showed rich C5 content in European gasoline [157]. In 2004, 

Burri et al. [158] found that in the commercial European gasoline C5 

paraffin showed a concentration of 16.06 wt%. In 2009-2013, several 
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researchers [159-161] applied commercial grade European gasolines to 

spray experiments. The gasolines they used contain 35-40% C5, with most 

of the C5 being n-pentane. Literatures also showed that UK gasolines 

contained 25-30% C5 in 2013 [162] and 40% n-pentane by volume in 2014 

[163] and German gasolines contained 7 wt% iso-pentane in 2001 [164]. 

Pentanes are also major components in US gasoline. In 1986, Haldera et al. 

[165] monitored gasoline vapour exposures from five terminal loading 

facilities and revealed that the C4 and C5 hydrocarbon components 

constituted 74.8 ± 9.2% of the total vapour on mass basis. Later in 1990, 

Mehlman [166] found that the dispensed gasoline contains 4.0% n-pentane 

and 7.4% iso-pentane, the refuelling gasoline contains 5.6% n-pentane and 

16.4% iso-pentane. Sawyer [167] analysed the 1991 commercial US 

gasoline and found that pentanes accounts for over 7.8% in the industry 

gasoline. Harley and Coulter-Burke [168] sampled and analysed the regular, 

mid- and premium grade gasoline from a fuel tanker truck loading facility in 

the San Francisco Bay area in May 1999, results showed that three gasolines 

contained 7 wt% iso-pentane and 5 wt% n-pentane in liquid and 30 wt% iso-

pentane and 15 wt% n-pentane in vapour on average. In 2009, Gentner et al. 

[169] collected 20 California gasoline samples and their study showed that 

the tested gasoline liquid contained 6.9 wt% and 7.4 wt% iso-pentane, 2.4 

wt% and 3.2 wt% n-pentane in summer and winter, respectively. In 2014, 

May et al. [170] characterized a set of gasoline samples from California and 

found 10 wt% C5 paraffin inside. 

Furthermore, in 2014, Kirgina et al. [171] calculated the existing 

formulations of producing Russian Achinsk petroleum refinery gasoline, 

results showed that the 95 gasoline contained 10-20 wt% iso-pentane and 98 

gasoline contained 20-50 wt% iso-pentane. The study of Sadakane et al. 
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[172] showed that C5 concentration in Japanese Gasoline is significant. 

Additionally, the work of Tsai et al. [173] found that iso-pentane accounts 

for 9.2, 11.3, 14.6, 16 vol% in Zhuhai, Guangzhou, Hong Kong, Macau 

commercial gasoline, respectively. n-pentane concentration in four cities’ 

gasoline were found to be 3.1, 4.4, 5.0, 4.9 vol% respectively. 

 

Figure 2.8. The concentration of pentanes in worldwide gasoline from different 

studies. Filled cycles are weight percentage, open diamonds are results averaged 

over 20 samples. 

Pentane concentrations are summarized in Fig. 2.7. Russia and Europe have 

higher C5 contents due to their lower ambient temperature compared to US 

and South China. Overall, the pentanes’ content in worldwide gasoline falls 

in the range of 10-20%, a considerable content compared to other 

components, indicating the importance of studying the pentanes. 

2.9.2 Fundamental experiments 

Most studies on pentanes combustion chemistry were conducted before 

2000. The recent attention was primarily paid to more applicable 

hydrocarbons such as LPG and primary reference fuel (n-heptane and iso-

octane). In building the chemistry model for n-heptane and iso-octane, the 
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chemistry of pentanes is often overlooked. This section will first briefly 

review the existing studies for pentanes. A summary will be made at the end. 

2.9.2.1 normal-pentane (n-pentane) 

n-pentane is the most studied isomer among the three C5 alkanes. The 

existing studies are summarized in Table 2.1. 

Table 2.1. Existing fundamental studies on n-pentane. 

T/℃ P Phi Reactor Year Ref 

298-435 1 atm 1 Chemical 

Shock Tube 

1968 Dahm and Verhoek 

[174] 

257-280 1 atm 1 Closed constant 

volume reactor 

1969 Hughes and 

Simmons [175, 176] 

480 500 Torr Lean Closed vessel 1980 Baldwin et al. [177] 

500-620 1 atm 1 Flow reactor 1976 Gonzalez and 

Sandler [178] 

677-930 1 atm 0.2-2.0 JSR 1988-

1991 

[179-181] 

927-1727 7.8-15.4 atm 1 Shock tube 1971 Alexander et al. 

[182] 

327-677 0.9 MPa 1 RCM 1993 Griffiths et al. [183] 

357-647 2-16 bar 1 RCM 1996 Minetti et al. [184] 

627 0.75-0.9 MPa 1 RCM 1997 Griffiths et al. [185] 

402-707 8-20 bar 0.5-2.0 RCM 1998 Westbrook et al. 

[186] 

327-627 6-9 bar 1 RCM 1999-

2000 

Ribaucour et al. 

[187] and Minettii et 

al. [188] 

367, 627 300 and 400 

torr 

1 RCM 2000 Ribaucour et al. 

[189] 

594-1261 11 to 530 atm 0.5 Shock tube 2005 Zhukov et al. [190] 

717-1137 1, 10, 23 atm 0.3, 0.5, 

1.0 

Shock tube 2012 Marks et al. [191] 

Low to 

high 

1, 10, 20 atm 0.5, 1.0, 

2.0 

RCM & Shock 

tube 

2016 Bugler et al. [48] 

 

2.9.2.2 2-Methylbutane (iso-pentane) 

iso-pentane is the most abundant pentane in gasoline. However, there are 

only a few fundamental studies on it. The details can be found in Table 2.2. 

No species profile data has been found for iso-pentane.  

Table 2.2. Existing fundamental studies on iso-pentane. 

T/℃ P Phi Reactor Year Ref 

367-627 300, 400 Torr 1 RCM 2000 Ribaucour et al. 
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[189] 

904-1736 1.1-12.6 atm 0.25-2.0 Shock tube 2004 Oehlschlaeger et al. 

[192] 

370-1445 1, 10, 20 atm 0.5, 1.0, 

2.0 

RCM, Shock 

tube 

2016 Bugler et al. [48, 

193] 

 

2.9.2.3 2,2-Dimethylpropane (neo-pentane) 

2,2-Dimethylpropane (neo-pentane) is unique amongst the isomers of 

pentane since it contains only primary C-H bonds (-CH3). It represents the 

simplest and most branched alkane. It is very hard to be extracted from 

crude oil, making it expensive to be studied as a pure fuel. The existing 

studies on neo-pentane are summarized in Table 2.3. 

Table 2.3. Existing fundamental studies on neo-pentane. 

T/℃ P Phi Reactor Year Ref 

25 3.5 Torr - Constant 

volume reactor 

1986 Bayes et al. [194, 

195] 

387-477 400-1500 

Torr 

- Constant 

volume reactor 

1992 Hughes et al. [196, 

197] 

357-647 2-16 bar 1 RCM 1996 Minetti et al. [184] 

627 0.75-0.9 MPa 1 RCM 1997 Griffiths et al. [185] 

527-957 1, 5, 10 atm 0.25-2.0 RCM, Shock 

tube 

1999 Dagaut and 

Cathonnet [198] 

347-537 8 atm 0.3 Flow reactor 1999 Wang et al. [199] 

367, 627 300 and 400 

torr 

1 RCM 2000 Ribaucour et al. 

[189] 

527, 727 1 atm - Quantum 

calculation 

2003-

2007 

[200-203] 

370-1445 1, 10, 20 atm 0.5, 1.0, 

2.0 

RCM, Shock 

tube 

2016 Bugler et al. [48, 

193] 

 

2.9.2.4 Summary 

It appears that n-pentane has been studied at conditions covering a wide 

range of pressure, temperature and equivalence ratio. However, the details 

of many experiments that matter for combustion modelling are no longer 

available, making these data inapplicable for developing chemistry model 

for n-pentane. Compared to n-pentane, the other two pentanes have gained 

even less attention. Limited data on the pentanes makes the existing 
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oxidation models for pentanes insufficiently tested. However, these models 

are popularly used in modeling the combustion process of large 

hydrocarbons. This somehow violates the rule of building large combustion 

models in a hierarchical manner and jeopardizes the reliability of these 

models. The oxidation chemistry of pentanes need to be further investigated 

before applied to large hydrocarbons.      

2.9.3 Engine experiments 

There has been a severe lack of engine studies for pentanes. Only a few 

investigations were conducted in motored engines for n- and iso-pentane. 

Spark-ignition engine studies on pentanes have been left blank since their 

octane numbers were rated by American Petroleum Institute in 1950s [204]. 

Cernansky et al. [205, 206] investigated the oxidation of n-pentane in a 

motored engine. A thermocouple was installed to replace the spark plug. 

The temperature at autoignition was found to reach around 750 K. Analysis 

of samples during the compression stroke confirmed that acetone and 

propene oxide were major products during n-pentane oxidation. The 

oxidation of iso-pentane in motored engines was investigated by Curran et 

al. [60] and Leppard [207], who both observed NTC phenomena for iso-

pentane, and confirmed that this behaviour is highly related to the fuel 

octane sensitivity. No studies of modeling of engine experiments are found 

for pentanes. 

It is of great significance to study pentanes in practical engines given their 

high concentrations in gasoline. Also, the chemistry model developed for 

the pentanes should be tested under engine environments instead of just in 

fundamental reactors. This requires more engine experiments to be 

conducted on pentanes and used to validate the existing pentane models.  
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2.9.4 Model development 

Chemistry of pentanes is often enclosed in the models of large hydrocarbons 

such as iso-octane, n-heptane and gasoline surrogate. And the pentanes sub-

models are often overlooked during the validation of these models. Three 

models that contain the pentanes as intermediates are found in the literature. 

The three models are: the gasoline surrogate model developed by Andrae 

[15]; the iso-octane model developed by Contino et al [208] and the 

gasoline surrogate model from Lawrence Livermore National Laboratory 

(LLNL) [20].  

Also, there has been one model particularly developed for pentanes by 

Bugler et al. at the National University of Ireland, Galway [193].  

These models are however only developed and tested against fundamental 

experiments under a limited range of conditions. As aforementioned, their 

performance in engine modeling should be evaluated. Also, given the large 

uncertainty in the models for pentanes, systematic approach should be 

developed to evaluate their accuracy when applied to engine combustion 

modelling. 

2.10 Research aims 

The overall objective of this thesis is to investigate autoignition of the three 

pentane isomers in spark-ignition engine environment using both 

experimental and modeling approaches, and to determine the reliability of 

chemical models when they are applied to engine autoignition modeling.  

The specific research aims are as follows: 
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1. To examine the autoignition behaviour of the three pentane isomers 

in a spark-ignition engine under octane rating conditions. 

Octane numbers are used to measure the fuel anti-knock properties under 

engine conditions. However, the octane numbers of the three pentane 

isomers have yet been updated over the past 60 years. And the latest report 

in 1950s was found to have unclarified information regarding the Research 

octane number (RON) and Motor octane number (MON) of neo-pentane 

[204]. Therefore, this study will investigate the RON and MON of the three 

pentane isomers in a CFR engine. Their autoignition behavior in the CFR 

engine will also be investigated. The engine autoignition will also be 

modelled using a two-zone model [78, 209, 210]. 

2. To investigate that whether a kinetic model that has been extensively 

validated by high-quality fundamental experiments is capable of 

reproducing engine combustion phenomenon to within typical levels of 

measurement uncertainty. 

A detailed kinetic model often contains a large number of chemical species 

and elementary reactions. The rate coefficients of the individual elementary 

reactions are often of significant uncertainties. Further, detailed combustion 

models are generally validated with direct and in-direct fundamental 

experiment data, such as flame speeds, ignition delay times and species 

profiles. All the experiments have their own uncertainty in measurements. 

Therefore, it is unclear whether the overall uncertainty of an optimized 

model contents the degree of confidence and reliability required for 

practical applications such as engine combustion modeling. Therefore, this 

work will use a deterministic framework of uncertainty quantification to 

determine that whether a kinetic model that has been extensively validated 
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by high-quality fundamental experiments is capable of reproducing engine 

combustion phenomenon to within typical levels of measurement 

uncertainty. 

3. To minimize the uncertainty of the engine modeling using carefully 

calibrated CFR engine experiments and compare the minimized 

modeling uncertainty with the standard octane rating tolerance.  

Combustion in engines occurs under highly dynamic conditions which are 

different from those in fundamental reactors. However, engine experiments 

have been rarely used for development of kinetic models due to the less 

well-defined boundary and initial conditions. This work will conduct a set 

of engine experiments in a carefully calibrated CFR engine and apply them 

together with the date from fundamental reactors to reduce the uncertainty 

in kinetic modeling of engine autoignition. Further investigation will be 

conducted to correlate the octane numbers with autoignition timings and 

therefore to determine whether the modeling uncertainty can satisfy the 

tolerance allowed in standard octane number measurements. 
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Chapter 3   METHODOLOGIES 

This Chapter introduces the experimental and modeling approaches used in 

this work. 

3.1 Experimental 

All experimental data in this thesis was acquired with a Waukesha CFR 

F1/F2 octane rating unit, located in the thermodynamics laboratory at the 

University of Melbourne, with minor modification to accommodate the 

study on gaseous fuels.  

3.1.1 CFR engine setup 

Basic engine setup 

A CFR engine is a standard engine for determination of the RON and MON 

of gasoline fuels or their blends as specified by ASTM D2699 [211] and 

D2700[212], respectively. Its sturdy design and adjustable compression 

ratio allow study of knocking combustion over a wide range of operating 

conditions and fuels. The standardized engine specification and setup are 

shown in Table 3.1 and Fig. 3.1.  

The CFR engine (2) is connected to a 22 kW Siemens dynamometer (3). 

The CFR engine and dynamometer were mounted on a concrete plinth that 

was used to dampen the mechanical vibrations induced by the test rig. The 

engine and dynamometer were primarily operated and monitored from a 

control bench (5) adjacent to the test rig. An air dehumidifier (1) is installed 

upstream of the air intake to control the intake air humidity. A standard 

knock intensity rating system, including the detonation pickup installed at 
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the cylinder top and a knockmeter unit (3), was used to monitor the 

knocking intensity (KI) during the knocking combustion process. The fuel 

was supplied in the CFR engine through a carburettor and the control of the 

amount of fuel supplied was achieved by adjusting the height of fuel 

reservoir (6).   
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Table 3.1. Specification of the CFR engine in this study. 

Item Description 

CFR engine geometry  

Engine type Single cylinder spark-ignition engine 

Cylinder type Pancake 

Crankcase  Cast iron 

Piston Cast iron 

Spark plug location Side mounted 

Compression ratio Adjustable 4:1 to 18:1 

Cylinder bore, mm 82.55 

Connecting rod, mm 254.0 

Stroke, mm 114.3 

Displacement, cm3 611.7 

  

Valve Train  

Number of valves 2 

Maximum valve lift, mm 6.04 

Intake valve opening 10±2.5° aTDC 

Intake valve closing 146° bTDC firing 

Exhaust valve opening  140° aTDC firing 

Exhaust valve closing 15±2.5° aTDC 

  

Other  

Carburettor Permit adjustment of fuel –air ratio 

Ignition timing Adjustable 

Intake air humidity Controlled by dehumidifier 
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Figure 3.1. Picture of the CFR engine at the University of Melbourne. 1: Air 

dehumidifier; 2: CFR engine compartment; 3: Knock meter; 4: Engine control unit; 

5: Control bench; 6: Fuel reservoir. 

Data acquisition 

The knock intensity is measured on the proprietary knockmeter in scaled 

divisions of 0 to 100. The relative air-fuel ratio (λ) was measured with a 

Bosch LSU 4.9 wideband universal exhaust gas oxygen (UEGO) sensor and 

a MoTeC Professional Lambda Meter (PLM installed on the exhaust 

manifold. The fuel flow rate was measured using a Coriolis Flow Meter. 

Both a certification standard Horiba 200 Series Emissions bench and an 

Auto-diagnostics ADS 9000 analyser are used to measure the concentrations 

of various compositions in the exhaust. A variety of techniques are used in 

Horiba 200 Series Emissions bench for species detections. Exhaust O2 is 

measured by magneto-pneumatic method. CO and CO2 are measured by 

non-dispersive infrared (NDIR) absorption method. NO/NOx is detected by 

chemiluminescence approach.  

1 

2 

5 

3 4 

6 
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In order to perform combustion analysis and model engine autoignition, in-

cylinder pressure data was acquired by replacing the standard ASTM 

Detonation pickup with a Kistler 6125C piezoelectric pressure transducer. 

The output of the transducer was pre-conditioned using a Kistler charge 

amplifier, and acquired using a high-speed LabVIEW data acquisition card, 

installed in a standard desktop PC. In-house developed software was used in 

conjunction with a synchronised Pryde Measurement encoder on the 

crankshaft to sample the data at intervals of 0.1 crank angle degrees. 

Gaseous fuel intake system 

neo- (9.5 ℃) and iso-pentane (27.7 ℃) have a boiling point which is lower 

and close to ambient temperature. Fuelling with the conventional fuel 

reservoir is not suitable as unstable combustion is observed, which is likely 

due to ‘vapour lock’, liquid fuel pre-vaporize in carburettor and blocks fuel 

supply which leads to extremely unstable combustion. 

A gaseous sample fuel intake system was therefore developed, as shown in 

Fig. 3.2. iso- and neo-pentane are stored in gas cylinders which are placed in 

an 80 ℃ water bath to ensure sufficient pressure for fuel supply. The gas 

tanks were then regulated to a needle valve which is used to adjust the fuel 

mass flow rate to achieve different equivalence ratios. Downstream the 

needle valve, a coalescing filter was also installed to ensure that only vapour 

entered this hardware. Pressure of the pipeline was read from a pressure 

gauge downstream the filter. A Coriolis flow meter was used to measure the 

fuel flow rate which was used to calculate the air flow rate from the exhaust 

lambda measurement. Intake fuel temperature was recorded using a 

thermocouple located at the end of the fuel intake system. To prevent the 

pentanes from condensing within the fuelling lines, a closed-loop 



CHAPTER 3. METHODOLOGIES 

63 

 

temperature regulated heat tracing system was installed over the entire pipe 

length to keep the temperature of the entire pipeline above 60 ℃ . The 

gaseous sample fuel intake system was mounted 0.35 meter upstream the 

carburettor. 

The pentanes used in the work have a minimum purity of 99.8 mol%. n- and 

iso-pentane were supplied by Sigma-Aldrich in sealed glass bottles, and 

were then refilled into an Aldrich Pure-Pac Cylinder with gaseous take-off. 

neo-pentane was supplied by Organic-Tech in a standard 20lb LPG cylinder.  

 

Water Bath Heating

Regulator

Iso- or Neo- pentane

Needle Valve
Coalescing filters Coriolis Flow Meter 

CFR engine

T1

T2

Heat 
tracing

P

A
ir in

take

Carburettor

 

Figure 3.2. P&ID of the gaseous fuel intake system. 

3.1.2 Octane number measurement 

As properties that characterize the knocking propensity of a fuel in a SI 

engine, octane numbers are a basic parameter for specifying gasoline. There 

are two types of octane numbers: research octane number (RON) and motor 

octane number (MON), which represent a fuel’s resistance to knock under 

different operating conditions. RON and MON can be quantified by 

conducting the standard tests in a CFR engine  according to the ASTM 

standards[211, 212] shown in Table 3.2. MON often represents the knock 

propensity of a fuel at a higher temperature as it is determined at a higher 

regulated intake mixture temperature (TMIX) of 149 ℃ instead of ~60 ℃ in 

RON test, which is unspecified by ATSM standards. There are several 

procedures specified in the ASTM standards for octane number rating. In 
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this thesis, the bracketing method using equilibrium fuel level (Procedure A 

in ASTM standards) is adopted.  

Table 3.2. Operating conditions for the Research and Motor test method. 

Operating parameter RON MON 

Engine speed 600±6 rpm 900±9 rpm 

Air intake temperaturea 52±1.0 ℃ 38±2.8 ℃ 

Mixture intake 

temperature 

Not specified 149±1.0 ℃ 

Air intake pressure Barometric Barometric 

Coolant temperature 100±1.5 ℃ 100±1.5 ℃ 

Ignition timing Constant 13° BTDC 14-26°BTDC 
a Compensated for variation in barometric pressure. 

 

In both RON and MON test methods, the octane number of a test fuel 

(referred to herein as the sample fuel) is determined by comparing its 

knocking tendency at a given engine setting with that of two Primary 

Reference Fuels (PRFs), which are mixtures of iso-octane and n-heptane 

and with a defined octane number based on the volumetric ratio of the iso-

octane in the mixture.  

To induce knocking combustion on the sample fuel, the compression ratio 

of the engine is gradually increased. This gives a transition from smooth 

engine operation, to an operating condition where autoignition of the end-

gas occurs. The compression ratio is non-linearly linked to the octane 

number of the fuel via the Guide Tables in the ASTM standards. The 

compression ratio is first adjusted to produce a knock intensity that gives a 

mid-scale reading on the knock meter. Then the equivalence ratio is 

adjusted, by raising and lowering the carburettor fuel bowls, to give a 

maximum knock intensity, which can be interpreted from the knockmeter. A 

second adjustment is then made to the compression ratio to achieve 

maximum knock intensity at 50 ± 2 knockmeter reading. This knock 

intensity is referred as Standard Knock Intensity (SKI) and the lambda and 
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compression ratio that give the maximum knock intensity value at 50±2 

knockmeter reading for the sample fuel is termed as its SKI lambda and 

critical compression ratio (CCR). 

Afterwards, bracketing PRFs are each rated at the CCR of the sample fuel 

and at their corresponding equivalence ratio that produces the maximum 

knock intensity. Similar to the sample fuel, the equivalence ratio is adjusted 

by altering fuel bowl height. Then knock intensity values of the two PRFs 

identified to produce a higher and lower knock intensity values than the 

sample fuel are recorded. The octane number of the sample fuel can be 

determined by, 

𝑂𝑁𝑠𝑎𝑚𝑝𝑙𝑒 𝑓𝑢𝑒𝑙 = 𝑂𝑁𝑃𝑅𝐹𝐿
+ (

𝐾𝐼𝑃𝑅𝐹𝐿
− 𝐾𝐼𝑠𝑎𝑚𝑝𝑙𝑒 𝑓𝑢𝑒𝑙

𝐾𝐼𝑃𝑅𝐹𝐿
− 𝐾𝐼𝑃𝑅𝐹𝐻

) (𝑂𝑁𝑃𝑅𝐹𝐻
− 𝑂𝑁𝑃𝑅𝐹𝐿

) 

… (Eq. 3.1) 

where  𝑂𝑁𝑠𝑎𝑚𝑝𝑙𝑒 𝑓𝑢𝑒𝑙 , 𝑂𝑁𝑃𝑅𝐹𝐿
and 𝑂𝑁𝑃𝑅𝐹𝐻

 are the octane numbers of the 

sample fuel, the PRF with lower octane number and the PRF with higher 

octane number, respectively. 

The KI values of the sample fuel and PRFs are recorded twice (with the 

PRFs rated in the reverse order in the second rating) and each set of KI 

values gives an estimated octane number of the sample fuel. The average of 

the two values is the octane number rated for the sample fuel. The octane 

number is claimed to be valid provided a number of conditions are satisfied 

(specified in the ASTM standards). 

To comply with the ASTM standards, the CFR engine has to pass the 

standard ‘Fit-for-Use’ procedure using the Toluene Standardisation Fuel 

(TSF) of known octane number close to the sample fuel. This procedure 
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must be undertaken at the start of each operating period, or when the engine 

had been shut-down for a period of more than two hours. 

PRFs and TSFs were prepared on a volumetric basis using a precision 

balance with a resolution of 0.001 g. The volumetric ratio of the blend was 

converted to mass equivalents based on the density of the individual 

components at real-time room temperatures. Toluene, n-heptane and iso-

octane used in this thesis are analytical grade chemicals supplied by VWR 

International with a minimum purity of 99.0% mol. 

3.1.3 Cylinder pressure measurement for knock analysis 

Knocking in-cylinder pressure traces 

As in typical SI engine combustion, cycle-to-cycle variation was observed 

in each test. A cost function (Eq. 3.2) was used to select the representative 

pressure trace for further analysis. The pressure trace gives the smallest 

value of the cost function was named as the representative pressure trace for 

that condition. 

𝐶𝑜𝑠𝑡𝑖 = [(
𝐶𝐴𝐷𝑘𝑝,𝑖 − 𝐶𝐴𝐷𝑘𝑝,𝑎𝑣𝑔

𝐶𝐴𝐷𝑘𝑝,𝑎𝑣𝑔
)

2

+ (
𝑀𝐹𝐵50𝑖 − 𝑀𝐹𝐵50𝑎𝑣𝑔

𝑀𝐹𝐵50𝑎𝑣𝑔
)]2             

… (Eq. 3.2) 

where 𝐶𝐴𝐷𝑘𝑝 and 𝑀𝐹𝐵50 are the crank angle where knock happens (knock 

point) and 50% of fuel mass burned, and 𝑖 is the index for each pressure 

trace.  

The timing of knock point was defined as: 

𝐶𝐴𝐷𝑘𝑝 = 𝐶𝐴𝐷 (𝑤ℎ𝑒𝑟𝑒 
𝑑2𝑝

𝑑𝐶𝐴𝐷2
> 2000 𝑘𝑃𝑎 𝑑𝑒𝑔2⁄ )     (Eq. 3.3) 
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and the mass fraction burn (MFB) profile was derived from the measured 

pressure traces using : 

𝑀𝐹𝐵(𝑖) =
𝑚𝑏(𝑖)

𝑚𝑏(𝑡𝑜𝑡𝑎𝑙)
=

∑ ∆𝑃𝑐
𝑖
0

∑ ∆𝑃𝑐
𝑁
0

                        (Eq. 3.4) 

∆𝑃 = ∆𝑃𝑐 + ∆𝑃𝑣                                   (Eq. 3.5)  

𝑃𝑣𝑉
(
𝐶𝑝

𝐶𝑣
)

= 𝑐𝑜𝑛𝑠𝑡                                    (Eq. 3.6) 

Where 0 – the start of combustion; 

            𝑖 – the 𝑖th crank angle from the start of combustion; 

            𝑁  – The end of combustion; 

          ∆𝑃  – Total pressure rise;  

          ∆𝑃𝑐 – Pressure rise due to combustion; 

          ∆𝑃𝑣 – Pressure rise due to volume change. 

Non-knocking in-cylinder pressure traces 

To estimate the crank angle resolved mass fraction burned (MFB) history, it 

is necessary to acquire in-cylinder pressure data where the charge is fully 

consumed by turbulent flame propagation in the absence of autoignition. 

This was achieved by adding a small amount of diluted tetraethyllead (TEL) 

to the engine intake. The dilute TEL mixture contained 18.23±0.05% mass 

tetraethyllead (ASTM standard material). The composition of the dilute 

TEL can be found in Table 3.3.  

Table 3.3. Composition of the dilute TEL [78]. 

Component Concentration % (m/m) 

TEL 18.23±0.05 

Ethylene dibromide 10.6 

Xylene 52.5 

n-heptane 17.8 

Dye, antioxidant and inerts 0.9 
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The dilute TEL was introduced into the air stream from a burette that was 

connected to the intake pipe via an 18G (1.2 mm x 40 mm) hypodermic 

needle, which was used to adjust the quantity of TEL added to the intake. 

The needle was located approximately 0.4 m upstream of the fuel inlet to 

ensure that the TEL was thoroughly mixed with the air prior to the 

introduction of the fuel.  

When the SKI engine operating condition had been reached for a sample 

fuel, the flow rate of the dilute TEL was gradually increased until knock 

was no longer observed. This was determined from the real-time in-cylinder 

pressure data where no steep pressure rise and pressure oscillation should be 

observed. When knock was sufficiently suppressed, the volume of TEL in 

the burette was recorded for approximately three to five minutes to estimate 

the average dilute TEL flow rate and allow in-cylinder pressure data 

sampling.  

By using dilute TEL to obtain non-knocking pressure traces, it is assumed 

that the dilute TEL has negligible effect on the flame propagation to 

autoignition. This assumption was justified. Figure 3.3 shows the pressure 

trace acquired for iso-octane under RON condition with and without dilute 

TEL added. The spark timing was retarded to 0, instead of 13 CA before 

TDC, to ensure that autoignition did not occur even without TEL addition. 
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Figure 3.3. Effects of diluted TEL on the in-cylinder pressure for isooctane at RON 

condition with retarded spark of 0 CA before TDC [78]. 

It can be seen that only minor discrepancy can be observed between the two 

cases, indicating that the dilute TEL indeed has negligible impact on the 

flame propagation.  
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3.2 Method of uncertainty quantification (UQ) of autoignition 

modeling 

Due to the computational cost associated with the engine modeling in this 

work, the polynomial expansion and the method from Turányi et al. (Section 

2.8) are less applicable. In this regard, Bound-to-bound Data Collaboration 

(B2B-DC) [2, 125-130] are used. Compared to other methods in Sections 

2.7 and 2.8, B2B-DC has the advantages of high computational efficiency as 

it uses hard bounds for uncertainty and requires less sampling. Although 

hard bounds are used instead of probability distribution functions to 

represent uncertainty, it has been demonstrated with comparable robustness 

to full Bayesian analysis [7].  

This work will use detailed model for uncertainty analysis. To save 

computational cost and also in consideration of the successful 

demonstrations by different researchers as mentioned in 2.6.2, this work will 

only consider the uncertainty in 𝐴  when determining the uncertainty in 

Arrhenius parameters. 

The uncertainties of thermodynamic data are not included for the 

uncertainty analysis in the present work. This is because that a major target 

of this thesis is to control the dimension of the uncertainty domain so that 

the number of engine model evaluations can be maintained at a realistic 

level. Including thermodynamic data will most likely increase the dimension 

of the uncertainty domain and hence increase the number of engine model 

evaluations to become inapplicable. Only considering the Arrhenius 

parameters can also fulfil the purpose of this work, which will be discussed 

later. 
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Only in-direct experiments are used as experimental targets in this work. 

There is no need to include the direct experiments as targets as they have 

already been used when determining the uncertainty of the sensitive 

reactions.   

Although global analysis takes into account the non-linear dependence and 

parameter interaction, it is not used in this thesis to identify the significant 

reactions. There are two reasons. The first is that the detail model used in 

this work contains more than 3500 reactions. It is unrealistic to sample 

within such a large dimensional domain. Also, response surface will be 

generated for uncertainty analysis on the feasible domain of the parameters 

identified from local methods. This is equivalent to global methods. 

This method applied to UQ of the autoignition modeling in the CFR engine 

is demonstrated with a simplified problem. 

We consider a simplified model consisting of two elementary reactions, and 

that the model uncertainty originates from the rate coefficients of the two 

reactions, 𝑘1, 𝑘2 , and their corresponding uncertainties, 

[𝑘1,𝑚𝑖𝑛, 𝑘1,𝑚𝑎𝑥], [𝑘2,𝑚𝑖𝑛, 𝑘2,𝑚𝑎𝑥], which form an 2-dimensional “hypercube” 

denoted as: 

𝐻 = {𝑥 ∈ 𝑅2: 𝑘𝑗,𝑚𝑖𝑛 ≤ 𝑘𝑗 ≤ 𝑘𝑗,𝑚𝑎𝑥, 𝑗 = 1,2} 
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Figure 3.4 illustrates the 2-dimensional hypercube 𝐻1. Each dimension of 

the hypercube corresponds to the uncertainty of one elementary reaction rate 

coefficient. Assuming that this model is well validated and the uncertainty 

of each reaction rate coefficient is accurately determined. Although the 

recommended model might be located at the intersection of the two 

recommended k value lines, i.e. the black dot in Fig. 3.4, any point inside 

this hypercube still represents a physical allowable model within the 

uncertainty of this model. 

Figure 3.4. The 2-D “hypercube” 𝐻1 formed by the two rate coefficients of an 

example model consisting of two elementary reactions. 𝑘1,𝑟𝑒𝑐 and 𝑘2,𝑟𝑒𝑐 are the 

recommended rate coefficients from literature, [𝑘1,𝑚𝑖𝑛, 𝑘1,𝑚𝑎𝑥] and 

[𝑘2,𝑚𝑖𝑛, 𝑘2,𝑚𝑎𝑥] are their corresponding uncertainties.   

Then, an ignition delay time (IDT) from a high-quality RCM experiment, 𝑦1, 

is selected from literature. The reported measurement uncertainty, 

[𝑦1,𝑙𝑜𝑤𝑒𝑟 , 𝑦1,𝑢𝑝𝑝𝑒𝑟], is also obtained. If the simulated IDTs using all the 

allowable models in 𝐻1 are obtained, the uncertainty of the IDT modeling 

can be determined by evaluating the maximum and minimum among the 

simulated IDTs. These simulated IDTs are obtained by running a number of 

RCM simulations, termed computer experiments, which can be realized 

using software such as CHEMKIN [22]. Given that it is impossible to 

perform such simulations on every possible point inside the hypercube, 

𝑘1,𝑚𝑖𝑛 

𝑘1,𝑚𝑎𝑥 

𝑘1,𝑟𝑒𝑐 

𝑘2,𝑚𝑖𝑛 
𝑘2,𝑟𝑒𝑐 

𝑘2,𝑚𝑎𝑥 
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discrete points are selected to run the simulation to cover the targeted model 

surface. Techniques such as Central Composite Design, shown as the red 

dots in Fig. 3.4, are used to assist the selection. 

Figure 3.5 depicts the model surface created from this method. The plane 

formed by 𝑘1 and 𝑘2 is the 2-D hypercube illustrated in Fig. 3.4. The blue 

dots above the 𝑘1𝑘2 plane represent the CHEMKIN simulated IDTs using 

the 2-reaction model at the selected (𝑘1 ,𝑘2) values in Fig. 3.4 (red dots). To 

create a continuous IDT surface, interpolation between the discrete design 

points is conducted using fitting techniques. This fitted surface is called the 

model surface, 𝜑1(𝑥) , as shown in Fig. 3.5, for the selected RCM 

experiment on 𝐻1.  

 

Figure 3.5. The model surface 𝜑1(𝑥) of the selected RCM experiment on the 

hypercube 𝐻1 illustrated in Fig. 3.4. 

After building the fitted response surfaces, the uncertainty of the model can 

be reduced by constraining the model surface with experimental uncertainty. 

This is achieved by satisfying an inequality constraint 𝑦1,𝑙𝑜𝑤𝑒𝑟 ≤ 𝜑1(𝑥) ≤

𝑦1,𝑢𝑝𝑝𝑒𝑟, where 𝑥 ∈ 𝐻1. Doing so, the model surface 𝜑1(𝑥) is trimmed by 

the planes of  𝑦 = 𝑦1,𝑙𝑜𝑤𝑒𝑟  and  𝑦 = 𝑦1,𝑢𝑝𝑝𝑒𝑟 , as shown in Fig. 3.5. The 
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projected area of the trimmed model surface on 𝐻1 is called the feasible set 

𝐹1, denoted in red in Fig. 3.5. Obviously, 𝐹1  is smaller than the original 

hypercube 𝐻1 , indicating that the prior uncertainties of 𝑘1  and 𝑘2  are 

curtailed by the constraint from experimental uncertainties. 

To propagate the uncertainty of a kinetic model to the uncertainty of engine 

modeling, engine experiment targets need to be selected for modeling, e.g. 

knock onset timing. For the example problem, the model surface 𝜑2(𝑥) for 

an engine’s knock onset is developed, as shown in Fig. 3.6. 

 

Figure 3.6. The model surface 𝜑2(𝑥) of an engine’s knock onset on the hypercube 

𝐻1 illustrated in Fig. 3.4. 𝐹2, denoted in green, is the feasible set obtained by 

constraining the model surface  𝜑2(𝑥) with the engine knock onset measurement 

uncertainty [𝑦2,𝑙𝑜𝑤𝑒𝑟 , 𝑦2,𝑢𝑝𝑝𝑒𝑟].  

Similar to 𝜑1(𝑥), 𝜑2(𝑥) is fitted from the blue dots which are obtained by 

running the engine simulations at the designed points on the hypercube 

𝐻1(red dots in Fig. 3.4).  

The uncertainty of the engine knock onset modeling can then be determined 

with different constraints. At the base level, the engine modeling 
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uncertainty, 𝜎2, is propagated from the uncertainty in the rate coefficients, 

which can be determined by: 

𝜎2 = [min(𝜑2(𝑥)) , max(𝜑2(𝑥)) ], 𝑥 ∈ 𝐻1 

Further, the engine modeling uncertainty is constrained by the RCM 

measurement uncertainty, which can be determined by: 

𝜎2
′ = [min(𝜑2(𝑥)) , max(𝜑2(𝑥)) ], 𝑥 ∈ 𝐹1 

𝜎2
′  can be subsequently compared with the engine operating uncertainty, e.g. 

cycle to cycle variations, to determine the degree of reliability of the kinetic 

model for engine knock onset modeling. 

The uncertainty of the engine modeling can be further reduced with more 

constrained active parameter uncertainties. These further constraints can be 

obtained by using more experimental data (either fundamental experiments 

or engine experiments) provided these data contain new information or are 

able to constrain sensitive parameters, or reducing the uncertainties of active 

parameters and/or experimental measurements.  

Take the Fig. 3.5 and 3.6 as an example. If more experiment targets are used, 

the active parameters will be more constrained in their uncertainty, resulting 

in smaller feasible set 𝐹1. In fact, when the engine experiment is included, 

the feasible set becomes 𝐹1 ∩ 𝐹2, which is clearly more constrained than the 

original 𝐹1. Similarly, if the uncertainty of active parameters is reduced, for 

example, 𝑘1  reduced to [ 𝑘𝑚𝑖𝑛
′ , 𝑘𝑚𝑎𝑥

′ ] (Fig. 3.6) with more accurate 

theoretical calculations, the feasible set will be further constrained and thus 

model engine knock with reduced uncertainties. 
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3.3 Two-zone model for autoignition modeling in the CFR 

engine 

As mentioned in Section 2.4, dimensional engine models are not considered 

in this work due to the inhibitive computation cost when considering 

detailed chemical kinetics. The “Livengood and Wu” method is not 

considered due to the inhibitive computation cost when considering statistic 

model uncertainty. The thermodynamics engine model becomes the most 

appropriate tool for this work.   

A two-zone model (depicted in Fig. 3.7), implemented in MATLAB and 

with Cantera [213] used for the kinetic simulations, is used to study the 

autoignition kinetics of the pentanes in the CFR engine, using the same 

approach as recently reported [1, 214]. The model considers the burned 

gases and unburned gases in two homogeneous zones separated by a flame 

of negligible thickness. Detailed chemistry is run in both zones with 

equilibrium chemistry in the flame. The pressure is equal in the two-zones, 

and mass is exchanged between them following a pre-determined MFB 

profile obtained from the non-autoigniting trace. Conservation of energy, 

mass and species are solved in each zone on a crank angle basis. With this 

approach, the temporal evolution of temperature, pressure and species can 

be calculated in the end-gas using properly determined initial and boundary 

conditions, and the autoignition timing can be simulated. 
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Figure 3.7. The two-zone model for autoignition modeling in the CFR engine. 
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The simulation starts from intake valve closure. Before spark-ignition, 

single-zone kinetics of the entirely, unburned gas is modelled. The 

temperature at intake valve closure (TIVC) is estimated using the ideal gas 

law, considering the measured PIVC and the total in-cylinder mass (including 

air, fuel and residual gas) derived from the measured fuel flow rate and 

equivalence ratio. After spark-ignition, the two-zone model is activated and 

progresses according to the MFB profile obtained from GT-Power, detailed 

below. Once autoignition is complete, a single-zone kinetic model with 

entirely burned gas continues the expansion process. 

Initial and boundary conditions are key inputs for kinetic modeling. This 

study uses commercial engine simulation software, GT-Power [215], and 

adopts a systematic and physically-justified method to determine parameters 

that affect engine autoignition, including the residual gas fraction, the heat 

transfer coefficient multiplier and TIVC. Redisual gas fraction was estimated 

using a full flow model built in GT-Power. The heat transfer was calibrated 

by matching the simulated pressure trace from a reverse-run model in GT-

Power with the measured non-knocking pressure trace. This is achieved by 

adjusting a multiplier (from 0.5 to 1.5) to the heat transfer coefficient used 

in the Woschni heat transfer correlations [67]. The simulated pressure trace 

that gives the smallest root-mean-standard-error (RMSE) to the measured 

non-knocking pressure trace represents the in-cylinder heat transfer closest 

to the measurements. The MFB profiles are also obtained in the reverse-run 

model from analysing the measured, in-cylinder pressure. These MFB 

profiles therefore avoid considering the effect from autoignition to the 

modeling process prior to autoignition onset and reflect only the 

compression of the flame propagation on the end-gas. The MFB profiles 

derived from GT-Power simulation are different from the MFB in Section 
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3.1.3. Those MFBs are estimated from the knocking pressure traces, which 

are not suitable for modeling of engine autoignition (as discussed in Section 

3.1.3), and are only used for selection of the representative pressure trace. 

Non-knocking pressure traces were used in these cases on the assumption 

that the combustion processes are identical until autoignition onset. Details 

of this method can be found in [78]. 

The uncertainty in the two-zone model inputs can lead to uncertainty in the 

model outputs. The effect of each model input in the two-zone model has 

already been evaluated in [78] where three non-kinetic parameters, the 

residual gas fraction, the heat transfer coefficient multiplier and TIVC, were 

found to have the most significant impact. Therefore, these three non-kinetic 

parameters will be evaluated with the kinetic parameters in the uncertainty 

quantification work in Chapter 5. To exclude the impact of all non-kinetic 

parameters, a case where all non-kinetic parameters are fixed while only 

kinetic parameters are allowed to vary is also studied. The impact of the 

uncertainty in these significant non-kinetic parameters will also be 

compared to those of the kinetic parameters.  

It is unnecessary to study the insignificant non-kinetic parameters since they 

have already been proved with negligible effect on the modeling results. 

These non-kinetic parameters will be calibrated against experiment 

measurements with zero uncertainty in a systematic and peer-reviewed 

approach proposed in [78] (described above). During the process of 

uncertainty quantification, these non-kinetic parameters are kept constant.  
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Chapter 4   AUTOIGNITION OF PENTANES IN 

THE CFR ENGINE 

As reviewed in Chapter 2, despite the significant concentrations of pentanes 

in worldwide gasoline, it has been rarely studied in engine environments. 

Therefore, this chapter investigates the autoignition of the pentanes in the 

CFR engine. First, octane numbers of the pentanes are updated. Then, 

modeling of engine autoignition in the octane number tests is performed. 

Last, the engine modeling results are compared with the modelled ignition 

delay times in rapid compression machines. 

4.1 Octane numbers of pentanes 

The octane numbers of the pentanes appear to have only been reported by 

the API in 1940s [204]. Repeating these measurements is considered 

necessary because the boiling points of these fuels, as shown in Table 4.1 

and 4.2, are within the range of ambient temperatures commonly seen in the 

laboratory. 

The RONs and MONs measured in the present study are reported in Table 

4.1 and 4.2 together with those from the earlier API study. The uncertainty 

of the octane numbers in these tables represents the extreme values obtained 

in 5 repeated tests. This uncertainty is different from the uncertainty in the 

measured autoignition timings which is the deviation derived from 600 

cycles of pressure traces. It is noted that the API study stated that all three 

pentane isomers were supplied to the engine as a liquid using the standard 

CFR engine carburettor. This was challenging in the present study for iso- 

and neo-pentane, however, since Table 4.1 shows that these fuels have 
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boiling points that are close to or below typical room temperatures. A 

gaseous fuel supply (Section 3.1.1) was therefore also used for these two 

isomers.  
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Table 4.1. The research octane numbers of pentanes. 

 n- neo-g iso-g 

This work 61.0±0.1 88.1±0.1 91.4±0.1 

API [204] 61.7 85.5 92.3 

Boiling point/℃ 36.0 9.5 27.7 

Intake fuel T/℃ -- 25.0 45.0 

TAIR/℃ 52.0 52.0 52.0 

TMIX/℃ 36.0 59.0a 61.0a 

Spark/CAD bTDCb 13.0 13.0 13.0 

SKI lambda 0.89 0.86 0.90 

CCRb 5.62 6.54 6.70 

Fuel flow rate/g/s 0.22 0.21 0.20 
a – temperatures not specified by ASTM standard but obtained by temperature 

measurements; 
b – CAD bTDC is the crank angle before Top-Dead-Centre; CCR is the critical 

compression ratio when maximum knock intensity occurs at mid-scale knockmeter 

reading; 
g – supplied as vapour fuel. 
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Table 4.2. The motor octane numbers of pentanes. 

 n- neo-g  iso-g 

This work 57.6±0.1 82.3±0.1 88.3±0.1 

API [204] 61.9 80.2 90.3 

Boiling point/℃ 36.0 9.5 27.7 

Intake fuel T/℃ -- 25.0 45.0 

TAIR/℃ 38.0 38.0 38.0 

TMIX/℃ 149.0 149.0 149.0 

Spark/CAD bTDCb 25.5 21.6 19.7 

SKI lambda 0.89 0.84 0.98 

CCRb 5.09 6.02 6.64 

Fuel flow rate/g/s 0.18 0.20 0.18 
b – CAD bTDC is the crank angle before Top-Dead-Centre; CCR is the critical 

compression ratio when maximum knock intensity occurs at mid-scale knockmeter 

reading; 
g – supplied as vapour fuel. 
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iso-pentane with a boiling point of 27.7ºC was tested with both vapour and 

liquid supply. With liquid supply, substantial cycle-to-cycle variations were 

observed, which is likely due to fuel vaporization inside the carburettor 

causing a two-phase flow and ‘vapour lock’. The RON measured under this 

unstable condition was 92.4. This agrees very closely with the API result of 

92.3, suggesting that the latter was obtained under similar conditions. 

Fuelling with iso-pentane vapour produced much more stable engine 

operation, and a RON of 91.4 was measured in this case. The measured 

MON of 88.3 is lower than the API value of 90.3. The same qualitative 

difference is observed in RON. The lower RON and MON with gaseous fuel 

supply are expected since the absence of fuel vaporisation leads to a higher 

intake mixture temperature which promotes the autoignition. 

neo-pentane was supplied as a vapour due to its sub-ambient boiling point 

of 9.5ºC. The fuel line was heated to 25ºC to prevent fuel condensation. The 

measured RON of 88.1 is higher than the API result of 85.5 where neo-

pentane was apparently supplied as liquid. The measured MON of 82.3 is 

higher than the API value of 80.2. This trend is consistent with the trend in 

RON. It is unclear how neo-pentane was supplied as a liquid in the API 

study. Also unclear is the purity of the neo-pentane used which was not 

reported unlikely the other isomers (neo-pentane used in this work has a 

purity of 99.8 mole%). These observations place significant uncertainty on 

the API figure. 

n-pentane with a boiling point of 36.0ºC was supplied as liquid using the 

carburettor. The measured RON of 61.0 is in good agreement with the API 

RON of 61.7. (The ASTM measurement tolerance is +/-0.6 for RON = 60-

70.) This was perhaps to be expected since n-pentane was the only fuel of 

the three isomers that could be reliably delivered using the ASTM standard 
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method for liquid fuels. The MON of n-pentane is measured at 57.6 in our 

work, which is around 4 octane number lower than the API value. It is noted 

that the API numbers indicate n-pentane has nearly zero octane sensitivity 

while our work gives a sensitivity of 4 octane number that is even higher 

than iso-pentane. To the repeatability of the test, we re-conducted the MON 

test over 10 times on different days. The numbers obtained were constantly 

within 57.6±0.1. This again places great uncertainty in the API numbers.  

It should also be noted that the fuel vapour temperature, which is 25ºC and 

45ºC for neo- and iso-pentane, respectively, has little impact on the intake 

mixture temperature in RON test. Both temperatures are around 60 ºC 

(Table 4.1). This is in large part due to the fuel flow being much smaller 

than the air flow whose temperature is fixed at 52ºC upstream of the 

carburettor in the standard test. 

Both RON and MON results indicate that the order of reactivity of the three 

isomers is: n-pentane>neo-pentane>iso-pentane. This result is from SI 

engine combustion under fuel rich conditions and is consistent with that 

from HCCI engine combustion under fuel lean conditions [216], as well as 

with low temperature fundamental experiments that have been reported. 

4.2 Autoignition of pentanes at standard RON condition 

To further understand the autoignition of pentanes in SI engines, the crank-

angle resolved, in-cylinder pressure at standard RON test conditions was 

measured. The two-zone model described in Section 3.2 was then used to 

simulate the autoignition process of pentane/air mixtures in the end-gas. The 

CFR engine is arguably unique for studying SI-engine autoignition because 

its sturdy design allows constant knocking combustion, with every cycle 
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showing a distinctive steep rise in the pressure trace indicating autoignition 

onset. This provides a well-defined target for kinetic modeling and which is 

not normally available from knock-limited combustion in production 

engines. 

It should be noted that only results at RON conditions are presented here for 

the three pentanes. The results at MON conditions are presented in 

Appendix. A. for neo- and iso-pentane and Chapter 6 for n-pentane.  

4.2.1 Cylinder pressure measurement 

600 cycles of pressure trace are measured for each isomer at the RON 

condition. A representative pressure trace is selected based on the cost 

function described in Section 3.1.3. Figure 4.1 shows the pressure traces 

obtained under the RON test condition for each isomer. 

As in typical knocking engine combustion, large cycle-to-cycle variations 

were observed for all pentanes. The variation of the combustion process was 

represented by an upper limit cycle and a lower limit cycle. For all isomers, 

peak pressure decreases in the following order: upper limit > representative 

cycle > lower limit. This is due to the different timings of the autoignition 

onset for these cycles. More fuel is consumed by flame propagation when 

autoignition occurs later, which leaves less amount of fuel mass in the end-

gas to autoignite and thus lower the heat release rate at autoignition. The 

representative cycles, dashed lines in Fig. 4.1, were all within the variability 

limits of each pentane isomer. Pentane with higher octane number has 

higher peak pressure. This is expected as compression ratio was set higher 

for fuel with higher octane number and higher compression ratio leads to a 

higher peak pressure. Autoignition in the end-gas was observed for all 

isomers from the rapid pressure rise and pressure oscillation after peak 
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pressure in the representative traces. The timing of the autoignition onset for 

each isomer was defined as when pressure rise rate passes the threshold of 

𝑑2(𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒) 𝑑(𝐶𝐴𝐷2)⁄ ≥ 2000 𝑘𝑃𝑎 𝑑𝑒𝑔2⁄ . 
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Figure 4.1. Measured pressure traces for pentanes at the RON test condition. 

Dashed lines are representative cycle and solid lines are variability limits. All data 

was obtained from a batch of 600 cycles (Rep=representative, KP=knock point, 

MFB50=50% mass fraction burned). 
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In order to derive the MFB profiles, which is required for the two-zone 

model calculation prior to autoignition onset, non-knocking pressure traces 

were also obtained under the same RON test condition by using a small 

amount of diluted TEL (described in Section 3.1.3). The amount of TEL 

added into the engine intake for each isomer to supress autoignition was 

recorded in Table 4.3 (converted to % vol. of the fuel flow rate). 600 

hundreds of non-knocking pressure traces were measured for each isomer. A 

representative, non-knocking pressure trace was selected from the 600 

cycles by matching the non-knocking pressure trace with the representative 

pressure trace (in Fig. 4.1). The RSME between the knocking pressure trace 

and each non-knocking pressure trace was computed and the representative, 

non-knocking pressure trace was obtained with the smallest RMSE. As the 

non-knocking pressure trace was used to feature the flame propagation prior 

to the autoignition onset in the knocking combustion, the representative, 

non-knocking pressure trace should only match the knocking, representative 

trace prior to autoignition. Therefore, RSME were computed starting from 

Intake-Valve-Closure (IVC) to the onset of autoignition for each isomer. 

Different starting crank angles for RMSE computing were also selected and 

negligible effect on the RSME was observed. The representative, non-

knocking pressure trace for each isomer was shown in Fig. 4.2. 
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Figure 4.2. Representative traces with and without autoignition. 
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With the addition of TEL, autoignition was successfully suppressed for each 

isomer, as can be seen from the absence of rapid pressure rise and pressure 

oscillation in the non-knocking pressure traces (dashed lines in Fig. 4.2). 

When autoignition is absent, cylinder pressure after end of combustion was 

found to be higher than those with autoignition. This is likely due to the 

pressure oscillation occurred in knocking combustion enhanced the heat 

transfer between the in-cylinder gas and engine wall & piston head.  

It can be seen from Fig. 4.2 that these addition of TEL have insignificant 

impacts on flame propagation whilst effectively suppressing autoignition. 

This is in accordance with previous studies [1, 214]. 

4.2.2 Two-zone model for engine autoignition modeling 

The two-zone model described in Section 3.2 was used for the modeling of 

autoignition of pentanes in the RON tests. Initial and boundary conditions 

were first obtained and calibrated from measurements and GT-Power 

simulation. To define the initial composition of the in-cylinder mixture, a 

residual gas fraction at IVC was estimated for each isomer in the full flow 

model built in GT-Power. The composition of the residual gas was first 

estimated in Cantera using the equilibrium calculator for fresh fuel/air 

charge matching the measured equivalence ratio. The mole fractions of the 

measured exhaust species (CO, UHC, CO2 and NO) in the residual gas were 

then replaced by the measured numbers converted to mole fraction. The 

residual gas compositions were then normalised with the measured fuel and 

air masses to give the initial compositions at IVC. 

The engine heat transfer was calibrated in GT-Power using the method 

described in Section 3.2. The RMSEs between the simulated non-knocking 
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pressure traces with different heat transfer coefficient multiplier and the 

measured non-knocking pressure trace are shown in Fig. 4.3. 
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Figure 4.3. RSME between the measured non-knocking pressure trace and the 

simulated non-knocking pressure traces using different heat transfer coefficient 

multiplier in GT-Power. Multiplier factor is the multiplier factor to the heat transfer 

coefficient in the Woschni correlation. 
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Heat transfer coefficient multiplier was swept from 0.5 to 1.5 at an interval 

of 0.1 for each isomer. The results shown in Fig. 4.3 indicate that the heat 

transfer should be weakened by 20% at most (multipliers of 0.8-1.0 gives 

smallest RSME for pentanes) in GT-Power in order to match the simulated 

output with measured pressure trace. The simulated pressure traces with 

smallest RSME were plotted with the measured non-knocking pressure 

traces in Fig. 4.4, where excellent agreements were observed, indicating that 

engine heat transfer was well calibrated. The MFB profiles estimated in GT-

Power reverse run model using the measured non-knocking pressure traces 

are plotted in Fig. 4.5.  
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Figure 4.4. The measured non-knocking, representative pressure traces and the 

simulated pressure traces from GT-Power.  

n-pentane 

neo-pentane 

iso-pentane 
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Figure 4.5 MFB profile of pentanes estimated in GT-Power using the measured 

non-knocking pressure trace 

 

n-pentane 

neo-pentane 

iso-pentane 



CHAPTER 4. AUTOIGNITION OF PENTANES IN THE CFR ENGINE 

97 

 

From Fig. 4.5, we can see that the mass was consumed faster for n-pentane 

than for neo- and iso-pentane. This can be partly attributed to the difference 

in their flame speeds. n-alkanes have higher flame speeds then branched 

alkanes [217]. With the absence of autoignition, pentanes are solely 

consumed by flame (with omitted mass blow-by). The flame propagates at a 

higher speed for n-pentane which consumes the n-pentane at a higher rate in 

comparison to neo- and iso-pentanes.   

Key initial and boundary parameters obtained for the modeling of engine 

autoignition are shown in Table 4.3 for the three pentane isomers. 

Table 4.3. Modelled and measured parameters at intake valve closure with and 

without diluted TEL added. 

Fuel CCRb Dilute 

TEL 

(% 

vol.) 

Residual 

gas 

fraction 

 (% 

mass) 

Multiplier 

factor 

PIVC
b 

(KPa) 

TIVC 

(K) 

Total 

mass 

at 

IVCb 

(mg) 

NOa, b 

(ppm) 

n- 5.62 0.50 7.8 1.0 114.2 411.0 648 67 

neo- 6.54 0.75 7.4 0.8 111.7 419.0 605 54 

iso- 6.70 0.80 7.1 0.8 111.0 427.0 589 81 
a NO concentration at start of the compression; 
b Measured without adding TEL. 
 

Two detailed models are used in the kinetic modeling, including the latest 

C5 model from National University of Ireland – Galway (NUI-Galway) 

[193], and a gasoline surrogate model from Lawrence Livermore National 

Laboratories (LLNL) [20]. Both models contain detailed chemistry for the 

three pentane isomers. These two models are found to be superior to other 

existing C5 models. The selection of pentane model is included in Appendix. 

B. 

In addition, a NO sub-model [193] was added to these pentane models to 

investigate the impact of NO, an important species in the engine’s residual 

gas. The original pentane models and NO model were intact in building the 
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combined model, and no adjustments were made to any models in 

simulating the CFR autoignition.  

4.2.3 Modeling results 

Simulated and measured pressure histories using the two-zone model are 

shown in Figs. 4.6, 4.7 and 4.8 for n-, neo- and iso-pentane, respectively. 

Three cases were modelled for each fuel, considering 0x, 1x and 2x the 

measured NO in the exhaust normalized by the modelled residual gas 

fraction (Table 4.3) inside the cylinder at the intake valve closure. 

Both the NUI-Galway and LLNL models predict autoignition for all three 

isomers, as can be seen from the steep rise of cylinder pressure in Figs. 4.6, 

4.7 and 4.8. The maximum discrepancy in autoignition onset between the 

experiments and the model (with 1x NO) is around 5 CAD. For both models, 

better agreement with experiment is observed for n- and neo-pentane than 

for iso-pentane. 

Temperature profile of the end-gas estimated from the measured, non-

knocking pressure trace was also plotted for each isomer in Figs. 4.6-4.8. 

Despite the difference in compression ratio and equivalence ratio, the 

unburned gas temperatures at autoignition for three pentanes are at ~900 K. 

This indicates that the RON test of the pentanes is still subject to the low 

temperature chemistry. Whether this is the case for other alkanes requires 

further investigation.  

This modeling also indicates that NO strongly promotes the autoignition of 

all three isomers, consistent with some of the previous results with both 

small [218] and large hydrocarbons [55, 219]. The corresponding measured 

and modelled autoignition timings using both models are summarized in Fig. 
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4.9. It is evident that NO advances autoignition onset in all cases, and that 

its impact varies between fuels. In addition, the initial addition of NO shows 

much stronger impact than doubling this addition, suggesting that the 

promoting effect of NO may become saturated. However, these simulated 

results on NO impact require further validation with experiments. 
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Figure 4.6. Measured and simulated pressure histories for n-pentane. (a) Simulation 

using NUI-Galway +NO; (b) Simulation using LLNL+NO. (EGT/100=end-gas 

temperature divided by 100, Simu=simulated, meas=measured).  
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Figure 4.7. Measured and simulated pressure histories for neo-pentane. (a) 

Simulation using NUI-Galway+NO; (b) Simulation using LLNL+NO. 

(EGT/100=end-gas temperature divided by 100, Simu=simulated, meas=measured).  
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Figure 4.8. Measured and simulated pressure histories for iso-pentane. (a) 

Simulation using NUI-Galway +NO; (b) Simulation using LLNL+NO. 

(EGT/100=end-gas temperature divided by 100, Simu=simulated, meas=measured).  
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Fig. 4.9 also shows that for the 1xNO cases, which is the best estimate of 

the actual in-cylinder conditions, the simulated knock onset timings by the 

NUI-Galway model are consistently more advanced than the experiment. 

Those with the LLNL model are always more retarded. This indicates 

consistent differences in the autoignition reactivity of these two models 

across all three pentane isomers. 

 

Figure 4.9. Measured and simulated autoignition onset timing for the three pentane 

isomers using different model. (AI=autoignition onset timing; ATDC=after Top-

Dead-Centre; Expr=Experiment; Simu=Simulation; (1)=NUI-Galway model; 

(2)=LLNL model). 

4.3 The implications of SI engine combustion timescales for 

fundamental experiments and modeling 

The NUI-Galway and LLNL models are therefore further compared to 

fundamental experiments reported in the literature. Figure 4.10 shows the 

modeling results for the ignition delays of the three isomers measured in 

RCMs. These particular experimental results represent those in the literature 

that are closest to the conditions in the CFR engine, as indicated by the 
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pressure and temperature traces in Figs. 4.6-4.8. The modeling was 

conducted with the two models without NO addition using a closed 

homogeneous reactor in CHEMKIN-PRO [22]. An adiabatic, constant-

volume process was modelled since heat loss data from the RCM 

experiments was unavailable. 

Similar to the CFR engine modeling results, Figure 4.10 shows that the 

NUI-Galway model again produced shorter ignition delays than the LLNL 

model for all three isomers, confirming that it is indeed more reactive. In 

comparison to the measured ignition delay, the LLNL results are almost 

always longer, whereas the NUI-Galway results are often shorter, except for 

the n-pentane cases and at the high temperature range for neo-pentane. 

Overall, these results are in qualitative agreement with the CFR engine 

modeling, although the pressure range in the RCM is narrower and the peak 

pressure is lower than that during the engine autoignition. 

Finally, comparison of the RCM and the CFR engine modeling raises 

questions regarding the uncertainties of fundamental experiments and 

modeling. Combustion in internal combustion engines is a rapid process. 

Advancing autoignition onset by 5 CAD, as observed in the CFR engine 

modeling, is roughly equivalent to advancing the knock limited spark timing 

by 5 CAD. This is a substantial change for SI engine combustion, and such 

changes can potentially cause engine damage due to severe knock. However, 

5 CAD corresponds to only 1.4 ms at 600 rpm or even shorter time periods 

at higher engine speeds where engines typically operate. Therefore, in order 

to reasonably predict knock onset in engines, kinetic models with very high 

accuracy are required.   
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Figure 4.10. RCM modeling vs. experiments. (a) n-pentane at 1.57-2.13 MPa, 

Phi=1[186], (b) neo-pentane at 0.95-1.23 MPa, Phi=1 [189], (c) iso-pentane at 

0.95-1.23 MPa, Phi=1 [189]. (ID=ignition delay).  
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However, the accuracy of kinetic models relies on the accuracy of 

experimental data from which they are developed, and which themselves are 

often subject to significant uncertainty. For example, RCM ignition delays 

often have a measurement uncertainty of milliseconds, which appears to be 

well beyond what a useful model for engine combustion can tolerate. 

Therefore, improving experimental techniques to obtain high quality data is 

needed. Given the typical measurement errors in fundamental experiments, 

new kinetic validation methods likely need to be explored.  

Further, while ignition delay data from RCMs and shock tubes are crucial 

for validating combustion models, they only represent discrete points in the 

temperature and pressure domain that the chemistry traverses during engine 

autoignition. Data for high pressure ignition (>30bar) is also often not 

available. The combustion models’ responses to the dynamic 

temperature/pressure history are not tested with these static approaches. 

Approaches that are more representative of engine autoignition, e.g. the 

CFR experiment in this work and well-controlled HCCI experiments [220], 

are potential alternatives. However, in making use of such approaches, care 

must be taken to calibrate the initial and boundary conditions which are 

critical for accurate modeling of autoignition. An example of this has 

hopefully been demonstrated in this work. 

4.4 Summary 

This chapter studied the autoignition of three pentane isomers (n-, neo- and 

iso-pentane) in a CFR engine operating at standard knocking conditions. 

The RON and MON of these three fuels was first measured and compared to 

historical data. These measurements agreed closely when the fuel was of the 

same phase. However, liquid fuelling was found to be problematic for iso- 
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and neo-pentane given their low boiling points, and so the measured RONs 

and MONs for these two fuels with gas phase fuelling was considered a 

more reliable metric. Both RON and MON results showed that the reactivity 

of three pentanes are in the order of n-pentane>neo-pentane>iso-pentane. 

Modeling of CFR engine autoignition was then conducted. The in-cylinder 

pressure was first acquired under knocking and non-knocking cases at the 

same operating conditions by using small amounts of tetraethyllead in the 

non-knocking cases, as demonstrated in a previous study [18]. The engine’s 

initial and boundary conditions that are critical for autoignition kinetics 

were then modelled using the non-knocking pressure traces. A two-zone 

model containing two published, detailed models, and each incorporating a 

published NO sub-model, was then used to simulate engine autoignition. 

Results showed that both models induced autoignition of the end-gases and 

that NO strongly promoted autoignition for all isomers, the latter being 

consistent with previous engine studies [14] and the more fundamental 

literature. However, using the best estimate of the residual NO, the 

modelled autoignition timings by these models were either consistently 

more advanced or more retarded than experiment. 

Further comparison of these two models was therefore conducted by 

modeling the ignition delays from rapid compression machines (RCMs), 

and comparing this modeling to previously published data. These results 

again showed consistent advance or retard and, with the engine modeling, 

therefore indicated a significant difference in the reactivity of these two 

models across all three pentane isomers. Comparison of the RCM and the 

CFR engine modeling also indicated the need for high accuracy experiments 

and high-fidelity models due to the significant impact that small differences 

in autoignition timing can potentially produce in real engines. 
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Chapter 5   UNCERTAINTY QUANTIFICATION 

OF KINETIC MODELING OF ENGINE 

COMBUSTION 

This chapter applies the Bound-to-Bound Data Collaboration demonstrated 

in Section 3.2 to a case study of n-pentane autoignition in the CFR engine. 

5.1 Handling parameter uncertainty 

The B2B-DC framework prescribes the uncertainties of the involved 

parameters, 𝑥𝑖, by using two hard bounds on each parameter in the form of 

[𝑥𝑖,𝑚𝑖𝑛, 𝑥𝑖,𝑚𝑎𝑥]. The parameters are then normalized by 

𝑥𝑖,𝑛𝑜𝑟 =
ln (

𝑥𝑖

𝑥𝑖,0
)

ln 𝑝𝑖
                                 (Eq. 5.1) 

where 𝑥𝑖,0 is the nominal value of the ith parameter determined by (𝑥𝑖,𝑚𝑎𝑥 ∗

𝑥𝑖,𝑚𝑖𝑛)
0.5

, and 𝑝𝑖 is its span of uncertainty determined by (𝑥𝑖,𝑚𝑎𝑥 𝑥𝑖,𝑚𝑖𝑛⁄ )
0.5

. 

With this treatment, 𝑥𝑖,𝑛𝑜𝑟 = 0 represents the nominal parameter value, and 

𝑥𝑖,𝑛𝑜𝑟 = −1 and +1 are the lower bound 𝑥𝑖,0 ∗ 𝑝𝑖
−1 and upper bound 𝑥𝑖,0 ∗

𝑝𝑖 of uncertainty in 𝑥𝑖. A set of these prior uncertainties defines a domain of 

parameters, referred as a hypercube 𝐻 , where each dimension of the 

hypercube denotes the uncertainty of a parameter.  

5.2 Selecting model and determining model uncertainty 

A reaction model is selected as the starting point of uncertainty analysis. 

This model should be one of the best optimized models for the fuel to 

warrant the application to engine simulation. The model of n-pentane from 
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the National University of Ireland at Galway [221] is selected for this 

purpose. This model was validated by various fundamental experiments 

[193]. It demonstrated overall superior performance to other models in the 

literature [222, 223]. Additionally, a sub-model of NO [208] (the same NO 

model used in Chapter 4) is added to the n-pentane model to account for the 

impact of the residual NO and its uncertainty on the engine combustion 

modeling. 

5.3 Deciding active parameters and determining their 

uncertainty 

The next step is to determine the modeling uncertainty using the selected 

model which is propagated from uncertainties of the elementary reactions. 

The n-pentane model is a part of the C5 model which covers the three 

pentane isomers (n-, iso-, and neo-) and contains over 3000 elementary 

reactions[193]. It is impractical to consider the uncertainty of all elementary 

reactions. Rather, it has been proved [126] that the prediction of a model at 

a given condition does not depend on all elementary reactions but only on a 

small number of reactions termed active parameters. These active 

parameters can be obtained through sensitivity analysis of fundamental 

experiment targets, e.g. ignition delay time (IDT), species formation, flame 

speeds (FS), etc. 

To perform the sensitivity analysis, a set of fundamental experiment targets 

are selected first. Table 5.1 listed the fundamental experiment targets chosen 

from the literature, which covers the condition of pressures from 1-52 atm, 

temperatures from low to high temperature regimes and equivalence ratios 

from 0.5-2. For each target, the measured value,  𝑑 , and the reported 

uncertainty of the measurements, [𝑑𝑙𝑜𝑤𝑒𝑟 , 𝑑𝑢𝑝𝑝𝑒𝑟] , are listed. In the 
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literature, these uncertainties were reported in ±percentage. The details of 

the uncertainty, such as how it is evaluated or how many standard deviations 

it stands for, are generally not given. Here, we assume that these 

uncertainties represent ±2𝜎 values to be consistent with the convention in 

B2B-DC analysis. 

It should be noted that direct experiments are not used as experimental 

targets in Table 5.1. But the available direct experiments have already been 

taken into account to determine the uncertainty in Table 5.2. It is 

unnecessary to include them as experiment targets as the purpose of this 

work is to perform uncertainty quantification instead of model optimization. 
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Table 5.1. The selected fundamental experiments and their measurement 

uncertainties. 𝑑 is the measured value. [𝑑𝑙𝑜𝑤𝑒𝑟 , 𝑑𝑢𝑝𝑝𝑒𝑟] is the measurement 

uncertainty (±2𝜎). 

Name  𝑷/𝒂𝒕𝒎 𝑻/𝑲 𝑷𝒉𝒊 𝒅 𝒅𝒖𝒑𝒑𝒆𝒓 𝒅𝒍𝒐𝒘𝒆𝒓 Ref. 

 Ignition delay time (𝑚𝑠) (shock tube or RCM)  

IDT.1 10 685.4 1.0 32.26 36.85 26.77 [193] 

IDT.2 10 803.9 2.0 5.65 6.74 4.95 [193] 

IDT.3 10 864.3 1.0 18.69 22.22 16.36 [193] 

IDT.4 20 857.6 1.0 2.75 3.14 2.25 [193] 

IDT.5 20 1292.9 1.0 0.0783 0.0889 0.0653 [193] 

IDT.6 52 1365.4 0.5 0.01446 0.01892 0.01002 [190] 

  CO mole fraction (jet stirred reactor)  

CO.1 1 584.8 0.5 0.0029 0.0032 0.0026 [221] 

CO.2 1 901.5 0.5 0.0210 0.0231 0.0189 [221] 

CO.3 1 578.1 1.0 0.0015 0.0017 0.0013 [221] 

CO.4 1 899.3 1.0 0.0156 0.0172 0.0140 [221] 

CO.5 1 613.8 2.0 0.0020 0.0022 0.0018 [221] 

CO.6 1 872.5 2.0 0.00630 0.00693 0.00567 [221] 

CO.7 10 705.4 0.5 2.69e-4 2.96e-4 2.42e-4 [221] 

CO.8 10 978.8 0.5 0.00250 0.00275 0.00225 [221] 

CO.9 10 707.1 1.0 1.80e-4 1.98e-4 1.62e-4 [221] 

CO.10 10 854.2 1.0 1.08e-4 1.19e-4 9.72e-05 [221] 

CO.11 10 708.8 2.0 7.18e-5 7.90e-05 6.46e-05 [221] 

CO.12 10 852.5 2.0 3.59e-5 3.95e-05 3.23e-05 [221] 

 Laminar Flame Speed (𝑐𝑚/𝑠) (double-chambered vessel)   

FS.1 2 333.0 1.0 40.70 42.68 38.72 [224] 

FS.2 20 333.0 1.7 13.5 15.6 11.4 [224] 
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Brutal force sensitivity analyses were carried out in CHEMKIN PRO [22] 

using the reactor models in accordance with the fundamental experiment 

facility. IDTs were simulated using a closed constant volume homogeneous 

reactor, JSR simulations were conducted using the well-stirred reactor, and 

flame speeds were simulated using the laminar premixed flame speed 

calculation. The results of sensitivity analyses are shown in Appendix C, 

from which 19 sensitive reactions were identified for the IDTs, 18 for the 

CO formation, and 7 for the flame speeds. With 15 reactions overlapping 

among these targets, a total of 29 elementary reactions were obtained as the 

active parameters. CO concentrations are selected as targets for JSR 

experiments because of two reasons. The first is that CO concentrations are 

available for all experiments selected. The second is that CO is a reflection 

of the bulk low temperature reactivity during hydrocarbon oxidation.  

Uncertainty in the reaction rates of these active reactions is then determined. 

This can be achieved by using the information in the literature, or by 

assigning a nominal uncertainty that covers 0.5 – 2 times of the recommend 

value. The uncertainties are expressed by applying simple multipliers 

( [𝑘𝑙𝑜𝑤𝑒𝑟/𝑘𝑟𝑒𝑐 , 𝑘𝑢𝑝𝑝𝑒𝑟/𝑘𝑟𝑒𝑐]  shown in Table 5.2) to the pre-exponential 

factors in the rates of these active reactions. Only the uncertainty of the pre-

exponential factors is taken into account. The justification has already been 

made in Section 2.6.2.2. Also, only including the uncertainty of A factors 

does not affect the purpose in this work: to quantify the engine modeling 

uncertainty propagated from model input uncertainty. Local sensitivity 

analysis is used and threshold values are not considered when selecting 

active reactions. Given that the uncertainty obtained from literature are very 

similar, the author expect that the sensitive reactions will be very similar. 

These prescribed uncertainties in the 29 reaction rates then form a 29-
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dimensional hypercube, where each dimension corresponds to the 

uncertainty in one reaction rate and is normalized to [-1, 1] using Eq. 5.1. 

The recommended model as reported in [193] is located at a certain point in 

the hypercube, whereas any point inside this hypercube represents a 

physically feasible model within the uncertainty boundary of this model. 

Therefore, if one intends to simulate a kinetic process, using any model in 

the hypercube 𝐻  is physically legitimate. The largest difference in the 

modeling results from using these feasible models is thus considered as the 

modeling uncertainty. 

The uncertainty of the A factors of the reactions that are neither 

experimental determined or theoretical calculated are estimated with an 

uncertainty factor of 2, the minimal probable value being half of the 

nominal value and likewise for the maximal probable value. This is a 

reasonable estimation based on previous studies [122, 150]. Plus, it has been 

stated that the range of the uncertainty will only affect the sampling size and 

hence computational cost but not the results for model optimization and 

uncertainty minimization [138]. All uncertainties in Table 5.2 represent 

±2𝜎 values following the convention of the B2B-DC method.  
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Table 5.2. The selected active parameters and their rate coefficient uncertainties. 

𝑘𝑟𝑒𝑐 is the recommended rate coefficient. [𝑘𝑙𝑜𝑤𝑒𝑟 , 𝑘𝑢𝑝𝑝𝑒𝑟] is the uncertainty (±2𝜎) 

of the rate coefficient. 

Reaction  IDT CO FS CFR 

knock 

timing 

[𝒌𝒍𝒐𝒘𝒆𝒓/𝒌𝒓𝒆𝒄,

𝒌𝒖𝒑𝒑𝒆𝒓/𝒌𝒓𝒆𝒄] 

Ref. 

Rxn 1       H + O2 = O + OH ×  × × [0.74, 1.36 ] [225] 

Rxn 8       H + OH + M = H2O + M   × ×, 𝑑 [0.5, 2.0] [193] 

Rxn 13     H + HO2 = H2 + O2   × ×, 𝑑 [0.5, 2.0] [193] 

Rxn 16     OH + HO2 = H2O + O2  ×, 𝑑  ×, 𝑑 [0.6, 1.67] [226] 

Rxn 17     HO2 + HO2 = H2O2 + O2 (Dup) × ×  ×, 𝑑 [0.6, 1.67] [226] 

Rxn 18     HO2 + HO2 = H2O2 + O2 (Dup) × ×  ×, 𝑑 [0.6, 1.67] [226] 

Rxn 20     H2O2 (+ M) = OH + OH (+ M)  ×, 𝑑  ×, 𝑑 [0.5, 2.0] [193] 

Rxn 29     CO + OH = CO2 + H   × × [0.5, 2.0] [193] 

Rxn 77     CH2O + HO2 = HCO + H2O2  ×, 𝑑  ×, 𝑑 [0.5, 2.0] [193] 

Rxn 128   CH3 + H (+ M) = CH4 (+ M)   × ×, 𝑑 [0.35, 1.43] [131] 

Rxn 146   CH3 + HO2 = CH3O + OH × ×  × [0.5, 2.0] [193] 

Rxn 147   CH3 + HO2 = CH4 + O2 × ×  × [0.5, 2.0] [193] 

Rxn 303   C2H4 + OH = C2H3 + H2O × ×  × [0.5, 2.0] [193] 

Rxn 334   C2H3 + O2 = CH2CHO + O   × × [0.5, 2.0] [193] 

Rxn 336   C2H3 + H = C2H2 + H2   × × [0.4, 2.5] [193] 

Rxn 2306 NC5H12 = NC3H7 + C2H5 ×   × [0.5, 2.0] [193] 

Rxn 2312 NC5H12 + H = C5H11-2 + H2 ×, 𝑑    ×, 𝑑 [0.5, 2.0] [193] 

Rxn 2313 NC5H12 + H = C5H11-3 + H2 ×, 𝑑   ×, 𝑑 [0.5, 2.0] [193] 

Rxn 2314 NC5H12 + OH = C5H11-1 + H2O × ×  × [0.71, 1.39] [193] 

Rxn 2315 NC5H12 + OH = C5H11-2 + H2O ×, 𝑑 ×  ×, 𝑑 [0.71, 1.39] [193] 

Rxn 2316 NC5H12 + OH = C5H11-3 + H2O × ×  × [0.71, 1.39] [193] 

Rxn 2324 NC5H12 + HO2 = C5H11-2 + H2O2 ×, 𝑑 ×  ×, 𝑑 [0.5, 2.0] [193] 

Rxn 2325 NC5H12 + HO2 = C5H11-3 + H2O2  ×, 𝑑  ×, 𝑑 [0.5, 2.0] [193] 

Rxn 2489 C5H11O2-2 = C5H10-1+HO2 ×, 𝑑 ×  ×, 𝑑 [0.5, 2.0] [193] 

Rxn 2490 C5H11O2-2 = C5H10-2+HO2 × ×  × [0.5, 2.0] [193] 

Rxn 2491 C5H11O2-3 = C5H10-2+HO2 ×, 𝑑 ×, 𝑑  ×, 𝑑 [0.5, 2.0] [193] 

Rxn 2542 C5H10OOH2-4 + O2 = C5H10OOH2-4O2 × ×  × [0.5, 2.0] [193] 

Rxn 2544 C5H10OOH3-1 + O2 = C5H10OOH3-1O2 × ×, 𝑑  ×, 𝑑 [0.5, 2.0] [193] 

Rxn 2693 NC5KET24 = CH3COCH2C2H4O + OH ×, 𝑑   ×, 𝑑 [0.5, 2.0] [193] 

* d – dependent variables in the Fraction Factorial Design. 
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5.4 Conducting computer experiments for fundamental 

experiment targets 

The next step is to determine the uncertainty of modeling an experimental 

target, which is propagated from the uncertainties of the selected elementary 

reactions. Given that it is impossible to perform such simulations at every 

possible point inside the hypercube, discrete points are selected using a 

factorial design method. Simulation at the selected design point is referred 

to as computer experiments. All fundamental experiment targets listed in 

Table 5.1 are modelled for this purpose.  

To reduce the computational cost, fractional factorial design (FFD) and 

central composite design (CCD) [2, 122, 125, 126, 135, 149] are used to 

decide the design points. FFD refers to a chosen subset of a full factorial 

design. FFD are expressed using the notation 𝐼𝑘−𝑝, where 𝐼 is the number of 

levels of the factorial design, 𝑘 is the number of total factors involved and 𝑝 

is the number of dependent factors which depend on the interaction between 

the (𝑘 − 𝑝) independent factors. CCD further reduces the number of runs by 

lowering the level of factorial design from three, which corresponds to (-1, 0, 

1) of the rate uncertainties in Eq. 5.1, to two, (-1, 1), for simulating a given 

case.  

In this work, a 219-7 fractional factorial design is used for the IDT 

simulations, a 218-6 fractional factorial design is used for the CO simulation, 

and a 27 full design is used for flame speed simulation. In deciding the 

dependent and independent factors, the dependent factors are selected to be 

the rate of the reactions with overall smaller sensitivity coefficients among 

the multiple sensitivity analyses conducted. 12 independent factors are 

selected for IDT and CO targets to give reasonable simulation time and to 
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ensure that enough design points are generated for subsequent fitting. The 

number of points sampled inside the hypercube for each target needs to be at 

least five times of the number of coefficients [150]. The number of the 

coefficients (computed in Table 5.3) needed to fit the computer experiments 

results into a quadratic polynomial can be derived using 𝑁𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 =

 1 + 2 ∗ 𝑁𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 + 𝑁𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 ∗
𝑁𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠−1

2
     where 1 stands for the 

constant term in the polynomial, 2 ∗ 𝑁𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 for the  𝑥𝑖 and 𝑥𝑖
2 terms, 

and 𝑁𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 ∗
𝑁𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠−1

2
 for the random combinations of any two 

parameters.  

The generators for the dependent factors are obtained using MATLAB 

function fracfactgen. To ensure that the generated FFD are feasible, 

resolution of the design should be greater than 2 [227]. Table 5.3 shows that 

all the FFDs have a resolution of 3. 
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Table 5.3. Information on the Fractional Factorial and Central Composite Designs. 

 IDT CO CFR knock 

timing 

Number of factors 19 18 29 

Number of independent factors 12 12 12 

Resolutiona 3 3 3 

Number of design pointsb 4145 4143 4165 

Number of coefficients for surface fittingc 210 190 465 
a – Resolutions are given by MATLAB function fracfactgen; 
b– _𝑑𝑒𝑠𝑖𝑔𝑛 𝑝𝑜𝑖𝑛𝑡𝑠 = 2𝑁_𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑓𝑎𝑐𝑡𝑜𝑟𝑠 + 2 ∗ 𝑁_𝑓𝑎𝑐𝑡𝑜𝑟𝑠 + 11; e.g. the 

design points for one IDT is 212 + 2 ∗ 19 + 11 = 4145; 
c– 𝑁_𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 =  1 + 2 ∗ 𝑁_𝑓𝑎𝑐𝑡𝑜𝑟𝑠 + 𝑁_𝑓𝑎𝑐𝑡𝑜𝑟𝑠 ∗ (𝑁_𝑓𝑎𝑐𝑡𝑜𝑟𝑠 − 1)/2 

 

Computer experiments on simulation of ignition delay times, CO formation, 

and flame speeds were conducted using closed homogeneous constant-

volume reactor, jet-stirred reactor and laminar flame calculator in 

CHEMKIN. Heat loss was not considered during the simulation of ignition 

delay times as the non-reactive profiles were not available for some of the 

selected RCM measurements. A large number of simulations were run for 

each fundamental experiment target, as indicated by the number of design 

points shown in Table 5.3. For example, for one IDT target, 4145 IDT 

simulations are run which correspond to 4145 designed points in the 

hypercube. CHEMKIN reactor modules were called in MATLAB for 

parallel run on a computer with 16GB RAM and Intel i7-4770 3.40GHz 

CPU. For the pentane model used in this work, the typical times of one IDT 

calculation, one JSR calculation and one flame speed calculation are 15 

seconds, 20 seconds and 2 minutes, respectively. 
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5.5 Building model surface for modelled fundamental 

experiment targets 

To evaluate the uncertainty in simulating the fundamental experiment 

targets, response surfaces are created using the discrete simulation results 

from the computer experiments by solving the below optimization problem: 

𝐏 ∶=  min
𝐱∈𝐻

‖𝜑𝑘(𝐱) − 𝑀𝑘(𝐱)‖𝑖𝑛𝑓                          (Eq. 5.2) 

where P is the best-fitted coefficients, 𝜑𝑘(𝐱) is the response surface of the 

kth experimental observation which are represented by polynomials 

and 𝑀𝑘(𝐱) are the results of the computer experiments designed for the kth 

experimental target. 

All the model surfaces in this work are fitted with quadratic equations, as 

described by 

𝜑𝑘(𝐱) =  𝑐0 + ∑ 𝑐𝑖𝑥𝑖

𝑖

+ ∑ 𝑐𝑖,𝑗𝑥𝑖𝑥𝑗

𝑖≤𝑗

                    (Eq. 5.3) 

where 𝑐  are the coefficients determined from 𝑃 . It should be noted that 

higher order fitting typically gives smaller fitting error but also increases 

computational intensity on post-processing as well as the chance of 

overfitting. Different studies [122, 126, 133, 148] have proposed that 

quadratic fitting of the response surfaces is sufficient for fitting fidelity.  

The 20 response surfaces generated from the 20 experiment targets (Table 

5.1) and the uncertainties associated with these experimental measurements 

are put together to form a dataset 𝐷1, which is later used to constrain the 

uncertainty of the engine modeling. 
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5.6 Building model surface for engine experiment target 

The steps of 5.4 and 5.5 are now repeated for engine combustion simulation. 

First, an experiment target and its uncertainty need to be defined for engine 

combustion. The RON test of n-pentane in Chapter 4 was used, from which 

the knock onset timing was selected as an experiment target for kinetic 

modeling. As with typical engine combustion, significant cycle to cycle 

variation was observed and the 2x standard deviation of the knock onset 

timing is used as the measurement uncertainty of the target, which is ±2.0 

CA for n-pentane.  

Multi-dimensional engine models are not considered for this problem due to 

the prohibitive computational cost when consider detailed chemistry. 

Instead, the two-zone model described in Chapter 3 and used for 

autoignition modeling of pentanes in Chapter 4 [1, 214, 222] is used. 

Similarly, to reduce the computational cost and have enough points for 

fitting, a 229-17 Fractional Factorial Design (Table 5.3), based on the same 

hypercube in Section 5.3, is used to sample the design points for the 

computer experiments. These 29 reactions are from Table 5.2 and are the 

sensitive reactions determined from sensitivity analysis on fundamental 

experiments instead of the engine experiment. It is unnecessary to determine 

the sensitive reactions for engine modeling (will be studied in Chapter 6) as 

the purpose of this chapter is to answer whether the model validated by 

fundamental experiments is accurate enough for engine modeling. At this 

stage, all physical parameters are fixed and only chemical parameters are 

allowed to vary. In this way, the contribution solely of the uncertainties in 

the chemical parameters to engine modeling uncertainty can be determined. 

Another case where both chemical and significant physical parameters are 

allowed to vary will be studied later. 
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The computer experiments were also conducted under parallel run mode in 

MATLAB on the same computer, with each run of two-zone model takes 

around 10 minutes. Autoignition onset timing was derived from each 

simulated pressure trace using the same threshold: 

𝑑2(𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒) 𝑑(𝐶𝐴𝐷2)⁄ ≥ 2000 𝑘𝑃𝑎 𝑑𝑒𝑔2⁄ . The same fitting technique 

(Eq. 5.2) was used to fit these autoignition onset timings into a quadratic 

polynomial surface (Eq. 5.3). This surface, the prior uncertainties in engine 

measurement and reaction rates were put together to form another dataset 

𝐷2. 

5.7 Checking consistency of the dataset 

The response surfaces obtained from Section 5.5 and 5.6 are compared to 

the simulation results from computer experiments. The maximum error of 

the response surfaces is within 3% and the average error is 1% of the 

measured value for the corresponding experiment target. 

B2B-DC can use prior uncertainties in experimental observations for 

constrained optimization. Like the parameter uncertainty, each observation 

uncertainty is described by two hard bounds: a lower bound 𝐿𝑒 and an upper 

bound 𝑈𝑒. The constrained optimization is performed by 

𝐿 ∶=  𝑚𝑖𝑛
𝐱∈𝐻

𝜑(𝐱)                                                  (𝐸𝑞. 5.4) 

𝑈 ∶=  𝑚𝑎𝑥
𝐱∈𝐻

𝜑(𝐱)                                                 (𝐸𝑞. 5.5) 

 subject to   𝐿𝑒,𝑘 ≤ 𝜑𝑘(𝐱) ≤ 𝑈𝑒,𝑘,      𝑘 = 1, … , 𝑚 

where m is the number of responses surfaces, 𝐿 and 𝑈 are the lower bound 

and upper bound on the prediction constrained by measurement 

uncertainties. The constraints 𝐿𝑒,𝑘 ≤ 𝜑𝑘(𝐱) ≤ 𝑈𝑒,𝑘, 𝑘 = 1, … , 𝑚  need to 
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return a nonempty subset of 𝑥 , a feasible set, so that maximum and 

minimum can be searched on the response surface within the domain of this 

subset. In other words, the dataset units in the constraints need to be 

consistent with each other in order to be used as further constraints. The 

consistency of a dataset can be measured using an optimization scheme [128] 

that explores the largest percentage of experiment uncertainty reduction 

such that the consistency of the dataset is satisfied, 

𝐶𝐷 ∶=  𝑚𝑎𝑥
𝛾,𝐱∈𝐻

𝛾                       

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜  𝐿𝑒,𝑘 +
(𝑈𝑒,𝑘 − 𝐿𝑒,𝑘)

2
𝛾 ≤ 𝜑𝑘(𝐱) ≤ 𝑈𝑒,𝑘 −

(𝑈𝑒,𝑘 − 𝐿𝑒,𝑘)

2
𝛾   

for 𝑘 = 1, … , 𝑚                                                                                       (Eq. 5.6) 

If 𝐶𝐷  is positive, all observation bounds can be simultaneously tightened 

without breaking the consistency, so the dataset is consistent. On the other 

hand, if 𝐶𝐷 is negative, the observation bounds need to be relaxed to achieve 

consistency, so the dataset is inconsistent. 

Consistency measure is therefore performed for both datasets, by solving Eq. 

5.6 in MATLAB using optimization techniques. Results show that dataset 

𝐷1 is not consistent. Consistency sensitivity check [151] indicates that the 

JSR experiments at high pressure are the targets causing the inconsistency. 

After orderly deleting five dataset units (CO.7 – 11 in Table 5.1), 𝐷1 

becomes consistent. The consistent 𝐷1  is named 𝐷1𝐶 . Dataset 𝐷2  is found 

consistent. 

The experiments causing the inconsistency of the dataset are JSR 

measurements at high pressure (Table 5.1). The measurement uncertainty 

specified for these experiments are 10% [221] which are of only several 

ppm in absolute values. This uncertainty is much smaller compared to those 
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of the measurements at low pressure (CO.1-6) where absolute uncertainties 

of hundreds of ppm are estimated based on 10% of their measured value. 

The over optimistically estimated uncertainty of the higher pressure JSR 

experiments is likely to be the reason to cause the consistency. Vector 

consistency measure proposed by Hegde et al. [151] is then used to check 

the minimum relaxation on the uncertainty of CO.7-11 required to achieve 

consistency. The required relaxations are found to be 23, 2240, 16.2, 5.1 and 

6.5 ppm on the lower bounds of the measurement uncertainties of CO.7-11 

respectively. As can be seen, the relaxations on four out of five are quite 

small which suggests that the uncertainties of these measurements are likely 

to be larger than 10% in the original study. A large relaxation is needed for 

CO.8 indicating that the inconsistency of 𝐷1  is not solely caused by 

inaccurate uncertainty estimation. To avoid inconsistency in dealing with 

these inconsistent dataset units, they are all removed from the dataset. 

5.8 Determining uncertainty of engine modeling 

The uncertainty of the engine knock onset modeling can then be determined 

by applying different categories of constraints.  

At the base level, the engine modeling uncertainty is constrained by the 

uncertainty in the rate coefficients of the selected elementary reactions, 

which can be determined by applying 𝐿 ∶=  min
𝐱∈𝐻

𝜑(𝐱) and 𝑈 ∶=  max
𝐱∈𝐻

𝜑(𝐱) 

to the engine model surface. The modeling uncertainty, obtained using 

MATLAB globalsearch on fmincon solver, and the measurement 

uncertainty are presented in Fig. 5.1.  

As can be seen in Fig. 5.1, the uncertainty of engine autoignition modeling 

(dashed error bar), propagated from the uncertainties of the 29 elementary 
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reaction rate coefficients, was found to be 14 times of the measurement 

uncertainty in knock onset timing (4 crank angle). 

The modeling uncertainty can be further constrained by applying the 

measurement uncertainties of the fundamental experiment targets in dataset 

𝐷1𝐶 on their corresponding model surfaces. This requires the fundamental 

experiment targets are consistent with each other, as mentioned in Section 

5.7. Therefore, the measurement uncertainties of the kinetic targets in 𝐷1𝐶 

were used to further constrain the engine modeling uncertainty, which can 

be treated as optimization problem, 

                        𝐿𝐶 ∶=  𝑚𝑖𝑛
  𝑥∈𝐻

𝜑(𝑥)                                                  (Eq. 5.7) 

                       𝑈𝐶 ∶=  𝑚𝑎𝑥
  𝑥∈𝐻

𝜑(𝑥)                                                 (Eq. 5.8) 

subject to     𝐿𝑒,𝑘 − 𝜑𝑘(𝑥) ≤ 0;                                    

𝜑𝑘(𝑥) −  𝑈𝑒,𝑘 ≤ 0                                    

for 𝑘 = 1, … , 𝑁𝑡𝑎𝑟𝑔𝑒𝑡𝑠in 𝐷1𝐶                  

where 𝐿𝐶 and 𝑈𝐶 are the lower bound and upper bound of the constrained 

uncertainty in the prediction, and 𝐿𝑒,𝑘 and 𝑈𝑒,𝑘 are the lower and upper limit 

of the measurement uncertainty for the kth experiment target.  

The constrained modeling uncertainties, also obtained using MATLAB 

globalsearch on fmincon solver, are presented in Fig. 5.1. After constrained 

by the measurement uncertainty of the fundamental experiment targets in 

𝐷1𝐶, the engine modeling uncertainty is reduced by more than 60% (solid 

black error bar), however, it is still 5 times larger than the measurement 

uncertainty. 
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It should be noted that the best existing pentane model [193] is unable to 

predict the engine combustion to be within the level of uncertainty of the 

engine measurements. On the other hand, although the uncertainties of the 

engine modeling are much larger than the experimental uncertainty, it does 

cover the measurement uncertainty within its range. This could suggest that 

the current fundamental facilities (RCM, ST, JSR, etc.), which are popularly 

used for validation of chemical models, might not be able to improve the 

model to the accuracy that matches the practical engine measurements. 

 

Figure 5.1. The measured COV from 600 cycles and the uncertainty of the 

simulated autoignition timing before and after constrained by in 𝐷1𝐶. CA aTDC is 

the crank angle after Top-Dead-Centre, TIVC is the in-cylinder temperature at 

Intake-Valve-Closure. 

5.9 Impact of in-cylinder conditions on engine modeling 

uncertainty 

Engine combustion has more complicated boundary and initial conditions 

than in the fundamental experiments. These conditions can significantly 

affect the autoignition kinetics of the fuel and thus need to be considered in 

the knock onset modeling [1, 214, 222]. Three in-cylinder conditions are 
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considered, including in-cylinder heat transfer coefficient multiplier (HTmulti) 

used in Woschni heat transfer model [228], temperature at the intake valve 

closure (TIVC), and residual NO inside the cylinder. Each of the three 

parameters was assigned a range which represents the possible uncertainty 

of their determination, as shown in Table 5.5. The uncertainties of the three 

non-kinetic parameters and the 29 reaction rate coefficients (Table 5.2) form 

a 32-dimensional hypercube. A 232-17 FFD, where the three non-kinetic 

parameters and the independent parameters shown in Table 5.2 are treated 

as independent factors, was used for the computer experiments. A new 

response surface for the engine knock modeling was subsequently obtained 

using the same fitting technique described above. 
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Table 5.4. The range of the non-kinetic parameters studied 

Parameter  Values at 

RON test 

Range  

NO concentration at Intake-Valve-Closure /ppm 67 0 – 156  

In-cylinder temperature at Intake-Valve-Closure 

(TIVC) /K 

411 400 - 450 

Heat transfer coefficient multiplier (HTmulti) 1.0 0.7 – 1.3 

 

Figures 5.2-5.4 show the uncertainty of the engine modeling using different 

non-kinetic parameters. In each plot the grey region surrounded by the 

dashed lines is the modeling uncertainty constrained by the measurement 

uncertainties of the kinetic targets in 𝐷1𝐶, which represents the constrained 

modeling uncertainty propagated from the uncertainty of the rate 

coefficients of the active reactions. The red lines are the simulation results 

using the original model in [193] with different non-kinetic parameters, 

which give the information on the modeling uncertainty solely propagated 

from the uncertainty of the three non-kinetic parameters.  
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Figure 5.2. The uncertainty of the simulated autoignition timing with different NO 

concentrations. Black dashed lines are the simulated uncertainty constrained by 

𝐷1𝐶; blue symbol with the error bar is the measured knock onset timing and its 

uncertainty; red solid line is the simulated autoignition onset timings using the 

original model [193].  
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Figure 5.3. The uncertainty of the simulated autoignition timing with different TIVC. 

Black dashed lines are the simulated uncertainty constrained by 𝐷1𝐶; blue symbol 

with the error bar is the measured knock onset timing and its uncertainty; red solid 

line is the simulated autoignition onset timings using the original model [193].  
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Figure 5.4. The uncertainty of the simulated autoignition timing with different 

HTmulti. Black dashed lines are the simulated uncertainty constrained by 𝐷1𝐶; blue 

symbol with the error bar is the measured knock onset timing and its uncertainty; 

red solid line is the simulated autoignition onset timings using the original model 

[193]. 
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It can be seen from Fig. 5.2 that, with a fixed TIVC and HTmulti, the modeling 

uncertainty propagated from the uncertainties of active rate coefficients is 

reduced when NO concentration is increased. This is likely due to that with 

higher NO presence, the n-pentane oxidation pathways are altered by the 

NO chemistry, resulting in a weakened impact of the active reactions (Table 

5.2) on autoignition modeling (note that none of the active reactions are 

from the NO sub-model).  

With the uncertainty of the model reduced to zero (use a fixed model), the 

modeling results show a largest dependence on TIVC, as demonstrated by the 

red lines in Figs. 5.2-5.4. An uncertainty of 5 crank angles is resulted with 

the TIVC varying from 400 to 450 K (Fig. 5.3). This uncertainty, however, is 

less than 20% of the constrained modeling uncertainty propagated from rate 

coefficients, which indicates that the uncertainty of the engine modeling is 

predominated by uncertainties in the active elementary reactions.  

These results are obviously subject to the assumptions made within the two-

zone model which neglects the flow field and considers the end gas as a 

homogeneous mixture. This is to focus on the impact of the uncertainty 

from kinetic models which is general accepted to dominate engine 

autoignition kinetics. Despite the simplification, the GT-Power calibrated 

two-zone model, when coupled with the original n-pentane model (as shown 

in Chapter 4), demonstrates reasonable fidelity in reproducing knock onset 

timing of n-pentane in the CFR engine, as evidenced by the diamond 

symbol in Figs. 1 and 2. The uncertainty comparison above conducted 

therefore should be valid to the first principle, even though inclusion of flow 

field and mixture inhomogeneity could enlarge the error bars. 
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5.10 Discussion on further reduction of modeling uncertainty 

The large uncertainty in the engine modeling using the best pentane model, 

in comparison with that of the engine measurement, indicated that further 

constraint is required to improve the engine modeling. There are multiple 

methods to improve engine modeling uncertainty. In this part, several 

strategies are discussed below. The results from this section can give 

guidance to future work aiming to improve engine modeling accuracy. 

5.10.1 Reducing the uncertainty of rate coefficients of active reactions 

The modeling uncertainty can be reduced by constraining the uncertainty of 

the selected rate coefficients. Two cases were studied: 1) uncertainty was 

reduced to 90% of the original values for the rate coefficients of all 29 

active reactions in 𝐷1𝐶  (further reducing parameter uncertainty causes 

inconsistency); 2) uncertainty was reduced to 90% of the original value only 

for the rate coefficient of the 2 duplicated reactions in 𝐷1 (𝐻𝑂2  +  𝐻𝑂2  =

 𝐻2𝑂2  +  𝑂2). Results of these two cases are shown in Fig. 5.5 as a function 

of the TIVC, where the modeling uncertainty is reduced by 65% in case 1, and 

much smaller difference is resulted in case 2. The uncertainty is only 

reduced by 10% as further reduction would cause the dataset to be 

inconsistent. 

Determining rate coefficients of elementary reactions are difficult, either 

experimentally or computationally. And it is often more difficult to reduce 

the uncertainty of the determination. Although reducing the uncertainty of 

all the rate coefficients, as in case 1, can be effective in reducing the 

modeling uncertainty, it is still considered demanding and limited. 

Efficiency can be achieved using sensitivity analyses to determine a small 

number of sensitive reactions that have the most significant impact on the 
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modeling uncertainty, such as picking only 2 duplicated reactions in case 2, 

and then improve the uncertainty of these sensitive reactions. However, 

given that a kinetic model aims to predict combustion under variable 

conditions, the number of sensitivity reactions determined from different 

conditions can accumulate to an unrealistic number. It should be noted that 

the reaction we selected in case 2 was not obtained from sensitivity analysis 

of the engine modeling and results can be different if another reaction was 

used. Despite that, the results shown in Fig. 5.5 do not affect our intention to 

providing indicative information on the difference between case 1 and case 

2. 

 

Figure 5.5. The uncertainty of the simulated autoignition timing at different TIVC 

constrained by 𝐷1𝐶 that has different active parameter uncertainties. Dotted lines 

are the uncertainty using 90% of the original uncertainty for all rate coefficients 

(case 1); dashed lines are the uncertainty using 90% of the original rate coefficient 

uncertainty for only 𝐻𝑂2  +  𝐻𝑂2  =  𝐻2𝑂2  +  𝑂2 (case 2): solid lines are the 

uncertainty constrained using the original uncertainty of all rate coefficients; blue 

symbol with the error bar is the measurement uncertainty.  
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5.10.2 Reducing the uncertainty of fundamental experiment 

measurements 

Uncertainty of engine modeling can be further reduced with tightened 

measurement uncertainties of fundamental experiments. In this section, 

measurement uncertainty of all 15 experimental targets in the consistent 

dataset 𝐷1𝐶  was reduced to 90% of its original value (further reducing 

measurement uncertainty causes inconsistency). Further reduction causes 

inconsistency of the dataset. The tightened uncertainties were then used to 

constrain the engine modeling uncertainty using Eq. 5.7 and Eq. 5.8. The 

results are shown in Fig. 5.6.  

As shown in Fig. 5.6, the engine modeling uncertainty is reduced at all TIVC. 

However, the improvement is marginal and the reduced modeling 

uncertainty is still around 5 times bigger than the measured uncertainty. The 

modeling uncertainty is more reduced at lower TIVC (reduced by around 25% 

at 400 K vs. around 10% at TIVC greater than 410 K). This is likely due to 

that most of the experiments in 𝐷1𝐶  (Table 5.1) were conducted at low 

temperature regime.  
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Figure 5.6. The uncertainty of the simulated autoignition timing at different TIVC 

constrained by 𝐷1𝐶 that has different measurement uncertainty with the experiment 

target. Dashed lines are the uncertainty using 90% of the original experimental 

measurement uncertainty for all targets; solid lines are the uncertainty using the 

original experimental measurement uncertainty; blue symbol with the error bar is 

the measurement uncertainty.  

C 

C 
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5.10.3 Adding more fundamental experiments as constraints 

Uncertainty of engine modeling can be further reduced by adding more 

consistent dataset units as constraints. Two more IDT targets were selected. 

The same procedure was repeated for these two targets, as described in 

Section 5.4 and 5.5. A new dataset, denoted as 𝐷3, was created by adding 

the two new IDT targets shown in Table 5.5 to the 𝐷1𝐶.  

Table 5.5. The IDT targets added to 𝐷1𝐶. 

Name  𝑷/𝒂𝒕𝒎 𝑻/𝑲 𝑷𝒉𝒊 𝒅 𝒅𝒖𝒑𝒑𝒆𝒓 𝒅𝒍𝒐𝒘𝒆𝒓 Ref. 

IDT.7 10 770.4 1 7.76 8.99 6.53 [193] 

IDT.8 10 779.4 0.5 18.5 23.18 16.63 [193] 

 

Consistency of 𝐷3 was checked using Eq. 5.6, where 𝐷3  was found 

consistent. The new consistent dataset was then used to constrain the engine 

modeling uncertainty using Eq. 5.7 and Eq. 5.8. The modeling uncertainty 

constrained by 𝐷3  are shown in Fig. 5.7, together with the modeling 

uncertainty constrained by 𝐷1𝐶.   
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Figure 5.7. The uncertainty of the simulated autoignition timing at different TIVC 

constrained by different datasets. Dashed lines are the uncertainty constrained by 

dataset 𝐷3 = {𝐷1𝐶 , IDT. 7, IDT. 8} ; solid lines are the uncertainty constrained by 

𝐷1𝐶; blue error bar is the measurement uncertainty.  

  

C 
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The modeling uncertainty was further reduced by adding more consistent 

experiments as constraints. The reduced uncertainty is still larger than the 

measurements uncertainty. Adding two consistent IDT targets into 𝐷1𝐶 and 

reducing measurement uncertainties of fundamental experiments to 90% 

have similar improvement on the modeling uncertainty. 

While dramatic improvements on the measurement uncertainty are unlikely 

to happen with existing fundamental experiments, the results in Fig. 5.7 

indicate that additional fundamental experiment data are effective to reduce 

the modeling uncertainty which can be readily achieved. The only criterion 

is that data obtained from different experiment needs to be consistent with 

each other. 

5.10.4 Including CFR engine data for model validation 

The uncertainty of engine modeling can be further reduced by including 

engine experimental data as the constraint. Two cases were studied: 1) 

constraining the engine modeling uncertainty using the CFR engine 

experiment dataset 𝐷2 ; 2) constraining the engine modeling uncertainty 

using both 𝐷1𝐶  and 𝐷2 (𝐷2  is consistent with 𝐷1𝐶) . The results, together 

with the original modeling uncertainty constrained by 𝐷1𝐶  and the 

measurement uncertainty, are shown in Fig. 5.8. 

Including the engine experiment as constraint on the engine modeling 

reduced the original modeling uncertainty by 84%, which is the most 

significant reduction among the approaches studied in Section 5.1.2. And 

both cases constrained the modeling uncertainty to be within the 

measurement uncertainty. The modeling uncertainties from the two cases 

are found to be the same, as shown by the dashed and dotted error bar in Fig. 

5.8. It is noted that the combined dataset 𝐷1𝐶 & 𝐷2  does not provide 
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additional constraint on the modeling uncertainty in comparison to 𝐷2 , 

indicating that the constraint from the engine experiments is much stronger 

than those from fundamental experiments.  

 
Figure 5.8. The uncertainty of the simulated autoignition timing constrained by 

engine experiment data.  

The strong constraining effect from engine experiment is likely because the 

engine experiment provides a constraint with dynamic temperature and 

pressure history that is not available in any of the fundamental experiments. 

As shown in Fig. 5.9, the temperature/pressure trajectory of the unburned 

gas during the RON test is plotted together with those of the fundamental 

experiments. It is evident that the fundamental experiments approximate the 

in-cylinder conditions to various degrees, although the difference in 

equivalence ratio and residence time should not be ignored. The results in 

Fig. 5.8 demonstrate that experimental data from a well calibrated CFR 

engine possesses a significant potential for improving the prediction of 

kinetic models in engine simulation. 
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Figure 5.9. n-pentane temperature and pressure profiles in standard RON test 

(dashed line) and fundamental experiments in 𝐷1𝑐 (symbols). 

5.11 Summary 

This chapter quantified the uncertainty of modeling the autoignition of n-

pentane in a CFR engine using the best existing chemical model in the 

literature. The Bound-to-Bound Data Collaboration method was adopted via 

extensive computer experiments assisted by factorial design techniques. The 

major results and findings of this work are summarized below. 

29 elementary reactions were first identified from the NUI n-pentane model 

as the active parameters for the uncertainty analysis. These reactions were 

selected via sensitivity analysis conducted to the modeling of 20 experiment 

targets, including ignition delays, CO species concentrations, and flame 

speeds.  

The knock onset timing of n-pentane under the standard RON testing 

condition was modelled by a previous reported two-zone model 
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incorporating detailed chemistry and carefully calibrated engine in-cylinder 

conditions. The uncertainty of the engine autoignition modeling, which was 

propagated from the uncertainties of the 29 elementary reaction rate 

coefficients, was found to be 14 times of the measurement uncertainty of the 

knock onset timing in the CFR engine.  

To reduce the engine modeling uncertainty, the measurement uncertainties 

of consistent, high-quality fundamental experiment data were applied to 

constrain the engine modeling, which effectively reduced the uncertainty of 

knock onset simulation by 60%. However, this uncertainty is still over 5 

times of the uncertainty of the experimental measurement in the CFR engine.  

In-cylinder conditions that are critical to end-gas autoignition, including 

residual nitric oxide concentration, gas temperature at the intake valve 

closure, and in-cylinder heat transfer coefficient, were studied for their 

impact on the uncertainty of kinetic modeling. These factors, however, were 

found less important than the model.  

Strategies to further improve the accuracy of engine kinetic modeling were 

explored. The uncertainty of the modelled autoignition was reduced by 65% 

when the uncertainty of the rate coefficients was reduced by 10% of its 

original value for the 29 active reactions. On the other hand, reducing the 

uncertainty of all the fundamental experiment data by 10% is less effective. 

Adding extra, consistent experimental data, however, are more effective and 

feasible in constraining the modeling uncertainty. Finally, including the 

CFR engine experiment data was found to produce the most significant 

reduction in the uncertainty of the autoignition modeling, by 84%. This 

work indicates that a well calibrated CFR engine has a great potential for 
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improving the performance of the existing kinetic model in engine 

simulation. 
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Chapter 6   ENGINE MODELING UNCERTAINTY 

MINIMIZATION AND IMPLICATION ON 

OCTANE NUMBER PREDICTION 

It can be seen in Chapter 5 that experiments in the CFR engine showed a 

great potential for reducing the engine modeling uncertainty. Therefore, 

additional CFR engine experiments are conducted and then modelled to 

minimize the uncertainty of the chemical model and the autoignition 

modeling for n-pentane. 

After minimizing the uncertainty of chemical model, the potential of 

applying these models to octane number prediction is evaluated, in 

particular to answer the question that whether the models are able to predict 

octane numbers to the allowed measurement tolerance. 

6.1 Engine modeling uncertainty minimization using CFR 

engine experiments 

6.1.1 Non-standard CFR engine experiments 

Apart from the standard RON and MON test, 7 non-standard engine 

experiments are conducted for n-pentane, with the engine speed varying 

from 600 rpm to 900 rpm, compression ratio from 5.06 to 6.5 and intake 

mixture temperature from 36 ℃ to 149 ℃. The operating conditions of the 

non-standard engine experiments as well as the RON and MON tests are 

listed in Table 6.1. The conditions in Table 6.1 are chosen to produce a 

range of charge temperature and residence time. 
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Table 6.1. Operating conditions for the non-standard and standard engine 

experiments. 

Operating 

parameter 

Speed

/rpm 

TAIR/

℃ 

PAIR/

atm 

TMIX

/℃ 

CR b Spark timing/ 

° bTDC 

𝝀 

CFR.RON 600 52 1 ~36a 5.62 13.0 0.89 

CFR.MON 900 38 1 149 5.09 25.5 0.89 

CFR.1  600 52 1 60 6.50 13.0 1 

CFR.2  600 52 1 100 5.62 13.0 1 

CFR.3 600 52 1 149 5.62 13.0 1 

CFR.4 750 52 1 60 5.62 13.0 1 

CFR.5 900 38 1 60 6.50 25.5 1 

CFR.6 900 38 1 60 5.62 25.5 1 

CFR.7 900 38 1 100 5.09 25.5 1 
a Intake mixture temperature is not specified by ASTM standard, this number is 

measured by the author; 
b Compensated for variation in barometric pressure; 

bTDC – Before Top-Dead-Centre. 

 

n-pentane was introduced into the CFR engine as liquid fuel using the 

carburettor. 600 cycles of pressure trace are sampled at each condition. 

Similar to the results observed in the RON test of n-pentane, cycle-to-cycle 

variation was observed in each test. A representative pressure trace is 

selected from the 600 hundred cycles using Eq. 3.2.  The lower/upper limits 

and the representative cycle selected for the non-standard and MON tests 

are plotted in Fig. 6.1.  
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Figure 6.1. Measured pressure traces for pentanes at the RON test condition. Dashed lines are 

representative cycle and solid lines are variability limits. All data was obtained from a batch of 600 

cycles 

CFR.1 CFR.2 

CFR.3 CFR.4 

CFR.5 CFR.6 

CFR.7 CFR.MON 
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Autoignition is observed for n-pentane in all tests, as can be seen from the 

pressure rise and pressure oscillation after the pressure peak. The onset of 

the autoignition (open squares in Fig. 6.1) for each test is defined from the 

representative trace as the crank angle where 𝑑2(𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒) 𝑑(𝐶𝐴𝐷2)⁄ ≥

2000 𝑘𝑃𝑎 𝑑𝑒𝑔2⁄ . 

6.1.2 Modeling of the CFR engine experiments 

The two-zone model described in Chapter 4 is used for the modeling of 

engine autoignition. The modelled and measured parameters at IVC are 

summarized in Table 6.2 where the parameters for RON test are taken from 

Table 4.3. 

Table 6.2. Modelled and measured parameters at intake valve closure with and 

without diluted TEL added. 

 CR Dilute 

TEL 

(% 

vol.) 

Residual 

gas 

fraction 

 (% 

mass) 

Heat 

Transfer 

Multiplier 

factor 

PIVC
b 

(KPa) 

TIVC 

(K) 

Fuel 

mass 

at 

IVCb 

(mg) 

NOa, b 

(ppm) 

RON 5.62 0.50 7.80 1.0 114.2 411.0 38.0 67 

MON 5.09 0.60 11.60 1.1 123.2 496.1 25.9 119 

CFR.1 6.50 0.70 7.01 1.1 109.9 435.1 29.9 556 

CFR.2 5.62 0.60 7.81 1.1 112.9 516.0 26.1 350 

CFR.3 5.62 0.50 7.20 0.9 111.4 522.6 25.2 448 

CFR.4 5.62 0.50 8.21 1.1 114.5 430.4 28.9 397 

CFR.5 6.50 0.70 8.51 1.1 114.0 406.6 27.5 383 

CFR.6 5.62 0.50 9.10 0.9 112.3 445.4 26.1 441 

CFR.7 5.09 0.70 11.92 0.9 110.6 481.0 23.7 419 
a NO concentration at start of the compression; 
b Measured without adding TEL. 

As can be seen in Table 6.2, residual gas fraction, obtained from GT-Power 

simulation, is related to compression ratio and engine speed. Higher engine 

speed and lower compression ratio give higher residual gas fractions. Higher 

amount of TEL is required at higher CCRs (0.7 %vol. for CFR.1 vs. 

0.5 %vol. for CFR.RON). NO amount at IVC, normalized by residual gas 

fraction, for each non-standard experiment is found greater than those 
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observed in standard tests, likely due to the leaner charge. In non-standard 

tests, equivalence ratio is fixed at stoichiometry, leading to a higher flame 

temperature in comparison to the rich cases of the standard tests, which 

favours the formation of NO.  

The n-pentane model used in Chapter 5 [221] is selected, and the same NO 

sub-model from [193] is added to the n-pentane model to account for the 

effect of measured NO in the residual gas on autoignition modeling. The 

modeling results using the parameters outlined in Table 6.2 are shown in Fig. 

6.2. 
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Figure 6.2. Simulated (with 1xNO) and measured pressure traces for n-pentane at the test conditions 

in Table 6.1. 

CFR.1 CFR.2 

CFR.3 CFR.4 

CFR.5 CFR.6 

CFR.7 CFR.MON 
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As can be seen from Fig. 6.2, autoignition is successfully reproduced in all 

simulations, as attested by the steep rise of the simulated pressure. Overall, 

the model over-predicts the autoignition onset, in comparison to the 

experimental measurements. This is consistent with the results presented in 

Chapter 4 and is likely due to that n-pentane’s reactivity is overestimated in 

the NUI-Galway model. Agreements are better at 900 rpm than those at 

lower engine speeds (CFR.4-7 and MON), which might be attributed to less 

time available for chemistry to take place at higher engine speed, which 

suppresses the overestimated reactivity to some extent. 

Autoignition onset timings are then derived from the simulated pressure 

traces using the criterion threshold 𝑑2(𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒) 𝑑(𝐶𝐴𝐷2)⁄ ≥

2000 𝑘𝑃𝑎 𝑑𝑒𝑔2⁄ . The measured and simulated autoignition timings are 

summarised in Table 6.3. Overall, the simulated results agree well with the 

experiments. 

Table 6.3. The simulated and measured autoignition onset timings (CA after Top-

Dead-Center) and the measurement uncertainty (CA). 

 Measured timing Measurement uncertaintya Simulated timing  

RON 11.3 ±2.0 8.0  

MON 3.1 ±1.7 3.3  

CFR.1 3.6 ±1.8 1.6  

CFR.2 5.0 ±1.6 1.5  

CFR.3 0.4 ±1.8 -3.0  

CFR.4 16.8 ±2.2 15.3  

CFR.5 -0.2 ±1.8 0.9  

CFR.6 6.6 ±1.3 2.7  

CFR.7 7.3 ±2.0 4.9  
a – 2x standard deviation of autoignition onset timing from 600 cycles of 

pressure trace. 

6.1.3 Building the dataset for the engine experiments. 

In order to use the new CFR engine results to constrain the uncertainty of 

the engine modeling, a consistent dataset needs to be built. Same as in 

Chapter 5, the autoignition onset timings are selected as the targets to build 
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the response surfaces for engine experiments. Section 5.6 is therefore 

repeated for all non-standard tests as well as the MON test. Several 

improvements are made to increase the computing efficiency, which will be 

described and demonstrated in the following sections. 

6.1.3.1 Deciding a new set of active parameters 

As mentioned in Section 5.6, one run of the two-zone model takes around 

10 minutes. Although Fractional Factorial Design and Central Composite 

Design techniques were utilized to ease the computational cost, over 4000 

runs (Table 5.3) were required to build the model surface for one engine 

target when 29 active parameters (Table 5.2) were used. The time consumed 

by the computer experiments accumulated to around 30 days. This is 

acceptable when one model surface was only required, but becomes 

prohibitive for the situation where 9 model surfaces are to be built.  

Local, brutal force sensitivity analysis (same as Section 5.3) is then used to 

determine the most sensitive active parameters among the 29 active 

parameters in Table 5.2 for each engine experiment target. Threshold values 

(described in 2.7.1) are not considered, as the absolute uncertainty of these 

active reactions are similar. The sensitivity analysis is carried out in the two-

zone model. The results of the sensitivity analysis for the 9 engine targets 

are included in Appendix D. For each engine target, the most 10-15 

sensitive reactions, marked in Table 6.4, instead of the original 29 active 

reactions are used to build the model surface.  
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Table 6.4. The selected active parameters for each engine target. 

Reaction  R

O

N 

M

O

N 

CFR.

1 

CFR

.2 

CFR

.3 

CFR.

4 

CFR.

5 

CFR.

6 

CFR

.7 

Rxn 1       H + O2 = O + OH          

Rxn 8       H + OH + M = H2O + M         × 

Rxn 13     H + HO2 = H2 + O2         × 

Rxn 16     OH + HO2 = H2O + O2   ×      × 

Rxn 17     HO2 + HO2 = H2O2 + O2 (Dup)          

Rxn 18     HO2 + HO2 = H2O2 + O2 (Dup) × × × × × × × × × 

Rxn 20     H2O2 (+ M) = OH + OH (+ M)          

Rxn 29     CO + OH = CO2 + H          

Rxn 77     CH2O + HO2 = HCO + H2O2          

Rxn 128   CH3 + H (+ M) = CH4 (+ M)         × 

Rxn 146   CH3 + HO2 = CH3O + OH × ×  × × × × ×  

Rxn 147   CH3 + HO2 = CH4 + O2 × ×    × × × × 

Rxn 303   C2H4 + OH = C2H3 + H2O          

Rxn 334   C2H3 + O2 = CH2CHO + O          

Rxn 336   C2H3 + H = C2H2 + H2          

Rxn 2306 NC5H12 = NC3H7 + C2H5          

Rxn 2312 NC5H12 + H = C5H11-2 + H2 ×  ×    ×  × 

Rxn 2313 NC5H12 + H = C5H11-3 + H2         × 

Rxn 2314 NC5H12 + OH = C5H11-1 + H2O × × × × × × × ×  

Rxn 2315 NC5H12 + OH = C5H11-2 + H2O × × × × × × × × × 

Rxn 2316 NC5H12 + OH = C5H11-3 + H2O × × × × × × × × × 

Rxn 2324 NC5H12 + HO2 = C5H11-2 + H2O2          

Rxn 2325 NC5H12 + HO2 = C5H11-3 + H2O2          

Rxn 2489 C5H11O2-2 = C5H10-1+HO2 × × × × × × × × × 

Rxn 2490 C5H11O2-2 = C5H10-2+HO2 × ×  × × × × ×  

Rxn 2491 C5H11O2-3 = C5H10-2+HO2 × × × × ×  ×  × 

Rxn 2542 C5H10OOH2-4 + O2 = C5H10OOH2-4O2 × × × × × × × × × 

Rxn 2544 C5H10OOH3-1 + O2 = C5H10OOH3-1O2 × × × × × × × × × 

Rxn 2693 NC5KET24 = CH3COCH2C2H4O + OH × ×  × × ×  × × 
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It is noted in Table 6.4 that although the engine experiments were conducted 

at different conditions, the most sensitive reactions are from the low 

temperature chemistry and, less often, from the intermediate temperature 

chemistry. Two important elementary reactions from the high temperature 

regime (H + O2 = O + OH and CO + OH = CO2 + H) are found to have 

negligible sensitivities in the two-zone model at all the conditions 

investigated. This suggests that autoignition in engine combustions, which 

represents responses of end-gas to the dynamic temperature/pressure history, 

is dominated by low to intermediate temperature chemistry, which is 

consistent with the observed trajectory presented in Fig. 5.9.  

Note that these sensitive reactions marked in Table 6.4 for the two-zone 

model are selected from the 29 sensitive reactions identified from local 

sensitivity analysis on fundamental experiments (Table 5.1). It is possible 

that there exist other reactions in the NUI-Galway model which also 

strongly affect the two-zone modeling of n-pentane. To check this, a brutal 

force sensitivity analysis is carried out on the RON test of n-pentane for all 

the reactions in the NUI-Galway model. The results, together with the 

results of sensitivity analysis on only the 29 reactions, are illustrated in Fig. 

6.3. By comparing Fig. 6.3a with Fig. 6.3b, the most 25 sensitive reactions 

are found to be the same, which indicates that the sensitive reactions 

obtained from sensitivities analysis on fundamental experiments are reliable. 
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Figure 6.3. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.RON for (a) the 29 reactions in Table 5.2 and (b) all 

the reactions in the NUI-Galway model. 

  

(a) 

(b) 
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Combining the most sensitive reactions obtained for all the engine targets, a 

total of 18 reactions are obtained from the original 29 active parameters, 

which are the new active parameters used for building the engine dataset.  

6.1.3.2 Conducting computer experiments 

Uncertainties (Table 5.2) of the 18 active reactions (Table 6.4) form an 18-

dimensional hypercube. To build a model surface for each engine target, 

discrete points are sampled inside the hypercube for computer experiments. 

Instead of using CCD and FFD for sampling, a random sampling technique, 

Latin Hypercube Sampling, is used to reduce the computational time. A 

Latin hypercube sample of 𝑛 values on each of 𝑝 variables returns a 𝑛-by-𝑝 

matrix, where for each column of the matrix, the n values are randomly 

distributed with one from each interval (0,1/𝑛), (1/𝑛, 2/𝑛), . . . , (1 −

1/𝑛, 1) with (0, 1) denoting the parameter uncertainty, and these values are 

randomly permuted. The two-zone model is used to run the simulation for 

engine autoignition at these sampled points. Autoignition onset timings are 

derived from the simulated pressure traces using 

𝑑2(𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒) 𝑑(𝐶𝐴𝐷2)⁄ ≥ 2000 𝑘𝑃𝑎 𝑑𝑒𝑔2⁄ . The two-zone model results 

for each target are then fitted into a model surface using the quadratic 

polynomial described in Eq. 5.3. The number of points sampled inside the 

18-dimensional hypercube for each engine target is set five times of the 

number of coefficients [150]. The number of coefficient needed for 

quadratic fitting and the number of the points sampled are summarised in 

Table 6.5. 
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Table 6.5. Information on the sampling for computer experiments. 

 Number of active 

parameters 

Number of coefficients 

for surface fittinga 

Number of 

design points 

 

CFR.RON 13 105 525  

CFR.MON 12 91 455  

CFR.1 10 66 330  

CFR.2 11 78 390  

CFR.3 11 78 390  

CFR.4 11 78 390  

CFR.5 12 91 455  

CFR.6 11 78 390  

CFR.7 15 136 680  

a– 𝑁𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 =  1 + 2 ∗ 𝑁𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 + 𝑁𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 ∗
𝑁𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠−1

2
 

9 response surfaces are therefore generated for the 9 engine experiments 

targets. These model surfaces, the 18-dimensional hypercube and the 

uncertainty associated with the experimental measurements (Table 6.3) are 

put together to form a dataset, 𝐷4. Consistency check is then applied to 𝐷4 

using Eq. 5.6, where the dataset is found consistent. 

6.1.4 Constrained uncertainty of active parameters and engine 

modeling 

6.1.4.1 Uncertainty of active parameters  

It should be noted that the uncertainties of the active parameters are not 

discussed in Chapter 5 as that Chapter 5 is to quantify the uncertainty of 

engine autoignition modeling. In this Chapter, we wish to investigate the 

impact of including engine experiments for chemical model development, 

so the uncertainties of the active parameters after constrained by engine 

experiments are investigated and compared with the parameter uncertainties 

constrained by fundamental experiments. 

With a consistent dataset, the original uncertainties (Table 5.2) of the active 

parameters used in the consistent dataset are constrained through 
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𝐿𝑥 ∶=  𝑚𝑖𝑛
  𝑥∈𝐻

𝑥                                                                                         (Eq. 6.2) 

 𝑈𝑥 ∶=  𝑚𝑎𝑥
  𝑥∈𝐻

𝑥                                                                                        (Eq. 6.3) 

subject to      𝐿𝑒,𝑘 − 𝜑𝑘(𝑥) ≤ 0;                                                                  

𝜑𝑘(𝑥) −  𝑈𝑒,𝑘 ≤ 0                                                                  

for 𝑘 = 1, … , 𝑁_𝑡𝑎𝑟𝑔𝑒𝑡𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑡 𝑑𝑎𝑡𝑎𝑠𝑒𝑡  

where 𝐿𝑥  and 𝑈𝑥  are the lower and upper bounds of the constrained 

uncertainty in the reaction rates of the active parameters, and 𝐿𝑒,𝑘 and 𝑈𝑒,𝑘 

are the lower and upper limit of the measurement uncertainty for the kth 

experiment target. 

Three different methods are used in combination to determine the 

constrained uncertainty: MATLAB function fmincon to determine a local 

extremum, which represents an inner bound on the constrained uncertainty, 

Lagragian dual (described in Appendix E) to determine an outer bound on 

the constrained uncertainty and MATLAB globalsearch on fmincon 

function to determine the global extremum if prescribed number of iteration 

is not exceeded. The globalsearch searches for all the local extrema and 

returns the extremum of these local extrema as the optimal solution. 

However, this is often inefficient and greatly increases computational cost 

as the model surfaces are high-dimensional and numerous local extrema 

often exist. To avoid the large computational cost, which is the typical issue 

for non-convex optimization, the number of the total iterations is prescribed 

in globalsearch for the searching process of each local extremum. The 

searching process will be terminated if number of iterations is exceeded, 

even when the local extremum is yet to be determined. This obviously 

jeopardizes the validity of the uncertainty obtained from globalsearch as all 
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local extrema may not be found within the set number of iterations. To 

check that whether the number of iterations is exceeded in globalsearch, 

MATLAB function fmincon, where no limit on the number of iterations is 

specified, and Lagrangian dual are used.  

When searching for global minimum, the MATLAB fmincon returns a local 

minimum which is constantly greater than or equal to the global minimum. 

When searching for global maximum, the MATLAB fmincon returns a local 

maximum which is constantly smaller than or equal to the global maximum. 

In other words, the local minimum and maximum returned by fmincon only 

represents a parameter uncertainty that is constantly within its actual 

constrained uncertainty. Therefore, these local extrema from fmincon are 

referred as inner bounds on the actual constrained uncertainty. Similarly, 

Lagrangian dual converts the non-convex optimization into a convex 

optimization (where a model surface only has one local extermum) by 

taking the dual on the original optimization and returns a maximum that is 

larger than the global maximum or a minimum that is smaller than the 

global minimum (proved in Appendix E.). This means that the uncertainty 

determined using Lagrangian dual are constantly greater than the 

constrained uncertainty and hence is an outer bound on the constrained 

uncertainty. In combining with the globalsearch function, if the uncertainty 

returned by globalsearch falls within the inner and outer bounds, it 

represents the constrained uncertainty; if the extremum returned by 

globalsearch falls outside the inner and outer bounds, globalsearch is not 

successful for the given number of iteration. 

Figure 6.4 is a schematic diagram that depicts a case where the globalsearch 

succeeds in finding the global maximum (black dot). The blue dot is the 

local maximum found by fmincon, which is constantly smaller or equal to 
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the global maximum. The red dashed line is the approximation of the 

original problem (black solid line) by Langrangian dual. With the 

approximation, a new maximum (red dot) can be easily located, and is 

greater than the global maximum.   
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Figure 6.4. The maxima found by Lagrangian Dual (red dot), fmincon (blue dot) 

and globalsearch (black dot). 
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Two consistent datasets are used to constrain the original uncertainty in the 

rate coefficients of the active reactions, which are 𝐷3 from Chapter 5 (17 

fundamental experiments) and 𝐷4  (9 engine experiments). Note that the 

model surfaces in dataset 𝐷3 were built using 29 active parameters (Table 

5.2) while the model surfaces in 𝐷4 were built using 18 active parameters 

(Table 6.4). So constrained uncertainties will be obtained for 29 rate 

coefficients when 𝐷3 is used and for 18 rate coefficients when 𝐷4 is used. 

The uncertainties of the rate coefficients of the active reactions after being 

constrained by 𝐷3 and 𝐷4 are depicted in Fig. 6.5 and Fig. 6.6, respectively. 

As can be seen in Fig. 6.5 and Fig. 6.6, each global uncertainty (grey error 

bars) is constantly between its corresponding inner bound (red dashed error 

bars) and outer bound (blue dotted error bars), which indicates that the 

global, constrained uncertainties in the reaction rates of the active reactions 

have been obtained by globalsearch.  
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Figure 6.5. The uncertainty in the rate coefficients of the active reactions after constrained by 𝐷3. Black error bars are the original uncertainty of the active parameters listed in 

Table 5.2. Grey, red dashed and blue dotted error bars are the constrained parameter uncertainties determined using MATLAB function globalsearch, MATLAB function 

fmincon and Lagrangian dual, respectively. The constrained uncertainty is normalized by the recommended rate coefficient, 𝑘𝑟𝑒𝑐, where an uncertainty of 0.5 to 2 denotes an 

uncertainty of [0.5 ∗ 𝑘𝑟𝑒𝑐 , 2.0 ∗ 𝑘𝑟𝑒𝑐].   
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Figure 6.6. The uncertainty in the rate coefficients of the active reactions after constrained by 𝐷4. Black error bars are the original uncertainty of the active parameters listed in 

Table 5.2. Grey, red dashed and blue dotted error bars are the constrained parameter uncertainties determined using MATLAB function globalsearch, MATLAB function 

fmincon and Lagrangian dual, respectively.  The constrained uncertainty is normalized by the recommended rate coefficient, 𝑘𝑟𝑒𝑐, where an uncertainty of 0.5 to 2 denotes an 

uncertainty of [0.5 ∗ 𝑘𝑟𝑒𝑐 , 2.0 ∗ 𝑘𝑟𝑒𝑐]. 
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By comparing the global uncertainties to their corresponding original 

uncertainties (black error bars) in Fig. 6.5 and Fig. 6.6, it can be seen that 

the effect of using either 𝐷3 or 𝐷4 to constrain the original uncertainties is 

negligible. The only reduction is on the lower bound of the uncertainty of 

reaction 2542 (C5H10OOH2-4 + O2 = C5H10OOH2-4O2) when 𝐷3 is used 

as constraints. No reduction on the original uncertainties is observed when 

𝐷4  is used as constraints. However, this does not mean that the model 

surfaces in 𝐷4 are not truncated by the measurement uncertainties, because 

the global uncertainty only represents the global maximum and minimum in 

each dimension of the feasible set, which is the projection of the truncated 

model surface on the hypercube. It is possible that the feasible set is not 

continuous within the range from the minimum to maximum.   

Figure 6.7 shows an 1-D model surface built from a hypercube of 1 active 

parameter. The domain on 𝑥 axis, [𝑥𝑚𝑖𝑛, 𝑥𝑚𝑎𝑥],  is the original uncertainty 

of the active parameter. The blue dashed lines represent the measurement 

uncertainty of an experiment. When Eq. 6.2 and Eq. 6.3 are used to 

constrain the original parameter uncertainty, the model surface will be 

truncated by the blue lines. As can be seen from Fig. 6.6, although the 

model surface is largely truncated by the measurement uncertainty, the 

projection of the truncated model surface on 𝑥 axis (the red lines on the 𝑥 

axis), which is the feasible set in the 1-D hypercube, still covers the lower 

and upper bounds of the original uncertainty of the active parameter. The 

constrained uncertainty is therefore the same as the original uncertainty for 

the active parameter. 
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Figure 6.7. A model surface built on an 1-D hypercube. [𝑥𝑚𝑖𝑛, 𝑥𝑚𝑎𝑥] is the 

uncertainty in the parameter. Blue linesare the measurement uncertainty, 

[𝑦𝑚𝑖𝑛, 𝑦𝑚𝑎𝑥], for the modeling target. [𝑦′𝑚𝑖𝑛, 𝑦′𝑚𝑎𝑥] is the modeling uncertainty 

obtained from the model surface. Red lines on the 𝑥 axis are the projections from 

the model surface after truncated by the measurement uncertainty 

In order to verify that the situation in Fig. 6.7 indeed causes the results in 

Fig. 6.5 and Fig. 6.6, we randomly sampled 50000 points in the feasible sets 

of 𝐷3  and 𝐷4 . The distributions of the sampled points for the three most 

sensitive reactions at RON condition (Fig. 6.3) are plotted in Fig 6.8 and Fig 

6.9. The 𝑥  axis in each plot represents the dimension in the hypercube 

corresponding to that reaction. The domain of the 𝑥  axis represents the 

original uncertainty in the rate coefficient of the reactions. 

As can be seen from Fig. 6.9, the uncertainties of the three sensitive 

reactions are not continuous after being constrained by 𝐷4. This means that 

the feasible set of 𝐷4 is discontinuous in the dimensions that correspond to 

these reactions, which results from that at least one of the model surfaces in 

𝐷4 is truncated by its corresponding measurement uncertainty in these three 

dimensions. However, the model surfaces in 𝐷4  are not truncated at the 

𝑥𝑚𝑖𝑛 𝑥𝑚𝑎𝑥  

𝑦𝑚𝑖𝑛 

𝑦𝑚𝑎𝑥  

𝑦′𝑚𝑎𝑥 

𝑦′𝑚𝑖𝑛 
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hypercube boundary (as the situation shown in Fig. 6.7) in the dimensions 

of these three sensitive reactions. Thus the constrained uncertainties 

estimated on the feasible set of 𝐷4  remain the same as their original 

uncertainties.  

The same situation is observed for reaction 2315 and 2314 in Fig. 6.8b and 

6.8c, respectively, where the uncertainty in each rate coefficient is 

constrained by 𝐷3 in the middle of the domain of their uncertainty but not at 

the boundary. For reaction 2542 (Fig. 6.8a), the distribution of the sampled 

points can only reach ~0.65, which sets the lower bound of the constrained 

uncertainty, as shown in Fig. 6.4.   

The results in Fig. 6.5 and 6.6 indicate that neither the 17 fundamental 

experiments nor the 9 engine experiments are effective to reduce the 

uncertainty bounds of the active reactions. However, the uncertainty of the 

engine modeling can be affected, as shown in the following section. 
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Figure 6.8. Distribution of 50000 feasible points sampled in the feasible set of  𝐷3. 

(a) reaction 2542: C5H10OOH2-4 + O2 = C5H10OOH2-4O2; (b) reaction 2315: 

NC5H12 + OH = C5H11-2 +H2O; (c) reaction 2314: NC5H12 + OH = C5H11-1 

+H2O.  

(a) 

(b) 

(c) 
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Figure 6.9. Distribution of 50000 feasible points sampled in the feasible set of  𝐷4. 

(a) reaction 2542: C5H10OOH2-4 + O2 = C5H10OOH2-4O2; (b) reaction 2315: 

NC5H12 + OH = C5H11-2 +H2O; (c) reaction 2314: NC5H12 + OH = C5H11-1 

+H2O. 

  

(a) 

(b) 

(c) 
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6.1.4.2 Uncertainty of engine modeling 

𝐷4 is further used to constrain the uncertainty of the autoignition modeling 

using Eq. 5.7 and Eq. 5.8. The constrained modeling uncertainty and the 

measurement uncertainties are presented in Fig. 6.10. The modeling 

uncertainty in Fig. 6.10 is normalized by 

𝑦′ =
𝑦 − 𝑦𝑙

𝑑𝑦
                                              Eq. 6.4 

where 𝑦′  is the normalized modeling uncertainty, 𝑦  is the modeling 

uncertainty before normalization, 𝑦𝑙 is the lower bound on the measurement 

uncertainty and 𝑑𝑦  is the measurement uncertainty. With this treatment, 

𝑦′ = 0 means that the lower bound on the constrained modeling uncertainty 

is the same as the lower bound on the measurement uncertainty and 𝑦′ = 1 

means that the upper bound on the constrained modeling uncertainty is the 

same as the upper bound on the measurement uncertainty. 

It can be seen from Fig. 6.10 that the globalsearch bounds are constantly 

within the inner bounds (red dashed error bars) and outer bounds (blue 

dotted error bars). Comparing the global modeling uncertainty with the 

measurement uncertainty, the modeling uncertainties at all conditions are 

constrained to be within the measurement uncertainties, which is consistent 

with the results obtained in Fig. 5.8 where only 1 engine (RON test) target 

was used. The modeling uncertainties for CFR.1, CFR.4 and CFR.7 are the 

same as their measurement uncertainties. The modeling uncertainty for the 

CFR.RON case is further constrained, in comparison to that obtained in Fig. 

5.8. This indicates that including more engine experiments as constraints 

effectively reduces engine modeling uncertainty. 
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It can also be seen that uncertainties of the autoignition modeling were 

reduced by 𝐷4 (Fig. 6.10) while uncertainties of the active parameters were 

not (Fig. 6.6). This can be also explained by the situation presented in Fig. 

6.7 where the original modeling uncertainty is reduced by the measurement 

uncertainty from [𝑦′𝑚𝑖𝑛, 𝑦′𝑚𝑎𝑥] to [𝑦𝑚𝑖𝑛, 𝑦′𝑚𝑎𝑥] and becomes smaller than 

the measurement uncertainty, [𝑦𝑚𝑖𝑛, 𝑦𝑚𝑎𝑥 ], while the uncertainty of the 

active parameter remains unchanged. 

The absolute modeling uncertainties are also plotted in Fig. 6.11. The 

smallest absolute modeling uncertainty constrained by 𝐷4 is approximate 1 

crank angle for the case of CFR.MON. 
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Figure 6.10. The uncertainty of the modelled autoignition onset timings after constrained by 𝐷4. Black error bars are the measurement uncertainties listed in 

Table 6.3. Grey, red dashed and blue dotted error bars are the constrained modeling uncertainties determined using MATLAB function globalsearch, 

MATLAB function fmincon and Lagrangian dual, respectively. Constrained modeling uncertainty is normalized by the lower bound on the experimental 

measurement uncertainty, 𝑦𝑙, and the measurement uncertainty,  𝑑𝑦. So 0 and 1 on 𝑦 axis represents the lower bound and upper bound on the measurement 

uncertainty, respectively. 
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Figure 6.11. The absolute uncertainty of the modelled autoignition onset timings after constrained by 𝐷4. Black error bars are the measurement uncertainties 

listed in Table 6.3. Grey error bars are the absolute constrained modeling uncertainties determined MATLAB function globalsearch. 
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6.1.5 Combining engine dataset with fundamental experiment dataset 

In this part, engine experiments are combined with the fundamental 

experiments. These experiments are then used to constrain the uncertainty of 

the active parameters as well as the uncertainty of the engine autoignition 

modeling. To do so, 𝐷4 is therefore combined with 𝐷3 to form a dataset 𝐷5. 

Consistency of 𝐷5 is checked using Eq. 5.6, where 𝐷5 is found consistent.  

6.1.5.1 Uncertainty of active parameters 

𝐷5 is first used to constrain the uncertainty of the active parameters. The 

constrained uncertainties are determined using the same methods: 

globalsearch for global uncertainties and fmincon and Lagrangian dual for 

inner and outer bounds on the global uncertainties, respectively. The 

constrained uncertainties of the active parameters are plotted in Fig. 6.12. 
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Figure 6.12. The uncertainty of the modelled autoignition onset timings after constrained by 𝐷5. Black error bars are the original uncertainty of the active 

parameters listed in Table 5.2. Grey, red dashed and blue dotted error bars are the constrained parameter uncertainties determined using MATLAB function 

globalsearch, MATLAB function fmincon, and Lagrangian dual, respectively. The constrained uncertainty is normalized by the recommended rate 

coefficient, 𝑘𝑟𝑒𝑐, where an uncertainty of 0.5 to 2 denotes an uncertainty of [0.5 ∗ 𝑘𝑟𝑒𝑐 , 2.0 ∗ 𝑘𝑟𝑒𝑐]. 
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The original parameter uncertainties are significantly reduced when engine 

experiments and fundamental experiments are combined as constraints. The 

most significant reduction is observed for reaction 2544, where the original 

uncertainty was reduced by over 80%.  No reduction of uncertainty was 

observed for reactions 8, 13, 16, 29, 128, 334, 366, 2306 and 2312. These 

reactions (except 2312) have nearly the smallest sensitivities in the 

autoignition modeling at all engine conditions studied, as shown in 

Appendix C. This means that the model surfaces in 𝐷5  will be less 

responsive to the change in the rate coefficients of these reactions, which 

implies that the model surfaces could be flatter in the dimensions 

corresponding to these reactions than in other dimensions. This makes the 

model surfaces less likely to be truncated in these dimensions by their 

measurement uncertainties.  

To prove this, we randomly sampled 50000 points in the feasible set of 𝐷5. 

The distributions of the sampled points for reactions 8, 13, 16, 29, 128, 344, 

366 and 2306 are plotted in Fig. 6.13. As can be seen from Fig. 6.13, 

distribution for each reaction is continuous. This indicates that the model 

surfaces in 𝐷5 have not been truncated by the measurement uncertainties in 

the dimensions corresponding to these reactions.  

On the other hand, the most sensitive reactions are more likely to be 

truncated by the experiment uncertainties. This is proved by the results in 

Fig. 6.12, where the most significant reductions are observed for the 

reactions (2314, 2315, 2542 and 2544) with nearly the largest sensitivities 

(Appendix C.). Distributions of the sampled points for these four reactions 

are also plotted in Fig. 6.14, where significant reductions on the uncertainty 

in the rate coefficients of these reactions are observed, indicating that the 
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model surfaces in 𝐷5 are highly winkled in the dimensions of these sensitive 

reactions.  

Additionally, the engine dataset 𝐷4 was built using the 18 active parameters 

which are from the 29 active parameters used to build the dataset of the 

fundamental experiments ( 𝐷3 ). When these two datasets are combined 

together, 𝐷4 is expected to apply less reduction on the 11 reactions that were 

not used in its construction. This is supported by comparing Fig. 6.12 

(constrained by 𝐷3  and 𝐷4 ) with Fig. 6.5 (constrained by 𝐷3 ), where no 

further reductions are obtained for the 4 reactions (29, 366, 334 and 2306) 

that are excluded in the construction of 𝐷4.  

In Fig. 6.12, the constrained uncertainty for several reactions are pushed to 

the very boundary of their original uncertainty. This is likely due to that the 

original uncertainty was not assigned a probability distribution to emphasis 

the nominal value [24]. However, this is only observed for two reactions 

(2314 and 2544). Also, this does not affect the objective and conclusion of 

this work, which are to investigate the reduced uncertainties with different 

experimental constraints and hence to conclude the most effective type of 

experiments for reducing engine modeling uncertainty.  
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Figure 6.13. Distribution of 50000 feasible points sampled in the feasible set of  𝐷5. (a) reaction 8: H 

+ OH + M = H2O + M; (b) reaction 13: H + HO2 = H2 + O2; (c) reaction 16: OH + HO2 = H2O + 

O2; (d) reaction 29: CO + OH = CO2 +H; (e) reaction 128: CH3 + H (+ M) = CH4 (+ M); (f) reaction 

334: C2H3 + O2 = CH2CHO + O; (g) reaction 366: C2H3 + H = C2H2 + H2; (h) reaction 2306: 

NC5H12 = NC3H7 + C2H5.

(a) (b) 

(c) (d) 

(e) (f) 

(g) (h) 
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Figure 6.14. Distribution of 50000 feasible points sampled in the feasible set of  𝐷5. (a) reaction 2314: 

NC5H12 + OH = C5H11-1+ H2O; (b) reaction 2316: NC5H12 + OH = C5H11-3+ H2O; (c) reaction 

2542: C5H10OOH2-4 + O2 = C5H10OOH2-4O2; (d) reaction 2544: C5H10OOH3-1 + O2 = 

C5H10OOH3-1O2. 

 

 

(a) (b) 

(c) (d) 
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It is interesting that a large number of parameter uncertainties that cannot be 

reduced by either 𝐷3  or 𝐷4  are greatly reduced by 𝐷3 ∪ 𝐷4 . The reason 

causing this can be demonstrated with a simplified case as shown in Fig. 

6.15. 

 

Figure 6.15. The 2-D hypercube formed by the uncertainties of two parameters, 𝑥1 

and 𝑥2 and the feasible sets of two datasets. The red lines are the feasible set of the 

dataset 𝐷𝑎 built on the 1-D hypercube of 𝑥2. The grey area is the feasible set of 

another dataset 𝐷𝑏 built on the 2-D hypercube of 𝑥1 and 𝑥2. 𝑥1,𝑚𝑖𝑛 and 𝑥1,𝑚𝑎𝑥 

represent the uncertainty of 𝑥1. 𝑥2,𝑚𝑖𝑛 and 𝑥2,𝑚𝑎𝑥 represent the uncertainty of 𝑥2. 

The dashed blue boxes are the feasible set of 𝐷𝑎 ∪ 𝐷𝑏. 

Figure 6.15 shows a 2-D hypercube formed by the uncertainties of two 

parameters, 𝑥1 and 𝑥2. Assume that there exist two consistent datasets, 𝐷𝑎 

and 𝐷𝑏, where 𝐷𝑎 is built on the 1-D hypercube denoted by the 1-D domain 

of the [𝑥2,𝑚𝑖𝑛, 𝑥2,𝑚𝑎𝑥] and 𝐷𝑏 is built on the 2-D hypercube, denoted by the 

2-D domain formed by [𝑥1,𝑚𝑖𝑛, 𝑥1,𝑚𝑎𝑥]  and [𝑥2,𝑚𝑖𝑛, 𝑥2,𝑚𝑎𝑥] . As both 

datasets are consistent, a feasible set exists for each dataset. Now, let’s 

assume that the red lines on the 𝑥2 axis are the feasible set of 𝐷𝑎 and the 

grey area in Fig. 6.12 is the feasible set of 𝐷𝑏. Then, the uncertainty of 𝑥2, 
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after being constrained by dataset 𝐷𝑎 , will be the same as its original 

uncertainty, [𝑥2,𝑚𝑖𝑛, 𝑥2,𝑚𝑎𝑥], and the uncertainties of 𝑥1 and 𝑥2, after being  

constrained by dataset 𝐷𝑏, will also the same as their original uncertainty 

since the boundaries of the 2-D hypercube can be reached by the grey area. 

However, when both datasets are used to constrain the uncertainties of 𝑥1 

and 𝑥2 , the uncertainty of 𝑥1  is reduced from [𝑥1,𝑚𝑖𝑛, 𝑥1,𝑚𝑎𝑥]  to 

[𝑥′1,𝑚𝑖𝑛, 𝑥′1,𝑚𝑎𝑥]  since the feasible set of dataset 𝐷𝑎 ∪ 𝐷𝑏  becomes the 

dashed blue boxes shown in Fig. 6.15. Therefore, combining multiple 

datasets can reduce the uncertainty of active parameters even through such 

uncertainty is not reduced by individual datasets. 

It is also noted that although that dataset 𝐷𝑎 is not dependent on 𝑥1, 𝐷𝑎 can 

reduce the uncertainty of 𝑥1 when it is combined with 𝐷𝑏. This is due to that 

the uncertainty of 𝑥1 constrained by 𝐷𝑏 being the same as before relies on 

𝑥2 staying within [𝑥′2,𝑚𝑖𝑛, 𝑥′2,𝑚𝑎𝑥]. When the feasible range of 𝑥2 is limited 

by 𝐷𝑎  to be outside [𝑥′2,𝑚𝑖𝑛, 𝑥′2,𝑚𝑎𝑥] , the uncertainty of 𝑥1  is reduced 

regardless of the dependence of 𝐷𝑎 on 𝑥1. This explains that the uncertainty 

of some of the reactions (e.g. reaction 1) that are excluded in the 

construction of 𝐷4 are also reduced (from Fig. 6.5 to Fig. 6.12) when 𝐷4 is 

included as constraints. 
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6.1.5.2 Uncertainty of engine modeling 

𝐷5 is further used to constrain the uncertainty of the modeling of the engine 

autoignition. The constrained uncertainties are determined using the same 

methods: globalsearch for global uncertainties and fmincon and Lagrangian 

dual for inner and outer bounds on the global uncertainties. The normalized 

and absolute constrained modeling uncertainties are plotted in Fig. 6.16 and 

6.17, respectively. 

Figure 6.16 shows that by including fundamental experiments as constraints 

the global modeling uncertainty is further reduced in comparison to Fig. 

6.14. Modeling uncertainties are reduced to within 30% of their 

measurement uncertainties except for the case of CFR.7 where no reduction 

on the modeling uncertainty is obtained. The smallest constrained 

uncertainty is obtained for CFR.MON at 0.4 CA (shown in Fig. 6.17 vs. the 

measurement uncertainty of 4 CA). 

It is expected that the modeling uncertainties will be further reduced by 𝐷5. 

This is due to that 20 of the original 29 reactions, including the reactions 

with highest sensitivities, achieved reduction in their uncertainties, as can be 

seen in Fig. 6.12, which indicates that the model surfaces in 𝐷5 have been 

truncated in at least the 20 dimensions. As a result, the modeling 

uncertainties that are estimated from the maximum and minimum on the 

truncated model surfaces are expected to be greatly reduced as well. 
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Figure 6.16. The uncertainty of the modelled autoignition timings after constrained by 𝐷5. Black error bars are the measurement uncertainties listed in Table 

6.3. Grey, red dashed and blue dotted error bars are the constrained modeling uncertainties determined using MATLAB function fmincon, MATLAB function 

globalsearch and Lagrangian dual, respectively. Constrained modeling uncertainty is normalized by the lower bound on the experimental measurement 

uncertainty, 𝑦𝑙, and the measurement uncertainty,  𝑑𝑦, so 0 and 1 on 𝑦 axis represents the lower bound and upper bound on the measurement uncertainty, 

respectively. 
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Figure 6.17. The uncertainty of the modelled autoignition timings after constrained by 𝐷5. Black error bars are the measurement uncertainties listed in Table 

6.3. Grey error bars are the absolute constrained modeling uncertainties determined using MATLAB function globalsearch. Constrained modeling uncertainty 

is normalized by the lower bound on the experimental measurement uncertainty, 𝑦𝑙, and the measurement uncertainty,  𝑑𝑦, so 0 and 1 on 𝑦 axis represents the 

lower bound and upper bound on the measurement uncertainty, respectively. 
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The results in Section 6.1 showed that engine experiments are effective to 

reduce the uncertainty in modeling engine autoignition, and combining 

engine experiments with fundamental experiments was even more powerful 

in reducing the uncertainty of both the rate coefficients of the active 

reactions and the modeling of engine autoignition. 

If the original model is optimized based on the experiments used in this 

work, the optimized the rate parameters may not be able to extrapolate to 

simulate other combustion problems. This requires further investigation and 

is not within the scope of this thesis. Although this is possible, it is fair to 

state that engine experiments possess a great potential for developing more 

accurate chemical models. 

It should also be noted that the engine modeling uncertainty is obtained 

based on the assumptions made in the two-zone model. If a different engine 

model is used, the results are likely to be different. But given the 

justifications made in Chapter 2 and 3, this engine model is the most 

appropriate for the study in this thesis. More complicated models can be 

possibly adopted in the future with increased computational capacity and 

more efficient algorithms. 

To understand the implication of the uncertainties in engine autoignition 

modeling on octane number measurements, further investigation is 

conducted in the following section. 
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6.2 Correlating measured autoignition timing with octane 

number  

It is encouraging that the uncertainty of the modelled autoignition timing 

can be reduced to as small as 0.4 CA with the contribution from both engine 

and fundamental experiments. In order to have an idea on the significance of 

the uncertainty in the simulated autoignition, the autoignition timings in the 

CFR engine are correlated with RON and MON.  

There have been several studies in the eighties and nineties that investigate 

the chemical origin of engine autoignition [205, 229-231]. However, these 

studies failed to link octane numbers with autoignition timings. In 1996, 

Curran and his co-workers used a motored CFR engine to measure the 

critical compression ratio of different fuels and correlated the measurements 

with the octane numbers of these fuels. Simulation was further performed 

and simulated critical compression ratios were compared to the 

measurements. Although a good agreement was observed, Curran himself 

pointed out that this correlation is not especially precise as different fuels 

with same octane number were found to have very different critical 

compression ratio values. Also, there are other issues with this approach. 

The equivalence ratios for all fuels were set to 1 while octane number of 

hydrocarbons is often not measured at stoichiometry, as shown in Chapter 4. 

Kalghatgi and his co-workers [76] also proposed a method to predict knock 

for simple gasoline surrogates. This method has the potential to be used to 

correlate autoignition timing with the octane number of the selected fuel. In 

order to achieve the goal, a fuel with known octane number and a chemistry 

model for this fuel need to be first selected. The chemistry model is then 

used to predict the autoignition timing in SI engines under a known 
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condition by using the “Livengood Wu” method (described in 2.4). 

However, the ignition delay times needed for determining the unit in 

Equation 2.2 are often subject to large uncertainties. 

Very recently, Westbrook and his co-workers [232] investigated the 

chemical kinetics of octane sensitivity in a spark-ignition engine. Although 

they took into account the flame propagation, they used a single pressure 

trace to present the flame propagation of all hydrocarbons studied. This can 

bring large uncertainty in their results as the flame propagation leading to 

autoignition can be dramatically different for different fuels at their 

corresponding standard RON conditions.  

There are also other attempts [233, 234] trying to quantitatively link the 

chemical kinetics of different fuels to their anti-knock behaviour. These 

studies, however, failed to give a correlation between octane numbers and 

autoignition timings in SI engines.  

The uncertainty in the above studies makes their methods unsuitable for 

uncertainty analysis of octane numbers. In this regard, each fuel will be 

evaluated at its corresponding SKI condition in this work. The idea is to 

measure the autoignition timings of the pentanes and a set of PRFs in the 

CFR engine and correlate the difference in autoignition timings with the 

change in the octane numbers.  

Two methods were used. First, the autoignition timings of a range of PFRs 

are recorded at the standard octane number test conditions of the three 

pentanes isomers and of the PRF91. Second, the autoignition timings of the 

three pentanes and PRF91 are measured at the standard octane number test 

conditions of a range of PRFs. The procedure of the standard octane number 

test has been described in Section 3.1.2. In each test, the CFR engine is set 
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with fixed operating parameters according to the standard octane number 

test of that fuel. In the standard tests, the operating parameters specified in 

Table 3.2 are set constant. The lambda and compression ratio in the standard 

tests are often set different for different fuels. In addition, spark timing also 

needs to be adjusted in the standard MON test based on the compression 

ratio needed for the test fuel. The settings of the compression ratio and 

lambda for the three pentanes have been presented in Table 4.1 and 4.2. For 

all the PRFs, the lambda is fixed at 0.88 at RON conditions and 0.93 at 

MON conditions. The compression ratios for these PRFs and the 

corresponding spark timings in the MON tests can be found in ASTM 

2699&2700 [211, 212]. 

n-pentane and PRFs were introduced into the CFR engine as liquid fuel 

using the conventional fuel carburettor. neo- and iso-pentane were 

introduced into the CFR engine as vapour fuel using the gaseous intake 

system described in Chapter 3. The PRFs used at different conditions are 

summarized in Table 6.6. 

Table 6.6. The PRFs used for the three pentanes and the PRF91. 

- The RON and MON are taken from Chapter 4. 

6.2.1 Autoignition timings at RON test conditions 

Autoignition timings were first measured for a range of PRFs at the RON 

test conditions of a given pentane or PRF91. The engine operating condition, 

including the compression ratio, were set the same for the range of PRFs. 

Although knockmeter reading varied with PRFs (stronger knock with lower 

 PRFs used 

 RON condition MON condition 

n-pentane (RON 61, MON 57.6) 57-65 53-61 

neo-pentane (RON 88.1, MON 82.3) 84-92 78-86 

iso-pentane (RON 91.4, MON 88.3) 87-95 84-92 

PRF91 (RON 91, MON 91) 87-94 87-93 
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PRF number), all PRFs knocked at each tested condition. 600 cycles of in-

cylinder pressure trace were sampled for each PRF. A representative 

pressure trace was selected from the 600 cycles using the method described 

in Chapter 3. The measured autoignition timings derived from the 

representative pressure trace (the crank angle where 

𝑑2(𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒) 𝑑(𝐶𝐴𝐷2)⁄ ≥ 2000 𝑘𝑃𝑎 𝑑𝑒𝑔2⁄ ) and their measurement 

uncertainties (1x standard deviation of the autoignition timing from 600 

cycles of pressure trace) are shown in Fig. 6.18. The numbers on the 𝑥 axis 

are the octane number of the PRFs. 



CHAPTER 6. ENGINE MODELING UNCERTAINTY MINIMIZATION AND IMPLICATION ON 
OCTANE NUMBER PREDICTION 

188 

 

   

   
Figure 6.18. Knock onset timings of different PRFs at the standard RON test of (a) n-pentane, (b) neo-

pentane, (c) iso-pentane and (d) PRF91. Black filled error bars are the autoignition onset timings of 

different PRFs; red open error bars are the autoignition onset timings of the three pentanes and PRF91 

at their corresponding standard RON test condition; CAD is the crank angle after Top-Dead-Centre 

firing; the numbers on 𝑥 axis are the octane numbers of the different PRFs used. Error bars are the 2x 

standard deviation of the autoignition timings from 600 cycles of pressure trace. 

(a) (b) 

(c) (d) 
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Figure 6.18 shows that overall, autoignition occurs later for PRFs with 

higher octane numbers at each given CCR. This is as expected since higher 

octane numbers represent stronger resistance to autoignition. It can be also 

seen that fuels with similar RONs have similar autoignition timings (i.e. 

PRF61 and n-pentane (RON 61.0) in Fig. 6.15a, PRF88 and neo-pentane 

(RON 88.1) in Fig. 6.15b, and PRF91 and iso-pentane (RON 91.4 with 

liquid fueling) in Fig. 6.5c). This suggests that octane number correlates 

with the autoignition timing under a given engine operation condition. 

The change in PRF autoignition timings is found smaller at lower CCR. 

Autoignition timing of the PRFs differs by around 3 CA at CCR of 6.7 (Fig. 

6.15c) and by less than 2 CA at CCR of 5.62 (Fig. 6.15a). With the RON of 

the PRFs differs by 9 for pentanes and 8 for PRF91, the differences in their 

autoignition timings are around 2-3 CA. This indicates that an uncertainty of 

1 CA in the measured autoignition timing can corresponds to an uncertainty 

of 3-4 in RON. 

The autoignition times of the PRFs in Fig. 6.18 were not measured at their 

SKI conditions. It is possible that the correlation determined from Fig. 6.18 

becomes different when these PRFs are tested at their individual SKI 

condition. To investigate this, autoignition timings were measured for these 

PRFs at their standard RON conditions. During the experiment, it was found 

that the maximum knocking intensity at mid-scale reading of the 

knockmeter occurs at the lambda of 0.88 for all PRFs. Compression ratio is 

the only operating parameter that was varied in the standard RON tests of 

the PRFs. The measured autoignition timings and the measurement 

uncertainties (2x standard deviation of the autoignition timings from 600 

cycles of pressure trace) are plotted in Fig. 6.19. 
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It can be seen from Fig. 6.19 that the autoignition timings of all the PRFs 

(filled diamonds) studied at different SKI conditions are constantly around 

11 CA aTDC, regardless of the change in the compression ratio of the CFR 

engine. This could imply that the autoignition timing measured in standard 

octane number tests is related to octane sensitivity of the test fuel. However, 

similar autoignition timings do not give useful information on their 

relationship with the change in octane numbers. Due to which, the 

autoignition timings of the three pentanes and PRF91 were further measured 

at the standard RON test conditions of the different PRFs. With these 

experiments, the different in the autoignition timings of a pentane (or 

PRF91) and a PRF can be linked to the difference in their octane numbers.  

During these tests, the equivalence ratio was set to give the maximum knock 

intensity for the three pentanes and PRF91, while the compression ratio was 

set at the CCR of a given PRF. The pentanes and PRF91 were only tested at 

the CCR of 6 PRFs, as autoignition was not observed when the CFR engine 

operates at lower compression ratios for smaller PRFs. The measured 

autoignition timings and the measurement uncertainties are plotted in Fig. 

6.19. 

Figure 6.19 shows that the autoignition timing of pentanes and PRF91 (open 

circles) decreases when the CCR of the PRF increases. The difference 

between the autoignition timing of the pentanes/PRF91 and the PRF 

increases when the difference in their RON increases. Overall, a difference 

of ~1.2 CA in autoignition timing approximately corresponds to a change of 

~3 in RON, as can be seen in Fig. 6.19 (c) and (d) where the iso-pentane 
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(RON 91.4) and PRF91 autoignite at 12.5 and 12.2 CA aTDC, respectively, 

at the CCR of PRF88, which autoignites at around 11.1 CA aTDC.  
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Figure 6.19. Knock onset timings of (a) n-pentane, (b) neo-pentane, (c) iso-pentane and (d) PRF91 at 

the stand RON test of different PRFs. Black filled error bars are the autoignition onset timings of 

different PRFs at their SKI condition; red open error bars are the autoignition onset timings of the 

three pentanes and PRF91 at the standard RON test condition of different PRFs; CAD is the crank 

angle after Top-Dead-Centre firing; the numbers on 𝑥 axis are the octane numbers of the different 

PRFs used. Error bars are the 2x standard deviation of the autoignition timings from 600 cycles of 

pressure trace.  

(a) (b) 

(c) (d) 
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6.2.2 Autoignition timings at MON test conditions 

The autoignition timings were further measured for a range of PRFs at the 

MON test conditions of the pentanes and PRF91. Similarly, all PRFs 

knocked at the four compression ratios studied. Autoignition onset timing 

and its measurement uncertainty were derived for each PRF from 600 cycles 

of cylinder pressure trace using the same method. The results are shown in 

Fig. 6.20.  
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Figure 6.20. Knock onset timings of different PRFs at the standard MON test of (a) n-pentane, (b) 

neo-pentane, (c) iso-pentane and (d) PRF91. Black filled error bars are the autoignition onset timings 

of different PRFs; orange open error bars are the autoignition onset timings of the three pentanes and 

PRF91 at their corresponding standard RON test condition; CAD is the crank angle after Top-Dead-

Centre firing; the numbers on 𝑥 axis are the octane numbers of the different PRFs used. Error bars are 

the 2x standard deviation of the autoignition timings derived from 600 cycles of pressure trace. 

(a) (b) 

(c) (d) 
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As can be seen in Fig. 6.20, despite the change in operating condition (RON 

vs. MON), autoignition occurs later for PRFs with higher octane numbers, 

and fuels with similar MONs have similar autoignition timings (i.e. PRF82 

and neo-pentane in Fig. 6.20b). Different autoignition timings are observed 

for different PRF ranges, e.g. 9-12 CA aTDC at the CCR of PRF91 (Fig. 

6.20d), and at 3-6 CA aTDC at the CCR of n-pentane (Fig. 6.20a). This is 

different from the RON case, as can be seen in Fig. 6.18, where PRFs 

autoignite at around 9-13 CA aTDC regardless of change in CCRs. This is 

because in MON tests, spark timing of the CFR engine is adjusted (Table 

3.2) based on the octane number of the test fuel. MON tests for fuels with 

smaller octane numbers operate at advanced spark timings. The advanced 

spark timing leads to advanced autoignition timing, resulting in the different 

ranges of autoignition timings observed from Fig. 6.20d to 6.20a. The 

change in PRF autoignition timings is found similar at different CCRs, 

approximately 3 CA when PRF sweeps by 9 motor octane numbers. 

The autoignition timings were further measured for PRF91 at the standard 

MON test conditions of different PRFs. At MON test condition, the 

maximum knocking intensity at mid-scale reading of the knockmeter occurs 

at the lambda of 0.93 for all PRFs. The measured autoignition timings 

together with the measurement uncertainties are plotted in Fig. 6.21. 

It can be seen in Fig. 6.21 that the autoignition timings at MON test 

condition are around 11 CA aTDC (same number was observed in Fig. 6.19) 

for all PRFs studied, regardless of the change in the compression ratio and 

spark timing of the CFR engine. The autoignition timing of PRF91 

decreases when the octane number of the PRF increases. A change of ~1.3 

CA in autoignition timing corresponds to a change of ~3 in MON (PRF88 

autoignites at 10.2 CA aTDC and PRF91 at 11.5 CA aTDC). 
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Figure 6.21. Knock onset timings of PRF91 at the stand MON test of different 

PRFs. Black filled error bars are the autoignition onset timings of different PRFs at 

their SKI condition; red open error bars are the autoignition onset timings of 

PRF91 at the standard MON test condition of different PRFs; CAD is the crank 

angle after Top-Dead-Centre firing; the numbers on 𝑥 axis are the octane numbers 

of the different PRFs used. Error bars are the 2x standard deviation of the 

autoignition timings from 600 cycles of pressure trace. 

Figure 6.22 plots the difference in the measured autoignition onset timings 

against the change in the octane numbers for n-pentane. Three sets of data 

are included, which are obtained from Fig. 6.18a, Fig. 6.19a and Fig. 6.20a. 

These data are then fitted to three first order polynomials, respectively, as 

shown by the lines in Fig. 6.22.  

All sets of data show a consistent trend in Fig. 6.22, where the difference in 

autoignition timing increases with the difference in octane number. The 

polynomials fitted on the measurements in Fig. 6.18a Fig. 6.19a and Fig. 

6.20a are 0.38𝑥 + 0.37 , 0.21𝑥 + 0.10  and 0.30𝑥 + 0.29 , respectively, 

which gives an average slope of 0.297. This indicates that a difference of 

0.297 crank angle in autoignition onset timing approximately corresponds a 

change of 1 in octane number for n-pentane. 

  



CHAPTER 6. ENGINE MODELING UNCERTAINTY MINIMIZATION AND 
IMPLICATION ON OCTANE NUMBER PREDICTION 

197 

 

 

Figure 6.22. The difference in the autoignition onset timings vs. the difference in 

the octane number. Symbols are differences obtained from the measurements in Fig. 

6.18a Fig. 6.19a and Fig. 6.20a; Lines are the first order polynomials fitted to the 

three sets of measured data. The coefficients of the polynomials are shown in the 

legend. 
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6.3 The implications of octane number measurement 

uncertainty for kinetic modeling uncertainty 

Table 6.7 summarizes the repeatability and reproducibility specified by the 

ASTM standards for RON and MON tests. The repeatability of octane 

number measurements specified in the ASTM standards requires that the 

difference between two test results, obtained on an identical test unit under 

repeatable conditions, exceed 0.2 only in one case in twenty for fuel with 

RON between 90-100 and MON between 80-90. Although the repeatability 

for rating fuels with RON below 90 and MON below 80 (which is the case 

for n-pentane) remains unknown, it is legitimate to consider that the 

acceptable uncertainty in octane number measurements is around 0.2-0.9 

CA.  

Table 6.7. Repeatability and reproducibility specified by the ASTM standards for 

RON and MON tests. 

 RON MON 

Octane number 

range 

<90 90-

100 

100-

108 

<80 80-

90 

90-

102 

102-

103 

>103 

Repeatability 

(CA) 

N/A 0.2 N/A N/A 0.2 N/A 0.6 N/A 

Reproducibility 

(CA) 

N/A 0.7 1.0-3.5 N/A 0.9 N/A 2.0 N/A 

- Repeatability is the difference between two test results, obtained on identical test 

samples and conditions in the same test facility; 

- Reproducibility is the difference between two single and independent results, 

obtained on identical test samples and reproducibility conditions; 

- N/A: not available; 

- Numbers in the table are allowed to be exceeded only in one case in twenty. 

The uncertainty in engine autoignition modeling can be reduced to 0.4 CA 

(CFR.MON in Fig. 6.17) after being constrained by both engine and 

fundamental experiments. According to the analysis in Section 6.2, an 

uncertainty of 0.4 CA in autoignition timing is approximately equivalent to 

an uncertainty of 1.35 in both MON and RON for n-pentane. This number is 

considered over the tolerance of octane number measurements. 
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This result indicates that the best existing chemical model for pentane is not 

suitable for predicting engine combustion due to its large uncertainty. 

However, this can be probably addressed with including well-calibrated 

engine experiments, complementary to fundamental experiments, for 

developing chemical models. 

6.4 Summary 

This chapter used a set of engine experiments to minimize the uncertainty in 

the modeling of autoignition onset timing for n-pentane. 7 non-standard 

experiments and 2 standard experiments (RON and MON) were conducted. 

Two-zone model used in Chapter 4 was used to simulate the autoignition in 

the end-gas for each experiment. 

To reduce computational cost, 18 reactions were selected from the original 

29 reactions. Latin Hypercube Sample was used to qausi-randomly sample 

in the 18-dimensional hypercube for computer experiments. Model surfaces 

built for all the engine experiments formed a consistent dataset 𝐷4.  

𝐷4 was then used to constrain the uncertainty in the modelled autoignition 

onset timing. The modeling uncertainty from Chapter 5 was further reduced 

by 𝐷4 . However, neither 𝐷4  nor 𝐷3  (a dataset of 17 fundamental 

experiments from Chapter 5) reduced the uncertainty of the rate coefficient 

of the selected reactions.  

When 𝐷4 and 𝐷3 were combined as constraints, the reductions in both the 

modeling uncertainty and the parameter uncertainty were significant. The 

smallest modeling uncertainty was obtained for CFR.MON at 0.4 CA. 

Further CFR engine experiments were conducted to correlate the difference 

in autoignition onset timings with the change in RON and MON for n-
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pentane. It was found that the smallest modeling uncertainty of 0.4 CA 

approximately corresponds to a change of 1.35 in octane number, which is 

over the tolerance of octane number measurements. This indicates that the 

best existing chemical model is unable to predict octane numbers to be 

within its measurement uncertainty. However, CFR engine experiment was 

found effective in reducing the modeling uncertainty and therefore should 

be used as an experimental tool, complementary to the more fundamental 

kinetic reactors, for chemical model development.  
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Chapter 7   CONCLUSIONS AND 

RECOMMENDATIONS 

7.1 Summary and conclusions 

In reference to the research questions listed in Section 2.9, this thesis makes 

the following conclusions. 

1. To examine the autoignition behaviour of the three pentane isomers 

in a spark-ignition engine under octane rating conditions. 

This thesis studied the autoignition of three pentane isomers (n-, neo- and 

iso-pentane) in a Cooperative Fuel Research (CFR) engine operating at 

standard knocking conditions.  

The Research Octane Number (RON) and Motor Octane Number (MON) of 

these three fuels were measured. Both RON and MON results showed that 

the reactivity of three pentanes are in the order of n-pentane>neo-

pentane>iso-pentane. 

Modeling of CFR engine autoignition was then conducted using a two-zone 

model considering detailed chemistry in the unburned mixtures. The initial 

and boundary conditions that are critical for autoignition modeling were 

obtained using GT-Power modeling. Two published models, each embedded 

with a published NO sub-model, were used in the two-zone modeling.  

Results showed that both models produced autoignition of the end-gas and 

that NO consistently promoted autoignition for all isomers. Results also 

showed that the NUI-Galway model gives better agreements with the 

experiments, with discrepancies of 2-5 crank angles in the knock onset 
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timings. Nevertheless, the uncertainty in the NUI-Galway model and the 

fundamental reactors that have been used for its development promoted the 

question whether the best existing chemical model is able to reproduce the 

engine combustion to the required accuracy. 

2. To investigate that whether a kinetic model that has been extensively 

validated by high-quality fundamental experiments is capable of 

reproducing engine combustion phenomenon to within typical levels of 

measurement uncertainty. 

The uncertainty in modeling the autoignition of n-pentane in the CFR 

engine was quantified. The Bound-to-Bound Data Collaboration method 

was used. 29 elementary reactions were identified from the NUI-Galway 

model using sensitivity analysis as the active parameters for the uncertainty 

analysis. Factorial design techniques were used to reduce computational 

cost and extensive computer experiments were conducted. The results of 

computer experiments were fitted into response surfaces for further analyses. 

Results showed that the uncertainty of the engine autoignition modeling, 

which was propagated from the uncertainties of the 29 elementary reaction 

rate coefficients, was 14 times of the measurement uncertainty in the CFR 

engine. After being constrained by 15 consistent fundamental experiments, 

the modeling uncertainty was effectively reduced which, however, was still 

over 5 times of the measurement uncertainty in the CFR engine. 

Three in-cylinder conditions, the residual NO concentration, gas 

temperature at the intake valve closure and in-cylinder heat transfer 

coefficient, were also studied for their impact on the uncertainty of engine 

autoignition modeling. These factors were found less important than the rate 

coefficients of the selected reactions.  
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Strategies to further improve the accuracy of the engine modeling were 

explored. The modeling uncertainty was reduced by 65% when the 

uncertainty of the rate coefficients of the 29 active reactions was reduced by 

10%. In contrast, reducing the uncertainty of all fundamental experiment 

measurements by 10% was found less effective. Adding extra, consistent 

fundamental experiments was found more effective in constraining the 

modeling uncertainty. Finally, including the CFR engine experiment as a 

constraint further reduced the modeling uncertainty by 84%, which was the 

most significant reduction among the strategies studied. This indicated that a 

well calibrated CFR engine has a great potential for improving the 

performance of the existing kinetic model in engine combustion modeling. 

3. To minimize the uncertainty of the engine modeling using carefully 

calibrated CFR engine experiments and compare the minimized 

modeling uncertainty with the standard octane rating tolerance. 

A set of CFR engine experiments was conducted on n-pentane to minimize 

the uncertainty in modeling the engine autoignition. Results showed that the 

modeling uncertainty was further reduced by these engine experiments.  

The 9 engine experiments, including two at the standard octane rating 

conditions for RON and MON, and seven at other conditions, were then 

combined with the 17 consistent fundamental experiments to constrain the 

engine modeling uncertainty. The combined dataset significantly reduced 

both the modeling uncertainty and the uncertainty of the rate coefficients of 

the selected reactions. The smallest modeling uncertainty is 0.4 CA obtained 

for the standard MON experiment, which is much smaller than the 

measurement uncertainty for the knock onset timing.  
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Further CFR engine experiments were conducted to determine the 

significance of the modeling uncertainty for octane number measurement. It 

was found that the smallest modeling uncertainty of 0.4 CA approximately 

corresponds to a change of 1.35 in octane number, which is over the 

tolerance for standard octane number measurements. This result indicates 

that the best existing chemical model is unable to predict octane numbers to 

be within the measurement uncertainty. However, CFR engine experiment 

possesses the potential to further reduce the modeling uncertainty and 

therefore should be used as an experimental tool, complementary to the 

more fundamental kinetic reactors, for developing more accurate chemical 

models. 
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7.2 Recommendations to future work 

Recommendations to future work are: 

1. Impact of thermal stratification in the unburned end-gas to the modeling 

of the engine autoignition. 

The engine model used in this work assumes homogeneous temperature and 

composition in both burned zone and unburned zone. In practical knocking 

combustion, it is often the hottest part of the unburned charge that 

autoignites first, which then compresses the rest of the unburned charge, to 

ignite after a fleeting time lag. Holding homogeneous assumption can give 

overpredicted peak in-cylinder pressure, underpredicted burn duration, etc., 

which, possibly, lead to inaccurate prediction on autoignition. It is therefore 

of interest to investigate the effect of the thermal gradient in the unburned 

charge on the kinetic modeling of autoignition inside SI engines. However, 

this is limited for the present thesis due to the unrealistic computational cost 

needed for using inhomogeneous models. 

2. Investigate the complex chemistry leading to autoignition and whether 

this chemistry can be accounted for with metrics such as octane numbers. 

It can be seen from Fig. 6.19 that PRFs with different octane numbers have 

similar autoignition onset timings at their individual SKI conditions. Both 

autoignition and octane numbers are indications of fuel’s knocking 

propensity. However, it seems that autoignition has not been accounted for 

with octane numbers. As autoignition is controlled by the chemical kinetics 

in the end-gas, it is therefore worthwhile to investigate the complex 

chemistry leading to autoignition so as to explain the interesting results 

observed in Fig. 6.19. It is also important to determine that whether the 
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chemistry leading to autoignition can be accounted for with metrics such as 

RON and MON since that the chemistry leading to autoignition can have 

significant impact on engine performance and should be considered in 

knock propensity prediction. 

3. Application of UQ method to other systems. 

The UQ method used in this work can estimate the response of a physical 

target to numerous input variables and make new, reliable predictions on the 

physical target conditioning to the state-of-art information gathered for both 

the inputs and outputs. It can be applied to other integrated systems, such as 

wind power grids, or a metro network, to perform forecasting modeling and 

thus optimal decision making. This helps to predict the potential risks and 

develop effective strategies to address these risks, which have been the 

major tasks of many markets. 

4. Application of other UQ methods to the problem in this thesis. 

This thesis uses only one of the many methods of uncertainty analysis. The 

most simplified one was used in consideration of computational efficiency. 

With sufficient computational capacity, the author would suggest applying 

other methods allowing the uncertainty to be described by probability 

distribution to this work. This can provide direct comparison between 

different methods and give insightful recommendations to future studies in 

uncertainty analysis of combustion problems. 

5. Extend UQ of engine modeling for n-pentane to other fuels.  

The UQ work in this thesis focused on n-pentane. It is worthwhile to apply 

the work in this thesis to more practical fuels, such as LPG, gasoline, diesel 

and gasoline/ethanol blends. The challenge would be the increased 
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complexity in chemical models for these fuels and hence increased 

computational cost in modeling their combustion in engine facilities. 

Reduced model can be used for this purpose.  
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Appendix A.   MODELING AUTOIGINTION FOR 

NEO- AND ISO-PENTANE AT MON TEST 

CONDITION 

The autoignition process of neo- and iso-pentane under the MON conditions 

are modelled using the same approach in Chapter 4. Key parameters 

obtained using this method are summarized in Table A.1. 

Table A.1. Modelled and measured parameters at intake valve closure. 

Fuel  Dilut

e 

TEL 

(vol.

%) 

Residual 

gas 

fractiona 

(mass %) 

Convec

tion 

coeff. 

multipl

iera 

PIVC (kPa) TIVC  (K) Air and 

fuel 

mass at 

IVC 

(mg) 

NOb 

(ppm) 

neo- 0.72 10.2 0.9 118.9 467 376 72 

iso- 0.78 9.1 1.1 116.2 487 385.4 225 

a – the parameters from GT-Power simulation; 

b – 𝑁𝑂 in the exhaust gas normalized by the modelled residue gas fraction inside 

the cylinder at IVC. 

 

The pentane model [221] from the National University of Ireland-Galway 

(NUI-Galway) is adopted for the kinetic simulation. Additionally, the nitric 

oxide (NO) sub-model that describes the interaction between NO and 

hydrocarbons (up to C2) is chose to study the NO impact on autoignition. 

The NO sub-model is combined with the pentane model without changing 

any kinetic or thermodynamic parameters. 

Simulated and measured pressure histories under the MON conditions are 

shown in Fig. A.1. Three cases were modelled for each fuel, considering 0, 

1× and 2× the measured residual NO, as shown in Table A.1.  
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Figure A.1. Measured and simulated pressure traces for neo- and iso-pentane under 

MON condition. 

As can be seen from Fig. 4.1, autoignition is not observed for neo- and iso-

pentane when no NO is considered in the model. The simulated and 

measured autoignition onset timings are summarized in Table A.2. NO 

promotes the autoignition for both neo- and iso-pentane, which can be seen 

by comparing the simulated autoignition onset timings from the 1xNO case 

with those from the 2xNO case. Additionally, the promoting effect is more 

significant for iso-pentane (advanced by 2.9 CA) than for neo-pentane 

(advanced by 1.6 CA).  
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Table A.2. The simulated and measured autoignition onset timings (CA after Top-

Dead-Center). 

 MON 

Fuel  neo- iso- 

Measured 7.8 8.5 

Simulated 0×NO - - 

Simulated 1×NO 11.4 6.5 

Simulated 2×NO 9.8 3.6 

 

Comparing the 1xNO case with the measurement, the NUI-Galway model 

overpredicts the autoignition onset for iso-pentane while underpredicts for 

neo-pentane. This is inconsistent with the results obtained under RON 

conditions where the NUI-Galway model constantly overpredicts the 

autoignition onset for all pentanes. The discrepancy between simulated and 

measured autoignition onset timings are within 3.6 CA. 
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Appendix B.   SELECTION OF PENTANE 

MODELS 

B.1 Model selection 

Four published models, named M1 to M4, are examined. Each of these 

covers the detailed combustion chemistry of the three pentane isomers. 

Individual models for single isomers are also available in the literature, but 

these were not considered so as to avoid inconsistency with thermal and 

kinetic data across models.  

Models M1-4 are defined as follows. M1 is a model developed specifically 

for the three pentane isomers at the National University of Ireland, Galway 

(NUI-G) [193]. M2 is a gasoline surrogate model developed by Andrae [15]. 

M3 is an iso-octane model developed by Contino et al [208]. M4 is a 

gasoline surrogate model from Lawrence Livermore National Laboratory 

(LLNL) [20]. 

The selected models are optimized against a wide range of experimental 

data previously reported in the literature. These include ignition delay times 

(IDTs) from shock tubes [181, 191, 192] and rapid compression machines 

(RCMs) [189, 235], as well as species profiles from jet stirred reactors 

(JSRs) [179, 198]. 

B.2 Simulation tools 

Ignition delay times in RCMs and shock tubes were modelled using 

CHEMKIN-PRO [22] Closed Homogeneous Reactor. The reaction is 

considered as an adiabatic, constant-volume process. Heat loss during RCM 
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experiments was not considered as the data was unavailable. The ignition 

was defined as the timing to reach a temperature rise of 400 K unless 

otherwise noted. Species profiles from JSRs were modelled using a 

Perfectly Stirred Reactor.  

B.3 n-pentane 

n-pentane is the most studied isomer of C5 alkanes. Figure B.1 compares 

the four models against RCM (a, b), shock tube (c, d) and JSR results (e, f). 

Low pressure RCM results (Fig. B.1a) show that the NTC behaviour of 

differing strengths are observed in all four models, and all are stronger than 

that observed experimentally. At 15-21 bar (Fig. B.1b), all models over-

predicted the IDTs in a RCM. Note that the modelled IDTs being longer 

than the measured (as observed in Fig. B.1b) cannot be explained by the 

impact of heat loss, indicating that all n-pentane models needs further 

validation at these conditions. 

Comparison against IDTs in shock tubes is further conducted for M1 and 

M4. Figures B.1 (c) and (d) show a close match between the experiment and 

the M1 simulations, except for the ultra-high pressure cases (250 and 530 

atm) which are not applicable to engine combustion. M1 also performs 

overall better than M4 under these high temperature conditions. 

  



APPENDIX B. SELECTION OF PENTANE MECHANISMS 

222 

 

 

 

  
Figure B.1. n-pentane simulation vs. experiments. (a) RCM at 0.45-0.61 MPa, Phi=1 [235], (b) RCM 

at 1.57-2.13 MPa, Phi=1 [186], (c) Shock tube at n-pentane:O2:N2:Ar=13:207:771:9 [190], (d) Shock 

tube at Phi=1 [191],  (e) JSR at 1 atm, Phi=2, (f) JSR at 1 atm, Phi=0.2 [179], dashed lines for M1 and 

solid lines for M4 in (c)-(f).  

(a) (b) 

(c) (d) Phi=1 

(e) (f) 

1 atm, 1000 K, 
Fuel=0.2%, Phi=0.2 

1 atm, 1000 K 

Fuel=0.3%, Phi=2 
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JSR species profiles modelled by M1 and M4 are compared in Fig. B.1 (e) 

and (f). For a fuel rich case, both models under-predict the fuel reactivity, as 

evidenced by both having lower fuel consumption and CO formation than 

the experiment. In contrast, for a fuel lean case, both models substantially 

over-predict the fuel reactivity. This is demonstrated by a sudden drop in the 

fuel fractions and a sharp rise of CO2 fraction at ~ 0.1 s residence time, 

indicating that the fuel oxidation was nearly completed by that moment. 

These simulated results are significantly different to that observed 

experimentally and are unlikely to be correct, since CO to CO2 reaction 

generally requires ~1500 K and the temperature of the JSR experiment was 

only 1000 K.  

The above results indicate that the n-pentane model in M1 overall works the 

best among the four models considered at high pressures and high 

temperatures. However, it still needs improvement at low temperatures (< 

1000 K) and at substantially lean and rich equivalence ratios. Further study 

on identifying the chemistry responsible for these inconsistencies is 

currently being conducted.  

B.4 neo-pentane 

The four models were then compared against neo-pentane ignition delay 

times in RCMs, as shown in Fig. B.2 (a) and (b). The NUI-G and LLNL 

models, M1 and M4 respectively, reproduced the overall negative 

temperature coefficient (NTC) behaviours in these RCMs. For M1, the 

discrepancy between the model and experiment in Fig. B.2 (a) is likely in 

part due to heat losses which were not considered in our modeling. As the 

pressure doubles from Fig. B.2 (a) to B.2 (b), the ignition delay becomes 

much shorter and the impact of heat losses should also become considerably 
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smaller. This is consistent with the significant improvement between the 

model and experiment. On the other hand, models M2 and M3 fail to 

reproduce the NTC behaviours observed experimentally, and the similarity 

between these two models suggests that their C5 sub-models have the same 

origin.   

The species profiles from the JSR are reproduced for M1 and M4 in Fig. B.2 

(c) and (d). M2 and M3 were not attempted due to their poor performances 

in the earlier RCM results. The mole fractions of the fuel and CO are shown 

as the major species in the reacting mixture. Excellent agreement is 

observed between M1 and the experimental results for the two species, at 

both 1 and 10 atm. However, M4 substantially under-predicts the reactivity 

of neo-pentane, showing the fuel consumption and CO formation two orders 

of magnitude lower than the experimental results.  

It is evident from these results that M1 produced the best agreement with 

experiment among the four models compared. 
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Figure B.2. neo-pentane modeling vs. experiments. (a) RCM at 0.50-0.68 MPa, Phi=1 [184]; (b) RCM 

at 0.95-1.23 MPa, Phi=1 [189]; (c) JSR at 1 atm, Phi = 2; (d) JSR at 10 atm, Phi = 1 [198], dashed 

lines for M1 and solid lines for M4 in (c) and (d).   

(a) (b) 

(d) 

0.2%fuel+0.8%O2+99%N2, 

Time=0.2s, P=1atm 0.1%fuel+0.8%O2+99.1%N2, 

Time=1s, P=10atm 

(c) 
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B.5 iso-pentane 

A comparison between the 4 models for iso-pentane is shown in Fig. B.3. At 

these low temperatures (< 900 K) and elevated pressures (7-12 atm), M1 

matched the experiments quite well and outperformed the other three 

models. The fact that M1 consistently under-predicts the experiment may 

again be due to our model not considering the heat losses. The LLNL model 

M4 is the second best, whereas M2 and M3 were the poorest and again 

reproduced nearly identical results.  

M1 and M4 were further compared for IDTs in shock tubes in Figs. B.3 (c) 

and (d). The simulated IDTs here were defined using the criterion of 

maximum OH production rates, instead of a 400 K temperature rise, due to 

the highly diluted mixtures used. At high temperatures (> 1200 K) and low 

pressures (< 5 atm), M1 performs better than M4 in most cases, and the 

agreement between both models, in particular M1, is overall excellent. Note 

that IDTs in shock tubes are orders of magnitude shorter than those in 

RCMs; therefore heat loss should have a small impact on IDTs [236]. 

From comparing the IDT data, M1 is clearly the best among the four models 

for modeling iso-pentane oxidation. No species profile data have been found 

in the literature for iso-pentane. 
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Figure B.3. iso-pentane modeling vs. experiments. (a) RCM at 0.71-0.95 MPa, Phi=1, (b) RCM at 

0.95-1.23 MPa, Phi=1 [189], (c) Shock tube at ~2 atm, Ar as diluent, (d) Shock tube at Phi=1, Ar as 

diluent [192], dashed lines for M1 and solid lines for M4 in (c) and (d).

(a) (b) 

(c) (d) 
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Appendix C.   SENSITIVITY ANALYSIS ON 

FUNDAMENTAL EXPERIMENTS 

C.1 Sensitivity analysis results on ignition delay times 

 
Figure C.1. The Brute force sensitivity analysis on pre-exponential factor A for 

ignition delay time simulation of n-pentane at equivalence ratio of 1, pressure of 10 

atm and temperature of 685.4 K. 

 

 
Figure C.2. The Brute force sensitivity analysis on pre-exponential factor A for 

ignition delay time simulation of n-pentane at equivalence ratio of 2, pressure of 10 

atm and temperature of 803.9 K. 
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Figure C.3. The Brute force sensitivity analysis on pre-exponential factor A for 

ignition delay time simulation of n-pentane at equivalence ratio of 1, pressure of 10 

atm and temperature of 864.3 K. 

 

 
Figure C.4. The Brute force sensitivity analysis on pre-exponential factor A for 

ignition delay time simulation of n-pentane at equivalence ratio of 1, pressure of 20 

atm and temperature of 857.6 K. 
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Figure C.5. The Brute force sensitivity analysis on pre-exponential factor A for 

ignition delay time simulation of n-pentane at equivalence ratio of 1, pressure of 20 

atm and temperature of 1292.9 K. 

 

 
Figure C.6. The Brute force sensitivity analysis on pre-exponential factor A for 

ignition delay time simulation of n-pentane at equivalence ratio of 0.5, pressure of 

52 atm and temperature of 1365.4 K. 
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C.2 Sensitivity analysis results on CO mole fraction in Jet 

Stirred Reactors; 

 
Figure C.7. The Brute force sensitivity analysis on pre-exponential factor A for CO 

mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence ratio of 

0.5, pressure of 1 atm and temperature of 584.8 K. 

 

 
Figure C.8. The Brute force sensitivity analysis on pre-exponential factor A for CO 

mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence ratio of 

0.5, pressure of 1 atm and temperature of 901.5 K. 
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Figure C.9. The Brute force sensitivity analysis on pre-exponential factor A for CO 

mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence ratio of 

1, pressure of 1 atm and temperature of 578.1 K. 

 

 
Figure C.10. The Brute force sensitivity analysis on pre-exponential factor A for 

CO mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence 

ratio of 1, pressure of 1 atm and temperature of 899.3 K. 
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Figure C.11. The Brute force sensitivity analysis on pre-exponential factor A for 

CO mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence 

ratio of 2, pressure of 1 atm and temperature of 613.76 K. 

 

 
Figure C.12. The Brute force sensitivity analysis on pre-exponential factor A for 

CO mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence 

ratio of 2, pressure of 1 atm and temperature of 872.5 K. 
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Figure C.13. The Brute force sensitivity analysis on pre-exponential factor A for 

CO mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence 

ratio of 0.5, pressure of 10 atm and temperature of 705.4 K. 

 

 
Figure C.14. The Brute force sensitivity analysis on pre-exponential factor A for 

CO mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence 

ratio of 0.5, pressure of 10 atm and temperature of 978.8 K. 
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Figure C.15. The Brute force sensitivity analysis on pre-exponential factor A for 

CO mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence 

ratio of 1, pressure of 10 atm and temperature of 707.1 K. 

 

 
Figure C.16. The Brute force sensitivity analysis on pre-exponential factor A for 

CO mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence 

ratio of 1, pressure of 10 atm and temperature of 854.2 K. 
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Figure C.17. The Brute force sensitivity analysis on pre-exponential factor A for 

CO mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence 

ratio of 2, pressure of 10 atm and temperature of 708.8 K. 

 

 
Figure C.18. The Brute force sensitivity analysis on pre-exponential factor A for 

CO mole fraction in Jet Stirred Reactor simulation of n-pentane at equivalence 

ratio of 2, pressure of 10 atm and temperature of 852.5 K. 
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C.3 Sensitivity analysis results on flame speed. 

 
Figure C.19. The Brute force sensitivity analysis on pre-exponential factor A for 

flame speed simulation of n-pentane at equivalence ratio of 1, pressure of 2 atm 

and unburned mixture temperature of 333 K. 

 

 
Figure C.20. The Brute force sensitivity analysis on pre-exponential factor A for 

flame speed simulation of n-pentane at equivalence ratio of 1.7, pressure of 20 atm 

and unburned mixture temperature of 333 K. 
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Appendix D.   SENSITIVITY ANALYSIS ON 

ENGINE EXPERIMENTS 

 
Figure D.1. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.RON. 

 

Figure D.2. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.MON. 
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Figure D.3. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.1. 

 

Figure D.4. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.2. 
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Figure D.5. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.3. 

 

Figure D.6. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.4. 
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Figure D.7. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.5. 

 

Figure D.8. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.6. 
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Figure D.9. Local sensitivities in the two-zone modeling obtained from brutal force 

sensitivity analysis on CFR.7. 
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Appendix E.   CONVEX OPTIMIZATION AND 

LAGRANGIAN DUAL 

Considering an optimization problem in the standard form: 

𝑃 ∶=  𝑚𝑖𝑛 𝑓0(𝑥)                                                                                                   

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜      𝑓𝑖(𝑥) ≤ 0,    𝑖 = 1, … , 𝑚                                               

ℎ𝑖(𝑥) = 0,     𝑖 =  1, … , 𝑝                           (Eq. E. 1) 

where x ∈ Rn. 

The Lagrangian of an optimization problem can be obtained by augmenting 

the objective function with a weighted sum of the constraint functions. The 

Lagrangian, 𝐿, of Eq.E.1 can be written as: 

𝐿 = 𝑓0(𝑥) + ∑ 𝜆𝑖𝑓𝑖(𝑥)

𝑚

𝑖=1

+ ∑ 𝜐𝑖ℎ𝑖(𝑥)

𝑝

𝑖=1

                    (Eq. E. 2) 

where 𝜆𝑖 is Lagrange multiplier associated with the 𝑖th inequality constraint 

𝑓𝑖(𝑥) ≤ 0 and 𝜐𝑖 is the Lagrange multiplier associated with the 𝑖th equality 

constraint ℎ𝑖(𝑥) = 0. 

The original optimization can be rewritten as: 

𝑃 ∶=  min
𝑥

max
𝜆,𝜐>0

𝐿 = min
𝑥

max
𝜆,𝜐≥0

(𝑓0(𝑥) + ∑ 𝜆𝑖𝑓𝑖(𝑥)

𝑚

𝑖=1

+ ∑ 𝜐𝑖ℎ𝑖(𝑥)

𝑝

𝑖=1

)         

… (Eq. E. 3) 

Provided 𝜆, 𝜐 ≥ 0 , 𝑓𝑖(𝑥) ≤ 0  and ℎ𝑖(𝑥) = 0 , max
𝜆,𝜐>0

(𝑓0(𝑥) + ∑ 𝜆𝑖𝑓𝑖(𝑥)𝑚
𝑖=1 +

∑ 𝜐𝑖ℎ𝑖(𝑥)𝑝
𝑖=1 )  minimizes the Lagranges to approximate 𝑓0(𝑥) . And 
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min
𝑥

max
𝜆,𝜐≥0

(𝑓0(𝑥) + ∑ 𝜆𝑖𝑓𝑖(𝑥)𝑚
𝑖=1 + ∑ 𝜐𝑖ℎ𝑖(𝑥)𝑝

𝑖=1 )  is equivalent to min
𝑥

𝑓0(𝑥) 

when 𝑓𝑖(𝑥) and  ℎ𝑖(𝑥) = 0. 

If the problem described in Eq. E.1 is convex, it can be easily solved. If it is 

non-convex, one can take the duality of Lagrangian of the original problem 

by interchanging the order of maximization and minimization: 

�̅� ∶= max
𝜆,𝜐>0

 min
𝑥

𝐿 = max
𝜆,𝜐≥0

min
𝑥

(𝑓0(𝑥) + ∑ 𝜆𝑖𝑓𝑖(𝑥)

𝑚

𝑖=1

+ ∑ 𝜐𝑖ℎ𝑖(𝑥)

𝑝

𝑖=1

)         

… (Eq. E. 4) 

Since the dual function Eq. E.4 is a family of affine functions of (𝜆, 𝜐), it is 

always concave, regardless of Eq.E.1 being convex or non-convex, and 

always gives a lower bound on the original problem, 

�̅� ≤ 𝑃                                               (Eq. E. 5)  

This important property can be easily verified. Suppose �̃� is a feasible point 

for problem in Eq. E.1, Then we have 

∑ 𝜆𝑖𝑓𝑖(�̃�)

𝑚

𝑖=1

+ ∑ 𝜐𝑖ℎ𝑖(�̃�)

𝑝

𝑖=1

≤ 0                        (Eq. E. 6) 

as that 𝜆, 𝜐 ≥ 0, 𝑓𝑖(𝑥) ≤ 0 and ℎ𝑖(𝑥) = 0. Therefore, we have 

f0(x̃) + ∑ λifi(x̃)

m

i=1

+ ∑ υihi(x̃)

p

i=1

≤ f0(x̃)             (Eq. E. 7) 

Hence 
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�̅� ∶= max
𝜆,𝜐>0

 min
𝑥

𝐿 ≤ f0(x̃) + ∑ λifi(x̃)

m

i=1

+ ∑ υihi(x̃)

p

i=1

≤ f0(x̃) = 𝑃      

… (Eq. E. 8) 

Likewise, if Eq. E.1 becomes an optimization problem that finds the 

maximum instead of minimum, the solution of the Lagrangian Dual of the 

original optimization problem will give upper bound on the optimal 

maximum. 
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