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Abstract 

In this work a methodology has been developed to permit high-throughput, high-quality 

morphology characterisation of soot nanoparticles in 3D, using transmission electron 

microscopy (TEM) and electron tomography (ET). Nanoparticle morphology plays an 

extremely important role in determining soots contribution to global climate change, its 

impacts on human health, and its relation to friction and wear in engines. Morphology 

characterisation is thus fundamental to enabling full understanding of soot-induced 

phenomena and subsequent strategies for their mitigation. 

Initial work employed ET for the 3D reconstruction and morphology characterisation of a 

flame-generated soot nanoparticle. Variability in 2D-derived measurements as a function of 

nanoparticle orientation was measured at up to 45%, which may be an important source of 

error in 2D-derived morphology measurements. Significant discrepancies of up to 36% 

between 2D- and 3D-derived measurements were also observed. This type of particle was 

particularly complex and 3-dimensional, and acted as a useful case-study for the identification 

of areas for possible optimisation in the 3D reconstruction process.  

A sample of soot-in-oil from a gasoline turbocharged direct injection (GTDI) engine was 

chosen as the main focus of study in this work. This is due to both the novelty of study and 

potential for useful research outputs, and the difficulty of study via TEM due to the presence 

of lubricant oil. General characteristics of particulate matter in the GTDI soot-in-oil sample 

were understood through TEM imaging, and revealed an abundance of localised amorphous 

carbon structures and patches of crystalline material, in addition to typical soot nanoparticles.  

Optimisation of ET was carried out by assessment of the speed and relative accuracy of a 

number of well-established procedures for tilt-series acquisition, tomographic reconstruction, 

and tomogram segmentation. It was found that the computationally efficient WBP algorithm 

produced data of equivalent quality to that of the theoretically more accurate SIRT algorithm, 

though was significantly quicker. Optimal tilt-series were acquired over ±60° ranges, in 

increments as large as 3°. For the final stage of optimisation, 6 nanoparticles from the GTDI 

soot-in-oil sample were reconstructed in 3D via ET. Linear interpolation was found to be 

useful for increasing speed while retaining accuracy in volume segmentation for producing the 

final nanoparticle models.  

Efforts were also made to reduce the amount of time and human involvement required for 

nanoparticle identification and  image acquisition, resulting in the development of semi-

automated process for TEM imaging. Large areas of the TEM grid are automatically imaged, 

and then screened for structures of interest via an automated image processing algorithm and 
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a manual review process. Nanoparticles locations are then communicated to the electron 

microscope for subsequent 3D study. Using this semi-automated process over 4000 μm2 of a 

TEM grid was imaged, resulting in identification of 271 soot nanoparticles. Additional steps 

were implemented for high-throughput 2D morphology characterisation, and resulted in the 

measurement of 523 individual nanoparticles from the GTDI soot-in-oil sample. Analysis of 

this data revealed similar size of soot primary particles and aggregates compared with previous 

studies of soot-in-oil samples, but modest aggregate sizes in comparison to exhaust and flame-

generated soots.  

Accuracy of ET was assessed via computational models of soot-like aggregates which acted 

as ‘ground truth’ (i.e. 3D morphology was known exactly). The soot-like models were 

subjected to the 3D-TEM procedure, and post-reconstruction morphology was compared to 

that of the original models. The results of our prior optimisation work were confirmed, and 

absolute accuracy of 3D-TEM for the soot-like models was shown to be extremely high (within 

3.5% of original values for a range of parameters).   

From the pool of 271 nanoparticles identified using the automated TEM imaging procedure, 

an additional 28 nanoparticles were chosen for study in 3D via ET. These nanoparticles were 

chosen to express the general extremes of visible structures, e.g. particularly large and 

complex, or small and simple nanoparticles. This total sample size of 34 nanoparticles 

represents the largest 3D study of soot-in-oil to date, and one of the largest 3D studies of any 

soot sample to date. The 3D aspect ratio of nanoparticles revealed a general tendency towards 

2-dimensionality rather than strong 3-dimensionality, and overall size of nanoparticles was 

generally small in comparison to aerosol soot. Direct comparison of 2D- and 3D-TEM 

characterisation showed deviations on the order of 20-35% for some important morphological 

parameters (volume, surface area, circularity, aspect-ratio), though 2D-derived radius of 

gyrations measurements were generally accurate. Strong variability was observed across the 

sample of nanoparticles, and no clear correlations were drawn between particle morphology 

and the accuracy of 2D-derived measurements. The 3D models were used to explored the full 

extent of variability in the 2D appearance due to nanoparticle orientation, with an average 

variability in 2D area of 59%. Several nanoparticles were observed with prominent features 

such as rings, cavities, and arches that were not appreciable via typical 2D-TEM study, and 

may be important for greater understand of soot formation and impacts of morphology.  
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1 - Introduction 

1.1 - Overview 

The work presented in this thesis was performed in order to develop a novel soot 

morphology characterisation tool. The developed methodology, which may at several 

points be referred to as ‘3D-TEM’, utilises transmission electron microscopy (TEM) and 

electron tomography (ET) to facilitate full 3-dimensional appreciation of the complex, 

fractal-like structure of soot nanoparticles. This endeavour reflects doubts over the 

accuracy of traditional morphology characterisation via TEM, which arise primarily due 

to the lack of depth perception in 2D projections. Accurate characterisation of 

morphology is important because of the defining role it plays in the behaviour of soot 

in a variety of environments. This includes significant contributions to the greenhouse 

effect and snow-ice melting, death and disease in humans and animals, alteration to 

ecological systems and marine habitats, and increased wear and reduced efficiency in 

automotive engines. Soot morphology is also strongly dependent on the conditions of 

the combustion environment in which the soot is formed. As such, the characterisation 

of soot nanoparticle morphology is an extremely important means by which to enhance 

understanding of soot formation and the intricacies of its behaviour and interactions in 

different physical and chemical environments.  

The aim of this work was to adapt established techniques for electron tomography to 

the unique challenge of soot nanoparticles. Though in no way limited to this type of 

sample, this work has a particular focus on ‘soot-in-oil’ (soot entrained within engine 

lubrication oils) from gasoline direct injection (GDI) engine. There were two main 

reasons for this choice. Firstly, GDI exhaust soot and particularly soot-in-oil is relatively 

under-studied compared with diesel soot, despite rapid growth in market share in recent 

years. Additionally, lubricant oil is a strong contaminant in TEM and ET, and thus 

presents a higher degree of difficulty for study in comparison to essentially all other 

types of soot. A GDI soot-in-oil sample is there a topic with ample opportunity for novel 

research outputs, and ensures any developments should be easily applicable to whatever 

soot samples we may desire to study in future. 

While use of ET is widespread in the study of biological structures (e.g. cellular 

structures, viruses, etc.) and materials (e.g. embedded nanoparticles, catalysts, and 

highly porous materials), its application to soot is challenging due to a number of 

distinct features of soot samples. This includes complexity and non-conformity of 

structures, high numbers of individual measurements needed, challenging preparation 
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due to presence of oil, nanoscopic size (generally <500 nm), and low contrast in TEM 

due to light-element composition (predominantly carbon, hydrogen, oxygen).  

Optimisation of ET in terms of speed and quality was a key factor of this work. In order 

to be a viable technique, 3D-TEM must offer significant advantages vs. the current state-

of-the-art in terms of quality of morphology characterisation, but must also remain 

competitive in terms of speed and throughput. In this regard, different strategies to apply 

ET to soot were explored and compared, including both existing and novel techniques. 

Sample preparation for TEM imaging, image acquisition schemes, tomographic 

reconstruction algorithms, and image segmentation protocols were carefully considered 

and evaluated. Additionally, work was carried out to assess the accuracy of the 

technique through development of computational models of soot-like structures. 

Finally, the foundations were laid for the methodology to permit semi-automated 

screening of soot samples so that identification of structures of interest could be 

achieved with minimal human involvement.  

The methodology that has been developed represents the most advanced morphological 

characterisation tool for soot that exists to date. It has progressed significantly further 

than the achievements of the few previously published  introductory studies exploring 

ET for soot. 3D-TEM  is now in a position to begin to challenge traditional 2-

dimensional characterisation techniques. Hopefully, with further development over the 

coming years this technique can be used to assist the understanding of numerous soot-

related phenomena, especially the relationship that exists between soot and engine 

lubricant oil performance. 

 

1.2 - Background 

Soot is the black particulate by-product of the incomplete combustion of hydrocarbon 

fuel (diesel, gasoline, butane, etc.) and carbonaceous biomass (wood, plant matter, food 

waste, etc.). Soot takes the form of nanoscopic particles with complex 3-dimensional 

structures, which are often described as being ‘fractal-like’ in their morphology. 

Depending on the perspective/discipline in which soot is being discussed, terms such as 

particulate matter (PM), black carbon (BC), carbon black (CB), brown carbon, 

elemental carbon (EC), and organic carbon (OC) may all be used to refer to what is 

predominately the same, or a very similar, material.  
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1.2.1 – Soot Nomenclature 

The different terms listed above are used to describe nuances between ‘soots’ as they 

exist in different physical (and abstract) environments. The term ‘particulate matter’ is 

widely used in studies related to internal combustion engine (ICE) emissions and 

encompasses a range of aerosol species that are emitted alongside soot, such as ash, 

liquid organic droplets, and secondary particulates derived from nitrates (NOxx) and 

sulphates (SOx) [1]. In studies of atmospheric aerosols and their relation to radiative 

forcing and climate change, ‘black carbon’ is used to refer to a combination of 

combustion-derived chars and soot that possess high potential for absorption of light 

[2]. In contrast, ‘carbon black’ refers to soot produced in a commercial process via 

pyrolysis or combustion of hydrocarbons, for use in tyres, inks, and numerous other 

enterprises [3]. Similarly to black carbon, ‘brown carbon’ refers to soot-like material 

that plays an important role in climate effects in the atmosphere. While black carbon 

includes typical soot nanoparticles, brown carbon describes large, amorphous carbon 

spherules that possess different light and radiation absorption properties [4]. ‘Elemental 

carbon’ makes reference to the fact that soot-like materials are predominately carbon in 

their elemental composition (>80%), and may be used to refer to char-like aerosols 

(from pyrolysis of biomass and coal, predominantly) as well as soot (which is flame-

derived).  Typically it represents solid-phase carbonaceous aerosols below temperatures 

at which they decompose in air (~550°C) [5].  Often used in atmospheric studies, 

‘organic carbon’ refers to molecular hydrocarbon species that form alongside soot 

during combustion (or those derived from unburnt fuels) that are incorporated into, and 

onto the surfaces of the ‘elemental carbon’ framework of soot (i.e. the solid, 

nanoparticle phase). In many cases, BC is considered as a combination of EC + OC, and 

EC/OC ratios are commonly measured for aerosol soot samples [6]. In this work, ‘soot’ 

will be used as the generic term, and any specific sample types will be described where 

appropriate. 

 

1.2.2 – Estimates of Soot Production 

Published figures describing the global production of soot-like materials can vary 

depending upon the definitions of soot used, and the sources taken into account. In many 

cases, soot or BC emissions may not be directly included, but rather incorporated as part 

of total particulate number or mass measurements. Popular definitions of total 

particulate matter include size specific bands such as PM10, PM2.5, PM1, and PM0.1, 

which refer to particles smaller than 10, 2.5, 1, and 0.1 μm respectively. In such cases, 
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soot contributes to each band to a different degree, with a greater relevance to PM1 and 

PM0.1 specifically [7]. Figures tend to be calculated in a bottom-up approach, 

extrapolating based on datasets of international and national emissions and energy usage 

statistics, for example based on figures of yearly fuel consumption and records of 

vehicles types. 

A widely referenced figure from Bond et al. in 2004 used such an approach, and put 

global BC emissions from a variety of sources within a range of 4.3 - 22 Tg year-1 [8]. 

Global contributions from combustion of biomass, fossil fuels, and biofuel were put at 

42%, 38%, and 20% of the overall total respectively, though on a regional scale these 

contributions varied greatly. While in typical 1st world regions (e.g. Japan, Europe, and 

North America) diesel engines contribute around 70% of total BC, in the 3rd world it is 

combustion of biomass and solid fuels that dominates. The authors of that study 

conceded that calculations are troubled by important uncertainties. These relate 

primarily to estimations of combustion using out-dated technologies, and the amount 

and type of fuel burnt in biomass combustion. Accordingly, this is more significant 

when calculating contributions from developing nations [9]. A more recent publication 

by Klimont et al. provided an assessment of particulate emissions over the last 3 

decades, and incorporated a number of emission sources that had previously been 

ignored [10]. This study broke down emissions into both size-specific (e.g. PM10, PM2.5 

etc.) and type-specific (BC and OC) categories. Results indicated that over a 20-year 

period from 1990-2010, global particulate emissions had remained relatively constant, 

though contributions from specific regions had changed significantly. While PM 

emissions from typically 1st world nations decreased from around 30% to 15% of the 

total, emissions from Asia in general had risen from roughly half to over two-thirds of 

the total. Global BC emissions were estimated to have risen from 6.6 Tg year-1 in 2000 

to 7.2 Tg year-1 in 2010, and accounted for up to 50% of total transport PM.   

 

1.2.3 – Health and Environment  

Regardless of its origin, soot is likely to cause problems in practically all environments 

into which it can penetrate. Perhaps the most important and well-publicised effects of 

soot are in relation to human health and global climate change. 

A 2016 report by the World Health Organization (WHO) considers ambient air pollution 

to be the single biggest environmental risk to human health [11], playing a role in 1 in 

9 deaths globally in 2012. In particular, PM is known to be associated with respiratory 

and cardiovascular disease [12, 13], where particulate size is an important consideration 
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for the degree of impact. PM is also an important cause of environmental degradation, 

contributing to altered ecological balance in water systems and reducing diversity of 

ecosystems [13]. 

Because of the prominence of these issues, numerous regulations and control schemes 

for PM emissions have been put into place over the years. The World Health 

Organization has created a variety of guidelines in relation to air pollution in different 

scenarios [14], and include particular focus on particulate emissions [15]. These kind of  

regulations are also usually implemented on a national level, such as the National Air 

Quality Objectives in the UK [16] which includes limits on exposure to PM10 and PM2.5. 

Despite these efforts, recent work by the European Environment Agency has found that 

as much as 81% of urban populations may be exposed to PM2.5 above WHO limits [17]. 

Atmospheric soot, often referred to as Black Carbon in this context, is extremely 

important in relation to the greenhouse effect and global climate change. In fact, it has 

been calculated that BC is second only to CO2 in terms of radiative forcing effects [9], 

and is known additionally to contribute to snow-ice melting via deposition in polar 

regions [18]. Reduction of BC emissions is a key target for abatement of climate change, 

as the short-lived nature of atmospheric soot in comparison to gaseous species such as 

CO2 means benefits may be much more quickly realised [19].  

 

1.2.4 – Soot from Automotive Engines 

As mentioned, the major source of soot in regions such as the UK, Europe, and North 

America is automotive ICEs, in particular diesel-powered vehicles. Given that my PhD 

project has been carried out as part of the Nottingham Powertrain research group, these 

sources have been our most direct concern in relation to soot.  

Though soot production from diesel engines has a long history, significant production 

of soot from gasoline engines is a relatively recent development. A major reason for 

recent focus on PM emissions from ICEs  actually stems from increasingly stringent 

controls on efficiency and emissions of other pollutants (a comprehensive guide to 

worldwide regulations on vehicle emissions can be found at [20]). To increase 

efficiency, modern engines adopt strategies such as direct injection (DI) and 

turbocharging. However, this has resulted in increased levels of soot production, 

particularly for gasoline engines [21]. Though use of particulate filters for soot capture 

are widely used for diesel, and are becoming more prominent for gasoline engines, their 

use is associated with an increase in fuel consumption by up to 5% [22]. Similarly, 
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technologies adopted to decrease gaseous emissions can have a similar effect. Exhaust 

gas recirculation is a commonly used method for reducing NOx emissions, but in diesel 

engines can result in a so-called “soot-NOx trade-off” [23]. In response to this increased 

sooting tendency of modern engines, European Emissions Standards have limited mass 

of PM emissions since 1993 for diesel, and 2009 for gasoline engines. More recent 

iterations of the EURO regulations, for example EURO-VI introduced in 2014, have 

limited particle number concentration as well.  

Even in the event of perfectly designed particulate filters, emitted soot is not the only 

concern. Soot can also entrain within the engine lubricant oils, where it is known to 

degrade the lubricating properties of oil and increase wear [24, 25]. Despite extensive 

research (see following chapter, section-2.3.2), the precise relation between soot and oil 

is as yet not well understood. This is particularly so for gasoline engines, in which soot-

loading in oils significantly increases with use of technologies such as direct injection 

[21]. Increased oil viscosity is of great concern, as use of low-viscosity oils is key to 

reduce friction losses and increase engine efficiency [26, 27]. 

Though hybrid and electric vehicles are ever increasing in popularity, diesel 

consumption is still expected to increase by up to 85% over the next 20 years, with 

gasoline consumption predicted to decrease only moderately, by around 10%, over the 

same period [28]. As such, soot-based research related to ICE can expect to be an 

important area of research for the foreseeable future. Based on the Scopus database of 

publications since 1946, the rate of increase of publications including “soot” as a 

keyword is almost twice that of the scientific literature in general, highlighting the 

growth of research in this area (see figure-1.1). 

 

1.2.5 – Context of this work 

Given the nature of my research group, the native focus of this study is on soot from 

automotive ICEs. The main impetus for developing a morphology characterisation tool 

is the observation that soot morphology plays an important in soot-mediated 

phenomena. Examples include toxicity to humans [29], radiative properties in the 

atmosphere [30], and coagulation of nanoparticles [31]. In some cases, authors have 

even explicitly stated that improved morphological characterisation could yield 

improved understanding of, for example, viscosity behaviour of sooted lubricant oils 

[32], and the relationship between soot and ash formation during engine cold-starts [33]. 

Characterisation of soot morphology permits understanding of these phenomena and 

subsequently intelligent design of systems to abate soot-related effects. 
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Figure-1.1: Plots of the growth in number of publications contained in the Scopus database from 1946 to 

2018. Above shows all publications including key-word “soot”, while below is all publications in general. 

Exponential fittings show rate of growth of soot publications (0.122) is almost twice that of the scientific 

literature in general (0.0667). 

 



20 
 

Prior to this work, the study of soot nanoparticles in 3D via electron tomography has 

been employed on only a small number of occasions, as a means to improve 

understanding of radiative forcing of soot by improving morphological characterisation 

[34-36]. During the course of this project, two more 3D soot studies have also been 

published [37, 38]. In all of these works, the authors highlight improvements in 

morphological characterisation both in quantitative and qualitative terms. Higher 

quality of morphological measurements resulted in strong deviations in predictions of 

light-scattering vs. simplistic morphology [34, 36], and qualitative appearance of 

particles lead to predictions relating to soot formation mechanisms [38].  

At the inception of this project, however, methodologies for ET study of soot 

nanoparticles were simply not quick enough to be practical. Characterisation of a soot 

sample generally requires several hundred individual measurements [39], yet the full 

3D reconstruction requires ≥1 day per nanoparticle [40]. As such, this project was 

focussed on optimisation of ET so that the benefits of improved morphological 

characterisation in 3D could be realised in a practice. Though this work is generally 

carried out in the context of soot from ICE engines, and the main sample studied is from 

the oil of a GDI engine, it is most certainly not limited to this field. Given that the aim 

of the project is to develop a tool or methodology for soot characterisation, much of the 

work undertaken could easily be applied to other soot species, and even any 

nanoparticles vaguely similar to soot in their size and appearance in TEM.  

 

1.3 – Aims and Objectives 

The overall aim of this work is to develop a high-throughput methodology for high 

quality morphology characterisation of soot nanoparticles in 3D. To achieve this, the 

following objectives were identified: 

 Develop a procedure to enable routine TEM observation of soot-in-oil 

nanoparticles in spite of the contamination from lubricant oil. This was 

achieved through development of a solvent extraction technique devoid of 

centrifugation or ultra-sonication. 

 Quantify uncertainty in traditional 2D-TEM morphology characterisation 

relating to orientation of nanoparticles on the TEM grid. 

 Optimise the major steps of the electron tomography procedure in terms of 

speed and accuracy. This was carried out through direct comparison of 

commonly available methods when performed on the same data set 
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 Optimisation of TEM imaging. Identification of sufficient quantities of suitable 

soot structures was streamlined via development of a semi-automated image 

acquisition and screening procedure. Reduction in direct human involvement 

was a major target of optimisation. 

 Assess accuracy of 3D reconstruction of soot. A simple aggregation simulation 

was performed to create soot-like models with exactly known 3D morphology. 

The 3D-TEM procedure was applied, and post-reconstruction morphology was 

compared to that of the original models. 

Upon completion of these objectives a final additional aim was to use the technique to 

characterise a real soot-in-oil sample in 2D and 3D. Soot was extracted from the oil of 

a gasoline turbocharged direct injection (GTDI) engine, and 34 nanoparticles were 

characterised in both 2D via TEM and 3D via ET. This data was used to compare 2D- 

and 3D-derived morphology directly, and describe the typical morphology of 

nanoparticles in that sample both qualitatively and quantitatively. A secondary output 

of this work was a methodology for high-throughput 2D-TEM morphology 

characterisation, and the same soot-in-oil sample was characterised via measurement of 

524 nanoparticles in 2D.  

 

1.4 – Thesis Layout 

This thesis contains 9 chapters in total. Chapters 2 and 3 contain the literature review 

and experimental details, respectively. Chapters 4-8 are the main working chapters of 

the thesis, while chapter 9 contains the final discussions and conclusions. The appendix 

also includes two short sections that are referred to in the main text. It was decided that 

these sections detracted from the flow of main chapters, so were separated for the sake 

of the overall narrative.  

The literature review aims to provide a holistic overview of soot to provide deep context 

for the work carried out. This includes details on soots formation, structure, and impacts, 

as well as details on methods of study of soot nanoparticles. It also describes the most 

relevant works in the literature, particularly those that also employ ET.  

Chapter 3 details the experimental equipment employed and the samples studied, as well 

as describing operation of TEM in relation to soot study and fundamental details on the 

processes involved in electron tomography.  
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This work includes a total of 4 ‘results’ or ‘working’ chapters, which are summarised 

in figure-1.2 below. 

 

 

Figure-1.2: A flow-chart showing the arrangement of the 4 results chapters 

 

The first working chapter (chapter 4) contains details on the use of ET and TEM for a 

‘case-study’ of flame-generated soot. This chapter contains discussions on sources of 

error in traditional 2D characterisation of soot morphology, as well as comparison of 

2D- and 3D-derived morphological result. This work is used to identify the areas in 

which improvement is required to achieve the goals of the project.  

Chapter 5 describes the assessment of various methods for tomographic reconstruction 

of soot in terms of speed and quality. The result is an optimised ET methodology that 

saves significant time while retaining accuracy of volume reconstruction. Chapter 6 

follows on from this optimisation, targeting improvements to the speed and ease of 

imaging via TEM. A methodology is developed to greatly increase automation in 

identification of nanoparticles for 3D study and reduce bias in these selections. The 

GTDI soot-in-oil sample is also characterised via typical 2D-TEM methods. 

Chapter 7 details the assessment of the accuracy of volume reconstruction by electron 

tomography. A set of soot-like aggregate models is created via a simple aggregation 
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model, and used a ‘ground truth’ by which to determine the propagation of 

reconstruction artefacts.  

Chapter 8 is the final results chapter, and describes the use of the optimised procedure 

for TEM imaging and ET to perform the most extensive 3D study of a soot-in-oil sample 

to date. In studying 34 individual nanoparticles, results are provided on the comparison 

of 2D- and 3D-derived morphology, the range of morphology in a quantitative sense, 

and qualitative observations of morphology facilitate only by 3D study. 

A final chapter of conclusions brings together all the outputs of this work, and details 

the achievements and opportunities for further work. 

1.5 – Contribution to Knowledge 

The work contained in this thesis provides a practical route towards full-scale 3D 

morphological characterisation of soot. To the authors knowledge, this work represents 

the first attempt at developing ET into a practical tool for soot study, as well as the most 

extensive 3D study of soot-in-oil and possibly any single sample of soot nanoparticles 

to date.  

Through both 2D and 3D study, this work provides qualitative and quantitative 

descriptions of soot extracted from the oil of a GTDI engine, a topic on which there are 

only a few examples available in the literature [21, 41]. The effect of nanoparticle 

orientation on typical 2D-derived morphology is quantified for this sample, as is the 

discrepancy between 2D- and 3D-derived morphology. Assessment of the accuracy of 

tomographic reconstruction of soot-like models is also performed for the first time.  

The optimised methodology for 3D morphology characterisation of soot was developed 

for study of a GTDI soot-in-oil sample, but is by no means limited to this. Study of 

aerosol soot, carbon black, diesel exhaust and soot-in-oil can all benefit from advanced 

morphological characterisation. The technique could also be extended to other light-

element nanoscopic species that appear similarly to soot in TEM.  
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2 – Literature Review 

This chapter details a review of the literature in regards to the formation, structure, and 

impacts of soot, as well as state-of-the-art methods of soot study. The aim is to present 

a thorough and well-rounded description of soot from a bottom-up perspective so as to 

provide the reader with sufficient context for the work carried out in this thesis. 

 

2.1 – Soot Formation 

In the introduction, the basic principles of soot formation were described. Oxidation of 

hydrocarbon and carbonaceous fuels forms carbonaceous particulate matter, i.e. soot, 

when there is insufficient presence of oxygen. So-called incomplete combustion can 

arise in many different scenarios, e.g. forest fires, internal combustion engines, candle 

flames, etc. The focus of soot study in the Powertrain research group at the University 

of Nottingham is on that produced by internal combustion engines. For the reasons 

stated in the introduction, this project also has a particular focus on GDI soot-in-oil, 

which is soot produced by automotive gasoline direct injection engines that has 

transferred to the lubricant oil film of the engine. 

In this section, the findings of published work regarding the formation of ICE soot will 

be detailed and discussed. First, details on the modes of operation in automotive ICEs 

that lead to soot formation will be presented, followed by the chemical pathways and 

mechanisms that cause soot to be formed under such conditions. 

 

2.1.1 – Soot Formation in Internal Combustion Engines 

Production of soot is a well-known phenomenon for diesel engines, and while 

traditionally insignificant for older gasoline engines it has become a growing concern 

with the increased usage of direct injection technology. As mentioned, soot is formed 

when incomplete combustion takes place due to lack of oxygen during the combustion. 

These ‘anaerobic’ conditions within the engine cylinders can arise for a number of 

different reasons. 

One of the most important causes of soot formation in diesel and gasoline engines is the 

presence of fuel-rich zones within the cylinders which arise due to non-homogeneous 

mixing of fuel and air (together known as the charge) prior to ignition [41-43]. Older 
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gasoline engines made use of carburettors or port-fuel injectors (PFI) to ensure 

homogeneous mixing of fuel and air prior to injection, but modern diesel and gasoline 

engines tend to use direct injection of fuel instead. Direct injection has been employed 

because greater control over injection timing and pressure has enabled improvements to 

both efficiency and performance [44]. However, direct injection of fuel into the cylinder 

allows less time for vaporisation and mixing with air, and is known to lead to higher 

levels of particulate emissions [42, 45]. Though injection timing can be altered to allow 

longer mixing periods, Williams et al. observed that mixing of the charge occurred to a 

similar degree regardless of the injection timings used in their study [46]. Maricq et al. 

observed that particulate emissions of a direct injection spark ignition (DISI) engine 

even increased as injection timing was advanced [47], when theoretically there would 

be more time for mixing. They suggested that soot may form due to direct thermal 

decomposition or ‘charring’ of liquid fuel droplets, as well as from combustion of fuel-

rich zones. 

As described above, liquid fuel droplets can form when there is insufficient time for fuel 

vaporisation and mixing, such as during late fuel injection timings and high speed load 

conditions [47]. However, droplets may also form due to condensation at low engine 

temperatures during ‘cold-start’ conditions. Cold-start refers to the initial period of 

engine operation when pre-ignition temperature is low, which has been defined as  < 23 

°C [33].  In this regard, Peckham et al. observed that soot formation was most prominent 

during the first 200 seconds of a test cycle for a 1.6 L GDI engine from a passenger 

vehicle. Badshah et al. studied cold-start particulate emissions during the New European 

Driving Cycle (NEDC) test for over 20 vehicles, comprising a mix of PFI, GDI, and 

diesel technology. For most gasoline engines they observed that Euro-VI particle limits 

for the entire test cycle were exceeded within the first 12 seconds of a cold-start [33]. 

In their recent study of exhaust soot from a GDI engine [48], Bogarra et al. measured 

peak particle number concentrations of 1.4 x 108 cm-3 during a cold-start, which 

“dropped an order of magnitude after 140 seconds of the engine warming up”.  

In a similar vein, soot formation also occurs due the combustion of films and pools of 

liquid fuel in the combustion chamber. In DI engines, the geometry of the fuel injection 

is designed to achieve fuel-air mixing in the cylinders, due the lack of pre-mixing [49, 

50]. A common strategy for both diesel and gasoline engines is wall-guided injection 

[51, 52], where mixing is promoted by deflection of the fuel spray off the piston. In GDI 

engines another common strategy is air-guided injection [50], where turbulent intake air 

promotes directional mixing. Depending on the mode of operation employed, the fuel 

spray can impinge on the walls of the cylinder [49, 53], or on top of the piston [54] 
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leading to presence of liquid fuel in these areas, and subsequent soot formation during 

combustion.  

Direct fuel injection in automotive ICEs has been extremely useful for meeting 

efficiency and emissions targets in recent years. However, improvements in power 

output, thermal efficiency, and NOx, CO, and hydrocarbon (HC) emissions tends to 

come at the cost of increased soot production [23, 55]. 

 

2.1.2 - Chemical Pathways and Mechanisms to Soot Formation 

The works referenced in the previous section consider soot formation in ICEs from a 

top-down perspective, but for full appreciation of soot formation the processes must 

also be considered from the bottom-up. A vast amount of research has been carried out 

over the last several decades to understand soot formation in terms of chemical 

mechanisms and pathways.  

The main stages generally agreed upon as those that govern the formation of soot are: 

formation of polycyclic aromatic hydrocarbons (PAHs) from precursor molecules, 

nucleation to form particles, surface growth from the vapour phase, coagulation of 

particles, and oxidation acting to decompose the soot [56]. Though it is useful to 

consider these processes in the order stated above to understand a single nanoparticle 

formation, in reality they all occur simultaneously during combustion. According to a 

series of complex chemical reactions, soot nanoparticles are produced within 

milliseconds [57]. 

During the initial stages of combustion a number of small molecular and radical species 

form from the breakdown of the longer-chain fuel molecules. In regards to initiating 

soot formation, one of the most important of these ‘precursor’ molecules is considered 

to be acetylene [56, 58]. Other small hydrocarbon radical species are present alongside 

acetylene, and radical reactions occur to produce small aromatic molecules such as 

benzene and naphthalene [56, 59]. Some authors have considered that these small 

aromatic molecules may be more accurately thought of as soot precursors rather than 

acetylene [60]. Polymerisation reactions continue and large macro-molecules with 

extended aromatic character (known as polycyclic aromatic hydrocarbons or PAHs) are 

formed [56, 59].  

Next, the nucleation of large PAHs occurs and the first soot particulates of  several 

hundred [61], or several thousand [62] atomic mass units emerge from the vapour phase. 

In general, the formation of these incipient particles is not currently well understood 
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[59, 63], but recent work by Johansson et al. has suggested a possible mechanism for 

nucleation and subsequent surface growth [64].  This mechanism involves radical chain-

reactions creating covalent bonds between small molecules (such as acetylene) to form 

PAH radical species stabilised by their aromatic character. Similar radical reactions are 

expected to be able to covalently bind aromatic and aliphatic species to form large PAHs 

and the nascent particles. Finally, the mechanism predicts presence of radical reaction 

sites on particles as important for surface growth of vapour phase species that are 

otherwise too small to directly condense on the particle. Another widely considered 

mechanism for surface growth of particles by addition of small vapour phase molecules 

is via hydrogen abstraction carbon addition reactions [65]. Surface growth is considered 

to be the major contributor to mass of soot nanoparticles [66]. 

Concurrent with surface growth and nucleation, coagulation of the initial particle 

species occurs, resulting in a decrease in overall particle number but an increase in 

particle size [66]. The coagulation (or coalescence) of multiple small particles, 

alongside continued surface growth, results in the formation of the characteristic soot 

primary particle [67]. Primary particles are approximately spherical with diameters 

around 20-50 nm [68], and constitute the basic structural unit of soot nanoparticles. The 

final formation process is the aggregation of primary particles via their collision, 

creating the typical fractal-like chain structures of soot nanoparticles [57]. 

Of course, these processes occur in a high-temperature environment in the presence of 

oxygen, and the soot itself is carbonaceous and therefore combustible. As such, 

oxidation reactions pervade the formation processes and act to reduce overall soot size 

and mass. Prior work has observed that O2, CO2, H2O, and NO2 species all contribute to 

oxidation of soot [69]. Additionally, the reactive cylinder conditions act to reduce the 

elemental diversity of soot via the elimination of functional groups containing hetero-

atoms. So-called carbonisation increases the relative carbon content of soot as well as 

its crystallinity [56].  

The structural characteristics of soot depend strongly on the balance of the formation 

and oxidation process, and as such can vary greatly depending the source. The next 

section details typical structural features of soot nanoparticles. 

 

2.2 – Soot Structure and Morphology 

Soot nanoparticles, often referred to as agglomerates or aggregates, have a complex, 

branched morphology resulting from the chain- or cluster-like aggregation of sub-units 
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known as primary particles. The size of soot nanoparticles typically ranges from 50-

500nm, though this is strongly dependent on the formation conditions [68, 70-72]. The 

term ‘mass fractal’ is often used to describe soot agglomerates [73-75] due to their 

resemblance to self-similar fractal patterns, though self-similarity in soot is often only 

true over very small distances. 

 

2.2.1 – Primary Particles and Nanostructure 

The structural sub-unit of soot nanoparticles are the ‘primary particles’, which are 

approximately spherical and possess a structure comprising an inner core and outer shell 

[41, 70, 76]. The inner core generally has diameter around 10 nm and consists of several 

small carbon spherules with diameters of 3-4 nm, surrounded by carbon layers in a 

distorted, flexible structure [76]. The presence of spherules relates to the formation of 

the primary particles via the coagulation of the nascent soot particles [67]. An outer 

layer of similar thickness is formed from a concentric “onion-like” arrangement of short 

graphitic “micro-crystallites”, perpendicular to the radius [76, 77]. The micro-

crystallites are short lengths of graphitic carbon, consisting of 2-5 layers of sp2-

hybridised carbon in a hexagonal honeycomb arrangement, and are around 1 nm thick 

and 3.5 nm wide [76]. 

 Mean primary particle diameters are usually in the range of 20-50 nm, and size and 

morphology have been seen to vary depending on the source, and between works. For 

example, La Rocca et al. found a mean diameter of 36 nm for GDI soot-in-oil, with an 

additional 5 nm thick amorphous layer observed on the surface of the particles [41], 

whilst a typical 2-layer structure and a mean diameter of 20 nm was found for soot taken 

from diesel engine oil [70]. Lapuerta et al. observed a mean of 25 nm within a narrow 

range in their study of exhaust soot from a diesel engine [71], whilst Devlin et al. [78] 

and Clague et al. [68] each found a mean of 40 nm for a similar soot source. In their 

study of diesel exhaust soot from a Euro IV compliant engine, Su et al. observed small 

primary particles with diameters in the range 3-15 nm, where the particles consisted of 

only an inner core; the lack of an outer layer perhaps due to the higher extent of 

oxidation exhaust soot is subject to [79]. By comparison, carbon black primary particles 

were 20-30 nm in diameter. Lee et al., in their study of diesel engine particulates, found 

that primary particle size varied over the range 28.5 to 34.4 nm as engine conditions 

were altered [80], and Lu et al. found primary particles in the range 23.8-28.5 nm in a 

similar study [81]. When considering soot formed from diffusion flames of different 

blends of ethanol and gasoline, Maricq observed primary particle diameter to increase 
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from 19 nm to 44 nm as the ethanol fraction decreased from 85% to 0% [82]. Wentzel’s 

2003 study compared diesel exhaust soot with soot created from spark discharge of 

graphite [83], and while diesel primary particle diameter was fairly typical at around 23 

nm, so-called “Palas soot” was much smaller at around 7 nm. 

Despite significant variation in size between different samples, primary particle size has 

been considered to be effectively monodisperse within a particular diesel soot sample 

[71, 84, 85]. Some work, however, has observed significant variation in primary particle 

size for soot from gasoline engines. For example, in their study of GDI exhaust soot  

Liati et al. [86] observed primary particle diameters in the range 4-55 nm. A similarly 

large range in primary particle diameter was also observed by Seong et al. in their study 

of the effect of engine operating parameters on the morphology of GDI soot [87]. 

 

2.2.2 – Nanoparticle Aggregate Structure 

The spherical primary particles aggregate to form fractal-like nanoparticles, sometimes 

termed secondary particles, in the form chains and clusters. The size and morphology 

of aggregates depends on the source of the soot, but in general particles are in the range 

of 50-1000+ nm in length. Aggregate sizing via TEM is less common to observe in 

publications compared with primary particle sizing, but when present can be seen 

measured via methods such as mass particle size analysis or TEM (see section 2.4.1). 

In their TEM study of soot-in-oil [41], La Rocca et al. found the mean skeleton length 

of soot-in-oil from a GDI engine to be 153 nm, and skeleton width to be 59 nm. This 

was slightly larger than mean skeleton length and width for soot from diesel engine oil 

[70], which were measured as 132 nm and 49 nm respectively. GDI soot-in-oil saw 9% 

of particles with length over 300 nm, whilst soot from diesel engine oil saw 90% of 

particles under 200 nm long. Imposing a condition that particles with aspect ratio >2.5 

be considered chains, and <2.5 as clusters, GDI oil soot possessed slight excess (54%) 

of clusters, whilst diesel oil soot had the same level of excess in favour of chains. Clague 

et al. (also employing TEM) observed differences in mean particle size for soot taken 

from 2 engine oils with different dispersant abilities [68]. The better dispersed soot had 

an average size of 150 nm, with a maximum of around 400 nm, whilst the poorer oil 

saw average size of 210 nm, with some particles over 500 nm. In their study of diesel 

exhaust soot, Park et al. observed particles ranging from 50 to 300 nm in size [84]. Uy 

et al. compared diesel and gasoline soot with carbon black using a range of analytical 

techniques including TEM [21]. While carbon black agglomerates could reach several 

microns in size, GTDI soot was sub-micron in size and diesel soot agglomerates were 
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observed with lengths in the range of 100-700 nm. As previously mentioned, Seong et 

al. studied effects of engine operation on GDI soot formation [87]. Their measurements 

of radius of gyration showed that advanced injection timing increased aggregate size 

from around 66 nm to 90 nm, and that retarded timing was concurrent with increased 

ratio of smaller particles.  

La Rocca et al.  [70] recently observed that the method of imaging particles could also 

affect the size of particles due to the experimental handling required. High resolution 

TEM imaging (HR-TEM) of oil soot required ultracentrifugation to achieve sufficient 

separation from the oil phase, as engine oil is a contaminant in electron microscopy [41, 

88]. This was seen to increase mean agglomerate skeleton length by more than double, 

and width by almost 70% compared to soot particles from the same sample prepared for 

and imaged by standard TEM. Ultrasonic bathing reduced agglomerate size, but not to 

the original size observed in standard TEM. 

 

2.3 – Impacts of Soot 

As described, production of soot is in balance between the formation and oxidation 

processes. Due to the ongoing oxidation, a fraction of the soot produced is simply 

decomposed within a single stroke of the piston. However, that which survives can 

follow two different paths: emissions from the engine with the exhaust gases, or 

entrainment within the lubricant oil film.  

 

2.3.1 – Outside the Engine: Exhaust Soot 

Of the soot that survives oxidation, most is emitted from the engine alongside the 

exhaust gases that include CO2, H2O, CO, NOx, and various hydrocarbons. Reduction 

of CO, NOx, and HC emissions is commonly achieved using three-way catalytic filters 

in gasoline engines, while use of oxidative catalysts for CO reduction and exhaust gas 

recirculation (EGR) for NOx reduction is common in diesel engines [89]. Since their 

first commercial application in diesel vehicles in 2000 [90], many automotive engines 

are now fitted with filters to remove particulates as well. So-called diesel particulate 

filters (DPFs), and more recently gasoline particulate filters (GPFs) [91], operate as high 

surface area, porous ‘traps’ that retain particulates whilst allowing gaseous species to 

pass through. Filtering of particles is achieved through simple sieving based on size, 

adsorption onto the walls over the long path-length, and so-called ‘cake’ filtration where 
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subsequent particulates build thick layers on the filter over time [22]. Eventually, high 

levels of accumulation mean filters need to be ‘regenerated’ by combustion of the soot 

on the filter. While particle filtering efficiency can be greater than 99% once cake-

filtration occurs [92], increases in backpressure reduce engine efficiency and 

subsequently fuel economy can decrease by 2-5% [22]. 

Particle filtering efficiency has been observed to be inconsistent over different particle 

size ranges [92], and particle production has been seen to increase by an order of 

magnitude during filter regeneration [93]. While strict particulate emission regulations 

mean that PFs are now incorporated into most diesel passenger vehicles, market share 

of gasoline PFs as of 2018 has been estimated at only around 10% [94]. As such, 

significant quantities of soot and other particulates are still emitted from automotive 

ICEs worldwide. As an aerosol, soot is well-known for its negative effects on human 

health, as well as its significant contribution to ecological damage, the greenhouse 

effect, and global climate change.  

In relation to their effect on human health automotive exhaust emissions have been 

researched extensively, such that that this section can serve only as a brief snapshot of 

the state of current understanding. In general though, it has been considered that cancer, 

and respiratory and cardiovascular illnesses are the primary forms of disease due to soot 

[95]. In their 2011 study, von Klot et al. observed that soot exposure could trigger acute 

myocardial infarction, and related soot exposure to time spent outdoors and in traffic 

[96]. When exposing mice to diesel exhaust emissions, Nejad et al. observed an increase 

in neurovascular inflammation and a ‘compromised’ function of the blood brain barrier 

[97]. Similarly, Barath et al. observed ‘impaired vascular function’ and airway 

inflammation due to soot exposure, and noted that the extent of the effects changed as 

a function of engine operating conditions [98]. Separate studies have also observed that 

both the fractal morphology of soot [99], and its hygroscopic properties [100] were 

related to depth of penetration within human lungs. It has also been observed that the 

increased surface area of the nanoparticles is linked to increased toxicity in humans [29].  

In their extensive review of the role of carbon nanoparticles in climate systems, Bond 

et al. concluded that soot was second only to CO2 in terms of its contribution to radiative 

forcing [9]. In the stratosphere, soot nanoparticles are known to be involved in complex 

interactions with radiation [35, 36, 101], resulting in a net positive contribution to the 

greenhouse effect [102] through absorption of visible light. Soot has also been linked to 

increased snow and ice melting due to deposition on these surfaces and consequent 

heating via light absorption [18], which also contributes to climate warming through 
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altering the albedo of the planet. Again it has been seen that the fractal morphology, 

quantified via the fractal dimension, plays a role in determining the refractive properties 

of soot [30], and similarly can be used to understand the Brownian coagulation of soot 

in atmospheric models [31]. 

Further examples of the effects of soot is in its concentration in surface waters [103], 

where the surface soot particles behave as active sites for adsorption of waterborne 

biological species, altering the microbial balance. Similarly, soot has also been observed 

to alter distribution of other pollutant species in water systems by acting as sites for 

adsorption of organic molecules [104] 

Study of soot (including the specific effects of nanoparticle morphology) is an 

extremely important topic of research in wide variety of disciplines, and as concerns 

over health and climate effects continue to increase it is only likely to become more 

important.  

 

2.3.2 – Within the Engine: Soot-in-Oil 

A small percentage of the soot produced in the cylinders becomes entrained within the 

engine lubricant oil, either via blow-by gases passing the piston rings [105], or via a 

thermophoretic mechanism into the oil film on the cylinder walls [106, 107]. So called 

‘soot-in-oil’ is a well-known phenomenon for diesel engines, where it has been observed 

that structure and morphology is generally similar to exhaust soot and carbon black [21, 

68]. Recently, work has begun to be published regarding GDI soot-in-oil, for which 

numerous novel structural and morphological features have been observed [21, 41, 108]. 

This includes presence of localized amorphous structures, crystalline areas related to 

wear elements, and amorphous layers at the primary particle level. 

The effects of soot entrainment within the lubricant oil of automotive vehicles have been 

the subject of extensive research since the 1970s. These studies primarily focus on the 

observation of the changes in friction [109-114], viscosity [24, 32, 114, 115], and wear 

[115-120] in the presence of soot. Although in general it is acceptable to state that soot 

leads to decreased lubricant performance, a precise understanding of the soot-oil 

relationship has not yet been achieved. For example, though in the majority of cases 

increased soot causes an increase in wear [111, 112, 116, 120, 121], it is not universally 

so [113, 122]. In terms of viscosity, soot increasing viscosity is the predominant finding 

[32, 115, 123] but there are exceptions [114]. In terms of friction, there is a more even 

split as to whether increased soot causes an increase [109, 110, 112, 124], or decrease 
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[109, 111-114, 125] in friction coefficient. These apparent contradictions are due in part 

to distinct differences in the experimental setup of different studies. This includes choice 

of oil (fully formulated oil [21, 126], base oil [127], or base oil + selected additives 

[113, 115, 116]), source of soot (genuine soot-in-oil from engine operation [21, 32], 

exhaust soot [113], or carbon black [112, 114]), level of soot contamination, and method 

of experimentation (e.g. various geometries of surfaces in contact, lubrication regime, 

contact material, temperature, operating speed etc.) amongst numerous others. 

In many studies of the effect of soot on oil, the only metric used to describe entrained 

soot is the percentage by weight [24, 109-114, 116, 117, 119, 121, 125], commonly 

determined using thermogravimetric analysis (TGA) [32, 128]. Such a simplistic 

parameter ignores the defining characteristic of soot; that it is in the form of nanoscale 

agglomerate particles that have complex fractal 3-dimensional morphology. This may 

be part of the reason for the lack of coherence in results on the soot-oil relation. A study 

that perfectly embodies this notion is that by Liu & Nemoto [109], where different oil 

formulations laden with 3%  soot see coefficient of friction both increase and decrease 

as a function of temperature. In response to the inconsistent relationships that are 

observed between soot and oil, several authors have concluded that the ‘state’ of soot in 

oil is a more important factor than simple concentration [24, 32, 111, 128]. In this sense, 

‘state’ refers to properties such as particle size [120], total soot surface area [32], level 

of agglomeration [24], and surface reactivity [112].  

When more detailed characterisation of the soot is carried out, it often leads to more 

nuanced and in-depth relations observed between soot and oil properties. For example, 

Bardasz et al. observed that while viscosity increases tended to depend on soot 

concentration, there was no direct correlation [32]. Instead, total soot surface area [32], 

and particle size [118] (related to level of agglomeration) showed strong correlation to 

viscosity increase, and the authors noted that more accurate understanding of 

morphology would improve any observed relations. In their 2010 study, Antusch et al. 

concluded that wear properties of sooted oils could not be interpreted from soot 

concentration alone, as physico-chemical properties including morphology and surface 

reactivity were more significant  [111]. In a simulation study of soot-in-oil suspensions, 

Zeidan et al. concluded that soot-loading rate of oil is intrinsically linked to particle 

morphology and in-turn lubricant viscosities [129]. In their study of diesel engine 

lubricant oil, Covitch observed that alongside soot concentration, soot agglomerate size 

played a role in altering lubricant oil viscosity [130]. Asango et al. [128] observed how 

experimental viscosity measurements for soot-laden oils deviated from the predictions 
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of both Einstein’s [131], and Brinkman’s viscosity equations [132], and suggested that 

both concentration and size distribution of soot played a role.  

In a similar vein, studies of nanofluids (a term often used to described fluids with 

entrained nanoscopic particles, fundamentally similar to suspension of soot in lubricant 

oil) have often observed the impact of morphology on physical properties such as 

viscosity and thermal conductivity. For example, the viscosity of liquid-solid 

suspensions has been observed to have a dependence on the shape and size of the 

entrained nanoparticles [133], which strongly affects solid-solid interactions within 

suspensions. In their 2018 study, An et al. observed that particles of higher sphericity 

(i.e. more spherical) experience less inter-particle friction, and thus lead to smaller 

viscosity increases [134]. Sphericity has also been used to account for the effect of 

nanoparticle shape on thermal conductivity of heterogeneous materials since the 1960s 

[135]. Ghozatloo et al. observed that modification of common rheological equations for 

liquid suspensions by addition of a shape factor term (similar to aspect ratio) resulted in 

a closer fit vs. experimental viscosity measurements for several nanofluids [136]. And 

in 2003, Wang et al. developed a model for predicting thermal properties of nanofluids 

using input from fractal geometry of nanoparticles [137]. 

Based on the observations in both this section and the previous section, the morphology 

of soot is clearly very important in terms of determining the extent of soot related 

effects. As such, soot morphology has been determined frequently in the literature using 

a variety of different techniques. These will be discussed in the following sub-section.  

 

2.4 – Characterisation of Soot Morphology 

Determination of the shape and structure of both individual nanoparticles and soot 

samples as a whole can be carried out using range of different techniques and 

equipment, depending on the needs and interests of the researcher.  

 

2.4.1 – Low Dimensional Characterisation 

Soot morphology characterisation in its most basic forms can be carried out without 

direct observation of the structures of individual nanoparticles. There exist a number of 

somewhat similar techniques that measure average size and size distributions of 

nanoparticles in-situ in terms of an ‘equivalent diameter’.  
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The size of aerosol soot nanoparticles is commonly determined using electrical mobility 

measurements [138-140]. This technique involves adding electrical charge to aerosol 

particles, and observing their rate of movement through a medium in response to an 

applied electric field. Particle size is determined because, for example, larger particles 

will move more slowly than smaller particles.  

Two similar techniques that measure soot size in liquid suspensions in terms of 

‘hydrodynamic diameter’ are nanoparticle tracking analysis [141, 142], and dynamic 

light scattering [109, 128, 143, 144] (NTA and DLS respectively). In both of these 

methods, instruments track the Brownian motion of particles in suspension as a means 

to calculate their number concentration and size distribution. Hydrodynamic diameter 

refers to the effective diameter of the particle during dynamic motion in suspension. 

DLS records fluctuations in the overall intensity of scattering of an incident laser beam, 

and relates the rate of fluctuation to the Brownian motion of particles in the sample via 

an auto-correlation function. Hydrodynamic diameter is derived from the relationship 

between particle size and speed in Brownian motion.  By contrast, NTA records laser 

scattering by individual particles and tracks movement through a field of view in real-

time to determine the Brownian motion and hydrodynamic diameter.  

These types of techniques can be performed rapidly and in-situ, and resulting diameters 

and size-distributions are generally based on measurements of statistically significant 

quantities of particles. However, in comparison to the known fractal structures of soot 

particles this information is clearly very limited, and often more detailed methods of 

characterisation are preferred. 

 

2.4.2 – TEM Characterisation 

Due to their nanoscopic size, the direct visualisation of soot nanoparticles can only be 

achieved with ultra-high resolution techniques such as transmission electron 

microscopy. Many of the studies already mentioned in this literature review have opted 

to use TEM as a means to study the morphology and nanostructure of soot. A description 

of the basic operation of TEM in relation to soot study is provided in the following 

chapter, section-3.1.4. TEM allows direct imaging of soot nanoparticles, albeit in 2D, 

so provides greater detail on morphology in comparison to the methods mentioned in 

the previous section.  

Electron microscopy was first developed in the 1930s [145], and has been used to study 

soot since at least the 1940s [146]. The technique has been used to study a wide variety 
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of soot and soot-like materials including carbon black [68], brown carbon [4], flame-

generated soot [147], diesel exhaust soot [84] and soot-in-oil [70], gasoline exhaust soot 

[148, 149] and soot-in-oil [21, 41], aviation soot [150], and soot from marine vehicles 

[151]. 

TEM is commonly used for measurement of primary particle diameters [150] and 

overall aggregate size [152], generally involving the study of around 50-500 individual 

nanoparticles and primary particles [39, 152]. However, TEM images only provide 2D 

projections of what are known to be 3-dimensional structures. As such, 3D morphology 

cannot be measured directly but must instead be inferred from what can be measured in 

2D. Correction factors of some form must be derived that link real 3D morphology with 

the observed and measured 2D morphology. In this regard, measurements of aggregate 

area and mean primary particle diameter are commonly used to determine the number 

of primary particles constituting an aggregate based on a combination of simulated and 

real aggregate data [73, 75]. The number of primary particles may then be used to infer 

volume [153], surface area [154, 155], and fractal dimension [75, 83] of a nanoparticle. 

Alternatively, parameters such as fractal dimension [156], radius of gyration [157, 158], 

circularity [159], and skeletal length [160] are simply measured in 2D, with the no direct 

attempt to infer 3D morphology. In section-3.6.1 of the following chapter, and various 

points within chapter-4, more detailed discussion of morphological characterisation by 

these methods can be found.  

Details of the graphitic nanostructure of primary particles, as discussed earlier in this 

chapter, can be quantified in terms of properties such as length, tortuosity, and 

separation by using high-resolution TEM imaging (see section-3.1.4.3 for further 

details) [108, 147, 161]. Such information has been used to understand soot formation 

processes [162], and make predictions on the reactivity of nanoparticles [163].  

 

2.4.3 – Electron Tomography  

In an effort to perform morphological characterisation in even greater detail, electron 

tomography has been used to study soot nanoparticles on a small number of occasions 

in the literature. Electron tomography uses multiple 2D TEM images of a nanoparticle 

to recreate the original nanoparticle volume in 3D. Electron tomography can permit 

direct determination of 3D morphology without need for empirical correlations and the 

associated uncertainties.  
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Electron tomography was initially developed in the late 1960s by David DeRosier and 

(eventual Nobel Laureate) Sir Aaron Klug, and was first used for the 3D study of a 

bacteriophage virus [164]. Following in this direction, ET has primarily been used for 

the study of biological samples such as viruses and cellular sub-structures [165], but has 

also been widely adapted for materials science in recent years too (many useful 

examples of the application of ET can be found in the introduction of Fernandez’ work 

entitled “Computational Methods for Electron Tomography” [166]). 

Prior to 2016, ET had only been used for soot study by van Poppel et al. [34], Adachi 

et al. [35, 36], and members of my own research group [40]. More recently, work 

including ET study of soot was also published by Okyay et al. [37] and Baldelli et al. 

[38].  

For van Poppel [34], the emphasis for the use of ET was understanding radiative forcing 

by atmospheric soot, for which predictive models tend to consider soot only as spherical 

particles. Based on the results of their study, they considered that traditional predictions 

of soot ageing were up to 16 times too long, leading to significant overestimations of 

the ‘global burden’ of soot. However, they also predicted that the implication of 3D 

morphology for light-scattering properties of soot could be even more significant for 

predictions of the impact of soot on climate.  

Following on from the work of van Poppel, Adachi and co-workers were also concerned 

primarily with the climate effects of soot [35, 36]. In particular, they considered that 

traditional 2D-TEM morphology characterisation was inadequate for determination of 

fractal morphology. They observed significant deviations between 2D- and 3D-derived 

morphology, and significant variability in 2D-derived morphology depending on the 

angle at which a nanoparticle was observed. Their calculations of light-scattering by 

soot was up to 30 times larger when incorporating 3D-derived morphology compared 

with a typical spherical model of nanoparticles.  

In 2016, Okyay et al. performed a variation of electron tomography using scanning 

electron microscopy (SEM) instead of TEM [37]. Their purpose for soot study was the 

thermal conductivity of soot in industrial combustion processes, for which they were 

aware nanoparticle morphology played an important role. Again, they were particularly 

concerned with inaccuracies in 2D fractal dimension calculations, and were of the 

opinion that SEM offered simpler sample preparation in comparison to ET via TEM. 

Their study primarily focussed on the development of the methodology rather than 

calculations based on 3D morphology. 
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Most recently, Baldelli used electron tomography for the study of soot produced from 

flames [38]. Their primary concern was more fundamental, in terms of validation of 2D-

derived soot morphology and potential implications of 3D morphology as opposed to a 

specific soot-related process. They paid particular attention to the variability of 2D-

derived morphology as a function of particle orientation, similar to the work of Adachi 

and that performed in this thesis. Based on their results, they considered that 2D-derived 

primary particle diameter and aspect ratio were not strongly affected by nanoparticle 

orientation, though measurements of area varied by around 30% on average. By using 

ET, they observed ring-features in the 3D models of nanoparticles that were not 

appreciable via typical 2D-TEM study. They reflected that such observations were 

potentially useful for understanding soot formation processes, suggesting that it 

indicated that bonds between primary particles were somewhat labile early during soot 

formation. 

Despite these promising results, the use of ET for soot study has remained effectively 

at an ‘introductory study’ stage. In short, electron tomography is simply too slow to 

facilitate the study of a statistically significant number of individual nanoparticles that 

would be needed to characterise a particular sample. This is because ET requires many 

individual TEM projections to be acquired for each nanoparticle, additional constraints 

which particles are suitable for study, and time required for computations and 

production of the 3D model (these are discussed in detail in the following chapter, 

section-3.3). Regardless of benefits in accuracy vs. 2D-TEM and other techniques, ET 

as it stood at the beginning of this project was not a viable option for a real application. 

The aim of this work is to narrow the gap in throughput between 2D- and 3D-TEM, and 

make ET a legitimate alternative for soot study. 

 

2.5 – Summary 

The aim of this literature review was to provide a detailed account of the state of the 

understanding of soot in general, and appreciation for the wide scope of soot-related 

research carried out at present. With a particular focus on soot from automotive engines, 

historical and contemporary research was presented relating to soots formation, 

structure, and impact in a range of environments. Where relevant, the role of 

morphology in soot-related phenomena was highlighted, given the relevance to the work 

in this thesis. Particular attention was also paid to the relationship between soot and oil 

given the main soot-sample studied in this work was soot-in-oil from a GTDI vehicle. 
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Also discussed were various techniques for the characterisation of soot morphology and 

structure, especially TEM. Finally, the burgeoning field of ET study of soot was 

discussed to place this work in its most immediate context.  

The topics discussed in this chapter clearly demonstrate that morphological 

characterisation of soot is not only relevant, but extremely important in numerous 

applications. In particular the benefits of 3D soot study from the perspective of other 

researchers make evident that ET is an effective tool for enhanced soot characterisation. 
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3 – Experimental Methods and Facilities 

The following chapter details the facilities available at the University of Nottingham to 

perform TEM and ET on soot, and the nature of the soot samples studied in this work. 

A brief explanation is given on the TEM operation in relation, and the theory and 

process of tomographic reconstruction is explained. Finally, details on the 

morphological characterisation performed on soot are provided. 

 

3.1 – Transmission Electron Microscopy 

3.1.1 – Basics of Electron Microscopy 

Transmission electron microscopy is an ultra-high resolution imaging technique widely 

used to study nanoscopic structures in fields as diverse as medicine [167, 168], biology 

[169], materials science [170], and nanotechnology [171, 172]. Basic TEM imaging 

operates under the same principles as optical light microscopy, in which an incident 

beam from an illumination source is transmitted through a thin specimen and produces 

a projection. While in optical microscopy visible light is the illumination source, in 

TEM an electron beam is used to facilitate extremely high levels of magnification. The 

de Broglie wavelength of an accelerated electron is much shorter than that of visible 

light and can be shorter than that of X-rays too, being on the order of around 2-3 pm 

under typical TEM conditions. In microscopy, shorter wavelengths in the illuminating 

beam enable higher resolution imaging to be performed. By ‘resolution’ what is meant 

is the smallest distance that can exist between two points at which they still appear as 

individual points; above the resolution limit they would appear to merge into a single 

point. The theoretical relation between wavelength and resolution is described by Ernst 

Abbe’s equation: 

𝑑 =
0.612𝜆

𝑁𝐴
 (3.1) 

 

Where d is resolution, 𝜆 is wavelength, and NA is numerical aperture (a measure of the 

range of angles over which the microscope can accept/emit the illuminating beam). Due 

limitations in the focussing capacity of the lenses used, resolution in TEM is restricted 

to around 1 Å (1x10-10 m) in practice. 
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3.1.2 - The specimen stage: TEM grids 

Samples for TEM are prepared on so-called grids. TEM grids generally take the form 

of  3 mm diameter disks made of a metallic mesh (copper, nickel, and gold are common 

grid materials), which is illustrated in figure-3.1. Different mesh sizes are available, 

containing anywhere between 50 to 600 individual squares over the 3 mm disk. At ‘300 

mesh’, each square is around 40 x 40 μm in size. The grid mesh is coated with a support 

film, which is the substrate onto which the sample (e.g. soot) is deposited. There are a 

wide range of different support films available depending on the nature of the sample 

under study. Common support films include formvar (a thermoplastic resin), and holey 

amorphous carbon films. An example of the latter is shown in figure-3.2. The support 

film must be strong enough to support the sample and span the gaps of the mesh, yet 

must also be as transparent as possible under the electron beam to minimise obscuring 

the structures of interest. In many cases, larger specimens may simply span the holes of 

the metallic mesh, or those of a holey/lacey carbon film. In this case the background to 

the specimen is only the vacuum of the microscope, which provides the least possible 

contrast. However, smaller structures such as soot nanoparticles are much smaller than 

the holes of even a holey carbon film (generally <500 nm in length). In order to properly 

support these nanoscopic structures, an additional support film may be deposited on top 

of a holey/lacey carbon mesh. For our studies of soot we used 300 mesh copper grids 

coated with lacey or holey carbon, also coated with a few additional layers of graphene 

oxide. The graphene oxide is extremely thin (<1 nm per layer) and provides minimal 

contrast under the TEM beam, so is an ideal support for the soot nanoparticles. Example 

images of the grids used in this work are provided in figures 3.1 and 3.2. 

 

Figure-3.1: Graphical representation of a TEM grid. Actual diameter = 3mm. 



42 
 

(3.2a) 

(3.2b) 

Figure-3.2: (a) low magnification (x50) TEM image of TEM grid, (b) x2000 magnification TEM image 

with lacey carbon support (darker ‘netting’), graphene oxide, and a breakage in the GO (contrast due to 

vacuum of the microscope) 

 

3.1.3 – TEM at the Nanoscale and Microscale Research Centre (nmRC) 

All TEM work in the thesis was performed at the nmRC at the University of 

Nottingham, under microscope operation by Dr Michael Fay (my PhD co-supervisor). 

The nmRC is a cross-disciplinary facility at the University of Nottingham that hosts 

over 20 instruments to facilitate the imaging and analytical investigation of materials 

from a wide range of scientific disciplines. All images included in this thesis were 

acquired using a JEOL 2100F Field Emission Electron Microscope. This microscope 

uses a field emission gun (FEG) to produce a highly stable electron beam, enabling 
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extremely high resolution and high contrast. The TEM is capable of operation at both 

100 kV and 200 kV accelerating voltages, though soot imaging was performed 

exclusively at the higher voltage. While lower accelerating voltage can provide higher 

contrast and lesser damage to carbon bonds, the higher voltage is the default of FEG-

TEM operation and permits high-resolution imaging for thicker samples. The 

microscope is fitted with a Gatan Orius CCD camera, producing  images 2004 x 1336 

pixels (px) in size. Gatan’s own software, Digital Micrograph, was used to control 

image acquisition. Energy Dispersive X-ray (EDX) spectroscopy capabilities are 

integrated into the microscope, and can be performed directly during imaging.  

Tilt-series acquisition was controlled using the open-source software SerialEM [173]. 

This software was developed for tilt-series acquisition, and can interface with a range 

of microscope setups. The software manages the tilting of the TEM grid during image 

acquisition for ET, and tracking of structures as they move due to the rotation of the 

grid. SerialEM also permits a variety of other types of microscope control and is used 

in later sections of the thesis for systematically imaging large areas of the TEM grid 

automatically (chapter-6). 

 

3.1.4 – Operation of the JEOL 2100F Transmission Electron Microscope 

3.1.4.1 - Producing the Electron Beam: Field Emission 

The JEOL 2100F microscope produces the electron beam via Field Emission (FE), 

which is one of two main sources of electron beams used in TEM, the other being 

thermionic sources. In comparison to thermionic sources, field emission produces a 

more intense electron beam with a more discrete range of wavelengths (often described 

as being monochromatic), though the equipment is generally more expensive.  

Field emission operates by applying an electric potential between an ultra-fine needle 

tip (commonly containing Tungsten, e.g. ZrO/W), and an anode. The small size of the 

tip (approx. ≤ 0.1 μm diameter) generates an extremely strong electric field, which acts 

to lower the work function (the amount of energy required to ionise an electron) of the 

tip material. The lowered work function allows electrons to tunnel from the energy 

levels of the source atoms to the vacuum of the microscope, thus creating the electron 

beam. 

A potential applied at a second anode is used to accelerate the electron beam and control 

its initial path, and this two-anode system is together known as a Field-Emission gun 

(FEG). Most TEM work is usually performed at accelerating voltages of 100-300 kV, 
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though different voltages may be more appropriate for different types of samples. At 

100 kV, the electrons in the beam travel at around 63% of the speed of light. Information 

in this sub-section is based upon that found in “Transmission Electron Microscopy: A 

Textbook for Materials Science” by Williams and Carter [174]. 

There are a number of different interactions that can occur when the high-energy 

electron beam is incident on the specimen. Almost all contain a wealth of useful 

information, and can be detected and measured using different techniques. In the 

following sub-section, three key interactions that were used to study the soot samples 

in this work are discussed: direct transmission for bright field imaging (BF-TEM), X-

ray emission for energy dispersive X-ray spectroscopy (EDX), and the combination of 

scattered and transmitted electrons for high resolution TEM (HR-TEM).  

 

3.1.4.2 – Bright Field Imaging  (BF-TEM) 

The most simplistic interaction that may occur between the incident beam and the 

sample is a non-interaction; electrons may be transmitted directly through the specimen 

without interacting with any of its atoms, or altering their original path of travel. These 

electrons that are unaltered from their original path are collectively known as the direct 

beam, and it is used to perform bright-field TEM imaging. This imaging mode is directly 

analogous to a standard optical microscope. In thicker and/or denser areas of the 

specimen, the direct beam is attenuated as interactions with the specimen deflect 

electrons from their original path and so away from the camera. Transmission of the 

electrons is more likely to occur in thinner and less dense areas of the specimen, as there 

is simply less material for the electron beam to interact with. In BF-TEM, regions of the 

specimen that interact with the electron beam more strongly appear darker, and areas 

that interact less strongly appear lighter. An example BF-TEM image of a soot 

nanoparticle is given in figure-3.3. 
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Figure-3.3: A x10,000 magnification BF-TEM image showing typical contrast of soot nanoparticles 

against graphene oxide film (2 nanoparticles are present) 

 

3.1.4.3 - Scattered Electrons: EDX and HR-TEM 

When electrons are not transmitted through the specimen, one of the most important 

type of interactions that may occur is scattering. Scattering occurs when the incident 

electrons interact with the atoms and molecules of the specimen and are deflected from 

their original path. Due to the wave-particle duality of electrons, this can be thought of 

both as a negatively charged particle interacting electrostatically with the electron cloud 

(negative) and nucleus (positive) of the specimen atoms, and as a wave being diffracted 

by a grid of slits and obstacles. A great deal more information on scattering processes 

can be found in the textbook by Williams and Carter [175]. 

Elastic scattering occurs when the electrons are deflected but do not impart any of their 

energy into the specimen atoms, and continue travelling at the same speed. Elastically 

scattered electrons are primarily used to produce diffraction patterns, which can provide 

a great amount of detail on the crystalline nature of the sample. The precise arrangement 

of atoms in a crystal lattice results in a precise pattern of scattering of the electron beam, 

and thus a diffraction pattern can be used to identify a particular crystalline material. 

Another prominent use of the elastically scattered electrons is in high-resolution 

imaging. HR-TEM uses both the direct beam and the elastically scattered beam to 

produce an image of the sample. An extremely complex pattern of constructive and 

destructive interference occurs between the scattered and direct beams, and produces an 
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image by so-called phase contrast. This type of contrast is not so intuitively described 

and there exists many detailed descriptions of the process, for example that contained 

in [175]. Simply put, the interference that occurs produces a representation of the 

arrangement of atoms and molecules that is present in the sample. Where the specimen 

contains highly ordered crystalline materials the high-resolution image will show a 

series of ordered ridges or points. Where the specimen material is amorphous, no such 

pattern will emerge and the image will appear ‘noisy’ and random. It should be noted 

that what is observed is not the actual contours of the atoms and molecules, but a second-

hand representation of where they occur. Example HR-TEM images of crystalline and 

amorphous materials (both observed in soot samples) are given in figure-3.4. 

 

 

Figure-3.4: A high-resolution TEM image of a crystalline material observed in a GTDI soot-in-oil 

sample (see chapter-5 for more details). Note highly ordered ridges within the contours of the globular 

structure. 

 

Inelastic scattering occurs when there is an exchange of energy between the electron 

beam and the atoms/molecules of the specimen. This exchange of energy is the source 

of many characteristic emissions of photons and electrons from the specimen which 

contain extremely useful information on the material present. One such emission made 

use of in this work is that of characteristic X-rays. The incident electrons are extremely 

high energy and are able to ionise core electrons from atoms in the sample (these so-

called secondary electrons can also be detected). This creates a ‘hole’ in the core energy 
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levels of the atom, leaving it in a high-energy and unstable state. To gain stability, an 

electron in a higher energy level in the atom will relax to fill the core level. By moving 

closer to the nucleus this electron gains energy, which then must be released. One way 

in which the energy can be released is by the emission of a photon. This photon will 

have energy/wavelength that corresponds to the difference in energy between the higher 

energy-level (from which relaxation occurred) and the core energy-level. These photons 

are therefore characteristic of the energy levels in the atom, and are used to identify the 

species of atoms present on the surface of the specimen.  

 

3.2 - Computational Setup for ET and Image Processing  

Image acquisition for electron tomography was performed using SerialEM [173]. This 

software permits control of electron microscope image acquisition and is useful for 

acquiring multiple images of structures from a range of different angles, and imaging 

large areas of the TEM grid. 

The software chosen to perform tomographic reconstruction was Etomo [176]. This was 

based on the results previous investigations by members of the Powertrain Research 

Group prior to my PhD. Possible alternatives included TomoJ [177] and Tomo3D [178], 

but these had been judged to be slower and less user-friendly. A modified version of 

image processing software ImageJ [179], known as Fiji (Fiji Is Just ImageJ) [180], was 

chosen to perform handling of both 2D and 3D data, including tomogram segmentation. 

ImageJ and Fiji are open-source and offer great flexibility to install plugins created by 

other users, and to create bespoke macros and functions. Possible alternatives for 2D 

and 3D data visualization could have been Avizo [181] or Amira [182], though these 

are not open-source and required purchase of licenses. All computational work relating 

to image processing and tomographic reconstruction was carried out on a Lenovo PC 

with a 3.50 GHz Intel Xeon E5‐1620v3 processor (8 CPUs) and 32 GB RAM, using a 

64‐bit version of Windows 10.  

 

3.3 - Electron Tomography  

Electron tomography is a technique used to recreate 3D volumes of objects from a series 

of standard 2-dimensional TEM images. The first step in ET is to produce multiple 2D 

TEM projections of a single object acquired from different viewing angles; this is 
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known as a tilt-series. The tilt-series of projections is then used to create a 3D volume 

known as a tomogram. The tomogram is a 3D volume that contains the information 

from which a model of the object under study can be made. Details in this section are 

based on those found in [165], and [166, 183]. 

The basic principle of ET is the same as that used in other forms of tomography such as 

magnetic resonance imaging (MRI) and computerised tomography (CT) scanning, 

which are extremely common in medical applications. These different techniques use 

different protocols to acquire their 2D projections, and accordingly different 

arrangements of projections may be sampled. For example, in MRI the different 

projections are acquired by moving the ‘camera’ rather than tilting the specimen. 

The underlying theory of tomographic reconstruction is known as either Fourier slice, 

projection slice, or central slice theorem. Fourier slice theorem states that a complete set 

of projections of an object contains within it the information required to fully recreate 

the object in 3D. This is because the 2-dimensional Fourier transform (FT) of a 

projection represents a slice of the 3-dimensional FT of the object, taken at the angle 

the projection was acquired. 

The 2D-FTs of the set of projections can thus be combined to represent the 3D-FT of 

the original object, and so in theory an inverse-FT will reveal the objects original 

structure. Though the theory dictates use of the Fourier domain for calculations, as will 

be discussed shortly not all tomographic methods compute all the FTs mentioned in 

Fourier slice theorem.  

 

3.3.1 – The Projection Requirement 

The definition of projections in the Fourier slice theorem is an important nuance, and 

leads to what is known as the projection requirement for tomography [184]. A 

projection is a representation of an object onto some kind of screen, and in our case this 

would be a 3D soot nanoparticle represented as a 2D image on the TEM detector screen 

via the electron beam. The projection requirement is that the input for tomographic 

reconstruction (e.g. tilt-series) is a true projection of the object, such that it 

‘monotonically’ represents some physical property of the object. This essentially means 

that the contrast in the projection (i.e. how ‘intense’ structures appear) needs to be 

directly related to the property of the specimen that is dictating the levels of contrast.  

In BF-TEM, the property that creates the different levels of contrast is scattering of the 

electron beam by the atoms of the specimen. As has already been discussed electrons 
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are more strongly scattered by denser or thicker objects, and as such a weaker BF signal 

will be detected directly in-line with such structures in the TEM images (resulting in 

darker regions of pixels). Contrast in TEM derived from these types of interactions is 

known as mass-thickness contrast. As long as mass-thickness is the dominant 

mechanism of contrast then the projection requirement is met, as thicker objects lead to 

weaker signal and vice versa (the signal is a monotonic function of mass-thickness). 

This will be the case for thin specimens made primarily of amorphous (i.e. non-

crystalline) material.  

There are, however, cases in which the projection requirement will not be met in BF-

TEM. For strongly crystalline structures, diffraction of the electron beam by the crystal 

lattice will be stronger than scattering due to the thickness/density of the material. This 

so-called diffraction contrast is not directly related to the amount of material the 

electron beam passes through, and as such the projection requirement is not met. 

Methods of enabling tomographic reconstruction of objects that do not meet the 

projection requirement in BF-TEM have also been developed. A prominent example is 

Z-contrast tomography, which utilises a mode of TEM imaging known as annular dark 

field (ADF) [184]. In ADF mode, atoms of higher atomic number (also known as the Z-

number) appear in greater contrast that ‘lighter’ atoms. For example, structures made of 

lead will appear much darker than structures made of carbon, regardless of how much 

thicker the carbon structure may be. This type of contrast formation does essentially 

fulfil the projection requirement, as contrast varies as a function of Z-number. Z-

contrast tomography is particularly useful for studying metallic structures which would 

appear completely opaque in BF-TEM, and structures for which diffraction contrast 

dominates in BF-TEM mode [184]. 

 

3.3.2 - Tilt-Series Acquisition (with SerialEM) 

The first step of tomographic reconstruction is to acquire the set of 2D projections from 

which the 3D volume will be produced. In ET this set of projections is produced by 

tilting the TEM specimen holder whilst acquiring images, and is known as a tilt-series. 

A tilt-series contains projections from different viewing directions, which present 

different 2D representations of the true 3D morphology of the object. To establish an 

axial system for describing the tilt-series, the TEM grid is considered the XY-plane and 

the direction of the perpendicular electron beam is the Z-direction/axis (see figure-3.5).  
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Figure-3.5: Diagram showing typical single-axis tilting, with denotation of axes used in this work.  

 

(3.6a) 

(3.6b) 

Figure-3.6: (a) showing ideal alignment of TEM grid within a microscope lens, where ±80° tilt-range 

is possible. (b) shows exaggeration of misaligned and limiting of tilt-range due to contact with lens 

material that would occur 

 

A standard specimen holder for tomography tilts the TEM grid about a single, fixed axis 

in the XY-plane (see figure-3.5). Though the position of this tilt-axis in the XY-plane is 

arbitrary, for the sake of continuity it will be designated as the Y-axis. A standard 

tomography holder for TEM has a theoretical maximum tilting limit of  ±80° tilt, but in 

most cases a ±60° tilt is the practical limit. The tilt-range is limited by the proximity of 
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the TEM grid to the edge of the microscope that surrounds it, as the microscope cannot 

operate if contact is made. In theory, there is enough space for the TEM grid to complete 

a ±80° tilt within the objective lens of the microscope. Unfortunately, the slightest mis-

alignment of the specimen holder or slightest bending of the fragile specimen stage will 

reduce the operational range to a maximum of ±60° in most cases. An illustration is 

provided in figure-3.6. The angle increment between subsequent tilt-series images can 

be varied according to the needs of the user, and is typically within the range of 1-10°. 

According to Fourier slice theorem, a greater angle range and smaller increments 

between images should result in a more accurate reconstruction. This is because such a 

tilt-series more closely adheres to the Fourier slice theorem, which describes a complete 

set of projections. In this regard more advanced schemes of tilt-series acquisition are 

possible, but require more specialised (and expensive) specimen holders and result in 

greater beam dosage to the sample due to the greater number of images acquired. Dual-

axis tomography holders permit acquisition of two perpendicular tilt-series; both are in 

the XY-plane, rotated by 90° about the Z-axis with respect to one another. A dual-axis 

tilt-series thus samples a greater range of the full set of projections described in Fourier 

slice theorem. Another technique used to acquire a greater range of projections is so-

called conical tilting. A conical tilt holder can be tilted in the XY-plane like a standard 

single-axis tomography holder, but also rotated 360° about the Z-axis. At chosen angles 

of tilt about the XY-plane, a full 360° tilt in the Z-axis can be performed, further 

increasing the ‘completeness’ of the tilt-series. The geometry of the tilt-series is an 

important consideration for so-called missing wedge elongation, an artefact of ET that 

acts to stretch the reconstructed volume in the Z-direction compared to the original 

object. This will be discussed in greater detail shortly (section 3.3.6). Details provided 

in this paragraph are taken from [185]. Illustrations of dual-axis and conical tilting are 

provided in figure-3.7. 

The process of tilting the TEM grid to acquire the set of projections places constraints 

upon which structures on the grid are suitable. At high angles of tilt, structures of interest 

can become obscured by overlapping adjacent objects. Inclusion of other structures 

within the tilt-series will render them unusable past the point at which they appear. In 

particular, structures situated close to the edges of the grid bars can become obscured 

by the copper mesh at higher angles of tilt. An example of this is provided in figure-3.8, 

where visibility of the grid bars ruins contrast of the tilt-series images. Also, if structures 

are present in too high concentrations they can obscure one another. The transparency 

of soot nanoparticles under the electron beam means that it is often hard to tell whether 
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overlapping agglomerates are indeed individuals or part of a single larger structure, so 

high concentrations of sample on the grid are best avoided. 

(3.7a) 

(3.7b) 

Figure-3.7: (a) diagram showing dual-axis tilting geometry, and (b) conical tilting geometry 

 

 

Figure-3.8: A sample of 3 TEM images from a tilt-series, increasing in angle from right to left. As angle 

increases, the copper bars of the mesh become visible and strongly distort the image contrast and quality  
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An additional consideration in tilt-series acquisition is alignment of the images. Due to 

the extremely small size of structures that can be studied with TEM, the mechanical 

limitations of the tilting mechanism can cause relatively large shifts in the image 

position to occur between tilt increments. While traditionally tilt-series were acquired 

by manually performing tilting, alignment and image capture at each increment there 

now exist software that can automate the process, for example SerialEM which was 

used in this work [173]. A key technique used to ensure good alignment in both the tilt-

series is to add so-called fiducial markers to the TEM grid. Fiducial markers are easily 

identified reference points used to align the images, and in TEM gold nanoparticles are 

commonly used. Gold nanoparticles (Au-NPs) are approximately spherical, and can be 

produced with well-defined diameters in the range of 5 to 100+ nm. Gold is extremely 

dense and is not transparent to the electron beam, thus appearing completely opaque in 

BF-TEM images. This combination of well-defined size and shape, and high-contrast 

appearance makes them ideal for use as fiducial markers. The gold nanoparticles can be 

automatically tracked by tilt-series acquisition software and used to approximately align 

images in the tilt-series. They are also tracked in the computational reconstruction 

process, and used to produce more the finely aligned tilt-series used to create the 3D 

volume (see section-3.3.3). An example of gold nanoparticles in a TEM image is given 

in figure-3.9.  

 

Figure-3.9: BF-TEM image showing a cluster of gold nanoparticles to the lower-left of two soot 

nanoparticles (one large, and one very small). A single gold nanoparticle is visible to the upper-right of 

the image. 
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Once suitable particles have been found, the tilt series of images can then be collected. 

Single-axis tilt series can contain as many as 100-200 images, and take up to an hour to 

complete depending on the tilt-range and increment sizes. The large number of images 

required exposes the soot samples to high beam dosage, which can be problematic for 

soot-in-oil samples. Residual oil can cause severe contamination of the image, 

obscuring regions of interest [41], meaning quality tomographic reconstruction is no 

longer possible. As such, high-quality sample preparation on the TEM grid is of great 

importance for tilt-series acquisition. TEM grid preparation is discussed in more detail 

in a later section of this chapter (section 3.5.2). 

Tilt-series files are exported from SerialEM as*.mrc image stacks (given the extension 

*.st by SerialEM). The *.mrc file type is the standard in ET for storing tilt-series and 

tomograms, and is named after the Medical Research Council UK lab in which it was 

developed [186]. Details of the scale of the images, approximate size of the fiducial 

markers, and angle of the tilt-axis are required. These can be retrieved automatically 

from files produced by SerialEM, otherwise must be entered manually. The approximate 

range and increment size of the tilt-series must also be entered. Etomo offers 

functionality to exclude specific images of the tilt-series from the reconstruction, which 

can be useful if some kind of error or corruption has occurred  

As mentioned earlier, tomographic reconstruction is performed in Etomo. The details 

of the ET procedure with this software will be provided in the following sections.  

3.3.3 - Tilt-Series Alignment in Etomo 

The first step of the computational reconstruction process is to load the tilt-series files 

into Etomo. The software is able to read image stack files in various formats, including 

*.tiff, *.mrc, *.st, and *.dm3 (the native file-type of Digital Micrograph). Etomo is able 

to perform dual-axis reconstruction as well as standard single-axis reconstruction. 

Details must be entered for the scale of the images, the approximate angle of the tilt-

axis, size of the tilt-range, and increment between images. 

Prior to the computational reconstruction, the images of the tilt-series must be finely 

aligned. As mentioned earlier, mechanical imperfections of the TEM machinery and 

limitations of the automated tracking in SerialEM mean that the original tilt-series 

images are not perfectly aligned. Alignment of the tilt-series is key to achieving high-

quality tomographic reconstruction. Reconstructions from a misaligned tilt-series will 

be subject to significant blurring of the structures of interest, a significant problem when 

the goal is quantitative morphological characterisation.  
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First, an automated cross-correlation is used to calculate an estimate of both the angle 

increment and XY-displacement that occurs between each pair of images in the tilt-

series. Cross-correlation determines the degree of similarity between pairs of images, 

essentially comparing the colour values of each pair of corresponding pixels. The 

displacement between images is determined by shifting the images relative to one 

another to maximise similarity. After the displacement in the XY-plane and tilt-axis 

have been determined, the images are then shifted by the appropriate amount into an 

improved alignment.  

Alignment of the tilt-series is then further refined by tracking of the Au-NP ‘fiducial 

markers’. In the un-tilted image of the tilt-series the user must identify gold 

nanoparticles to be tracked. In Etomo the selection of nanoparticles can be performed 

either manually or automatically, and the Etomo guide suggests at least 8 fiducial 

markers for a good alignment. Though theoretically more markers will result in a better 

alignment, it risks a lengthier process due to inaccuracies in automated tracking that 

need to be corrected manually (see next paragraph). Practice with Etomo throughout 

this project has indicated that as few as 5 nanoparticles results in acceptable alignment. 

An ideal selection of fiducial markers is distributed as evenly as possible around the 

structure of interest. Due to the movement of the background film that occurs with 

tilting, fiducial markers towards the edge of the field of view (FOV) may not be visible 

at higher angles of tilt. Additionally, those close to adjacent structures may become 

somewhat obscured at high tilt-angle, though generally the denser gold will be visible 

through semi-transparent carbon matter (this can be seen in figure-3.9). Due to these 

constraints, it was generally easier to manually locate nanoparticles to ensure an ideal 

distribution and minimal corrections. The chosen distribution for the flame-generated 

particle studied in chapter 4 can be seen in figure-3.10. Note the non-ideal arrangement 

of the Au-NPs around the soot structure of interest due to uneven distribution and 

overlap of gold and soot. Despite this, alignment was successful with no major issues.  

Once identified, fiducial markers are tracked through all the images of the tilt-series. 

Based on the approximate alignment from cross-correlation, fiducial marker position is 

predicted by Etomo. In instances of large shifts between subsequent images or obscuring 

of nanoparticles by adjacent matter, this tracking may be inaccurate as the predicted 

position is too far from the real nanoparticle position. The user must then manually 

correct positions until all nanoparticles are accurately located in all images of the tilt-

series. Typically, picking and then tracking/correcting 5-10 fiducial markers through 

121 images of a tilt-series requires <10 minutes of direct interaction from the user, per 

tilt-series.  
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Figure-3.10: Choice of gold nanoparticle makers for alignment of a tilt-series. Note that 4 of the gold 

makers are visible through the main soot nanoparticle. 

 

So-called markerless alignment methods also exist, though were not used in this work. 

These methods employ existing features on the grid as fiducial markers, rather than rely 

on additional materials such as Au-NPs [187]. For soot, the low contrast of carbon-on-

carbon makes tracking of features too inaccurate.  

 

3.3.4 - Tomographic Reconstruction: the Computational Step 

Once a finely aligned version of the tilt-series has been created, the computation can be 

performed to extract the 3D information. Though the original theory underpinning 

tomography calls for an inverse Fourier transform to be applied to the tilt-series data, in 

practice this is not always carried out. In many applications, the data set of the 2D 

projections is too large to be efficiently computed in terms of Fourier transforms. The 

most widely used reconstruction methods currently are instead based on back-projection 

and iterative methods. Both these subsets of algorithms consider the reconstruction 

problem in terms of ‘real’ space rather than ‘Fourier space’ [166].  

Back-projection methods are considered to be a direct ‘real-space’ analogue of the 

Fourier method. Instead of considering the combination of the 2D-FTs of the projections 

to create the 3D-FT of the object, back-projection considers direct combination of the 

projection images to create a 3D volume containing the object. One of the simplest and 
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most widely used methods is known as weighted back-projection (WBP), and will be 

used as an example to describe how back-projection reconstruction works.  

To help understand back-projection, it is useful to recall the projection requirement for 

tomography; that the input data for tomographic reconstruction were true projections. 

This is true in the case of BF-TEM of non-diffracting samples, and means that 

thicker/denser objects appear darker in the projections and vice versa with lighter 

objects. In BF-TEM, the electron beam passes through the 3D structure of the specimen, 

and creates a 2D projection on the detector screen. In back-projection this process is 

effectively reversed; rather than projecting through a 3D object onto a 2D screen, the 

2D signal is spread back through an empty 3D volume. A simplified version in (n-1) 

dimensions is given in figure-3.11. The images of a tilt-series are arranged around the 

empty volume according to their angle of acquisition, and their content is back-projected 

through the volume at that angle. Because the TEM images met the projection 

requirement, when the back-projections coincide with one another in the prepared 

volume they rebuild the original structures; darker regions in the projections 

superimpose to create darker regions in the 3D volume, and similarly lighter regions 

superimpose less strongly.  

 

Figure-3.11: A simplified 2-dimensional representation of back-projection. The left image shows the 

forward projection (imaging), and the right image shows the back-projection (reconstruction) 

 

What results is a 3D volume that is completely filled with the overlapping back-

projections, and this is known as a tomogram. However, as the name suggests the back-

projection is not the only part of the process. A weighting (sometimes also described as 

filtering) is an additional process that is required to reduce blurring in the tomogram 

and ensure that the edges of the object can be distinguished. Blurring in simple back-

projection (i.e. without filtering or weighting) is inherent, and it relates back to the 

Fourier slice theorem. Towards the centre of the 3D-FT, the vectors that represent the 
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2D projections are more closely packed and cover a greater proportion of the space in 

the FT. This is represented in 2D in figure-3.12. Further from the centre the slices 

diverge, and they less completely sample the space of the FT. In the Fourier domain, 

the central areas represent the low frequencies, and the outer areas represent the higher 

frequencies. Therefore, our set of projections (unless the angular increment between 

them is infinitesimal) more densely sample the lower frequencies of the FT. The lower 

frequencies of the FT correspond to the smooth surfaces of the object, whereas the 

higher frequencies correspond to the sharper edges and details of the object. Thus, the 

combination of our back-projections will result in a highly blurred reconstruction of the 

original object, as the fine edges are underrepresented. Filtering or weighting is 

performed to reduce the blurring, and is achieved by applying a high-pass feature to 

repress the contribution of the lower frequencies. The high-pass filtering is performed 

on the FTs of the projections via a ramp filter, and so the overall order of the WBP 

process is as follows: Acquire 2D projections, create FTs of projections, filter FTs, 

inverse FT to produce filtered projections, back-projection into empty volume, 

production of tomogram. 

Iterative reconstruction is another branch of the widely used real-space reconstruction 

methods. While usually more computationally expensive than back-projection, these 

methods can be more effective when the quality and quantity of projection data is 

limited. The general principle of iterative reconstruction is that first, an estimate of the 

tomogram is produced. The 3D tomogram data is projected back into 2D to simulate the 

original projection data (i.e. the tilt-series images). The simulated and original 

projection data is compared, and the error between them is used to refine the tomogram. 

This process is repeated in an iterative process in order to minimise the difference 

between the real and simulated projection data. Different iterative techniques employ 

different schemes by which to refine the tomogram and minimise the difference between 

the projections. One of the most widely used versions is the simultaneous iterative 

reconstruction technique (SIRT). In the limit of infinite iterations, the SIRT method is 

in theory perfectly accurate. The SIRT method includes the equivalent of two back-

projections per iteration, and as such SIRT reconstruction with 10 iterations would be 

expected to take around 20 times longer than WBP reconstruction [166]. General 

descriptions of back-projection and iterative methods were made using a combination 

of information from the works of Fernandez [166, 183], Frank and co-authors [165], 

and online materials from the creators of the ASTRA toolbox [188, 189] 
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(3.12a) 

 

(3.12b) 

Figure-3.12: A 2-dimensional representation of the relative sampling of high and low frequencies in the 

FFT of a 2D object. Above shows a 2D circle and its FFT. Below shows the same FFT image with 

vectors superimposed to represent a typical ±60° tilt-range. Note how towards the centre a greater 

proportion of the image is covered by these vectors 
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Other iterative methods, such as algebraic reconstruction techniques (ART), are also 

fairly common. In its simplest form, ART differs from SIRT as it updates the tomogram 

by considering only a single simulated projection per iteration, rather than the whole set 

of projections simultaneously [190]. In practice this method is quicker, but exact 

reconstruction in the extent of infinite iterations is no longer guaranteed. This is because 

poor quality input data can skew the resulting tomograms. A recently developed 

algebraic method is known as the discrete algebraic reconstruction technique (DART) 

[191, 192]. This method incorporates prior knowledge of the grey-levels of the different 

components of the original object. DART then guides the reconstruction towards only 

containing these discrete grey-levels by performing segmentation in each iteration. 

Across subsequent iterations, homogeneous regions of the tomogram are retained, and 

reconstruction focuses on refining the borders between them. This method was assessed 

to produce superior results for several datasets, though a pre-requisite is the existence 

of discrete grey-levels within the specimen. As both soot nanoparticles and the 

supporting graphene oxide film are primarily carbon in nature, their appearance under 

the electron beam is very similar. This means we are unable to assign discrete grey-

levels to the components of the image (e.g. soot and background film) and this method 

would not be suitable for our samples. Other examples of advanced reconstruction 

algorithms, again unsuitable for soot study, can be found in the works of Goris [193] 

and Chen [194]. 

Regardless of the method used, the final result of tomographic reconstruction is the 

tomogram. This is a filled 3D volume that contains information on the structure of the 

original object. However, as the TEM projections of the tilt-series contain both the 

structure of interest and the background support material, the background supporting 

material is also present within the tomogram. As such, the structure of interest must be 

‘sculpted’ from the tomogram in a process known as segmentation.  

 

3.3.5 - Tomogram Segmentation: Producing the 3D model 

To enable quantitative analysis of 3D-TEM data, models of the structures of interest 

must be created from the bulk tomogram data. Segmentation is the process by which the 

voxels of the tomogram that correspond to particle matter are defined from those that 

represent the background or adjacent structures. The combination of all particle voxels 

result in a 3D model that can be characterised in terms of its morphology. This step is 

extremely important as the accuracy of segmentation directly determines the 

morphology of the produced 3D models. Tomograms are produced by Etomo in the 
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form of image stack files, and these can be handled in image processing software such 

as ImageJ. They may also be directly 3D rendered in appropriate software, though will 

require some level of transparency to be applied to the voxels (the 3D equivalent of 

pixels) else will appear only as an opaque polygon.  

Segmentation is usually performed by arranging the tomogram into a series of 2-

dimensional slices, rather than handling it in 3D. Each slice of the tomogram will be 1 

voxel thick in the 3rd dimension, though the user can choose which of the principle axes 

is considered the 3rd dimension. The tomogram can be viewed either top-down 

(observing the XY-plane), or side-on (observing either the XZ- or YZ-plane). Generally, 

the top-down approach offers the most intuitive representation of the tomogram. Due to 

the typical scale of soot structures and the size of the TEM camera, the Z-depth of the 

tomogram is usually the smallest dimension, so the top-down approach also considers 

the fewest individual slices. An example of different viewing schemes is given in figure-

3.13. 

To create a 3D model, every single 2D slice of the tomogram must be segmented. 

Depending on the size of the tomogram and the complexity of the structure of interest, 

this can potentially be extremely time consuming. High resolution tomograms of large 

structures can be several hundred slices thick, and the task is effectively the equivalent 

of several hundred individual particle characterisations via 2D-TEM. Ideally this task 

would be handled automatically, though in practice the only widely applicable 

technique is manual segmentation via image processing software. While production of 

automated tomogram segmentation methods is not unknown [195-197], these tend to be 

produced on an ad hoc basis by research groups for their particular samples of interest. 

A generally applicable automated segmentation method does not yet exist as the 

appearance of tomograms is too strongly variable, and generally possess a low signal to 

noise ratio (SNR) [166].  
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(3.13a) 

(3.13b) 

(3.13c) 

Figure-3.13: Example of the differences in visual appearance of a tomogram when viewing (a) the XY-

plane, (b) the XZ-plane, and (c) the YZ-plane. Note the visibility of fanning effects in the XZ-plane 

view. 

 

The appearance of tomograms depends on the quality of the input data (the tilt-series), 

and the propagation of reconstruction artefacts. Together these two factors govern 

contrast, noise, edge definition/blurring, and extent elongation and fanning effects in 

the tomogram. Standard TEM images of soot are subject to strong variation depending 

on factors such as the cleanliness of samples, size of soot nanoparticles, TEM operating 

voltage, thickness of the TEM support film, and quality of the TEM camera. While in 

some instances soot may be defined quite clearly from the background material, in other 

cases they may be hard to distinguish from parts of the carbonaceous support film. 

Appearance of TEM projections can also vary through the tilt-series due to the change 

in thickness of the specimen at high angles. An example of variability in TEM 

appearance of the same soot nanoparticle within a tilt-series is provided in figure-3.14. 

To some degree, the quality of the tilt-series limits the quality of the tomogram. 

However, these effects are also acting in combination with the reconstruction artefacts 
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that arise due to the algorithms used and also the missing wedge (discussed in the next 

section, 3.3.6). The effect of tilt-series acquisition scheme, increment between images, 

tilt-range etc. will all affect the degree of reconstruction artefacts such as fanning, 

blurring, and missing-wedge elongation. As such, tomograms are subject to strong 

variability in their appearance even for similar samples, meaning manual image 

processing is often the only easily applied segmentation methodology.  

(3.14a) 

(3.14b) 

Figure-3.14: (a) showing the un-tilted (0°) TEM image of a soot nanoparticle, and (b) showing the -60° 

image from the same tilt-series 

 

Manual segmentation through image processing software such as ImageJ/Fiji is carried 

out in exactly the same way as for 2D-TEM characterisation of soot. Usually, a brush 

tool is chosen to highlight pixels that are defined from the background by their darker 
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colour (lower grey-level). An additional difficulty of tomogram segmentation is that 

only a cross-section of the entire structure is visible. As such, in the presence of 

numerous adjacent structures it can be difficult to identify darker regions that only 

pertain to the structure of interest. Complex 3D structures mean that connected regions 

in 3D are not always clearly connected in 2D, and this issue is usually most prominent 

towards the bottom of the tomogram near to the TEM support film. This issue can 

increase the likelihood of errors, and increase the time that is required to create an 

acceptably segmented tomogram.  

Once all individually slices of the tomogram have been segmented, the results are 

combined. The standard procedure is to binarized each slice, so that all voxels relating 

to the particle are white, and all other voxels are black. Binarized 8-bit image stacks can 

then be used directly as 3D models files, though they can be trimmed to reduce the 

amount of blank information in the files in the slices.  

 

3.3.6 - Errors of ET: Missing Wedge Elongation 

As described earlier, the appearance of the tomogram is highly dependent upon the input 

data and reconstruction method used, and is susceptible to poor image quality in the 

form of noise, low contrast, and blurring. One of the most important sources of errors 

and image degradation in tomographic reconstruction are image artefacts relating to the 

so-called missing-wedge. The term ‘missing wedge’ refers to the fact that real tilt-series 

data does not fulfil the requirements of Fourier Slice Theorem in almost all cases. While 

Fourier slice theorem describes a full set of projections, the reality of TEM image 

acquisition is generally a ±60° range of images acquired over a single tilt-axis. When 

presented graphically (figure-3.15), a typical single-axis tilt range only partially samples 

the full range of projection angles, leaving a wedge-shaped gap in the direction of the 

electron beam.  

If we consider this in terms of the 3D-FT of the object, we do not possess information 

on how the object appears in the Z-direction. The consequence is that during 

reconstruction the information that we do possess gets spread out through the regions 

of space where we don’t possess information; this occurs perpendicular to most extreme 

angles of the tilt-series. Essentially, at each point in the tomogram the information 

ceases at the limits of the tilt-range, and the back-projection rays continue to travel 

through the tomogram volume perpendicular to this angle. This effect is most prominent 

where the back-projection rays are stronger (i.e. corresponding to particle matter rather 

than background), and interference of these rays can cause dark patches to occur in 
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regions where particle matter does not truly exist. Within the bulk of a particle, these 

erroneous back-projection rays are not prominent as they as masked by the strong real 

back-projection interference. However, at the very extents of the particle in the direction 

of the missing wedge, these effects become apparent as they are present amongst weaker 

interference of background materials back-projection rays. In appendix section-A.1, 

these effects are observed to be more prominent when applied across greater areas, e.g. 

where the object is broad and smooth at its outermost extent in the Z-direction. For 

structures that terminate in complex or sharp points in the Z-direction, the missing 

wedge applies only over a small area and so the overall elongation is small.  

 

(3.15a) 

 

(3.15b) 

Figure-3.15: Graphical representation of a missing wedge in 2D, and associated elongation. Above 

images show 2D circle and its FFT. Below images show deletion of missing wedge from the FFT, and 

subsequent elongation to the circle when an inverse FFT is performed. Note these figures are repeated 

in appendix section-A.1.  
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The propagation of these errors can also be observed when viewing a tomogram from 

different planes, as in figure-3.13. The reason for this is that although the XY-plane is 

viewed in TEM images, in single-axis reconstruction the tilt-axis is only along the Y-

axis. As such, there is asymmetry in how the 3D FT of the object is sampled in X and 

Y. When viewing the XY-plane (top-down), the fanning effects primarily occur 

horizontally through the slice, perpendicular to the Y-axis. When viewing the XZ-plane 

the profile of the missing-wedge can most clearly be seen as the view is along the tilt-

axis. Both fanning effects and Z-elongation are most prominent from this direction, and 

in figure-3.13b the ‘X’ shape of the tilt-series limits can be seen around the edges of the 

particle matter. From the YZ-plane view, the fanning effects propagate along the 

vertical axis (Z-axis in absolute terms) but are not particularly clear to see.  

Other sources of error in ET reconstruction include the variable quality and anisotropy 

of images of the tilt-series, which slightly alters the nature of the projections of the 3D 

structure. Even in the case of very small or no missing wedge, errors could arise from 

interference of back-projection rays that does not represent the real structures. This 

could, for example, be caused by the fact that high tilt-angles require the electron beam 

to travel through more material, altering the contrast and resolution in comparison to 

untilted or low-angle images.  

 

3.4 – Soot Samples and Preparation for TEM 

Two samples of soot were studied in this work: a flame-generated (FG) soot, and a soot-

in-oil sample extracted from a gasoline turbo direct injection (GTDI). 

3.4.1 – FG Soot 

The first soot sampled studied was a case study of a single FG soot nanoparticle. This 

sample of soot had already been prepared for TEM prior to the start this PhD project, 

and at no point are conclusions or insights drawn on the nature of its formation.  Further 

details on this sample are provided in chapter-4.    

3.4.2 – GTDI Soot-in-Oil 

Used lubricant oil was drained from the sump of a modern 1.4 L 4 cylinder GTDI 

engine. This engine was equipped in a passenger vehicle operating under real driving 

conditions in primarily urban and extra-urban environments, with cylinder deactivation 

enabled. The oil used was a 5W-30 grade fully formulated synthetic oil (FFO). The soot-

laden oil was sampled after a period in which the vehicle covered 20,284 km. Thermo-



67 
 

gravimetric analysis (TGA) was used to determine soot concentration in the used oil, 

which was found to be 0.56 % by weight (details of the TGA protocol used are provided 

at the end of this chapter, section-3.5.3).  

Prior study of both diesel and GDI soot-in-oil with TEM had been carried out by 

members of the Nottingham Powertrain research group [40, 41, 70, 198]. The typical 

sample preparation methods have been described in those works, but is also provided 

here for clarity. Soot-in-oil samples are challenging for TEM study as lubricant oil is 

known to be a severe contaminant under the electron beam [40]. The high-energy 

electron beams essentially destroys the long-chain polymers present in the oil producing 

a haze of amorphous carbon material that obscures structures of interest.  

In the past centrifugation has been employed to remove oil from the soot [68], though 

prior work has revealed that such methods change the morphology of nanoparticles [70]. 

Aggregate size was observed to increase after centrifugation as measured by particle 

sizing methods. As such, gentler methods of oil removal were sought. This was achieved 

by performing dilution of the oil in heptane. Lubricant oil is soluble in heptane due to 

their compatible low polarities, and the solvent is much less viscous and possesses a 

much lower boiling point. This acts to remove oil adsorbed onto the surface of the soot 

by dilution and subsequent evaporation.  

Dilution of oil in heptane is generally performed in ratios of 1:20 to 1:60, depending on 

the concentration of soot in the oil. Only very small quantities are required for 

deposition onto the TEM grids, typically < 50 μL, so only a small amount of oil needs 

to be collected. Gentle agitation of the used oil is carried out prior to dilution in case of 

any settling. Previous work has observed that appropriate levels of dispersant in fully 

formulated lubricant oils maintain soot size distribution for as long as 12 months [118]. 

Deposition of soot onto the TEM grid was performed using 10 μL micropipette, with a 

maximum droplet size of 5 μL to prevent oversaturation of the grid. Several droplets of 

the diluted oil sample are typically deposited onto a TEM grid, where they are allowed 

to sit for a short while before wicking away of the liquid with filter paper. The sample 

is wicked away rather than allowed to evaporate as the drying of the droplets will drag 

the particulate matter of the sample together. Wicking helps to prevent oversaturation 

of small areas of the grid with particle matter. 

Further removal of oil contamination is carried out by ‘washing’ the TEM grid with 

several droplets of diethyl ether. This solvent is extremely volatile, and so wicking of 

the liquid is carried out immediately after deposition to prevent drying effects. 

Typically, 5-20 μL of diethyl ether washing is performed.  
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TEM grids are further prepared by exposure to a high-vacuum at approx. 1x10-6 Bar. 

The nmRC at Nottingham possesses specific equipment for the low-pressure pumping 

of TEM specimen holders. Ideally, this is carried out for at least several hours prior to 

TEM imaging. The preparation of soot-in-oil samples for TEM imaging is summarised 

in figure-3.16. 

 

Figure-3.16: Flow chart representing typical preparation of soot-in-oil samples for TEM imaging  

 

Due to their nanoscopic size, deposition of soot nanoparticles onto the TEM grid is 

largely uncontrolled. Although the exact same experimental procedure may be carried 

out, grids produced may be of varying quality in terms of soot concentration. Oil 

samples with such low soot percentages are particularly difficult to prepare, as weaker 

dilutions are required to provide sufficient quantity of soot onto the TEM grid. However, 

weaker dilutions mean that oil is less effectively removed from the soot nanoparticles 

and thus the samples are more prone to beam damage occurring. In turn, this requires 

greater amounts of washing with diethyl ether, and so it becomes more likely that soot 

material can be washed off the support film. This can lower the concentration of soot 

on the grid to the point where location of nanoparticles becomes very difficult and time 

consuming.  

To some degree trial-and-error preparation of TEM grids is required, but prior 

knowledge of soot concentration in the oil via TGA is extremely useful for helping 

guide the choice of an appropriate dilution ratio. The concentration measurement 

provided by TGA was used to guide use of a 1:30 dilution in heptane. 
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The final grid preparation protocol used for the GTDI soot-in-oil sample in this work 

was:  

 dilution in heptane at 1:30 (0.5 mL oil to 15 mL solvent) 

 deposition of 30 μL of diluted oil onto the TEM grid (with wicking) 

 washing with 15 μL diethyl ether to further remove oil contamination (with 

wicking) 

 exposure to high vacuum (approx. 1x10-6 Bar) for several hours prior to TEM 

imaging 

 

3.4.3 – Thermo-gravimetric Analysis (TGA) 

Soot concentration in the used oil was measured using thermo-gravimetric analysis on 

a TA Instruments Q500 analyser. The methodology was adapted from the ASTM 

D5967-08 test standard and has previously used by members of the Nottingham 

Powertrain research group [142]. A platinum TGA pan was dosed with 20 μg (±0.5 μg) 

of used oil and loaded into the analyser. Nitrogen gas was used to purge the combustion 

chamber of oxygen prior to analysis. All gas flow-rates were set to 100 mL min-1. The 

sample was held under nitrogen at room temperature for 20 minutes before heating to 

50 °C at a rate of 5 °C min-1. After a short isothermal stage at 50 °C, the sample was 

again heated at a higher rate of 50 °C min-1 until the chamber reached 550 °C. Heating 

rate was then decreased to 20 °C min-1 and continued until the chamber reached 650 °C. 

Up until this point, the high temperature in the chamber has removed all volatile 

material, including oil and fuel traces, through evaporation, but the solid phase of the 

oil (soot and ash) remains. The use of inert flow gas means that the soot is not 

combusted. After the temperature reached 650 °C, the gas flow was switched from N2 

to air and heating continued at 20 °C min-1- until a final temperature of 750 °C was 

reached. This period of high temperature and continued heating in air allows the soot 

phase to combust. The balance of the TGA records the change in mass of the sample 

over time, and the rapid mass loss that occurs alongside the N2/air switchover is used to 

determine weight percentage of soot in the oil. Once reaching the final temperature, the 

sample is held at 750 °C for 5 minutes before the test concludes and the chamber 

temperature is reduced to room temperature. For the GTDI soot-in-oil sample used in 

this work, soot concentration was determined as 0.56% by mass.  
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3.5 - Morphological Characterisation of Soot 

The purpose of TEM and ET study of soot in this work is to permit morphological 

characterisation of the soot nanoparticles. As mentioned, calculation of morphological 

parameters was carried out using Fiji. This section details the methods used to calculate 

the parameters considered in this work. 

 

3.5.1 – 2D-TEM Morphological Characterisation  

Based on soot morphological studies found in the literature, the following parameters 

were measured from 2D-TEM images in this work: projected area (Ap), number of 

primary particles (Np), Volume (V & Vol), surface area (SA), radius of gyration (Rg), 

fractal dimension (Df), circularity (circ.), Feret diameter, and primary particle diameter 

(dpp) 

The initial step of 2D characterisation is segmentation of particles from the TEM 

background, carried out manually in Fiji. This isolates pixels representing the particle 

from those of the background, and is used to measure the area occupied by the 

nanoparticle as well as certain shape descripting measurements. An automated process 

for 2D-TEM image segmentation is described in chapter-6.   

In order to estimate the number of primary particles comprising the nanoparticles, a 

mean primary particle diameter of the sample must first be determined. For the FG soot 

nanoparticle, this was measured solely via the images of the tilt-series. For the GTDI 

soot-in-oil sample, both tilt-series data and standard 2D-TEM images were used. 

Previously, Kondo et al. had considered the effect of the human operator on the 

uncertainty of 2D-TEM image segmentation, including measurements of primary 

particle diameter [39]. Experienced operators showed only a small degree of variation 

in their selections, with identification of primary particles only occurring where clearly 

visible. Where possible, the methods described in that work were followed. The values 

measured for the FG soot and GTDI soot-in-oil samples are discussed in chapter-4 and 

chapter-6 respectively.  

Number of primary particles (Np) was inferred according to the methods of Neer & 

Koylu [75] using equation-3.2, where Ap is the 2D area of the whole nanoparticle, and 

App is the area that an average-sized spherical primary particle would occupy in a 2D 

projection. The pre-factor ka, and exponent α take the values 1.15 and 1.09 respectively, 

and account for the unseen 3D extent of the particle. These coefficients were determined 
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by Koylu et al. based on 2D-3D morphology comparisons for a combination of 

simulated soot aggregates and real flame-generated soot [73]. Simulated aggregates 

were created to qualitatively mimic flame-generated soots from diffusion flames. 

Individual and pairs of primary particles were connected in random orientations, with 

no overlap. Aggregates were created with Np = 20-1000, and were limited in terms of 

fractal dimension (1.7 < Df < 1.8) to match prior experimental observations. Known Np 

was compared to measured 2D area in order to derive the relation between them. 

Following this, real flame generated soot was imaged via TEM over ±45° range. Angled 

images were used to determine Np by manual inspection, and compared against the 2D 

area. Close agreement was found between simulated and experimental data, leading to 

derivation of the constants in  equation-3.2.  

Simplified nanoparticle volume (V) [199], and surface area (SA1) are estimated by 

multiplying Np by the volume and surface area of the average-sized spherical primary 

particle (equations 3.3 and 3.4), with no primary particle overlap taken into account.  

Surface area inclusive of primary particle overlap (SA2) was also estimated based on the 

methods presented by Brasil et al. [154], and by Bau et al. [155]. In this methodology, 

a coefficient (Cov,P) is measured for the overlap of primary particles in 2D-TEM 

projections (equation-3.5), where dp is the average primary particle diameter, and dij is 

the distance between the centres of pairs of overlapping primary particles. From 60 

measurements of our sample, the average dij was determined as 27 nm. An additional 

overlap coefficient, Cov, is calculated via equation-3.6, where ζ1 and ζ2 are equal to 1.1 

and 0.2 respectively. Finally, an estimate of 3D surface area is calculated using 

equation-3.7, where ϕ is an empirically determined constant equal to 1.3. For the GTDI 

soot-in-oil sample, equation-3.6 revealed Cov as a small negative value, and was adjusted 

to 0 to cooperate with equation-3.7 for surface area (surface area should not be greater 

than the no-overlap value, SA1). For the FG soot sample, the tilt-series images were not 

sufficiently high-resolution to calculate primary particle overlap.  A value of 0 for Cov 

results in both methods for calculating surface area being equivalent. 

Radius of gyration (Rg) was determined via a pixel-based method demonstrated by, 

amongst others, Lapuerta et al. [157]. The distance from each pixel to the centre of mass 

is measured (ri) and used alongside the total number of pixels (npx) in equation-3.8.  

Circularity was measured directly in Fiji based on area and perimeter values, according 

to equation-3.9. Circularity is used as a measure of complexity as it provides a value of 

1 for a perfect circle, and values move towards 0 for a 1-dimensional line. Thus more 



72 
 

clustered soot nanoparticles possess higher values, and more complex and branched 

structures possess lower values.  

Fractal dimension was determined using two methods. The first was the so-called box-

counting or Minkowski-Bouligand method. This is a general purpose method developed 

for true fractal structures (such as the Sierpinski carpet). This method is common for 

fractal dimension measurements of individual soot nanoparticles [156, 200]. This 

method counts the number of boxes required to cover the area occupied by the 

nanoparticle as a function of the size of the boxes. A log-log plot of number of boxes 

against the reciprocal of the box size, for which the slope gives the fractal dimension. 

The choice of the sizes of boxes tested was guided by the work of Lottin et al. [156]. In 

this method, maximum box-size for accurate measurements is considered to be close to 

the scale of the irregularities of the structure. For a soot nanoparticle this is the primary 

particles, so maximum box-size is set equal to the primary particle diameter (20 nm). 

The minimum box-size in Lottin’s work was around 10-20% of the maximum box size, 

and by also considering the suggestion of Wozniak [200] was set to 2 pixels (equivalent 

to around 10% of primary particle diameter in the scale of the tilt-series). 

The second method used to calculate fractal dimension was a soot-specific iterative 

method developed by Lapuerta et al. [157]. In this method hypothetical arrangements 

of primary particles leading to extreme values of Df  (Df=1 and Df=3) were considered, 

and a curve was created to describe the Df values of intermediate cases. A shape factor 

was included to better match the shape of the potential interpolation between extremes 

to that of experimental findings. There are several assumptions made in this method, 

including that all primary particles are considered perfectly spherical, and the 2D radius 

of gyration is equivalent to the 3D-Rg value. Primary particle diameter, radius of 

gyration, and area must also be taken from 2D projection as an initial step. As opposed 

to box-counting methods, the establishing of extreme conditions means this method 

does in fact attempt to provide a value for the fractal dimension of the 3D particle, using 

values measured from the 2D projections. For this work, a Matlab script to calculate Df 

via this method was produced based on the description of the method provided in [157]. 
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𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟2⁄ ) (3.9) 

3𝐷𝑐𝑖𝑟𝑐. = 6√𝜋 (𝑉
𝑆𝐴1.5⁄ ) (3.10) 

 

 

3.5.2 – 3D-TEM Morphological Characterisation 

The 3D particle models resulting from ET were characterised in terms of volume, 

surface area, radius of gyration, fractal dimension, and a 3-dimensional equivalent of 

circularity. 

Volume and surface area were directly extracted from 3D volume reconstructions using 

the BoneJ plugin for Fiji [201]. Volume was simply determined from the number of 

voxels that comprise the model. The surface area was determined based on a production 

of a triangular surface mesh covering the surface. This calculation requires choice of a 

resampling factor, effectively smoothing the surface of the model to fit the triangular 

mesh. The choice of resampling factor balances speed against accuracy, and is described 

in a separate section in the appendix (section-A.2). 

Radius of gyration was calculated via a 3D analogue of the pixel-based method used in 

2D characterization (equation-3.8), as performed by other authors in ET study of soot 

[36]. This was performed using a self-produced macro for Fiji.  

For comparison with 2D-derived shape complexity measurements, a 3D equivalent of 

the circularity parameter was derived. A relationship between volume and surface area 

was establish to produce values of 1 for a perfect sphere, and to move towards 0 for 

purely 2-dimensional (flat) objects. This is analogous to the ratio of area and perimeter 
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used in the 2D calculation. The calculations for this parameter are given in equation-

3.10. This parameter is very similar to the sphericity parameter of Wadell [202], but due 

to slight differences in the calculation, and for the sake of clarity, our parameter will be 

referred to as 3D-circularity. 

The 3D-Df was calculated via cube-counting in Fiji using the BoneJ plugin. This is a 

direct 3D equivalent of the box-counting method used in 2D. In BoneJ, the set of cube 

sizes is automatically chosen based on the size of the model, and must be manually 

reduced to comply with Lottin’s guide to box sizes [156]. As for 2D box-counting, Df 

was determined via the slope a log-log plot of the number of cubes vs. the size of cubes 

required to enclose the nanoparticle. 

 

3.6 - Summary 

This chapter has detailed fundamentals of the operation of both TEM and ET with 

specific relation to the work performed in this thesis. The use of these techniques was 

described with regard to the equipment available for use at the University of 

Nottingham. Details have also been provided on the soot samples studied and their 

preparation for TEM imaging via solvent dilution and thermo-gravimetric analysis, as 

well as details on the methods used for soot characterisation in both 2D and 3D. 
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4 - 2D- and 3D-TEM Morphology Characterisation of 

Flame-Generated Soot 

This chapter details the initial usages of TEM and ET in this project. A case-study of a 

flame-generated soot nanoparticle was used to develop expertise with both TEM image 

processing and the tomographic reconstruction process. Traditional 2D morphology 

characterisation is performed on a range of images throughout the ±60° tilt-series, and 

is used to provide an example of variability in 2D-derived measurements as a function 

of projections angle. Measurements of area, number of primary particles, volume and 

surface area varied by 40-45% compared with the mean values, and measurements of 

circularity varied by up to 69%. Fractal dimension as determined via box-counting 

methods was insensitive to the angle of projection, while an alternative iterative method 

provided more variable values as was expected. The nanoparticle morphology was also 

characterised in 3D using the model produced by ET. A comparison of 2D- and 3D-

derived measurements found significant deviations between the two. While the 2D 

method underestimated 3D-volume by around 36%, surface area was on average 

overestimated. Fractal dimension was underestimated by 2D methods, with a similar 

scale of deviation (~20-30%) as seen in previous works. Deviations between 2D- and 

3D-circularity were 18% on average, while 2D-Rg was reasonably accurate at only 8%  

difference. The work carried out in this chapter highlights doubts by previous authors 

over efficacy of 2D measurements of single projections of soot nanoparticles, due to 

strong variability in 2D measurements with projection angle. This work was also useful 

for identify areas of the ET process that could be optimised. 

The work included in this chapter was adapted from a journal publication, and was 

presented in-part at the 20th ETH Conference on Combustion Generated Nanoparticles 

in Zurich (2016): 

Orhan O., Haffner-Staton E., La Rocca A., Fay M. Characterisation of flame-generated 

soot and soot-in-oil using electron tomography volume reconstructions and comparison 

with traditional 2D-TEM measurements. Tribol Int. 2016;104:272-84. 
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4.1 - Introduction 

As described in the literature review, ET has previously been used for soot study by 

both our own group and other research groups [34-36, 40]. To date, however, there has 

been little in the way of follow-up work. This is almost certainly due to how slow ET is 

compared to typical 2D characterisation. Currently, ET cannot compete with 2D-TEM 

regardless of improvements in quality. A practical 3D characterisation tool needs to be 

quick enough so that the advantages in quality are tangible and the technique can be a 

viable alternative. Thus, the aim of this thesis is to develop a 3D-TEM methodology for 

soot morphology characterisation that is both high quality and high-throughput. The 

main focus of this work will be in relation to optimisation and accuracy of 3D-TEM. 

The work in this chapter describes the first forays into the use of electron microscopy 

and tomography for soot. These initial explorations are carried out using a simple case-

study sample of flame generated (FG) soot that had been prepared prior to the start of 

the project. This sample eliminated the necessity of sample preparation that is known to 

be somewhat tricky for soot-in-oil samples [41], which were to be the main focus of my 

project. As such it offered an ideal data set with which to practice performing both 

traditional 2D-TEM and ET-derived morphology characterisations. This section also 

contains a small investigation into the effect of nanoparticle orientation on 2D-TEM 

characterisation.  

 

4.2 - The FG Soot Sample 

The first sample studied was a pre-prepared flame-generated (FG) soot nanoparticle. 

The sample was pre-prepared in the sense that it had already been deposited onto a TEM 

grid prior to the start of the project, and was made available by Dr Michael Fay at the 

nmRC. The grid had been prepared for tomography by addition of gold nanoparticles in 

a heptane suspension. The Au-NPs were acquired from MP Biomedicals, and were 

approximately spherical with an average diameter of 10 nm (±3 nm). As described in 

the literature review section, these nanoparticles are extremely high contrast in BF-TEM 

due to their extremely high density. Their well-defined size and shape is useful for 

acting as fiducial markers, meaning they are used to track the position of images and 

align them. Several Au-NPs can be seen in figure-4.1, which shows the FG soot 

nanoparticle in a standard BF-TEM projection.  
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Figure-4.1: The flame-generated soot nanoparticle in an un-tilted BF-TEM image 

 

This particular structure was chosen primarily due to its interesting 3-dimensional 

structure which included a prominent arch joining two complex and bulky bases. 

Additionally this structure had an acceptable distribution of gold nanoparticles in the 

locale, and lack of significant overlap with adjacent structures. For this FG soot particle, 

a tilt-series had been acquired over a ±60° range in 1° increments (121 images total). 

The images had been binned by a factor of 2, and were 1000 x 668 pixels in size (cf. the 

native size of the camera; 2004 x 1336 pixels). The image scale was 1.068 nm per pixel. 

As the sample had already been prepared and tilt-series already acquired this 

represented an ideal practice data set for ET, leaving only the computational steps of the 

process. 
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4.2.1 - 2D-TEM Morphology Characterisation of the FG Soot Tilt-Series 

Prior to the use of ET, standard 2D-TEM morphology characterisation was carried out 

for the FG soot nanoparticle. This would enable us to gain insight into the kind of 

discrepancy that exists between 2D- and 3D-derived methods for this nanoparticle. This 

is important, as the emphasis for 3D characterisation is uncertainty in the accuracy of 

2D soot characterisation.  

Typically, morphological characterisation of soot is carried out via 2D-TEM imaging. 

However, the measurement of morphology from 2-dimenisonal projections of what are 

known to be complex, 3-dimensional structures has many potential sources of error. In 

some instances, fundamentally 2-dimensional parameters may be measured and it is 

assumed the 2D-3D difference is not significant. Examples include calculation of fractal 

dimension via the box-counting method [156, 200, 203], and radius of gyration via a 

pixel-based method [157, 204]. Authors have observed and predicted significant 

differences between 2D- and 3D-derived values for these parameters. In their 1995 

work, Koylu et al. observed that on average 3D-Rg was 24% greater than 2D-Rg [73], 

while Rogak et al. predicted 2D-3D differences of 10-20% in terms of fractal dimension 

[74]. Alternatively, relationships may be used which attempt to correlate observed 2D 

properties with real 3D morphology. Such a method that has gained wide-spread use is 

the determination of the number of primary particles comprising an aggregate from the 

area it occupies in a 2D projection [73, 75]. This method (equation-3.2) does not account 

for real primary particle size distributions as the simulation involves only spheres of the 

same size (a problem discussed in depth by Morán et al. [205]), and all primary particles 

are assumed perfectly spherical. Correction factors are included to account for the 3D 

nature of the particle, but are partially based on simulations that do not account for 

primary particle overlap or realistic appearance of soot in TEM images. Even if a 

method to correlate 2D and 3D morphology were well calibrated, its general application 

to different samples is limited since the morphology of soot nanoparticles is so strongly 

dependent upon their formation. As might be expected given these considerations, 

previous 3D study of soot via ET has already observed significant differences between 

2D- and 3D-morphology [34, 36]. 

It was also decided that 2D-TEM characterisation should be carried out over a range of 

images included in the tilt-series, rather than just the untilted image that would be used 

in standard characterisation. It has been acknowledged by several authors in the field 

that the appearance of soot nanoparticles varies strongly depending on the angle of 

projection (also described as ‘viewing direction’ or ‘orientation of the particle’) [36, 38, 
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73, 206]. This variability due to orientation has been considered to act almost as an 

uncertainty on 2D-derived measurements. For example, in their study using ET to 

determine optical properties of soot Adachi et al. considered that use of single TEM 

projections yields results that were arbitrary given they depend so strongly on projection 

orientation. They considered that use of single 2D projections could lead to uncertainties 

in models of soot atmospheric lifetime and associated light scattering and absorption. 

More recently, Baldelli et al. studied FG soot using both  ET and TEM [38]. While they 

observed that primary particle measurements were not dependent upon angle of 

projection,  2D projected area measurements varied by approx. 30% across a tilt-series. 

They acknowledged that when using 2D methods, it is unclear whether differences in 

morphological measurements between particles is due to real differences in 3D structure 

or simply due to orientation effects. This a key consideration for the validity of 2D-

derived characterisation. It is the differences between individuals of a sample that 

provide information on the state of soot in that sample. This in turn is the information 

used to try and understand how morphology is directing behaviour and producing 

effects in certain environments. If it is unclear whether the measured characteristics of 

a sample are real or simply artefacts of the measurement process, then it undermines the 

characterisation process.  

Image processing was performed using Fiji, where pixels relating to the particle matter 

were manually identified and stored as regions of interest (ROIs). As described in the 

experimental section, this process is most generally performed manually, though in 

certain studies authors have developed bespoke automated methods [160, 207-209]. 

This 2D segmentation was carried out every 4° over the tilt-series, resulting in 31 

measurements. Care was taken to consider each image from the tilt-series on an 

individual basis, as if it were only the image available. The different angles of the tilt-

series reveal 3D information on the morphology of the structure, such as whether 

overlapping structures are connected to the main feature or not (this is discussed in more 

detail in section-4.3.1). As the purpose of this part of the study was to estimate errors in 

typical 2D-characterisation, efforts were made to ensure that ROI selections mimic 

those in a typical study where angled projections are not available.  

An example of different ROI selections over the tilt-series are shown in figure-4.2, 

highlighting strong variability in the 2D appearance of this nanoparticle. The FG soot 

nanoparticle was characterised in terms of a number of morphological parameters. 

Firstly, it was necessary to determine the mean primary particle diameter (see the 

following paragraph for details of this procedure). The parameters that could be directly 

measured from the 2D images were: area, circularity, radius of gyration via pixel-based 
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method, and fractal dimension via box-counting. The box-set used was based on the 

work of Lottin et al. [156], where maximum box-size for accurate measurements is 

considered to be close to the scale of the irregularities of the structure. For a soot 

nanoparticle this is the primary particles, so maximum box-size is set equal to the 

primary particle diameter (20 nm). The minimum box-size in Lottin’s work was around 

10-20% of the maximum box size, and by also considering the suggestion of Wozniak 

[200] was set to 2 pixels (equivalent to around 10% of primary particle diameter in the 

scale of the tilt-series). The 2D area and mean primary particle diameter (see next 

paragraph for details on dpp measurements) were then used according to the methods 

given in section-3.6.1 to derive the following 3D parameters: number of primary 

particles, volume, simple surface area (without overlap), and fractal dimension via 

Lapuerta’s iterative method. The most widely used method of calculating fractal 

dimension, using the mass-fractal power-law relationship [75], is not applicable in this 

case as it meant to be used based on a sample of data rather than for individual 

nanoparticles.  

 

 

Figure-4.2: These images show the FG soot nanoparticle at various angles throughout the tilt-series. 

From top-left clockwise: -40°, -20°, +40°, +20°. Scale bars measure 100 nm in length.  
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Though in typical 2D characterisations the mean primary particle diameter is 

determined from a number of different nanoparticles in the sample, in this case only the 

particles visible in the tilt-series were available to be considered. The untilted image 

from the tilt-series was used to measure primary particle diameters, resulting in 33 

individual measurements. Previous studies has indicated suitability of single projections 

for primary particle sizing [38]. The majority were single measurements per primary 

particle, though a small number contain two roughly perpendicular measurements over 

the same particle. This was only possible for the most clearly visible particles, following 

the protocol for reliable primary particle sizing described by Kondo et al. [39]. Due to 

the fact the tilt-series images were binned, the resolution is not ideal for measurement 

of primary particle diameters. The relatively coarse scale makes it difficult to discern 

anything but the most clearly visible primary particles. Additionally, overlap of primary 

particles is almost impossible to determine meaning that the overlapping surface area 

measurements (see experimental section-3.6.1) could not be performed, as the required 

overlap parameters could not be determined. The chosen primary particle measurements 

superimposed on the untilted image are shown in figure-4.3, and a histogram of the 

measured diameters is provided in figure-4.4. The histogram suggests a log-normal 

distribution, with the modal interval (based on 6 bins, via the Freedman-Diaconis rule 

[210]) between 17.8 and 20.4 nm. The mean diameter was calculated as 20.2 nm, and 

20 nm was used in the calculations to derive the 3D parameters. 

 

Figure-4.3: An example of the measurements of primary particle diameter for the FG soot sample, with 

vectors shown in pink.  
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Figure-4.4: A histogram showing the (log-normal) size-distribution of primary particle diameters in this 

sample. Modal interval was between 17.8 and 20.4 nm, and the mean diameter was 20.2 nm. 

 

4.2.2 - Electron Tomography for FG soot 

The FG soot nanoparticle was reconstructed using the Etomo software, created by 

Mastronard et al. [176]. All 121 images of the tilt-series were included in the 

computation, corresponding to a file size of 158 MB. The software permits exclusion of 

any images from the computation if desired, e.g. if corruption of the image occurs or 

the displacement is very large, but this was not needed or used. Weighted back-

projection was used to perform the computational step, as it is one of the simplest 

methods and was readily available in the software.  

As described in the experimental section, alignment of the tilt-series is carried out first 

using simple image cross-correlation, and then refined using positions of the fiducial 

markers. An example of the chosen fiducial markers is given in figure-4.5. Though the 

number of markers chosen was towards the lower limit suggested by the Etomo guide, 

alignment completed with no major issues. The errors in alignment were well in-line 

with those suggested in the Etomo guide. A small number of manual corrections to 

fiducial marker position was required, but the entire alignment procedure completed 

within 5 minutes.  
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Figure-4.5: The fiducial markers chosen for fine-alignment of the FG soot tilt-series in Etomo. 

 

Etomo permits creation and viewing of temporary ‘rough’ tomograms for refining the 

positioning of the 3D reconstruction in 3D space. This is useful for limiting 

reconstruction of empty space, which can increase the size of tomogram files and the 

time required for the computation. The final chosen tomogram size was 300 slices in 

the Z-direction (perpendicular to the TEM grid), with a degree of ‘padding’ above and 

below the nanoparticle. In the XY-plane, the tomogram was simply the same size as the 

tilt-series images (1000 x 668 pixels). 

The computational step that produces the tomogram completed in around 30 seconds, 

and was performed using all default settings. Details of the computer specifications are 

given in the experimental section-3.2. The raw tomogram (designated as ‘FG-WBP’) 

was 391 MB in size. This image stack was trimmed in size in X, Y, and Z to limit the 

volume of undesired material in the tomogram. The resulting tomogram contained 190 

slices in the Z-direction, significantly reducing the file size (302 MB). 

Segmentation of the tomogram was performed manually in Fiji, with the tomogram 

arranged into slices presenting the XY-plane (see experimental section-3.3.5 for more 

details). A brush tool was used to select the desired regions of the image, and  selections 

for each slice were saved using the built-in ROI Manager tool. This process is exactly 

the same as that used to identify soot in 2D-TEM images, only that multiple 2D 

segmentations are created. Figure-4.6 shows several slices from the FG-WBP 

tomogram, and associated ROI selections.  
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(4.6a) 

(4.6b) 

(4.6c) 
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(4.6d) 

Figure-4.6: These images shows 4 slices from the FG-WBP tomogram, taken from different heights. 

The ROI selections of the relevant particles matter are superimposed on the images. 

 

As can be seen, not all of the darker pixels in the tomogram slices are selected. Only 

those that pertain to the same nanoparticle are selected, as all other matter belongs to 

separate structures. The first two images in figure-4.6 (a and b) show the lower sections 

of the tomogram, which are closer to the TEM grid. This is closer to the adjacent soot-

like structures that present (these can also be seen surrounding the structure of interest 

in figure-4.1) on the TEM grid, and thus more unselected matter is visible. As only 

cross-sections of the tomogram are viewed, it is not always obvious which areas of 

matter are connected at other depths. The presence of adjacent structures makes it 

significantly more difficult to correctly identify regions of interest. It is necessary for 

the user to repeatedly scroll forwards and backwards through the tilt-series to identify 

interconnected areas, which increases the time required for this process. The last two 

images of figure-4.6 (c and d) are around 200 nm vertically above the TEM grid, so the 

smaller adjacent structures are not visible and do not hamper segmentation.  

Due to the large number of slices involved, manual segmentation of the tomogram took 

144 minutes in total, an average of around 45 seconds per slice. This tomogram is 

actually towards the upper limits of difficulty for segmentation of soot. This is due to 

the presence of numerous adjacent structures as well as its large size, complex shape, 

and particularly its 3D nature. This amplified the difficulty of identifying connected 

regions of particle between slices and the extent to which selections changed between 

subsequent slices, increasing the time required for ROI selections to be made and 

confirmed.  
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Following completion of segmentation, all ROI selections are combined and 

‘binarized’. All pixels within the ROI selections (i.e. the particle) are coloured white, 

and all other pixels are coloured black. The result is a binary 8-bit image stack that can 

be handled as a 3D model. 3D renderings from different viewing directions are shown 

in figure-4.7, as produced using UCSF Chimera [211].  

(4.7a) 

(4.7b) 

Figure-4.7: 3D renderings of the FG soot nanoparticle produced in UCSF Chimera.  
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The FG soot nanoparticle was measured in terms of volume, surface area, radius of 

gyration, 3D-circularity, and fractal dimension. Volume, surface area, and fractal 

dimension were measured using the BoneJ plugin for ImageJ. Volume was simply 

determined from the number of voxels, while surface area was determined based on a 

production of a triangular surface mesh covering the surface. This calculation requires 

choice of a resampling factor, effectively smoothing the surface of the model to fit the 

triangular mesh. Choice of this parameter for soot is discussed separately in the 

appendix section-A.2. For the FG soot nanoparticle, a resampling factor of 2 was chosen 

based on the typical scale of primary particles in the aggregate. Fractal dimension was 

calculated using a cube-counting method, with a cube-set based on the findings of 

Lottin’s 2013 work [156]. Briefly, as for the 2D box-counting method for Df the 

minimum cube-size was set to around 10% of the primary particle diameter (2 nm), and 

the maximum cube-size was set to close the primary particle diameter of 20 nm. Radius 

of gyration was calculated via a self-produced macro for Fiji, and was a direct 3-

dimensional extension of the 2D method used by previous authors [157]. As described 

in the experimental section, 3D-circularity is a direct 3D analogue to the 2D shape factor 

circularity. 3D-circularity accounts for the complexity of the morphology of the particle 

in terms of a ratio of its volume and surface area. 

 

4.3 - Results & Discussion: 2D vs 3D Comparison 

4.3.1 - Adjacent Structures in the Tilt-Series and Tomogram 

An interesting observation during tilt-series characterisation was how at different 

angles, adjacent soot material could appear to be either connected/disconnected to the 

main structure. As soot is partially transparent in BF-TEM, when adjacent material 

overlaps the main structure it is very difficult to discern whether the particle is truly 

connected or not. This can be illustrated by considering the appearance of the FG soot 

nanoparticle at -12° and at 4° in the tilt-series, shown in figure-4.8. At the negative angle 

the highlighted adjacent structure, a small particle of possibly 2 or 3 primary particles 

combined, is positioned underneath the main structure and considered connected. 

However, just a few degrees in the positive direction this structure emerges from 

underneath the particle, and would be excluded from ROI selection. In the untilted 

image, this adjacent structure sits very much on the edge of the main aggregate and its 

inclusion or exclusion would be purely down to the choice of the user. Very similar 

observations of overlapping but non-connecting structures were made very recently, in 
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the work of Baldelli et al. [38]. They also noted how in standard single-projection 

imaging it is unclear whether structures are genuinely attached or not.  

 

 

 

Figure-4.8: Example tilt-series images of the FG soot nanoparticle, where adjacent soot material appears 

as either connected or disconnected from the main structure. 

 

Such effects are another potential concern for standard 2D-TEM, as with only a single 

projection it would not be possible to observe the true nature of such an arrangement of 

particles. This could lead to potentially erroneous measurements of morphology. 

Realistically, this problem would likely be avoided by preparing the TEM grid with a 

lower concentration of soot. This would make it less likely for structures to overlap, 

though this cannot always be avoided as deposition of soot is largely uncontrolled.  

In 3D-TEM the tilt-series allows us to visualise the particle in 3D, and higher angles 

can be used to determine whether adjacent particles are connected or not. This 

knowledge was utilised during the segmentation of the FG soot nanoparticle, as the 

initial segmentation actually included the adjacent structure shown in figure-4.8. Due to 

the close proximity of the adjacent structure, inaccuracies of the reconstruction (blurring 

primarily) caused the two structure to appear connected. As it happened, only the most 

tenuous of connections linked this section to the main particle in a single slice of the 
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tomogram. By observing the tilt-series, it was clear this structure was not attached, and 

the tomogram segmentation could be edited to remove this section. Of course, as for 

standard 2D-TEM the most effective remedy is simply better grid preparation to ensure 

low likelihood of particle overlapping. However, in some cases it may be unavoidable 

and as such it is useful to be able to utilise the tilt-series to advise edits to the initial 

segmentation.  

 

4.3.2 – Morphological Analysis 

The FG soot nanoparticle was characterised in terms of morphology via typical 2-

dimensional methods across 31 different projection angles, and via 3D-methods using 

a reconstructed model. Scatter plots were produced to visualise how different 

morphological properties varied as the viewing angle in TEM changed, and 3D-derived 

values were inset into these plots (figure-4.9). Mean values across the tilt-series, and 

their deviation vs. 3D-derived values are included in table-4.1. 

 

 Volume 

(nm3) 

Surface Area 

(nm2) 

Radius of 

Gyration 

(nm) 

Fractal 

Dimension 

(box-count) 

Fractal 

Dimension 

(iterative) 

Circularity 

3D 1,797,700 303,700 149.1 2.47 2.47 0.114 

2D-mean 1,142,800 342,800 136.9 1.83 1.95 0.093 

2D-3D 

discrepancy 
36 % -13 % 8 % 26 % 21 % 18 % 

 

Table4.1: Showing the 3D-derived and mean 2D-derived values for several morphological parameters. 

Also shown is the discrepancy between the two methods, calculated as a percentage of the 3D-derived 

value. 
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(4.9a) 

(4.9b) 

(4.9c) 
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(4.9d) 

(4.9e) 

(4.9f) 

Figure-4.9: Scatter plots showing the variation in 2D-derived morphological measurements as a 

function of the viewing angle in the tilt-series. Also included are the single 3D-derived measurements 

and the mean of the 2D-derived measurements.  
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4.3.2.1 – Area, Np, Vol, and SA: Variation over the Tilt-Series 

Firstly, the parameters Ap, Np, V, and SA can essentially be grouped together when 

considering their variability. The measured 2D area is used in equation-3.2 to calculate 

a value for Np. As such their variability is almost identical (figure-4.9a-f), only showing 

a small deviation due to the use of the exponent α (= 1.09). Volume and surface area are 

derived directly from Np and thus show identical variability over the tilt-series. 

For these 4 parameters, a significant degree of variation was observed over the tilt-

series. The range of results measured was ≥40% of the size of the mean value, and the 

variation was asymmetric over the tilt-series. The exact form of this variation is 

dependent upon the particular 3D structure of the nanoparticle, and would be different 

depending on the particle studied. By chance, the apparent morphology at the extreme 

negative angles (-60° to -30°) presented the largest areas, resulting in the largest 

measured values of these parameters. From -30° to +60° there was a somewhat linear 

decrease in the 2D area occupied by the nanoparticle, though this decrease was not 

smooth.  

The use of ET allowed us to compare 3D-derived morphology with the 2D-derived 

results from the tilt-series. The Ap property is purely 2-dimensional, so has no direct 

relation to the 3D derived results. Similarly, it was not possible to directly determine Np 

from the 3D model. In some studies, including Koylu’s which derived the values of ka 

and α used in equation-3.2 [73], it was apparently possible to determine Np visually 

from a series of angled TEM images (not unlike a tilt-series). However, it was not the 

case for the FG soot nanoparticle. The resolution and contrast did not allow for all 

individual primary particles to be clearly discerned. Indeed, from the experienced 

gained in TEM imaging of soot is seems unlikely for this ever to be a routinely 

achievable measurement. Only for the most well-defined particles in ideal TEM 

projections would this ever be possible. The examples provided in Koylu’s work show 

extremely branched nanoparticles with essentially no multi-particle connections or 

clusters [73].  

 

4.3.2.2 – Vol: 2D vs 3D 

Firstly, it can be seen in figure-4.9b (and table-4.1) that all 2D-derived measurements 

of volume were underestimated in comparison to 3D-derived volume. The mean volume 

measurement across the tilt-series was 36% smaller than the 3D-volume. This result 

suggests that the 2D method has significantly underestimated the bulk of the FG soot 
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nanoparticle. This may be through either overestimation of the extent of primary particle 

overlap,  by underestimation of the unseen 3D-extent of the particle, or both. These two 

factors are governed by the use of the pre-factor ka and the exponent α. The data shown 

in this section is useful as an example of what degree of uncertainty may be associated 

with the 2D-TEM methodology, but remains unaccounted for.  

 

4.3.2.3 – SA: 2D vs 3D 

In contrast to the underestimations in volume measurements, the 2D-TEM method was 

seen to overestimate surface area vs. the 3D-result for the around three-quarters of the 

total tilt-range. Only the orientations from around +30° to +60° resulted in surface area 

measurements that were smaller than the 3D-SA. Due to the fact that different 

orientations resulted in both underestimation and overestimation, on average the 2D-

method was only 13% larger than the 3D-SA. An overestimation is not entirely 

unexpected, as the simple method use to calculated the 2D-derived SA made no attempt 

to account for the overlap of the primary particles. As such, internal surfaces of the 

primary particles that are not accessible in reality are included in the calculation, 

resulting in a gross overestimation. Despite the mean 2D-SA being relatively close to 

the 3D-derived result, the lack of incorporation of any overlap factors mean that this is 

almost certainly simply down to chance and would be unlikely to retain this closeness 

for an ensemble of nanoparticles. In any case, due to the strong variability in the 2D-

SA, a large number of orientations still resulted in a significant deviation vs. the 3D-

SA. 

4.3.2.4 – Rg: 2D Variation and 2D vs 3D 

Figure-4.9d shows the variability in the radius of gyration over the tilt-series. A first 

observation from this plot is that the shape does not entirely mimic that seen for Ap, V, 

SA, and Np. Radius of gyration can be thought of as a measure of complexity, taking 

into account the distribution of the particles matter around its centre of mass. Highly 

branched particles that extend further outward from the centre of mass will exhibit 

higher Rg values than those that cluster close to the centre, even when their projection 

area is significantly smaller. As such, the form of the Rg variation is not directly related 

to that of projection area, and we observed  more parabolic variation over the tilt-series. 

For example, a sharp decrease in Rg from around -40° to -60° is concurrent with a 

relatively steady value of projection area. The parabolic shape of the plot implies that 

the particle appears more clustered at the higher angles. The degree of variability in Rg 
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was not as large as that seen for the previously discussed parameters. The range of 

results was still fairly significant however, at around 18% of the size of the mean value. 

In comparison to the 3D-Rg, the 2D method resulted in an underestimation in every 

image across the tilt-range, though at just 8% on average this was smaller than that seen 

for volume. It is unsurprising that the 2D-methodology resulted in an underestimation, 

as the method makes no attempt to account for the unseen 3D extent of the particle. The 

pixel-based method is a purely 2-dimensional parameter, and incorporation of the 

voxels in a 3rd dimension would be expected to increase the value. The 8% average 

underestimation seen here is significantly lower than that measured by Koylu et al.in 

their 1995 work [73], which saw an average 24% underestimation in 2D. However, it is 

not clear what method is used to calculate radius of gyration in that work, and 

calculations were performed on simulated aggregates rather than real nanoparticles. A 

potential cause of the relatively high accuracy of 2D-Rg may be due to the aspect ratio 

of the nanoparticle. Despite significant 3-dimensional character, and the Z-depth of the 

particle being in excess of 200 nm, the particle is much larger in the XY-plane. This is 

emphasised in a 3D-rendering of the particle in a minimum bounding box (figure-4.10). 

 

Figure-4.10: A 3D render of FG soot in a minimum bounding box.  

 



95 
 

The XY-plane Feret diameter is 461 nm (the maximum distance between any 2 points 

of the structure), so is large in comparison to the maximum Z-depth of 203 nm. This 

means that the contribution to the voxel-based 3D-Rg value is primarily from the XY-

plane, which is the only contribution in the 2-dimensional method. For particles with a 

smaller XY:Z ratio it is expected that the 2D-3D difference in Rg will be more 

prominent, and vice versa for more 2-dimensional nanoparticles.  

4.3.2.5 - Df: Box/Cube-counting and Lapuerta’s Iterative Method  

In spite of the strong variation in many of the other parameters measured, Df calculated 

via the box-counting method barely changed across the tilt-series. The range of results 

measured was only 3% of the size of the mean Df value, showing the parameter to be 

apparently insensitive to significant changes in particle morphology. This insensitivity 

was in contrast to the findings of Wentzel et al. [83], who observed fractal dimension 

via box-counting to vary by up to 20% across different orientations of the same 

nanoparticle. However, these results are in agreement with those of Lottin et al. [156], 

where only 2% variation was observed when considering projections angles of a single 

nanoparticle from -68° to +62°. Given the lack of variability, there was no obvious 

pattern to the variation and results simply varied by small amounts close to the mean 

value. 

Lottin considered this insensitivity indicative of the fact that single projection angles 

were particularly suited to fractal analysis via this method [156]. However, given the 

large deviations variations in many of the other parameters, it seems prudent to question 

the efficacy of this parameter for describing nanoparticle morphology. If Df is supposed 

to describe particle complexity, then surely such large changes in apparent morphology 

should be reflected in variation in values of the Df. In fact, the range of results measured 

was only 2% of the size of the full range of possible Df values, which should be 1 < Df 

< 3. Another factor of concern for Df via box-counting is the choice of box-set. It is 

well-established that box-set can significantly affect the values measured, and was 

partially the reason for Lottin’s study [212]. They calibrated the box-set choice through 

creation of a soot-like true-fractal pattern of known Df, establishing the box-set choices 

employed in this thesis. However, in some studies the choice of box-set is neither 

thoroughly rationalised or even described at all [203]. 

By comparison, Lapuerta’s iterative method [157] for fractal dimension showed more 

significant variation across the tilt-series, with the maximum range of results equal to 

16% of the mean value. The shape of this variation was also asymmetric, in contrast to 

the relatively formless variation via box-counting. The largest Df-Iterative values were 
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observed at the largest negative angle (-60°), and decreased relatively linearly to a low 

plateau from around 0° to +60°. All values of Df-Iterative were universally higher than those 

measured via box-counting. This is not surprising, as while the iterative method was 

developed specifically to considered soot nanoparticle morphology, the box-counting 

method is purely 2-dimensional and fundamentally cannot provide a value > 2.  

As mentioned, both Rg and Df can be considered as measures of the complexity of a soot 

nanoparticle as they consider the distribution of a particles mass in comparison to its 

centre of mass. In theory, branched aggregates and clustered aggregates would result in 

different values in both parameters. The relationship between Rg and Df in particular 

should be approximately inverse, as radius of gyration values are higher for branched 

structures, whereas Df is lower for branched structures (and vice versa with clustered 

structures). By normalizing the data according to the minimum and maximum values in 

the range for the tilt-series (equation-4.1), and plotting normalized values alongside one 

another we could visualise the relationship between Rg and Df by both methods (figure-

4.11).  

𝑥𝑛𝑜𝑟𝑚 =  
(𝑥 − 𝑚𝑖𝑛. )

(𝑚𝑎𝑥. − 𝑚𝑖𝑛. )⁄  (4.1) 

 

 

Figure-4.11: Plot comparing the normalised variation of fractal dimension and radius of gyration 

measurements as a function of tilt-angle 
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The normalised Df-iterative plot is somewhat inverse to the y = -x2 shape of the radius of 

gyration plot, but this behaviour does not hold over the whole tilt-series. While from -

60° to around 0° increasing Rg is concurrent with decreasing Df-iterative, the positive 

half of the tilt-series see Df-iterative plateau while Rg decreases. The normalised Df-box plot 

is quite strongly variable, which stems from the normalisation of a very small range of 

results effectively exaggerating the variation of the original Df-box data. Overall, a 

roughly inverse relationship is observed vs. radius of gyration, but strength of the 

relation is hampered by the variability mentioned. Additionally, this is not particularly 

meaningful as in absolute terms the sensitivity of the Df-box method was very low. While 

not too useful in a quantitative sense, this small set of data at least indicates that both Rg 

and Df appear to be representing nanoparticle complexity in their intended way.   

The 3D-Df was calculated via cube-counting in Fiji using the BoneJ plugin. In BoneJ, 

the set of cube sizes is automatically chosen based on the size of the model, and must 

be manually reduced to comply with Lottin’s guide to box sizes [156]. As for 2D box-

counting, Df was determined via the slope a log-log plot of the number of cubes vs. the 

size of cubes required to enclose the nanoparticle. The 3D-Df was determined as 2.47, 

which was 26% larger than the mean Df-box value, and 21% larger than the mean Df-

iterative value. The increased accuracy of the iterative method is somewhat expected given 

the concerning lack of sensitivity in the Df-box results, and the fact that box-counting 

makes no attempt to infer the 3D morphology of the nanoparticle. The box-counting 

method produced values slightly greater the range of underestimation expected by 

Rogak et al. (10-20% vs. 3D-Df) [74], but within the 30% underestimation predicted by 

Tence et al. [213]. Comparatively, the iterative method slightly outperformed box-

counting, but was still significantly underestimating 3D-Df. 

 

4.3.2.6 – Circularity: 2D Variability and 2D vs 3D  

Circularity has been included in this work as an additional measure of complexity for 

the fractal nanoparticle morphology. Circularity can be considered somewhat of an 

analogue to the fractal dimension parameter. In 2-dimensions, circularity considers how 

similar the shape of an object is to a circle, by considering the ratio of its area and 

perimeter (equation-3.9). A perfect circle provides a value of 1, and the parameter 

moves towards 0 for a 1-dimensional line, hence the similarity to the 1-3 scale for fractal 

dimension. This method was extended to 3-dimensions by considering the ratio of the 

3D analogues of area and perimeter, i.e. volume and surface area respectively (equation-
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3.10). A factor was introduced to calibrate a perfect sphere to possess a 3D-circularity 

of 1, and provide a value of 0 for a perfectly 2-dimensional object.  

Variability in 2D-circularity over the tilt-series was the strongest seen for any of the 

measured parameters. The range of results measured was equal to 69% of the size of the 

mean circularity over the tilt-series. The form of this variation was approximately 

parabolic (y = x2), and inverse to the variability seen for the radius of gyration (y = -x2). 

This is an expected result, as circularity should produce higher values for more clustered 

particles (→1, as they are likely more spherical in shape overall), and lower values for 

branched particles (→0, as they are similar in shape to a circle). This is illustrated in the 

plot showing normalised circularity and normalised Rg as a function of tilt-angle (figure-

4.12). This is similar as to what was seen for Df, though the relationship appears to hold 

more strongly for circularity. The average circularity measured over the tilt-series was 

0.093, which underestimates the 3D-circularity value (0.114) by 18%.  

 

Figure-4.12: A plot comparing the normalised variation of radius of gyration and circularity 

measurements as a function of tilt-angle.  

 

4.4 – Conclusion 

This chapter details the first uses of ET and TEM for soot study in this project, using a 

case study of a flame-generated soot nanoparticle. The tomographic reconstruction of 

soot using Etomo was useful for understanding the opportunities for optimisation within 
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the process. As accuracy in 3D-derived results is the primary reason for attempting to 

develop ET for soot, the use of potentially more accurate reconstruction algorithms is 

an obvious point of interest. Similarly, variable tilt-ranges in prior ET studies of both 

soot and non-soot species, and the knowledge that oil can be a significant contaminant 

in TEM, marks the size of the tilt-series as another area for potential optimisation. 

Finally, the segmentation of the tomogram in this work was particularly lengthy at over 

2 hours for a single nanoparticle, and so this process is clearly another area primed for 

improvements. 

The results detailed in this chapter describe the comparative morphological analysis of 

an individual FG soot nanoparticle in 3D via ET, and in 2D accounting for multiple 

TEM projection angles. As in previous works by other authors, it has been observed that 

for several commonly measured morphological parameters a single soot nanoparticle 

can produce a wide range of results when accounting for different orientations. Also, 

significant differences were measured between 2D-derived and 3D-derived morphology 

for many of the parameters considered. These results can be summarised as follows: 

 Area-based measurements (Vol, SA, Np) varied strongly with projection angle 

(40-45%) 

 Df via box-counting was highly insensitive to projection angle (only 3% 

variation), in agreement with Lottin [156], and in contrast to Wentzel [83]. 

 Df via Lapuerta’s iterative method was moderately variable with respect to 

projection angle (16%) and showed expected approx. inverse relation to radius 

of gyration 

 Radius of gyration was moderately variable (18%) and on average reasonably 

accurate from 2D-methods (8% deviation from 3D-Rg) 

 Circularity was highly variable with respect to projection angle (69%), and was 

quite closely inverse to Rg 

 On average, Volume was significantly underestimated by 2D (36%) 

 On average, surface was moderately larger than 3D (13%), but possessed strong 

2D variability and clear deficiencies of the method are noted 

 Df was significantly underestimated by box-counting (26%) and the iterative 

method (21%), roughly in-line with findings of other authors (Rogak [74], and 

Tence [213]) 

 Average 2D-circularity was 18% < the 3D equivalent, and was the most 

susceptible to variation with orientation 
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5 - Optimisation of Electron Tomography for Soot 

The work in this chapter details the optimisation of 3 major facets of the tomographic 

reconstruction process in Etomo: the tilt-series composition, the computational 

reconstruction step, and tomogram segmentation. Using the flame-generated soot 

nanoparticle from the previous chapter, two common methods for tomographic 

reconstruction were compared: the simple and quick WBP algorithm, and the slower 

but theoretically superior SIRT algorithm. Through qualitative and quantitative 

comparison of the resulting tomograms and particle models, it was determined that 

WBP was of similar quality to SIRT, but completed significantly quicker (30 seconds 

vs. 1.5 hours). Next, the effects of maximum tilt-angle and tilt-increment on the quality 

of reconstruction were compared. While reduction in overall tilt-range from ±60° to 

±50° and ±40° resulted in significant decreases in quality, increase in tilt-increment up 

to 3° still produced tomograms of high quality. The optimum tilt-series was a ±60° tilt-

range with 3° increments, cutting potential beam exposure to the sample by two thirds. 

For the final stage of optimisation, nanoparticles extracted from the oil of GTDI engine 

were included in the testing. General TEM observation of the sample revealed 

abundance of localised amorphous carbon structures and crystalline material in addition 

to typical soot nanoparticles. A small sample of 6 GTDI nanoparticles were 

reconstructed in 3D using the WBP algorithm and a ±60° tilt-series with 3° increments. 

The effect on reconstruction quality by utilising linear interpolation in segmentation to 

varying degrees was assessed. While increased use of interpolation drastically reduced 

the time required for segmentation, significant information losses also occurred. Only 

by using interpolation between every 5th slice of the tomogram was acceptable quality 

of reconstruction retained, resulting in a 44% decreased in time required for 

segmentation. For the FG soot nanoparticle, the overall optimised process was 

associated with a 67% decrease in time required compared with a procedure based on 

examples in the literature (1.3 hours vs. 4 hours). 

The work included in this chapter is adapted from a publication in the Journal of 

Microscopy:  

Haffner-Staton E., La Rocca A., Fay M.W. Progress towards a methodology for high 

throughput 3D reconstruction of soot nanoparticles via electron tomography. Journal of 

microscopy. 2018;270(3):272-89. 
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5.1 - Introduction 

The work of the previous chapter demonstrates the development of expertise with 

electron tomography for soot. As was known prior to the project, a basic 3D-TEM 

methodology for soot study is far too slow to ever offer a viable alternative to the current 

state-of-the-art methods. This was confirmed when we applied ET to soot for the first 

time in the previous chapter. The main topic of this research project was the 

development of a high-throughput 3D characterisation technique that could challenge 

traditional 2D-TEM. This would require increasing the throughput of the technique 

whilst also ensuring that quality remains high enough that a significant improvement 

over 2D-TEM is realised. The first step was to consider the optimisation of the 3D 

reconstruction process. Various methodologies for the different stages of 3D 

reconstruction were to be compared in order to find the optimal conditions for both high 

quality and high speed. This chapter considers the optimal choice of tilt-series 

arrangement (i.e. tilt-range and increment size), reconstruction algorithm (back-

projection vs. iterative), and segmentation protocol (use of interpolation with manual 

segmentation). Optimisation of image acquisition is considered separately in chapter 6.  

The outcome of the previous chapter was the application of ET to an FG soot 

nanoparticle. This would act as the primary data set with which to begin optimisation 

of the ET process for soot. In addition to this,  samples were prepared for GTDI soot-

in-oil from a real passenger vehicle. The FG soot nanoparticle was used effectively as a 

standard because it represents an extreme case study in many senses. The FG soot 

nanoparticle is very large and complex in comparison to most soot-in-oil nanoparticles 

that are observed in this thesis, and were observed in previous work by the group [40, 

41, 70, 198]. The tilt-series images are also relatively low resolution. Because of this 

the FG soot nanoparticle should be particularly difficult to reconstruct and segment 

accurately, so is useful for benchmarking a worst case scenario. GTDI soot-in-oil 

nanoparticles have generally been observed to possess distinctly different morphologies 

to typical FG soot, being generally smaller, less complex, and more 2-dimensional [40]. 

As study of GTDI was the goal for the work performed in this thesis, 6 example GTDI 

soot-in-oil nanoparticles were included to represent a more typical level of difficulty.  

In order to efficiently assess the reconstruction algorithm, tilt-series conformation, and 

segmentation method, the investigation was carried out in a cascade arrangement (see 

figure-5.1 for a graphical representation). That is to say, a particular set of variables was 

isolated and the optimal result incorporated into the following tests. The initial 

optimisation tests were conducted only with the FG soot nanoparticle for the reasons 
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given in the previous paragraph. As the computational reconstruction step possesses the 

most scope for long durations, it was the first step the be considered. Two of the most 

commonly used algorithms were tested; WBP and SIRT. Following the comparison of 

the two methods, the optimal algorithm would be used in all following reconstructions. 

Next, the maximum tilt-range of the tilt-series (±60°, ±50°, and ±40°) and the size of 

the increment between images (1°, 2°, 3°, 5°, and 10°) was investigated. Finally, the 

effect incorporating varying degrees of interpolation into a manual segmentation 

process was considered. Manual segmentation was performed every n images in the 

tomogram, where n = 5, 10, 15, 20. Linear interpolation was used to automatically 

generate the intermediate ROIs in the tomogram. Increased contribution from linear 

interpolation reduces the time required for manual segmentation, but results in 

inaccurate ROIs. While only the FG soot nanoparticle was considered for the first 4 

levels of the cascade, the 6 GDI soot-in-oil nanoparticles were also used in the final 

level.  

 

 

Figure-5.1: The cascade design of the optimisation investigation 

 

5.2 - TEM Study of GTDI Soot-in-Oil 

Details on the sample preparation of GTDI soot-in-oil for TEM imaging are provided 

in section-3.4.2. As mentioned, preparation of high-quality samples of the GTDI soot-

in-oil required some degree of trial and error due to the low soot concentration, and 

difficulty of removing oil contamination. Once a suitable grid had been created, the 

sample was studied in a primarily qualitative sense by standard 2-dimensional TEM, 
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HR-TEM, and EDX. Overall, concentration of solid carbonaceous material on the grid 

was adequate but perhaps a little lower than ideal. However, the proportion of that 

matter that was in the form of typical soot nanoparticles was low. In terms of study 

nanoparticle morphology, this would make it difficult to quickly identify structures of 

interest. This was particularly prominent in the case of tilt-series acquisition with its 

additional constraints on particle location. A significant amount of time was required 

for the operator to identify structures of interest for tomography. The small scale of soot 

in relation to the size of the grid makes manually searching the grid inefficient, and 

would be a significant bottleneck in a full-scale 3D soot study. Figure-5.2 shows a low-

resolution (x10,000 magnification) image of the TEM grid, showing typical 

concentration and population. The structures identified in this image are discussed 

shortly. 

 

Figure-5.2: TEM image of GTDI soot-in-oil acquired at x10,000 magnification. Annotations show 

examples of commonly observed structures 
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Large areas of the TEM grid were considered to understand the nature of the particulate 

matter that had been extracted from the lubricant oil. A comprehensive analysis of the 

nanostructure of this sample in comparison to diesel soot-in-oil, carbon black, and an 

additional GTDI soot-in-oil sample was performed by my colleague, and fellow PhD 

student, Sebastian Pfau [108]. Some of the observations included in this section are also 

included in that work.  

In general, 3 types of structure were most prominent on the grid. Firstly, the typical soot 

nanoparticle formed from primary particles (figure-5.3). These structures tended to be 

fairly small overall, displaying only a moderate degree of branching. They were also 

highly robust, displaying no appreciable signs of damage or restructuring under the 

electron beam, even at high resolution. Previously, study of diesel soot-in-oil 

nanoparticles also found more modest sizes in comparison to what typically is observed 

for flame-generated soots, with average length of around 120 nm [41, 141].  

 

 

Figure-5.3: TEM images of GTDI soot-in-oil nanoparticles 
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An interesting observation was that soot nanoparticles seemingly had a slight preference 

for adhering to the lacey carbon support rather than the graphene oxide. In fact, this can 

be observed in both figure-5.2 and figure-5.3. In some cases this is due to breakage of 

the GO film; there is only lacey carbon for the soot to be attached to. In areas where 

there was ample GO however, soot was still often found at the edges of the lacey carbon. 

A possible cause for this observation may be differences in polarity of the two support 

materials; while GO is more polar due to its higher oxygen content, the amorphous lacey 

carbon should be more apolar. This may indicate that these GTDI soot-in-oil 

nanoparticles tend to have low surface polarity. In future, if detailed surface analysis of 

this sample were carried out it could be expected to observe low surface reactivity and 

concentration of oxygen functional groups.  

High-resolution TEM imaging of the primary particles was employed to understand the 

nanostructure of the aggregates. A typical core-shell structure, with nuclei consisting of 

several fullerenic centres and turbostratic carbon, and a shell of concentric graphitic 

micro-crystallites, was observed for most nanoparticles (figure-5.4). 

 

Figure-5.4: HR-TEM image of primary particle, with annotations showing location of amorphous 

graphene oxide film, concentric fringes of the outer shell, and disordered fringes of the core.  

 

In addition to nanoparticles, a common observation was presence of localised 

amorphous carbon (figure-5.5). EDX analysis was used to confirm this material was 

predominantly carbon in structure, though no clear long-range ordering of atoms (i.e. 

crystallinity) could be observed in the nanostructure (figure-5.6). The amorphous 
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carbon structures were present in isolation, as well as in combination with typical 

nanoparticles. Previously, study of GDI soot-in-oil by Uy et al. had observed similar 

structures which they described as “soot-like” [21]. While in that study such structures 

were noted to be prone to beam contamination, in this study such effects were not 

observed, and the amorphous carbon appeared highly resistant to the electron beam.  

(5.5a) 

(5.5b) 

Figure-5.5: (a) TEM image showing localised amorphous structure. Note inclusion of small darker 

patches, relating to crystalline material. (b) HR-TEM of amorphous carbon (a different particle to above) 

showing minimal ordering. 

 



107 
 

 

Figure-5.6: TEM image at x50,000 magnification suggesting presence of graphitic order in a 

nanoparticle (left and upper), and lack of order in amorphous section (right). Note primary particle-like 

structures inside amorphous carbon 

 

Finally, this sample also contained significant quantities of apparently crystalline 

material (figure-5.7). Dark, grainy patches were observed both in localised patches, and 

in combination with amorphous carbon structures (e.g. figure-5.5). HR-TEM analysis 

observed presence of crystal lattice structures, and such areas were prone to 

restructuring and damage under the electron beam (figure-5.8) . 

Previous study of diesel soot-in-oil by Sharma et al. had observed presence of 

crystalline structures within nanoparticles [214]. EDX results were suggestive of 

lubricant additives as their origin. In this work, EDX was performed to a qualitative 

level on typical crystalline patches. The determination of background spectra and repeat 

results were quantitatively carried out, due to the exploratory nature of the work at that 

stage. In comparison with empty areas of the graphene oxide film, these structures 

displayed increased levels of Ca, S, and P, which are associated with common lubricant 

oil additives [21, 108, 214-216].   
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Figure-5.7: Standard TEM image showing patch of grainy crystalline material. 

 

 

Figure-5.8: HR-TEM image showing presence of crystalline material via regularly spaced fringes 

 

In general, the literature contains very few examples of the study of gasoline soot-in-

oil. Those studies that have been carried out have tended to observe particular 

differences in characteristics vs. exhaust soot and even diesel soot-in-oil [21, 108, 217]. 

The observations here are no exception. The study of gasoline soot-in-oil is a promising 

and exciting area of research, and of particular importance given the increasing 
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popularity of new GDI engine technology in recent years. In particular, presence of the 

non-soot carbonaceous and inorganic materials seen in this sample  may have important 

consequences for the study of the soot-oil relation.  

 

5.3 - Tomographic Reconstruction: WBP vs. SIRT 

Two of the most commonly used tomographic reconstruction algorithms were tested; 

WBP and SIRT. These two methods are both incorporated directly into Etomo, and 

applicable to soot. While there exist a number of advanced algorithms, such as those 

mentioned in the experimental and literature review sections [191-194], these are not 

generally available in open source software such as Etomo. Development of advanced 

methods is generally performed in-house by research groups according to their specific 

needs, and while described in publications are not available to use in general. It was also 

not the scope of this project to develop our own in-house method; the scope was very 

much to use established methods to create an optimized technique. In any case, many 

advanced techniques require prior knowledge, such as that of expected grey-levels in 

DART [191, 192]; such information does not exist for soot. Also, it is implicit that 

advanced techniques take significant longer than even basic SIRT reconstruction. 

Regardless of accuracy it is highly unlikely such methods would ever be viable in an 

optimized technique, as too many individual particles are required to be reconstructed 

for reliable soot sample characterisation.  

Using Etomo, both the standard WBP reconstruction process and SIRT with 50 

iterations were applied to the FG soot nanoparticle. For this first stage of optimisation 

all images within the ±60° tilt-range were included in the computation. As mentioned, 

the tilt series consisted of 121 individual 16-bit images, 1000 x 668 pixels in size. The 

tomograms and models produced by the two algorithms will referred to as FG-WBP and 

FG-SIRT. For distinction of the two different levels of iterations of the SIRT algorithm 

used, the names FG-SIRT50 and FG-SIRT30 will be used where appropriate. 

 

5.3.1 - SIRT: Choice of Iterations 

The quality of SIRT reconstruction is known to improve with increasing number of 

iterations. However, as each iteration contains the equivalent of 2 back-projections it 

can be many times slower than WBP [166]. Commonly, SIRT is performed with 

between 30 and 50 iterations [166], though in some cases as many as 100 are used [37, 
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194]. The choice was made to perform SIRT with a fairly high number of iterations in 

the first instance (50), rather than working from lower iterations upwards. In theory, this 

should ensure that first time a tomogram is produced it is towards the upper limits of 

SIRT accuracy. If the accuracy was not significantly better than WBP, then it would 

mean we would have avoided a time-consuming process in which we might have moved 

stepwise through increasing numbers of iterations. With that in mind we did also 

perform a reconstruction with 30 iterations for comparison. This number is more similar 

to that which has been used to study soot by other authors [34, 36, 218]. While not 

subjected to the same complete testing that is described in the following sections, the 

resulting tomogram was used to contextualise the effect of increased iterations.   

 

5.3.2 - Reconstruction Details 

In Etomo, the same choice of fiducial markers was made to align the tilt-series for both 

algorithms. Alignment for the FG soot nanoparticle required around 5 minutes to 

complete, needing only a small degree of operator correction. Both reconstructions were 

performed using default settings (other than number of iterations for SIRT), and set to 

produce a tomogram 300 slices thick in the Z-direction. Resulting tomograms were 

handled in Fiji for segmentation, and were trimmed in the Z-direction to the upper and 

lower limits of the particle structure. The FG-WBP tomogram measured 203 nm in the 

Z-direction, while the FG-SIRT tomogram measured 202 nm. In the previous chapter it 

was noted that the FG-WBP tomogram erroneously included a small, adjacent soot 

structure  that was observed in the tilt-series to be unattached. While it was easy to 

remove the small section from the tomogram, for consistency between the multiple 

segmentations used in this work this structure remained attached for all measurements. 

Hence, the values of morphological parameters reported in this chapter will be slightly 

different compared to those in the previous chapter.  

 For both particles, manual segmentation was performed on all slices contained within 

the tomogram. Morphological characterisation was performed according to the methods 

described in the experimental section. The nanoparticle was measured in terms of 

volume, surface area, radius of gyration, 3D-circularity, and fractal dimension. In 

reference to the use of BoneJ for the surface area measurement, a resampling factor of 

2 was used as in the previous chapter. The cube-set used in the Df calculation was again 

based on Lottin’s 2013 study [156], where maximum cube-size is set to approx. equal 

to the mean primary particle diameter, and minimum cube-size was in the region of 10-

20% of this size. 
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As expected, the weighted back-projection algorithm completed much more quickly 

than the iterative technique, taking only around 30 seconds. For SIRT reconstruction 

with 50 iterations the computational step took 135 minutes to complete. By comparison, 

SIRT with 30 iterations completed in 94 minutes. With a view towards high throughput 

characterisation of soot nanoparticles, even at this early stage it appeared that the SIRT 

method could be too slow regardless of the quality of reconstruction. Our overall aim is 

to develop a method to characterise soot samples to a higher level of detail than current 

methods allow, but within a similar time frame. Characterisation of the average 

morphology of a soot sample requires the consideration of upwards of 100 particles 

[70], and at this speed would take around 1 month simply for the production of the 

tomograms, and therefore even longer for the full characterisation. Given the time 

required for the computation, SIRT must present pronounced improvements in 

reconstruction accuracy in comparison to the WBP method to even be considered. 

The quality of reconstruction was assessed both quantitatively and qualitatively. In a 

qualitative sense, the tomograms were compared by considering their visual appearance 

(noise, contrast, etc.) and the ordering of particle matter within the slices. Quantitative 

analysis was performed by comparing the values of volume, surface area, fractal 

dimension, 3D-circularity, and radius of gyration measured from each of the 3D particle 

models. Ideally, quantitative comparison of the two methods would be carried out in 

terms of absolute accuracy vs. the exact values for the nanoparticle. For future reference, 

such data (exact morphology results for a nanoparticle) is known as ground truth, and 

this term will be used frequently in chapter-7. Of course, for real soot nanoparticles 

ground truth morphology does not exist. In the chapter-7, artificial ground truth data in 

the form of simulated soot nanoparticle models is created, and used to assess overall 

accuracy of soot reconstructions. It was not required for the FG soot particle as direct 

comparison of WBP-derived and SIRT-derived morphology revealed the two methods 

to be extremely similar. So while absolute accuracy could not be confirmed at this stage, 

we were at least able to consider relative accuracy of WBP and SIRT. Morphological 

results for both the FG-WBP, and FG-SIRT reconstructions are given in table-5.1 later 

in the text. 

 

5.3.3 - Qualitative Analysis: FG-WBP vs. FG-SIRT 

Firstly, a direct visual comparison of the tomograms was performed. As mentioned, 

both the FG-WBP and FG-SIRT tomograms had been trimmed in the Z-direction to the 

edges of the particle matter. This resulted in only 1 slice difference in tomogram Z-
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depth for the two methods. Figure-5.9 shows examples of comparative slices from the 

two tomograms. 

 

(5.9a) 

 

(5.9b) 

Figure-5.9: Comparative slices from FG-WBP tomogram (a) and FG-SIRT50 tomogram (b) 

 

Equivalent slices from the tomograms were viewed side-by-side from the default XY-

plane view used in Fiji segmentation. Overall, the definition of the particle from the 

background due to the differences in contrast was of very similar quality. In terms of 
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the character of the image quality, there were some differences. The FG-SIRT 

tomogram possessed a smoother, and more photographic quality. By contrast, the FG-

WBP slices were slightly more noisy, with grainy patterns more easily visible. However, 

blurring from fanning effects appeared more prominently in the background in the FG-

SIRT tomogram. Though visibile, this did not significantly obscure the particle matter. 

Despite these differences, the overall image quality was very similar and lead to a 

similar degree of subjectivity during manual segmentation.  

 

 

Figure-5.10: Comparative slices from FG-WBP and FG-SIRT tomograms, superimposed with ROI 

selection of the other tomogram. (Above) FG-WBP with SIRT ROI, (below) FG-SIRT with WBP ROI 
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After segmentation the content of each of the tomograms were compared by 

superimposing the ROI set for FG-WBP onto the FG-SIRT tomogram, and vice versa. 

As has already been mentioned, the tomograms were very similar in size after 

trimming in the Z-direction. The superposition of the ROI sets (shown in-5.10) 

showed that the ordering of particle matter within the tomogram slices was essentially 

identical. When the FG-WBP ROI set was viewed with the FG-SIRT tomogram, the 

selections appeared to be almost exactly correct. The same result occurred when 

overlaying the FG-SIRT ROI set onto the FG-WBP tomogram. By these qualitative 

standards, the result is that SIRT and WBP reconstruction appear to have produced 

tomograms of near identical content and quality. 

 

 

Figure-5.11: Slice from the SIRT30 tomogram. This image was taken from exact same tomogram depth 

as those in figure-5.9. Note greater prevalence of fanning effects, and difference in the shape of the 

particle matter visible. 

 

5.3.3.1 - SIRT with 30 iterations 

For comparison, a tomogram was produced via SIRT with 30 iterations. Viewing the 

tomogram slice-by-slice it was easy to notice quite distinct differences in image quality 

vs. both FG-WBP and FG-SIRT50 (see figure-5.11). Though the contrast between 

particle matter and background was good like for FG-SIRT50 and FG-WBP, both noise 

and fanning effects were more prominent. In particular, the ‘shadow’ of fanning effects 

around particular features continued through numerous slices both before and after the 

structure itself was visible in the tomogram. While also visible in both the FG-WBP and 
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FG-SIRT50 tomograms, the presence of light-coloured rings around particle matter was 

much stronger for FG-SIRT30.  

By viewing comparative slices side-by-side it was observed that the FG-SIRT30 

tomogram was not identical in content to the FG-WBP and FG-SIRT50 tomograms. In 

fact, superimposing of the other ROI sets showed distinct differences in ordering of the 

particle matter in the FG-SIRT30 tomogram (see figure-5.12). It is known that increased 

iterations of SIRT improve the accuracy of reconstruction, and also that WBP arrives 

closer to the true result than SIRT does when performed with a low number of iterations. 

Bearing in mind the close agreement between the FG-WBP and FG-SIRT50 tomograms, 

it is therefore logical to assume that SIRT with 30 iterations is producing an inaccurate 

tomogram to some degree. As such, it reinforces the choice of extended number of 

iterations as the default, and means that we will not consider lower numbers of iterations 

in this work any further.  

 

Figure-5.12: Slice from FG-SIRT30 tomogram with equivalent slice ROI from FG-WBP tomogram 

superimposed 

 

5.3.4 - Quantitative Analysis: FG-WBP vs. FG-SIRT 

In the absence of ground truth data for the FG soot nanoparticle, quantitative analysis 

could only be performed relatively between the two methods. As qualitative 

observations had already shown, there was strong similarity between the contents of 

each tomogram. As such it was expected that measured morphology of the particle 

models would be similar. Values for the morphological parameters measured are given 
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in table-5.1. The difference percentage values shown are the absolute difference in 

measured values between the two methods represented as a percentage of the average 

measurement for the two methods. *For the time entry, the difference percentage shown 

is as a percentage of the FG-SIRT50 value only. 

 

Tomogram Time 

(mins) 

Volume 

(nm3) 

Surface 

Area 

(nm2) 

Radius of 

Gyration 

(nm) 

3D-

Circularity 

Fractal 

Dimension 

FG-WBP-1 0.5 1,819,400 309,100 148.59 0.113 2.49 

FG-SIRT-1 135 1,920,000 319,500 148.50 0.113 2.50 

Difference % -99.6%* 5.4% 3.3% 0.1% 0.4% 0.4% 

 

Table-5.1: Showing measured morphological parameters for the two versions of the FG soot nanoparticle 

created from the FG-WBP and FG-SIRT50 tomograms. The ‘difference %’ row refers to the difference 

between the measured values from the two methods, presented as a percentage of the average value of the 

two methods. In the case of the ‘time’ column, the value shown is the difference between the methods as a 

percentage of the FG-SIRT50 value.  

Generally, these results show close agreement between the two methodologies. In terms 

of overall particle bulk, the FG-SIRT tomogram produced a larger particle, as shown by 

the higher volume and surface area values. This is possibly due to the increased 

prominence of blurring and fanning effects in the FG-SIRT tomogram, as was 

mentioned earlier and illustrated in figure-5.9. Blurring can act to broaden the edges of 

the particle matter in the tomogram, which could affect the selection made manually by 

the operator. The differences for the remaining parameters were even smaller. The 

factors that describe the complexity of the particle shape (Rg, 3D-circularity, Df) show 

extremely small differences, indicating that despite differences in bulk the shape of the 

particles is very similar. Surface area has been observed on several occasions to have a 

strong impact factors such as on oil viscosity [32], human health [29], and biological 

process in marine environments [103, 219], and is therefore perhaps one of the most 

important morphological parameters that can be measured. As such, it is promising to 

observe that simple WBP can produce SA values in such close proximity to those 

produced by SIRT with a high number of iterations, a theoretically higher quality 

method. Similarly, fractal dimension has been shown to be a key factor in determining 

the effects of soot such as depth of inhalation of soot by humans [99], lifetime and 

radiative potential in the atmosphere [101, 102], and coagulation as an aerosol [31]. In 
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terms of this parameter, the measured values from the two tomograms were almost 

identical.  

Overall, high levels of similarity were observed between WBP and SIRT reconstruction 

in terms of both qualitative and quantitative analysis. Given the lack of ground truth 

data with which the truly establish overall accuracy, at this stage it could only be 

concluded that WBP and SIRT with 50 iterations appear to produce tomograms of 

approximately equal quality. Given how much quicker WBP reconstruction 

computations are, at this stage it could only be concluded that WBP is the optimal choice 

in terms of speed and quality.  

 

5.4 - Tilt-Series Optimisation: Range vs. Increment 

The investigation into optimisation continued by considering how the number of images 

contained within a tilt series would affect the speed and quality of 3D reconstruction. In 

particular, consideration was given to a reduction in total tilt-range and increases in the 

size of the tilt-increment. Depending on the type of structures being considered and the 

type of reconstruction algorithm being employed, tomographers use tilt-series of 

varying levels of total tilt-ranges and sizes of increments between images [36, 37]. Some 

more advanced algorithms are able to produce high quality reconstructions from as few 

as 10 images [37].  

It is expected from the underlying Fourier Slice Theorem that a larger tilt-range and 

smaller tilt increment should result in more accurate reconstruction, as the 3D-FT of the 

object is more completely sampled [220]. However, if a reduced tilt-range could 

produce a tomogram of acceptable quality then it may potentially be of some benefit. A 

reduction in the number of images could save time during acquisition, but perhaps more 

importantly can help protect more sensitive specimens from damage caused by 

excessive beam exposure. While the soot-in-oil extraction method from the earlier 

sections demonstrated that our soot samples did not suffer significant beam 

contamination [88], this could be important for more problematic oil samples or if the 

technique were ever extended to non-soot samples that are beam-sensitive. From the 

full ±60° tilt-series, it was easy to reduce the maximum tilt-range or increase the tilt-

increment by simply excluding certain images from the reconstruction in Etomo. This 

meant it was a particularly convenient way in which to test the limits of our 

methodology. In this section, 6 models of the FG soot particle were produced from tilt 

series that varied in the size of increments between images, and the total tilt range. The 
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conformations of these different tilt-series, their respective names, and the 

morphological parameters measured from their resulting particle models are listed in 

table-5.2. The different reconstruction are named according to: reconstruction 

algorithm, tilt-series range, and increment size. For example, WBP reconstruction of a 

±60 tilt-series with images acquired every 2° is referred to as “WBP-60-2”. 

Reconstructions were performed using the WBP algorithm in Etomo, as per the results 

of the previous section, and no appreciable difference was noted in the time required to 

complete the computational step (approx. 30 seconds). 

 

Name Tilt 

range 

Tilt 

Increment 

No. 

images 

Vol 

(nm3) 

SA 

(nm2) 

Rg 

(nm) 

3D-

Circ. 

Df 

WBP-60-1 ±60° 1° 121 1,819,400 309,100 148.6 0.113 2.46 

 Values  Reported as % difference vs. FG-WBP  

WBP-60-2 ±60° 2° 61 4.8 % 2.8 % 0.1 % 0.6 % 0.4 % 

WBP-60-3 ±60° 3° 41 1.5 % 0.3 % -0.2 % 1.1 % -0.4 % 

WBP-60-5 ±60° 5° 25 -2.5 % -2.6 % 0.0 % 1.5 % -0.8 % 

WBP-50-1 ±50° 1° 101 -4.5 % -4.3 % -0.8 % 2.1 % -1.2 % 

WBP-40-1 ±40° 1° 81 7.5 % 8.5 % -0.6 % -4.8 % -0.4 % 

SIRT50-60-1 ±60° 1° 121 5.5 % 3.4 % 0.1 % 0.4 % 0.4 % 

 

Table-5.2: Different tilt-series conformations used to produce FG soot nanoparticle models. Absolute 

values of morphological parameters are reported for the FG soot WBP reconstruction. Values for other 

methods are reported as: difference vs. FG-WBP values, as a percentage of the FG-WBP values. The results 

of the FG-SIRT50 method are also included for comparison 

 

5.4.1 - Tilt-Series Optimisation: Qualitative Analysis 

Figure-5.13 shows comparative slices from each of the 6 tomograms. In terms of visual 

quality, only minor degradation was observed for the WBP-60-2, WBP-60-3, WBP-50-

1 tomograms. Graininess and blurring were both slightly more prevalent, but there were 

no major increases in subjectivity in terms of which pixels determined the edges of the 

particle matter. For the WBP-60-5 and WBP-40-1 tomograms, these issues were more 

strongly pronounced.  
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(5.13a) 

(5.13b) 

(5.13c) 
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(5.13d) 

(5.13e) 

(5.13f) 

Figure-5.13: Comparing the central tomogram slices for the different methods of reconstruction 

involving reduced tilt-series: (a) WBP-60-1, (b) WBP-60-2, (c) WBP-60-3, (d) WBP-60-5, (e) WBP-

50-1, (f) WBP-40-1 
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The reduction in tilt-range (WBP-50-1, WBP-40-1) lead to more prominent blurring 

effects that were particularly noticeable around the edges of particle matter. This is not 

unexpected, as blurring relates to the missing wedge, which has increased in size. These 

effects made it difficult to discern which pixels were truly particle matter and which 

were related to  artefacts. By comparison, the increase in tilt-increment (WBP-60-2,3,5) 

was observed to more significantly increase graininess and noise than blurring, and 

decrease the contrast between particle and background. The difference in the 

propagation of the reconstruction artefacts is again not unexpected as though both 

included fewer images than the original WBP-60-1 computation, information was 

effectively removed from different areas of the 3D-FT of the nanoparticle. While the 

size of the missing wedge was not increased for WBP-60-5, less information was 

present in the other areas (predominantly XY) causing decreased contrast and 

resolution. These effects also increased the difficulty of determining where the edges of 

particle matter began and ended. In a qualitative sense, these three methods were 

considered to have degraded image quality to the point that the ease of segmentation 

was significantly affected. While the content of the tomograms is not necessarily 

affected significantly (see next section for quantitative analysis), the time required for 

segmentation increased, and confidence in the repeatability diminished significantly.  

Initially, it had been planned to also include an WBP-60-10 reconstruction (±60° tilt-

series, 10° increments). A tomogram was produced via this method, but the quality was 

extremely poor, and segmentation was not attempted. An example of the tomogram 

quality is given in figure-5.14. 

 

Figure-5.14: Central slice from the WBP-60-10 tomogram 
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In a similar fashion to that performed during the comparison of the WBP and SIRT 

methods, the original WBP-60-1 ROI set was superimposed onto all tomograms 

produced from reduced tilt-series. Given that WBP-60-1 was produced from the most 

complete tilt-series, this method should provide the most accurate tomogram and as such 

was used as the standard to which all other tomograms were compared. It was observed 

that the content of the WBP-60-2 tomogram was essentially identical to WBP-60-1, as 

in every single slice the ROI selection appeared completely acceptable (as was seen 

earlier for SIRT50-60-1). 

The WBP-60-3 tomogram showed some small differences in comparison to the WBP-

60-1 tomogram. While some areas of the tomogram (lower-left area of the nanoparticle) 

were closely matched throughout the image stack, there was some degree of different 

ordering of material in other areas (upper right – see figure-5.15). It was not so much 

that differences were completely erroneous, it appeared more like the same material was 

present but was simply displaced slightly in space. If the WBP-60-1 ROI set was shifted 

by a few slices in the Z-direction, then the previously mismatched areas aligned well 

the ROI selections.  

Despite the significant reduction in image quality in the WBP-60-5 tomogram, the 

content of particle matter was not greatly different to that of WBP-60-1. Rather than a 

asymmetric mismatching like was described in the previous paragraph, the propagation 

of difference versus WBP-60-1 was more even over the whole tomogram area. A small 

degree of relatively stochastic difference was seen in most areas, but there were no 

regions that were hugely different.  

The WBP-50-1 tomogram showed the strongest differences in tomogram content vs. the 

WBP-60-1 tomogram. Not only was the ordering of particle matter in the tomogram 

largely different, but it was also spatially displaced in most regions. The WBP-40-1 

tomogram showed differences versus WBP-60-1 that were most similar to WBP-60-5. 

Error in comparison to WBP-60-1 was not strongly located to particular regions of the 

tomogram, but was more significant than was seen for WBP-60-5. 
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(5.15a) 

(5.15b) 

(5.15c) 
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(5.15d) 

(5.15e) 

Figure-5.15: Central slices from tomograms produced from reduced tilt-series, with equivalent ROI 

from FG-WBP tomogram superimposed. 

 

In the previous sub-section, differences in the content of the SIRT30-60-1 tomogram was 

related to inaccuracies of the SIRT method when performed with insufficient iterations. 

In this section, they are related to the differences between the content of the full and the 

reduced tilt-series. The tomogram is a direct product of the back-projection of the input 

tilt-series. Different compositions of the tilt-series results in a different pattern of 

interference of the back-projection rays during reconstruction. Although the reduced 

tilt-series only contain images that are also found in the full tilt-series, the removal of 

the high-angle images alters the overall contributions from the remaining projections. 

As such, the areas of strong back-projection interference can change position within the 

tomogram and result in a different arrangement of the particle matter.  

Overall, the results of the qualitative analysis are as follows. The WBP-60-2 and WBP-

60-3 methods produced the tomograms with the least degree of image quality 
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degradation, though both display a small degree of additional of noise, blurring, etc. 

Both the WBP-60-5 and WBP-40-1 methods saw significant degradation of image 

quality that significantly hampered manual segmentation, though propagation of 

reconstruction artefacts was different for the two methods. The image quality of the 

WBP-50-1 tomogram was fairly good, though significant differences were observed in 

the ordering of particle matter in the tomogram. Only the WBP-60-2 method produced 

a highly similar tomogram to the standard WBP-60-1 method, but differences were 

generally quite small for WBP-60-3 too. Given these results, the optimal protocol for 

reducing number of tilt-series images appears to be either WBP-60-2 or WBP-60-3. 

While fewer images are required in the WBP-60-3 tomogram, differences in the 

ordering of particle matter in the tomogram was observed, and would require 

quantitative analysis to consider whether this effect is significant or not. The reduction 

in tilt-range resulted in greater degradation of image quality and differences in 

tomogram content, while reducing the number of images less significantly. Clearly, 

reduction of tilt-increment offered a superior route to reducing number of images in the 

tilt-series. 

 

5.4.2 - Tilt-Series Optimisation: Quantitative Analysis 

Again, the lack of ground truth data for the FG soot nanoparticle meant that the 

morphology of the 3D models could only be compared relative to one another. Given 

that Fourier Slice theory dictates that the ±60° tilt-series should result in a more accurate 

reconstruction, and the tomogram slices were of the highest quality, this model was used 

as the standard to which the results of the reduced tilt-series were compared. The 

morphological data is presented in table-5.2, also included for comparison is that data 

for the SIRT50-60-1 method. The values reported in the data table show the difference 

between the particles produced by reduced tilt-series and that produced by the original 

WBP-60-1 method. These differences are presented as a percentage of the WBP-60-1 

values, as this method acted as the standard.  

Firstly, from the volume and surface area measurements it can be seen that the reduced 

tilt-series methods produced particles both bulkier (WBP-60-2, WBP-60-3, and WBP-

40-1), and less bulky than the WBP-60-1 particle (WBP-60-5, WBP-50-1). In terms of 

Vol and SA, only the WBP-40-1 method produced a particle with greater differences 

than were observed between WBP-60-1 and SIRT50-60-1. Given the strong similarity 

observed between the WBP-60-1 and SIRT50-60-1 tomograms, this suggests that the 
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particle matter contained within the tomograms from reduced tilt-series tends to be 

highly accurate, despite the differences in spatial arrangement of the particle matter. 

Despite the strong degradation of image quality observed for WBP-60-5, and the 

differences in tomogram ordering observed for some of the other tomograms, overall 

there was relatively little impact on the morphology of the segmented particles. Radius 

of gyration and fractal dimension in particular were highly accurate for all of the 

different methods. Only the circularity parameter seemed to observe some degree of a 

pattern in the deviation versus WBP-60-1. For the altered tilt-increment methods, 

circularity deviation increased slightly as number of tilt-series images decreases, and 

similarly so for the two altered tilt-range methods.  

In summary, all methods except WBP-40-1 produced particle models as similar to 

WBP-60-1 as the SIRT50-60-1 method, which in theory should be highly accurate given 

the high number of iterations. Even the highly noisy and low-contrast WBP-60-5 

tomogram was within this consideration. But, considering also the qualitative 

observations and increased difficulties associated with manual segmentation, this 

particular method could not be suggested as optimal. As the WBP-60-3 method 

observed no strong deterioration of image quality, produced a very similar particle to 

WBP-60-1, and contained the fewest images of the remaining viable methods, it was 

considered to be the optimal tilt-series configuration.  

 

5.5 - Tomogram Segmentation: Effect of Interpolation 

The previous sections have so far revealed WBP as a more efficient algorithm than 

SIRT, and that high quality tomograms can still be produced when the increment 

between tilt-series images is as high as 3°. WBP reduced the time required for 

reconstruction by a huge margin; 30 seconds for WBP vs. 135 minutes for SIRT. Tilt-

increments of 3° permits reduction of tilt-series images by two thirds, requiring only 41 

images over the ±60° range.  

The final area assessed for optimisation in this chapter is the use of interpolation in 

manual segmentation of tomograms. As has been described, manual image processing 

is the prevailing method for tomogram segmentation as strong variability in appearance, 

as well as implicit high noise and low contrast, impede development of a generally 

applicable automated alternative [221]. Use of interpolation is expected to reduce the 

time required, but lead to inaccuracies in the size and shape of the produced particle as 
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the interpolation does not make any knowledgeable prediction of the intermediate 

particle matter. 

In this section, 6 GTDI soot-in-oil nanoparticles were included alongside the FG soot 

nanoparticle. Early observation of the GTDI sample, as well as prior study of soot-in-

oil species [21, 40, 41, 70, 214], has predicted significant differences in morphology in 

comparison to flame-generated soot. While FG tends to be highly complex and 3-

dimensional, soot-in-oil tend to be smaller and more modest in terms of branching. As 

study of GTDI soot was chosen as the focus of this work, these nanoparticles were 

included to account for any differences in accuracy of interpolated segmentation that 

may arise due to particle morphology. In the previous steps it was considered sufficient 

to only include the FG soot nanoparticle. The high complexity of shape and relatively 

low resolution of the tilt-series meant that we could consider this nanoparticle as a 

‘worst case scenario’. Artefacts from reconstruction and difficulty in segmentation were 

likely to be strong for this nanoparticle. 

The 6 GTDI soot-in-oil nanoparticles had tilt-series acquired with 3° increments 

between images, as per the results of the previous section. The scale of pixels in the 

images ranged from 0.2688 nm px-1 to 0.6698 nm px-1 depending on the size of the 

nanoparticle. Images were un-binnned and 2004 x 1336 pixels in size, resulting in tilt-

series file size of around 200 MB. Reconstruction was performed using the WBP in 

Etomo. Due to similar file size, the computational step completed in around 30 seconds 

as it had done for FG soot. Representative TEM images of each of the nanoparticles is 

shown in figure-5.16.  

Multiple versions of each particle were produced by segmentation utilizing 5 different 

levels of interpolation. For each tomogram, manual selection of the appropriate particle 

matter was performed only every 20th, 15th, 10th, or 5th slice. The intermediate ROI 

selections were produced via linear interpolation using Fiji. Additionally, particles were 

produced by manually considering the particle matter in every slice, with no interpolated 

results (termed “full” manual segmentation). The time required to complete each 

segmentation scheme for each particle was recorded. 

For each version of each nanoparticle, the reconstructed model was measured in terms 

of Vol, SA, Rg, 3D-circularity, and Df as in the previous sections. Again, the set of cube 

sizes used in the Df calculations has been guided by the work of Lottin [156]. For the 

GTDI soot nanoparticles, the resampling factor used in the surface area calculations was 

guided by the work included in appendix section-A.2. Given the typical size of the 
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primary particles (30-40 nm in diameter), and the scales of the images, a resampling 

factor of 6 was deemed appropriate.  

 (5.16a) 

(5.16b) 
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(5.16c) 

(5.16d) 
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(5.16e) 

(5.16f) 

Figure-5.16: TEM images of the 6 GTDI soot-in-oil nanoparticles used in this work 

 

5.5.1 – Effect of Interpolation: Results 

Firstly, the time saved by using interpolated segmentation was linearly proportional to 

percentage of images manually segmented in each tomogram, as would be expected 

(figure-5.17). The amount of time saved even at the 5th slice level of interpolation was 

significant, at around 40-50% of the time taken for full manual segmentation. The 

amount of time saved increased to a maximum of around 80-85% when manual 

segmentation was performed only every 20th slice in the tomogram. There was no 
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apparent correlation between the amount of time saved and any morphological features 

of the different nanoparticles, or the scale of the tilt-series images. 

 

Figure-5.17: Time saved using interpolated segmentation (as percentage of time required for full 

segmentation) as a function of the number of images manually segmented (as a percentage of the total 

images in the tomogram) 

 

Of course, improvements to the speed of segmentation are meaningless unless the 

effects upon the quality of the characterisation are also considered. For each of the 

agglomerates reconstructed, the morphological parameters of the ‘interpolated 

particles’ were compared to those of the fully segmented particle. The changes in the 

values of the parameters were quantified as a percentage of the ‘full’ values. Results 

averaged over all 7 nanoparticles used are presented in table-5.3.  
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Percentage deviations in measured morphology in comparison to ‘full’ 

manual tomogram segmentation (Standard Dev.) 

 

Interp. 

level 

Time saved 

(%) 
Volume 

Surface 

Area 

Radius of 

Gyration 

3D-

Circularity 

Fractal 

Dimension 

5th 44 -3.6  (1.6) -4.3  (1.4) -1.3  (1.1) 3.1  (1.8) -0.9  (0.4) 

10th 69 -7.9  (3.8) -10.3  (3.6) -3.0  (2.7) 8.5  (3.7) -1.6 (1.6) 

15th 79 -9.8  (5.3) -14.9  (4.8) -4.6  (4.1) 15.1  (5.8) -2.7  (1.8) 

20th 83 -20.8  (12.5) -23.0  (3.5) -6.5  (5.8) 16.8  (14.1) -3.3  (2.8) 

 

Table-5.3: Presenting morphological results of the different interpolated segmentation schemes. For each 

nanoparticle, the deviation between the morphology of the interpolated particles and fully segmented 

particle was calculated as a percentage deviation vs. the full-manual result. The values were then averaged 

over the 7 nanoparticles (FG soot + 6 GTDI soot-in-oil). Standard deviations are shown in brackets 

 

An initial and important observation was the direction of the deviations that occurred 

between morphology of interpolated particles and those from full manual segmentation. 

For all parameters other than 3D-circularity, use of interpolation caused a decrease in 

the values measured. Reductions in volume and surface area are indicative that 

interpolation has reduced the bulk of the particles. Though not directly related to volume 

of particles only, reduced radius of gyration with interpolation does suggest that on 

average the particle mass is closer to the centre of mass. The slight reduction in fractal 

dimension that occurs suggests that particles have become less clustered to some degree, 

which is in-line with observations of decreased bulk.  

The only parameter to increase with interpolation was 3D-circularity. This parameter 

describes the ratio of volume to surface area in terms of reference values for a perfect 

sphere. While this parameter can indicate particle shape complexity as it will change 

depending on the degree of branching, the dependence upon the surface area means it 

also reflects the ruggedness of the surface. That is to say, if there were two particles 

largely similar in branching shape but one had a more rugged surface, the more rugged 

particle would have a lower circularity value (see figure-5.18). In this regard, since 

overall particle complexity is similar due to relatively small deviations in Rg and Df, the 

increased circularity indicates that the surfaces of the particles are smoother when 

interpolation is used.  
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Figure-5.18: Example of the effect of branching and of surface ruggedness on the circularity parameter 

in 2D. Despite largely similar areas for the two scenarios (top and bottom separately), increased 

branching decreases circularity (above) and increased surface ruggedness increasing circularity (below). 

 

The changes in these parameters can be rationalised by understanding that linear 

interpolation in Fiji has the tendency to underestimate the extent of particle matter in 

the tomogram. Linear interpolation effectively draws a straight line between manual 

segmentations in the Z-direction. This in particular is the reason why circularity 

increases and surface area decreases, as the particle edges become smoother. The type 

of error that is caused by interpolated is illustrated in an exaggerated fashion in figure-

5.19. 
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Figure-5.19: Examples of error that arises due to use of interpolation. In the above example it can be 

observed that frequent manual selections lead to small error between true and interpolated results. At 

larger increments between manual selections, significant amounts of particle matter are erroneously lost 

or gained, altering particle morphology significantly. In the below example, the top of the circle (cf. a 

primary particle) terminates between manual segmentations. In this section, the effect on particle 

morphology is significant. 

 

Where the level of interpolation is lower, e.g. 5th level, the distance between manual 

segmentations are small. This means that the area of the particle over which 

interpolation occurs is small compared to the irregularities of the particles (i.e. the 

primary particles). As such, the error between the real particle and the interpolated ROIs 

is smaller. Also, areas in which particle discontinuities occur between manual 

segmentations are less significant. As such the overall particle morphology is less 

significantly affected. At coarser levels of segmentation, e.g. 20th slice, more significant 
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portions of the particles are subject to estimation by linear interpolation, so errors are 

more significant.  

For the interpolated particles, acceptable bounds for the size of deviations from the 

morphology of the fully manually segmentation nanoparticles needed to be established. 

A first rough boundary was considered by reference to the high similarity between the 

original FG-WBP and FG-SIRT tomograms, which had been observed via the 

superposition of the FG-WBP ROI set on the FG-SIRT tomogram, and vice versa. In a 

sense, the differences in morphology measured from full manual segmentation of both 

of these tomograms could be considered to represent the scale of deviation that can 

result simply from errors in manual segmentation. That is to say, due to their strong 

similarity, the differences in Vol, SA, Rg, 3D-circ., and Df observed are the level of 

variation that can be expected to arise simply from the natural uncertainty in manual 

selections. These results were presented earlier in table-5.1. Of course, despite the high 

similarity it cannot be denied that the characteristics of the FG-WBP and FG-SIRT 

images are different; while the former is more grainy, the latter showed greater blurring. 

These factors will surely have an effect on the choices made in manual segmentation. 

In order to eliminate the effect of the differences in image quality between FG-SIRT 

and FG-WBP, full manual segmentation was performed on the FG-WBP tomogram on 

two more separate occasions. This resulted in there being 3 separate segmentations of 

the exact same tomogram. The differences in the various morphological parameters 

between these 3 models can be considered to derive only from the susceptibility of 

manual segmentation to variation. This is related both to inconsistency in selections of 

areas, and the natural lack of resolution of the edges of particle matter in the tomogram. 

The size of the variation in morphology by this method is given below in table-5.4. In 

short, these values show high repeatability of manual segmentation even over extremely 

large data sets (tomograms) comprising over 100 million voxels, producing particle 

models containing almost 2 million voxels.  

 
Volume 

(nm3) 

Surface 

Area (nm2) 

Radius of 

Gyration (nm) 

3D-

Circularity 

Fractal 

Dimension 

FG-WBP original 1,819,400 309,100 148.6 0.113 2.49 

FG-WBP repeat 1 1,836,400 303,300 148.8 0.117 2.50 

FG-WBP repeat 2 1,807,700 301,300 148.6 0.116 2.49 

Max. Range 28,600 7,800 0.224 0.004 0.01 

Variation % 1.6 % 2.6 % 0.2 % 3.8 % 0.4 % 

 

Table-5.4: Morphological parameters measured from 3 particles created from the same FG-WBP 

tomogram on 3 separate occasions.  
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In comparison to these bounds for acceptable levels of variation, only interpolation at 

the 5th slice level was close. In terms of volume, interpolation at the 5th slice level caused 

an average decrease of 3.9% in comparison to the fully segmented particle (2.8-5.0% 

95%CI), slightly in excess of the variation observed for manual segmentation alone. 

Decreases in volume at the 10th and 15th slice were fairly linear, but at the 20th slice 

interpolation level significantly greater decreases were observed. The size of the 

standard deviation also increased from 5th to 20th slice interpolation levels. In one single 

instance, interpolation at the 20th slice level actually caused an increase in volume in 

comparison to the fully segmented particle. This is not entirely unexpected, as 

depending on the positioning of the manually segmented slices within the tomogram, 

interpolation can act to add excess matter to the particle. For example, consider the pink 

pixels shown in figure-5.19, where the effects of interpolation on particle morphology 

are illustrated.  

In terms of surface area, the 5th slice level of interpolation saw average decreases of 

4.6%, with 95% confidence intervals falling between 3.7% and 5.5%. Again, the 20th 

slice level of interpolation saw a marked drop-off in quality, underestimating surface 

area by 24% on average.  

For radius of gyration and fractal dimension, overall accuracy of the interpolated 

particles was higher. All levels of interpolation for these parameters resulted in 

decreases vs. full segmentation of < 6%, though this is still in excess of the very small 

variation observed due to manual segmentation alone. The form of these decreases with 

interpolation level was the same as seen for volume and surface area, i.e. showing a 

sharper decrease from 15th to 20th slice level. 

In contrast to the other morphological parameters, the 3D-circularity parameter 

observed an inverse relationship with interpolation level, as coarser interpolation caused 

increases in its value. For this parameter in particular, use of interpolation at the 5th slice 

level actually resulted in more accurate retention of the original 3D-circularity value 

than was observed for the repeated full segmentations of FG-WBP. This behaviour did 

not hold for higher levels of interpolation, however. 

In table-5.3, it can be observed that the size of the standard deviations tend to increase 

significantly at coarser interpolation levels. This increase in their size is related to the 

size of the increment between manual selections in relation to the size of the particle. 

The larger the increment becomes, the greater the likelihood that significant areas of 

irregularity in the particle structure will occur between manual selections. This results 

in the greatest degree of variation vs. full manual segmentations, and as such large 
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variability is seen at the coarser levels of interpolation (e.g. the 20th slice level). At this 

point, variation depends strongly on the complexity of the particle, and how the manual 

segmentations happen to coincide with the morphology. At the finer levels of 

interpolation, losses in bulk due to interpolation are fairly consistent as they occur well 

below the scale at which significant irregularities occur (i.e. towards primary particle 

diameter). 

Overall, for Vol, SA, Rg, and Df the average levels of variation from the ‘fully’ 

segmented particles (table-5.3) were only slightly greater than those resulting solely 

from manual segmentation errors. In terms of 3D-circularity, particles interpolated at 

the 5th slice level actually retained original morphology to a greater degree that the 

repeated segmentations of the FG-WBP tomogram. In reference to the variation 

between FG-WBP and FG-SIRT, interpolation at the 5th slice level was even closer, and 

volume deviations were actually smaller.  

Overall, our data on these 7 agglomerates suggested that interpolated segmentation 

between every 5th slice would provide particles that could be characterised to a level of 

accuracy similar to that of full manual segmentation. At this level of interpolation, 

segmentation could be expected to take around 44% less time than a fully manual 

inspection of the tomogram, concurrent with decreases of around 4-5 % in volume and 

surface area, around 1 % in fractal dimension and radius of gyration, and increases of 

around 3% in 3D-circularity. 

The strongly directional nature of variations due to interpolation (i.e. systematic 

decreases in V, SA, Rg, and Df, and increases in 3D-circ), it is possible that these may 

be able to corrected for quite simply. However, given that the data set in this section 

consists of only 7 particles, we do not have to confidence to suggest that, for example, 

volume decrease at the 5th slice interpolation level is always in the range of 3-5%.  

 

5.6 - Conclusions 

In this chapter, various schemes for tomographic reconstruction, tilt-series 

conformation, and tomogram segmentation were assessed in terms of speed and quality, 

in order to suggest an optimised methodology. Initial test were carried out using the FG 

soot nanoparticle considered in the previous chapter. Qualitative comparison of WBP 

and SIRT reconstruction showed similar quality, but much quicker speed for WBP (30 

seconds vs. 135 minutes). Tilt-series with reduced number of images were considered 

for potential gains in time required for image acquisition and reduced beam damage to 
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samples. In this regard, reduction in tilt-increment was more effective than reduction in 

total tilt-range. Reconstruction of tilt-series over a ±60° range with 3° increments 

produces high quality tomograms while reducing potential beam exposure by two thirds.  

Soot was extracted from the oil of a GTDI passenger vehicle and studied with TEM. 

Interesting observations were made on the structures present, which included high 

concentrations of localised amorphous carbon and crystalline patches in addition to 

typical soot nanoparticles. From this sample, 6 nanoparticles were reconstructed in 3D 

and included in the final assessments of optimisation. The effect of interpolation during 

manual tomogram segmentation was assessed, as it was expected to increase speed but 

most likely decrease quality of reconstructions. Interpolation between manual 

segmentations in every 5th slice of the tomogram reduced the time required by 44%, 

while retaining acceptable quality of reconstruction. The conclusion of our 

investigations into the optimisation of 3D reconstruction is to suggest the following 

conditions: ±60° tilt series with an image every 3° (41 images total), WBP 

reconstruction, and interpolated segmentation between every 5th slice.  

By comparison, a typical reconstruction procedure for the study of soot nanoparticles, 

based on the conditions in the work of van Poppel [34], Adachi [36, 222], Okyay [37], 

and Cabie [218], could be: ±60° tilt series with an image every 1° (121 images total), 

single-axis SIRT with 30 iterations, and full manual segmentation. Our optimised 

method was compared to this averaged protocol for reconstruction of the FG soot 

particle for the time required.  In terms of the number of images used, potential beam 

dosage experienced by the sample is cut by two thirds. This is particularly advantageous 

for soot-in-oil samples, where contamination causing obscuring is a major problem. The 

time required for SIRT reconstruction (computational step only) of the tilt series was 94 

minutes, compared to <1 minute for WBP reconstruction. The time required for 

alignment etc. pre-reconstruction was identical. Full manual segmentation of the SIRT 

tomogram required 144 minutes, compared to 79 minutes for segmentation in every 5th 

slice. Overall, our optimised method reduced the time required by 67%, or over 2.5 

hours. Due to the combination of high morphological complexity, low image resolution 

and contrast, and presence of adjacent soot-like material, the FG soot particle represents 

a ‘worst case’ scenario in terms of difficulty of segmentation, and as such the time 

required for manual segmentation was much greater than for the 6 GDI nanoparticles 

studied. However, in the extent of a full-scale characterisation of a soot sample, 

consisting of potential hundreds of nanoparticles, these improvements are significant.  
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6 - Development of Semi-Automated TEM Imaging for 

High-Throughput ET 

This chapter describes the development of a methodology to permit automated TEM 

imaging of soot samples to facilitate high-throughput ET. The procedure consists of 

automated screening of large areas of TEM grids, and the creation of maps through 

which to control TEM operation. A logging system permits storing of locations of 

nanoparticles for study over subsequent sessions. Automated image processing is used 

to identify structures of interest, with a manual review process used to remove false-

negative selections and permit rapid 2D-TEM analysis. The semi-automated 

methodology significantly reduces manual labour in TEM imaging of soot, helping to 

increase throughput via off-peak operation and decrease bias in selections of 

nanoparticles. The technique was developed for the study of the GTDI soot-in-oil 

sample also studied in chapter-5. Finally, 2D-TEM characterisation was carried out on 

the sample by utilising the optional process for improving automated selections and 

identifying non-selected structures. In total, 524 soot nanoparticles were studied in 2D 

(271 fully automated selection, and 253 fully manual selections). Typical 2D 

morphology was determined for this sample and compared to prior study of GTDI soot-

in-oil nanoparticles by La Rocca et al. [41]. In this work, mean primary particle diameter 

= 33 nm, mean aggregate Feret diameter (maximum length) = 118 nm, mean Rg = 35 

nm, and fractal dimension = 1.73. Convergence in the mean radius of gyration of 

nanoparticles occurred after around 150 individual measurements. Based on these 

results, this sample of nanoparticles appears to be slightly larger in their overall 

aggregate size, but less open and branched in their morphology.  

The work in this chapter is adapted from a recent SAE technical paper that was 

presented at the SAE Naples 14th International Conference on Engines and Vehicles: 

Haffner-Staton E., La Rocca A., Cairns A., Fay M. Morphological characterisation of 

gasoline soot-in-oil: development of semi-automated 2D-TEM and comparison with 

novel high-throughput 3D-TEM. SAE Technical Paper; 2019. Report No.: 0148-7191.  

 

6.1 – Introduction 

The previous 2 chapters have detailed progress towards the development of a high-

throughput 3D-TEM methodology for morphological characterisation of soot 

nanoparticles. So far this has considered a case-study of flame-generated soot with 
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which to practice and identify targets for optimisation, and then the optimisation of 

reconstruction, segmentation, and tilt-series conformation. Sample preparation was 

optimised for a GTDI soot-in-oil sample, and initial observations of that sample were 

detailed.  

As was mentioned in the chapter-5, a less quantifiable but no less important cause of 

lost time in the 3D-TEM process is the identification of suitable structures. As the TEM 

grid must be tilted, structures of interest cannot be located too close to adjacent 

structures (the copper grid bars, and other nanoparticles/structures). While an 

overlapping grid bar will obscure the structure completely (as it is completely opaque 

under the TEM beam; see figure-3.8), adjacent carbonaceous structures can appear to 

be part of the nanoparticle of interest. Also, structures must be surrounded by a suitable 

number of gold fiducial markers to permit accurate tracking of images and alignment of 

the tilt-series. However, high concentration of Au-NPs can also obscure the structure of 

interest due to their opaque nature. A final consideration is the concentration of soot on 

the grid. Too high concentration results in a greater likelihood of particle overlap like 

that just mentioned, but too low concentration can mean long durations to locate suitable 

structures. The latter is a more prominent issue for soot-in-oil samples as soot fraction 

in oil can be very low, and the degree of solvent dilution and washing can make it 

difficult to adequately load a TEM grid. The former is probably a more prominent issue 

for exhaust or FG soot, where deposition is still uncontrolled at the nanoscopic level but 

overall concentrations can be much greater.  

Overall, the additional constraints placed on soot for suitability for 3D-TEM means that 

a significant bottleneck occurs at the image acquisition stage. The time required to locate 

appropriate nanoparticles is significant, especially given the number of individual 

nanoparticles required to characterise an entire sample. However, it is probably the 

extent of manual effort that is the most prominent issue. Time on TEM equipment is at 

a premium, especially when also requiring the time of a trained operator on shared 

equipment. Any advances that could facilitate automated operation of the TEM can take 

advantage of lower costs and greater availability during non-peak times, and with 

minimal operator involvement. The necessity of the TEM operator manually searching 

the grid for suitable structures may also be an important source of selection bias, which 

could affect validity of results.  

This chapter details the efforts made towards improving the throughput of TEM imaging 

of soot for ET. An ideal solution to the issues mentioned was envisaged as an automated 

process in which the TEM grid is screened for potential structures of interest. These 
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structures could then be reviewed in terms of suitability for 3D-TEM, guiding 

subsequent tilt-series acquisition. Such a process would make the image acquisition 

stage more efficient, particularly in terms of operator time and effort (and subsequent 

cost). Scanning of large of areas of the TEM grid could also facilitate rapid 2D-TEM 

morphological characterisation of soot, and a registration process enabling logging of 

particles of interest for study over numerous sessions of microscopy.  

To achieve this goal, the main developments necessary were: 

- A method by which to acquire images over a large area in TEM 

- Automated 2D-TEM image segmentation to locate potential structures 

- Review process in which false-positive selections (non-soot strucutres) are 

rejected  

- Communication with TEM to facilitate the automated location of chosen 

structures for subsequent imaging 

Finally, the developed technique was used to facilitate high-throughput 2D-TEM 

characterisation of the sample, involving the measurements of 524 individual 

nanoparticles.  

6.2 – Automated Electron Microscopy in the Literature 

Inspiration and guidance for the development of an automated procedure was taken 

from numerous examples in the literature. Due to the wide-spread usage of TEM for 

study of nanoscopic structures across a range of disciplines, the literature contains many 

examples of processes that have been automated to some degree. Given that the size, 

shape, structure, and appearance of specimens under TEM can vary so significantly, it 

was apparent that the most applicable studies would be those relating to soot, or soot-

like materials. 

Given that typical soot characterisations by TEM would require imaging of potentially 

hundreds of individual nanoparticles, it is unsurprising that numerous automated 

procedures for 2D image segmentation have been developed for soot. Most examples 

of automation in TEM study of soot focus on the retrieval of primary particle size and 

number from TEM projections [150, 160, 207, 208, 223, 224]. Primary particle 

characteristics are strongly dependent upon the soot formation conditions, and as such 

contain a wealth of information on this process. Primary particle size and number are 

also a key factor in inferring fractal morphology of soot nanoparticles [73, 75].  
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Several of these methods seek to identify circular patches in the projected images of 

soot, which are assumed to represent primary particles. This is often achieved using an 

image processing algorithm known as the circular Hough transform [207, 208, 223]. 

Alternatively, the edge contour of the aggregates may be used to infer primary particle 

sizes instead. For example, the work of Bescond et al. utilised Euclidean distance 

mapping to determine the smallest distances to the edges of the nanoparticle, and related 

it to primary particle diameter [150]. Dastanpour et al. used a novel method that 

considered the probability of nanoparticle matter being found at a certain distance from 

its centre [160], and primary particle size was then determined by the rate of decay of 

this probability.  

While certainly interesting, these primary particle specific methods are not directly of 

use in this work, as the project had no specific primary particle focus. Instead, the focus 

of this work lay in the automatic segmentation of entire soot nanoparticles. The goal for 

this type of process was to rapidly identify soot structures that are potentially sparsely 

located over large areas of the TEM grid. Several examples of such methods are actually 

contained within those mentioned above. In the works of Grishin [208], Wang [207], 

and Dastanpour [160], the determination of aggregate ROIs is a pre-requisite for those 

methods used to determine primary particle sizes.   

In their 2012 study, Grishin et al. performed automated segmentation of soot aggregates 

in TEM by first performing thresholding via the Otsu method, followed by removal of 

background features using a rolling-ball filter [208]. The Otsu method binarizes an 

image by dividing the pixel intensity histogram into two classes, and minimizing the 

variance between those classes. As such, darker particle matter is separated from lighter 

background material. The rolling-ball filter removes noise features by subtracting a 

background value from the image, which is guided by the average intensity surrounding 

each pixel. A similar combination of the Otsu method and rolling-ball filter was also 

employed by Dastanpour et al. [160].  

In 2016, Wang et al. employed a different technique for TEM image segmentation 

[207]. It should be noted that the images included in their work are not BF-TEM images, 

but rather appear to be acquired using dark-field TEM since the contrast is inversed. 

However, no specific details of the TEM imaging processing are given in that work. 

Their method involved median filtering as the first step. This process alters the colour-

value of a pixel by replacing it with the average value of those pixels directly 

surrounding it. The ‘level’ of the filter can be changed to include a larger or smaller 

number of surrounding pixels. Median filtering helps to remove spurious noise from the 
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image. Following median filtering, the image was inversed in colour. The inverse image 

was then subtracted from the original in a process which acts to remove background 

pixels, and enhance the contrast of features. Finally, the Canny edge detecting algorithm 

was applied to produce a map of nanoparticle outlines. This algorithm contains a series 

of filters to enhance features where the contrast gradient is strongest in the image, 

eventually resulting in only the outline of the object being visible. 

In the literature there are also numerous examples of automated TEM segmentation 

methods for non-soot samples. However, given the strong dependence of appearance in 

TEM on the structure of material under study, these methods are not generally 

applicable. For example, the 2011 study of Gontard et al. developed a strategy for 

automatic segmentation of platinum nanoparticles deposited on a carbon support 

material [225]. This method involved creation of a multi-scale thresholding algorithm 

to rapidly and successfully identify the structures of interest. In comparison to soot, 

however, these features are much smaller, higher contrast, and are spherical in shape, 

so the technique cannot directly apply to samples such as GTDI soot-in-oil. Instead, 

such works would act as a rough guide, useful for identifying potential filters and 

operations.  

Of course, TEM image segmentation is only a part of the process that is envisioned. 

Also required is the architecture with which to screen large areas of the TEM grid, and 

communicate the chosen positions to the TEM computer for automated acquisition. In 

the literature there are multiple examples of established procedures for high-throughput 

EM that are automated to at least some degree. This includes automation of SEM study 

of aerosols [226], TEM study of biological samples [227] and protein crystals [228] 

among others. These methodologies include use of auto-sampling of specimens, as well 

as automated microscope control directed by on-line image processing.  

There even exists an excellent example of a soot-specific, on-line automated image 

acquisition system for TEM, as described by Toth et al. in their 2013 study [209]. The 

emphasis for this work was in part deficiencies of available methods for automated TEM 

control [228], which cannot operate at a fine enough scale for soot nanoparticle study. 

This work incorporates automated image processing at different scales to eventually 

facilitate HR-TEM imaging of the nanostructure of soot aggregates. A matlab script 

running on an ‘adjacent’ PC is used to autonomously control the TEM acquisition PC. 

Online image processing during live imaging is used to ‘drive’ the microscope view in 

a desired path between the 3 scales. The coarsest scale is that of the squares of the TEM 

grid. Simple image thresholding is used to automatically locate the contours of the lacey 
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carbon support. In Toth’s work, the TEM grids did not possess the additional graphene 

oxide support used in our work, so soot nanoparticles are imaged only when they cling 

to the edges of the lacey carbon, and appear in contrast to the vacuum of the microscope. 

The nanoparticles themselves were located using unspecified methods described as 

‘morphological operations, the intensity gradient or local identity statistics’. These 

locations were used to ‘drive’ the microscope focus on nanoparticles at higher 

resolution. Finally, the highest magnification images are achieved using HR-TEM, and 

various filters are used to define the graphitic fringes.  

The lack of a graphene oxide film on the  TEM grid in that study means that the 

positioning of soot is fundamentally different to that in ours, and also given the lack of 

details on the image processing technique the same methods cannot be applied here. 

The same applies to most examples in the literature too; distinct differences in sample 

types and lack of specific image processing mean direct application is not possible. 

Additionally, many include hardware such as auto-samplers that we do not have access 

to. Nonetheless, the overall processes provide an excellent example of the desired type 

of methodology. Given the scope of this project, development of a fully integrated and 

on-line procedure was not possible. However, a methodology was successfully 

developed for the automated identification of soot-in-oil in TEM, despite the difficulties 

associated with image processing of graphene oxide coated TEM grids, and the presence 

of significant quantities of non-soot materials in the sample. In this work the foundations 

were laid for what will soon become a fully integrated technique, and can still provide 

significant improvements to throughput in the meantime.  

 

6.3 – A Semi-Automated Procedure for Image Acquisition of 

Soot in TEM 

The following sub-sections detail the steps of the semi-automated procedure by which 

large areas of the TEM grid are imaged and screened for suitable particles. Chosen 

particles are then registered and assigned locations, and subsequently imaged for 3D-

TEM. The automated procedure was developed using the TEM grids prepared with the 

GTDI soot-in-oil sample described in the experimental chapter (section-3.5.2) and in 

chapter-5. 
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6.3.1 - Low-Magnification Imaging and Grid Registration with SerialEM 

The process begins once the soot sample has been suitably prepared, and the grid placed 

inside the TEM. In this work, the open-source software SerialEM was used to achieve 

automated microscope control [173]. The initial step is to acquire a low-magnification 

(x50) image of the centre of the TEM grid, which is manufactured so that the corners of 

the copper mesh around the centre are distinguishable (see figure-6.1). This helps the 

operator to orient themselves with respect to the grid, as orientation depends on how the 

grid was placed into the TEM specimen holder and will change, to some small degree 

at least, each time the grid is loaded.  

 

Figure-6.1: Low-magnification (x50) image showing the central area of the TEM grid (red-dot 

designates centre) 

 

This low-magnification image is then designated as a navigator map in SerialEM. A 

navigator map is a previously acquired static image (as opposed to the live feed of the 

TEM camera) that can be used to direct the position of the live TEM feed. This allows 

the operator to simply select a location on the navigator map and the position of the live 

camera will automatically locate to that point. For a navigator map to function, several 

(e.g. 5-6) easily identified and evenly dispersed positions must be chosen in the static 

image to align the map with the live position of the microscope. An example of such 

selections is given in figure-6.2. These locations are centred in the live image feed, and 

their physical stage coordinates (i.e. the absolute position of the specimen stage within 

the microscope column) are recorded and registered to the positions on the navigator 
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map. When a desired position in the navigator map is chosen, the software can calculate 

the exact stage position to which the TEM live feed must reposition. 

 

 

Figure-6.2: Example of registered points for low-mag montage. Images on the right show examples of 

live stage positioning at higher magnification (x4000) 

 

A consideration of the registration step is the magnification used when recording stage 

positions in the live image feed. Errors in positioning occur between different levels of 

magnification in TEM (e.g. due to imperfect correction of the rotation that occurs with 

changing magnification). A navigator map registered at x50 magnification will not be 

able to accurately locate a structure at x10,000 magnification in the live image feed. As 

such, the registration must be performed at the magnification at wish you desire to view 

the sample. In this work, registration of the low-mag navigator map is performed at 

x10,000 magnification (the choice of this magnification is discussed in the next sub-

section). 

This low-resolution map is extremely useful for setting up a registry of the grid so that 

locations of interest can be easily found and imaged on numerous occasions. Given the 

extremely small size of soot nanoparticles in comparison to the TEM grid, it would be 

almost impossible to relocate structures of interest without some type of registration 

system. Once the low-mag navigator map has been created and registered to the position 

of the TEM camera, it can be used to easily direct montage acquisition of large areas 

within the grid squares (see next sub-section). 
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6.3.2 - Medium-Magnification Montaging in SerialEM   

In order to efficiently screen large areas of the grid for suitable soot structures, 

montaging is performed. Montaging refers to the acquisition of a series of individual 

images in  a grid-pattern over a desired area. These images have a degree of overlap 

between them which can be altered as desired. The individual images of a montage can 

then be ‘stitched’ together to produce a single, large image covering the entire area.  

In this work, the aim is to scan the grid for structures suitable for tilt-series acquisition, 

i.e. with no adjacent structures and sufficient Au-NPs. A key pre-requisite is that 

particles cannot be located too close to the copper grid bars, as it will obscure them at 

high tilt-angles. As such, our default choice for montage area is a polygon covering the 

central section of a grid square. The entire grid square area is approximately 40 x 40 

μm, and the chosen montage area is around half of those dimensions (see figure-6.3 for 

an illustration). 

 

Figure-6.3: Typical area covered by montage imaging at x10,000 magnification. 
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The choice of magnification that montage images are acquired at is a compromise 

between efficiently screening the grid (lower magnification = fewer images, therefore 

quicker) and being able to clearly identify soot structures (high magnification = better 

resolution). A low magnification image at x2,000 measures approx. 11 x 7.5 μm in 

dimension, so only around 12 images are required to cover a typical montage area (20 

x 20 μm). However, at this scale a 100 nm aggregate is only around 16 pixels in length 

and so extremely hard to verify suitability for further imaging. At x25,000 

magnification, a 100 nm particle measures around 200 pixels in length, but would 

require around 1,200 images to cover the same area. This would be expected to take as 

long as 6-7 hours to complete. A comparison of TEM images at these scales is provided 

in figure-6.4. 

(6.4a)  

(6.4b) 

Figure-6.4: Comparison of scale of TEM images at x2,000 magnification (a) and x25,000 magnification 

(b). Circled nanoparticles are approximately the same size. 
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With this in mind, a standard montage magnification of x10,000 was used in this work. 

Each individual image of the montage is 2004 x 1336 pixels (2.64 x 1.76 μm). A 9 x 14 

image grid is used (126 images in total) with ~20% image overlap, producing a montage 

over an approx. 20 μm2 area. At x10,000 magnification, each pixel measures 1.32 nm 

in length. At this scale, a soot primary particle is around 15-30 pixels in diameter, and 

a 200 nm nanoparticle would be 152 pixels in length, allowing acceptable identification 

of suitable nanoparticle. An example TEM image at this scale is provided in figure-6.5. 

 

Figure-6.5: TEM image acquired at x10,000 magnification, with soot nanoparticles 

visible. Scale bar shows 200 nm.  

 

The area to be imaged during montage acquisition can be defined in several ways using 

SerialEM. The TEM operator can manually measure stage coordinates from the live 

images and define the edges of the montage, or can even draw a  polygon shape in the 

low-mag navigator map (similar to that seen in figure-6.3). The positions of montages 

can be logged in the low-mag navigator map so that the operator can track which squares 

have been imaged. Acquisition of a montage containing 126 images typically takes 

around 20-40 minutes to complete, similar to a tilt-series of 121 images. All montage 

acquisitions were performed using the relatively large value of -12 μm for the 

microscope operating parameter known as defocus. Defocus of the microscope is 

controlled by shifting the focus of the objective lens, and can be used to alter the 

appearance of the images that are acquired. A large defocus of -12 μm results in lower 

resolution but greater contrast, and was useful for improving accuracy of montage 

stitching (see following paragraphs). In theory, SerialEM montage acquisition can be 
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performed without operator supervision. As such, the somewhat lengthy process of 

montage acquisition could be performed in off-peak times (evenings, weekends, etc.), 

increasing throughput and potentially significantly reducing cost. Unfortunately, the 

operation of SerialEM was prone to small errors that required operator corrections. 

While a single montage could complete fully automatically, a series of several montages 

would likely need operator presence at some point during the process. At this time, the 

full benefits of automation to throughput could not be realised, but it is still highly 

beneficial to throughput to have even partially automated montage acquisition. 

Once the individual images of the montage have been acquired, they must be stitched 

together to create a single image. SerialEM will automatically produce a roughly 

stitched image that has been binned to reduce its size significantly. Although this can 

be a useful visual aid, the resolution and accuracy is not high enough to perform the 

automated image segmentation and to direct locating of particles of interest. High-

quality montage stitching is performed using the Fiji Stitching plugin [229]. This plugin 

compares images that are expected to occur adjacent to one another based on the pattern 

of image acquisition, and uses cross-correlation (similar to that used in tilt-series 

alignment) to find the correct overlap between them. The positions of the two images 

with respect to one another is altered until the minimum difference between them (in 

terms of the cross-correlation value) is reached. As mentioned, a relatively large defocus 

was used during montage acquisition. Initially, more typical values of defocus were 

used (around 6 μm) but in many cases the stitching plugin could not correctly compute 

the image overlaps. At the relatively coarse scale of x10,000, many features of the grid 

are relatively small. Particularly in barren areas of the grid, where large holes in the 

lacey carbon support can span across several images, there are few feature points with 

which to cross-correlate images in the montage. By employing a high defocus, we were 

able to increase the ease with which the plugin could match features, resulting in much 

more reliable results. 

The stitched montage images that result are approximately 15,000 x 15,000 pixels in 

size, depending on the degree of image overlap and how much was successfully stitched. 

A highly-binned version is provided as an example in figure-6.6. The high-quality 

stitched montage can then be loaded into SerialEM, where it can be designated as a new 

navigator map. For clarity, this will be referred to as the montage map. Like for the low-

mag navigator map discussed earlier, the stitched montage can then be used to control 

the position of the live image feed. Again, easily identified features of the montage map 

must be matched to the physical stage positions of the microscope by centring those 

features in the live image feed. If desired, the registration can be performed at a higher 



151 
 

level of magnification (in fact, several magnifications can be registered at the same 

time). 

The next step of the process is to automatically locate structures of interest on the 

montage map, and feed these positions directly into the SerialEM software to enable 

automated imaging. 

 

Figure-6.6: Example of a stitched montage. Area is approx. 18 x 16 μm, and has been binned by a factor 

of 4. Pink box highlights the area shown in figure-6.5. 

 

6.3.3 - Image Processing of the Montage Map 

Unlike in the work of Toth et al. [209], it was not possible to develop on-line image 

processing of the montage map. For security, the PC controlling the microscope was 

disconnected from the main University network, and was not permitted to be connected 

to the image processing PC. However, the process of automatically locating structures 

of interest functioned very similarly off-line to how it would have been on-line, and 

could easily be integrated if the opportunity arose.  

In bright-field TEM operation, denser objects result in darker pixels in the TEM images. 

In an ideal scenario, soot particles would be significantly denser than the grid support 
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material and therefore easily separated from the background film by a simple threshold 

(where pixels below a certain grey-level are considered to be particle, and those more-

than are ignored). However, the soot nanoparticles and the graphene oxide and lacey 

carbon support films are almost entirely carbon in their elemental composition and 

similar in their thickness. This results in relatively similar appearance of soot and the 

background film in TEM images. As such, in order to accurately separate soot particles 

from the background with a threshold, image filters must first be applied to enhance the 

contrast between them.  

Some examples of image filtering in previous publications were provided in the earlier 

section, though specific details on their exact application were hard to come by. In any 

case, the appearance of soot nanoparticles in TEM is strongly dependent upon factors 

such as the soot source, preparation method, TEM grid composition, TEM operating 

voltage and imaging parameters (such as defocus), and the quality of the camera. As 

such, even if a specific recipe were detailed, it may not apply directly to our specific 

sample. There would likely be a degree of fine-tuning through trial-and-error in any 

case.  

The use of Fiji for image processing meant that it was very easy to test a wide variety 

of different image filters and algorithms, as they are already built into the software. 

Typical images of the sample at x10,000 magnification were used to develop a reliable 

strategy for automated segmentation of our samples. 

In this procedure, a median filter and then a Gaussian filter are first applied to the 

montage image. Both of these filters consider each pixel of the image separately. They 

will replace a pixels colour value with the one based on that measured in the 

neighbourhood pixels. The size of the ‘neighbourhood’ is determined by the level of the 

filter (e.g. level 1 = 1 pixel in all directions). While median filtering simply uses the 

average grey-level of the neighbourhood, Gaussian filtering weights the values of 

surrounding pixels according to a Gaussian distribution. These filters are useful for 

removing small areas of noise, smoothing the image so that particle matter appears in 

greater contrast. For our montages, it was generally acceptable to perform median 

filtering at level 1, and Gaussian filtering at level 2 or 3. The values of these filters could 

easily be altered, which may be necessary if conditions affecting TEM imaging were 

changed. The effect of these filters on a small sub-section of a montage map is shown 

in figure-6.7. 
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Figure-6.7: Showing same x10,000 magnification image as in figure-6.5, after application of median 

and Gaussian filters. 

 

 

Figure-6.8: Result of Otsu thresholding of the same image shown in figure-6.7. 

 

The montage map image is then binarized by using automated thresholding with the 

Otsu method (as described earlier in section-6.2). A binarized sub-section of the 

montage map is shown in figure-6.8.  In the resulting binary image (where all white 

pixels correspond to particle matter, and all background is black), patches of connected 
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white pixels are separated and identified using Fijis Analyze Particles plugin. Despite 

the best efforts of the smoothing filters, some areas of high contrast resulting from noise 

are still selected by Otsu thresholding. Also selected may be non-soot structures on the 

grid, which as discussed in chapter-5 (section-5.3) were common for the GTDI soot-in-

oil. This can include small pieces of crystalline debris, or larger amorphous areas that 

are primarily carbon but lack typical soot nanostructure. Additionally, it is unavoidable 

that the lacey carbon edges will also be included in the binarization, as they are high 

contrast under the electron beam (due to their thickness).  

In order to remove as many of these non-soot structures as possible, the areas selected 

by Analyze Particles are then constrained in several different regards. Firstly, all areas 

overlapping the edges of the images are deselected. This step is able remove many of 

the lacey carbon edges. Next, a maximum size constraint is applied to remove any 

remaining selections of lacey carbon. As the lacey carbon holes are much larger than 

even the largest soot nanoparticles, their high area makes them easy to distinguish from 

structures of interest. The maximum area chosen in this size-filtering process is the 

equivalent to that occupied by 250 individual primary particles, of the assumed or 

measured mean diameter. This value was chosen as it is significantly greater than the 

maximum size of engine soot aggregate typically observed; Martos et al. observed that 

that approx. 95% of diesel soot aggregates consist of <200 primary particles [230]. 

Figure-6.9 shows the result of the maximum size filter. 

 

Figure-6.9: Removal of lacey carbon with maximum size and edge constraint 
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Due to the transparency of soot under the electron beam, projection of 3D structures can 

result in variable contrast within a particle. Where particle material overlaps in the 

vertical direction, darker colour values are observed. This variation can cause problems 

with Otsu thresholding, and nanoparticles selections can appear fractured (figure-6.10). 

 

Figure-6.10: Fractured segmentation of a nanoparticle, due to uneven contrast within the particle. 

 

In order to reduce the number of fractured selections, a dilation operation is applied to 

enlarge areas of white pixels. A filling operation is then applied to close the gaps of 

closely related structures. The inverse of dilation, an erosion operation, then reduces 

selections of white pixels back towards their original size. This is important, as 

otherwise patches of noise appear large in size and may be misinterpreted as particle 

matter. The different stages of this part of the process are illustrated in figure-6.11. 

Minimum size constraints are then used to remove noise, gold nanoparticles, and other 

small non-nanoparticle carbon features. The minimum acceptable size is defined by the 

area equivalent to 3 primary particles of the measured or assumed average diameter, as 

Kondo et al. had previously considered this as the minimum size of soot aggregates 

[39]. This value is generally lower than what most authors in the field consider as a 

minimum size. The purpose of this filter is to remove small incorrect selections, but 

should also not be so large as to remove selections of real, but modestly sized, soot 

nanoparticles. As such, a relevant but somewhat low value was chosen from the 

literature as a compromise. See figure-6.12 for an example of the result of this minimum 

size filter. 



156 
 

(6.11a) 

(6.11b) 

Figure-6.11: Showing the result of dilation of figure-6.8 (a), followed by erosion (b) 

 

 

Figure-6.12: Result of application of minimum size constraint (area ≥ 3 x average primary particles). 

Two nanoparticle selections, and 1 noise selection 
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Patches of white pixels that remain are subjected to further constraints in terms of 

circularity. As described in chapter-3, this parameter describes a shape in terms of its 

similarity to a perfect circle. High values (towards the maximum of 1.0) indicate highly 

circular selections, which given the typically fractal nature of soot nanoparticles are 

more likely to correspond to false positive selections. This includes non-soot features 

such as large patches of amorphous carbon, or small areas of the lacey carbon film not 

ruled out by the maximum size constraint. Low values of circularity (close to 0.0) 

indicate highly branched and irregular structures that often correspond to spurious 

patches of noise, or features such as folds in the graphene oxide film. In the montage, 

false-positive selections were identified in order to establish upper and lower bounds 

for circularity that would exclude them. Approximate upper and lower bounds of 

circularity were determined as 0.8 and 0.2 respectively. An example is given in figure-

6.13. 

 

 

Figure-6.13: Final result of automated selection process, after application of circularity constraint (0.2 

< circ. < 0.8) to remove noise selection. 
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All patches of white pixels in the binarized version of the montage map now correspond 

to areas in the original montage image that are most likely to correspond to soot 

nanoparticles. Given the predisposition of the GTDI soot-in-oil samples towards 

possessing high levels of non-soot structures (both carbonaceous and inorganic in 

nature), the issue of false positive selections has been particularly prominent. The 

example image used so far in figures-6.7 to 6.13 represent a relatively ‘easy’ area for 

automated segmentation, as the only large structures are the two nanoparticles. In areas 

such as this, the automated segmentation process works well. Another example of an 

easy automated segmentation is shown in figure-6.14, which includes carbon black 

nanoparticles.  Figure-6.15 shows an example of a more typical area of the grid, with 

selections of non-nanoparticle carbon material that made it through all the constraints.  

 

Figure-6.14: Showing accurate automated selections of carbon black nanoparticles 
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(6.15a) 

 

(6.15b) 
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(6.15c) 

Figure-6.15: Typical area of GTDI soot-in-oil montage containing both localised amorphous carbon 

and typical soot nanoparticles. (b) automated segmentation of nanoparticles. (c) automated segmentation 

of areas of localised amorphous carbon 

 

The most simplistic solution to the problem of false positive selections was to 

implement a manual review process. Through development of a macro for Fiji, each 

ROI is rapidly presented to the operator at an appropriate level of zoom, who is able to 

quickly accept or reject the selection. Typically this required around 1 second per 

selection. This review process not only gives the user the opportunity to differentiate 

soot nanoparticles from false positives, but also to consider whether the accurate 

selections are placed adequately for tilt-series acquisition in terms of proximity to other 

large structures (potential for overlap/obscuring at high tilt) and gold nanoparticles (for 

alignment).  

6.3.4 - Rapid 2D-TEM Characterisation 

As the primary aim of this automated process is simply to locate structures suitable for 

tilt-series acquisition, the automated selections are not required to perfectly encapsulate 

particles of interest. Indeed, as long as the majority of a selection overlaps with the 

majority of a particle it is sufficient to generate an accurate coordinate. An example is 

provided in figure-6.16, highlighting both accurate and inaccurate true positive 

selections (of nanoparticles) and accurate selections of non-nanoparticles (false 

positive). 
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Figure-6.16: Showing the selections resulting from automated image processing of an area of a 

montage. Highlighted are 3 selections of nanoparticles (true positives), for which 1 is accurate and 2 are 

inaccurate. Inaccurate selections still result in usable coordinates, but can be improved manually to 

facilitate rapid 2D characterisation. Also highlighted are two false positive selections, which despite 

relatively accurate identification are not soot nanoparticles. 
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In theory though, if automated selections were of high enough quality they could be 

used to achieve rapid 2D-TEM characterisation of soot nanoparticles. While highly 

accurate for the most well-defined nanoparticles, in general the automatic segmentations 

were not sufficient for typical 2D characterisation. Though development of an 

automated segmentation protocol that is always highly accurate was not feasible within 

the scope of the project, a useful stop-gap approach was developed. In the manual 

review process, a stage was implemented that allowed the operator to manually correct 

the automated selections if desired. Depending on the accuracies, these corrections 

could be major or minor. Though significantly lowering the throughput (and slightly 

undermining the purpose of an automated segmentation method), it offers a useful ‘2-

for-1’ opportunity to permit both particle identification and rapid 2D-TEM 

characterisation of soot in a ‘semi-automated’ process. For example, the two 

‘inaccurately’ segmented nanoparticles in figure-6.16 could be improved in the manual 

process, while the accurate selection needs no update. 

This procedure also permitted the fully manual identification of unselected soot 

nanoparticles that were visible in the montage adjacent to automated selections that 

were being reviewed. As described in section-5.3, GTDI soot-in-oil nanoparticles 

showed a preference towards positioning on the lacey carbon rather than the graphene 

oxide. This can be due to breakages in the GO film, but may also be related to 

differences in polarity of the GO (more polar) and lacey carbon (less polar). The 

removal of the lacey carbon edges from the automated selections (by the maximum area 

constraint) will remove many of the soot nanoparticles that appear in such locations. 

However, soot aggregates that are positioned on the edges of the lacey carbon support 

are generally not ideal for tomography. Being viewed on a thicker support reduces 

resolution as fewer electrons are transmitted through both particle and support. Also, 

nanoparticles positioned right on the edges are can potentially become obscured at 

higher angles of tilt, which can introduce errors in reconstruction. While less suitable 

for tomography and therefore acceptable to be removed from the automated selection 

process, many of these structures are still suitable for typical 2D characterisation. When 

implementing the optional method for segmentation correction, an additional option was 

made to allow the user to create fully manual selections of any particles entirely missed 

by the automated segmentation. This was predominantly useful for identifying those 

particles on the lacey carbon edges, though in some cases true false-negatives (e.g. soot 

nanoparticles on clear sections of GO) were corrected. An example of such a particle 

that could be selected in this regard is given in figure-6.17. In that example, an area of 

the montage sees one nanoparticle close to the lacey carbon accurately selected, while 
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an adjacent nanoparticle is not. This unselected nanoparticle could easily be identified 

manually in this optional step. 

 

 

Figure-6.17: Showing the selections resulting from automated image processing of an area of a 

montage. Highlighted are 3 selections of nanoparticles (true positives), for which 1 is accurate and 2 are 

inaccurate. Inaccurate selections still result in usable coordinates, but can be improved manually to 

facilitate rapid 2D characterisation. Also highlighted are two false positive selections, which despite 

relatively accurate identification are not soot nanoparticles. 
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6.3.5 - Communication with SerialEM for Automated Operation 

Following the manual review process, a final list of suitable structures is associated with 

a list of locations on the montage map. In Fiji these locations are in terms of pixel 

coordinates, where the (0,0) position is defined as the upper-left corner of the montage 

map. These coordinates must be converted to match the orientation, scale, and absolute 

position of the TEM specimen stage. This was performed using a self-made Matlab 

script, the main steps of which are detailed in the following paragraphs. The Matlab 

script requires only the positions of the reference and registered points to be entered as 

both pixel and stage coordinates. 

Firstly, the rotation between the montage map and the live microscope feed is 

calculated. If montage map image processing occurs within the same session (i.e. the 

TEM grid has not been removed from the microscope), then this step will not be 

necessary as there will be no rotation. However, if the work occurs across multiple days, 

as is likely to be the case for shared faculty equipment such as our own, rotation is likely 

to occur. This is because it is essentially impossible to place the TEM grid into the 

specimen holder in the exact same orientation each time.   

The rotation between the Fiji pixel coordinate system and the microscopes physical 

stage position is calculated by comparing the two sets of coordinates for the registered 

points of the montage map (see figure-6.18). One of the registered points (it can be any) 

is designated as a ‘reference point’, and the displacements in X & Y between the 

reference point and all of the other registered points is calculated. An angle (θ) made 

between the reference point, the registered point, and a vector running horizontally 

through the reference point is calculated via equation-6.1:  

𝜃 = 𝑡𝑎𝑛−1 (
|∆𝑦|

|∆𝑥|⁄ )    (6.1) 

Where ΔX and ΔY are the horizontal and vertical displacements from the registered 

points to the reference point. 

In both the pixel and stage systems, the vector running through the reference point 

remains in an equivalent position, but all of the other registered points are rotated with 

respect to it. As such, between each reference-registered point pair there will be a 

systematic difference in the angle measured in the two systems; this is the angle of 

rotation between them.  
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Figure-6.18: Example of calculations of angles between the vector running horizontally through the 

reference point (central) and the other registered points. 

 

The rotation is then applied in reverse to the pixel coordinates, so that the spatial 

arrangement matches the stage system. Next, the scale factor that exists between the 

stage system (in μm) and the Fiji system (in pixels) is determined by comparing the 

calculated distance between each reference-registered point pair in each of the two 

coordinate systems. The distances in pixels are then divided by the distance in microns 

to calculate the scale factor. An average for all point pairs is taken to account for any 

small deviations that may exist across the map. 

The positions of the (rotated) registered points in the Fiji system are then scaled to match 

the stage system simply by dividing their pixel values by the scale factor. However, 

these positions are still displaced in X & Y from their locations in the stage system, and 

these ‘offsets’ in X & Y must be calculated. This is because the origin in the Fiji system 

is the top-left of the montage map, while in the stage system the origin is a physical 

location that changes depending on how the TEM grid is loaded.  

For each of the registered points, the rotated & scaled Fiji coordinates are simply 

subtracted from the stage coordinates, resulting in the offsets in both the X and Y 
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directions. If these are applied in reverse to the rotated and scaled Fiji coordinates, they 

will closely match the stage positions as measured in the live TEM imaging session.  

The Matlab script is then able to write entries directly into the SerialEM file that is 

associated with the navigator montage map. Entries are written for each of the 

automatically segmented structures that were approved in the manual review process. 

Once this file is loaded into SerialEM, markers will appear on the montage map at the 

locations of the chosen particles. The user can then simply select one of the tagged 

locations on the montage map to centre the live camera on the feature of interest. The 

magnification can then be increased to one appropriate for tilt-series acquisition (e.g. 

x25,000-50,000). At this stage a final check for suitability is unavoidable, and relates to 

the orientation of the grid in the TEM specimen holder. Depending on the orientation 

of the TEM grid in the specimen holder, the position of the tilt-axis during tilt-series 

acquisition will change. This may cause adjacent features to overlap with, and obscure 

the feature of interest. However, given the manual review process it is likely that most 

accepted locations will not be affected by this as they will be spatially removed from 

any large structures.  

 

6.4 – 2D-TEM Characterisation of GTDI Soot-in-Oil 

Following the development of this semi-automated procedure for TEM imaging, the 

GTDI soot-in-oil sample described in chapters-3 and 5 was screened for structures of 

interest for 3D study. The results of 3D morphological characterisation are presented in 

chapter-8, but here results are also presented for large-scale 2D morphological 

characterisation. By utilising the options for manual selection of nanoparticles during 

the review process, 524 individual soot nanoparticles were characterised in 2D. The 

preparation of TEM grids with this sample had already been carried out according to 

the method described in section-3.5.2. 

6.4.1 – Application of the Automated TEM Procedure to GTDI Soot-in-Oil 

Montage maps were produced for 9 squares of the TEM grid, covering approximately 

4000 μm2 in total. Typical duration for montage acquisition was around 20-40 minutes, 

similar to the time required for acquisition of a 121 image tilt-series. Though ideally 

this process is fully automated, occasional errors occurred in SerialEM relating to the 

positioning of the microscope camera. Essentially, the microscope was not positioned 

where it predicted it ought to be based on the grid-pattern of the montage sequence. This 
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was likely due to difficulties tracking barren areas of the TEM grid, for example large 

holes in the lacey carbon support that can span several microns (see figure-6.19).  

 

Figure-6.19: Low-magnification image (x250) image of entire grid square. Highlighted are large holes 

in the lacey carbon support, measuring approx. 7-8 μm in diameter. It is easy for the GO film to break 

over these large holes, leading to complete lack of structures and therefore difficulty tracking during 

montage acquisition and stitching. 

 

Stitching of montage maps required only a few minutes per montage (< 5 minutes), 

provided the higher level of defocus (-12 μm) was used. Automated image processing 

completed in around 1 minute for a stitched montage comprised of approx. 225 million 

pixels (~15,000 by 15,000 px). The manual review of automatically chosen locations 

required around 1-2 seconds per selection, and so up to several minutes per montage 

map (average of around 150 selections per map).  

From these 9 montage maps, 271 soot nanoparticles were automatically identified. 

However, due to the prevalence of non-soot structures on the grid, this accounted for 

only around 20% of all automated selections (1373 total). However, approx. 60% of all 

automated selections were actually considered acceptable identification of the non-soot 

structures that were visible (e.g. localised amorphous carbon). As such only around 20% 

of the automated selections were genuine false positives, which includes features such 
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as small holes in the lacey carbon support, folds in the graphene oxide film, spurious 

noise, and poor selections of actual deposited material. Examples of true positive and 

false positive selections can be found in figure-6.20, as well as figures 6.16 and 6.17. 

(6.20a) 

(6.20b) 

Figure-6.20: Showing an example of a true-positive selection of a soot nanoparticle (above), a positive 

selection of a non-nanoparticle structure (below – lower), and a false-positive selection of a wrinkle in 

the lacey carbon (below – upper) 
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During the manual review process, the option was taken to improve any inaccurate 

nanoparticle selections, and to identify any nanoparticles that had been completely 

missed by automated segmentation. This lead to the additional selection of 253 

nanoparticles, the vast majority of which were located on the edges of the lacey carbon 

support. Only a very small number were genuine false negatives, in that they were 

located in open sections of graphene oxide and should realistically have been selected. 

 

6.4.2 – Morphological Measurements 

Once nanoparticles selections had been created or updated to acceptable standards they 

were all characterised in terms of their morphology using Fiji. This step is extremely 

efficient and measurements of even hundreds of nanoparticles completes within a 

couple of minutes.  

For this section, nanoparticles were characterised in terms of Feret diameter, radius of 

gyration, and fractal dimension. The radius of gyration was determined using the pixel-

based method according to equation-3.8. The Feret diameter (maximum length of the 

nanoparticle) was determined directly using Fiji. The fractal dimension (Df) was 

determined according to the method described by Koylu et al. [75]. First, the number of 

primary particles (Np) was determined according to equation-3.2, while fractal 

dimension of the sample as a whole was determined according to equation-6.2 below: 

𝑁𝑝 =  𝑘𝑓 (
𝐷𝑔

𝑑𝑝𝑝
⁄ )

𝐷𝑓

 (6.2) 

 

Where Dg is the diameter of gyration, and dpp is the average primary particle diameter. 

The Df is determined from the slope of a log-log plot of Np vs. (Dg/dpp). 

General features of the structures present in the GTDI oil sample have already been 

summarised in chapter-5, section-5.3. As reiterated in this chapter, typical nanoparticles 

were present alongside large quantities of localised amorphous carbon and patches of 

crystalline material. The images obtained during those initial explorations of the sample 

were used to determine primary particle diameter. Though the scale of the montage 

images (x10,000 magnification) is sufficient for whole aggregate sizing, individual 

primary particles are too small for accurate measurements. 
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6.4.3 – Primary Particle Diameter 

The initial step in the 2D characterisation method is the determination of Np according 

to equation-3.2. A mean diameter of 33 nm was determined based on 236 individual 

measurements from 64 images of soot nanoparticles. The primary particle size 

distribution is shown in figure-6.21, with number of bins (= 9) chosen based on 

Freedman-Diaconis criteria [210]. The plot shows a log-normal distribution, with a  

modal interval at 25-30 nm. The minimum diameter measured was 17 nm, while the 

maximum was 58 nm. A wide range in primary particle size has been observed before 

for GDI exhaust soot [86, 87]. 

 

Figure-6.21: Size distribution of primary particle diameters. Modal diameter is between 25-30 nm, and 

mean diameter is 33 nm. 

 

Previously, TEM study of soot-in-oil from a 1.6 L GTDI test engine had been performed 

by members of the Powertrain research group at Nottingham in collaboration with 

researchers from Oxford Brookes University [41]. In that work, soot-in-oil samples 

were collected after 30 hours of testing using a drive cycle to mimic typical urban 

driving environments. Mean primary particle diameter in that study was slightly larger 

at 36 nm, and the range of diameters was also larger at 20-90 nm. Though in that 

previous study primary particle nanostructure included an additional outer-most layer 

comprising around 5 nm of amorphous carbon, this was not typically observed for the 

sample in this work.  
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Differences between the two soot samples may relate to the differences in engine 

operation. For example, the real-world driving that generated the soot in this current 

work will have included cold-starts while the prior study was fully-warm at all times. 

Additionally, while the 1.4 L GTDI engine utilised spray/air-guided fuel injection, the 

1.6 L GTDI engine in the previous work used wall-guided fuel injection, thus leading 

to different charge mixture preparations.  

 

6.4.4 – Aggregate Morphology  

The first consideration was convergence in the mean radius of gyration measurement, 

as the study of over 500 individual nanoparticles represents a relatively large 2D-TEM 

characterisation study.  Previous work by Kondo et al. studying soot from diesel flames 

had suggested that up to 1000 individual aggregates needed to be studied in order to 

have acceptable mean convergence in this parameter (within ±2 nm). Following the 

method used in that work, figure-6.22 shows the mean Rg for the GTDI soot-in-oil 

sample convergences within around 150 individual measurements.  

 

Figure-6.22: Convergence of mean radius of gyration. Dashed lines represents ±2 nm from the final 

mean value.  

 

Though this value is clearly far smaller than the 1000 suggested in the previous study, 

the data plot used in that work to derive the number (“figure-16” in [39]), actually 

shows relatively strong convergence from around 150 measurements. They note that 

incorporation of measurements from a particular area of the TEM grid act to skew the 
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mean towards a larger value. Without inclusion of those results, the number of 

measurements required for convergence seems likely to be much more similar to our 

value. 

Next, comparisons are made to the morphology measured for the GTDI soot-in-oil 

sample studied in the work of La Rocca et al. [41]. The first consideration is the overall 

size of the nanoparticles. In that previous study, around 100 nanoparticles were 

characterised in terms of skeleton length. This is effectively the longest distance that 

can be measured through the branched morphology of a nanoparticle, staying roughly 

equidistant to the edges of the structure. As such, the skeleton length should  be expected 

to almost always be greater than the Feret diameter, which only measures a straight line 

between the furthest points of the structure. How much greater depends on how 

complicated the fractal-like morphology of the nanoparticles is. An example can be 

observed in “figure-3” of La Rocca’s earlier work on diesel soot-in-oil nanoparticles 

[70], where skeleton length is over 50% larger than a simple length measurement. 

The Feret diameter distribution for the GTDI soot-in-oil sample in this work is shown 

in figure-6.23. This plot shows an approximately log-normal distribution, with a  

modal interval at 107-124 nm, and a mean Feret diameter of 118 nm. The minimum 

Feret diameter was 53 nm, while the largest was 342 nm. In the study of La Rocca et 

al., mean skeleton length was 153 nm, while the modal interval was around 120 nm. 

The maximum skeleton length was 405 nm, while the minimum was 53 nm. 

 

Figure-6.23: Distribution of Feret diameter measured in the GTDI soot-in-oil sample. The modal 

interval is at 107-124 nm.  
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Despite the fact that skeleton length measurements of aggregates are inherently larger 

than Feret diameter measurements, the modal values in both this study and that of La 

Rocca et al. are very similar at around 120 nm. In contrast, the mean value of skeleton 

length is significantly larger than the Feret diameter. This reflects that overall larger 

measurements were observed in the previous study (405 nm vs. 342 nm in this work), 

causing a right-skew to that data. Though the relationship between Feret diameter and 

skeleton length strongly depends on the fractal nature of each nanoparticle, the fact 

that modal values are overall fairly similar is perhaps indicative that aggregates in this 

work tend to be at least slightly larger on average.  

The final comparison was in terms of fractal dimension. In this work a commonly 

used ‘ensemble’ style method was used, rather than a composite of individual 

measurements. As described the fractal dimension was determined from the slope of a 

log-log plot of Np vs. (Dg/dpp) shown in figure-6.24, and provided a value of 1.73. By 

comparison, the GTDI soot-in-oil nanoparticles studied by La Rocca et al. were 

associated with an average fractal dimension of 1.44. This suggested that the 

nanoparticles in that study tended to be more branched and open in their structure, 

while those in this study are relatively more clustered.  

 

Figure-6.24: Log-log plot for calculation of fractal dimension via the slope. R-square 

= 0.8921.  
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6.5 – Conclusions 

The work included in this chapter was performed in order to improve throughput of ET 

for 3D soot morphology characterisation. In the early work using ET to study a flame-

generated soot nanoparticle (chapter-4), stages of the reconstruction process were 

identified for optimisation. When the ET technique was applied to study a GTDI soot-

in-oil sample in chapter-5, it became apparent that significant improvements could also 

be made during the TEM image acquisition stage. Constraints on suitability for particles 

arise due to the necessity of tilting the TEM grid, and needing to align the tilt-series 

using gold nanoparticles. Populating TEM grids with ideal concentrations of soot can 

be difficult for GTDI soot-in-oil; mineral oil is a strong contaminant in TEM and must 

be removed with solvent dilution, but soot concentration can be very low (e.g. 0.6%). 

High dilution leaves very little soot in the suspension, but lower dilution results in oil 

contamination. The result is fairly sparsely populated TEM grids and, since soot is so 

small compared to the size of the grids, long durations searching for particles suitable 

for 3D study.  

A plan was devised to use automation via SerialEM to improve efficiency of TEM 

imaging. Large areas of the TEM grid can be screened with minimal manual 

involvement. Large scale maps are produced of the grid, and automated image 

processing is used to identify structures on the grid. Constraints in size and shape are 

used to remove selections of most non-soot structures, but is somewhat unavoidable for 

GTDI soot-in-oil due to their high abundance (e.g. amorphous carbon, crystalline 

material, and general debris). A manual ‘review’ process was included to ensure 

removal of any false positives, and suitability for tilt-series acquisition. Options were 

also included to manually improve inaccurate automated selections, and identify 

nanoparticles that were completely unselected. These optional steps could be used to 

facilitate rapid 2D characterisation of nanoparticles. 

By utilising these options, a total of 524 individual nanoparticles were characterised in 

2D. The number of individual nanoparticle measurements required for mean 

convergence in radius of gyration was around 150, compared with 1000 in a prior study 

of diesel flame-soot [39]. Primary particle measurements showed an average diameter 

of 33 nm, and log-normal distribution. Compared with prior study of GTDI soot-in-oil 

nanoparticles by La Rocca et al. [41], this sample showed slightly smaller average 

diameter (cf. 36 nm) and a smaller range of values. The modal value of overall particle 

length (Feret diameter) was around 115 nm, compared with around 120 nm in the prior 

study. However, differences in measurement technique indicate that nanoparticles in the 
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sample are likely to be at least slightly larger on average. Average fractal dimension of 

nanoparticles in this sample was determined as 1.73, compared with 1.44 in the previous 

work. This suggests that while nanoparticles in this study tend to be larger, they also 

tend to be more clustered in their structure.   
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7 - Assessing the Accuracy of Electron Tomography for 

Soot 

The work included in this chapter describes assessment of the accuracy of 3D volume 

reconstruction via ET in Etomo. For this assessment, computational voxel-based models 

of soot-like aggregates were developed to act as ground truth, i.e. their 3D morphology 

is known exactly. A simple sphere model is also used as ground truth for consideration 

of the effect of shape on the propagation of reconstruction errors. From 13 total soot-

like aggregate models, TEM-style tilt-series are produced and subjected to the full ET 

procedure developed in chapter-5. The morphology of post-reconstruction models are 

then compared to the originals to determine absolute accuracy of different ET 

procedures. Efforts are made to reflect typical soot-in-oil morphology and appearance 

in TEM images, so that propagation of reconstruction errors and artefacts are as realistic 

as possible. The results of this work indicated that tilt-series created over a ±80° tilt-

range observed practically no elongation (<1%) due to the missing wedge. By 

comparison, ±60° tilt-series observed only minor elongation (3-4%), with practically no 

differences between tilt-series with 1° increments and 3° increments between images. 

A simple sphere model was elongated by around 10% when reconstructed from a +60° 

tilt-series. While reconstructions from ±80° tilt-series lead to a slight underestimation 

of the true particle bulk, reconstruction from ±60° tilt-series lead to a slight 

overestimation; overall accuracy for the two methods was similar. Reconstruction from 

±60° tilt-series with 3° increments (referred to as ±60_3°) was overall highly accurate 

for soot-like aggregates, resulting in deviations from ground truth values for volume, 

surface area, radius of gyration, 3D-circularity, and fractal dimension of <3%. Analysis 

of the effect of interpolation in manual segmentation was inconclusive due to inherent 

differences between appearance of real aggregates and simulated aggregates.  

The work included in this chapter is adapted from a recently published SAE Technical 

Paper, which was also presented at the 2019 SAE World Congress in Detroit: 

Haffner-Staton E., La Rocca A., Cairns A., Mcghee M., Fay M. Assessing the Accuracy 

of Soot Nanoparticle Morphology Measurements Using Three-Dimensional Electron 

Tomography. SAE Technical Paper; 2019. Report No.: 0148-7191. 
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7.1 - Introduction 

Chapter-4 tested a basic methodology of ET for soot, and explored a possible important 

source of error in typical 2D soot characterisation relating to the orientations of 

nanoparticles in TEM. The chapters that followed started a process of optimisation of 

TEM imaging ET reconstruction for soot, in order to begin close the gap in usability to 

the current state-of-the-art method, 2D-TEM. In chapter-5, the choice of reconstruction 

algorithm, conformation of the tilt-series, and use of linear interpolation in manual 

segmentation was refined, resulting in an almost 70% reduction in time required in 

comparison to a typical ET procedure from the literature. In that chapter, optimisation 

was considered in terms of speed and quality of the reconstruction. While speed was 

straightforward to assess, the quality of tomographic reconstruction was only 

established on a relative basis. That is to say, accuracy of different ET procedures was 

determined by considering whether their results were similar or dissimilar. Guidance in 

terms of overall accuracy came only from knowledge that certain methods are 

fundamentally more accurate than others, for example SIRT with high iterations > SIRT 

with low iterations, and more complete tilt-series > reduced tilt-series. Absolute 

accuracy could not be confirmed as so-called ground truth morphological data for real 

soot nanoparticles does not exist.  

The major source of error in ET is the missing wedge, which results from limitations of 

the equipment used for high-tilt imaging. Though in theory typical equipment can tilt 

specimens over a ±80° range, in practice slight mechanical imperfections limit the 

accessible range to ±60° (see section-3.3.2 of chapter 3 for more details). 

The missing wedge error originates from the violation of the underlying Fourier Slice 

Theorem, that states that tomographic reconstruction requires all possible 2D 

projections to recreate the 3D object [166]. Obviously, a ±60° tilt-series does not 

represent a full set of projections. This means that there is a lack of projection data of 

the particle taken from directions predominantly perpendicular to the TEM support film 

on which the particle is deposited (designated as the Z-direction). Missing information 

in the reconstruction causes blurring of the particle matter, which occurs in the direct of 

the missing wedge. This can cause elongation of the reconstructed object, and a 

deviation from the true morphology. The extent of this elongation in single-axis 

tomographic reconstruction is in theory described by Radermacher’s equation-7.1 

[231], which provides a value of 1.55 for a single-axis ±60° tilt (55% stretch). However, 

other authors have established that the morphology of the structure (and its appearance 

in the TEM images) also influences the extent of the missing wedge artefacts [232]. 
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With this well-known source of error in mind, and given that the fundamental purpose 

of this project is to improve characterisation accuracy vs. 2D-TEM, determination of 

the accuracy of ET is of great importance. 

𝑒𝑥𝑧 =  √
𝛼 + sin(𝛼) cos (𝛼)

𝛼 − sin (𝛼)cos (𝛼)
 (7.1) 

 

The established practice for determining accuracy of a tomographic method is to create 

a ground truth (GT) data set [233, 234]. In tomography, GT is an object for which 3D 

morphology is exactly known. The object is then subjected to the tomographic method 

and the morphology of the resulting model is compared to that of the original.  

Of course, tomography is widely used in many fields and ET is not the only variation. 

Tomographic reconstructions can be carried out using many different forms of 

electromagnetic radiation and particles as the transmitting medium. As such, it can be 

applied to samples made of many different materials, and of different shapes and sizes. 

For example, X-ray micro-CT (computerized tomography) has been used to study root 

structures of plants in vivo [235, 236], whilst positron emission tomography is used in 

oncology for the imaging of tumours [237, 238]. In the study of soot we employ 

electrons because of the need for extremely high resolution, and the fact that soot is 

semi-transparent to electrons. Depending on the field of study ground-truth data can 

take various forms, though ideally should always closely represent the structures 

typically measured. This is to ensure that reconstruction artefacts propagate as 

realistically as possible given that they depend upon the structure studied [232].  

In some areas, the size and nature of the structures studied mean that physical objects 

can be used as ground truth data. For example in their study of periodontal conditions 

via X-ray CT, Mol et al. used the locations of physical sites on dry skulls as ground-

truth [239]. In the study of plant root structures, different authors have used real root 

systems removed from soil as GT, by physically measuring their morphology with tools 

such as high-precision callipers [235, 240]. In that same field of research, ground truth 

has been created in the form of physical ‘phantoms’, which are structures of known 

morphology and appearance in X-ray CT created by the user. Perret et al. created a 

phantom consisting of plastic tubing filled with soil, sand, and various objects such as 

blocks of wood and plastic tubing [241].  

In many situations, such as our own, this is clearly not possible and GT tends to be 

created computationally [37, 195, 235, 242, 243]. It is common for simplified structures 
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to be used as model systems due to difficulties associated with the creation of synthetic 

data-sets. For example, Okyay’s SEM tomography study of soot used a simple sphere 

model, and observed no elongation for a ±80° reconstruction [37]. However, it is also 

accepted that the shape of the structure to be reconstructed has a defining effect on the 

extent of elongation observed [232], so the relevance may be limited. As such, some 

authors choose to create more realistic structures, to better represent the errors that will 

occur with real data sets. For example, in their study on the evaluation of root 

segmentation  procedures for X-ray CT data, Mairhofer et al. opted for GT in the form 

of models with conical shapes, as they were considered the most basic structural unit of 

real roots [235]. In their study of positron emission tomography, Hatt et al. developed 

ground truth data based on real segmentation of patient data, re-applying artificial 

reconstruction to a segmented volume model [238]. Hamarneh et al. developed a 

method for producing ground truth in the form of artificial vascular networks, in order 

to facilitate easier segmentation validation and training in real medical applications 

[244]. This serves as only a small sample of the various schemes for validation and 

development of GT in some diverse fields. The concepts discussed are generally 

applicable to our own area despite the significant fundamental differences. Based on 

these examples it was decided that a simple aggregation model would be used to create 

soot-like 3D models to act as ground truth for validation of our ET methodology.   

 

7.2 – Soot-like Aggregate Models: Ground Truth 

Using the image processing software Fiji [180], 13 models were created to represent 

small soot nanoparticles similar to those seen in the GTDI soot-in-oil sample described 

earlier. The models were made from attaching between 10 and 30 spheres (representing 

primary particles) that were 100 pixels in diameter. If real primary particles are usually 

around 30 nm in diameter, the size of these spheres represents a scale of roughly 0.30 

nm pixel-1, which is towards the highest resolution of real tilt-series we have acquired 

experimentally (approx. x40,000 magnification). The aggregation algorithm was not 

intended to mimic real GTDI soot-in-oil formation to a quantitative degree. Detailed 

information on this process does not yet exist in the literature for the specific case of 

GTDI soot-in-oil, and its implementation would be non-trivial and beyond the scope of 

this work even if it did. Instead, the aim of the simple aggregation model was merely to 

produce structures that qualitatively represented soot-in-oil nanoparticle morphology. 

In order to establish any differences in propagation of missing-wedge errors for objects 
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of different morphology, a simple sphere model was also created (similar to that in 

Okyay’s study [37]) to act as ground truth.  

The procedure for aggregate simulation is summarized as follows:  

- A single sphere is positioned at the centre of an empty 3D volume 

- A second sphere is attached to the first in a random position in XYZ, with the 

size of the intersection between them within predefined limits of overlap (set as 

10-20%) 

- One of the existing spheres in the structure is randomly chosen to act as the seed 

for an additional sphere attachment 

- The incoming sphere is attached to seed sphere, again in a random XYZ 

orientation within the overlap limits 

- This process is repeated until the desired number of spheres comprise the 

aggregate model 

o If the same spheres are chosen as a seed multiple times it results in a 

more clustered structure. Branched structures resulted from attachment 

away from the central spheres. 

This procedure created models in the form of a binary 8-bit *.tiff image stack. All white 

pixels correspond to the model, while black pixels represent background only. The true 

values of all morphological parameters (surface area, volume, etc.) can easily be 

measured in Fiji as described in section-3.6.2. These measurements are henceforth 

referred to as ‘ground truth’ or ‘true’ values. Figure-7.1 provides an example of 5 of the 

simulated soot models, rendered using UCSF Chimera [211]. Also created was a simple 

model of a single sphere, similar to that used in other tomography studies [37]. 

Original models are then subjected to a realistic tomographic reconstruction procedure 

in order to evaluate the extent and propagation of errors in 3D-TEM. Firstly, a TEM-

style tilt-series of 2D projections must be created to mimic the real reconstruction 

process. Not only must the set of 2D projections be created, but the images of this 

pseudo-tilt-series must also fulfil the projection requirement (see experimental chapter 

section 3.3.1 for more details). The density of the simulated aggregates in the 2D 

projections must be directly related to their grey-levels/colour values. This was achieved 

using the ‘Volume Viewer’ plugin for Fiji. This plugin allows the user to represent a 3D 

volume in 2-dimensions from a chosen viewing angle, and also allows for alteration of 

the contrast and transparency of the projections to replicate real TEM images and adhere 

to the projection requirement for tomography. Tilt-series were created over a ±80° tilt 

range in 1° increments, with the particles in random orientations. The raw-output of this 
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process is shown in figure-7.2. Next, images are inverted and contrast is altered so that 

grey-levels in these simulated tilt-series match those seen in real TEM images of soot. 

Average values for the graphene oxide (GO) film, and single/layered primary particles 

on GO were measured in real TEM images of a variety of soot samples. An example of 

grey-levels in an 8-bit TEM image of soot on graphene oxide is given in figure-7.3. 

 

Figure-7.1: Example 3D renders of simulated soot-like aggregates, produced using UCSF Chimera 

 

 

Figure-7.2: Raw output of Volume Viewer plugin for Fiji. Showing simulated 2D projections of 

aggregate model at -80°, 0°, +80° (left to right) 
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Figure-7.3: Example of average grey-level values of pixels in ROI selections of soot nanoparticle and 

graphene oxide support film in standard TEM image (8-bit image). 

 

Next, TEM stylings were applied to the tilt-series to appear similar to the quality present 

in real TEM images. This is an important factor for accurately representing real 

reconstruction errors. An example of a methodology for the simulation of real TEM 

image appearance on a synthetic tilt-series is found in the work of Friedrich et al. [195]. 

In that work, the authors considered the aberrations of BF-TEM imaging to estimate the 

point-spread function (i.e. blurring) they should apply to their models of spheres in the 

form of a Gaussian blur. 

In this work, the specified noise plugin in Fiji was used to add random noise according 

to a Gaussian distribution. The application of noise is highly qualitative as  perfect 

resolution images of soot do not exist, so it is impossible to quantify the true signal to 

noise ratio (SNR). The level of random noise added was a trial-and-error process to 

qualitatively match that seen in real images.  

A degree of blurring was added to simulate the decreased resolution seen in real TEM 

images of soot due to the PSF, similar to that performed by Friedrich [195]. This was 
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achieved using a Gaussian blur operation, which replaces the grey-level of each pixel 

with a value determined from the surrounding pixels in a 3x3 grid. The effect of this 

process is perhaps underwhelming visually, but this relates to the fact that the structures 

are aggregates of perfect spheres so even with application of blurring still appear quite 

precisely defined. Examples of tilt-series style images are shown in figure-7.4. 

  

(7.4a) 

 

(7.4b) 

Figure-7.4: (a) Showing 5 images from a simulated tilt-series, after processing to match appearance of 

real soot TEM images (addition of noise and blurring). (b) A single projection is shown in greater 

resolution. 

 

At this point, three variations of each tilt-series were made for each model: the full ±80° 

tilt-series (161 images), a ±60° tilt-series (121 images), and a ±60° tilt-series with 3° 

increments (41 images; henceforth referred to as ±60_3°). Respectively, these represent 
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the maximum tilt-series that can be reconstructed with the Etomo (±80°), the largest tilt 

range that can routinely be recorded experimentally with TEM (±60°), and a reduced 

tilt-series as per the results of optimisation in chapter-5 (±60_3°).  

For each of the 13 aggregate models, the 3 different tilt-series were reconstructed to 

produce a total of 39 tomograms. Reconstructions were performed using Etomo [176], 

utilizing the weighted back-projection (WBP) algorithm. Reconstruction of the full 

±80° tilt-series took around 1 minute to complete (30-50 MB tilt-series file), ±60° tilt-

series around 30 seconds (20-40 MB), and ±60_3° around 10 seconds (5-15 MB). 

Reconstructions were all performed on a Lenovo PC with a 3.50 GHz Intel Xeon E5‐

1620v3 processor (8 CPUs) and 32 GB RAM, using a 64‐bit version of Windows 10. 

 

7.2.1 – Methodology for Accuracy Analysis  

In each of the 39 tomograms, the maximum length of the particle in the Z-direction was 

determined. In theory this would reveal the extent of any elongation that is caused by 

the missing wedge and should increase in the order ±80° < ±60° ≤ ±60_3°. The Z-length 

can be measured without fully segmenting the tomogram, simply by scrolling through 

the XY-plane slices and determining where the particle starts and ends. Care was taken 

so that this measurement was performed without any prior referral to true value in the 

original models, so as to reduce risk of biased selections.  

For the 13 aggregate models, only the ±60_3° tomograms were fully segmented so as 

to produce particle models. Segmentation was performed via a process that employed 

use of manual selections and linear interpolation to varying degrees, similar to that used 

in chapter-5 (only not including the 15th slice level). For each aggregate model, 4 

reconstructed particles resulted from the use of interpolation at the 20th slice, 10th slice, 

and 5th slice level, as well as a full manual segmentation. Example images from 

simulated soot tomograms, and images from a real soot tomogram are shown in figure-

7.5. 
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(7.5a) 

 

(7.5b) 

Figure-7.5: (a) Several slices from the real FG soot tomogram (arranged side-by-side). (b) Several slices 

from the tomogram for a simulated soot nanoparticle. 

 

For 2 models only, the ±80° tomograms were fully segmented (all others were used only 

to determine maximum Z-length of the particles). This represents the most complete 

tilt-series reconstruction that could be performed with Etomo, and is a larger tilt-range 

than is likely to be possible experimentally. The tomogram is created from the greatest 

amount of 2D data, and should therefore be the highest quality of the three 

reconstructions produced for each aggregate model.  

Morphological characterisation of all the original and reconstructed particle models was 

carried out using Fiji and the BoneJ plugin [201], as in the earlier chapters. The 

parameters measured were volume, surface area, radius of gyration, fractal dimension, 

and 3D-circularity. For the surface area measurement, a resampling factor of 6 was 

deemed suitable based on the ‘primary particle’ diameter of 100 pixels (as per the 

calibration performed in the appendix section-A.2). Again, Lottin’s methodology was 

used to determine the minimum and maximum box-sizes for calculating Df via the 

Minkowski-Bouligand method [156].  

For the model of a single sphere, the same 3 tilt-series were created and for each the Z-

elongation only was determined.  
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7.3 – Accuracy Assessment of ET: Results 

In this work, 13 simulated soot-like aggregate models were created to act as ground 

truth for assessing the accuracy of an optimized 3D-TEM procedure. The 3D 

morphology is known exactly for the original models, and is compared to results 

produced after simulated 2D-projections of the models are subjected to a realistic 

tomographic reconstruction procedure. The efforts taken to reflect genuine soot 

morphology and real tomographic reconstruction were made given that it is known, but 

not robustly described, that deviation from the true structure occurs during 

reconstruction and that it depends upon the morphology of the structure in question. For 

comparison, a simple sphere model was also created and reconstructed. 

 

7.3.1 - Missing Wedge Z-elongation 

The 13 aggregates models (and the simple sphere model) were reconstructed using three 

different tilt-series: ±80°, ±60°, and ±60° with 3° tilt-increment. In theory, larger tilt-

range and greater number of images should result in a less elongated, more accurate 

tomogram. The tilt-series were positioned so that Z-depth in the tomogram matched that 

in the original models. As such, it was possible to quickly measure total Z-length of the 

particle in the tomogram by simply finding the first and last slices where particle matter 

appears. See figure-7.5 for examples of tomogram images.  All selections were made 

manually, and without prior referral to the ground truth value to limit biased selections. 

Average results for the aggregate models are shown in table-7.1.  

 

 Tilt-

Series 

Z-elongation % Z-elongation No. 

slices 

Standard 

Deviation 

Aggregate 

Models 

±80° 0.4 % 1.3 0.5 % 

±60° 4.0 % 12.8 1 % 

±60_3° 3.5 % 11.5 0.8 % 

Sphere 

Model 

±80° 0.0 % 0 

N/A ±60° 10.6 % 16 

±60_3° 9.9 % 15 

 

Table-7.1: Length in Z-direction of post-reconstructed soot-like aggregates in comparison to original 

models. Average over 13 models is presented alongside results for sphere model. 
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For the ±80° tilt-series, the largest tilt-range than can be reconstructed with Etomo, 

elongation was marginal. Only 2 of the models showed elongation by more than a single 

slice (equivalent to ~0.3nm in the simulated scale), and on average elongation was 0.4% 

of the original ground truth Z-length. For ±60° tilt-series reconstruction, elongation was 

more pronounced at an average of 4.0% longer in Z than the original model. For the 

±60_3° tilt-series, average elongation was marginally less than was seen for ±60° 

reconstructions, at 3.5% longer vs ground truth. Though this was consistent for most of 

the models (7 out of the 13) the difference vs the ±60° method is small in absolute terms, 

and the standard deviations overlap significantly. For the sphere model, the ±80° sphere 

reconstruction showed no elongation at all in agreement with the work done by Okyay 

[37]. The ±60° and ±60_3° methods saw greater elongation of the sphere than for the 

aggregate models. Again, the ±60_3° method observed marginally less elongation. 

Propagation of missing wedge elongation due to particle shape is discussed detail in 

appendix section-A.1  

These results show that elongation of soot tomograms due to the missing wedge is small, 

and much less than predicted by Radermacher’s equation [231]. When converted to 

approximated real size using 1 pixel = 0.3 nm, typical elongation for reconstructions of 

±60° or ±60_3° tilt-series is around 3-4 nm for a soot aggregate. The comparison of the 

aggregate model and the simple sphere appears to demonstrate the effect of the shape 

of the object on the extent of elongation. The appendix section-A.1 considering the FFTs 

of 2D objects also observed the effect of shape, particularly in respect to the missing 

wedge direction, on the extent of missing wedge elongation. The sphere model presents 

a larger, smoother, and less complex surface in the direction of the missing wedge, and 

as such the blurring and associated elongation is more significant. This elongation is 

visualised in figure-7.6. 

 

Figure-7.6: Result of ±60_3° reconstruction of sphere model, rendered using Fiji 3D viewer plugin. 

Missing wedge elongation propagates in the Z direction, resulting in alterations of morphology. Ridges 

in the model structure show locations of manual segmentations, as interpolation was used. From left to 

right, showing the XY, XZ, and YZ planes. 
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7.3.2 - Comparison of the ±80° and ±60_3° methods 

For 2 of the soot-like models (named Random6 & Random9), the ±80° tomograms were 

fully segmented. Previously, only the Z-lengths of the particles were measured from 

these tomograms. Following full manual segmentation, the morphology of the 

reconstructed models was compared to that of the originals. The deviations between 

reconstructed and original morphologies are presented in table-7.2, as percentages of 

the original morphological values.  

  % Deviations vs. Ground Truth 

  Volume Surface 

Area 

Radius of 

Gyration 

Fractal 

Dimension 

3D-

Circulairty 

Z-

depth 

Random6 ±80° -0.9 % -1.2 % -0.3 % -0.5 % 0.9 % 0.4 % 

±60_3° 2.0 % 0.8 % 0.2 % -1.0 % 0.9 % 4.5 % 

Random9 ±80° -1.1 % -2.0% -0.3 % 0.0 % 2.1 % 0.3 % 

±60_3° 2.3 % -0.4 % 0.1 % -1.0 % 2.9 % 4.6 % 

 

Table-7.2: Comparison of the accuracy of the ±80° and ±60_3° reconstructions of two aggregate models 

in comparison to GT (morphology of original models) 

 

For both ±80° reconstructions, the measurements of volume, surface area, and radius of 

gyration are marginally underestimated in comparison to the ground-truth values. This 

underestimation is more pronounced in surface area, leading to slight increases in 3D-

circularity values for both models vs GT, indicating that the shape of the model differs 

slightly. In comparison to ±80° reconstruction, the ±60_3° method results in an increase 

in the absolute values of volume and surface area by area 2-3%, and in radius of gyration 

by around 0.5%. Despite causing a relative increase in the measured bulk of the particles 

(volume and surface area), the fact that the magnitude of the increase is small and that 

±80° results are inherently underestimated means that ±60_3° reconstruction is similarly 

(and highly) accurate in comparison to GT. The magnitude of the difference between 

the ground truth morphology and ±60_3° reconstructed morphology is very similar to 

that resulting from multiple manual segmentations of the FG soot tomogram. For the 

simulated aggregates at least, the effect of reducing tilt-series from 161 images over 

±80° to 41 images over ±60° appears to be no greater than variability arising from 

manual segmentation of the tomograms.  
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7.3.3 - ±60_3° Reconstruction: Full Morphological Analysis 

In chapter-5, the ±60_3° tilt-series configuration was found to be the optimum choice 

in terms of speed and quality. In terms of accuracy it had been found that overall tilt-

range was more important than total number of images, and that 3° increments 

significantly reduced potential beam exposure whilst having no significant negative 

effect on tomogram quality. However, ‘acceptable’ quality in that work was defined as 

providing results similar to those of ±60° reconstruction, which in theory should be 

more accurate. In the current work, we are able to compare results of ±60_3° 

reconstruction directly to the ground-truth values, and can provide a definitive answer 

on the quality of this protocol. This section focuses on morphology resulting from full 

manual segmentation of the tomograms (effect of interpolation is assessed in the 

following section). Results are shown in table-7.3, and figure-7.7 shows a visual 

comparison of an original simulated soot model, and the same model after ±60_3° 

reconstruction has been performed.  

These results show that the reconstruction of the simulated soot-like models created for 

this investigation via the ±60_3° methodology is generally excellent. Important and 

descriptive morphological parameters show only minor deviations from ground-truth 

values on average, and even maximum deviations are well within 10%. All values of 

volume were seen to be overestimated in comparison to ground truth, whereas surface 

area was split almost evenly between under- and over-estimation. Deviation in radius 

of gyration were generally marginal at most. 3D-circularity is used to describe the shape 

of the particles, as it involves a ratio of volume to surface area. Deviations in 3D-

circularity were predominantly increases in comparison to ground truth values. As 3D-

circularity moves towards a value of 1 for more spherical/clustered objects, this 

indicates a change in the shape of reconstructed particles such that they are slightly 

bulkier and/or possess less rugged edges (increased volume, decreased surface area). 

There were no clear trends that linked the magnitude of deviations in 3D-circularity 

with any other morphological parameter (e.g. volume, surface area, radius of gyration, 

Z-length, absolute 3D-circularity, size, etc.). On average, deviations in fractal 

dimension vs ground truth were marginal. As has already been described, the ±60_3° 

reconstruction resulted in an average Z-elongation of 3.5%. As this effect only 

propagates over the very tips of the particle structure in the Z-direction (see appendix 

section-A.1) rather than over the whole structure evenly, this parameter showed the 

largest deviation vs GT values.  
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 Volume Surface 

Area 

Radius of 

Gyration 

Fractal 

Dimension 

3D-

Circularity 

Z-

depth 

Mean % Deviation 

from GT 
2.0 % -0.1 % 0.2 % -0.7 % 2.3 % 3.5 % 

 

Standard Dev. 1.7 % 1.7 % 0.2 % 1.4 % 2.4 % 0.8 % 

 

Table-7.3: Accuracy of ±60_3° reconstructions averaged over all 13 models, in comparison to GT 

morphology 

(7.7a) 

(7.7b) 

Figure-7.7: A comparison of the original (left) and post-reconstructed (right) model of a soot-like 

aggregate. (a) shows the XY plane, (b) shows the XZ plane.  
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If it can be accepted that the simulated soot nanoparticle reconstruction demonstrated 

in this work is a realistic representation of both genuine soot structures and 

reconstruction artefacts and errors, then this data shows that our optimised 3D-TEM 

procedure can produce highly accurate morphological measurements. This is potentially 

a very important point of emphasis for 3D-TEM, as there can now be confidence in 

saying that deviations between 2D and 3D soot characterisations is due to inaccuracies 

of 2D-TEM alone, rather than artefacts of 3D reconstruction.  

 

7.3.4 - Effect of Interpolation on Segmentation 

It was seen in chapter-5 that the use of interpolation in segmentation could greatly 

improve the speed of 3D-TEM characterisation, though can result in significant 

decreases in particle volume and surface area that greatly affect the accuracy of the 

model. The optimal method was 5th slice interpolation, which on average required 40% 

less time than full manual segmentation, but was associated with average decreases in 

volume and surface area of 3.4 and 3.9% respectively. In the current work, the accuracy 

of interpolated results can be quantified in comparison to the ground truth values. The 

average deviations for the different levels of interpolation in comparison to GT values 

are shown below in table-7.4. 

Overall, these results suggest that all levels of interpolation resulted in accurate 

morphology in comparison to the original models. The 3D-circularity parameter is the 

useful for highlighting changes in shape, as it amplifies situations  where, for example, 

volume is accurate but surface area is not. With this in mind, even the 20th slice 

interpolation is only slightly outside the size of deviation that was observed for repeated 

manual segmentation of the FG-WBP tomogram (3.8%) (chapter-5, section-5.6.1).  

 Average deviation % vs Ground Truth 

Interpolation level Volume Surface 

Area 

Radius of 

Gyration 

Fractal 

Dimension 

3D-

Circularity 

None (full manual) 2.0  -0.1 0.2 -0.7 2.3 

5th Slice 2.3 0.2 0.2 -0.8 -2.0 

10th Slice 2.5 -0.3 0.1 -0.6 2.9 

20th Slice 1.5 -2.5 -0.3 -0.2 5.5 

 

Table-7.4: Accuracy of reconstructions of aggregate models performed using various level of interpolation 

in tomogram segmentation. Results are presented as percentage deviation vs. GT morphology, and are 

averaged over the 13 models.  
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These results stand in stark contrast to the study of real soot tomograms in chapter-5, 

where above the 5th slice interpolation level significant deviations were observed. As 

was discussed in chapter-5, the errors that result from interpolation are due to 

simplification of the irregularities of the soot structure. When there is a greater degree 

of manual input, interpolation only occurs across relatively small distances and the 

surface irregularities are less likely to be simplified or missed. When interpolation is 

used to a greater extent, important features of the surface may be missed by manual 

segmentation, and there not accounted for by interpolation. In this regard, the much 

higher accuracy of the 10th and 20th slice interpolation levels may be due to the lack of 

surface irregularities on the simulated aggregate models.  

Real soot nanoparticles are formed from primary particles that are not perfectly 

spherical, and are poly-disperse in size. Additionally, real soot does not always appear 

to be formed explicitly from discrete primary particles. By contrast, the simulated 

aggregates are formed from perfectly smooth spheres, and surface irregularities only 

occur at the junction of these spheres. In real soot aggregates, irregularities can also 

occur below the size of primary particle due to non-spherical shape and irregular 

attachments between primary particles. The higher levels of interpolation perform better 

for the aggregate models because, simply put, there are fewer irregularities to be missed 

by between the manual segmentations.  

As such, despite the efforts made to accurately reflect real soot structure, lack of 

irregularities on the sub-primary particle scale mean that this is not a complete test of 

the accuracy of interpolated segmentation. In future, simulation of aggregates could 

include some factors to introduce poly-dispersity of primary particle size and other 

sources of surface irregularity into their morphology. 

As we have observed the effects of the missing wedge to be more prominent for 

smoother surfaces, it is not expected that the lack of irregularity in the simulated 

nanoparticles to affect the validity of the results in the previous sections. If anything, 

the smooth surfaces of the simulated aggregates may expose the reconstructions to a 

stronger degree of missing wedge artefacts.  
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7.4 - Conclusions 

This work highlights that 3D-TEM is a new high-fidelity tool for soot nanoparticle 

characterisation, which is able to overcome the limitations of more traditional 2D-TEM 

methods. It permits direct measurement of morphological parameters such as volume, 

surface area, and radius of gyration of 3-dimensional soot structures, without the 

significant errors associated with orientation uncertainty and empirical correction 

factors of 2D-TEM. The optimized reconstruction procedure described in this and a 

previous paper [245] greatly improves the speed of 3D-TEM, allowing for its use for 

high-throughput soot characterisation, and has now been shown to produce highly 

accurate 3D volume reconstructions. In particular, the work carried out on the simulated 

soot nanoparticles has led to the following conclusions: 

 Propagation of missing wedge elongation in simple sphere models is not 

equivalent to that in soot-like models 

 ±80° reconstruction results in marginal elongation only (<1%) 

 ±60° and ±60_3° reconstruction result in minor elongation only (3-4%) 

 In comparison to ±80° reconstruction, ±60_3° method causes increase to bulk 

of the particle (surface area and volume) though inherent underestimation at 

±80° means both methods are similarly accurate 

 ±60_3° reconstruction (full manual segmentation) in general is highly accurate, 

with average values of volume, surface area, radius of gyration, fractal 

dimension and 3D-circularity all within 3% of ground truth values 

  Use of interpolation at 5th, 10th, and 20th slice levels is similarly accurate to full 

manual segmentation, in contrast to results in chapter-5 

o Likely due to lack of sub-primary particle irregularities in the aggregate 

models. This should be corrected if it is to be assessed again in the 

future.  
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8 – 2D and 3D Morphological Characterisation of GTDI 

Soot-in-Oil 

In this chapter, the automated TEM imaging method developed in chapter-6 is utilised 

to facilitate the 3D reconstruction of 34 nanoparticles from the GTDI oil sample – the 

most extensive 3D study of a soot-in-oil sample to date. Over a TEM grid, approx. 4000 

μm2 was screened for particles, equivalent to around 9 grid squares. From a pool of 271 

possible locations, 28 nanoparticles were chosen for 3D study (in addition to the 6 

studied in chapter-5). Due to the limited number studied (due to time and cost 

constraints), they were chosen to represent the extremes of morphology observed in the 

sample so as to highlight benefits of the 3D method. A comparison was made between 

the 2D- and 3D-derived morphology measurements for a range of parameters. The mean 

2D-3D discrepancy is significant for volume, surface area, and circularity 

measurements (~20-35%), and subject to significant variation across the 34 

nanoparticles (up to 84% in surface area). No obvious correlations are observed between 

morphology of nanoparticles and relative accuracy of the 2D method, though smaller 

nanoparticles showed slight tendency towards more accurate 2D-volume 

measurements. Measurements of fractal dimension showed moderate 2D-3D 

discrepancy (14%) and relatively little variability of the 34 nanoparticles. Finally, radius 

of gyration as calculated via a pixel/voxel based method was on average highly similar 

when calculated in 2D, with only 1.2% difference vs. 3D-derived results.  

In terms of qualitative analysis, the 3D models were also useful for observation of 

morphological features that could not be made using 2D TEM alone. Distinctly 3-

dimensional structures and features such as cavities and arches were observed, and 

discussion was made over their potential implications for nanofluid research. 

The work in this chapter is adapted from a recent SAE technical paper that was 

presented at the SAE Naples 14th International Conference on Engines and Vehicles: 

Haffner-Staton E., La Rocca A., Cairns A., Fay M. Morphological characterisation of 

gasoline soot-in-oil: development of semi-automated 2D-TEM and comparison with 

novel high-throughput 3D-TEM. SAE Technical Paper; 2019. Report No.: 0148-7191.  

 

 

 



195 
 

8.1 – Introduction 

As described in section-6.4.1 of chapter-6, the semi-automated methodology for TEM 

imaging was applied to the GTDI soot-in-oil sample. SerialEM was used to produce 

large-scale maps of 9 grid squares in a heavily automated process. Over an approx. 4000 

μm2 combined area of the TEM grid, 271 locations were identified as containing soot 

nanoparticles.  

Due to constraints on time and resources, only a limited number of these nanoparticles 

could feasibly be studied in 3D using ET; 28 nanoparticles were chosen from the pool 

of 271. These particles were in addition to the 6 studied in chapter-5, bringing the total 

studied in 3D to 34. It did not make sense to perform a fully randomized sampling of 

the selected particles since the number was too low for a meaningful representation of 

the sample anyway. Of course, this would be the case if the aim was a full-scale 

characterisation of the sample. Instead, it was decided that the most information-dense 

method of sampling was to pick nanoparticles that represented towards the most 

extreme morphologies present in the sample. This included both highly 3-dimensional 

and highly 2-dimensional particles, as well as those both very small and very large in 

size. It was hoped that this type of sampling could be useful for understanding whether 

2D-derived measurements may be more accurate for certain kinds of morphology. The 

choice of particularly large particles was also useful for the observation of interesting 

morphological features that cannot be fully appreciated with 2D-TEM study alone. 

TEM images and 3D renderings showing a sample of some of the 28 nanoparticles 

studied in this chapter are provided in figure-8.1. Images showing the 6 nanoparticles 

previously studied can be found in chapter-5 (figure-5.16). Despite the limitations on 

the number of nanoparticles studied, this still represents the most extensive 3-

dimensional study of a soot-in-oil sample to date, and possibly any sample of soot 

nanoparticle as well. 

As per the results of optimisation in chapter-5, all tilt-series were acquired over a ±60° 

tilt-range with an average increment size of 3° between images. Tomographic 

reconstruction was carried out using the weighted back-projection (WBP) algorithm in 

Etomo [176], and segmentation of tomogram data was performed using a combination 

of manual segmentations with interpolation at the 5th slice level. 
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Figure-8.1a: A selection of TEM images showing nanoparticles studied in this chapter. All scale bars 

measure 100 nm in length. 

 

 

 

 

 

 



197 
 

 

  

 

 

 

 
 

 

 

 

 

Figure-8.1b: 3D renders corresponding to the TEM images shown in figure-8.1a. 
 

 

 

8.2 – Morphological Characterisation in 2D and 3D 

All 34 nanoparticles were characterised in both 2D and 3D to enable comparison of the 

relative accuracy of the two methods. Based on the results of chapter-7, it is assumed 

that 3D reconstruction is sufficiently accurate so that the results essentially act as 

‘ground truth’ for which 2D measurements can be compared to. 
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8.2.1 – 3D Morphology Measurements 

Once reconstructed, the morphology of the 34 nanoparticle models were characterised 

in terms of volume, surface area, radius of gyration, 3D-circularity, fractal dimension, 

and aspect ratio (AR).  

As before the 3D volume, surface area, and fractal dimension were determined using 

the BoneJ plugin for ImageJ. Again, the suggestions in Lottin’s work were used to guide 

the choice of box-set in the calculation of fractal dimension [156]. Radius of gyration 

was determined using a self-produced macro for Fiji according to equation-3.8, and 3D-

circularity was calculated according to equation-3.10. For the 3D particle models, aspect 

ratio was determined via the creation of minimum bounding boxes in Fiji. Aspect ratio 

was calculated as the mean of the maximum length in the X and Y directions, divided 

by the maximum length in the Z-direction.  

 

8.2.2 – 2D Morphology Measurements 

In order to compare relative accuracy of 2D- and 3D-derived morphology 

measurements, each of the 34 nanoparticles was also characterised using traditional 2D 

methods. This was performed on the un-tilted (0°) image of each tilt-series, and the 

same properties were measured as in 3D. 

As described in section-6.4.3 in chapter 6, mean primary particle diameter was 

determined to be 33 nm. This parameter is required for the calculation of Np according 

to equation-3.2, and subsequent calculations of 2D-derived volume and surface area 

according to equations 3.3 and 3.4 respectively.  

Previously for the FG soot nanoparticle, a calculation of surface area accounting for 

primary particle overlap could not be performed. The resolution of the 2D TEM 

projections was too low to clearly define primary particle overlap. For the GTDI soot-

in-oil sample, the resolution of the images was generally higher and this could be 

performed. As described in the chapter-3, the Brasil [154] and Bau [155] methods for 

2D-derived surface area require determination of a primary particle overlap coefficient. 

The coefficient (Cov,P) is measured for the overlap of primary particles in 2D-TEM 

projections (equation-3.5), where dp is the average primary particle diameter, and dij is 

the distance between the centres of pairs of overlapping primary particles. Example 

measurements are provided in figure-8.2.  From 60 measurements of our sample, the 

average dij was determined as 27 nm. An additional overlap coefficient, Cov, is 

calculated via equation-3.6, where ζ1 and ζ2 are equal to 1.1 and 0.2 respectively. Finally, 
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an estimate of 3D surface area is calculated using equation-3.7, where ϕ is an 

empirically determined constant equal to 1.3. For our sample, equation-3.6 revealed Cov 

as a small negative value, and was adjusted to 0 to cooperate with equation-3.7 for 

surface area (as surface area should not be greater than the no-overlap value, SA1). A 

value of 0 for Cov results in this method being equivalent to the simple, non-overlap 

calculation (equation-3.4). 

 

Figure-8.2: Example of measurements of primary particles in a soot nanoparticle 

 

Radius of gyration was calculated using a self-produced macro for Fiji, according to 

equation-3.8. Fractal dimension was calculated using the Fractal Box-count plugin for 

Fiji, with a box-set chosen based on the suggestions of Lottin [156]. Finally, circularity 

and aspect ratio can be calculated directly in Fiji.  

 

8.3 – 3D Morphology of GTDI Soot-in-Oil 

Given that only 34 nanoparticles are considered in the 3D study, it is accepted that the 

measured morphologies cannot be used to reliably represent the true morphology of the 

sample. However, the selection criteria used to sample towards the extremes of 

nanoparticle structures means it is still interesting to look at the general magnitude of 

some morphological parameters. The values of a selection of morphological parameters 

are summarised in table-8.1 below. 
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Given that 3D morphological characterisation of soot is not commonplace, some of the 

values measured in this work have fairly little context as there is little with which to 

compare them. As such, it is hard to have a meaningful discussion about all of these 

measured values at this stage.  

  Volume 

(nm3) 

Np 

equiv. 

Surface 

Area 

(nm2) 

Radius of 

Gyration 

(nm) 

3D-

Circularity 

Fractal 

Dimension 

Aspect 

Ratio 

3D 

mean 837,300 45 73,800 69.1 0.448 2.06 2.22 

min 72,800 4 11,600 26.3 0.260 1.90 1.26 

max 3,158,900 168 256,700 116 0.659 2.14 3.78 

2D 

mean 578,200 31 105,100 69.5 0.360 1.76 2.48 

min 79,100 4 14,400 26.2 0.16 1.68 1.26 

max 2,059,900 109 374,500 117.6 0.697 1.83 4.69 

 

Table-8.1: Mean, minimum, and maximum values of morphological parameters measured from 34 GTDI 

soot-in-oil nanoparticles in 2D and 3D.  

 

With this in mind, a useful way in which to consider the measured volume is in terms 

of equivalent primary particles. This is calculated simply by dividing the measured 3D 

volume by the equivalent volume of a perfectly spherical particle with the average 

primary particle diameter (= 33nm). Figure-8.3 shows TEM images showing the 

particles corresponding to the largest and smallest values of this 3D-derived Np value.  

Though number of primary particles is commonly calculated for soot when studied via 

TEM, it is primarily to facilitate calculation of fractal dimension rather than to be 

reported as parameter in its own right. However, prior work by Martos et al. lead to the 

conclusion that <5% of diesel exhaust soot nanoparticles were comprised of >200 

primary particles [230]. In contrast, Neer et al. studied diesel exhaust soot morphology 

as a function of engine speed and load, and their calculation of Df included contributions 

from nanoparticles with well over 1000 primary particles [75]. A rare publication 

including quoted values of average Np per aggregate is that of Mikhailov et al., in which 

average Np = 195-221 for soot from acetylene flames [246].  

Even the largest particle studied in this work is only equivalent to 168 primary particles, 

which in comparison to those values indicates that the GTDI soot-in-oil nanoparticles 

tend to be fairly small in size overall. Similar conclusions were drawn based on 

calculations of Feret diameters using 2D-TEM in chapter-6, where nanoparticle lengths 
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were similar to other soot-in-oil samples but generally significantly smaller than exhaust 

and flame soots (see section-6.4.4). 

(8.3a) 

(8.3b)  

Figure-8.3: (a) One of the smallest nanoparticles (in terms of 3D-volume) studied in this work, 

consisting of only a small number of primary particles. (b) The largest nanoparticle, possessing the 

equivalent volume of 168 nanoparticles. 

 

Another parameter which can be useful for indicating the general state of the GTDI 

soot-in-oil nanoparticles is the aspect ratio. Nanoparticles with strong 3D character will 
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possess values towards 1, whereas more 2-dimensional particles will possess higher 

values. This is an interesting parameter to inspect, as previous study of diesel soot-in-

oil had observed that nanoparticles tended to be very flat, and no more than 2 primary 

particles thick on average [40]. In this work, the average aspect ratio over the 34 

nanoparticles was around 2.2, i.e. the average length in the XY plane is 2.5 times larger 

than the Z-depth of the particles. Again this indicates that on average GTDI soot-in-oil 

nanoparticles tend to be developed primarily in 2-dimensions, rather than in 3-

dimensions. This kind of structure was particularly pronounced for some nanoparticles, 

which possessed very long and 2-dimensional morphologies (an example is provided in 

figure-8.4). This sample was not totally devoid of 3-dimensionality however,  and some 

nanoparticles clearly possessed distinct 3D structures (see figure-8.5 for examples). A 

more significant 3D study of diesel soot-in-oil would be required for an in-depth 

comparison with GTDI soot-in-oil, though these results indicate they are somewhat 

similar. 

 

 

Figure-8.4: The above image shows a standard BF-TEM image of a very 2-dimensional nanoparticle. The 

below image shows the corresponding 3D render with minimum bounding box highlighting the very flat 

shape. 
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Figure-8.5: A TEM image and corresponding 3D render of a particle with particularly low 3D aspect ratio 

(AR = 1.3). Minimum bounding box highlights presence of distinct 3D character. 
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8.4 – Comparison of 2D- and 3D-derived Morphology  

For each particle, 2D- and 3D-derived morphological parameters (volume, surface area, 

circularity/3D-circularity, radius of gyration, fractal dimension, and aspect ratio) were 

directly compared. The average discrepancies over all 34 nanoparticles are presented in 

table-8.2, showing the size of the under/over-estimation by 2D methods in comparison 

to the 3D-derived result for the same particle.  

 

 Volume Surface 

Area 

Radius of 

Gyration 

Circularity Fractal 

Dimension 

Aspect 

Ratio 

Mean 2D discrepancy -23 % 35 % -1.2 % -18 % -14 % 14 % 

Max. over-estimate 17 % 84 % 9 % 22 % N/A (-8 %) 119 % 

Max. under-estimate -52 % N/A (5 %) -13 % -46 % -19% -40 % 

Standard Deviation 17 % 17 % 5 % 16 % 3% 36 % 

 

Table-8.2: Comparison of 2D- and 3D-derived morphology measurements, averaged over 34 GTDI soot-

in-oil nanoparticles. 

It should be noted that the values provided in table-8.2 above are calculated as follows: 

 For each individual nanoparticle, the 2D-derived value is calculated in terms of 

an over- or under-estimation vs. the respective 3D-derived value. 

 For each parameter these values are then averaged over the 34 nanoparticles; 

these are the values reported above 

As such, the values presented in table-8.1 do not directly correspond with a comparison 

of the mean 2D- and 3D-derived values presented earlier in table-8.2.  

 

8.4.1 - Volume 

For the 34 particles studied, 2D-TEM derived volume results on average underestimated 

the 3D volume results by 23%. The range of discrepancies was large and is reflected in 

the size of the standard deviation. The size of the average discrepancy is smaller than 

previous results seen for the larger, more branched and complex FG soot nanoparticle 

studied in chapter-4 (36% underestimation). In general, the results in table-8.2 suggest 

that for this sample, 2D-TEM has tended to underestimate the number of primary 

particles that comprise the aggregates (via equation-3.2). In turn, this means the 
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correction factors (ka and α) may have over-compensated for the extent of primary 

particle overlap, and/or underestimated the 3D-extent of the particles.  

A small minority of the particles observed an overestimate by 2D methods (4 particles 

out of 34). These nanoparticles shared similar morphological traits that include small 

primary particles vs. the average 33 nm diameter (~20-25 nm), shallow Z-depth 

perpendicular to the TEM grid (predominantly just a single primary particle thick), and 

more linear/string-like morphology (see the example in figure-8.6, and the uppermost 

images in figures-8.3 and 8.4). These somewhat unusual features are possibly what leads 

to the 2D-TEM method overestimating the 3D nature of the particles, as they are less 

complex than expected.  

 

Figure-8.6: Example TEM image showing a nanoparticle for which 2D-methods over-estimated 

volume. Note the very linear appearance with minimal branching. Similar structures are also observed 

in figures-8.3a and 8.4, for which 2D-derived volume measurements were also small-overestimates vs. 

3D-volume.  
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Scatter plots were produced to check for any correlations that may link 2D-TEM 

accuracy with any particular traits of 3D-morphology. A plot of 3D-derived volume vs. 

accuracy of 2D-derived volume is shown in figure-8.7. Accuracy of 2D-derived volume 

showed some minor signs of correlation with overall particle bulk, though considering 

sample size and strength of the correlations the results are at best merely suggestive of 

a relationship. The 2D-TEM method tended to produce more accurate volume results 

when particles possessed smaller 3D volume, surface area, radius of gyration, and Z-

depth (length perpendicular to the TEM grid). These parameters can be considered 

indicative of overall particle size, thus suggesting that smaller particles may be more 

accurately characterized. However, the very smallest particles resulted in an over-

estimation by 2D-TEM, indicating there was possibly an optimum size for particles that 

resulted in highest 2D-accuracy. There was no clear evidence of a link between particle 

complexity (in terms of 3D-circularity, Rg, or Df) with accuracy of 2D-derived volume 

results.  

 

Figure-8.7: A scatter plot showing 3D-derived nanoparticle volume as a function of the accuracy of 2D-

derived volume measurements. Logarithmic fitting has been applied according to the inset equation.  

 

8.4.2 - Surface Area 

In contrast to the 2D-derived volume measurements, on average 2D-derived surface 

area resulted in an overestimation of the 3D-SA for all 34 nanoparticles. In the first 

working chapter, 2D-SA was also seen to overestimated 3D-SA for the flame-generated 

soot nanoparticle. In that chapter, the 2D surface area measurements ignore primary 
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particle overlap and thus are fully expected to produce overestimations (due to inability 

to calculate primary particle overlap factors). The 2D method of Brasil et al. includes a 

correction for primary particle overlap [154], but in the case of our sample this became 

equivalent to the basic, no-overlap method. The average size of the overestimation by 

2D-TEM was 35%, though the range was again large (5% to 84% larger than 3D-SA). 

In terms of any links between accuracy of 2D-derived SA and morphological features 

of the nanoparticles, evidence was less clear than for 2D-volume. While there was 

limited indication of a link between smaller particles (lower 3D-volume, 3D-SA, and 

3D-Rg) and more accurate 2D-SA, the effect of outlying data-points was significant (see 

figure-8.8). There was no observable relationship between the accuracy of 2D-SA and 

the Z-depth of nanoparticles.  

 

Figure-8.8: A scatter plot showing 3D-derived nanoparticle volume as a function of the accuracy of 2D-

derived surface area measurements. No clear or obvious relation between the two parameters can be 

observed over the whole data range.  

 

8.4.3 - Radius of Gyration 

The measurement of radius of gyration in 2D- and 3D-TEM is carried out via a near 

identical methodology, the only difference being distances from each pixel to the centre 

of mass (ri) being calculated in 3-dimensions vs. in 2-dimensions. While the similarity 

between the two methodologies is clear, it should be noted that the 2D-Rg method does 

not involve any terms or factors to estimate the 3D extent of the particle and as such is 

a purely 2-dimensional parameter. Typically, 2D-Rg measurements were much more 
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accurate in comparison to 2D-Volume and 2D-Surface area, on average only a 1.2% 

underestimate of the 3D-Rg value with a standard deviation of 5%. The split of under-

/over-estimates by the 2D method was much more even (12 overestimates, 18 

underestimates). A scatter plot showing the accuracy of 2D-derived Rg against absolute 

3D-Rg is provided in figure-8.9. Accuracy of the 2D method for radius of gyration may 

reflect the typically more 2-dimensional nature of soot-in-oil nanoparticles that was 

observed in previous studies by our group [40], and suggested by the 3D aspect ratio 

values reported in section-8.3. Given that the greatest extent of the particles is parallel 

to the grid (X- and Y-axes), the inclusion of the Z-depth of the particle does not 

significantly affect the measured Rg. As such, it is not unexpected that the 

underestimation of the 3D-Rg value by the 2D-TEM method is not particularly 

significant.  

 

Figure-8.9: A scatter plot showing 3D-derived radius of gyration as a function of the accuracy of 2D-

derived radius of gyration measurements. No clear or obvious relation between the two parameters can 

be observed over the whole data range. 

 

8.4.4 - Circularity 

As for 2D-derived radius of gyration, 2D-circularity is a purely 2-dimensional 

parameter in the sense that it contains no factors to account for expected 3D extent of 

the nanoparticles. Additionally, only for the comparison of a circle vs a sphere is there 

a 1:1 relationship between the 2D- and 3D-circularity of an object (a perfect sphere can 
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only project in 2D as a perfect circle, regardless of orientation). This is because of how 

the appearance of a non-spherical 3D object can change when projected in 2-

dimensions. However, given the similarity of the derivation of the parameters and their 

usefulness in describing complexity of the particles they will be directly compared here. 

In comparison to 3D-ciruclarity values, on average 2D-circularity resulted in an 

underestimation of 18%, with a large range similar to that for 2D-volume and 2D-

surface area. Only in terms of 3D-circularity was there evidence of a relationship with 

accuracy of 2D-circularity, for which accuracy increased alongside 3D-circularity (see 

figure-8.10). This suggests that the more spherical, clustered particles are more 

accurately characterized by 2D methods in terms of circularity. 

 

Figure-8.10: A scatter plot showing 3D-derived nanoparticle circularity as a function of the accuracy of 

2D-derived circularity measurements. Horizontal red line indicates point at which 2D-derived value is 

exactly equivalent to the 3D-derived values (i.e. completely accurate). 

 

8.4.5 - Fractal Dimension 

The final parameter considered was the fractal dimension. Fractal dimension 

calculations for individual aggregates are most commonly carried out using the 

Minkowski-Bouligand method, also known as the box-counting method. As before in 

this work, the choice of box-set was guided by the work of Lottin [156], and the same 

box-sets used for 3D-Df were also used for 2D-Df calculations. This method, similarly 

to 2D-RG and circularity, is a purely 2-dimensional parameter. The value calculated is 
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fundamentally limited to ≤2, and this shortcoming, which has been acknowledged in the 

literature [36, 74], means an underestimation of the 3D-Df is expected. On average the 

2D-Df values from the 0° images of the tilt-series underestimated the 3D-Df values by 

14%. All measured values were underestimated in comparison to the 3D result, as 

expected. The range of results saw the maximum underestimation at 19%, and the 

minimum (most accurate 2D-Df value) underestimation at 6%. The standard deviation 

over the 34 particles was small at only 3%, showing reasonable consistency in the 

deviation vs. 3D-Df.  

These results are closely in-line with the predictions of Rogak [74] and Tence [213], 

who expected deviations between 2D- and 3D-Df of 10-20% and ≤30% respectively. It 

is also reasonably smaller than the average underestimation that was observed over the 

FG soot tilt-series, which was a 26% underestimation. The FG soot nanoparticle 

possessed a 3D-Df value of 2.47, which is significantly larger than those measured for 

the GTDI soot-in-oil sample (for which the range of 3D-Df = 1.90-2.12). Given the 

fundamental limitation of the 2D-Df method, it is expected that nanoparticles with lower 

3D-Df values will be more accurately measured by the 2D method, particularly those 

with 3D-Df ≤ 2. A scatter plot showing accuracy of the 2D-Df values as a function of 

the absolute 3D-Df (see figure-8.11) offers no suggestion that this relation exists.  

 

Figure-8.11: A scatter plot showing 3D-derived fractal dimension as a function of the accuracy of 2D-

derived fractal dimension measurements. Horizontal red line indicates point at which 2D-derived value 

is exactly equivalent to the 3D-derived values (i.e. completely accurate). 
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8.4.6 – Aspect Ratio 

On average, 2D-derived aspect ratio was 14% larger than the 3D-derived equivalent. 

This average over-estimation by 2D methods is not entirely unexpected, as it has already 

been shown earlier (section-8.3) that typical GTDI soot-in-oil nanoparticles tend to be 

about twice as large in the XY-plane than in the Z-direction. As such, incorporation of 

a smaller dimension into the aspect ratio calculation would be expected on average to 

decrease the value. A scatter plot comparing 2D- and 3D-derived values of aspect ratio 

is given in figure-8.12. 

Despite the modest 2D-3D discrepancy on average, this parameter was associated with 

very strong variability across the 34 nanoparticles. Depending on the particle under 

study, deviations between 2D- and 3D-derived aspect ratios were measured from 

between -40% and +119%. There were no obvious correlations between particle 

morphology and the accuracy of 2D-derived aspect ratio, though the largest deviation 

was observed for a very long and thin nanoparticle (see figure-8.13). In 2D, this particle 

possessed a very high aspect ratio (= 4.1), but incorporation of the 3rd dimension 

drastically reduced this value (= 1.9) due to significant 3D character. 

 

Figure-8.12: A scatter plot showing 3D-derived aspect ratio as a function of the accuracy of 2D-derived 

aspect ratio. Horizontal red line indicates point at which 2D-derived value is exactly equivalent to the 

3D-derived values (i.e. completely accurate). 
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Figure-8.13: The above TEM image shows a 2D representation of a nanoparticle with apparently very 

high aspect ratio (long and thin). The 3D render of the same nanoparticle below shows distinct 3D 

character that was not apparent in the 2D projection. The 3D-derived aspect ratio (1.87) is much lower 

in comparison to the 2D-derived value (4.07). 
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8.4.7 – Summary: 2D- vs 3D-derived Morphology  

For 34 GTDI soot-in-oil nanoparticles, comparisons have been made between 

commonly measured morphological parameters derived using 2D and 3D methods. The 

most significant inaccuracies in the 2D method was observed for the surface area 

measurements. On average 2D methods overestimated 3D surface area by 35%, and 

results were associated with strong variability reflected in the large standard deviation, 

equivalent to ±17%. Overestimation was expected given that primary particle overlap 

was not accounted for in the calculation. Both circularity and volume were on average 

underestimated by 2D methods to a similar degree; 18% and 23% respectively. Both 

parameters also saw significant variability in the accuracy the 2D-method, observing 

both over- and under-estimations of the 3D-derived value. Fractal dimension via box-

counting was also underestimated by 2D methods, by 14% on average. This was again 

expected given deficiencies of the 2D method, which makes no attempt to account for 

the unseen 3D morphology. Results were associated with a small variability, which is 

not unexpected given previous observation of insensitivity in the parameter (see 

chapter-4, section-4.3.2.5). Finally, radius of gyration as calculated by 2D methods was 

extremely close to the 3D-derived value on average. Increased accuracy for GTDI soot-

in-oil in comparison to FG soot was assumed to be related to the more 2-dimensional 

character of the soot-in-oil.  

These results show sizeable inaccuracies in 2D morphological characterisation for all 

parameters considered except radius of gyration. Additionally, most parameters (except 

Df) were also associated with strong variability, i.e. deviations were measured over a 

large range for the 34 nanoparticles.  

 

8.5 – Unique Outputs of 3D Reconstruction 

Not only does 3D reconstruction offer more accurate determination of morphological 

parameters, it also results in models that can be used to easily visualise the real 3D 

morphology. Even in 2D-derived measurements were exactly accurate, this type of 

detail could not be appreciated. This section discusses information on the morphology 

of GTDI soot-in-oil nanoparticles exclusively available through the use of 3D-TEM 

study. 
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8.5.1 – Variation due to Nanoparticle Orientation 

In chapter 4, consideration was given to the effect nanoparticle orientation can have on 

2D-derived morphology measurements. For the FG soot nanoparticle, measurements of 

area and Np varied by up to 45% across at ±60° tilt-series. Previous works in the 

literature have observed that measurements of a nanoparticles 2D-area across all 

possible projection angles varied by around 30% [38] and by around 50% [36] (inferred 

from figures, data not provided in text) for FG soot and aerosol soot respectively.  

This variability with nanoparticle orientation is considered almost as an uncertainty 

associated with 2D-derived methods. The concern is that differences in morphology 

observed between nanoparticles may due to this variability, rather than actual 

differences in 3D structure [38]. As such, it may undermine the understanding of the 

nature of soot samples and their behaviours in certain environments [36]. 

In this work, the production of 34 nanoparticle models provided an excellent 

opportunity by which to assess typical variability due to orientation for this sample of 

GTDI soot-in-oil. Similarly to the methods employed by both Adachi [36] and Baldelli 

[38], the reconstructed particle models were projected in 2D over a full range of 

orientations. This was performed using the 3D project plugin for Fiji, and projections 

were produced every 10° from 0° to 170° in the Y-axis, and from 10° to 170° in the X-

axis. The area of the projections was automatically measured using simple thresholding 

(as particle models are binarized) resulting in 35 measurements per particle.  

For each nanoparticle, the variability was calculated as the maximum range of results 

as a percentage of the mean value. Over all 34 nanoparticles, the average variability was 

59%, with a minimum variability of 14% and a maximum of 92%. The standard 

deviation was 18%. In terms of correlation of variability with any morphological traits 

of the nanoparticles, the only observation was a weak correlation suggesting particles 

shorter in the Z-direction showed stronger variability with orientation (figure-8.14). The 

nanoparticles with the most and least variable 2D-areas appear to hold to this 

correlation, and are presented in TEM images in figure-8.15. The particle with most 

variable area is very small and clustered, while the particle with least variable area is 

large and 3-dimensional. 

These results again show the strong variability of morphology with nanoparticle 

orientation, providing further evidence to support doubts over the efficacy of single-

projection analyses. In fact, if soot-in-oil samples tend to be somewhat small and 2-

dimensional in nature as prior results have suggested, then the uncertainties in 2D-

derived measurements may be even more pronounced than for typical aerosol soots. 
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Figure-8.14: A scatter plot showing 3D-derived Z-length of nanoparticles as a function of the variability 

of nanoparticle 2D-area over full range of projection angles.  

  

 
 

  

Figure-8.15: The above images show a TEM projection and 3D render of the nanoparticle for which 

2D-area was most variable across all projection angles. The below TEM projection and 3D render show 

the nanoparticle for which 2D-area was least variable across all projections. Note that particle in the 

lower images is much larger in size and more 3-dimensional in structure.  
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8.5.2 – Unquantifiable Morphological Observations 

As mentioned in the literature review (section 2.3.2), nanoparticle shape has been 

observed to impact the behaviour of nanofluids [133-137]. Viscosity increases were 

observed to depend on solid-solid interactions of suspended particles, which in turn 

depended on their size and shape [133]. More spherical particles experience less friction 

and lead to smaller viscosity increases [134]. Fractal morphology has also been 

incorporated into modelling studied in terms of its relation to thermal properties of 

nanofluids [137].  

An exceptionally important area of nanofluid research is in understanding the 

interaction between soot and oil. As described in the introduction section-1.2.4, oil 

thickening due to soot is an extremely important concern for modern engines in terms 

of sustainability. The use of low-viscosity oils is key to meeting increasingly stringent 

targets for efficiency and emissions, as they reduce friction losses in internal combustion 

engines [26, 27]. In most cases soot is observed to increase oil viscosity [32, 115, 123], 

but findings on its influence on wear effects [113, 116], and friction [111, 247]  are less 

unified. On the whole, the complex soot-oil relationship is not well understood. As for 

other nanofluids, several authors have observed morphological parameters such as 

surface area [32] and size [130] playing an important role in oil behaviour. However, 

determination of morphology and shape factors for soot is primarily performed using 

2D methods. The work in this thesis so far has discussed limitations of 2D methods for 

soot characterisation, and has observed strong differences between 2D- and 3D-derived 

morphology. Given the propensity of morphology to impact nanofluid behaviour, and 

specific comments in prior soot-oil studies [32], improved morphological 

characterisation via 3D-TEM may be of great use for elucidating the nature of the soot-

oil relationship.  

Aside from the purely quantitative numerical differences that exist between 2D- and 

3D-TEM characterization results, 3D-TEM offers the unique ability to fully appreciate 

the real morphology of nanoparticles. This permits observation of interesting structural 

features such as cavities, pits, rings, bridges and other 3-dimensional facets that are 

common in soot nanoparticles, but not appreciable based on measurements alone. Given 

the inherent lack of depth perception of 2D-TEM, even if it were otherwise extremely 

accurate (i.e. 2D-derived values exactly equivalent to 3D-derived values) it would still 

be unable to provide insight into such features. Very recently, exactly these kind of 

observations have been described by Baldelli et al. in their ET study of flame-generated 

soots [38]. Though not apparent in typical 2D TEM imaging, ring structures were 



217 
 

observed in several nanoparticles when using electron tomography. Interestingly, one 

of the nanoparticles studied in this work also possessed a ring structure, which is 

illustrated via 2D-TEM images and 3D-renderings in figure-8.16. 

 

 

Figure-8.16: (Above) A 3D render of a nanoparticle containing a ring structure. A standard (un-tilted) 

TEM image of this nanoparticle is shown in figure-8.3b, in which this structure is not visible. (Below) 

A high-angle TEM image of the nanoparticle in which the ring is revealed to be a real structure, not 

simply an artefact of 3D reconstruction. 
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Baldelli related observations of rings structures to the soot formation process, 

suggesting they could derive from restructuring of bonds between primary particles 

before significant surface growth occurs. Previously, work by members of my own 

research group has suggested soot migrates to the oil film of the engine cylinders early 

during formation [142], thus undergoing highly different oxidation and growth 

processes compared to exhaust soot. As such, observation of rings and otherwise hard 

to quantify morphological features may also be important for improving understanding 

of growth and oxidation processes of soot-in-oil. Further advancement of 3D-TEM 

permitting full-scale analysis of an entire sample could facilitate this kind of study in 

the future.  

In regards to effect of soot on lubricant oil, it can be envisioned that some morphological 

features may be more prominent in the promotion of certain interactions. For example, 

surface irregularities may impact the degree of particle-particle friction, whilst 

prevalence of elongated arch structures could play a role in particle agglomeration. 

Internal void spaces or cavities are a feature that could be important for entrainment of 

lubricant oil within nanoparticles. Pockets of oil decoupled from the bulk fluid-phase 

may alter the particles effective shape and its Brownian motion. Though such 

suggestions are the merest speculation at this stage, the outputs of 3D-TEM could 

provide the necessary data with which to explore such effects in future. Many of the 

nanoparticles reconstructed in 3D in this work showed presence of interesting 3D 

morphological features, similar to the ring structure shown above. Two examples of 

these are shown below in figure-8.17 and figure-8.18. 

Figure-8.17 provides an example of what could be considered a cavity feature. A deep, 

enclosed pit towards the underside of the particle is easily visible in the 3D-

reconstruction but is indistinguishable in the 0° TEM image. The existence of the feature 

(i.e. that it is not simply an erroneous artefact of reconstruction) is confirmed by viewing 

the high-tilt images from the tilt-series. Features such as this cavity could potentially 

entrain fluid, so in the future may be an important consideration for nanofluids study.  
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(8.17a) 

 

 

 

 
 

(8.17b) (8.17c) 

Figure-8.17: A cavity feature in a soot nanoparticle. (a) TEM projections at different angles with arrows 

running through the cavity. (b & c) 3D render of the same nanoparticle in different orientations, with 

cavity feature highlighted in green. 

 

Figure-8.18 shows a particularly 3-dimensional soot nanoparticle, possessing 3 distinct 

arch features in a tripod-like arrangement. Transparency of the soot in the 2D-TEM 

image suggests 3-dimensionality towards the centre of the particle (see figure-8.18a: 

darker areas indicate primary particle overlap). However, in the un-tilted TEM image 

the arch features are not clearly visible as they are predominantly only a single primary 

particle thick over their length. At high tilt-angle (-50°) the graphene oxide film is 

visible under the arches and is suggestive of the true 3D structure. The 3D rendering of 

the particle makes these features clearly visible. This particularly 3-dimensional 

structure could be conceived to play a role in particle agglomeration, increasing the 

effective interaction cross-section of the particle and likelihood of collisions resulting 

in particle aggregation. With 2D-TEM imaging alone these features cannot be 

quantified, or potentially even recognised. 
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Due to lack of a high-quality 3D tool to date, it is unknown the extent of control these 

types of features may have over nanofluid properties. However, due to recent 

developments in the 3D-TEM methodology we may soon be in a position to research 

these potential interactions. These observations may also be of relevance for 

understanding the formation and growth processes of soot-in-oil nanoparticles.  

 

(8.18a) 

 

 

(8.18b) 

Figure-8.18: (a) TEM projections of nanoparticle with prominent 3D arches. Upper-left shows high-

angle TEM projection that reveals 3D structure, while the upper-right shows an un-tilted image in which 

3D structure is no visible. (b) A 3D render of the same nanoparticle clearly showing prominent 3-

dimensional arch structures.  
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8.6 – Conclusions 

The final working chapter of this thesis has detailed the most extensive 3D study of a 

soot-in-oil sample to date, and possibly of any single soot nanoparticle sample. In total, 

34 nanoparticles from a GTDI soot-in-oil nanoparticle were reconstructed in 3D, and 

their morphology was measured using both 3D and 2D methods. The semi-automated 

TEM imaging protocol provided a pool of 271 nanoparticles, from which 28 were 

chosen for study (in addition to 6 nanoparticles already studied in 3D). These 

nanoparticles were chosen to express the extremes of morphology present in the sample; 

both large and complex, and small and simple nanoparticles were studied.  

In terms of absolute 3D-volume, even the largest nanoparticle considered in this work 

was only the equivalent of 168 primary particles in size. This result appears rather 

modest in comparison to some previous studies of exhaust and flame-generated soots, 

and is consistent with relatively small values of maximum particle length measured in 

2D in chapter-6. Previous study of diesel soot-in-oil had observed that nanoparticles 

tended to be strongly 2-dimensional in structure, and in this GTDI soot-in-oil sample 

nanoparticles possessed an average 3D aspect ratio of around 2.5. This value again 

indicates tendency towards 2-dimensionality, significant 3-dimensionality was also 

observed in this sample.  

Comparison between 2D- and 3D-derived morphology observed mean deviations of 

23% in volume, 35% in surface area, 18% in circularity, and 14% in both fractal 

dimension and aspect ratio. For most of these parameters (Vol, SA, circ., AR), the 2D-

3D deviations were subject to large variability depending on the particle studied, and 

could reach as high as 45-120% difference in 2D- and 3D-derived values. Measurements 

of fractal dimension in 2D and 3D were subject to only small variation, consistent with 

previous observation of insensitivity in chapter-4. In contrast to these other results, the 

2D-method for calculating radius of gyration was on average highly accurate in 

comparison to the 3D-derived value (only 1.2% difference on average). In general, no 

strong or obvious correlations were observed between the accuracy of the 2D-derived 

values and the 3D morphology of a nanoparticle (e.g. smaller particles weren’t more 

accurately characterised in 2D than larger particles). A hint of correlation was observed 

between particle volume and accuracy of 2D-derived volume measurements, and 

possible reasons for this were discussed in detail.  

The 3D nanoparticle models were also used to observe the extent of variability in 

measured 2D area due to the angle of projection, resulting in an average variation of 

59%. This value is larger than had been observed in previous studies of soot in 3D, and 
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there were indications that smaller particles tended to observe greater variability with 

orientation. As such, doubts over the efficacy of morphology measured from single 2D 

projections may be more prominent for samples like soot-in-oil.  

The final analysis of the sample was purely quantitative, and observed unusual and 

interesting morphological features only appreciable via 3D study. Features such as 

rings, cavities, and arches were shown both in 2D and 3D, and purely speculative links 

towards impact on rheological properties were discussed.  
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9 – Conclusions 

The goal at the start of this PhD project was to develop a tool to permit the 

morphological characterisation of soot nanoparticles in 3D. Across several disciplines 

spanning health, environmental, and automotive sectors, the morphology of soot is 

considered to play a key role in determining the extent and propagation of soot-related 

phenomena. This includes depth of inhalation in humans and subsequent toxicity, 

contribution to climate change through radiative forcing and snow-ice melting, and 

increased oil viscosity and wear leading to decreased efficiency in automotive engines. 

A path to mitigating soot-related effects is clear: understand morphology and behaviour 

can be understood, understand how soot behaves and influences environments and 

solutions can be designed.   

Soot nanoparticles possess characteristic fractal morphologies that are complex and 

highly variable. Typical morphological characterisation with TEM is limited to 2D, 

leading to doubts over the quality of measurements of 3D structures. In particular, this 

is related to variability in appearance depending on particle orientation, and derivation 

of 3D morphology from 2D measurements. In response to these uncertainties, a handful 

of prior publications had detailed the use of electron tomography for 3D volume 

reconstruction of soot. In these works, the measurements of real 3D morphology was 

seen to have strong consequences for models of climatic impact of soot, and enhanced 

the understanding of the general state of soot-in-oil. Despite impressive benefits vs. 2D-

derived measurements there had been little in the way of follow-up work. Prior work by 

the Nottingham Powertrain research group found that a single nanoparticle 

reconstruction could take up to 1 day to complete. Given that typical soot 

characterisation studies measure 100+ aggregates per sample, the technique as it stood 

was not a viable tool. In order to realise the full benefits of 3D morphological 

characterisation, the 3D reconstruction procedure needed to be optimised. This was to 

be achieved by evaluating and adapting the available methods for electron tomography 

and TEM imaging to the challenge of soot, and in particular, soot-in-oil.  

Chapter-4 detailed the use of TEM and ET for morphological characterisation of soot 

in a case-study of a flame-generated soot nanoparticle. In this chapter, the results of 2D- 

and 3D-derived morphological parameters were compared, and the effect of 

nanoparticle orientation on 2D-derived measurements was investigated: 

 Significant discrepancies were observed between commonly measured 2D- and 

3D-derived morphological parameters. 2D-based methods underestimated 3D-
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volume by around 36%, while surface area was on average overestimated by 

13%. Fractal dimension was underestimated by 2D methods, with a similar 

scale of deviation (~20-30%) as seen in previous works. Deviations between 

2D- and 3D-circularity were 18% on average, while 2D-Rg was reasonably 

accurate at only 8%  difference. 

 TEM images acquired at varying angles of projection highlighted significant 

and asymmetric variation in 2D-derived morphology. Measurements of area, 

number of primary particles, volume, and surface area varied by 40-45% 

compared with the mean values, and measurements of circularity varied by up 

to 69%. 

Application of these techniques in the early stages of the project meant areas of the 3D 

reconstruction process where optimisation would be most beneficial could be targeted. 

Comparison of 2D- and 3D-derived morphology showed sizeable discrepancies similar 

to those in prior works by other groups, again highlighting the shortcoming of 2D-TEM 

and the potential benefits of 3D study. By observing the impact of nanoparticle 

orientation on 2D-derived measurements it was possible to draw attention to a generally 

underappreciated, but potentially highly significant source of error in traditional soot 

characterisations. Large and unpredictable variation in nanoparticle appearance as a 

function of orientation could result in an uncertainty on 2D-TEM measurements that is 

in addition to those derived from the fundamental lack of 3D depth perception.  

Chapter-5 contained the first steps of the optimisation of the 3D reconstruction process. 

Different methods for tomographic reconstruction, tilt-series acquisition, and tomogram 

segmentation were assessed in terms of speed and quality. Also included in this chapter 

was the study of soot-in-oil from a GTDI engine, a sample chosen due to growing 

concerns over increased sooting tendencies of modern gasoline engines and the potential 

ramifications of high soot loading in lubricant oils. A significant lack of study of soot 

from gasoline oils in the literature meant potential for high impact and novel research 

outcomes in this work. Those resulting from this chapter are summarised below: 

 General TEM observation of the sample revealed abundance of localised 

amorphous carbon structures and crystalline material in addition to typical soot 

nanoparticles. This was similar to what had been observed in prior studies of 

GDI soot-in-oil, and may be an important consideration for effects on oil 

properties as understanding of such samples continues to grow. 

 Reconstruction - WBP vs. SIRT: Through qualitative and quantitative 

comparison of the resulting tomograms and particle models, it was determined 



225 
 

that WBP was of similar quality to SIRT, but completed significantly quicker 

(30 seconds vs. 1.5 hours). 

 Reducing tilt-range vs. reducing tilt-increment: While reduction in overall tilt-

range from ±60° to ±50° and ±40° resulted in significant decreases in quality, 

increase in tilt-increment up to 3° still produced tomograms of high quality. The 

optimum tilt-series was a ±60° tilt-range with 3° increments, cutting potential 

beam exposure to the sample by two thirds. 

 Interpolation - speed vs. quality: While increased use of interpolation drastically 

reduced the time required for segmentation, significant information losses also 

occurred. Only by using interpolation between every 5th slice of the tomogram 

was acceptable quality of reconstruction retained, resulting in a 44% decreased 

in time required for segmentation. 

 The optimised process was associated with a 67% decrease in time required 

compared with a procedure based on examples in the literature (1.3 hours vs. 4 

hours). 

The work in this chapter described the first significant steps towards a high-throughput 

methodology for 3D reconstruction of soot nanoparticles. As far as we are aware, this 

work presents the first efforts towards optimisation of 3D soot study in the literature to 

date. The achieved reductions in time and effort (saving >2.5 hours in a case study 

example) are of significant benefit due to the large number of nanoparticles that would 

need to be observed in a full-scale study (>100). At this stage a complete 3D study of 

soot became feasible, though remained highly labour intensive. The combined study of 

soot-in-oil nanoparticles represents a peak in difficulty for the 3D study of soot due to 

the presence of lubricant oil – known to be a severe contaminant in TEM imaging. This 

necessitated the development of a robust and reliable sample preparation technique that 

can ensure successful study of future soot-in-oil samples. Despite the significant 

improvements made, at this stage only a small number of particles had been studied so 

confidence in the results was somewhat limited. Optimisation was carried out based on 

relative accuracy of 3D reconstructions, while ideally would be based on absolute 

accuracy. In addition to this, the optimised procedure still required manual involvement 

in tomogram segmentation, though this was greatly reduced by incorporation of 

interpolation. 

Chapter 6 continued the optimisation process, but focussed instead on improving 

throughput of TEM imaging through automation. The study of GTDI soot-in-oil in 

chapter-5 observed low soot concentrations on the TEM grid due to the difficulty of 
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removing lubricant oil, causing a significant bottle-neck in throughput. To combat this 

issue, the optimised imaging procedure developed in this chapter consisted of: 

 Automated screening of large areas of TEM grids, and the creation of maps 

through which to control TEM operation 

 A logging system to permit storing of locations of nanoparticles for study over 

subsequent sessions 

 Automated image processing is used to identify structures of interest, with a 

manual review process used to remove incorrect selections and permit rapid 

2D-TEM analysis.  

The automated procedure also resulted in the unplanned benefit of facilitating high-

throughput 2D morphological characterisation. Options were built into the automated 

imaging process to permit manual updating of automated nanoparticle selections, and 

were utilised to study the GTDI soot-in-oil sample. Typical 2D morphology was 

determined for this sample and compared to prior study of GTDI soot-in-oil 

nanoparticles by members of the Nottingham Powertrain group: 

 Automated imaging was performed on 9 squares of the TEM grid, covering 

approximately 4000 μm2 

 In total, 524 soot nanoparticles were studied in 2D (271 fully automated 

selection, and 253 fully manual selections).  

 The following characteristic morphologies were determined for the sample: 

mean primary particle diameter = 33 nm, mean aggregate Feret diameter 

(maximum length) = 118 nm, mean radius of gyration = 35 nm, and fractal 

dimension = 1.73.  

 Compared with prior study of a GTDI soot-in-oil sample, the current sample of 

nanoparticles appears to be slightly larger in their overall aggregate size, but 

less open and branched in their morphology.  

 Convergence in the mean radius of gyration of nanoparticles occurred after 

around 150 individual measurements, suggesting a target for future sample sizes 

The optimisation of both the reconstruction and TEM imaging procedures resulted in a 

technique that was now practical for large-scale 3D study of soot nanoparticles. This 

semi-automated methodology significantly reduces manual labour in TEM imaging of 

soot, helping to increase efficiency and throughput via off-peak operation and decrease 

bias in selections of nanoparticles via the automated identification. In particular, a 

system to log and store locations of nanoparticles over subsequent imaging sessions is 

extremely useful, given that it is practically impossible to reliably relocate individual 
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structures manually. Development of highly automated and rapid 2D characterisation 

facilitate a multi-faceted approach to morphological characterisation of soot samples, 

and already showed use for comparison of similar soot-in-oil samples. Though 

significant progress was achieved in this chapter, the procedure is somewhat limited by 

an inability to operate fully “on-line”, and still retained manual involvement to ensure 

highly accurate results.  

In chapter-7, the accuracy of 3D reconstruction was assessed through the creation of 

artificial ‘ground truth’ data, in the form of soot-like 3D aggregate models. From a total 

of 13 individual models, TEM-style tilt-series were produced and subjected to the full 

ET procedure developed in chapter-5. The morphology of post-reconstruction models 

were then compared to the originals to determine absolute accuracy of different ET 

procedures, resulting in the following observations:  

 Tilt-series created over a ±80° tilt-range observed practically no elongation 

(<1%) due to missing wedge elongation. By comparison, ±60° tilt-series 

observed only minor elongation (3-4%), with practically no differences 

between tilt-series with 1° increments and 3° increments between images.  

 While reconstructions from ±80° tilt-series lead to a slight underestimation of 

the true particle bulk, reconstruction from ±60° tilt-series lead to a slight 

overestimation; overall accuracy for the two methods was similar.  

 The propagation of reconstruction artefacts and errors as a function of an 

objects morphology was assessed using 2D data in an appendix section (A.1). 

In that mini-investigation, it was observed that missing wedge elongation 

occurred more prominently on smooth and broad surfaces, but was less 

significant when applied to intricate soot-like morphologies.  

 Reconstruction from ±60° tilt-series with 3° increments (the result of 

optimisation in chapter-5) was seen to be highly accurate for soot-like 

aggregates, resulting in deviations from ground truth values for volume, surface 

area, radius of gyration, 3D-circularity, and fractal dimension of <3%.  

An important outcome of this chapter was a greater understanding of the propagation of 

errors in ET. Previous authors have generally made little effort towards accuracy 

assessment, often only using simple models of spheres as ground-truth. In this work, 

efforts were made to reflect typical soot-in-oil morphology and appearance in TEM 

images so that propagation of reconstruction errors and artefacts are as realistic as 

possible. Comparison with basic sphere model analysis showed that error propagation 

is strongly dependent upon the input structure, and missing-wedge elongation acts more 
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prominently upon smoother surfaces. The work performed in this chapter ultimately 

confirmed that 3D reconstruction of soot via electron tomography is highly accurate, 

and in-turn that errors of 2D-derived measurements are legitimate deficiencies of that 

technique. Additionally, the use of artificial ground truth was able to confirm prior 

observations (chapter-5) that the use of ±60° tilt-series with 3° image increments and 

the WBP reconstruction algorithm was an acceptable optimised procedure. However, 

while significant efforts were made to reflect realistic nanoparticle morphology it was 

apparent that simplified surfaces of the nanoparticles lead to unrealistic accuracies of 

segmentation interpolation, and should be targeted for improvement in future accuracy 

assessments.  

In chapter-8, the methods developed thus far were employed to facilitate an extended 

3D study of a GTDI soot-in-oil sample. From a pool of 271 possible locations identified 

in chapter-6, 28 nanoparticles were chosen for 3D study - in addition to the 6 studied in 

chapter-5. Due to the limited number studied, these were chosen to represent the 

extremes of morphology observed in the sample so as to highlight benefits of the 3D 

method. Firstly, 3D-derived measurements were used to understand the general state of 

nanoparticles in this sample: 

 In terms of absolute 3D-volume, even the largest nanoparticle considered in 

this work was only the equivalent of 168 primary particles in size. This result 

appears modest in comparison to previous studies of exhaust and flame-

generated soots, and is consistent with relatively small values of maximum 

particle length measured in 2D in chapter-6.  

 Previous study of diesel soot-in-oil had observed that nanoparticles tended to 

be strongly 2-dimensional in structure, and in this GTDI soot-in-oil sample 

nanoparticles possessed an average 3D aspect ratio of around 2.5. Though this 

value indicates tendency towards 2-dimensionality, significant 3-

dimensionality was also observed in this sample.  

Next, a direct comparison of 2D- and 3D-derived morphological measurements was 

carried out for the 34 nanoparticles: 

 On average, deviations of 23% in volume, 35% in surface area, 18% in 

circularity, and 14% in both fractal dimension and aspect ratio were observed. 

 For most of these parameters (Vol, SA, Circ., AR), the 2D-3D deviations were 

subject to large variability depending on the particle studied, and could reach 

as high as 45-120% difference in 2D- and 3D-derived values.  
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 Measurements of fractal dimension in 2D and 3D were subject to only small 

variation, consistent with previous observation of insensitivity in chapter-4.  

 In contrast to these other results, the 2D-method for calculating radius of 

gyration was on average highly accurate in comparison to the 3D-derived value 

(only 2% difference on average).  

 In general, no strong or obvious correlations were observed between the 

accuracy of the 2D-derived values and the 3D morphology of a nanoparticle 

(e.g. smaller particles weren’t more accurately characterised in 2D than larger 

particles, or vice versa).  

 3D nanoparticle models were  used to observe the extent of variability in 

measured 2D area due to the angle of projection, resulting in an average 

variation of 59%. This value is larger than had been observed in previous 

studies of soot in 3D, and there were indications that smaller particles tended 

to observe greater variability with orientation. 

Overall, the work in this chapter represents the largest 3D study of a soot-in-oil sample 

to date, and possibly the largest study of any single sample of soot nanoparticles (34 

nanoparticles in total). Significant deficiencies in the accuracy of 2D-derived 

measurements and variability due to nanoparticles orientation show that 2D-TEM is 

fundamentally inferior to accurate 3D study. The final analysis of the sample was carried 

out based on qualitative observations of 3D morphology that could never be made using 

typical 2D methods, even if measured values of morphology were highly accurate. 

Morphological features such as rings, cavities, and arches were observable and 

quantifiable in 3D, but barely recognizable in 2D. Previous observations of rings in 3D 

study of soot had been linked to the soot formation process, while features such as 

cavities and arches may be relevant for nanofluid behaviour. Development of 3D 

reconstruction for soot presents new opportunities for enhanced understanding of the 

structure and morphology of soot nanoparticles. Though representing an important 

landmark in the development of high-throughput 3D study of soot nanoparticles, the 

work in this chapter is still limited in terms of sample size and the associated reliability 

of the observations. 

In summary, significant progress has been made in relation to the aims of the project. 

Substantial improvements to speed and throughput of electron tomography and TEM 

imaging have been achieved through a multi-faceted approach. The project culminated 

in a extended 3D study of a GTDI soot-in-oil sample, involving a total of 34 individual 

nanoparticles. Artificial ground truth in the form of soot-like models was established, 

and used to confirm that the technique was highly accurate, and that the errors of 2D-
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TEM characterisations were genuine. The extent of variability in 2D-TEM 

characterisation due to nanoparticle orientation was observed to be significant, and 

uncertainties in 2D measurements are potentially most prominent for soot-in-oil 

samples. In addition to this, comparison of 2D- and 3D-derived morphologies found 

little in the way of reliable correlations between the techniques, implying that simple 

corrections factors cannot be applied. These results confirm doubts over the efficacy of 

2D-TEM measurements, which are unlikely to diminish even in the extent of extremely 

large samples sizes. In addition to quantified improvements in characterisation 

accuracy, uniquely 3-dimensional observations were made regarding the structures of 

nanoparticles, and may in future provide insight into the formation and behaviours of 

soot nanoparticles. This work has confirmed the need for advanced 3D reconstruction 

methodologies to fully appreciate the potential impacts of soot morphology, and this 

technique now stands poised to permit large scale study of soot in 3D. 

 

9.1 – Future Work 

Despite the progress made in the optimisation of 3D-TEM in this PhD project, there are 

still ample opportunities for further improvement and development. 

 General imaging and tilt-series acquisition is somewhat limited by the 

capabilities of the equipment at the nmRC, in particular the TEM camera. New 

‘direct detection’ cameras for TEM permit much more rapid image acquisition 

and much lower beam exposure to the sample. While tilt-series and montage 

acquisition currently requires around 30-40 minutes to complete, an improved 

camera could complete the same actions within a few minutes, or less. This 

could greatly improve throughput and potentially permit acquisition of larger 

tilt-ranges, leading to higher quality 3D reconstruction. 

 Similar limitations exist in relation to automation of tilt-series and montage 

acquisition with SerialEM. While in theory full automation is possible, 

practically this was not the case. Improvement in control of the TEM with 

SerialEM or other software could facilitate full automation and could take 

advantage of cheap and efficient operation during non-peak times, and without 

a TEM operator. 

 Automated image processing was hampered by false-positive selections of non-

soot material, leading to the necessity of a manual review process. Development 

of a more accurate and adaptive image processing tool could significantly 
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decrease non-soot selections and permit fully automated 2D-TEM 

characterisation.  

 Tomogram segmentation is perhaps the most obvious areas for improvement of 

the methodology. While interpolation significantly improves speed, this step it 

is still a major bottle-neck. Development of a robust automated segmentation 

process could possibly be achieved in tandem with improved automated 2D-

TEM image processing.  

 An obvious opportunity for the employment of the 3D-TEM technique is for 

the study of typical exhaust or aerosol soot samples. The lack of high 

concentrations of non-soot material on TEM grid should dramatically improve 

the quality of automated image processing, and improve the throughput of the 

entire process. Similarly, an exciting prospect is the adaptation of the 3D-TEM 

technique for the study of non-soot nanoparticle species, potentially in the fields 

of materials science and nanotechnology.  
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Appendix 

A1 - Propagation of Missing Wedge Error: Fast Fourier 

Transforms of 2D shapes 

The concept of the missing wedge and its associated error is unquestioned in ET. The 

emphasis for the development of many advanced reconstruction algorithms is improved 

quality in spite of the missing wedge, but few studies take the time to consider how this 

source of error actually impacts their reconstructions. 

The lack of projections in Z-direction in a typical ±60° tilt-series results in a loss of 

resolution in the Z-axis [1]. The elongation in the Z-direction was described by 

Radermacher in terms of a ratio of resolution in the XY-plane and the Z-direction, 

resulting in equation-A1 [2, 3]: 

𝑒𝑥𝑧 =  √
𝛼 + sin(𝛼) cos (𝛼)

𝛼 − sin (𝛼)cos (𝛼)
 (A.1) 

 

Following this equation, the ratio of Z:X resolution (and elongation) for a ±60° single-

axis tilt-series is expected to be 1.55 (55%). 

However, Penczek and Frank [4] considered that while true for small spherical objects, 

the effects of the missing wedge will be ‘object dependent’ for more complicated 

structures. Hence, we are in a position where we know there is at least some degree of 

missing wedge elongation, and it is likely not to be 55%. Certainly, observing the 3D 

model produced for the FG soot nanoparticle in chapter-4 it is difficult to observe an 

obvious elongation as large as 55%. Also, it is somewhat uncertain how this elongation 

is expected to propagate. Is the whole tomogram stretched evenly in the Z-direction, or 

is it just the edges of the particle? 

To get a better understanding of the propagation of missing wedge effects, some short 

tests were performed using 2D objects in Fiji. In Fiji, it is easy to apply fast Fourier 

transform (FFT) filters to images, including the inverse filter. As such, we can 

essentially directly create the equivalent of the ‘full set’ of projections of an object that 

is required for tomographic reconstruction. In a ±60° tilt-series, we have missing 

information in the 3D-FT of the object in the shape of a wedge. In the FFT of a 2D 
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image, we can directly exclude this data. We can then perform an inverse FFT to observe 

the effects of that missing wedge.  

This test was performed using a variety of different shapes, to better understand how 

object complexity may affect the propagation of missing wedge effects.   

 

A1.1 - Example-1: Circle 

A binary image of a circle was used as the first example. The FFT was created, and the 

content removed in form of a missing wedge equivalent to a ±60° tilt-series. An inverse 

FFT was then performed to illustrate missing wedge propagation. 

 

Figure-A.1: Original image and FFT 

 

Figure-A.2: FFT with missing wedge, and result of inverse FFT 
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For this example, the missing edge elongation is clear to see in the Z-direction. The 

original circle was 300 px in diameter. After the missing wedge is applied, the circle 

was stretched by around 22 pixels at the top and bottom. This is equivalent to approx. 

15% stretch in the Z-direction. Including the elongated sections, the area of the shape 

measured is only 3% > the area of the original circle. 

The shape of the elongation is also interesting to see. Rather than being applied evenly 

and resulting in an ellipsoid shape, a small conical section is added to the original circle. 

By superimposing the limits of the missing wedge (in red, figure-3), it is clear to see 

that the missing wedge propagates perpendicularly to those angles. 

 

 

Figure-A.3: ‘Post-reconstruction’ (inverse FFT) of circle. Showing in green the outline of the original 

circle, and in red the limits of the missing wedge (±60°). 
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A1.2 - Example-2: Ellipses at different angles 

The next consideration was the effect of the objects shape, and its angle to the direction 

of the missing wedge. An ellipse was used to investigate whether the aspect ratio affects 

the propagation of the missing wedge. The same ellipse shape was positioned at 4 angles 

from 0-90° to the missing wedge.  

 

Figure-A.4: Showing the original, and post-missing wedge ellipses.  

 

Figure-A.5: Comparison of missing wedge elongation when major axis of the ellipse is parallel to the 

missing wedge (left), and perpendicular to missing wedge (right). 

 

The first observation is that when the major axis of the ellipse is vertical, and parallel to 

the missing wedge, the effect of elongation is very small and much less noticeable in 

comparison to the circle example. As the ellipse is rotated through 90°, the missing 
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wedge elongation becomes more prominent as it occurs over a greater proportion of the 

shape.  

 

 

Figure-A.6: Tilt-series limits superimposed onto the centre of the ellipses 

 

Figure-A.7: Application of tilt-limits (red) to edge contours of ellipses, and perpendicular angle following 

path of missing wedge blurring/elongation (green). 

 

In contrast to the circle example, when superimposing the missing wedge limits onto 

the centre of the objects they do not align perpendicularly with the elongation. However, 

by repositioning these limits onto the edges of the shape do reveal that this perpendicular 

behaviour can still be observed. Instead of thinking of the missing wedge elongation as 

occurring from the centre of the object, it actually occurs at each point in the tomogram. 

This is not unexpected, as the nature of the FFT does not directly correspond to the 
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spatial arrangement of matter in the original image. The observations of the data from 

the ellipses is that the blurring only occurs when the angle of blurring (i.e. perpendicular 

to the tilt-series limits) is more extreme than the contour of the object. As such, missing 

wedge elongation should only occur over very small areas, and therefore be relatively 

insignificant, for more complex and irregular contours. However, the blurring itself 

(aside from elongation) will still be able to alter the shape of the reconstruction from the 

true structure.  

A1.3 - Example 3: Nanoparticle Shape 

The last example studied was a soot-like shape. This was a 2D projection of one of the 

simulated aggregated models used in chapter-7. This was to provide an example of (a 

2D representation of) the effect of missing wedge elongation on a more soot-like 

contour.  

 

 

Figure-A.8: (Above) Showing soot-like contour and associated FFT. (Below) Showing FFT with missing-

wedge and result of inverse FFT.  
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For this structure, the elongation again occurs only relatively small areas at the tips of 

the particle in the Z-direction. However, there is also some visible degradation on the 

quality of the contour. This is most prominent where the contour is broad, for example 

on the lower-right underside. The elongated shape was segmented and measured in 

terms of area to quantify the effect of elongation. While the original shape possessed an 

area of 65,900 pixels, the area of the elongated shape was 2.7% larger at 67,700 pixels. 

The circularity of the shape was 0.41 originally, and 0.38 post-elongation (7.9 % larger). 

 

 

Figure-A.9: The area measured based on the ‘reconstruction’ of the particle-like contour. 

 

The very final test carried out was to apply TEM-like appearance to this particle-style 

contour. This was performed in a similar method as for the soot-like aggregate models 

in chapter-7. This was performed to check how the missing wedge blurring may alter 

depending on the contrast and resolution of the structure.  
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Figure-A.10: Particle-like contour with application of soot-like TEM contrast, noise, and blurring.  

 

From observing the images in figure-A.10, the propagation of the missing wedge is 

somewhat different to that in figure-A.8. While for the binary case the furthest extents 

of the fanning effects are clear to see against the black background, they are somewhat 

obscured in the case of the TEM-style image. However, the main elongation is very 

similar, as highlighted in figure-A.11 by superimposing the contour of the post-

elongation shape for the binary version on to the TEM-style image.  
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Figure-A.11: ROI from binary version (figure-A.9) superimposed onto result of elongated shape with 

TEM-stylings.  

 

A.1.4 - Summary 

A 2-dimensional surrogate was used to further understand the propagation of missing 

wedge elongation. It was observed that elongation was occurred only at the very vertical 

limits of the structures, and only where the angle of the contour was less than blurring 

angle. The absolute vertical length of a sphere was seen to elongate by 15%, but 

differences in overall area were less pronounced (3% increase). By using ellipsoid 

shapes it was observed that missing wedge elongation was more prominent over broader 

areas of the contour, so would be stronger for smoother objects. A soot-like shape was 

used to observe the effects of elongation on a more realistic structure. Some definition 

was lost in smoother areas leading to a change in circularity of around 8%, but overall 

change in area was again very small (<3%). TEM-like contrast reduced the prominence 
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of the outer limits of the blurring, but in terms of elongation the effect was very similar 

to the case of a binary image.  
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A.2 - Choice of Resampling Factor in BoneJ Surface 

Area Calculations 

A.2.1 - Introduction 

The calculation of surface area in BoneJ is performed via the application of a surface 

mesh to the 3D particle model [1]. This mesh is formed from triangular faces, and the 

number of triangles comprising the mesh is used to calculate the surface area. This 

calculation involves the choice of a ‘resampling factor’, which determines how large 

the mesh triangles are compared to the pixels of the model. The lowest resampling factor 

(= 1) considers every single surface of each pixel in the model, while high resampling 

factors simplify the surface. The default resampling factor in BoneJ = 6, but some 

consideration was required to account for the different resolutions of the 3D models and 

ensure a consistency in surface area calculations.  

There was concern over inappropriate choice of resampling factor, both in terms of 

being too high and too low. A very low resampling factor accounts for all outer surfaces 

of the individual surface pixels. This is not a real irregularity of the soot nanoparticle, 

however, but merely a consequence of working using digitized images. As such, low 

resampling factors will tend over-estimate the true surface area. Of course, too high 

resampling will simplify the surfaces too much and lead to underestimation of the true 

surface area. In order to guide the choice of resampling factor, it was considered that 

the primary particle represents the major source of surface irregularities in the soot 

nanoparticles. As long as the roughly spherical structure is retained, then the resampling 

factor would be considered appropriate.  

In this section, acceptable resampling factors were determined by producing 3D models 

of spheres of different sizes, to represent different scales of resolution in 3D soot 

models. The surface area of the spheres is known inherently ( SA = 4πr2), and different 

resampling factors were used to measure surface area using the ‘isosurface’ function in 

BoneJ. Comparison of the expected and observed values were used to determine 

acceptable resampling factors. 

 

 



252 
 

A.2.2 – Results: Surface Area of Spheres as a Function of 

Resampling Factor 

For the GTDI soot-in-oil sample used in this work, the mean primary particle diameter 

was determined as 33 nm. Based on the scale of the tilt-series images, this equates to 

primary particle diameters of approximately 50 to 150 pixels. For the FG soot 

nanoparticle the mean primary particle diameter was 20 nm and around 19 pixels, based 

on the scale of 1.068 nm per pixel. The resampling factors tested in the work were = 1, 

2, 4, and 6. Results are summarised in table-A.1 below: 

 

Model Known Surface 

Area (px2) 

Resampling 

factor 

Resampled Surface 

Area (px2) 

% difference vs. 

known Surface Area 

150px 

Sphere 

 

70,686 6 70,648 -0.1 

 
4 70,868 0.3 

 
2 71,347 0.9 

 
1 76,842 8.7 

100px 

Sphere 

31,416 6 31,607 0.6 

 4 31,410 -0.02 

 2 31,676 0.8 

 1 34,140 8.7 

50px 

Sphere 

 

7,854 6 7,631 -2.8 

 4 7,768 -1.1 

 2 7,884 0.4 

 1 8,537 8.7 

20px 

Sphere 

 

1,257 6 1,103 -12.3 

 4 1,175 -6.5 

 2 1,240 -1.4 

 1 1,371 9.1 

 

Table-A.1: Values of surface area of sphere models calculated using the BoneJ ‘isosurface’function 

 

These results indicate that, as expected, the use of the highest resampling factors causes 

an overestimation of the surface area of a curved shaped. This is typically around 9% 

larger than the expected value, and is due to the sharp voxel edges being into account.  

The results also highlight the effect of scale in the tilt-series/tomogram images. For the 

FG soot particle, the scale is relatively coarse. Using a sphere model only 20 px in 
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diameter shows that with resampling factor of 6, we will experience a relatively high 

level of under-appreciation of the real particle surface area. For this particle it appears 

that a resampling factor of 2 is most appropriate, at least in terms of preserving the 

spherical shape of a single primary particle. 

For the GTDI soot-in-oil sample, the finer scale in the images means that resampling 

remains accurate at higher levels. While for the lower resolution tomograms (cf. the 50 

px diameter sphere) a resampling factor of 6 results in under-estimation of around 3%, 

for the higher resolution tomograms (cf. the 150 px diameter sphere) this level of 

resampling was actually the most accurate (though it must be noted that all resampling 

factors > 1 were extremely accurate and within 1%). As higher resampling factors are 

quicker to compute, and given the small levels of underestimation expected from the 

results of this test, we conclude that a broad resampling factor of 6 is appropriate for the 

whole set of GTDI soot-in-oil particles. 
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