
UC Riverside
UC Riverside Electronic Theses and Dissertations

Title
Improved Characterization of Vehicle Fuels and Emissions for Particulate Matter Estimations

Permalink
https://escholarship.org/uc/item/057805d6

Author
Lichtenberg, William Max

Publication Date
2018
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/057805d6
https://escholarship.org
http://www.cdlib.org/


UNIVERSITY OF CALIFORNIA 
RIVERSIDE 

 
 

Improved Characterization of Vehicle Fuels and Emissions for  
Particulate Matter Estimations 

 
 
 
 
 
 

A Thesis submitted in partial satisfaction  
of the requirements for the degree of  

 
 

Master of Science 
 

in 
 

Chemical and Environmental Engineering 
 

by 
 

William Max Lichtenberg 
 

 
June 2018 

 
 
 
 
 
 
 
 
 

Thesis Committee: 
Dr. Kelley Barsanti, Chairperson 
Dr. David Cocker III 
Dr. Heejung Jung 
 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

Copyright by 
William Max Lichtenberg 

2018



 
 

The Thesis of William Max Lichtenberg was approved: 

 

 

            

 

 

            

         

 

            

           Committee Chairperson 

 

 

 

 

University of California, Riverside 

 

 



iv 
 

Acknowledgements 
 

I have great appreciation for Dr. Kelley Barsanti. Her outstanding guidance, feedback, 

and support through this project made all of this effort possible. I would also like to thank 

Dr. Georgios Karavalakis for his support and contribution to my understanding of critical 

components of this project. Special thanks are due to my colleagues Christos Stamatis 

and Patrick Roth. Christos’s aid in processing the 2D GC data and Patrick’s work the 

SOA formation made it possible for this project to be completed. I would like to thank 

Dr. Lindsay Hatch’s assistance and guidance with processing the 2D GC data. I would 

like to thank Dr. David Cocker and Dr. Hejung Jung for being a part of my Thesis 

Committee and for their contributions to this final written product. Lastly, I am grateful 

for the contributions of all my fellow researchers in the successful completion of this 

study and my Master’s degree. 



v 
 

ABSTRACT OF THE THESIS 
 

 

Improved Characterization of Vehicle Fuels and Emissions for  
Particulate Matter Estimations 

 
 

by 
 
 

William Max Lichtenberg 
 
 

Master of Science, Graduate Program in Chemical and Environmental Engineering 
University of California, Riverside, June 2018 

Kelley Barsanti, Chairperson 
 

 
In the study presented here, eight fuels and their emissions were characterized 

using 1-dimensional (1D) and 2-dimensional (2D) gas chromatography (GC); calculated 

particulate matter index (PMI) values were compared using compositional information 

from 1D vs. 2D GC, and PMI was evaluated as an estimation method for secondary 

organic aerosol (SOA) formation. Samples were sent to a commercial lab for 1D GC 

analyses and PMI determination. These eight fuels were also analyzed at University of 

California, Riverside’s College of Engineering Center for Environmental Research and 

Technology (CE-CERT) using 2D GC. The 2D GC provides improved characterization 

of the fuels over the 1D analysis. With the improved characterization, the composition of 

emissions could be refined. Part 1 of the research was to explore if this improved 

analyses by 2D GC significantly changes calculated PMI (used for estimating vehicle PM 
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based on fuel composition). As part of that effort, a method for calculating PMI was 

developed for compounds that are solely identified by chemical classification and carbon 

number (i.e., structure is unknown). The new method allows more universal application. 

While the 2D GC allowed identification of up to 50 more compounds per fuel in the 

emissions as compared to the reported results using 1D GC, calculated PMI values were 

statistically similar. 

 Vehicle emissions are a major source of precursors for SOA, thus estimating the 

potential for SOA formation from vehicle emissions is desirable. Colleagues at CE-CERT 

conducted concurrent studies to measure the SOA formed from the eight fuels. A strong 

trend between the PMI and the SOA formed was observed. However, this trend was not 

sufficiently robust to use PMI alone as a predictor for SOA formation. A modification of 

the PMI was developed, the secondary PMI, by weighting the PMI factor for each of the 

compound classes based on the contribution of each class to potential SOA formation vs. 

PMI. Application of this secondary PMI demonstrated the potential for SOA formation to 

be estimated as a function of fuel composition. Future studies will be needed to refine 

development and define applicability limits of the secondary PMI.
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Chapter 1 Introduction 

1.1 Introduction 
 

Being able to predict the rate and amount of particulate matter (PM) emitted into 

the environment is important for understanding major sources of PM and for modeling 

the concentration of PM in the atmosphere. Modeled concentrations of PM are needed 

because PM has various adverse effects on health and the environment (EPA). One of the 

major sources of PM is vehicle emissions. The amount of PM can vary based on the 

composition of the fuel combusted (Aikawa, Sakurai and Jetter 2010). There are 

approximately 1,500 different blends being sold worldwide, which vary in the amounts of 

aromatics, ethanol and other components. Thus, it is desirable to be able to estimate the 

rate and amount of PM from vehicle emissions based on the fuel composition. 

PM has severe health and environmental effects. Exposure to PM can lead to 

multiple health problems including asthma, respiratory irritation, and heart conditions; 

and in those with heart or lung disease, can even lead to premature death. The 

environmental impacts caused by PM include visibility impairment in the form of haze 

and various forms of environmental damage that include, depleting nutrients in soils, and 

contributing to acid rain effects (EPA).  

PM is characterized as being either primary or secondary. Primary PM is directly 

released into the atmosphere from the contributing source. Secondary PM forms in the 

atmosphere through complex chemical reactions; the organic portion of secondary PM is 

referred to as secondary organic aerosol (SOA). Typical compositions of PM (primary + 
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secondary) can be seen in Figure 1.1. These particles contain organics, sulfates, 

ammonium, and chloride. From Figure 1.1 it can be seen that a organics are ubiquitous 

and in most sampled locations, make up a large fraction of the total mass. Thus, it is 

important to be able to predict the contribution of various sources to the total organics in 

the atmosphere.  

 

 

Figure 1.1 Urban (blue text), rural (purple text), and major cities (black text) PM 
concentrations by chemical structure. In each pie chart, the PM is denoted: organics 
green; sulfates red; nitrates blue; ammonium orange; chlorides purple (Zhang et. Al 
2007). 
 
 
 The combustion of fuels in gasoline engines represents a significant source of PM  

(Li et. al, 2007). Combustion from gasoline engines contributes both primary PM, and the 

compounds (precursors) required for SOA formation. Different vehicle models emit 

different amounts of PM due to engine design and performance. PM emissions from 
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vehicles typically are estimated based on their classification (e.g., passenger, light-duty 

trucks, heavy-duty trucks, etc.), and do not account for differences in fuel composition. 

However the fuel type, specifically composition,  can significantly change both primary 

and secondary PM formation rates and amounts.  

Each fuel is blended based on several factors including the desired application, 

required minimum octane rating, and targeted emission reduction (Butler, A., 

Sobotowski, R., Hoffman, G., and Machiele, P.). Aromatics in fuels contribute to the 

octane rating while ethanol is added to reduce that amount of pollutants formed (Albahri 

2003). The range of the components in the fuels can vary widely, and result in significant 

changes to the emission profiles of the fuels (Khalek, I., Bougher, T., and Jetter  2010). A 

predictive model was developed by Aikawa et al. to estimate the primary PM emissions 

based on the fuel composition (Aikawa, Sakurai, and Jetter 2010).This model is called the 

particulate matter index (PMI).  The PMI is calculated by the summation of individual 

compounds’ properties; specifically, vapor pressure (V.P.) and double bond equivalent 

(DBE) as shown in Equation 1.1. Aikawa et al. sampled 1,445 globally-distributed fuels, 

with widely varying compositions, to evaluate their PMI. In Figure 1.3, the PMI 

distribution can be seen of the fuels that were tested. The relationship between PMI and 

PM emissions was found to be linear (see Figure 1.2), thus PMI was shown to be a 

reasonable predictor of PM mass emitted.  

 

𝑷𝑷𝑷𝑷 𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰 = ∑ � 𝑫𝑫𝑫𝑫𝑫𝑫𝒊𝒊+𝟏𝟏
𝑽𝑽.𝑷𝑷.(𝟒𝟒𝟒𝟒𝟒𝟒𝟒𝟒)𝒊𝒊

�𝑰𝑰
𝒊𝒊=𝟏𝟏  × 𝑾𝑾𝑾𝑾𝒊𝒊                     Equation 1.1 
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Figure 1.2 Relationship of PMI versus PM emissions (Aikawa, Sakurai and Jetter 2010) 
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Figure 1.3. PMI distribution of 1,445 various fuel samples (Aikawa, Sakurai and Jetter 
2010) 

 

 In this study, three hypotheses were explored, centered around fuel composition 

and PM formation. They are as follows: 1. 2D GC allows more comprehensive 

characterization of fuel composition, relative to 1D GC; 2. This comprehensive 

characterization allows refinement of PMI calculations; and 3. PMI can be used as a basis 

for developing a secondary PMI index to prediction SOA formation as a function of fuel 

composition.  The first hypotheses are discussed in Chapter 2, and the third in Chapter 3. 

Conclusions and future directions are summarized in Chapter 4. Overall this project seeks 

to improve predictions of PM emitted and formed from vehicle combustion as a function 

of fuel composition.  
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Chapter 2 Evaluation of Particulate Matter Indices using 2D GC for 

Fuel Characterization 

2.1 Introduction 

Characterization of fuels using 1D GC analyses leaves some fraction of the fuel as 

unidentified. The unidentified compounds in the samples do not have any defined 

properties that would allow them to be included in the calculations of PMI.  2DGC has 

the potential to improve chemical characterization of fuels, allowing the total detected 

mass to be included in PMI calculations. Therefore, in this research the benefits of using 

2D GC for compositional analyses and subsequent PMI calculation were investigated. 

Specifically, the goal of the research was to determine whether the improved chemical 

characterization provided by 2D GC (classification of every peak at least by compound 

class, and identification of a higher number of individual compounds) lead to significant 

differences in the PMI calculated for different fuels. This goal was addressed by 

comparing 1D GC compositional analysis with that determined using 2D GC for eight 

fuels of varying composition. A method for calculating the PMI contributions of 

compounds that are identified only by class and carbon number was developed.  

 

2.2 Experimental Methods 

GC was used in this project to identify the compounds of each fuel sample. GC 

methods exploit property differences in a sample to separate the individual compounds. 

1D GC and 2D GC were used for chemical analyses in this study. In 1D GC, constituents 

in the sample are separated by a single property, vapor pressure. In 2D GC, constituents 
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are separated by two properties; in this work those properties were vapor pressure and 

polarity/polarizability.     

 

2.2.1 1D GC Method 

For the 1D GC analyses, all fuel samples were sent to an external lab that 

specializes in chemical analyses of fuels, which are required for calculation of fuel 

properties including PMI. The detector used for the 1D GC analyses was a flame 

ionization detector (FID). Use of an FID detector allows quantitative determination of 

individual compounds in the fuels. The external lab returned a list of compounds, 

quantified by weight percent, that were identified either by name or by compound class 

and carbon number (in which case the specific structures are unknown). There is also 

some fraction of the fuel that remains unidentified, and the unidentified fraction is also 

quantified by weight percent. 

 

2.2.2 2D GC Method 

For the 2D GC analysis, fuels were analyzed using a LECO Pegasus 2D GC 

Time-of-Flight Mass Spectrometer (GC x GC TOF-MS). The TOF-MS detector allows 

improved identification in complex samples, relative to FID, but is not quantitative 

without the use of authentic standards.  
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2.2.3 2D GC Data Processing Methods 

The 2D GC data was processed using LECO Chomatof software. In Figure 2.1, 

the Chomatof program environment can be seen. A representative fuel, (E10-HA) with 

diverse compound peaks was extensively processed and used to create a reference 

method to aid analyses of the remaining fuels. This fuel was chosen because it had a 

higher aromatics content and mid-level ethanol concentration, and was assumed to be the 

best baseline mixture of compounds for facilitating peak identification in other fuel 

samples. Since all the fuels were analyzed by 2D GC using the same chromatographic 

settings, peaks will appear in approximately the same retention times for the same 

compounds between fuel samples. The reference method created, the peaks identified 

manually was to applied to the remaining fuel samples. Any additional compounds not 

present in the reference method were manually identified in the remaining samples.  
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Figure 2.1 Screenshot of the Chromatof-LECO workspace environment 
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Figure 2.2 2D GC chromatogram of the fuel E10-HA fuels. Compound classes tend to 
elute in bands, as identified by the circles in the figure. 
 

2.2.4 2D GC Quantification Methods 

Since the peaks identified in the 2D GC analyses could not be directly quantified, 

the 1D GC weight percentages were used to assign weight percentages to the 2D GC 

compounds. For compounds that matched by name, the 1D GC weight percent was 

directly applied. The peaks were matched using the known classifications and carbon 

number in the 1D GC analysis were matched to the 2D GC analysis. For peaks that could 

not be matched, the weight percent of the 1D GC was assumed to be relational to the 

peak area of the unmatched 2D GC analysis. This provided the 2D GC analyses with a 

weight percent for each compound identified in the fuel samples. 
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2.3 PMI Parameterization Methods 

As shown in Eq. 1.1, PMI is a function of the properties (DBE and vapor 

pressure) and quantities (by weight percent) of the compounds in the fuels. Since the GC 

x GC TOF-MS was not quantitative, the first analyses focused on development of a PMI 

factor that only considers the first term in Eq. 1.1 (based on DBE and vapor pressure). 

Contributions from all of the compounds in the fuel mixtures are needed to best estimate 

the PMI of each fuel. To be able to assign a contribution for each component, the 

properties relevant to the PMI need to be known or approximated. The DBE of the 

compounds identified only by class and carbon number can be accurately calculated 

based on known structure formation. However, the vapor pressures of these compounds 

cannot be determined. Therefore, a factor method was needed.  

The laboratory-based PMI analysis uses the retention time (RT) to estimate the 

vapor pressure of the compounds identified only by class and carbon number. That 

approach is specific to chromatographic conditions and may not hold for any variation in 

conditions specifications or hardware replacements. Therefore, this is not a practical 

approach for estimating the PMI contribution for compounds identified by class and  

carbon number only. 

For the compounds in the 2D GC analysis identified only by class and carbon 

number, a PMI factor and fitting method was developed and applied. This PMI factor was 

defined as the first term in Equation 1.1 ( Equation 2.1). 
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  𝑷𝑷𝑷𝑷𝑰𝑰 𝒇𝒇𝒇𝒇𝒇𝒇𝑾𝑾𝒇𝒇𝒇𝒇 = � 𝑫𝑫𝑫𝑫𝑫𝑫𝒊𝒊+𝟏𝟏
𝑽𝑽.𝑷𝑷.(𝟒𝟒𝟒𝟒𝟒𝟒𝟒𝟒)𝒊𝒊

�                                          Equation 2.1 

 

First, the PMI factor was calculated for all identified compounds with known 

DBE and known/estimated vapor pressures. Second, carbon number was plotted versus 

the calculated PMI factors as a function of compound class. Third, the PMI values for 

each compound as a function of carbon number were fit with an exponential trend line. 

The trend lines are shown in Figure 2.5; the parameters that are shown are the carbon 

number (x-axis) and their PMI factors (y-axis) by the classifications of compounds. Each 

value is represented by an average of the PMI factors of know compounds. Finally, the 

PMI factor fit parameters were used to approximate the PMI factor for all compounds 

that were identified by class and carbon number. This parameterization can be more 

widely used to calculate the PMI factor for any compound that is identified by class and 

carbon number.  

 

 
Figure 2.3 Average PMI factors from known compounds fitted by carbon number for each 
classification 
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In order to calculate the PMI and determine the PMI factor, the vapor pressure of 

each individual compound is needed. All of these values were obtained from the National 

Institute of Standards and Technology (NIST) online libraries. These values were 

extracted using a visual basic for applications (VBA) data miner program that was 

developed specifically for this application. See Appendix for the code and visualization 

of the spreadsheet. This program extracted relevant properties of each compound by 

searching its CAS number. The heat of vaporization, normal boiling point, and Antoine 

coefficients were among the properties extracted from the NIST web library. Using the 

Clausius-Clapeyron or Antoine coefficients, the vapor pressure for each compound was 

estimated for 443K. If the parameters for the these equations could not be applied to the 

appropriate temperature for known compounds, the PMI factor method was applied. 

 

2.4 Results and Discussion  

2.4.1 Fuel Composition 

 The eight fuels used in this study are custom blends with varying 

compositions. The main identifying compounds to distinguish each fuel are ethanol and 

aromatic content. The fuels are varied from high to low aromatic content for each ethanol 

concentration. Each fuel was given a name in reference to these compounds. The ethanol 

content was defined as “E” and the volume percentage of ethanol in the fuel. The 

aromatics are defined as high aromatic (HA) or low aromatic (LA). Table 2.1 lists the 

composition (ethanol and aromatic) of each fuel. 
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Table 2.1 Composition (ethanol and aromatics) of the sample fuels 

  Fuel Volume % 
Components Fuel 1 Fuel 2 Fuel 3 Fuel 4 Fuel 5 Fuel 6 Fuel 7 Fuel 8 

Ethanol 0 0 10 10 15 15 15 20 

Aromatics 25.9 37.8 26.2 34.8 26.1 25.6 34.8 23.6 

Name E0- 
LA 

E0- 
HA 

E10-
LA 

E10-
HA 

E15-
LA1 

E15-
LA2 

E15-
HA 

E20-
LA 

 

 

Each peak represents an individual compound in the fuel. In the 1D analysis, each 

peak was identified by name, classification and carbon number only, or unknown. The 

2D GC analyses were able to improve the separation of compounds. However, the 1D GC 

analyses were used for quantifying the compounds for the 2D GC analyses as well. 

Because of this, each peak in the 2D GC was matched to a 1D GC peak and assigned a 

weight percent. The weight percentages of identified compounds in the 1D GC and 2D 

GC analyses can be seen in Figure 2.4. 

The number of compounds that were only identified by class and carbon number 

(unknown) in the 2D GC analyses was lower than that of the 1D GC analyses. This was 

due to the improved identification in the 2D GC analyses. A portion of those compounds 

are moved from “Class and Carbon Number” to “Name” as seen in Figure 2.4. 
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Figure 2.4: (Left) 1D  GC analysis of the fuels illustrating weight percentages of 
compounds identified by name (molecular structure), identified by class and carbon 
number (no molecular structure), or unidentified. 
(Right) 2D GC analysis of the fuels illustrating weight percentages of compounds 
identified by name (molecular structure) or identified by class and carbon number (no 
molecular structure) and matched to 1D GC peaks, and compounds identified by name 
(molecular structure) or identified by class and carbon number (no molecular structure) 
and not matched to 1D GC peaks.  
 

 In addition to the distinguishing compounds, the compounds in the fuels were 

grouped into chemical classifications. Figure 2.5 shows the composition of each fuel by 

chemical classifications. The compounds that are only identified by class and carbon 

number are included in each of the classifications. The compounds that are completely 

unidentified are left in the “unidentified” classification. This unidentified class was only 

present in the 1D GC analyses. All of the peaks in the 2D GC analyses were at minimum 

identified by class and carbon number. 
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 Other than ethanol and aromatics, the classifications that had the greatest 

variances are the i-paraffins and mono-naphthenes. The effects these classifications had 

on PMI were additionally investigated. As discussed later in section 2.4.3 Fuel PMI, 

these two categories have little effect on the overall PMI of the fuels. 

 

2.4.2 Unidentified Composition 

In every fuel, there were compounds that were only identified by class carbon 

number. Furthermore, the 1D GC analyses have completely unidentified peaks while all 

the peaks in the 2D GC analyses were identified by at least class and carbon number. The 

peaks that were completely unidentified in the 1D GC were not part of the overall PMI 

Figure 2.5: 1D composition of identified compounds by class. The ‘unidentified’ 
portion was peaks that are not identified by a specified structure or class. 
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calculation for any sample. Up to 1.5 percent of the detected fuel weight was not 

identified in the 1D GC as seen in Figure 2.6.  

 

 

 

The unidentified percentage from the 1D analyses of each fuel was further 

identified in the 2D GC analyses. In all of the fuels, most of the unidentified from the 1D 

GC analyses that were identified with 2D GC had compounds that were less influential 

on PMI. Most of the aromatics and other classifications that had a greater impact were 

identified by name or class and carbon number. Refer to Figure 2.7 for the E0-HA fuel 

composition of the unidentified of the 1D GC analyses. 

Peaks that could not be matched between the 1D GC and 2D GC analyses were 

quantified using the unmatched weight percent of the 1D analysis. The ‘unmatched’ 

portion of the 1D GC analyses was assumed to be the composition as the unmatched 

Figure 2.6 Composition of compounds that were not identified by structure for each fuel  
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portion of the 2D GC analyses. This was important because the weight percentages used 

are from the 1D analysis. As shown in Figure 2.7, the E0-HA fuel contains just over 0.5 

percent of unmatched peaks. This part of the fuel was assumed to be the cumulative sum 

of the unmatched 2D GC peaks. To be able to quantify the 2D GC peaks, it was further 

assumed that the area of these unmatched peaks from the 2D GC analyses was directly 

proportional to the weight percentage. 

 

 

 

By matching peaks and estimating the weight percent of the unmatched peaks, all 

of the compounds identified using 2D GC had associated weight percentages based on 

the 1D GC results. The compounds with only known class and carbon number in the 2D 

Figure 2.7 (Left) 2D GC analyses of the unknown composition of the 1D GC ‘unknown’ 
peaks. Peaks that could not be matched between 1D GC and 2D GC analyses are labeled 
‘unmatched.’  
(Right) Classes of ‘unmatched’ peaks by class and whether the peak was associated to a 
specific compound. 
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analyses were lower than that of the 1D analysis. This allowed for a complete 

contribution of all compounds in the fuels when calculating the PMI. 

 

2.4.3 Ethanol and Aromatics Effect on PMI 

Ethanol was one of the defining characteristics of the eight fuels used in this study 

and its direct impact on the PMI was examined. Identifying the PM from ethanol 

combustion was important because ethanol was in many vehicle fuel blends.  Ethanol’s 

properties allow for the inhibition of PM emissions (Butler, A., Sobotowski, R., 

Hoffman, G., and Machiele, P, 2017). Ethanol has a high vapor pressure and a DBE value 

of 0 resulting in an extremely low PMI factor. However, ethanol can compose up to 85% 

of a single fuel (U.S. Energy Information Administration). In Figure 2.8, the ethanol 

concentration for the overall PMI for each fuel can be seen. Even in the 20% ethanol 

case, the PMI contribution was nearly 0 with no notable trend. Ethanol is blended into 

vehicle fuels to reduce PM emissions (Dongyoung Jin 2017). It was determined that 

ethanol content was insignificant in determining the overall PM produced from vehicle 

fuel combustion. 

The aromatics content was the other defining characteristic of the fuels tested in 

this study, and its specific effect on the PMI was looked into. Aromatics are important to 

vehicle fuels because they increase octane rating and typically have a higher octane 

number (T. A. Albahri 2003). The higher octane number makes aromatics an essential 

component of fuels. Aromatics are an important factor in PM formation for combustion 

(Iizuka, M., Kirii, A., Takeda, H., Watanabe, H, 2007). This makes it important to 
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determine how the aromatic content affects PM formation from combustion. The 

aromatic concentration affects the PMI a notable amount and was a significant influence 

on the overall PM emissions. In Figure 2.8, it can be seen that the aromatics 

concentration has a strong relationship to the overall PMI for each fuel. Identifying the 

aromatic content in fuels was important in establishing the potential PM emissions. 

 

 

 

Other classifications of compounds were identified in the fuels as well that 

contribute little to the PMI. The n-paraffins and i-paraffins contributed largely to the 

weight percent for each fuel. However, these compounds contribute very little to the PMI. 

Naphthalene and naptheno/olefins-benzenes were also notable classes of compounds in 

the fuels in regards to PMI. Even though these were minor fractions of the composition of 

Figure 2.8 Relation between Ethanol and Aromatics versus their corresponding PMI 
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the fuel, they contributed significantly to PMI as seen in Figure 2.9. The relational effect 

of weight percent composition to PMI % contribution can be found in Figure 2.9, and in 

appendix 2.6 Additional Figures. 

 

 

 

 

2.4.4 PMI and Primary Emissions 

The PMI provides an estimation method for the primary PM emissions from fuel 

combustion in a vehicle based on the fuel composition. The PMI has a linear relationship 

to the PM number in the emissions. The mass of PM in the emissions also have a linear 

relationship the PMI. This was apparent as seen in Figure 2.10. Lower PMI fuels would 

need to be tested to show the non-linear portion of this trend. However, vehicles may not 

be able to run on fuels in this lower PMI range. Therefore, it may not be necessary to 

model fuels with this low of PMI. The E0-HA fuel appears to be an outlier. This fuel has 

Figure 2.9 PM index of each fuel. Each class of compound was shown with their 
contribution to the total PM index 
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the highest PMI of the fuels tested, but the mass emissions of PM were much lower than 

expected.  

 

Figure 2.10 The amount of primary PM as a function of PMI. 

 

2.4.5 1D and 2D PMI of Identified Composition  

The PMI was calculated based on both 2D GC and 1D GC compositional analyses 

including compounds identified by name as the first part of the PMI determination 

process. This does not provide the complete PMI contributions, but is a significant 

portion and is import to look at with more detail. This process started with only using the 

identified portion of the fuel analyses. Based on compounds that could be identified by 

name, the PMI increased by up to 4.67 percent. This was represented in Table 2.2 for 

each fuel. The 1D PMI’s were manually calculated in the same manner and using the 

same vapor pressures used in the 2D analyses to provide accurate comparisons. Based 
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solely on known compounds, this would be a significant improvement to PMI 

calculations and PM emission estimations. The overall PMI contributions are discussed 

further in the next section. 

 

Table 2.2 PMI contributions of compounds identified by name based on1D and 2D 
analyses  

  Only includes compounds identified by name   

Fuel 
%Wt 

included in 
1D PMI 

1D PMI 
%Wt 

included in 
2D PMI 

2D 
PMI 

% Change in 
PMI from 1D to 

2D 
E0-LA 96.59 1.54 98.69 1.61 4.67 
E0-HA 95.13 2.08 97.77 2.17 4.28 
E10-LA 95.44 1.55 97.06 1.60 2.88 
E10-HA 96.28 1.91 97.60 1.96 2.69 
E15-LA1 96.60 1.48 97.77 1.51 2.54 
E15-LA2 96.64 1.56 97.81 1.61 3.52 
E15-HA 95.77 1.90 97.00 1.95 2.69 
E20-LA 96.63 1.41 98.05 1.45 2.76 

 

 

2.4.6 1D and 2D PMI of Overall Fuel Composition  

Compounds that were identified by compound class and carbon number were 

considered in the calculation of PMI for all the fuels. The PMI values were compared 

using the PMI factor method developed for the compounds with known class and carbon 

number (see section xyz). In most cases, the difference in the PMI values based on the 2D 

analyses was less than one percent as seen in Table 2.3.  
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The external lab that provided the 1D GC characterization of the fuels also 

calculated PMI using Equation 1.1. For their compounds identified by class and carbon 

number, they use the retention time to estimate vapor pressures and this method would 

require new estimations if any experimental parameters were to change. Whereas the 

PMI factor method could be applied to any GC characterization as long as the 

classification and carbon number can be identified. In Table 2.3, the comparison between 

the PMI estimation methods can be seen. They are similar and indicate the PMI factor 

method could be an accurate replacement. This could lessen the effort required to 

calculate PMI. 

 

Table 2.3 Comparison between external laboratory and PMI factor calculations and 1D 
and 2D PMI comparisons 

Fuel 1D PMI 
(Lab) 

1D PMI 
(Calc)  

% difference 
1D PMI 

(Lab) 

2D PMI 
(Calc) 

 % difference 
from 1D (Calc) 

E0-LA 1.80 1.79 -0.51 1.80 0.26 
E0-HA 2.39 2.38 -0.48 2.40 0.82 
E10-LA 1.95 1.79 -7.95 1.80 0.43 
E10-HA 2.21 2.19 -1.09 2.20 0.80 
E15-LA1 1.78 1.64 -7.67 1.65 0.47 
E15-LA2 1.82 1.79 -1.40 1.81 0.77 
E15-HA 2.16 2.10 -2.99 2.12 1.12 
E20-LA 1.67 1.62 -2.78 1.63 0.40 

 

 

The 2D GC analyses provides minimal improvement over 1D GC analysis. With 

the additional identification from the 2D GC, the greatest change in PMI was 1.12 

percent. The additional effort required for 2D analyses for PMI estimations would not be 
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effective for this implementation. From a characterization standpoint, however, 2D GC 

analyses would be a considerable improvement. 

 

2.4.7 Techniques for Further Improvement 
 

In this project, one of the largest difficulties was quantifying compounds using the 

2D GC. A calibration method was attempted but ultimately did not provide the accuracy 

needed. The calibration method involved a standard solution with compounds and known 

quantities. The standard solution was diluted three times and 2D GC analyses was 

performed on each of the concentrations. These yielded a calibration curve for each of the 

131 compounds. Due to the lack of diversity in the standard solution, not all compounds 

could be quantified. This could be overcome by using an (FID) to give concentrations for 

each peak or by running more standards. The fuels do not require sampling in parallel, 

therefore an MS can be run followed by changing out the MS for an FID run under the 

same GC run parameters. This would be the ideal setup to improve upon this project. 

The parameters used for the 2D GC program were tuned to a liquid hydrocarbon 

mixture. Some of the later compounds, namely naphthalenes, were not thoroughly 

detected by this 2D GC program. The program could be adjusted to help pick up on these 

compounds in the fuels.  

 

2.5 Summary 

The 2D GC analyses provided an improvement over the 1D GC analyses with 

regard to chemical characterization of fuels for PMI estimations, but the effect on 
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calculated PMI values was minimal. The 2D analyses was not enough of an improvement 

compared to the cost and effort required to perform the analyses on fuels using 1D GC 

equipment and techniques to justify the more comprehensive analysis. Even though for 

PMI estimations the 1D GC was more feasible, for overall characterization of fuels, the 

2D GC analyses provide much better insight on characterization of the fuels.  

The PMI factor method developed was comparable to the vapor pressure 

estimation performed by the external lab. The PMI factor approach was more 

comprehensive in the applicability, and can be a more effective means of estimating the 

PMI contributions of the compounds that are only known by class and carbon number. It 

could be a suitable replacement for the currently used method for estimating the PMI for 

vehicle fuels. 
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2.6 Additional Figures 

 

 

Figure 2.11 Influence of various classifications of compounds on PMI.  

 

 

 

Figure 2.12 Screenshot of an example of matching 1D GC peaks to 2D GC peaks (Red 
cells are not directly matched by name in 1D GC, green cells are directly matched in 2D 
GC to 1D GC, yellow cells are additional compounds identified in 2D GC, purple cells 
are compound in 2D GC that are co-eluted). 
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2.7 Additional Tables 

Table 2.4 Trend fitting variables for classifications of compounds using an exponential fit   
y = ae^(bx) 

Class a b R2 
I-Paraffins 2.25E-05 0.581 0.997 
Iso-Olefins 3.88E-05 0.614 0.982 
Mono-Aromatics 3.41E-04 0.519 0.979 
Mono-Naphthenes 6.42E-05 0.575 0.994 
Naphthalenes 7.67E-05 0.798 0.992 
Naphtheno/Olefino-Benzs 7.11E-04 0.502 0.869 
Naphtheno-Olefins 1.01E-04 0.579 0.996 
n-Olefins 5.84E-05 0.579 0.998 
n-Paraffin 2.76E-05 0.585 0.996 
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Chapter 3 Development of a Secondary Particulate Matter Index 

3.1 Introduction 

Vehicle fuel combustion products are a major source of SOA precursors (EPA). 

Similar to primary PM emissions, the subsequent amount of SOA formed can differ 

greatly based on the composition of the fuel combusted. To predict this variability, a 

method for estimating the potential amount of SOA formed from combustion as a 

function of fuel composition was developed. PMI is influenced heavily by naphthalenes, 

aromatics and naphtheno/olefino-benzs. The SOA formation potentials of these 

compound classifications were investigated to determine similarities and differences with 

their contribution to PMI. The SOA formation potentials of the remaining classifications 

of compounds were additionally investigated. This provided a starting point for 

developing an estimation method for SOA from vehicle emissions based on fuel 

composition.  

 

3.2 Experimental Methods 

3.2.1 Vehicle and Instrumentation 

Raw fuel and emissions samples were collected for eight different fuels, using a 

single vehicle and test cycle to isolate the differences in fuel compositions and 

subsequent effects on emissions and PM formation. The vehicle was a 2017 Ford Focus 

SE, run on the LA92 driving cycle for each experiment (see Figure 3.1). This cycle 

consists of a cold start, aggressive driving characteristics, hot soak, then a hot start with a 

repeat of the cycle of the first phase. The cold start involves the vehicle being completely 
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cold upon ignition. A cold start is defined as all components and fluids in the vehicle are 

allowed sufficient time to cool to room temperature before ignition. The aggressive 

driving characteristics represent the typical driving conditions in the Los Angeles basin. 

Then the vehicle was turn off for the hot soak, followed by a repeat of the first segment 

of the driving cycle. Samples were only taken during the times the vehicle was running to 

avoid excess background contamination. 

 

 

Figure 3.1 LA92 driving cycle with each phases labeled.  

 

Emissions were diluted in a CVS, and following the drive cycle, from the CVS 

were collected in a 30 m3 mobile chamber for photooxidation studies of SOA formation. 

Emissions were sampled from the CVS, and in the mobile chamber before 

photooxidation occurred.  
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3.2.2 Sampling Methodology 

Each sample was collected onto an adsorption-thermal desorption (ATD) 

cartridge. These cartridges are used to collect the gas phase constituents. The cartridges 

are composed of a dual-sorbent bed, Tenax and Carbograph. The dual-sorbent bed allows 

for collection of  VOCs. After samples were collected, they were sealed and stored at less 

than 0o C to prevent evaporative losses prior to analysis by 2D GC TOF-MS. 

One ATD cartridge was used for each test. The CVS samples are collected after 

the emissions are diluted with clean air. Sampling only occurred during the driving 

cycling in which the vehicle was operating. Sample collection was paused during the hot 

soak portion of the driving cycle to limit background contamination. The mobile chamber 

samples were taken after the chamber was transported to its light controlled testing area. 

The samples were taken prior to photolytic oxidation of the emissions in the chamber.  

The sampling setup for both the CVS and chamber were performed in the same 

manner. A Teflon line was connected to the sampling port in each respective location. 

This line was connected to a polytetrafluoroethylene (PTFE) filter placed in a filter 

holder. This filter was used to remove any particles and prevent damage to the cartridges. 

Next, the cartridges are placed in line followed by a rotameter to control the flowrate. A 

vacuum pump was used to pull the sample through the sampling line. In Figure 3.2, the 

setup can be seen. See Appendix for complete testing details for each sample. Additional 

background samples were taken from both the CVS and the mobile chamber to 

distinguish between compounds in the background from the samples.  



34 
 

 

 

Figure 3.2 Sampling setup for CVS and mobile chamber experiments 

 

3.2.3 Fuel Composition 

Eight fuels with a varying aromatic and ethanol concentrations were tested to 

explore the effects of fuel composition on SOA formation. The eight fuels were analyzed 

using the methods described in section 2.2. Detailed compositional characterization is 

described in section 2.4.1. While comparisons were made between the composition of 

raw fuel and emissions to better understand the links between fuel composition, 

combustion, and SOA formation, the emissions composition was not used to develop the 

PMI.  

 

3.2.4 Sample Normalization Procedures 

 Peak areas  were normalized to correct for different collected volumes between 

samples. Collection volumes vary with collection duration and flow rates for sampling. 

The differences in collection duration were from human limitation in timing valve 
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opening and closing in coordination with the vehicle testing. The differences in 

volumetric flow rates were attributed either to sorbent tubes having too great a pressure 

drop, or the vacuum pump not being able to pull enough flow through the testing 

apparatus for the desired flow rate. See the Appendix for the complete list of samples 

with sampling times, flow rates, and other comments. In order to correct for these minor 

differences between tests, the final peak areas from the 2D GC analysis were normalized. 

This was done by first calculating the total volume sampled for each cartridge. Next, the 

sample with the highest sampled volume was used as the baseline volume.  The 

remaining samples were corrected to that volume by applying a normalization factor to 

the final peak areas. This facilitates direct comparison of the samples. 

  

3.3 Results and Discussion 

3.3.1 Emissions Analysis 

 Figure 3.3 illustrates the compounds that were identified in both the chamber and 

the CVS, as well as those identified in only the chamber or the CVS, following 

background correction. From Figure 3.3 it can be seen that as designed, the CVS to 

chamber dilution method is likely not introducing or losing a significant number of 

compounds. The peak areas by chemical classification, following background 

subtraction, are shown in Figure 3.4 for the CVS and mobile chamber. The background 

was removed from each sample using the methods described in section 3.2.4.  
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Figure 3.3 Compositional comparison between the CVS and mobile chamber for fuel 3. 

 

 

Figure 3.4 Normalized peak areas for the CVS (top) and mobile chamber (bottom) 
samples. 
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3.3.2 Secondary PMI Development 

Many of the same compound classes that influence primary PM formation via 

combustion also affect SOA in a similar matter (Dechapanya et. Al). Seen in Table 3.1, 

the SOA formed varies significantly from only changing the fuel composition being 

combusted. This prompted evaluating the PMI index in comparison to the SOA 

formation. Seen in Figure 3.5, there was a strong correlation between the SOA and PMI. 

However, there still appears to be other influences on the overall SOA formation other 

than the characteristics that determine the PMI alone.  

 

 

Figure 3.5 PMI relationship to SOA formation 
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Table 3.1 The amount of SOA formed for each fuel under identical combustion 
conditions 

Fuel E0-
LA 

E0- 
HA 

E10- 
LA 

E10-
HA 

E15-
LA1 

E15-
LA2 

E15-
HA 

E20- 
LA 

SOA 
(mg/mile) 1.97 1.85 1.43 2.15 0.95 1.53 2.11 1.02 

 

 

There is a strong correlation between the fuel composition, primary PM 

emissions, and SOA formation potential. The various classifications of component 

classifications have similar relative contributions between SOA formation and PM 

emissions (Grosjean 1989). Grosjean investigated the SOA formation potentials of 

various compounds using a fractional aerosol coefficient (FAC). The FAC is defined as 

the ratio of aerosol from reactive organic gasses (ROG) to initial ROG. The FACs for the 

various classifications of compounds were compared to the PMIs of the same compounds 

classifications. Only compounds that were had both a PMI factor and an FAC value were 

used in the comparison. As seen in Figure 3.6, the relative contributions were similar 

between PMI and FAC. This established that PMI would be a good base for developing a 

secondary PMI.  
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Figure 3.6 FAC and PMI contribution fractions by classification of compounds 

 

The differences  in the classifications’ effect on FAC and PMI seen in Figure 3.6 

were important determining the secondary PMI. The PMI was the starting point for 

aligning the PMI and SOA correlation, but an additional factor was needed to be applied 

to the overall PMI equation for the secondary PMI.  The relationship between the SOA 

formation potential defined as the FAC and the PMI was calculated as a SOA scaling 

factor. This SOA scaling factor was applied to the PMI to create a secondary PMI.  The 

SOA scaling factors for each classification of compound can be seen in Table 3.2.  
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Table 3.2. Normalized FAC and PMI factors and the influence of the SOA scaling factor. 
 

Classification 
Normalized 

FAC 
Normalized 
PMI Factor 

FAC/PMI Ratio  
(SOA Scaling Factor) 

n-Paraffin 0.070 0.066 1.061 
I-Paraffins 0.016 0.005 3.167 
Mono-Aromatics 0.086 0.086 0.996 
Naphthalenes 0.411 0.661 0.623 
Naphtheno/Olefino-Benzs 0.102 0.116 0.878 
Mono-Naphthenes 0.064 0.017 3.774 
n-Olefins 0.074 0.030 2.493 
Iso-Olefins 0.095 0.011 8.519 
Naphtheno-Olefins 0.082 0.005 15.144 
Oxygenates N/A 0.002 1* 

*No FAC data was available for oxygenates. A ratio of 1 was assumed. 

 

 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑃𝑃𝑃𝑃𝑃𝑃 = � �
𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖 + 1

𝑉𝑉.𝑃𝑃. (443𝐾𝐾)𝑖𝑖
�

𝑠𝑠

𝑖𝑖=1
 ×𝑊𝑊𝑊𝑊𝑖𝑖 × SOA 𝑆𝑆𝑆𝑆𝑖𝑖 

Equation 3.1  

 

The secondary PMIs were calculated from equation 3.1 for each of the fuels. 

These secondary PMI values were plotted against the SOA formed for each of the fuels. 

The trend of the fit for the secondary PMI compared to the SOA formed from the 

combustion of the all fuels can be seen in Figure 3.7. There is a good correlation between 

the secondary PMI and the SOA formed from experiments for each of the fuels. 

However, the E0-HA fuel appears to be an outlier. The remaining data points are along a 

similar trend line. 
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Figure 3.7 Secondary PMI relationship to SOA formation 

 

The E0-HA was removed from the secondary PMI and SOA relationship and 

plotted. This lone data point appears to be an outlier with respect to the remaining data 

points. As with the primary PM emissions, the E0-HA fuel appears to be an outlier in the 

primary PM emissions in respect to what was predicted in Figure 2.10 as well. This 

established that the E0-HA fuel is likely to be an outlier. Even though it still be 

considered, there is enough evidence for demonstrating the secondary PMI vs SOA 

relationship without the E0-HA data point. Illustrated in Figure 3.8, the trend between the 

secondary PMI and SOA formation fits a linear trend line well without the E0-HA fuel. 

This established a promising starting point for further development and application of the 

secondary PMI. 
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Figure 3.8 Secondary PMI relationship to SOA formation excluding the E0-HA fuel 

 

 

3.3.3 Future Research for Further Improvement 

A way to improve this study would be obtaining more data sets. Future research 

would apply the methods described in Chapter 3 to more fuels. With more data points and 

fuels tested, the secondary PMI can be further investigated to potentially shown to be 

more widely applicable. Also, the additional SOA testing would need to be more strictly 

controlled such that the dilutions and initial concentrations of the precursors would better 

known. This would confirm the SOA formed and measured would be comparable 

between tests.   

Another way to expand on this study would be with more variability in fuels. The 

limited data set only provided an insight to the overall characteristics and trends between 
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SOA formation and the PMI. Fuels with lower secondary PMI can be investigated to see 

if how the linear trend is affected. With the current data set, only ranges within the 

represented data would be applicable to this linear fit. However, over 70 percent of fuels 

would fall within this applicable range as seen in Figure 1.3. The secondary PMI could 

also be refined more for better predictions to be used in models. Once it is shown that it 

can be accurately repeated with the same fitting methods, the secondary PMI could vastly 

improve the estimation abilities of SOA formation from vehicle emissions. 

 

3.4 Summary 

SOA formation of varying fuel composition as result of gasoline combustion in 

vehicles can be estimated using a secondary PMI. The effects of components that effect 

primary PM formation from this source have a similar effect on SOA formation. This led 

to the hypothesis that the established method for estimating primary PM emissions based 

on fuel composition (PMI) could be a starting point for a developing a secondary PMI. 

This secondary PMI developed was shown to have a good relationship for estimating the 

SOA formation potential of fuels based on their compositions. 
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3.5 Additional Figures 

 

Figure 3.9 SOA formation for each fuel with fuel classification composition of the raw 
fuel with their calculated PMI’s. 
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Chapter 4 Conclusions 

The PMI was examined to determine if 2D GC analyses provided enough 

additional information over 1D GC to warrant using the 2D GC for future analysis. The 

characterizations from 1D and 2D instrumentation were compared and the PMI 

determined for both. While the 2D provided improved characterization, the contributions 

the 2D GC provided to the PMI was minimal. The method developed for assigning PMI 

contributions for compounds identified by class and carbon number could be used to 

improve the way PMI is calculated though. The PMI factor developed can be applied 

more comprehensively compared to the vapor pressure estimations of the peaks identified 

by class and carbon number. This would lead to effective way of estimating PMI 

contributions of compounds only know by classification and carbon number. 

A secondary PMI was developed to estimate the amount of SOA formed from 

combustion of fuels in vehicles based on the fuel composition. This secondary PMI 

incorporated the PMI with enhanced fitting parameterization. While further study and 

data sets are needed to refine the secondary PMI, the equations applied and methods 

performed showed that there was a distinctive relationship between fuel composition and 

SOA formation. 

 To implement both the PMI and secondary PMI to all vehicles, the vehicles must 

be placed into categories. Without this categorization of vehicles, each vehicle would 

require testing of multiple fuels. This would not be a feasible approach. The 

categorization would make is feasible for the testing requirements needed and drastically 

reduce the number of tests required. These classifications could be the same as that of 
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current modeling programs as described in Chapter 1. This would provide a more 

comprehensive estimation of PM concentrations in the atmosphere from vehicle 

combustion sources. 
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Appendices 
 

Figure A1. VBA code for NIST data miner 

Private Sub NISTLU() 
    'variables 
    Dim i As Long 
    Dim IE As Object 
    Dim objElement As Object 
    Dim objCollection As Object 
    Dim WS As Worksheet 
    Dim lastRow, indx As Integer 
    Dim casNum, casnum2 As String 
    
    'get last row of entires, counts all entries in field 
    With ActiveSheet 
        lastRow = .Cells(.Rows.Count, "A").End(xlUp).Row 
    End With 
     
    'loops through all CAS #'s 
    For j = 3 To lastRow 
                   
        'gets CAS Number 
        casNum = Worksheets("CAS LIST").Range("B" & j).Value 
        'name for sheet per CAS 
        casnum2 = Worksheets("CAS LIST").Range("A" & j).Value 
                
       'Create new sheet for NIST Data per CAS 
       With ThisWorkbook 
           Set WS = .Worksheets.Add(After:=.Sheets(.Sheets.Count)) 
       End With 
       'Set sheet name to CAS number (excluding dashes) 
       WS.Name = casnum2 
     
      'Copy Thermo Phase Data from webpage into workbook per CAS 
      With 
WS.QueryTables.Add(Connection:="URL;http://webbook.nist.gov/cgi/cbook.cgi?ID=C" 
_ 
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      & casNum & "&Units=SI&Mask=4#Thermo-Phase", Destination:=Range("$A$1")) 
           .Name = "cbook.cgi?ID=C71432&Units=SI&Mask=4#Thermo-Phase" 
           .FieldNames = True 
           .RowNumbers = False 
           .FillAdjacentFormulas = False 
           .PreserveFormatting = True 
           .RefreshOnFileOpen = False 
           .BackgroundQuery = True 
           .RefreshStyle = xlInsertDeleteCells 
           .SavePassword = False 
           .SaveData = True 
           .AdjustColumnWidth = True 
           .RefreshPeriod = 0 
           .WebSelectionType = xlEntirePage 
           .WebFormatting = xlWebFormattingNone 
           .WebPreFormattedTextToColumns = True 
           .WebConsecutiveDelimitersAsOne = True 
           .WebSingleBlockTextImport = False 
           .WebDisableDateRecognition = False 
           .WebDisableRedirections = False 
           .Refresh BackgroundQuery:=False 
       End With 
     
    'loop 
    Next j 
     
End Sub 
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Figure A2. NIST data miner screenshot 
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Figure A3. Sampling Cartridges Test Conditions 
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Figure A3 Cont. Sampling Cartridges Test Conditions 

 

 


	Chapter 1 Introduction
	1.1 Introduction
	1.2 References

	Chapter 2 Evaluation of Particulate Matter Indices using 2D GC for Fuel Characterization
	2.1 Introduction
	2.2 Experimental Methods
	2.2.1 1D GC Method
	2.2.2 2D GC Method
	2.2.3 2D GC Data Processing Methods
	2.2.4 2D GC Quantification Methods

	2.3 PMI Parameterization Methods
	2.4 Results and Discussion
	2.4.1 Fuel Composition
	2.4.2 Unidentified Composition
	2.4.3 Ethanol and Aromatics Effect on PMI
	2.4.4 PMI and Primary Emissions
	2.4.5 1D and 2D PMI of Identified Composition
	2.4.6 1D and 2D PMI of Overall Fuel Composition
	2.4.7 Techniques for Further Improvement

	2.5 Summary
	2.6 Additional Figures
	2.7 Additional Tables
	2.8 References

	Chapter 3 Development of a Secondary Particulate Matter Index
	3.1 Introduction
	3.2 Experimental Methods
	3.2.1 Vehicle and Instrumentation
	3.2.2 Sampling Methodology
	3.2.3 Fuel Composition
	3.2.4 Sample Normalization Procedures

	3.3 Results and Discussion
	3.3.1 Emissions Analysis
	3.3.2 Secondary PMI Development
	3.3.3 Future Research for Further Improvement

	3.4 Summary
	3.5 Additional Figures
	3.6 References

	Chapter 4 Conclusions
	Appendices



