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Abstract  

Organic particulate matter represents a significant fraction of sub-micrometer atmospheric aerosol 

mass. However, organic aerosol (OA) consists of thousands of different organic compounds 

making the simulation of its concentration, chemical evolution, physical and chemical properties 

extremely challenging. The identity of the great majority of these compounds remains unknown. 

The volatility of atmospheric OA is one of its most important physical properties since it 

determines the partitioning of these organic compounds between the gas and particulate phases. 

The use of lumped compounds with averaged properties is a promising solution for the 

representation of OA in atmospheric chemical transport models. The two-dimensional volatility 

basis set (2D-VBS) is a proposed method used to describe OA distribution as a function of the 

volatility and oxygen content of the corresponding compounds.  

In the first part of the work we evaluate our ability to measure the OA volatility distribution using 

a thermodenuder (TD). We use a new method combining forward modeling, introduction of 

‘experimental’ error and inverse modeling with error minimization for the interpretation of TD 

measurements. The OA volatility distribution, its effective vaporization enthalpy, the mass 

accommodation coefficient and the corresponding uncertainty ranges are calculated. Our results 

indicate that existing TD-based approaches quite often cannot estimate reliably the OA volatility 

distribution, leading to large uncertainties, since there are many different combinations of the three 

properties that can lead to similar thermograms. We propose an improved experimental approach 

combining TD and isothermal dilution measurements. We evaluate this experimental approach 

using the same model and show that it is suitable for studies of OA volatility in the lab and the 

field. 

Measurements combining a thermodenuder (TD) and a High Resolution Time-of-Flight Aerosol 

Mass Spectrometer (HR-ToF-AMS) took place during summer and winter in Paris, France as part 

of the collaborative project MEGAPOLI and during the winter of 2013 in the city of Athens. The 

above volatility estimation method with the uncertainty estimation algorithm is applied to these 

datasets in order to estimate the volatility distribution for the organic aerosol (OA) and its 

components during the two campaigns. The concentrations of the OA components as a function of 

temperature were measured combining data from the thermodenuder and the aerosol mass 

spectrometer (AMS) with Positive Matrix Factorization (PMF) analysis. Combining the bulk 
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average O:C ratios and volatility distributions of the various factors, our results are placed into the 

two-dimensional volatility basis set (2D-VBS) framework. The OA factors cover a broad spectrum 

of volatilities with no direct link between the average volatility and average O:C of the OA 

components. An intercomparison among the OA components of both campaigns and their physical 

properties is also presented. 

The approach combining thermodenuder and isothermal dilution measurements is tested in smog 

chamber experiments using OA produced during meat charbroiling. The OA mass fraction 

remaining is measured as a function of temperature in the TD and as a function of time in the 

isothermal dilution chamber. These two sets of measurements are used together to estimate the 

volatility distribution of the OA and its effective vaporization enthalpy and accommodation 

coefficient. In the isothermal dilution experiments approximately 20% of the OA evaporate within 

15 min. In the TD almost all the OA evaporated at approximately 200oC. The resulting volatility 

distributions suggest that around 60-75% of the cooking OA (COA) at concentrations around 500 

μg m-3 consists of low volatility organic compounds (LVOCs), 20-30% of semi-volatile organic 

compounds (SVOCs) and around 10% of intermediate volatility organic compounds (IVOCs). The 

estimated effective vaporization enthalpy of COA is 100 ± 20 kJ mol-1 and the effective 

accommodation coefficient is around 0.05. The characteristics of the COA factor from the Athens 

campaign are compared to those of the OA produced from meat charbroiling in these experiments. 

In the next step, different parameterizations of the organic aerosol (OA) formation and evolution 

in the two-dimensional Volatility Basis Set (2D-VBS) framework are evaluated using ground and 

airborne measurements collected in the 2012 Pan-European Gas AeroSOls-climate-interaction 

Study (PEGASOS) field campaign in the Po Valley, Italy. A number of chemical schemes are 

examined, taking into account various functionalization and fragmentation pathways for biogenic 

and anthropogenic OA components. Model predictions and measurements, both at the ground and 

aloft, indicate a relatively oxidized OA with little average diurnal variation. Total OA 

concentration and O:C ratios were reproduced within experimental error by a number of chemical 

aging schemes. Anthropogenic SOA is predicted to contribute 15-25% of the total OA, while SOA 

from intermediate volatility compounds oxidation another 20-35%. Biogenic SOA contributions 

varied from 15 to 45% depending on the modeling scheme. The average OA and O:C diurnal 

variation and their vertical profiles showed a surprisingly modest sensitivity to the assumed 
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vaporization enthalpy for all aging schemes. This can be explained by the intricate interplay 

between the changes in partitioning of the semivolatile compounds and their gas-phase chemical 

aging reactions.  

The same set of different parameterizations of the organic aerosol (OA) formation and evolution 

in the two-dimensional Volatility Basis Set (2D-VBS) framework are evaluated using ground 

measurements collected in the 2013 PEGASOS field campaign in the boreal forest station of 

Hyytiälä in Southern Finland. The most successful is the simple functionalization scheme of 

Murphy et al. (2012) while all seven aging schemes have satisfactory results, consistent with the 

ground measurements. Despite their differences, these schemes predict similar contributions of the 

various OA sources and formation pathways. Anthropogenic SOA is predicted to contribute 11-

18% of the total OA, while SOA from intermediate volatility compounds oxidation another 18-

27%. The highest contribution comes from biogenic SOA, as expected contributing 40 to 63% 

depending on the modeling scheme. The primary OA contributes 4% while the SOA resulting from 

the oxidation of the evaporated POA varies between 4 to 6%. Finally, 5-6% is according to the 

model the results of long range transport from outside the modeling domain.  
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Figure 1.1 Aerosol size and comparison with typical human hair (image courtesy of the US 
EPA). 

1.1 Atmospheric aerosols 

The Atmospheric aerosol consists of airborne solid or liquid particles with sizes from a few 

nanometers to tens of micrometers. These particles are emitted directly (primary aerosol) or formed 

through gas/particle conversion processes in the atmosphere (secondary aerosol). Atmospheric 

particles are classified based on their size as fine particulate matter (PM) that is composed of 

particles with diameters smaller than 2.5 μm, coarse PM with diameters larger than 2.5 μm, and 

ultrafine particles with diameters smaller than 0.1 μm (Figure 1.1). They are usually removed from 

the atmosphere through deposition at the Earth’s surface (dry deposition) and incorporation into 

cloud droplets during precipitation (wet deposition). These removal mechanisms, wet and dry 

deposition, lead to their relatively small average residence times in the atmosphere from a few 

days to a few weeks.  

 

 

 

 

 

 

 

 

Several epidemiological studies have shown that atmospheric PM can increase rates of respiratory 

and cardiovascular diseases and exposure to high concentrations can cause premature death (Nel 

et al., 2005; Pope and Dockery, 2006, Pope et al., 2009; Caiazzo et al., 2013). This has resulted to 

the need for legislation of ambient PM levels. The average annual PM2.5 standard for the EU is 25 
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μg m-3 compared to the 12 μg m-3 annual US standard. For particles with diameters smaller than 

10 μm (PM10) the annual EU standard is 40 μg m-3 and the daily standard 50 μg m-3.  

Aerosols affect visibility creating “haze events” in high concentrations in polluted areas. 

(Figure 1.2). Aerosols have also direct and indirect effects on climate. They absorb and scatter 

solar radiation (direct effect). Particles containing black carbon or mineral dust are significant 

absorbers. All other particles scatter solar radiation back into space leading to an increase of the 

Earth’s albedo and thus have a cooling net effect (Seinfeld and Pandis, 2006). Atmospheric 

particles can also act as nuclei on which water can condense forming cloud droplets, influencing 

the properties and lifetime of clouds (indirect effect) (IPCC, 2014). 

 

 

  

 

 

Figure 1.2 Change of visibility for Patras, Greece for: (a) a day with PM10= 20 μg m-3 and (b) a 
day with PM10= 50 μg m-3

. 

Aerosols contain a wide variety of inorganic and organic compounds, with organics often 

representing more than 50% of their submicron mass (Zhang et al., 2007; Jimenez et al., 2009). 

Organic aerosol (OA) originates from many different natural and anthropogenic sources and 

processes. It can be emitted directly, e.g. from fossil fuel and biomass combustion (so called 

primary organic aerosol, POA) or formed during the atmospheric oxidation of volatile, 

intermediate volatility and semivolatile organic compounds (secondary organic aerosol, SOA). 

Since the oxidation pathways for organic vapors are complex and the reactions lead to hundreds 

or thousands of oxygenated products, our understanding of organic aerosol formation mechanisms 

and the OA chemical and physical properties is still incomplete. Thus, there is limited knowledge 

of the sources, chemical evolution, and physical properties of OA due to the complexity of the 

mostly unknown thousands of organic compounds that OA particles contain. These uncertainties 

(a) (b) 
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Figure 1.3 Schematic design of a thermodenuder (An et al., 2007) 

 

often lead to erroneous predictions of OA concentrations by chemical transport models (Gaydos 

et al., 2007; Volkamer et al., 2007). 

1.2 Volatility of OA   

The volatility of atmospheric OA is one of its most important physical properties. It determines 

the partitioning of these organic compounds between the gas and particulate phases, the organic 

aerosol concentration and influences the rate of reactions and the atmospheric fate of the 

corresponding compounds. Measurement of the OA volatility distribution has been recognized as 

one of the major challenges in our efforts to quantify the rates of formation of secondary organic 

particulate matter (Donahue et al., 2012).  

One of the most popular ways to measure volatility is using a thermodenuder (Burtscher et 

al., 2001; Wehner et al., 2002, 2004; Kalberer et al., 2004; An et al., 2007). Figure 1.3 shows the 

schematic design of a typical thermodenuder (TD). A TD consists of 2 basic parts: a heated tube 

where the more volatile particle components evaporate, leaving less volatile species behind and 

the denuder tube containing usually activated carbon where the evaporated material is adsorbed 

avoiding potential re-condensation when the sample is cooled to room temperature.   

 

  

 

 

 

 

 

The measurement of the volatility of OA has received considerable attention recently and has been 

carried out both in the field (Engler et al., 2007; Huffman et al., 2009; Lee et al., 2010; Cappa and 

Jimenez, 2010) and in the laboratory (An et al., 2007; Jonsson et al., 2007; Saleh et al., 2008; 

Faulhaber et al., 2009). The aerosol mass fraction remaining (MFR) at a given temperature, after 

passing through the TD, is the most common way of reporting the TD measurements. The 
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quantitative estimation of volatility is not trivial though and dynamic aerosol evaporation models 

(Riipinen et al., 2010; Cappa, 2010; Fuentes and McFiggans, 2012) are needed in most cases for 

the interpretation of TD measurements and the estimation of OA volatility. 

The MFR of OA in a TD depends not only on its volatility distribution but also on the 

vaporization enthalpy and potential mass transfer resistances as the particles evaporate. Thus, the 

inversion of the TD measurements to calculate the OA volatility distribution has proven to be 

challenging because of the many parameters affecting the resulting MFR. Figure 1.4 shows the 

sensitivity of thermograms to the assumed values for the vaporization enthalpy and mass 

accommodation coefficient (Riipinen et al., 2010). Previous studies have assumed a–priori values 

for the effective vaporization enthalpy and the mass accommodation coefficient (Lee et al., 2010; 

Cappa and Jimenez, 2010; Lee et al., 2011; Cappa and Wilson, 2011; Fuentes and McFiggans, 

2012; Saleh et al., 2012; Saleh et al., 2013) in order to estimate the OA volatility. All existing 

techniques lead to big uncertainties for the estimated volatility distributions. The performance of 

different time scale experiments could allow the estimation of the volatility distribution together 

with the vaporization enthalpy and accommodation coefficient with lower uncertainty ranges.          

 

 

 

 

 

 

 

Figure 1.4 Effect of (a) vaporization enthalpy (ΔHvap) and (b) accommodation coefficient am on 

thermograms assuming C*= 1 μg m-3 for: (a) am=1 and various ΔHvap values and (b) ΔHvap=80 kJ 

mol-1 and various am values. The mass fraction remaining versus the temperature were calculated 

using the mass transfer model of Riipinen et al. (2010). 

  

(a) (b) 
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Figure 1.5 VBS presentation (Donahue et al. 2006) with total loadings (in μg m-3) shown with 
full bars and the condensed-phase portion with filled (green) bars. Compounds are distributed 
according to their mass-equivalent effective saturation concentration (C*, also in μg m-3), which 
is presented as a logarithmically distributed basis set. 

Positive matrix factorization (PMF) is a mathematical technique that separates the bulk OA 

mass spectra acquired by the AMS into individual factors, thus providing information about the 

processing and sources of the OA (Zhang et al., 2007; Lanz et al., 2007; Ulbrich et al., 2009). 

Common primary OA factors include hydrocarbon-like OA (HOA), biomass burning OA (BBOA), 

and cooking OA (COA) while for secondary OA one or more oxygenated OA factors are usually 

identified. A large number of studies have identified PMF factors in ambient datasets, however 

only a few of them have tried to directly determine their volatility (Huffman et al., 2009; Cappa 

and Jimenez., 2010). 

OA consists of thousands of compounds, too few of which have been identified. The use of 

lumped species allows the computational efficient representation of OA in atmospheric chemical 

transport models (Pandis et al., 1992). The volatility basis set framework (Donahue et al., 2006) 

was developed to describe absorptive partitioning by lumping all these compounds into surrogates 

along an axis of volatility. This approach typically employs species with effective saturation 

concentrations at 298 K separated by one order of magnitude (bin), with values ranging from, say, 

0.01 to 106 μg m-3 (Figure 1.5).  
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Figure 1.6 2D-VBS representation (Donahue et al. (2012). The x axis represents volatility as 
effective saturation concentration C* and the y axis the OA oxygen content or else the O:C. 
Various aerosol factors and their location in the scheme are shown, as well as, paths with green 
due to chemistry. 

The OA components are described as intermediate volatility organic compounds (IVOCs 

with C* ≥1000 μg m-3), semi-volatile (SVOCs with C* of 1, 10, and 100 μg m-3), low volatility 

(LVOCs with C* of 10-3, 10-2, and 0.1 μg m-3), and extremely low volatility (ELVOCs with C*≤10-

4 μg m-3) in the rest of the thesis (Murphy et al., 2014). By quantifying the volatility distributions 

of primary and secondary OA, a physically reasonable, yet suitable for large-scale chemical 

transport models, description of semi-volatile organics can be obtained (Pathak et al., 2007; Stanier 

et al., 2008). 

1.3 Volatility-oxygen content distribution of OA (2D-VBS) 

The VBS framework was extended by Donahue et al. (2011; 2012) adding another dimension, the 

oxygen content (expressed as the O:C ratio), for the description of the OA chemical aging reactions 

(Figure 1.6). In the first application of this framework in a CTM, Murphy et al. (2011) used 12 

logarithmically spaced volatility bins (effective saturation concentration C* varying from 10-5 to 

106 μg m-3 at 298 K) and 13 bins of O:C (from 0 to 1.2 with a step of 0.1). In this way 156 surrogate 

species were included in the model for each OA type. Five organic aerosol types were simulated 

separately: anthropogenic secondary organic aerosol (aSOA-v) produced during the oxidation of 

anthropogenic VOCs, biogenic secondary organic aerosol (bSOA), fresh primary organic aerosol 

(POA), secondary organic aerosol from the oxidation of semivolatile OA (SOA-sv) and SOA from 

the oxidation of intermediate volatility compounds (SOA-iv). 
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Three alternative parameterizations of the OA formation and chemical aging were evaluated 

using measurements of O:C and OA in three European sites by Murphy et al. (2011; 2012). The 

simplest approach parameterizing the chemical aging of anthropogenic compounds assuming a net 

reduction of volatility by one bin during every aging reaction step accompanied by an increase of 

one or two oxygen atoms with an equal probability was the most successful. A more complex 

formulation of the chemical aging assuming that functionalization is the only process taking place 

overpredicted the OA concentration and underpredicted the O:C ratio in most cases.  

Murphy and Pandis (2009; 2010) and Murphy et al. (2012) suggested that formation of 

significant bSOA during the additional aging reactions led to overestimation of OA concentration 

at both urban and rural sites. However, the first generation products of the oxidation of biogenic 

VOCs do continue to react in the atmosphere (Ng et al., 2006; Szidat et al., 2006; Tritscher et al., 

2011; Gilardoni et al., 2011; Yttri et al., 2011; Zhao et al., 2015). The net change in bSOA levels 

due to these chemical aging reactions remains uncertain.  

Adding fragmentation reactions (Murphy et al. 2012) together with the functionalization 

gave promising results but it was clear that the various parameters of the scheme were not well 

constrained leading to large uncertainties in the simulation results especially during summertime.  

Lane et al. (2008), Murphy and Pandis (2009) and Hermansson et al. (2014) concluded that treating 

only the functionalization of bSOA while neglecting fragmentation might lead to overpredictions 

of OA concentrations. Murphy et al. (2012) concluded that the 2D-VBS scheme that was used 

needs additional testing before it is ready for application in three-dimensional CTMs.  

1.4 Thesis Overview 

In Chapter 2, we explore methods for estimating the OA volatility distribution together with the 

effective vaporization enthalpy and mass accommodation coefficient. We develop a method 

combining forward modeling with known values for the three properties that we will try to 

estimate, introduction of random ‘experimental’ error and finally inverse modeling with least 

squares error minimization for the estimation of the OA volatility distribution, its effective 

vaporization enthalpy and the mass accommodation coefficient. We show that the best fit does not 

correspond to the most accurate estimate due to the multiple local minima occurring in this 

problem. We propose an approach of estimating an ensemble of solutions and use them to derive 
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a best guess and corresponding uncertainties for each of the three properties. Experimental 

approaches to improve these estimates and to reduce the corresponding uncertainties are explored. 

We examine the utility of using two residence times, using isothermal dilution instead of 

thermodenuder measurements (Grieshop et al., 2009), and finally combining TD and isothermal 

dilution measurements. 

In Chapter 3, we use the mass transfer model of Riipinen et al. (2010), together with the 

uncertainty estimation algorithm introduced in Chapter 2 and apply it to data from two major cities, 

Paris and Athens. First, we estimate the volatility distributions of PMF factors derived from two 

month-long summer and winter campaigns in a suburban background site in Paris. We then focus 

on another large European urban center, Athens, during wintertime. We determine again the 

volatility distribution of the four OA PMF factors reported during a month-long winter campaign 

characterized by intense residential wood burning. We synthesize the corresponding OA findings 

using the 2D-VBS framework. Finally, we estimate the OA vaporization enthalpy and the 

accommodation coefficient.  

In Chapter 4, we describe a new experimental technique to constrain the volatility 

distribution of organic aerosol using TD combined with isothermal dilution measurements 

following the suggestions of Chapter 2. The experiments were performed by Dr. Evangelos 

Louvaris in the University of Patras, Greece. The OA mass fraction remaining was measured as a 

function of temperature in the thermodenuder and as a function of time in a dilution chamber in 

parallel. TD measurements are corrected for size- and temperature- dependent losses and the 

dilution system measurements for size-dependent losses. Using these two sets of measurements 

together with the approach suggested in Chapter 2 we estimate the volatility distribution of the OA 

and its effective enthalpy of vaporization (ΔHvap) and effective accommodation coefficient (am). 

Meat from charbroiling (cooking OA) is used as an example for the application of the method. 

Finally, scaling the volatility distributions from the charbroiling measurements to ambient levels, 

the laboratory results are compared with those of the ambient measurements in Athens.  

In Chapters 5 and 6, we simulate the atmospheric OA using its volatility-oxygen content 

distribution (2D-VBS) during PEGASOS campaigns during the years of 2012 in Po Valley in Italy 

and 2013 in Hyytiälä, Finland respectively. Extensive measurements were performed both at the 

ground and aloft with a Zeppelin. Po Valley has major air quality problems due to both industrial 

and agricultural sources and Hyytiälä has high biogenic SOA levels. A number of alternative 
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chemical aging mechanisms are evaluated comparing the 2D-VBS predictions against the 

PEGASOS measurements. The role of bSOA chemical aging is explored. Finally, the sensitivity 

of the model to the assumed effective vaporization enthalpy is quantified in an effort to constrain 

this uncertain variable using the measurements aloft.  
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Measuring the atmospheric organic aerosol volatility distribution:  
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2.1 Introduction 

Atmospheric aerosol particles play an important role in the Earth’s energy balance by absorbing 

and scattering solar radiation (direct effect) and influencing the properties and lifetime of clouds 

(indirect effects) (IPCC, 2007). They have significant negative effects on human health, including 

premature death, increases in respiratory illnesses and cardiopulmonary mortality (Nel et al., 2005; 

Pope and Dockery, 2006). 

Aerosols contain a wide variety of inorganic and organic compounds, with organics 

representing about 50% of the fine (< 1 μm) aerosol mass (Zhang et al., 2007). Organic aerosol 

(OA) originates from many different natural and anthropogenic sources and processes. It can be 

emitted directly, e.g. from fossil fuels and biomass combustion (so called primary organic aerosol) 

or formed by atmospheric oxidation of volatile organic compounds (VOCs) (secondary organic 

aerosol, SOA). Since the oxidation pathways for VOCs are complex and the reactions lead to 

hundreds or thousands of oxygenated products, our understanding of organic aerosol formation 

mechanisms and the OA chemical and physical properties is still incomplete.  

The volatility of atmospheric OA is one of its most important physical properties. It 

determines the partitioning of these organic compounds between the gas and particulate phases, 

the organic aerosol concentration and influences the rate of reactions and the atmospheric fate of 

the corresponding compounds. Measurement of the OA volatility distribution has been recognized 

as one of the major challenges in our efforts to quantify the rates of formation of secondary organic 

particulate matter (Donahue et al., 2012). 

OA consists of thousands of compounds, too few of which have been identified.  The 

volatility basis set framework (Donahue et al., 2006) was developed to describe absorptive 

partitioning by lumping all these compounds into surrogates along an axis of volatility. This 

approach typically employs species with effective saturation concentrations at 298 K separated by 

one order of magnitude (bin), with values ranging from, say, 0.01 to 106 μg m-3. By quantifying 

the volatility distributions of primary and secondary OA, a physically reasonable, yet suitable for 

large-scale chemical transport models, description of semi-volatile organics can be obtained 

(Pathak et al., 2007; Stanier et al., 2008). 

Thermodenuders (TD) have been developed to measure the volatility of ambient aerosol 

(Burtsher et al., 2001; Wehner et al., 2002, 2004; Kalberer et al., 2004; An et al., 2007). A TD 

consists of 2 basic parts: a heated tube where the more volatile particle components evaporate, 
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leaving less volatile species behind and the denuder tube containing usually activated carbon where 

the evaporated material is adsorbed avoiding potential re-condensation when the sample is cooled 

to room temperature. The aerosol mass fraction remaining (MFR) at a given temperature, after 

passing through the TD, is the most common way of reporting the TD measurements. 

The measurement of the volatility of OA has received considerable attention recently and 

has been carried out both in the field (Engler et al., 2007; Huffman et al., 2009; Lee et al., 2010; 

Cappa and Jimenez, 2010) and in the laboratory (An et al., 2007; Jonsson et al., 2007; Saleh et al., 

2008; Faulhaber et al., 2009). One of the main issues related to the use of thermodenuders is 

whether equilibrium is reached in the heating section of the instrument. Saleh et al. (2008) used 

high organic aerosol concentrations allowing the model organic aerosol in their experiments to 

reach equilibrium in their TD. Then using their integrated volume method, they were able to 

determine the saturation concentration of the corresponding organic particles. Riipinen et al. 

(2010) showed that equilibration times in TDs depend on many factors, such as the organic aerosol 

loading and the accommodation coefficient. These authors argued that OA practically never 

reaches equilibrium in a TD in ambient concentration levels. For laboratory measurements, 

equilibrium can be reached with the use of high organic aerosol loadings (larger than 200 μg m-3) 

and when the residence time in the heated section of the TD exceeds 30 s (Riipinen et al., 2010; 

Saleh et al., 2011). An et al. (2007) introduced an improved TD allowing larger residence times. 

Lee et al. (2010; 2011) performed thermodenuder experiments at two residence times and argued 

that multiple residence times are needed in order to decouple mass transfer effects from 

thermodynamics. Similar conclusions were reached by Riipinen et al. (2010) and Cappa (2010). 

Saleh et al. (2012) used a particle concentrator before passing the ambient aerosol through the 

thermodenuder to increase the aerosol concentration levels and to reduce the equilibration time 

scale. Volatility measurements at longer timescales, where equilibrium of the system can be 

reached, have been performed by Grieshop et al. (2009).  

Dynamic aerosol evaporation models (Riipinen et al., 2010; Cappa, 2010; Fuentes and 

McFiggans, 2012) are needed in most cases for the interpretation of TD measurements and the 

estimation of OA volatility. However, the MFR of OA in a TD depends not only on its volatility 

distribution but also on the vaporization enthalpy and potential mass transfer resistances as the 

particles evaporate. The inversion of the TD measurements to calculate the OA volatility 
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distribution has proven to be challenging because of the many parameters affecting the resulting 

MFR. 

Previous studies have assumed a–priori values for the effective vaporization enthalpy and 

the mass accommodation coefficient in order to estimate the OA volatility. Lee et al. (2010) trying 

to measure the volatility of ambient OA assumed values for the vaporization enthalpy and the 

accommodation coefficient equal to 80 kJ mol-1 and 0.05 respectively. They used the time 

dependent evaporation model by Riipinen et al. (2010), with least squares minimization, to 

reproduce ambient measurements collected in the Eastern Mediterranean. For most measurements 

it was difficult to estimate the volatility distribution especially for the less volatile components. 

Moreover, a change of the accommodation coefficient from 0.05 to 1 resulted in shifting of the 

estimated volatility distribution by one order of magnitude. Lee et al. (2011) used the same mass 

transfer model in order to reproduce experimental measurements from different precursors 

assuming values for the vaporization enthalpy and the accommodation coefficient. Cappa (2010) 

developed a new model of evaporation in a TD accounting for the cooling section and the velocity 

profile across the TD tube. They demonstrated the importance of the vaporization enthalpy 

especially for values less than 100 kJ mol-1. They also underlined the importance of constraining 

the value of accommodation coefficient in order to quantify the volatility distribution of OA. 

Cappa and Jimenez (2010) used the model of Cappa (2010) to quantify the volatility distribution 

of ambient OA in Mexico City using measurements from the MILAGRO campaign. Assuming 

several values for the vaporization enthalpy, either using the relationship from Epstein et al. (2010) 

or assuming that the vaporization enthalpy depended linearly on temperature or that it had constant 

values from 50 to 150 kJ mol-1 they estimated different volatility distributions. Changing the value 

of the accommodation coefficient from 1 to 0.1 the estimated volatility distribution was shifted to 

higher values by approximately one order of magnitude. Fuentes and McFiggans (2012) used a 

dynamic aerosol evaporation model and the Epstein et al. (2010) relationship for the vaporization 

enthalpy, to calculate the volatility distribution for a-pinene SOA together with small value of the 

accommodation coefficient. The estimation of the accommodation coefficient during the 

evaporation of atmospheric OA has been the focus of a number of studies. Saleh et al. (2012) 

developed a method combining a particle concentrator (in order to achieve high mass loadings) 

and a thermodenuder. Using the thermodenuder model by Saleh et al. (2011), they measured the 

effective evaporation coefficient of ambient aerosol. Their results suggested accommodation 
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coefficients with values around 0.3 for the ambient particles that they examined. Cappa and Wilson 

(2011) focused on the evolution of organic aerosol mass spectra from lubricating oil and secondary 

aerosol from a-pinene oxidation upon heating, using the Cappa (2010) model. They adopted 

volatility distributions from previous studies (Pathak et al., 2007; Grieshop et al., 2009) and a 

vaporization enthalpy based on the Epstein et al. (2010) relationship. One of their major 

conclusions was that there were high mass transfer resistances (estimated accommodation 

coefficients of the order of 10-4) during the evaporation of the a-pinene SOA.  

The sensitivity of TD results to several additional parameters has also been investigated in 

past studies. Lee et al. (2010) concluded that a monodisperse approximation using one effective 

value for the diameter of the particles instead of the full distribution resulted in changes of the 

thermograms of less than 2%. Lee et al. (2011) explored the effect of the cooling section and the 

role of surface free energy and Cappa (2010) the role of the assumed value for the diffusion 

coefficient or the average effective diameter of the particles. Once again the conclusion was that 

these parameters were not as important as the vaporization enthalpy and the accommodation 

coefficient for the estimation of the volatility distribution. Recondensation in the cooling section 

has been investigated in a number of studies studies (Cappa, 2010; Saleh et al., 2011; Fuentes and 

McFiggans, 2012). Fuentes and McFiggans (2012) through a parametric analysis concluded that 

recondensation depends on a combination of factors, as the mass loading, the particle size and the 

kinetic coefficient for re-condensation. Cappa (2010) showed that recondensation becomes 

significant for large aerosol loadings (larger than 200 μg m-3) thus it is a problem mostly for 

laboratory experiments. Saleh et al. (2011) showed that a configuration with a small diameter for 

the cooling section can lead to negligible recondensation even for higher aerosol loadings.  

In this Chapter we explore methods for estimating the OA volatility distribution together 

with the effective vaporization enthalpy and mass accommodation coefficient. We develop a 

method combining forward modeling with known values for the three properties that we will try 

to estimate, introduction of random ‘experimental’ error and finally inverse modeling with least 

squares error minimization for the estimation of the OA volatility distribution, its effective 

vaporization enthalpy and the mass accommodation coefficient. We show that the best fit does not 

correspond to the most accurate estimate due to the multiple local minima occurring in this 

problem. We propose an approach of estimating an ensemble of solutions and use them to derive 

a best guess and corresponding uncertainties for each of the three properties. Experimental 
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approaches to improve these estimates and to reduce the corresponding uncertainties are explored. 

We examine the utility of using two residence times, using isothermal dilution instead of 

thermodenuder measurements (Grieshop et al., 2009), and finally combining TD and isothermal 

dilution measurements. 

2.2 Thermodenuder Model 

We use the mass transfer model of Riipinen et al. (2010) modeling the time-dependent evaporation 

of multicomponent aerosol particles by solving the mass transfer equations for a monodisperse 

population of particles suspended in air. We assume a monodisperse population of particles. Lee 

et al. (2010) showed with the use of the same mass transfer model that this simplification resulted 

in errors of only a few percent (2%) and it reduced the computational time considerably. The mass 

flux of compound i from the gas phase to the particles, Ii, is calculated by (Seinfeld and Pandis, 

2006):    

  

                                                                                                                   (1) 

 

where dp is the particle diameter, R the ideal gas constant, Mi and Di the molecular weight and 

diffusion coefficient of compound i in the gas phase at temperature TTD (the temperature in the 

heated part of the TD), and pi
0 and pi are the partial vapor pressures of i at the particle surface and 

far away from the particle, respectively. In our simulations, we assume a particle diameter of 200 

nm, a molecular weight of 0.2 kg mol-1 and a diffusion coefficient of 10-5 m2s-1. 

The mass flux is corrected for kinetic and transition regime effects with the factor βmi (Fuchs 

and Sutugin, 1970):                             

                                                                       

                                                                                                                 (2)     

                    

where Kni is the Knudsen number, that is the ratio of the mean free path of vapor i and the particle 

radius, and ami the mass accommodation coefficient of i on the particles.  
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The mean free path is estimated by: 

                                                                                                                                        (3)                                                                                                      

   

where c  is the mean velocity of the gas molecules, given by: 

                                                                                                                    (4) 

         

The partial vapor pressure of i at the particle surface, pi
0 is given by: 

                                                                                                                   

                                                                                                                    (5) 

where xi is the mole fraction and γi the activity coefficient of i in the particle phase, psat,i the pure 

component vapor pressure of i over a flat surface, Tp the particle temperature, Ci
* represents the 

effective saturation concentration of  i in the volatility basis set (Donahue et al., 2006) and xmi is 

the mass fraction of i in the particle. In this study, we will be using a fixed basis set with four 

volatility bins with effective saturation concentrations 0.01, 0.1, 1 and 10 μg m-3 for each volatility 

bin. We assume a surface tension of 0.05 N m-1, as a median of the range used in Riipinen et al. 

(2010). We repeated our simulations with values of 0.05-0.2 N m-1 for the surface energy but this 

choice had practically no effect on the results since the particles examined are too big and the 

Kelvin effect is not important. We also use a density of the surrogate compounds of 1500 kg m-3.  

The saturation concentrations of the evaporating species at TTD are estimated using the 

integrated form of  the Clausius - Clapeyron equation: 

 

                                                                                                                (6) 

 

where ΔHvap,i is the vaporization enthalpy of species i.  

The temperature dependence of the diffusion coefficients of the evaporating species is taken 

into account by using: 
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where μ is a constant usually ranging from 1.5 to 2.0 (Chen and Othmer, 1962). We used the value 

of 1.75 for all the studied compounds. 

The time-dependent evaporation of the organic aerosol is simulated by solving the 

differential equations for total particle mass mp and gas phase concentrations Ci of the evaporating 

species: 

 

                                                                                                                  (8) 

 

where Ntot is the total number concentration of the particles (assuming a monodisperse particle 

population). The MFR is then calculated from the ratio of the particle mass at t = tres (where tres  is 

the residence time through the heating tube) to the initial mass of the particles. In this work, we 

study the evaporation of particles in a TD independently of the TD design and geometry: the only 

variables representing the instrument are the particle residence time and the temperature of the 

thermodenuder. We neglect the velocity and potential temperature gradients in the radial direction 

and thus focus on the particles moving along the centerline of the TD and at the corresponding 

centerline temperature. Saleh et al. (2011) showed that a similar model neglecting the radial 

dependence of the system reproduced well the behavior of model particles consisting of 

dicarboxylic acids.   

We use, as inputs, values for the geometry of the TD (the length and the residence time in 

the heated tube), the temperature inside the TD (TTD), the initial mass concentration of the organic 

aerosol (Caer) and the properties of the organic compounds (such as the volatility distribution, 

vaporization enthalpy, accommodation coefficient, etc.). For the description of the geometry of the 

TD we used the values for the Carnegie Mellon TD of Lee et al. (2010). Specifically, for the heated 

tube we used a length of 55 cm and a centerline residence time of 17 s. Using the mass transfer 

model of Riipinen et al. (2010), modeling the time-dependent evaporation of multicomponent 

aerosol particles, we constructed theoretical thermograms (MFR versus TTD). Previous studies 

have often assumed that thermograms can be directly connected to the volatility of OA. Figure 2.1 

indicates that we can have very similar thermograms for organic aerosols with very different 

volatilities (orders of magnitude different). 
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Figure 2.1 Predicted thermograms (MFR versus TTD) for OA with different properties. A single 
component aerosol (C*=1 μg m-3, ΔHvap=80 kJ mol-1 and am=0.05) gives practically the same 
thermogram as one with a much lower volatility (C*=0.01 μg m-3, ΔHvap=100 kJ mol-1 and am=1). 
 
In this example, the reduction of saturation concentration is balanced by changes in the 

accommodation coefficient and the vaporization enthalpy.  The similarity of these suggests that 

the inversion of the thermograms in order to calculate the OA volatility will be very challenging.        

2.2.1 Pseudo-experimental data  

In order to evaluate how well we can estimate the volatility distribution we used ‘pseudo-

experiments’ corrupting the output of the TD model, for systems with known volatility 

distributions and properties, with randomly generated ‘experimental’ error. In this way we could 

take into account the measurement uncertainty due to the variability of measurement conditions 

and produce relatively realistic ‘experimental results’ for systems with known volatility 

distributions and properties. We ‘corrupted’ the TD model predictions with random error assuming 

a normal distribution, based on the variability of laboratory measurements with the same TD 

conducted by Paciga et al. (2013), with a standard deviation given by:  

                                                                                                     (9) 

where MFRtrue are the correct MFR values. A typical example is shown in Figure 2.2.  

20.51 0.5true trueMFR MFR    
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Figure 2.2 Typical example of “construction” of TD pseudo-data. The red line is the thermogram 
corresponding to the true properties of the aerosol and the black dots correspond to the ‘measured’ 
MFR versus TTD for an aerosol consisting of two components: very low volatility material (60% 
C*=0.01 μg m-3) and relatively high volatility material (40% C*=10 μg m-3), vaporization enthalpy 
and mass accommodation coefficient equal to 100 kJ mol-1 and 1 correspondingly. Twelve 
‘measurements’ were constructed for equally spaced temperatures between 24 and 140 oC by 
corrupting the correct values with random experimental error. 
 
In the rest of the inversion approaches, pseudo-experimental data were used. In this way, the 

experimental uncertainty was always taken into account and an overestimation / underestimation 

of the corresponding algorithm is avoided. 

2.2.2 Optimum OA volatility distribution 

The MATLAB least-squares fitting algorithm lsqcurvefit was used in order to obtain the best 

possible fit between the ‘measured’ and modeled MFRs. Four lognormally equally spaced 

volatility bins were used with volatilities from 10-2 to 10 μg m-3. The corresponding volatility 

distribution, vaporization enthalpy and mass accommodation coefficient were estimated by the 

algorithm minimizing the sum of the squared differences between the MFR model predictions and 

the pseudo-measurements. In the least squares optimization a total of 12 pseudo-measurements 

were used in all cases. 
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A wide variety of compositions were tested during the simulations, including one 

component, two component or multicomponent aerosols with various volatility distributions and 

with different values for the vaporization enthalpy and the accommodation coefficient. The results 

for three of these tests that are used as illustrative examples are shown in Table 2.1.  

 

Table 2.1 Values of the true and estimated properties (volatility distribution, vaporization 

enthalpy, accommodation coefficient) for three OA examples. 

 

a The error, given by Equation (10), describes the quality of the fit. 

 

For Test 1 corresponding to OA consisting of very low and high volatility material (60% 0.01 μg 

m-3 and 40% 10 μg m-3) the optimization resulted in absolute volatility error of less than 10% for 

all bins.  The vaporization enthalpy was well-estimated (relative error equal to 8%) and the mass 

accommodation coefficient was estimated within a factor of two (0.97 instead of 0.5). For Test 2 

corresponding to multicomponent OA (10% 0.1 μg m-3, 30% 1 μg m-3 and 60% 10 μg m-3), the 

estimated volatility distribution had a different shape than the true one, with more material 

                                             

 

Test 1 

OA with very low 

 and high volatility 

material 

Test 2 

Multiple component 

OA  

Test 3 

One component OA 

True values  

 

Ci
*=[0.01 0.1 1 10] 

Xi=[0.6 0 0 0.4],    

ΔHvap=100 kJ mol-1 

am=0.5 

 

Ci
*=[0.01 0.1 1 10] 

Xi=[0 0.1 0.3 0.6],    

ΔHvap=50 kJ mol-1 

am= 1 

 

Ci
*= [0.01 0.1 1 10] 

Xi=[0 0 1 0],    

 ΔHvap= 80 kJ mol-1 

am= 1 

Optimization 

results 

 

Ci
*=[0.01 0.1 1 10] 

Xi=[0.63 0 0 0.37] 

ΔHvap=92 kJ mol-1 

am =0.97 

Ei=1.09a 

 

Ci
*=[0.01 0.1 1 10] 

  Xi=[0.07 0.13 0.49 0.31] 

ΔHvap=70 kJ mol-1
 

am=0.72 

Ei=0.3 

 

Ci
*=[0.01 0.1 1 10] 

  Xi=[0 0.88 0 0.12] 

ΔHvap=181 kJ mol-1
 

am=0.04 

Ei=0.81 



 

27 
 

predicted for the bin of 1 μg m-3 (predicted mass fraction equal to 0.49 instead of 0.3) and less for 

the 10 μg m-3 bin (predicted mass fraction equal to 0.31 instead of 0.6). Also, some very low 

volatility material was estimated (predicted mass fraction equal to 0.07 while none was present). 

The vaporization enthalpy was estimated with a relative error equal to 40% and the accommodation 

coefficient was well estimated (0.72 instead of unity). For Test 3 with the case of one component 

OA with a volatility of 1 μg m-3, the estimates of all properties were far from the truth. Most of the 

material (88%) was estimated to be in the 0.1 μg m-3 bin instead of 1 μg m-3 and some material 

(12%) was predicted in the highest volatility bin of 10 μg m-3. The estimated vaporization enthalpy 

was more than a factor of two higher than the true value and the estimated accommodation 

coefficient was a factor of 25 lower than it should be.      

The results, using different initial guesses, for the case of multiple-component OA (Test 2) 

are shown in Figure 2.3. For an initial guess of [0 0 0.3 0.7] for the mass fractions of the volatility 

bins (C*= [0.01 0.1 1 10] μg m-3), 50 kJ mol-1 for the vaporization enthalpy and 0.5 for the 

accommodation coefficient, the shape of the volatility distribution was estimated correctly but with 

significant errors of 0.1-0.2 in the 0.1, 1 and 10 μg m-3 bins.   

 

 

 

 

 

 

 

 

 
 
Figure 2.3 Estimated (bars) and true (red lines) volatility distribution for OA consisting of 10% 
C*=0.1 μg m-3, 30%  1 μg m-3, 60% 10 μg m-3, ΔHvap=50 kJ mol-1 and am=1, based on TD pseudo-
data. (a) Solution corresponding to a local minimum of the objective function. The estimated 
vaporization enthalpy and accommodation coefficient are ΔHvap=38 kJ mol-1 and am=0.9. (b) 
Solution for the global minimum. The estimated ΔHvap and am are 68 kJ mol-1 and 0.84 respectively.  
 
The vaporization enthalpy estimation error was 24% and the estimated accommodation coefficient 

was 0.9 close to the true value of unity. This is however a local minimum of the objective function. 
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The global minimum (minimum error) was found when we used an initial guess of [0.1 0.1 0.3 

0.5] for the mass fractions, 80 kJ mol-1 for ΔHvap and 0.2 for am. The estimated OA volatility 

distribution, in this case, is shown in Figure 2.3b. In this case, the shape of the volatility distribution 

is not correct and there are errors in the mass fractions of the volatility bins as large as 0.3. The 

estimated vaporization enthalpy and accommodation coefficient were similar to those of the 

previous guess with a relative error of 35% for ΔHvap. Due to the experimental error, the global 

minimum can correspond to volatility distributions that are far from the true values. We conclude 

that the optimization method may not be appropriate for the estimation of the volatility distribution, 

the vaporization enthalpy and the mass accommodation coefficient. It is also clear that we need an 

approach for estimating the corresponding uncertainties.       

2.2.3 Estimation of uncertainty 

In an effort to explore in more detail the solution space for the problem we discretized the 

parameter space and simulated all combinations of volatilities, ΔHvap and am. We used once more 

four bins for volatilities from 10-2 to 10 μg m-3 and varied the mass fraction of each bin from 0 to 

1 with a step of 0.1. The values used for ΔHvap were from 20 to 200 with discrete values of 20, 50, 

80, 100, 150 and 200 kJ mol-1 and for am 
 the values were from 0.01 (large mass resistance) to 1 

(no mass resistance) with discrete values of 0.01, 0.05, 0.1, 0.2, 0.5 and 1. We tried in our 

simulations also other discretizations for the values of the vaporization enthalpy and the mass 

accommodation coefficient and they did not affect the results. In the rest of the paper, the 

discretizations for the ΔHvap and the am described above will be used for all of the simulations. For 

each simulation the percent error was estimated from: 

 

                                                                                                       (10) 

 

where MFRi,guess is the MFR for a certain combination of parameters for data point i (corresponding 

to a specific temperature), MFRi is the ‘measured’ MFR and n is the number of the different 

temperatures TTD used in our ‘measurements’. 
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After performing simulations for all combinations of all properties we identified the 

combinations which led to small errors (less than 2%). From these values we then calculated a 

‘best estimate’ using the inverse error as a weighting factor: 

 

 

                                                                                                          (11) 

 

 

where xi is the value of property i (the mass fractions of volatility bin i or the vaporization enthalpy 

ΔHvap or accommodation coefficient log(am)).   

We also calculated the uncertainty range for all three properties calculating the standard 

deviation (σ) of the corresponding values: 

 

 

                                                                                                                         (12) 

 

                                                                                                           

The logarithms of the accommodation coefficient values were used in order to avoid negative 

accommodation coefficient values inside the uncertainty range. We report one standard deviation 

as the uncertainty range in the rest of the paper. 

2.3 Results 

The first parameter of the thermodenuder experiments explored was the number of measurements 

at different temperatures in the thermogram under consideration. In previous studies, 

thermodenuder measurements vary between 6 (An et al., 2007) and 12 measurements (Faulhaber 

et al., 2009).  

A wide variety of cases of OA were tested during the simulations once more. The results for 

a multicomponent OA with mostly nonvolatile material (80% 0.01 μg m-3, 5% 0.1 μg m-3, 10% 1 

μg m-3 and 5% 10 μg m-3), for the case of 6 and 12 measurements, are given in Figure 2.4 as a 

representative example.  
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Figure 2.4 Estimated (bars) and true (red lines) parameter values for an OA with 80% 0.01 μg     
m-3, 5% 0.1 μg m-3, 10% 1 μg m-3, 5% 10 μg m-3, ΔHvap=80 kJ mol-1 and am=1 for: 6 measurements 
(a) volatility distribution, (b) ΔΗvap, (c) am, and using 12 measurements for: (d) volatility 
distribution, (e) ΔΗvap and (f) am. The error bars represent the uncertainty of the estimated value. 
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For the first experiment, with a small number of measurements (6 points), there is large 

uncertainty in the two least volatile bins (with a standard deviation up to 0.25). The uncertainty 

range, in the least and most volatile bins (0.01 and 10 μg m-3) does not include the correct values 

for the distribution. In the second experiment, twice as many measurements were used (12 points), 

the estimated uncertainty range is smaller (the standard deviation of all the predicted mass fractions 

is less than 0.08) and it contains the correct volatility distribution. The relative error of the 

estimated ΔHvap is 13%, in both experiments. Finally, the am is underestimated for both experiments 

but with the second experiment (using 12 measurements) the uncertainty range includes the correct 

value.  

For cases of OA with more uniform volatility distributions (e.g., cases where the mass 

fraction varies less than 0.2 between the bins), the use of 12 measurements instead of 6 gave similar 

estimates for the three properties (volatility distribution, vaporization enthalpy and mass 

accommodation coefficient) and the same uncertainty ranges. In cases of extreme volatility 

distributions, where most material is in one or two volatility bins, as in the case of the example in 

Figure 2.4, using more measurements resulted in better estimates and smaller uncertainty ranges 

than using only a small number of measurements.  

In Figure 2.5, we examine two more cases of OA with extreme volatility distributions using 

12 pseudo-measurements. In the first test, which is the same OA as in Test 1 discussed in Section 

2.2, the OA consists of two components: very low volatility material (60% 0.01 μg m-3) and high 

volatility material (40% 10 μg m-3). The estimated uncertainty range is large especially for the two 

least volatile bins (with an uncertainty equal to 0.2) but it includes the actual volatility distribution. 

Also, the estimated volatility distribution has the correct shape. The estimated vaporization 

enthalpy has an error of 5% while the accommodation coefficient error is around 20%.  

In the second test, we assume that the OA consists of very low volatility material (50% 0.01 

μg m-3) and relatively high volatility material (50% 1 μg m-3). The shape of the volatility 

distribution of the OA is not captured by the inversion results, the estimated uncertainty range is 

large (the uncertainty of all the predicted mass fractions is around 0.2) and the uncertainty range 

does not contain the actual volatility distribution. The error of the estimated ΔHvap is 8%. The 

accommodation coefficient is under-predicted by one order of magnitude (value equal to 0.15 

instead of unity). The TD measurements are not sufficient in this case for the accurate estimation 

of the OA volatility distribution. 
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Figure 2.5 Estimated (bars) and true property values (red lines) using 12 TD measurements, for 
two types of OA. (a) volatility distribution, (b) ΔΗvap, (c) am for OA with 60% 0.01 μg m-3 and 
40% 10 μg m-3, ΔHvap=100 kJ mol-1 and am=1 and (d) volatility distribution, (e) ΔΗvap, (f) am for 
OA with 50% 0.01 μg m-3 and 50% 1 μg m-3, ΔHvap=150 kJ mol-1 and am=1. The error bars represent 
the uncertainty of the estimated value. 
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In order to evaluate how general are the above results of the proposed volatility estimation 

method we performed additional tests using ten randomly generated volatility distributions. The 

sets of parameters used are shown in Table 2.2. The ten first parameter sets have random OA 

volatility distributions, a vaporization enthalpy equal to 90 kJ mol-1 (chosen as a reasonable 

intermediate value between 20 and 200 kJ mol-1) and an accommodation coefficient of 0.1 (chosen 

as a medium mass resistance). Additional cases with either low (sets 11-13) or high mass transfer 

resistance (sets 14-16) and cases with low (sets 11 and 13) or higher vaporization enthalpies (sets 

12, 15 and 16) were also examined. 

Table 2.2 Sets of random volatility distributions used for the evaluation of different inversion 

approaches. 

 

OA 

Parameter 

Set 

 

Mass Fraction  

 

ΔHvap 

(kJ mol-1) 

 

 

 

am 

 0.01 μg m-3 0.1 μg m-3 1 μg m-3 10 μg m-3 

1 0.135 0.06 0.14 0.665 90 0.1 

2 0.45 0.04 0.315 0.195 90 0.1 

3 0.255 0.115 0.47 0.16 90 0.1 

4 0.235 0.045 0.025 0.695 90 0.1 

5 0.565 0.23 0.175 0.03 90 0.1 

6 0.105 0.21 0.59 0.095 90 0.1 

7 0.375 0.405 0.15 0.07 90 0.1 

8 0.375 0.095 0.07 0.46 90 0.1 

9 0.145 0.435 0.25 0.17 90 0.1 

10 0.245 0.085 0.08 0.59 90 0.1 

11 0.565 0.23 0.175 0.03 70 1 

12 0.565 0.23 0.175 0.03 140 1 

13 0.245 0.085 0.08 0.59 60 1 

14 0.245 0.085 0.08 0.59 120 0.01 

15 0.135 0.06 0.14 0.665 120 0.01 

16 0.105 0.21 0.59 0.095 140 0.01 
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The inversion results are shown in Table 2.3. They include the average absolute errors for the VBS 

bins, the relative error (%) for the vaporization enthalpy and the errors for am (in orders of 

magnitude).  

Table 2.3 Results for the sets of random volatility distributions using different inversion 

approaches. 

OA 

Parameter 

Set 

TD measurements Dilution 

measurements 

TD and Dilution 

measurements 

Average 

absolute 

error 

for 

VBS 

bins 

Relative 

error 

(%) for 

ΔHvap 

Error for 

am 

(orders 

of 

magnitude) 

Average 

absolute 

error 

for 

VBS 

bins 

Error for 

am 

(orders 

of 

magnitude) 

Average 

absolute 

error 

for 

VBS 

bins 

Relative 

error 

(%) for 

ΔHvap 

Error for 

 am 

(orders 

of 

magnitude) 

1 0.05 6 0.43 0.13 0.39 0.02 11 0 

2 0.13 3 0.06 0.11 0.17 0.02 2 0.16 

3 0.1 8 0.1 0.51 0.19 0.07 2 0.02 

4 0.08 10 0.45 0.19 0.36 0.02 4 0.1 

5 0.14 4 0.28 0.12 0.44 0.14 0.7 0.46 

6 0.1 10 0.02 0.15 0.02 0.07 10 0.04 

7 0.14 7 0.13 0.06 0.19 0.07 2 0.05 

8 0.07 4 0.17 0.18 0.34 0.04 0.9 0.06 

9 0.09 3 0.04 0.07 0.21 0.09 0.1 0.34 

10 0.06 11 0.45 0.16 0.46 0.06 11 0.37 

11 0.14 14 1.17 0.12 1.06 0.1 14 0.77 

12 0.11 14 0.95 0.12 1.06 0.06 23 0.96 

13 0.06 2 0.3 0.07 0.17 0.08 0.04 0.24 

14 0.18 25 1.22 0.2 0.75 0.33 17 1 

15 0.22 14 1.12 0.21 0.83 0.3 8 1.22 

16 0.11 11 0.63 0.18 0.50 0.17 4 0.32 
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These results indicate that an accurate estimation of the OA volatility distribution is challenging 

in most cases. The volatility distribution was estimated with average absolute errors less than 0.1 

for six out of the sixteen cases tested (sets 1, 4, 8, 9 10 and 13) and for the rest of the cases the 

errors were up to 0.22. The average relative error of the estimated ΔHvap was roughly 10%. The 

error for the estimated accommodation coefficient varied from half to almost one and half order 

of magnitude.  Concerning the uncertainties (not shown), the uncertainty range of the volatility 

distribution in most of the cases was large (around 0.2). Exceptions are the cases with most material 

in the lowest and highest volatility bins where the uncertainty range is 0.05-0.15. The uncertainty 

of the estimated ΔHvap for most of cases was around 20%. The uncertainty of the estimated 

accommodation coefficient varied from less than one order of magnitude to two orders of 

magnitude.  

Based on the above results, it is evident that it is very difficult to estimate the three properties 

accurately and with a small uncertainty range since there are many combinations of properties than 

can lead to a thermogram quite similar to the one from the pseudo-experiment. So, even if the 

uncertainty estimation method proposed here is a step forward, the TD inversion results are either 

too uncertain or sometimes erroneous. The TD measurements using one residence time (17 s) are 

not sufficient to constrain the three properties since equilibrium is not reached in most cases. It is 

clear that improvements in the volatility measurement approach itself are needed. A number of 

ideas are explored in the next section. These include, using more than one TD residence times, or, 

using measurements at much longer timescales (e.g., isothermal dilution measurements).  

2.4 Improvements of Volatility Measurement Method 

2.4.1 Use of two residence times 

In order to improve the method for the estimation of the OA volatility distribution, ΔHvap and am, 

we simulated ‘measurements’ using two residence times (Lee et al., 2010) but with half the data 

points for each measurement (6 points for each residence time). We used two residence times of 

17 and 34 s. The estimation of the volatility distributions was improved, but the improvement in 

most cases was small to modest. For example, for the case of OA consisting of very low volatility 

material (50% 0.01μg m-3) and relatively high volatility material (50% 1 μg m-3),  the correct 

volatility distribution was still not retrieved, the uncertainty range once again was large (equal to 
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0.2) and it did not contain the actual volatility distribution. The relative error of the estimated ΔHvap 

was 6%. The accommodation coefficient was under-predicted by one order of magnitude (value 

equal to 0.12 instead of unity).  

We performed a number of tests with different OA systems. The use of two residence times 

resulted in improved estimates in some cases (e.g., single component systems) but in the majority 

of the cases the improvement was marginal. The results were often quite similar to those of the 

one residence time discussed above (with twice the data points). This was due to the fact that in 

most cases the system is still far from equilibrium. We concluded that just doubling the residence 

time was not sufficient and the residence time should increase to tens of minutes in most of cases. 

This is very difficult though for continuous flow systems so the next step was the exploration of 

the utility of evaporation measurements at much longer timescales than those that can be reached 

with a TD. 

2.4.2 Isothermal dilution experiments 

We tested the effectiveness of performing only isothermal dilution measurements instead of TD 

measurements. The isothermal evaporation of OA can take place in a smog chamber and allows 

residence times of a few hours (Grieshop et al., 2009). The isothermal evaporation results at room 

temperature do not depend on ΔHvap, but only on C* and am. We assume that we dilute our OA 

samples during the injection in the chamber with a 10-fold volume of clean air so in this way the 

initial gas and particle concentrations are lowered by a factor of 10 and the system is out of 

equilibrium. We allow the aerosol to evaporate in the chamber for 2 hours, and assume that its 

concentration is measured every ten minutes. The error distribution used for the isothermal dilution 

is also based on the variability of the corresponding laboratory data. We ‘corrupted’ the time 

dependent mass transfer model predictions with random error assuming a uniform distribution with 

a standard deviation given by:  

                                                                                                                    (11) 

where MFRtrue are the correct MFR values. 

A typical set of isothermal dilution ‘measurements’ is shown in Figure 2.6.  The organic 

particles reach equilibrium with the gas phase after approximately thirty minutes in this pseudo-

experiment.  

0.05 0.03trueMFR   
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Figure 2.6 Isothermal dilution measurements (MFR as function of time) for an aerosol with 60% 
0.01 μg m-3, 40% 10 μg m-3, ΔHvap=100 kJ mol-1 and am=1. The red line corresponds to the true 
properties of the aerosol and the black dots are the ‘measured’ MFR values. 
 

The inversion results for the case of OA consisting of very low volatility material (60% 0.01 μg 

m-3) and high volatility material (40% 10 μg m-3) and the OA with very low volatility material 

(50% 0.01 μg m-3) and relatively high volatility material (50% 1 μg m-3) are shown in Figure 2.7. 

The estimated volatility distribution had significant error and the uncertainty was large (equal to 

0.2). The accommodation coefficient was estimated within 20%.  

 

 

 

 

 

 

 

 

 

 

Figure 2.7 Estimated (bars) volatility distribution and accommodation coefficient and true (red 
lines) values using isothermal dilution “measurements”, for an OA with 60% 0.01 μg m-3 and 40% 
10 μg m-3, ΔHvap=100 kJ mol-1 and am=1. (a) volatility distribution and (b) am. 
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The dilution method was also used for the random sets of volatility distributions shown in Table 

2.2 and the results are shown in Table 2.3. The average absolute errors for the VBS bins were 

around 0.2 and the errors for the accommodation coefficient in all cases were up to one order of 

magnitude. Isothermal dilution did not consistently improve the estimated volatility distributions 

and the accommodation coefficient compared to the use of TD measurements. The uncertainty 

remains large, since there are still many combinations of the two properties that can lead to similar 

dilution curves.  

2.4.3 Combination of TD and isothermal dilution measurements 

We continued with the test of effectiveness of combining TD and isothermal dilution 

“measurements” using the same method as in Section 2.2.3. We used the same discretization for 

the values of the volatility distribution, the vaporization enthalpy and the accommodation 

coefficient and constructed, using the evaporation model, the theoretical thermograms. Using 

random numbers based on a normal distribution (for the case of thermodenuder pseudo-

measurements) and uniform distribution (for the case of isothermal dilution measurements), we 

produced pseudo-measurements for the different experiments. Then for the resulting 24 

measurements (12 for each TD and dilution pseudo-experiment) we performed the error 

minimization with the percent error given by equation 10, treating equally the TD and isothermal 

dilution measurements. In the case of Test 1 (Table 2.1) shown in Figure 2.8 the estimated volatility 

distribution has the correct shape and the corresponding uncertainty range is small (uncertainty 

less or equal than 0.1). The ΔHvap and the am were estimated within a few percent. In another 

challenging test (Figure 2.9) the shape of the volatility distribution is again correctly predicted. 

The estimated value of the vaporization enthalpy has an error of only 7% and the estimated 

accommodation coefficient is 0.4 instead of unity.  

We also repeated all the tests of Table 2.2. The results are shown in Table 2.3. In 70% of 

the cases, the volatility distribution was reproduced with absolute errors less than 0.1. The average 

relative error of the estimated ΔHvap was roughly 7%. The error for the estimated accommodation 

coefficient, for the cases of OA varied from less than half order of magnitude up to one order of 

magnitude. The uncertainties (not shown) for the volatility distribution in 70% of the cases were 

not higher than 0.05-0.1. The uncertainties for the vaporization enthalpy were around 10%. The 
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accommodation coefficient, for the cases of OA with a value equal to 0.1, had an uncertainty of 

half an order of magnitude. For cases where the accommodation coefficient was equal to unity, it 

was underpredicted with an uncertainty varying from half an order of magnitude (set 13), to one 

order of magnitude (set 11) to two orders of magnitude (set 12). For the cases of OA (sets 14 to 

16), where the accommodation coefficient is equal to 0.01, it was overestimated by up to one order 

of magnitude. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 2.8 Estimated (bars) and true (red lines) parameter values combining TD and isothermal 
dilution measurements, for an OA with 60% 0.01 μg m-3 and 40% 10 μg m-3, ΔHvap=100 kJ mol-1 
and am=1 for: (a) volatility distribution, (b) ΔΗvap, (c) am. 
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nonvolatile material in the OA. The longer residence times improved the accuracy of the estimated 

volatility distributions (errors less than 0.1). The errors in ΔHvap and the accommodation 

coefficient were also reduced in all cases. 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 
Figure 2.9 Estimated (bars) and true (red lines) parameter values combining TD and isothermal 
dilution measurements, for an OA with 50% 0.01 μg m-3 and 50% 1 μg m-3, ΔHvap=150 kJ mol-1 
and am=1 for: (a) volatility distribution, (b) ΔΗvap, (c) am. 

           

Summarizing, using both TD and dilution experiments reproduced volatility distributions 

with average uncertainties between 0.05-0.1 for most cases provided that more than 20% or so of 

the aerosol evaporated during dilution and that the system had enough time to come close to 

equilibrium. The vaporization enthalpy was estimated with average errors less than 10% in most 

cases. Estimation of the accommodation coefficient was more challenging than the other 

parameters. Problems occur mostly when evaporation in dilution experiments is less than 20% or 

when equilibrium is not reached.  
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2.5 Conclusions 

Multiple combinations of parameters (C*, ΔHvap, am) can lead to practical indistinguishable 

thermograms during TD measurements. The estimated volatility distribution, based on the 

minimum error, can be wrong by several orders of magnitude due to the multiple solutions that 

exist leading to multiple local minima of the objective function. We introduce a new method 

combining forward modeling, introduction of experimental error and inverse modeling with error 

minimization for the interpretation of existing TD measurements. With this method, using an 

ensemble of ‘best solutions’ we were able to calculate a best estimate and an uncertainty range for 

the estimated volatility distribution, the vaporization enthalpy and the accommodation coefficient. 

We show that this uncertainty range is often large and sometimes does not even include the true 

value of the properties, with the exception in the estimation of the vaporization enthalpy where the 

errors are around 5-20% in most cases tested. 

Experimental approaches that would improve the method were explored. The performance 

of TD measurements under multiple residence times results in a small to modest improvement of 

the results since equilibrium is still not reached. The idea of using experiments in a totally longer 

timescale in order to achieve equilibrium was then examined with the use of dilution 

measurements. Use of isothermal dilution on its own instead of TD measurements usually leads to 

worse estimates of the volatility distribution compared to the TD. However, combining both TD 

and isothermal dilution measurements leads to promising results in the majority of the cases. Cases 

for which problems remain include those in which the OA does not come close to equilibrium after 

dilution or when the corresponding evaporated fraction is less than 20%. Increased dilution and 

longer residence times can help in these cases. The approach combining TD and isothermal 

dilution measurements is recommended for future studies of OA volatility in both the lab and the 

field. 
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Chapter 3 
Estimation of the volatility distribution of ambient organic aerosol and its 

components using thermodenuder measurements1 
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3.1 Introduction 

Atmospheric aerosols have adverse effects on human health (Caiazzo et al., 2013; Pope et al., 

2009) and contribute to climate change (IPCC, 2014). Over 50% of the submicron particulate mass 

is often comprised of organic compounds (Zhang et al., 2007). OA (organic aerosol) originates 

from many different natural and anthropogenic sources and processes. It can be emitted directly, 

e.g., from fossil fuels and biomass combustion (so-called primary organic aerosol, POA) or can be 

formed by atmospheric oxidation of volatile, intermediate volatility and semi-volatile organic 

compounds (secondary organic aerosol, SOA). Since the oxidation pathways of organic vapors are 

complex and the corresponding reactions lead to hundreds or even thousands of oxygenated 

products for each precursor, our understanding of OA formation mechanisms and the OA chemical 

and physical properties remains incomplete.  

The volatility of atmospheric OA is one of its most important physical properties. It 

determines the partitioning of these organic compounds between the gas and particulate phases, 

the OA concentration, and the atmospheric fate of the corresponding compounds. Measurement of 

the OA volatility distribution has been recognized as one of the major challenges in our efforts to 

quantify the rates of formation of secondary organic particulate matter (Donahue et al., 2012). 

Thermodenuders (TD) have been developed to measure the volatility of ambient aerosol 

(Burtscher et al., 2001; Wehner et al., 2002, 2004; Kalberer et al., 2004; An et al., 2007). The 

aerosol mass fraction remaining (MFR) at a given temperature, after passing through the TD, is 

the most common way of reporting the TD measurements. The MFR, though an indirect metric of 

volatility for a specific TD operation, also depends on the aerosol concentration, size, enthalpy of 

vaporization, potential resistances to mass transfer, etc (Riipinen et al., 2010). 

The two-dimensional volatility basis set (2D-VBS) framework from Donahue et al. (2012) 

has been used in order to describe atmospheric OA formation and evolution by lumping all organic 

compounds (with the exception of VOCs) into surrogates along two axes of volatility and the 

oxygen content (expressed as the O:C ratio or carbon oxidation state). Using the 2D VBS requires 

the ability to measure the OA distribution as a function of volatility and O:C ratio (or carbon 

oxidation state).  

Positive Matrix Factorization (PMF), aims to separate the bulk OA mass spectra obtained 

by the aerosol mass spectrometer (AMS) into combinations of individual “factors” that give 

information about the sources or processing of organic aerosol (Lanz et al., 2007; Ulbrich et al., 
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2009; Huffman et al., 2009; Zhang et al., 2011). Typical factors correspond to either primary 

sources including HOA (hydrocarbon-like OA), BBOA (biomass burning OA) and COA (cooking 

OA) or secondary OA like SV-OOA (semi-volatile oxygenated OA) and LV-OOA (low volatility 

oxygenated OA). Although there have been numerous studies that have identified PMF factors in 

ambient datasets, there have been few studies that have attempted to estimate the corresponding 

factor volatility (Huffman et al., 2009; Cappa and Jimenez, 2010). Huffman et al. (2009) 

characterized the volatility of PMF factors derived for the MILAGRO campaign in Mexico City 

and for the SOAR-1 campaign in Riverside, CA. They concluded that BBOA was the most volatile 

and OOA was the least volatile component. HOA was more volatile than OOA in almost all cases. 

Cappa and Jimenez (2010), using a kinetic evaporation model, estimated the volatility distributions 

for the various PMF OA factors for the MILAGRO campaign.  

Here we extend this work focusing on two major cities, Paris and Athens. Firstly, we 

estimate the volatility distributions of PMF factors derived from two month-long summer and 

winter campaigns in a suburban background site in Paris. The data analysis approach is first 

outlined and the corresponding challenges are discussed. We use the mass transfer model of 

Riipinen et al. (2010), together with the with the uncertainty estimation algorithm presented in 

Chapter 2 to estimate the volatility distributions for all PMF factors. Then we focus on another 

large European urban center, Athens, during wintertime. We determine again the volatility 

distribution of the four OA PMF factors reported during a month-long winter campaign. In these 

studies there were only TD measurements available. No isothermal dilution measurements were 

made during these studies.  

3.2 Methods  

3.2.1 Paris campaigns 

Two comprehensive field campaigns were performed during July of 2009 and January/February 

of 2010 at an urban background sampling site, SIRTA (Site Instrumental de Recherche par 

Teledetection Atmospherique) (Haeffelin et al., 2005) located about 20 km southwest of Paris’ 

city center. The datasets were collected as part of the collaborative project MEGAPOLI 

(Megacities: Emissions, urban, regional, and Global Atmospheric POLution and climate effects, 

and Integrated tools for assessment and mitigation) (Baklanov et al., 2008; Beekmann et al., 2015). 
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A suite of instruments was used including a high-resolution time-of-flight aerosol mass 

spectrometer (HR-ToF-AMS) from Aerodyne (DeCarlo et al., 2006) for particle mass and 

composition, a scanning mobility particle sizer (SMPS) from TSI for particle size and number 

distributions and the Carnegie Mellon University thermodenuder (TD) for volatility measurements 

(An et al., 2007). 

The TD, consisted of a heated tube followed by a denuding section, which uses activated 

charcoal to prevent recondensation of organic vapors. The TD was operated at temperatures 

ranging from about 20°C to 200°C during both campaigns, yielding thermograms of the organic 

aerosol mass remaining as a function of TD temperature. The TD scanned this temperature range 

using different temperatures each day.  A centerline residence time of 25 s at 298 K was used for 

all measurements. This corresponds to mean residence time of approximately 50 s at 298 K. 

Changes in composition, mass, and size as a result of aerosol evaporation were quantified 

by both the SMPS and the HR-ToF-AMS by alternate sampling between the TD and the ambient 

sample line, every 5 minutes. The SMPS was operated with a sheath flow of 5 L min-1 and a sample 

flow rate of 0.5 L min-1. The HR-ToF-AMS, which measures the aerosol size-composition 

distribution of the submicron non-refractory material, was operated in both the higher sensitivity 

mode (V-mode) and the higher resolution mode (W-mode) (DeCarlo et al., 2006). The V-mode 

data are used in this study. The AMS collection efficiency was estimated at 0.38 during the summer 

(Crippa et al., 2013a) and 0.5 during the winter (Crippa et al., 2013b). 

3.2.2 Athens campaign 

During the period from January 10, 2013 until February 10, 2013 intensive measurements were 

performed at an urban background site located in the center of the city of Athens. The National 

Observatory site (37° 58' 21.37'' N, 23° 42' 59.94'' E) is 200 m from the nearest road and can be 

described as urban background.  

The TD used in this study, was placed upstream of a High-Resolution Time-of-Flight 

Aerosol Mass Spectrometer (HR-ToF-AMS Aerodyne Research Inc.) (Decarlo et al., 2006; 

Canagaratna et al., 2007) measuring the size-composition distribution of the submicron non-

refractory material, and a Scanning Mobility Particle Sizer (SMPS 3936 TSI Inc.) measuring the 

particle size distributions. The TD design was similar to that developed by An et al. (2007). 
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Temperature was controlled by a PID controller (CNI3244-C24, I/32, Omega) through a heating 

tape (STH102-100, Omega) wrapped around the outer cylinder (100 cm ID) of the heating section 

based on the measurements of a thermocouple (TJ-36, Omega) placed in the center of the inner 

cylinder (inner diameter ID=36.4 mm) with actual heating length of 50 cm. Sand filled the space 

between the two cylinders to minimize temperature fluctuations. The heating section was insulated 

using a ceramic fiber blanket wrapped around the heating tape and an outer rectangular stainless 

steel case. The denuder section consisted of an inner tubular mesh (ID=36.4 mm) and an outer 

stainless steel cylinder (ID=100 mm). Activated carbon was placed between the two tubes as an 

adsorbent. 

During the campaign the TD operated at a temperature range between 25oC and 400oC using 

several temperature steps. One cycle from 25 to 400oC and back to 25oC lasted approximately 10 

h, resulting in a little more than two cycles per day. The starting time of the temperature cycle was 

different each day allowing the collection of measurements at each TD temperature during 

different periods of the day. Sampling was alternated between the ambient line and the TD line 

every 6 minutes with computer-controlled valves. Changes in particle mass concentration, 

composition, and size due to evaporation in the TD were detected by the HR-ToF-AMS and the 

SMPS resulting in thermograms of OA MFR as a function of TD temperature. The OA MFR was 

calculated as the ratio of organic mass concentration of a sample passing through the TD at time ti 

over the average mass concentration of the ambient samples that passed through the bypass line at 

times ti-1 and ti+1. 

The SMPS was operated at a sampling flow rate of 1 L min-1 and sheath flow rate of 5 L 

min-1 sampling every 3 minutes. The HR-ToF-AMS was sampling with 0.1 L min-1 and operated 

in both the higher sensitivity mode (V-mode) and the higher resolution mode (W-mode)  (DeCarlo 

et al., 2006). V-mode data are used for this analysis. The sample residence time in the centerline 

of the TD was 14 s at 298 K corresponding to an average residence time in the TD of 28 s. 

3.3 Data Analysis 

3.3.1 Paris campaigns 

The processing of the TD measurements for Paris has been described by Paciga et al. (2016). Only 

a brief summary is presented here. TD raw measurements were corrected using the size and 
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temperature dependent corrections of Lee et al. (2010). The OA mass fraction remaining (MFR) 

was calculated dividing the loss-corrected OA concentration after the TD at time period i with that 

of the by-pass line at time period i+1.  

The OA mass concentration data for the summer campaign is shown in Figure 3.1. Overall, 

the particulate matter mass concentration was surprisingly low during this period in Paris, with a 

campaign average PM1 OA for SIRTA of only 0.83 μg m-3.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1 Ambient (blue dots) and thermodenuder (red dots) organic mass concentration 
measurements for Paris during summer 2009. 
 

Paris during winter, unlike the summer, was characterized by higher fine PM concentrations with 

an average PM1 OA concentration of 3.1 μg m-3 (Figure 3.2).  

Along with the bulk organic measurements, additional information can be derived from the 

HR-ToF-AMS V-mode mass spectra using the PMF analysis technique. A complete discussion of 

the PMF analysis of the ambient measurements and the resulting factors can be found in Crippa et 

al. (2013a; b). The PMF analysis was repeated, combining both ambient and thermodenuded 

spectra with guidance from the original analysis of the ambient-only data (e.g., the same number 

of factors was used). This second analysis produced for all practical purposes the same results for 

the ambient data set as that of the ambient measurements only.  

6

5

4

3

2

1

0

O
rg

an
ic

 M
a

ss
 C

o
n

ce
n

tr
at

io
n

, 
µ

g
 m

-3

7/1 7/6 7/11 7/16 7/21 7/26 7/31

Date and Time

 Ambient
 Thermodenuder



52 
 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2 Ambient (blue dots) and thermodenuder (red dots) OA mass time series for the winter 
Paris 2010 campaign.  

 

The low OA concentrations especially during the summer resulted in very low concentrations of 

the corresponding factors and thus high MFR uncertainty. The MFRs of the various factors were, 

as expected, extremely variable when the factor concentrations were close to zero. Therefore, to 

minimize these problems, a minimum ambient mass concentration was determined for each PMF 

factor, based on the concentration range for which MFR measurements often exceeded 1.5. The 

average ambient concentration and threshold concentration with corresponding statistical 

information for each PMF factor is shown in Table 1. The corresponding factor concentration 

thresholds during the summer were in the 0.05-0.1 μg m-3 range. MFR measurements of PMF 

factors with ambient levels less than 0.1 μg m-3 are clearly quite uncertain. All the corresponding 

MFR values from these low factor concentration periods were excluded from the analysis. Few 

MFR measurements were excluded during the winter period, while 20-50% of the measurements 

for the various factors were excluded during the summer. 
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Table 3.1 Average and threshold ambient concentrations for each PMF factor for Paris summer 
and winter campaigns. 

 

PMF 
Factor 

Season Average Mass 

Concentration 

(μg m-3) 

Threshold 
Concentration 

(μg m-3) 

Percentage of 
Measurements above 

Threshold  

HOA Summer 0.16 0.08 53 

COA 0.25 0.05 69 

MOA 0.17 0.10 73 

SV-OOA 0.65 0.10 82 

LV-OOA 0.12 0.08 69 

     

HOA Winter 0.95 0.20 95 

COA 0.48 0.08 92 

BBOA 0.60 0.07 90 

OOA 3.78 0.40 99 

 

3.3.2 Athens campaign 

The time series of the campaign organic aerosol mass concentration measured by the HR-ToF-

AMS are shown in Figure 3.3. The average ambient OA mass concentration was 8.5 μg m-3. 

Several nighttime periods during the campaign were characterized by very high (more than 60 μg 

m-3) OA concentration levels due to residential wood burning. The ambient data were corrected 

for the AMS particle collection efficiency (CEamb) which was calculated by the algorithm proposed 

by Kostenidou et al. (2007). The average value for the ambient measurements was 0.85±0.23. The 

thermodenuded OA was also corrected for the AMS CE (CETD=0.93±0.12) using the same 

approach and additionally for particle losses in the TD.  To account for these losses, sample flow 

rate and TD temperature-dependent loss corrections were applied following Lee et al. (2010). The 

corrected MFR values were then averaged using temperature bins of 10oC. 
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Figure 3.3 Timeseries of OA mass concentration: ambient OA (blue line) and TD OA (red line) 
for Athens winter campaign. 

Source apportionment of the OA was performed using the HR-AMS data. Details of the PMF 

analysis can be found in Florou et al. (2016). This analysis was performed both for the ambient 

and the thermodenuder AMS spectra resulted in the same factors for the complete dataset. 

Kostenidou et al. (2009) proposed the theta angle (θ) as an indicator of mass spectra similarity by 

treating the AMS spectra as vectors and calculating their corresponding angle θ. Lower θ implies 

more similar spectra. Comparing the results of the PMF on only the ambient data and on ambient 

plus TD spectra, the resulting angles were less than 5o for all four factors (3.1o for COA, 1.9o for 

HOA, 2.6o for BBOA, and 5o for OOA) suggesting that the ambient plus TD PMF analysis gave 

practically the same factors as the ambient-only OA analysis. The ambient and TD mass spectra 

of the OOA, BBOA, HOA and COA are shown in Figure A.1 in the supplementary information. 

In order to minimize the low concentration problems a minimum threshold value was 

selected for the factor ambient concentration following Paciga et al. (2016). A threshold value of 

0.05 μg m-3 was used for all factors. Table 3.2 summarizes the average ambient concentration of 

each factor and the corresponding fraction of measurements that were above the threshold. 
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Table 3.2 Average ambient concentrations and percentage of points above threshold for each PMF 

factor for the 2013 Athens winter campaign. 

 

Factor 
Average ambient mass 
concentration (μg m-3) 

Percentage of measurements above  
0.05 μg m-3 threshold 

BBOA 4.3 70 
COA 1.2 83 
HOA 1.9 78 
OOA 1.3 98 

3.4 Volatility Distribution Estimation 

To estimate the volatility distributions from the corrected thermograms we employed the dynamic 

mass transfer model of Riipinen et al. (2010). The model simulates particle evaporation using 

experimental inputs including TD temperature and residence time, initial particle size, and ambient 

OA concentration. The volatility of these complex mixtures is defined using the corresponding 

effective saturation concentration, C*, at 298 K. Along with saturation concentration, two 

parameters that can affect the evaporation rate and the corresponding volatility estimation are the 

enthalpy of vaporization and the mass accommodation coefficient. Unfortunately, these values are 

currently unknown for these complex multi-component systems. Typical values of 100 kJ mol-1 

and 1.0 are assumed for the enthalpy of vaporization and accommodation coefficient, respectively. 

However, mass transfer limitations to evaporation have been observed in some experimental 

systems, leading to mass accommodation coefficient values of much less than one (Saleh et al., 

2013).  

The volatility distribution in the volatility basis set framework (VBS) is represented by 

surrogate species with a saturation concentration of Ci
* (Donahue et al., 2006). The Ci

* bins are 

logarithmically spaced, allowing for extremely low and high volatility species to be represented. 

The analysis here was limited to a 6-consecutive C* bin solution with a variable mass fraction 

value for each bin. Different volatility ranges were tested and the best range was selected for each 

factor. The “goodness of fit” was quantified using the error analysis outlined in Karnezi et al. 

(2014). The standard error was calculated for all C* bin-mass fraction combinations. For a given 

6-bin solution, the top 2% of mass fraction combinations with the lowest error was used to find 

the average mass fraction in each bin and the corresponding standard deviation.  
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The OA components are described as intermediate volatility organic compounds (IVOCs 

with C* ≥1000 μg m-3), semi-volatile (SVOCs with C* of 1, 10, and 100 μg m-3), low volatility 

(LVOCs with C* of 10-3, 10-2, and 0.1 μg m-3), and extremely low volatility compounds (ELVOCs 

with C*≤10-4 μg m-3) in the rest of the chapter following Murphy et al. (2014). 

3.5 Effect of concentration on volatility distribution 

Donahue et al. (2006) have suggested that when the total mass concentration of the OA from a 

given source changes, volatility distribution will also change. At high concentration levels, 

specifically, the more volatile OA components partition into the particle phase and the OA 

becomes more volatile on the other hand dilution leads to repartitioning of the more volatile 

components into the gas phase effectively reducing the apparent volatility of the system. Figure 

3.4 shows as an example how the composition of OA changes, as its total mass concentration 

varies.  

 

  

 

 

 

 

 

 

Figure 3.4 OA composition versus the initial concentration of the OA. ELVOCs are shown with 
magenta, LVOCs with blue, SVOCS with cyan and IVOCs with yellow. The y axis represents the 
percentages of ELVOCs, LVOCs, SVOCs and IVOCs for each bin that represents the initial 
concentration of the OA. 

For a concentration equal to 1000 μg m-3 the OA consists of 10% ELVOCs, 40% LVOCs, 40% 

SVOCs and 10% IVOCs. When this initial concentration is diluted 1000 times and COA=1 μg m-3 

there are no more IVOCs in the OA and there are now around 15% ELVOCs, 65% LVOCs and 
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20% SVOCs. For further dilution, the OA consists mostly of ELVOCs and LVOCs. In the analysis 

later, in order to compare the volatility distributions and fractional contributions for each PMF 

factor of the two campaigns we will develop an approach to scale the results to the same 

concentration and then compare our findings. 

3.6 Results and Discussion  

3.6.1 Organic aerosol volatility during Paris campaigns 

The average loss-corrected OA thermograms for the two seasons are shown in Figure 3.5. The two 

thermograms seem very similar while differences are mostly noticeable at the high temperatures. 

In the winter, approximately 30% of the OA remained at 180oC, while in the summer thermogram 

less than 10% was present at the same temperature. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.5 Loss-corrected average OA thermograms for summer (red circles) and winter (blue 
squares) Paris campaigns. The error bars correspond to plus/minus 2 standard deviations of the 
mean. Points with no error bars correspond to a single measurement. 

This might suggest more ELVOCs being present at winter. However, the summer thermogram 

shows that nearly 50% of the mass evaporated at a thermodenuder temperature of 83 oC (T50). The 
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winter measurements suggested a similar T50 value of 88 oC. This crude comparison of volatility 

through the corresponding thermograms suggests that the OA in the two seasons could have similar 

average volatility distributions. It is surprising that the seasonal differences in emissions are not 

reflected in the corresponding thermograms. We will examine the reasons for this similarity in the 

subsequent section by analyzing the volatility of the corresponding factors. 

Using the mass transfer model of Riipinen et al. (2010) and the uncertainty estimation 

method of Karnezi et al. (2014) we calculated the volatility distributions for the total OA for the 

two seasons. The estimated volatility distributions for the total OA for the two seasons are depicted 

now in Figure 3.6 along with the best fit thermograms predicted from the model. 

 

 

 

 

 

  

 

 

         

  

 

 

 

 

 

Figure 3.6 (a) Average loss-corrected OA thermograms for summer (up left panel) and (b) winter 
(up right panel) OA Paris campaigns. The error bars correspond to plus/minus 2 standard 
deviations of the mean. The black line represents the best fit estimated thermogram. (c) Estimated 
volatility distributions for summer (down left panel) and (d) winter total Paris OA (down right 
panel). The error bars correspond to the fitting uncertainties according to the algorithm of Karnezi 
et al. (2014). 

(a) (b) 

(c) (d) 
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Typical values of 100 kJ mol-1 and 1.0 are assumed for the enthalpy of vaporization and 

accommodation coefficient. The estimated volatility distributions are quite similar to each other 

especially considering the corresponding uncertainties and they are characterized by higher 

concentrations of components with C*=10-4 and 10 g m-3. 

3.6.2 Organic aerosol volatility during the Athens campaign 

Figure 3.7 shows the average loss-corrected thermogram of the total OA for the entire campaign 

and the estimated OA volatility distribution using the same method as in section 3.6.1. Half of the 

OA during the measurement period evaporated at 80oC (T50=80oC). Roughly 30% remained at 

200oC and this fraction did not decrease significantly as the temperature increased to 400oC. The 

estimated volatility distribution suggests that 30% of the organic compounds had a volatility less 

than 10-4 μg m-3 indicating that extremely low volatile organic compounds (ELVOCs) were 

present. Around 40% of the material was SVOCs and approximately 30% LVOCs.  

 

Figure 3.7 (a) Average loss-corrected total OA thermogram for Athens campaign. Magenta circles 
represent the measurements with error bars representing the corresponding variability (±1 standard 
deviation of the mean). The black line represents the best fit estimated thermogram using the 
approach of Karnezi et al. (2014). (b) Estimated OA volatility distribution. Error bars represent the 
corresponding uncertainties according to the algorithm of Karnezi et al. (2014). 
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3.6.3 Volatility of organic aerosol components during Paris campaigns 

Five PMF factors were determined for the summer dataset by Crippa et al. (2013a). Hydrocarbon-

like OA (HOA) most closely resembles fresh vehicle emissions in that the mass spectrum 

resembles that of transportation sources. Cooking OA (COA) was also observed in the summer 

campaign, peaking during noon and evening meal times. Marine OA (MOA) was identified based 

on relatively high levels of organic sulfur and a strong correlation with methanesulfonic acid 

(MSA), which is a product of continued oxidation of phytoplankton decomposition products. Two 

SOA factors were also found: Semi-volatile oxygenated OA (SV-OOA) and low volatility 

oxygenated OA (LV-OOA). These two factors were differentiated based on their O:C ratio. The 

two secondary OA factors made up 57% of the total OA mass. The remaining factors contributed 

fairly similar average fractions of 18% for COA, 12% for HOA, and 13% for MOA. Detailed 

discussion of the PMF factors along with verification analysis were provided by Crippa et al. 

(2013a). 

The PMF analysis for the winter campaign yielded four factors. The HOA and COA factors 

were again present. There was also a single secondary OA factor which was termed oxygenated 

OA (OOA). This factor could not be further separated into SV-OOA and LV-OOA. The final 

factor reported was biomass burning OA (BBOA), correlating with known molecular markers for 

residential wood burning (e.g., levoglucosan). The OOA factor was found to dominate the organic 

aerosol mass, contributing nearly 65% on average. The complete analysis and description of these 

factors can be found in Crippa et al. (2013b).  

Using the mass transfer model from Riipinen et al. (2010) and the approach of Karnezi et al. 

(2014) we fitted the corresponding thermograms (Figure A.2), using a C* bin solution with a 

variable mass fraction value for each bin. Specifically, for each factor we used an individual 

consecutive 6-bin solution (chosen as the 6-bin solution with the best fits) resulting in the volatility 

distributions, shown in Figure 3.8. 
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Figure 3.8 Estimated volatility distributions for summer PMF factors (left panel) and winter PMF 
factors (right panel) during Paris campaigns. The error bars correspond to the fitting uncertainties 
according to the algorithm of Karnezi et al. (2014). 
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The modeled thermograms for all factors from both summer and winter campaigns are shown in 

Figure 3.9. Finally, the volatility distributions for each factor are summarized in Table A.1 in the 

supplementary information. The fitting of individual factor thermograms implicitly assumes that 

each factor had the same size distribution as the total OA and that the factors were present as an 

external mixture. To test the uncertainty introduced by this assumption we compared the volatility 

distribution of the total OA with the composition weighted sum of the volatility distributions of 

the individual OA factors for both summer and winter. The two distributions (total and sum of 

factors) agreed within a few percent for both seasons suggesting that the uncertainty is modest and 

within the uncertainty limits shown in the corresponding figures. 

 

 

 

 

 

 

  

 

 

 

 

Figure 3.9 Estimated best-fit thermograms for all PMF factors during Paris campaigns. The solid 
lines represent the thermograms for the summer campaign and the dashed lines the thermograms 
for the winter campaign. 

The HOA factors for the summer and winter campaigns had very similar thermograms and 

volatility distributions with half of the material in the 10 μg m-3 bin (Figure 3.8). Roughly 40% of 

the HOA in both seasons consisted of LVOCs and ELVOCs. This volatility similarity is consistent 

with the similarity in mass spectra derived by the PMF analysis (Figure 3.10a). The angle θ 

between the corresponding vectors (treating the AMS spectra as vectors according to Kostenidou 
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et al. (2009)) was 14° suggesting similar chemical fingerprints. This is not surprising for a 

Megacity where the transportation and any industrial sources are expected to have chemically 

similar emissions in both summer and winter.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.10 Seasonal mass spectra comparison for (a) HOA and (b) COA in Paris winter and 
summer campaigns. Red lines correspond to the summer measurements while blue symbols 
correspond to the winter data. 

Similar were also the T50 for the HOA factors with values of 49 oC and 54 oC for the summer and 

winter campaign, respectively. Cappa and Jimenez (2010) also estimated that the HOA in Mexico 

City had a wide volatility distribution with approximately 35% of its mass consisting of LVOCs 
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and ELVOCs while the remaining 65% was SVOCs. Almost 40% of the HOA had C*≥10 μg m-3 

which compares very well with the 50% estimated here.  

The situation was quite different for the cooking OA factor. Here the seasonal differences 

were more pronounced for the thermograms (Figure 3.9), the estimated volatility distributions 

(Figure 3.8) and the corresponding mass spectra (Figure 3.10b). The winter COA was substantially 

less volatile than the summer COA, more than an order of magnitude based on average logC* 

values, weighted by the mass fraction of each bin (average C*= 10-2 μg m-3 for the summer 

campaign and average C*= 4x10-4 μg m-3 for the winter campaign). The COA factor during the 

winter campaign did not contain semi-volatile components while 37% of the summer COA was 

semi-volatile. The COA winter factor consisted of ELVOCs (37%) and LVOCs (63%). The COA 

mass spectra in Figure 3.10b show that the winter COA was characterized by a higher fraction of 

molecular fragments at higher mass-to-charge (m/z) ratio. This is consistent with organic 

components of longer carbon chain which, for the same level of oxidation, are expected to have 

lower volatility. The angle θ between the COA spectra was 26°, suggesting a significant chemical 

difference. One explanation is that the cooking habits are different in the two seasons with outdoor 

cooking (e.g., barbecue) dominating in the summer and indoor cooking relying more on oil and 

butter, being more significant in the winter. The T50 for the COA factors were different as well, 

with values of 91 oC and 148 oC for the summer and winter campaign, respectively. 

The LV-OOA factor detected in the summer had the lowest volatility (Figure 3.8) of all the 

derived factors. There was no sign of evaporation until the TD temperature reached nearly 150 oC 

(Figure 3.9). We estimate that this factor consisted almost exclusively of OA with effective 

saturation concentrations equal to or lower than 10-3 μg m-3, which are almost exclusively 

ELVOCs. The average ambient concentration of this factor during the summer was 0.12 μg m-3 

and its average C* was equal to 5x10-6 μg m-3. Very low volatilities (practically all the OA had C* 

≤ 10-3 μg m-3) were also estimated for LV-OOA by Cappa and Jimenez (2010) in Mexico City 

during the MILAGRO campaign. 

The estimated volatility for the SV-OOA factor is consistent with its naming by Crippa et 

al. (2013a) as it was significantly higher than that of the LV-OOA (Figure 3.8). We estimated that 

roughly half of the SV-OOA was SVOCs while it contained also LVOCs (42%) and a small 

amount of ELVOCs (6%). Its T50 was 61 oC and its average C* was roughly 0.2 μg m-3. These 

values are once more generally consistent with the estimates of Cappa and Jimenez (2010) showing 
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that SVOCs dominated the SV-OOA during MILAGRO (approximately 40%) with LVOCs 

contributing another 35%. 

The OOA factor determined in the winter had a volatility distribution (Figure 3.8), 

containing SVOCs (45%), LVOCs (25%) and ELVOCs (30%). The winter OOA and the summer 

SV-OOA spectra had a θ angle of 34°, while there was an even larger discrepancy between the 

winter OOA and the summer LV-OOA with an angle of 37°. The T50 was equal to 85oC. These 

differences in mass spectra and T50 are consistent with the differences in volatility. The average 

volatility of OOA was much higher than LVOOA in summer but lower than SVOOA. 

The marine OA (MOA) factor was only detected during the summer campaign at an average 

concentration of 0.17 μg m-3. Its volatility was relatively high (Figure 3.9), and almost all the MOA 

had evaporated at 100 oC. The MOA factor consisted mainly of SVOCs (61%) and some LVOCs 

(36%). Its T50  was equal to 58 oC and its average C* was approximately 0.4 μg m-3.  

The BBOA factor was present in the winter dataset with an average ambient concentration 

of 0.6 μg m-3. The corresponding estimated volatility distribution (Figure 3.8) shows that half of 

the BBOA factor consisted of SVOCs (with most material in the 10 μg m-3 bin) and the other half 

of LVOCs and ELVOCs. A similar bimodal distribution was also found by May et al. (2013) with 

a peak at 0.01 and one at 100 μg m-3 for controlled biomass burning in the laboratory. The 

difference in the location of the high volatility peak can potentially be explained by the wider range 

of concentrations in the experiments analyzed by May et al. (2013) compared to the limited range 

in the ambient Paris measurements. The more volatile BBOA components were never in the 

particulate phase in our dataset so their abundance cannot be determined. The BBOA T50 was 70  

oC, higher than that of HOA and less than those of COA and OOA. Finally, its average C* was 

approximately 0.1 μg m-3. The BBOA in Mexico City was approximately half LVOCs and half 

SVOCs (Cappa and Jimenez, 2010) and had a much lower ELVOC fraction than the wintertime 

Paris BBOA in the present study. 

3.6.4 Volatility of OA components during Athens campaign 

The PMF analysis resulted in a four-factor solution: an OOA factor together with three primary 

OA factors. A HOA factor mainly attributed to fresh vehicle emissions was observed especially 

during the morning rush hour. The mass spectrum of this factor resemble that of transportation 
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sources. A BBOA factor was also identified correlating well with known molecular markers for 

residential wood burning. BBOA increased during the evening. Finally, a factor attributed to 

cooking emissions (COA) was observed especially during early afternoon and night-time meal 

hours. 43% of the ambient OA originated from residential wood burning, another 24% was 

attributed to processed OA transported to the site from other areas, 17% was HOA, and 16% COA. 

A detailed discussion of these results can be found in Florou et al. (2016). 

The average OA composition after the TD as a function of TD temperature is presented in 

Figure 3.11. As the temperature increases evaporation of the components of each factor took place, 

until approximately 200oC. At higher temperatures, little or no additional evaporation was 

observed. At temperatures near 400oC the contribution of OOA is considerably higher than that of 

the other factors but the contribution of the other factors is non-zero.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.11 Average concentrations of OA components after the TD as a function of the TD 
temperature for Athens winter campaign. 

 

Gkatzelis et al. (2016) suggested that the conversion of POA to OOA in these measurements 

is low, and that a considerable fraction of the remaining OA is due to ELVOCs present. However, 

the possibility of reactions affecting the results at these temperatures cannot be discounted. The 
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stability of the spectra and the existence of HOA, BBOA, and COA signatures support the 

hypothesis that ELVOCs did exist in the OA. 

Applying the approach of Karnezi et al. (2014) the volatility distribution of each factor was 

determined and the results are shown in Figure 3.12. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.12 Estimated volatility distributions of OA components during Athens winter campaign. 
Error bars represent the corresponding uncertainties according to the algorithm of Karnezi et al. 
(2014). Typical values of 100 kJ mol-1 and 1.0 were assumed for the enthalpy of vaporization and 
accommodation coefficient.  

The corresponding thermograms showing the goodness of fit together with the 

measurements are depicted in Figure 3.13. The fitting of individual factor thermograms implicitly 

assumes that each factor had the same size distribution as the total OA and also that the factors 

were externally mixed. The uncertainty introduced by these two assumptions was implicitly 

evaluated comparing the estimated total OA volatility distribution of Figure 3.7b with the 
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composition-weighted average of the volatility distributions of the individual OA factors. The two 

distributions agreed within a few percent as depicted in Figure A.3. 

 

Figure 3.13 Thermograms of the four PMF factors during Athens campaign. Circles correspond 
to the average loss corrected measurements along with their uncertainties (±1 standard deviation 
of the mean). Lines represent the best fit estimated thermograms by the model of Karnezi et al. 
(2014). 

 

The average OOA ambient concentration was 1.3 μg m-3 (Table 3.2). Its volatility distribution 

suggests that 40% of the OOA consisted of compounds with volatility less than 10-4 μg m-3 that 

are categorized as extremely low volatile organic material (Murphy et al., 2014). The rest was 

LVOCs (30%) and SVOCs (30%) (Table A.2 and Figure 3.12). The average volatility, calculated 

as the logC* values weighted by the mass fraction of each bin, was of the order of 10-4 μg m-3 

(Table A.2). Its thermogram suggests that the T50 for OOA was almost 125oC (Figure 3.13). 
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The average HOA concentration was 1.9 μg m-3 (Table 3.2). Approximately 30% of the 

HOA had volatility less than 10-4 μg m-3 consisting of ELVOCs. The remaining 40% consisted of 

LVOCs and the last 30% of SVOCs (Table A.2 and Figure 3.12). The average volatility was of the 

order of 10-3 μg m-3 (Table A.2), an order of magnitude higher than the OOA. The HOA T50 was 

approximately 100oC (Figure 3.13). 

The average BBOA concentration was 4.3 μg m-3 (Table 3.2). There was a small fraction of 

ELVOCs (approximately 10%), 40% was LVOCs, and 50% SVOCs (Table A.2 and Fig. 3.12). Its 

average volatility was of the order of 10-1 μg m-3 (Table A.3). The corresponding BBOA 

thermogram suggests that its T50 was 70oC (Figure 3.13). 

Finally, COA with an average concentration of 1.2 μg m-3 (Table 3.2) had a bimodal 

volatility distribution exhibiting two peaks at 10-3 and 10 μg m-3 effective saturation concentrations 

(Table A.2 and Figure 3.12). This indicates that COA during winter-time in Athens is mainly a 

mixture of low and semi-volatile organic material. Some extremely low volatility material was 

also present with effective saturation concentration lower than 10-4 μg m-3 (almost 10%). The COA 

T50 was almost 120oC (Figure 3.13), and its average C* was of the order of 10-2 μg m-3 (Table A.3). 

3.7 Synthesis of Results in the 2D-VBS 

The two-dimensional volatility basis set (2D-VBS) approach proposed by Donahue et al. (2012) 

aims to describe the absorptive partitioning of a large number of unknown organic compounds by 

lumping them into surrogates along axes of volatility and the O:C ratio (or carbon oxidation state, 

OSC). Donahue et al. (2012) provided rough estimates of factor locations on the 2D-VBS by 

extrapolating the available at that time ambient measurements. The 2D-VBS framework was 

employed in order to synthesize the above results, combining the bulk average O:C ratio and 

volatility distributions of the various factors. Each of the different factors had a distribution of O:C 

values, but this distribution cannot be determined from the AMS measurements.  

For Paris campaigns, the HOA, BBOA, and COA factors all had relatively low O:C values 

and covered a wide range of volatilities (Figure 3.14). The MOA and secondary OA factors for 

both seasons had much higher O:C but also included components with a wide range of volatilities, 

with LV-OOA having the lowest one on average. The HOA during summer had higher O:C than 

HOA during winter, suggesting incomplete separation from aged HOA or potential differences in 
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their sources, while their volatility distribution was similar, as discussed earlier. The COA factor 

during the summer campaign, had slightly higher O:C and higher volatility than the COA from the 

winter campaign. The OOA during the winter had the highest O:C ratio but it had lower average 

volatility compared to the less oxidized SVOOA and higher volatility than the LVOOA.  

 

 

 

 

 

 

 

 

 

Figure 3.14 Effective saturation concentration C* and O:C (oxidation state on the left y-axis) for 
classes of organic species as shown in Donahue et al. (2012) along with estimated factors from the 
summer and winter Paris campaigns. The red bars represent the HOA factors, the pink are the COA 
factors, the green the SVOOA and OOA, the blue represents the MOA factor, the brown the BBOA 
factor and the black the LVOOA factor. The darker shading of the colored bars denotes a larger 
mass fraction for a given C* bin. The diamonds represent the average log10(C*) value of each PMF 
factor.   

For Athens campaign, OOA, HOA, BBOA, and COA all covered a wide range of volatilities 

as depicted in Figure 3.15. The estimated HOA and BBOA factors in this study are in the expected 

region but also include an ELVOC component. COA is in the same range with HOA having a very 

similar O:C ratio and a slightly higher average volatility. OOA in these wintertime conditions had 

a moderate O:C ratio of 0.45 (closer to SV-OOA) and included both semi-volatile and extremely 

low volatility components. 
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Figure 3.15 Saturation concentration, mean O:C ratio (left y-axis) and mean carbon oxidation state 
(OSc) (right y-axis) for OA factors following Donahue et al. (2012) along with estimated factors 
from Athens winter campaign. The shaded areas indicate the locations of the various factors 
proposed by Donahue et al. (2012) while the colored horizontal bars the estimated locations of the 
factors. Blue bars represent OOA, red bars HOA, green bars BBOA, and cyan bars COA. Darker 
shading of the horizontal colored bars denotes larger mass fractional contribution for a given C* 
bin. The stars represent the average log10 (C*) value for a given PMF factor. 

These results indicate that there was not a direct link between the average volatility and the 

bulk average O:C for these OA components. This is actually the reason for the introduction of the 

2D-VBS: the second dimension is needed to capture at least some of the chemical complexity of 

the multitude of organic compounds in atmospheric particulate matter. 

The broad range of volatilities extending to the ELVOC range is one of the most important 

results of this study. Superimposition of the factors and those estimated by Donahue et al. (2012) 

indicates that the factor locations agree well with the exception of the ELVOCs. This is quite 

encouraging both for our results and our current understanding of the evolution of atmospheric 

OA. These results strongly suggest that the PMF separates their factors mainly based on their O:C 

and not so much based on their volatility. The use of the low-volatility and semi-volatile OOA 

terminology that has been used in the field is therefore problematic. Replacing it with more and 

less oxidized OOA is probably more in the right direction.  
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3.8 Estimation of vaporization enthalpy and accommodation coefficient 

In the next step of the analysis, we applied the model again without specifying the vaporization 

enthalpy and the mass accommodation coefficient. The estimated effective vaporization enthalpies 

are shown in Figure 3.16 for the various campaigns and factors. Please note that a value of ΔHvap= 

100 kJ mol-1 has been assumed in the preceding analysis.  

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

Figure 3.16 Comparison of estimated vaporization enthalpies in the Athens and Paris campaigns 
for (a) BBOA, (b) COA, (c) HOA and (d) OOA for winter campaigns and SVOOA for the Paris 
summer campaign.  

The estimated vaporization enthalpy for BBOA is around 100 kJ mol-1 for Athens and 110 

kJ mol-1 for Paris. The uncertainty ranges include the assumed 100 kJ mol-1 in the initial 

simulations. The mass spectra of the two BBOA factors had an angle theta of around 20o (Florou 

et al. 2016) suggesting more similarity but also some significant differences. For COA the ΔHvap 
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values in Paris are around 30 kJ mol-1 higher than those in Athens. Once more the COA spectra in 

Athens and Paris had some notable differences (θ values 15-20o) that are consistent with different 

ΔHvap values. The same differences (higher ΔHvap for Paris) were found for HOA. In the last 

comparison, we use OOA from Athens and Paris winter campaign and SVOOA from Paris summer 

campaign. The wintertime OOA vaporization enthalpies were practically the same for the two 

campaigns, and around 80-90 kJ mol-1. These values were lower than those of the summertime 

similar while the SV-OOA factor in Paris. In all cases though, the assumption of 100 kJ mol-1 that 

we used in our initial simulation is within the estimated uncertainty range and at most 20 kJ mol-1 

from the estimated values.  

For all factors from both campaigns we estimated high values for the accommodation 

coefficient, close to unity (Figure 3.17) which was the originally assumed value. These suggest 

that any resistances to mass transfer during the evaporation in the TD were indeed minor.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.17 Estimated accommodation coefficients for the Athens and Paris campaigns for: (a) 
BBOA, (b) COA, (c) HOA and (d) OOA for the winter campaigns and SV-OOA for Paris summer 
campaign.  
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Finally, the new estimated volatility distributions, after applying the mass transfer model 

again, varying the vaporization enthalpy and accommodation coefficient, were compared to the 

ones with the previous approach, using fixed values for the properties (ΔHvap= 100 kJ mol-1 and 

am=1). The new estimations and their uncertainties are similar to the previous estimations, with 

largest differences found on the cases of winter COA. In these components, the estimated 

vaporization enthalpy, ranged around 20 kJ mol-1 from the estimated values and there was 

predicted a lower accommodation coefficient of the order of 0.1. A comparison between the 

volatility distributions for the two approaches is shown in Figure A.4 in the Appendix.  

3.9 Effects of OA concentration on estimated volatility distribution  

The ambient concentration of the OA or of the PMF factors affects the estimated volatility 

distribution due to the partitioning of the organic component between the aerosol and the gas 

phases (Donahue et al., 2006). For a fairer comparison between the volatility distributions and 

furthermore the fractional contribution of the OA composition, we scaled all distributions to the 

same mass concentration of the OA. Figure 3.18 shows an example for the BBOA factor from 

Athens campaign and how the volatility distribution changes for an initial concentration of 4.3 μg 

m-3 (average ambient mass concentration of BBOA in the Athens campaign) to an initial 

concentration of 0.6 μg m-3 (average ambient mass concentration of BBOA in the Paris winter 

campaign).  

  

 

 

 

 

 

 

 

Figure 3.18 Estimated concentrations of the BBOA components in the particulate phase (green) 
and gas phase in Athens for (a) for BBOA equal to 4.3 μg m-3 and (b) for BBOA=0.6 μg m-3. 
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At the higher concentrations in Athens there is significant BBOA with C*=10 μg m-3 (at 298 K). 

If the concentrations were much lower and similar to those in Paris (0.6 μg m-3) the C*=10 μg m-3 

components of the same BBOA would have much lower concentrations. As a result, the BBOA 

would appear to be less volatile even if we have assumed in this example that it has exactly the 

same volatility distribution. 

The initial and final fractional contribution of OA composition for BBOA in Athens before 

and after scaling to the same average ambient concentration as in the Paris winter campaign is 

shown in Figure 3.19. After scaling to the lower Paris concentration levels the major contributor 

to BBOA is LVOCs and not SVOCs.  

 

 

 

 

 

 

 

 

 

 

Figure 3.19 Fractional composition of the BBOA factor. For initial concentration 4.3 μg m-3 

(Athens winter campaign average concentration of BBOA) and for 0.6 μg m-3 (corresponding to 
the average BBOA in Paris). 

We repeated this calculation for all factors in Athens, calculating the aerosol concentration 

for the Paris concentration levels. The results are summarized in Figure 3.20. The BBOA in both 

areas, Paris and Athens, contained roughly 20% ELVOCs. However, there were more SVOCs in 

Paris (50%) compared to Athens (25%). 

The composition of the COA factors is quite different with the Paris COA having a 

significant ELVOC content, while the Athens COA has a SVOC fraction equal to almost 20% that 

is not present in Paris COA. These differences are consistent with the different cooking habits in 
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the two countries during the winter. Both winter studies agreed that 30% of the HOA consisted of 

LVOCs. The ELVOC fraction (30%) in Athens is higher than in Paris (15%) and both had a 

significant SVOC fraction (60% in Paris and 40% in Athens). The relatively small differences may 

be due to different transportation sources in these areas or could be partially due to the uncertainties 

of the corresponding analyses. The two OOA factors also had some similarity. The OOA factor 

included a lot more SVOCs (30%) compared to the OOA in Athens (15%). At the same time the 

Athens OOA had more ELVOCs and SVOCs.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.20 Comparison of composition of the factors from the Athens and Paris winter campaigns 
at the Paris concentration levels. With magenta we represent the ELVOCs, with blue the LVOCs 
and with cyan the SVOCs. 

The above results suggest both some similarities and also differences of the volatility 

distributions of the factors at the same concentration levels. The differences could be due to the 

different characteristics of the sources in the two regions and the differences in chemical 

processing (for the OOA). These differences, are, in a rough sense, consistent with the differences 
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in the AMS spectra of the corresponding factors (θ equal to 23o for BBOA, 17o for COA, 15o for 

HOA and 25o for OOA).  

3.10 Conclusions 

Ambient experimental data from a thermodenuder (TD) coupled to a High-Resolution Time-of-

Flight Aerosol Mass Spectrometer (HR-ToF-AMS) were obtained during two month-long 

(summer and winter) field campaigns in Paris, France and one wintertime campaign in Athens, 

Greece. Using a mass transfer model, together with the uncertainty estimation method of Karnezi 

et al. (2014), the volatility distribution of OA and its components was estimated.  

For the winter and summer campaign in Paris the thermograms surprisingly did not show 

significant differences, while the estimated volatility distributions, were also similar, with a 

bimodal shape with two major peaks: one at C* of the order of 10-4 μg m-3 and the second at C* of 

the order of 10 μg m-3. The volatility distributions of PMF factors were also derived during both 

campaigns. Five factors were determined for the summer dataset. Hydrocarbon-like OA (HOA), 

cooking OA (COA), marine OA (MOA) and two Secondary OA (SOA) factors were also 

identified: Semi-volatile oxygenated OA (SV-OOA) and low volatility oxygenated OA (LV-

OOA). The PMF analysis for the winter campaign determined four factors. The HOA and COA 

factors were again identified. There was also a single secondary OA factor that was termed 

oxygenated OA (OOA). The final factor observed was biomass burning OA (BBOA). 

The HOA factors for both campaigns in Paris had similar volatility distributions with half 

material being SVOCs. This similarity was consistent with the corresponding mass spectra derived 

by the PMF analysis and was not surprising for a city, with similar transportation and industrial 

emissions in both seasons. The summer COA was significantly more volatile than the winter COA. 

The winter COA did not contain any semi-volatile organic components (SVOCs) whereas 37% of 

the summer COA was semi-volatile. These differences in volatility were consistent with the 

differences in AMS spectra and could be due to different seasonal cooking habits. The LV-OOA 

factor detected in the summer had the lowest volatility of all the derived factors. The LV-OOA 

factor consisted nearly exclusively of ELVOCs (97%). Roughly half of the SV-OOA mass 

consisted of SVOCs while the rest was mainly LVOCs (42%). The OOA factor determined in the 

winter had a volatility distribution containing SVOCs (45%), ELVOCs (30%) and LVOCs (25%). 
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The marine OA (MOA) factor, only detected during the summer campaign, was relatively volatile. 

Half of the BBOA consisted of SVOCs and the other half of extremely low volatile and low volatile 

organic components. The BBOA was less volatile than the HOA factors but more volatile than 

COA and OOA. 

Looking at the wintertime campaign in Athens the total OA was also estimated with a 

bimodal shape, with the difference that a very low bin was estimated for the volatility distribution 

(to the order of 10-8 μg m-3) and it similarly consisted of 40% SVOCs, 30% LVOCs and 30% 

ELVOCs. PMF analysis, during this campaign resulted in three primary OA factors (HOA, BBOA 

and COA) and one secondary OA factor (OOA). 30% of the HOA was semi-volatile material 

(SVOCs) and 40% LVOCs. The rest of the material was ELVOCs. BBOA was the most volatile 

factor. 40% of the BBOA consisted of LVOCs and another 50% of SVOCs. However, a small 

amount of ELVOC material, around 10% of the BBOA, was present. LVOCs contributed 65% to 

the COA mass, with another 25% being SVOCs and the rest was ELVOCs. OOA was the least 

volatile factor. It consisted of 40% ELVOC material, almost 25% LVOCs and 35% SVOCs.  

Combining the O:C ratio and volatility distributions of the various factors, we integrated our 

results from both campaigns into the 2D-VBS synthesizing the corresponding OA findings. The 

factor locations agreed well with the location of factors proposed by Donahue et al. (2012), with 

the exception of volatility distributions to even the ELVOC range. Terminology as more or less 

oxidized OOA is more correct for use in the field. The results suggest that the average O:C factor 

was not directly linked to its average volatility, underlining the importance of measuring both 

properties, and that all factors include compounds with a wide range of volatilities.  

An intercomparison among the OA components of both campaigns and their physical 

properties was further investigated, with applying the mass transfer model once again and 

estimating the vaporization enthalpy and accommodation coefficient of the OA factors. For the 

vaporization enthalpy estimation, small differences were identified between the same OA factors 

of the campaigns. The uncertainties were similar and they were also within the initial 100 kJ mol-

1 assumption, that we used in our initial simulations. For the accommodation coefficient, the 

predictions suggested low mass resistance for most of the factors, but with uncertainties covering 

even assumptions of values around 0.1, coming into agreement with Saleh et al. (2013).  

Donahue et al. (2006) has shown that there is an interplay between the initial concentration 

of the OA and the partitioning in the gas/aerosol phase. After a scaling of the volatility distributions 
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of the various OA factors of both Athens and Paris campaigns, and the use of the same initial 

concentration, we could make a fair comparison of the fractional contribution of the OA 

composition. The results showed that there are differences, even more than 20% between the 

various components (ELVOCs, LVOCs and SVOCs) revealing the different characteristics of the 

sources and the chemical processing (for the OOA) of the two major cities. 
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Estimation of the volatility distribution of cooking organic aerosol combining                

thermodenuder and isothermal dilution measurements 
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4.1 Introduction 

Atmospheric aerosols have a significant impact both on human health (Pope et al., 2009; Caiazzo 

et al., 2013) and on Earth’s climate due to their ability to scatter and absorb solar radiation and 

their effects on cloud properties and lifetimes (IPCC, 2014). These aerosols are comprised of a 

wide variety of chemical compounds, with organic components representing 20-90% of their 

submicron mass (Zhang et al., 2007). Organic aerosol (OA) can be emitted directly as primary 

particles (POA) from various anthropogenic and natural sources, or can be formed when gas-phase 

oxidation products of volatile (VOCs), intermediate volatility (IVOCs) and semi-volatile (SVOCs) 

organic compounds condense onto pre-existing particles (secondary organic aerosol, SOA). There 

is limited knowledge of the sources, chemical evolution, and physical properties of OA due to the 

complexity of the mostly unknown thousands of organic compounds that OA particles contain. 

These uncertainties often lead to erroneous predictions of OA concentrations by chemical transport 

models.  

Volatility is one of the most important physical properties of OA as it determines the 

partitioning of its components between the gas and particulate phases, and eventually their 

atmospheric fate. Measurement of OA volatility is essential for the quantification of the rates of 

formation of SOA (Donahue et al., 2012). One of the most common techniques to constrain 

indirectly aerosol volatility requires the use of a thermodenuder (TD). The aerosol enters a heated 

tube where the most volatile components evaporate leaving behind the less volatile species in the 

particulate phase (Burtscher et al., 2001; Kalberer et al., 2004; Wehner et al., 2002, 2004; An et 

al., 2007). TDs usually consist of two sections: the heating section where the aerosol evaporation 

takes place and the denuder/cooling section. This second section often contains activated carbon 

in order to prevent re-condensation of the evaporated components. The typical result of a TD is 

the mass fraction remaining (MFR) of the aerosol as function of the TD temperature. The MFR 

depends on aerosol concentration, size, vaporization enthalpy, and potential mass transfer 

resistances (Riipinen et al., 2010).  

TD measurements of OA volatility have received considerable attention recently, and have 

been performed both in the field (Huffman et al., 2009; Cappa and Jimenez, 2010; Lee et al., 2010; 

Louvaris et al., 2016) and in the laboratory (Saleh et al., 2008; Faulhaber et al., 2009; Lee et al., 

2011). One of the major issues interpreting TD measurements is whether equilibrium has been 

reached in the heating section of the instrument. Riipinen et al. (2010) argued that OA practically 
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never reaches equilibrium in a TD at ambient concentration levels. For laboratory experiments 

equilibrium can be reached with the use of high organic aerosol loadings (>200 μg m-3) and heating 

section residence times of 30 s or longer (Saleh et al., 2008; Riipinen et al., 2010). TD 

measurements were performed by Lee et al. (2010, 2011) using multiple residence times. These 

authors argued that use of multiple residence times in the heating section of the TD can help to 

decouple mass transfer effects from thermodynamics. Similar conclusions were reached  also by 

Riipinen et al. (2010) and Cappa (2010). Saleh et al. (2012) used a particle concentrator upstream 

of a TD in order to achieve higher ambient aerosol loadings so that the system could reach 

equilibrium. Their results suggested many accommodation coefficient values around 0.3 for the 

ambient aerosol that they examined. Volatility measurements based on longer equilibration 

timescales were performed for POA from a diesel engine and wood combustion using isothermal 

dilution (Grieshop et al., 2009). Cappa and Wilson (2011) studied the evolution of heating-induced 

evaporated OA mass spectra from lubricating oil and a-pinene oxidation. They concluded that 

there were high mass transfer resistances (i.e. accommodation coefficient values of the order of 

10-4) for the SOA produced from α-pinene ozonolysis. Saleh et al. (2013) measured the 

equilibration timescales for the gas to particle partitioning of SOA formed from α-pinene 

ozonolysis using an accommodation coefficient of the order of 0.1.  

Karnezi et al. (2014) proposed that the volatility distribution of complex OA can be better 

constrained combining TD and isothermal dilution measurements. Kolesar et al. (2015) combining 

rapid isothermal dilution with TD measurements argued that the volatility of SOA formed from α-

pinene ozonolysis is mostly independent of the SOA loading during temperature induced 

evaporation.  

All the previous studies discussed above assumed a-priori values for the parameters that 

affect together with the volatility distribution the aerosol evaporation such as vaporization enthalpy 

and accommodation coefficient. Since the TD thermograms are sensitive to these parameters large 

uncertainties were reported for the volatility distributions. The performance of experiments at 

different time scales could allow the estimation of the volatility distribution together with the 

vaporization enthalpy and accommodation coefficient with lower uncertainty ranges.          

In this section, we describe a new experimental technique to constrain the volatility 

distribution of organic aerosol using TD combined with isothermal dilution measurements 

following the suggestions of  Karnezi et al. (2014). The experiments were performed by Dr. 
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Evangelos Louvaris in the FORTH chamber in Patras, Greece. The OA mass fraction remaining 

was measured as a function of temperature in the thermodenuder and in parallel as a function of 

time in a dilution chamber. TD measurements are corrected for size- and temperature- dependent 

losses and the dilution system measurements for size-dependent losses. Using these two sets of 

measurements together with the approach of Karnezi et al. (2014) suggested in Chapter 2 the 

volatility distribution of the OA and its effective enthalpy of vaporization (ΔHvap) and effective 

accommodation coefficient (am) are estimated in this work. Meat from charbroiling is used as an 

example for the application of the method.   

4.2 Experimental description 

Two smog chamber experiments were conducted in the FORTH smog chamber to constrain the 

volatility distribution of fresh OA emissions from meat charbroiling. A number of additional 

experiments focused on the characterization of the COA and its chemical aging (Kaltsonoudis et 

al. 2016 b). The experimental setup is shown in Figure 4.1. A metal bellows pump (model MB 

602, Senior Aerospace) was used to transfer cooking emissions to an 8 m3 Teflon chamber. Details 

for the meat charbroiling and the transferring process can be found in Kaltsonoudis et al. (2016 b). 

A TD (Louvaris et al., 2016) was placed upstream of a High-Resolution Time-of-Flight Aerosol 

Mass Spectrometer (HR-ToF-AMS Aerodyne Research Inc.) (Decarlo et al., 2006; Canagaratna et 

al., 2007) measuring the size-composition of the submicron non refractory material, and a 

Scanning Mobility Particle Sizer (SMPS 3936 TSI) measuring the particle size distribution. A 

dilution Teflon chamber (1 m3) was used for the isothermal dilution. The VOCs and the dilution 

ratio (DR) were measured by a PTR-MS (Ionicon Analytic). The OH radical concentrations were 

estimated using isotopically labeled butanol (1-butanol-d9, Sigma). The change of the 

concentration of the PTR-MS m/z 66 was used to calculate the OH concentrations based on the 

second-order reaction of d9-butanol with the OH radicals. The corresponding reaction constant 

used is 3.4 x 1012 cm3 molecule-1 s-1 (Barmet et al., 2012).   

The SMPS was operated at a sampling flow rate of 1 L min-1 and sheath flow rate of 5 L 

min-1 sampling every 3 minutes. The HR-ToF-AMS was sampling every three minutes with 0.1 L 

min-1 and was operated in the higher sensitivity mode (V-mode)  (DeCarlo et al., 2006). The PTR-
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MS was sampling with 0.5 L min-1. Details about the PTR-MS measurements can be found in 

Kaltsonoudis et al. (2016 a).  

 

 

Figure 4.1 Experimental setup used: The COA in the main chamber was characterized using a TD 
a HR-ToF-AMS, and an SMPS. A metal bellows MB 602 pump was used to transfer OA from the 
main to the dilution chamber. The COA in the dilution chamber was measured by the HR-ToF-
AMS and the SMPS. A PTR-MS was used to measure the dilution ratio. 
 

The TD was operated at temperatures ranging from 25 to 250oC. Sampling from the main chamber 

was alternated between bypass and TD every 3 min with computer-controlled valves. The changes 

in the particle mass concentration, and the size distribution were measured by both the HR-ToF-

AMS and the SMPS resulting in thermograms of the MFR as a function of the TD temperature. 

The OA MFR was calculated as the ratio of organic mass concentration of a sample passing 

through the TD at time ti over the average mass concentration of the ambient samples that passed 

through the bypass line at times ti-1 and ti+1. The sample residence time in the centerline of the TD 

was 14 s at 298 K corresponding to an average residence time in the TD of 28 s.  

The dilution chamber was initially partially filled with clean air. Then, the metal bellows 

pump was used to transfer cooking emissions from the main chamber to it diluting them in the 

process to close to ambient concentrations.  Dilution measurements were performed every 9 min 



89 
 

by both the SMPS and the HR-ToF-AMS. The dilution ratio was calculated as the ratio of the PTR-

MS m/z 66 concentration of the main chamber at time t0-1 over the PTR-MS m/z 66 concentration 

of the dilution chamber at time ti for each dilution measurement. The dilution ratios during the 

isothermal dilution experiments are shown in Table 4.1 and were around 11 ± 0.5 and 14 ± 0.5 for 

Experiments 1 and 2 respectively. Table 4.1 summarizes the characteristics of each experiment. 

The residence time in the dilution chamber was a few hours. The mass fraction as a function of 

time during isothermal dilution was measured as the ratio of mass concentration at time ti over the 

initial mass concentration in the dilution chamber at time t0. 

 

Table 4.1 Summary of the Experiments characteristics 

 Initial mass concentration 
(μg m-3) 

Initial particle size volume 
mode Dp (nm) 

Average 
dilution ratio 

Main 
chamber 

Dilution 
chamber1 

Main 
chamber 

Dilution 
chamber 

Dilution 
chamber 

Experiment 1 541 26.5 248 210 11 ± 0.5 

Experiment 2 632 7.4 284 218 14 ± 0.5 

 
1 The dilution chamber was filled after the OA characterization in the chamber was completed. 

4.2.1 Loss corrections 

The thermodenuded OA was corrected for particle losses in the TD. To account for these losses, a 

sample flow rate, TD temperature- and size-dependent loss function was applied following Lee et 

al. (2010). The corrected MFR values were then averaged using temperature bins of 10oC.  

The OA concentrations during the isothermal dilution experiments were also corrected for 

size dependent wall losses during the experiments. These losses were calculated for each 

experiment using the number concentration distributions measured by the SMPS. Linear fittings 

of the natural logarithm of the SMPS particle number distributions values for each size as a 

function of time allow the estimation of the size-dependent wall loss rate constant kw (Dp). Figure 

B.1 shows these loss rate constants as function of particle size for Experiment 1. These loss 

corrections were applied to the measured number distribution at each time step allowing the 

estimation of the corrected number and volume distributions. The accuracy of the corrections can 

be evaluated using the temporal evolution of the corrected total number concentration in the 
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chamber. Given the low number concentrations around 5000 particles cm-3 coagulation is 

negligible and the total number concentration should be constant. Figure B.2a shows that the 

corrected number concentration varies within almost 10% of its average value during 3 hours of 

the experiment. The corresponding corrected mass fraction values as a function of time during the 

isothermal dilution is shown in Figure B.2b. Even if the mass concentration was reduced by 

approximately 50%, the evaporation resulted in only 20% mass reduction.   

A similar correction approach was followed for Experiment 2. The corrected number 

concentration as a function of time measured by the SMPS is shown in Figure B.3a. Their variation 

was less than 5% of their average suggesting that the correction was quite accurate. The 

evaporation resulted in only 20% mass reduction as is depicted in Figure B.3b.  

As another quality assurance test the mass fraction values measured by the SMPS were 

compared to those measured by the HR-ToF-AMS assuming that the collection efficiency of the 

latter remained constant as the OA evaporated (Figure B.4). No discernible differences were 

observed between the two measurements.        

4.2.2 Determination of the volatility distributions 

The dynamic mass transfer model of Riipinen et al. (2010) together with the error minimization 

approach proposed by Karnezi et al. (2014) were used for the determination of the volatility 

distributions. Inputs for the model include the initial OA mass concentrations for the TD and the 

isothermal dilution chamber obtained by the HR-ToF-AMS, the initial particle sizes obtained by 

the SMPS, the residence times of both systems, and the dilution ratio of the isothermal dilution 

system. The initial mass concentration for the TD experiments was of the order of 102 μg m-3 

whereas for the dilution experiment was of the orders of 10 μg m-3. Table 4.1 summarizes the 

major inputs of the model. The corrected mass fraction values determined by the HR-ToF- AMS 

were used as inputs for the isothermal dilution experiment. The TD HR-ToF-AMS corrected MFR 

values were also used as inputs for the TD experiment.  

The volatility distribution was expressed with a range of logarithmically spaced C* bins 

along a volatility axis (Donahue et al., 2006). Several combinations of C* bins can be used in order 

to represent the volatility of the OA compounds. For our analysis, a set of six volatility bins ranging 

from 10-3 to 103 μg m-3 were used. The sensitivity of our results to the assumed range of volatilities 

is discussed in a subsequent section. 
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4.3 Results and discussion 

4.3.1 Volatility distribution of cooking organic aerosol (COA) 

The estimated COA volatility distribution for Experiment 1 is depicted in Figure 4.2. The average 

volatility calculated as the average log10C* weighted by the mass fraction of each bin was around 

0.1 μg m-3. According to these results, the COA at around 550 μg m-3 consisted of 60% low 

volatility organic compounds (LVOCs), 30% semi-volatile (SVOCs), and 10% intermediate 

volatility (IVOCs) organic compounds (Figure 4.3c). The estimated effective vaporization 

enthalpy was 100 ± 14 kJ mol-1(Figure 4.3a) and the effective accommodation coefficient was 

equal to 0.06 but with corresponding uncertainty range covering more than an order of magnitude 

(Figure 4.3b).  

 

 

 

 

 

 

 

  

 

 

 
 
Figure 4.2 Estimated volatility distributions for Experiment 1 (red bars) and for Experiment 2 
(blue bars) using the approach of Karnezi et al. (2014). The error bars represent the uncertainty 
range. 

The corresponding TD thermogram and the dilution curve for Experiment 1 are depicted in Figure 

4.4. Almost all the COA evaporated at 200oC while approximately 20% of the COA evaporated at 

ambient temperature after isothermal dilution. On the one hand the model predicted pretty well the 

measured TD MFR but tended to overpredict the observed evaporation in the dilution curve. Some 

of this discrepancy is due to the wall-loss correction uncertainty. According to the model, the small 
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amount of IVOCs that existed initially in the particle phase evaporated at 50oC in the TD (Figure 

4.4a). The SVOCs evaporated at 125oC and the COA remaining at higher temperatures consisted 

entirely of LVOCs. The IVOCs, according once more to the model, evaporated after 10 min of 

dilution and the SVOCs after approximately 30 min. Table B.1 summarizes the estimated volatility 

distribution along with the estimated effective parameters that affect volatility, and the calculated 

average volatilities for the two experiments.  

 

 
Figure 4.3 (a) Estimated effective vaporizations enthalpies along with their uncertainties for both 
experiments using the approach of Karnezi et al. (2014). (b) Estimated effective accommodation 
coefficients along with their uncertainties for both experiments. (c) COA mass composition of both 
experiments. LVOCs are represented in magenta, SVOCs in red, and IVOCs in white. 
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Figure 4.4 (a) Thermogram of the OA TD measurements of Experiment 1. The red circles 
represent the loss-corrected measurements and the black line represents the best fit estimated by 
the model of Karnezi et al. (2014).  (b) Mass fraction during isothermal dilution as a function of 
time for Exp. 1. Red circles represent the loss-corrected measurements and the black line the 
estimated best model fit.  (c) Predicted COA composition for different effective saturation 
concentrations as a function of TD temperature. Red color represents the contribution of the 
components with C* = 10-3 μg m-3, green the C*= 10-2 μg m-3, blue the C* = 1 μg m-3, magenta the 
C* = 10 μg m-3, orange the C*= 102 μg m-3, and finally violet for the C* = 103 μg m-3.  (d) COA 
composition for different effective saturation concentrations as a function of time during 
isothermal dilution. 

Kostenidou et al. (2009) proposed the theta angle (θ) as an indicator of mass spectra 

similarity by treating AMS spectra as vectors and calculating the corresponding angle θ. Lower θ 

angles imply more similar spectra. Figure 4.5a presents the comparison between the average initial 

AMS normalized mass spectra of the COA at ambient temperature (25oC) and the average mass 

spectra in the TD at 200oC. The two mass spectra were quite similar with each other having angle 

θ of 11 degrees (R2=0.958). Figure 4.5b depicts the comparison of AMS mass spectra at the onset 

of dilution with that at one hour after dilution, and the one at the end of the experiment. The 
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resulting θ angles between the compared mass spectra were 3 to 4 degrees (R2 ranging from 0.994 

to 0.997) showing the similarity of the spectra during the dilution experiment.   

 

Figure 4.5 (a) Normalized HR-ToF-AMS mass spectra of the COA at ambient temperature (red 
bars) compared to that in the TD at 200oC (blue crosses). (b) Normalized HR-ToF-AMS mass 
spectra at the onset of dilution experiment (red bars) compared to those measured after one hour 
(blue crosses), and those at the end of the experiment (magenta crosses).  
 

The estimated volatility distribution of Experiment 2 is shown in Figure 4.2. The average 

log10C* was approximately 0.05 μg m-3. The COA consisted of 75% LVOCs and 25% of SVOCs 

as depicted in Figure 4.3c.  The vaporization enthalpy was 85 ± 9 kJ mol-1, and the accommodation 

coefficient was equal to 0.07 showing an uncertainty range larger than an order of magnitude.  

The TD thermogram and the corresponding dilution curve of Experiment 2 are depicted in 

Figure 4.6. The COA evaporated completely at 225oC in the TD. 20% of the COA evaporated at 

ambient temperature during dilution. The model tended to overpredict the evaporation in the TD 
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in the 50-150oC range while it reproduced well the dilution measurements.  According to the model 

once again the SVOCs evaporated at 130oC and the COA remaining at higher temperatures 

consisted entirely of LVOCs (Figure 4.6c). During isothermal dilution, the model predicted that 

after 10 minutes the SVOCs evaporated (Figure 4.6d). 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.6 (a) Thermogram of the OA TD measurements of Experiment 2. The red circles 
represent the loss-corrected measurements and the black line represents the best fit estimated by 
the model of Karnezi et al. (2014).  (b) Mass fraction during isothermal dilution as a function of 
time for Exp. 2. Red circles represent the loss-corrected measurements and the black line the 
estimated best model fit.  (c) Predicted COA composition for different effective saturation 
concentrations as a function of TD temperature. Red color represents the contribution of the 
components with C* = 10-3 μg m-3, green the C*= 10-2 μg m-3, blue the C* = 1 μg m-3, magenta the 
C* = 10 μg m-3, orange the C*= 102 μg m-3, and finally violet for the C* = 103 μg m-3.  (d) COA 
composition for different effective saturation concentrations as a function of time during 
isothermal dilution. 
 

The estimated effective vaporization enthalpy for Experiment 1 was 100 ± 14, while for 

Experiment 2 was 85 ± 9 kJ mol-1. The estimated effective accommodation coefficients of both 
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experiments were almost equal (0.06 and 0.07 respectively) showing the same uncertainty range 

of more than an order of magnitude. These results suggest that the COA in both experiments had 

similar volatility distributions considering both the measurement and experimental uncertainty. 

The main difference between the results was that during Experiment 1 a 10% of IVOCs appeared 

to be present in the particulate phase (Figure 4.3c). The average log10C* (Table B.1) that were 

calculated suggested that the COA of Experiment 2 (log10C* almost 0.05) was slightly less volatile 

by almost half an order of magnitude than that of Experiment 1 (log10C* almost 0.1). This could 

be due to the different experimental conditions (each experiment is different) or could just reflect 

the uncertainty of our approach.  

4.3.2 Sensitivity analysis 

4.3.2.1 Sensitivity to accommodation coefficient 

During these tests the volatility distributions and effective vaporization enthalpies were estimated 

for both experiments by assuming fixed accommodation coefficient values. Table B.2 and Figure 

B.5 summarize the estimated volatility distributions during these tests. Assuming an 

accommodation coefficient half an order of magnitude lower than the estimated one for the base 

case (0.01 instead of 0.06 for Experiment 1 and 0.07 for Experiment 2), the IVOC fraction of the 

COA remained the same but the SVOCs increased by 15% (from 30% to 45%) and the LVOCs 

decreased by the same amount (from 60% to 45%) compared to the base case. 

Assuming an am equal to 0.1 the LVOCs increased by almost 10% (from 60% to 70%) and 

the SVOCs decreased by the same percentage (from 30% to 20%), while the IVOCs remained 

once again the same (Figure B.5). For a further increase of am to unity the LVOCs increased by 

15% (from 60% to 75%) and the SVOCs decreased by the same percentage (from 30% to 15%), 

while the IVOCs fraction remained the same (Figure B.5). The estimated effective vaporization 

enthalpies were almost equal to those estimated in the base case (around 100 and 85 kJ mol-1 for 

Experiment 1 and 2 respectively) for all the investigated accommodation coefficients during this 

analysis (Table B.2). 

Summarizing, varying the accommodation coefficient from 0.01 to 1 compared to the 

estimated 0.06-0.07 resulted in small changes (less than 5%) in the estimated enthalpy of 
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vaporization and the IVOC content of COA. The SVOCs and IVOCs changed by less than 15% in 

these tests. 

4.3.2.2 Sensitivity to vaporization enthalpy 

During these tests the volatility distributions and effective accommodation coefficients were 

estimated for both experiments assuming fixed values of the effective vaporization enthalpy. 

Values of 150 and 80 kJ mol-1 were used in these tests for both experiments. These should be 

compared to the estimated values of 100 kJ mol-1 for the first experiment and 85 kJ mol-1 for the 

second.   

For the high value of the vaporization enthalpy (150 kJ mol-1) the estimated average 

volatility was lower by approximately half an order of magnitude compared to that of the base case 

(Table B.2). The LVOCs increased by 5-10% and the SVOCs decreased by the same amount, 

while the IVOC fraction remained approximately the same. Figure B.6 shows the estimated 

volatility distributions and COA compositions of both experiments for all the cases of this analysis. 

The estimated accommodation coefficients were almost half an order of magnitude lower 

compared to the base case values (Table B.2).  

Assuming a vaporization enthalpy of 80 kJ mol-1 the corresponding volatilities for both 

experiments increased by approximately a factor of two. The LVOC fraction for this case 

decreased by 5-10% and a corresponding increase was estimated for the SVOCs. Once again, the 

IVOC fraction remained the same. The estimated accommodation coefficients were similar to the 

base case.   

The above results suggest that changes in vaporization by 20-50 kJ mol-1 result in changes 

in the volatility distribution by less than half an order of magnitude. Higher values of the enthalpy 

are balanced with lower volatilities and vice versa. The accommodation coefficient is more 

sensitive in this case to increasing vaporization enthalpy values than to lower ones. 

4.4 Benefits of combining TD and Isothermal dilution 

In order to evaluate the benefits of the combination of thermodenuder and isothermal dilution 

measurements the above results were compared to the results obtained by using only the 

thermodenuder data. The algorithm of  Karnezi et al. (2014) was used also to estimate the volatility 
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distributions and vaporization enthalpy and accommodation using only the thermodenuder 

measurements. The corresponding results are shown in Figure 4.7 and Table B.1.  

 

 

Figure 4.7 (a) Estimated volatility distributions of the COA along with their uncertainties for 
Experiment 1 using the approach of Karnezi et al. (2014). Red bars represent the volatility 
distribution using the combination of thermodenuder and isothermal dilution measurements 
whereas blue bars represent the volatility distribution using only thermodenuder measurements (b) 
COA compositions for the two cases of (a). LVOCs are in magenta, SVOCs in red, and IVOCSs 
in white. (c) Estimated volatility distributions of the COA for Experiment 2 using the approach of 
Karnezi et al. (2014). Red bars represent the volatility distribution using the combination of 
thermodenuder and isothermal dilution measurements whereas blue bars represent the volatility 
distribution using only thermodenuder measurements. (d) COA compositions for the two cases of 
(c). LVOCs are in magenta, SVOCs in red. 

 

The combination of thermodenuder and dilution measurements resulted in a less volatile COA in 

both cases. In Experiment 1 the average volatility was reduced by almost half an order of 
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magnitude (0.44 to 0.1 μg m-3). The same behavior was also found for Experiment 2 in which the 

average volatility was reduced from 0.08 to 0.047 μg m-3.  The combined approach suggested that 

COA consisted of 60% LVOCs, 30% SVOCs, and 10% IVOCs while the TD-only approach 

suggested almost 40% LVOCs, 50% SVOCs, and 10% IVOCs for Experiment 1. The combined 

approach suggested for Experiment 2 that the COA consisted of 77% LVOCs and 23% SVOCs, 

while the TD-only approach suggested mass fraction contributions to the COA composition of 

68% for LVOCs and 32% for SVOCs.    

The combination of thermodenuder and isothermal dilution measurements led to a reduction 

of the uncertainty range for the more volatile OA components with effective saturation 

concentrations from 10 to 1000 μg m-3. Moreover, the uncertainty ranges of the estimated effective 

vaporization enthalpies were 10-15 kJ mol-1 when the combined approach was used compared to 

the 15-20 kJ mol-1 for the TD only approach. The corresponding uncertainties of the effective 

accommodation coefficients were ranging by an order of magnitude in both approaches showing 

a little less variability when using TD and dilution approach.  

4.5 Comparison of laboratory COA with the ambient COA factor 

The laboratory COA from meat charbroiling and its properties can be compared to the ambient 

COA factor determined in the Athens campaign and discussed in Chapter 3 (Louvaris et al., 2017). 

As described in Section 3.5 of Chapter 3, there is an interplay between the initial concentration of 

the OA and the partitioning in the gas/aerosol phase (Donahue et al., 2006). For a fair comparison 

between the volatility distributions and furthermore the fractional contribution of the OA 

composition, we determined the volatility distributions of the 2 experiments to the average ambient 

COA concentration in Athens, a value equal to 1.2 μg m-3. 

Figure 4.8 shows the changes of the volatility distributions for both experiments of meat 

charbroiling moving from the concentrations of 541 μg m-3 and 632 μg m-3 in the chamber 

experiments to an initial concentration of 1.2 μg m-3 corresponding to the ambient concentration 

levels. At the lower concentration levels, the higher volatility components evaporate completely 

or partially and this results in a different volatility distribution, with no more IVOCs and fewer 

SVOCs in the particulate phase. 
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Figure 4.8 Partitioning of COA components, with total loadings (in μg m-3) shown with full bars 
and the condensed-phase portion with filled (green) bars. For experiment 1: (a) for initial 
concentration of OA, COA=541 μg m-3 (laboratory level), (b) for COA=1.2 μg m-3 (after 
repartitioning) and for experiment 2: (c) for initial concentration of OA, COA=642 μg m-3 

(laboratory level), (d) for COA=1.2 μg m-3 (after repartitioning). 
 

The COA composition in the laboratory experiments and in the Athens campaign are compared in 

Figure 4.9 at the same concentration level. The compositions are quite similar, with the main 

difference being the absence of ELVOCs in the laboratory cooking OA, while these components 

represented 7% of the ambient COA during the winter in Athens. LVOCs dominated during both 

the Athens winter campaign and the laboratory experiments. The effective ΔHvap were similar and 

within the uncertainty levels. For the accommodation coefficient, the uncertainty is high in all 

cases, with some suggestion of lower resistances in the ambient than in the laboratory COA.  
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Figure 4.9 Comparison of the COA composition (a) between the Athens winter COA factor 
(Louvaris et al., 2017) and Experiment 1. and (b) between the Athens winter COA factor and 
Experiment 2. The comparison of estimated (c) vaporization enthalpy and (d) accommodation 
coefficient is also shown. 
 

These results are consistent with the relatively small differences in AMS mass spectra of the 

ambient COA factor and the laboratory COA (Figure B.7). The corresponding θ angles were 13-

15o. Some difference is expected due to the different concentration levels discussed above. 

4.6 Conclusions    

A new experimental method was developed for the determination of the organic aerosol (OA) 

volatility distribution combining thermodenuder and isothermal dilution measurements along with 

the approach proposed by Karnezi et al. (2014). The combination of TD and isothermal dilution 
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for the estimation of the volatility distribution was tested using cooking OA from meat grilling. 

Size dependent losses were taken into account for the correction of both thermodenuder and 

dilution measurements. 

All the COA evaporated in the TD at 225oC while 80% remained after dilution by a factor 

of 10 at ambient temperature. The COA average volatility was between 0.05 and 0.1 μg m-3 and it 

consisted of 60-75% LVOCs, 25-30% SVOCs, and a small fraction (10%) of IVOCs at 

concentrations close to 500 μg m-3. The estimated effective vaporization enthalpy was 100 ± 15 kJ 

mol-1, and the effective accommodation coefficient was around 0.05. 

Changes by half or more than an order of magnitude in accommodation coefficient values 

resulted in half an order of magnitude change of the average volatility while the estimated 

vaporization enthalpy was almost the same. Similar results were found for a change of the effective 

vaporization enthalpy by 20-50 kJ mol-1. The LVOC and SVOC fractions changed by 5-15% while 

the IVOCs remained practically the same. 

The use of only TD measurements resulted in an overestimation of the SVOC fraction of 

COA leading to a shifting of volatility towards higher values. Use of the isothermal dilution 

resulted in decrease of the uncertainty of the higher volatility components and of the estimated 

effective enthalpy of vaporization.   

The apparent differences in volatility distributions of the ambient COA factor determined in 

Athens and the laboratory COA were due to the different concentrations during the two 

measurements. After calculation of the expected volatility distribution of the COA at ambient 

levels the distributions were consistent with each other. 
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Chapter 5 
Simulation of atmospheric organic aerosol using its volatility-oxygen content 

distribution during the PEGASOS 2012 campaign in Po Valley, Italy 
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5.1 Introduction 
 

Atmospheric aerosol plays an important role in the Earth’s energy balance by absorbing and 

scattering solar radiation (direct effect) and influencing the properties and lifetime of clouds 

(indirect effects) (IPCC, 2014). At the same time, these particles have significant negative effects 

on human health, including premature death, increases in respiratory illnesses and 

cardiopulmonary mortality (Pope et al., 2009; Caiazzo et al., 2013). 

Aerosols contain a wide variety of inorganic and organic compounds, with organics 

representing about 50% of the fine (< 1 μm) aerosol mass (Zhang et al., 2007). OA originates from 

many different natural and anthropogenic sources and processes. It can be emitted directly from 

fossil fuel and biomass combustion (so called primary organic aerosol, POA) or can be formed by 

the atmospheric oxidation of organic vapors (secondary organic aerosol, SOA). The oxidation 

pathways of organic compounds are complex and the corresponding reactions lead to hundreds or 

even thousands of mostly unknown oxygenated products. As a result, our understanding of OA 

formation mechanisms and its chemical and physical properties remains incomplete. 

The use of lumped species is a computational efficient approach for the representation of 

OA in atmospheric chemical transport models (Pandis et al., 1992). The volatility basis set (VBS) 

framework (Donahue et al., 2006) lumps compounds into surrogates along an axis of volatility. 

This approach typically employs species with effective saturation concentrations at 298 K 

separated by one order of magnitude, with values ranging from, say, 0.01 to 106 μg m-3. By 

quantifying the volatility distributions of primary and secondary OA, a physically reasonable, yet 

suitable for large-scale chemical transport models (CTMs), description of semi-volatile organics 

can be obtained (Lane et al., 2008). 

The VBS framework was extended by Donahue et al. (2011; 2012) adding another 

dimension, the oxygen content (expressed as the O:C ratio), for the description of the OA chemical 

aging reactions.  In the first application of this framework in a CTM, Murphy et al. (2011) used 12 

logarithmically spaced volatility bins (effective saturation concentration C* varying from 10-5 to 

106 μg m-3 at 298 K) and 13 bins of O:C (from 0 to 1.2 with a step of 0.1). In this way 156 surrogate 

species were included in the model for each OA type. Five organic aerosol types were simulated 

separately: anthropogenic secondary organic aerosol (aSOA-v) produced during the oxidation of 

anthropogenic VOCs, biogenic secondary organic aerosol (bSOA), fresh primary organic aerosol 
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(POA), secondary organic aerosol from the oxidation of semivolatile OA (SOA-sv) and SOA from 

the oxidation of intermediate volatility compounds (SOA-iv). 

Murphy et al. (2011; 2012) used a one-dimensional Lagrangian CTM (PMCAMx-Trj), as 

the host model for the simulations. PMCAMx-Trj simulates the chemical evolution of a column 

of air as it travels towards a user-selected receptor site. Three alternative parameterizations of the 

OA formation and chemical aging were evaluated using measurements of O:C and OA in three 

European sites (Murphy et al., 2011; 2012). The simplest approach parameterizing the chemical 

aging of anthropogenic compounds assuming a net reduction of volatility by one bin during every 

aging reaction step accompanied by an increase of one or two oxygen atoms with an equal 

probability was the most successful. A more complex formulation of the chemical aging assuming 

that functionalization is the only process taking place overpredicted the OA concentration and 

underpredicted the O:C ratio in most cases. Adding fragmentation reactions together with the 

functionalization gave promising results, but it was clear that the various parameters of the scheme 

were not well constrained leading to large uncertainties in the simulation results especially during 

summertime.  Murphy et al. (2012) concluded that the 2D-VBS scheme that was used needs 

additional testing before it is ready for application in three-dimensional CTMs.  

In Murphy and Pandis (2009; 2010) and Murphy et al. (2012) formation of significant bSOA 

during second and later generation aging reactions led to overestimation of OA concentration at 

both urban and rural sites. However, the first generation products of the oxidation of biogenic 

VOCs do continue to react in the atmosphere (Ng et al., 2006; Tritscher et al., 2011; Zhao et al., 

2015; Szidat et al., 2006; Gilardoni et al., 2011; Yttri et al., 2011). The net effect on ambient bSOA 

levels of these chemical aging reactions remains uncertain.  

Fragmentation of organic compounds during chemical aging is an important reaction 

pathway (Chacon-Madrid and Donahue, 2011; Murphy et al., 2011; Hermansson et al., 2014). 

During fragmentation reactions carbon bonds break, resulting in smaller compounds which are 

more volatile than their precursors. A fragmentation probability depending on the O:C ratio has 

been used in the 2D-VBS framework (Donahue et al. 2011; 2012). A fragmentation probability 

ranging from 0-0.4 has been used in the statistical oxidation model (SOM) that uses the carbon (C) 

and oxygen (O) atoms per compound as the independent variables (Cappa and Wilson, 2012). 

While the fragmentation pathways are clearly important for the OA levels their parameterizations 

in existing models remain quite uncertain (Murphy et al., 2012).  
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The effect of temperature on the partitioning of OA components between the gas and 

particulate phases represents another source of uncertainty. Sheehan and Bowman (2001), 

concluded that a decrease in temperature can result in an increase of SOA by as much as 150% 

depending on the assumed vaporization enthalpy. This effect can theoretically lead to significant 

OA vertical gradients. Murphy et al. (2011) during the 2D-VBS application in Finokalia, Greece 

in FAME-08 reported low sensitivity of the OA concentration and O:C ratio measurements to the 

assumed vaporization enthalpy, with higher values leading to lower O:C ratios.  

In this study, we evaluate different chemical aging mechanisms in the 2D-VBS approach 

focusing on the Po Valley in Italy. Extensive measurements were performed both at the ground 

and aloft from June 6 until July 8, 2012. Po Valley has major air quality problems due to both 

industrial and agricultural sources. A number of alternative chemical aging mechanisms are 

evaluated comparing the 2D-VBS predictions against the PEGASOS measurements. The role of 

bSOA chemical aging is explored. Finally, the sensitivity of the model to the assumed effective 

vaporization enthalpy is quantified in an effort to constrain this uncertain variable using the 

measurements aloft.  

5.2 Lagrangian CTM Description 
 

A one–dimensional Lagrangian chemical transport model (PMCAMx-Trj) (Murphy et al., 2011; 

2012) simulating the air parcels that arrive at the desired receptor location is used as the host for 

the 2D-VBS module. The model solves the general dynamic equation taking into account all 

relevant atmospheric processes: atmospheric transport, gas and aqueous phase chemistry, dry and 

wet deposition of gases and aerosols and vertical turbulent dispersion together with area and point 

emissions. Ten computational cells are used with heights varying from 60 m near the ground to 

almost 3 km. The SAPRC-99 (Carter, 2000) chemical mechanism is used for the simulation of 

gas–phase chemistry. The meteorological parameters (horizontal winds, temperature, pressure, 

vertical dispersion coefficients, water vapor, clouds, rainfall and land use) used as inputs in the 

model are provided by the Weather Research and Forecasting (WRF) model. The WRF simulation 

was periodically re-initialized (every 3 days) to ensure the accuracy of the inputs to the CTM. Area 

and point emissions were also provided by the inputs of the regular PMCAMx simulation for the 

European domain. Anthropogenic and biogenic emissions are provided as hourly gridded fields. 

The GEMS dataset (Visschedijk et al., 2007) is used for the emissions of anthropogenic gases. 
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Anthropogenic emissions of organic and elemental carbon are based on the Pan-European 

Carbonaceous Aerosol Inventory developed during EUCAARI (Kulmala et al., 2009). Biogenic 

gridded emissions are produced from the combination of three different models. The Model of 

Emissions of Gases and Aerosols from Nature (MEGAN) provides the emissions from ecosystems 

(Guenther et al., 2006) and the O’Dowd et al. (2008) model provides the marine aerosol emissions. 

Finally, wildfire emissions are also included (Sofiev et al., 2008a, b). Details of the emission 

inventory used for Europe can be found in Fountoukis et al. (2011). In order to implement these 

emissions in our 2D-VBS model we used the same volatility distribution of the emissions as in the 

original work (Fountoukis et al., 2011) and used the Murphy et al. (2012) methodology for 

mapping these to the 2D-VBS. Vertically resolved initial conditions and the top boundary 

conditions for PMCAMx-Trj were obtained from the corresponding output of the PMCAMx 

simulation for the same period.   

5.3 Simulated periods 
 

Six air parcels arriving at 3:00, 7:00, 11:00, 15:00, 19:00 and 23:00 local time (UTC+1) in the 

ground site of San Pietro Capofiume were simulated for a total of 7 days (15, 26, 27, and 28 of 

June and 4, 5 and 8 of July 2012). The air masses in the simulated trajectories originated all from 

the Atlantic Ocean. We avoided days during which air masses originated from Africa since 

emission inventories for Africa are quite uncertain. We chose days for which the trajectories at the 

different altitudes originated all from the same region. The Hybrid Single Particle Lagrangian 

Integrated Trajectory HYSPLIT model (Draxler et al., 2009) was used to calculate 72 h back 

trajectories arriving at the receptor site. For consistency, we used the same WRF meteorological 

data as input to HYSPLIT to calculate the back trajectories. Following Murphy et al. (2011) we 

used the ensemble average of 20 trajectories with varied heights from 60 m up to 3 km.  

The twenty 72 h HYSPLIT back trajectories arriving at San Pietro Capofiume at 3:00 LT on 

July 8, 2012 are shown in Figure 5.1 as an example. They all originated from the eastern Atlantic 

Ocean, passed a day over the ocean and then travelled over Portugal and Spain for another day. 

The air masses continued over the Mediterranean Sea, Western Italy, and a few hours later arrived 

in the receptor site of San Pietro Capofiume. The HYSPLIT clustering analysis utility was used to 

estimate the average trajectory that was used in the simulations (Figure 5.1). 
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Figure 5.1 (a) The ensemble of 20 trajectories calculated by HYSPLIT for air parcels arriving at 
the San Pietro Capofiume site on 8 July 2012 at 3:00 LT and (b) the ensemble average trajectory 
calculated by the HYSPLIT clustering utility. 
 

Zeppelin flights over Po Valley took place on 20, 21, 22 and 24 of June of 2012 and 1, 3 and 

4 of July 2012. The HYSPLIT model was once again used to calculate trajectories arriving at the 

receptor site around Po Valley. All the flights took place between 4:00 LT until 13:00 LT. The 

flight path of the Zeppelin for June 4, 2012 is shown in Figure C.1 in the Appendix as an example. 

The flight took place between 5:00 LT and 10:00 LT and the measurements took place in the 

nighttime boundary layer, the residual layer but also in the mixed layer later in the day. 

5.4 Chemical Aging Schemes 

In our simulations, we considered three different functionalization schemes, two bSOA chemical 

aging parameterizations and explored the use of fragmentation mechanisms. These are 

summarized below. 

5.4.1 Functionalization schemes 
 
(a) Simple scheme (1-bin) 

The first functionalization scheme used in our simulations was the simple scheme of Murphy et 

al. (2012) that had the best performance in the cases simulated in that study.  In this scheme, there 

is one volatility bin reduction for every reaction with a simultaneous increase in oxygen atoms, 

with a probability of 50% for an increase of 1 oxygen atom and 50% probability for an increase of 

a b 
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2 oxygen atoms. The calculation of the O:C change from the number of added oxygen atoms is 

based on Donahue et al. (2011). The chemical aging reaction constants that are used for the 

reactions with OH are the same as in the base case of Murphy et al. (2011) with values equal to 

1x10-11 cm3 molec-1 s-1 for anthropogenic SOA from VOCs (aSOA-v) and biogenic SOA (bSOA) 

and 4x10-11 cm3 molec-1 s-1 for SOA from semivolatile OA (SOA-sv) and intermediate volatility 

compounds (SOA-iv).  

 

(b) Two-bin shift simple scheme (2-bin) 

In the second functionalization scheme a two-volatility bin reduction is assumed for every reaction 

with a simultaneous increase in oxygen atoms. A 50% probability for the increase of 1 oxygen 

atom and 50% probability for the increase of 2 oxygen atoms are used. The calculation of the O:C 

shift in bins from the number of added oxygen atoms is based again on Donahue et al. (2011). This 

functionalization scheme assumes a more rapid reduction in volatility for every reaction and uses 

the same reaction constants for the reactions with OH as in the base case of Murphy et al. (2011).  

 

(c) Detailed scheme (DET) 

The third aging scheme is the detailed functionalization scheme introduced by Donahue et al. 

(2011). This is a more rigorous scheme compared to the previous two conservative aging 

parameterizations. Following Murphy et al. (2012), there is a 30% probability of adding one O 

atom, 50% probability of adding two O atoms, and 20% probability of adding three O atoms. Each 

addition of O atoms results in a different distribution of volatility reductions, with an average 

reduction of -1.75 in log10C* per oxygen group added. These additions of O atoms are translated 

to changes of O:C ratios following Murphy et al. (2012). The functionalization kernel is applied 

to all species in the 2D-VBS upon OH reaction. Again the chemical aging reaction constants that 

are used for the reaction with OH are the same as the two functionalization schemes described 

above.  
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5.4.2 bSOA aging parameterizations 

Two different parameterizations of bSOA aging are explored. In the first scheme the chemical 

aging of biogenic SOA is assumed to result in a negligible net change in volatility but an increase 

in O:C (Murphy et al., 2011). This scheme is consistent with the lack of bSOA aging that has been 

used in PMCAMx (Murphy and Pandis, 2009; 2010) and is called in the rest of the paper no-bSOA 

aging even if the O:C of bSOA does change. 

In the second scheme, bSOA components are assumed to age similarly to aSOA, with their 

processing leading not only to changes in O:C ratio, but also to a net reduction of their volatility. 

We explore all three functionalization schemes, the simple scheme (1-bin), the faster 

functionalization (2-bin) and the detailed functionalization scheme (DET) together with the two 

bSOA aging parameterizations. 

5.4.3 Fragmentation parameterizations  
 

As in Murphy et al. (2012) the bond cleavage is assumed to happen randomly and to be uniformly 

distributed throughout the carbon backbone. For these fragmented compounds the 

functionalization kernel is applied and this will lead to increases in volatility. The fragmentation 

probability in our simulations is allowed to range from zero (for no fragmentation) to unity. 

   5.5 Combination of parameterizations 
 

In our simulations, we used all combinations of the three functionalization schemes (1-bin, 2-bin 

or DET), the two bSOA aging schemes and simulated fragmentation assuming fragmentation 

probability b ranging from zero to 1. In Table 5.1 we summarize the parameterizations that were 

finally chosen for the simulations. For each of the six combinations of functionalization and bSOA 

aging we assumed zero fragmentation probability (6 cases) plus we determined the fragmentation 

probability b that resulted in the minimum error for the average OA concentration. The 

determination of the “optimum” fragmentation probability for each case is shown in Figure C.4. 

For the 1-bin functionalization scheme and considering no bSOA production during aging the OA 

was underpredicted for fragmentation probabilities even low as 5% so in this case the optimum b 

was equal to zero and this became the same as the 1-bin simple scheme of Murphy et al. (2012).  
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Table 5.1 Characteristics of the different parameterizations used in our simulations. 

 

Parameterization 

Name 

Functionalizati

on scheme 

bSOA increase 

during aging 

Fragmentation 

probability 

Comments 

1-bin 1-bin No b=0  

1-bin/bSOA 1-bin Yes b=0  

1-bin 1-bin No b=0-1 

Optimum for 

b=0, same as 

1-bin case 

1-bin/bSOA/b=0.15 1-bin Yes b=0-1 
Optimum for 

b=0.15 

2-bin 2-bin No b=0  

2-bin/bSOA 2-bin Yes b=0  

2-bin/b=0.1 2-bin No b=0-1 
Optimum for 

b=0.1 

2-bin/bSOA/b=0.4 2-bin Yes b=0-1 
Optimum for 

b=0.4 

DET DET No b=0  

DET/bSOA DET Yes b=0  

DET/b=0.3 DET No b=0-1 
Optimum for 

b=0.3 

DET/bSOA/b=0.7 DET Yes b=0-1 
Optimum for 

b=0.7 

5.6 Evaluation of parameterizations 
 

The prediction skill of our simulations is quantified in terms of the fractional error, the fractional 

bias, the absolute error, the absolute bias and the root mean square error. These are calculated 

using: 
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where Pi represents the model prediction value, Mi is the corresponding measured value and n is 

the total number of data points.  

5.7 Results 

5.7.1 Simple functionalization (1-bin case) 
 

The first set of simulations used the simple functionalization scheme (1-bin), assuming 

negligible addition/production bSOA during aging (no bSOA aging) and neglected fragmentation 

assuming that the employed functionalization scheme represents the net effect of these pathways. 

This case is the same as the base case of Murphy et al. (2012). In this scheme, there is a modest 

volatility reduction as the organic vapors react with OH. The prediction skill metrics of the model 

4-hour average O:C and OA concentration against the averaged ground measurements for the 

seven selected days during PEGASOS 2012 campaign are summarized in Tables 5.2 and 5.3 

respectively.   
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Table 5.2 Performance metrics of different parameterizations during the PEGASOS campaign for 

ground O:C measurements. The measured average O:C was 0.58. 

 

 

 

 

2D-VBS 

Parameterization 

Predicted 

Average 

Fractional 

Error 

Fractional 

Bias 

Absolute 

Error 

Absolute 

Bias 

Root 

Mean 

Square 

Error 

1-bin 0.64 0.1 0.09 0.06 0.06 0.08 

1-bin/bSOA 0.55 0.07 -0.06 0.04 -0.03 0.05 

1-bin/bSOA/b=0.15 0.56 0.07 -0.04 0.04 -0.02 0.05 

2-bin 0.63 0.09 0.08 0.05 0.05 0.06 

2-bin/bSOA 0.53 0.10 -0.10 0.05 -0.05 0.06 

2-bin/b=0.1 0.65 0.12 0.11 0.07 0.07 0.08 

2-bin/bSOA/b=0.4 0.58 0.05 0.0 0.03 0.00 0.04 

DET 0.41 0.34 -0.34 0.17 -0.17 0.17 

DET/bSOA 0.35 0.49 -0.49 0.23 -0.23 0.23 

DET/b=0.3 0.57 0.05 -0.03 0.03 -0.01 0.04 

DET/bSOA/b=0.7 0.62 0.08 0.06 0.05 0.04 0.05 
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Table 5.3 Performance metrics of different parameterizations during the PEGASOS campaign for 

ground OA mass measurements. The measured average organic aerosol concentration was 2.8 μg 

m-3. 

 

The average predicted diurnal variation of O:C at the ground level, is presented in Figure 5.2. 

Predicted O:C increased during the afternoon due to the production of secondary OA and 

photochemical processing (evaporation, oxidation in the gas phase and recondensation) of the 

2D-VBS 

Parameterization 

Predicted 

Average 

(μg m-3) 

Fractional 

Error 

Fractional 

Bias 

Absolute 

Error 

(μg m-3) 

Absolute 

Bias   

(μg m-3) 

Root 

Mean 

Square 

Error 

(μg m-3) 

1-bin  2.6 0.29 -0.12 0.78 -0.25 0.89 

1-bin/bSOA  3.8 0.3 0.26 1.09 0.97 1.50 

1-bin/bSOA/b=0.15 2.9 0.27 -0.02 0.79 0.05 0.96 

2-bin 3.4 0.23 0.16 0.76 0.56 1.06 

2-bin/bSOA 5 0.54 0.54 2.21 2.21 2.53 

2-bin/b=0.1 2.9 0.21 0.01 0.62 0.07 0.85 

2-bin/bSOA/b=0.4 3.1 0.22 0.07 0.71 0.3 0.96 

DET 3.2 0.21 0.11 0.67 0.4 0.93 

DET/bSOA 5.4 0.6 0.6 2.53 2.53 2.80 

DET/b=0.3 2.9 0.22 0.00 0.66    0.1    0.84 

DET/bSOA/b=0.7 2.9 0.24 0.02 0.71 0.12 0.87 
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primary OA. The model predictions, agree within experimental error with the measurements, with 

some discrepancies in the afternoon where the model tends to overpredict O:C. They both suggest 

relatively oxidized OA with modest average diurnal O:C variation. The average predicted O:C is 

0.64 and the average measured is 0.58 (Table 5.2). The fractional error and bias for the 4-hour 

average O:C were less than 10%. 

 

 

 

 

  

 

 

 

 

 

 

 
 
Figure 5.2 Average O:C diurnal evolution at the ground level in San Pietro Capofiume for the 1-
bin simulation. The black line shows the model predictions and the shaded area corresponds to one 
standard deviation. The red symbols represent the AMS measurements and the error bars 
correspond to one standard deviation. 
 

The predicted average O:C vertical model profile is compared to the airborne measurements, 

in Figure 5.3. Model predictions, agree with the measurements within experimental error and both 

suggest an oxidized aerosol. The average predicted O:C was equal to 0.59, while the average 

measured O:C was 0.58. The vertical profile for both the predictions and Zeppelin measurements 

was relatively flat inside the lowest 1 km. 

The predicted average diurnal profile of the OA mass concentration for the 1-bin case is 

shown in Figure 5.4. The average predicted OA is equal to 2.6 μg m-3 and is predicted to be higher 

during the night time for this specific period. The average measured concentration during the same 

period was 2.8 μg m-3. The absolute error was equal to 0.78 μg m-3 and the fractional bias was 
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12%. The anthropogenic SOA and SOA from IVOCs oxidation dominate the predicted OA 

composition, with biogenic SOA increasing during night time. SOA-iv is predicted to contribute 

36% to the total OA. Anthropogenic and biogenic SOA are predicted to account for 22 and 17% 

respectively and SOA-sv and POA represent around 10% each (Figure C.3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

Figure 5.3 Average vertical predicted and measured (1-bin case) (a) O:C ratio and (b) organic 
aerosol mass concentration for the Zeppelin measurements over Po Valley. The black line shows 
the model predictions and the shaded areas the standard deviation. The red symbols represent the 
AMS Zeppelin measurements and the error bars correspond to one standard deviation. 
 

The average vertical predicted profile for all Zeppelin flights is compared with the 

corresponding measurements in Figure 5.3b. The average measured OA for these periods was 
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equal to 4.7 μg m-3 while the average predicted 4.2 μg m-3. Model predictions are within 

experimental error, for altitudes lower than 700 m. The three data points at higher altitudes are all 

from a single flight on June 20, 2012 during which the model underpredicted the OA aloft.  

 

 

 

  

 

  

 

 

 

 

 

 

 

 

Figure 5.4 Average diurnal profile at the ground level OA in San Pietro Capofiume. With dark 
blue we represent the OA from long range transport, with blue the anthropogenic SOA produced 
during the oxidation of anthropogenic VOCs (aSOA-v), with cyan the biogenic SOA (bSOA), with 
yellow the SOA from oxidation of intermediate volatility compounds (SOA-iv), with red the SOA 
from the oxidation of semivolatile OA (SOA-sv) and finally with dark red the fresh primary 
organic aerosol (FPOA). The AMS measurements are shown with black symbols and the error bars 
correspond to one standard deviation. 
 

5.7.2 Effect of functionalization scheme 
 

Using the 2-bin simple functionalization scheme the fractional error and bias for O:C ratio are 

around 10%, similar to the 1-bin parameterization. The average predicted OA is equal to 3.4 μg 

m-3 (Table 5.3) with similar fractional error and bias with the 1-bin case. The average volatility 

distribution and O:C ratio of OA at the ground level is shown in Figure C.2. The OA mass, using 

this functionalization scheme is distributed towards smaller volatilities, compared to the 1-bin 
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case, almost one bin to the left (Figure C.2b), while the OA mass is distributed around similar 

values for the O:C ratio with a diurnal ground average equal to 0.63 (Table 5.2), where 0.58 is the 

average for the measurements.  

The detailed functionalization scheme, underpredicted the O:C, with fractional bias equal to 

34% and an average O:C equal to 0.41 (Table 5.2), when the average measured was 0.58. This is 

consistent with the conclusions of Murphy et al. (2011; 2012), about the tendency of this 

aggressive functionalization scheme to seriously underpredict O:C. The performance of this 

scheme, was better for the OA mass concentration with an average predicted value equal to 3.2 μg 

m-3 (Table 5.3) close to the average measured value (2.8 μg m-3). The OA mass concentration 

fractional bias was equal to 11% while the fractional error was 21%. In this functionalization 

scheme the predicted OA has a wider distribution in the 2D space than the 2 previous schemes and 

lower O:C ratios and volatilities. (Figure C.2c). 

 

5.7.3 Effect of bSOA production during aging 
 

The potential importance of net bSOA production during the chemical aging reactions can be 

investigated using the results of the 1-bin/bSOA simulations. The average predicted O:C for the 

ground level using this parameterization is 0.55 which is consistent with the measured 0.58 (Table 

5.2). The fractional error and bias of O:C are less than 10%. However, the OA concentration is 

overpredicted with an average value of 3.8 μg m-3, compared to the measured 2.8 μg m-3 (Table 

5.2). The OA concentration fractional bias and error were 26% and 30% respectively. This is 

consistent with the conclusions of Hermansson et al. (2014), Lane et al. (2008) and Murphy and 

Pandis (2009) that treating only the functionalization of bSOA while neglecting fragmentation 

leads to overpredictions of OA concentrations.  

The same behavior was observed in the 2-bin/bSOA simulation in which PMCAMx-Trj 

predicted an average ground O:C equal to 0.53 with fractional bias less than 10% but overpredicted 

OA with an average equal to 5 μg m-3 and a high fractional bias of 54%. Finally, in the DET/bSOA 

case, the model seriously underpredicted O:C with an average value equal to 0.35 and fractional 

bias equal to 50% and overpredicted OA concentration with an average equal to 5.4 μg m-3 and a 

high fractional bias of 60%. In all of these cases addition of significant later generation bSOA 

production leads to significant errors in the model predictions. 
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5.7.4 The role of fragmentation 
 

To explore the role of fragmentation the 1-bin simple functionalization scheme was first used, 

assuming additional production of bSOA during aging combined with the fragmentation 

parameterization varying the fragmentation probability from zero to one. An optimum 

fragmentation probability equal to 0.15 was estimated (Figure C.4b). The average predicted O:C 

for this model configuration (1-bin/bSOA/b=0.15) was equal to 0.56 in good agreement with the 

measurements and a fractional bias of 4% (Table 5.2). The average predicted OA was equal to 2.9 

μg m-3 with a fractional bias of just 2%. 

The second functionalization scheme (2-bin case) was also tested without and with bSOA 

aging, (2-bin and 2-bin/bSOA cases respectively). In the first case, the optimum b was estimated 

to be equal to 0.1 and in the second case, assuming bSOA aging, it was equal to 0.4 (Figures C.4c 

and C.4d) For both model configurations, the performance was satisfactory (fractional biases less 

than 10% and fractional errors less than 25%) for both O:C and OA mass (Table 5.2 and 5.3). 

In the last test, the detailed functionalization scheme (DET case) was used. In the previous 

simulations the DET and DET/bSOA parameterizations resulted in high underpredictions of the 

O:C ratio and overprediction of the OA concentration for DET/bSOA case. In the DET 

parameterization, the optimum b was estimated to be equal to 0.3 and in the second case, assuming 

bSOA aging, it was equal to 0.7 (Figures C.4e and C.4f). These schemes performed well with 

fractional biases less than 10% and fractional errors less than 25% for OA and less then 10% for 

O:C. 

For all three aging schemes, including suitable fragmentation schemes, resulted in 

satisfactory results compared to the measurements at the ground level. The situation was similar 

for the Zeppelin measurements as shown in Figure C.5 in the Appendix. All these 

parameterizations resulted in similar vertical profiles of O:C and OA with similar agreement with 

the measurements.  

5.7.5 Synthesis of results 
 

The previous results suggest that there are seven aging parameterizations from those examined 

that reproduce well both the ground and Zeppelin measurements. These are:  
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 the simple functionalization scheme and assuming negligible bSOA aging (1-bin case) 

corresponding to the base case in Murphy et al. (2011), 

 the 1-bin shift with bSOA aging and a fragmentation probability equal to 15% (1-

bin/bSOA/b=0.15); the 2-bin shift without bSOA aging (2-bin), 

 the 2-bin shift without bSOA aging and a fragmentation probability equal to 10% (2-

bin/b=0.1), 

 the 2-bin shift with bSOA aging and a fragmentation probability equal to 40% (2-

bin/bSOA/b=0.4), 

 the detailed functionalization scheme, without bSOA aging and a fragmentation probability 

equal to 30% (DET/b=0.3), 

 the detailed functionalization scheme with bSOA aging and fragmentation probability 

equal to 70% (DET/bSOA/b=0.7).  

Parameterizations that appear to be inconsistent with the measurements are the ones that use the 

detailed functionalization scheme, without any fragmentation schemes leading to underprediction 

of the O:C. Parameterizations including net bSOA production during the chemical aging reactions 

and neglecting fragmentation were also inconsistent with the measurements resulting in 

overpredictions of the OA levels.  

These seven aging schemes predict different OA composition (Figure 5.5) while all perform 

well enough compared to the measurements. Anthropogenic SOA from VOCs is predicted to 

contribute between 14 and 27% of the total OA (Figure C.3a). It is a high contributor for the 

simulations assuming negligible additional production of bSOA during chemical aging. The 

parameterization using the faster functionalization scheme (2-bin) predicts the highest percentage 

of 27% while the scheme with the detailed functionalization, additional bSOA production and 

rapid fragmentation (DET/ bSOA/b=0.7) predicts the lowest (14%).  

The predicted contribution of biogenic SOA was the most variable ranging from 16 to 45% 

of the total OA depending on the scheme (Figure C.3b). The highest contribution, as expected, was 

predicted by the schemes assuming production of bSOA during aging. The highest fraction (45%) 

was predicted using the 2-bin shift functionalization parameterization and fragmentation by 40% 

(2-bin/bSOA/b=0.4. The lower bSOA concentrations were predicted by the four schemes 

assuming negligible net bSOA production during aging.  
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Figure 5.5 Predicted OA composition for the schemes with good performance for San Pietro 
Capofiume. The red line indicates the average measured OA equal to 2.8 μg m-3.  
 

SOA from the oxidation of intermediate volatility compounds varied between 19 and 36% 

depending on the model (Figure C.3c). The lowest contributions were predicted by the simulations 

in which the bSOA concentration was high. The primary OA varied from 5 to 6%, the OA from 

long range transport from 6 to 8%, and the SOA from evaporation of the primary and subsequent 

oxidation from 7 to 11%. 

These results are encouraging because the various parameterizations even if they are quite 

different they give a rather consistent picture (with the picture of the bSOA maybe) about the 

various pathways contributing to the OA levels in this area. 

5.7.6 The role of vaporization enthalpy 
 

Three different effective vaporization enthalpies equal to 30, 75 and 150 kJ mol-1 were used 

together with the simple functionalization scheme (1-bin case). All three simulations, predicted 
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the same flat diurnal profile for both the O:C and OA concentration, with differences less than 

20%, mostly in the first hours of the day (Figure 5.6). The predictions of the scheme with the 

higher vaporization enthalpy tend to be a little closer to the ground measurements of O:C. As 

vaporization enthalpy increased, the predicted O:C ratio decreased and OA concentration 

increased (Table C.1) However, the differences were small with the average O:C ranging from 

0.59 for the 150 kJ mol-1 case to 0.64 for the 30 kJ mol-1 case while the measured average value 

was 0.58. The fractional biases for O:C were similar ranging from 2% for a vaporization enthalpy 

equal to 150 kJ mol-1 to 10% for 30 kJ mol-1. The results for the OA concentration were similar.  

 

 

 

 

 

 

 

 

  

   

  

 

 

 

 

 

 

Figure 5.6 Diurnally average (a) O:C ratios and (b) organic aerosol mass concentrations. Average 
vertical organic aerosol (c) O:C and (d) organic aerosol mass concentrations assuming in the model 
ΔHvap= 30 kJ mol-1 (black line), ΔHvap= 75 kJ mol-1 (blue line), and ΔHvap= 150 kJ mol-1 (magenta 
line) for the Po Valley in Italy. The black symbols show the ground AMS measurements.  The red 
symbols show the Zeppelin measurements. The error bars represent one standard deviation.  

(c) (d) 
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The comparison of the model predictions with the vertical profiles from the Zeppelin 

measurements showed similar results (Figure 5.6). The predicted vertical profiles of O:C and OA 

concentration were once more not that sensitive to the assumed effective vaporization enthalpy. 

This lack of sensitivity can be explained by the intricate interplay between the changes in 

partitioning of the semivolatile compounds and their gas-phase chemical aging reactions.  

For values of ΔHvap that favor the partitioning of the OA components to the gas phase the 

resulting decrease in OA concentrations is partially offset by an acceleration of the gas-phase 

chemical aging reactions and the additional SOA production. Vice-versa for ΔHvap values  that 

favor the partitioning to the particulate phase the resulting OA increase is balanced by a reduction 

in the aging rate.  

 

5.8 Conclusions 
 

The effects of the parameterization of the chemical aging processes of atmospheric organic 

compounds on organic aerosol (OA) concentration and chemical composition were investigated 

by using different formulations of the two-dimensional Volatility Basis Set (2D-VBS) together 

with ground and airborne measurements in the Po Valley in Italy.  

We applied firstly the simple aging mechanism of the base case (Murphy et al., 2012), 

presented here as the 1-bin case. The predictions of the model, were satisfactory both at the ground 

and aloft, within experimental variability and with fractional biases for the 4-hour average O:C 

and OA concentration around 10%. The vertical profile for both predictions of the 1-bin case and 

Zeppelin measurements was relatively flat inside the lowest 1 km and the diurnal variation in O:C 

ratio was modest. They both suggested a relatively oxidized OA for Po Valley in Italy with an 

average O:C around 0.6. Anthropogenic SOA and SOA from intermediate volatility compounds 

oxidation dominated the predicted OA composition based on this parameterization. 

Seven aging schemes (out of more than a hundred tested), with different assumed 

functionalizations, bSOA aging and fragmentation were found to reproduce well the ground and 

Zeppelin O:C and OA measurements. Anthropogenic SOA from VOCs was predicted to contribute 

between 15 and 25% of the total OA and SOA from the oxidation of intermediate volatility 

compounds oxidation between 20 and 35%. The contribution of biogenic SOA varied from 15 to 

45%, depending on the parameterization scheme. POA was around 5%, the OA from long range 
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transport varied from 6 to 8% and the SOA from evaporation of the primary and subsequent 

oxidation from 7 to 11%. These results are encouraging because despite the uncertainty introduced 

by the different schemes, their predictions about source contributions are relatively robust.  

Addition of bSOA produced during the corresponding chemical aging reactions in the 

functionalization-only schemes resulted in overpredictions of the OA. Addition of significant 

fragmentation (fragmentation probabilities ranging from 15 to 70%) was necessary to balance this 

additional source. This is clearly a topic that deserves additional research both in the laboratory 

and in the field. 

There was also surprising low sensitivity of predicted OA concentration and O:C both at the 

ground and aloft to enthalpy of vaporization. Using three different vaporization enthalpies equal 

to 30, 75 and 150 kJ mol-1, the model predictions showed a very similar flat diurnal profile for O:C 

and OA concentration at the ground with differences less than 20% and being within experimental 

variability. Similar were the conclusions for the vertical profiles of the model in comparison to the 

Zeppelin measurements. The interplay between the partitioning of the compounds and the 

chemical aging reactions as well as the small temperature sensitivity, for altitudes until 600 m 

might explain this small sensitivity to vaporization enthalpy. There was some weak evidence 

though that the higher values (like 150 kJ mol-1) are in better agreement with the O:C observations 

at the ground and aloft. 
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Simulation of atmospheric organic aerosol using its volatility-oxygen     

content distribution during the PEGASOS 2013 campaign in Finland 
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6.1 Introduction 
 

Aerosol particles or else particulate matter, are liquid or solid airborne particles that are ubiquitous 

in the atmosphere. They affect our lives by reducing visibility and influencing the climate due to 

their absorption/reflection of incoming solar radiation and role in cloud formation (IPCC 2014). 

Finally, they have serious adverse health effects (Nel et al. 2005; Pope et al., 2009; Caiazzo et al., 

2013).  

Organic aerosol is a major component especially of the submicrometer atmospheric 

particulate matter (Zhang et al. 2007; Jimenez et al. 2009). OA is either emitted directly into the 

atmosphere as particulate matter (primary organic aerosol , POA) or is formed by gas-to-particle 

conversion of volatile, intermediate volatility and semivolatile organic compounds (secondary OA, 

SOA). The oxidation reactions though of organic compounds lead to thousands of mostly unknown 

oxygenated products. Our understanding of OA formation mechanisms and physical properties is 

incomplete.  

Terrestrial vegetation emits a variety of biogenic volatile organic compounds into the 

atmosphere (Guenther et al. 1995), some of which are subsequently oxidized forming among other 

products secondary organic aerosol. Boreal forests produce a large amount of SOA mainly due to 

emitted monoterpenes and sesquiterpenes (Seinfeld and Pandis, 2006). The biogenic SOA fraction 

has been found to represent 10 to 65% of the measured OA in or near forested regions (Szidat et 

al., 2009; Fu et al., 2010; Schwartz et al., 2010; Finessi et al., 2012).  

The use of lumped species allows the computational efficient representation of OA in 

atmospheric chemical transport models (Pandis et al., 1992). The volatility basis set (VBS) 

framework (Donahue et al., 2006) lumps organic compounds into surrogates along an axis of 

volatility. This approach typically employs species with effective saturation concentrations at 298 

K separated by one order of magnitude, with values ranging from, say, 0.01 to 106 μg m-3. By 

quantifying the volatility distributions of primary and secondary OA, a physically reasonable, yet 

suitable for large-scale chemical transport models (CTMs), description of semi-volatile organics 

can be obtained (Lane et al., 2008).  

The VBS framework was extended by Donahue et al. (2011; 2012) adding another 

dimension, the oxygen content (expressed as the O:C ratio), for the description of the OA chemical 

aging reactions. Murphy et al. (2011; 2012) used a one-dimensional Lagrangian chemical transport 



136 
 

model (PMCAMx-Trj), as the host model for the simulations. PMCAMx-Trj simulates the 

chemical evolution of a column of air as it travels towards a user-selected receptor site. In Chapter 

5, we used this Lagrangian CTM using the 2D-VBS framework and evaluated different 

parameterizations of OA formation and chemical aging, including functionalization or 

fragmentation mechanisms and using two different parameterization of bSOA aging.  

In this Chapter, we will evaluate the same chemical aging mechanisms in the 2D-VBS 

approach for the rural forested area of Hyytiälä in southern Finland during PEGASOS campaign 

in 2013. Hyytiälä represents a continental background boreal forest and the PMCAMx-Trj 

application on this area will allow the testing of the 2D-VBS in an environment that is dominated 

by biogenic emissions.  

 

6.2 Application of 2D-VBS in Finland 
 

6.2.1 Site description and measurement period 
 

Measurements were performed at the Hyytiälä SMEAR II (Station for Measuring Forest 

Ecosystem – Atmosphere Relations) site during the PEGASOS 2013 campaign. The site (Hari and 

Kulmala, 2005) is a rural forested station in southern Finland (61o 510N, 24o 170E, 181 m above 

sea level), in the middle of a more than 40-yr old Scots pine stand. The nearest urban locations are 

Tampere about 50 km to the south-west (200000 inhabitants) and Jyväskylä 100 km to the north-

east (130000 inhabitants).  

ACSM (Aerosol Chemical Speciation Monitor) measurements were performed, analyzed 

and provided by Mikko Äijälä from the University of Helsinki. A description of the ACSM and 

basic data processing can be found in Ng et al. (2011). The period of the measurements is from 19 

of April 23, 2013 until June 19, 2013.  

 

6.2.2 PMCAMx-Trj model 
 

We used the one–dimensional Lagrangian chemical transport model PMCAMx-Trj with the 2D-

VBS module (Murphy et al., 2011; 2012) simulating the air parcels that arrive at Hyytiälä. The 
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model solves the general dynamic equation taking into account the relevant atmospheric processes: 

atmospheric transport, gas and aqueous-phase chemistry, dry and wet deposition of gases and 

aerosols and vertical turbulent dispersion, aerosol dynamics, inorganic and organic aerosol 

formation together with area and point emissions. Ten computational cells are used with heights 

varying from 60 m near the ground to almost 3 km. The SAPRC-99 (Carter, 2000) chemical 

mechanism is used for the simulation of gas–phase chemistry. The meteorological parameters 

(horizontal winds, temperature, pressure, vertical dispersion coefficients, water vapor, clouds, 

rainfall and land use) used as inputs in the model are provided by the Weather Research and 

Forecasting (WRF) model. The WRF simulation was periodically re-initialized (every 3 days) to 

ensure the accuracy of the inputs to the CTM. Area and point emissions were also provided by the 

inputs of the regular PMCAMx simulation for the European domain. The procedure is described 

in Section 5.2. Vertically resolved initial conditions and the top boundary conditions for 

PMCAMx-Trj were obtained from the corresponding output of the PMCAMx simulation for the 

same period of spring-early summer 2013.  

 

6.2.3 Simulated periods 

 

The Hybrid Single Particle Lagrangian Integrated Trajectory HYSPLIT model (Draxler et al., 

2009) was used to calculate 72 h back trajectories arriving at the receptor site of Hyytiälä. Six air 

parcels arriving at 3:00, 7:00, 11:00, 15:00, 19:00 and 23:00 local time (UTC+2) in the ground 

forested site were simulated for a total of 8 days (April 28, May 7, 11, 15 and 26 and June 9, 10 

and 11). The air masses from the beginning of the campaign until middle of May originated mostly 

from the Atlantic, and arrived at Hyytiälä either directly from the west over Scandinavia or from 

the south, passing over the Baltic Sea. After mid-May, air masses started often from the east or 

north east, either from the Arctic Ocean or from west Russia.  During the last weeks the situation 

changed again with air masses arriving from the Atlantic passing over Scandinavia. Our 

meteorological analysis is consistent with the conclusions of Nieminen et al. (2015). We selected 

days for which the trajectories at the different altitudes originated all from the same region. For 

consistency, we used the same WRF meteorological data as input to HYSPLIT to calculate the 

back trajectories. Following Murphy et al. (2011) we used the ensemble average of 20 trajectories 
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with varied heights from 60 m up to 3 km, similarly to the application to Po Valley in Italy in 

Chapter 5.  

   

 

 

 

 

 

 

 

 

 
Figure 6.1 (a) The ensemble of 20 trajectories calculated by HYSPLIT for air parcels arriving at 
the site of Hyytiälä on 7 May 2013 at 17:00 LT and (b) the ensemble average trajectory calculated 
by the HYSPLIT clustering utility. 
 

The twenty 72 h HYSPLIT back trajectories arriving at Hyytiälä at 17:00 LT on May 7, 2013 are 

shown in Figure 6.1a as an example. They all originated from the eastern Atlantic Ocean, passed 

a day over the ocean and then over Ireland and the United Kingdom. During the next day they 

passed over the North Sea and Denmark. The air masses continued over Sweden and the Baltic 

Sea, and a few hours later arrived in the receptor site of Hyytiälä. The HYSPLIT clustering analysis 

utility was used to estimate the average trajectory that was used in the simulations (Figure 6.1b). 

 

6.2.4 Chemical Aging Schemes 

In our simulations, we considered a series of aging parameterizations, taking into account three 

different functionalization schemes, two biogenic SOA aging schemes and also different 

fragmentation probabilities. These parameterizations have been described in detail in Chapter 5. 

In the simulations here, we will use the same parameterizations to test their robustness when 

applied in a very different environment. Table 1 summarizes the 11 parameterizations that were 

used in the simulations of Chapter 5. 

a b 
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             Table 6.1 Characteristics of different parameterizations used in our simulations. 

 

Parameterization 

Name 

Functionalization 

scheme 

bSOA increase 

during aging 

Fragmentation 

probability 

1-bin 1-bin No b=0 

1-bin/bSOA 1-bin Yes b=0 

1-

bin/bSOA/b=0.15 
           1-bin Yes b=0.15 

2-bin 2-bin No b=0 

2-bin/bSOA 2-bin Yes b=0 

2-bin/b=0.1 2-bin No b=0.1 

2-bin/bSOA/b=0.4 2-bin Yes b=0.4 

DET DET No b=0 

DET/bSOA DET Yes b=0 

DET/b=0.3 DET No b=0.3 

DET/bSOA/b=0.7 DET Yes b=0.7 

 

6.2.5 Evaluation of parameterizations 

 

The prediction skill of PMCAMx-Trj for the different parameterizations is quantified in terms of 

the fractional error, the fractional bias, the absolute error, the absolute bias and the root mean 

square error, similarly to Chapter 5. The equations that are used to calculate these metrics are 

shown below: 
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where Pi represents the model predicted value for data point, Mi is the corresponding measured 

value and n is the total number of data points.  

 

6.3 Results 
 

6.3.1 Simple functionalization scheme (1-bin case) 
 

The first set of simulations used the simple functionalization scheme (1-bin), which assumes a one 

volatility bin reduction for every reaction with a simultaneous increase in oxygen atoms, with a 

probability of 50% for an increase of 1 oxygen atom and 50% probability for an increase of 2 

oxygen atoms. It also assumes negligible additional production of bSOA during aging (no bSOA 

aging) and no fragmentation of the organic compounds. Implicitly this scheme assumes that the 

functionalization represents the net effect of these pathways. The prediction skill metrics of the 

model 4-hour average OA concentration against the averaged ground measurements for the seven 

selected days during PEGASOS 2013 campaign are summarized in Table 6.2.   

The predicted average diurnal profile of OA mass concentration, for the 1-bin scheme is 

shown in Figure 6.2. The average predicted OA is equal to 2.3 μg m-3 and the average measured 

concentration during the same period was 2.1 μg m-3 (Table 6.2). This scheme was the most 

successful in predicting the OA concentration of all parameterizations used (Table 6.2). It had the 

lowest root mean square error, as well as the lowest fractional bias (-5%) and one of the lowest 

fractional errors (38%). Most of the error is present during the first hours of the day when the 

model overpredicts the OA mass concentration (Figure 6.2). 
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Table 6.2 Performance metrics of different parameterizations during the PEGASOS 2013 

campaign for ground OA concentration. The measured average organic aerosol mass concentration 

was 2.1 μg m-3. 

 

 

 

 

 

2D-VBS 

Parameterization 

Predicted 

Average 

(μg m-3) 

Fractional 

Error 

Fractional 

Bias 

Absolute 

Error 

(μg m-3) 

Absolute 

Bias   

(μg m-3) 

Root 

Mean 

Square 

Error 

(μg m-3) 

1-bin  2.32 0.38 -0.05 0.92 0.23 1.16 

1-bin/bSOA  4.21 0.51 0.45 2.22 2.12 3.39 

1-bin/bSOA/b=0.15 2.91 0.34 0.17 1.1 0.82 1.69 

2-bin 2.59 0.31 0.07 0.92 0.5 1.35 

2-bin/bSOA 4.2 0.56 0.56 2.11 2.11 2.85 

2-bin/b=0.1 2.46 0.34 0.02 0.91 0.38 1.25 

2-bin/bSOA/b=0.4 2.98 0.31 0.22 1.06 0.90 1.67 

DET 3.5 0.42 0.25 1.70 1.42 2.77 

DET/bSOA 4.58 0.59 0.59 2.49 2.49 3.52 

DET/b=0.3 2.45 0.33 0.02 0.89 0.36 1.21 

DET/bSOA/b=0.7 2.73 0.26 0.15 0.84 0.64 1.33 
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Figure 6.2 Average diurnal OA mass concentration at the ground level in Hyytiälä for the 1-bin 
simulation. The red line shows the model predictions and the black symbols represent the ACSM 
measurements. The error bars correspond to one standard deviation. 
 

The biogenic SOA dominates the predicted OA composition, as expected for a forested 

environment, contributing 41% of the total OA on average (Figure 6.3). SOA from the oxidation 

of intermediate volatility compounds contributed 27% and anthropogenic SOA from VOCs was 

another 16%. The remaining was due to primary OA (4%), SOA from evaporation of the primary 

and subsequent oxidation and OA from long range transport by 6% each. 

 

6.3.2 Effect of functionalization scheme 
 

The second simple functionalization scheme (2-bin), assuming no addition or production of bSOA 

and neglecting fragmentation predicted average OA equal to 2.6 μg m-3 (Table 6.2). Its root mean 

square error was higher than that of the 1-bin case, its fractional bias similar and its fractional error 

a little less. Overall its performance was quite similar to that of the 1-bin scheme. 

The performance of the detailed functionalization scheme for OA concentration was 

significantly worse than the two previous functionalization schemes with the scheme tending to 

overpredict OA (fractional bias 25%) and a root mean square error more than double that of the 

simple 1-bin scheme. The performance of the two simple functionalization schemes (1-bin and 2-

bin), was better than the detailed functionalization scheme, a result similar to that in San Pietro 

Capofiume in Chapter 5.   
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Figure 6.3 Predicted contribution of (a) ASOA-v, (b) BSOA, (c) SOA from oxidation of 
intermediate volatility organic compounds, (d) FPOA, (e) SOA from oxidation of evaporated POA, 
and (f) OA from long range transport using various aging parameterizations.  
 
 

6.3.3 Effect of additional bSOA production during aging 
 

The potential importance of net bSOA production during the chemical aging reactions was 

investigated using the results of the 1-bin/bSOA simulations. The OA concentration in this case is 

seriously overpredicted with an average value of 4.2 μg m-3 compared to the measured average of 

2.1 μg m-3 (Table 6.2). The OA concentration fractional bias and error were 51% and 45% 

respectively and the root mean square error was equal to 3.39 μg m-3. This is consistent with 

previous conclusions that treating only the functionalization of bSOA while neglecting 

fragmentation leads to serious overpredictions of OA levels. The 2-bin/bSOA scheme was 

characterized by similar overpredictions with a root mean square error equal to 2.85 μg m-3 and a 

high fractional bias of 56%. Finally, the DET/bSOA scheme overpredicted OA mass with a 

fractional bias of almost 60%.  
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These simulations, treating only the functionalization of bSOA while neglecting 

fragmentation, all overpredicted the OA mass concentration similarly to Chapter 5. These results 

are consistent with the conlcusions of Lane et al. (2008) for the Eastern US, Murphy and Pandis 

(2009) and Hermansson et al. (2014) for Europe. 

 

6.3.4 The role of fragmentation 
 

To explore the role of fragmentation the 1-bin simple functionalization scheme was first used, 

assuming addition/production of bSOA during aging and combined with the fragmentation 

parameterization with the fragmentation probability equal to 15% as estimated in Chapter 5. The 

average predicted OA mass was equal to 2.9 μg m-3 with a fractional bias of 17% and a root mean 

square error equal to 1.69 μg m-3. This scheme does overpredict OA in contrast to the simple 

scheme, but the deterioration in performance is small to moderate.  

The 2-bin functionalization scheme, neglecting bSOA aging and assuming a fragmentation 

probability b=0.1 performed a little better (lower bias and root mean square error) than the 2-bin 

scheme. However, the improvements were small (reduction of bias by 5% and of root mean square 

error by 0.1 μg m-3) while the absolute error was almost the same. The 2-bin functionalization, 

with bSOA and more rapid fragmentation (b=0.4) performed a little worse than the previous 

schemes with a tendency to overpredict OA (fractional bias 22%). 

In the next set of simulations, the detailed functionalization scheme (DET case) was used 

assuming a fragmentation probability equal to 30%. This scheme performed quite well with a 

fractional bias of only 2% and a fractional error of 33%. Its root mean square error was just 0.05 

μg m-3 higher than that of the simple 1-bin scheme. Combining the detailed functionalization, 

bSOA aging and very rapid fragmentation (b=0.7) reduced the fractional error to 26%, but 

increased the bias to 15%.  

Overall, the results are rather encouraging because the optimized schemes determined in the 

Po Valley simulations appear to perform well in the very different environment of Southern 

Finland.  

For all three aging schemes, fragmentation of the particles led to closer prediction of the OA 

mass concentration, while in some cases more fragmentation, than the probabilities calculated in 

Chapter 5, were even needed.  
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6.3.5 Synthesis of results 
 

The previous results suggest that parameterizations that appear to be inconsistent with the 

measurements are the ones that use the detailed functionalization scheme, without any 

fragmentation of the OA namely the DET and DET/ bSOA schemes. Moreover, parameterizations 

including net bSOA production during the chemical aging reactions and neglecting fragmentation 

also led to significant overpredictions of the OA levels for all three functionalization schemes used 

(1-bin/bSOA, 2-bin/bSOA and DET/bSOA). Adding fragmentation was essential for the better 

reproduction of the ground measurements. These are summarized in Figure 6.4. 

 

 

 

  

 

 

 

 

 

 

 

Figure 6.4 Predicted OA composition for the schemes with good performance for Hyytiälä. The 
red line indicates the average measured OA equal to 2.1 μg m-3. 

 

 6.3.6 Predicted OA composition 
 

From the eleven cases that were tested and evaluated, there are seven aging parameterizations that 

reproduce better the ground level OA measurements. The contribution of biogenic SOA varied 
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from 40 to 63% of the total OA (Figure 6.3) depending on the parameterization. The highest bSOA 

concentration was predicted by the aging schemes that assume production of bSOA during the 

aging reactions. The highest contributor (63%) was for the scheme assuming a 2-bin shift 

functionalization and fragmentation with 40% probability (2-bin/bSOA/b=0.4). The rest of the 

cases predicted lower bSOA levels, around 40%.  

Anthropogenic SOA from VOCs oxidation was predicted to contribute between 11 and 18% 

of the total OA (Figure 6.3). Its low levels are consistent with the rural forested area of the boreal 

station of Hyytiälä.  

SOA from the oxidation of intermediate volatility compounds varied between 14 and 27%. 

The lowest contributions were predicted by the simulations that had high bSOA levels. The highest 

contributions (27%) was predicted by the simulations using the simple (1-bin) and faster (2-bin) 

functionalization scheme. 

The fresh POA was 4% of the total OA, the SOA from the oxidation of evaporated POA 4-

6%, and the OA from long range transport 5-6%.  

       

6.4 Conclusions 
 

The effects of different parameterization of chemical aging processes of atmospheric organic 

compounds on organic aerosol (OA) concentration and chemical composition were investigated 

by using the two-dimensional Volatility Basis Set (2D-VBS) together with ground measurements 

in the boreal environment of Hyytiälä. The parameterizations used were the same as in Chapter 5, 

including those optimized for the Po Valley polluted environment.  

Despite the very different environment, the performance of all parameterizations was 

surprisingly similar to that in the Po Valley. The simple functionalization only parameterization of 

Murphy et al. (2012) had for one more time the best performance. This simple scheme appears for 

some reason that is not well understood to capture the behavior of OA in a lot of different 

environments both rural and polluted. Its variation with a 2-bin change performed almost as well. 

Schemes adding significant bSOA during aging reactions, or assuming aggressive 

functionalization were once more the worst performers. Addition of fragmentation was needed for 

these schemes.  
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The fragmentation schemes with the probability values optimized for Po Valley performed 

quite well in this case too. Increasing fragmentation rates are needed to “balance” the assumed net 

bSOA production during aging as the functionalization scheme becomes more aggressive.  

Despite their differences, the seven schemes that performed well for OA predicted similar 

OA composition for the simulated period: 40-63% biogenic SOA, 11-18% SOA from 

anthropogenic VOCs, 14-27% SOA from IVOCs, 4% POA, 4-6% SOA from evaporated POA, 

and 5-6% from long range transport. This agreement is encouraging about our ability to constrain 

the SOA sources. 
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7.1 Conclusions 

Organic compounds represent a significant fraction of submicrometer atmospheric aerosol mass. 

Even if most of these compounds are semi-volatile in atmospheric concentrations, the ambient 

organic aerosol volatility is quite uncertain. The focus of this work was to gain insights into 

estimating the volatility of the organic aerosol in both ambient and experimental data and being 

able to estimate also properties that affect volatility such as the vaporization enthalpy and 

accommodation coefficient. Simulations using the volatility-oxygen content distribution (2D-

VBS) of the organic aerosol (Donahue et al. 2011; 2012), as a proposed framework of representing 

the numerous unknown compounds of the organic aerosol, is further constrain the different 

parameterizations and mechanisms of OA chemical aging in the ambient air. 

A theoretical analysis of methods for estimating the OA volatility distribution using the 

measurements of a thermodenuder (TD) was performed. The thermograms, or else the aerosol 

mass fraction remaining (MFR) at a given temperature, after passing through the TD, have been 

used in previous studies as the “fingerprint” of the volatility of the organic aerosol. Multiple 

combinations of parameters (C*, ΔHvap, am) can lead to practical indistinguishable thermograms 

during TD measurements. The estimated volatility distribution, based on the minimum error, can 

be wrong by several orders of magnitude due to the multiple solutions that exist leading to multiple 

local minima of the objective function. We introduced a new method combining forward modeling, 

introduction of experimental error and inverse modeling with error minimization for the 

interpretation of existing TD measurements. With this method, using an ensemble of ‘best 

solutions’ we were able to calculate a best estimate and an uncertainty range for the estimated 

volatility distribution, the vaporization enthalpy and the accommodation coefficient. We showed 

that this uncertainty range is often large and sometimes does not even include the true value of the 

properties, with the exception in the estimation of the vaporization enthalpy where the errors are 

around 5-20% in most cases tested. 

Experimental approaches that would improve the method were also explored. The performance of 

TD measurements under multiple residence times resulted in a small to modest improvement of 

the results since equilibrium was still not reached. The idea of using experiments in a totally longer 

timescale in order to achieve equilibrium was then examined with the use of dilution 

measurements. Use of isothermal dilution on its own instead of TD measurements led to worse 
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estimates of the volatility distribution compared to the TD. However, combining both TD and 

isothermal dilution measurements led to promising results in the majority of the cases. Cases for 

which problems remained included those in which the OA does not come close to equilibrium after 

dilution or when the corresponding evaporated fraction is less than 20%. Increased dilution and 

longer residence times could help in these cases. The approach combining TD and isothermal 

dilution measurements was recommended for future studies of OA volatility in both the lab and 

the field. 

Ambient experimental data from a thermodenuder (TD) coupled to a High-Resolution Time-of-

Flight Aerosol Mass Spectrometer (HR-ToF-AMS) collected in Paris and Athens were analyzed 

using the approach developed in the first part of this work. For the winter and summer campaign 

in Paris the thermograms surprisingly did not show significant differences, while the estimated 

volatility distributions, were also similar, with a bimodal shape with two major peaks: one at C* 

of the order of 10-4 μg m-3 and the second at C* of the order of 10 μg m-3. The volatility distributions 

of PMF factors were also derived during both campaigns. Five factors were determined for the 

summer dataset. Hydrocarbon-like OA (HOA), cooking OA (COA), marine OA (MOA) and two 

Secondary OA (SOA) factors were also identified: Semi-volatile oxygenated OA (SV-OOA) and 

low volatility oxygenated OA (LV-OOA). The PMF analysis for the winter campaign determined 

four factors. The HOA and COA factors were again identified. There was also a single secondary 

OA factor that was termed oxygenated OA (OOA). The final factor observed was biomass burning 

OA (BBOA). The HOA factors for both campaigns in Paris had similar volatility distributions with 

half material being SVOCs. This similarity was consistent with the corresponding mass spectra 

derived by the PMF analysis and was not surprising for a city, with similar transportation and 

industrial emissions in both seasons. The summer COA was significantly more volatile than the 

winter COA. The winter COA did not contain any semi-volatile organic components (SVOCs) 

whereas 37% of the summer COA was semi-volatile. These differences in volatility were 

consistent with the differences in AMS spectra and could be due to different seasonal cooking 

habits. The LV-OOA factor detected in the summer had the lowest volatility of all the derived 

factors. The LV-OOA factor consisted nearly exclusively of ELVOCs (97%). Roughly half of the 

SV-OOA mass consisted of SVOCs while the rest was mainly LVOCs (42%). The OOA factor 

determined in the winter had a volatility distribution containing SVOCs (45%), ELVOCs (30%) 

and LVOCs (25%). The marine OA (MOA) factor, only detected during the summer campaign, 
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was relatively volatile. Half of the BBOA consisted of SVOCs and the other half of extremely low 

volatile and low volatile organic components. The BBOA was less volatile than the HOA factors 

but more volatile than COA and OOA. 

The OA in Athens consisted of 40% SVOCs, 30% LVOCs and 30% ELVOCs. PMF analysis, 

during this campaign resulted in three primary OA factors (HOA, BBOA and COA) and one 

secondary OA factor (OOA). 30% of the HOA was semi-volatile material (SVOCs) and 40% 

LVOCs. The rest of the material was ELVOCs. BBOA was the most volatile factor. 40% of the 

BBOA consisted of LVOCs and another 50% of SVOCs. However, a small amount of ELVOC 

material, around 10% of the BBOA, was present. LVOCs contributed 65% to the COA mass, with 

another 25% being SVOCs and the rest was ELVOCs. OOA was the least volatile factor. It 

consisted of 40% ELVOC material, almost 25% LVOCs and 35% SVOCs. Combining the O:C 

ratio and volatility distributions of the various factors, we integrated our results from both 

campaigns into the 2D-VBS synthesizing the corresponding OA findings. The factor locations 

agreed well with the location of factors proposed by Donahue et al. (2012), with the exception of 

the ELVOC components of most factors. The average O:C was not directly linked to the factor’s 

volatility distribution, underlining the importance of measuring both properties. 

The combination of TD and isothermal dilution for the estimation of the volatility distribution was 

tested experimentally using cooking OA from meat grilling. Size dependent losses were taken into 

account for the correction of both thermodenuder and dilution measurements. All the COA 

evaporated in the TD at 225oC while 80% remained after dilution by a factor of 10 at ambient 

temperature. The COA average volatility was between 0.05 and 0.1 μg m-3 and it consisted of 60-

75% LVOCs, 25-30% SVOCs, and a small fraction (10%) of IVOCs at concentrations close to 

500 μg m-3. The estimated effective vaporization enthalpy was 100 ± 15 kJ mol-1, and the effective 

accommodation coefficient was around 0.05. The apparent differences in volatility distributions 

of the ambient COA factor determined in Athens and the laboratory COA were due to the different 

concentrations during the two measurements. After calculation of the expected volatility 

distribution of the COA at ambient levels the distributions were consistent with each other. The 

use of only TD measurements resulted in an overestimation of the SVOC fraction of COA leading 

to a shifting of volatility toward higher values. Use of isothermal dilution resulted in decrease of 
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the uncertainty of the higher volatility components and of the estimated effective enthalpy of 

vaporization.  

The effects of the parameterization of the chemical aging processes of atmospheric organic 

compounds on organic aerosol (OA) concentration and chemical composition were investigated 

by using different formulations of the two-dimensional Volatility Basis Set (2D-VBS) together 

with ground and airborne measurements in the Po Valley in Italy. The predictions of the simple 

functionalization model of Murphy et al. (2012), were satisfactory both at the ground and aloft, 

within experimental variability and with fractional biases for the 4-hour average O:C and OA 

concentration around 10%. The vertical profile for both predictions of the 1-bin case and Zeppelin 

measurements was relatively flat inside the lowest 1 km and the diurnal variation in O:C ratio was 

modest. They both suggested a relatively oxidized OA for Po Valley in Italy with an average O:C 

around 0.6. Anthropogenic SOA and SOA from intermediate volatility compounds oxidation 

dominated the predicted OA composition based on this parameterization. Seven aging schemes 

(out of more than a hundred tested), with different assumed functionalizations, bSOA aging and 

fragmentation were found to reproduce well the ground and Zeppelin O:C and OA measurements. 

Anthropogenic SOA from VOCs was predicted to contribute between 15 and 25% of the total OA 

and SOA from the oxidation of intermediate volatility compounds oxidation between 20 and 35%. 

The contribution of biogenic SOA varied from 15 to 45%, depending on the parameterization 

scheme. POA was around 5%, the OA from long range transport varied from 6 to 8% and the SOA 

from evaporation of the primary and subsequent oxidation from 7 to 11%. These results are 

encouraging because despite the uncertainty introduced by the different schemes, their predictions 

about source contributions are relatively robust. Addition of bSOA produced during the 

corresponding chemical aging reactions in the functionalization-only schemes resulted in 

overpredictions of the OA. Addition of significant fragmentation (fragmentation probabilities 

ranging from 15 to 70%) was necessary to balance this additional source. This is clearly a topic 

that deserves additional research both in the laboratory and in the field. There was also surprising 

low sensitivity of predicted OA concentration and O:C both at the ground and aloft to enthalpy of 

vaporization.  

Finally, the above “optimized” chemical aging schemes were applied in a very different 

environment, the boreal forest and their results were compared to ground measurements in 
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Hyytiälä, Finland. Despite the very different environment, the performance of all 

parameterizations was surprisingly similar to that in the Po Valley. The simple functionalization 

only parameterization of Murphy et al. (2012) had for one more time the best performance. This 

simple scheme appears for some reason that is not well understood to capture the behavior of OA 

in a lot of different environments both rural and polluted. Its variation with a 2-bin change 

performed almost as well. Schemes adding significant bSOA during aging reactions, or assuming 

aggressive functionalization were once more the worst performers. Addition of fragmentation was 

needed for these schemes. The fragmentation schemes with the probability values optimized for 

Po Valley performed quite well in this case too. Increasing fragmentation rates are needed to 

“balance” the assumed net bSOA production during aging as the functionalization scheme 

becomes more aggressive. Despite their differences, the seven schemes that performed well for 

OA predicted similar OA composition for the simulated period: 40-63% biogenic SOA, 11-18% 

SOA from anthropogenic VOCs, 14-27% SOA from IVOCs, 4% POA, 4-6% SOA from 

evaporated POA, and 5-6% from long range transport. This agreement is encouraging about our 

ability to constrain the SOA sources. 

7.2 Future work 

7.2.1 Use of thermodenuder and Isothermal Dilution Measurements for the estimation of 

volatility of ambient OA. 

A new experimental approach, using not only thermodenuder but also isothermal dilution 

measurements was evaluated, in Chapter 4, with meat charbroiling or cooking OA in the lab used 

for the application of this method. Until now, campaigns have been estimating volatility using only 

TD measurements. Use of isothermal dilution too can reduce significantly the uncertainty of these 

measurements. Experimental challenges related to the lower, compared to the lab, concentrations 

of the ambient OA must be also addressed. Saleh et al. (2012) used a particle concentrator upstream 

of a TD in order to achieve higher ambient aerosol loadings. An idea would be to use initially a 

similar particle concentrator before the isothermal dilution reactor.  
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7.2.2 Simulation of volatility - oxygen content distribution of the OA during SOAS campaign 

The Southern Oxidant and Aerosol Study (SOAS) campaign took place in the Southeast US. This 

area is an ideal location to study biogenic-anthropogenic pollutant interactions due to the proximity 

of vegetative emissions with a variety of man-made emissions sources. The comprehensive data 

sets collected in this area (including TD measurements) can help further constrain the various 2D-

VBS schemes especially regarding the bSOA aging process.   
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Appendix A 

 Estimation of the volatility distribution of ambient organic aerosol and its 

components using thermodenuder measurements 

 

Table A.1 Estimated volatility distributions for the OA and the PMF factors from Paris summer 
and winter campaign.a 

a Expressed as fractions of the OA with C* ≤ 10 μg m-3. 

 

Table A.2 Estimated volatility distributions for the OA and the PMF factors for Athens campaign. 

Saturation concentration C* (μg m-3) 

OA Type 10-8 10-3 10-2 10-1 1 10 
OOA 0.41 0.11 0.09 0.08 0.11 0.20 
HOA 0.30 0.07 0.14 0.21 0.17 0.11 

BBOA 0.10 0.10 0.15 0.15 0.14 0.36 
COA 0.10 0.52 0.08 0.05 0.07 0.18 

Total OA 0.30 0.08 0.12 0.12 0.12 0.26 

 

C* 

OA Type 10-7 10-6 10-5 10-4 10-3 10-2 10-1 1 10 

Summer 2009 

HOA - - - 0.13 0.14 0.08 0.02 0.06 0.57 

COA - - 0.13 0.15 0.07 0.2 0.08 0.37 - 

MOA - - - 0.03 0.03 0.05 0.28 0.42 0.19 

SV-OOA - - - 0.06 0.14 0.15 0.13 0.18 0.34 

LV-OOA 0.2 0.24 0.28 0.25 0.03 - - - - 

Winter 2010 

HOA - - - 0.11 0.09 0.07 0.12 0.11 0.5 

COA - 0.12 0.11 0.14 0.42 0.11 0.1 - - 

BBOA - - - 0.2 0.09 0.08 0.13 0.09 0.41 

OOA - - - 0.3 0.09 0.07 0.09 0.1 0.35 
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Table A.3 Calculated average volatilities as log10C* values weighted by the mass fractions of 

each bin for Athens winter campaign. 

OA Type OOA HOA BBOA COA Total OA 

Average volatility log10C* (μg m-3) -3.72 -3.00 -1.22 -2.45 -2.76 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A.1 Comparison of mass spectra of ambient OA PMF factors analysis (bars) and ambient 
plus thermodenuder PMF analysis (crosses) during Athens winter 2013 campaign. 
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Figure A.2 Corrected thermograms along with the error bars representing the standard deviation 
of the data, with best-fit volatility distributions (solid line) for PMF factors during Paris summer 
and winter campaign. A few points in the LV-OOA summer graph with very high uncertainties 
are not shown. 
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Figure A.3 Comparison of total OA volatility distributions during Athens winter 2013 campaign 
estimated by the model of Karnezi et al. (2014) (blue bars) with those calculated by the 
composition weighted average method (red bars). 
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Figure A.4 Estimated volatility distributions of various OA components during wintertime Athens 
and Paris summer and winter campaigns for 2 different approaches, using assumed (red bars) or 
variable (dark red bars) ΔHvap. 

Reference: 

Karnezi, E., Riipinen, I. and Pandis, S. N.: Measuring the atmospheric organic aerosol volatility 

distribution: A theoretical analysis, Atmos. Meas. Tech., 7, 2953–2965, 2014. 
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Appendix B 

 Estimation of the volatility distribution of cooking organic aerosol combining 

thermodenuder and isothermal dilution measurements 

 

Table B.1 Estimated volatility distributions for the COA along with estimated properties of the 
two experiments using both TD and isothermal dilution measurements and only TD measurements 
using the approach of Karnezi et al. (2014). 

 Exp 1 Exp 2 

Saturation concentration C* (μg m-3) TD + Dilution  TD - only TD + Dilution TD - only 

10-3 0.27 0.18 0.23 0.18 

10-2 0.33 0.24 0.31 0.27 

10-1 - - 0.23 0.22 

100 0.19 0.25 0.09 0.18 

101 0.06 0.11 0.07 0.09 

102 0.06 0.10 0.07 0.06 

103 0.09 0.12 - - 

ΔHvap (kJ mol-1) 100 ± 14 83 ± 19 85 ± 9 79 ± 17 

Accommodation coefficient  0.06 (0.01-0.30)a 0.14 (0.03-0.59)a 0.07 (0.01-0.34)a 0.07 (0.01-0.36)a 

Average volatility log10C* (μg m-3) 0.1 0.44 0.047 0.08 
a The values in parenthesis represent the corresponding uncertainties for the estimated accommodation coefficients 

Table B.2 Estimated volatility distributions for the sensitivity to the parameter estimation using 
the approach of Karnezi et al. (2014).  

a The values in parenthesis represent the corresponding uncertainties for the estimated accommodation coefficients 

 Saturation concentration (μg m-3) 
log10 (μg 

m-3) 
ΔHvap   (kJ 

mol-1) 
Accommodation 

coefficient 

Exp 1 10-3 10-2 10-1 100 101 102 103    

Base case 0.27 0.33 - 0.19 0.06 0.06 0.09 0.1 100 ± 14 0.06 (0.01-0.30)a 

Sensitivity to am     

am=0.01 0.20 0.25 - 0.30 0.09 0.07 0.09 0.25 104±20 0.01 

am=0.1 0.29 0.40 - 0.13 0.04 0.06 0.08 0.053 98±6 0.1 

am=1.0 0.35 0.40 - 0.06 0.03 0.06 0.10 0.04 95±8 1.0 

Sensitivity to ΔHvap     

ΔHvap = 80 kJ mol-1 0.10 0.39 - 0.32 0.05 0.05 0.09 0.25 80 0.07 (0.02-0.44)a 

ΔHvap = 150 kJ mol-1 0.50 0.20 - 0.10 0.04 0.06 0.10 0.036 150 0.01(0.009-0.13)a 

Exp 2 10-3 10-2 10-1 100 101 102 103    

Base case 0.23 0.31 0.23 0.09 0.07 0.07 - 0.047 85 ± 9 0.07 (0.01-0.34)a 

Sensitivity to am     

am=0.01 0.14 0.24 0.30 0.14 0.09 0.09 - 0.12 89±10 0.01 

am=0.1 0.24 0.36 0.20 0.07 0.06 0.07 - 0.036 84±8 0.1 

am=1.0 0.33 0.35 0.16 0.04 0.05 0.07 - 0.022 82±5 1.0 

Sensitivity to ΔHvap     

ΔHvap = 80 kJ mol-1 0.16 0.32 0.27 0.11 0.07 0.07 - 0.066 80 0.09 (0.02-0.44)a 

ΔHvap = 150 kJ mol-1 0.35 0.33 0.12 0.05 0.06 0.09 - 0.026 150 0.025(0.01-0.085)a 
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Figure B.1 Wall loss rate constants as a function of particle size (red circles) for the isothermal 
dilution chamber during Exp. 1. The error bars represent the ± 1 standard deviation. 

 

 

 

 

 

 

 

 

 

 

 

Figure B.2 (a) Number concentration during isothermal dilution of Exp. 1 as a function of time 
measured by the SMPS. (b) Mass fraction as function of time during isothermal dilution of Exp. 1 
measured by the SMPS. 
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Figure B.3 (a) Number concentration during isothermal dilution of Exp. 2 as a function of time 
measured by the SMPS. (b) Mass fraction as function of time during isothermal dilution of Exp. 2 
measured by the SMPS. 

 

Figure B.4 (a) Measured mass fractions as function of time during isothermal dilution of Exp. 2. 
(b) Corrected mass fractions as a function of time during isothermal dilution of Exp. 2.   
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Figure B.5 (a) Estimated volatility distributions assuming different accommodation coefficients 
for Exp. 1 using the approach of Karnezi et al. (2014). The error bars represent the corresponding 
uncertainty ranges. Red, blue, green, and dark yellow bars represent the estimated volatility 
distributions for the base case, am=0.01, am = 0.1, and am =1.0 respectively. (b) Corresponding 
COA composition of Exp. 1. LVOCs are represented in magenta, SVOCs in red, and IVOCs in 
white. (c) Estimated volatility distributions for different accommodation coefficients for Exp. 2 
using the approach of Karnezi et al. (2014). The error bars represent the corresponding uncertainty 
ranges. Red, blue, green, and dark yellow bars represent the estimated volatility distributions for 
the base case, am=0.01, am = 0.1, and am =1.0 respectively. (d) Corresponding COA composition 
of Exp. 2. LVOCs are represented in magenta, SVOCs in red. 
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Figure B.6 (a) Estimated volatility distributions assuming different vaporization enthalpies for 
Exp. 1 using the approach of Karnezi et al. (2014). The error bars represent the corresponding 
uncertainty ranges. Red, blue, and green bars represent the estimated volatility distributions for the 
base case, ΔHvap=80 kJ mol-1, and ΔHvap=150 kJ mol-1 respectively. (b) Corresponding COA 
composition of Exp. 1. LVOCs are represented in magenta, SVOCs in red, and IVOCs in white. 
(c) Estimated volatility distributions assuming different vaporization enthalpies for Exp. 2 using 
the approach of Karnezi et al. (2014). The error bars represent the corresponding uncertainty 
ranges. Red, blue, and green bars represent the estimated volatility distributions for the base case, 
ΔHvap=80 kJ mol-1, and ΔHvap=150 kJ mol-1 respectively. (d) Corresponding COA composition of 
Exp. 2. LVOCs are represented in magenta, SVOCs in red. 
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Figure B.7 Bypass AMS spectra for Athens winter campaign and COA factor (Louvaris et al., 
2017) for (a) Experiment 1 COA and (b) Experiment 2 COA from meat charbroiling. 
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Appendix C 

Simulation of atmospheric organic aerosol using its volatility-oxygen content 

distribution during the PEGASOS 2012 campaign in Po Valley, Italy 

 
 
Table C.1 Performance of simulations with various vaporization enthalpies for the 1-bin 
parameterization during PEGASOS campaign for O:C measurements at the ground. 
 
 
Simulation Measured 

Average 
Predicted 
Average 

Fractional 
Error 

Fractional 
Bias 

Absolute 
Error 

Absolute 
Bias 

1-bin with 
ΔHvap= 30 
kJ mol-1 

0.58 0.64 0.14 0.10 0.09 0.06 

1-bin with 
ΔHvap= 75 
kJ mol-1 

 0.62 0.12 0.07 0.07 0.04 

1-bin with 
ΔHvap=150 
kJ mol-1 

 0.59 0.11 0.02 0.06 0.007 
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Figure C.1 The path that the Zeppelin followed during one representative day (July 4, 2012), over 
the Po Valley in Italy.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure C.2 Average O:C-volatility distribution of OA mass concentration on San Pietro 
Capofiume using (a) the simple scheme (1-bin), (b) the two-bin shift simple scheme (2-bin) and 
(c) the detailed functionalization scheme (DET).  

(a) (b) 

(c) 
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Figure C.3 Predicted contribution of (a) ASOA-v, (b) bSOA, (c) SOA from oxidation of 
intermediate volatility organic compounds (SOA-iv), (d) FPOA, (e) SOA from oxidation of 
evaporated POA, and (f) OA from long range transport for the various aging parameterizations.  
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Figure C.4 Estimation of optimum branching ratio (fragmentation probability) for fragmentation 
for the: (a) simple functionalization (1-bin), (b) simple functionalization with bSOA aging (1-
bin/bSOA), (c) 2-bin functionalization (2-bin), (d) 2-bin functionalization with bSOA aging (2-
bin/bSOA), (e) detailed functionalization scheme (DET) and (f) detailed functionalization with 
bSOA aging (DET/bSOA). The red line shows the minimum absolute error. Note that for the first 
case of 1-bin parameterization the optimum is at b=0. 
 

(b) 

(c) (d) 

(e) (f) 

(a) 
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Figure C.5 Averaged vertical profiles for (a) O:C ratio and (b) OA mass concentration using 
various parameterizations.  
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