
ABSTRACT 

SAHA, PROVAT KUMAR. Investigation of Organic Aerosol Volatility in the Lab and Field 
(Under the direction of Dr. Andrew Grieshop) 
 

Airborne fine particulate matter (PM) is a critical concern because of its significant effects 

on human health and large and uncertain effects on the climate. Organic aerosol (OA) 

constitutes a significant fraction of the atmospheric fine PM. OA can be directly emitted from 

sources (primary OA; POA), and also forms chemically in the atmospheric (secondary OA; 

SOA) through the oxidation of gas-phase organic emissions and/or heterogeneous condense-

phase reaction. A large portion of OA is semivolatile that dynamically partition into gas or 

particle phase with changing environmental conditions (e.g., temperature, atmospheric 

dilution) and with atmospheric aging. Consequently, gas-particle partitioning, dictated by OA 

volatility parameters such as saturation vapor pressure and enthalpy of evaporation, plays a 

central role in determining OA abundance, transport, and impacts. Accordingly, improving 

understanding of OA phase-partitioning and its dynamic atmospheric evolution is critically 

required to evaluate human exposure and health risks of atmospheric OA and to improve 

treatment of OA in air quality and climate models. 

The research presented in this thesis includes method development, laboratory and field 

measurement and modeling activities to improve our understanding of OA phase partitioning 

and its dynamic atmospheric evolution under diverse environmental conditions. A dual 

thermodenuder (dual-TD)-based OA phase-partitioning measurement approach is 

demonstrated, in which parallel TDs that vary in temperature and residence time were used 

with a mass transfer kinetics model to better quantify equilibrium and kinetic phase partitioning 

parameter values. Laboratory and field evaluation of this approach showed that the addition of 

variable residence time measurements provides a better constraint on the estimated 

thermodynamic and kinetic properties of OA.  

Measurement of phase-partitioning properties of laboratory SOA applying the dual-TD 

approach showed that SOA products are less volatile, enthalpies of evaporation higher, and 

yields are substantially higher than those currently used in atmospheric models. A comparison 

of dual-TD derived ambient OA volatility distribution in the southeastern US with those 

simulated in a chemical transport model (CTM) with a current treatment of OA showed a 



substantial fraction of low-volatility material observed in measurements is largely missing 

from simulations. 

Measurements of particle volatility in a near-road microenvironment showed that volatility 

of traffic-emitted particles decreases with downwind distance, consistent with the dilution-

driven evaporation of semi-volatile OA during downwind transport. Emission factors of 

ultrafine particles from motor vehicles are found to be substantially higher in winter as 

compared to summer, indicating an influence of ambient temperature on phase-partitioning of 

semi-volatile emissions. Measurements of SOA production from the in-situ oxidation of near-

highway air showed a substantial higher SOA formation during summer and low in winter. 

Overall, a strong influence of meteorology and seasonality on the near-road concentration field 

of ultrafine particles, emission factors, and SOA production highlight the influence of gas-

particle partitioning and aging of semivolatile emissions under changing environmental 

conditions. 

The phase-partitioning properties of laboratory and ambient OA, parameterizations, 

emission factors derived in this thesis can be used to provide inputs for atmospheric and air 

quality models, to evaluate model outputs, and to examine the representativeness of laboratory 

derived results in the complex real-world scenario. The observed strong influence of 

meteorology and seasonality on the dynamic evolution of semi-volatile emissions in a near-

road setting highlights the needs and challenge regarding control and regulations of vehicle-

emitted ultrafine particles and SOA precursors. 
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CHAPTER 1: Introduction 

1.1 Motivation 
 
There has been a substantial progress in improving air quality in the US over the past few 

decades along with strong economic growth. However, still, there are large nonattainment 

areas exist, particularly associated with secondary pollutants, namely, ozone (O3 ) and 

secondary particulate matter (PM) (US EPA, 2015). Atmospheric fine particulate matter (PM) 

(aerosol) is linked with adverse health effects, visibility and climate effects (Pöschl, 2005). 

Adverse health outcomes associated with PM include increased morbidity, mortality, asthma, 

lung cancer, reduced lung function, and adverse respiratory symptoms (Pope and Dockery, 

2006). Aerosol effects the earth radiative balance through direct and indirect effects (Jacobson, 

2001; Lohmann and Feichter, 2005). Atmospheric particles both absorb (e.g., black and brown 

carbon) and scatter (e.g., sulfate, organic carbon) radiation directly, whereas indirect effects 

include aerosol interaction with cloud and cloud formation. 

 

Organic aerosol (OA) is a dominant component of the atmospheric fine PM in many parts 

of the world. OA can contribute up to 20- 90% of the sub-micron atmospheric PM (Jimenez et 

al., 2009). Myriad emission sources and precursors can contribute to atmospheric OA. OA is 

generally categorized into two major components, primary OA (POA) and secondary OA 

(SOA). POA is emitted directly into the atmosphere through various combustion sources, e.g., 

diesel and gasoline vehicle exhaust, cooking and biomass burning activity. SOA forms in the 

atmospheric through the oxidation of gas-phase organic emissions and/or heterogeneous 

condensed-phase reaction (Hallquist et al., 2009; Kroll and Seinfeld, 2008). 

 

 Atmospheric OA typically comprises organic compounds of a wide range of volatility 

(e.g., extremely low to semi-volatile organics). Semi-volatile organic compounds may exist in 

both the gas- and particle-phase (Pöschl, 2005) under atmospheric conditions depending on 

environmental conditions (temperature, atmospheric dilution). Gas-particle partitioning plays 

a central role in determining OA lifecycle and thus its atmospheric abundance, transport, and 
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impacts (Donahue et al., 2013). At equilibrium, the volatility of organic species, specifically 

saturation vapor pressure (or equivalently, saturation concentration, C*; μg m-3), plays a vital 

role in determining their gas-particle partitioning. Enthalpies of vaporization (ΔHvap ) dictate 

the change in partitioning with temperature. Under changing conditions, gas-particle 

partitioning is also influenced by the kinetics of gas/particle exchange, for example, due to 

barriers to mass transfer in solid or viscous particles or molecular accommodation at a particle 

surface (Kroll and Seinfeld, 2008). 

 

One of the major sources of uncertainty in predicting OA concentrations in atmospheric 

models arises from the poor understanding of gas-particle partitioning of chemical species 

comprising OA. The traditional modeling approach of OA in a chemical transport models 

(CTM)  considers POA as non-volatile, while SOA is described with a fixed set of products, 

for example by the two products model (Odum et al., 1996). Traditional modeling approaches 

have substantially underestimated  SOA and generally overestimated POA in urban areas 

(Robinson et al., 2007). This model-observation gap has been reported up to an order of 

magnitude or more (Hallquist et al., 2009; Hodzic et al., 2010). Recently, the volatility basis 

set (VBS) framework has been developed (Donahue et al., 2006, 2012) to model the average 

behavior of complex OA system in terms of measurable bulk properties. In the VBS 

representation, a complex OA mixture is modeled with a relatively small number of model 

‘species’ with lumped ‘effective’ properties, considering volatility as the main basis vector. 

Donahue et al. (2006) showed that the VBS framework can be effectively applied to model the 

gas-particle partitioning of OA and the effects of atmospheric processes (e.g., dilution, 

temperature change, and oxidation) on it. Several applications of VBS framework to model the 

OA in a chemical transport model (CTM) (Farina et al., 2010; Lane et al., 2008; Zhang et al., 

2013) have shown that coupling of VBS framework can provide relatively better prediction of 

OA, when compared to the traditional two product approach. 
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Several important assumptions underlie the treatment of OA in current air quality and 

climate models. First, equilibrium absorptive partitioning theory (Pankow, 1994) is used to 

describe SOA phase-partitioning with empirically determined parameterizations. SOA yield 

data from laboratory smog chambers at different precursor concentrations (Pathak et al., 

2007) are assumed to represent atmospheric volatility distributions. Recent work has raised 

important questions about the above current treatment of OA in a chemical transport models 

(CTMs) (Vaden et al., 2011; Zhang et al., 2014). Therefore, a lack of understanding of OA 

equilibrium and kinetic phase partitioning and uncertainties in SOA yields, aging mechanism, 

and gas-particle partitioning parameter values limit our ability to model OA in a CTM. 

  

Quantitative measures of OA gas-particle partitioning parameters are needed to provide 

inputs for, and to evaluate, atmospheric models. Heating in a thermodenuder  (TD), in-chamber 

dilution and volatility based chromatography have been applied to probe OA gas-particle 

partitioning in laboratory and field settings (Cappa and Jimenez, 2010; Grieshop et al., 2009; 

Presto et al., 2012; Williams et al., 2010). However, methods to quantitatively determine OA 

gas-particle partitioning are in their infancy and the resulting estimates of parameters are highly 

uncertain (Cappa and Jimenez, 2010). For example, a major complication in estimating 

thermodynamic parameters from TD measurements is that the assumption of partitioning 

equilibrium in the TD is often incorrect (Saleh et al., 2011). 

 

The gas-particle partitioning could play an important role in determining the exposure to 

semi-volatile pollutants, for example, in a near-roadway microenvironment. Semi-volatile 

emissions from a source dynamically partition into the gas- or particle-phase with changing 

environmental conditions (dilution, temperature change) and with atmospheric aging 

(Robinson et al., 2007). The evolution of size distribution, mixing state, and morphology of 

particles during downwind transport from a source may partly depend on the gas-particle 

partitioning of semi-volatile species (Zhang et al., 2004). Depending on species volatility, 

atmospheric dilution, and ambient temperature, semi-volatile emissions can evaporate upon 
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dilution and mixing with background air as the plume transport downwind. Subsequently, 

mixing state of fresh particles can be altered significantly with their atmospheric aging 

(Shiraiwa et al., 2007). Understanding of the dynamic atmospheric evolution of semi-volatile 

particles as they transport downwind of the source is important to evaluate human exposure 

and health risks and to represent them in a chemical transport and exposure models accurately. 

 

Gas-particle partitioning may influence the abundance of gas-phase SVOCs, which may 

be important SOA precursors. Recent studies reported that emissions of semi- and 

intermediate- volatility organic compounds (SVOCs and IVOCs) from motor vehicles are a 

large source of SOA (Robinson et al., 2007; Zhao et al., 2014). However, the atmospheric 

concentration of SVOCs in gas- or particle depends on environmental conditions (e.g., dilution, 

temperature). At higher ambient temperature (e.g., summer), a higher fraction of SVOCs is 

expected to stay in the gas-phase. Therefore, it is important to understand the abundance, 

variability, and sources of ambient SOA precursor gases and what are the factors that influence 

variability.  

 
1.2 Objectives 

The objectives of this thesis are to develop a measurement and data inversion method to 

probe gas-particle partitioning of complex OA, and then use it to provide laboratory and field 

data sets and parameterizations to improve our understanding of organic aerosol (OA) phase-

partitioning and their dynamic evolution under diverse environmental conditions. The specific 

focuses are listed in below. 

o Development of a measurement method for better quantification of OA phase 

partitioning parameter values 

o Probing equilibrium and kinetic phase-partitioning properties of laboratory SOA from 

an atmospherically important model system (α -pinene ozonolysis)  

o Quantifying phase-partitioning properties of ambient OA in the southeastern US 
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o Exploring spatio-temporal trends in near-roadway concentration field of ultrafine 

particles with special focus on the influence of gas-particle partitioning on their 

downwind concentration field 

o Investigating downwind evolution of volatility and mixing state of traffic-related 

particles in a near-roadway microenvironment 

o Exploring SOA formation from in-situ oxidation of near-road air to probe the influence 

of gas-particle partitioning and other seasonally-varying factors on the abundance of 

semi-volatile precursors and SOA formation 

 
1.3 Outline 

 
Each chapter in this thesis maps to one of the specific objectives mentioned above. A brief 

overview of each chapter is given below. 

 

Chapter 2 presents the development and evaluation of a dual thermodenuder (dual-TD)-

based OA gas-particle partitioning measurement approach, in which parallel TDs that vary 

temperature and residence time are used with an evaporation kinetics model to extract 

parameter values. The method is evaluated with relatively well-characterized dicarboxylic acid 

aerosols (adipic acid and succinic acid) through extraction of several important phase-

partitioning parameter values (Csat , ΔH vap , and α) and comparison with values from previous 

studies. This shows that dual-TD approach, specifically the addition of variable residence time 

measurements, provides a tighter constraint on the extraction of thermodynamic and kinetic 

properties of OA from TD observations. 

 

Chapter 3 presents the application of the dual-TD approach to probe the phase partitioning 

properties of SOA formed from α -pinene ozonolysis. A series of smog chamber experiments 

were conducted at varying precursor concentrations to examine the consistency of product 

distributions across a range of conditions. Measurements shows that SOA products are less 

volatile, enthalpies of evaporation higher, and yields are substantially higher than those 
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currently used in atmospheric models. An attempt to reconcile observations from the aerosol 

formation during yield measurements and heating-induced evaporation in a thermodenuder and 

the implications of the resulting parameters for SOA modeling are discussed.  

 

Chapter 4 presents the application the dual-TD approach during atmospheric field 

campaigns at two different settings in the southeastern U.S to quantify ambient OA phase-

partitioning parameter values. A model treatment of OA volatility is evaluated by comparing 

the measured OA volatility distribution with that simulated by a chemical transport model 

using a current implementation of the VBS framework. This model-measurement shows that a 

substantial fraction of low-volatility material observed in measurements is largely missing 

from simulations. 

 

Chapter 5 presents measurements and modeling of spatio-temporal trends in multiple 

traffic emitted air pollutant concentrations, emission factors, and dispersion. Measurements 

collected in summer and winter field campaigns in a near-highway setting in North Carolina 

with an aim for better understanding of the following: How does the influence zone of vehicles 

on a busy interstate vary with time, season, and pollutant? How does gas-particle partitioning 

of emitted species influence their downwind concentration field? This chapter shows a strong 

influence of ambient conditions and seasonality, and thus influence gas-particle partitioning of 

semi-volatile emissions on the near-road concentration field of ultrafine particles and their 

emission factors. 

 

Chapter 6 presents measurements of the downwind evolution of volatility and mixing state 

of traffic-related particles within a few hundred meters downwind of a highway. Heating 

(thermodenuder) experimental data coupled with a mass transfer kinetics model are used to 

probe particle volatility, and heating (volatility tandem differential mobility analyzer; V-

TDMA) and single particle soot photometer (SP2) data are used to explore mixing state of 

particles. This chapter provides insights into the evolution of volatility of traffic emitted 
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particles and resulting parameterizations can be used for explaining phase-partitioning of near-

road particles in other similar microenvironments and laboratory observations. 

 

Chapter 7 investigates seasonal variation of SOA production from the in-situ oxidation of 

near-highway air using an oxidation flow reactor. Field experiments conducted at a site within 

10 m from a busy interstate highway (I-40) at North Carolina during summer 2015 and winter 

2016. SOA production and evolution of chemical composition and physical properties of 

particles upon oxidation of near-highway air are discussed. 

 

Chapter 8 summarizes the key findings from this dissertation, discuss implications of these 

findings, and address future research direction.  
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CHAPTER 2: Determining aerosol volatility parameters using a “Dual 
Thermodenuder” system: application to laboratory-generated organic 
aerosols* 
 
Abstract: Thermodenuders (TD) are a tool widely used for measuring aerosol volatility in the 

laboratory and field. Extracting the parameters that dictate organic aerosol volatility from TD 

data is challenging because gas-particle partitioning rarely reaches equilibrium inside a TD 

operating under atmospheric conditions, thus a wide variety of parameter sets can explain 

observed evaporation. Component volatilities (as represented by saturation vapor pressure, 

Csat ), cannot be directly extracted due to uncertainties in potential limitations to mass transfer 

(represented by mass accommodation coefficient, α) and components’ enthalpies of 

evaporation (ΔH vap ). To address these limitations, we have developed a ‘dual TD’ 

experimental approach in which one line uses a temperature-stepping TD (TS-TD) with a 

relatively long residence time (RT) and the other operates isothermally at variable residence 

time (VRT-TD). Data from this approach are used in tandem with an optimizing evaporation 

kinetics model to extract the values of parameters dictating volatility (C sat , and associated 

values of ΔHvap  and α). The system was evaluated using laboratory generated dicarboxylic 

acid aerosols (adipic acid and succinic acid). Excellent agreement with previously published 

evaporation data collected with other TD systems was observed. Parameter values reported in 

the literature for the tested acids vary widely, but our results are generally consistent with those 

from studies that allow for non-unity values of α. For example, our results suggest that α for 

these aerosols are of order 0.1, in agreement with results determined by Saleh et al. (2009, 

2012). Modeling results suggest that the addition of VRT-TD data provides tighter constraint 

on feasible ΔHvap  and α value. The dual TD approach presented here does not rely on 

equilibration in the TD and thus can be directly applied to extract volatility parameters for 

more complex laboratory and ambient organic aerosol systems. 

_________________ 
*Originally published as: Saha, P. K., Khlystov, A. and Grieshop, A. P.: Determining 

Aerosol Volatility Parameters Using a “Dual Thermodenuder” System: Application to 
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Laboratory-Generated Organic Aerosols, Aerosol Sci. Technol., 49(8), 620–632, 

doi:10.1080/02786826.2015.1056769, 2015. 

 

2.1 Introduction 

Atmospheric aerosols have large impacts on human health and climate. A substantial 

portion (20-90%) of atmospheric submicron aerosol is comprised of organic aerosol (OA) 

(Donahue et al., 2006; Jimenez et al., 2009). Volatility is an important property of OA that 

plays a critical role in its formation, transformation and atmospheric lifecycle (Donahue et al., 

2006; Jimenez et al., 2009). OA in the atmosphere is typically a mixture of thousands of 

individual organics, ranging from extremely low volatile (effective saturation vapor 

concentration, C*< 3×10-4 μg m-3) to semi-volatile (0.3 < C*< 300 μg m-3) organics (Donahue 

et al., 2012).There has been progress in treatment of OA in atmospheric chemical transport 

models (CTMs), but a large model-observation gap remains, due in part to our limited 

understanding of gas-particle partitioning mechanisms and uncertainty associated with current 

volatility parameterizations (Bergström et al., 2012; Lane et al., 2008; Zhang et al., 2013). 

 

The 1- and 2-D volatility basis set (VBS) frameworks (Donahue et al., 2006, 2011) have 

been developed to model OA behavior, based on measured volatility (major dimension) and 

oxidation state (second dimension in 2-D VBS) as two basis vectors. In the VBS 

representation, OA can be efficiently modeled with a relatively small number of model 

‘species’ with lumped ‘effective’ properties. The VBS framework is a lumped and simplified 

representation of complex OA system, which has proved to be an effective way to represent 

OA in CTMs (Farina et al., 2010; Lane et al., 2008). 

 

Direct measurement of volatility is difficult for a complex OA mixture. Volatility based 

chromatography (Williams et al., 2010), dilution measurement techniques (Grieshop et al., 

2009; Shrivastava et al., 2006) and thermodenuder (TD) measurements (Huffman et al., 2008) 

are the most common techniques used to measure OA volatility. The TD comprises a tube 
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heated to induce aerosol evaporation in the entire particle size distribution that is used with 

real-time aerosol instrumentation (e.g., scanning mobility particle sizer, aerosol mass 

spectrometer). Various configurations of TD have been used for decades to observe the 

volatility of ambient and laboratory-generated aerosols (An et al., 2007; Burtscher et al., 2001; 

Huffman et al., 2008; Saleh et al., 2008; Wehner et al., 2002). 

 

A common TD measurement approach is to alternately or simultaneously measure the size 

distribution and/or aerosol mass concentration through the TD and at reference (bypass) 

conditions and calculate an aerosol mass or volume fraction remaining (MFR or VFR, 

respectively) in the TD as an indicator of aerosol volatility. Measurements of MFR/VFR have 

frequently been used as a semi-quantitative descriptor of the properties of the atmospheric 

aerosols. More recent efforts have taken further steps to infer volatility parameter values from 

TD measurements (Cappa and Jimenez, 2010; Faulhaber et al., 2009; Park et al., 2013; Saleh 

et al., 2008).  

 

OA evaporation in a TD is affected by both aerosol properties and the measurement 

approach. The key OA properties that dictate evaporation include the distributions of effective 

saturation concentrations (C*) and enthalpies of evaporation (ΔH vap ) and the mass 

accommodation coefficient (α). α captures the overall kinetic limitation to mass transfer during 

evaporation. C* is equivalent to the equilibrium saturation concentration of vapor for a pure 

compound (Csat ) if the activity coefficient (γ) of the component in a mixture is assumed to be 

unity (Donahue et al., 2006, 2011). Saturation vapor pressure (Psat ) corresponds to Csat  and 

can be obtained from the ideal gas law. Values of these parameters can be inferred from TD 

data using either the ‘equilibrium’ or ‘kinetic’ methods. If aerosols reach equilibrium (saturate 

the gas phase across the volatility range) inside the TD, then thermodynamics alone dictate the 

extent of evaporation. In the equilibrium method, OA volatility parameter values (C*; ΔH vap ) 

are extracted by fitting equilibrium TD evaporation data using the Clausius–Clapeyron 

equation (Grieshop et al., 2009; Saleh et al., 2008). The kinetic method has been applied in 
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several ways. For example, volatility tandem differential mobility analyzer (VT-DMA) studies 

(Bilde and Pandis, 2001; Saleh et al., 2009; Tao and McMurry, 1989; Zhang et al., 1993) 

measure the kinetics of mass transfer in a size-selected mono-disperse aerosol in a perturbed 

condition (e.g., heated environment) to estimate volatility parameters. Other works have used 

kinetic models to estimate both thermodynamic and kinetic parameters from observed 

evaporation in a TD (Cappa and Jimenez, 2010; Park et al., 2013; Saleh et al., 2011).  

 

A major complication in estimating thermodynamic parameters from TD measurements 

is that the assumption of partitioning equilibrium in the TD often proves incorrect. Instead, OA 

in ambient or laboratory settings frequently does not reach equilibrium during TD 

measurements. Therefore, observed evaporation is a strong function of TD residence time (RT) 

(An et al., 2007; Grieshop et al., 2009; Riipinen et al., 2010). Lacking equilibration in a TD, 

one is in fact measuring OA evaporation rate (kinetics) and not volatility (thermodynamics); 

improperly assuming equilibrium will cause estimates for C* and ΔH vap  to be biased (Karnezi 

et al., 2014). In fitting VT-DMA data, investigators have typically assumed α = 1. In cases 

where α is less than 1, this assumption will lead to errors in inferred aerosol volatility 

parameters, thus underestimating equilibrium volatility (and thus C* and/or ΔH vap ) across the 

temperature range. Evidence from dilution (Grieshop et al., 2007, 2009; Vaden et al., 2011) 

and heating (Cappa and Wilson, 2011; Saleh et al., 2012) experiments suggest that α values 

may be as low as  0.01, with enormous implications for interpretation of TD data. To a first 

approximation, each factor-of-ten reduction in α will make a non-equilibrated aerosol appear 

ten times less volatile in a TD (as if the C* value were an order of magnitude lower).  

 

As discussed above, evaporation in the TD is dictated by a large number of independent 

parameters (e.g., C*, ΔHvap , α) that are difficult to constrain with a 1-dimensional (e.g., TD 

temperature) perturbation to the initial equilibrium. Equilibration time is a strong function of 

aerosol mass or number concentration and particle size and can range from seconds to many 

minutes or longer (Saleh et al., 2011; Wexler and Seinfeld, 1990). This greatly complicates 
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comparisons across or even within studies because properties of the aerosols or TD may have 

unexamined effects on equilibration. For example, RTs vary widely among TD designs from 

a few seconds in some systems (An et al., 2007; Grieshop et al., 2009) to a minute or more 

(Lee et al., 2010). Ideally, TD volatility experiments should be done with a long enough RT 

and a high enough aerosol loading to achieve equilibrium in the TD so that the equilibrium 

approach can be used for parameter fitting (Saleh et al., 2008). However, under ambient 

concentrations the aerosol will not reach equilibrium in the TD within practical time periods 

(Cappa and Jimenez, 2010; Saleh et al., 2012). Therefore, under atmospheric conditions, 

extraction of parameters from TD data must be via inversion of measured data with models of 

aerosol evaporation kinetics. The addition of a second dimension to TD operation by varying 

both RT and temperature can aid in this inversion process and provide tighter constraint on 

estimated OA volatility parameter values. 

 

Here, we present the development and evaluation of a ‘dual TD’-based volatility 

measurement approach. In our method, we simultaneously operate two TDs: one at various 

temperature settings (a temperature stepping thermodenuder: TS-TD) with a long RT (~50 s at 

1 lpm flow) and the other with variable residence time (VRT-TD) at fixed temperatures. We 

then apply an evaporation kinetics model to both data sets to extract volatility parameter values. 

In this paper, we describe application of the dual TD system to atmospherically-relevant, 

laboratory-generated single-component semi-volatile OA. The specific goals of this paper 

include: (i) general characterization of the dual TD system, and (ii) method evaluation with 

relatively well-characterized dicarboxylic acid aerosols (adipic acid and succinic acid) through 

extraction of volatility parameter values (Csat , ΔH vap , and α) and comparison with values from 

previous studies. Two subsequent publications will detail the application of the system to 

ambient aerosols in the Southeastern US and smog chamber generated secondary organic 

aerosols (SOA), respectively.  
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2.2. Method and materials 

2.2.1. Description and characterization of the dual-TD System 

Fig.2.1 shows a schematic of the dual TD measurement system. The system includes three 

separate parallel sampling lines: two lines to perturb aerosol equilibrium (TS-TD and VRT-

TD) and one for reference (bypass) measurements. The basic configuration of the two TD 

systems are based on established designs (Huffman et al., 2008; Saleh et al., 2008; Wehner et 

al., 2002) with several design modifications to improve our ability to apply kinetic models. 

 

The TS-TD measures evaporation over a range of temperatures to allow parameter fitting 

over a wide span of C*. The TS-TD heated section is a vertically-oriented 850 mm-long 

stainless steel (SS) tube (35mm inner-diameter, 38 mm outer-diameter), which includes a 180° 

bend (57 mm bend radius) for packaging compactness. The vertical configuration was chosen 

to prevent asymmetrical flow due to natural convection currents in the relatively large cross-

section tube and to minimize instrument footprint. The entire length of the TS-TD is wrapped 

with four evenly spaced, independently-controlled heat tapes (Omega Inc.). The TS-TD resides 

in an insulated housing that can be ventilated with two small fans to allow for relatively rapid 

heating/cooling (~ +5 ºC min-1/-4 ºC min-1, respectively).The TD volume is sufficient to enable 

a reasonably long RT at moderate flow rates (plug flow RT at room temperature is ~ 50 s at 1 

lpm). Care must be taken when discussing RT values. Assuming a fully-developed, laminar 

flow, the centerline RT will be half of the plug flow RT. RT varies with TD temperature and 

can be expressed as, RT(TTD) = RT(Tref )×(Tref /TTD), where Tref  and T TD are the reference 

(e.g., room temperature) and TD temperature in K, respectively (Cappa, 2010). RTs reported 

in this paper are plug flow RT at room temperature unless otherwise specified. The temperature 

effect on RT was accounted for during evaporation kinetics modeling, discussed below.  

 

The VRT-TD is used to measure evaporation under constant, moderate temperatures (< 

100˚ C) and varying RT. In the VRT-TD, air flows axially in a mesh tube surrounded by 

tightly-packed activated charcoal, which is encased in a larger, heated stainless steel tube. This 
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configuration allows for easy modification of RT over a wide range; a similar design was 

applied by Fierz et al. (2007) to avoid re-condensation of semi-volatile vapors on denuded 

aerosols. The VRT-TD heated section length is 406 mm and mesh tube inner diameter is 38 

mm (1.5 inch). There is provision for a 13 mm (0.5 inch) mesh tube to be used in place of the 

38 mm tube to reduce the RT range nine-fold. The RT in the VRT-TD is varied via an ‘extra 

flow’ modulated by solenoid-controlled critical orifices downstream of the TD; in this 

configuration, the VRT-TD is operated at 5 distinct RT settings. Minimum flow through the 

VRT-TD is determined by the aerosol instruments’ flow requirement (e.g., Condensation 

Particle Counter (CPC) flow), corresponding to zero ‘extra flow’. For this work, the laminar 

flow VRT-TD was operated with RT ranging from ~1 to 40 s. The temperature control 

arrangement in the VRT-TD is similar to that in the TS-TD. 

 

 
Figure 2.1:  A schematic of the dual TD experimental setup. In figure, VRT-TD: Variable 

residence time TD, TS-TD: Temperature stepping TD, EFC: Extra flow control, ACSM: 

Aerosol chemical speciation monitor, SMPS: Scanning mobility particle sizer 
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In both systems, cooling of the aerosol takes place in a small-diameter (6 mm outer-

diameter) copper tube (typically 4 to 5 ft length), rather than in an activated carbon denuder. 

Use of activated carbon denuders in the cooling section may cause OA to continue evaporating 

as it cools and has been shown to be unnecessary for ambient conditions and moderate TD 

temperatures (Cerully et al., 2014; Park et al., 2013; Saleh et al., 2011b). 

 

The overall TD measurement system is computer controlled with an integrated control and 

data acquisition system (Labjack U6 and Azeotech DAQ Factory Software) that logs and 

controls temperatures and flows and records relative humidity (RH). TD temperatures are 

measured with type-K thermocouples (Omega) and temperature controlled via software PID 

control. The control system also controls solenoid valves that set the RT for the VRT-TD 

system. 

 

 Aerosol instrumentation used in conjunction with the TDs includes: three scanning 

mobility particle sizers (SMPS; TSI, Inc. Model 3080 DMA, Model 3010 or 3787 CPC) and 

an aerosol chemical speciation monitor (ACSM; Aerodyne Research Inc.). SMPS systems 

measured aerosol size distributions (10-650 nm) using scan times of 150 s (120 s up scan and 

30 s down scan). Each SMPS system includes an aerosol charge neutralizer (Advanced Aerosol 

Neutralizer-Model 3088, TSI Inc. / Aerosol Charge Neutralizer-Model 9000, Brechtel). ACSM 

sampling is typically switched between the bypass and the TS-TD line on 20-30 minute 

intervals. Evaporation of OA as a function of temperature and RT under fixed experimental 

conditions is expressed in terms of volume fraction remaining (VFR) or mass fraction 

remaining (MFR). VFR is simply the ratio of the aerosol volume concentrations measured in 

the TD and bypass lines.  VFR and MFR are equivalent if OA density is constant during 

evaporation. 

 

After construction, both TD systems were characterized for axial temperature distribution, 

distribution of RTs, and temperature-, and size-resolved particle losses. The TS-TD and VRT-
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TD centerline axial temperature profiles were measured at various set wall temperatures (50-

200 ˚C), using a K-type thermocouple. RT distributions were measured at various TD 

temperatures by applying step changes of CO2 upstream of TD and monitoring the response 

of CO2  downstream of the TD using a fast response CO2  monitor (LI-820, Li-cor Inc.). 

Particle transmission through the TDs was characterized at various temperature and RT 

settings using non-volatile sodium chloride (NaCl) aerosols. TD characterization efforts are 

discussed in further detail in the online supplemental information (SI), sections 1, 2 and 3. 

Correction factors for particle volume/mass loss in each TD as a function of temperature and 

RT were applied in VFR/MFR calculations. 

 

2.2.2 Volatility experiments with pure semi-volatile compounds  

The measurement system was evaluated via experiments with atmospherically relevant 

dicarboxylic acid (DA) aerosols: adipic acid (AA) and succinic acid (SA). These were selected 

because their volatilities have been characterized using a number of methods (Bilde et al., 

2003; Booth et al., 2010; Bruns et al., 2012; Cappa et al., 2007; Cerully et al., 2014; 

Chattopadhyay and Ziemann, 2005; Davies and Thomas, 1960; Faulhaber et al., 2009; Ribeiro 

da Silva et al., 1999; Saleh et al., 2008; Salo et al., 2010; Soonsin et al., 2010; Tao and 

McMurry, 1989), recently reviewed by (Bilde et al., 2015). In DA volatility experiments, 

aerosols were generated using a constant output atomizer (TSI Model 3076) from solutions 

(~0.5% w/v) of deionized water and AA or SA (Sigma Aldrich, > 99.0%). Atomizer output 

was diluted with dry, clean air (~1:5) and then passed through a silica gel diffusion dryer as 

shown in Fig. 2.1. Measured relative humidity after the diffusion dryer was less than 10 %. 

The TS-TD was operated at 25-75˚C with a RT of 50 s. The VRT-TD operated at two set 

temperatures (AA: 40 or 50˚C; SA: 35 or 45 ˚C) with RTs ranging from 1 to 40 s. 

Concentrations of aerosols in their unperturbed state and after treatment under various TD 

temperatures (T) and RTs were measured with three SMPS systems. During experiments, a 

T/RT condition was set and data collected for 30 minutes (12 SMPS scans at a scan rate of 2.5 
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minutes); this process was repeated for all T/RT conditions and this ‘full T/RT scan’ replicated 

10 times.  

 

 The three SMPSs were inter-calibrated to enable direct comparison between instruments. 

Inter-comparison involved daily parallel operation of all three SMPS systems sampling un-

denuded aerosols. Linear regression of compiled data yielded a calibration factor for each 

instrument against a common reference; these calibration factors were used in subsequent data 

analysis. We applied a total mass/volume based inter-comparison factors individually for each 

aerosol type because the VFR calculation is based on total volume concentrations. Further 

details on SMPS inter-calibration are included in the supplemental information (SI), section 

S2.4. 

 

2.2.3. Extraction of OA volatility parameters through evaporation kinetics modeling 

An evaporation kinetics model was applied to invert OA evaporation observed in the TD 

at various temperatures and RT settings. The kinetic model framework and volatility parameter 

inversion process is described below. In the first part of this section, this framework is 

described in its general form, as it can be applied to extract parameters from multi-components 

OA systems using the VBS approach. The last part of the section describes the application of 

this framework to extract parameter values for single-component DA aerosols. In brief, the 

kinetics model tracks the mass concentration of lumped property compounds in the condensed- 

and gas-phases as they proceed through the TD. The model uses equations for the transition 

regime mass transfer of compound i from a single particle of mass mp  and diameter dp , given 

by Eq. 2.1a and 2.1b (Seinfeld and Pandis, 2006.): 

, *
,

42 ( , ) ( ) expp i i
i p i gas i i

p i

dm MD d Kn C x C T
dt d RT

σπ β α
ρ

  
= −      

 [2.1a] 

, ,i gas p i
p

dC dm
N

dt dt
= −  [2.1b] 
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where Di (m2s-1) is the diffusion coefficient for i in air, Ci,gas  (μg m-3) its gas-phase 

concentration, x i  its mole fraction, Mi (g mol-1) its molar mass, ρ i (kg m-3) its density, σ (J m-

2) the surface free energy of the particle, C*
i  (μg m-3) the effective saturation concentration of 

compound i and Np  (# cm-3) the number concentration of particles. β i (Kn,α) is a correction 

term to account for non-continuum mass transfer for which various empirical forms depending 

on Knudsen number (Kn) and mass accommodation coefficient (α) have been derived (Seinfeld 

and Pandis, 2006). The correction term developed by Dahneke (1983) was adopted here for β. 

Ci
*(T) is estimated from the Clausius-Clapyeron Equation (Eq. 2.2):  

,* * 1 1( ) ( ) exp vap i ref
i i ref

ref

H T
C T C T

R T T T

  ∆
= −      

 [2.2] 

where ΔH vap  (kJ mol-1) is the enthalpy of vaporization, R the gas constant, and Tref   the 

reference temperature (298 K). 

Equilibrium gas-particle partitioning of OA is represented using the framework proposed by 

Donahue et al. (2006): 
1*

, , ,1 ,        ,      i
p i p p i i OA p tot

iOA

Cx X x f C X C
C

−
 

= + = = 
 

∑  [2.3] 

Where xp,i  is the mass fraction of compound i found in the condensed phase, Xp  the total 

condensed phase mass fraction, f i the fraction of the total vapor and condensed phase 

contributed by species i, COA (μg m-3) the total condensed phase mass concentration and Ctot 

(μg m-3) the total semi-volatile vapor- and condensed-phase mass concentration.  

 

Though the kinetics model used here is relatively simple (e.g., plug flow, mono-disperse 

aerosol, bulk temperature) previous work has shown that inclusion of additional model 

complexity has minimal influence on parameter estimation (Park et al., 2013). Major inputs to 

the ‘forward’ kinetics model that is the basis of the parameter fitting approach include: 

C*
i, (T ref ), ΔH vap,i ,  α, f i , COA, dp , T, RT, D, Mi , σ,  and ρ. The ‘forward’ model calculates MFR 

(MFRmodel ) for a given set of these inputs. Here, we apply the model in an inverse sense (i.e., 

application of a model for parameter extraction) to derive aerosol properties based on observed 
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TD behavior. T and RT are known for each experiment. COA, dp , and ρ can be determined 

directly from SMPS and ACSM measurements. Prior work has demonstrated that evaporation 

is less sensitive to values of Di , Mi , and σ relative to those of C*, ΔH vap , and α (Cappa and 

Jimenez, 2010; Riipinen et al., 2010). Therefore, D, Mi , σ values were taken from literature 

and sensitivity of extracted parameter to these assumed values evaluated.  

 

In the inverse modeling mode, ΔH vap , α and f i  parameters were solved for as fitting 

parameters via least squares optimization. The objective function for fitting was the sum of 

squared residuals, SSR = Ʃ(MFRmodel - MFRexpt ) 2, where MFRexpt  are values of 

experimentally-determined MFRs. The non-linear constrained optimization function ‘fmincon’ 

in Matlab (Mathworks, Inc.) was used as the solver. In all modeling, initial gas-particle 

equilibrium at 298 K (Tref ) was assumed; this assumption is examined in sensitivity analysis. 

The initial particle size of aerosol at 298K was approximated by the average measured mass 

median diameter (MMD) at the unperturbed condition. Park et al. (2013) showed that 

assumptions of poly- and mono-disperse size distributions to represent a single-mode aerosol 

of a given MMD lead to virtually indistinguishable model results. ΔH vap  was assumed to be 

independent of temperature, but in reality somewhat decreases with temperature. The 

magnitude of this temperature-dependence is a function of the difference in heat capacities 

(ΔC p ) between the condensed and gaseous phase and the temperature change (ΔT) (Chickos 

and Jr, 2003). Cappa and Jimenez (2010) reported that assumption of constant ΔH vap  has a 

small (< 10%) effect on the derived volatility distributions. In the parameter fitting process, α, 

ΔH vap  and C* are correlated (Karnezi et al., 2014; May et al., 2013). For example, if one 

assumes α =1 to match experimental TD observations, then the resulting fit may yield lower 

C* for an assumed ΔH vap  than one for the α =0.1 case. Similarly, α and ΔH vap   are inversely 

correlated in the fitting process (May et al., 2013). Thus, a wide range of feasible parameter 

values (the parameter space) were considered in fitting the multi-dimensional data set (T; RT) 

to extract an optimal set of parameter values. 
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For single-component aerosols (e.g., AA, SA), f i  =1. Since this paper only addresses 

single-component aerosols, in subsequent discussion C* is replaced with Csat . To simplify 

computational work, we have considered a range of feasible (ΔH vap , α) values and solved for 

Csat at 298 K for each point in this space. ΔH vap = [50, 70, 80, 90, 100, 120, 130, 150, 180, 200] 

kJ mol-1 and α= [1, 0.5, 0.1, 0.01] were considered. This gives a total of 40 points in (ΔH vap , 

α) space. Csat  lower and upper boundaries for fits were set at 0.1 and 100 μg m-3, respectively. 

Other model input parameters for AA and SA fitting are listed in Table S2.2. Parameter fitting 

was a two stage process. Only TS-TD observations were used in the first stage, with a solution 

‘accepted’ if a parameter set reproduced TS-TD observations to within ±1 standard deviation 

(SD) of measured VFR from repeated experiments. Modeling of the VRT-TD data was then 

conducted using this subset of the overall parameter space. A parameter set was considered a 

finally accepted solution if it reproduced both TS-TD and VRT-TD observations within ±1 

SD. Fits from the two-step approach are essentially identical (Csat  values within a few percent 

at the same ΔH vap  and α) to those from fitting all data simultaneously. A two-step fitting 

approach was applied as it substantially narrows the parameter space in the first step, reducing 

computational requirements. This computational load reduction is especially beneficial when 

fitting a distribution of Ci
* (distribution of f i ) and ΔH vap,i  for a complex multi-component OA. 

 

2.3. Results and discussion 

2.3.1 TD characterization 

The TD systems were characterized for particle transmission, temperature profile and 

residence time; example plots of TD characterization results are shown in Fig. 2.2. Results 

indicate that particle transmission through the TD depends strongly on temperature, residence 

time and particle size. A substantial fraction of non-volatile sub-100 nm particles (e.g., up to 

40% of 20 nm particles) were lost in the TD at all temperatures (see Fig. 2.2a). Huffman et al. 

(2008) found higher transmission of smaller size particles at 25˚C. This is consistent with the 

influence of increased diffusional losses at longer RT in the TS-TD (50 s vs. 21.2 s in Huffman 

et al.(2008)). 
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A model diffusional loss curve at 25 ˚C developed using the particle loss calculator (PLC) 

software (von der Weiden et al., 2009) is shown in Fig. 2.2a. Our measured particle losses were 

higher than this theoretical estimation of diffusional losses based on fully laminar flow 

assumptions and simplified geometry. However, various previous studies have found that 

simple laminar flow based diffusional loss estimates often do not match with measurements, 

even at low Reynolds number (Kumar et al., 2008; Wang et al., 2002), especially for systems 

with bends or large enlargements/contractions. Direct calibration or detailed simulation of 

specific flow-geometries is required for such a system to determine actual penetration of 

smaller particles; here we take the former approach.  

 

 A consistent trend of lower particle transmission at longer RT was observed (see Fig. 

2.2b). The RT effect was less pronounced for larger particles (with smaller diffusivities). 

Transmission of particle number and mass may both be affected by particle size.  However, 

the size dependence is much stronger for particle number transmission because of the 

substantial diffusional loss of smaller particles. Small particle losses do not have a large effect 

on our observations, because all calculations are based on integrated mass/volume, most of 

which is contributed by particles with smaller diffusional losses. NaCl loss characterization 

experiments were conducted with a size distribution comparable to that observed during DA 

volatility experiments. Fig. S2.1 shows that that total mass transmission efficiency is not highly 

sensitive to differences in size distributions in the range measured here. Therefore, application 

of a correction factor derived from NaCl experiments is a reasonable approach for correcting 

total mass concentrations for DA aerosol. Fig. 2.2c shows relative transmission of total mass 

concentrations of NaCl particles through TS-TD at various temperatures.  In the aerosol size 

range considered here (MMD from ~ 120 to 200 nm) and with our longest RT (50 s), mass 

concentration losses of 5 ± 1 % and 20 ± 2 % were measured at 25˚C and 210˚C, respectively 

(see Fig. 2.2c). Individual linear regression fit equations for transmission efficiency versus the 
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various RTs and/or temperatures for the individual TDs were used to correct mass/volume 

concentration data in all analyses.  

 
Figure 2.2:  Example plots showing results of TD characterization. Panels a-c show 

transmission efficiency of sodium chloride (NaCl): (a) particle number in TS-TD as function 

of mobility size at various TD temperatures, (b) particle number in VRT-TD at various RT 

and T= 90 ℃, (c) particle mass in TS-TD as function of temperature.  Panel d shows 

centerline axial temperature profiles at various temperatures for TS-TD. Error bars shown in 

plots are ±1SD of repeated measurements (N~8).  Model line shown in panel (a) was 

determined using the particle loss calculator (PLC) software (von der Weiden et al., 2009). 

Solid line in (c) is the linear regression fit of data from this study. Values are shown from 

previous TD characterization efforts by Huffman et al.(2008) and Faulhaber et al.(2009). 

Dotted lines in panels (a) through (d) are to guide the eye. 
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Fig. 2.2d shows an example plot of the measured TS-TD centerline axial temperature 

profiles for 100 ˚C, 160 ˚C and 200 ˚C set wall temperatures with a 2.5 lpm air flow rate. 

Consistent with previous TD characterization studies (Faulhaber et al., 2009; Huffman et al., 

2008; Saleh et al., 2008), the measured axial temperature profile can be divided into 3 zones: 

an entry length with increasing temperature, a middle uniform temperature zone followed by 

an exit zone with decreasing temperature. TD temperature profile (e.g., entry and exit length) 

is mildly sensitive to flow rate. A temperature profile measured in the VRT-TD at 50 ˚C for 

three different flow rates (0.6, 1.3 and 2.5 lpm) is shown in Fig S2.2. The effects of entry and 

exit zones in temperature profile were not considered in our base case TD kinetics modeling, 

and the effective heated length (Leff-heated ) was assumed equal to the total length (Ltotal ) of the 

heated section of TD. Sensitivity of extracted volatility parameter values to this assumption is 

discussed below.  

 

The effective RT in a TD system is temperature dependent. We used an average residence 

time or plug flow residence time (RT= volume/flow rate) in TD kinetics modeling and the 

temperature effect was accounted for, as discussed above. Measured average RTs were found 

to be in close agreement with calculated plug flow RT at various temperatures (See Fig. S2.3). 

 

2.3.2 Dicarboxylic acid aerosol volatility 

Fig. 2.3 shows the measured (points) and modeled (lines) VFR of two DA aerosols (AA 

and SA) as a function of TD temperature (commonly referred as a thermogram) and RT. During 

the DA volatility experiments, average bypass (unperturbed) mass concentrations (C0 ), were 

115 and 110 μg m-3 for AA and SA, respectively (assuming unit density). Each data point in 

Fig. 2.3 represents the average of 10 full temperature/RT scans; error bars show ± 1 SD of 

repeated measurements. Fig. 2.3a and 2.3c show the measured and modeled thermograms with 

50 s RT for AA and SA aerosol, respectively. Fig. 2.3b and 2.3d show the effects of RT on AA 

and SA aerosol evaporation under isothermal conditions. Results indicate that measured VFR 

is a strong function of residence time in TD. For example, Fig. 2.3b shows that at 50 ˚C only 
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10-12% of AA aerosol volume evaporated at a RT of 7 s (VFR ~ 0.9), whereas approximately 

60% of aerosol volume was evaporated at 50 s RT (VFR ~ 0.4). As shown in Fig. 2.3, measured 

AA and SA evaporation are consistent with previously published data from Faulhaber et 

al.(2009) with RT ~ 15 s, mono-disperse  ~200 nm particles and a mass concentration of 100-

200 μg m-3 (shown with open circles). VFRs observed at a particular TD temperature and RT 

depend on many factors such as aerosol size distribution, initial mass concentration, TD design 

and other parameters (Cappa, 2010; Riipinen et al., 2010; Saleh et al., 2011). Thus, rather than 

directly comparing measured TD data from various studies with different experimental 

configurations, it is more appropriate to compare model-inverted volatility parameter values. 

 

2.3.3 Extraction of volatility parameter values 

The initial application of the dual TD based measurement/modeling system was to extract 

volatility parameter values (Csat , ΔH vap , α) for AA and SA. The volatility parameter extraction 

process is illustrated in Fig. 2.4, (a) for AA and, (b) for SA. As described in Section 2.2.3, only 

TS-TD observations (Fig. 2.3a, 2.3c) were used in the first stage of the fitting process. The 

colors of the open circles in Fig. 2.4 are based on the goodness of fit (SSR values) associated 

with this first fitting stage. Points with a solid central circle reproduce the TS-TD observations 

within the error bars (±1 SD) shown in Figs. 2.3a and 2.3c. Only these points were included in 

the second stage of fitting in which the model was applied over this subset of the parameter 

space to fit VRT-TD observations (Figs. 2.3b, 2.3d). Points with a white cross (x) in Fig. 2.4 

reproduced all of the VRT-TD observations within ±1 SD; the size of the x indicates overall 

goodness of fit (summed SSR of both fits), with a larger size corresponding to a better fit. A 

plot similar to Fig. 2.4a with ±2 SD applied as an acceptance criterion for fits is shown in Fig. 

S2.6, and indicates that none of the options eliminated under the less stringent acceptance 

criteria yield fits approaching the SSR of the best fits shown in Fig. 2.3.  
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Figure 2.3:  Measured (points) and modeled (lines) volume fraction remaining (VFR) of 

two dicarboxylic acid aerosols (adipic acid: AA and succinic acid: SA) as a function of 

temperature (T) and RT. (a) AA at various T and RT = 50 s; (b) AA at various RT and T = 

40 and 50℃; (c) SA at various T and RT = 50 s; (d) SA at various RT and T= 35 and 45℃. 

In all figures, solid circles are mean observations (N ~ 10 full T/RT scans); error bars are ±1 

SD. Solid lines (labeled ‘1’) are model-fit VFRs based on the overall ‘best fit’ volatility 

parameter values. Thin black dashed lines (labeled ‘2’) are modeled VFRs using best fitted 

Csat  and ΔH vap  values when α is forced to 1. Volatility parameter values (Csat , ΔH vap , α) 

applied to produce model lines are discussed in text. Previous literature data from Faulhaber 

et al.(2009) (RT = 15 s) are shown with open circles. Temperature effects on RTs were 

considered during TD kinetics modeling.  Both experimental and modeled VFRs in panel b 

and d are plotted against room temperature RTs. 
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Fig. 2.4 clearly illustrates that inclusion of VRT-TD data provides tighter constraint on the 

extracted parameters. For example, α values of 0.5, 0.1 and 0.01 can all reproduce the measured 

AA thermogram (Fig. 2.3a) within experimental variability. However, only α =0.1 or lower 

can reproduce both the measured TS-TD and VRT-TD observations within ±1 SD; in both 

cases the ‘best’ fit corresponds to α=0.1. Results from our dual TD based 

measurement/modeling approach show that the overall ‘best’ fit (Csat /Psat at 298K, ΔH vap , α) 

values are (2.5 μg m-3/42 μPa, 130 kJ mol-1, 0.1) and (15 μg m-3/315 μPa, 90 kJ mol-1, 0.1) for 

AA and SA aerosol, respectively. These values are the basis for the ‘forward’ model output 

shown in Fig. 3 with solid lines (labeled ‘1’). To demonstrate the potential ‘best fit’ to our data 

if we assume α=1, Fig. 2.3 also shows black dashed lines (labeled ‘2’) of the fit obtained with 

α forced to 1. The corresponding (Csat /Psat at 298K and ΔHvap ) values for the black dashed 

lines are (5.7 μg m-3/97 μPa and 80 kJ mol-1) and (17 μg m-3/355 μPa and 70 kJ mol-1) for AA 

and SA aerosol, respectively. Model runs assuming α = 1 cannot adequately explain the 

observations. It should be noted that these ‘α = 1’ fits indicate mildly higher reference 

temperature Csat /Psat values  and substantially lower temperature sensitivities (ΔH vap ) than the 

best fits, highlighting the complex and often non-intuitive effects that such assumptions may 

have on data interpretation. Finally, the best fit results discussed here hold if the acceptance 

criterion is extended to ± 2 SD (See Fig.S2.6). It should be noted here that ‘best fit’ is selected 

based on the minimum deviation between measured mean VFRs (solid circles in Fig.2.3) and 

model-predicted VFRs and is not a function of the acceptance criteria. 

 

The best fitted volatility parameter values (Csat , ΔH vap , and α) reported above were 

obtained using fixed inputs of D, σ, mass median diameter (MMD), without considering the 

effects of entry/exit length in the TD temperature profiles and assuming equilibrium between 

gas and particle phase at 298K before the aerosol enters the TDs. Sensitivity analyses were 

performed to assess the effect of these assumptions on the estimated volatility parameter 

values. In these analyses, the model was run with best-fit values of Csat , ΔH vap , and α while 

individually applying extreme values for assumed parameter values. Sensitivity runs varied 
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assumed values for: D (± 30% of base case), σ (± 70% of base case), MMD (base case ± 30 

nm), effective heated length  (Leff-heated  = 75% of total length) and initial Cgas  (0.5 or 2×Cgas-

EQ , where Cgas-EQ is the gas-phase concentration assuming equilibrium gas-particle partitioning 

at 298K). 

 

 
Figure 2.4: Goodness of fit associated with kinetic model application of different volatility 

parameter values (Csat , ΔH vap , and α) to observations from dual TDs for: (a) Adipic acid, 

(b) Succinic acid. Outer open circle color indicates goodness of fit (SSR) of TS-TD 

thermogram only (Figs. 2.3a for AA and 2.3c for SA); filled circle indicates fit for those 

parameter values is within experimental variability. White crosses (X) indicate overall fit 

quality considering both TS-TD and VRT-TD observations (Figs. 2.3a/2.3b for AA and 

2.3c/2.3d for SA). The ‘1’ and ‘2’ labels indicate the parameter values used to produce model 

lines ‘1’ and ‘2’ in Fig. 2.3, respectively. 

 

Boundary ranges were chosen on the basis of uncertainty in values discussed in previous 

work (Bilde et al., 2003; Cerully et al., 2014; Saleh et al., 2009). The MMD range selected was 

based on two standard deviations of the average MMD measured during DA volatility 

measurement experiments. The heated length sensitivity case was based on measurements of 
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heated section temperature profiles (Fig. 2.2d). Temperature profiles shown in Fig. 2.2d for 

the TS-TD with a flow rate of 2.5 lpm give a conservative estimate of entry/exit length when 

apply to 1 lpm operating condition. A variable effective heated length  case was also considered 

for the VRT-TD as a function of residence time. Example sensitivity analysis results for the 

AA data set are shown in Fig.S2.5.  

 

 Sensitivity analysis results show that in most of the extreme boundary cases considered, 

the best fit values of Csat , ΔH vap , and α reproduce the dual TD observations within the 

experimental variability (± 1SD) shown in Fig 2.3. This is consistent with the previous 

statement that D and σ have smaller influences on the evaporation observed in TD relative to 

values of Csat , ΔH vap , and α (Cappa and Jimenez, 2010; Riipinen et al., 2010). In addition, the 

modeled evaporation for these systems was found to be relatively insensitive to the assumed 

initial gas-particle partitioning. In a few cases, the chosen extreme parameter values push the 

model prediction outside of the measured experimental variability (± 1 SD of repeated 

measurements). In these cases, the value of the ‘best fit’ Csat  was modified, without changing 

the best fitted ΔH vap , and α value, to bring the predicted evaporation back in line with observed 

values. In the most extreme cases, the Csat value was changed on the order of 10-20% from the 

initial best estimate to bring modeled evaporation to within the range of the observations. We 

thus conclude that our best fit values of Csat  may have uncertainties of 10-20 % due to assumed 

values of D, σ, MMD and Leff-heated . 

 

We have also investigated errors due to the aerosol size distribution moving out of the 

SMPS measurement range (below 10 nm) as particles evaporate, leading to VFR 

underestimation. In our experiments, less than 0.1% of the unperturbed mass is found at the 

lower end of the SMPS measurement ranges, at sizes between 10 and 20 nm (0.03-0.05%). 

Even at higher TD temperatures when much of the original aerosol has evaporated, a very 

small fraction of aerosol is found in these small size ranges. For example, at 55˚C and 65 ˚C, 

0.5-1% and 1.5-2% of the AA aerosol mass is found between 10 and 20 nm, respectively; an 
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even smaller fraction will be found below 10 nm. Therefore, at perturbed conditions, the 

contribution of mass below our measurement window and the corresponding impacts on VFR 

estimation can be safely neglected. 

 

2.3.4 Discussion and comparison with previous studies 

There have been several studies that reported saturation vapor pressure (Psat ) and enthalpy 

of vaporization (ΔH vap ) for several DA aerosols, as was recently reviewed by Bilde et al. 

(2015) Various measurement techniques have been used in these studies, such as Knudsen 

effusion mass spectrometry (KEMS), Electro-dynamic balance (EDB), Thermal-desorption 

mass spectrometry (TD-MS), Atmospheric solids analysis probe mass spectrometry (ASAP-

MS), Volatility tandem differential mobility analysis (VTDMA), the Integrated volume 

method (IVM). Table 2.1 summarizes Csat / Psat  at 298 K, ΔH vap  and α values for succinic acid 

and adipic acid aerosols from various studies along with the results from this study. There are 

large discrepancies in the reported vapor pressures of solid DA aerosols, which often differ by 

several orders of magnitude. 

 

Our measurements are similar to those reported by studies using the IVM (Saleh et al., 

2008), some of the Knudsen cell measurements (Booth et al., 2010) and TD-MS 

(Chattopadhyay and Ziemann, 2005). At the same time, there is a discrepancy between the two 

EDB measurements of a factor of 7. It should be noted that the data reported by Soonsin et al. 

(2010) are derived for particle evaporation at the later stages of particle evaporation (after the 

initial evaporation phase of several hours). The initial evaporation rate was significantly higher 

than that during the later stages. The authors of that study suggested that this high evaporation 

rate could be due to the presence of residual solvent in the particles. A similar phenomenon 

was observed by Cappa et al. (2007). Saleh et al. (2010) demonstrated, using adipic and azelaic 

acid, that residual solvent is not a likely cause of this effect and other processes could be at 

play. 
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Table 2.1: Saturation vapor concentration (Csat )/ saturation vapor pressure (Psat ) at 298 K, 

enthalpies of evaporation (ΔHvap ) and mass accommodation coefficient (α) of Succinic acid 

and Adipic acid determined in various studies. Only best estimates are listed in this table 

 
Study reference Succinic acid Adipic acid 

C sat / 
P sat 

ΔH va

p 
α C sat / 

P sat 
ΔH va

p 
α 

μg m-3/ 
μPa 

KJ/ 
mol 

[-] μg m-3/ 
μPa 

KJ/ 
mol 

[-] 

1. This study, Dual-TD 15/315 90 0.1 2.5/42 130 0.1 
2. Bilde et al.(2003), VTDMA 2.2/46 138 * 0.58/10 154 * 
3. Booth et al.(2010), Knudsen cell 5.4/113 93 ** 0.36/6.1 119 ** 
4. Bruns et al.(2012), ASAP-MS 1.2/25 107 * 0.08/1.3 136 * 
5. Cappa et al.(2007), TD-MS 1.5/32 128 * 0.15/2.6 145 * 
6. Chattopadhyay and Ziemann(2005), TD-MS 6.5/137 120 * 1.8/30 146 * 
7. Davies and Thomas(1960), EDB 2.0/42 118 ** 0.50/8.4 129 ** 
8. Park et al. (2013), TD-kinetic model 14/300 86 0.07a 4.0/68 100 0.08a 
9. Saleh et al., (2008, 2009), IVM**, IV-VTDMAb 18/370 88 0.07b 2.0/34 135 0.08b 
10.Salo et al.(2010), VTDMA 3/64 112 * 3.4/58 97 * 
11. Soonsin et al.(2010), EDB 0.3/6 122 ** - - - 
12. Tao and McMurry(1989), VTDMA - - - 0.87/15 118 * 

*Assumed α = 1 in their analysis. 

**An assumption on α not required for their method. 
 a Assumed these α values based on results from Saleh et al.(2009), but found that modeling results with these 

assumptions provided the best overall fit to TD data from Faulhaber et al. (2009); bα values derived from IV-

VTDMA (Saleh et al., 2009) with  predetermined P sat ,and  ΔH vap values from IVM (Saleh et al., 2008) 

 
 

Several studies (Koponen et al., 2007; Soonsin et al., 2010; Zardini et al., 2006) have shown 

evidence for the importance of the particle state for aerosol partitioning. Our assumption for 

laboratory-generated particles is that they are solid. This assumption is supported by data 

reported by Saleh et al. (2010), in which electron microscopy images revealed particles to be 

solid and likely crystalline. Adipic and azelaic acid particles generated with and without a 

solvent had similar thermodynamic properties, which suggest that residual solvent is either not 

present or has no effects on the measured properties. It should be also noted that the technique 

described here does not rely on any assumption of the particle state. It simply finds parameter 

values that best describe the observed evaporation behavior.  
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Parameter values extracted in our paper are most consistent with those determined by Saleh 

et al. (Saleh et al., 2008, 2009). Saleh et al. (2008) determined Psat , ΔHvap  values for various 

laboratory generated DA aerosols using the integrated volume method (IVM) at equilibrium 

TD conditions. Subsequently, α values were determined by applying a kinetic method (IV-

VTDMA) with these predetermined Psat  and ΔH vap values (Saleh et al., 2009). Our dual TD 

approach simultaneously provides information that is provided individually by these two 

approaches (IVM, kinetic), but does not require partitioning equilibrium in the TD. Therefore, 

the dual TD approach has the potential to provide volatility parameter values for ambient 

aerosol, which exist at low concentrations for which equilibration in the TD is not realistically 

possible.  

 
The mass accommodation coefficient (α) is an important parameter which has large 

implications for determining aerosol volatility parameters using kinetic methods (e.g., 

VTDMA). α values for solid DA aerosols are highly uncertain and a source of debate in the 

current literature (Bilde et al., 2015). Most past studies (Bilde et al., 2003; Bruns et al., 2012; 

Cappa et al., 2007; Chattopadhyay and Ziemann, 2005; Tao and McMurry, 1989) did not 

account for the effects of non-ideal accommodation in their analysis and assumed unity value 

of α . Only large particle (such as EDB and optical levitation techniques) and gas-phase 

saturation (IVM) techniques do not rely on some operating assumption, generally being that 

the accommodation coefficient is 1. Only a few studies have attempted to experimentally 

determine α for solid DAs (Saleh et al., 2009, 2011, 2012). Both our dual TD results and those 

of Saleh et al. (2009, 2011, 2012) suggest α values of ~ 0.1 for the tested DA aerosols. The 

modeling study of Park et al. (2013) applied an evaporation kinetics model to single-RT TD 

data from Faulhaber et al. (2009) and found that α values suggested by Saleh et al (2009) 

yielded the best fit to experimental data. To our knowledge, there have been no other 

experimental data published for solid DAs. 
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Julin et al. (2014) reported that α values for succinic acid and adipic acid may be close to 

unity. However, the conclusions of this work are based on molecular dynamics simulations, 

not measurements. The only measurements reported are for nonane, a liquid alkane. 

Accommodation (both surface and bulk) is certainly different for solid and liquid particles. 

Accommodation on amorphous solids (the state apparently used in Julin et al. (2014) 

simulations) could also be different from that on crystalline solids. Further, it should be noted 

that bulk accommodation coefficients calculated by Julin et al. (2014) range from about 0.14-

0.25 to 1 for both acids. Our measurements determine a combined effect of surface and bulk 

accommodation. Thus, even taking into account that Julin et al. (2014) study is not directly 

comparable to our study, there is no direct contradiction between our results. 

 

As discussed above, our extracted volatility parameter values (Csat , α, ΔH vap ) are 

experimentally constrained. A value for α of order 0.1 is required to reproduce our 

experimental observations. This conclusion is robust with a high degree of statistical 

confidence (Fig. S2.6). However, since our measurement technique relies on measurements of 

bulk aerosol; it provides limited insight into the mechanisms at the molecular level responsible 

for this less-than-unity accommodation.  

 
2.4 Conclusions 

The dual TD experimental approach presented here, and specifically the addition of 

variable residence time measurements, provides better constraint on the thermodynamic and 

kinetic properties of semi-volatile organic aerosols than methods applied previously. This 

approach does not rely on equilibration in the TD and is thus easily extended to ambient 

conditions and to laboratory measurements under widely-varying conditions. It thus offers 

great potential to further our understanding of the properties of atmospheric OA and the 

processes leading to their formation.  

 

Several important conclusions emerge from this first application of the method. First, a 

lower than unity (~ 0.1) mass accommodation coefficient (α) value is required to explain our 
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experimental observations for two dicarboxylic acids. This suggests that kinetic measurement 

approaches that assume unhindered gas-particle partitioning (α = 1) may lead to substantial 

errors in the volatilities and temperature sensitivities inferred for these compounds. On the 

other hand, the gas-particle partitioning of these single-component aerosols comprised of 

atmospherically-relevant organics proceeds fast enough that the partitioning of such OA 

species could be considered in equilibrium during the time steps used in chemical transport 

models (on order of hours). This behavior is consistent with dual-TD observations of 

laboratory SOA and during ambient observations at two biogenic SOA dominated sites in the 

southeastern US.  

 

Finally, α values for the two di-carboxylic acid (DAs) aerosols studied in our paper reflect 

all kinetic restrictions to mass transfer, including those at the particle surface and in the bulk 

condensed phase. We cannot attribute this kinetic limitation to a specific physical mechanism. 

More studies are needed to work towards a mechanistic understanding, at the molecular level, 

of the gas-particle partitioning of atmospheric organics.  
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2.6 Supplementary material 
 
S2.1 TD particle transmission  

Non-volatile sodium chloride (NaCl) particles were used for characterizing particle 

transmission through the TDs at various temperatures and RT settings. NaCl aerosol was 

generated from ~0.5 % (w/v) solution of NaCl (Sigma Aldrich, > 99.0%) in deionized water, 

using a constant output atomizer (TSI-3076).  Atomizer output was diluted (~1:5 to 1:10) with 

dry clean air (relative humidity < 10%) and aerosol size distributions were measured 

simultaneously in the bypass (reference) and two TD lines using SMPS systems. Approximate 

NaCl particle size distribution was: number median diameter (NMD) ~ 45-50 nm, geometric 

standard deviation (σ g) ~ 1.8, mass median diameter (MMD) ~ 150-160 nm, and total number 

concentration ~ 3.5× 105 # cm-3. The particle loss characterization experimental setup was 

similar to that shown in Fig. 2.1 in the main text. Particle transmission through TD as a function 

of size was determined by comparing dN/dlogDp  distribution in TD and bypass line. Ratio of 

TD dN/dlogDp  to bypass dN/dlogDp  yields the TD particle transmission as function of size. 

Particle mass transmission through TDs was determined by taking the ratio of total mass 

concentration in TD to bypass concentration, assuming unit density (ρ=1 g cm-3).  

Though particle losses are a function of particle size, in the size range considered here the 

size dependence is much stronger for particle number transmission than mass/volume 

transmission. This is because of the substantial diffusional loss of smaller size particles which 

contributes relatively little to loss of larger particles which contribute most of the particle 

mass/volume concentrations. Volatility effects do not come into play when conducting mass 

transmission experiments with non-volatile NaCl aerosol. Our dicarboxylic acid (DA) 

volatility fitting was based on the total volume concentration after applying the mass/volume 

transmission correction factor based on the transmission of total mass of NaCl aerosols in our 

TD system. Here, we have performed some simple analysis to show to what extent size 

dependency can affect the transmission of total mass and testing whether our NaCl based mass 

loss correction factors can be effectively applied to data from DA experiments. 
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Figure S2.1: A sample size distribution of NaCl aerosol (solid blue) and Adipic acid (AA) 

aerosol (solid red) from TD loss characterization and DA volatility experiments before passing 

through TD (‘Pre-TD’). The gray curves show the measured number transmission efficiency 

(same as the curve shown in Fig. 2.2a in the main text). The dotted blue and red lines show the 

number size distribution of NaCl and Adipic acid aerosol, where pre-TD distributions (directly 

measured) were scaled by number transmission efficiency curve (gray curve) (‘Post-TD’). 

Panel a and b show the analysis at 25 ˚C and 120 ˚C, respectively 

 

 

For the sake of this analysis, we took two representative sample size distributions from our 

measured SMPS data; Solid blue and red lines in Fig. S2.1 represent the number size 

distribution of NaCl and Adipic acid aerosol before passing through thermodenuder (TD) 

(‘Pre-TD’), respectively. Pre-TD size distributions are directly measured by our SMPS. NaCl 

distribution had relatively lower number median diameter than Adipic acid distribution (shifted 

to the left with respect to Adipic acid distribution). The gray curves in Fig. S2.1 show the 

measured number transmission efficiency (same as the curve shown in Fig. 2.2a in the main 

text). The dotted blue and red lines in Fig. S2.1 show the number size distribution of NaCl and 

Adipic acid (AA) aerosol, where pre-TD distributions (directly measured) were scaled by 

number transmission efficiency curve (gray curve) (‘Post-TD’). Figs. S2.1a and b show the 
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analysis at 25 ˚C and 120 ˚C, respectively. We calculated the total mass concentrations (TotM) 

corresponding to each number size distribution (Pre-TD and Post-TD) using numerical 

integration and assuming unit density. The ratio of the TotM at Post-TD to Pre-TD conditions 

gives us a calculated transmission efficiency of total mass concentrations. The calculated total 

mass transmission efficiency was, for NaCl: 0.975 at 25˚C, 0.845 at 120˚C and for Adipic 

Acid: 0.977 at 25˚C, 0.847 at 120˚C. These numbers are consistent with the measured total 

mass transmission efficiency showed in Fig. 2.2c in the main text. 

 
The above analysis shows that total mass transmission efficiency is not highly sensitive to 

differences in size distribution in the range measured here. Moreover, we conducted our NaCl 

loss characterization experiment with a size distribution that was comparable to that generated 

during our DA experiments. Therefore, correcting our DA data with mass transmission factors 

derived from NaCl data introduces minimal additional uncertainty to our determination of 

VFRs from measured data. 
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S2.2 VRT-TD temperature profile 

Fig. S2.2 shows measured temperature profile for VRT-TD at 50 ̊ C for three different flow 

rates (0.6, 1.3 and 2.5 lpm).  Data suggest that temperature profile (e.g., entry and exit length) 

is mildly sensitive to flow rate. 

 

Figure S2.2: Centerline axial temperature profiles for VRT-TD at 50˚C for three different flow 

rates. Error bar is ± one standard deviation of repeated measurements (N=3). 

 

 
S2.3 TD residence time distribution 

Residence time (RT) in a thermodenuder (TD) varies with temperature and in reality there 

will have a distribution of RT for a set flow rate through TD. We used a characteristic residence 

time (average residence time or plug flow residence time, RT= volume/flow rate) in our TD 

kinetics modeling. Temperature effect on residence time was accounted using RT (T TD) = 

RT(Tref )×(Tref /TTD), where Tref  and TTD are the reference (e.g., room temperature) and TD 

temperature in K, respectively. To check how our calculated average RT matches with actual 

RT in our TD system, we measured a distribution of RT at various flow rates and temperatures. 

Residence time was measured by applying step changes of CO2  upstream of TD and 

monitoring the response of CO2  downstream of the TD using a fast response CO2  monitor 
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(Li-820, Li-cor Inc.). Li-820 has a response time less than 1s and we logged CO2  concentration 

at downstream of TD at 1s intervals. A sample flow rate for Li-820 was set at 0.6 lpm and 

additional bypass flow rate was controlled using solenoid-controlled critical orifices 

downstream of the TD. Residence time measurement data from our temperature stepping TD 

are shown in Fig. S2.3.   

 
Figure S2.3: Measurement of RT distribution using step input of CO2 . (a) An example of time 

series data for response of CO2  step input at 25 ˚C temperature and 2.5 lpm flow rate, (b) 

Comparison of measured and calculated average RT at various temperature and flow rate. Error 

bar shown in panel b is ± one standard deviation of repeated measurements (N=3). Data shown 

in this figure is from the temperature stepping thermodenuder (TS-TD). 

 

An example of time series data for response of CO2  step input at 25 ˚C temperature and 

2.5 lpm flow rate is shown in Fig. S2.3a. An approximate distribution of RT for the above 

conditions is pointed in Fig. S2.3a by t 10 , t 50  (central value), and t 90 . t 50 is the measured 

average RT for a particular condition and we compared this with calculated plug flow RT. We 

subtracted a value ‘x’(for example, x ~2s at 2.5 lpm) from measured t 50  to account for the 

response time in Li-820, the residence time spent in a ~5 ft length of 6 mm outer diameter 

copper tube downstream of the TD (cooling section) and additional  plumbing from the cooling 
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section to Li-820. A comparison between measured t 50  and calculated average RT is shown in 

Fig. S2.3b. Fig. S2.3b shows that our measured t 50  is in close agreement with calculated plug 

flow RT at various temperatures.  

 

S2.4 SMPS inter-comparison 
 

 
Figure S2.4: Example of a SMPS inter-comparison plot for Adipic acid aerosol. (a) Total mass 

concentrations (assuming unit density); (b) total number concentration; (c) mass size 

distribution; dM/dlogDp , and (d) number size distribution, dN/dlogDp. Solid lines in panel a-

b are linear regression fits of data and dotted one is 1:1 line. Color bar in panel a is SMPS inter-

comparison data collection time stamp. Size distribution shown in panel c-d is an example scan 

from Adipic acid inter-comparison data set on 11/28/2013. 
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To get directly comparable SMPS concentration data from 3 SMPSs running in parallel 

with our dual TD system, we ran them periodically in parallel to determine an inter-calibration 

factor. The inter-calibration factor is determined from a scatter plot of SMPS inter-comparison 

data collected by running 3 SMPSs in parallel on the bypass line. Among the 3 SMPS, we 

chose one (SMPS-3) as a reference upon which all corrections were based. The reference 

SMPS system was selected based on which yielded counts most consistent with the median of 

those measured during a group SMPS inter-comparison test during a recent field campaign 

(Southern Oxidant & Aerosol Study, SOAS, June-July, 2013, Alabama), which involved 8 

systems from different laboratories. 

 

An example of SMPS inter-comparison data set is shown in Fig. S2.4 for Adipic acid 

aerosol. Panel a-b in Fig. S2.4 show the inter-comparison scatter plots for total mass and total 

number concentrations, respectively.  Panel c-d show an inter-comparison of mass and number 

size distribution from a typical SMPS scan during our measurements, respectively. Fig. S2.4 

panels a-b show that there is a considerable discrepancy in SMPS to SMPS measurements in 

absolute scale for both total mass and total number concentrations, but that their ratios are 

constant over time. The SMPS inter-calibration factors for total mass concentrations, total 

number concentrations and mass median diameter (MMD) were determined from the slope of 

the linear fit passing through the origin. Inter-comparison slopes and coefficient of 

determinations (r2) for three different aerosol systems that discuss in this paper (Sodium 

Chloride, Adipic Acid, and Succinic acid) are summarized in Table S2.1. Our inter-comparison 

results show that SMPS to SMPS measurement differences are not due to discrepancy in size 

measurements, but rather due to differences in CPC counts (see example size distribution in 

Fig. S2.4 (panel c-d) and slopes of MMD inter-comparison in Table S2.1). The slopes of fits  

to MMD scatter plots are between 0.97 and 0.99. Measurements of PSL reference standard 

particles in our 3 SMPS systems (not shown) also confirmed that there are no discrepancies in 

size measurements. Table S2.1 shows that inter-calibration factors slightly varied (~ 5%) for 

different types of aerosol systems. However, we followed a dynamic approach for SMPS inter-
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comparison. SMPS inter-comparisons were conducted on each day for ~1 hour under that day’s 

measurement conditions (e.g., aerosol type, size distribution, concentration, inlet conditions). 

Therefore, any effects in sizing due to these factors will be accounted-for in our daily inter-

comparison data and any kind of instrumental uncertainty should be reflected in our inter-

calibration factor. In our final analysis, we applied a total mass/volume based inter-comparison 

factor because all our volatility estimation is based on total volume concentrations. 

 
 
Table S2.1: Slopes and coefficients of determination (r2) for SMPS inter-comparisons, 

including all inter-comparison data, using SMPS-3 as a reference (as shown in Figs. S2.4a 

and S2.4b). Comparisons shown include those based on total mass concentration (TotM), 

total number concentration (TotN) and mass median diameter (MMD) measured during 

simultaneous scans collected under ‘bypass’ conditions.  

 
Parameter NaCl Adipic Acid (AA) Succinic Acid (SA) 

SMPS-1 SMPS-2 SMPS-1 SMPS-2 SMPS-1 SMPS-2 
slope r2 slope r2 slope r2 slope r2 slope r2 slope r2 

TotM 1.28 0.98 0.78 0.98 1.27 0.99 0.77 0.95 1.22 0.96 0.77 0.99 
TotN 1.22 0.94 0.74 0.91 1.25 0.95 0.78 0.94 1.28 0.91 0.76 0.99 
MMD 0.99 1.00 0.99 1.00 0.97 1.00 0.99 1.00 0.98 1.00 0.99 1.00 

 
 
 
S2.5 TD kinetic model input parameters 

Table S2.2 summarizes the TD kinetics model input parameters for the di-carboxylic acid 

aerosol system. Others model inputs and constraints are discussed in the main text. 

 

Table S2.2: List of kinetics model input parameters for adipic acid (AA) and succinic acid 
(SA) aerosols 
 

Parameters AA SA Notes 
Density, ρ (kg m-3) 1360 1560  
Molecular weight, MW (g mol-1) 146 118  
Diffusion Coefficient, D (m2s-1) 7.0×10-6 8.3×10-6 Eq S2.1 
Surface tension, σ (J m-2) 0.17 0.15 (Saleh et al. 2009) 
Avg. initial MMD, D pi   (nm) 145 126  
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In Eq. S2.1 (Fuller et al. 1966), DC [m2 s-1] is diffusion coefficient of a chemical C in air, 

Mc is molecular weight of C [g mol-1], VC,d [cm3] is atomic diffusion volume of C, T is 

temperature [K] and P is pressure [atm]. In our calculation, we used, P= 1 atm, T= 298 K, 

VC, d  = 140.72 cm3 and 99.8 cm3 for Adipic acid and Succinic acid, respectively (Cerully et 

al. 2014). 

 

 
S2.6 Sensitivity of TD kinetic model input parameters/assumptions 
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Figure S2.5: Sensitivity analysis results based on different TD kinetic model input 

parameter values for adipic acid (AA). Panel a-b: Sensitivity for diffusion coefficient (D), 

panel c-d: surface tension (σ), panel e-f: effective heated length of TD (Leff heated  ), panel g-

h: mass median diameter (MMD), and panel i-j: Initial gas-particle partitioning at 298K  

 
 

The best fitted volatility parameter values (Csat , ΔHvap , and α) reported in the table 2.1 

(main text) were obtained using fixed inputs of D, σ, mass median diameter (MMD), without 

considering the effects of entry/exit length in the TD temperature profiles and assuming an 

equilibrium between gas and particle phase at 298K before the aerosol enters the TDs. A 

sensitivity analysis was performed to assess the effect of different assumptions of diffusion 

coefficient (D), surface tension (σ), mass median diameter (MMD), effective heated length of 

TD (Leff heated  ) and initial gas-particle partitioning (G/P)  assumptions at 298K on the estimated 

volatility parameter values. Example analysis results are shown for fitting of adipic acid 

measurements in Fig. S2.5: Panels a-b show the sensitivity for diffusion coefficient (D); panels 

c-d for σ, e-f for Leff heated , g-h for MMD, and panel i-j for initial EQ G/P. In all panels, black 

circles are measurements; solid black lines are the base case model fit using ‘best’ fitted 

volatility parameter values (Csat= 2.5 μg m-3, ΔHvap  = 130 KJ mol-1 and α = 0.1) and with other 

model input parameters listed in Table S2.2 (base case); Sensitivity of modeled evaporation 



49 
 
 

 

 

applying different input parameters (σ , D, Leff  heated, , MMD, initial EQ G/P) are shown with 

various dash lines. 

 

MMD range selected was based on two standard deviations of the average MMD measured 

during DA volatility measurement experiments. The heated length sensitivity case selected 

was based on measurements of heated section temperature profiles (Fig. 2.2d, main text). 

Temperature profiles shown in Fig. 2.2d for TS-TD with a flow rate of 2.5 lpm should give a 

conservative estimate of entry/exit length when apply to 1 lpm operating condition. A variable 

effective heated length  case was also considered for the VRT-TD as a function of residence 

time (RT). For the RT range, 1-10 s: Leff_heated  = 0.6Ltotal , 11-15 s: Leff_heated  = 0.65Ltotal , 15-

40 s: Leff_heated  = 0.70Ltotal , and 40-50 s: Leff_heated  = 0.75Ltotal  was considered. The TD 

evaporation kinetic model requires an input of initial gas and particle phase concentrations at 

the reference temperature (298K). Initial particle phase concentrations are obtained directly 

from the bypass measurements (COA at room temperature). In our base-case modeling, initial 

gas-phase concentrations (Cgas ) were obtained by assuming initial gas-particle equilibrium at 

298K (Cgas_EQ). For the sensitivity analysis we considered two scenarios, where initial Cgas  

varied to either 0.5 or 2 times Cgas_EQ.  

 

During the sensitivity analysis, the model was run using the best fit Csat  , ΔHvap   and α 

values, but applying feasible, extreme values of σ , D, L eff heated , MMD, and the initial Cgas . In 

a few cases, shown with red dashed line in figures, the chosen extreme boundary conditions 

pushed the model prediction outside of measured experimental variability (± 1 SD of repeated 

measurements). In these cases, the value of the ‘best fit’ Csat  was modified to bring the 

predicted evaporation back in line with observed values; the Csat value was changed on the 

order of 10-20% from the initial best estimate. Similar results were observed for analysis of 

SA aerosol. ] 
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S2.7 Goodness of fit associated with TD kinetic model application with ± two standard 
deviations as acceptance region 
 

 
Figure S2.6: Plot similar to Fig.2.4a (main text) allowing ±2 sample standard deviation (SD) 

of mean measured VFR as an acceptance criteria. The size of the white ‘x’ indicates overall 

goodness of fit (bigger size corresponds better fit) within the accepted set of solutions with 

a particular acceptance criteria (e.g., ± 2SD for this figure); sizes are scaled the same as in 

Fig. 2.4a.  
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CHAPTER 3: Exploring divergent volatility properties from yield and 
thermodenuder measurements of secondary organic aerosol from 
α-Pinene ozonolysis* 
 
Abstract: There are large uncertainties in the parameters dictating the gas-particle partitioning 

of secondary organic aerosols (SOA), although this process has major influences on their 

atmospheric lifecycle. Here, we extract parameters that describe the partitioning of SOA from 

α-pinene ozonolysis using measurements from a dual-thermodenuder (TD) system that 

constrains both the equilibrium and the kinetic properties that dictate SOA phase partitioning. 

Parallel TDs that vary in temperature and residence time were used with an evaporation-

kinetics model to extract parameter values. An evaporation coefficient of an order of 0.1 best 

describes the observed evaporation, suggesting equilibration time scales of atmospheric SOA 

on the order of minutes to hours. A total of 20−40% of SOA mass consists of low-volatility 

material (saturation concentration of <0.3 μg m−3) in the TD-derived SOA volatility 

distribution. While distinct from existing parametrizations from aerosol growth experiments, 

derived values are consistent with recent observations of slow room-temperature evaporation 

of SOA and contributions from extremely low volatility organic compounds formed during α-

pinene ozonolysis. The volatility parameters thus determined suggest that SOA yields and 

enthalpies of evaporation are substantially higher, and products less volatile, than is currently 

assumed in atmospheric models. These results will help improve the representation of SOA in 

air-quality and climate models. 

 
 
 
 
 
_________________ 
*Originally published as: Saha, P. K. and Grieshop, A. P.: Exploring Divergent Volatility 

Properties from Yield and Thermodenuder Measurements of Secondary Organic Aerosol 

from α-Pinene Ozonolysis, Environ. Sci. Technol., 50(11), 5740–5749, 

doi:10.1021/acs.est.6b00303, 2016. 
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3.1 Introduction 

Secondary organic aerosol (SOA) contributes a major fraction of atmospheric fine 

particulate matter (Jimenez et al., 2009; Zhang et al., 2007). SOA is comprised of thousands 

of individual organic compound with widely ranging volatilities (Donahue et al., 2012), 

extremely low volatility (almost entirely exists in particle phase) to semi-volatile organic 

compounds (can exist both gas and particle phase under atmospherically relevant temperature 

and pressure) (Jimenez et al., 2009; Robinson et al., 2007; Zhang et al., 2015). At equilibrium, 

saturation vapor pressure of a pure single component OA , equivalently saturation mass 

concentration (C0, ug m-3) determines whether it is found in condensed or gas phase (Donahue 

et al., 2006, 2011), whereas, in a mixture (SOA), compound’s saturation concentration 

(denoted by C*) is related via the activity coefficient (C* = activity coefficient × C0).  Mass 

transfer kinetics both within the condensed- (Kroll et al., 2015; Shiraiwa et al., 2011) and 

between the condensed- and gas-phases also dictate how organic compounds respond to 

changes in environmental conditions and participate in atmospheric chemistry in both phases, 

thus controlling the lifecycle and properties of SOA (Kroll and Seinfeld, 2008). 

 

Several important assumptions underlie the treatment of SOA in current air quality and 

climate models, and during their laboratory characterization experiment. First, equilibrium 

absorptive partitioning theory (Donahue et al., 2006; Pankow, 1994) is used to describe SOA 

phase-partitioning with empirically determined parameterizations (Odum et al., 1996), 

sometimes called volatility distributions. The equilibrium assumption is premised on the 

modeling time scale for partitioning being shorter than the model time step (order of minutes 

to one hour), as well as, in many laboratory experiments that were used to determine the 

equilibrium parameterizations (Cocker III et al., 2001; Griffin et al., 1999; Odum et al., 1996; 

Pathak et al., 2007; Presto and Donahue, 2006; Stanier et al., 2008). Second, SOA yield data 

from laboratory smog chambers at different precursor concentrations are assumed to represent 

atmospheric volatility distributions (Cocker III et al., 2001; Griffin et al., 1999; Odum et al., 

1996; Pathak et al., 2007; Presto and Donahue, 2006; Stanier et al., 2008).  



61 
 
 

 

 

 

Recent work has raised important questions about these underlying assumptions. The 

equilibrium assumption has been challenged by studies suggesting that  time scales needed for 

SOA to achieve equilibrium could be as long as days or months due to a highly viscous, semi-

solid/glassy state of aerosol (Cappa and Wilson, 2011; Vaden et al., 2011; Virtanen et al., 2010; 

Zobrist et al., 2008).Coupled laboratory and modeling studies have indicated that the direct 

application of yield-experiment based volatility distributions may introduce bias due to the 

potential influence of wall-losses on vapors formed in SOA experiments (Cappa et al., 2015; 

Zhang et al., 2014). Evidence of the substantial presence of extremely low volatility 

organics(Jokinen et al., 2015)  and the formation of low-volatility oligomers in the condensed 

phase (Hall and Johnston, 2011; Kalberer et al., 2004) indicate a substantial reduction in 

effective volatility of SOA relative to the yield-fit representations.  

 

Uncertainties in the mass-transfer limitations (kinetic) that may impede the approach to 

equilibrium and volatility (equilibrium) properties of SOA are often tightly coupled, because 

measurements of SOA partitioning (both formation and evaporation) typically do not take 

place under equilibrium conditions. For example, Saleh et al.(2013) argued that extreme kinetic 

inhibitions to mass transfer reported by Vaden et al. (2011) and Cappa and Wilson (2011) were 

confounded by the use of yield-based volatility distributions. Zhang et al. (2014) showed that 

condensation kinetics in many chamber SOA experiments favor condensation of low-volatility 

organics on chamber walls rather than particles, thus suppressing measured yields and biasing 

the inferred SOA volatility distributions.  

 

Heating in a thermodenuder (TD) (Cappa and Wilson, 2011; Grieshop et al., 2009; Kolesar 

et al., 2015b) and in-chamber dilution (Grieshop et al., 2007, 2009) and heating (Saleh et al., 

2013)  experiments have also been used to probe organic aerosol gas-particle partitioning. 

Grieshop et al. (2009) showed that TD data provide tighter constraint on the lower volatility 

bins of a fit than dilution. However, quantitative estimation of OA volatility distributions (a 
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thermodynamic property) from TD evaporation is challenging, because equilibrium is typically 

not reached in a TD under atmospherically relevant OA concentrations (Karnezi et al., 2014; 

Riipinen et al., 2010; Saleh et al., 2011). Therefore, an evaporation kinetics model (Cappa and 

Jimenez, 2010; Park et al., 2013) is typically used to extract volatility information from TD 

data. Enthalpies of evaporation (ΔH vap ) and mass accommodation coefficient (γ e) dictate the 

temperature dependency of partitioning (Epstein et al., 2010) and overall kinetic restriction to 

mass transfer (Saha et al., 2015; Saleh et al., 2013) during evaporation, respectively. The 

extracted OA volatility distribution from traditional TD data (with only temperature varying) 

is highly uncertain because ΔH vap  and γ e  (Cappa and Jimenez, 2010) are poorly constrained. 

Saha et al.(Saha et al., 2015) showed that parallel operation of two TDs, one varying 

temperatures and another operating isothermally with varying residence times (RT) provides a 

tighter constraint on the phase partitioning parameters (C*, ΔH vap , γ e ) for single component 

OA.  

 

Here, we apply the dual-TD approach (Saha et al., 2015) to probe the phase partitioning 

properties of SOA formed from α -pinene ozonolysis. A series of smog chamber experiments 

were conducted at varying precursor concentrations to examine the consistency of product 

distributions across a range of conditions. Parameter values were determined using a kinetics 

model to fit observed evaporation that optimally describes the SOA volatility distribution and 

the overall kinetic restrictions to mass transfer during evaporation. Finally, we discuss an 

attempt to reconcile observations from aerosol formation during yield measurements and 

heating-induced evaporation in a thermodenuder and the implications of the resulting 

parameters for SOA modeling.  

 
3.2. Materials and method 

3.2.1 Theory 

The equilibrium partitioning of semi-volatile organics is represented here using the 

volatility basis set (VBS) lumping approach with pre-determined, log-10-spaced C* bins 

(Donahue et al., 2006), represented by Eq. 3.1:  
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 [3.1] 

In this expression, ξ i  is the fraction of compound i found in the condensed phase, COA  (μg 

m-3) is the total condensed phase mass and C*(μg m-3) is the effective saturation concentration, 

which is analogous to the saturation vapor pressure. Organic material with C* <3 × 10−4 , 3 × 

10−4  to 0.3, 0.3–300, and 300 to 3 ×106 are designated extremely low-volatility (ELVOCs), 

low-volatility (LVOCs), semi-volatile (SVOCs), and intermediate-volatility (IVOCs) organic 

compounds, respectively (Donahue et al., 2012). 

 

Aerosol mass fraction (AMF), as measured in a traditional yield experiment, is the wall 

loss corrected SOA concentration (COA , μg m-3) from per unit consumption of precursor 

reactive organic gas (ΔROG, μg m-3). Volatility distributions are obtained by fitting, AMF = 

Σξ iα i , where α i  is the mass yield coefficient for product i with effective saturation 

concentration C*
i . The total vapor and condensed phase concentration of all products (Ctot) is 

represented as Ctot  = ΔROG Σα i .  

 

The TD approach, discussed in Section 3.2.3, cannot directly determine yield as it consists 

of a perturbation of existing aerosol. Fitting TD data determines a f i  distribution, which 

describe the fraction of Ctot in each pre-determined C* bin.  COA  is modeled as, COA  = 

CtotΣξ i . f i .  It should be noted here that α i  represents a volatility distribution relative to the 

amount of reacted precursor (ΔROG), whereas f i  is relative to total product (vapor + particle) 

concentration (Ctot ). A f i  and α i  distribution are thus linked by the total yield of all products 

formed during the reaction of a precursor (f i  = α i /Σα i ). In online supplementary information 

(SI) section S.1, we show the derivation for Eq. 3.2, which is applied bellow in section 3.3.4 

to convert TD-derived fi distribution (f i,TD) to an equivalent α i  distribution (α, i,TD)   

 

tot ,
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C (  , f ) 
α = f
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OA i TD

i TD

C 
 
 

 [3.2] 
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3.2 Experimental section 

Eight experiments were performed in a 8 m3 Teflon smog chamber at North Carolina State 

University (NCSU) (brief description of the chamber: SI, section S3.2) with a range of initial 

α-pinene concentrations (~ 10- 200 ppb); experimental conditions are summarized in SI, Table 

S3.1. All experiments were performed in the dark, without seed aerosol, in relatively dry (T 

=22 ± 2 ℃; RH = 15-20%) conditions with excess ozone (O3) and 2-Butanol added as an OH 

radical scavenger. No direct measurements of α-pinene concentrations were made. α-pinene 

consumption was estimated from measured decay of O3  (2B technology O3  monitor), 

assuming a stoichiometric reaction between O3  and α-pinene. These were within 1-18% of 

calculated mixing ratio from injected volume of α-pinene and chamber volume (SI, Table 

S3.1). Before and after injection of α-pinene, aerosol size distribution (~ 10-550 nm) using a 

scanning mobility particle sizer (SMPS, TSI Inc.) and mass concentration using an aerosol 

chemical speciation monitor (ACSM, Aerodyne Research Inc.; ~ 75-650 nm) were measured 

continuously; Examples size distributions from typical experiments are shown in SI, Figure 

S3.1. SOA mass yield from each experiment was estimated in terms of aerosol mass fraction 

(AMF). To be consistent with previous studies (Pathak et al., 2007; Presto and Donahue, 2006; 

Stanier et al., 2008), an SOA density of 1 g cm-3 was assumed in calculating AMF from SMPS 

data. For yield determination, particle wall losses were characterized by fitting a first order 

coefficient to the decay of aerosol mass in the chamber (Presto et al., 2005). For comparison 

with existing experimental results, yield analyses do not explicitly treat the loss of vapors to 

the chamber wall. Product mass yield coefficients (α i ) were determined by fitting the 

experimental AMF data from 8 experiments performed in this study to an equilibrium 

absorptive partitioning theory via the VBS framework. Further details on yield data fitting is 

given in SI, section S3.3. 

 

Volatility measurements using the dual thermodenuder (TD) setup commenced after 

reaction and active growth phase were complete, ~ 1-1.5 hour after injection of α-pinene. The 

dual TD experimental and data analysis approach is described in Saha et al. (2015) and is only 
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described briefly here. Two TDs were operated in parallel, one at varying temperatures (TS-

TD) with a fixed, relatively long residence time (Rt) and another at constant temperatures with 

varying residence time (VRT-TD). A schematic of the dual-TD experimental setup used is 

shown in SI, Figure S3.2. In most experiments, the TS-TD operated between 30-120℃ (8 

settings) with a 50 s Rt while the VRT-TD operated at 60 or 90℃ with Rt varying between 7-

40 s (5 settings). All Rt are reported assuming plug-flow and room temperature; Rt was 

adjusted using actual temperatures in modeling (discussed below) as Rt (TTD) = 

Rt(Tref )×(Tref /TTD), where Tref  and T TD are the reference (room temperature) and TD 

temperature in K, respectively (Cappa, 2010). In two experiments (expt. 6 and 8), two 

additional temperature settings for the TS-TD (150 and 180 ℃) was used to observe the extent 

of evaporation at very high temperatures. Aerosol instrumentation used with the TDs included 

three SMPSs for simultaneous measurement of aerosol size distribution (10-550 nm) in 3 

parallel lines (two TDs and one bypass) and an ACSM switched between TS-TD and bypass 

at 20 minute intervals. SOA evaporation observed at particular TD operating condition 

(temperature, Rt) is expressed in terms of volume fraction remaining (VFR; used for SMPS 

measurements) or mass fraction remaining (MFR; used for ACSM measurements), which are 

ratios of volume/mass concentrations measured in the TD line to those in the bypass line. 

Correction factors for particle mass loss in each TD as a function of temperature and residence 

time and instrumental inter-calibration factors were applied in VFR/MFR calculations(Saha et 

al., 2015). 

 

3.2.3 Extraction of SOA phase partitioning parameters 

The basic framework for volatility parameter extraction procedure for α-pinene SOA was 

similar to that applied for dicarboxylic acid aerosol systems and detailed in Saha et al.(2015). 

To model volatility of multi-components SOA system (complex mixture), here, we applied the 

log-10-spaced C* bins volatility basis set (VBS) lumping approach (Donahue et al., 2006, 

2012). In this approach, our estimation of SOA volatility distribution is empirical, which 

describes the bulk volatility properties of SOA over whatever mixture and phase exists. It is 
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also noted that the technique applied here does not rely on any assumption of the particle state. 

It simply finds parameter values that best describe the observed evaporation of bulk SOA.   

 

To model TD data using the VBS framework, a C* range in which gas-particle partitioning 

can be observably constrained must be defined. According to equilibrium partitioning theory 

(Eq. 3.1), approximately 10% and 90% of product i are in the condensed phase when COA  

=0.1×C*i  and 10×C*i , respectively. A lower limit C* bin of 0.01 μg m-3 was considered for 

all experiments in our base case fitting. As a sensitivity case, fitting was also performed by 

extending the lower C* bin down to 10-6 μg m-3 for the two experiments (expt. 6 and 8) for 

which TD data were collected up to 180℃. The choice of upper bin is more complicated, 

because the upper limit of C* that can be constrained by our TD observations changes with 

experimental conditions (COA). We defined our upper bin based on that which could have at 

least ~5% in the condensed phase under the conditions of that experiment. Thus, for low 

concentration experiments (Table S3.1, expt. 5-8), the upper C* bin considered was 100 μg m-

3, whereas for ‘moderate’ (expt. 2-4) and ‘high’ (expt. 1) COA  experiments this range was 

extended to include C*i  =1000 and 10,000 μg m-3 bins, respectively.  

 

To extract a set of volatility parameter values (f i , ΔH vap , γ e ), we used an evaporation 

kinetics model that optimally describe measurements from both TDs. The kinetics model tracks 

both particle- and gas-phase concentrations of ‘model species’ (represented by VBS bins) as 

they proceed through a TD operated under a particular temperature and Rt condition. A wide 

(ΔH vap , γ e ) space was considered during fitting.  Following Epstein et al.(2010), we assumed 

that ΔH vap,i   varies linearly with log10 C*, thus, ΔH vap,i  = intercept-slope (log10 C*i ) is 

assumed; where intercept and slope are fitting parameters. The Clausius-Clapyeron equation 

(SI, Eq. S3.6) used to estimate temperature dependent C*.  Values for ΔH vap  intercept = [30, 

50, 80, 100, 130] and slope = [0, 4, 8, 11] kJ mol-1 were applied along with γ e  = [1, 0.5, 0.25, 

0.1, 0.05, 0.01], giving a total of 5×4×6=120 points in (ΔH vap , γ e ) space. A f i  distribution at 

298K (reference temperature) was determined via least-squares optimization (MATLAB, The 
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Math Works Inc.) for each combination in this space by first fitting TS-TD data; ‘accepted’ 

solutions were then further refined by fitting VRT-TD observations. A constraint of Σf i  =1 was 

applied during the fitting process. Data from each experiment were fitted separately using this 

approach; all data were also fit together (hereafter, unified fit). A solution set was ‘accepted’ if 

the model reproduced VFR observations to within observed variability (± 1 standard deviation 

from mean observations) for that experiment. In SI, Figure S3.3 shows an example of typical 

observed variability over the course of an experiment. A list of assumed input parameter values 

(e.g., diffusion coefficient: D, surface tension: σ, molecular weight: MW, density: ρ) for 

evaporation kinetics model are given in SI, Table S3.2. 

  
3.3 Results and discussions 

3.3.1 Observed SOA evaporation  

SOA evaporation measured by the dual TDs for representative experiments are presented 

as VFRs in Figure 3.1 (SI, Figure S3.4 shows all data). Wall loss corrected SOA mass 

concentrations during various experiments ranged from ~ 5 to 500 μg m-3, (assuming unit 

density) and volume median diameters ranged from 140 and 250 nm; experimental parameters 

are listed in SI, Table S3.1. MFRs from ACSM data were within 5-15% of VFRs (SI, Figure 

S3.3). Figure 3.1a shows a TS-TD thermogram plot (VFR vs. temperature) of α-pinene SOA 

at 50 s Rt for varying SOA concentrations. Approximately 15 to 45% of SOA volume 

evaporated at 50 ˚C at 50 s Rt, showing the prevalence of semi-volatile products. On the other 

hand, 8 to 15% of aerosol volume remained at 120 ˚C, indicating the substantial presence of 

very low volatility organic products, consistent with other recent works (Donahue et al., 2012; 

Ehn et al., 2014; Kokkola et al., 2014; Kolesar et al., 2015b; Zhang et al., 2015). In two 

experiments, TS-TD operation up to 180 ˚C showed that essentially all the SOA mass was 

evaporated at 180 ̊ C and 2- 3 % of mass remained at 150 ̊ C (SI, Figure S3.5). T50  (temperature 

at which 50 % of SOA volume or mass evaporates) varied from ~58 to 78℃, increasing with 

reduced COA. Based on VFR data alone the aerosol appears to be less volatile at lower 

concentrations. Observed evaporation depends on many properties of the sampled aerosol 

including initial mass loading and particle size (Park et al., 2013; Saleh et al., 2011).  This 
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suggests that comparisons across different experiments should not be based upon VFR or T50, 

unless experiments are done at identical initial conditions, and highlights the need to compare 

model-extracted parameters whenever possible. Several experiments were conducted under 

nearly identical conditions (e.g., Experiments 3/4 and 5/6) and indicate good repeatability of 

experimental results (SI, Figure S3.4). 

 

Figure 3.1b and 3.1c show VFR at various Rts with the VRT-TD operated at 60 and 90 ℃, 

respectively. These results indicate that Rt has substantial effects on measured VFR. The 

sustained downward slope of VFR vs. Rt suggests that equilibrium was not reached under 

most/all of these experimental conditions. The Rt-dependence of observed evaporation is 

consistent with that observed across TD measurements of α-pinene SOA previously collected 

under similar conditions (Cappa and Wilson, 2011; Huffman et al., 2009; Jonsson et al., 2007; 

Lee et al., 2011), which show increased evaporation with longer Rt (see SI, Figure S3.6 for a 

comparison across studies). 

 

In Figure 3.1, VFRs observed at a given temperature/Rt decrease with increased COA. 

Under a gas-particle equilibrium condition, higher volatility products are expected to only 

condense at higher COA concentrations; observed evaporation of bulk SOA in such a higher 

COA experiment would be different than lower COA experiment. Consistent with previous 

chamber observations (Kang et al., 2011; Ng et al., 2010), our observed f44  (fractional 

contribution to SOA from m/z 44) in ACSM spectra was lower at higher COA (SI, Figure S3.7). 

This is consistent with relatively less oxygenated semi-volatile organics partitioning into the 

condensed phase at higher COA. In contrast to these results, Kolesar et al. (2015) reported no 

significant effects of the concentration of SOA formed in a flow tube reactor on evaporation 

observed in a TD. The reason for this discrepancy is unclear. One potential explanation is that 

SOA partitioning reaches equilibrium in the chamber (with reaction and equilibration times on 

the order of hours) and not in the flow tube (with a ~1 minute residence time). Another is that 

different oxidation conditions in the two systems (O3 : < 1 ppm in this study vs. 5-60 ppm) 
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may lead to different products or levels of heterogeneous reactions. Kolesar et al. ascribed their 

observed behavior to the formation of oligomers that semi-irreversibly partition into the 

condensed phase. Further work should probe the observed evaporation behavior of SOA 

formed using different experimental systems and conditions. 

 

 
 

Figure 3.1: (a-c) measured (symbols) and modeled (lines) volume fraction remaining (VFR) 

of α-pinene ozonolysis SOA as a function of temperature (T) and residence time (Rt); 

measurements are for a representative subset of experiments. Model lines are shown using the 

‘best fit’ volatility parameter values listed in Table 3.1. Model output (for expt. 1) applying 

yield-based volatility distribution from Pathak et al. (2007) is also shown, with best fit ΔH vap , 

γ e  from this study. (d) Comparison of measured and modeled VFRs using the unified f i  

distribution at each experimental condition from 8 experiments. In SI, Figure S3.4 shows all 

the data from 8 experiments. 
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3.3.2 SOA partitioning parameters values 

 

 
 
Figure 3.2: SOA gas-particle partitioning parameter (ΔH vap , γ e , and f i ) value extraction 

process (example shown with data from Expt. 4).  Evaporation kinetics model fit to dual-TD 

data shown in Figure 3.1. Symbols and colors represent goodness of fit, quantified from sum 

squared residual (SSR = Σ (VFR expt - VFRmodel ) 2) values.  ΔH vap = intercept-slope (log10 C*) 

relationship was used (e.g., 30-0 on x-axis represents intercept =30 and slope = 0). Points with 

filled inner circles can recreate TS-TD observations and points with white cross (x) can recreate 

both TD data sets; crosses represent the overall goodness of fit including both TS-TD and 

VRT-TD observations, with larger size corresponding to better fit. 

 

Figure 3.2 presents parameter (ΔH vap , γ e , and f i ) fitting results for expt. 4 (as an example); 

a summary of fitting results from all experiments is presented in SI, Table S.3. Fitting results 

show that inclusion of VRT-TD data provides better constraint for parameter fitting. For 

example, a wide range of γ e  (e.g., γ e=1, 0.1 and 0.01) can recreate the TS-TD observation 
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within the observed experimental variability for several ΔH vap  combinations (accepted fits are 

shown with filled inner circles). However, only γ e  on the order of 0.1 (0.05-0.25) can match 

both TS-TD and VRT-TD observations (increased size of the ‘x’ corresponds to better fit). 

 
All experiments are acceptably fit with a ΔH vap  intercept of 80 kj mol-1 and a range of 

slopes (0 to 11 kJ mol-1) (see SI, Table S3.3). ΔH vap = 80-11(log10 C*) provides the overall best 

fit for all experiments with a γ e  of ~ 0.1. These ΔH vap  values are distinct from those typically 

assumed for atmospheric organics. An effective constant ΔH vap  of 30 kJ mol-1 is a typical 

assumption for SOA modeling in chemical transport models (Farina et al., 2010; Lane et al., 

2008), far below the ΔH vap range estimated above. The correlation-based fit from Epstein et al. 

(2010) (ΔH vap = 131-11 log10 (C*)) does not produce a satisfactory fit for our SOA data within 

the C* bin range considered. A γ e  on the order of ~ 0.1 best describes the observed dual TD 

evaporations. Thus, the mass transfer rate of α-pinene SOA appears to be relatively less limited 

than has been suggested previously (Cappa and Wilson, 2011; Grieshop et al., 2007; Vaden et 

al., 2011). Saleh et al. (2013) estimated a γ e  value for α-pinene ozonolysis SOA on the order 

of 0.1 via measurements of SOA repartitioning after near-ambient temperature perturbations 

(~ 30˚C) in a smog chamber and TD. Our findings are thus consistent with those of Saleh et al. 

(2013), despite the fact that our TDs were operated at relatively elevated temperatures. Relative 

to the approach of Saleh et al. (2013), our approach is more flexible (applicable in range of 

ambient and laboratory settings) and also provides constraint on aerosol thermodynamic 

properties (i.e., C*, and ΔH vap ). 

 

The f i  distributions corresponding to γ e = 0.1 and ΔH vap = 80-11(log10 C*) for each 

experiment and for all data fit together (unified fit) are tabulated in Table 3.1 and are the basis 

for model fits shown in Figure 3.1 and Figure S3.4. Figure 3.1d shows that the unified fit f i  

distribution reproduced almost all data from 8 experiments with widely ranging experimental 

conditions (i.e., COA, particle size; dp ). This unified f i  distribution was adopted for comparison 

with volatility distributions with different measurement approaches as discussed below. It 

should be noted that while the parameters reported in Table 3.1 are those that best fit results 
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from all experiments, other parameter sets can reproduce experimental observations within 

uncertainty. Therefore, the volatility distribution in Table 3.1 must be used with the reported 

γ e  and ΔH vap  values . Sensitivity of assumed values of D, σ, ρ, MW on the estimated volatility 

parameter values are discussed in SI, section S3.4, also in Saha et al. (2015).  Figure S3.8 

shows an example of sensitivity analysis for assumed D in this study. These parameters have 

relatively smaller influences on the evaporation observed in TD relative to values of (C*, 

ΔH vap , and γ e ) also reported in (Cappa, 2010; Cappa and Jimenez, 2010; Riipinen et al., 2010) 

However, in the absence of any detailed chemical speciation of SOA constituents, our 

estimated volatility parameter values should be considered as an empirical estimate, which 

optimally describes their bulk volatility properties in combination with the assumed values of 

D, σ, ρ, MW. 

 

 
Table 3.1: Best fit of α-pinene ozonolysis SOA volatility parameter values 
 

C i
* 

TD-derived f i  distribution a  mass yield coefficient (α i ) 
Expt

1 
Expt

2 
Expt

3 
Expt

4 
Expt.

5 
Expt

6 
Expt

7 
Expt

8 
Unified 
fit 

This 
studyb 

Pathak 
(2007)c 

This study 
from TD fitd 

 

         
(yield  

fit) 
(yield 

fit) (i)e (ii)f 

10-2 0.05 0.09 0.08 0.08 0.08 0.09 0.10 0.06 0.05 0.000 0.001 0.040 0.050 

10-1 0.03 0.06 0.06 0.04 0.05 0.06 0.05 0.05 0.04 0.000 0.012 0.032 0.040 

100 0.05 0.09 0.08 0.09 0.10 0.11 0.14 0.17 0.04 0.030 0.037 0.032 0.040 

101 0.12 0.22 0.22 0.23 0.38 0.35 0.34 0.34 0.13 0.065 0.088 0.103 0.125 

102 0.24 0.23 0.27 0.27 0.39 0.39 0.37 0.38 0.18 0.240 0.099 0.143 0.173 
103 0.29 0.31 0.29 0.29     0.36 0.300 0.250 0.285 0.345 
104 0.22        0.20 0.450 0.800 0.160 0.192 

aBest fitted f i  distribution with γ e =0.1 and ΔH vap,i =80-11(log 10 C*
i, ); Fitting constraint, Σf i =1 in each case (see section 3.2.3 for discussion) 

aSee SI, section S3.3 for fitting method and Figure S3.9  for measured-modeled yield curve from this study; cLow RH, low NOx, dark 

d TD-derived  fi distribution (unified fit ) was converted to an equivalent α i, distribution using Eq. 3.2 (See, SI  section S.1 for details)   

eα i,TD using C OA  from expt. 1 (445 μg m-3 ) to calculate C tot  ; fα i,TD using C OA  = 10,000 μg m-3  to calculate C tot 
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3.3.3 Comparison of volatility distribution with different measurement approaches 

Our experimental yield curve (SI, Figures S3.9) and fitted mass yield coefficient (α i ) 

values (Tables 3.1, Table S3.4) are in good agreement with data from previous chamber 

studies. However, when compared the fitted volatility distribution from TD vs. yield data fit, 

the yield-curve fitting parameterization places significantly less of the SOA mass in the lower 

C* bins (e.g., total materials (f i ) in bins ≤ 1 μg m-3: ~13% in the TD-fit versus 3-4% in yield-

based fits(Pathak et al., 2007b)). It should be noted that yield-based α i  were converted to an 

equivalent f i  to enable a direct comparison with TD approach (f i = α i /Σα i ). The yield-based 

volatility distribution from Pathak et al.(2007) (dark, low NOx , Low RH) with best fit γ e  and 

ΔH vap values from this study also fails to reproduce observed evaporation in TDs (Figure 3.1), 

consistent with other works (Cappa and Wilson, 2011; Kolesar et al., 2015b, 2015a). Modeling 

VFR values with the Pathak distribution and typical assumptions (ΔH vap  = 30 kj mol-1; γ e  = 

1) leads to even larger discrepancies (not shown) between model results and our observations.  

 

Yield-based distributions are also inconsistent with studies that have provided speciation 

of SOA via detailed molecular characterization (Ehn et al., 2014; Zhang et al., 2015). Figure 

3.a compares α-pinene SOA volatility classification determined using three independent 

approaches, including: (i) TD-derived (this study), (ii) yield-curve fitting method (Pathak et 

al., 2007) , and (iii) measurements of molecular constituents (Zhang et al., 2015).  Molecular 

constituents’ data are shown from Fig. 3.2b; time-integrated average value after ~ 1 h of 

reaction time. Our TD-derived volatility distribution apportions 60-80% of α-pinene SOA to 

the SVOC volatility range with the remaining 20-40% considered LVOC and ELVOC. This 

result is consistent with recent aerosol chemical analysis (Zhang et al., 2015). On the other 

hand, the yield-based distribution (Pathak et al., 2007) places less than ~10% of the condensed 

phase in the low-volatility category under these conditions. Our extended lower C* bins fitting 

results (Table S3.5, Figure S3.5) suggest that 5-10% of the total condensed phase mass (COA) 

should reside in a C* bin < 10-5 ug m-3 to reproduce the evaporation observed at very high 

temperatures. The substantial amount of ELVOC material observed in our TD-extracted 
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volatility distribution is consistent with recent observations (Ehn et al., 2014; Kokkola et al., 

2014; Kolesar et al., 2015b; Zhang et al., 2014). More than 10% condensed phase SOA is 

attributed to ELVOCs by Ehn et al. (2014) and Zhang et al. (2015) via direct measurement of 

molecular constituents. These low volatility materials are not evident in yield measurements, 

possibility due to measurement limit of detection constraints or due to the influence of vapor 

wall losses (discussed below). 

 

The substantial presence of low volatility material in SOA, discussed above, can be miss-

attributed as an extreme kinetics inhibition to mass transfer due to diffusional limitations within 

the condensed-phase (Cappa and Wilson, 2011; Vaden et al., 2011; Virtanen et al., 2010) while 

‘true’ volatility distribution is not known. This is because that observed slow evaporations of 

SOA in a kinetic rate measurement experiments (e.g., stripping of vapor at room temperature 

(Vaden et al., 2011) and upon heating in TD (Cappa and Wilson, 2011) ) could be linked with 

either the substantial presence of low volatility materials in SOA or extreme diffusional 

limitations or some intermediate combined effects of both; unless thermodynamics and kinetics 

effects can be decoupled fully during observations (Saleh et al., 2013). The dual-TD approach 

applied in this study that varying temperatures and residence times in parallel (two dimensional 

perturbations) provide tighter constraints on both the parameter dictating volatility (C*) and 

kinetics (γ e), although we cannot rule-out a fully decoupling of thermodynamics and kinetics 

in our system. It is noted here that our derived γ e  represents an effective parameter that lumps 

any kinetics limitations within the condensed-phase and surface. In Figure 3.3.b, we  show 

simulated room temperature evaporation kinetics of SOA due to continuous stripping of vapor 

applying our TD-derived volatility parameterizations (see SI, section S3.5, Figure S3.10 for 

details); simulation results reproduce experimental observations from Vaden et al. (2011)  and 

Wilson et al (2015). However, yield-based volatility distribution from Pathak et al. (2007), 

which underestimates the presence of low-volatility materials in SOA, as discussed above, fails 

to reproduce experimental data (Vaden et al., 2011; Wilson et al., 2015)  , even with a γ e = 0.1. 

This implies that the observed slow room temperature evaporations in (Vaden et al., 2011; 
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Wilson et al., 2015) are most likely attributed to low volatility of SOA; not due to any extreme 

kinetics limitations during evaporation.  

 

 
 
Figure 3.3: Panel-a: Comparison of α-pinene ozonolysis SOA volatility distributions across 

different measurement approaches. TD-fit: this study, yield-fit: Pathak et al. (2007), and 

molecular speciation: Zhang et al.(2015). Panel-b: Isothermal, room temperature evaporations 

kinetics of fresh α-pinene SOA due to continuous stripping of vapors. Symbols: experimental 

data (circle: Vaden et al., 2011, 160 nm , triangle: Wilson et al., 2015,  200 nm); solid lines 

(red/160 nm; blue/200nm): simulation using ‘unified fit’ of TD-derived volatility distribution 

in this study  (γ e  = 0.1); Bounded region: model prediction range within uncertainties in 

parameterizations from this study (e.g., fitted volatility distributions from individual 

experiments; Table 3.1 and Table S3.5; γ e  ~ 0.05 to 0.25); dashed blue lines (200 nm): model 

prediction using yield-fitted volatility distribution from Pathak et al. (Pathak et al., 2007). 

Details on analysis of this figure are in SI, section S3.5. 
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Since TD measurement applied here involves heating SOA at temperatures elevated than 

atmospherically relevant; pyrolysis and thermal decomposition at higher temperature could be 

two potential concerns as measurement artifacts. It is noted here that our highest TD operating 

temperature of 180 ˚C was well below the point at which charring of organics in particles is 

expected to become significant (~300 ˚C) (Philippin et al., 2004). On the other hand, if large 

amounts of low-volatility materials decompose upon heating (Lopez-Hilfiker et al., 2015), our 

TD-derived SOA volatility distribution would to be at some-extent more volatile than it 

actually is. However, since our TD extracted volatility distribution reproduces observed room 

temperature SOA evaporations by (Vaden et al., 2011; Wilson et al., 2015), where heating is 

not an issue, indicating no substantial potential bias. It is also noted that if substantial thermal 

decompositions of lower volatility materials occurs upon heating, it is applicable to any 

heating-based aerosol measurement approaches. 

 

3.3.4 Reconciling SOA yield and volatility measurements 

One plausible explanation for the observed discrepancy between yield and TD volatility 

distribution is how the two approaches (TD and yield) are affected by losses of semi-volatile 

vapor to chamber walls. Zhang et al. (2014) showed that the kinetics of vapor loss to chamber 

walls are dictated by competition between chamber and aerosol surface area (SA) (together 

comprising the condensational sink). Since traditional yield determination depends on a single 

AMF value per experiment, at low COA/SA the flux of SVOC products is strongly towards the 

walls. Therefore, AMF from low COA experiments will be biased low on both an absolute basis 

and relative to those observed at higher COA. Therefore, yield-data derived volatility 

distributions will be biased towards high volatility material (possibly misattributing low-

volatility material to high-volatility bins) and underestimate yields especially at low COA. A 

large amounts of LVOCs and ELVOCs may not contribute to observed low-COA yields 

because they are lost to walls at low COA (low SA). However, the overall system (wall + 

aerosol) equilibrates on a ~1 h time scale (Loza et al., 2010; Matsunaga and Ziemann ‡, 2010; 
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Saleh et al., 2013). Since our TD measurements commenced after completion of the reaction 

and active growth phases, ~ 1-1.5 hour after injection of α-pinene, TD-derived volatility 

distributions should reflect the volatility of the equilibrated wall/suspended aerosol system. It 

can be reasonably hypothesized that under an overall equilibrated wall/suspended aerosol 

system, relative proportion of product distribution in a suspended particle or a wall-bound 

particle would be same. Since our TD method measures heating induced evaporations of 

sampled particles from an ensemble, this would provide a representative measures of the 

volatility of the sampled particles, and thus for ensemble; not explicitly dependable to COA.  It 

is noted here that our measurements suggest that the chamber-wall/aerosol system was in 

equilibrium over our TD experimental window, because aerosols do not shrink as particles are 

lost to the walls. But, our room temperature evaporation experiment (see SI, section S3.5 and 

Figure S3.11 for details) shows that the extent of SOA evaporation at  room temperature 

becomes slightly lower (~ 1-3%) with the increasing of their retention time in the chamber; 

consistent with ‘ripening’ of SOA during ozonolyis experiment (Tritscher et al., 2011). This 

small change has no significant impact on our TD parameter fittings and will be accounted 

within observed overall experimental variability in each experiment. Simply, the fact is that if 

property of SOA evolves with their retention time in chamber, our TD-derived parameter 

values would reflect time-integrated average properties over the TD experimental window. On 

the other hand, since fitting a volatility distribution from a growth (yield) experiment explicitly 

relies on the measures C OA in chamber, any bias in COA estimates, for example, due to loss of 

condensable products to wall, would provide a bias estimate of inferred volatility at a larger 

extent. 

  

On this basis, we posit that the TD-derived distributions (f i ) should better represent the 

actual volatility of SOA and thus incorporate these into a yield-based framework to estimate 

SOA yield as a function of precursor concentration/COA. The TD-fitted f i  distribution (unified 

fit from Table 3.1) was converted to an equivalent α i  distribution (here-in-after, α i,TD) using 

Eq. 3.2. Since vapor-phase products are not measured, Ctot  in Eq. 3.2 is estimated based on 
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measured COA  and TD-derived f i  (Ctot = COA  /Σξ i. f i ). Here-in-after, α i  distribution from 

traditional growth (yield) experiment fits refer as α i,growth . Figure 3.4 plots yield curves (AMF 

vs. COA) for the various derived α i,TD  and α i,growth  distributions by calculating the AMF (using 

Eq. S3.6) as a function of COA. 

 

Figure 3.4 shows that predicted TD-based yield curves are highly sensitive to the COA 

applied to calculate α i,TD . All α i,TD curves in Figure 3.4 has same f i .  As discussed above, 

calculate of α i,TD relies on both COA and f i  , and thus any measurement bias in COA  will 

propagate, via estimated Ctot , to the estimated AMF. Loss of low volatility vapor to the 

chamber walls will lead to substantial underestimates of the actual condensed phase mass 

formed in a traditional smog chamber experiment (Zhang et al., 2014); the magnitude of vapor 

wall loss depends of many factors, including chamber surface area to volume (S/V) ratio, seed 

aerosol SA, precursor and oxidant concentrations and chemical composition (volatility/C*) of 

condensable vapor (Zhang et al., 2014). Lower values of each of these factors leads to greater 

underestimation of COA.   Zhang et al. (2014) characterized the relative bias due to vapor loss 

to the wall via experiments at much higher seed SA (1-10 × 103 μm2cm-3) than had been used 

in previous studies (Cocker III et al., 2001; Griffin et al., 1999; Pathak et al., 2007) (~5-20 

×103 cm-3 ; 0.05-0.2 × 103 μm2cm-3 assuming dp  = 100 nm), which typically saw little effect 

of the presence of neutral, dry seeds on observed yields (Cocker III et al., 2001). To quantify 

the impact of vapor wall losses under these higher SA conditions, Zhang et al. (2014) defined 

a bias factor, R wall ; where R wall  = COA, no vapor loss /COA,with vapor loss . Detailed quantitative 

characterization of R wall  using this approach is beyond the scope of this work. However, trends 

observed in R wall  by others can help to interpret our data to examine yield bias. 
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Figure 3.4: α-pinene SOA mass yield curves at 25℃.  Solid symbols correspond to measured 

traditional yield data. Lines correspond to modeled yield-curve applying traditional (α i,growth ; 

thick black/gray) and TD-based (α i,TD; colored) mass yield coefficients. α i,TD  distributions 

were calculated using the unified fit of  TD-based volatility (f i  ) distribution (table 3.1) and 

COA  values corresponding to the solid/open symbols. See Table 3.1 for mass yield coefficients. 

 

The observation that R wall  is reduced at higher precursor and oxidant concentrations 

(Zhang et al. 2014) suggests that it will approach unity in a very high COA chamber experiment. 

In such a case, the relative difference in estimated yields (i.e., AMF) from the growth 

experiment and inferred AMF incorporating our TD-derived volatility distribution approach 

tends towards zero. In cases where there is a difference, the ratio of AMF corresponding to 

α i,TD  to that from α i,growth  provides an quasi-estimate of yield bias factor ( analogous to Rwall ). 

We can explore this trend with a high-COA example, where we expect yield bias factor 

approaches unity. For example, Arrow ‘a’ in Figure 3.4 indicates that relative to the highest 
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COA experiment (expt. 1, COA  = 445 μg m-3), expt. 7 (COA ~ 5 μg m-3; circular point) had a 

yield bias factor of ~ 3. However, arrow ‘b’ shows that the α i,TD  (expt.1) curve is well below 

the α i,growth  curve for COA  > 445 μg m-3, which suggests AMF should continue more sharply 

upward with increasing COA and that yield bias factor was > 1 during our highest COA  

experiment. Figure 3.4 includes α i,TD  curves based on assumptions of COA  = 3,000 and 10,000 

μg m-3 that show the yield bias factor at atmospheric concentrations continues to increase, 

though more slowly, as results are extrapolated based on larger COA. The fact that increments 

in COA lead to smaller changes in inferred yield bias factor reflects the fact that the lowest 

volatility material has a diminishing relative contribution to aerosol yield (and thus on bias due 

to vapor wall losses). While all α i,TD   determined this way may be biased by vapor wall losses, 

the bias should be smallest at high COA. This also means that the deviation between α i,TD   and 

α i,growth  curves can at best provide a conservative (low) estimate of the yield bias factor.  α i,TD  

distributions corresponding to COA of expt. 1 (445 μg m-3) and COA  = 10,000 μg m-3 are 

tabulated in Table 3.1. 

 

3.3.5 Atmospheric Implications 

Relative to the traditional yield-based volatility distribution, the TD-derived distribution 

(α i,TD , expt.1) predicts a factor of two to four more SOA under atmospherically relevant 

conditions, with stronger biases observed at higher temperatures and lower COA values (SI, 

Figure S.312). The application of this revised volatility distribution in atmospheric modeling 

would have large influences on SOA predicted by models, especially at the surface. The SOA 

gas-particle equilibration time scales determined from our dual-TD observations (order of 

minutes to hour) is long enough to have large implications for interpreting TD observations, 

but not so long that time scales for repartitioning must be considered in typical chemical 

transport models, with time steps on the order of an hour. The feasible ΔH vap range suggested 

by our TD observations is significantly higher compared to typical assumption (e.g., 30-40 kJ 

mol-1) for SOA modeling in a chemical transport model (Farina et al., 2010; Lane et al., 2008; 

Pye and Seinfeld, 2010) but lower than that suggested by Epstein et al. (2010). Assumed ΔH vap  
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values have substantial implications for atmospheric SOA modeling. For example, , doubling 

the assumed ΔH vap  (e.g., from 30 to 60 kJ mol-1) tripled the predicted SOA burden and doubled 

the average OA lifetime in a global chemical transport model with a specific input SOA 

volatility distribution (Farina et al., 2010). Further, the substantial presence of low-volatility 

organics suggested by TD-derived volatility distribution is consistent with recent observation 

that organics make important contributions to atmospheric new particle formation (Ehn et al., 

2014; Kokkola et al., 2014).  

 

The dual-TD based volatility characterization method presented here provides insight into 

SOA volatility that is complementary to detailed chemical characterization using advanced 

instrumentation (Ehn et al., 2014; Zhang et al., 2015) and is readily extendable to ambient 

conditions. However, higher volatility products (SVOC/IVOCs) that may make large 

contribution to the impacts of later-generation SOA formation are not constrained by TD 

measurements as they do not condense under normal ambient conditions.  
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3.5 Supplementary material 

S3. 1. Conversion of TD-derived f i  distribution to an equivalent α i,TD   

Total yield of semi-volatile product i (Ctot,i  ,μg m-3) from the oxidation of reactive organic 

gas (ΔROG, μg m-3) is:  

( ),  tot i iC ROGα= ∆  [S3.1] 
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Here, where α i  is the mass yield coefficient for product i with effective saturation 

concentration C*
i . Total yield of semi-volatile products, Ctot  = ΣC tot,i. ,  f i  is the fraction of 

Ctot in each pre-determined C* bin. 

Thus,  

tot,i toti
i

tot tot

C Cα .ΔROG=  or α = f
C C ΔROGi if  =  

 
 [S3.2] 

Let, Xp  is the total particle-phase mass fraction in Ctot . Xp  can be expressed via a VBS 

based absorptive partitioning framework, using measured wall-loss corrected SOA 

concentration (COA ) and TD-derived f i  distribution (f i,TD), as following: 
1*

, 1*1

,
1

1      ;    

1  

n
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i TD
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=
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∑
∑

 
[S3.3] 

Now, replacing Ctot  in Eq. S3.2 with Eq. S3.3, an equivalent α i  distribution corresponding 

to TD-derived f i , TD(named, α i,TD) can be estimated as: 

tot ,
i,TD ,

C (  , f ) 
α = f

ΔROG
OA i TD

i TD

C 
 
 

 [S3.4] 

We apply Eq. S3.4 to convert TD-derived f i  distribution to an equivalent α i,TD distribution. 

 
S3.2. Description of the smog chamber used in this study 

The new indoor smog chamber facilities at North Carolina State University in department 

of Civil, Construction, and Environment Engineering is an 8 m3 Teflon (fluorinated ethylene 

propylene, FEP) bag housed in a enclosure equipped with black lamps. The basic design of 

this chamber is based on the CMU (Carnegie Mellon University) chamber at Center for 

Atmospheric Particle Studies (CPAS). This chamber enclosure itself does not have any 

temperature and humidity control, located inside a temperature-control laboratory, operated at 

batch condition at room temperature. HEPA-filtered and activated-carbon-filtered dry air is 

used as clean air source. Different gases and aerosol instrumentation available with the 

chamber facilities are: CO2  monitor (LI-820), CO monitor (Thermo-scientific, model 48i), 
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Ozone monitor (2B Tech, Model-205), NOx Monitor (2B Tech, Model 410 NO and 401 NO2  

converter), Gas Chromatography – Flame Ionization Detector (GC-FID) (SRI) , Aerosol 

Chemical Speciation Monitors (ACSM), Aerodyne Research Inc., Scanning Mobility Particle 

Sizer (SMPS), TSI Inc, Photoacoustic Extinctiometer (PAX), DMT Inc. Our initial 

characterization of chamber shows a particle mass wall loss rate of 0.4 - 0.45 h-1 (equivalently, 

e-folding life time of ~ 2.5 h) using atomizer generated ammonium sulfate aerosol (volume 

median diameter ~ 200-300 nm).  

 

During the α-pinene ozonolysis experiments for this study, before each experiment, the 

chamber was cleaned by heating (~ 40℃), UV irradiation, and high ozone (~1ppm) for a few 

hours, followed by overnight continuous flushing with dry, clean air. O3  was injected into the 

chamber from a commercial O3  generator (Aqua 6); 2-Butanol was introduced via a bubbler 

injector as OH radical scavenger; α-pinene was injected into the bag via a septum injector. 

 

S3.3. Fitting yield experiment data 

Following the VBS framework (Donahue et al., 2006), empirical distribution of SOA 

products yield coefficients at different lumped volatility classes was derived by fitting 

experimental yield data (listed in Table S3.1) to an absorptive equilibrium gas-particle 

partitioning equation (Eq. S3.5).  
1*

1
1    

n
i

i
i OA

CAMF
C

α
−

=

 
= + 

 
∑  [S3.5] 

Where, α i  is the mass yield coefficient for product i with effective saturation concentration 

C*
i . COA  (μg m-3) is the measured wall loss corrected SOA concentration; AMF (aerosol mass 

fraction) is the wall loss corrected SOA concentration (COA , μg m-3) from per unit consumption 

of precursor reactive organic gas (ΔROG, μg m-3).  

 

A 7 bin VBS distributions (C*=10-2 to 104 μg m-3) of α i at 298 K (reference temperature) 

were solved by least squares fitting of Eq.S3.5 to experimental yield curve (AMF vs. COA) 
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from this study. The fitted αi distributions from this study along with parameterization from 

few previous studies are listed in Table S3.5. Figure S3.9 shows a comparison between 

measured/modeled yield curve with the data/parameterization from this study to that from few 

previous studies.  

 

S3.4. Thermodenuder (TD) evaporation kinetics modeling inputs and their sensitivity  

The Clausius-Clapyeron equation (Eq. S3.6) was applied to estimate a C* at thermodenuder 

(TD) temperatures (T).  

,* * 1 1( ) ( ) exp vap i ref
i i ref

ref

H T
C T C T

R T T T

  ∆
= −      

 [S3.6] 

 

where ΔH vap  (kJ mol-1) is the enthalpy of vaporization, R the gas constant, and Tref   the 

reference temperature (298 K). 

Table S3.2 summarizes the assumed TD kinetics model input parameters for the base-case 

fitting. Chen and Hopke (2009) reported densities of α-pinene SOA ranged from 1.07 to 1.69 

g cm-3. However, to be consistent with the few previous studies (Grieshop et al., 2007; Pathak 

et al., 2007; Stanier et al., 2008), we assumed a density of 1 g cm-3 for α-pinene SOA. Diffusion 

coefficient, D = 3.5×10-6 m2s-1 was used for all SOA products. Cappa and Jimenez (2010) 

applied this D value to simulate evaporation of atmospheric OA in a TD system. Surface 

tension, σ = 0.08 J m-2 was used, approximated as Pimelic acid (Bilde et al., 2003). Molecular 

weight (MW) was assumed as a function of C*. A linear regression equation was fitted in terms 

of molecular weight of few atmospherically relevant Di-carboxylic acids (C 4 to C10) and their 

C* from Epstein et al. (2010).  

 

Sensitivity of different assumed kinetics model input parameter values (e.g., D, σ) on the 

estimated volatility parameter values (C*/f i , ΔH vap , γ e ) are discussed in Saha et al. (2015) for 

pure compound OA system; found these parameters have relatively smaller influences on the 

evaporation observed in TD relative to values of (C*, ΔH vap , and γ e ), also reported in (Cappa, 
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2010; Cappa and Jimenez, 2010; Riipinen et al., 2010). However, in Saha et al. (2015), D was 

found comparatively more sensitive parameter than the others assumed input parameters. Thus, 

considering the effects of assumed D on the estimated volatility parameter values as an extreme 

case, we present an example of the sensitivity analysis for assumed D value in this study. 

 

Figure S3.8 shows that if assumed D value (D base = 3.5×10-6 m2s-1) varied within a factor 

of 2 (0.5×Dbase to 2×Dbase), the base-case best-fitted volatility parameter values (γ e=0.1, 

ΔHvap,i=80 -11log10 C*
i  , f i  distributions listed in Table 3.1, main text) still can explain the 

observations within the observed experimental variability. D values of chemical species in 

atmospherically relevant aerosols can vary over a wider range (Shiraiwa et al., 2011). An 

increase of assumed D value by more than an order of magnitude from base-case, for example, 

D = 1×10-5 m2s-1, push the model prediction using the base-case volatility parameter values 

outside of the measured experimental variability (solid blue line). Since both γ e , and D is the 

parameter of interest that can affects the kinetics of mass-transport during evaporation, thus, 

our estimates of γ e  could likely be more affected due to any extreme possible values of D than 

that was assumed in base-case. We show in Figure S3.7 that keeping the base-case ΔHvap,i  and 

f i  distributions unchanged,  the model prediction with D = 1×10-5 m2s-1 and γ e  = 0.05 (instead 

of 0.1) bring the predicted evaporation back in line with observed values (dashed-blue line). 

This suggests that even within a wider reasonable range of values of D for atmospherically 

relevant aerosols (D ~ 1×10-5 to 1×10-7 m2s-1), our best estimates of γ e  ~ 0.1 is bounded by a 

factor of 2.  This range is within the range of uncertainties in our γ e  estimates (~ 0.05-0.25) 

(Figure 3.2, main text).  

 

S3.5. Room temperature evaporation of SOA particle due to vapor stripping  

A kinetics mass transfer model equation was used to simulate isothermal room temperature 

evaporation of a size selected SOA particle. The model uses equation for the transition regime 

mass transfer of compound i from a single particle of mass mp  and diameter dp , (Seinfeld and 

Pandis, 2006.): 
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dt d RT

σπ γ
ρ

  
= −      

 [S3.7] 

where Di (m2s-1) is the diffusion coefficient for i in air, Ci,gas  (μg m-3) its gas-phase 

concentration in air, x i  its particle-phase mole fraction, Mi (g mol-1) its molar mass, ρ i (kg m-

3) its density, σ (J m-2) the surface free energy of the particle, C*
i (μg m-3) the effective 

saturation concentration of compound i , F(Kn,γ e ) is a correction term to account for non-

continuum mass transfer for which various empirical forms depending on Knudsen number 

(Kn) and evaporation coefficient (γ e ). 
  

For our room temperature SOA evaporation modeling, we assumed that there is no vapor 

build-up due to continuous stripping of vapor (Ci,gas  = 0). Following volatility basis set (VBS)  

lumping approach (Donahue et al., 2006), log-10-spaced C* bins are used to model SOA 

species (discussed in section 3.2.3 in main text). x i  (particle-phase mass fraction in each pre-

determined 𝐶𝐶𝑖𝑖∗ bin; Σ x i  = 1) is estimated from our TD-derived volatility distribution (f i ) as  

𝑥𝑥𝑖𝑖 = 𝑓𝑓𝑖𝑖𝜉𝜉𝑖𝑖
∑𝑓𝑓𝑖𝑖𝜉𝜉𝑖𝑖

 ; where, ξ i  is the fraction of compound i found in the condensed phase (Eq. 3.1, 

main text). Different estimates of x i , for examples, x i  distributions corresponding to f i  of 

‘unified fit’, individual experiment fits (Table 3.1, main text) and extended lower C* bin fit 

(Table S3.4) are considered with a diluted conditions (COA ~ 5μg m-3). Estimated evaporation 

coefficient value of γ e  = 0.1 (range 0.05 - 0.25) from TD perturbations are considered 

(discussed in section 3.3.2, main text). Similar to TD evaporation kinetics modeling, density, 

molecular weight, diffusion coefficient, and surface tension values in Table S3.2 are used.  

Matlab (Mathworks, Inc.) ordinary differential equation (ODE) solver (ode15s) is used to solve 

mass transfer equation; change in bulk diameter at room temperature (T = 25 ˚C) due to 

continuous vapor stripping is estimated as a function of time: dp (t). The extent of evaporation 

is quantified in terms of volume fraction remaining (VFR) as, (𝑡𝑡) =  [𝑑𝑑𝑝𝑝(𝑡𝑡)]3

[𝑑𝑑𝑝𝑝(𝑡𝑡=0)]3
 .  
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Figure S3.10, which is an extended version of Figure 3.3.b (main text), compares simulated 

isothermal room temperature evaporation kinetics of fresh α-pinene SOA particles applying 

our TD-derived volatility parameterizations with the experimental data from Vaden et al. 

(2011) and Wilson et al. (2015). Vaden et al. (2011) data is for a 160 nm fresh α-pinene SOA 

particle, shown from Fig. 4 of their paper; Wilson et al. data is for a 200 nm fresh α-pinene 

SOA particle, formed at 50% RH, evaporated at dry condition, shown from Fig. 3.2a of their 

paper. Solid lines in Figure S3.10 show simulation results for 160 nm and 200 nm particles 

using our TD-derived volatility distribution from ‘unified fit’  (Table 3.1, main text) and  γ e  = 

0.1. (Specific inputs are: C* = [0.01, 0.1, 1, 10, 100, 1000, 10000], x i = [0.28,    0.22,    0.19,   

0.25,    0.05,    0.01,   0]). Bounded region shows prediction range within the uncertainties in 

parameterizations from this study (e.g., fitted f i distribution from individual experiments 

shown in Table 3.1 in main text and Table S3.4 in SI; γ e  ~ 0.05 to 0.25). Dash line in Figure 

3.S10 shows simulated evaporation kinetics for a 200 nm particle using our modeling codes 

with the input parameter values from Wilson et al. 2015, given in their SI (C* = [0.001 0.01 

0.1 1 10], x i = [0.24 0.24 0.16 0.36 0] for dry-dry condition, γ e  =1,  Mi = 200 g mol-1, ρ = 1200 

kg m-3,  D = 5 ×10-6 m2 s-1, and σ = 0.05 N m-1). 

 

In Figure S3.11, we explore room temperature evaporation of fresh α-pinene ozonolysis 

SOA using an activated charcoal denuder at shorter residence time (~ 45 s). A schematic of the 

experimental setup is shown in Figure S3.11.a. In this experiment, α-pinene ozonolysis SOA 

was generated in an 8 m3 Teflon chamber at relatively higher precursor concentration (initial 

COA ~ 400 μg m-3; assuming unit density).  Aerosol was continuously sampled from chamber 

through two parallel lines (Line-1: stainless steel tube, L = 480 mm, ID = 35 mm; Line-2: mesh 

tube surrounded by activated charcoal, L = 406 mm, ID = 38 mm) at room temperature and 

particle size distribution was measured using a SMPS (sample flow rate = 0.6 lpm). Line-2 

was the same section that was used as the variable residence time thermodenuder (VRT-TD) 

in this study, geometry is described in Saha et al. (2015). Both lines had an equal plug-flow 

residence time (~ 45 s) at room temperature, which eliminates the complicacy regarding the 
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diffusional particle losses for a direct comparison. To be certain about diffusional particle 

losses in these two lines, we sampled atomizer generated non-volatile sodium chloride (NaCl) 

particle using the same experimental setup shown in S3.11.a and found no significant 

difference within measurement variability. Thus, a direct comparison SOA loading (COA) or 

size distribution (e.g., volume median diameter) measured in these two lines provides an 

estimate of room temperature evaporations due to vapor striping in the activated charcoal 

denuder section (Line-2; VRT-TD). The extent of room temperature evaporation in the 

activated charcoal section (VRT-TD) was quantified in terms of volume fraction remaining 

(VFR) relative to the stainless steel tube section; results are presented in Figure S3.11.b. 

 

All VFR data presented in Figure S3.11.b (top) is the measure of room temperature 

evaporation of SOA mass/volume with a ~ 45 s residence time of activated charcoal denuder.  

Results show that the extent of SOA evaporation becomes lower with the increasing of their 

retention time in the chamber. For example, approximately 4-6% of SOA mass/volume 

evaporated during the first 2 hours of experiment, whereas, 1-3% evaporated after 6-8 hours. 

This observation is consistent with the ‘ripening’ of SOA during ozonolyis experiment 

reported in Tritscher et al. (2011). Here,  ‘ripening’ refers a relatively slow transformation 

process where physical and chemical properties of SOA (e.g., volatility, O:C) can evolve 

without changing SOA mass concentration in the chamber (Tritscher et al., 2011).  If property 

of SOA evolves with their retention time in chamber, this may have some effects on our TD 

observations/parameter fittings. A typical starting and ending positions of our TD-experiments 

# 1 to 8 are marked in Figure S3.11.b. Since we derived volatility parameter values by fitting 

mean TD observations over the experimental window, these parameter values will reflect a 

time-integrated average properties. Figure S3.11.b (top), the solid line show modeled VFRs at 

room temperature due to stripping of vapor applying our TD-derived volatility 

parameterization. This analysis used same parameter values corresponding to the solid 

modeled lines in Figure S3.10 (discussed above).  
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It is noted here that TD data fittings from expt. 1-8 did not explicitly consider the effects 

of vapor stripping in the VRT-TD section. Based on our room temperature evaporation 

experiment data (Figure S3.11.b), 2-5% of SOA mass/volume evaporated at room temperature 

with a ~ 45 s residence time in VRT-TD section. Since we considered all extreme scenarios in 

this room temperature experiment those can largely affects the vapor stripping in VRT-TD 

(e.g., longest operating Rt of VRT-TD, high chamber COA), the above estimate is an upper 

bound for all VRT-TD data from expt. 1-8. If we consider this upper bound estimate in our 

modeling to account the effects of vapor stripping in VRT-TD section and subsequent 

additional evaporation, we cannot determine a different set of volatility distribution within the 

observed variability in each experiment. We also show in Figure S3.11.b that our base-case 

TD-derived volatility parameter values can reproduce the measured room temperature 

evaporations in VRT-TD, also suggesting no significant systematic bias because of neglecting 

the effects of vapor stripping in the VRT-TD section. 

 
Table S3.1:  A summary of α-pinene SOA volatility experiments performed in this study 

Ex
p # 

α-pinene 
vol. 
injected 
(μL) 
in 8 m3 
bag 

aα-pinene 
injected 
(ppb) 

 

bInitial O 3  
(ppb) 

ΔO 3 
(ppb) 

cSOA mass 
Conc. 
(μg/m3) 

dAverage 
Volume 
median 
diameter 
(nm) 

eAMF fApprox. 
 T 50  (℃) 
with RT 
= 50 s 
 

1 10 192 790 178  445 248 0.43 58 
2 5 100 700 96 147 189 0.27 70 
3 3 60 658 55 64 188 0.20 71 
4 3 60 556 52 62 198 0.20 70 
5 2 39 520 40 33 256 0.15 72 
6 2 39 260 37 34 233 0.16 73 
7 1 19 540 16 5 139 0.05 78 
8 0.75 15 236 11 2.8 151 0.04 78 

a Calculated from volume of  α-pinene injected and estimated chamber volume ( using density of 0.858 g/ml) 
bOzone concentration just before injection of α-pinene;  cWall loss corrected overall SOA mass loading in the chamber (maximum SOA mass 

concentration) , with an assumed SOA density of 1 g cm-3; dVolume median diameter (VMD) averaged over TD experimental period   
eUsing wall loss corrected SOA loading and ΔROG ~ ΔO 3; 

fTemperature at which 50 % of SOA volume or mass evaporates 
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Table S3.2: TD kinetics model input parameters for the base case fitting 
Parameters Value* 
f

i
 limit for C*each bin (for base case fitting) C*=[10-2 to 104] 

f
i_min

= 0.05, f
i_max

= 0.4 for 0.01 ≤ C*
i   ≤100 

f
i_min

= 0.05, f
i_max

= 0.6 for C*
i  > 100 

Density, ρ (kg m-3) 1000  
Diffusion Coefficient, D (m2s-1) 3.5×10-6 
Surface tension, σ (J m-2) 0.08  
Molecular weight, MW (g mol-1) MW

i
 (g mol

-1
) =169-28 (log

10
C

*

i
) 

 
*See SI, section S3.4 for references and discussion regarding the assumed values.  
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Table S3.3: Summary of fits in the γ e  and ΔHvap space  that produce acceptable fits. Cross (X) 

indicates a combination that can reproduce all TD observations (TS-TD and VRT-TD) to 

within experimental variability (±1 standard deviation from mean observations) of that 

experiment. Size of the ‘X’ represents overall goodness of fit (quantified from sum of squared 

residual; SSR values) for a data set from a particular experiment, with larger size corresponds 

to better fit. 

γ e 1 0.5 0.25 
ΔH vap (interc
ept) 30 50 80 100 130 30 50 80 100 130 30 50 80 100 130 

ΔH vap 
(slope) 

0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 

Expt.1                                              x       x         

Expt.2         x                 x x x                      x x           

Expt.3                             x                     x x x x         

Expt.4                              x x x                  x x x x         

Expt.5                              x                    x x x          

Expt.6                                                 x x x x         

Expt.7                             x  x                  x x x          

Expt.8                                                                         x                                                x x             

 
γ e 0.1 0.05 0.01 
ΔH vap (interc
ept) 30 50 80 100 130 30 50 80 100 130 30 50 80 100 130 

ΔH vap 
(slope) 

0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 0 4 8 11 

Expt.1           x x x                 x x   x x x x                      x x  

Expt.2          x x x x                 x x                               

Expt.3          x x x x x x                    x x x                         
Expt.4          x x x x x x               x    x x x                          
Expt.5          x  x x                 x x                       x        

Expt.6         x x x x x                x x                               
Expt.7         x x  x  x                   x x   x                           
Expt.8                         x  x x  x                                     x                                                                        
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Epstein et al. (2010) correlation  

• Largest size of crosses refers that has smallest SSR value among all accepted set of solutions for a data set from a particular 
experiment; smallest size of crosses refers that has SSR value just equal (or close) to acceptable SSR value; Intermediate sizes are 
linearly scaled between largest and smallest sizes with respect to their SSR values 

Table S3.4: α-pinene SOA mass yield coefficient (α i ) at 298K  

 
log

10
(C*

i )  

This 
study 
(yield 
data fit) 

aPathak et al.(Pathak 
et al., 2007b) 

aPresto and Donahue(Presto 
and Donahue, 2006) 

bStanier et al.(Stanier et al., 
2008a) 

-2  0 0.001 0.004 0.000 
-1  0 0.012 0.000 0.000 
0  0.03 0.037 0.051 0.072 
1  0.065 0.088 0.090 0.075 
2  0.24 0.099 0.120 0.082 
3  0.3 0.250 0.180 0.290 
4  0.45 0.800 

 
0.290 

 

a Low RH, low NOx, dark; bOverall fit from a large α-pinene ozonolysis yield data sets from various smog chamber studies  

 

 

 
Table S3.5: α-Pinene SOA volatility distributions from base-case and extended lower C* bin 

fittings 

C i
* 

f i  distribution with γ e =0.1 and ΔH vap,i =80-11(log 10 C*
i ) 

Expt.6 Expt.8 

Base case fit Lower bin fit Base case fit Lower bin fit 

10-6 - 0.02 - 0.015 
10-3 - 0.04 - 0.02 
10-2 0.09 0.02 0.06 0.015 
10-1 0.06 0.07 0.05 0.06 
100 0.11 0.11 0.17 0.17 
101 0.35 0.35 0.34 0.34 
102 0.39 0.39 0.38 0.38 
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Figure S3.1: SMPS volume-weighted size distribution of SOA measured at room temperature 

after ~ 2 hours of injecting α-pinene in the chamber. Examples are shown for a representative 

subset of experiments. 
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Figure S3.2: A schematic of the dual TD experimental setup. Detailed description and 

characterization of the dual-TD system are described in Saha et al. (2015) TS-TD: Temperature 

stepping TD, VRT-TD: Variable residence time TD, Rt: Residence time, EFC: Extra flow 

control, ACSM: Aerosol chemical speciation monitor, SMPS: Scanning mobility particle sizer. 
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Figure S3.3: Observed variability in α-pinene SOA volatility measurements over the period 

of an experiment. Example plot is shown from experiment # 7. Raw VFRs from SMPS 

measurements (solid circles) are shown with color coded by experiment time stamp. Mean 

VFRs (blue triangles) with error bar (± 1 standard deviation from mean) is shown from multiple 

SMPS scans (~ 16-20) at each TD temperature condition. Raw MFRs data from ACSM 

measurements (open green squares) are shown; mean and standard deviations for MFR data 

are not shown because of limited data points. 
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Figure S3.4: similar to Figure 3.1 in main text, shows measured and modeled volume fraction 

remaining (VFR) of α-pinene ozonolysis SOA as a function of temperature (T) and residence 

time (Rt) for all of the data from 8 experiments. Symbols correspond to data and lines 

correspond to model output with the experiment-specific best fit volatility parameter values 

(See table 3.1 in the main text). 
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Figure S3.5: Modeled thermogram of α-pinene ozonolysis SOA with the volatility 

distributions from base case and extended lower C* bin fittings. Symbols are measured average 

VFR with error bar of ± 1 standard deviation estimated from multiple SMPS scans (~ 16-20) 

at each TD temperature condition. Inset shows zoomed view of higher temperatures data. 
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Figure S3.6: Comparison of α-pinene SOA thermogram from this study with data from several 

previous studies. Data are color coded by TD residence times (Rt) used across various studies. 

All Rts are assuming plug flow condition and at room temperature. Lines are for guiding eyes.  

Literature thermograms were collected under diverse experimental conditions; Jonsson et al. 

(2007): chamber SOA, VTDMA method, Rt  2.8 ; Cappa and Wilson (2011)  : flow-tube SOA, 

COA ~ 500 μg m-3, Rt ~ 15 s; Huffman et al. (2009): chamber SOA, COA ~ 500 μg m-3, Rt~ 15 

s; Lee et al. (2011): Chamber SOA, low RH and low NOx, COA ~ 74 μg m-3, Rt ~ 32 s. This 

study (Expt. # 1), chamber SOA, COA ~ 445 μg m-3, Rt range 7-50 s. 
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Figure S3.7: (A) Variation of f44  and f43  as measured by the ACSM (fractional contribution 

to SOA mass loading from m/z 44 and m/z 43, respectively) with COA concentrations. (B)  

Variation of f44  fraction with thermodenuder (TD) temperatures. The f44 , f 43 , and COA were 

measured by ACSM with a 20 min sample averaging time; data shown with assumed 

collection efficiency (CE) of 1. Data in panel-A were compiled from expt. 2 to 8 (See table 

S3.1 for experiments conditions) under bypass conditions only. Panel-B shows the average 

f44  from repeated TS-TD temperature scans in a particular experiment. COA reported in 

panel-B for an individual experiment is the organic loading measured in the chamber 

conditions prior to the commencement of TD measurements.  
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Figure S3.8: Sensitivity analysis for assumed diffusion coefficient (D) value during TD 

evaporation kinetics modeling. See SI; section S3.4 for the detail discussion on this figure. 
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Figure S3.9: Comparison of α-pinene SOA yield from this study with data from several 

previous studies. Symbols correspond to measured data. Lines show model fit (Eq. S3.5) 

applying mass yield coefficients (α i ) parameterization from this study and Pathak et al. 

(2007). Literature data were collected under diverse experimental systems/conditions (e.g., 

chamber surface-volume ratio; temperature/relative-humidity; seeded-unseeded; varying 

levels/types/sizes of seed aerosols).   

 



102 
 
 

 

 

 
 
Figure S3.10: Extended version of Figure 3.3.b (main text). In addition to Figure 3.3.b, dashed 

blue line shows simulated evaporation kinetics for 200 nm particle with the volatility 

parameterization given in Wilson et al. (2015) SI,  and using our modeling codes. Details about 

analysis of this figure are discussed in SI, section S3.5. 
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Figure S3.11: Room temperature evaporation of α-pinene SOA using an activated charcoal 

denuder (i.e., variable residence time thermodenuder: VRT-TD used in this study). (a) 

Experimental setup, (b) Bottom: time series of SOA mass concentration (COA , μg m-3 ; 

estimated from SMPS volume concentrations assuming a density of 1 g cm-3 ) alternatively 

measured in a stainless steel (SS) tube line (white stripes) and activated charcoal denuder line 

(gray stripes) at same residence time (~ 45 s). Top: symbols show estimated evaporation of 

SOA in activated charcoal denuder (relative to SS-tube) in terms of volume fraction remaining 

(VFR); solid line shows modeled VFRs at room temperature applying our TD-derived 

volatility parameterizations in this study. See SI, section S3.5 for further details about the 

analysis of this figure. 
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Figure S3.12: Contour plot shows ratio of AMF corresponding to α i,TD  (COA, expt.1) to that 

from α i,growth  Pathak et al. (2007) over a wide range of atmospherically relevant  spaces (T: 10 

to 40 ˚C ,COA : 0.5 t0 20 μg m-3). Mass yield coefficients (α i, ) values at 298 K used in this 

analysis are listed in Table 3.1 (main text). Clausius-Clapyeron equation (Eq. S3.6) was used 

to estimate temperature dependent C*, with the best fitted ΔHvap  parameterization from this 

study (ΔHvap  = 80-11logC*
i, 298 ). 
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CHAPTER 4: Quantifying the volatility of organic aerosol in the 
southeastern US * 
 
Abstract: The volatility of organic aerosols (OA) has emerged as a property of primary 

importance in understanding their atmospheric lifecycle, and thus abundance and transport. 

However, quantitative estimates of the thermodynamic (volatility, water solubility) and kinetic 

parameters dictating ambient OA gas-particle partitioning, such as saturation concentrations 

(C*), enthalpy of evaporation (ΔHvap ) and evaporation coefficient (γ e), are highly uncertain. 

Here, we present measurements of ambient OA volatility at two sites in the southeastern U.S., 

one at a biogenic-volatile-organic-compound (BVOC)-dominated rural setting in Alabama as 

part of the Southern Oxidant and Aerosol Study (SOAS) in June-July, 2013, and another at a 

more anthropogenically-influenced urban location in North Carolina during October-

November, 2013. These measurements applied a dual-thermodenuder (TD) system, in which 

temperature and residence times are varied in parallel, to constrain equilibrium and kinetic 

aerosol volatility properties. Gas-particle partitioning parameters were determined via 

evaporation kinetic model fits to the dual-TD observations. OA volatility parameters values 

derived from both datasets were similar despite the fact that measurements were collected in 

distinct settings and seasons. The OA volatility distributions also did not vary dramatically 

over the campaign period nor strongly correlate with OA components identified via positive 

matrix factorization of aerosol mass spectrometer data. A large portion (40-70%) of measured 

ambient OA at both sites was composed of very low volatility organics (C*≤ 0.1 μg m-3). An 

effective ΔHvap  of bulk OA of ~ 80-100 kJ mol-1 and a γ e  value of ~ 0.5 best describe the 

evaporation observed in the TDs. This range of ΔHvap  values is substantially higher than that 

typically assumed for simulating OA in atmospheric models (30-40 kJ mol-1). TD data indicate 

that γ e  is on the order of 0.1 to 0.5, indicating that repartitioning timescales for atmospheric 

OA are on the order of several minutes to an hour under atmospheric conditions. The OA 

volatility distributions resulting from fits were compared to those simulated in the Weather, 

Research and Forecasting model with Chemistry (WRF/Chem) with a current treatment of 

SOA formation. The substantial fraction of low-volatility material observed in our 
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measurements is largely missing from simulations, and OA mass concentrations are 

underestimated. The large discrepancies between simulations and observations indicate a need 

to treat low volatility OA in atmospheric models. Volatility parameters extracted from ambient 

measurements enable evaluation of emerging treatments for OA (e.g., secondary OA using the 

volatility basis set or formed via aqueous chemistry) in atmospheric models. 

_______________ 
*Originally published as: Saha, P. K., Khlystov, A., Yahya, K., Zhang, Y., Xu, L., Ng, N. L. 

and Grieshop, A. P.: Quantifying the volatility of organic aerosol in the southeastern US, 

Atmos Chem Phys, 17(1), 501–520, doi:10.5194/acp-17-501-2017, 2017. 

4.1 Introduction 

Organic aerosol (OA) is a dominant component of atmospheric fine particulate matter 

(PM2.5 ) (Jimenez et al., 2009; Zhang et al., 2007), which is linked with adverse human health 

and uncertain climate effects. Atmospheric OA is a complex mixture of thousands of individual 

organic compounds originating from a range of natural and anthropogenic sources. Primary 

OA (POA) is emitted directly into the atmosphere. Secondary OA (SOA) is formed in the 

atmosphere via oxidation reactions of gas-phase organic species; it may also be formed by 

reactions in the particle (condensed) phase(Kroll and Seinfeld, 2008). A large fraction of SOA 

in many parts of the globe, e.g., in the southeast U.S., is formed from biogenic-VOCs (BVOCs) 

(Goldstein et al., 2009; Goldstein and Galbally, 2007). However, the mechanisms responsible 

for SOA production from BVOCs (Budisulistiorini et al., 2015; Goldstein and Galbally, 2007; 

Marais et al., 2016; Xu et al., 2015a, 2015b),  its chemical composition and many important 

physical properties are largely undetermined (Goldstein et al., 2009; Schichtel et al., 2008; 

Weber et al., 2007).  Therefore their representation in current atmospheric and climate models 

are highly uncertain (Hallquist et al., 2009; Liao et al., 2007; Pye et al., 2015; Pye and Seinfeld, 

2010). 

One of the major sources of uncertainty in predicting SOA concentrations in atmospheric 

models arises from the poor understanding of gas-particle partitioning of chemical species 
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comprising SOA (Hallquist et al., 2009; Jimenez et al., 2009; Seinfeld and Pankow, 2003).  

Gas-particle partitioning plays a central role in determining OA lifecycle and thus its 

atmospheric abundance, transport, and impacts (Donahue et al., 2006; Jimenez et al., 2009). 

At equilibrium, the volatility of organic species, specifically saturation vapor pressure (or 

equivalently, saturation concentration, C*; μg m-3), plays a vital role in determining their gas-

particle partitioning (Donahue et al., 2006; Pankow, 1994). Solubility of organic species in 

water may also be critical for gas-particle partitioning for many species (Hennigan et al., 2009), 

especially in places with higher relative humidity, for example, in the southeast US. Enthalpies 

of vaporization (ΔHvap ) dictate the change in partitioning with temperature (Donahue et al., 

2006; Epstein et al., 2010). Although gas-particle partitioning is determined by the basic 

thermodynamic properties of OA species – their C*, ΔHvap , and solubility– these, along with 

the impacts of non-ideal mixing on individual species, are generally unknown for ambient OA. 

Under changing conditions, gas-particle partitioning is also influenced by the kinetics of 

gas/particle exchange, for example due to barriers to mass transfer in solid or viscous particles 

or molecular accommodation at a particle surface (Kroll and Seinfeld, 2008). The overall 

kinetic limitation to mass transfer during repartitioning is typically described by an evaporation 

coefficient (γ e) (also often called mass accommodation coefficient), which is highly uncertain 

for ambient OA and can dictate time-scales for partitioning (Saleh et al., 2013). Though current 

models assume OA to be at equilibrium within a model prediction time-step (several minutes 

to an hour) during atmospheric simulations, several studies have indicated that partitioning 

time scales could be as long as days or months (γ e  << 0.1) due to a highly viscous and/or glassy 

aerosol (Vaden et al., 2011; Zobrist et al., 2008). 

Quantitative measures of ambient OA gas-particle partitioning parameters are needed to 

provide inputs for, and to evaluate, atmospheric models. However, methods to quantitatively 

determine ambient OA volatility are in their infancy and the resulting estimates of parameters 

dictating OA volatility are highly uncertain (Cappa and Jimenez, 2010). Thermodenuder (TD) 

systems have been previously applied to measure ambient OA volatility (Burtscher et al., 2001; 

Huffman et al., 2009; Lee et al., 2010; Paciga et al., 2015; Xu et al., 2016). A TD system 
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measures evaporation of sampled aerosol at various temperature perturbations by 

systematically comparing the size distribution and/or aerosol mass concentration measured 

after heating in a TD and at a reference (“bypass”) condition (Huffman et al., 2008). Several 

efforts have been made to infer ambient OA volatility distributions by fitting observed 

evaporation in a TD using a model of evaporation kinetics (Cappa and Jimenez, 2010; Lee et 

al., 2010). However, since OA evaporation in a TD is dictated by a large number of 

independent parameters (e.g., C*, ΔHvap , and γ e) (Cappa and Jimenez, 2010; Lee et al., 2010), 

it is difficult to constrain all parameters with a single-dimensional perturbation (e.g. varying 

TD temperature) to the initial equilibrium. Saha et al. (2015) showed that operating two TDs 

in parallel (dual-TD) that vary both temperature and residence time can provide tighter 

constraint on estimates of volatility parameter values (C*, ΔHvap , and γ e) for single component 

OA via kinetic model fits to the observations. In Saha and Grieshop (2016), this approach was 

applied to determine volatility and phase-partitioning parameter values for laboratory α-pinene 

SOA. The resulting parameters are consistent with recent observations of low-volatility SOA 

(Jokinen et al., 2015; Zhang et al., 2015) and evaporation rates (Vaden et al., 2011; Wilson et 

al., 2015) observed by several techniques. TD perturbations alone cannot give insights into the 

solubility of OA components, though may be used in concert with other techniques to do so 

(Cerully et al., 2015).  

This paper describes the application of the dual-TD approach during ambient observations 

from two different settings in the southeastern U.S. Measurements at a rural site during the 

Southern Oxidant and Aerosol Study (SOAS-2013) (https://soas2013.rutgers.edu/) leverage 

the range of complementary measurements available during this large field study. To provide 

a contrast, measurements were also taken several months later, under cooler conditions, in 

Raleigh, U.S., a small metropolitan area in a similar ecological zone, but with stronger 

influence from local anthropogenic emissions. The objectives of the study were to: (i) 

determine a set of volatility parameter values, such as OA volatility distribution using the 

Volatility Basis Set (VBS) framework (Donahue et al., 2006, 2012) and ΔHvap  and γ e ,  that 

describe observations, (ii) examine the variability and consistency in ambient OA volatility 
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distributions across diverse settings and conditions, (iii) examine relationships between 

extracted volatility distributions and OA composition and source contributions, and (iv) 

evaluate a model treatment of OA volatility by comparing the measured OA volatility 

distribution with that simulated by a chemical transport model using a current implementation 

of the VBS framework.  

4.2. Methods 

4.2.1. Measurement sites 

Ambient OA volatility measurements were conducted at two locations in the southeastern 

U.S., one in a forested rural setting and another in an urban location. Six weeks (June 1 to July 

15, 2013) of continuous measurements were conducted in rural Alabama during the Southern 

Oxidant and Aerosol Study (SOAS-2013) field campaign. The SOAS field campaign occurred 

in summer 2013 at several locations in the southeastern U.S. in order to study the interaction 

of biogenic and anthropogenic atmospheric compounds with a focus on BVOCs and organic 

aerosols. The measurements reported here are from the main SOAS ground site (32.903°N, 

87.250°W), near Talladega National Forest and Centreville, Alabama. The Centreville, 

Alabama site is an ideal location to study volatility of OA dominated by secondary OA from 

BVOC precursors (Warneke et al., 2010) in the presence of a range of anthropogenic 

influences. An additional four weeks (October 18 to November 20, 2013) of ambient OA 

volatility measurements were conducted at the North Carolina State University (NCSU) main 

campus (35.786°N, 78.669°W) in Raleigh, USA. The NCSU site, while in an area with 

plentiful tree cover and BVOC emissions, receives a substantially stronger influence from 

anthropogenic emissions due to its location within the Raleigh metro area. Section 4.3.1 

includes further comparison between two study areas. Here-in-after, the two data sets are 

referred to as ‘Centreville’ and ‘Raleigh’.  

4.2.2. Dual thermodenuder operation and sampling strategy  

Measurements were collected using the dual TD experimental setup introduced in Saha et 

al. (2015) and only briefly described here. Two TDs operated in parallel, one at various 
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temperature settings (temperature stepping TD; TS-TD) with a fixed, relatively longer 

residence time (Rt) and another at fixed temperature and various Rt settings (variable residence 

time TD; VRT-TD). The TS-TD temperature settings were 40, 60, 90, 120, 150, and 180 ℃ 

with ~50 s Rt, while the VRT-TD operated at 60 or 90℃ with Rt varying between 1 to 40 s (5-

8 settings). All Rts reported here are calculated assuming plug flow at room temperature. 

Temperature effects on Rt were included during modeling of evaporation kinetics (discussed 

below) as Rt (TTD) = Rt(Tref )×(Tref /T TD), where Tref  and TTD are the reference (e.g., room 

temperature) and TD temperature in K, respectively (Cappa, 2010). The time to run through 

all temperatures and Rt steps during measurements was ~ 4-5 hours. 

 

 
Figure 4.1: Dual thermodenuder aerosol volatility measurement setup used during field 

campaigns at two sites in the southeastern U.S. TS-TD: Temperature stepping TD, VRT-TD: 

Variable residence time TD, Rt: Residence time, EFC: Extra flow control, ACSM: Aerosol 

chemical speciation monitor, SMPS: Scanning mobility particle sizer. 
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A schematic of the experimental setup is shown in Fig 4.1. Three Scanning Mobility 

Particle Sizers (SMPS, TSI Inc; Model 3081 DMAs; Model 3010/3787 CPCs) simultaneously 

measured aerosol size distributions (10-600 nm) in 3 parallel lines (two TDs and one bypass). 

An Aerosol Chemical Speciation Monitor (ACSM, Aerodyne Research Inc.) alternated 

between the bypass and TS-TD lines at ~ 20-30 minute intervals using an automated 3-way 

valve system. The ACSM measured the sub-micron aerosol (~ 75-650 nm) mass concentration 

of non-refractory chemical species (organic, sulfate, nitrate, ammonium, and chloride) (Ng et 

al., 2011a). 

All aerosol instruments and TD inlets were inside a temperature-controlled (25˚±2) trailer 

in Centreville, and laboratory room in Raleigh. Ambient air was continuously sampled through 

a sampling inlet located on the rooftop of a trailer/building (~5 m above ground level). The 

sampling inlet included a PM2.5 cyclone (URG Corp, 16.7 L min-1) followed by a ~ 8 mm inner 

diameter copper sample line. A silica gel diffusion dryer upstream of TD inlets and aerosol 

instruments maintained relative humidity (RH) < 30-40%. The dryer is required for instrument 

operation under these humid conditions but may induce some loss of water-soluble OA 

components (El-Sayed et al., 2016). 

 

4.2.3. Quantifying OA evaporation  

Evaporation of bulk OA at a particular TD operating temperature and residence time is 

described in terms of mass fraction remaining (MFR). OA MFR is the ratio of OA mass 

concentration measured after passing through TD to that measured via the bypass (room 

temperature) line. For quantitative assessment of aerosol volatility, such as during modeling of 

aerosol evaporation, the initial OA concentration (COA) and particle size are also needed. 

Empirically estimated particle loss correction factors as a function of TD temperatures and 

residence times (Saha et al., 2015) and instrumental inter-calibration factors were applied in 

MFR calculations. To get directly comparable SMPS concentration data from 3 SMPSs 

running in parallel with our dual TD system, we ran them periodically in parallel on the bypass 

line to determine inter-calibration factors. Further details on SMPS inter-comparison are 
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discussed in Saha et al. (2015). Since the VRT-TD line was measured with the SMPS only 

(Fig.4.1), it provided only information on evaporation of submicron aerosol in terms of its 

volume concentration. We estimated the OA MFR from VRT-TD/SMPS data assuming 

measured aerosol volume was comprised of OA and ammonium sulfate (AS) only. This is a 

reasonable assumption under these conditions because more than 90% of measured aerosol 

volume concentrations can be explained by OA+AS for both sites (see supplementary 

information; SI, Fig. S4.1). Our calculations also assumed that AS did not evaporate at the 

VRT-TD operating temperatures (60 or 90˚C) (Fig. S4.2). For further detail on the estimation 

of approximate OA MFR from VRT-TD/SMPS data, see SI, section S4.1. 

 

4.2.4. Determining OA gas-particle partitioning parameters  

We apply a previously described volatility parameter extraction framework (Saha et al., 

2015; Saha and Grieshop, 2016) to extract a set of volatility parameter (C*, ΔHvap , γ e) values 

via inversion of dual-TD data using an evaporation kinetics model. The evaporation kinetics 

model used here is based on Lee et al. 2011. The approach is outlined briefly below. The 

resulting fit describes OA using a log10  volatility basis set (VBS) framework (Donahue et al., 

2006, 2012), where material is lumped into volatility bins separated by orders of magnitude in 

C* space at a reference temperature (Tref ). The volatility distribution extracted using this 

approach is an empirical estimate describing the bulk volatility behavior of OA, assuming 

absorptive partitioning (Donahue et al., 2006, 2012). The VBS approach is based on an 

effective saturation concentration (C*) where the activity coefficient is assumed to be lumped 

into the saturation concentration.  In the VBS approach, total OA concentration (COA ; μg m-3) 

is modeled using Eq. 4.1. 
1*

1 i
OA tot i

i OA

CC C f
C

−
 

= + 
 

∑  [4.1] 

Here, Ctot  is the total organic material (vapor + aerosol) in phase equilibrium with COA; f i  

is the fraction of C tot  in each volatility (log10C*) bin. Thus, f i =  C tot,i /C tot , describes the 

distribution of organics in volatility space and is usually called the ‘volatility distribution’. 
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The Clausius-Clapyeron equation (Eq. 4.2) is used to represent temperature dependent C*. 

,* * 1 1( ) ( ) exp vap i ref
i i ref

ref

H T
C T C T

R T T T

  ∆
= − −      

        [4.2] 

Where R is the gas constant and ΔHvap  is the enthalpy of vaporization. 

To extract the volatility distribution of OA from ambient measurements, we select lower 

and upper C* (Tref ) bins of 10-4 and 101 μg m-3, respectively. A reference temperature (Tref ) of 

298 K is assumed. All C* values reported in this paper should be considered at 298 K, unless 

otherwise specified. The selection of the lower and upper bins are determined by the highest 

TD operating temperature (180 ˚C) and the average ambient OA loading (COA ~ 5 μg m-3), 

respectively. With the above C* bin limits, materials having C* < 10-4 μg m-3 are lumped into 

the lowest bin, while materials having C* > 10 μg m-3 are not represented.  Note, if a C* bin of 

100 μg m-3 is included, Eq. 4.1 indicates less than 5% of the material in this bin will be in the 

condensed-phase at COA ~ 5 μg m-3. Therefore, C* bins > 10 μg m-3 are not well constrained 

by our TD data and are not included in our analysis. 

The general approach to fitting a volatility parameterization employed in this study is 

similar to that applied to laboratory aerosol systems (Saha et al., 2015; Saha and Grieshop, 

2016). Briefly, the kinetic model tracks both particle- and gas-phase concentrations of model 

species (each represented by a VBS bin) as they proceed through TD operated at a particular 

temperature and residence time. The model takes inputs of several aerosol properties (e.g., C* 

distribution, ΔHvap , diffusion coefficient (D), surface tension (σ), molecular weight (MW) and 

density (ρ)), total aerosol loading (COA ) and particle diameter (dp ) and determines how much 

aerosol mass concentration will evaporate for a set of input parameters at a particular TD 

temperature and residence time. Non-continuum effects on mass transfer are represented using 

the Fuchs−Sutugin correction factor, which depends on γ e . The model is applied to extract OA 

properties such as the volatility distribution, ΔH vap , and γ e  as fitting parameters by matching 

measured and modeled evaporation data. Values of D, σ, MW, and ρ generally have a smaller 

influence on observed evaporation (Cappa and Jimenez, 2010; Saha et al., 2015), and are 

approximated from literature values (Table S4.1). Volume median diameter was used as a 
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representative dp . For simplicity, a large (ΔH vap , γ e) space was considered for fitting a f i  

distribution of measured OA. Following previous work (Epstein et al., 2010; May et al., 2013), 

a linear relationship was assumed between ΔHvap  and log10 C* with ΔHvap,i  = intercept-slope 

(log10 C*
i,298 ), where intercept and slope are fit parameters. Values for ΔH vap  intercept = [50, 

80, 100, 130, 200] and slope = [0, 4, 8, 11] KJ mol-1 were applied along with γ e  = [0.01, 0.05, 

0.1, 0.25, 0.5, 1]. γ e  was assumed constant over all bins, and is an effective parameter 

representing all kinetic limitations within the condensed-phase and at the particle surface. 

A distribution of f i  was solved for each combination of (ΔH vap , γ e) applying the non-linear 

constrained optimization solver ‘fmincon’ in Matlab (Mathworks, Inc.) by first fitting TS-TD 

data; ‘accepted’ solutions were then further refined by fitting VRT-TD observations. A 

constraint of Σf i  =1 was used. The goodness of fit was quantified in terms of the sum of squared 

residual (SSR) values. For the campaign average fit, an ‘acceptance’ threshold value for SSR 

was selected based on observed variability (±one standard deviation) in measurements. A 

parameter set (f i , ΔH vap , and γ e) was considered a finally ‘accepted’ solution if it optimally 

reproduced both TS-TD and VRT-TD observations within the observed variability. Raw data 

at each (T, Rt) condition were averaged over 20-30 minutes. At given TD operating conditions 

(T, Rt), we defined ±1 standard deviation of MFR data (20-30 minute resolution) from the 

whole campaign as an indicator of the observed variability. The ‘best fit’ is defined as that with 

the lowest SSR value among all the accepted combinations.  

 

4.2.5 Simulation of OA in a chemical transport model 

Considering that VBS-based parameterizations are becoming common means to improve 

the performance of OA prediction in chemical transport models (CTMs) (Farina et al., 2010; 

Lane et al., 2008b; Matsui et al., 2014; Murphy et al., 2011; Shrivastava et al., 2013), 

measurements of OA volatility provide a useful means by which to evaluate these simulations. 

We compared OA volatility distributions measured in this study to those resulting from CTM 

simulations with a current VBS-based parameterization implemented in a modified version of 

the Weather, Research and Forecasting model with Chemistry (WRF/Chem) v3.6.1 (Wang et 
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al., 2015; Yahya et al., 2016). The WRF/Chem simulation uses the Carbon Bond version 6 

(CB6) gas-phase mechanism (Yarwood et al., 2010) coupled by Wang et al. (2015) to the 

Model for Aerosol Dynamics for Europe – Volatility Basis Set (MADE/VBS) (Ackermann et 

al., 1998; Ahmadov et al., 2012; Shrivastava et al., 2011). The CB6-MADE/VBS treatment 

includes semivolatile POA and SOA, as well as a fragmentation and functionalization 

treatment for multi-generational OA aging based on Shrivastava et al. (2013). The 

fragmentation and functionalization treatment in this case assumes 25% fragmentation for the 

third and higher generations of oxidation (Shrivastava et al., 2013). The ranges of C* values 

used in WRF/Chem simulation are defined based on current SOA and semi-volatile POA 

parametrizations and were 100 to 103 μg m-3 for ASOA (anthropogenic-SOA) and BSOA 

(biogenic-SOA), 10-2 to 106 μg m-3 for POA and 10-2 to 105 μg m-3 for SVOA (semi-volatile 

OA), where SVOA refers to oxidized OA from evaporated POA. The semi-empirical 

correlation for ΔHvap  by Epstein et al. (2010) was used to estimate temperature-dependent 

partitioning. 

The simulations are performed at a horizontal resolution of 36-km with 148 × 112 

horizontal grid cells over the continental U.S. domain and parts of Canada and Mexico, and a 

vertical resolution of 34 layers from the surface to 100-hPa. Anthropogenic emissions in 2010 

are based on the 2008 National Emissions Inventory (NEI) from the Air Quality Model 

Evaluation International Initiative (AQMEII) project (Pouliot et al., 2015). Biogenic emissions 

are simulated online by the Model of Emissions of Gases and Aerosols from Nature v2.1 

(MEGAN2.1) (Guenther et al., 2012). The chemical initial and boundary conditions (ICs/BCs) 

come from the modified Community Earth System Model/ Community Atmosphere Model 

(CESM/CAM v5.3) with updates by He and Zhang (2014) and Gantt et al.(2014). The 

meteorological ICs/BCs come from National Center for Environmental Protection Final 

Analysis (FNL) data.  
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4.3. Results  

4.3. 1. Overview of campaign characteristics 

The two field campaigns were conducted in settings with distinct local emission sources 

and metrological conditions. The Centreville campaign was during summer (T=24.7 ± 3.3˚C, 

RH = 83.1 ± 15.3%). Local organic emissions surrounding the Centreville site are dominated 

by BVOCs since this site is located in a forest and biogenic emissions substantially increase 

with temperature (Lappalainen et al., 2009; Tarvainen et al., 2005; Warneke et al., 2010). In 

contrast, Raleigh measurements were in a setting with substantially stronger anthropogenic 

emissions during fall/winter (T=12.7 ± 6.0˚C, RH = 65.7 ± 18.8%). Comparison of long-term 

data from an air quality monitoring station near the Raleigh site shows substantially higher 

NOx (5-10 fold) and CO (2-4 fold) concentrations relative to those observed at Centreville 

(See Fig. S4.3). However, the Raleigh-Durham metropolitan area has plentiful tree cover and 

thus substantial local BVOC emissions. For instance, α- and β-pinene concentrations measured 

in summer at Centreville and Duke Forest (about 40 km Northwest of the Raleigh site) are in 

the same range (Fig. S4.4). However, since the Raleigh campaign was conducted at lower 

temperature conditions, local BVOC emissions are expected to be lower by a factor of 3 to 4 

(Fig S4.4). Measurements in such diverse but similar ecological settings allows us to examine 

the consistency of OA volatility under varying levels of biogenic and anthropogenic influence. 

Figs. S4.5 to S4.7 show average meteorological conditions, submicron aerosol size 

distributions, chemical composition and their temporal variations over the campaign periods. 

Ambient submicron particle number concentrations (10-600 nm) were higher in Raleigh 

(Centreville: 1500-3000 cm-3, Raleigh: 3000-6000 cm-3) and particle size was relatively 

smaller (volume median diameter, Centreville: 275 ± 30 nm, Raleigh: 227 ± 34 nm) (Fig. S4.6). 

Organic species were the dominant component in non-refractory submicron aerosol (PM1 ) as 

measured by the ACSM at both sites (Centreville: 71± 10 %, Raleigh: 76 ± 8 %). The campaign 

average ± one standard deviation of ACSM-derived OA mass concentrations were 5.2 ± 3.0 

μg m-3 in Centreville and 6.7 ± 3.6 μg m-3 in the Raleigh campaign, assuming a collection 

efficiency (CE) of 0.5. Application of the ‘coarse’ tracer m/z based factor analysis approach to 



125 
 
 

 

 

decompose OA mass spectra (Ng et al., 2011b), the majority of OA measured at both sites was 

oxygenated-OA (OOA). While approximately 7% of campaign averaged OA mass 

concentration in Raleigh was classified as hydrocarbon-like OA (HOA), the HOA contribution 

at the Centreville site was negligible. Positive matrix factorization (PMF) results from high-

resolution mass spectra collected at the Centerville site (Xu et al., 2015a, 2015b) and their 

linkage with the measured OA volatility are discussed in sections 4.3.3 and 4.3.4, below.  

 

4.3. 2. Observed campaign average evaporation of OA 

Fig.4.2 shows the campaign average OA MFR as a function of TD temperature and 

residence time. (1-MFR) at a TD temperature and residence time indicates what fraction of 

bulk OA mass evaporates at that condition. It is important to note that MFR at a given 

temperature is not a consistent descriptor of OA volatility because it depends on many 

parameters related to TD experimental conditions (e.g., Rt) and sampled aerosol (e.g., COA , 

dp ). Therefore, MFR data should not be interpreted as a direct measure of OA volatility or 

even directly compared (unless experiments are conducted under identical conditions). 

Fig. 4.2a (MFR vs. temperature, frequently called a thermogram plot) shows TS-TD 

measurements from this study along with one other measurement from SOAS (Hu et al., 2016) 

and several previous field and laboratory measurements. The campaign average OA MFRs 

measured at the two sites in the southeastern US, under relatively consistent COA ~ 5 μg m-3, 

were found to be quite similar. Approximately 60 -70% of OA mass evaporated after heating 

at 100℃ with a residence time of 50 s. The campaign average T50  and T 90  (temperature at 

which 50% and 90% of OA mass evaporate, respectively) with a residence time of 50 s were 

~ 78℃ and ~ 180℃, respectively. Data from α-pinene chamber SOA experiments collected 

using the same dual-TD setup at atmospheric  conditions (dark ozonolysis, COA ~ 5 μg m-3), 

described in Saha and Grieshop (2016), are also shown. Relative to the ambient observations, 

the lab SOA data show similar evaporation behavior in the lower temperature range (40-90 

˚C), but relatively greater evaporation at higher temperatures.  
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Figure 4.2: Measured (solid symbols) and modeled (solid thick lines) campaign average 

organic aerosol (OA) mass fraction remaining (MFR) as a function of TD temperatures (T) 

and residence times (Rt). The solid symbol shows mean value and error bar is ± one standard 

deviation of all campaign data at each (T, Rt) condition. Model lines are shown using the ‘best 

fit’ volatility parameter values from campaign average TD data fit (parameter values listed in 

Table 4.1). TD measurement data from the Centreville site collected by the University of 

Colorado group at SOAS-2013 (Hu et al., 2016) are also shown. Measurements from several 

previous field studies are shown with various open symbols. Chamber alpha-pinene SOA (dark 

ozonolysis, COA ~ 5 μg m-3, VMD ~ 140 nm) evaporation data are shown from Saha and 

Grieshop (2016). In panel-a, data are color coded by TD residence times used during 

measurements. Legend shown next to panel (a) applies to all panels (a-c).  
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Fig. 4.2b and 4.2c show the campaign-average estimated OA MFRs at various residence 

times with the VRT-TD operated at 60˚C and 90˚C, respectively. Results show increased 

evaporation with longer residence time. In Fig. 4.2a, data are color coded by the TD residence 

time used in each study. A substantial effect of residence time on the observed evaporation is 

consistent with that observed across TD measurements from several previous field studies 

(Häkkinen et al., 2012; Huffman et al., 2009a; Lee et al., 2010b; Paciga et al., 2015; Xu et al., 

2016). This effect of residence time on observed MFR strongly suggests that comparisons of 

OA volatility across studies should not be made based on measured MFRs. Doing so may bias 

inferences about differences in aerosol volatility. Observed evaporation depends on TD 

residence time  and many physical and chemical properties of sampled aerosol (Cappa, 2010; 

Riipinen et al., 2010; Saleh et al., 2011), unless the aerosol reaches equilibrium inside a TD 

(saturates the gas phase across the volatility range). The equilibration time of aerosol in a TD 

is dictated by many parameters including particle size distribution, diffusion coefficient (D) 

and evaporation coefficient (γ e) and is typically several minutes or more under atmospheric 

(low COA) conditions (Saleh et al., 2011, 2013).  

Following the method of Saleh et al. (2013), the estimated characteristic equilibration times 

for the sampled aerosol in the Centreville and Raleigh measurements are 147-470 s and 150-

450 s, respectively, assuming unhindered mass transfer (γ e  = 1). These calculations are based 

on the interquartile ranges of particle number concentrations (Np ) and condensation sink 

diameter (dcs) measured in Centreville (Np  ~ 1500-3000 cm-3,  dcs  ~ 125- 170 nm) and Raleigh 

(Np  ~ 3000-6000 cm-3, dcs  ~ 80- 105 nm), D = 3.5 × 10 -6 m2 s-1 and MW = 200 g mol-1. The 

condensation sink diameter (dcs) is estimated following Lehtinen et al. (2003); further detail is 

given in the SI.  A factor-of-ten reduction in γ e  relative to ideal accommodation (γ e  = 0.1) 

increases equilibration time by an order of magnitude. The observed continuous downward 

slope of MFR versus residence time (Fig. 4.2b, c) suggests that equilibrium was not reached 

in the TD during the maximum Rt of 50 s. This result implies that TD measurements in an 

ambient setting are essentially a measure of the evaporation rate of sampled aerosol, rather 
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than one of volatility, an equilibrium thermodynamic property. Therefore, an evaporation 

kinetic model is needed to extract volatility parameter values from ambient TD data. 

 

4.3.3. Extracted OA volatility parameter values 

Fig. 4.3 presents the results of the extraction process used to determine parameters dictating 

gas-particle partitioning (f i , ΔH vap, γ e); the example shown is for a fit to the Centreville 

campaign-average data, though the same process was conducted for all fits. Fig. S4.8 shows a 

similar plot for the Raleigh data set. Fitting results show that a broad range of γ e  (0.05 to 1) 

can reproduce the TS-TD observation within observed variability (i.e., error bars in Fig. 4.2) 

for several ΔH vap  combinations (accepted TS-TD fits are shown with filled inner circles). The 

inclusion of VRT-TD data provides additional constraints for parameter fitting. Only the points 

with white crosses (x) in Fig. 4.3 recreate both TD data sets; a larger sized ‘x’ represents a 

better fit. Thus, VRT-TD data help to narrow the possible solution space. Fig. 4.3 shows that 

ΔH vap = 100 KJ mol-1 and γ e  = 0.5 provide the overall best fit for the Centreville data set. For 

the Raleigh data set, ΔH vap of both 80 (marginally better) and 100 KJ mol-1 with γ e  = 0.5 

provide similarly good fits (Fig S4.8). For simplicity, ΔH vap = 100 KJ mol-1 and γ e  = 0.5 are 

considered as best estimates for both data sets for the next portion of the paper.    

These results are inconsistent with a very small value of OA evaporation coefficient (e.g., 

γ e  << 0.1) that would indicate significant resistance to mass transfer during evaporation, which 

has been suggested previously based on dilution (Grieshop et al., 2007, 2009; Vaden et al., 

2011) and heating (Lee et al., 2011) experiments. Our best estimate of γ e  ~ 0.5 is consistent 

with the observations of Saleh et al. (2012), in which they report an γ e  ~ 0.28 to 0.46 for 

ambient aerosols in Beirut, Lebanon via measured equilibration profiles of concentrated 

ambient aerosols (COA ~ 200-300 μg m-3) after heating in a TD at 60 ˚C. Our results show that 

an effective γ e  ~ 0.1 to 1 can explain dual-TD data to within observed variability, suggesting 

that there is no extreme resistance to mass transfer such as what might be encountered due to 

a glassy-solid or highly-viscous aerosol. Some previous assertions of highly inhibited 

evaporation (Grieshop et al., 2007; Vaden et al., 2011) were likely biased as they assumed 
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volatility distributions based on smog-chamber yield experiments that likely overestimated the 

volatility, and thus expected evaporation rate of lab OA (Saha and Grieshop, 2016; Saleh et 

al., 2013).  

 
Figure 4.3: Extraction process of OA gas-particle partitioning parameter (ΔH vap , γ e  and f i ) 

values. A f i  distribution was solved for each combination of (ΔH vap , γ e) via evaporation kinetic 

model fits to campaign-average dual-TD observations during the Centreville campaign. A 

relationship of ΔH vap = intercept-slope (log10 C* @ 298K) was assumed (e.g., 50-0 on x-axis 

represents intercept =50 and slope = 0). Symbols and colors represent the goodness of fit. 

Points with filled inner circles recreate TS-TD observations and points with a white cross (x) 

recreate both TD data sets to within observational variability. Crosses represent the overall 

goodness of fit including both TS-TD and VRT-TD observations, with larger size 

corresponding to a better fit. 
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Table 4.1: Best fit OA volatility parameter values extracted from this study along with several 

previous field and lab studies 

Study  Centreville 
(this study) 

Raleigh 
(this study) 

FAME 
(Lee et al., 
2010) 

MILAGRO 
(Cappa and Jimenez, 2010) 

AP-SOA 

(Saha 
and 
Grieshop
, 2016) 

Campaign average 
 C OA (μg m-3) 

5.2 6.7 2.8 17 5 

Note a b a b   c d c d e 
γ e 0.5 0.5 0.5 0.5 0.05 1 1 1 0.1 0.1 0.1 
ΔH vap  (KJ mol-1) 100 100 100 100 80 80 100 100 100 100 [80,11]ǂ 
logC*(μg m-3) f i 
-6       0.06  0.04   
-5       0.06  0.04   
-4 0.14 0.18 0.14 0.16   0.06 0.27 0.04 0.21 0.03 
-3 0.05 0.05 0.06 0.05  0.2 0.07 0.11 0.04 0.07 0.07 
-2 0.06 0.08 0.08 0.13 0.2 0.2 0.07 0.11 0.05 0.09 0.03 
-1 0.15 0.13 0.12 0.20 0.2 0.3 0.08 0.12 0.06 0.10 0.12 
0 0.29 0.33 0.28 0.20 0.3 0.3 0.10 0.15 0.1 0.18 0.18 
1 0.31 0.23 0.32 0.26 0.3  0.16 0.24 0.2 0.35 0.57 
2       0.34  0.43   

Mean C*  (μg m-3) 0.21 0.12 0.20 0.10 0.50 0.05 0.32 0.03 1.5 0.1 1.16 

 𝐶𝐶𝑒𝑒𝑓𝑓𝑓𝑓∗  (μg m-3) 1.8 1.4 2.0 1.5 1.3 0.3 9.4 1.9 13.8 2.8 3.5 
aCampaign average dual-TD data fit with campaign average C OA  and d p . 
b Unified fit of individual measurement from whole campaign (MFR, C OA , dp; 20-30 minute resolution data). 

 c The f i  distribution derived from C i , tot  = a 1 +a 2 exp[a 3 (log(C*)-3)]; f i  = C i , tot  /ΣC i , tot  ; a 1 , a 2, and a 3  coefficients were 

taken from table 1 of Cappa and Jimenez (2010). log 10 C* bin ranged from -6 to +2, as in Cappa and Jimenez (2010).  
d Same as c, but only considered log 10 C* bin range of -4 to +1 to be consistent with the bin ranges used in this study. To do 

so, materials in log 10 C* < -4 bins are assigned to -4 bin, material at log 10 C* = 2 bin is excluded, and distribution is 

renormalized to make Σf i  =1.  
e Chamber generated SOA from low-C OA  α-pinene ozonolysis experiment applying renormalization approach described in 

note e to the distribution given in Saha and Grieshop (2016) SI, table S5.    
ǂ ΔH vap  (KJ mol-1) = 80-11logC*(μg m-3)  

 

Our fitting results show that a ΔH vap  intercept of 80 -130 KJ mol-1 and slopes of 0 or 4 KJ 

mol-1 can be used to explain campaign average observations (Fig. 4.3, Fig. S4.6). These ΔH vap  
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values are consistent with those of atmospherically-relevant low-volatility organics such as 

dicarboxylic acids (Bilde et al., 2015), but distinct from those typically assumed (30 - 40 KJ 

mol-1) for atmospheric modeling (Farina et al., 2010; Lane et al., 2008b; Pye and Seinfeld, 

2010). The low enthalpies assumed in models are based on temperature sensitivity observations 

from smog chamber SOA experiments (Offenberg et al., 2006; Pathak et al., 2007a; Stanier et 

al., 2008b). The semi-empirical correlation based fit from Epstein et al. (2010) (ΔHvap =130-

11 log10 C*) has steeper log10 C* dependence than those able to explain our observations (Figs. 

4.3, S4.8). The Epstein et al. correlation was determined from range of compounds with known 

ΔHvap . Several recent studies of complex OA systems (May et al., 2013b; Ranjan et al., 2012) 

have found that a correlation other than that from Epstein et al. better explains observations. 

For example, Ranjan et al.(2012) reported ΔHvap  = 85-11logC* for gas–particle partitioning 

of POA emissions from a diesel engine; May et al.(2013) reported ΔHvap  = 85-4logC* for 

biomass burning POA emissions. Similar to these and other studies, our ΔHvap  correlation for 

ambient OA is an empirical estimate which best explain our observations. 

 

Although several ΔH vap  and γ e  combinations can recreate observations from both TDs 

within variability (Figs. 4.3, S4.8), to enable comparison of C* distributions we adopt our best 

estimates of ΔH vap  and γ e  (ΔH vap = 100 KJ mol 1 and γ e  = 0.5) for further analysis of data from 

both campaigns. Campaign-average f i  distributions corresponding to that (ΔH vap , γ e) are the 

basis for model fits shown in Fig. 4.2. The ‘campaign-average’ f i  distribution was derived by 

fitting campaign-average dual-TD observations (Fig.4.2) and using campaign-average COA  

and dp . A f i  distribution was also fit based on all the individual measurements from the 

campaign (MFR, COA , dp ; 20-30 minute time resolution) using ΔH vap = 100 KJ mol -1 and γ e  

= 0.5; we term this the ‘unified’ fit. The ‘campaign-average’ and ‘unified’ f i  distributions for 

the Centreville and Raleigh data set are listed in Table 4.1. In addition to the volatility 

distribution (f i ), we also show estimates of mean C* (𝐶𝐶∗���; estimated as 𝐶𝐶∗��� =  10∑𝑓𝑓𝑖𝑖 log10 𝐶𝐶𝑖𝑖
∗
) to 

quantify the center of mass (central tendency) of different volatility distributions.  
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Figure 4.4: (a) Comparison of individual observations from the Centreville campaign and 

corresponding modeled MFRs applying the extracted f i  distribution from the campaign-

average fit (r2 = 0.83; RMSE: 0.11). MFR data collected by other groups during the Centreville 

campaign are also shown: University of Colorado TD (CU TD; blue squares) (Hu et al., 2016) 

and Georgia-Tech TD (GT TD; cyan triangles) (Cerully et al., 2015) along with corresponding 

MFRs modeled applying volatility parameterizations from this study with the campaign 

average COA  and dp . Fig. S4.9 shows an extended data figure of panel a, including similar plot 

using the f i  distribution from the unified fit and analysis results for the Raleigh data set. (b) 

Comparison of the SOAS campaign-average OA volatility distribution (showing only 

condensed phase) derived from this study (dual-TDs; kinetic evaporation model fits), Hu et 

al.(2016) (TD; method of Faulhaber et al.(2009)), and Lopez-Hilfiker et al.(2016) (FIGAERO-

CIMS). Error bars on data from this study are ± one standard deviation of distributions 

extracted over the campaign period (Fig.4.6).  

 
Another way to collapse a distribution to a single value (also reported in Table 4.1) is the 

effective C* (𝐶𝐶𝑒𝑒𝑓𝑓𝑓𝑓∗ ) of the ensemble, estimated as, 𝐶𝐶𝑒𝑒𝑓𝑓𝑓𝑓∗ = ∑𝑥𝑥𝑖𝑖 𝐶𝐶𝑖𝑖∗, where x i  is the condensed-

phase mass fraction in each 𝐶𝐶𝑖𝑖∗ bin and Σ x i  =1. While the volatility parameter values reported 

in Table 4.1 are the best fit results, other parameter sets can reproduce observations within 

variability. Application of f i  distributions reported in Table 4.1 must be with reported γ e  and 
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ΔHvap  values. Sensitivities of the estimated volatility parameter values to assumed values of 

D, σ, MW, and ρ are discussed in Saha et al. (2015) and Saha and Grieshop (2016). These 

assumed parameters have relatively minor effects on observed evaporation in a TD compared 

to C*, γ e , and ΔH vap . 

  

The extracted campaign-average and unified-fit OA volatility distributions (f i ) and 

corresponding 𝐶𝐶∗���  and 𝐶𝐶𝑒𝑒𝑓𝑓𝑓𝑓∗  from Centreville and Raleigh data sets are quite similar (see Table 

4.1). A large portion of the measured OA (40-70%) at both sites is composed of very low-

volatility organics (LVOCs; C*≤ 0.1 μg m-3, Donahue et al., 2012). It is somewhat surprising 

that results from two field campaigns, which occurred in distinct scenarios with varying level 

of biogenic and anthropogenic emissions, results in such similar OA volatility distributions. 

This finding is consistent with those of Kolesar et al.(2015a), who report similar mass 

thermograms for laboratory SOA formed from a variety of anthropogenic and biogenic VOCs 

under different oxidant (O3 , OH) conditions. Our extracted ambient OA volatility distributions 

are also comparable to those previously derived from TD measurement in Mexico City (Cappa 

and Jimenez, 2010) and Finokalia, Greece (Lee et al., 2010). However, the ambient OA 

volatility distributions determined here are relatively less volatile than those from chamber-

generated fresh SOA from α-pinene ozonolysis (Table 4.1). 

Fig. 4.4a demonstrates a forward modeling exercise to show how the extracted average 

volatility parameter values (f i , ΔH vap , and γ e ; those listed in Table 4.1) can reproduce 

individual measurements from the whole Centreville campaign as well as TD data from other 

groups (Cerully et al., 2015; Hu et al., 2016) during SOAS. The results show that a single set 

of volatility parameter values (campaign average/unified fit f i , γ e  = 0.5 and ΔH vap = 100 KJ 

mol-1) reproduce individual observations from the whole campaign within approximately ± 

20% (coefficient of determination, r2 = 0.83; root mean squared error, RMSE: 0.11). These 

parameter values also closely reproduced the measured campaign average OA MFRs from the 

University of Colorado TD (Rt ~ 15 s) (Hu et al., 2016) and Georgia Tech TD (Rt ~ 7 s) 

(Cerully et al., 2015) collected during the Centreville campaign (see solid blue squares and 
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cyan triangles in Fig. 4.4a). MFRs reported in Cerully et al. (2015) are for the total submicron 

aerosol species. These were converted to OA MFRs applying the method given in SI Sec. S4.1 

to enable direct comparison with modeled OA MFRs.   

 

 
Figure 4.5: Isothermal evaporation kinetics of OA at 25˚C (room temperature) upon 

continuous stripping of vapors. Shaded region shows the evaporation kinetic model prediction 

range applying TD-derived volatility parameter values from this study; solid line shows the 

mean estimate. Dashed lines show model predictions using the OA volatility distribution 

derived using alternative approaches during the Centreville campaign (Hu et al., 2016; Lopez-

Hilfiker et al., 2016). Symbols show experimental data from Vaden et al. (2011) collected 

during the CARES-2010 field campaign in California.     

 
Fig 4.4b shows a comparison of the extracted campaign-average OA volatility distribution 

from this study with those from two other independent approaches during the Centreville 

campaign (Hu et al., 2016; Lopez-Hilfiker et al., 2016). Hu et al. (2016) report OA volatility 

distributions from observed evaporation in a TD during the Centreville campaign fit using the 
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method given by Faulhaber et al.(2009). In this method, TD evaporation observations at 

different temperatures are translated to a volatility distribution using an empirically derived 

calibration curve based on evaporation of known compounds and their C* (Faulhaber et al., 

2009). Our derived distribution from dual-TD observations coupled with evaporation kinetic 

model is comparable to that from Hu et al. (2016), although this distribution is slightly less 

volatile than ours. Lopez-Hilfiker et al. (2016) derived an OA volatility distribution from 

Centreville measurements with the Filter Inlet for Gases and AEROsols-Chemical Ionization 

Mass Spectrometer (FIGAERO-CIMS), which thermally desorbs filter-bound aerosol into a 

CIMS. The FIGAERO-derived distribution is several orders of magnitude less volatile than 

ours; all OA in it has C* ≤ 10-4 μg m-3. Therefore, in Fig.4.4b the Centreville campaign-average 

COA of ~ 5 µg m-3 is assigned to the log10C* ≤ -4 bin to enable direct comparison with TD-

ACSM/AMS measurements (this study and Hu et al.). However, in reality FIGAERO-CIMS 

observations accounted for ~50% of AMS organic mass concentrations measured at 

Centreville (Lopez-Hilfiker et al. 2016), indicating half the OA was not quantified. The 

discrepancy between FIGAERO- and TD-based distributions would be reduced if this 

unmeasured OA is distributed in higher volatility bins, thus re-assigning material shown in the 

lowest volatility bin in Fig. 4.4b. Lopez-Hilfiker et al. (2016) reported that heating OA at 

higher temperatures has the potential to introduce artifacts into quantification of its volatility, 

for example if it causes oligomer decomposition leading to artificially high volatility. If this 

occurs, this may bias any heating-based measurement approaches, including TD 

measurements.   

A test for these various parameter values is to use them to recreate data from other (non-

heating-based) perturbations of gas-particle partitioning. Fig. 4.5 shows evaporation kinetics 

of OA upon continuous stripping of vapors under isothermal (25 ˚C) conditions simulated 

using volatility parameter values from multiple independent approaches. The simulation 

framework used here is described elsewhere (Saha and Grieshop, 2016). The shaded region in 

Fig.4.5 shows the prediction range applying dual-TD derived parameter values from this study 

within estimated uncertainty ranges (campaign average and unified fits of f i , γ e = 0.1 to 1) 
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with initial COA values from 2 to 10 μg m-3 and dp  = 100 nm and 150 nm. Simulations are also 

shown with the OA volatility distribution from Hu et al. (2016) and FIGAERO-CIMS-derived 

OA volatility distribution (Lopez-Hilfiker et al., 2016) from Centreville measurements. The 

room temperature evaporation data from Vaden et al. (2011) measurements of ambient aerosols 

during the Carbonaceous Aerosols and Radiative Effects Study (CARES-2010) field campaign 

in Sacramento, California are also shown. This study attributed the observed slower-than-

expected evaporation to extreme kinetic limitations to mass transfer (γ e  << 0.1). Although a 

direct comparison of observations collected in California and simulations based on volatility 

distributions from Centreville is not ideal, the consistency of volatility behavior across our and 

other sites (Fig. 4.2; Table 4.1) suggests it is reasonable. Fig. 4.5 shows that these data fall 

within the range of values simulated using our TD-estimated volatility parameter values (γ e  ≥ 

0.1). The Hu et al. (2016) volatility distribution with γ e  = 1 also recreates these data. In 

contrast, simulations with the FIGAERO-CIMS-derived OA volatility distribution (Lopez-

Hilfiker et al., 2016) from Centreville measurements (assuming γ e = 1) predict almost zero 

evaporation (dashed black line in Fig. 4.5). This distribution thus appears to be inconsistent 

with our observations and those from room temperature evaporation experiments. 

 

4.3.4 Temporal variation of OA volatility 

A time series of OA volatility distributions extracted over the campaign period is shown in 

Figs. 4.6 (Centreville) and S4.10 (Raleigh). The volatility distributions (f i ) were extracted as 

described above from ~ 6-hour windows with fixed ΔH vap  = 100 KJ mol-1 and γ e  = 0.5 based 

on the best estimates from campaign-average fits. The average and (95% confidence interval) 

of 𝐶𝐶∗��� (μg m-3) are 0.18 (0.05 - 0.54) and 0.16 (0.04 - 0.43) for the Centreville and Raleigh data 

sets, respectively, in line with values from the campaign-average and unified fits. The OA 

volatility distributions do not vary dramatically over the campaign period for either site.  
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Figure 4.6: Time series of (a) ambient organic aerosol concentrations; COA, (b) fractional 

contribution of isoprene OA and more-oxidized oxygenated OA (MO-OOA) to total OA 

determined from PMF analysis, and (c) OA volatility distribution (f i ) and mean C* (open black 

circles) during the Centreville campaign. All data are averaged over ~ 6 hours (the time 

resolution of f i  distribution). Panel (d) shows a scatter plot of mean C* verses isoprene-OA 

fraction in COA. Fig. S4.10 shows similar analysis results for the Raleigh data set. 

 
Ambient OA concentrations (COA) shown in Fig. 4.6a (Centreville) and S4.10a (Raleigh). 

Fig. 4.6b shows a time series of the fractional contribution of isoprene-derived OA and more-

oxidized oxygenated OA (MO-OOA) (Xu et al., 2015a, 2015b) to total OA during the 

Centreville campaign. In a few low COA instances, 𝐶𝐶∗��� was found to be higher, but there was 

no strong relation between these two quantities (see Fig.S4.12; scatter plot of mean C* vs 

COA). The relative contribution of MO-OOA to COA in many of these higher-𝐶𝐶∗��� instances was 

low likely leading to more-volatile aerosol during these periods. Isoprene was the dominant 
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biogenic VOC (> 80% of total VOC mass) measured during Centreville campaign (Xu et al., 

2015b), and is the biogenic VOC with greatest global emissions (Sindelarova et al., 2014). 

Isoprene-derived OA contributed ~ 17-18% to the campaign average COA at the Centreville 

site during the SOAS (Hu et al., 2015; Xu et al., 2015a, 2015b) while MO-OOA contributed ~ 

39% (Xu et al., 2015a, 2015b). Lopez-Hilfiker et al. (2016) reported isoprene-derived OA was 

more volatile than the remaining OA using FIGAERO-CIMS measurements at the Centreville 

site. This result contradicts with Hu et al. (2016), who reported a lower volatility of isoprene-

derived OA than the bulk OA using TD measurements at the same site. Since our derived 

volatility distributions are for the bulk OA, we cannot make a specific comment on the 

volatility of isoprene-derived OA. However, if the volatility of isoprene-derived OA differs 

substantially from the remaining bulk, OA volatility might be expected to co-vary with the 

fractional contribution of isoprene-OA to COA. Fig. 4.6c shows extracted bulk OA volatility 

distributions and their mean C* over the Centreville campaign period. Fig.4.6d shows a scatter 

plot of mean C* versus the fractional contribution of isoprene-OA to COA; the two show no 

correlation. Neither were statistically significant relationships found between the isoprene-OA 

fraction and f i ’s in any particular C* bin (see table S4.2). These results indicates that the 

effective volatility of isoprene-OA may not be substantially different than the remaining bulk 

OA. If there is a difference we cannot differentiate this effects from bulk OA volatility, 

potentially due to the contributions of other components to bulk OA.  
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Figure 4.7: Campaign average diurnal trends for the Centreville measurements of: (a) 

concentrations of total OA and OA factors, (b) OA volatility (f i  and mean C*) (c) OA MFR 

after heating at 60, 90 and 120 ˚C with a TD residence time of 50 s. Fig. S4.11 shows similar 

analysis results for the Raleigh data set. PMF factors in panel-a are LO-OOA: less-oxidized 

oxygenated OA; MO-OOA: more-oxidized oxygenated OA; Isoprene-OA: isoprene-derived 

OA (for details on OA factors analysis see Xu et al., 2015a, 2015b).   

 
Diurnal trends in OA volatility distributions are shown in Figs. 4.7 (Centreville) and S4.11 

(Raleigh). Results show that OA appeared less volatile in the afternoon than early in the 

morning for both sites (Centreville: campaign average 𝐶𝐶∗��� (μg m-3) in the morning ~ 0.25; 

afternoon ~ 0.13 and Raleigh: morning ~ 0.2; afternoon ~ 0.12). This trend is consistent with 
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previous field measurements in Mexico City (MILAGRO) and Riverside (SOAR-1) (Huffman 

et al., 2009). Fig. 4.7a shows diurnal trends of OA factors derived from PMF analysis during 

the Centreville campaign (Xu et al., 2015a, 2015b). Less-oxidized oxygenated-OA (LO-OOA; 

average O:C ~ 0.63) dominated in the early morning (~40-50 %) while more-oxidized 

oxygenated-OA (MO-OOA; average O:C ~ 1.02) was the largest OA component in the 

afternoon (~50%). Xu et al. (2015a) hypothesized that oxidation of monoterpenes forms a large 

portion of observed LO-OOA in the Southeastern U.S. via NOx and O3  (NO3  radical) 

pathways, and that organo-nitrates contribute substantially to LO-OOA (20-30%). Laboratory 

chamber experiments also suggest that nitrate-containing species make a significant 

contribution to SOA formed during terpene photooxidation/ozonolysis under high NOx  

conditions (Ng et al., 2007; Presto et al., 2005), and from reactions with nitrate radicals (Boyd 

et al., 2015). Lee et al. (2011) observed greater evaporation in a TD of α-pinene and β-pinene 

ozonolysis SOA formed under high NOx conditions than under low NOx condition. Thus the 

higher volatility observed in the morning can likely be linked with the prevalence of LO-OOA 

and possible contributions from organo-nitrates. In contrast, bulk OA was dominated by MO-

OOA in the afternoon. That OA is relatively less volatile in the afternoon is consistent with the 

observation that OA volatility often decreases with increased oxidation (during 

functionalization) (Jimenez et al., 2009). Fig. 4.8 shows scatter plots of 𝐶𝐶∗��� versus LO-OOA 

and MO-OOA fractions of OA during the Centreville campaign. Although the average slopes 

of the scatter plots show an increase (decrease) of 𝐶𝐶∗���  with increasing LO-OOA (MO-OOA) 

fraction, respectively, these correlations are not strong (correlation coefficient; r ~ 0.5). Similar 

levels of correlation were found with effective C* (Fig. S4.13). A poor correlation between 𝐶𝐶∗���  

and OA factors is also observed in the Raleigh data set. For example, Fig.S4.14 shows scatter 

plots of 𝐶𝐶∗���  versus tracer m/z based HOA fraction and OOA fraction estimates (Ng et al., 

2011b) with an average slope of – 0.3 ± 0.16 (r ~ 0.2) for HOA and - 0.12 ± 0.11 (r ~ 0.1) for 

OOA.  



141 
 
 

 

 

4.3.5 Average volatility and oxidation state of OA 

Fig. 4.9 explores the link between average carbon oxidation state, 𝑂𝑂𝑂𝑂𝑐𝑐�����, calculated as 2× 

O:C - H:C (Kroll et al., 2011), and 𝐶𝐶∗���. O:C and H:C are estimated from an empirical 

parameterization of OA elemental ratio from unit mass resolution data, given by Canagaratna 

et al. (2015) as a function of f44 (O:C = 0.079 + 4.31× f44  ) and f43  (H:C = 1.12 + 6.74 ×f43  – 

17.77 × 𝑓𝑓432 ) , respectively. f44  and f43  are the fractional ion intensity at m/z 44 and 43, 

respectively, taken from ACSM measurements. The estimated OA elemental ratios using the 

above empirical parameterizations are in relatively good agreement with those determined via 

elemental analysis of the high resolution mass spectra data (HRToF-AMS) collected by other 

groups during SOAS. For example, our estimated campaign average O:C during Centreville 

campaign (0.68 ± 0.07) is within 1-2 standard deviation of that determined in Xu et al.(2015b) 

(~ 0.78). 

 

 
Figure 4.8: Scatter plot of mean C* verses (a) LO-OOA fraction, and (b) MO-OOA fraction 

in total OA concentration during the Centreville campaign. 

 
The scatter plot of 𝑂𝑂𝑂𝑂𝑐𝑐����� versus 𝐶𝐶∗���  (Fig.4.9) shows a mild downward trend, which is 

suggestive of lower-volatility OA being associated with higher oxidation state. However, the 

correlation is not statistically robust (r < 0.3). This is consistent with the observations of Xu et 

al. (2016) and Paciga et al. (2015) who reported weak association between average oxidation 
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state and volatility for OA measured in the London and Paris areas, respectively. The 

campaign-average 𝑂𝑂𝑂𝑂𝑐𝑐����� during the Centreville measurements (-0.18 ± 0.15) was higher than in 

Raleigh (-0.42 ± 0.16) (p-value << 0.0001), whereas campaign-average 𝐶𝐶∗��� values were 

essentially identical (Centreville: 0.18 ± 0.14, Raleigh: 0.16 ± 0.12 µg m-3; p-value > 0.1). 

 
Figure 4.9: Mean oxidation state (𝑶𝑶𝑶𝑶𝒄𝒄)������� versus mean volatility(𝑪𝑪∗���) measured during the 

Centreville and Raleigh campaigns. Dots are campaign data, dashed lines are linear regression 

fits of data, and symbols are the campaign average with error bar showing ±one standard 

deviation. 

 
 
4.3.6 Application of measured volatility distribution to evaluate simulated OA in a CTM 

Fig. 4.10 compares the measured and simulated OA volatility distributions at Centreville 

for June, 2013. The simulated OA volatility distribution in the C* bins between 100 and 101 μg 

m-3 agrees reasonably well with observations. The model predicts a dominance of BSOA in 

the two bins, consistent with observations in the Centreville region. However, large 

discrepancies exist between the observed and simulated OA volatility distribution in the C* 

bins between 10-2 and 10-1 μg m-3. The model tends to greatly underpredict the OA 
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concentrations in this volatility range. WRF/Chem did not reproduce the observed portion of 

the mass of OA in the lower C* bins, from 10-4 to 10-1 μg m-3, because the VBS SOA module 

in this version of WRF/Chem does not treat volatility in this range. Consistent with the 

measurement results from this study, a number of laboratory (Ehn et al., 2014; Jokinen et al., 

2015; Kokkola et al., 2014; Zhang et al., 2015) and field (Hu et al., 2016; Lopez-Hilfiker et 

al., 2016) studies have reported a significant fraction of SOA from biogenic precursors is low-

volatility. These low volatility materials are missing in the WRF/Chem simulation. 

The simulated total OA mass concentration (COA) was underpredicted by a factor of 2 to 

3 at Centreville during the SOAS period. Several factors may contribute to this 

underprediction. Comparison of WRF/Chem predictions of most relevant meteorological 

variables and major precursor VOCs with measurements collected during the SOAS shows a 

relatively good performance. For example, the mean biases for simulated temperature at 2 m, 

relative humidity at 2 m, and wind speed at 10 m are -0.9 ºC, -0.8%, and 0.3 m s-1, respectively. 

The normalized mean bias (NMB) of the simulated planetary boundary layer height (PBLH) 

is -38%, which would tend to bias OA concentrations high, suggesting that the underprediction 

in PBLH is not responsible for the underpredictions of OA. In terms of VOC concentrations, 

the model performs well for β-pinene and formaldehyde with NMBs of -8.5% and -4.3%, 

respectively, but underpredicts α-pinene with an NMB of -51.7% and significantly 

overpredicts limonene with an NMB of 249% (Figure not shown). The WRF/Chem simulation 

only considers the SOA formed from a few BVOCs including isoprene, α-pinene, β-pinene, 

limonene, humulene, and ociene and does not account for contributions from other BSOA 

precursors such as other sesquiterpenes. Therefore, underestimation of precursor VOC 

emissions and missing precursors may contribute to OA underprediction. Other sources of 

uncertainty in the VBS treatment in WRF/Chem include the coarse spatial resolution in the 

model simulation, the assumed fraction of OA added for each oxidation/aging step, the 

assumed fragmented and functionalized percentages of organic condensable vapors, as well as 

the uncertainties in the dry and wet deposition velocities of SOA and SOA precursors. These 
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factors can also contribute to the discrepancies between the model and observed COA at 

Centreville. 

One likely contributor to the model’s under-prediction is issues with the SOA yield 

parameterizations in the model. Smog chamber growth-experiment-derived mass yield 

coefficients (i.e., distributions of product mass yield in different volatility/C* bins) (Pathak et 

al., 2007) are used to model SOA in a CTM. The estimated SOA yield from a traditional smog 

chamber experiment could be underestimated due to wall losses of condensable vapors. For 

example, Zhang et al. (2014) showed up to a factor of 4 yield underestimation for toluene SOA 

due to this fact. The high and low NOx mass yields used in WRF/Chem simulations for ASOA 

and BSOA are based on traditional smog chamber yield experiments, taken from Lane et 

al.(2008b).  These distributions do not consider mass yields from the C* bins 10-4 to 10-1 μg 

m-3, where a significant portion of the OA mass was observed. The substantial amounts of low 

volatility materials are typically missing in these traditional yield measurement based 

distributions (Kolesar et al., 2015b; Saha and Grieshop, 2016). Our recent dual-TD-based 

effort to determine the SOA mass yield distribution for α-pinene ozonolysis (Saha and 

Grieshop, 2016) indicates products are substantially less volatile than the parameterizations 

used in current models (including that discussed above). This α-pinene product distribution 

suggests a factor of 2-4 more SOA yield under atmospherically relevant conditions compared 

to traditional distributions from smog chamber growth experiments. Updating SOA mass yield 

coefficient data is likely required for all known precursors, and may lead to large improvements 

in model predictions of both COA and OA volatility distributions.  

The WRF/Chem simulation used the semi-empirical ΔH vap  correlation derived by Epstein 

et al. (2010) (ΔH vap  = 130 -11log10 C*,  298K), which gives higher values, with a steeper log10 C* 

dependence, than our TD-derived values (~80-100 kJ mol-1). The difference in ΔHvap values 

used in WRF/Chem and our TD-derived values should not have a significant effect on the 

comparison shown in Fig.4.10. This is because the modeled-measured OA volatility 

comparison was made at temperatures (SOAS campaign average T= 24.7ºC; WRF/Chem 

simulated campaign average T= 23.8ºC) very close to the VBS reference temperature (25ºC). 
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Murphy et al. (2011) also reported a low sensitivity of ΔHvap  when predicating surface OA 

loading during the FAME-08 study using a 2D-VBS framework. However, the effect of ΔHvap 

could be significant when simulating OA loading at low ambient temperatures and high 

altitudes. 

 

 
Figure 4.10: Comparison between measured OA volatility distributions and those simulated 

in WRF/Chem over the Centerville region. Bar height is mean, and error bar is ± one standard 

deviation of distributions extracted from measurements and simulations for June 2013. The 

inset shows a two-bin comparison (bin-1: C*≤1 μg m-3 and bin-2: C*=10 μg m-3). Simulated 

OA components include ASOA (anthropogenic-SOA), BSOA (biogenic-SOA), POA 

(primary-OA), and SVOA (semi-volatile OA/oxidized POA). 

4.4. Conclusions and Implications 

This paper presents results from ambient OA volatility measurements from two sites in the 

southeastern U.S. under diverse conditions. Measurement campaigns were conducted at a 
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BVOC-dominated forested rural setting during summer and another more anthropogenically-

influenced, but forested urban location under cooler conditions. This study applied a dual-

thermodenuder (dual-TD) setup that varied temperature and residence time in parallel. 

Ambient OA gas-particle partitioning parameters (C*, ΔH vap, γ e) value were extracted by 

fitting observed dual-TD data using an evaporation kinetic model. The OA volatility 

distribution derived via inverse modeling is sensitive to ΔH vap, and γ e values. The addition of 

variable residence time TD (VRT-TD) data provided tighter constraints on the extracted 

parameter values. A ΔH vap  of ~ 100 KJ mole-1 and γ e  of 0.5 best explain observations collected 

at both sites, under diverse conditions. An effective γ e  value of ~ 0.1 to 1 can explain observed 

evaporations within variability while a very small γ e  value (γ e  << 0.1) cannot fit the 

observations from both TDs. The Epstein et al. (2010) ΔH vap correlation, which was 

determined based on measured properties of a variety of known compounds also did not 

reproduce the evaporation observed in this study. 

While measurement campaigns were conducted under different meteorological conditions 

at locations with differing levels of biogenic and anthropogenic emissions, the derived OA 

volatility distributions are found to be very similar. A substantial amount of OA (40-70%) at 

both sites was found to be of very low volatility (C*≤ 0.1 μg m-3) so will remain predominantly 

in the particle-phase (effectively non-volatile) under typical atmospheric conditions. OA 

volatility distributions also did not vary substantially over the campaign period. Our derived 

OA volatility parameterizations appear to be broadly consistent with observations of room 

temperature evaporation (Vaden et al., 2011) during CARES-2010 in California. The observed 

consistency in OA volatility across diverse settings is an important finding, which implies that 

OA in the atmosphere formed from a variety of sources can exhibit similar volatility properties 

and chemical signatures. This result also suggests that measurements of OA volatility 

distributions such as derived here could provide good diagnostics for overall model 

representativeness, but may not be as useful for diagnosing differences across sites and 

conditions.    
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The diurnal profile of extracted OA volatility showed that bulk OA was less volatile in the 

afternoon than early in the morning. This trend is consistent with the prevalence of LO-OOA 

(less oxidized) in the morning and MO-OOA (more oxidized) in the afternoon. However, while 

average O:C and/or oxidation state (𝑂𝑂𝑂𝑂𝑐𝑐�����) of bulk OA is often considered linked to volatility, 

in our data sets correlations between mean oxidation state (𝑂𝑂𝑂𝑂𝑐𝑐�����) and mean volatility (𝐶𝐶∗��� ) were 

weak (r <0.3). This observed weak correlation and the fact that atmospheric OA is a complex 

mixture of organics of a broad range of volatilities and oxidation states, reinforces the need to 

measure and understand the distribution of both volatility and oxidation states. The 2D-VBS 

framework (Donahue et al., 2012) offers one way to constrain these parameters in atmospheric 

models. While determination of OA volatility distributions was the focus of this study, future 

efforts also should measure distributions of volatility and oxidation states comprising ambient 

OA.   

The gas-particle partitioning parameters (C*, ΔH vap, γ e) extracted from these measurements 

have important implications for the treatment and evaluation of OA in current atmospheric 

models. Since a CTM incorporating the VBS framework predicts OA concentrations in each 

volatility (log10 C*) bin (i.e., OA volatility distribution), comparison of simulated and measured 

OA volatility distribution is an useful means for model evaluation beyond only comparing total 

OA concentration (COA ).  Here, we compared our measured OA volatility distribution with 

that simulated by WRF/Chem. This evaluation indicates that OA volatility distributions 

predicted in WRF/Chem are inconsistent with measurements over the C* range from 10-4 to 10-

1 μg m-3. This may give important clues towards the root causes of the model’s underestimation 

of COA by a factor of 2 to 3. In comparison to our TD-derived OA volatility distribution and 

other recent evidence (Ehn et al., 2014; Hu et al., 2016, 2016; Jokinen et al., 2015; Kokkola et 

al., 2014; Lopez-Hilfiker et al., 2016; Saha and Grieshop, 2016), low-volatility materials are 

mostly missing from the WRF/Chem predictions. Recent evidence of SOA from aqueous-

phase oxidation in presence of abundant particle water (Carlton and Turpin, 2013; Marais et 

al., 2016), formation of oligomers and large molecular compounds directly in the gas- phase 

(Ehn et al., 2014) and via condensed phase chemistry (Kroll et al., 2015; Kroll and Seinfeld, 
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2008) suggest that complex and multi-phase formation and evolution processes produce SOA 

in the atmosphere. Many of these processes can produce very low-volatility organics and most 

are not included in current CTMs. These low-volatility organics appear to make significant 

contributions to the atmospheric OA budget and cloud condensation nuclei formation (Jokinen 

et al., 2015). 

The ΔH vap  and γ e  values extracted here for atmospheric OA in the Southeastern U.S. also 

have important implications for predicting OA concentrations in a CTM. First, a ΔH vap  value 

of 30-40 KJ mol-1 (Farina et al., 2010; Lane et al., 2008b; Pye and Seinfeld, 2010) is typically 

assumed for modeling OA in a CTM, which is substantially lower than that suggested by our 

TD observations (~100 KJ mol-1 ). An increase of assumed ΔH vap  value can increase 

atmospheric OA burden and lifetime for a particular input volatility distribution (Farina et al., 

2010), especially at low ambient temperatures and high altitudes. Finally, a value of γ e  ≥ 0.1 

indicates a gas-particle repartitioning timescale (Saleh et al., 2013) on the order of minutes to 

an hour under atmospherically relevant conditions (Np  ~ 1000-5000 cm-3). Therefore, the 

equilibrium phase-partitioning assumption typically made in CTMs should be reasonable for a 

prediction timestep of ~ 1 hour. 
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4.6 Supplementary material 

S4.1. Estimation of approximate equivalent OA MFR for VRT-TD/SMPS data 

We assumed that measured total volume of submicron aerosol (Vtot ) by SMPS (10-600 

nm) is comprised of the volume of organic (Vorg) and ammonium sulfate (Vas). Since the 

sample was sufficiently dried (RH < 30-40%) before traveling to instruments, the contribution 

of water to Vtot  was neglected. Contributions of nitrate and chloride aerosol were also 

neglected. 

tot org asV V V= +  [S4.1] 

Apply the mass-volume relationship, the mass of organic aerosol (morg) can be written as  

as
org tot org

as

mm V ρ
ρ

 
= − 
 

 [S4.2] 

Where, ρ org and ρ as are the densities of organic aerosol and ammonium sulfate aerosol, 

respectively. 

Organic aerosol mass fraction remaining (OA MFR) at a TD temperature and residence 

time (T, Rt) is 

,  ( , )
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Where, ‘TD’ refers to thermodenuder and ‘BP’ for bypass. 

Replacing morg  in Eq.S4.3 with Eq. S4.2 

, ( , )
, ( , Rt ) , ( , )

, 
, , 

( ,  Rt)

as TD T Rt
tot TD T org TD T Rt

as
org

as BP
tot BP org BP

as

m
V

MFR T
m

V

ρ
ρ

ρ
ρ
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 =
 

− 
 

 [S4.4] 

Here, Vtot  is in μm3 cm-3 and mass of ammonium sulfate (mas) is in μg m-3. ρ as  is considered 

1.77 gm cm-3. Change in ρ org  after heating at moderate temperature (<100˚C) is assumed to be 

small (ρ org,BP ~ ρ org,TD). It is assumed that ammonium sulfate did not evaporate at a TD 

temperature < 100˚C (m as,BP ~ mas,TD). Note, in MFR calculation, particle loss in TD due to 

diffusional and inertial and thermophoresis deposition were applied separately via empirically 

estimated correction factors as a function of temperature and residence time (Saha et al., 2015). 

Relative transmission of Vtot  and different aerosol species (e.g., organic, sulfate, nitrate, and 

ammonium) are assumed to be the same. 

To estimate mass of ammonium sulfate mass (mas), we assumed a stoichiometric 

relationship between sulfate and ammonium. Therefore, mas  is calculated as  132
96

× mSO4 ; ~  

1.375× mSO4. 

4
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 [S4.5] 

Eq.S4.5 was applied to estimate an approximate OA MFR for VRT-TD data at 60 ˚C and 

90˚C, where mSO4, BP is used from ACSM measurements. 

In Eq. S4.5, contribution of ammonium nitrate (AN) aerosol to Vtot is neglected, which has 

a relatively minor influence on the estimated OA MFR at both of our measurement sites. This 

is because the overall contribution of AN in PM1  was small (Fig. S4.6). The observed 

evaporation of ambient AN aerosol is much less than the laboratory generated pure AN aerosol 

(Huffman et al., 2009) and its observed evaporation is quite similar to the OA evaporation (Fig. 

S4.2). Since evaporation of AN under VRT-TD operating conditions would be a function of 
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temperature and residence time, an exclusion of contribution of AN from Vtot  is not as 

straightforward as for AS. However, we explore the overall influences of AN on the estimated 

OA MFR by examining an extreme case. In this analysis, we considered the Raleigh data set, 

where relatively more NO3  contribution in PM1  was measured (Fig. S4.6, S4.7) and the 

highest operating Rt of VRT-TD (40 s), where maximum bias is expected.  Estimated OA MFR 

using Eq. S4.5 (neglecting AN contribution) at 60 ̊ C and Rt = 40 s was 0.72 ± 0.06 (base case). 

In a sensitivity case, we included the contribution of AN (Vtot= Vorg +Vas+Van ) and assumed 

that evaporation of NO3  measured in TS-TD (60˚C, Rt = 50 s) is same in VRT-TD for the 

above condition. The estimated mean OA MFR from sensitivity case was 0.735, which is 

within ~ 2% of our base case estimation and falls well within the variability range. At 90 ˚C 

and Rt = 40 s, estimated mean OA MFR in sensitivity case was 0.498 versus 0.48 ± 0.078 in 

base case, which is within 4 %. 

S4.2. Estimation of condensation sink diameter (d cs ) 

The condensation sink diameter is estimated following Lehtinen et al., 2003.  The 

condensation sink diameter is the diameter where a monodisperse population of particles of 

number concentration Ntot  can be placed to obtain the same total condensation sink (CS) as for 

a poly-disperse distribution of particles with total number concentration Ntot  (Lehtinen et al., 

2003).   

Mathematically, 2πD𝑑𝑑𝑐𝑐𝑐𝑐𝐹𝐹(𝑑𝑑𝑐𝑐𝑐𝑐)𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡 = 2πD∑𝐹𝐹�𝑑𝑑𝑝𝑝,𝑖𝑖�𝑑𝑑𝑝𝑝,𝑖𝑖𝑁𝑁𝑖𝑖 = 𝐶𝐶𝑂𝑂                      [S4.6]                        

Where, D is the diffusion coefficient, F is the Fuchs and Sutugin correction factor, Ni  is 

the number concentration of particles in size bin of dp,i 
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S4.3. Supplementary figures     

 
Figure S4.1: Comparison of submicron ambient aerosol volume concentrations measured by 

SMPS (10-600 nm) with the volume concentrations of organic aerosol (OA) + ammonium 

sulfate (AS) aerosol measured by ACSM. Both bypass and TD (heated) ACSM data were 

analyzed using a collection efficiency (CE) of 0.5 (Ng et al., 2011a) for all species.  OA volume 

are calculated from the measured OA mass concentrations (morg) and an effective density of 

OA  of 1.4 g cm-3 , estimated from a parameterization using elemental composition (O:C; H:C)  

(Kuwata et al., 2012). AS mass concentration (mas) is calculated as  𝟏𝟏𝟏𝟏𝟏𝟏
𝟗𝟗𝟗𝟗

× mSO4  , where mSO4 

is the mass concentration of sulfate (SO4 ) . AS volume is calculated assuming density of 1.77 

g cm-3.  
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Figure S4.2: Campaign average mass thermogram (mass fraction remaining; MFR versus 

temperature) of NR-PM1  species (OA, sulfate, nitrate, ammonium) from ACSM 

measurements via the TS-TD during the (a) Centreville and (b) Raleigh campaign. 
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Figure S4.3: (a) Geographical locations of measurement sites and long-term trends of ambient 

(b) NOx and (c) CO concentrations in the study areas. Centreville data are shown from 

SEARCH site (atmospheric-research.com/studies/SEARCH/) at Centreville (same location of 

the SOAS main ground site at Centreville). Raleigh data are shown from a monitoring station 

at Millbrook, Raleigh (35.856 ˚N, 78.574˚W, which is ~ 12 km northeast of the NCSU 

measurement site) operated by North Carolina Department of Environment and Natural 

Resources (NC DENR). 
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Figure S4.4: Comparison of ambient α-pinene + β-pinene concentration across two study 

areas. (a) Centreville data were collected during the SOAS campaign at Centreville, June-July, 

2013 by Shepson’s Group (Purdue University); (b) Duke Forest data were collected during 

CELTIC (Chemical Emission, Loss, Transformation and Interactions within Canopies) field 

campaign in 2003, reported from Stroud et al.(2005). Duke Forest site (35.98˚N, 79.09˚W) is 

about 40 km to the Northwest from the NCSU site. (c) Duke forest data are shown after scaling 

by a temperature adjustment factor, using the campaign- average temperature during our 

Raleigh measurements (October–November, 2013). The temperature adjustment factor for 

monoterpenes is estimated as, Ct = e0.09 (T-303), where T is in K (Warneke et al., 2010). 
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Figure S4.5: Diurnal trends of ambient temperature and relative humidity (RH) during the 

Centreville and Raleigh field campaign. Symbol is the mean value and error bar is ± one 

standard deviation of hourly data. 

 
 
Figure S4.6: (a-b) Submicron aerosol compositions and (c-d) size distributions measured in 

ambient (bypass) condition. Non-refractory submicron aerosol (NR PM1 ) composition data 

are measured by ACSM and number size distribution by SMPS. In panel b and c, solid lines 

show campaign median and shaded regions show interquartile range (25th to 75th percentile). 



157 
 
 

 

 

Mean ± one standard deviation (SD) of organic aerosol (OA), PM1 mass concentrations, and 

integrated number concentrations (10-600 nm) are reported.   

 

 
Figure S4.7: Time series and mean diurnal profiles of ambient submicron aerosol species 

concentrations (organics, sulfate; SO4 , nitrate; NO3 , and ammonium; NH4 ) measured by 

ACSM. All ACSM data are analyzed with an assumed collection efficiency (CE) of 0.5. 
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Figure S4.8: Similar to figure 4.3 in the main text showing analysis results for Raleigh data 

set. Extraction of OA gas-particle partitioning parameter (ΔH vap , γ e  and f i ) values via 

evaporation kinetic model fits to campaign-average dual-TD observations. ΔH vap = intercept-

slope (log10 C*) relationship was used (e.g., 50-0 on x-axis represents intercept =50 and slope 

= 0). Symbols and colors represent the goodness of fit. Points with filled inner circles recreate 

TS-TD observations and points with a white cross (x) recreate both TD data sets to within 

observational variability. Crosses represent the overall goodness of fit including both TS-TD 

and VRT-TD observations, with larger size corresponding to a better fit. 
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Figure S4.9: Comparison of individual observations and corresponding modeled MFRs 

applying the extracted f i  distribution from the campaign-average fit and unified fit with γ e  = 

0.5 and ΔH vap = 100 kj mol-1 (see Table 4.1 in main text for f i distributions). (a-b) Centreville 

data set, (c-d) Raleigh data set. Panel a is same as Fig. 4.4 (a) in main text. The coefficient of 

determination (r2) and root mean squared error (RMSE) for the panel (a) r2 = 0.83; RMSE = 

0.11; (b) r2 = 0.81; RMSE = 0.11; (c) r2 = 0.82; RMSE = 0.12; and (d) r2 = 0.86; RMSE = 0.09.  
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Figure S4.10: Similar to figure 4.6 in the main text showing analysis results for Raleigh data 

set. Time series of (a) ambient OA concentrations (COA), (b) hydrocarbon-like OA (HOA) 

fractional contribution to COA, and (c) OA volatility distribution (f i ) and 𝑪𝑪∗���  (open black 

circles).Tracer m/z based rough HOA are estimated as ∼ 13.4 × (C57  − 0.1 × C 44 ), where C57 

and C44  are the equivalent mass concentration of tracer ion m/z 57 and 44, respectively (Ng et 

al., 2011b). 
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Figure S4.11: Similar to figure 4.7 in the main text showing analysis results for Raleigh data 

set. Campaign average diurnal trends of: (a) concentration of total OA and rough OA factors, 

(b) OA volatility (f i  and  𝑪𝑪∗���), (c) OA MFR after heating at 60, 90 and 120 ˚C with a TD 

residence time of 50 s. Tracer m/z based rough OA components are estimated following Ng et 

al.(2011) as: hydrocarbon-like OA (HOA ~ 13.4 × (C 57  − 0.1 × C 44 )) and oxygenated OA 

(OOA ~ 6.6 × C 44 ) , where C57  and C44  are the equivalent mass concentration of tracer ion 

m/z 57 and 44, respectively.   
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Figure S4.12: Scatter plot of (a) mean C* vs. ambient OA loading (COA); (b) C*eff  vs. ambient 

OA loading (COA). Results are shown from the Centreville campaign. 

 

 
Figure S4.13: Scatter plot of (a) mean C* vs. MO-OOA fraction in COA; (b) C*eff  vs. MO-

OOA fraction in COA.  Results are shown from the Centreville campaign. 
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Figure S4.14: Similar to figure 4.8 in the main text showing analysis results for Raleigh data 

set. Scatter plot of mean C* verses (a) rough HOA fraction, and (b) rough OOA fraction in 

total OA concentration during the Raleigh campaign. For rough HOA and OOA estimation 

method, see Fig S4.11 caption. 

S4.4. Supplementary Tables                                                                                             

Table S4.1: TD kinetic model input parameters 

Parameters  Value Notes 
Density (kg m-3) 1400  Kuwata et al., 2012 parameterization 

Diffusion coefficient (m2 s-

1)  
3.5 E-06  Cappa and Jimenez (2010) 

Surface tension (J m-2) 0.08  Approximated as Pimelic acid, Bilde et 
al.(2003)  

Molecular weight (MW) MW i  (g mol-1) =169-28 (log 10 C*
i ) Approximated from Di-carboxylic acid 
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Table S4.2: Statistical correlation (Pearson R value) between isoprene-OA fraction to COA 

and f i ’s in any particular C* bin 

log 10 C* bin -4 -3 -2 -1 0 10 mean C* C*
eff 

Pearson R value 0.02 0.29 -0.07 -0.06 -0.14 0.04 -0.06 0.19 
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CHAPTER 5: Characterization of air pollutant concentrations, emission 
factors, and dispersion near a North Carolina interstate freeway across two 
seasons* 
 

Abstract: We present field measurement data and modeling of multiple traffic-related air 

pollutants during two seasons at a site adjoining Interstate 40, near Durham, North Carolina. 

We analyze spatial-temporal and seasonal trends and fleet-average pollutant emission factors 

and use our data to evaluate a line source dispersion model. Month-long measurement 

campaigns were performed in summer 2015 and winter 2016. Data were collected at a fixed 

near-road site located within 10 m from the highway edge, an upwind background site and, 

under favorable meteorological conditions, along downwind perpendicular transects. 

Measurements included the size distribution, chemical composition, and volatility of 

submicron particles, black carbon (BC), nitrogen oxides (NOx), meteorological conditions and 

traffic activity data. Results show strong seasonal and diurnal differences in spatial distribution 

of traffic sourced pollutants. A strong signature of vehicle emissions was observed within 100-

150 m from the highway edge with significantly higher concentrations during morning. 

Substantially higher concentrations and less-sharp near-road gradients were observed in winter 

for many species. Season-specific fleet-average fuel-based emission factors for NO, NOx, BC, 

and particle number (PN) were derived based on up- and down-wind roadside measurements 

and were generally consistent with values from other measurement approaches. The campaign-

average NOx and PN emission factors were 20% and 300% higher in winter than summer, 

respectively. These results suggest that the combined effect of higher emissions and their 

slower downwind dispersion in winter dictate the observed higher downwind concentrations 

and wider highway influence zone in winter for several species. Finally, measurements of 

traffic data, emission factors, and pollutant concentrations were integrated to evaluate a line 

source dispersion model (R-LINE). While the dispersion model captured the general trends in 

a spatial and temporal pattern in near-road concentration field, model simulations tended to 

show a stronger diurnal variation (e.g. higher evening rush-hour peaks) than was observed 

during near-road measurements. 
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*Submitted to: Atmospheric Environment as “Saha, P. K., Khlystov, A., Snyder, M.G., and 
Grieshop, A. P.: Characterization of air pollutant concentrations, fleet emission factors, and 
dispersion near a North Carolina interstate freeway across two seasons” 
 
5.1 Introduction 

Motor vehicles emit gas- and particle-phase air pollutants, including organic and inorganic 

gases, black carbon (BC), organic aerosols (OA) and other species, which are linked with 

adverse human health effects, and climate effects (Brugge et al., 2007; Health Effects Institute, 

2010; Shindell et al., 2011). There are steep gradients in concentrations of these species within 

10s to 100s of meters from the roadway (Karner et al., 2010). Many studies have linked traffic 

proximity to increased risk of adverse health effects including asthma, reduced lung function, 

and cardiovascular health risks (Brugge et al., 2007; Brunekreef et al., 1997; Health Effects 

Institute, 2010; Lin et al., 2002; Venn et al., 2001). Typically people living within 100-500 m 

from major roadway are strongly impacted by roadway influences (Karner et al., 2010; Venn 

et al., 2001; Zhou and Levy, 2007). Traffic-related air pollution impacts a substantial portion 

of the population in the US and all over the world. Approximately 15% of US households are 

located within 100 m of 4-or-more-lane highway (U.S. Census Bureau, 2008). 

 

Emissions from motor vehicles depends on various factors, including engine type, engine 

operating conditions, exhaust after-treatment technology, and between laboratory and real-

world settings (Ban-Weiss et al., 2008; Chow et al., 2011; Liu and Frey, 2015). Motor vehicles, 

especially those powered by diesel engines, have generally reported as an important source of 

ultrafine particles (UFPs), BC, NOx in a urban and near-road setting (Ban-Weiss et al., 2008; 

Chow et al., 2011; Dallmann et al., 2014; Kleeman et al., 2009; Riddle et al., 2008). On the 

other hand, gasoline powered emissions are often linked to an important source of OA and 

their precursors (Dallmann et al., 2014). However, recent implementation of different exhaust 

after-treatment techniques (e.g., diesel particulate filter; diesel oxidation catalysts) are reported 

as an effective tool for reducing particulate air pollutants (Gordon et al., 2014; Herner et al., 

2011). 
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Emissions from motor vehicles are often quantified in terms of fuel-based emission factor 

(EF), which is the amount of pollutant emitted per kg of fuel burned. Laboratory chassis 

dynamometer testing are used for emissions characterization from motor vehicles and 

inventory development that has inherent limitation to capture the full range of real-world 

driving scenario. Therefore, quantitative estimations of motor-vehicle emissions in a real-

world scenario are important for inventory evaluation, technology evaluation, characterization 

of emission trends, and assessment of real influence of real-world conditions (e.g., ambient 

temperature) on emissions (Franco et al., 2013). Furthermore, simple line-source dispersion 

models have been widely used for predicting near-road air quality (Gordon et al., 2012; Snyder 

et al., 2013; Venkatram et al., 2007; Zhai et al., 2016). Representative inputs for emission 

factors are critical for predicting quantitative estimates of near-road air quality using these 

dispersion models (Kumar et al., 2011). 

 

Upon emission, vehicle exhaust goes through dilution with ambient air, cool at ambient 

temperature, and a rapid evolution of road-to-ambient like condition (Robinson et al., 2007; 

Zhang et al., 2004). The evolution of vehicle emissions downwind of a roadway involves 

complex physicochemical processes and varies spatially and temporally (Baldauf et al., 2008; 

Canagaratna et al., 2010; Choi and Paulson, 2016; Stroud et al., 2014). Exposure 

concentrations of different pollutants in near-road environments are influenced by the complex 

dispersion process, built environments and meteorological factors, which lead to 

physicochemical transformations of primary reactive species (Baldauf et al., 2008; Hagler et 

al., 2012; Zhou and Levy, 2007). Complex physicochemical processes may dictate downwind 

evolution of traffic emissions (Zhang et al., 2004; Zhang and Wexler, 2004). For example, 

semi-volatile organics (SVOCs) emitted from on-road mobile sources evaporate upon dilution, 

undergo chemical and photochemical transformation and form secondary organic aerosol 

(SOA) after emissions (Robinson et al., 2007; Stroud et al., 2014). A substantial portion of 

vehicle-emitted UFPs could be consisted of semi-volatile organics (Kuhn et al., 2005), thus the 
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gas-particle partitioning could play an important role in determining their downwind exposure 

concentrations. Therefore, knowledge of emission rates, understanding of physicochemical 

nature of different pollutants, and their spatio-temporal pattern of concentration field are 

essential for accurate accounting of near-road exposure to vehicle emissions and the resulting 

adverse health effects. 

 

In this work, we investigated near-road concentration field, emisison factors and dispersion 

of various traffic-related air pollutants at a near-highway site using field measurements of 

roadsite, upwind background and along downwind perpendicular transects. Measurements 

collected in summer and winter field campaigns in North Carolina with an aim for better 

understanding of the following: (1) How does the influence zone of vehicles on a busy 

interstate vary with time, season, and pollutant? (2) How does gas-particle partitioning of 

emitted species influence their downwind concentration field? (3) What are the important 

explanatory variables associated with the near-road exposure concentrations of vehicle-

sourced pollutants? To gain insights into the above questions, this manuscript discusses 

observed spatio-temporal and seasonal trends in multiple traffic-related air pollutant 

concentrations, season-specific fleet-average emission factors, and the association between 

pollutant concentrations and traffic, and metrological variables. Finally, measured traffic, 

emissions and pollutant concentrations are integrated to evaluate a line source dispersion 

model. 

 

5.2 Methods 

5.2.1. Measurement site and data collection 

We conducted measurements in a near-highway setting next to Interstate 40 (I-40), near 

Durham, North Carolina, USA. At the measurement location, I-40 is an eight-lane highway 

with an annual average daily traffic volume of 140 to145 thousand vehicles per day. A sketch 

of the measurement site is shown in Figure 5.1; the study area map is shown in Figure S5.1. 

The highway I-40 at the measurement location adjoins a rural road (Triple Oak Dr, Morrisville, 
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NC) running almost perpendicular to the highway, in-line with the dominant wind direction 

(southwest; 225 º). This minor road allows us to study the evolution of concentrations and 

properties of the highway plume at different distances downwind from the highway. 

 

Measurements were collected at three locations: (i) a fixed-site trailer located within 10 m 

from the highway edge, (ii) a stationary background site located on the opposite side of the 

highway about 400 m away from the highway, and (iii) during downwind transects on Triple 

Oak Drive. The background site was established in a commercial building with sampling inlet 

on the roof. The fixed-site near-road trailer used in this study is adjoining an existing EPA/NC 

Department of Environmental Quality (NC DEQ) continuous monitoring station, where CO, 

NO, NOx, O3 , BC and a set of basic meteorological parameters are routinely measured. 

Transects measurement are completed using a mobile platform (van)  

 

Two measurement campaigns were conducted, one in Summer 2015 (June 1 –July 2) and 

another in Winter 2016 (January 18 – February 20). Here-in-after, the two data sets are referred 

to as ‘summer’ and ‘winter’. During these campaigns, continuous measurements of submicron 

particle size distribution, chemical composition and volatility, NO, NOx, BC, and CO2 

concentrations were collected in a newly established near-road trailer. Simultaneous 

continuous background measurements of particle size distribution, NO, NOx, and BC were 

collected at the background site. Downwind transects measurements on Triple Oak Dr. were 

only collected on a few selected days (summer: 4 days; winter: 3 days) within window of 

continuous stationary measurements. Transect days were selected based on favorable weekday 

weather forecasts with the wind coming off of the roadway and no precipitation. On these 

selected days, typically 2-3 transect runs were completed per day during times with distinctive 

traffic and meterological conditions: morning rush-hour (~7:00-9:00 am), mid-day (~12:30-

2:30 pm) and evening rush hour (~4:30-6:30 pm). Table S5.1 lists transect runs periods and 

meteorological and traffic conditions during these periods. 



184 
 
 

 

 

 
Figure 5.1: Schematic of measurement sites and a list of measurements collected at each 

location. 

 

Transects measurement were completed using a mobile platform (van) equipped with 

instrumentation to measure particle size distributions and volatility, NO, NOx, and BC. 

Measurements were collected at different distances (10, 50, 100, 150, 220 m) downwind of the 

highway. All distances are reported from the edge of the highway unless otherwise specified. 

During transects, the van started near to the fixed-site near-road trailer, sampled for ~20 

minutes, then proceeded to the next downwind point, and consecutively sampled at different 

downwind distances, ~20 min at each point. The van engine was not run during sampling to 

avoid self-contamination. After each van movement, there were 3-5 minutes waiting time 

before starting of measurement to allow van-generated pollution to be advected away. A ‘full 

transect run’ took approximately ~ 2 h to complete.  

 

5.2.2. Instrumentation 

Table S5.2 lists the suite of instruments deployed in this study and data quality assurance 

(QA) approaches; these are only briefly described here. In the near-road trailer, a scanning 
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mobility particle sizer (SMPS, TSI Inc.; 3010 CPC, 3081 DMA) measured particle size 

distributions (10-400 nm), an Aerosol Chemical Speciation Monitor (ACSM, Aerodyne 

Research Inc.) measured particle mass concentrations of nonrefractory chemical species 

(organic, sulfate, nitrate, ammonium and chloride) (75-650 nm) (Ng et al., 2011a), a 870 nm 

wavelength Photo-acoustic Extinctiometer (PAX; Droplet Measurement Technology) 

measured black carbon (BC), a 2B technology NOx analyzer (model 410/401) measured 

NO/NOx and a Li-cor CO2  analyzer (model LI-820)  measured CO2  concentrations. A 

custom-built muti-tube thermodenuder (MT-TD) system was used to infer particle volatility. 

Basic design and operation of TD was similar to those described in elsewhere (Huffman et al., 

2008; Saha et al., 2015). The MT-TD consists of four separate lines, controlled with computer 

control valves that can be switched in approximately 1 second that enables automated and 

quick alternation between four different set temperatures. The MT-TD was coupled with 

another SMPS (MT-TD/SMPS; 3010 CPC, 3081 DMA) to measure particle size distributions 

(10-400 nm) after heating at 60, 90, 120, and 180 ºC. The TD residence time (volume/flow 

rate) was ~30 s at room temperature.  

 

During the downwind transect runs, the van was equipped with a subset of instruments 

from the near-road trailer (a SMPS for measuring ambient particle size distribution, MT-

TD/SMPS for particle volatility, and BC, NO/NOx, and CO2  instruments). Aerosol size 

distribution (SMPS; 3787 CPC, 3081 DMA), black carbon (microAeth, AE51) and NOx/NO 

concentration (Ecotech 9841 NOx analyzer) were continuously measured at the background 

site during the whole campaign. 

 

Real-time measurements of traffic volume, composition, and fleet speed data were 

collected from an existing remote traffic microwave sensor (RTMS) system, maintained by the 

NC Department of Transportation. The RTMS sensor system was located within ~15 m from 

our fixed-site near-road trailer, the relative position of the RTMS sensor is shown in Fig.5.1. 

The real-time measurement of basic meteorological data such as wind speed and direction, 
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ambient temperature and relative humidity were obtained from multiple locations - a weather 

station attached to the near-road trailer at 3 m height, a 10 m meteorological tower adjoining 

the EPA/NC-DENR trailer, and a local weather station at Raleigh-Durham International 

Airport (about 2 km away from our measurement site) for synoptic scale meteorology.  

   

5.2.3. Data reduction 

Data collected during the summer and winter campaigns have undergone quality assurance 

(QA) procedures to ensure data quality and inter-comparability of data from different sites and 

instruments, as described in Table S5.2. All identified correction factors (calibration factors, 

instrument inter-comparison factors, particle loss factors for TD data) were applied to raw data 

for subsequent analyses. Data intercomparisons were also made with the available data from 

instruments operated at EPA/NC-DENR trailer where applicable (e.g., NOx, BC). A good 

overall agreement was found between the data collected in the two side-by-side trailers. For 

subsequent analyses, the long-term data collected from the near-road trailer and background 

site were averaged to hourly resolution, while for a particular transect run, data collected at 

each transect location were averaged over ~20 minutes. When upwind background 

measurements were compared with downwind transects data,  background data was averaged 

over the length of a complete transect run (~ 2 h). Quality-assured data were analyzed for 

downwind concentration gradients of gaseous and particulate air pollutant concentrations, the 

downwind evolution of particle size distribution and particle volatility, diurnal profiles of 

pollutant species and the correlation between pollutant concentrations and traffic and 

meteorological parameters. Comparisons between summer and winter results were made to 

assess seasonal variability.  

 

5.2.4. Determining emission factors  

Fleet-average fuel-based emission factors were calculated for various pollutants (i.e., NO, 

NOx, BC, PN) using a carbon balance approach, shown in Eq.5.1. (Dallmann et al., 2014, 

2014; Grieshop et al., 2006; Hudda et al., 2013): 
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Where EFp  is the emission factor of pollutant P in grams of pollutant or number of particles 

emitted from per kg of fuel burned, Δ[P] and Δ[CO2] are the background-corrected pollutant 

and CO2  concentrations and wc  is the weight fraction of carbon in the fuel, a value of 0.85 

was assumed for the overall fleet. This approach assumes an equal dilution of all emitted 

pollutants and that all carbon in the fuel is oxidized to CO2 . The contribution of CO, VOCs 

and particulate carbon are assumed to be negligible in carbon mass balance. 

 

Concentration data from the near-road trailer and background site were used for EF 

calculation. Only a subset of data with winds predominantly from the highway to the 

measurement site (225±45 º) and above a threshold wind speed of 0.5m s-1 (non-calm) was 

considered to minimize the background uncertainty in EF estimation. Under these conditions 

the emission signal from the highway is expected to be substantially higher than background 

and upwind measurements can be treated as background with good confidence. Since there 

was no CO2  monitor at the background site during campaigns, the background CO2  

concentration is assumed as the 5th percentile of the data set collected in the near-road trailer 

over the campaign. Similar a low percentile value was assumed as baseline roadway 

concentrations in past studies for extracting EF from on-road measurements (Hudda et al., 

2013). Winter and summer were analyzed separately. A sensitivity analysis was also performed 

assuming (i) the 1st percentile of campaign data as background CO2  concentration, (ii) 

measurements when the wind was towards the roadway and low traffic flow rate. The overall 

uncertainty in the estimated emission factors due to different assumptions on background CO2  

concentration was found to be less than 10-15%.  

 

5.2.5. Dispersion modeling 

To evaluate how our observations match with models often used to assess near-road 

pollutant exposures, we used the Research LINE source dispersion model, R-LINE, developed 
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by the U.S. Environmental Protection Agency (Snyder et al., 2013). R-LINE simulates 

downwind dispersion of roadway emissions using surface meteorology measurements taken at 

the Raleigh-Durham (RDU) Airport (2 km away from our site) and upper air sounds from the 

Greensboro (GSO) airport (100 km away from our site). Meteorological measurements were 

taken every minute with a 0.5 m/s minimum wind threshold, averaged over the hour using 

AERMINUTE, then surface dispersion parameters were calculated using AERMET (Cimorelli 

et al., 2005). R-LINE was run for our I-40 site for the time period concurrent with the two 

measurement campaigns. Two line sources were simulated; spatially centered in the middle of 

the I-40 eastbound and westbound roadway, each with four 3.6 meters wide lanes (two on 

either side of each source). The sources are one kilometer in length with a height of two meters 

and an initial vertical spread of 1.5 meters to simulate an average emission height and uniform 

mixing due to traffic turbulence on the roadway. Model receptors were located perpendicular 

to the highway 10, 50, 100, 150 and 220 meters downwind from the edge of the highway to be 

consistent with the transect measurement locations (Fig. 5.1). R-LINE was run using a unit 

emission rate of 1 g/m/s.  Measured traffic flow rates, fleet composition (Figure S5.2) and 

derived fleet-average emissions factors (Sec. 3.6) were used to estimate fleet-average emission 

rates to scale unit-emission-rate R-LINE output to obtain concentrations. A detail on the 

estimation of fleet-average emission rates is given in SI, sec. S5.1. 

 
5.3. Results and discussion 

5.3. 1. Overview of traffic and meteorological conditions  

A summary of campaign-average traffic and meteorological conditions are listed in Table 

5.1. Figure S5.2 detailed the measured traffic data, such as diurnal variation of total vehicle 

volume, heavy-duty (HDV) volume, fleet speed, and number fraction of HDV to total fleet. 

Traffic volume exhibits peaks during morning (6:00-8:00) and evening (16:00-18:00) rush 

hours. The diurnal profile of heavy duty vehicle (HDV) traffic volume follows a similar pattern 

to total vehicle volume. Traffic speed decreased during the two peak periods, more notably 

during the evening rush hours. Campaign-average total traffic volume and HDV volume were 

about 17% higher and 20% higher in summer, respectively in compared to winter. Campaign-
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average HDV number fraction to total traffic was 6 ± 3% in both seasons. The number fraction 

of HDV peaks after midnight (2:00-4:00) at about 10-12% of total. By weighting the LDV and 

HDV volumes with their respective typical fuel economy (SI, sec S5.1), approximately 13-

17% of fuel consumption can be estimated as diesel fuel. 

 
Table 5.1: Campaign average meteorological and traffic conditions 

Season T RH Wind 
speed 

Wind 
direction 

Traffic 
volume 

% of 
HDV 

 (ºC) (%) (ms-1) (º) (Veh. h-1)  

Summer 26±5 72±18 2.6±1.7 200±86 6900±4100 6±3 

Winter 6±7 66±24 2.7±2.0 190±102 5800±4000 6±3 

 
Campaign-average meteorological profiles are shown in Figure S5.3. Campaign-average 

ambient temperature was 26±5 °C for summer and 6±7°C for winter. Relative humidity (RH) 

in both seasons was similar (summer 72±18% and winter 66±24%). The dominant wind 

direction in both seasons was southwest (225°), with wind coming from this this direction 

(within ± 45º) approximately 25% and 18% of the time during the summer and winter 

campaigns, respectively. Southwest wind indicates wind coming off of the highway to the near-

road measurement trailer and Triple Oak Drive (Fig.5.1, Fig. S5.1). 

 

5.3. 2. Downwind concentration profiles 

The observed downwind concentration profiles of NOx, BC, particle number (PN) and 

particle volume from summer and winter campaigns are shown in Fig. 5.2. These 

measurements were collected with the wind predominantly from the highway. Particle number 

and volume concentrations are SMPS measurements integrated over 10-400 nm. The 

integrated particle volume concentrations are reported as particle mass concentrations (PM; µg 

m-3) assuming a density of 1 g cm-3 that can be interchangeably treated as particle volume 

concentrations in unit of µg3 cm-3. 
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Figure 5.2: Downwind evolution of NOx, BC, integrated particle number (PN) and particle 

mass (PM) concentrations during summer and winter campaigns. Point shows mean, and error 

bar shows ±1 standard deviation data from multiple transect runs as listed in Table S5.1 

(summer N=4; winter N=3). The background site (bg) location is not shown on axis but is 

approximately 400 m ‘upwind’ from the main fixed monitor site on the opposite side of I-40.  

 

 

Results show strong diurnal and seasonal differences in the spatial distribution of traffic 

sourced pollutants (e.g., NOx, BC, PN). Pollutants concentrations were consistently higher 

during morning rush hours compared to evening rush hours in both seasons. This trend is 

consistent with that observed in previous near-road field measurements (Baldauf et al., 2008; 
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Durant et al., 2010; Gordon et al., 2012). This trend is likely linked with both a lower morning 

mixing height and high traffic volume during morning rush hour. Consistent with previous 

measurements (Beckerman et al., 2008; Enroth et al., 2016; Gordon et al., 2012; Karner et al., 

2010; Zhu et al., 2002b), downwind concentrations of traffic-related pollutants (NOx, BC, PN) 

were observed to rapidly decay with increasing distance from the highway. A strong vehicle 

emission signature was observed within 100-150 m from the highway edge. Downwind 

concentrations of species appear to decay to background levels by 200-300 m from the 

highway edge, especially in summer. 

 

Strong seasonal differences were observed in near-road concentrations of measured 

species. NOx and PN concentrations were substantially higher in winter. The decay rate of 

several pollutants (e.g., NOx, BC, PN) were found to be significantly different between 

summer and winter. Fig. 5.3 presents the normalized downwind decay profile of NOx, BC, 

PN, and particle mass (PM) during summer and winter transects. To derive normalized decay 

profiles, the background-subtracted concentration at each downwind location was normalized 

by that at the measurement point nearest the highway edge (10 m). The normalized decay 

profile for each transect run (listed in Table S5.1) was determined first and averaged season-

wise to generate the points in Fig. 5.3. Relatively less sharp decay was observed during the 

winter season for NOx, BC, and PN. Potential contributors to the higher concentrations and 

slower decay of pollutants observed in winter (Fig.5.2) are higher emissions and/or slower 

dispersion under colder temperatures. The observed seasonal differences in emissions (in terms 

of emission factors) are discussed in Sec. 5.3.6. 

 

Fig. 5.3 shows that NOx, BC, and PN show a relatively faster downwind decay in summer 

in comparison to the winter observations. While a half-decay distances of NOx, BC and PN 

concentrations (relative to 10 m) was observed within ~ 50 -70 m in summer, these were ~ 100 

m, 130 m and 150 m for PN, BC and NOx, respectively, in winter. Roadside NOx was 

dominated by NO in both seasons (NO to NOx ratio at 10 m was 0.7- 0.8). With increasing 
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distance from the highway, the NO to NO x ratio gradually decreased in summer, though 

remained almost stable in winter (Figure S5.4), consistent with reduced photochemical activity 

and mixing from background air. NOx, BC, and PN levels approached background levels 

within ~ 200 m in summer. During winter measurements, 55-60% decay was observed for 

NOx and BC within 200 m and ~ 80 % for PN. This indicates that the highway-influenced 

zone is wider during the winter seasons for many pollutants. These trends are likely linked to 

greater atmospheric mixing, and thus dilution, in summer and more stable atmospheric 

conditions during winter due to lower temperatures. 

 

 
 

Figure 5.3: Campaign-average measured (symbol) and fitted (line) normalized downwind 

decay profile of NOx, BC, integrated particle number (PN) and particle mass (PM) 

concentrations in summer and winter. An exponential decay function is fitted to the 

observations; fitted coefficient values are listed in Table S5.3. Summer (S) data/fits show 

with solid symbols and lines, winter data/fits show with open symbols and dashed lines. 

Gray-shaded region indicates winter observations to guide eyes. 

 

Concentration gradients of particle mass (PM) were observed to be flatter than those of 

NOx, BC, and PN in both seasons. Rapid growth of OA mass downwind of a highway has 
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been reported by Stroud et al. (2014) that may counter to some extent the decay of vehicle 

emitted primary PM concentration due to dilution, mixing and evaporation. In this study, we 

observed that particle volume concentrations decays slower with distance than BC, a 

conservative traffic tracer (Figure S5.5). This could be explained by condensation of semi-

volatile organic vapors on the existing aerosol surfaces as the air is transported away from the 

highway. It should be noted that the depositional loss rate of different PM species and sizes 

could be different than that for BC particles as they travel downwind and that the increases in 

the measured pollutants relative to the background become progressively smaller with 

distance, making these inferences quite uncertain. 

 

5.3. 3. Downwind evolution of particle size distributions 

The average particle number size distributions at different distances from the highway are 

shown in Fig.5. 4. These measurements were collected during the morning and evening rush 

hour transects with the wind predominantly from the highway. Particle size distributions near 

the highway were multi-modal, with a large peak at < 20 nm, while size distributions measured 

at the background site were almost similar to those measured at 220 m downwind from the 

highway edge. The dominant ultrafine mode and rapid downwind decay is commonly observed 

for the near-highway particle size distributions (Buonanno et al., 2009; Kozawa et al., 2012; 

Zhu et al., 2002a, 2006). The downwind evolution of the ultrafine mode varied with time of 

day and season. In general, higher concentrations and relatively slower evolution of particle 

size distribution with distance from the highway were observed during the winter morning. 

This observed seasonal trend agrees with previous observations (Virtanen et al., 2006; Zhang 

and Wexler, 2004; Zhu et al., 2004). As discussed above, this is likely due to the less 

atmospheric dilution and mixing during the winter morning due to a more stable atmospheric 

condition under colder temperatures. 
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Figure 5.4: (a-d) Average particle number size distributions at different distances from the 

edge of the highway. Downwind measurements are not background-subtracted. (e-f) 

Background subtracted average particle number size distributions at 10 m (red) and 150 m 

(purple) downwind distances. The reddish shaded portion of the measured size distribution at 

10 m can be explained by applying the dilution factor at 150 m, determined from the decay 

profile of background-corrected BC concentrations (Fig. 5.3). Other processes will be required 

to explain the gray dotted portion. 

 

Dilution is thought to be the dominant process that dictates downwind evolution of particle 

size distribution in the near-road environment (Choi and Paulson, 2016; Pohjola et al., 2007; 

Zhang et al., 2004; Zhang and Wexler, 2004). Fig. 5.4 (e-f) shows that only consideration of a 

dilution (and also deposition) driven decay, similar as measured downwind decay of black 

carbon, cannot explain the observed downwind evolution of the ultrafine mode. This fact is 

more pronounced during the winter season where a slower decay of black carbon was 
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measured. This analysis therefore suggests that additional loss processes affect the downwind 

evolution of the ultrafine mode. A feasible explanation is that a portion of the ultrafine particle 

is semi-volatile, which evaporates upon dilution during transport downwind. Another 

possibility is that the deposition rate of this ultrafine mode is different than that of BC (a 

significant fraction of UFP number may be produced via homogeneous nucleation and thus be 

substantially smaller than BC-containing particles). In reality, a combination of multiple 

microphysical processes, such as dilution, evaporation, condensation, coagulation, and 

deposition may dictate the overall downwind evolution of particle size distribution. The effects 

of an individual process cannot be isolated directly from measurements without detailed 

particle microphysics modeling (Choi and Paulson, 2016; Zhang et al., 2004), which is beyond 

the scope of this study. However, in any case, our measurements clearly indicate that while the 

dilution-driven decay is a dominant loss process for ultrafine particles in the near-road setting, 

other processes such as evaporation and condensation are required to explain observations. 

This is consistent with previous modeling studies (Choi and Paulson, 2016; Kumar et al., 2011; 

Zhang et al., 2004; Zhang and Wexler, 2004). 

 

It has been suggested by Choi and Paulson (2016) that at distances greater than 60-80 m 

from the roadway evaporation of ultrafine particles is an important mechanism affecting the 

evolution of road-to-ambient particle size distributions. This evaporation process is typically 

driven by decreases of organic vapor pressure around the particles due to the rapid dilution of 

the plume (Robinson et al., 2007). Therefore, if some portion of semi-volatile species 

evaporated from the particle-phase to gas-phase, the overall volatility of particles would appear 

to decrease as they move away from the highway. To test this hypothesis, we measured the 

volatility of particles using a thermodenuder (TD) system (Huffman et al., 2008; Saha et al., 

2015; Saleh et al., 2008; Wehner et al., 2002) at different downwind distances from the 

highway. The comprehensive volatility data set will be discussed in a separate manuscript and 

are only briefly discussed in below.  
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Under a fixed set of conditions (e.g., TD temperature and residence time, particle size, 

loading), the extent of evaporation of particles after heating in a TD can provide insights into 

their volatility. Fig.5.5 shows the ratio of particle number size distribution after heating at 60ºC 

to that at ambient temperature. These ratios provide insights into the extent of evaporations of 

different sized particles after heating at 60ºC at 10 m and 150 m downwind distance from the 

highway. The TD data were corrected for the particle loss using empirically derived size- and 

temperature-resolved loss correction factors for the particle number concentrations (Saha et 

al., 2015). Since parallel TD measurements were not collected at the upwind background site, 

background contributions are not subtracted from the ambient and heated size distributions 

before the ratio calculation.  

 

Fig. 5.5 shows that smaller particles evaporate more than larger particles. The extent of 

evaporation of a particular sized particle (especially within the ultrafine range; less than 100 

nm) decreases as they moved away from the highway, suggesting that the overall volatility of 

these particles may also be decreasing. This observation is conceptually consistent with the 

evaporation of semi-volatile species during downwind transport. The contribution of 

evaporation to the total loss rates will eventually diminish once gas-phase semi-volatile species 

in the plume will reach quasi phase-equilibrium as the plume approaches ambient like 

conditions; potentially within a few hundred meters from the highway (Choi and Paulson, 

2016). It is important to mention that since these TD measurements are not corrected for the 

contribution of background particles to overall observations, a direct quantitative attribution of 

the change in volatility of traffic-emitted particles as they move downwind cannot be made 

based on our observations.  
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Figure 5.5: Ratio of particle number size distributions after heating at 60ºC in a thermodenuder 

(TD) to that at ambient temperature at 10 m and 150 m downwind distance.  

 

5.3.4 Campaign average diurnal profiles  

While results from downwind transect measurements with the wind predominately from 

the highway are discussed above, this section discusses the observations from long-term 

measurements at the stationary near-road trailer located 10 m from the highway edge. Fig. 5.6 

shows the campaign average diurnal profiles of traffic and multiple air pollutant concentrations 

based on month-long measurements at the trailer in summer and winter. Hourly time resolution 

data were used to derive campaign average diurnal profiles. Concentration data used in this 

analysis were not background-subtracted and not filtered by any meteorological conditions. 

Therefore, these results provide insights into the diurnal trend in average exposure 

concentrations of different pollutants over a wide range of conditions. 
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Figure 5.6: Campaign-average diurnal profile of (a-b) traffic and (c-j) multiple air pollutants 

concentrations during the summer and winter campaigns. Pollutant concentrations were 

collected at the near-road trailer located 10 m from the highway edge.  

 

 

In both seasons, species associated with primary vehicle emissions (e.g., NOx, BC, PN) 

show strong diurnal patterns with a peak in the morning (between 6-9 am), consistent with the 

data from the short-term intensive measurements, discussed in Sec. 3.1. NOx, CO, and particle 

number concentrations were higher in winter season compared to summer, also consistent with 

the short-term intensive measurements (Fig. 5.2). The campaign average diurnal profile of BC 

concentration in both seasons appeared to be similar. Particulate mass (PM), OA mass and O3 
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concentration were higher during the summer seasons with a peak in the afternoon (3-7 pm). 

This suggests a substantial contribution from secondary aerosol mass during the summer 

seasons from photo-oxidation of local and regional precursors from natural and anthropogenic 

sources (Carlton et al., 2009; DeWitt et al., 2015; Hallquist et al., 2009; Sahu et al., 2011; 

Takegawa et al., 2006; Zhang et al., 2007). Secondary organic aerosol (SOA) production from 

in-situ oxidation of near-highway air at this site were investigated using an oxidation flow 

reactor (OFR) (Kang et al., 2007; Ortega et al., 2016). A substantially higher SOA production 

was observed during summer in compared to winter. These measurements will be presented in 

a companion manuscript.   

 

Sub-micron particle species mass concentrations measured by an ACSM (see Figure S5.6 

for details) were found to be organic-aerosol dominated in both seasons (campaign average: 

summer 67 ± 10%, winter 61± 24 %). While sulfate concentration in both seasons were similar 

(~ 10%), higher nitrate concentrations were observed during winter campaign (summer 6 ± 

2%, winter 17± 9 %) with a morning peak . This could be linked with the enhanced partitioning 

of ammonium nitrate to the particle phase at a lower temperature (Poulain et al., 2011). 

Campaign average BC concentrations from both seasons were similar (~ 0.5 μg m-3), which is 

~ 6% of total campaign-average PM1  (BC+ non-refractory species measured by ACSM). The 

relatively low BC concentration observed at this near-road site is consistent with the general 

characteristic of a gasoline vehicle dominated highway site (DeWitt et al., 2015; Ning et al., 

2008).Tracer m/z based approximate OA factor analysis (Ng et al., 2011b) results show that 

measured OA in this near-road site was oxygenated-OA (OOA) dominated in both seasons. 

Only 2.5 % and 6% of campaign average OA concentration can be apportioned as 

hydrocarbon-like OA (HOA) in the summer and winter campaign, respectively. This indicates 

that the OA concentration at this near-road site measured using ACSM was dominated by 

regional background OOA. Typically, vehicle-emitted fresh particles are smaller in size 

(Virtanen et al., 2006; Wehner et al., 2009) and thus a large portion may remain outside of the 

ACSM measurement size window (~ 70 nm) (Ng et al., 2011a).  
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5.3. 5 Correlation analysis  

The influence of different traffic and meteorological parameters on the measured near-road 

air pollutant concentrations are explored in Fig. 5.7 and Table 5.2. Over the two month-long 

campaigns, simultaneously measured traffic, meteorological variables and pollutant 

concentrations at the near-road trailer were used in the correlation analysis. Fig.5.7 shows 

generally higher concentrations of traffic-related pollutants (NOx, BC, PN) were observed 

with the combination of wind coming off the highway and higher traffic volume during rush 

hours. However, there are large amounts of scatter in Fig. 5.7, indicating a consistent 

relationship throughout the campaigns was not evident. 

Linear correlation coefficients (r) between different pollutant concentrations and basic 

traffic (i.e., total vehicle volume, heavy duty vehicle volume, average speed) and 

meteorological parameters (i.e., ambient temperature, relative humidity, wind speed, and 

direction) are listed in Table 5.2. The measured pollutant concentrations show low correlations 

with individual traffic and meteorological variables. However, the heavy duty vehicle (HDV) 

volume and wind direction show relatively better correlations with the measured 

concentrations of traffic-related pollutants (NOx, BC, PN) in both seasons. Since total vehicle 

volume and HDV volume are highly correlated (Fig. S5.2), total vehicle volume also shows a 

similar level of correlations as HDV with pollutant concentrations. The measured pollutant 

concentrations did not show any consistent correlations with the average speed of the fleet, 

ambient relative humidity and wind speed. The PN concentrations were found to be negatively 

correlated with the ambient temperatures, especially in winter, consistent with the higher 

number of nanoparticles formation during dilution of vehicle exhaust with colder dilution air 

(Du and Yu, 2006; Kittelson and Kraft, 2014). 
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Table 5.2: Pearson correlations coefficients between measured pollutant concentrations and 

traffic and meteorological variables 
 NO NO x BC PN PM OA 
 Sa Wb S W S W S W S W S W 
Veh. volc. 0.44 0.29 0.41 0.27 0.32 0.20 0.26 0.35 0.2 -0.03 0.08 -0.08 
HDV vold. 0.53 0.34 0.51 0.32 0.36 0.23 0.25 0.33 0.16 -0.02 0.03 -0.09 
Veh. speede 0.08 -0.03 0.13 0.00 -0.04 -0.12 -0.02 0.03 -0.07 0.03 -0.07 0.09 
Tempf 0.06 0.07 0.09 0.08 0.09 0.30 -0.13 -0.30 0.19 0.02 0.23 0.27 
RHg -0.05 0.09 -0.05 0.11 -0.02 0.26 0.11 -0.01 -0.19 0.024 -0.14 0.29 
WSh 0.05 -0.07 0.06 -0.11 0.10 -0.06 0.02 -0.23 0.16 -0.14 0.13 -0.05 
Cos (WD)i 0.32 0.39 0.37 0.45 0.33 0.55 0.26 0.45 0.31 0.27 0.37 0.34 

aS = Summer;  bW = Winter; cVeh. vol = Vehicles volume per hour; dHDV vol = Heavy duty vehicle volume per hour; eVeh. 

speed = average speed of fleet; fTemp = ambient temperature; gRH = ambient relative humidity; hWS = Wind speed at 10 m; 
iCos (WD) = Cosine of wind direction (Li et al., 2013) after rotating by 225º so that 0º would represent wind blowing from 

the highway to the monitoring site. 

 

 

In both seasons, relatively higher regression coefficient values between the concentration 

of NOx, BC, PN and m/z 57 OA fragments (not shown in Table 5.2) suggest these pollutants 

were emitted from similar sources (e.g., vehicles). The measured roadside concentrations of 

PM and OA did not show well correlation with vehicle volume but show some correlation with 

ambient temperature and relative humidity and wind direction. A low correlation value 

between concentrations of NOx and OA mass concentrations suggest that multiple sources and 

processes may dictate the overall concentrations of OA (DeWitt et al., 2015; Hallquist et al., 

2009). 
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Figure 5.7: Correlation between near-road pollutant concentrations (NOx, BC, PN, PM) and 

wind speed and direction, and traffic flow rate. The blue vertical line (225°) and shaded region 

(± 45°) indicates the wind predominantly from the highway. 

 

Overall a low correlation between the measured near-road concentrations and specific 

traffic and meteorological variables indicates that a single variable cannot explain the majority 

of the observed variability. A complex interplay between traffic emissions and other factors 

including meteorology and built environments dictate the near-road pollutant concentrations 

(Baldauf et al., 2008; Charron and Harrison, 2003; Hagler et al., 2012). While our simple linear 

regression analysis suggests that heavy duty traffic volume (also total traffic volume) and wind 

directions are important explanatory variables associated with the near-road concentrations of 
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vehicles-sourced pollutants, a comprehensive statistical analysis using a multiple regression 

approach (Briggs et al., 2000; Li et al., 2013; Singh et al., 2012) will be further required to 

explore the interaction and strength of different explanatory variables. A companion 

manuscript will further explore these association applying advance statistical analysis (e.g., 

Akaike Information Criterion (AIC) for variable selection; autoregressive (AR) model).  

 
5.3. 6 Fleet average emission factors 

Extracted season specific fuel-based fleet average emission factors for NO, NOx, BC, and 

PN are shown in Fig.5.8 and Table 5.3. Emission factors for NO, NOx, and PN were found to 

be significantly higher in winter in comparison to the summer observations. The study average 

NOx emission factor in winter (4.7±2.6 g kg-fuel-1) was ~ 20% higher than that during summer 

(3.8±2.5 g kg-fuel-1) (p-value ~ 0.001, the Kolmogorov–Smirnov test; K-S test). A similar level 

of seasonal variation was observed for the NO emission factor (winter: 3.1±2 g kg-fuel-1; 

summer: 2.5±1.7 g kg-fuel-1) (p-value ~ 0.006). The study average PN emission factor was a 

factor of 3 higher in winter (7.5±5 × 1014 # kg-fuel-1) than the summer (2.5±1.7 × 1014 # kg-

fuel-1) (p-value ~ 1.2E-17). The difference between the study average BC emission factors in 

winter and summer was not statistically significant (winter: 0.035± 0.03 g kg-fuel-1; summer: 

0.045± 0.03 g kg-fuel-1) (p-value ~ 0.3). 

 
Table 5.3: Campaign-average emission factors extracted from this study along with several 

previous studies 
Study Year NO x NO BC PN 

g kg-fuel-1 g kg-fuel-1 g kg-fuel-1 # kg-fuel-1× 1014 

aThis study (summer) 2015 3.8±2.5 2.5±1.7 0.045± 0.03 2.5±1.7 
aThis study (winter) 2016 4.7±2.6 3.1±2 0.035± 0.03 7.5±5 
bHuda et al. (2013) 2011 3.8±1.4 2.0±0.8 0.07± 0.05 4.3±2.6 
cPark et al. (2011) 2007 9.4  0.06 6 
dBan-Weiss et al. (2008) 2006 3.0±0.20  0.026±0.004  
eKirchstetter  et al. (1999) 1997 9.0±0.4  0.035±0.003 4.7±0.7 

aFleet-average; I-40, NC; derived from near-road concentration measurements from a fixed-site trailer. bLight duty vehicle; Los Angeles, SR-

110; derived from on-road concentration measurements using mobile platform. cLight duty vehicle; Wilmington, CA; derived from on-road 

concentration measurements with a mobile measurement platform. dLight duty vehicle; Caldecott Tunnel CA; derived from tunnel 

measurement. eLight duty vehicle; Caldecott Tunnel CA; derived tunnel measurement 



204 
 
 

 

 

 

 
Figure 5.8: Distribution of fleet-average emission factors extracted in this study. S and W refer 

summer and winter measurements, respectively. The ends of the box represent the first and 

third quartiles, the line inside the box is the median, and the length of the whiskers covers 95% 

of the data. The circle represents the mean. 

 

 
The observed substantially higher PN emission factors in winter is consistent with greater 

ultrafine particle formation during dilution of vehicle exhaust with colder dilution air (Du and 

Yu, 2006; Kittelson et al., 2006; Kittelson and Kraft, 2014). The study-average emission 

factors for sub-50 nm and sub-100 nm particle mass (g kg-fuel-1; derived from SMPS data 

assuming density of 1 g cm-3) were also found to be 3.8 and 2.2 times higher in winter in 

comparison to the summer, respectively (see Figure S5.7). A potential explanation for this 

seasonal change in ultrafine particles emissions from motor vehicles is that under colder 

ambient conditions a larger fraction of the low-volatility organics vapor partitions into the 

particle-phase during rapid cooling of vehicle exhaust at ambient temperature (Grieshop et al., 

2006; Lipsky and Robinson, 2006; Robinson et al., 2007), and forms a significant fraction of 

ultrafine particles via homogeneous nucleation (Du and Yu, 2006; Kittelson et al., 2006; 

Kittelson and Kraft, 2014). Therefore, results discussed here and in Sec. 5.3.1 suggest that the 
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combined effect of higher emissions and slower downwind dispersions in winter (Fig. 5.3) 

dictate the observed higher downwind concentrations of many traffic-sourced pollutants. 

 

Table 5.3 shows a comparison of emission factors determined in this study with several 

previous studies in the United States applying a range of techniques such as remote sensing 

(Bishop and Stedman, 2008), tunnel measurements (Ban-Weiss et al., 2008), mobile 

measurements (Hudda et al., 2013; Park et al., 2011) and on-road measurements of individual 

vehicles (Liu and Frey, 2015). Fleet-average NOx  emission factors derived in our study show 

reasonable agreement with light-duty gasoline vehicle emission factors derived from 

individual passenger cars measured on the highway I-40 by Liu and Frey (2015) (See Figure  

S5.8). The fleet-average emission factors in this study also found to be similar to those derived 

from real-world measurements in recent years for light-duty gasoline vehicles (Table 5.3). This 

is because the fraction of heavy duty vehicles in the highway I-40 is relatively small (study-

average 6 ± 3%).  Figure S5.9 shows scatter plots of fleet-average emission factors versus the 

fraction of HDV volume in the fleet. Although the average slope of the scatter plots in Figure 

S5.9 shows increases of emission factors with increasing HDV volume fraction, the high 

uncertainty in these slopes complicated the extrapolation of HDV emission signal from the 

bulk (Grieshop et al., 2006; W. Kirchstetter et al., 1999). Therefore, we do not attempt to report 

vehicle-class specific emission factors. 
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5.3.7 Dispersion model evaluation 

 
Figure 5.9: Measured (points) and modeled (lines) pollutant concentrations (background-

subtracted; Δ) as a function of distance from the edge of the highway. Measurements were 

collected with the wind predominantly from the highway during transect measurements (Fig. 

5.2). Symbol shows mean and error bar is ± one standard deviation. The line shows an average 

of the modeled concentrations over the corresponding measurement periods. 

 

Fig. 5.9 compares measured (shown in Fig.5. 2 above) and R-LINE modeled 

concentrations as a function of distance from the highway. R-LINE did a reasonable job of 

estimating general trends in spatial and temporal patterns in near-road concentration field. For 

example, consistent with measurements, the model predicts higher concentrations in the 

morning than in the evening in both seasons. However, quantitative discrepancies exist 

between the measured and modeled concentrations. The model tends to underpredict the 
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concentrations in the morning and overpredict in the evening, with a few exceptions. Several 

factors may contribute to this discrepancy including variability in emission factors, fleet mix, 

and prediction capability of R-LINE to simulate downwind dispersion. Study-average fuel-

based emission factors are used in our analysis (Sec. S5.1). Emissions factor variability can be 

influenced by a number of factors: changes in the fleet mix, variation in emissions due to 

temperature charges or underlying stochastic variability within the fleet. The fraction of the 

heavy-duty vehicles in the fleet did not vary significantly between morning and evening (Fig. 

S5.2.d). Our extracted fuel-based emission factors did not show any definite temporal pattern 

(an example is shown in Fig. S5.10 for NOx emission factors) suggesting that if there is 

consistent diurnal variability in fuel-based emission factors it is below our ability to detect it. 

Since emission factor is a multiplier to the concentration gradient profile, an adjustment in 

fixed emission factor to make the model match the measurement at a certain location and time 

(e.g., closer distance to the roadway, morning time in Fig. 5.9) would shift the whole modeled 

profile and thus the concentrations measured at other location and time. Therefore, we did not 

attempt to adjust the emission factors to make the model match the measured concentrations 

gradients.  

 

Fig. 5.10 compares the campaign-average diurnal profiles of measured and modeled 

concentrations using long-term measurement data sets from the stationary near-road trailer. 

The result shows that the R-LINE simulations capture morning peaks and overpredict 

afternoon peaks in summer, and overpredict both morning and winter peaks in winter. This 

suggests that R-LINE underestimates dispersion occurring in convective meteorological 

conditions in the afternoon, leading to over prediction of roadway impacts in the afternoon 

hours. R-LINE predicts greater concentration peaks in the winter morning. The reason for this 

discrepancy could be due to a prediction of over-suppression of dispersion by R-LINE under 

a stable atmosphere in the winter morning.  
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Figure 5.10: Campaign-average diurnal profiles of measured and modeled pollutant 

concentrations (background-subtracted; Δ). Pollutant concentrations were collected at the 

near-road trailer located 10 m away from the highway edge over the I-40 summer and winter 

campaigns. The line shows an average of the modeled concentrations over the corresponding 

measurement periods. 

 

 
5.4 Conclusions 

This paper presents measurements and modeling of near-highway air quality at a site near 

Interstate 40, North Carolina during summer-2015 and winter-2016 field campaigns. 

Measurements were conducted at the roadside, at different distances from the highway during 

downwind transects on a minor roadway perpendicular to the highway and at an upwind 

background site. Results show that spatial distribution of traffic sourced pollutants near a busy 

interstate vary with time-of-day, season and by pollutant. Strong vehicle emission signal 

observed within 100-150 m from the edge of the highway across all pollutants and seasons. 

Pollutant concentrations were consistently higher in the morning than evening rush hours in 

both seasons. In comparison to summer observations, substantially higher concentrations, and 
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relatively less sharp decay was observed in winter, which suggests a wider near-road influence 

zone in winter. These trends are likely linked to higher emissions in many species and less 

atmospheric mixing and dilution in winter under a colder temperature. The downwind decay 

of particle number concentrations was found to be faster than BC, a conservative traffic tracer, 

especially more pronounced during winter. Concentration gradients of particle mass 

concentrations were observed to be flatter than those of direct vehicle sourced pollutants in 

both seasons. This suggests that a more complex microphysical processes may dictate the 

downwind evolution of particulate air pollutants. 

 

A rapid change in particle size distribution was observed with downwind distances. The 

size distributions approached that of the background at about 200 m from the highway edge. 

Dilution alone cannot explain the observed downwind evolution of size distribution, though it 

does make the largest influence. Measurements of particle evaporation rates using a 

thermodenuder shows the extent of evaporation of ultrafine particles decreases as they moved 

away from the highway. This observation is consistent with the possibility of the evaporation 

of semi-volatile during downwind transport, suggesting gas-particle partitioning processes 

may influence the downwind exposure concentrations of ultrafine particles. Heavy-duty-traffic 

volume and wind directions are found to be important explanatory variables associated with 

the near-road concentrations of vehicle-sourced pollutants. 

 

Season-specific fleet-average emission factors for NOx, NO, Black carbon, particle 

number are reported. The campaign-average NO x and PN emission factors are found to be 

20% and factor-of-three higher in winter than summer, respectively, while BC emission factor 

found to be identical in between two seasons. A substantially higher particle number emission 

factors in colder climates, and their potential health impacts (Keebaugh et al., 2015; Li et al., 

2010) highlights a need for rethinking about the current regulation and control of vehicle 

emissions. Our derived real-world emission factors can be used to evaluate available emission 
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inventory (Franco et al., 2013). The reported emission factors are also useful as input for 

dispersion models for the region- and season-specific emissions.  

 

Measured spatial-and-temporal distribution of pollutant concentrations were compared to 

that of modeled concentrations from a dispersion model (R-LINE).  Although the model was 

capable of capturing the general trends in diurnal cycle and downwind decay profile of 

different pollutants, there were substantial quantitative differences. In a future study, an 

empirically derived adjustment factors will be applied to calibrate the model against 

observations from this case-study. The calibrated model will be used to estimate population 

exposures under different conditions (e.g., time-of-day, season, pollutant, etc.) for a wider 

geographic area. 
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5.6 Supplementary material 

S5.1. Estimation of fleet-average emission rates 

Light duty (LDV) and heavy-duty vehicle (HDV) were classified based on the length of 

detected vehicle using remote traffic microwave sensor (RTMS) system (Figure S5. 2). LDV 

and HDV are assumed to be gasoline and diesel powered in the US, respectively. In a typical 
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highway driving condition, an average fuel economy of 30 mpg (7.9 miles/L) and 8 mpg (2.1 

miles/L) are assumed for LDV and HDV fleet, respectively (USEPA, 2015). Fuel density 

values of 0.74 kg/L and 0.84 kg/L are considered for gasoline and diesel fuel, respectively to 

convert volume-based to the weight-based economy (mile/kg-fuel) (Ban-Weiss et al., 2008). 

A fleet-weighted combined fuel economy (FE; miles/kg-fuel) was estimated using Eq. S5.1. 

( ) ( ) ( )combined LDV LDV HDV HDVFE t FE f t FE f t= × + ×  [S5.1] 

Where, f LDV and fHDV  are the number fraction of LDV and HDV in overall fleet, 

respectively. The measured average fleet mix (number fraction of LDV and HDV) as a function 

of hour of the day (t) (Figure S5.2.d) are used. 

 

Finally, a fleet-average emission rates (g/mile/h or g/m/s) as a function of hour of day are 

estimated using Eq. S5.2 by combining total vehicle flow rate (veh/h or veh/s) (Figure S5.2.a), 

combined fuel economy (mile/kg-fuel or m/kg-fuel) (Eq. S5.1) and estimated campaign 

average fuel-based emission factors (g/kg-fuel) (Sec 5.3.6).   

1( ) . flow rate (t)  fuel-based EF
( )combined

ER t Veh
FE t

= × ×  [S5.2] 
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S5.2. Supplementary tables 

Table S5.1: List of transect runs and average meteorological and fleet conditions in these 

periods 
Season Date aHours Met conditions Fleet 

Wind 
speed 

Wind 
direction 

Temp RH Traffic 
Vol. 

Speed % 
HDV 

(ms-1) (º) (ºC) (%
) 

(veh h-1) (mph)  

Summe
r 

06/01/15 Morning 4.6 227 25 74 11500 60 5 
Midday 2.8 225 31 50 8830 60 6 
Evening 5.2 210 25 77 11340 44 4 

06/08/15 Morning 5.9 225 24 77 12790 59 5 
Midday 7.4 233 29 57 8950 62 6 
Evening 5.9 200 30 52 11490 44 4 

06/11/15 Morning 3.1 237 26 75 13170 58 5 
Evening 2.8 175 32 52 8600 28 3 

06/12/15 Morning 3.4 233 26 75 12460 59 6 
Midday 6.2 225 31 59 10820 58 6 
Evening 3.1 260 32 53 11820 59 4 

Winter 02/01/16 Morning 5.7 230 14 72 9650 61 6 
Evening 3.1 240 22 54 10500 50 4 

02/09/16 Morning 2.1 255 4 76 12950 57 5 
Evening 4.1 250 5 46 11960 46 4 

02/10/16 Morning 3.1 270 -1 53 12080 51 6 
Midday 4.1 250 4 35 8620 58 7 
Evening 5.7 260 3 36 11100 51 5 

aMorning: 7: 00 -9:00 am; Midday: 12:30 -2:30 pm; Evening: 4:30-6:30 pm 
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Table S5.2: List of particle and gas instrumentation used in this study, raw data time 

resolutions and data quality assurance (QA) approach 
Measurement 
locations 

Parameters Instrumentation Raw data time 
resolution 

QA approach 

Near road trailer 
 (10 m) 

Aerosol 
chemical 
speciation 

ACSM (Aerodyne Research Inc.) 10 min Pre and post-campaign 
standard response factor 
(NO 3  IE) calibration  

Particle size 
distribution 

SMPS (TSI Inc); 3010 CPC, 3081 
DMA 

2.5 min Pre- and post-campaign 
co-location of all SMPSs 
used in this study 

Black Carbon PAX (λ= 870 nm) (DMT Inc.) 1s Calibration with Fluorene 
shoot  

NO x , NO Two-B tech NO/NO x  
monitor(Model 410, 401 NO 2  
converter) 

5 min Calibrated with standard 
NO cylinder gas; Air gas 

Aerosol 
volatility 

Multi-tube Thermodenuder with 
SMPS (TSI Inc.); 3010 CPC, 
3081 DMA; 4 temperature points:  
60, 90, 120, and 180ºC; 30 s mean 
residence time  

10 min Empirical particles loss 
characterization as a 
function of TD 
temperatures using non-
volatile NaCl particles 

CO 2 Li-Cor LI-820 1 s Calibrated with standard 
CO 2  cylinder gas; Air gas 

Background site 
(400 m) 

Particle size 
distribution 

SMPS (TSI Inc.); 3787 CPC, 
3081 DMA 

2.5 min Pre- and post-campaign 
co-location of all SMPSs 
used in this study 

Black Carbon Micro-Aeth (AE 51; AethLab) 1s Co-located with PAX 
NO x , NO Ecotech  NOx analyzer (EC 9841) 1 min Calibrated with standard 

NO cylinder gas; Air gas 
Downwind 
transects 
(10, 50, 100, 150, 
220 m) 

Particle size 
distribution 

SMPS (TSI Inc.); 3010 CPC, 
3081 DMA 

2.5 min Pre- and post-campaign 
co-location of all SMPSs 
used in this study 

aBlack Carbon PAX (λ= 870 nm) (DMT Inc.) 1 s  
aNO x , NO Two-B tech NO/NO x  

monitor(Model 410, 401 NO 2  
converter 

5 min  

aAerosol 
volatility 

Multi-tube Thermodenuder with 
SMPS (TSI Inc.); 3010 CPC, 
3081 DMA; 4 temperature points:  
60, 90, 120, and 180ºC; 30 s mean 
residence time 

10 min  

NC-DENR near-
road  trailer 
(10 m) 

CO  1 min US-EPA standard QA 
protocol  NO, NO x  1 min 

O 3  1 min 
Black carbon  1 min 

 aSame instrument shared in between transect van and near-road trailer; no data at near-road trailer during transect 

measurements 
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Table S5.3: Coefficient values from fittings of exponential decay function to the measured 

campaign-average downwind decay profiles of different pollutants (Fig. 5.3). 
Measurements functional form for fitting: 𝑦𝑦 = 𝑦𝑦0 + 𝐴𝐴𝐴𝐴𝑥𝑥𝐴𝐴 �−(𝑥𝑥−𝑥𝑥0

𝜏𝜏
�, x 0  = 10 

Summer Winter 
 τ A y 0 τ A y 0 

NO x 45.60±4.70 0.86±0.03 0.14±0.02 119.47±24.7 0.73±0.07 0.27±0.07 
BC 55.53± 6.60 0.83±0.04 0.17±0.03 154.73±95.95 0.94±0.30 0.09±0.32 
PN 87.81±8.13 1.04±0.04 -0.04±0.03 114.25±50.46 1.08±0.21 -0.04±0.22 
PM 16.74±16.11 0.66±0.04 0.34±0.07 121.00±43.39 0.66±0.11 0.35±0.11 
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S5.3. Supplementary figures 

 
Figure S5.1: Study area map showing near-road trailer, transect roadway and upwind 

background site. Wind rose plot (inset) is shown for the I-40 summer campaign period (June 

1 to June 30, 2015). 
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Figure S5.2: Campaign-average diurnal profile of (a) total vehicle flow rate, (b) heavy duty 

vehicle (HDV) flow rate, (c) fleet speed, and (d) number fraction of HDV to total fleet. The 

traffic data presented here is shown after combining data from both directions and all lanes. 
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Figure S5.3: Campaign-average meteorological profiles during the I-40 summer and winter 

campaigns.  

 

 
Figure S5.4: Downwind evolution of NO to NOx ratio during the I-40 summer and winter 

campaigns. The average NO to NOx ratio at upwind background location was 0.46±0.06 and 

0.4±0.05 in summer and winter, respectively.   
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Figure S5.5: (a) ΔPM/ΔBC as a function of downwind distance. The symbol shows mean 

(open symbol) and median (solid symbol), and shaded region shows interquartile range. 

Median estimates with a ± 10% uncertainty in BC and PM data are shown with dashed lines. 

(b-c) Example of volume-weighted size distributions at 10 m (red) and 150 m (purple) 

downwind distances during summer (b) morning and (c) evening. Gray curve shows size 

distribution at 10 m after dividing by a dilution factor at 150 m determined from the decay 

profile of background-corrected BC concentrations (similar to Fig 5.4 e,f). 
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Figure S5.6: Campaign average distribution and diurnal profiles of non-refractory 

submicron aerosol chemical species during I-40 summer and winter campaigns 

 

 
Figure S5.7: Emission factors for sub-50 nm and sub-100 nm particle mass (g kg-fuel-1) during    

I-40 summer and winter campaigns. 
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Figure S5.8: Comparison of fleet-average NOx emission factors derived in this study with 

light-duty gasoline vehicle emission factors derived from individual passenger cars 

measurements on the highway I-40 by Liu and Frey (2015). Fuel-based emission factor (g kg-

1) in this study was converted to distance-based emission factors (g mile-1) to directly compare 

with the reported values in Liu and Frey (2015) assuming an overall fuel economy of 30 

miles/gal. 
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Figure S5.9: Scatter plot of fleet-average emission factors of a) NO, b) NOx, c) black carbon 

(BC), and d) particle number (PN) concentrations and fraction of heavy-duty-vehicle in the 

fleet. Data points are hourly average, and color coded by vehicle-flow-rate (vehicles per hour). 

Dashed lines show linear regression equation of the data. Data are shown from summer 

campaign.  
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Figure S5.10: Diurnal variation of extracted fuel-based emission factors. Example plot is 
shown for NOx emission factors from I-40 summer campaign. 
 
 

 
Figure S5.11: Average diurnal profiles of measured (symbol) and modeled (black line) NOx 

concentrations during I-40 summer campaign under different wind conditions. (a) All wind, 

(b) favorable wind; wind coming off of the roadway, (c) opposite wind; wind blowing 

towards the roadway. 
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Figure S5.12: Campaign-average diurnal profiles of measured and modeled NOX 

concentrations during I-40 summer campaign. This figure is an extended version of Fig. 

5.10(a), which includes R-LINE model estimates with NOx emission factors for LDV (3.8 

g/kg-fuel) and HDV (15 g/kg-fuel from) from Hudda et al. (2013) and our measured diurnal 

fleet mix from Fig. S5.2d. 
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CHAPTER 6: Downwind evolution of the volatility and mixing state of 
near-road aerosols near a US interstate highway* 
 
Abstract: We investigated the downwind evolution of volatility and mixing state of traffic-

related aerosols near a North Carolina interstate highway (I-40) using heating (thermodenuder) 

experimental approach. In summer 2015 and winter 2016, measurements were collected at a 

fixed site near-road trailer located within 10 m from the highway and during downwind 

transects on a minor roadway perpendicular to the highway under favorable wind conditions. 

Black carbon (BC) size distribution and mixing state of particles was also investigated using a 

Single Particle Soot Photometer (SP2) at the fixed site location. Results show that the relative 

proportion of semi-volatile species (SVOCs) in ultrafine particles decreases with downwind 

distance. The downwind gradients of the less volatile fraction of particles (a fraction that 

remains after heating at 180°C) strongly correlates with the trend of black carbon. An 

evaporation kinetics model was used to derive particle volatility distributions by fitting 

thermodenuder (TD) data. While TD-derived distribution apportion about 20-30% of particle 

mass as semi-volatile (SVOCs ; effective saturation concentration, C* ≥ 1µ m-3 ) at 10 m, 

approximately 10% of particle mass can be attributed to SVOCs at 220 m, showing the particle-

phase semi-volatile fraction decreases with downwind distance. Near-road SP2 measurement 

at 10 m showed a large fraction (70-80%) of measured BC was freshly emitted (thinly-coated 

or externally-mixed). Consistent with SP2 observations, heating experimental data also 

suggests a substantial fraction of externally-mixed non-volatile particles (~fresh BC) at 10 m 

downwind. Our measurement at various downwind distance showed while concentrations of 

these non-volatile particles rapidly decreases with distance from the highway due to the 

dilution driven decay, their mixing state did not alter significantly within a few hundred meters 

from the highway. 

______________________ 
*To be submitted to: Atmospheric Chemistry and Physics as “Saha, P. K., Khlystov, A., and 
Grieshop, A. P.: Downwind evolution of the volatility and mixing state of near-road aerosols 
near a US interstate highway” 
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6.1 Introduction 

Motor vehicles are a large source of ambient fine particulate matter (PM) (Dallmann and 

Harley, 2010; Fraser et al., 1999; Kumar et al., 2011; Zhang et al., 2015). Particles emitted 

from vehicle exhaust are dominated by ultrafine particles (< 100 nm) (Kleeman et al., 2000; 

Robert et al., 2007; Zhu et al., 2002), which is a concern due to their potential impacts on 

public health (Health Effects Institute, 2010; Hoek et al., 2009; Pope and Dockery, 2006). 

Vehicle emitted PM largely consists of primary organic aerosol (POA) and black carbon (BC) 

(Dallmann et al., 2014; Matti Maricq, 2007). A large portion of POA emitted from motor 

vehicle is semivolatile (Grieshop et al., 2009; May et al., 2013a; Presto et al., 2012) that 

dynamically partition into gas or particle phase with changing environmental conditions (e.g., 

temperature, dilution) and atmospheric aging (Lipsky and Robinson, 2006; Robinson et al., 

2007). Fresh BC particles emitted from vehicle are typically fractal in dimension (Bond et al., 

2013; China et al., 2014) and could have a range of size, shape and mixing state. These physical 

characteritics also evolve as BC particles go through atmospheric aging (Adachi and Buseck, 

2013; Subramanian et al., 2010). 

Mixing state and morphology of BC particles influence their radiative absorption properties 

(Cappa et al., 2012) and impacts human health (Broday and Rosenzweig, 2011). A recent 

toxicology study by Keebaugh et al. (2015) reported the semi-volatile species in near-road 

ultrafine particles could be more toxic than less volatile component. Accordingly, it is 

important to understand the atmospheric evolution of vehicle emitted POA and BC particles 

as they are transported from roadways to evaluate human exposure and health risks and to 

represent them in a chemical transport and exposure models accurately. 

Upon emission, vehicle exhaust undergoes cooling and mixing with ambient air, and a 

rapid evolution of road-to ambient like condition within a few hundred meter downwind from 

roadway (Robinson et al., 2010; Zhang et al., 2004). Size distribution and physio-chemical 

characteristics of vehicle emitted particles evolves with their downwind transport (Jacobson 

and Seinfeld, 2004; Zhang et al., 2004). Since partitioning of semi-volatile emissions varies 

with changing temperature and concentration (dilution), downwind evolution of particle size 
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distribution and physio-chemical characteristics (e.g., volatility, mixing state, morphology) 

could influence in part by the gas-particle partitoning and with changing conditions. 

Evaporation and condensation are that governing processes dictating changes in the gas-

particle partitioning of SVOCs with changing environmental conditions (e.g., temperature, 

dilution) and with atmospheric aging. At equilibrium, the volatility of organic species 

(saturation vapor pressure or equivalently saturation concentration, C*) determines their gas-

particle partitioning (Donahue et al., 2006). Enthalpies of vaporization (ΔHvap ) also influences 

the change in partitioning with temperature (Epstein et al., 2010; Ranjan et al., 2012). 

Depending on the volatility of emitted particles, atmospheric dilution, and ambient 

temperature, SVOCs in fresh vehicle emitted particles can evaporate upon dilution and mixing 

with background air as the plume transport downwind. 

SVOCs those remains in gas-phase, along with intermediate-VOCs (IVOCs) and VOCs 

can undergo complex chemical and photochemical oxidation processes and form condensable 

vapor (Robinson et al., 2007). These condensable vapor partition into the particle-phase either 

by absorbing into the organic condensed phase or adsorbing onto nonvolatile BC core 

(Donahue et al., 2006; Pankow, 1994; Roth et al., 2005). Subsequently, mixing state of fresh 

BC particles can be altered significantly with their atmospheric aging (Shiraiwa et al., 2007; 

Subramanian et al., 2010). 

The volatility and mixing state of traffic emitted particles have been investigated in 

numerous laboratory and field studies. Recently, the volatility distributions of vehicle-emitted 

POA have been derived in laboratory dynamometer (Kuwayama et al., 2015; May et al., 2013a, 

2013b) and traffic tunnel studies (Li et al., 2016) applying a range of techniques namely, 

thermodenuder (heating) experiments (Biswas et al., 2007; Grieshop et al., 2009), thermal 

desorption gas chromatography mass spectrometry (TD-GC-MS) (Presto et al., 2012) and 

thermal-optical OC/EC (Ma et al., 2016) analysis of filter samples. 

 The mixing state of BC particles from traffic emissions have been investigated using 

several measurement techniques such as, Volatility Tandem Differential Mobility Analyzer 

(V-TDMA) (Tiitta et al., 2010), Single Particle Soot Photometer (SP2) (Liu et al., 2014), 
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scanning electron microscopy (China et al., 2014), Soot Particle Aerosol Mass Spectrometer 

(SP-AMS) (Willis et al., 2016). 

 However, the past studies have mostly focused on characterizing the volatility and mixing 

state of traffic emitted particles at the source or a point location. To the best of our knowledge, 

no studies have been conducted to characterize the evolution of volatility and mixing state of 

traffic-related particles in a near-road microenvironment. The knowledge of the downwind 

evolution of volatility and mixing state of vehicle emitted particles are needed to better 

understand their dynamic nature and exposure concentrations in a near-road 

microenvironment, to provide inputs for, and to evaluate their representation in atmospheric 

and climate models. 

In this work, we conducted field experiments to characterize how volatility and mixing 

state of traffic-related particles evolve within a few hundred meters downwind of a highway. 

Experiments are conducted during summer and winter field campaigns to explore the influence 

of diverse ambient conditions on the phase-partitioning and mixing state of near-road particles.    

To study the downwind evolution of concentrations and properties of the highway plume, 

measurements performed on a minor roadway perpendicular to the highway under favorable 

wind conditions. Heating (thermodenuder) experimental data coupled with a mass transfer 

kinetics model were used to derive particle volatility distributions, and heating (V-TDMA) and 

SP2 data were used to explore mixing state of particles.  

 

6.2 Method 

6.2.1 Measurement site  

Two month-long measurement campaigns were conducted at a site near Interstate 40 (I-

40), near Durham, North Carolina (35.865°N, 78.820°W) in Summer 2015 (June 1 –July 2) 

and Winter 2016 (January 18 – February 20). At the measurement location I-40 has eight lanes, 

annual average daily traffic volume of 140 to145 thousand vehicles per day, and the number 

fraction of the heavy-duty diesel vehicles (HDDV) approximately 4-6%. The highway I-40 at 

the measurement location adjoins a low-traffic rural road running almost perpendicular to the 
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highway, in-line with the dominant wind direction (southwest; 225º). This minor road allows 

us to study the evolution of concentrations and properties of the highway plume at different 

downwind distances. A map of the measurement site is shown in Figure S6.1. Further details 

on this measurement site can be found in chapter 5. 

Measurements were collected at a fixed site near-road trailer located within 10 m from the 

highway (continuous) and during downwind transects on the minor roadway at different 

downwind distances (10, 50, 100, 150, 220 m) from the highway (intermittent). Downwind 

transects measurements were on weekdays with no precipitation insummer (4 days) and winter 

(3 days) with the wind coming off of the highway consistently. A mobile platform (van) was 

used for transects measurements. For a particular transect run, a sampling period at a 

downwind point was ~ 20 minutes; 4-5 downwind points were sampled consecutively. The van 

engine was off during sampling to avoid self-contamination. A ‘full transect run’ took 

approximately 2 hours. Typically three transect runs were completed per day: morning rush-

hour (~7:00-9:00 am), mid-day (~12:30-2:30 pm) and evening rush hour (~4:30-6:30 pm).  

 

6.2.2 Measurements  

Various configuration of heating (thermodenuder; TD) experimental approaches were 

applied to explore volatility and mixing state of particles. The methods applied here fall into 

two general categories: (i) heating of the full polydisperse aerosol distribution  (Huffman et 

al., 2008; Lee et al., 2010; Saha et al., 2017), and  (ii) heating of differential mobility analyzer- 

(DMA) selected monodisperse particles (volatility tandem DMA approach; V-TDMA 

approach) (Biswas et al., 2007; Kuhn et al., 2005; Tiitta et al., 2010). A custom-built muti-tube 

thermodenuder (MT-TD) system was used for high time resolution volatility measurement. 

The MT-TD consists of four separate lines, controlled by computer controlled valves that can 

be switched in approximately 1 second that enables automated and quick alternation between 

four different set temperatures. For measuring the evaporation of a polydisperse distribution, 

the MT-TD was coupled with a Scanning Mobility Particle Sizer (SMPS, TSI Inc., 3010 CPC, 

3081 DMA; scan time 2.5 minutes) to measure thermodenuded distributions (10-400 nm) after 
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heating at 60, 90, 120, and 180 ºC and with a residence time (Rt) of 30 s. All Rt values reported 

in this paper are volumetric residence time (volume/flow rate) at room temperature, unless 

otherwise stated. A full set of temperature cycle required ~ 10 minutes. Another SMPS (3010 

CPC, 3081 DMA; scan time 2.5 minutes) continuously measured particle size distributions 

(10-400 nm) at ambient temperature. 

 

In part of some transect runs, V-TDMA approach was used instead of heating polydisperse 

distribution. In this approach, DMA size-selected monodisperse particles (25, 50, 100, 250 nm) 

were heated at different TD temperatures (60-180°C) with a Rt of 30 s and the thermodenuded 

distribution was measured using an SMPS. At a particular location, V-TDMA measurement 

for several sizes over a wide temperature range takes several hours. Therefore, during V-

TDMA measurements, data were collected either at two downwind locations (10 m and 220 m 

downwind) for several sizes or at a single size at several downwind points. 

 

In the near-road trailer, a temperature stepping TD (TS-TD) (Huffman et al., 2008; Saha et 

al., 2017) was was continuously operated at 4 temperature steps (60, 90, 120, 180°C) with a 

Rt of 30 s upstream of an Aerosol Chemical Speciation Monitor (ACSM, Aerodyne Inc.; 75-

650 nm) and SMPS (10-400 nm). In this configuration, instruments were alternated between 

the bypass and TS-TD lines at 10 minutes intervals using an automated 3-way valve. 

TD/ACSM provides chemically resolved (organic, sulfate, nitrate, ammonium, and chloride) 

volatility data. Becasue TD data at different residence time provides additional constraints on 

volatility parameter extraction process (Saha et al., 2015, 2017), TD/SMPS data (10-400 nm) 

using the MT-TD setup were collected over a wide range of temperature and Rt conditions (T= 

60, 90, 120 °C; Rt = 9, 13, 19, 30 s) in part of the summer campaign at the near-road trailer. 

An extra flow controller was used for varying residence time through TD (Saha et al., 2015). 

In all measurements, a silica gel diffusion dryer was placed upstream of TD inlets and aerosol 

instruments to maintain a relative humidity (RH) < 30-40%. 
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A SP2 (Droplet Measurement Technology; DMT Inc.) was deployed at the near-road trailer 

(during winter campaign only) for measuring the size distribution and mixing state of BC. SP2 

uses a laser-induced incandescence (Nd:YAG laser; 1064 nm) technique (Stephens et al., 2003) 

to measure refractory BC mass (rBC) in individual particles. The rBC containing particles 

passing through the laser beam scatter laser light and at the same time absorb energy and heated 

to their vaporization temperature, and incandesce light (McMeeking et al., 2011a; Moteki and 

Kondo, 2007; Shiraiwa et al., 2007; Stephens et al., 2003). The incandescent light is 

proportional to rBC core mass. The SP2 incandescence response was calibrated with DMA-

selected dried fullerene soot particles. A calibration curve is derived from the SP2 

incandescence response and mass of the calibration particles from the mobility diameter and 

assuming an effective density of 1.8 g cm−3. The scattering detectors were calibrated using 

dried PSL (polystyrene latex spheres) particles by relating the detector response to the PSL 

sizes. Ambient particles were dried before introduction into the SP2.  

 

Basic meteorological (ambient T, RH, wind speed, and direction) and traffic (volume, 

composition, speed) parameters were collected at the near-road fixed site location throughout 

the campaign. A details on these measurements can be found in chapter 5. A 10-meter 

meteorological tower recorded meteorological data. An existing remote traffic microwave 

sensor (RTMS) maintained by the North Carolina Department of Transportation (NC-DOT) 

provided traffic data. Particle size distribution (SMPS; 10-400 nm), chemical composition 

(ACSM; 75-650 nm); BC (Photo-acoustic Extinctiometer), NO, NO2  (2B Technology 

401/410), CO2 (Li-cor Li-820) were continuously measured in the near-road trailer. During 

transect runs, particle sizing (SMPS), NO, NO2 , BC, and CO2  instruments from the trailer 

were placed in the transect van to collect these parameters at different distances from the 

highway. Particle size distribution (SMPS; 10-400 nm), NO/NO2  (Ecotech 9841), BC 

(microAeth, AE51) were continuously monitored in a upwind stationary background site, 

located opposite site (in respect of the near-road trailer ) of the highway I-40, at approximately 

400 m away from the highway. 
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6.2.3 Data reduction 

Evaporation of particles at a particular TD operating conditions (T, Rt) is described in terms 

of volume fraction remaining (VFR; for SMPS data) or mass fraction remaining (MFR; for 

ACSM data). VFR or MFR is the ratio of volume or mass concentrations measured in heated 

line (CTD) to that in unheated bypass line (CBP). Heated size distribution for the size selected 

monodisperse particles (V-TDMA approach) was typically bimodal; one mode did not shrink 

upon heating (non-volatile mode), and other did (volatile mode). VFR for the size-selected 

particles was estimated as (Dp,heated )3/(Dp,ambient )3, where Dp,ambient is the mode diameter of the 

selected monodisperse particles at ambient temperature and Dp,heated is the mode diameter of 

the volatile mode after heating at a particular temperature. Therefore, estimated VFR for the 

size-selected particles excludes the non-volatile population. An empirically estimated particle 

loss correction factors as a function of TD operating conditions (T, Rt) was applied only to the 

estimated VFR from integrated SMPS volume and MFR from ACSM data. Because VFR for 

size-selected particles was calculated from the change in mode diameter, particle loss 

correction factors are not required in this calculation.  

 

SP2 data were processed using the PSI (Paul Scherrer Institute) SP2 Toolkit. The rBC-

containing particles are treated as an rBC core coated by a shell of other material. The size 

distribution of rBC-cores was derived based on the mass equivalent diameter (MED) of an 

rBC-core assuming a density of 1.8 cm−3. The delay time between the peak of the 

incandescence and scattering signals is an indicator of the coating thickness (mixing state) 

(Moteki and Kondo, 2007), and was used to determine the number fraction of the ‘thinly 

coated’ and ‘thickly coated’ rBC particles (McMeeking et al., 2011a; Shiraiwa et al., 2007; 

Subramanian et al., 2010). 
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6.2.4 Parameterizing volatility 

An evaporation mass transfer kinetics model (Lee et al., 2011) was applied to infer particle 

volatility distributions by fitting TD data. The volatility distribution extraction framework used 

here is similar to that described in Saha et al. (2015, 2017). The resulting fit empirically 

describes the particle volatility distribution using a volatility basis set (VBS) framework 

(Donahue et al., 2006, 2012), where the material is lumped over a logarithmically spaced set 

of C* (effective saturation concentration) bins at a reference temperature of 25°C. A set of f i  

describes the distribution of semi-volatile species (particle + gas phase) in selected C* bins 

under a gas-particle equilibrium and is usually known as volatility distribution. A 6 bin 

log10 VBS with C* bin range of 10-4 μg m-3 to 101 μg m-3 at 25 °C was selected to describe the 

particle volatility distribution empirically. Before the TD inlet, an initial gas-particle 

equilibrium at ambient temperature (summer 30°C, winter 5 °C) and campaign-average aerosol 

mass loading (~ COA) of 5µg m-3 was assumed. The Clausius-Clapyeron equation was applied 

to calculate temperature dependent C* (Saha et al. 2015). 

 

The mass transfer kinetic model tracks particle and gas-phase concentrations of each 

surrogate species (represented by C* bin) as they passed through TD. The TD-derived 

volatility distribution via kinetics model fits is sensitive to the assumptions of enthalpy of 

vaporization (ΔHvap ) and evaporation coefficient (γ e); these values are generally unknown a 

piori (Cappa and Jimenez, 2010). γ e is generally assumed to be in unity for fitting TD data 

(Grieshop et al., 2009; Li et al., 2016); however, recent studies reported a γ e  values between 

0.01 and 1 for different aerosol system (Cappa and Jimenez, 2010; Saha et al., 2017; Saha and 

Grieshop, 2016; Saleh et al., 2013). Similarly, in literature, different ranges of ΔHvap  values 

are reported for different aerosols system (Epstein et al., 2010; May et al., 2013c; Ranjan et 

al., 2012). However, Saha et al. (2015), Saha and Grieshop (2016), and Saha et al. (2017) 

showed that TD data collected over a wide range of (T, Rt) space provide additional constraints 

on feasible γ e and ΔH vap  values. A similar TD data set over a wide range of (T, Rt) space were 

collected during I-40 summer campaign at the near-road trailer, and are shown in Figure S6.2 
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(a-d). Following Saha et al. (2017), we used this data set to optimize a set of γ e and ΔH vap  

values that best explains the observed evaporations of near-highway aerosols over a wide range 

of (T, Rt) space (see Figure S6.2(e) for details). A γ e  of 0.25 and ΔHvap  of 100 kj mol-1 

provided the overall best fit for this data set and is similar to values determined for nearby 

urban ambient measurements using the same technique (Saha et al. 2017). We adopted these 

estimated γ e  and ΔHvap  values for the near-highway aerosol system for further fittings of TD 

data from different distances from the highway, seasons, and sizes. Saha et al. (2017) reported 

similar γ e  and ΔHvap  values by fitting ambient TD data from two sites in the southeastern US 

under diverse conditions and seasons. Therefore it is reasonable to use the same γ e  and ΔHvap  

values for fitting TD from a site under diverse conditions. Other inputs to the mass transfer 

model include diffusion coefficient (D), surface tension (σ), molecular weight (MW) and 

density (ρ); these generally have a smaller influence on measured evaporation in TD (Cappa 

and Jimenez, 2010; Saha et al., 2015), and are approximated from literature (Table S6.1). 

 

6.3. Results and discussion 

6.3.1 Observed evaporations in TD with downwind distance 

Figure 6.1 shows the measured VFR at 60°C as a function of distance from the highway. 

Particle volume fraction that evaporates at low/moderate TD temperature (i.g., 1-VFR at 60˚C) 

consists of semi-volatile species (Cappa and Jimenez, 2010), presumably OA. Therefore, 

observed evaporations at low/moderate TD temperature at a different distance from the 

highway provide insight into the downwind gradients of semi-volatile species in particles. VFR 

data are shown for different DMA-selected monodisperse particles (e.g., 25, 50, 100, 250 nm), 

and the integrated volume of polydisperse distribution. The measured particle size distributions 

next to the highway was dominated by ultrafine particles (< 100 nm) from fresh vehicle 

emissions added to the regional background aerosols. Figure S6.3 shows an example of particle 

size distributions (10-400 nm) measured at a various distances from the highway. When a 

polydisperse distribution of 10-400 nm was heated at a moderate TD temperature (e.g., 60°C), 

the changes in the larger size range (>100 nm) was observed to be minimal. An example of a 
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ratio of heated to unheated size distribution is  shown in Figure S6.4. Approximate estimates 

of VFR of PM0.1 at 60°C were estimated by dividing the integrated heated and ambient 

volume-weighted size distributions over 10-100 nm; results are shown in Figure 6.1. This 

estimation assumes that the number of larger size particles (100-400 nm) that may shift to a 

size window of below 100 nm after heating at 60°C is very small (Figure S6.3). 

  

Figure 6.1 shows that the evaporation observed in a TD at 60°C decreases with downwind 

distance during transects in both seasons. This fact is pronounced over the ultrafine particle 

range (<100 nm). A decrease in evaporation in a TD at 60°C with downwind distance suggests 

a decrease of the semivolatile fraction in particles with distance. Two plausible reasons could 

contribute to this observation. First, a fraction of semi-volatile species in vehicle-emitted fresh 

particles may be evaporating during transport due to dilution-driven process as the (Choi and 

Paulson, 2016; Robinson et al., 2007; Shrivastava et al., 2006). Second, since the concentration 

of vehicle-emitted particles decreases rapidly with distance from the highway, the relative 

proportion of background particles in the sampled aerosol (vehicle-emitted + background) 

increases with distance. If one assumes that background particles are relatively less volatile 

than vehicle-emitted fresh particles, the relative abundance of the less-volatile particles in the 

sampled aerosols will increase with distance. The effects of each factor cannot be isolated 

directly from the TD measurement of sampled aerosols. However, our background (upwind) 

and downwind measurements of particle size distributions at this site showed while vehicle 

emitted fresh particles are dominated by ultrafine mode, background particles are typically 

dominated by relatively larger mode. Larger particles (>100 nm) do not show significant 

downwind gradients in evaporation upon heating at 60°C (see Fig. 6.1). Therefore, the 

observed downwind decrease in evaporation of ultrafine particles at 60°C is likely more 

influenced by the dilution-driven losses of semi-volatile species as the vehicle- emitted fresh 

particles are transported downwind. 
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Figure 6.1: Campaign-average downwind evolution of volume fraction remaining (VFR) of 

near-road particles after heating at 60 °C in a TD (Rt = 30 s) during (a) summer, and (b) winter. 

VFR of size-selected particles (e.g., 25, 50, 100, 250 nm) obtained from V-TDMA 

measurements. VFR of PM0.1  and PM0.1-0.4  estimated from integrated SMPS volume over 10-

100 nm and 100-400 nm, respectively. OA MFR was measured using a TD/ACSM system (Rt 

= 30 s) in the near-road trailer. The shaded area represents interquartile range. 

 

The general trends in observed evaporations at 60°C as a function of downwind distance 

was consistent in between summer and winter (Fig.6.1). However, the observed evaporation 

in winter was slightly higher than summer, specifically closer to the highway and for smaller 

particles. This observation is consistent with Kuhn et al. (2005) who reported greater 

evaporation of near-road particles in winter at a particular TD temperature. As we discussed 

above that ambient temperature has influence on gas-particle partitioning of semi-volatile 

particles, and thus on their observed evaporations in a TD. Two plausible reasons can 

contribute to this difference. First, the absolute temperature difference between ambient and a 

set TD temperature is higher in winter. Second, at colder ambient temperature, a higher fraction 

of semi-volatile materials is expected to partition into the particle-phase. Temperature 

sensitivity on the partitioning of SVOCs from vehicular emissions is shown in Figure S6.5 

using the gasoline POA volatility distribution by May et al.(2013) (at the ref. temp 25°C), and 

ΔHvap  from Ranjan et al. (2012). While 10-20% of SVOC emissions are in the particle-phase 
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at summer conditions (20-30°C), 40-70% are in particle-phase under winter conditions (0-

10°C) under a typical near-road aerosol loading (COA ~ 1to 5 µg m-3). The effects of each 

cannot be isolated directly from the TD evaporations. However, interpreting this observed 

evaporations using an evaporation kinetics model can account initial (ambient) and set TD 

temperatures, and temperature sensitivity on the partitioning of SVOCs; modeling results are 

discussed in Sec. 6.3.3. 

 

Fig.6.2 shows the observed evaporations at higher TD temperature (180°C). VFR of PM0.4 

(integrated volume;10-400 nm) at 180 ˚C decreases with downwind distance. The particle 

volume fraction that does not evaporate at 180 ˚C will consist of mostly BC and/or extremely 

low volatile organics (ELVOCs; C*<10-3 µg m-3) (Donahue et al., 2012). Organic mass 

fractions remaining (OA MFR) at 180˚C measured in the near-road trailer using the TD/ACSM 

provide an approximate estimate of ELVOCs at that site (shown with green circles in Fig. 6.2a, 

b). ELVOCs in the atmosphereare formed from multiple sources and chemical processes (Ehn 

et al., 2014; Jokinen et al., 2015). Laboratory-derived POA volatility distribution by May et al. 

(2013) suggests that fresh traffic emissions may not be a major contributor of ELVOCs. 

Therefore, as a first order approximation, ELVOCs in a near-highway environment are likely 

dominated by regional background aerosol, and thus a downwind gradients of it is not 

expected. On the other hand, traffic emissions are a major contributor of BC in a near-highway 

environment (Baldauf et al., 2008; Bond et al., 2013; DeWitt et al., 2015) and a rapid 

downwind decay of BC concentrations is observed (Karner et al., 2010) and our observed 

results are discussed in chapter 5.  

 

The downwind gradients of VFR of PM0.4  at 180°C correlate strongly with that of BC (see 

Fig. 6.2a, b). A less sharp decay of BC during winter was also consistent with less sharp 

downwind gradient of VFR of PM0.4  at 180°C in winter. Fig. 6.2c shows that a good 

correlation is observed between BC fraction in PM versus VFR (180 ˚C) – OA MFR (180 ˚C) 

at 10 m for the winter data set (slope = 1.09±0.05). A similar plot for the summer dataset is 
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shown in Figure S6.6 (slope = 0.96±0.07). The BC fraction in this analysis was estimated as 

the ratio of measured BC concentrations from PAX to PM mass concentration from integrated 

volume-weighted SMPS size distribution (10-400 nm) assuming a density of 1 g cm-3. 

Although an inter-compatibility of data from different instruments with different size cuts and 

unknown densities of aerosol species complicate a closure problem, the correlation plots shown 

in Figure 2c and Figure S6.6 indicate that the observed downwind trend of VFR of PM0.4  at 

180 °C is likely controlled by BC. 

 

Fig. 6.2d explores the contribution of BC in the thermodenuded SMPS size distribution at 

180°C. BC size distribution was measured using a SP2. The diurnal profile of BC size 

distribution is shown in Figure S6.7 that well correlates with the diurnal profile of traffic 

volume, indicating vehicles are the major source of BC at this near-highway site. In Fig. 6.2d, 

to directly compare with volume-weighted SMPS distribution, the mass-weighted BC size 

distribution was converted to a volume-weighted distribution by assuming a density of BC of 

1.8 g cm-3. The BC distribution accounts for approximately 35% area under the thermodenuded 

distribution at 180 °C (Fig. 6.2d). The remaining approximately 65% of material should consist 

of different low-volatility species (e.g., ELVOCs). This is broadly consistent with the 

observation of OA MFR at 180°C that explained ~50% of VFR of PM0.4 at 180°C (see Fig. 

6.2 a,b).  
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Figure 6.2: Campaign-average downwind evolution of volume fraction remaining (VFR) 

of PM0.4  (integrated SMPS volume over 10-400 nm) at 180 °C in a TD (Rt = 30 s) and black 

carbon (BC) fraction in PM0.4 during (a) summer, and (b) winter. OA MFR was measured 

using a TD/ACSM system (Rt = 30 s) only in the near-road trailer. (c) Correlation between the 

downwind evolution of BC fraction and VFR of PM0.4  (at 180 ºC) after subtracting OA MFR 

(at 180ºC) measured at 10 m . (d) Comparison of SMPS measured thermodenuded size 

distribution at 180 ºC and SP2 measured BC size distribution. The shaded area represents 

interquartile range. 

 

6.3.2 Mixing state of near-highway particles 

Fig. 6.3 and Figure S6.8 examine the mixing state of near-highway particles using V-

TDMA data. The evolution of the size distribution of a monodisperse particle after at different 

TD temperatures is referred to as a volatility spectra. Fig. 6.3 shows a volatility spectra 
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measured in the summer and winter observations are shown in Figure S6.8. The heated size 

distribution is bimodal; one mode shows almost no change or a slight change from the original 

diameter with heating (less volatile; LV mode), and the other mode shrinks substantially with 

heating (more volatile; MV mode). The general trend was found to be consistent across 

seasons. Similar bimodal distributions have been observed in previous near-road studies 

(Biswas et al., 2007; Kuhn et al., 2005; Tiitta et al., 2010). 

 

A large fraction of LV mode particles is expected to be fresh soot from traffic emissions. 

These soot particles are largely externally mixed (e.g., soot and OA exist in different particles). 

If they are internally mixed with organics or other semi-volatile species (substantially coated), 

the coating material should evaporate with heating, and a substantial change from the original 

diameter should be observed. Several studies have shown that these LV mode particles are less 

hygroscopic using a V-TDMA coupled with an H-TDMA system (Kuwata et al., 2007; Tiitta 

et al., 2010).  The presence of externally mixed LV particles was observed for all sizes studied 

(25, 50, 100, and 250 nm). However, the LV mode was relatively less pronounced for 25 nm 

compared to larger sizes (e.g., 100 nm). This is also consistent with Kuhn et al. (2005), and 

Biswas et al. (2007), who reported non-volatile fraction increases with size (within 20-120 nm 

size range studied) using the near-highway V-TDMA measurement in California. The 

measured BC number size distribution using SP2 shows a peak around 100-130 nm (see Figure 

S6.7c) that support this observations at some extent.  

 

Figure 6.4 explores the mixing state of near-highway BC particles using the SP2 lag-time 

approach (Moteki and Kondo, 2007; Schwarz et al., 2006; Shiraiwa et al., 2007; Subramanian 

et al., 2010). The delay time between the occurrence of scattering and incandescence peaks 

observed in the SP2 can be used as an indicator of relative coating thickness (∆τ = τ  incandescence 

- τ  scattering = time to ‘boil off’ coating) (McMeeking et al., 2011a; Moteki and Kondo, 2007). 

Figure 6.4 shows the frequency distributions (histograms) of delay time (∆τ). The entire 

ensemble of refractory BC-containing particles with scattering responses within detection 
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range was considered in this analysis (McMeeking et al., 2011a). Measurements are stratified 

by wind direction to separate those measured during wind events coming off of the highway 

(southwesterly) to the monitoring site and the opposite wind direction (northeasterly). Two 

distinct peaks of ∆τ ~0.5 µs and ~3.5 µs appear in the ∆τ frequency distribution. Based on the 

∆τ frequency distribution shown in Fig. 6.4, BC particles can be classified into two types using 

a threshold ∆τ of 2 µs: thinly coated BC (∆τ < 2µs) and thickly coated BC (∆τ > 2µs). The 

threshold criterion is based on the observed minimum in the bimodal frequency distribution of 

∆τ (McMeeking et al., 2011a; Moteki and Kondo, 2007). 

 

 
Figure 6.3: Volatility spectra of 25, 50, and 100 nm particles collected at 10 m distance 

from the highway in summer. Figure S6.8 shows similar plot for the winter data set. 

 

Figure 6.4 shows that a large fraction (up to 80%) of refractory BC (rBC) containing 

particles in this near-highway site are thinly coated, which should be fresh soot particles from 

traffic emissions. The observed relative proportion of thinly coated (fresh) particles increases 
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when the wind comes off of the highway to the monitoring station (southwesterly wind) (see 

Fig. 6.4), suggesting that the local source (I-40 traffic) is the main contributor to this fraction. 

Using the data collected with the wind coming off of the highway, Figure S6.9 shows the 

diurnal variation of ∆τ frequency distributions, BC size distributions, and thermodenuded 

SMPS size distribution at 180°C. The thinly-coated fraction is found to be slightly higher in 

the midday and morning compared to the evening. This trend correlates with the diurnal 

variation of heavy-duty vehicle (HDV) fraction (Indicated in inset of Fig.  S6.9), suggesting 

that HDV are the dominant contributor to the observed fresh (thinly-coated) BC fraction. The 

thickly coated fraction is likelycontributed by by regional background aged rBC particles. 

However, approximately 10% of fresh rBC from vehicular emissions could be thickly coated 

as reported by Willis et al. (2016). With a northeasterly wind, a minimum direct influence from 

I-40 traffic is expected at our monitoring location. The observed thickly coated fraction at that 

wind condition went up to 40%. Approximatley 30-40% of  thickly coated rBC fraction is 

reported in the previous measurements in urban environments (McMeeking et al., 2011a; 

Shiraiwa et al., 2007; Subramanian et al., 2010). 

 

 
Figure 6.4: Campaign-average frequency distributions (histograms) of SP2 lag-time (Δτ) 

for refractory BC-containing particles.  
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The observed substantial amount of thinly-coated (fresh) rBC from the SP2 data is 

consistent with our independently measured V-TDMA observations of externally-mixed 

less/non-volatile particles. This observations are in agreement with several recent studies that 

examined the mixing state of rBC from traffic emissions using a range of techniques (China et 

al., 2014; Kuwata et al., 2009; Liu et al., 2014; McMeeking et al., 2011b; Willis et al., 2016). 

Willis et al. (2016) reported approximately 90% of rBC mass resides in rBC-rich particles 

using SP-AMS measurements of traffic emissions in an urban setting whereas the remaining 

10% is mixed with HOA-rich particles. China et al. (2014) reported ~72 % of soot particles 

from vehicle exhaust are barely or thinly coated using microscopic imaging technique. Traffic-

dominated rBC particles were reported to be uncoated or very thinly coated by Laborde et al. 

(2013) and Liu et al. (2014) using SP2 measurements in urban environments.  

 

Fig.6. 5 compares similar V-TDMA measurement of 100 nm particles at different distances 

from the highway to examine the evolution of mixing state with downwind transport. The 

overall concentration of both LV and MV mode particles rapidly decreases with distance due 

to dilution and mixing with background air. However, LV mode (~ rBC particles) remain 

mostly externally mixed at 220 m downwind distance. Evolution of rBC mixing state is 

typically observed in the atmosphere with photochemical aging; externally mixed rBC particles 

(thinly coated) become progressively internally mixed (thickly coated) via formation of 

condensable vapors due to photochemical processes followed by condensation on BC (Adachi 

and Buseck, 2013; McMeeking et al., 2011a; Shiraiwa et al., 2007; Subramanian et al., 2010). 

Timescales on the order of an hour are typically required to observe a significant change in BC 

coating. For example, Sedlacek et al. estimated a coating growth rate of 7 nm hr-1 during 

Aerosol Life Cycle Intensive Observation Period (ALC-IOP, 2011). Since transport times of 

particles at 220 m downwind from the highway are on the order of a few minutes, it is not 

surprising to observe no significant change in rBC mixing state (coating) within this short 

distance. 
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Figure 6.5: Similar to Figure 6.3 showing volatility spectra of 100 nm particles at 10 m 

and 220 m downwind distance.  

 

6.3.3 Inferred volatility distributions from TD data  

This section discusses TD-derived volatility distributions at different distances from the 

highway that provides insights into the evolution of volatility of traffic emitted particles and 

resulting parameterizations can be used for explaining phase-paritioning of near-road particles 

in other similar micorenvironments and laboratory observations. Measured TD evaporation of 

ultrafine particles (25, 50, and 100 nm) at 10  and 220 m distances were fitted to derive 

volatility distributions. Fig. 6.6 and S6.10 show measured and modeled thermograms (plot of 

VFR versus TD temperature) for TD data collected at different distances from the highway, 

seasons, and particle sizes. Fitted volatility distributions are listed in Table 6.1 and Table S6.2. 

  

At a particular TD temperature, smaller size particles evaporate more than larger size 

particles (see Fig. 6.6 and S6.10). Size or composition (volatility distribution) may contribute 

to differential evaporations observed for different size particles (Saleh et al. 2011); these were 

taken into account during TD kinetics modeling (Saha et al. 2015, 2017). Our fitting results 

show that at a particular downwind-point, a single volatility distribution (f i ) can explain the 

observed evaporations for different size particles, suggesting different size particles have 
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similar volatility distribution or chemical signature within this size range. The extracted 

volatility distributions at a reference temperature (25°C) for the summer and winter data set 

were found to be nearly similar, but winter distribution was slightly more volatile especially 

closer to the highway. This is broadly consistent with Li et al. (2016) who reported no 

significant diurnal or seasonal variations of POA volatility distribution measured in a traffic 

tunnel. However, the gas-particle partitioning of semi-volatile species at ambient temperatures, 

thus their observed evaporations in TD, could be significantly different in between summer 

and winter seasons (as shown in Fig.6.1) due to temperature-driven partitioning. For example, 

if a population of semi-volatile particles having similar volatility distribution at a reference 

temperature (e.g., Tref , 25ºC), it is expected that under a particular COA loadings (atmospheric 

dilution), a higher fraction of semi-volatile materials would partition into particle-phase at 

colder climates, and vice versa at warmer climates (Fig. S6.5).  

 

 
Figure 6.6: Measured (point) and modeled (line) thermograms for (a) 25, 50, 100 nm particles 

measured at 10 m downwind in summer; (b) 50 nm particles measured at 10 m and 220 m 

downwind in winter. Model lines are shown using f i  distribution listed in Table 6.1, ΔHvap  = 

100 KJ mol-1 and γ e =  0.25. 

 

Fig. 6.7a shows volatility classifications lumped into two categories of near-road particles 

at 10 m and 220 m measured in summer compared to one derived from laboratory POA 

measurements of gasoline vehicle exhaust by May et al. (2013). Figure S6.11 shows similar 

plot for the winter data set. Distribution of particle-phase material under typical near-road 
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loading (COA = 5 μg m-3) is shown in two broad volatility categories: extremely-low+low 

volatility (ELVOC+LVOC) (C* bins ≤ 0.1 µg m-3) and semi-volatile (SVOC) (C* bins ≥ 1 µg 

m-3) (Donahue et al., 2012). The gasoline POA distribution by May et al. (2013) (derived from 

TD-GC-MS analysis of filter samples) places ~45% of POA in the SVOCs bins under this 

condition. Our TD-derived results show that overall volatility of near-road particles is lower, 

and decreases with distance. A large fraction of particle mass in a near-road setting consists of 

low volatility materials. While TD-derived distribution apportions approximately 20-30 % of 

particle mass as SOVCs at 10 m, only 10% of mass can be attributed to SVOCs at 220 m (see 

Fig.6.7a and S6.11). A dilution-driven loss of SVOCs as fresh vehicle-emitted particles 

transport downwind and/or mixing with the background particles are plausible reasons of this, 

as discussed in Sec. 6.3.1.  

One complication regarding a direct comparison of volatility distribution from laboratory-

derived vehicular POA and our TD-derived distribution of near-road particles is that our results 

include the contribution of background particles. The particle mass concentrations measured 

next to a highway is a mixture of traffic contribution and background particles. Although we 

cannot directly measure the traffic contribution, it can be inferred from measurements. Fig. 

6.7b shows an example of measured upwind (background) and downwind organic aerosol 

(OA) mass concentrations as a function of distances from the highway. This example is shown 

from the morning transect on June 12, 2015 (summer), with the wind consistently coming off 

of the highway. Approximate estimates of organic mass concentrations are calculated from 

integrated volume of SMPS measurements (10-400 nm) and assuming an effective density of 

1.5 g cm-3 and subtracting the contribution of BC ( as a function of distance), nitrate and sulfate 

aerosols (measured by an ACSM at the near-road fixed site). Fig. 6.7b indicates that the 

background OA loading (4.3 µg m-3) contributed approximately 50% of measured OA at 10 m 

downwind (8.5 µg m-3) in this example; the remaining portion (~ 50%; 4.2 µg m-3) can be 

considered traffic POA. 
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Figure 6.7: (a) Comparison of volatility classification of near-road particles measured in 

summer at 10 m and 220 m (this study) and POA distribution from gasoline vehicle exhaust 

(at COA ~ 5 µg m-3) by May et al.(2013). Figure S6.11 shows similar plot for the winter data 

set. (b) An example of measured upwind (background) and downwind concentrations of OA 

mass loading as a function of distances from the highway. (c) Distributions of OA mass loading 

(particle-phase only) measured at 10 m downwind, background, and traffic contribution at 10 

m (as noted in panel b) on a volatility space; further details on analysis of this figure are 

discussed in text. 
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Table 6.1: Extracted volatility distributions for near-highway particles measured at I-40 site 

logC* 
at 

298K 

aTD-derived f i  distribution Gasoline POA 
(May et al. 2013) 

TD-GC-MS analysis 
 

10 m 
(Summer) 

220 m 
(Summer) 

10 m 
(Winter) 

220 m 
(Winter) 

-4 0.07 0.10 0.18 0.28  

-3 0.13 0.21 0.07 0.08  

-2 0.16 0.20 0.14 0.20 0.14 

-1 0.27 0.37 0.15 0.30 0.13 

0 0.12 0.06 0.27 0.09 0.15 

1 0.25 0.06 0.20 0.06 0.26 

2     0.15 

3     0.03 

4     0.03 

5     0.01 

6     0.11 
 

aTD-fitted particle-phase distributions (x i ) with γ e = 0.25 and ΔH vap  = 100 KJ mol-1  (reported in Table S6.2) are converted 

to total (gas+particle) distribution (f i ) under gas-particle equilibrium condition and assuming a total aerosol loading of ~ 5 

µg m-3. (See SI Sec S6.3 for conversion equations). 

 

 

It can be reasonably hypothesized that the volatility distribution of near-road particles at 

10 m downwind is a superposition of the distribution of background particles and traffic-

contributed particles at 10 m. One can test this hypthesis if the volatility distributions of 

different populations of particles (background, traffic, near-road downwind) are known. In Fig. 

6.7c, we attempted to test this. Unfortunately, we did not measure particle volatility at our 

upwind background site. As a first approximation, we assume that the volatility distribution 

derived at 220 m is a representative distribution of background particles. Volatility distribution 

of POA emissions from gasoline vehicle exhaust by May et al. (2013) is considered as a 

representative for traffic emitted POA. Fig. 6.7c shows distribution of OA mass concentrations 

(COA) measured at 10 m downwind, background, and traffic contribution at 10 m (as identified 
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in Fig.7b) on a volatility space. This analysis used volatility distributions those derived at 10 

m, 220 m, and gasoline POA by May et al.(2013) (f i  distribution; Table 6.1), for distributing 

measured COA a volatility space, as discussed above. Only distribution of particle-phase 

concentrations are shown in Fig. 6.7c. An overall good agreement was found between the 

measured distribution at 10 m downwind and superimposed distribution of (background+ 

traffic POA) (see Fig. 6.7c). This is a useful exercise for evaluating the representativeness of 

laboratory-derived vehicular POA volatility distribution (May et al., 2013a) in a complex real-

world scenario. Our analysis suggests that laboraotry derived volatility distribution (May et al. 

2013) does a reasonably good job for explaining observed near-road partitioning.  
 
6.4. Conclusions 

In an effort to determine the evolution of volatility and mixing state of near-road particles 

within a few hundred meters downwind of a highway, field experiments were performed in a 

near-highway setting in North Carolina during summer 2015 and winter 2016. Heating 

(thermodenuder; TD) experimental data coupled with a mass transfer kinetics model were 

used to derive particle volatility distributions, and heating (V-TDMA) and SP2 data were 

used to explore the mixing state of particles. The measured particle size distributions next to 

the highway were dominated by ultrafine particles (< 100 nm) from vehicular emissions. The 

evaporation of these smaller particles at moderate TD temperature (e..g., 60°C) decreased 

with downwind distance. TD-derived volatility distributions show that overall volatility of 

particles slightly decreases with downwind distance. While approximately 20-30% of particle 

mass was classified as semi-volatiles (SVOCs; C* ≥ 1µg m-3) at 10 m, only ~10% of particle 

mass can be attributed to semi-volatile bins at 220 m. The decrease of a particle-phase semi-

volatile fraction with downwind distance is likely due to a dilution-driven loss of SVOCs as 

fresh vehicle-emitted particles transport downwind and/or mixing with the background 

particles.  

The downwind gradient of the less/non-volatile fraction of particles (a fraction that is 

remaining after heating at 180°C) strongly correlates with the observed gradient of black 

carbon. The heating experimental data show non-volatile particles are externally mixed at 
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next to the highway, consistent with independently measured a large fraction of thinly coated 

BC using SP2. A comparison of the heating experimental data from different downwind 

distances showed that the mixing state of these non-volatile particles did not change within a 

few hundred meters from the highway, but it could change significantly within a transport 

time scale of an hour or so. The volatility distributions and mixing state characteristics of 

near-road particles those derived here can be used to examine the representativeness of 

laboratory derived results in complex real-world scenario and to evaluate that simulated in 

chemical transport models in similar microenvironments. 
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6.6 Supplementary materials 
 
S6.1 Supplementary figures 

 
 

Figure S6.1: Same as Figure S5.1 (Chapter 5). Study area map showing near-road trailer, 

transect roadway and upwind background site. Wind rose plot (inset) is shown for the I-40 

summer campaign period (June 1 to June 30, 2015). 
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Figure S6.2: (a-d) Measured (point) and modeled (line) campaign-average VFR of PM0.4  

(integrated volume; 10-400 nm) as a function of TD temperatures and residence times. 

Measurements were collected in summer 2015 at 10 m distance from the highway. The point 

is mean, and error bar is ± one standard deviation (~15 minutes time resolution data) at each 

temperature and Rt condition. (e) The goodness of fit (sum of squared residuals; SSR) 

associated with evaporation kinetics model fits to campaign average observations over a wide 

range of (ΔH vap , γ e) space. Larger the marker size indicates a better fit. The x-axis of panel (e) 

represents ΔHvap as, ΔHvap  = intercept-slope (log10 C*) (e.g., 50-0 on x-axis indicates intercept 

= 50 and slope = 0). Details on fitting approach is described elsewhere in Saha et al., (2015, 

2017). Model lines in panels (a-d) are shown using the ‘best fit’ parameter values (ΔH vap  = 

100 kj mol-1; γ e  = 0.25, and volatility distribution is given in Table S6.2). 
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Figure S6.3: Background-subtracted particle number size distributions at 10 m and 150 m 

downwind distance from the highway. Example measurements are shown from the I-40 

summer campaign. 

 

 
Figure S6.4: Ratio of particle number size distributions (dN/dlogDp) after heating at 60ºC in 

a thermodenuder (TD) to that of ambient temperature. Example measurements are shown from 

the I-40 summer campaign. 
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Figure S6.5: Temperature sensitivity of gas-particle partitioning of semi-volatile emissions 

from motor vehicles. Partitioning calculation uses gasoline POA volatility distribution from 

May et al. (2013) (TD-GC-MS derived median distribution) and ΔHvap from Ranjan et al. 

(2012) and method as described in May et al.(2013) and Donahue et al. (2006). Xp  refer the 

fraction of organic mass in the particle-phase. 

 

 
Figure S6.6: Similar to Fig 6.2(c) in main text, showing plot for the summer data set. 

Correlation between the downwind evolution of BC fraction and VFR of PM0.4  (at 180 ºC) 

after subtracting OA MFR (at 180ºC) measured using ACSM at 10 m distance from the 

highway. 
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Figure S6.7: (a-b) Campaign average diurnal profile of traffic volume: a) heavy duty vehicle 

(HDV), b) total vehicle.  (c-d) Campaign-average diurnal profile of SP2 measured BC size 

distribution: c) number-weighted distribution, d) mass-weighted distribution; MED is the mass 

equivalent diameter. SP2 data were collected at the near-road trailer (10 m) during the I-40 

winter campaign only. 
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Figure S6.8: Similar to Figure 6.3 in main text, showing volatility spectra of 50, and 100 nm 

particles collected at 10 m distance during the I-40 winter campaign. 

 

 
Figure S6.9: (a) Temporal variation of SP2 measured BC size distribution and volume-

weighted SMPS size distribution after heating at 180 ºC in a thermodenuder. (b) Temporal 

variation of the frequency distributions (histograms) of SP2 lag-time (Δτ) for rBC particles. 

Example measurement data shown were collected on February 10, 2016 under wind coming 

off of the highway and at 10 m downwind distance.  
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Figure S6.10: Similar to Fig. 6.6 in the main text, showing measured (point) and modeled 

(line) thermograms for (a) 50 and 100 nm particles measured at 10 m distance during I-40 

winter campaign; (b) 100 nm particles measured at 10 m and 220 m distance during I-40 

summer campaign. Model lines are shown using f i  distribution listed in Table 6.1, ΔHvap  = 

100 KJ mol-1 and γ e = 0.25. 

 

 

 
Figure S6.11: Similar to Fig.6.7a in the main text, showing comparison of volatility 

classification of near-road particles measured in winter at 10 m and 220 m (this study) and 

POA distribution from gasoline vehicle exhaust (at COA ~ 5 µg m-3) by May et al. (2013). 
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S6.2 Supplementary tables 

 
Table S6.1: Assumed TD kinetic model input parameters 

Parameters  Value 
Density (kg m-3) 1100  
Diffusion coefficient (m2 s-1)  5 E-06  
Surface tension (J m-2) 0.05 
Molecular weight (MW) g mol-1 200 

 
 
 
Table S6.2: Extracted volatility distribution of near-road submicron aerosol at I-40 site 

logC* 
at  
298K 

aParticle-phase distribution (x i ) 
Fitting of observed evaporation of size-selected particles Fitting of observed evaporation of 

integrated SMPS volume over 10-400 nm 
10 m 

(summer) 
220 m 

(summer) 

 

10 m 
(winter) 

220 m 
(winter) 

10 m 
(summer) 

Combined 
(25,50,100 

nm) 

100 
nm 

Combined 
(50,100 nm) 

50 
nm 

 

 

-4 0.09 0.11 0.22 0.30 0.24 
-3 0.16 0.22 0.08 0.08 0.21 
-2 0.2 0.21 0.17 0.21 0.1 
-1 0.33 0.38 0.18 0.31 0.23 
0 0.12 0.05 0.27 0.08 0.11 
1 0.1 0.02 0.08 0.02 0.11 

aReported volatility distributions are fitted with  γ e = 0.25 and ΔH vap  = 100 KJ mol-1 combination 

 

S6.3 Conversion equations for TD-fitted particle-phase distribution (x i ) to f i  distribution 

Conversion equations for TD-fitted particle-phase distribution (x i ) to total (gas+particle) 

distribution (f i ) under a gas-particle equilibrium condition. 

,i 1*
 = 

1

i OA
tot

OA

x CC
C
C

−
 
+ 

 

 
[Eq. S6.1] 
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CHAPTER 7: Distinct seasonal differences in secondary organic aerosol 
formation from in-situ oxidation of near-highway air* 
 
Abstract: Motor vehicles are a major source of primary organic aerosol (POA) and precursors 

for secondary organic aerosol (SOA). However, the extent to which motor vehicles contribute 

to ambient SOA remains highly uncertain. Here, we present in-situ measurements of SOA 

formation at a near-highway site located within 10 m from Interstate 40, North Carolina. In 

July-2015 (summer) and February-2016 (winter), ambient air at this site was exposed to 

different level of oxidant (O3 and OH) concentrations using an Oxidation Flow Reactor (OFR) 

ranging from hours to weeks of equivalent atmospheric aging. A substantial seasonal 

difference in SOA formation upon OFR-aging of near-highway air was observed. While a peak 

enhancement of OA mass concentration of ~ 3-8 μg m-3 was observed in summer with 2-4 days 

of equivalent atmospheric aging, significantly low enhancement (~0.5-1 μg m-3) was observed 

during winter. In contrast, measurements in both seasons show nearly consistent changes of 

bulk OA properties, such as chemical composition and volatility with OFR-aging. A slightly 

higher traffic volume (~20%) and a higher prevalence of traffic-related SOA precursors gases 

(e.g., a higher fraction of semi-volatile emissions in the gas-phase, more evaporative emissions, 

etc.) during a summer month compared to winter likely explains a part of the observed seasonal 

difference in SOA formation. Furthermore, biogenic emissions, which have a very strong 

dependence on temperature, may make a significant contribution to the observed OFR-SOA 

formation in summer. These results highlight the utility of the OFR for studying the prevalence 

of SOA precursors in complex real-world settings. 

 
 
____________________________ 
*To be submitted to: Environmental Science and Technology as “Saha, P. K., Reece, S. M., 
and Grieshop, A. P.: Distinct seasonal differences in secondary organic aerosol formation 
from in-situ oxidation of near-highway air” 
 
 
 
 
 



279 
 
 

 

 

7.1 Introduction 

Motor vehicle emissions are an important source of atmospheric fine particulate matter 

(Gentner et al., 2017; Hu et al., 2014; Schauer and Cass, 2000) that influences both air quality 

(Pope and Dockery, 2006; Schlesinger et al., 2006) and climate (Jacobson, 2001; Kanakidou 

et al., 2005). Organic aerosol (OA) constitutes a significant fraction of the atmospheric fine 

particulate matter (De Gouw and Jimenez, 2009; Jimenez et al., 2009; Zhang et al., 2007). 

Motor vehicle directly emits OA (primary OA; POA) and precursors for secondary OA (SOA). 

SOA forms chemically in the atmospheric through the oxidation of gas-phase organic 

emissions and/or heterogeneous condense-phase reaction (Hallquist et al., 2009; Kroll and 

Seinfeld, 2008). Laboratory studies suggest that SOA production from motor vehicle emissions 

could be several times higher than POA (Gordon et al., 2014a; Nordin et al., 2013; Platt et al., 

2013; Zhao et al., 2014). However, the relative role of vehicle emissions in ambient SOA 

burden remains unclear due to discrepancies between laboratory, field and modeling studies 

(Ensberg et al., 2014; Gentner et al., 2017; de Gouw et al., 2008; Hayes et al., 2015; Robinson 

et al., 2007; Volkamer et al., 2006) 

Recent studies showed that abundance and properties of SOA from motor vehicles vary 

substantially by fuel type and formulation, vehicle type, operating conditions, exhaust after-

treatment technology, and between laboratory and real-world settings (Chirico et al., 2010; 

Gordon et al., 2014b; Jathar et al., 2013; Karjalainen et al., 2016; Tkacik et al., 2014). Based 

on our current understanding of SOA precursors and yields, the relative role of gasoline and 

diesel vehicles to ambient SOA is controversial. For example, Gentner et al. (2012) claimed 

diesel exhaust is significantly more efficient for SOA formation than gasoline exhaust, whereas 

Bahreini et al. (2012) reported gasoline emissions dominate over diesel for SOA production in 

the US. Certain precursors in the exhaust may disproportionally contribute to SOA formation 

(Lim and Ziemann, 2009; Presto et al., 2009, 2010; Robinson et al., 2007; Zhao et al., 2015). 

Traditionally, SOA production and yields from motor vehicle exhaust have been investigated 

using smog chamber (Chirico et al., 2010; Gordon et al., 2013, 2014b; Liu et al., 2015). Smog 

chamber experiments generally limited to a small number of vehicles under dynamometer 
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driving cycle, underestimation of measured yields due to losses of precursors and oxidation 

products to the chamber wall (Matsunaga and Ziemann ‡, 2010; Weitkamp et al., 2007), and 

unable to simulate multiple generations of oxidations (several days to weeks of equivalent 

atmospheric oxidation) (Lambe et al., 2012). 

In recent time, oxidation flow reactor (OFR) (a.k.a., Potential Aerosol Mass; PAM reactor) 

have been used for laboratory characterization of SOA from vehicle exhaust that allows 

reaching several hours to weeks of equivalent atmospheric oxidation (Alanen et al., 2017; 

Jathar et al., 2017; Karjalainen et al., 2016; Link et al., 2016). Portability of an OFR system 

allows the in-situ characterization of SOA formation under real-world traffic fleets and driving 

conditions (Tkacik et al., 2014). Tkacik et al. (2014) deployed an OFR system in a traffic tunnel 

for characterizing SOA production from in-use motor vehicle emissions under complex real-

world conditions.  

In a similar way, deployment of an OFR system next to a busy roadway is another excellent 

opportunity for the in-situ characterization of SOA formation from vehicle emissions under 

the complex real-world scenario. The roadside situation could be even more complex, but 

realistic for ambient SOA formation experiment, because it allows to conduct the in-situ SOA 

formation experiment in the presence of naturally existing source, for example, trees, 

especially in the southeastern US. But no studies have quantified SOA formation from in-situ 

oxidation of near-roadway ambient air. Furthermore, the in-situ OFR experiment in an ambient 

setting provides an indirect measure of the quantity and variability of SOA precursor gases that 

are present in ambient air (Palm et al., 2016). The prevalence of SOA precursor gases in a near-

roadway setting can vary substantially with variation in ambient meteorological conditions 

(e.g., temperature), traffic fleets, and season. Therefore, conducting in-situ OFR experiment in 

a near-roadway setting at different seasons may allow us to comment on the influence of 

seasonality on the prevalence of SOA precursor gases in near-roadway ambient air. 

In this study, we investigated seasonal variation of SOA production from the in-situ 

oxidation of near-highway air using an OFR. Field experiments conducted at a site within 10 

m from a busy interstate highway (I-40) at North Carolina during summer 2015 and winter 
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2016. SOA production and evolution of chemical composition and physical properties of 

particles upon oxidation of near-highway air over several hours to weeks of typical 

atmospheric aging were investigated. 

 

7.2 Materials and method 

7.2.1 Measurement Site  

Experiments were performed at a near-highway site at North Carolina (35.865°N, 

78.820°W)  inside a trailer located 10 m from the edge of the highway I-40 during Summer 

2015 (July 1-15) and Winter 2016 (February 5 -25). At measurement location, the highway I-

40 is an eight-lane highway with an annual average daily traffic volume of 140 to145 thousand 

vehicles per day, and approximately 95% of the traffic fleet made up of light-duty vehicles 

(LDVs). During our measurement campaign, we collected real-time measurements of traffic 

(remote traffic microwave sensor; RTMS system, operated by NCDOT) and basic 

meteorological parameters (a 10 m meteorological tower, operated by USEPA, RTP) at our 

site. A summary of campaign-average traffic and meteorological conditions are given in 

Supporting Information (SI) Table S7.1. 

The campaign-average ambient temperatures during summer and winter were 26 ± 5°C 

and 6 ± 7°C, respectively. A southwesterly wind (225°C) at our site indicates the wind is 

coming off of the highway to the measurement trailer. The prevailing wind at this site was also 

southwesterly, making it an ideal site for the near-roadway experiments. Furthermore, to get a 

better highway signal, we conducted OFR measurements only those days with favorable 

weather forecasts with the wind coming off of the roadway and no precipitation (summer: 5 

days; winter: 9 days). 

 

7.2.2 Experimental Setup 

Ambient air at this near-highway site was exposed to a different level of oxidant (OH 

radical and O3 ) concentrations using an OFR (Kang et al., 2007, 2011). A schematic of the 

experimental setup is given in Figure S7.1. The OFR used in our study is a cylindrical tube, 
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constructed of stainless steel, 39.4 cm long and 15.2 cm ID with a volume of approximately 7 

liters. The OFR was placed inside the trailer with a short and large-diameter inlet (18 inches 

long, 2-inch diameter) sticking out through the trailer wall facing towards the highway at ~2 

m level above ground. This sampling configuration with a short and large-diameter inlet helps 

to reduce possible losses of semi-volatile SOA precursors (Ortega et al., 2016; Palm et al., 

2016). Following Ortega et al. (2016), OFR-inlet’s end was covered with a coarse-grid mesh 

screen that blocks insects and debris from entering into the reactor, as well as minimizing 

turbulence in the reactor during windy ambient condition. OFR was operated at a volumetric 

residence time of ~70 s. We used OFR185 method for the generation of oxidants (OH and O3 ) 

(Palm et al., 2016) via photolysis of ambient water vapor (H2 O) and O2  using 185 and 254 nm 

UV lights. Similar type of reactor has been applied in number of previous studies for SOA 

characterization in diverse laboratory and field settings; reactor design, operation, and 

chemistry inside the reactor can be found elsewhere (Jathar et al., 2017; Kang et al., 2007, 

2011; Lambe et al., 2012; Li et al., 2015; Ortega et al., 2016; Palm et al., 2016; Peng et al., 

2015, 2016; Tkacik et al., 2014).  

The oxidant concentrations inside the OFR were systematically varied by changing the UV 

light intensity. OFR-processed and ambient air (bypass) were alternately sampled by a suite of 

instruments. The UV lamps intensities inside the reactor were stepped through 5-6 settings 

(e.g., 100, 80, 50, 30, 20, and 0% lamps intensities; each ~20 min long); the time to run through 

all settings for a full cycle was ~ 2 h. The time required to reach a steady state at each light 

setting was ~ 10 min. During this 10 min, ambient air was directly sampled through a bypass 

line (1/4 inch copper line), and then proceeded to the OFR-processed sampling line for next 10 

min via computer controlled automated 3-way valve system, and consecutively sampled at 

different light settings. Dump flow lines were used to maintain a steady flow through the OFR 

and bypass (ambient) lines while instruments were sampling the other pathway (Figure S1). 

Each OFR operation cycle included a light off (0% intensity) step that is important for 

estimation of particle losses in the reactor due to any physical processes, for example, 

diffusional losses, and any possible evaporation of semi-volatile particles due to a temperature 
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difference in ambient vs. the trailer. Comparison of particle concentration measured through 

the reactor with UV light offs vs. through the bypass line (ambient) yielded a composite 

correction factor for particle losses in the reactor due to any physical processes; subsequently 

a time-varying correction factors applied to the OFR measurements with lights on for each 

cycle. A real-time estimation of OH exposure in the reactor was obtained via the decay of 

externally injected carbon-monoxide (CO) of about 5-8 ppm. The estimated OH exposure 

ranged from several hours to weeks of equivalent atmospheric aging assuming a 24 h average 

atmospheric OH concentration of 1.5e6 molec. cm-3 (Mao et al., 2009).  

 

7.2.3 Instrumentation 

Submicron aerosol species mass concentrations, size distributions, and particle volatility 

were measured alternatively between the bypass (ambient) and the OFR-processed line at 10 

min intervals. An Aerosol Chemical Speciation Monitor (ACSM; Aerodyne Inc.) measured 

submicron aerosols (75-650 nm) mass concentration of non-refractory chemical species 

(organic, sulfate, nitrate, ammonium, and chloride) (Ng et al., 2011a). ACSM data were 

analyzed assuming a collection efficiency (CE) of 1 for both ambient and reactor 

measurements (Palm et al., 2016). A Scanning Mobility Particle Sizer (SMPS; TSI Inc.; Model 

3081 DMA, 3010 CPC) measured particle size distributions (10-400 nm; 2.5 min scan time). 

Particle volatility was measured using a multi-tube TD (MT-TD) system coupled with an 

SMPS (3010 CPC, 3081 DMA; 10-400 nm; scan time 2.5 minutes). The MT-TD consists of 

four separate lines, controlled by computer control valves that can be switched in 

approximately 1 second.  In a particular cycle of MT-TD operation, measurement collected 

sequentially at room temperature, 60 ˚C, room temperature and 120 ˚C. Room temperature 

measurements were considered as a reference state during TD data analysis. Evaporation of 

particles at a TD temperature is described in terms of volume fraction remaining (VFR). VFR 

the ratio of integrated volume concentrations measured at a TD temperature to that at room 

temperature. Empirically derived particle loss correction factors using non-volatile NaCl 
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aerosol as a function of TD temperature was applied to VFR calculations. The volumetric 

residence time inside the TD was 30 s at room temperature. 

An Ozone monitor (2B technology) and CO monitor (Thermo Scientific) continuously 

sampled through the reactor those provided a measure of oxidant condition inside the reactor. 

Additional supporting measurement included the ambient concentration of black carbon 

(Photo-acoustic Extinctiometer, 870 nm wavelength, Droplet Measurement Technology), NOx  

(2B technology), CO (EPA monitor?) and CO2  (LI-COR, Li-820). 

 

7.2.4 SOA quantification 

SOA production in the reactor was described in terms of OA mass enhancement (absolute: 

OFR-ambient; relative: OFR/ambient) as a function of photochemical oxidation. OA mass 

concentrations those measured through the OFR were corrected for particle losses in the reactor 

applying a time-varying correction factors (OFR lights off vs. ambient) as discussed above in 

Sec. 7.2.2.  

 

7.3 Results  

7. 3.1 SOA formation from oxidation of near-highway air 

The observed SOA formation from oxidation of near-highway air during summer and 

winter is summarized in Figure 7.1. Measurements are presented as absolute OA enhancement 

as a function of OH exposure in the reactor (top axis) or equivalent atmospheric age in OH 

days (bottom axis). In SI, example time series of ambient and OFR-processed OA mass 

concentrations (Figure S7.2), SMPS measured number (Figure S7.3) and volume-weighted 

(Figure S7.4) size distributions of ambient and OFR-processed aerosols, and relative OA 

enhancements (Figure S7.5) are shown. 

Figure 7.1a shows absolute OA enhancements during summer as a function of 

photochemical age. Data are separated into daytime and nighttime. Night time enhancement 

was significantly higher than daytime measurements, despite the higher daytime traffic 

volume. In both day and nighttime, OA enhancement as a function of photochemical aging 
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showed a parabolic profile, consistent with other recent works using similar reactor in diverse 

settings (Ortega et al., 2016; Palm et al., 2016; Tkacik et al., 2014). The OA enhancement 

increased with OH exposure, showed a peak in the range of 2-4 days of eq. atmospheric 

oxidation, and then decreased with additional OH exposure. While OA enhancement is 

consistent with aged gas-phase precursors becoming functionalized and condensed, the 

decrease in OA mass at higher exposures is thought to be a heterogeneous oxidation dominated 

process (Lambe et al., 2012; Palm et al., 2016; Tkacik et al., 2014). In this process, the amount 

of particle-phase carbon decreases due to fragmentation of carbon-carbon bond and formation 

of smaller and higher volatility products that can escape to the gas phase (Kroll et al., 2015). 

Net loss of OA mass was observed at very high exposures, typically after 10-12 eq. days of 

aging.  

 

Ours observed significantly higher OA enhancement at the nighttime and lower at daytime 

during summer (see Fig. 7.1a) is found to be consistent with other recent ambient studies using 

similar reactor (Ortega et al., 2016; Palm et al., 2016). It is important to note that an in-situ 

OFR experiment in an ambient setting does not necessarily reproduce true daytime and 

nighttime atmospheric chemistry; rather it provides a measure of SOA production from the 

oxidation of available precursor gases at that ambient conditions (Palm et al., 2016). Despite a 

higher daytime emissions from both traffic and biogenic sources, the ambient concentrations 

of SOA-forming precursor gases can be higher at night due to the shallower nighttime 

boundary layer. Furthermore, the observed SOA formation in an OFR can be somewhat 

depleted during active ambient photochemistry period (daytime) because of the depletion of 

some short-lived reactive SOA precursors in ambient air due to reaction with ambient oxidants 

(e.g., O3 , NO2 ) (Ortega et al., 2016). Consistent with Ortega et al. (2016), our observed inverse 

relationship between OA mass enhancement and ambient Ox (O3 +NO2 ) during summer (see 

Figure S7.6a) supports this fact.  
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Similar as Figure 7.1a, Figure 7.1b shows absolute OA enhancements during winter. 

Although the general trend in the observed OA enhancement profile from winter was similar 

to that of summer, a substantially lower enhancement (both absolute and relative) was observed 

during winter. While a peak enhancement of OA mass concentration of ~ 3-8 μg m-3 was 

observed in summer, it was significantly low (~0.5-1 μg m-3) in winter. On a relative basis, 

while a factor of 1.5 to 2.5 peak enhancement of OA mass concentrations observed in summer, 

it was ~ a factor of 1.3 during winter (see Figure  S7.5). In contrast to the summer observation, 

a significantly less strong day-night variation was observed for OA enhancements (both 

absolute and relative) in winter (Figure 7.1b, Figure S7.5b) and there was no consistent 

relationship between OA mass enhancement and ambient Ox (see Figure S7.6b). This 

observation could be related with a less strong day-night variation of atmospheric boundary 

layer and less strong ambient photochemistry during winter. 

 

While the observed absolute OA enhancement from our summer and winter measurements 

are discussed above, a difference in dilution of emissions may complicate a direct comparison 

between measurements from two seasons; also a comparison with previously conducted 

measurements in different settings (Ortega et al., 2016; Tkacik et al., 2014). Therefore, Figure 

7.1c presents the absolute OA enhancement (ΔOA) normalized by background corrected CO 

(ΔOA/ΔCO), where ΔCO accounts the level of dilution, assuming ΔCO and SOA precursors 

are coming from same sources (De Gouw and Jimenez, 2009). The 5th percentile of CO level 

measured on our site when traffic levels were low, and wind was towards the roadway assumed 

as background CO in this analysis. The comparison of ΔOA/ΔCO profile from our summer 

and winter shows that OA enhancement during winter is still significantly lower. However, 

our summer measurements are found to be broadly comparable with those measured in a traffic 

tunnel at Pittsburgh (Tkacik et al., 2014) and urban environment at Los Angeles (Ortega et al., 

2016). It is noted that these two studies were also conducted in summer months (May-June). 
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Figure 7.1: The observed absolute OA enhancement (ΔOA) from the oxidation of near-

highway air as a function of photochemical age during (a) summer and (b) winter. Data are 

separated into daytime (08:00-20:00 LT) and nighttime (20:00-08:00 LT) and binned by 

photochemical age; symbol shows mean, and error bar represents ± 1 standard deviation. (c) 

Campaign-average ΔOA/ΔCO vs. photochemical age measured in our study (Summer: July 

2015; Winter: February 2016) and comparison with aging of vehicle exhaust in a traffic tunnel 

at Pittsburgh (May 2013; Tkacik et al., 2014) and urban air in the Los Angeles area during 

CalNex 2010 (May-June 2010; Ortega 2016) using a similar reactor. (d) Campaign-average 

ΔOA/ΔCO vs. photochemical age measured in our study after accounting for low-volatility 

vapor loss corrections (open symbols, and dashed lines); closed symbols, and solid lines are 

same as panel c. 

 

The interpretation of the observed SOA formation in a flow reactor (Ortega et al., 2016; 

Palm et al., 2016) and environmental chamber (Zhang et al., 2014) can be influenced by losses 
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of low-volatility vapors via different processes those are not atmospherically relevant. In the 

atmosphere, the dominant fate of these low volatility vapors is condensation onto the aerosol 

surface (determined by condensational sink; CS) (Donahue et al., 2013; Knote et al., 2015; 

Palm et al., 2016). However, in a flow reactor, these low volatility vapors may have other fates 

beside condensation onto aerosols, such as lost to the reactor walls, further reaction with OH 

to produce either condensable or non-condensable gas-phase products, or  exit in the gas-phase 

and condense sampling line walls (Ortega et al., 2016; Palm et al., 2016). Furthermore, for a 

particular reactor settings (e.g., residence time, surface area to volume ratio, oxidant 

concentrations), a difference in available condensation sink, for example, during our summer 

vs. winter experiments, may yield a difference in SOA formation in the reactor. In Figure 7.1d, 

our observed dilution-corrected OA enhancements (ΔOA/ΔCO) are corrected for losses of 

low-volatility vapors following the method of Palm et al. (2016); detail of this analysis is given 

in Figure S7.7. Following Palm et al. (2016), condensation sink (CS) in the reactor as a function 

of OH oxidation was estimated using the average of the SMPS measured particle size 

distributions of before (ambient) and after OFR oxidation. This is because particle size 

distributions in the reactor evolve substantially due to the formation of new particle and 

growth, as well as the growth of the preexisting ambient particles (see Figure S7.3, S7.4). At a 

particular level of OH exposures, the estimated CS during summer were generally higher than 

winter (Figure S7.7), because a substantially higher new particle formation was observed in 

the reactor in summer in compared to winter (see Figure S7.3, S7.4). The vapor loss correction 

factors were calculated as the inverse of the fractional fate to condensation to aerosols as a 

function of OH oxidation, which were higher in winter and lower in summer (see Fig. S7.7). 

Figure 7.1d shows that after accounting for dilution and vapor losses (open symbols, and 

dashed lines), the observed OA enhancements during winter are still significantly lower than 

summer.  
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7.3.2 Evolution of OA properties with OFR oxidation 

The evolution of OA chemical composition upon OFR-aging are demonstrated as showing 

the evolution of ACSM measured OA mass spectra (Figure S7.8), f 44  vs. f 43  (Figure S7.9) and 

H:C vs. O:C (Figure 7.2) with aging. The ACSM measured OA mass spectra showed that OFR-

oxidation of near-highway air caused substantial increases in the m/z 44 signal (mostly 𝐶𝐶𝑂𝑂2+; 

associated with organic acid) and decreases signal in 41 (𝐴𝐴.𝑔𝑔. ,𝐶𝐶3H5
+), 43 (𝐴𝐴.𝑔𝑔. ,𝐶𝐶2𝐻𝐻3𝑂𝑂+ or 

 𝐶𝐶3H7
+), and 55 (𝐴𝐴.𝑔𝑔. ,𝐶𝐶4H7

+) etc. in both seasons (see Figure S7.8). The f44  and f43  (fractional 

organic contribution at m/z 44 and 43, respectively) are often used as tracer for aged OA and 

fresh OA, respectively (Ng et al., 2010, 2011b). The f44  vs. f 43  plot shows that f44  increases 

and f43  decreases with aging consistently in both seasons (Figure S7.9). An approximate 

estimate of O:C and H:C in bulk OA was estimated using an empirical parameterization given 

by Canagaratna et al. (2015) as a function of measured f43  and f44 , respectively. As expected, 

the H:C vs. O:C plot (shown Figure 7.2; known as Van Krevelen diagram) shows that O:C 

increases and H:C decreases with aging. The range of f44  and f43  (Figure S7.9) and elemental 

ratios (O:C, H:C) (Figure 7.2) those measured in the ambient air and reactor were generally 

fallen within the range those observed in the atmosphere from multiple field campaigns (Ng et 

al., 2010). Our summer and winter measurements showed nearly consistent changes in OA 

chemical composition upon aging in the reactor. This consistency suggests that while there 

was a substantial seasonal difference in OA enhancement, the chemical composition of OA 

those formed in the reactor was nearly similar. 

 

Volatility is an important property of OA (Donahue et al., 2014). Although a direct 

measurement of the volatility of OA is challenging, the volume fraction remaining (VFR) upon 

heating in a thermodenuder (TD) have been used as a proxy for the semi-quantitative 

description of aerosol volatility (Huffman et al., 2009; Saha et al., 2016). Figure 7.3 shows the 

measured VFR of submicron particles at 60 and 120ºC as a function of photochemical age in 

the OFR. Although the observed VFR at a TD operating conditions depend on aerosol loading, 

size and many others (Saha et al., 2015; Saha and Grieshop, 2016; Saleh et al., 2011), the 
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relative change in VFR with aging could provide a qualitative insights into the change in 

evaporation of bulk aerosol, thus their bulk volatility with aging (Salo et al., 2011).  

 
Figure 7.2: H:C vs. O:C plot for ambient and OFR-processed OA mass measured using ACSM 

for the  (a) summer and (b) winter data set. OFR data are color coded by the photochemical 

age in the reactor.  

 

The observed change in VFR as a function of photochemical age was not dramatic (see 

Fig. 7.3). However, after 2-3 days eq.  aging, bulk aerosol in the reactor appears as slightly 

more volatile (evaporate more) than ambient aerosol, especially in summer. Further, longer 

time oxidation showed a decrease in evaporation (volatility) in both seasons. This observation 

is broadly consistent with the evolution of volatility of smog-chamber generated SOA during 

OH induced aging reported by Salo et al. (2011). Salo et al. (2011) reported that bulk SOA 

appears more volatile immediately after adding a new batch of precursors to an ongoing 

chamber aging experiment due to the formation of a new batch of semi-volatile material on top 

of aged aerosol. Further longer aging of the newly formed semi-volatile materials reduce the 

volatility of overall SOA with time. The observed trend in changes in VFR with aging was not 

as strong in winter as summer. Part of the reason for this could be the amount of semi-volatile 

material that was formed in winter upon OFR-oxidation on top of ambient aerosols was 

substantially lower than summer, as demonstrated by the observed OA enhancements (Fig 7.1). 

Plausibly, to observe a significant change in VFR of bulk aerosol in the reactor (ambient+ 

newly formed via oxidation) may require a substantial formation of additional semi-volatile 
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materials on top of ambient aerosols. However, the overall trend in the evolution of volatility 

of aerosols with aging was broadly consistent in between seasons.  

 

 
Figure 7.3: The observed average volume fraction remaining (VFR) of particles after heating 

in a thermodenuder at 60 and 120ºC as a function of photochemical age in the OFR during (a) 

summer and (b) winter. The unaged indicates measurements for the ambient aerosols (bypass). 

 

7.4. Discussions 

Our measurements of the in-situ oxidation of near-highway air showed substantial higher 

SOA formation during summer and low in winter. The evolution of properties of OA (chemical 

composition, volatility) with OFR-oxidation are found to be nearly consistent in between 

seasons. While many factors may responsible for the observed seasonal difference in SOA 

formation, we explore several plausible reasons in Figure 7.4 and discussed in below. 

 

First, in a near-highway setting, traffic is expected to be the major source of SOA those 

observed in the reactor (Gentner et al., 2017; Gordon et al., 2014a; Jathar et al., 2017; 

Karjalainen et al., 2016; Tkacik et al., 2014). Therefore, a seasonal difference in traffic volume 

may explain a part of the observed seasonal difference in SOA formation. Our measured traffic 

data indicate that campaign-average total traffic volume and heavy duty traffic volume (HDV) 

were about 17% higher and 20% higher during summer compared to winter, respectively 

(Figure 7.4d, Figure S7.10). A higher traffic volume during summer months (June-July) are 
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also typically observed in US highways (Batterman et al., 2015), suggesting our site is a 

representative of a typical US highway. 

 

Second, in recent studies, emissions of semi- and intermediate- volatility organic 

compounds (SVOCs and IVOCs) from motor vehicles are reported as a large source of SOA 

(Robinson et al., 2007; Zhao et al., 2014). A large portion of emissions from motor vehicles 

are semi-volatile (May et al., 2013a, 2013b) that can partition into both gas- or particle-phase 

depending on environmental conditions (e.g., dilution, temperature). At higher ambient 

temperature (e.g., summer), a higher fraction of SVOCs is expected to stay in the gas-phase. 

Laboratory experiments indicate that oxidation of these low-volatility gas-phase precursors 

(SVOCs, IVOCs) can form SOA with high yields (Lim and Ziemann, 2009; Presto et al., 2010). 

An example of temperature effects on the gas-particle partitioning of SVOCs from motor 

vehicles is shown in Figure 4b and Figure S7.11. This analysis used the volatility distribution 

of gasoline vehicle exhaust by May et al. (2013a) and enthalpies of vaporization (ΔHvap ) from 

Ranjan et al.(2012). While approximately 70-80% of SVOCs remain in the gas-phase at 

summer condition (20-30°C), only 30-40% remains in gas-phase during winter condition (0-

10°C) under a typical near-highway POA loadings (0.5-5 µg m-3). This fact is supported by 

our observed a factor of 2-3 lower emissions factors for ultrafine particles (Dp < 100 nm; 

predominantly from vehicles in a near-highway setting) during summer in compared to winter 

(See Figure S7.11d). In winter, due to the temperature-driven partitioning effect, a large 

fraction of low-volatility vapors can partition into condense-phase during rapid cooling of 

vehicle exhaust at ambient temperature. Therefore, a lower abundance of gas-phase SVOCs 

during winter those are SOA precursors in the OFR may cause partly to the observed lower 

OFR-SOA formation in winter, and vice versa for the summer. 
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Figure 7.4: Exploring plausible reasons for the observed a substantially higher OA 

enhancement in summer at the near-highway site. (a) Seasonal difference in traffic volume; (b) 

temperature effect on the gas-particle partitioning of SVOCs emissions from motor vehicles; 

(c) temperature sensitivity of traffic-emitted organic gaseous emissions; (d) temperature 

sensitivity of biogenic VOC emissions. The extended version of the panel (a), (b), and (c) are 

shown in Figure S7.10, S7.11, and S7.12, respectively.   

 

Third, emissions of VOCs from motor vehicles, especially evaporative emissions, are 

sensitive to ambient temperature (Gentner et al., 2009; Lough et al., 2005; Rubin et al., 2006). 

Rubin et al. (2006) reported a ~6.5% increase in vapor pressure-driven evaporative emissions 

(~1.3% for exhaust + evaporative) from motor vehicles with per degree Celsius increase in 

daily maximum temperature. We did not perform measurement of VOCs during our 

campaigns. But we explored the temperature effects on organic gaseous emissions from motor 

vehicles using MOVES (MOtor Vehicle Emission Simulator); an example result is shown in 

Figure 7.1c, and details are in Figure S7.12. Our MOVES simulations indicate that overall 
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emissions (exhaust+ evaporative) of different organic gaseous species from a gasoline vehicle 

could be 5-15% higher during a typical summer condition (30°C) than that of winter (5°C) (see 

Figure S7.12). Seasonal difference in gasoline fuel formulation was considered in simulations. 

A higher summertime concentrations of traffic-related VOCs than winter were also reported at 

sites closer to the main roadway (Ho et al., 2004) and urban environments (Baudic et al., 2016; 

Wang et al., 2012). Therefore, a combination of higher traffic volume and higher prevalence 

of traffic-emitted SOA precursor gases during summer may cause to some extent to the 

observed higher OFR-SOA. 

 

Fourth, biogenic-VOC (BVOC) emissions exponentially increase with ambient 

temperature (Helmig et al., 2006; Lappalainen et al., 2009; Tarvainen et al., 2005; Warneke et 

al., 2010). For example, BVOC emissions measurements by Helmig et al. (2006) at a site 

located about 25 km northwest of our near-highway site (similar ecological setting) showed a 

factor of 5-8 higher emissions during summer condition (25-30°C) compared to winter 

condition (5-10°C) (Figure 7.4d). Recent in-situ OFR deployment in the forested region 

showed a significant SOA formation (Palm et al., 2016, 2017). For example, Palm et al. (2016) 

reported approximately 1-3 µg m-3 of OA enhancement from the in-situ OFR oxidation of pine 

forest air during summer. Since our near-highway site is located in an area that has plentiful 

tree cover, biogenic emissions may make a significant contribution to the observed 

summertime OFR-SOA formation. 

 

Finally, a quantitative apportionment of the relative influence of different factors, those 

discussed above, to the observed seasonal difference in SOA formation is complicated based 

on our observational field study. There could be many other factors that may play a role to the 

observed seasonal difference. However, our study clearly shows a strong influence of 

meteorology and seasonality to the SOA formation from oxidation of near-highway air, and 

thus the prevalance of SOA precursor gases. Our results highlight the need for more similar 

measurements in diverse ambient settings to better understand the abundance, variability, and 
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sources of ambient SOA. Our results also highlight the utility of the OFR for studying the 

prevalence of SOA precursors in complex real-world settings. 
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7.6 Supplementary materials 

S7.1 Supplementary table 
 
Table S7.1: Campaign-average traffic and meteorological conditions 
  

Season T RH Wind 
speed 

Wind 
direction 

Traffic 
volume 

% of 
HDV 

 (ºC) (%) (ms-1) (º) (Veh. h-1)  

Summer 26 ± 5 72 ± 18 2.6 ± 1.7 200 ± 86 6900 ± 4100 6 ± 3 

Winter 6 ± 7 66 ± 24 2.7 ± 2.0 190 ± 102 5800 ± 4000 6 ± 3 
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S7.2 Supplementary Figures 
 

 

   

Figure S7.1: A schematic of the experimental setup used for measurement of SOA formation 

from in-situ oxidation of near-highway air.  
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Figure S7.2:  Example time series of ambient and OFR-processed OA mass concentrations 

from (a) summer and (b) winter campaigns. OFR measurements are color coded by equivalent 

atmospheric photochemical age in OH days. Ambient data are plotted as the average of the two 

ambient measurements immediately before and after OFR measurement. Shaded regions 

indicate nighttime (20:00–08:00 local time) sampling period. All OFR data (measurements 

with UV lights on) were corrected for the particle losses in the reactor.  
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Figure S7.3: Example SMPS measured particle number size distributions after OFR-

processing at a different level of aging and comparison with concurrent ambient measurements. 

OFR measurements are corrected for the particle losses in the reactor applied size-resolved 

correction factors derived by comparing SMPS measured number size distribution through the 

reactor with UV lights off vs. that measured through the bypass (ambient) line. 
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Figure S7.4: Similar to Figure S7.3, showing example SMPS measured volume-weighted size 

distributions after OFR-processing at a different level of aging and comparison with concurrent 

ambient measurements. OFR measurements are corrected for the particle losses in the reactor 

applied size-resolved correction factors derived by comparing SMPS measured volume-

weighted size distribution through the reactor with UV lights off vs. that measured through the 

bypass (ambient) line. 
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Figure S7.5: Similar to Figure 7.1a, and b in the main text, showing campaign-average relative 

OA enhancement as a function of photochemical age for the (a) summer and (b) winter data 

set. 

 

 
Figure S7.6:  Relationship between absolute OA mass enhancement in the reactor and ambient 

odd-oxygen (Ox; O3 +NO2 ) during (a) summer and (b) winter. Data are separated into daytime 

and nighttime and color coded by equivalent photochemical age in the reactor. 
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Figure S7.7: Similar to Figure 5 in Palm et al. (2016), showing analysis for LVOC fate for our 

reactor and measurement conditions. The fractional fates of loss of LVOC to condensation to 

aerosols (condensation sink; CS), OFR walls, reaction with OH to produce volatile products, 

or exiting the OFR to be lost on sampling line walls as a function of photochemical age for (a) 

summer and (b) winter data set. LVOC lifetimes for each of these pathways for (c) summer 

and (d) winter data set. Lifetime for condensation to aerosols is estimated based on calculated 

CS from SMPS size distribution measurements and shown for all data points (colored by OA 

enhancement after oxidation). The analysis approach and parameter values (e.g., diffusion 

coefficient: D, coefficient of eddy diffusion: k e , sticking coefficient: α, rate constant for 

reaction with OH: KOH, no. of reaction with OH to produce volatile products) are used from 

Palm et al. (2016) as described in Sec. 3.3.1 of Palm et al. (2016).   
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Figure S7.8: Evolution of OA mass spectra after OFR-processing at a different level of OFR-

aging. The plot shows the difference in normalized spectra (fractional contribution of different 

m/z; fm/z) of OFR-processed and ambient OA mass spectra measured by ACSM. 
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Figure S7.9: f44  vs. f 43  plot for ambient and OFR-processed OA mass measured using ACSM 

for the (a) summer and (b) winter data set. OFR data are color coded by the photochemical age 

in the reactor. Reference measurements are shown from: ranges of ambient oxygenated OA 

(OOA) from multiple field campaigns (triangle boundary), Mexico City OA (Ng et al., 2010);  

diesel and gasoline POA (Jathar et al., 2013; Presto et al., 2014). 
 

 

 
Figure S7.10: Campaign-average diurnal profile of (a) total vehicle volume, and (b) heavy-

duty vehicle (HDV) volume during summer and winter campaigns.  
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Figure S7.11: Temperature sensitivity of gas-particle partitioning of SVOCs emissions from 

motor vehicles. Gas-particle partitioning (G/P) of SVOCs emissions from motor vehicles are 

estimated using gasoline POA volatility distribution from May et al. (2013) and enthalpies of 

evaporation (ΔHvap ) from Ranjan et al. (2012) (a) Gas and particle-phase distribution of 

SVOCs emsisisons at (a) 30ºC, and (b) 5ºC under a POA loading (COA) of 1 µg m-3.  (c) Total 

particle-phase mass fraction of SVOCs (Xp ) at a range of atmospherically relevant 

temperatures and COA. (d) Measured emission factors of ultrafine particle mass (PM0.1 ) during 

summer and winter campaigns in our study. A density of 1 gm cm-3 is used in this analsis for 

converting intergared SMPS volume to mass concentrations. The carbon balance approach is 

used for estimating emisison factor (Dallmann et al., 2014; Grieshop et al., 2006).   
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Figure S7.12: Exploring temperature sensitivity of traffic-emitted organic gaseous emissions 

using MOtor Vehicle Emission Simulator (MOVES). A gasoline passenger car was simulated 

under typical highway driving conditions using MOVES 2014 (U.S. EPA., 2015) at an ambient 

temperature of 5 ºC (winter) and 30ºC (summer). Seasonal difference in gasoline fuel 

formulation was considered in simulations. Emission rates of different species are presented 

as a sum of running exhaust, evaporation fuel leaks, and evaporation permeation. (a) Total 

hydrocarbons (THCs), (b) non-methane hydrocarbons (NMHCs), (c) total organic gases 

(TOGs), (d) volatile organic compounds (VOCs). 

 

 

 



306 
 
 

 

 

7.7 References 

Alanen, J., Simonen, P., Saarikoski, S., Timonen, H., Kangasniemi, O., Saukko, E., Hillamo, 

R., Lehtoranta, K., Murtonen, T., Vesala, H., Keskinen, J. and Rönkkö, T.: Comparison of 

primary and secondary particle formation from natural gas engine exhaust and of their 

volatility characteristics, Atmos Chem Phys Discuss, 2017, 1–27, doi:10.5194/acp-2017-

44, 2017. 

Bahreini, R., Middlebrook, A. M., de Gouw, J. A., Warneke, C., Trainer, M., Brock, C. A., 

Stark, H., Brown, S. S., Dube, W. P., Gilman, J. B., Hall, K., Holloway, J. S., Kuster, W. 

C., Perring, A. E., Prevot, A. S. H., Schwarz, J. P., Spackman, J. R., Szidat, S., Wagner, N. 

L., Weber, R. J., Zotter, P. and Parrish, D. D.: Gasoline emissions dominate over diesel in 

formation of secondary organic aerosol mass, Geophys. Res. Lett., 39(6), L06805, 

doi:10.1029/2011GL050718, 2012. 

Batterman, S., Cook, R. and Justin, T.: Temporal variation of traffic on highways and the 

development of accurate temporal allocation factors for air pollution analyses, 

Atmospheric Environ. Oxf. Engl. 1994, 107, 351–363, 

doi:10.1016/j.atmosenv.2015.02.047, 2015. 

Baudic, A., Gros, V., Sauvage, S., Locoge, N., Sanchez, O., Sarda-Estève, R., Kalogridis, C., 

Petit, J.-E., Bonnaire, N., Baisnée, D., Favez, O., Albinet, A., Sciare, J. and Bonsang, B.: 

Seasonal variability and source apportionment of volatile organic compounds (VOCs) in 

the Paris megacity (France), Atmos Chem Phys, 16(18), 11961–11989, doi:10.5194/acp-

16-11961-2016, 2016. 

Canagaratna, M. R., Jimenez, J. L., Kroll, J. H., Chen, Q., Kessler, S. H., Massoli, P., 

Hildebrandt Ruiz, L., Fortner, E., Williams, L. R., Wilson, K. R., Surratt, J. D., Donahue, 

N. M., Jayne, J. T. and Worsnop, D. R.: Elemental ratio measurements of organic 

compounds  using aerosol mass spectrometry: characterization,  improved calibration, and 

implications, Atmos Chem Phys, 15(1), 253–272, doi:10.5194/acp-15-253-2015, 2015. 

Chirico, R., DeCarlo, P. F., Heringa, M. F., Tritscher, T., Richter, R., Prévôt, A. S. H., 

Dommen, J., Weingartner, E., Wehrle, G., Gysel, M., Laborde, M. and Baltensperger, U.: 



307 
 
 

 

 

Impact of aftertreatment devices on primary emissions and secondary organic aerosol 

formation potential from in-use diesel vehicles: results from smog chamber experiments, 

Atmos Chem Phys, 10(23), 11545–11563, doi:10.5194/acp-10-11545-2010, 2010. 

Dallmann, T. R., Onasch, T. B., Kirchstetter, T. W., Worton, D. R., Fortner, E. C., Herndon, 

S. C., Wood, E. C., Franklin, J. P., Worsnop, D. R., Goldstein, A. H. and Harley, R. A.: 

Characterization of particulate matter emissions from on-road gasoline and diesel vehicles 

using a soot particle aerosol mass spectrometer, Atmos Chem Phys, 14(14), 7585–7599, 

doi:10.5194/acp-14-7585-2014, 2014. 

de Gouw, J. A., Brock, C. A., Atlas, E. L., Bates, T. S., Fehsenfeld, F. C., Goldan, P. D., 

Holloway, J. S., Kuster, W. C., Lerner, B. M., Matthew, B. M., Middlebrook, A. M., 

Onasch, T. B., Peltier, R. E., Quinn, P. K., Senff, C. J., Stohl, A., Sullivan, A. P., Trainer, 

M., Warneke, C., Weber, R. J. and Williams, E. J.: Sources of particulate matter in the 

northeastern United States in summer: 1. Direct emissions and secondary formation of 

organic matter in urban plumes, J. Geophys. Res. Atmospheres, 113(D8), D08301, 

doi:10.1029/2007JD009243, 2008. 

De Gouw, J. and Jimenez, J. L.: Organic Aerosols in the Earth’s Atmosphere, Environ. Sci. 

Technol., 43(20), 7614–7618, doi:10.1021/es9006004, 2009. 

Donahue, N. M., Chuang, W., Epstein, S. A., Kroll, J. H., Worsnop, D. R., Robinson, A. L., 

Adams, P. J. and Pandis, S. N.: Why do organic aerosols exist? Understanding aerosol 

lifetimes using the two-dimensional volatility basis set, Environ. Chem., 10(3), 151–157, 

doi:10.1071/EN13022, 2013. 

Donahue, N. M., Robinson, A. L., Trump, E. R., Riipinen, I. and Kroll, J. H.: Volatility and 

aging of atmospheric organic aerosol, Top. Curr. Chem., 339, 97–143, 

doi:10.1007/128_2012_355, 2014. 

Ensberg, J. J., Hayes, P. L., Jimenez, J. L., Gilman, J. B., Kuster, W. C., de Gouw, J. A., 

Holloway, J. S., Gordon, T. D., Jathar, S., Robinson, A. L. and Seinfeld, J. H.: Emission 

factor ratios, SOA mass yields, and the impact of vehicular emissions on SOA formation, 

Atmos Chem Phys, 14(5), 2383–2397, doi:10.5194/acp-14-2383-2014, 2014. 



308 
 
 

 

 

Gentner, D. R., Harley, R. A., Miller, A. M. and Goldstein, A. H.: Diurnal and Seasonal 

Variability of Gasoline-Related Volatile Organic Compound Emissions in Riverside, 

California, Environ. Sci. Technol., 43(12), 4247–4252, doi:10.1021/es9006228, 2009. 

Gentner, D. R., Isaacman, G., Worton, D. R., Chan, A. W. H., Dallmann, T. R., Davis, L., Liu, 

S., Day, D. A., Russell, L. M., Wilson, K. R., Weber, R., Guha, A., Harley, R. A. and 

Goldstein, A. H.: Elucidating secondary organic aerosol from diesel and gasoline vehicles 

through detailed characterization of organic carbon emissions, Proc. Natl. Acad. Sci., 

109(45), 18318–18323, doi:10.1073/pnas.1212272109, 2012. 

Gentner, D. R., Jathar, S. H., Gordon, T. D., Bahreini, R., Day, D. A., El Haddad, I., Hayes, P. 

L., Pieber, S. M., Platt, S. M., de Gouw, J., Goldstein, A. H., Harley, R. A., Jimenez, J. L., 

Prévôt, A. S. H. and Robinson, A. L.: Review of Urban Secondary Organic Aerosol 

Formation from Gasoline and Diesel Motor Vehicle Emissions, Environ. Sci. Technol., 

51(3), 1074–1093, doi:10.1021/acs.est.6b04509, 2017. 

Gordon, T. D., Presto, A. A., May, A. A., Nguyen, N. T., Lipsky, E. M., Donahue, N. M., 

Gutierrez, A., Zhang, M., Maddox, C., Rieger, P., Chattopadhyay, S., Maldonado, H., 

Maricq, M. M. and Robinson, A. L.: Secondary organic aerosol formation exceeds primary 

particulate matter emissions for light-duty gasoline vehicles, Atmos Chem Phys, 14(9), 

4661–4678, doi:10.5194/acp-14-4661-2014, 2014a. 

Gordon, T. D., Presto, A. A., Nguyen, N. T., Robertson, W. H., Na, K., Sahay, K. N., Zhang, 

M., Maddox, C., Rieger, P., Chattopadhyay, S., Maldonado, H., Maricq, M. M. and 

Robinson, A. L.: Secondary organic aerosol production from diesel vehicle exhaust: impact 

of aftertreatment, fuel chemistry and driving cycle, Atmos Chem Phys, 14(9), 4643–4659, 

doi:10.5194/acp-14-4643-2014, 2014b. 

Gordon, T. D., Tkacik, D. S., Presto, A. A., Zhang, M., Jathar, S. H., Nguyen, N. T., Massetti, 

J., Truong, T., Cicero-Fernandez, P., Maddox, C., Rieger, P., Chattopadhyay, S., 

Maldonado, H., Maricq, M. M. and Robinson, A. L.: Primary Gas- and Particle-Phase 

Emissions and Secondary Organic Aerosol Production from Gasoline and Diesel Off-Road 

Engines, Environ. Sci. Technol., 47(24), 14137–14146, doi:10.1021/es403556e, 2013. 



309 
 
 

 

 

Grieshop, A. P., Lipsky, E. M., Pekney, N. J., Takahama, S. and Robinson, A. L.: Fine particle 

emission factors from vehicles in a highway tunnel: Effects of fleet composition and 

season, Atmos. Environ., 40, Supplement 2, 287–298, 

doi:10.1016/j.atmosenv.2006.03.064, 2006. 

Hallquist, M., Wenger, J. C., Baltensperger, U., Rudich, Y., Simpson, D., Claeys, M., 

Dommen, J., Donahue, N. M., George, C., Goldstein, A. H., Hamilton, J. F., Herrmann, 

H., Hoffmann, T., Iinuma, Y., Jang, M., Jenkin, M. E., Jimenez, J. L., Kiendler-Scharr, A., 

Maenhaut, W., McFiggans, G., Mentel, T. F., Monod, A., Prévôt, A. S. H., Seinfeld, J. H., 

Surratt, J. D., Szmigielski, R. and Wildt, J.: The formation, properties and impact of 

secondary organic aerosol: current and emerging issues, Atmos Chem Phys, 9(14), 5155–

5236, doi:10.5194/acp-9-5155-2009, 2009. 

Hayes, P. L., Carlton, A. G., Baker, K. R., Ahmadov, R., Washenfelder, R. A., Alvarez, S., 

Rappenglück, B., Gilman, J. B., Kuster, W. C., de Gouw, J. A., Zotter, P., Prévôt, A. S. H., 

Szidat, S., Kleindienst, T. E., Offenberg, J. H., Ma, P. K. and Jimenez, J. L.: Modeling the 

formation and aging of secondary organic aerosols in Los Angeles during CalNex 2010, 

Atmos Chem Phys, 15(10), 5773–5801, doi:10.5194/acp-15-5773-2015, 2015. 

Helmig, D., Ortega, J., Guenther, A., Herrick, J. D. and Geron, C.: Sesquiterpene emissions 

from loblolly pine and their potential contribution to biogenic aerosol formation in the 

Southeastern US, Atmos. Environ., 40(22), 4150–4157, 

doi:10.1016/j.atmosenv.2006.02.035, 2006. 

Ho, K. F., Lee, S. C., Guo, H. and Tsai, W. Y.: Seasonal and diurnal variations of volatile 

organic compounds (VOCs) in the atmosphere of Hong Kong, Sci. Total Environ., 322(1–

3), 155–166, doi:10.1016/j.scitotenv.2003.10.004, 2004. 

Hu, J., Zhang, H., Chen, S., Ying, Q., Wiedinmyer, C., Vandenberghe, F. and Kleeman, M. J.: 

Identifying PM2.5 and PM0.1 Sources for Epidemiological Studies in California, Environ. 

Sci. Technol., 48(9), 4980–4990, doi:10.1021/es404810z, 2014. 

Huffman, J. A., Docherty, K. S., Aiken, A. C., Cubison, M. J., Ulbrich, I. M., DeCarlo, P. F., 

Sueper, D., Jayne, J. T., Worsnop, D. R., Ziemann, P. J. and Jimenez, J. L.: Chemically-



310 
 
 

 

 

resolved aerosol volatility measurements from two megacity field studies, Atmos Chem 

Phys, 9(18), 7161–7182, doi:10.5194/acp-9-7161-2009, 2009. 

Jacobson, M. Z.: Strong radiative heating due to the mixing state of black carbon in 

atmospheric aerosols, Nature, 409(6821), 695–697, doi:10.1038/35055518, 2001. 

Jathar, S. H., Friedman, B., Galang, A. A., Link, M. F., Brophy, P., Volckens, J., Eluri, S. and 

Farmer, D. K.: Linking Load, Fuel, and Emission Controls to Photochemical Production 

of Secondary Organic Aerosol from a Diesel Engine, Environ. Sci. Technol., 51(3), 1377–

1386, doi:10.1021/acs.est.6b04602, 2017. 

Jathar, S. H., Miracolo, M. A., Tkacik, D. S., Donahue, N. M., Adams, P. J. and Robinson, A. 

L.: Secondary Organic Aerosol Formation from Photo-Oxidation of Unburned Fuel: 

Experimental Results and Implications for Aerosol Formation from Combustion 

Emissions, Environ. Sci. Technol., 47(22), 12886–12893, doi:10.1021/es403445q, 2013. 

Jimenez, J. L., Canagaratna, M. R., Donahue, N. M., Prevot, A. S. H., Zhang, Q., Kroll, J. H., 

DeCarlo, P. F., Allan, J. D., Coe, H., Ng, N. L., Aiken, A. C., Docherty, K. S., Ulbrich, I. 

M., Grieshop, A. P., Robinson, A. L., Duplissy, J., Smith, J. D., Wilson, K. R., Lanz, V. 

A., Hueglin, C., Sun, Y. L., Tian, J., Laaksonen, A., Raatikainen, T., Rautiainen, J., 

Vaattovaara, P., Ehn, M., Kulmala, M., Tomlinson, J. M., Collins, D. R., Cubison, M. J., 

Dunlea, J., Huffman, J. A., Onasch, T. B., Alfarra, M. R., Williams, P. I., Bower, K., 

Kondo, Y., Schneider, J., Drewnick, F., Borrmann, S., Weimer, S., Demerjian, K., Salcedo, 

D., Cottrell, L., Griffin, R., Takami, A., Miyoshi, T., Hatakeyama, S., Shimono, A., Sun, 

J. Y., Zhang, Y. M., Dzepina, K., Kimmel, J. R., Sueper, D., Jayne, J. T., Herndon, S. C., 

Trimborn, A. M., Williams, L. R., Wood, E. C., Middlebrook, A. M., Kolb, C. E., 

Baltensperger, U. and Worsnop, D. R.: Evolution of Organic Aerosols in the Atmosphere, 

Science, 326(5959), 1525–1529, doi:10.1126/science.1180353, 2009. 

Kanakidou, M., Seinfeld, J. H., Pandis, S. N., Barnes, I., Dentener, F. J., Facchini, M. C., Van 

Dingenen, R., Ervens, B., Nenes, A., Nielsen, C. J., Swietlicki, E., Putaud, J. P., Balkanski, 

Y., Fuzzi, S., Horth, J., Moortgat, G. K., Winterhalter, R., Myhre, C. E. L., Tsigaridis, K., 



311 
 
 

 

 

Vignati, E., Stephanou, E. G. and Wilson, J.: Organic aerosol and global climate modelling: 

a review, Atmos Chem Phys, 5(4), 1053–1123, doi:10.5194/acp-5-1053-2005, 2005. 

Kang, E., Root, M. J., Toohey, D. W. and Brune, W. H.: Introducing the concept of Potential 

Aerosol Mass (PAM), Atmos Chem Phys, 7(22), 5727–5744, doi:10.5194/acp-7-5727-

2007, 2007. 

Kang, E., Toohey, D. W. and Brune, W. H.: Dependence of SOA oxidation on organic aerosol 

mass concentration and OH exposure: experimental PAM chamber studies, Atmos Chem 

Phys, 11(4), 1837–1852, doi:10.5194/acp-11-1837-2011, 2011. 

Karjalainen, P., Timonen, H., Saukko, E., Kuuluvainen, H., Saarikoski, S., Aakko-Saksa, P., 

Murtonen, T., Bloss, M., Dal Maso, M., Simonen, P., Ahlberg, E., Svenningsson, B., 

Brune, W. H., Hillamo, R., Keskinen, J. and Rönkkö, T.: Time-resolved characterization 

of primary particle emissions and secondary particle formation from a modern gasoline 

passenger car, Atmos Chem Phys, 16(13), 8559–8570, doi:10.5194/acp-16-8559-2016, 

2016. 

Knote, C., Hodzic, A. and Jimenez, J. L.: The effect of dry and wet deposition of condensable 

vapors on secondary organic aerosols concentrations over the continental US, Atmos Chem 

Phys, 15(1), 1–18, doi:10.5194/acp-15-1-2015, 2015. 

Kroll, J. H. and Seinfeld, J. H.: Chemistry of secondary organic aerosol: Formation and 

evolution of low-volatility organics in the atmosphere, Atmos. Environ., 42(16), 3593–

3624, doi:10.1016/j.atmosenv.2008.01.003, 2008. 

Kroll, J. H., Lim, C. Y., Kessler, S. H. and Wilson, K. R.: Heterogeneous Oxidation of 

Atmospheric Organic Aerosol: Kinetics of Changes to the Amount and Oxidation State of 

Particle-Phase Organic Carbon, J. Phys. Chem. A, 119(44), 10767–10783, 

doi:10.1021/acs.jpca.5b06946, 2015. 

Lambe, A. T., Onasch, T. B., Croasdale, D. R., Wright, J. P., Martin, A. T., Franklin, J. P., 

Massoli, P., Kroll, J. H., Canagaratna, M. R., Brune, W. H., Worsnop, D. R. and 

Davidovits, P.: Transitions from Functionalization to Fragmentation Reactions of 

Laboratory Secondary Organic Aerosol (SOA) Generated from the OH Oxidation of 



312 
 
 

 

 

Alkane Precursors, Environ. Sci. Technol., 46(10), 5430–5437, doi:10.1021/es300274t, 

2012. 

Lappalainen, H. K., Sevanto, S., Bäck, J., Ruuskanen, T. M., Kolari, P., Taipale, R., Rinne, J., 

Kulmala, M. and Hari, P.: Day-time concentrations of biogenic volatile organic compounds 

in a boreal forest canopy and their relation to environmental and biological factors, Atmos 

Chem Phys, 9(15), 5447–5459, doi:10.5194/acp-9-5447-2009, 2009. 

Li, R., Palm, B. B., Ortega, A. M., Hlywiak, J., Hu, W., Peng, Z., Day, D. A., Knote, C., Brune, 

W. H., de Gouw, J. A. and Jimenez, J. L.: Modeling the Radical Chemistry in an Oxidation 

Flow Reactor: Radical Formation and Recycling, Sensitivities, and the OH Exposure 

Estimation Equation, J. Phys. Chem. A, 119(19), 4418–4432, doi:10.1021/jp509534k, 

2015. 

Lim, Y. B. and Ziemann, P. J.: Effects of Molecular Structure on Aerosol Yields from OH 

Radical-Initiated Reactions of Linear, Branched, and Cyclic Alkanes in the Presence of 

NOx, Environ. Sci. Technol., 43(7), 2328–2334, doi:10.1021/es803389s, 2009. 

Link, M. F., Friedman, B., Fulgham, R., Brophy, P., Galang, A., Jathar, S. H., Veres, P., 

Roberts, J. M. and Farmer, D. K.: Photochemical processing of diesel fuel emissions as a 

large secondary source of isocyanic acid (HNCO), Geophys. Res. Lett., 43(8), 

2016GL068207, doi:10.1002/2016GL068207, 2016. 

Liu, T., Wang, X., Deng, W., Hu, Q., Ding, X., Zhang, Y., He, Q., Zhang, Z., Lü, S., Bi, X., 

Chen, J. and Yu, J.: Secondary organic aerosol formation from photochemical aging of 

light-duty gasoline vehicle exhausts in a smog chamber, Atmos Chem Phys, 15(15), 9049–

9062, doi:10.5194/acp-15-9049-2015, 2015. 

Lough, G. C., Schauer, J. J., Lonneman, W. A. and Allen, M. K.: Summer and Winter 

Nonmethane Hydrocarbon Emissions from On-Road Motor Vehicles in the Midwestern 

United States, J. Air Waste Manag. Assoc., 55(5), 629–646, 

doi:10.1080/10473289.2005.10464649, 2005. 

Mao, J., Ren, X., Brune, W. H., Olson, J. R., Crawford, J. H., Fried, A., Huey, L. G., Cohen, 

R. C., Heikes, B., Singh, H. B., Blake, D. R., Sachse, G. W., Diskin, G. S., Hall, S. R. and 



313 
 
 

 

 

Shetter, R. E.: Airborne measurement of OH reactivity during INTEX-B, Atmos Chem 

Phys, 9(1), 163–173, doi:10.5194/acp-9-163-2009, 2009. 

Matsunaga, A. and Ziemann ‡, P. J.: Gas-Wall Partitioning of Organic Compounds in a Teflon 

Film Chamber and Potential Effects on Reaction Product and Aerosol Yield 

Measurements, Aerosol Sci. Technol., 44(10), 881–892, 

doi:10.1080/02786826.2010.501044, 2010. 

May, A. A., Presto, A. A., Hennigan, C. J., Nguyen, N. T., Gordon, T. D. and Robinson, A. L.: 

Gas-particle partitioning of primary organic aerosol emissions: (1) Gasoline vehicle 

exhaust, Atmos. Environ., 77, 128–139, doi:10.1016/j.atmosenv.2013.04.060, 2013a. 

May, A. A., Presto, A. A., Hennigan, C. J., Nguyen, N. T., Gordon, T. D. and Robinson, A. L.: 

Gas-Particle Partitioning of Primary Organic Aerosol Emissions: (2) Diesel Vehicles, 

Environ. Sci. Technol., 47(15), 8288–8296, doi:10.1021/es400782j, 2013b. 

Ng, N. L., Canagaratna, M. R., Jimenez, J. L., Chhabra, P. S., Seinfeld, J. H. and Worsnop, D. 

R.: Changes in organic aerosol composition with aging inferred from aerosol mass spectra, 

Atmos Chem Phys, 11(13), 6465–6474, doi:10.5194/acp-11-6465-2011, 2011b. 

Ng, N. L., Canagaratna, M. R., Zhang, Q., Jimenez, J. L., Tian, J., Ulbrich, I. M., Kroll, J. H., 

Docherty, K. S., Chhabra, P. S., Bahreini, R., Murphy, S. M., Seinfeld, J. H., Hildebrandt, 

L., Donahue, N. M., DeCarlo, P. F., Lanz, V. A., Prévôt, A. S. H., Dinar, E., Rudich, Y. 

and Worsnop, D. R.: Organic aerosol components observed in Northern Hemispheric 

datasets from Aerosol Mass Spectrometry, Atmos Chem Phys, 10(10), 4625–4641, 

doi:10.5194/acp-10-4625-2010, 2010. 

Ng, N. L., Herndon, S. C., Trimborn, A., Canagaratna, M. R., Croteau, P. L., Onasch, T. B., 

Sueper, D., Worsnop, D. R., Zhang, Q., Sun, Y. L. and Jayne, J. T.: An Aerosol Chemical 

Speciation Monitor (ACSM) for Routine Monitoring of the Composition and Mass 

Concentrations of Ambient Aerosol, Aerosol Sci. Technol., 45(7), 780–794, 

doi:10.1080/02786826.2011.560211, 2011a. 

Nordin, E. Z., Eriksson, A. C., Roldin, P., Nilsson, P. T., Carlsson, J. E., Kajos, M. K., Hellén, 

H., Wittbom, C., Rissler, J., Löndahl, J., Swietlicki, E., Svenningsson, B., Bohgard, M., 



314 
 
 

 

 

Kulmala, M., Hallquist, M. and Pagels, J. H.: Secondary organic aerosol formation from 

idling gasoline passenger vehicle emissions investigated in a smog chamber, Atmos Chem 

Phys, 13(12), 6101–6116, doi:10.5194/acp-13-6101-2013, 2013. 

Ortega, A. M., Hayes, P. L., Peng, Z., Palm, B. B., Hu, W., Day, D. A., Li, R., Cubison, M. J., 

Brune, W. H., Graus, M., Warneke, C., Gilman, J. B., Kuster, W. C., de Gouw, J., 

Gutiérrez-Montes, C. and Jimenez, J. L.: Real-time measurements of secondary organic 

aerosol formation and aging from ambient air in an oxidation flow reactor in the Los 

Angeles area, Atmos Chem Phys, 16(11), 7411–7433, doi:10.5194/acp-16-7411-2016, 

2016. 

Palm, B. B., Campuzano-Jost, P., Day, D. A., Ortega, A. M., Fry, J. L., Brown, S. S., Zarzana, 

K. J., Dube, W., Wagner, N. L., Draper, D. C., Kaser, L., Jud, W., Karl, T., Hansel, A., 

Gutiérrez-Montes, C. and Jimenez, J. L.: Secondary organic aerosol formation from in situ 

OH, O3, and NO3 oxidation of ambient forest air in an oxidation flow reactor, Atmos Chem 

Phys Discuss, 2017, 1–46, doi:10.5194/acp-2016-1080, 2017. 

Palm, B. B., Campuzano-Jost, P., Ortega, A. M., Day, D. A., Kaser, L., Jud, W., Karl, T., 

Hansel, A., Hunter, J. F., Cross, E. S., Kroll, J. H., Peng, Z., Brune, W. H. and Jimenez, J. 

L.: In situ secondary organic aerosol formation from ambient pine forest air using an 

oxidation flow reactor, Atmos Chem Phys, 16(5), 2943–2970, doi:10.5194/acp-16-2943-

2016, 2016. 

Peng, Z., Day, D. A., Ortega, A. M., Palm, B. B., Hu, W., Stark, H., Li, R., Tsigaridis, K., 

Brune, W. H. and Jimenez, J. L.: Non-OH chemistry in oxidation flow reactors for the 

study of atmospheric chemistry systematically examined by modeling, Atmos Chem Phys, 

16(7), 4283–4305, doi:10.5194/acp-16-4283-2016, 2016. 

Peng, Z., Day, D. A., Stark, H., Li, R., Lee-Taylor, J., Palm, B. B., Brune, W. H. and Jimenez, 

J. L.: HOx radical chemistry in oxidation flow reactors with low-pressure mercury lamps 

systematically examined by modeling, Atmos Meas Tech, 8(11), 4863–4890, 

doi:10.5194/amt-8-4863-2015, 2015. 



315 
 
 

 

 

Platt, S. M., El Haddad, I., Zardini, A. A., Clairotte, M., Astorga, C., Wolf, R., Slowik, J. G., 

Temime-Roussel, B., Marchand, N., Ježek, I., Drinovec, L., Močnik, G., Möhler, O., 

Richter, R., Barmet, P., Bianchi, F., Baltensperger, U. and Prévôt, A. S. H.: Secondary 

organic aerosol formation from gasoline vehicle emissions in a new mobile environmental 

reaction chamber, Atmos Chem Phys, 13(18), 9141–9158, doi:10.5194/acp-13-9141-2013, 

2013. 

Pope, C. A. and Dockery, D. W.: Health effects of fine particulate air pollution: lines that 

connect, J. Air Waste Manag. Assoc. 1995, 56(6), 709–742, 2006. 

Presto, A. A., Gordon, T. D. and Robinson, A. L.: Primary to secondary organic aerosol: 

evolution of organic emissions from mobile combustion sources, Atmos Chem Phys, 

14(10), 5015–5036, doi:10.5194/acp-14-5015-2014, 2014. 

Presto, A. A., Miracolo, M. A., Donahue, N. M. and Robinson, A. L.: Secondary Organic 

Aerosol Formation from High-NOx Photo-Oxidation of Low Volatility Precursors: n-

Alkanes, Environ. Sci. Technol., 44(6), 2029–2034, doi:10.1021/es903712r, 2010. 

Presto, A. A., Miracolo, M. A., Kroll, J. H., Worsnop, D. R., Robinson, A. L. and Donahue, 

N. M.: Intermediate-Volatility Organic Compounds: A Potential Source of Ambient 

Oxidized Organic Aerosol, Environ. Sci. Technol., 43(13), 4744–4749, 

doi:10.1021/es803219q, 2009. 

Ranjan, M., Presto, A. A., May, A. A. and Robinson, A. L.: Temperature Dependence of Gas–

Particle Partitioning of Primary Organic Aerosol Emissions from a Small Diesel Engine, 

Aerosol Sci. Technol., 46(1), 13–21, doi:10.1080/02786826.2011.602761, 2012. 

Robinson, A. L., Donahue, N. M., Shrivastava, M. K., Weitkamp, E. A., Sage, A. M., Grieshop, 

A. P., Lane, T. E., Pierce, J. R. and Pandis, S. N.: Rethinking Organic Aerosols: 

Semivolatile Emissions and Photochemical Aging, Science, 315(5816), 1259–1262, 

doi:10.1126/science.1133061, 2007. 

Rubin, J. I., Kean, A. J., Harley, R. A., Millet, D. B. and Goldstein, A. H.: Temperature 

dependence of volatile organic compound evaporative emissions from motor vehicles, J. 

Geophys. Res. Atmospheres, 111(D3), D03305, doi:10.1029/2005JD006458, 2006. 



316 
 
 

 

 

Saha, P. K. and Grieshop, A. P.: Exploring divergent volatility properties from yield and 

thermodenuder measurements of secondary organic aerosol from α-pinene ozonolysis, 

Environ. Sci. Technol., doi:10.1021/acs.est.6b00303, 2016. 

Saha, P. K., Khlystov, A. and Grieshop, A. P.: Determining Aerosol Volatility Parameters 

Using a “Dual Thermodenuder” System: Application to Laboratory-Generated Organic 

Aerosols, Aerosol Sci. Technol., 49(8), 620–632, doi:10.1080/02786826.2015.1056769, 

2015. 

Saha, P. K., Khlystov, A., Yahya, K., Zhang, Y., Xu, L., Ng, N. L. and Grieshop, A. P.: 

Quantifying the volatility of organic aerosol in the southeastern U.S., Atmospheric Chem. 

Phys. Discuss., 1–36, doi:10.5194/acp-2016-575, 2016. 

Saleh, R., Shihadeh, A. and Khlystov, A.: On transport phenomena and equilibration time 

scales in thermodenuders, Atmos Meas Tech, 4(3), 571–581, doi:10.5194/amt-4-571-2011, 

2011. 

Salo, K., Hallquist, M., Jonsson, Å. M., Saathoff, H., Naumann, K.-H., Spindler, C., Tillmann, 

R., Fuchs, H., Bohn, B., Rubach, F., Mentel, T. F., Müller, L., Reinnig, M., Hoffmann, T. 

and Donahue, N. M.: Volatility of secondary organic aerosol during OH radical induced 

ageing, Atmos Chem Phys, 11(21), 11055–11067, doi:10.5194/acp-11-11055-2011, 2011. 

Schauer, J. J. and Cass, G. R.: Source Apportionment of Wintertime Gas-Phase and Particle-

Phase Air Pollutants Using Organic Compounds as Tracers, Environ. Sci. Technol., 34(9), 

1821–1832, doi:10.1021/es981312t, 2000. 

Schlesinger, R. B., Kunzli, N., Hidy, G. M., Gotschi, T. and Jerrett, M.: The health relevance 

of ambient particulate matter characteristics: coherence of toxicological and 

epidemiological inferences, Inhal. Toxicol., 18(2), 95–125, 

doi:10.1080/08958370500306016, 2006. 

Tarvainen, V., Hakola, H., Hellén, H., Bäck, J., Hari, P. and Kulmala, M.: Temperature and 

light dependence of the VOC emissions of Scots pine, Atmos Chem Phys, 5(4), 989–998, 

doi:10.5194/acp-5-989-2005, 2005. 



317 
 
 

 

 

Tkacik, D. S., Lambe, A. T., Jathar, S., Li, X., Presto, A. A., Zhao, Y., Blake, D., Meinardi, 

S., Jayne, J. T., Croteau, P. L. and Robinson, A. L.: Secondary Organic Aerosol Formation 

from in-Use Motor Vehicle Emissions Using a Potential Aerosol Mass Reactor, Environ. 

Sci. Technol., 48(19), 11235–11242, doi:10.1021/es502239v, 2014. 

U.S. EPA.: MOVES2014a User Guide, EPA-420-B-15-095, U.S. Environmental Protection 

Agency: Assessment and Standards Division Office of Transportation and Air Quality, 

2015. 

Volkamer, R., Jimenez, J. L., San Martini, F., Dzepina, K., Zhang, Q., Salcedo, D., Molina, L. 

T., Worsnop, D. R. and Molina, M. J.: Secondary organic aerosol formation from 

anthropogenic air pollution: Rapid and higher than expected, Geophys. Res. Lett., 33(17), 

L17811, doi:10.1029/2006GL026899, 2006. 

Wang, Y., Ren, X., Ji, D., Zhang, J., Sun, J. and Wu, F.: Characterization of volatile organic 

compounds in the urban area of Beijing from 2000 to 2007, J. Environ. Sci. China, 24(1), 

95–101, 2012. 

Warneke, C., de Gouw, J. A., Del Negro, L., Brioude, J., McKeen, S., Stark, H., Kuster, W. 

C., Goldan, P. D., Trainer, M., Fehsenfeld, F. C., Wiedinmyer, C., Guenther, A. B., Hansel, 

A., Wisthaler, A., Atlas, E., Holloway, J. S., Ryerson, T. B., Peischl, J., Huey, L. G. and 

Hanks, A. T. C.: Biogenic emission measurement and inventories determination of 

biogenic emissions in the eastern United States and Texas and comparison with biogenic 

emission inventories, J. Geophys. Res. Atmospheres, 115(D7), D00F18, 

doi:10.1029/2009JD012445, 2010. 

Weitkamp, E. A., Sage, A. M., Pierce, J. R., Donahue, N. M. and Robinson, A. L.: Organic 

Aerosol Formation from Photochemical Oxidation of Diesel Exhaust in a Smog Chamber, 

Environ. Sci. Technol., 41(20), 6969–6975, doi:10.1021/es070193r, 2007. 

Zhang, Q., Jimenez, J. L., Canagaratna, M. R., Allan, J. D., Coe, H., Ulbrich, I., Alfarra, M. 

R., Takami, A., Middlebrook, A. M., Sun, Y. L., Dzepina, K., Dunlea, E., Docherty, K., 

DeCarlo, P. F., Salcedo, D., Onasch, T., Jayne, J. T., Miyoshi, T., Shimono, A., 

Hatakeyama, S., Takegawa, N., Kondo, Y., Schneider, J., Drewnick, F., Borrmann, S., 



318 
 
 

 

 

Weimer, S., Demerjian, K., Williams, P., Bower, K., Bahreini, R., Cottrell, L., Griffin, R. 

J., Rautiainen, J., Sun, J. Y., Zhang, Y. M. and Worsnop, D. R.: Ubiquity and dominance 

of oxygenated species in organic aerosols in anthropogenically-influenced Northern 

Hemisphere midlatitudes, Geophys. Res. Lett., 34(13), L13801, 

doi:10.1029/2007GL029979, 2007. 

Zhang, X., Cappa, C. D., Jathar, S. H., McVay, R. C., Ensberg, J. J., Kleeman, M. J. and 

Seinfeld, J. H.: Influence of vapor wall loss in laboratory chambers on yields of secondary 

organic aerosol, Proc. Natl. Acad. Sci., 111(16), 5802–5807, 

doi:10.1073/pnas.1404727111, 2014. 

Zhao, Y., Hennigan, C. J., May, A. A., Tkacik, D. S., de Gouw, J. A., Gilman, J. B., Kuster, 

W. C., Borbon, A. and Robinson, A. L.: Intermediate-Volatility Organic Compounds: A 

Large Source of Secondary Organic Aerosol, Environ. Sci. Technol., 48(23), 13743–

13750, doi:10.1021/es5035188, 2014. 

Zhao, Y., Nguyen, N. T., Presto, A. A., Hennigan, C. J., May, A. A. and Robinson, A. L.: 

Intermediate Volatility Organic Compound Emissions from On-Road Diesel Vehicles: 

Chemical Composition, Emission Factors, and Estimated Secondary Organic Aerosol 

Production, Environ. Sci. Technol., 49(19), 11516–11526, doi:10.1021/acs.est.5b02841, 

2015. 

 

 

 

 

 

 

 

 

 

 



319 
 
 

 

 

CHAPTER 8: Conclusions 

8.1 Summary of science findings 

The research presented in this thesis improves our understanding of organic aerosol (OA) gas-

particle partitioning and sources under diverse environmental conditions by providing 

measurement methods, laboratory and field measurements and parameterizations. Key 

scientific findings and conclusions from this research are summarized below.  

 

8.1.1 Measurement and modeling of OA phase partitioning  

• In the dual-TD based experimental approach, the addition of variable residence time 

measurements helps to constrain OA phase partitioning parameter values extracted 

from TD observations. When bulk OA property is an interest, the dual-TD based gas-

particle partitioning characterization method presented in this thesis provides insight 

into bulk OA phase-partitioning properties that is complementary to detailed chemical 

characterization using advanced instrumentation (Ehn et al., 2014; Lopez-Hilfiker et 

al., 2016; Zhang et al., 2015). For example, in absence of any details molecular level 

chemical speciation, resulting parameterizations from this approach are useful for 

modeling OA under the VBS framework.  

• Measurement of phase-partitioning properties of laboratory SOA from α-pinene 

ozonolysis (an atmospherically important model system) shows that SOA products are 

less volatile, enthalpies of evaporation are higher, and yields are substantially higher 

than those currently used in atmospheric models. 

• Distinct from existing parameterizations from SOA yield experiments, the dual-TD 

derived volatility distribution shows approximately 20-40% of SOA mass from α -

pinene ozonolysis consists of low-volatility organics under atmospherically relevant 

conditions. An effort to reconcile volatility parameterizations from yield and TD 

observations suggests that yield-derived parameterizations can be affected by losses of 

low volatility organic vapors to chamber walls.  
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• Measurements of ambient OA volatility properties at two sites in the southeastern U.S 

in distinct settings and seasons show that OA volatility parameters values derived from 

both datasets were similar, a large portion (40-70%) of measured ambient OA at both 

sites was composed of very low volatility organics, and bulk OA volatility did not 

strongly correlate with OA components (e.g., more-oxidized-OA; less-more-oxidized)  

identified via positive matrix factorization of aerosol mass spectrometer data. 

• A comparison of dual-TD derived ambient OA volatility distribution in the 

southeastern US with those simulated in a chemical transport model (CTM) with a 

current treatment of OA showed a substantial fraction of low-volatility material 

observed in measurements is largely missing from simulations. 

•  Mass accommodation coefficient values for laboratory single component OA, 

laboratory SOA, and ambient OA in the southeastern were determined on order of 0.1 

from dual-TD observations, which suggest a small/moderate mass transfer kinetic 

limitations during evaporation. An extreme kinetic limitation suggested by a few earlier 

studies (Cappa and Wilson, 2011; Vaden et al., 2011; Virtanen et al., 2010) is likely 

due to a misattribution of the substantial presence of low volatility material in OA as 

an extreme kinetics inhibition to mass transfer. Based on derived mass accommodation 

coefficient values for different OA systems (~order of 0.1), a gas-particle repartitioning 

timescale for these aerosols on the order of minutes to an hour under atmospherically 

relevant conditions (Np  ~ 1000-5000 cm-3). Therefore, an equilibrium phase-

partitioning assumption typically made in chemical transport model should be 

reasonable for a prediction timestep of ~ 1 hour. 

• An effective enthalpy of evaporation (ΔHvap ) for different OA systems (laboratory 

single component OA, laboratory SOA, and ambient OA) derived from TD 

observations was in the range of 80-130 kJ mol-1, which is substantially higher than 

those typically assumed for modeling OA in a chemical transport model  (30-40 kJ mol-

1).  Assumed ΔHvap  values have substantial implications for atmospheric OA modeling. 

An increase of assumed ΔHvap  value can increase atmospheric OA burden and lifetime 
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for a particular input volatility distribution, especially at low ambient temperatures and 

high altitudes. 

 
8.1.2 Dynamic evolution of near-road aerosols  

• Spatial distributions of traffic sourced pollutants near a busy interstate varied with time-

of-day, season and by pollutant. A substantially higher concentrations, and relatively 

less sharp decay were generally observed in winter as compared to summer, which 

suggests a wider near-road influence zone in winter. These trends are likely linked to 

higher emissions in many species and less atmospheric mixing and dilution in winter 

under a colder temperature.  

• Dilution alone cannot explain the observed downwind evolution of particle size 

distribution, though it does have the largest influence. Measurements of particle 

evaporation rates using a thermodenuder show the extent of evaporation of ultrafine 

particles decreases as they moved away from the highway. While interpreting these TD 

data using an evaporation kinetic model, this observation cannot only be explained by 

accounting effects of particle size and evaporation kinetics. However, this is consistent 

with the evaporation of semi-volatile species from ultrafine particles during downwind 

transport, suggesting gas-particle partitioning processes influence the downwind 

exposure concentrations of ultrafine particles.  

• Variations in ambient temperature (seasonality) can have a large influence on the 

emissions, dispersion, exposure concentrations of ultrafine particles and other traffic 

source pollutants (e.g., NOx) in a near-road setting.  For example, emission factors of 

ultrafine particles (UFPs) and NOx were found to be substantially higher in winter than 

summer (UFPs ~300% higher; NOx ~20% higher). Two possible things might lead to 

this observations. First, the performance of engine and emission control system can be 

affected in colder weather. Second, post-tailpipe processes, such as temperature effects 

on phase-partitioning of semi-volatile emissions during rapid cooling of exhaust plume, 

where particle nucleation, condensation, and evaporation can occur, may have a large 
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influence on real-world particle number (PN) concentrations.  For example, at colder 

weather, it is expected that a larger fraction of semi-volatile emissions will partition 

into the condensed-phase during rapid cooling of vehicle exhaust at lower ambient 

temperatures. At colder climates, substantially higher UFPs number emission factor, 

and slower downwind dispersion suggest that human exposure to UFPs would be 

higher in colder conditions. 

• Spatial measurements of particle volatility in a near-road microenvironment show that 

volatility of traffic-emitted particles decreases with downwind distance, likely due to a 

dilution-driven loss of semi-volatile OA during downwind transport and/or mixing with 

background particles. The mixing state of black carbon (BC) particles did not change 

within a few hundred meters from the highway. These measurements suggest that 

exposure to BC and OA containing particles could be different across seasons. For 

example, OA containing particles a large portion could be semi-volatile; SVOCs) 

would be more dynamic under changing ambient conditions. Therefore, ambient 

conditions (temperature, atmospheric dilution) would influence the gas-particle 

partitioning of SVOCs, thus exposure to SVOCs vapor versus particle under changing 

ambient conditions. On the other hand, exposure to BC would be less influenced by 

changing ambient conditions as compared to SVOCs.  

• Measurement of SOA production from the in-situ oxidation of near-highway air using 

an oxidation flow reactor (OFR) showed a substantial higher SOA formation during 

summer and low in winter. The observed strong influence of seasonality on the SOA 

formation highlights the influence of seasonal variation of the abundance SOA 

precursors gases. For example, it is expected that a higher fraction of semi-volatile 

emissions from traffic will stay in the gas-phase during summer conditions. Biogenic 

emissions also significantly higher during summer. 
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8.2 Implications, recommendations, and suggestions for future research 
 
This section discusses major implications of findings, offers recommendations to policy-

makers, and discusses further research needs. The extensive laboratory and field measurement 

data sets and analysis results presented in this thesis have important implications for 

understanding and modeling of atmospheric organic PM, its sources and effects. Several 

overarching conclusions from this thesis with immediate implications are: (i) variations in 

ambient temperature (seasonality) can have large consequences for the emissions, exposure 

concentrations, and composition of ultrafine particles from traffic source; (ii) a large fraction 

of low-volatility organic PM is missing in current volatility parameterizations and atmospheric 

model simulations. These findings have major consequences for our current understanding, 

measurement and modeling practice related to emissions, exposure, and regulations of ultrafine 

particles from traffic sources, and representation of organic PM in atmospheric and climate 

models, and are briefly discussed below. 

 

8.2.1 Emissions, exposure and regulations of ultrafine particles (UFPs) 

A majority of particle number (PN) concentrations measured in a near-road setting are ultrafine 

particles (UFPs; diameters < 100 nm), which contribute minimally to particle mass 

concentrations. This is a matter of concern because many recent studies (Keebaugh et al., 2015; 

Li et al., 2010) have suggested that exposure to these very smaller particles could have more 

strong adverse health impacts than exposure to PM2.5 mass. Importantly, chemical 

composition, size fraction, and sources of emission may play roles on health outcomes beyond 

PM2.5 mass. Therefore, traditional particle-mass-based (PM2.5) health and epidemiological 

studies and regulations will likely not capture the health impacts associated with these small 

particles. 

 

Given the substantial potential public health concern with UFPs, the recent growth in particular 

engine technologies (e.g., gasoline direct injection; GDI vehicles) and exhaust after-treatment 

methods (e.g., Diesel Particulate Filter; DPF) could have unexpected implications for health 
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as these have been shown to have significantly higher UFPs number emissions. For example, 

particle number (PN) emissions from GDI vehicles have reported significantly greater than 

traditional port fuel injection (PFI) gasoline vehicle (Zimmerman et al., 2016). There is also 

concern about increase of ultrafine particles emissions from DPF-equipped vehicles. A 

significant fraction of the PN emissions from vehicles is formed from nucleation and growth 

from organic vapors. These emissions are volatile in nature, and thus highly sensitive to 

environmental conditions. The current European vehicle particle number emission standards 

use measurements of thermally treated exhaust (stripped of semivolatile particle components) 

to constrain variability in this complex system. However, due to the removal of the volatile 

fraction, this regulatory approach will significantly underestimate PN emissions and will not 

address the seasonally and spatially-varying real-world PN concentrations and compositions 

as shown in this work. 

 

Based on results from this thesis, listed here are several recommendations and suggestions for 

future research for mitigating adverse impacts of PN emissions from traffic sources.  

• Near-road exposure concentrations of UFPs are likely more extreme in colder 

conditions. However, pollutant concentrations approach background levels within 300-

500 m. Therefore, a buffer distance of 300-500 m from major roadways can be 

considered to minimize human exposures to pollutants. For example, while establishing 

new community facilities (e.g., school, hospital, shopping mall, and residential area), 

city planning code should encourage to consider this buffer distance. For existing 

facilities, solid physical wall (noise barrier) can help to reduce the exposure to UFPs to 

some extent. However, the efficacy of vegetation barrier is highly uncertain, varies 

across vegetation types (evergreen vs. deciduous) and seasons (summer vs. winter). 

Mitigation potential of different configurations of vegetation barriers should be 

explored. 

• Given the vast influence of ambient conditions on measured PN emissions from motor 

vehicles, laboratory and regulatory measurements must be conducted under the 
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representative real-world scenarios (range of atmospherically realistic temperature and 

dilution). The measured PN emission data should be reported along with the 

temperature of measurements and also dilution conditions (if possible). Real-world 

near-road measurement should be emphasized. Real-world and season-specific PN 

emissions factor data should be used for exposure and air quality modeling.  

• Given the evidence of health outcome of UFPs, the current mass-based PM2.5 standard 

likely does not address impacts of these very smaller particles. A particle number based 

standard may need to be introduced and implemented. However, extensive research is 

likely needed before moving towards a particle number based standard, including 

further understanding on health outcomes and determining methods and guidelines for 

standard measurement techniques, regulations, and compliance. 

• Dispersion and land use regression (LUR) models are widely used for exposure 

assessment and policy analysis.  However, these models are not typically configured to 

capture the dynamic nature of ultrafine particles with changing environmental 

conditions observed in this thesis. Therefore, when modeling ultrafine particles using 

these models, a framework/parameterization should be included with dispersion/LUR 

models to capture the dynamic nature of ultrafine particles. For example, as an initial 

effort, a simple empirically-derived parameterization based on real-world observations 

could be coupled with dispersion models for capturing the influence of different 

processes that can affect partitioning of semi-volatile UFPs. Furthermore, the effects 

of built environment, topography, and vegetation on transport and exposure 

concentrations of UFPs should be explored and parameterized to improve 

dispersion/LUR modeling and the framework and parameterizations evaluated with 

data from diverse settings. 
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8.2.2 Representation of organic PM in atmospheric models  

Chemical transport models (CTMs) are powerful tools for policy analysis and air quality 

forecasting. Current state-of-the-art CTMs often fail to simulate atmospheric organic PM 

concentrations and properties accurately. In modeling OA, CTMs typically use SOA yield 

parameterizations from smog-chamber yield experiments. This work has shown that a large 

portion of low-volatility organics are missing in current yield-based volatility 

parameterizations and CTM simulations. Recent evidence of SOA from aqueous-phase 

oxidation, presence of oligomers and large molecular compounds in SOA suggest that many 

of these processes can produce very low-volatility organics, and most are not included in 

current atmospheric models. Since volatility is an important property that dictates OA lifetimes 

and thus, abundance and transport, a CTM simulation that fails to predict OA volatility may 

not be able to predict atmospheric OA burden accurately. Furthermore, these low-volatility 

organics can make significant contributions to cloud condensation nuclei (CCN) that has 

substantial implications on understanding of climate impacts of atmospheric particles in 

polluted and unpolluted regions. Therefore, CTMs should be updated to include treatment of 

these low-volatility organics. A wide range of scientific work including detailed understanding 

of sources and formation mechanisms are required in this effort. Based on the outcomes of this 

study, listed here are a few suggestions to work towards improving treatment of OA in 

atmospheric models.  

• Update traditional SOA mass yield parameterizations for different important known 

precursors. An initial approach has been demonstrated in this work (chapter 3). This 

effort may lead to large improvements in model predictions of both OA concentrations 

and simulated OA volatility. 

• Understanding of the formation mechanism of extremely low-volatility organic PM is 

critical to represent them in a CTM. Also, evaluation of model output with measured 

OA volatility is useful, as shown in chapter 4. Therefore, determination of OA 

volatility distributions for different OA types should be emphasized. It is important to 

explore how OA volatility is linked with SOA from different formation mechanisms 
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and formation conditions. For example, the linkage between the formation of large 

molecular and glassy compounds and oligomers in SOA and its volatility should be 

explored. The relative role and influence of different oxidants (OH, O3, and NO3), 

VOC/NOx ratio and ambient conditions (temperature, RH) on SOA formation should 

be investigated in laboratory and field experiments.  Also, the linkage between SOA 

formed under different conditions and its volatility should be explored and 

parameterized.  

• When representing SOA in a CTM under the current modeling framework (e.g., VBS 

approach), one can get comparable effects by increasing of emission rate versus 

increasing of aerosol yield or aging rate. Since SOA precursor emission rates, yields 

and reaction rates/pathways are highly uncertain in current literature, decoupling any 

of these effects is challenging. Therefore, an integrated effort is needed for improving 

our understanding of SOA precursor emission rates, product yields, and aging 

mechanism via laboratory and field measurements and modeling. 
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