
ABSTRACT 

DAWSON, KYLE WILLIAM. Contributions to the Understanding of Aerosol Microphysics 
Towards Improving the Assessment of Climate Radiative Forcing. (Under the direction of 
Nicholas Meskhidze and Markus D. Petters). 
 

The study of climate and the associated impacts imposed by human activity has 

garnered the attention of scientists and policy makers since the 1950s. Research into the various 

atmospheric constituents that interact with solar radiation thus modulating Earth’s radiative 

budget has been largely focused on the contributions from greenhouse gases and later focused 

on the role of atmospheric aerosol. The role of atmospheric aerosol, i.e. a solid or aqueous 

phase particulate, is complex and presents an opportunity for bettering the assessments of 

climate radiative forcing (i.e. the fraction of climate change due to anthropogenic, rather than 

natural, activities) in several ways.  

First, motivated to better understand the radiative effects of the Earth’s background 

aerosol state to improve the assessment of anthropogenic effects, an experimental study on the 

water uptake ability of xanthan gum as a proxy for marine hydrogel, a component of natural 

primary emitted seaspray aerosol, is presented. Marine hydrogel comprises an organic 

component of the ocean surface microlayer that is released to the atmosphere via the bursting 

of bubbles generated by entrainment of air through crashing waves. This study investigates the 

water uptake ability (i.e. hygroscopicity) of these particles when exposed to a range of relative 

humidity (RH). The hydration characteristics of aerosolized pure xanthan gum as well as 

xanthan gum/salt mixtures were studied using a hygroscopic tandem differential mobility 

analyzer (HTDMA) and cloud condensation nuclei counter (CCNc). The hygroscopicity of the 

various solutions were compared to theoretical thermodynamic calculations accounting for the 

component volume fractions as a function of relative humidity. The data show that pure 

xanthan gum aerosol hygroscopicity behaves as other organic polysaccharides and, when 

combined with salts, is reasonably approximated by the volume fraction mixing rules above 

90% RH. Deviations occur below 90% RH as well as for CCNc measured hygroscopicity and 

HTDMA measured hygroscopicity at 90% RH, and are discussed in terms of hydration regimes 

associated with structural changes imposed by polymer/salt crosslinks. 

Second, motivated by a necessity to provide better constraints for climate model 

assessments of radiative forcing, a computational study for developing a link between climate 



models and observations from remote sensing techniques is presented. The Creating Aerosol 

Types from CHemistry (CATCH) algorithm has been developed for providing atmospheric 

models with estimated aerosol types, analogous to those that are retrieved by remote sensing 

methods. To date, the link between models and remote sensing retrievals is crude and is based 

on the total column attenuation of radiation by aerosol called the aerosol optical depth (AOD). 

In this study, through multivariate clustering techniques, this link is expanded to produce 

model-calculated aerosol types of dusty mix, maritime, urban, smoke, and fresh smoke, that 

are analogous to those retrieved by remote sensing. The CATCH algorithm shows that 

vertically-resolved aerosol types compare well to those measured by aircraft-mounted High 

Spectral Resolution Lidar – version 1 (HSRL-1) during the Ship-Aircraft Bio-Optical Research 

(SABOR) field campaign during July/August of 2014. Flight-by-flight comparisons of the 

type-apportioned AOD and vertically-resolved aerosol extinction also compare well. The 

CATCH algorithm is then applied to a high-resolution nested grid domain over North America 

and found to produce encouraging results of spatially relevant aerosol types such as dusty mix 

aerosol over the Caribbean, maritime aerosol over oceans, urban aerosol over large cities, 

smoke aerosol over weak forest fires, and fresh smoke aerosol over strong forest fires. 
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CHAPTER 1 – Introduction 
 

The topic of climate change has far reaching implications and has caught the attention 

of people all over the world. Media outlets and news sources have focused on the anomalous 

patterns in regions of the globe to communicate the effects of this phenomenon. One example, 

affecting the Arctic, shows that as temperatures rise globally, the perennial sea ice struggles to 

recover to the amounts in previous years, declining at a rate of nearly 9% per decade [Comiso, 

2002]. Another, more local, example is the observation of increasing sea level. The 

Intergovernmental Panel on Climate Change (IPCC) publishes reports on the current state of 

climate to better aid policymakers in their decision making. They find that over the past decade, 

sea level has been rising at a rate of 3.2 mm yr-1, about twice the rate since 1901[Stocker et al., 

2013]. The approximately doubled rate of sea level rise over just the past decade points to the 

role human activities have on our changing climate. This evidence has given rise to the 

scientific scrutiny of how climate is changing through the study of the transfer of radiation 

throughout the atmosphere.  

 

1.1 The radiative effect versus radiative forcing  

The net balance of incoming solar radiation, called short-wave radiation that includes 

cosmic rays through visible light, and outgoing long-wave radiation that includes heat (i.e. 

infrared radiation), microwaves and radio waves makes up the radiative effect. The radiative 

effect is ultimately modulated by constituents present in the atmosphere at any given location 

and time and the fraction of this effect that is contributed by human activity is termed radiative 

forcing [Boucher and Tanré, 2000]. Radiative forcing is therefore the current measurement of 

the radiative effect with the radiative effect before human activities began (typically the 

preindustrial era ca. 1750) removed [Heald et al., 2014]. This difference defines the change 

that is the component due to anthropogenic (i.e. human) activity. Atmospheric constituents that 

modulate the radiative effect at any given time include greenhouse gasses, atmospheric 

particulates (i.e. aerosols, viruses, bacteria and hydrometeors) and clouds. Other human 

activities that can influence climate include changes in land use and surface type which will 

affect surface reflectance of incoming solar radiation as well as primary production of aerosol. 
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The focus of this PhD work is to investigate ways to better improve our understanding of the 

radiative effect, by aerosol sources that are both natural and anthropogenic. Specifically, this 

work will focus on achieving better estimates of aerosol properties that will improve model 

calculations of the aerosol radiative effect and reduce uncertainties on estimates of aerosol 

radiative forcing. The language hereto forth will discuss the radiative effect in two manners: 

(1) the direct effect being the interaction of aerosols with radiation via radiative scattering and 

absorption and (2) the indirect effect being the interaction of aerosols with radiation via 

modulation of cloud microphysics such as albedo and lifetime.  

 

1.2 Aerosol direct interactions with solar radiation 

Direct interaction of aerosol with solar radiation is measured by the attenuation of 

photons from the incident path on the particle. This attenuation takes the form of scattering 

and/or absorption, the sum of which is called extinction. Scattering is the dominant component 

of extinction concerning most aerosols (e.g. seasalt) however absorption is associated with 

some aerosols like mineral dust and black carbon. Various properties of the components of 

attenuated solar (or man-made) radiation such as wavelength and angular dependencies can be 

exploited to learn something about the aerosol. For example, aerosol has a strong forward (0°) 

scattering peak compared to the more isotropic (0-360°) pattern exhibited by air molecules 

[Petty, 2006]. Wavelength dependence typically is an indicator of particle size and is easily 

quantified by the angstrom parameter or the backscatter (scattering at 180°) ratio [Ångström, 

1929; Westphal and Toon, 1991; Kaufman et al., 1994; Eck et al., 1999]. The single scattering 

albedo (SSA, i.e. scattering over extinction ratio) can give insight to the aerosol chemical 

composition where more absorbing aerosols have lower values for SSA and contain 

constituents like the previously mentioned black carbon or mineral dust [Jacobson, 2001; 

Takemura et al., 2002]. Another parameter that is specific to Light Detection and Ranging 

(LiDAR) systems is the extinction to backscatter, or lidar, ratio. This parameter is unique to 

systems that measure backscattered radiation and can be retrieved by polarimeters and 

nephelometers [Doherty et al., 1999; Bréon, 2013]  in addition to lidar [Ansmann et al., 1992; 

Ferrare et al., 2001; Liu et al., 2002; Müller et al., 2007]. The lidar ratio spans about 50 sr at 
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532 nm from 20 sr representing clean marine aerosol to 80 sr representing smoke and pollution 

[Omar et al., 2009] giving a wide range of values specific to a variety of aerosol types. 

Variability in the lidar ratio is a combination of both chemical properties and size influencing 

the extinction and backscatter, respectively. The ability to infer aerosol types from the various 

mechanisms presented above helps to further reduce uncertainties on the aerosol direct and 

indirect radiative forcing by imposing constraints on the chemical evolution, mixing state, 

lifetime and abundance specific to certain aerosol types. In this work, the development and 

implementation of an aerosol typing algorithm and the water uptake properties specific to 

marine aerosol are presented to help advance the reduction of uncertainties surrounding aerosol 

radiative forcing. 

 

1.3 Aerosol indirect interactions with solar radiation 

The aerosol indirect effect describes how aerosols interact with clouds that 

subsequently alter the radiative budget. The two most common ways that aerosols indirectly 

affect the radiative budget are through modulation of cloud brightness and cloud lifetime. 

Other mechanisms with lesser known effects on cloud fields are associated with mixed phase 

clouds where ice crystals can further contribute to the uncertainties surrounding cloud lifetime 

[Lohmann and Feichter, 2005]. This introduction will focus only on the indirect effect as it 

concerns cloud brightness (i.e. albedo) and lifetime (i.e. precipitation efficiency). 

Cloud brightness is the phenomenon that occurs when aerosols, acting as cloud 

condensation nuclei (CCN), enhance the cloud-top albedo or reflectance. This effect, first 

published by Twomey [1974], is often referred appropriately as the Twomey effect. In brief, 

given constant cloud water content, the introduction of (usually anthropogenic) CCN will cause 

water vapor to be evenly distributed across all particles resulting in more numerous, albeit 

smaller, cloud droplets relative to the same cloud without the added CCN. As incident solar 

radiation reaches the cloud top, the probability that a photon will meander its way only to leave 

the cloud in the opposite direction, that is backwards from incident, increases [Twomey, 1974; 

Petty, 2006]. This enhancement of cloud albedo is dependent on the aerosol chemical 

composition as it requires that the CCN lower the supersaturation required for the condensation 
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of water vapor such that it is thermodynamically favorable. This supersaturation required for 

an aerosol to grow unchecked by the condensation of water vapor is called the critical 

supersaturation and was theorized by Köhler [1936]. The activation conditions required for a 

particle to become a cloud droplet are dependent on aerosol physicochemical properties. The 

effects of droplet curvature and solute concentrations, termed the Kelvin and Raoult terms, 

respectively [Sorjamaa et al., 2004], must both be accounted for to accurately predict the 

activation conditions for cloud droplet formation. The CCN activity of an aerosol has been 

extensively studied and was condensed into a single-variable representation of an aerosol 

hygroscopicity parameter, k [Petters and Kreidenweis, 2007]. 

Cloud lifetime considers how increased numbers of CCN will impact the droplet 

growth by condensation of water vapor and collision-coalescence of activated cloud droplets 

to result in precipitation. Larger numbers of CCN will compete for available water vapor and 

cause an increase in the number of smaller cloud droplets. Precipitation begins as the updraft 

velocity of a cloud is overcome by the terminal velocity of the droplets within the cloud [Yau 

and Rogers, 1996]. The terminal velocity is a function of the droplet mass and thus, fewer 

clouds will precipitate since fewer cloud droplets will grow to sizes that overcome the updraft 

velocity. Clouds that do not precipitate will experience longer lifetimes compared to those that 

do and will continue to influence the radiative budget [Lohmann and Feichter, 2005].  

 

1.4 Seaspray aerosol and the marine environment 

This dissertation is focused on aerosol types and the radiative impacts they can have on 

climate. The main contributions are two-fold wherein one focus examines constraining 

atmospheric models by aerosol type (e.g. urban, smoke, and dust aerosols) and the other focus 

examines the complexity of a specific aerosol type called seaspray. Seaspray aerosol 

contributes to one of the largest sources of uncertainty for estimating the anthropogenic indirect 

radiative forcing [Hoose et al., 2009; Gantt and Meskhidze, 2013]. Seaspray aerosol is 

generated via wind-produced spume or the bursting of air bubbles produced from breaking 

waves at the ocean surface [Blanchard, 1983; Monahan et al., 1986]. Seaspray is unique in 

that it is compositionally variable based on the underlying ocean ecosystem. Specifically, in 
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addition to inorganic ocean salts, the organic fraction of seaspray is variable from having 

organic-enriched particles to having particles with very few organics [e.g. Gantt et al., 2011; 

Prather et al., 2013; Quinn et al., 2014] . Concerning organic enriched seaspray, it is thought 

that bubbles created by breaking waves scavenge organic material in the surface water. This 

organic material can exist in the ocean as dissolved organic carbon (DOC), primary organic 

carbon (POC) from phytoplankton blooms [Quinn et al., 2014], or an organic dense surface 

microlayer with surface films or visible ocean slicks [Verdugo, 2012; Cunliffe et al., 2013]. 

Plankton blooms are identified by satellite retrievals of chlorophyll-a that serve as a proxy for 

estimating the organic enrichment of seaspray [Yoon et al., 2007; O’Dowd et al., 2008]. The 

compositional differences in seaspray manifest in different hygroscopic, i.e. water-uptake, 

properties for acting as CCN and influencing the indirect radiative effect. Not forgotten, 

however, is the direct radiative effect of seaspray aerosols. As seaspray is emitted from spume 

or the bursting of bubbles, the seaspray aerosol size distribution depends on wind speed and 

the bubble size distribution. The physical bursting process is roughly classified into two groups 

of bubbles called jet or film drops [Resch, 1986]. For jet drops, when a bubble rises to the 

ocean surface and bursts, a cavity is left that is rapidly filled with cascading neighboring 

surface ocean water. This cascading ocean water that fills the cavity collides to produce an 

upwelling jet of water in which a droplet escapes into the atmosphere as primary emitted 

seaspray. In the case of film drops, bubbles rise to the surface and interact with the ocean 

surface microlayer creating a film on the bubble that drains to the sides thereby reducing the 

surface tension necessary to maintain the bubble. This draining effect eventually causes the 

bubble to burst and shatter the film on the outside which is ejected to the atmosphere forming 

seaspray. A summary of the processes governing sea spray physicochemical properties is given 

by Gantt and Meskhidze [2013]. 
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1.5 Dissertation objectives and outline 

1.5.1 Objectives 

a) Investigate the hygroscopicity of organic-rich marine-like particles in the laboratory to 

make inferences on how this may apply to primary aerosol emission from highly 

eutrophic ocean waters 

i) Research literature for an appropriate proxy for marine hydrogel as well as salts 

found in the ocean for making hydrogel/salt complexes 

ii) Experimentally, via HTDMA and CCN methods, measure the hygroscopicity of 

various solutions 

iii) Compare results with existing theory 

iv) Discuss in terms of atmospheric relevance 

b) Successfully expand on the existing methods for the remote sensing of aerosol ‘types’ 

by providing a link to aerosol ‘chemistry’ via the generation of an operational algorithm 

to be used by climate models 

i) Define parameters to be calculated by the model and used in a clustering algorithm 

ii) Test calculated parameters for representation by normal-distributions 

iii) Compare resulting aerosol types with retrieved aerosol types from the SABOR field 

campaign  

 

1.5.2 Outline 

The outline for this dissertation is structured as follows: Chapter 2 is focused on 

seaspray (i.e. primary maritime) aerosol. Chapter 2 is a manuscript that was published in the 

Journal of Geophysical Research Atmospheres and is a laboratory experiment investigating 

the water uptake properties of an organic macromolecule called Xanthan gum which serves as 

a proxy for marine hydrogels found in the sea surface microlayer. Chapter 3 includes a 

manuscript discussing the need to address a missing link between atmospheric models and 

remote sensing by airborne and spaceborne sensors. This manuscript has been submitted to the 

Journal of Geophysical Research Atmospheres and is currently under review. Chapter 3 is 

focused on the major atmospheric aerosol types which are dusty, maritime, urban, and smoke 



 

 7 

(both fresh biomass burning and aged). Chapter 4 presents current limitations and future 

directions for the work in this Dissertation and Chapter 5 contains concluding remarks.  
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CHAPTER 2 – Hygroscopic growth and cloud droplet activation of xanthan gum as a 
proxy for marine hydrogels 

 
This chapter has been published in the Journal of Geophysical Research – Atmospheres. 

 

Dawson, K. W., M. D. Petters, N. Meskhidze, S. S. Petters, and S. M. Kreidenweis (2016), 

Hygroscopic growth and cloud droplet activation of xanthan gum as a proxy for marine 

hydrogels, J. Geophys. Res. Atmos., 121(19), 11,803-11,818, 

doi:10.1002/2016JD025143. 

 

Abstract 

Knowledge of the physical characteristics and chemical composition of marine organic 

aerosols is needed for the quantification of their effects on cloud microphysical processes and 

solar radiative transfer. Here we use xanthan gum (XG) – a bacterial biopolymer – as a proxy 

for marine hydrogels. Measurements were performed for pure XG particles and mixtures of 

XG with sodium chloride, calcium nitrate and calcium carbonate.  The aerosol hygroscopicity 

parameter (κ) is derived from hygroscopic growth factor measurements (κgf) at variable water 

activity (aw) and from cloud condensation nuclei activation efficiency (κccn).  The Zdanovskii, 

Stokes, and Robinson (ZSR) hygroscopicity parameter derived for multicomponent systems 

(κmix, sol) is used to compare measurements of κgf and κccn. Pure XG shows close agreement 

of κgf (at aw = 0.9) and κccn of 0.09 and 0.10, respectively. Adding salts to the system results 

in deviations of κgf (at aw = 0.9) from κccn. The measured κgf and ZSR derived hygroscopicity 

parameter (κmix, sol) values for different solutions show close agreement at aw > 0.9, while 

κgf is lower in comparison to κmix, sol at aw < 0.9. The differences between κmix, sol and 

measured κgf and κccn values are explained by the effects of hydration and presence of salt 

ions on the structure of the polymer networks. Results from this study imply that at 

supersaturations of 0.1 and 0.5%, presence of 30% sea-salt by mass can reduce the activation 

diameter of pure primary marine organic aerosols from 257 to 156 nm and from 87 to 53 nm, 

respectively.  
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2.1 Introduction 

 Marine hydrogels are dilute systems comprising three-dimensional random anionic 

polymer networks dispersed in seawater. Polymer chains collide due to Brownian motion and 

form cross-linked globules that can reach several micrometers in size. Self-assembly and 

dispersion of globules are in thermodynamic equilibrium with the dissolved organic carbon 

pool [Chin et al., 1998]. Gels concentrate nutrients and thus help to sustain the oceanic 

microbial loop [Verdugo, 2012]. Hydrogels at the air-water interface and in the ocean pelagic 

zone are colloidal aggregates [Verdugo, 2012] and can be a component of the sea-surface 

microlayer in surface films, or in visible slicks concentrated by the action of capillary wave-

damping [Cunliffe et al., 2013]. Bubble bursting processes can inject some of this organic 

material into the atmosphere as marine primary organic matter (POM), potentially influencing 

hygroscopic properties and cloud condensation nuclei (CCN) potential of sea spray aerosol 

[Orellana et al., 2011; Gantt and Meskhidze, 2013]. 

Marine hydrogels have been postulated to be an important contributor to sea spray 

aerosol due to their unique physicochemical and hydrological properties [Ovadnevaite et al., 

2011]. Fundamentally, the stability of the network and observed globule volume in water 

depends on the strength of the polymer cross-links. The strength of the polymer cross-links is 

determined by the physical properties of the polymer (charge-density, 

hydrophobic/hydrophilic domain ratios, flexibility, topology, quaternary conformation, and the 

molecular size of the polymer chains), as well as the availability of high-valence cations that 

replace the bound hydronium molecule [Verdugo, 2012]. Small changes in pH, temperature, 

and availability of salts can often result in considerable changes to the gel network, influencing 

its hydration properties [García-Ochoa et al., 2000; Verdugo, 2012]. 

Köhler theory [Kohler, 1936] predicts the relationship between dry diameter, chemical 

composition, and supersaturation (ss) required to activate particles composed of common 

constituents of the atmospheric aerosol, including acids, salts and organic compounds [e.g., 

Raymond and Pandis, 2002, 2003; Bilde and Svenningsson, 2004; Petters and Kreidenweis, 

2007; Koehler et al., 2009; Petters et al., 2009; Pöschl et al., 2010; Suda et al., 2014]. 

Hygroscopic components in the particle form an aqueous solution that is in equilibrium with 
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the vapor field. The aerosol-phase water content is governed by the water activity of the 

solution and is modulated by the vapor pressure enhancement due to drop curvature. Köhler 

theory is based on Raoult’s law, which does not apply to aqueous solutions of soluble 

macromolecules. Alternative theories for macromolecule-water interactions have been 

successfully applied to better predict water contents in single-component systems [Mikhailov 

et al., 2003; Petters et al., 2006]. However, it is not clear whether these treatments are 

applicable to the molecules that form hydrogels. Despite their potential importance as CCN in 

the atmosphere, the water uptake and CCN activation properties of marine hydrogel aerosol 

particles have neither been investigated experimentally, nor explained from an appropriate 

theoretical basis. 

In this study, we report measurements of hygroscopic growth and cloud droplet 

activation properties of pure and internally mixed xanthan gum (XG) aerosol as a model for 

marine hydrogel aerosol. XG is a bacterial polysaccharide biopolymer [García-Ochoa et al., 

2000] with an acidic character that is used as a reference standard to quantify transparent 

exopolymer particles in the ocean [Malpezzi et al., 2013]. Due to its importance as a hydrogel 

in the food and pharmaceutical industries, its hydration properties have been extensively 

studied, providing a basis for interpretation of our measurements of hygroscopic growth and 

cloud droplet activation. To mimic likely mixtures in marine aerosol, the measurements were 

carried out for mixtures comprising XG and salts containing sodium and calcium cations, 

choices consistent with their prevalence in the bulk ocean water or in the self-assembling 

microgels found in the ambient marine environment [Chin et al., 1998; Verdugo, 2012]. 

Further information about XG, including the chemical structure, is provided in the 

Supplementary Online Material (supporting information Fig. S2.1 and Text S2.1.2). 

2.2 Materials and methods 

2.2.1  Solution preparation 

 Pure and mixed solutions were prepared using the following chemicals (Table 2.1): XG 

(Sigma Aldrich, ≥ 99.9% pure), sodium chloride, NaCl (Sigma Aldrich, ≥ 99.5% pure), 

calcium carbonate, CaCO3 (ACROS Organics, 98% pure), calcium nitrate tetrahydrate, 

Ca(NO3)2 + 4(H2O) (Sigma Aldrich, ≥ 99.0% pure), ammonium sulfate, (NH4)2SO4 (Sigma 



 

 15 

Aldrich, ≥ 99.9% pure) and ultrapure water with 18.2 MΩ cm-1 resistivity with less than 5 ppm 

of impurities. Four bulk solutions were used for aerosol generation in this study: pure XG and 

XG mixed with NaCl, CaCO3, and Ca(NO3)2, with solution bulk compositions as shown in 

Table 2.2. Sodium chloride was used due to its prevalence in seawater and the ability to compare 

results of our study with other researchers who used the XG-Na+ mixed system [e.g., Yoshida 

et al., 1992; Wyatt and Liberatore, 2009]. Calcium is used here following the study by Chin et 

al. [1998] that showed self-assembling microgels found in the sea have an affinity for the 

uptake of Ca2+ rather than Mg2+ or K+, all of which can be abundant in seawater. Chin et al. 

[1998] further reported that slight increases in pH of the polymer-salt matrix with respect to 

the ocean (from 8.2 to 8.5-9) could result in mineralization of Ca2+ within the matrix. 

Therefore, Ca(NO3)2 was chosen to suppress the formation of precipitates in the aerosol phase. 

For solution (1), XG was dissolved in 50ºC water to ensure that no un-dissolved powder 

residues were present in the solution and was used within 10 days. The side chains of the XG 

polymer can uptake ~2 ions of Na+ or ~1 ion of Ca2+ per monomer [Rosalam and England, 

2006]. Solution (2), the NaCl-containing solution, was kept at 0.1% w/w of XG mixed with 

0.005% w/w of NaCl (i.e., NaCl represented 5% of XG mass (~3% volume). For solutions 

containing calcium, i.e., solutions (3) and (4), amounts of CaCO3 and Ca(NO3)2 were added to 

achieve equimolar concentration of Ca2+ ions relative to the total number of carboxylic 

(COOH) groups in solution. Additionally for the third solution, the mixture of XG and CaCO3, 

the XG concentration was adjusted to the solubility limit of CaCO3, i.e., 0.012% w/w of XG 

for 0.0013% w/w of CaCO3. All polymer-salt complexes were mixed such that no residual 

cations should have been left un-bonded or salts undissolved. This is discussed further in the 

results section and a quantitative explanation can be found in the supporting information, 

section Text S2.1.2. 

Particles were generated via spray atomization of bulk solutions using a Collison-type 

atomizer (TSI Inc. model 3076). One caveat to our analysis is the characterization of the 

chemical composition of the atomized particles. Deviations of particle composition from 

prepared stock solutions have been suggested as a possibility when generating aerosol using 

Collison atomizers with solutions containing insoluble species [Creamean et al., 2014]. 
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Deviations in aerosol composition from stock solutions may also arise from the presence of 

surface active compounds in Collison atomizers [Petters and Petters, 2016] and electrospray 

generation systems [MacMillan et al., 2012]. It is therefore possible that the formation of 

colloidal aggregates or the surface activity of XG may lead to fractionation effects during 

particle generation. The methodology used in this study cannot resolve this effect and it is 

therefore assumed that the particle composition equals that of the stock solution.  An ammonium 

sulfate solution at 0.1% w/w was used for calibration. 

2.2.2 Hygroscopicity parameter derived from growth factor measurements 

 Figure 2.1 shows a schematic view of the HTDMA setup. The instrument is similar to 

a version described previously [Suda and Petters, 2013]. In brief, the instrument consists of 

two atomizers for particle generation, a Nafion drying system, two high-flow differential 

mobility analyzers (DMA) and a humidification system. The second DMA is actively 

temperature controlled and insulated to permit stable measurements up to 99% RH [Suda and 

Petters, 2013]. 

Particle free clean air was used to atomize the solutions. The liquid feed to the atomizer 

was achieved through the use of syringe pumps at a flow rate of 30 µL/min. Particles were 

alternately drawn into the setup using one of two atomizers, one for the testing solution and 

one for reference 0.1% w/w (NH4)2SO4 solution. Generated particles were dried to relative 

humidity (RH) ~15% and charge equilibrated using four 210Po strips with a combined total 

activity of ~1 mCi before being passed to the first DMA. The first DMA was operated at a 

sheath to sample flow ratio of 27:1 Lpm and used to size select particles of nominal mobility 

diameter Ddry = 100 nm. The aerosol sample entering the second DMA was humidity controlled 

by passing sheath and sample air through a Nafion humidifier. Dry scans were run with second 

DMA at RH < 30% (25 ± 5%). Relative humidity was monitored by 3 RH sensors along the 

sample and sheath paths for the humidified DMA and at the atomizer exit. The residence time 

between the exit of the humidifier and the entrance of the DMA was calculated to be ~6 s. 

Relative humidity inside the second DMA was calculated based on the dewpoint temperatures 

of the humidified flows and the average temperature of the three thermistors mounted to the 

outside of the column. Thermoelectric heat exchangers mounted to the second DMA 
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minimized the standard deviation of the three temperatures to ±0.01 ºC evaluated over a 6 hr 

measurement period, permitting control of stable RH values up to 98%. The humidified size 

distribution was measured using the second DMA operated at sheath to sample flow ratio of 

9:1 Lpm. A condensation particle counter (CPC) (TSI Inc. model 3772) was used to measure 

the particle concentration. 

One major difference between the instrument operation here and that reported in Suda 

and Petters [2013] is the scanning strategy. Here the second DMA was operated in scanning 

mobility particle sizer mode [Wang and Flagan, 1990]. The duty cycle of a single size 

distribution scan was 30 s hold at 3000 V, and exponential downscan to 10 V over 180 s and a 

30 s flush. Procedures used to map the time-varying electric field to mobility diameter followed 

standard DMA theory [Knutson and Whitby, 1975; Wang and Flagan, 1990] and are described 

in further detail for our system in Nguyen et al. [2014]. The resulting humidified size 

distribution was fitted to find the mode diameter from which the growth factor was determined. 

A detailed description of the data reduction procedures, including example raw data, 

corrections due to diameter offsets between the two DMAs, offsets due to particle shape 

subsequent to drying, the scan-varying humidity, and the humidity calibration using reference 

aerosol are provided in the supporting information. 

 Modal dry (Ddry) and wet (D) diameters were used to define the growth factor: 

)* +, = ./.012. The hygroscopicity parameter is calculated following Petters and 

Kreidenweis [2007]: 

345 =
(789:;)(;:=>)

=>
   (2.1) 

 where water activity is ?@ = 0.01×+,(%)/ exp
I

J
; A = 2.1 nm and a constant temperature 

(298 K), water density, surface tension of water and, with no data to support otherwise, volume 

additivity are assumed [Petters and Kreidenweis, 2007]. 

Performance of the instrument was evaluated using glucose test particles. The derived 

κgf was within ±10% of bulk measurements [Miyajima et al., 1983; supporting information]. 

The equilibrium water content (X, mass of water over mass of dry solute) was also calculated 
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for comparison of our XG gf to various polymer gum mass gf from the literature. If volume 

additivity is assumed, the equilibrium water content can be translated from gf and is  

 

K =
LM

L
()*N − 1),   (2.2) 

where ρ is the density of XG and is ~1.61 ± 0.22 g cm-3 [supporting information; Assis et al., 

2010]. The value of ρ0 is for water and is 1 g cm-3. The relative uncertainty of the gf 

measurement and the measured density for XG were added in quadrature to give an uncertainty 

in X of 17%. 

2.2.3  Hygroscopicity parameter derived from CCN measurements 

 CCN concentrations were measured using a setup similar to that of Christensen and 

Petters [2012]. In brief, the system consists of a TSI long DMA column in scanning mobility 

mode with sample flow split to either a 1 Lpm TSI 3772 CPC or a 0.5 Lpm Droplet 

Measurement Technologies (DMT) continuous-flow streamwise thermal gradient CCN 

counter. Experiments were performed at four thermal gradients, ΔT = 4, 8, 12, and 16ºC. The 

corresponding supersaturations for these settings were obtained by determining the activation 

diameter of ammonium sulfate reference particles [Rose et al., 2008]. The underlying water 

activity vs. composition values for ammonium sulfate were determined from the Extended-

Aerosol Inorganic Model (E-AIM) [Clegg et al., 1998; Wexler and Clegg, 2002]. Further 

details on the calibration procedures are described in Christensen and Petters [2012]. The 

activated fraction was determined from the ratio of the activated to total particle concentration. 

Next the activated fraction was inverted to correct for multiply charged particles [Petters et 

al., 2009a] and fit with a sigmoidal model [Sullivan et al., 2009; Suda et al., 2012]. The 

activation diameter was taken as the point where 50% activation had occurred. The difference 

between the instrument operation here and that reported in Christensen and Petters [2012] was 

the dry diameter scanning strategy, which was changed from stepping to scanning mode 

[Petters and Petters, 2016]. The scan duty cycle was 5 s hold at 4000 V, followed by 180 s 

exponential downscan to 10 V, followed by a 20 s flush. Calibration data, inversion procedures, 

and example activation curves are provided in the supporting information. The hygroscopicity 
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parameter determined from measurements using this system is calculated following [Petters 

and Kreidenweis, 2007, 2013]: 

3PPQ =
RI9ST/U

9
(V)

WXJUYZ
9
V9 [Q\ ]Y

   (2.3) 

where Dact is the fitted activation diameter and Sc is the saturation ratio inside the instrument 

and A is a constant equal to ~ 8.7 × 10-6 K m3 J-1. All calculations determining kccn from Eq. 

2.3 were carried out using T = 298 K and surface tension of water, σ	  = 0.072 J m-2, to be 

consistent with the definition of Petters and Kreidenweis [2007]. More on the selection for the 

surface tension value can be found in the Discussion section as well as the supporting 

information. Measured kccn for glucose test particles typically fell within kccn ± 0.02 of the 

expected kccn, glucose = 0.16 suggesting that the precision of the scanning mobility CCN method 

was kccn ± 13%.  

2.2.4  Mixed particle hygroscopicity 

For multicomponent systems that satisfy the conditions of the Zdanovskii, Stokes, and 

Robinson (ZSR) assumption [Zdanovskii, 1948; Stokes and Robinson, 1966], the 

hygroscopicity parameter of the mixture, kmix, can be estimated from the pure component 3` 

[Petters and Kreidenweis, 2008] 

3a`b = c`3`, d``

d` = )*N − 1 e`/c`

, d` =
d`				d` < 1

1				d` ≥ 1

                   (2.4) 

where i denotes different components in the mixture, ei is volume fraction of solute, Ci is the 

solubility in water (v/v), and H(xi) is a function based on the solubility value (xi) of the ith 

component. Volume fractions are calculated from the mass fraction of each solute with 

measured density of XG and the densities for NaCl, CaCO3 and Ca(NO3)2. Densities were 

obtained from the CRC Handbook of Chemistry and Physics [Haynes, 2015] and are listed in 

Table 2.1. Note that Ca(NO3)2 tetrahydrate was used to dissolve in the bulk solution and its 

properties are listed in Table 2.1. However, current theory considers the pure components of 
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each constituent and so properties of the anhydrous Ca(NO3)2, also shown in Table 2.1, were 

used in all calculations.  

 We calculate kmix for conditions both below (kmix, sol(insol) where sol(insol) is soluble or 

insoluble) and above (kmix, ccn) water saturation. To compare kmix, ccn to the hygroscopicity 

parameter derived from CCN measurements (i.e. conditions at or above water saturation), Eq. 

2.4 is used with the measured value of kccn for XG and pure component hygroscopicity derived 

using Raoult’s law (kR; calculated from density and molecular weight) [Petters et al., 2009b] 

for NaCl, CaCO3 and Ca(NO3)2. The value of H(xi) is set to 1 for all kmix, ccn calculations under 

these conditions. The kmix, ccn values for different mixtures and kR values for different salts are 

summarized in Table 2.2. 

 Additionally, to compare kmix, sol(insol) to the hygroscopicity parameter derived from gf 

measurements (i.e. conditions below water saturation), Eq. 2.4 is applied under the condition 

of xi < 1, when all the components may not be fully dissolved. This could be particularly 

necessary for CaCO3, which may exceed its solubility limit at low aw resulting in insoluble 

precipitates within the aerosol particle. The k value for XG at different water activities is 

parameterized by fitting a 2nd order polynomial to the measurements within a 95% confidence 

interval (CI) of 0.05 ≤ kgf ≤ 0.12.  Water activities for NaCl and Ca(NO3)2 solutions are 

calculated for different mass fractions of water by the web-based version of the AIOMFAC 

model [Zuend et al., 2008, 2011; http://www.aiomfac.caltech.edu] and then converted to k 

using pure component density; which is summarized in the supporting information. The k 

value for CaCO3 was set to kR = 0.97 since AIOMFAC solutions for aw are not available for 

CaCO3. Figure S2.7 in supporting information shows the calculated solubility for each mixture. 

2.3 Results 

Figure 2.2 and Table 2.2 summarize our experimentally measured (by HTDMA and 

CCN methods) and theoretically derived hygroscopicity parameters for all solutions. Observed 

activation diameters for pure XG particles at 0.46% < ss < 0.91% varied from 89 to 53 nm, 

respectively. The average “dry” RH during size selection in the second DMA was 26.4% and 

31.6% for each of the pure XG experiments and the highest RH accessed experimentally was 



 

 21 

98.3% and 95.9%, respectively [supporting information]. Growth factors for ~98 nm pure XG 

particles were ~1.2 at aw ~0.9, corresponding to kgf = 0.09 at aw = 0.9. The observed gf for XG 

ranged between 1.05 at RH ~ 65% to gf = 1.5 at RH = 98%. Figure 2.2 and Table 2.2 further 

show that the CCN activity of the pure XG-water system was well represented by κccn = 

0.1±0.01, just slightly larger than κgf. The standard deviation of κccn was ±0.01 (n = 9), which 

is within the κccn ±13% precision of the measurement. Overall, measured growth factors and 

κgf and κccn for XG were within the range 0 < k < 0.3 that has been observed for a number of 

organic species [Petters et al., 2009b; Suda et al., 2014], including fresh and aged lab-

generated secondary organic aerosol [Virkkula et al., 1999; Baltensperger et al., 2005; Prenni 

et al., 2007; Massoli et al., 2010]. Pure XG particles thus exhibit activation behavior similar 

to other organic compounds, e.g. secondary organic aerosol (SOA) from Prenni et al. [2007] 

and norpinic acid at ss = 0.3% from Raymond and Pandis [2002]. 

The addition of small amounts of salt, on the other hand, generally increased k relative 

to pure XG, although k remained lower than that for the pure salt. Table 2.2 and Fig. 2.2f show 

that adding 5% of NaCl (dry mass fraction) increased the observed κgf by ~33% (0.12 at aw = 

0.9) and κccn by ~ 60% (0.16 ± 0.01) with respect to pure XG. Addition of Ca(NO3)2 did not 

inhibit water uptake at aw > 0.67 and overall compared well to the κgf values of XG–NaCl 

mixtures (see Table 2.2 and Fig. 2.2g). However, Table 2.2 and Fig. 2.2h show that addition 

of CaCO3 had a strong effect on the observed gf of XG particles. Figure 2.2h shows that at aw 

> 0.9, measured κgf approached the pure XG value of 0.1, while at aw < 0.8 there was a 

substantial inhibition of water uptake compared with pure XG, with κgf approaching zero 

(expected for insoluble material).  

Figures 2f - 2h also shows the comparison of kgf of the mixed systems to kmix, sol(insol) 

considering salt solubility limits (soluble(insoluble) for upper(lower) dashed green lines). The 

calculated kmix, sol value for the mixture of XG with NaCl agrees closely (6% ± 5%) with the 

measurements at aw > 0.85 (Fig. 2.2f).  However, deviation greater than the 10% measurement 

uncertainty between observed and calculated k values can be seen for aw < 0.85.  Figure 2.2g 

shows that the observed k for XG and Ca(NO3)2 mixtures is far from the ZSR calculated kmix, 
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sol (but perhaps approaching the limit of insoluble salt (kmix, insol) near aw = 0.6) and the two 

values never reach agreement within the 10% measurement uncertainty. For the mixtures of 

XG with CaCO3, kmix was calculated by i) using measured solubility (kmix, insol labeled as 

“insoluble” since xi ~ 0) and ii) with solubility prescribed as unity (kmix, sol, lines not labeled 

are for H(xi) = 1). Figure 2.2h shows that kmix, sol is closer to kgf when measured solubility is 

used in ZSR calculations at aw > 0.9. Expectedly, there is little difference from parameterized 

XG in Fig. 2.2e compared with kmix, insol assuming insoluble salts in Figs. 2.2f – 2.2g and kmix, 

insol with calculated solubility for CaCO3 in Fig. 2.2h. This is explained by the minor reduction 

of kmix, insol by the addition of small volume fractions of salt (Table 2.1).  

Two main processes believed to play a role in the discrepancy between observed 

growth factor and ZSR calculated kmix, sol values are discussed next. First, the presence of 

insoluble material in aerosols cannot be ignored. Here we note, that according to Fig. 2.2, it is 

clear that the assumption of complete solubility for CaCO3 does not hold at all measured aw. 

Our analysis based on observed gf, solute volume fraction and solubility in water (see Eq. 2.4 

and Fig. S2.7) indicates the presence of insoluble components at the water content 

corresponding to conditions during hygroscopic growth and the critical wet diameter at CCN 

activation (see Table 2.2 footnotes). Second, the formation of physical cross-links between XG 

chains and salt cations is not accounted for by the thermodynamics of the ZSR mixing rules. 

Mainly, cross-linking between XG chains and salts violates the ZSR assumption that solute-

solute interactions are negligible. It has been shown that Ca2+ and Na+ can bond with the 

polymer chains [Ohmine and Tanaka, 1982; Verdugo, 2012]. Then, depending on the resulting 

physical state, this bonding could contribute to deviation from the ZSR mixing rules as 

observed in the organic/inorganic mixtures by Zardini and Sjogren [2008]. We prepared 

solutions such that the number of cations were approximately equimolar to the coordination 

sites on the XG chain (Fig. S2.1 and Text S2.1.2 in supporting information). If each cation is 

fully bonded this would reduce the effective number of cations for the water to solvate, and 

thereby negate the influence of salt on increasing k. Since the addition is approximately 

equimolar, a lower first order estimate of the effect on k would be the assumption that salt is 
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effectively insoluble (see Fig. 2.2). These pathways (insolubility and solute-solute interactions 

from cross-linking) for deviation from ZSR are not mutually independent and could operate 

synchronously. 

In the context of our measurements, for XG with NaCl (Fig. 2.2f) and XG with 

Ca(NO3)2 (Fig. 2.2g), the observed kgf exceeds this lower limit suggesting that the cations are 

not fully bonded and/or that the anions contribute to the hygroscopicity. A complete treatment 

of the problem will require accounting for the equilibrium between bound and un-bound Na+ 

ions in solution. For XG with CaCO3, the observed kgf is below the insoluble prediction, 

suggesting insoluble components. From our results follow two important distinctions. First, 

kccn (i.e. hygroscopicity from CCN activation methods) will overestimate water uptake at sub-

saturated conditions (kgf) for these XG-salt complexes. Second, ZSR mixing rules (kmix, sol) for 

determining the hygroscopicity of XG-salt complexes at lower water content do not fully 

explain the observations here, especially those at aw < 0.9. 

2.4 Discussion 

 The following paragraphs discuss kinetic limitations, surface tension uncertainty and 

physical interactions between XG molecules and different salts added to the system. 

Furthermore, results are presented in the framework of atmospheric and climatic relevance. 

2.4.1 Salt effects on particle microstructure 

Figures 2.2f – 2.2h and Table 2.2 show that closure (defined as agreement within ±10% 

measurement uncertainty) between kccn and kmix, ccn was achieved for solutions that did not 

contain insoluble material. Closure between κgf (for aw ≥ 0.9) and κccn was also achieved for 

pure XG particles, but not for the XG-salt mixed solutions. Closure between kgf and kmix, sol 

was not achieved for any of the XG-salt mixed solutions at aw < 0.9. The behavior of kgf and 

kccn, relative to kmix, sol at different aw values and kmix, ccn at aw ~ 1, can perhaps be attributed to 

different hydration regimes of pure XG and XG-salt particles. Water-polymer mixtures exhibit 

distinct regimes in structure and properties that vary with the water content, ambient 

temperature and presence of salts in solution [Yoshida et al., 1992; Dobrynin et al., 1995; Wyatt 

and Liberatore, 2009]. These regimes along with the entanglement behavior of the polymer 
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gel structure are schematically shown in Fig. 2.3 for an initially dry, 89 nm XG particle and 

will be used to interpret the observed differences between kgf and kccn. 

Upon contact of dry polymers with water molecules, polar hydrophilic groups are the 

first to be hydrated which leads to the formation of non-freezing or freezing bound water in 

highly concentrated solutions [Yoshida et al., 1992, 1998; Hatakeyama et al., 2012; Tanaka et 

al., 2013]. As the network swells, hydrophobic groups also capable of interacting with water 

molecules become exposed. In this concentrated regime, polymer chains remain entangled and 

rigid [Wyatt and Liberatore, 2009]. Under such conditions, water associated with the hydrogel 

exhibits physical properties different from that of free water. For example, this water could 

remain in the liquid state even at temperatures as low as -60°C [Yoshida et al., 1992; 

Hatakeyama et al., 2012; Tanaka et al., 2013]. Further hydration (~0.5 g water/g XG) will 

move the system to the semi-dilute regime [Yoshida et al., 1992]. Based on the polymer type 

and concentration, polymer chains can be entangled in the semi-dilute regime where water 

interacts weakly with the polymer chains [Wisniewski and Kim, 1980; Tanaka et al., 2013] or 

disentangled in an elastic, liquid-like state with disordered conformation that can be physically 

described as a broken or imperfect helix [Wyatt and Liberatore, 2009]. Although the exact 

point of transition for XG is not well known, the approximate boundary for the change from 

an entangled to disentangled state is expected to occur at a polymer concentration of ~2000 

ppm (500 g water/g XG) [Wyatt and Liberatore, 2009].  The additional absorbed water at 

concentrations < 70 ppm (~1.4 × 104 g water/g XG) is assumed to fill the space between the 

network chains, and/or the center of larger pores, macropores, or voids and behave as ‘free 

water’ or ‘bulk water’ [Gulrez et al., 2011]. 

While the exact mechanism for measured differences between kgf, kmix, sol and kccn for 

XG hydrogels cannot be ascertained based on this study, we believe it is associated with the 

differences in the structure of the polymer networks due to water properties at different 

polymer concentrations. The schematic in Fig. 2.3 shows that the hygroscopicity 

measurements for this study cover the range from the concentrated to the semi-dilute regime. 

Hygroscopicity measurements using the CCN technique are carried out towards the more dilute 

regions where polymer macromolecules are more separated from each other.  Hygroscopicity 
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measurements using the growth factor technique are primarily in a concentrated region where 

the cross-links between the entangled polymer chains are strong, especially in the presence of 

salt ions. This is further supported by the measured differences between kgf, kmix, sol and kccn 

for the pure XG + salt solutions which showed pronounced deviation from the ZSR mixing 

rule at low aw, an indication that the ZSR assumption of no interaction between mixture 

components for high molecular weight polymer + salt particles may break [Zdanovskii, 1948; 

Stokes and Robinson, 1966; Zardini and Sjogren, 2008].  

The presence of salt ions at the concentrations typically found in seawater can affect 

cross-links between XG hydrogel macromolecules, influence their rheological properties 

[Wyatt and Liberatore, 2009], and by association their hygroscopicity. Monovalent salt cations 

like Na+ and K+ cause stabilization of xanthan chains in the helical conformation causing 

entanglement of the polymer chain structure compared to the extended highly disordered salt-

free case [Wyatt and Liberatore, 2009]. Addition of NaCl to the XG-water system shifts the 

transition between concentrated and dilute regimes to higher solute concentrations (i.e., lower 

water contents) [Wyatt and Liberatore, 2009]. Figure 2.2f shows that, as expected, the presence 

of NaCl increases κgf at all water activity values compared to pure XG, but is still less 

hygroscopic than the prediction from ZSR mixing (green line in Fig. 2.2f). Compared to a salt 

free solution, measured values of kccn are higher and, according to Table 2.2, well represented 

by the ZSR mixing rule.  

Divalent cations such as Ca2+ and Mg2+ tend to also affect physical cross-linking of the 

XG chain. However, unlike monovalent salt ions, Ca2+ ions can initiate crystallization and 

precipitation of gel-Ca complexes, particularly under alkaline conditions [Chin et al., 1998; 

Verdugo, 2012]. For water activity > 0.9 both the XG-CaCO3 (see Fig. 2.2f) and the XG-

Ca(NO3)2 (see Fig. 2.2g) solutions show kgf values larger than that of the pure XG-water 

system.  However, Fig. 2.2h reveals suppression of kgf at water activity < 0.9, possibly due to 

precipitation of XG-Ca2+ complexes. Interestingly, there is close agreement between κccn and 

κmix, ccn when we assume full solubility for the CaCO3 solution, and for the semi-dilute regime 

(i.e. aw > 0.9) the hygroscopicity of XG-Ca2+ mixtures approaches kmix, ccn (see Table 2.2 and 

Fig. 2.2). A possible explanation could be that XG-Ca2+ bonds prevent crystallization of the 
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salt resulting in enhanced dissolution which allows the system to fully express the prediction 

for kmix, ccn.  Overall, results of our study suggest that there can be large differences between 

measured kgf and kccn and ZSR calculated κmix, sol values for hydrogels, especially in the 

presence of divalent salts. Future studies should be conducted to explore detailed mechanisms 

for the water uptake by hydrogels under different conditions characteristic of ambient aerosols.  

2.4.2  Kinetic limitations 

The modeled characteristic timescale for 100 nm dry particles to equilibrate with the 

water vapor field for a step change in RH is < 200 ms [Snider and Petters, 2008], much smaller 

than the 6 s transit time between the exit of the humidification region and the entrance of the 

second DMA or the ~30 s in the CCN column.  However, kinetic limitations for droplet growth 

have been hypothesized for organics [Chuang et al., 1997] and observed for a mixture of 

ammonium sulfate and humic acid sodium salt at RH = 85% on time scales exceeding 10 s 

[Sjogren et al., 2007]. When equilibration was allowed for residence timescales between 4 and 

40 s, Sjogren et al. [2007] reported a gf change from 1.12 to 1.16. The characteristic mixing 

time scale between the particle and the vapor depends on the particle diameter, diffusivity, and 

viscosity [Zhang et al., 2015]. To our knowledge there are no reported values for an 

equilibration timescale of water soluble macromolecules in the context of HTDMA 

measurements. However, equilibration timescales for a particle of a given diameter can be 

derived if the viscosity of a particle is known (Eq. 2.4 in Zhang et al. [2015]). Wyatt and 

Liberatore [2009] and Renbaum-Wolff et al. [2013] have reported values for viscosity of pure 

XG and secondary organic material, respectively. The highest concentration measured in 

[Wyatt and Liberatore, 2009] corresponded to a water content of ~165 g water/g XG and a 

viscosity of 6000 Pa s leading to a mixing time scale on the order of 1 s. However, our 

measurements were made for much lower water content and so we expect viscosity and mixing 

time to increase above this value. Extrapolating the measurements from Wyatt and Liberatore 

[2009] (using a constant log-log slope of 3.75) to our measured value of 0.27 g water/g XG 

(for the gf measurements at RH = 80%) yields a viscosity on the order of 1013 Pa s and mixing 

time of 1011 s for 100 nm particles which is characteristic of a glassy, solid-like phase 

[Renbaum-Wolff et al., 2013]. Although we cannot directly evaluate the role of kinetic 
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limitations for equilibration time in our measurements, the above discussion suggests that 

viscosity might have caused deviation from equilibrium, especially at lower water activity. 

Figure 2.4 compares the observed water content from HTDMA results to equilibrium sorption 

isotherm data from Basu et al. [2007] and Torres et al. [2012]. Figure 2.4 emphasizes two 

points. First, our XG results are within the range of equilibrium water content for various gums, 

thus providing some context on the role of uncertainties due to kinetic limitations on expected 

growth for similar polysaccharides. Second, the water contents of these hydrogels appear 

predictable and, comparing the XG results that indicate a k ~0.1, are not unusually large 

compared with other aerosols, even organics. The difference between our results and those 

shown in Fig. 2.4 could also be attributed to the measurement uncertainties in XG density. 

Until XG density is better quantified, the shown error boundaries of ±17% are most likely a 

conservative estimate. Nonetheless, comparison of our results with equilibrated XG water 

contents from Basu et al. [2007] and Torres et al. [2012] suggests that kinetic limitations for 

the diffusion of water vapor into pure XG particles did not play a substantial role during our 

experiment. 

2.4.3  Surface tension 

Organic components can lower the surface tension of the particle at the solution/air 

interface. Lee et al. [2012] measured the surface tension of XG for various concentrations. 

Measurements from Lee et al. [2012] and references therein, yield a lower limit for XG surface 

tension equal to 0.042 J m-2  at concentrations ≥ 1% v/v [supporting information]. Based on 

the observed kgf, we estimate that CCN activation for sizes and supersaturations encountered 

in this study proceeds at ~2% v/v. Based on bulk data one would expect that the surface tension 

is 0.042 J m-2 or less, which is significantly lower than the value of pure water. However, 

estimates of the effect of reduced surface tension on CCN activity are inconsistent with those 

obtained from bulk surface tension measurements and classical Köhler theory [Sorjamaa et 

al., 2004; Petters and Kreidenweis, 2013; Petters and Petters, 2016]. At the molecular level 

surfactants migrate to the water/air interface, which sets up a radial concentration gradient 

within the aqueous droplet. Conceptually, the drop can be envisioned as a two-phase solution 

comprising a surface phase and bulk phase. Calculating the effect of surfactants on water 
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uptake and CCN activity requires accurate prediction of the solute concentration in both 

phases. While thermodynamic models including this effect have yielded broad agreement with 

observations [Sorjamaa et al., 2004; Petters and Kreidenweis, 2013], full closure between 

observed bulk surface tension and observed kccn is not always achieved using these models, 

even for particles composed of well characterized water soluble surfactants [Petters and 

Petters, 2016]. One fundamental limitation in validating the thermodynamic models is the 

inability to experimentally confirm the solute concentration in the surface and bulk phase, as 

well as measurement of the actual surface tension in the microscopic droplet.  

For XG aerosol, modeling of the composition of the surface and bulk phase is further 

complicated by two effects. Petters and Kreidenweis [2013] suggested that kinetic limitations 

may prevent the formation of the surface phase at the time scale of CCN experiments. High 

viscosity of XG solutions may limit the free exchange of molecules between the bulk and 

surface phase. It is therefore possible that viscosity prevents the formation of the radial 

surfactant gradient inside the droplet. Second, estimates of solute activity in basic partitioning 

theory are based on Raoult’s law, e.g. the formulation of Petters and Kreidenweis [2013] based 

on the analytical approximation of Raatikainen and Laaksonen [2011]. However, as discussed 

above, Raoult’s law breaks down for macromolecules, essentially predicting zero activity for 

MW ~ 107 g mol-1 [Petters et al., 2006]. Therefore, the standard approach would need revision 

to become applicable for XG aerosol. Unresolved questions about the accuracy of the existing 

theoretical frameworks [Petters and Petters, 2016], together with the added uncertainty of the 

roles of viscosity and applicability of Raoult’s law, will require additional studies before the 

effect of surface tension on the observed kccn for XG particles can be determined. 

2.4.4  Atmospheric implications 

 The XG-salt particles used in this study were selected to mimic the composition and 

size of sub-micron sea spray aerosols produced through bursting bubbles from ocean breaking 

waves. Our results show that pure organic aerosols produced from XG should activate at ~257 

nm and ~87 nm dry diameter in shallow marine clouds at ss of 0.1 and 0.5%, respectively (see 

Fig. 2.5).  Considering that the hygroscopicity parameter reflects a particle’s chemical 

composition and is theoretically size independent, results of our study suggest that addition of 
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marine hydrogels (which are less hygroscopic than sea-salt) should lower CCN activity of sea 

spray particles. This result is consistent with both a water tank experiment performed in natural 

seawater using three different particle generation techniques (i.e., sintered glass filters, a 

pulsed-plunging waterfall, and continuous wave breaking) [Prather et al., 2013] and for 

laboratory produced marine aerosol using a plunging-water jet system of organically-enriched 

seawater [Fuentes et al., 2010]. Ovadnevaite et al. [2011] observed CCN activation efficiency 

between 83% (at ss = 0.25%) and 100% (at ss > 0.75%) for predominately hydrophobic (gf = 

1.25 at 90% RH, kgf = 0.12 for 100 nm dry particles) ambient marine aerosol with enrichment 

of 60-70% primary organic matter.  

 Figure 2.5 shows different activation diameters calculated from kmix, ccn for different 

mass fractions of XG and NaCl. The steepest slopes for activation diameter versus mass 

fraction curves occur at low ss and mass fraction (mf) of NaCl. For example, compared to pure 

XG particles, addition of 30% NaCl at 0.1% ss lowers the activation diameter by ~100 nm. 

Continued increase in NaCl from mf = 0.3 to mf = 0.7 (or viewed as a decrease in organic 

content from mf = 0.7 to mf = 0.3) only lowers the activation diameter by another ~10 nm. The 

larger reduction of activation diameter when small amounts of salts are added to the system 

(and conversely, the relative insensitivity of the addition of small amounts of organics to 

predominantly salt particles) can have important implications for CCN properties of sub-

micron sea spray aerosol enriched in marine organic matter. Organic mass fraction can be up 

to 90% for sub-200 nm (aerodynamic diameter) sized sea spray aerosols [O’Dowd et al., 2008; 

Russell et al., 2010; Ovadnevaite et al., 2011; Prather et al., 2013]. According to Fig. 2.5, 

activation of aerosol mimics of sea spray enriched in marine organics for sizes that are 

climatically relevant (50 to 150 nm dry diameter) is very sensitive to sodium content (fully 

detailed ss versus dry diameter plot with overlaid k for varying mf of NaCl can be found on 

Fig. S2.6 in the supporting information). Taking activation diameter reported in Fig. 2.5 and 

assuming that components are added volumetrically, the “equivalent” diameter of NaCl for a 

XG-NaCl particle with mf = 0.3 is 90 nm at ss = 0.1% and 31 nm at ss = 0.5%. These sizes 

translate to an equivalent mass of 8×10-22 g and 3×10-23 g at the respective ss. Therefore, 

detection of single particle salt contents in the range of 10-23 to 10-22 g is crucial for an accurate 
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assessment of marine organic matter-enriched sea spray aerosol activation properties for the 

conditions of the marine environment. 

 A wave tank experiment of Collins et al. [2013] reported 86 ± 5% reduction in CCN-

derived hygroscopicity of freshly emitted sea spray aerosol following an increase in 

heterotrophic bacteria in seawater. Despite very little change in organic mass fraction (less than 

15% increase throughout the experiment), a link between increased number of submicron 

insoluble organic matter and the lowering of hygroscopicity based on aerosol CCN activity was 

reported [Collins et al., 2013; Prather et al., 2013]. The results presented in this work further 

the discussion about the interaction of water-soluble polymer-salt complexes and sea salt both 

at sub- and super-saturated conditions.  

 2.5 Conclusions 

 In this study we have quantified hygroscopic properties of particles containing pure 

XG and XG mixed with NaCl, CaCO3, and Ca(NO3)2.  Results suggest good agreement 

between CCN derived (kccn) and ZSR calculated kmix values. This result shows that 

hygroscopicity of marine hydrogels and its different mixtures can be predicted with known 

volume fractions of the solutes in supersaturated conditions. Our measurements also show that 

κgf derived at water activity (aw) > 0.9 and kccn agree within experimental error (±10%) only 

for pure XG particles, but not for the XG-salt mixed solutions. The addition of small amounts 

of Ca2+ and Na+ salts generally increased k relative to pure XG with the exception of CaCO3 

which showed a strong decrease of k at low water activity. Additionally our measurements 

show that closure between growth-factor derived (kgf) and ZSR k was not achieved for any of 

the XG-salt mixed solutions at aw < 0.9 and was often larger than ±10%. These measurement 

differences were suggested to be a result of different regimes found during the hydration of 

pure XG and XG-salt particles, among other uncertainties surrounding viscosity and surface 

tension of the solution to air interface. This study showed that, across a wide range of water 

activity, hygroscopicity of XG-salt particles is complex and is not currently well explained by 

the ZSR volume mixing rules at sub-saturated conditions, especially at aw < 0.9. Future studies 

should be conducted to fully examine hydration behavior, morphology and viscous properties 
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of XG (and hydrogels in general) under a variety of environmental conditions (e.g. 

temperature, RH and acidity) and presence of salt ions at different concentrations. 

This study also examined the effect of small amounts of salt mass on CCN activity of 

aerosols. Our calculations indicated that for supersaturations ranging from 0.1 to 0.5%, the 

addition of 30% NaCl by mass can decrease dry activation diameter of primary marine organic 

aerosols from 256 to 155 nm and from 87 to 53 nm, respectively. These dry diameter ranges 

have been shown to be climatically relevant sizes for emitted sea spray particles [de Leeuw et 

al., 2011]. Converting these size ranges to mass thus implies that sea-salt amounts as low as 

10-23 g per particle can play an important role in the conditions under which aerosols activate 

as CCN. Therefore, future studies should pay particular attention to the detection of salt 

contents at these low concentrations.  
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Table 2.1 Properties of chemicals used (MW: Molecular weight, ρ: density, α: molar volume, 

C: solubility in water, ε: volume fraction of solute “i” to total solute 
Compound Formula MW 

[kg mol-1] 
ρ 

[g cm-3] 
α 

[m3 mol-1] 
C 

[v/v] 
ε 

[v/v] 

XGa (C35H49O29)n 103 to 104 1.61 ± 0.22 1 to 10 soluble 1 

Sodium 
Chlorideb NaCl 0.058 2.17 2.67e-5 0.17 0.04 

Calcium 
carbonateb CaCO3 0.100 2.71 3.69e-5 4.80e-6 c 0.06 

Calcium 
nitrate 

Ca(NO3)2 + 4H2O 0.236 1.82 1.30e-4 0.77d 0.18 

Ca(NO3)2 0.164 2.50e 6.56e-5 0.58d,e 0.14e 
a Xanthan gum has a molecular weight distribution depending on the association between 
chains and the degree of aggregation, which is in part controlled by the fermentation conditions 
[García-Ochoa et al., 2000]. The density of XG is unknown. Dextrans and pullulan, which 
have chemically similar polysaccharides, have densities ranging between 1.4 and 2.0 g cm-3 
[Eckelt et al., 2008]. In this work, we measured ρ = 1.61 g cm-3 [supporting information] and 
assume α = 5 m3 mol-1 for calculations that explicitly depend on either ρ or α 
b Properties taken from Haynes [2015], CRC Handbook of Chemistry and Physics. 
c Taken from Aylward and Findlay [1999], SI Chemical Data Book 4th edition. 
d Taken from Sullivan et al. [2009] 
e Used in calculations for mixed hygroscopicity
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 Table 2.2 Results from gf and CCN experiments (ms: mass of solute (XG + salt) dissolved 

in 100 mL H2O, ss: supersaturation, Dact: diameter where 50% of the particles activated, κgf	: 

hygroscopicity parameter for aw = 0.9 derived from growth factor measurements via Eq. 2.1 

with reported ±1 standard deviation (n=number of samples), κmix, sol(insol): ZSR calculated 

mixed hygroscopicity for aw = 0.9 with considered solubility,  κccn: hygroscopicity parameter 

derived via Eq. 2.3 with reported ±1 standard deviation (n=number of samples), áκccn ± 1sñ:	

mean of	κccn with the mean of the standard deviation for the prepared solutions,	κmix,ccn: ZSR 

calculated mixed hygroscopicity for unit solubility and CCN measurements, κR : intrinsic 

hygroscopicity parameter for select salts  

 
a intrinsic for CaCO3 and Ca(NO3)2 from Sullivan et al. [2009]  
b intrinsic for Ca(NO3)2 and NaCl from Petters and Kreidenweis [2007] 
c Not available for organic polymers of unknown molecular weight and density 
d If solubility is taken into account, this value reduces to 0.09 with H(xi) = 0.01 
e The density for Ca(NO3)2 used in this calculation is ρ = 2.5 g cm-3 
f The parameterized value for XG at aw = 0.9

κ
κ
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Figure 2.1 Schematic of the HTDMA setup. 



 

 44 

 
Figure 2.2 Growth factors (top) and hygroscopicity parameters (bottom) for the test 

solutions: (a, e) pure XG, (b, f) XG with NaCl, (c, g) XG with Ca(NO3)2 and (d, h) XG with 

CaCO3. Two shades indicate experiments of the same composition solution repeated on 

different days (but no more than 10 days apart) and the light (dark) blue symbols on 

hygroscopicity plots show κccn (κmix, ccn) with corresponding ±1 standard deviation. The solid 

green line on panel (e) is a 2nd order fit of the XG data and used to compute kmix (dashed 

lines) for panels (f) – (h) considering H(xi) as in Eq. 2.4 (note panel (f) was fully soluble). 

The lower dashed green line is kmix, insol assuming fully insoluble salts. Panels (f) and (g) use 

the AIOMFAC model for computing hygroscopicity of NaCl and Ca(NO3)2 for different aw 

and panel (h) uses the intrinsic κ for CaCO3 for calculating the upper dashed green line for 

H(xi)=1; these we refer to as kmix, sol. The 95% CI in the second order fit including 10% 

measurement uncertainty is [0.05, 0.12]. The vertical green line on panel (g) is the 

AIOMFAC model result where kmix, sol turns upwards at high water activity approaching κccn. 

This does not happen for NaCl and CaCO3 uses Raoult kappa instead of AIOMFAC 

calculated, so the trend follows the XG parameterization in Fig. 2.2e.”  



 

 45 

 

Figure 2.3 Regimes of behavior for the XG-water system as a function of water content (and 

water activity on the upper x axis). On the y axis, the water content is translated 

approximately into the hydrated diameter (neglecting the Kelvin effect) of an initially-dry, 89 

nm particle, assuming volumetric additivity of water and polymer and is shown by the black 

line using Eq. 2.3 (growth factor is also shown for reference). Surface tension for the XG-

water system was assumed to be that of pure water. The XG concentrations (c) and 

corresponding water contents for dilute, semi-dilute, concentrated, entangled and 

disentangled ranges were taken from Yoshida et al. [1992] and Wyatt and Liberatore [2009]. 

Growth factor and CCN (for Dact = 89 nm, ss = 0.46%) data for pure XG are overlaid as 

black outlined circles and a blue square, respectively.  
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Figure 2.4 Pure XG equilibrium water content (translated from gf as in Eq. 2.2) along with 

other organics observed by Torres et al. [2012] for 20 ºC (colored points) and Basu et al. 

[2007] (black diamonds) for 30 ºC. Open circles show XG data from Fig. 2.2a, but binned in 

0.05 aw intervals. The vertical bars indicate ±1 standard deviation within our binned data. The 

dashed black lines show ±17% uncertainty (added in quadrature) which considers both the 

±10% uncertainty in the measurement as well as the ±0.22 g cm-3 standard deviation in the 

XG density used. 
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Figure 2.5 CCN activation diameter for XG-NaCl particles with a solute mass fraction of 

NaCl from 0 to 100% for two different values of ss typical for the marine environment (see 

text for references). 
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Supporting Information for Chapter 2 
 
S2.1 Introduction  

These supporting materials contain additional information on calibration and analysis 

methods for the techniques used in this study. Data files are also available for the raw data that 

contain measured relative humidity and diameter for multiple HTDMA scans on each solution 

presented in the manuscript.  CCN data files are also provided and they contain scan number, 

instrument temperature gradient and activation diameter for the test solutions as well as pure 

ammonium sulfate. The data files are publicly available for download as part of the supporting 

information from the link to the full citation and are not explicitly included here. 

S2.1.1 Structure of Xanthan Gum 

Xanthan gum (XG) consists of repeating pentasaccharide units formed by D-glucose, 

D-mannose, and D-glucuronic acid (complete structure shown in Fig. S2.1). The glucoses are 

linked to form a b-1,4-D-glucan cellulosic backbone, and alternate glucoses have a short 

branch consisting of a glucuronic acid sandwiched between two mannose units. The side chain 

consists therefore of b-D-mannose-(1,4)-b-D-glucuronic acid-(1,2)-a-D-mannose. The 

terminal mannose moiety may carry pyruvate residues linked to the 4- and 6-positions [Jansson 

et al., 1975; Born et al., 2005; Sworn, 2009]. The presence of acetic and pyruvic acids produces 

an anionic polysaccharide type that is hydrophilic. The monomer has a composition C35H49O29 

and molecular weight ~933 Da; the values reported in the literature for polymer chain 

molecular weight vary usually between 106 -107 Da [García-Ochoa et al., 2000]. As the XG 

hydrogel forms via physical linking and entanglement of its polymer chains, the network 

structure is not permanent and allows weakly crosslinked entities to continuously fragment, 

collide, assemble and disperse [Tanaka and Edwards, 1992; Verdugo et al., 2004]. 

S2.1.2 Solution Preparation 

 We originally prepared our mixtures to result in complete uptake of the cations in solution 

and/or being within the solubility limits of the salt. Sodium chloride with XG was the only 

exception for non-equimolar cation to monomer ratio. The amount of salt (5% NaCl by mass) 

in this case was chosen to be 1) near the value of average salinity in the ocean (standard 
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seawater salinity = 3.5%) and 2) to easily compute the ZSR hygroscopicity for closure between 

model and measured k values. That being said, the amount of Na+ that was in solution turned 

out to suggest (albeit fortuitously) full bonding with the XG in solution. Both calcium salts 

used, however, were ensured to be in equimolar amounts of cation to monomer and within or 

near the individual solubility limits of the salts. Table S2.1 shows calculated molar ratios (nr) 

of cation to XG monomer along with the listed solubility (C) in g/100 mL (multiplied by salt 

density from the manuscript Table 2.1).  

 We assumed there are approximately 8,600 monomers per mole of XG (8×106 g XG / 933 

g XG per monomer). Then the moles of XG were calculated from the mass dissolved in 100 

mL water (see Table 2.2) and an assumed molecular weight of XG of 8×106 g/mol. The moles 

of cation were converted based on the mass dissolved in 100 mL water (see Table 2.2) and the 

properties listed in Table 2.1. From Table S2.1, the cations left in solution were either at, or 

well within their respective solubility limits. 

S2.2 Measuring XG Density 

The density of XG is not well known and is difficult to measure since the gum is highly 

viscous at low water mass fractions. Nonetheless, in order to estimate the density of our XG, 

we measured the bulk density of the solution at varying %w/w (0.1, 0.05, 0.025, 0.01, 0 g XG/ 

g water). The solutions were dissolved at room temperature then poured into a calibrated 25 

mL volumetric flask and the mass of solution was the difference between the total mass 

(solution + flask) and the mass of the dry, empty flask (21.620 g). The data were then converted 

to specific volume and mass fraction of water. The equation, assuming volume additivity, for 

specific volume is 

v = xwvw + (1− xw )vs  ,              (S2.1) 

where xw is the mass fraction of water, vw is the specific volume of water (1 cm3 g-1) and vs is 

the specific volume of XG. The data were fit with a least squares linear model to provide an 

estimate for v(xw). The specific volume of XG is retrieved when v = vs at xw = 0. The density 

of XG was measured to be 1.61±0.22 g cm-3 (vs = 0.622±0.087).  The standard deviation in the 

density was calculated by performing a bootstrapping of the least squares fit. The true XG 
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density was taken as the inverse of the y intercept for the fit through all the data points. Our 

measured value agrees within literature results reported by Assis et al. [2010] who provided a 

density parameterization for XG based on temperature, pH and mass fraction of solute. Using 

their parameterization, we retrieved the density of XG to be 1.65±0.33 g cm-3 at a temperature 

of 298 K, solute mass fraction of 1 and for 3.0 ≤ pH ≤ 9.0. Some supply companies (e.g. 

GuideChem) also report XG density to be 1.5 g cm-3 which is also within our expected range. 

For this study we use our measured value of 1.61 g cm-3. Measuring XG density at higher 

concentrations than 0.1 %w/w becomes exceptionally challenging due to the highly viscous 

nature of the polymer. Air bubbles trapped in the solution matrix can cause measurements to 

be biased to lower densities at these concentrations, thus the data are constrained to dilute 

conditions. As a result, it is possible that the assumption of volume additivity may not hold 

and could provide additional uncertainty on this value. 

S2.3 CCN Measurements 

CCN concentrations were measured using a setup that was similar to the one used in 

Christensen and Petters [2012]. In brief, particles were atomized, dried, charge equilibrated, 

and size selected inside a DMA column. The particle generation and drying was identical to 

the one used for the growth factor measurements, but instead of a high flow DMA column, a 

standard column (TSI 3081) operated at sheath to sample flow ratio of 9:1 Lpm was used. At 

the exit of the DMA, the flow was split and routed to a condensation particle counter (TSI 

3771) and a streamwise gradient cloud condensation nuclei counter (Droplet Measurement 

Technologies) [Roberts and Nenes, 2005]. The difference between the instrument operation 

here and that reported in Christensen and Petters [2012] was the dry diameter scanning 

strategy, which was changed from stepping to scanning mode as described above [Knutson and 

Whitby, 1975; Wang and Flagan, 1990; Moore et al., 2010; Nguyen et al., 2014]. The scan 

duty cycle was 5 s hold at 4000 V, followed by 180 s exponential downscan to 10 V, followed 

by a 20 s flush. Experiments were performed at four thermal gradients, DT = 4, 8, 12, and 16 

ºC.  The corresponding supersaturations for these settings were obtained by determining the 

activation diameter of ammonium sulfate reference particles. The underlying water activity vs. 
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composition values for ammonium sulfate were determined from the Extended-Aerosol 

Inorganic Model (E-AIM) [Clegg et al., 1998; Wexler and Clegg, 2002]. Further details on the 

calibration procedures are described in Christensen and Petters [2012]. Activation diameters 

for ammonium sulfate and the instrument settings are provided in Table S2.2. Figure S2.2 

shows an example activation curve. The data show that activation occurs in two-steps. The 

first step is due to particles carrying +2 charges and both location and height are well-captured 

by the forward model. This indicates that the scan rate was slow enough to avoid smearing of 

the signal due to insufficient detector response time. Furthermore, this confirms that the aerosol 

was at charge equilibrium, because the relative fractions of +2 and +1 charges is well-predicted 

from first principle. We note that fitting based on the forward method of Petters et al. [2007] 

was selected here instead of the inverse approach [Petters et al., 2009] because the forward 

method is better suited to verify satisfactory instrument performance when performing studies 

with laboratory generated internally mixed particles. Further evaluation of the forward model 

of Petters et al. [2007] was done by Moore et al. [2010]. Those authors determined relative 

uncertainty in the retrieved activated fraction ratio (CCN/CPC as shown in Fig. S2.2) ranged 

from ~18 – 7% for particle concentrations of 100 and >2000 respectively. Hygroscopicity for 

glucose test particles used in our analysis also agreed within ±0.02 for an expected κccn,glucose = 

0.16 suggesting an uncertainty of about ±13%. For our analysis, particle concentrations were 

~2100 ± 30 (mean ± 1 standard error) so measurement uncertainty for the CCN activation using 

dry scanning mobility is taken to be <= 13%, comparable to the expected ~10% from Moore 

et al. [2010]. Raw datafiles S7- S11 are given for CCN measurements as supplementary data. 

These files contain in columns from right to left, the scan number, the CCN set temperature 

gradient (DT) and the measured 50% activation diameter (nm). Data file names are given in 

supplementary Table S2.3. 

S2.4 HTDMA Data 

Example size distributions measured by the second DMA are shown in Fig. S2.3. The 

peak shape was well-fit using lognormal distributions, from which the mode diameter of the 

dry and humidified particles was determined. These fits are used to determine the growth factor 
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and other properties, as discussed below. We note that the size distribution measured by the 

second DMA is typically passed through an inversion algorithm to account for transfer of 

polydisperse and charge equilibrated particles through the first DMA, followed by hygroscopic 

growth and transfer through the second DMA [Stolzenburg et al., 1998; Cubison et al., 2005; 

Gysel et al., 2009]. These procedures make assumptions about the shape of the initial 

polydisperse size distribution and the DMA transfer function to derive a growth factor 

distribution that best fits with the measured response function shown in Fig. S2.2. In some 

cases the modal peak can be skewed up to 2 nm from the measured modal diameter. Factors 

that influence this shift include an external mixture of particles where different particles have 

different growth factors and a narrow initial polydisperse size distribution resulting in a number 

concentration gradient between the smallest and largest diameter of the DMA 1 bin. In our 

study we use atomized particles that are expected to have identical growth factors. 

Furthermore, the atomized size distributions were broad and the sheath to aerosol flow ratio of 

27:1 used in DMA 1 ensured a narrow size cut. For these reasons, strong skewness between 

the actual growth factor and the measured modal diameter is unlikely and so we used the modal 

diameter derived from the lognormal fits to assign the hygroscopic growth factor, gf, as a 

function of the saturation ratio, S = RH/100: 

)* =
J

8Jijk
                (S2.2) 

where Ddry is the modal diameter measured during the dry-dry scan, D is the modal diameter 

of the humidified particles, and f is a shape factor correction to account for non-spherical 

particles. The shape factor typically varies between 0.98 < f ≤ 1, corresponding to a dynamic 

shape factor 0.96 < f ≤ 1 [Suda and Petters, 2013].  

Figure S2.3 further shows that two particle populations were resolved within a single 

scan, one corresponding to ammonium sulfate reference particles and the other to the test 

solution. In this work, we calculated RH from the observed growth factor of the ammonium 

sulfate reference particles and the water activity vs. composition relationship output by the E-

AIM model [Clegg et al., 1998; Wexler and Clegg, 2002] as described in Suda and Petters 

[2013].  The resulting RHAS generally agreed within uncertainty of the RH sensors (±1% 
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absolute RH units) at RH < 80% (as shown by Fig. S2.3) if f = 0.96 was assumed for ammonium 

sulfate aerosol, consistent with the literature values of the shape factor of ammonium sulfate 

[Biskos et al., 2006; Zelenyuk et al., 2006]. Therefore, we used f ~0.96 throughout this study, 

applied to both ammonium sulfate and XG. A 30-60 s time difference separated the ammonium 

sulfate and sample peaks, during which the instrument RH drifted. The drift was accounted for 

and quantified by computing the Δ(RHsensor) and that value was added to the RHAS to determine 

the RH coinciding with the peak of the sample. Scans with Δ(RHsensor) > 0.3% were excluded 

in post-processing.  

The growth factor data were further reduced as follows. First, under the assumption 

that the particles were in equilibrium with their humidified environment in the HTDMA, the 

instrument S =RH/100 was converted to aw by removing the Kelvin effect: 

?l = m exp
ISn/o V

VJ

:;

.                        (S2.3) 

Second, the hygroscopicity parameter was calculated using the Petters and Kreidenweis [2007] 

proposed relationship, 

378 = )*N − 1 1 − ?l ?l
:;.            (S2.4) 

File names necessary for the reproduction of the plots in Fig. 2.2 of the main text are given in 

Table S2.4.  

S2.5 Kappa Growth Factor Measurement Uncertainty 

Overall performance of this methodology was evaluated using glucose test aerosol 

described here. We show that the technique as implemented here can resolve κgf values for 

glucose with reasonable accuracy at relative humidity up to 98%. We point out this 

performance is in quantitative agreement with that reported in Suda and Petters [2013]. 

However, the scatter in the data is significantly reduced, which we attribute to the switch from 

stepping to scanning mobility mode. Using the scanning HTDMA technique versus κ derived 

from bulk water activity in Miyajima et al. [1983], Fig. S2.5 shows that the measurement 

uncertainty using the HTDMA technique for deriving κgf agrees within ±10%. 
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S2.6 Kappa Isolines as a Function of Mass Fraction Sodium Chloride 

The full Eq. 2.3 (after substitution of 1 and 2) is used to find the supersaturation – dry 

diameter pairs that correspond to a constant hygroscopicity. Figure S2.6 represents the full 

range for environmentally relevant supersaturations as a function of mass fraction added 

sodium chloride (NaCl) resulting from the simulations described in the main text. 

S2.7 ZSR Mixing rules accounting for solubility 

The ZSR mixing rules are modified in Petters and Kreidenweis [2008] to account for 

solubility as in Eq. (4) in the main text. Xanthan gum was observed as being fully soluble at 

all aw > 0.6 and so H(xi) = 1. For the three mixtures, solubility was explicitly calculated based 

on the observed gf since insoluble components from the solution to the aerosol phase at 

different aw could play a role in the calculated ZSR hygroscopicity. Figure S2.7 shows the 

dissolved fraction of the solute (xi) for each of the three solutions as calculated from Eq. 2.4 

and Table 2.1 in the main text. The red dashed line indicates the point above which dissolved 

volume fraction of solute is unity. For CaCO3 mixtures, all points are below solubility and thus 

lower the ZSR mixed hygroscopicity. Sodium chloride solutions are soluble at all aw > 0.6 and 

Ca(NO3)2 solutions are fully soluble at aw > 0.67. 

The web based version of the AIOMFAC model [Zuend et al., 2008, 2011; 

http://www.aiomfac.caltech.edu] was used to calculate water activity and so the pure 

component hygroscopicity for prescribed mass fractions of solute. AIOMFAC was only used 

for sodium chloride and calcium nitrate, as there was no readily available solution for calcium 

carbonate. The resolution at high water activity is important to capture since the hygroscopicity 

becomes asymptotically increasing and converges to kR, which serves as a check on the 

accuracy of the pure component analysis. The AIOMFAC solutions were used in the 

computation of ZSR kmix, sol. Figure S2.8 shows the hygroscopicity as a function of water 

activity results for each pure component used in the ZSR calculations. 

S2.8 Surface Tension of Xanthan Gum Gels 

Figure S2.9 shows the surface tension (s), measurements of xanthan gum solutions 

from Lee et al. [2012] and references therein. Bulk xanthan gum solutions lower the surface 
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tension below the value of water for 0.1-1 %w/v concentrations. The lowest observed value in 

the literature is 0.042 J m-2, which is assumed to be the critical concentration beyond which no 

further lowering of the surface tension occurs. The available observational data are fit to the 

semi-empirical Szyskowski equation: 

σ s/a =σ 0 − RTΓmax ln 1+
Vsft

b

αsftβV

⎛

⎝
⎜⎜

⎞

⎠
⎟⎟                         (S2.5) 

where, ss/a is the concentration dependent surface tension, s0 is the surface tension at zero 

solute concentration, Gmax is the maximum surface excess (mol m-2), asft is the molar volume 

of the surfactant (m3 mol-1), b is the inverse activity coefficient (mol m-3), V is the volume of 

solution, Vsft
b  is the volume of surfactant in the bulk, R is the ideal gas constant, and T is 

temperature. 
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Figure S2.1 Structure of a Xanthan gum monomer. The brackets indicate the repeating 

pentasaccharide units that make up the full XG molecule ~ 103 kg/mol. “M” indicates the 

sites at which ions can bond to the structure [adapted from www.cargillfoods.com] 

 

 
Figure S2.2 Example activation curve. CCN and CPC denote CCN and total particle number 

concentration. The red line corresponds to the forward model of Petters et al. [2007] from 

which the activation diameter is determined 
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Figure S2.3 Example dry and humidified size distributions for a typical HTDMA 

experiment. Black vertical lines correspond to D = 0.1, 0.15, 0.2, and 0.25 µm. Light grey 

lines are linearly spaced intermediates. Panel (a) shows a dry-dry scan, panels (b)-(d) show 

humidified scans. The larger mode during the humidified scans corresponds to ammonium 

sulfate aerosol from which the AS RH value is derived via E-AIM. The smaller diameter 

mode corresponds to the growth factor of the analyzed solute (here XG) 

 

 
Figure S2.4 Model versus measured RH for ammonium sulfate aerosol below 80% assuming 

a shape factor of f = 0.96. The solid line corresponds to the 1:1 relationship where dashed 

lines are ±1% absolute RH  
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Figure S2.5 (a) Hygroscopic growth factor for 100 nm dry glucose aerosol. (b) 

Hygroscopicity parameter derived from the growth factor data assuming T = 298.15K and 

ss/a = 0.072 J m-2. Solid line corresponds to k derived from bulk water activity data 

[Miyajima et al., 1983]. Dashed lines indicate ±10% deviation  

 

 
Figure S2.6 Hygroscopicity plot showing the supersaturation as a function of dry diameter 

for lines of constant k. Increasing mass fraction of NaCl is shown from right to left as gray 

lines that are spaced linearly from 0 to 1 (0 to 100%) NaCl in steps of 0.1. The boundaries for 

pure XG and pure NaCl are labeled and colored blue 
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Figure S2.7 The calculated dissolved fraction of solute as in Eq. (2.4) of the main text of the 

manuscript versus water activity. The red dashed line at xi = 1 is the point above which the 

solute is fully dissolved and H(xi) = 1 

  

 
Figure S2.8 The parameterizations for the pure component hygroscopicity used for 

computing ZSR kmix, sol are shown. Xanthan gum is parameterized with a 2nd order 

polynomial and shaded is the 95% confidence interval of the fit: fit parameters are given in 

the plot. Sodium chloride and calcium nitrate hygroscopicity is derived from water activity 

that was computed from the AIOMFAC model. Also shown is kR which was taken from 

Petters and Kreidenweis [2007] for sodium chloride and Sullivan et al. [2009] for calcium 

carbonate and calcium nitrate 
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Figure S2.9 Symbols: Bulk surface tension for xanthan gum gels at the air water interface. 

Data were taken from Table 4 and Figure 4 in Lee et al. [2012]. The solid line is the 

Szyskowski equation fit to the data (Eq. S2.5: Gmax = 2.6248×102 mol m-2, β = 4.1762×104 

mol m-3) 
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Table S2.1 Molar ratios of cations to XG monomers in solution (nr), and solubility (C) 

 

Solution 
Concentration 

(g/100 mL H2O) nr 
C 

(g/100 mL) 
Residual salt mass 
(g/100 mL H2O) 

XG + NaCl 0.1 + 0.005 1.25** 37 – 

XG + Ca(NO3)2 0.1+0.025 1.02* (0.99) 140* (145) 5 ×10-4 (–) 
XG + CaCO3 12.0 ×10-3 + 1.3 ×10-3 0.99 1.3 ×10-3 – 

* This value is derived from using the molecular weight of the tetrahydrate form of the salt 

** Two Na+ ions can be associated per monomer; therefore, it is assumed that all Na+ ions 
were allocated to the salt-polymer matrix 

 
Table S2.2 Observed activation diameter for ammonium sulfate test particles 

 

Instrument Gradient DT (K) Activation diameter (nm) 

4 83.7 
84.5 

8 48.1 
48.5 

12 
36.9 
37.3 
37.1 

16 
30.7 
31.0 
31.1 

19 
27.0 
28.0 
27.7 

 
Table S2.3 Supplementary data file names for CCN experiments 

Experiment Data File Name 

Pure ammonium sulfate Dawsonetal-ds07.txt 

Pure XG Dawsonetal-ds08.txt 

XG/NaCl Dawsonetal-ds09.txt 

XG/CaCO3 Dawsonetal-ds10.txt 

XG/Ca(NO3)2 Dawsonetal-ds11.txt 
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Table S2.4 Data file names and shape factors for observed hygroscopic growth factors for 

XG, XG and sodium chloride (XG/NaCl), XG and calcium carbonate (XG/CaCO3), and XG 

and calcium nitrate (XG/Ca(NO3)2) 

Experiment Dry Diameter (nm) Shape Factor Data File Name 

XG 

XG 

99.9 (n=1) 

100.5±0.4 (n=5) 

0.96 

0.94 

Dawsonetal-ds01.txt 

Dawsonetal-ds02.txt 

XG/NaCl 101±0.6 (n=2) 0.96 Dawsonetal-ds03.txt 

XG/CaCO3  100.3±0.2 (n=5) 0.96 Dawsonetal-ds04.txt 

XG/CaCO3 101.2±0.4 (n=12) 0.95 Dawsonetal-ds05.txt 

XG/Ca(NO3)2 100.6±0.6 (n=3) 0.95 Dawsonetal-ds06.txt 

 
Data Set S2.1-S2.11. All datasets have the naming convention “Dawsonetal-ds##” and are 

arranged from HTDMA Data Set S2.1-S2.6 and CCN Data Set S2.7-S2.11 as follows: Pure 

Xanthan Gum 1, Pure Xanthan Gum 2, Xanthan Gum with Sodium Chloride (XG/NaCl), 

Xanthan Gum with Calcium Carbonate 1 (XG/CaCO3), Xanthan Gum with Calcium 

Carbonate 2 (XG/CaCO3), Xanthan Gum with Calcium Nitrate (XG/Ca(NO3)2). Pure 

ammonium sulfate, Pure Xanthan Gum, XG/NaCl, XG/CaCO3 and XG/Ca(NO3)2. 

HTDMA Datasets contain 2 columns where column 1 is the RH (%) and column 2 is the XG 

measured modal diameter (nm) as shown in Figure S2.3. CCN datasets contain 3 columns 

where column 1 is scan number, column 2 is the instrument set column temperature gradient 

ΔT (K) and column 3 is the measured activation diameter D50 (nm) as shown in Figure S2.2. 
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CHAPTER 3 – Creating Aerosol Types from CHemistry (CATCH): a new algorithm to 

extend the link between remote sensing and models  

 
This chapter has been submitted to the Journal of Geophysical Research – Atmospheres 
 
 

Abstract 

Global climate models are the primary method for assessing radiative forcing and the impact 

humans have on our changing environment. A component of the radiative forcing that 

modulates Earth’s net solar radiation is the impact from atmospheric aerosol. This impact is 

often quantified by the aerosol optical depth (AOD), a parameter widely measured by remote 

sensing techniques using ground, aircraft, and satellite based sensors. The AOD, however, is a 

total column representation of the net radiative effect of aerosol and does not consider the 

diversity of aerosol types by way of variable chemical composition, size distribution, and 

hygroscopicity which modulates radiative transfer both directly and indirectly. The importance 

of accurately simulating aerosol and its diversity within the atmospheric column is well 

recognized and thereby calculated by chemical transport models (CTMs). However, CTMs are 

currently constrained only in terms of AOD. A large body of work exists that has produced the 

ability for remote sensing methods to assign aerosol types presenting an opportunity to expand 

the link between remote sensing and models via production of model-derived aerosol types. In 

this work, we have designed a new algorithm for Creating Aerosol Types from CHemistry 

(CATCH). CATCH derived aerosol types – dusty mix, maritime, urban, smoke and fresh 

smoke – are based on High Spectral Resolution Lidar - version 1 (HSRL-1) retrievals during 

the Ship-Aircraft Bio-Optical Research (SABOR) field campaign in July/August 2014. 

CATCH is designed to take GEOS-Chem v9-02 model output on chemical composition of 

aerosols and derive aerosol types through training the data with HSRL-1-retrieved data. On 

average, CATCH-derived aerosol types compare well with HSRL-1 retrievals with an average 

difference in AOD of 0.08 ± 0.07. The data analyses show that most of this difference is 

attributed to episodic free tropospheric transport of smoke aerosol not captured by GEOS-

Chem. Near the ocean surface, CATCH-derived aerosol extinction was slightly higher 
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compared to HSRL-1. After verification with HSRL-1 data, CATCH was used to derive 

aerosol types for the nested model domain (130°W–60°W and 10°N–60°N) during July and 

August of 2014. It was found that aerosol type-specific AOD values occurred over the expected 

locations: e.g., urban over areas with large population, maritime over oceans, smoke over weak 

fires, and fresh smoke over more intense fires. This study demonstrates that model-generated 

information can be used to reconstruct aerosol types analogous to those retrieved from remote 

sensing methods.  
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3.1 Introduction 

Aerosols influence the radiative balance of the Earth through absorption and scattering 

of solar shortwave radiation (the direct forcing) and by acting as a seed for cloud droplet 

formation affecting cloud microphysical properties and lifetime (the indirect forcing) 

[Twomey, 1974; Boucher and Tanré, 2000; Haywood and Boucher, 2000; Heald et al., 2014]. 

Properties of the aerosol such as size, shape and composition contribute to how aerosol 

interacts with solar radiation both directly and indirectly. Thus, some aerosol types (black 

carbon, mineral dust) are commonly thought to cause positive forcing (warming), while some 

others (sulfate, seasalt) are largely associated with negative forcing (cooling). The last decade 

has produced a large body of information regarding the sources and composition of aerosols, 

resulting in a reassessment of the complex role that aerosols play in climate and various 

geophysical phenomena. Measurements of aerosol optical properties by remote sensing 

methods have been fundamental at continually improving our understanding of the radiation 

budget and climate. Despite such progress, aerosols remain as the largest source of uncertainty 

for climate projections. Complex spatiotemporal distribution of sources and sinks, multiple 

aerosol types characterized by specific chemical properties and size distribution, variations in 

aerosol optical properties due to chemical aging in the troposphere, and the formation of 

aerosol through secondary processes are just some of the factors making aerosol representation 

challenging for models. These factors reveal the need to gain more information on vertically 

resolved aerosol properties, with improved understanding of specific aerosol types that are 

present at any given time both on a regional and global scale. 

Recently, there has been progress in identifying aerosol types from remote sensing 

using passive [e.g. Dubovik et al., 2002; Cattrall, 2005; Kahn, 2005; Omar et al., 2005; Niang 

et al., 2006; Giles et al., 2012; Bréon, 2013; Costabile et al., 2013; Russell et al., 2014; Kahn 

and Gaitley, 2015; Lee et al., 2016] and active [Omar et al., 2009; Burton et al., 2012] sensors. 

By way of the profiling capability of lidar, active sensors such as the Cloud-Aerosol Lidar with 

Orthogonal Polarization (CALIOP) onboard the Cloud-Aerosol Lidar and Infrared Pathfinder 

Satellite Observations (CALIPSO) platform can provide vertically resolved measurements of 

particulate extinction and backscatter, as well as particulate depolarization ratios. Using 
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aerosol classification algorithms and the assumption of a vertically homogenous extinction-to-

backscatter ratio (hereafter referred to as “lidar ratio”) for the retrieved layers (e.g. Omar et al. 

[2009]), CALIOP can then derive vertical profiles of different aerosol types. These data have 

been used in numerous publications documenting scientific advances in our understanding of 

the Earth’s radiation budget. Although CALIOP gives a comprehensive picture of the global 

aerosol distribution, this type of retrieval that assumes a lidar ratio may induce large 

uncertainty in the retrieval of aerosol optical properties and aerosol type [Sasano and Browell, 

1989; Winker et al., 2009; Dawson et al., 2015]. Recent advancements in lidar spawned the 

High Spectral Resolution Lidar technique which eliminates the need for an assumed aerosol 

lidar ratio by measuring aerosol extinction and backscatter independently [Shipley et al., 1983]. 

Burton et al. [2012] took advantage of the higher information content in the measurements 

from NASA’s first-generation airborne High Spectral Resolution Lidar (HSRL-1 and hereafter 

shortened to HSRL for brevity) instrument to develop an aerosol typing algorithm. The HSRL 

implements the HSRL technique at 532 nm and the standard elastic backscatter lidar technique 

at 1064 nm with polarization-sensitivity at both wavelengths. The aerosol types are then 

assigned through statistical clustering using multivariate groupings of aerosol intensive optical 

properties to identify distinct clusters belonging to certain aerosol “classes”. Those intensive 

properties included lidar ratio at 532 nm, aerosol depolarization at both 532 and 1064 nm, and 

the ratio of aerosol backscatter between the 532 and 1064 nm wavelengths. The aerosol typing 

algorithm, using the aforementioned products, has been applied to HSRL data acquired on 

numerous airborne field campaigns conducted over the continental US, Mexico, Canada, 

Atlantic Ocean, and Caribbean Sea.  Further motivating interest in this vertically-resolved 

aerosol type information is the drive to incorporate capability matching or exceeding that of 

the airborne HSRL in future spaceborne lidars. For instance, the Aerosol, Cloud, and ocean 

Ecosystem (ACE) that has been in pre-formulation development since it was called for in the 

2007 Decadal Survey for Earth Science [Space Studies Board, 2007] calls for a lidar with 

HSRL capability similar to the airborne HSRL but with the addition of HSRL capability at 355 

nm [Ferrare et al., 2016; Mace et al., 2016], and much work has been done to mature the 

technology and demonstrate the measurements with airborne prototype instruments. The utility 
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of an HSRL of this configuration in space would provide an entire new suite of global, 

vertically resolved aerosol properties and reduce uncertainty on the parameters currently 

provided by the CALIOP instrument. 

Despite the enormous wealth of information on vertically resolved aerosol properties 

and specific aerosol types, now (and soon to be) provided by remote sensing, current 

atmospheric models that simulate the radiative effect are largely constrained by satellite 

measurements of the total column aerosol optical depth (AOD) [Bellouin et al., 2013]. 

Realizing the need for more accurate assessments of AOD by chemical components, Kinne et 

al. [2006] examined several models with different aerosol modules to compare the distribution 

of simulated AOD for chemical components. They pointed out that while models compare well 

to satellite retrieved total column AOD, there is lesser agreement when examined on a 

component level. Several studies have compared vertically-resolved measurements of aerosol 

loading with GEOS-Chem, a global 3-D chemical transport model (CTM), and have looked at 

chemical speciation when available from in-situ measurements [Heald et al., 2011; Kim et al., 

2015]. Johnson et al. [2012] compared vertical distributions of model-simulated mineral dust 

and dust identified by the CALIOP instrument, but did not extend the comparison to other lidar 

retrieved aerosol types (e.g., urban pollution, biomass burning, maritime, clean continental, 

etc.). Taylor et al. [2015] examined mixtures of aerosol chemical speciation from GOCART 

using k-means clustering with comparisons to the aerosol types derived from Aerosol Robotic 

Network (AERONET) measurements by Omar et al. [2005]. These studies were, in part, 

motivated by the inability for direct, aerosol-type comparisons of aerosol optical properties 

between remote sensing and models. Because climate models do not produce aerosol types as 

standard output comparison of AOD differences between models and satellites becomes 

difficult when examined on a component level. Lee et al. [2016] compare the AOD from 

aerosol chemical speciation from models to the AOD measured by the spaceborne Multi-angle 

Imaging SpectroRadiometer (MISR) but still, an opportunity exists to expand this comparison. 

Since aerosol types are often mixtures of model-simulated chemical species, confusion persists 

for relating these mixtures to the aerosol-type optical properties retrieved by remote sensing. 

The missing link connecting remotely-sensed aerosol types and climate model chemical 
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composition makes improvements on the simulation of AOD and the aerosol radiative effect 

challenging. 

In this work, we developed a new product – hereinafter referred to as CATCH (Creating 

Aerosol Types from CHemistry)– that predicts specific aerosol types at given time and location 

by using model data of aerosol chemical composition. This aerosol typing algorithm 

(analogous to Burton et al. [2012]) was developed using measurements from the NASA HSRL 

[Hair et al., 2008] during the Ship-Aircraft Bio-Optical Research (SABOR) experiment off the 

coastal Eastern US and high-resolution simulations from the GEOS-Chem CTM [Bey et al., 

2001]. The HSRL retrievals of aerosol types from selected flight legs are first compared to the 

modeled aerosol chemical composition data to determine the parameters that CATCH can use 

for assigning an aerosol type. CATCH-derived aerosol types are then compared to the curtains 

of HSRL aerosol types for the entire SABOR mission to help validate the aerosol typing 

algorithm. Spatial distributions of CATCH-derived aerosol types for the entire GEOS-Chem 

model domain are also presented. The application of this product as a first-generation tool for 

linking model chemical composition to remotely-sensed aerosol types is discussed.  

 

3.2 Methods 

3.2.1 SABOR campaign and HSRL measurements 

The Ship-Aircraft Bio-Optical Research (SABOR) campaign took place between 18 

July to 6 August, 2014. The SABOR mission was designed to study atmospheric radiative 

transfer, biogeochemistry of plankton, and in situ and remotely-sensed optical properties. The 

ship measurement collection included (1) seven flow-through instruments collecting optical 

data from which are derived a dozen inherent optical properties of seawater, (2) eight 

instruments for ocean profiling optical measurements for assessing inherent optical properties 

through the water column, and (3) a wide diversity of discrete surface and subsurface sample 

collections for assessing biogeochemical properties, including particulate and phytoplankton 

carbon and plankton species composition. The airborne instruments during SABOR included 

an upgraded LaRC HSRL [Hair et al., 2008] and the NASA GISS Research Scanning 

Polarimeter (RSP) [Cairns et al., 1999], both flying on the NASA King Air aircraft.  Flights 



 

 72 

were conducted out of New Hampshire, Bermuda, and Virginia. Figure 3.1 shows the flight 

tracks of the NASA King Air originating from the East Coast of the US and ending near 

Bermuda on a series of flights measuring aerosol and ocean optical properties. Optical 

properties were measured at 532 nm and 1064 nm wavelengths with an off-nadir tilt of 20o. 

Intrinsic properties corresponding to the aerosol shape, size and absorbance were measured 

and used to determine the aerosol type [Burton et al., 2012]. The HSRL data is horizontally 

averaged to approximately 1-km and 6-km resolution and 15-m and 300-m vertical resolution 

for aerosol backscatter and extinction, respectively. The HSRL is capable of retrieving 

information near the surface and into the ocean subsurface down to about 50 m, depending on 

water turbidity. The 20o off-nadir tilt helped to avoid detector saturation from the highly 

reflective ocean surface.  

 

3.2.2 GEOS-Chem 

 The global/regional 3D CTM, GEOS-Chem v9-02 (http://geos-chem.org), was applied 

during this study to simulate emissions, atmospheric chemistry, and transport of aerosols and 

precursor gases and followed the setup similar to Johnson et al. [2016]. Assimilated 

meteorological fields from the Goddard Earth Observing System version 5 (GEOS-5) of 

NASA’s Global Modeling Assimilation Office (GMAO) were applied to drive GEOS-Chem 

transport and meteorology [Bey et al., 2001]. A regional nested-grid mode of the model was 

applied here with a horizontal resolution of 0.25° × 0.3125° (latitude × longitude) and 47 

vertical hybrid sigma-pressure levels over the North America domain (130°W - 60°W, 9.75°N 

- 60°N). Three-hour dynamic lateral boundary conditions for high resolution North America 

model runs were extracted from global GEOS-Chem simulations with a 2° × 2.5° resolution. 

The vertical resolution of the model is approximately log-spaced, with the highest resolution 

of ~ 100 m near the surface and varied with height according to the virtual temperature. The 

GEOS-Chem simulations included an O3-NOx-hydrocarbon-aerosol chemical mechanism 

coupled to a H2SO4-HNO3-NH3 aerosol thermodynamics module [Bey et al., 2001].  The 

TPCORE advection algorithm of Lin and Rood [1996] is used for transport of aerosol and 

gaseous species and is calculated on a 10-minute time step.  The boundary layer mixing of 
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aerosol and trace gases was simulated by using a non-local scheme based on atmospheric 

stability [Lin and McElroy, 2010].  Wet deposition was treated following Liu et al. [2001] for 

water-soluble aerosols and Amos et al. [2012] for gases.  Dry deposition in the model was 

based on the resistance-in-series scheme described in Wang et al. [1998].  The GEOS-Chem 

model simulations during this study include the modifications to emissions, chemistry, and 

deposition processes for NOx and ozone (as described in Travis et al. [2016]) and aerosol 

sources/formation (as described in Kim et al. [2015]). 

 

3.2.3 Model parameter selection 

 Figure 3.2 shows the CATCH-algorithm flow chart. Purple lines in Fig. 3.2 describe 

the process for creating a training set of variables used by CATCH to assign aerosol types. Box 

1a on Fig. 3.2 lists the HSRL retrieved aerosol types during the SABOR campaign that include 

pure dust, dusty mix, maritime, polluted maritime, urban, fresh smoke, and smoke. Due to the 

limited number of the retrievals, dust was merged with dusty mix and maritime was merged 

with polluted maritime aerosol types. During the entire SABOR campaign only one flight 

mission (July 28, 2014 flight #1) encountered dust aerosol, making dusty mix statistically 

indistinguishable from the pure dust. Similarly, clean maritime aerosol was sparse throughout 

the campaign without clear, distinguishable separation between clean and polluted maritime. 

Therefore, the HSRL aerosol types used here were reduced to five and they are: dusty mix, 

maritime, urban, fresh smoke and smoke. For our algorithm development, the names for 

CATCH aerosol types are chosen to be consistent with the naming conventions from these 

just-mentioned aerosol types from HSRL [Burton et al., 2012]. 

The GEOS-Chem model simulations were carried out (Fig. 3.2, box 1b) for the time 

period encompassing the SABOR campaign. The model output for 550 nm AOD (Fig. 3.2, box 

2) for organic carbon (OC), black carbon (BC), sulfate (SULF; including contributions from 

sulfate, nitrate and ammonium containing aerosols), mineral dust, and seasalt for both the 

accumulation (dry diameter < 1 µm) and coarse (dry diameter > 1 µm) modes was formatted 

in a 4-dimensional matrix with dimensions of time, height, latitude and longitude. As the 

CATCH algorithm developed in this study uses single-wavelength output from GEOS-Chem, 
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spectral aerosol depolarization ratio and the multi-spectral backscatter angstrom exponent (or 

color ratio) are not included in the current analysis. Typically, aerosols of different sizes are 

distinguished by making use of multi-spectral measurements and capitalizing on differences 

of the wavelength-dependent scattering phase function with parameters like the backscatter 

angstrom exponent. Here, we instead make use of a combination of variables (2 mass based 

and 3 optical) that are available from GEOS-Chem. As shown in Fig. 3.2, box 3 , aerosol mass 

concentrations (M, with units g m-2) are converted from optical depth through division by 

relative humidity (RH) dependent mass extinction cross sections (see supporting information 

Text S3 and Kim et al. [2015]). Next (Fig. 3.2, box 4), the look-up-tables (LUTs, described 

below) are used to convert model-component AODs and mass concentrations to the five 

variables used by CATCH. The formulations and descriptions for the selected five variables 

are summarized in Table 3.1. These variables are: 1. the dry mass ratio of total carbonaceous 

aerosol (the sum of BC and OC) to the sum of total carbonaceous aerosol and sulfate (xTC), 2. 

the dry mass ratio of OC to BC aerosol (xOC:BC), 3. the lidar ratio (Sp, eff), 4. the real component 

of the index of refraction (Nr, eff), and 5. the single scattering albedo (SSAeff). The subscript 

“eff” stands for effective and is applied to the optical parameters as described below.  

Qualitatively, the first variable in Fig. 3.2, box 4 indicates the relative mass 

contributions of OC to sulfate and helps identify the aerosols with continental influence from 

those of marine origin. The second variable helps to separate smoke from urban sources, as 

smoke plumes tend to contain higher amounts of OC compared to anthropogenic pollution 

[Kim et al., 2015]. Variables three through five represent aerosol optical properties. In the study 

region, AODs were largely controlled by the presence of sulfate aerosols. Therefore, aerosol 

intrinsic optical properties – with less influence from aerosol number density and stronger 

influence from aerosol physical and chemical properties like size distribution, shape and 

composition – were desirable for deriving aerosol types. The limitation for single wavelength 

parameters did not allow us to make full use of size differences associated with different 

aerosol types via optical parameters like backscatter color ratio and angstrom exponent. 

Nevertheless, the lidar ratio can, in part, capture the size differences between aerosol types and 

is used here as the main separator of dusty mix, maritime, and urban/smoke aerosols. The Sp 
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can be defined either as the aerosol extinction to backscatter ratio or equivalently as the inverse 

of the product of SSA and the value of the aerosol backscatter phase function. In this study, 

the former definition is used, because expansion of the phase function from the eight model-

given Legendre polynomial coefficients did not produce physical results of the lidar ratio, 

perhaps due to coarse detail of the aerosol phase function at 180°. The lidar ratio is also used 

to discriminate fresh and aged smoke aerosols as the Sp values of 30-60 sr and 60-80 sr, 

respectively, were reported downwind of the fire sources by HSRL during the Arctic Research 

of the Composition of the Troposphere from Aircraft and Satellites (ARCTAS) field campaign 

[Knobelspiesse et al., 2011; Burton et al., 2012] and by Raman lidar in Greece [Amiridis et al., 

2009]. We make use of the chemical composition of the aerosol population by way of 

absorption-sensitive parameters i.e., Nr and SSA. These parameters have previously been used 

for separating biomass burning aerosols from urban industrial aerosol [Russell et al., 2014], 

though our use of the Nr and SSA is restricted to a single wavelength at 550 nm, whereas 

Russell et al. [2014] used multi-spectral measurements of these parameters for classification 

and found that Nr at 670 nm and SSA at 491 nm have the most discriminating power between 

biomass burning and urban industrial aerosol. Measurements report different Nr values for 

different aerosol types (specifically water-soluble and dust/biomass burning) [Dubovik et al., 

2000, 2002], providing further evidence that Nr can be useful for aerosol classification.  

GEOS-Chem effective (hereinafter denoted with subscript “eff”) optical variables are 

computed post-model run using component optical properties from the FAST-J AOD file for 

550 nm wavelength [Wild et al., 2000]. This file gives the RH-dependent Nr and SSA computed 

using Mie theory and log-normal size distribution parameters (with particle optical radius and 

geometric standard deviation) for each of the model aerosol components (i.e., dust, seasalt, 

sulfate, organic carbon and black carbon) [Martin et al., 2003]. Dust is assumed to be 

hydrophobic and does not vary with RH. We only consider the dry component of dust as this 

is the only component that contributes to the dust AOD in the model output. The optical 

properties for dust are broken up into seven size bins, four of which are in the submicron range. 

Since these fractions are lumped in the GEOS-Chem model as one value for the dust optical 

depth, they were combined to create one bulk dust Nr (1.53) and SSA (0.985). The Sp was 
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taken as the sum of the lidar ratio for each dust bin, calculated over a gamma particle size 

distribution [Martin et al., 2003], weighted by the fractional contribution for each size bin. 

Following these calculations, Sp = 37.1 was calculated and used by CATCH as the assigned 

dust lidar ratio. Lidar ratios for the other model components were calculated using the Mie 

code of Bohren and Huffman [1998] with the RH-dependent size distribution parameters (see 

supporting information, Text S3.2). This study’s LUT approach used linear interpolation 

between the tabulated, component optical parameters at specified RH of 0 (dry), 50, 70, 80, 

90, 95 and 99% to match model components to their RH-dependent value for Nr, SSA, and Sp. 

The type-specific effective optical parameters were then calculated by taking the weighted sum 

of each of the component-specific optical parameters. The weighting of components was 

determined by their time-varying optical depth fraction or, as is the case for Nr, eff, their time-

varying volume fraction (see Table 3.1). Further details about the calculation of effective 

optical properties for each aerosol type can be found in the supporting information.  

When working with modeled aerosol extinction, there is an additional challenge 

dealing with number padding. The model gives some non-zero output even for extremely low 

signal (i.e., when aerosol extinction is well below the extinction from other components such 

as ozone, clouds and air molecules). To identify the regions where extinction by aerosol is the 

dominant component of the total extinction, we included an aerosol abundance parameter, 

similar to an aerosol scattering ratio from the perspective of lidar measurements. The aerosol 

abundance parameter provides a baseline for identifying regions where the aerosol signal is 

sparse and would be challenging for HSRL retrievals of aerosol types. Charlson et al. [1974] 

were among the first to investigate the concept of background aerosol scattering at remote sites 

using nephelometers. They compared clear-sky telescope-inferred total-to-molecular 

extinction ratios (B) at 537 nm with their nephelometer measurements of the total-to-molecular 

scattering ratio at 525 nm. Using Fig. 5 from Charlson et al. [1974], we calculate an average 

extinction to scattering ratio of 1.25 ± 0.17, which is consistent when applied to their scattering 

ratios at remote sites in their Table 1 (supporting information, Fig. S3.6). The current 

operational implementation by the CALIOP algorithms requires that backscattering aerosol 

layers have scattering ratios greater than 1 [Vaughan et al., 2009], yielding a lower limit of B 
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= 1.08. Throughout this study, B = 1.1 is set as a threshold, above which the model calculations 

of aerosol extinction can be confidently retrieved by remote sensing techniques. 

To calculate B, we assume molecular extinction (sm) to be approximated by Rayleigh 

scattering. The molecular extinction (sm) is determined (at a given location and time) by using 

a constant wavelength-dependent scattering coefficient (Cs) and the GEOS-5 time- and height-

varying temperature (T) and pressure (P) fields. We then caclculate B as: 

B = qr/qa ≅
tuv	

wx
	
;

yT

V(x)

z(x)
+ 1                 (3.1) 

where se = AOD/Dz is the GEOS-Chem predicted aerosol extinction, Cs = 3.267 x 10-6 K hPa-

1 m-1 is taken from the model used in the CALIOP algorithms for 550 nm wavelength [Bucholtz, 

1995; Hostetler et al., 2006] and the T and P fields are taken at the same spatiotemporal 

resolution as GEOS-Chem aerosol extinction.  

Finally, a cloud mask was also applied from the GEOS-5, 3-hourly cloud fraction data. 

No aerosol types were identified when the grid averaged cloud fraction exceeded 0.1% in any 

given model grid cell. This cloud fraction threshold is based on visual comparisons of MODIS 

True Color imagery and HSRL-identified cloudy profiles with aerosol backscatter coefficients 

exceeding 0.1 km-1 sr-1. 

 

3.2.4 Creating the training set for the CATCH aerosol classes 

3.2.4.1 Collocation and filtering  

The following collocation procedure was implemented to match the model output as 

closely as possible to the HSRL curtains (Fig. 3.2, box 5). First, the five calculated CATCH 

parameters in Fig. 3.2, box 4 were sampled at the horizontal location of HSRL by taking the 

latitude and longitude coordinates from the HSRL profiles and matching them to the closest 

GEOS-Chem grid box. Second, the model output was matched to ~0.1 Hz HSRL 

measurements at the closest hour. Third, the HSRL 15-m resolution altitude profile was 

degraded to match the altitude bins of GEOS-Chem. This three-step matching process was 

carried out for the entire curtain of HSRL retrieved aerosol types, resulting in HSRL aerosol 

types regridded to the resolution of an analogous “GEOS-Chem curtain”. 
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Once collocation was complete, the retrieved HSRL aerosol types were placed into the 

corresponding altitude bins of the GEOS-Chem curtain. In this step, only the data with a single 

HSRL aerosol type identified per ~100 m GEOS-Chem vertical grid box were retained. Data 

were rejected and removed from further analysis for cases when a vertical grid box contained 

multiple aerosol types retrieved by HSRL. There were cases when we identified single HSRL 

aerosol types that only partially filled the GEOS-Chem vertical bin due to the differences in 

model and HSRL vertical resolution. Therefore, we also required that the GEOS-Chem vertical 

bin contained at least 30% (in the geometric height of the bin) HSRL-retrieved aerosol types. 

If a GEOS-Chem vertical grid box contained more than 70% of unclassified HSRL data, the 

data were rejected from further analysis. The results of an example collocation and binning are 

given in the supporting information, Fig. S3.2. 

 

3.2.4.2 Creating the training set for the CATCH aerosol classes 

Similar to the aerosol classification method of Burton et al. [2012], we first pre-specify 

aerosol classes. HSRL aerosol types are used as a training set for informing spatially and 

temporally collocated model parameters on their plausible aerosol types. When building the 

HSRL training set, however, it is best to use the highest quality and most confidently classified 

field campaign data, with clear evidence of dominant and stratified aerosol types. The training 

set should also be generated in the proximity of the geographic region for which the CATCH 

aerosol types are being defined, such that the chemical composition of the aerosol types is 

reasonably consistent. Regional differences in chemical composition of primary aerosol, 

physicochemical transformation of aerosols in the atmosphere, and formation of secondary 

aerosol may influence the model parameters used for assigning CATCH aerosol types, for 

example in regions with known optically different urban aerosol from the US such as SE Asia 

[Cattrall, 2005]. 

During the SABOR campaign, HSRL frequently sampled coastal outflow from the 

eastern US with mixed aerosol types. Such conditions made it challenging to select data in 

which single, dominant and stratified aerosol types were identified with high confidence. To 

generate the training set for CATCH smoke and urban classes, we retain only the HSRL urban 
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and smoke types that were classified with probability of belonging > 60%, that is that had a 4-

dimensional DM < 1.7. For dusty mix, there was only a single day with HSRL retrieved aerosols 

classified as pure dust or dusty mix so the training set was supplemented with additional model 

data having dust AOD comprising more than 85% of the total AOD. Previous studies have 

shown GEOS-Chem to reasonably well capture Saharan dust AOD and transport across the 

Atlantic within 30% of satellite retrievals [e.g. Generoso et al., 2008]. As mentioned above, 

the HSRL retrieved maritime and polluted maritime types were combined and used for the 

training of the maritime aerosol type. Finally, no flights during the SABOR campaign occurred 

over or near a biomass burning event, and no retrieved HSRL types for fresh smoke exceeded 

the aforementioned 60% probability threshold. Thus, to create the fresh smoke class, we used 

GEOS-Chem model data collocated within 1 hour of active fires detected within the 

corresponding GEOS-Chem grid box using the MODIS MCD14ML product [Giglio et al., 

2003]. Only the fires that were identified with a fire radiative power above 28.3 MW 

(corresponding to 60th percentile of fire radiative power for all active fires within the nested 

model domain and during SABOR and quality assured with confidence > 60%) were used to 

exclude weakly burning fires that may not be accurately captured in a model grid. According 

to MODIS, such weakly burning fires were found to occur largely in the Southeast US. This 

initial construction of the training set is depicted as Fig. 3.2, box 6. 

 

3.2.4.3 Refining the training set and creating CATCH aerosol classes 

The initial training set in Fig. 3.2, box 6 is described as a combination of the five model 

parameters in each grid cell of CATCH, grouped as dusty mix, maritime, urban, fresh smoke 

or smoke. At this step, the parameters that go into pre-defined classes are expected to be 

clustered together. However, some outliers are also expected to be present that may skew the 

means and covariance of the classes. The quantitative way that we have chosen to identify and 

remove outliers (i.e. refine the training set) involves calculation of the (squared) Mahalanobis 

distance (DM) as: 

.|
W
= } − ~}

V�:;(} − ~})                            (3.2) 

The Mahalanobis distance is frequently used in classification algorithms. In brief, data vectors 
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are built from selected parameters (} = [d;, dW, … , dÉ]) used together as a training set for 

identifying unique groups (or ‘clusters’) that are quantitatively described by the group’s mean 

(µX) and covariance matrix (S).  Each cluster’s mean and covariance matrix is used to calculate 

the distance (i.e., DM) at which a random value (X) (vector of the model output) is located from 

each group. A value X belongs to the group with the smallest DM. Some useful properties of 

the Mahalanobis distance are its relation to a chi-square cumulative probability for normally 

distributed parameters and its reduction to the Euclidean distance for covariance equal to the 

identity matrix [Garrett, 1989; Gnanadesikan, 2011]. 

The means and covariance matrices for the five selected model parameters in each of 

the five aerosol groups were calculated and used to determine Mahalanobis distance for each 

candidate training set entry (described in Fig. 3.2, box 7). Following the procedure from Burton 

et al. [2012], these (squared) Mahalanobis distances were further converted to chi-square 

probabilities of belonging to the assigned aerosol class. In our current analysis, the data with 

chi-square values of less than 60% were labeled as outliers (conversely having a probability > 

40% of a random sample being classified) and were not included in the final training set. 

Russell et al. [2014] employed a similar method, however their filtering threshold accepted 

data with probability > 10% (in 5 dimensions) of a sample belonging to the specified cluster. 

The completion of this procedure results in a trimmed (clean) dataset of parameters belonging 

to the five aerosol classes and is shown in Fig. 3.2, box 8. The means and covariance matrices 

are then calculated in Fig. 3.2, box 9 and represent the final, defined aerosol classes (Fig. 3.2, 

box 10) necessary for CATCH to assign aerosol types to the GEOS-Chem model data. In 

practice, a vector of model parameters is converted to DM for each aerosol class by using Eq. 

3.2 and the class means and covariance matrices (Fig. 3.2, box 11). The class corresponding to 

the minimum DM is assigned as the aerosol type (Fig. 3.2, box 12). Once the final training set 

has been created, CATCH follows the green arrows shown in Fig. 3.2 to assign aerosol type, 

bypassing boxes 5-10.  

Figure 3 shows each entry of the data comprising the final training set for each of the 

five model parameters grouped into the five defined CATCH classes. This figure can be used 

to visualize the separation of different classes as well as the degree of variability within each 



 

 81 

class. Figure 3 shows that there is strong overlap between some of the classes, especially smoke 

and urban, suggesting that it would be challenging for CATCH to separate smoke and urban 

types. Figure 3 also shows that maritime, dusty mix, and fresh smoke aerosol types are better 

separated, suggesting that these types can be identified with higher confidence. Figure 3 further 

helps to identify which parameters are particularly useful in separating different aerosol 

classes. For example, xTC is very helpful for distinguishing between maritime and fresh smoke 

aerosol and Nr, eff, xOC:BC and Sp, eff seem to be better suited to untangle the urban and smoke 

aerosol classes. The fractions of HSRL data and data files used in the creation of the CATCH 

aerosol classes are summarized in Table 3.2. 

Despite poor separation for some of the classes shown on Fig. 3.3, one should keep in 

mind that DM is representative of a 5-dimensional measure, which is hard to visualize. To better 

understand the parameter separation, we can numerically compare the class-to-class distances 

for the CATCH aerosol classes. The Mahalanobis distance from class A to class B (.() is 

calculated by taking the mean values for the five parameters of class A (µA) and calculating 

the DM with respect to the mean and covariance of class B. Next, using the same procedure, 

we calculate the DM from class B (µB) to class A. The class-to-class distance is then the average 

of these two calculated Mahalanobis distances (see Eq. 3.3). 

.| = 0.5× .( ~Ü, á + .((~à, â)                  (3.3) 

Table 3.3 shows the distances between each CATCH aerosol class in the 5-dimensional 

Mahalanobis distance space. Class-to-class comparisons for the CATCH aerosol classes show 

that the smallest .| (the most subject to overlap) include the urban and smoke classes with a 

distance of .| = 3.1 and the smoke and fresh smoke class with a distance of .| = 5.1. The 

classes that are most separated are the fresh smoke and dusty mix class with .| = 64.3. 

 The uncertainty in DM is dependent on the separation power each parameter provides. 

One way to quantify the importance of the parameters in the classification algorithm is by the 

Wilks’ partial lambda statistic. Out of five model parameters selected for the CATCH 

algorithm, not all of them have an equal effect on the classification. The relative contribution 

of each parameter to the classification power of the CATCH aerosol class can aid future 

improvement to the algorithm. The Wilks’ lambda indicates how well the variables can be 



 

 82 

grouped into separate and distinct classes [Hill and Lewicki, 2007; Burton et al., 2012]. The 

Wilks’ partial lambda, i.e. the ratio of the Wilks’ lambda calculated with all variables to the 

ratio of the Wilks’ lambda calculated without a certain variable gives the relative classification 

power of that variable. The lowest values of the Wilks’ partial lambda indicate the variables 

with the largest importance for the classification. According to Table 3.4, the most important 

variable in the separation of CATCH classes is xTC followed by Sp, eff.  

Lastly, we quantitatively define two additional aerosol types: outlier and overlap.  

Outliers are data vectors (consisting of n = 5 model parameters) with a chi-square probability 

of less than 0.1% of belonging to a particular class. To determine if two classes are overlapping, 

we calculate a normalized chi-square probability. The normalized chi-square probability is 

calculated as the ratio of the probability of belonging to a certain class over the sum of the 

probability of belonging to each of the specified five classes. The overlap class is assigned 

when those data belonging to a class with a normalized chi-square probability < 60%. Data not 

belonging to any class (i.e. chi-square probability = 0) is not assigned an aerosol type. 

 

3.3 Results 

In this section, we first turn our attention to the general performance of GEOS-Chem 

calculated AOD and vertical extinction relative to measurements from HSRL during SABOR. 

Next, we compare CATCH-derived and HSRL retrieved aerosol types and vertical aerosol 

extinction profiles off the east coast of the US and the open Atlantic Ocean. Lastly, we assess 

how well aerosol types derived from the CATCH training set (created over the east coast 

outflow region) are represented when applied to the broader model domain. 

 

3.3.1 Comparison of GEOS-Chem and HSRL AOD during SABOR 

 The time series for GEOS-Chem predicted and HSRL measured AODs for the SABOR 

campaign are presented in Fig. 3.4. The full set of vertically-resolved aerosol extinction 

profiles are given in the supporting information (Fig. S3.1). In general, reasonable agreement 

was found between measured and modeled AOD (DAOD) with an average difference of 0.11 

± 0.12 (relative error of 49.4 ± 87.5%). Figure 4 shows large differences between measured 
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and modeled AOD during July 22 and July 30-31 (with DAOD ~ 0.30), while for other days, 

i.e. July 27-28, GEOS-Chem predicted and HSRL measured AOD values were almost identical 

(with DAOD ~ 0.03). In terms of vertically-resolved comparisons, several differences between 

measured and modeled aerosol extinction were noticed. In general, a difference in aerosol 

extinction of ~ 0.01 km-1 was evident where HSRL-measured aerosol extinction was lower 

compared to GEOS-Chem in the first four altitude bins (332 m < z < 889 m) and higher at the 

middle altitudes between 1 and 6 km. Below, we use the CATCH-derived aerosol types to help 

elucidate the major aerosol types responsible for the observed differences between GEOS-

Chem and HSRL AOD and vertically-resolved aerosol extinction. 

 

3.3.2 Evaluation of CATCH-derived aerosol types against HSRL retrievals 

 The comparison of CATCH-derived aerosol types with HSRL retrievals for each flight 

of the SABOR campaign are available as part of the supporting information, Data Set S3.4. 

Here we focus on two specific episodes. The flight on July 31, 2014 was selected because it 

provides an example of air outflow from the eastern coast of the US with a thick, 1 km deep, 

urban plume underneath smoke aerosol type. The flight on August 01 was selected because of 

its proximity to a strongly backscattering plume (> 1 Mm-1 sr-1) of aerosol identified by HSRL 

as smoke in the free troposphere, most likely the result of a biomass burning event. 

During the flight on July 31, 2014, the aircraft flew from Virginia, up the coast to the 

Delaware Bay then out over the open ocean, sampled near the edge of a cloud towards the end 

of the trip (at time 16:08 and verified by MODIS true color; see supporting information, Fig. 

S3.9 and Data Set S3.4) before returning to the base (see Fig. 3.5, met1-met3). Figure 3.5 

shows the results for the HSRL-retrieved and the CATCH-derived aerosol types along with 

the HSRL measured backscatter coefficient for reference. Throughout the SABOR campaign 

it was common to find higher aerosol extinction below ~3 km (see Fig. 3.5a), above which 

aerosol extinction was low, often below the threshold for B. On Fig. 3.5c the CATCH-derived 

aerosol types with a B < 1.1 are shown with a white diagonal hatch overlay. According to Fig. 

3.5c, GEOS-5 meteorology places the clouds at roughly the same location and time as retrieved 

by HSRL. Figures 3.5b and 3.5c show reasonable agreement between HSRL-retrieved and 
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CATCH-derived aerosol types. Urban aerosols are generally concentrated at the lower levels 

below ~ 3 km, above which smoke begins to dominate. Some overlap classification exists in 

both Figs. 3.5b and 3.5c, which is to be expected since the dominant aerosol types are urban 

and smoke, two classes that are close together in the Mahalanobis space for both HSRL and 

CATCH. The careful comparison of Figs. 3.5b and 3.5c also shows some noticeable 

differences in aerosol types. At the lowest levels, HSRL fresh smoke and polluted maritime 

aerosol types (between 15:50 and 16:48) are not derived by CATCH as the model predicts the 

dominant aerosol types more representative of the urban class. Such differences between the 

CATCH-derived and the HSRL-retrieved aerosol types can be explained by the absence of a 

polluted maritime cluster in CATCH and by the known uncertainty due to cross-classification 

of HSRL-retrieved urban into polluted maritime and fresh smoke into either smoke or urban 

aerosol types [Burton et al., 2012]. Overall, Fig. 3.5 shows that the CATCH algorithm has 

performed reasonably well at capturing the dominant aerosol types that existed during this 

flight given the differences in vertical and spatiotemporal resolution between HSRL and 

CATCH. 

Figure 6, met1 shows the aircraft heading northwest from New Jersey over the Atlantic 

before making its return trip to New Hampshire on August 1, 2014. On this flight, a series of 

clouds were encountered at the beginning and end of the trip as verified by MODIS true color 

(Fig. 3.6 met1) and shown by the areas on Fig. 3.6a with aerosol backscatter above 100 Mm-1 

sr-1. General comparison of Figs. 3.6b and 3.6c shows reasonable agreement between CATCH-

derived and HSRL-retrieved smoke aerosol types. Close to the coast, urban aerosols were 

derived by CATCH for both outbound and inbound flight legs and agreed with HSRL retrievals 

for the inbound flight. As mentioned above, the coastal outflw frequently exhibited urban 

aerosol types below 3 km. According to Fig. 3.6c, the GEOS-5 meteorology had extensive 

cloud coverage above ~6 km a.s.l. which was verified by HSRL measured aerosol backscatter 

and MODIS true color imagery. However, GEOS-5 also placed a cloud between ~2 - 3 km 

a.s.l. at time 18:43-19:48, which was not observed by HSRL. Underneath the cloud, CATCH 

derived outliers or fails to assign an aerosol type while HSRL retrieved maritime aerosol. In 

general (see supporting information, Data Set S3.4), CATCH-derived maritime aerosol is in 
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good agreement with HSRL retrievals over the ocean, when seasalt represents a dominant 

aerosol component. This result is likely associated with the absence of a polluted maritime 

class in CATCH. 

3.3.3 Evaluation of CATCH-derived vertical extinction of individual aerosol types against 

HSRL retrievals 

Figure 7 shows the total column AOD apportioned by individual aerosol types for the 

entire SABOR campaign (the AOD for aerosol that has not been assigned a type is not 

included). Figure 7, as in Fig. 3.4, is constructed as a composite time series where each day is 

indicated by the x-axis label of the start date. Cloudy profiles with no data and days without 

flights are omitted. According to Fig. 3.7, smoke, urban, and maritime aerosol types most 

contributed to the AOD of the eastern US outflow. Speciation of CATCH-derived and HSRL-

retrieved AOD by aerosol type allows us to uncover additional information about the cases 

when large differences were noticed between measurement and model. Comparison of Figs. 

3.7a and 3.7b shows that the differences in column AOD values between HSRL and CATCH 

for flights on July 22 to 23 and on July 30 to August 2 are associated with smoke aerosol types. 

Note, these differences between HSRL and CATCH AOD existed for aerosols unapportioned 

by aerosol type (see Fig. 3.4), suggesting that the absence of smoke aerosol, rather than 

misclassification by CATCH, as a likely cause.  

Figure 7 shows reasonable agreement between CATCH-derived and HSRL-retrieved 

urban and maritime aerosol. The exception is for the flight on the second part of July 28 when 

CATCH derived large urban AOD, comparable to HSRL-retrieved maritime AOD. Further 

inspection (see Flight 2, July 28, 2014 in supporting information Data Set S3.4) shows that 

much of the HSRL-retrieved maritime aerosol was classified as polluted maritime. As 

discussed previously, polluted maritime was shown by Burton et al. [2012] to have the largest 

potential for cross-classification with urban aerosols, and therefore could explain the 

differences in aerosol classification between CATCH and HSRL. The overall campaign-

averaged and type-apportioned absolute differences in AOD were 0.02 ± 0.02, 0.03 ± 0.03, 

0.04 ± 0.04, 0.06 ± 0.07, and 0.01 ± 0.02 for dusty mix, maritime, urban, smoke and fresh 

smoke, respectively.  
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Additional verification on the comparability of CATCH can be obtained by examining 

derived vertical extinction profiles for different aerosol types. Figure 8 shows the vertical 

extinction profiles for all five aerosol types over the SABOR campaign. The lowest altitude 

for the HSRL data is ~300 meters due to the uncertainties surrounding surface detection and 

the aerosol extinction requiring multiple vertical range bins for calculation [Hair et al., 2008]. 

The contribution from CATCH-derived outlier and overlap types (~0.003 km-1) is not included 

in Fig. 3.8a. Overall, Fig. 3.8a shows good agreement between CATCH-derived and HSRL-

retrieved aerosol extinction values below ~ 1 km, above which HSRl values are higher 

compared to CATCH.  

Figures 3.8b – 3.8f show type-apportioned aerosol extinction and allow the exploration 

of the possible causes for differences between HSRL and CATCH. One general conclusion 

drawn from the inspection of Fig. 3.8 is that the differences between HSRL-retrieved and 

CATCH-derived aerosol extinction are largely associated with the smoke aerosol type (see Fig. 

3.8e). As shown on Fig. 3.7, the episodic large smoke AOD values retrieved by HSRL on July 

22 and on July 30 to August 2, 2014 were not captured by the CATCH algorithm. 

Figure 3.8b shows considerable differences between CATCH-derived and HSRL-

retrieved extinction profiles in mineral dust. However, having only one isolated episode when 

HSRL encountered dust aerosol, the possible reasons for these differences are hard to 

generalize. 

 Figure 3.8c shows that, below ~ 1 km, CATCH-derived maritime aerosol extinction is 

higher compared to HSRL, and lower above 1 km. According to this figure, there is also a 

sharp decrease in CATCH-derived aerosol extinction for maritime aerosol above 500 m. This 

feature could be associated with the treatment of the maritime aerosol class by CATCH. Data 

analysis shows that, because the coarse mode of seasalt has a much lower lidar ratio than the 

accumulation mode (supporting information, Fig. S3.4), a sharp reduction of the coarse mode 

seasalt aerosol concentration with height can raise the calculated Sp, eff such that it is outside 

the range belonging to the pre-specified maritime aerosol cluster used by the CATCH 

algorithm. 
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Finally, Figs. 3.8d and 3.8f show that CATCH-derived and HSRL-retrieved urban and 

fresh smoke aerosol types compare well at the 25th-75th quartile range.  

 

3.3.4 Application of CATCH-derived aerosol types to the North American nested model 

domain 

In this section, the CATCH aerosol typing algorithm has been applied over the GEOS-

Chem model domain for the period encompassing the SABOR campaign (18 July 2014 to 6 

August 2014). Figure 3.9 shows the column daily-average AOD for each of the CATCH-

derived aerosol types.  

In Fig. 3.9a, dusty mix aerosol appears in the lower southeast quadrant of the domain. 

The CATCH dusty mix class is, in large part, composed of mineral dust aerosols as this class 

is trained by GEOS-Chem data with mineral dust AOD fraction > 0.85 which is likely being 

advected from the Sahara Desert [Generoso et al., 2008]. In reality, dusty mix could contain a 

contribution from other aerosol components in addition to mineral dust (e.g., seasalt). In the 

future, such mixtures could perhaps be better represented by implementation of an optical 

mixing ratio parameter as shown in Burton et al. [2014].  

According to Fig. 3.9b, CATCH-derived maritime aerosol column daily-average AOD 

is largely concentrated over the oceans with spatial patterns resembling GEOS-Chem predicted 

seasalt aerosol emissions [Jaeglé et al., 2011]. Inspection of Fig. 3.9b also shows some non-

negligible AOD over parts of the continental US and Mexico, indicating the ability of the 

statistical clustering to identify aerosol types regardless of the underlying surface. However, 

Fig. 3.9b shows that maritime aerosol gets classified near the coastal regions and does not 

extend far inland. As pointed out, the possible reason for this is the dry deposition of large 

coarse mode aerosols that quickly raises the calculated Sp, eff over land outside the values of 

the CATCH maritime cluster. 

Figure 3.9c shows column daily average AOD values for the urban aerosol type.  

Overlaid yellow circles on Fig. 3.9c, are the US cities with the population in the upper 60% of 

all US cities (> ~101,000) and Mexico City. Figure 3.9c shows that urban aerosol types are 

typically associated with the most densely populated cities. Interestingly, Fig. 3.9c shows more 
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urban pollution associated with the eastern US cities compared to western ones. Sulfate aerosol 

plays a major role in our classification of urban aerosol types by the parameter xTC. Both 

GEOS-Chem predictions and ambient measurements show a higher concentration of sulfate in 

the eastern US compared to the western US [Walker et al., 2012]. The higher concentration of 

sulfate in the eastern US is a likely cause for the spatial distribution of urban aerosol in Fig. 

3.9c. However, a possible artifact associated with the use of East Coast pollutant outflow for 

training CATCH cannot be ruled out. 

Figure 3.9d shows that highest daily average AOD values for smoke aerosols are 

predicted for the Southern/Southeastern US. Although AODs for smoke aerosols are a factor 

of 3 lower compared to fresh smoke, comparing Figs. 3.9d and 3.9e shows that locations for 

CATCH-derived smoke and fresh smoke aerosol types are different. Overlaid light orange 

circles on Fig. 3.9d are the MODIS-identified active fires during the SABOR campaign that 

were not used in the training of the fresh smoke aerosol class (i.e. quality assured > 60% with 

a fire radiative power ≤ 28.3 MW). According to Fig. 3.9d, the smoke aerosol seems to be 

associated with less intense vegetation fires, occurring largely over the Central Plains. 

Nevertheless, it should be noted that aerosols originating from low and high intensity fires 

were separated by CATCH.  

Figure 3.9e shows most fresh smoke aerosols are concentrated over Northern Alberta 

and the Northern/Northeastern US. Overlaid red circles on Fig. 3.9e show MODIS-retrieved 

active fires (quality assured > 60% at a fire radiative power > 28.3 MW). Overall, this figure 

shows that the locations of CATCH-derived fresh smoke aerosols agree well with the high 

intensity active fires retrieved by MODIS. As the CATCH algorithm for the fresh smoke class 

was trained using the model aerosol data near large active fires, good agreement between the 

locations of the fires and the fresh smoke aerosol AOD is expected. However, careful 

inspection of Fig. 3.9e shows that the CATCH algorithm is also able to track the transport of 

fresh smoke aerosols far from the source regions. Despite such success, Fig 9e also shows 

numerous active fires in the Southeastern US and Yucatan Peninsula with minor amounts of 

CATCH-derived fresh smoke AOD. Implementation of different vegetation types in CATCH 

may be able to better capture biomass burning plumes from various parts of the world as fires 
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from different vegetation types have distinctly prescribed emissions of primary OC and BC. 

The Global Fire Emission Dataset (GFED) accounts for four types of vegetation including 

tropical forest, savanna, extratropical forest and grassland [Randerson et al., 2015].  

Finally, on Fig. 3.9f we explore what fraction of total aerosols go unclassified by 

CATCH as well as the spatial distribution of these unclassified aerosols. According to this 

figure the total daily averaged AOD of unclassified aerosols over the continental US is almost 

zero, suggesting that the majority of aerosols predicted by the GEOS-Chem model have been 

assigned a CATCH aerosol type. However, Fig. 3.9f also shows the regions of the model 

domain (again the Yucatan Peninsula, Latin America in general, and the tropical oceans) where 

a considerable fraction of AOD is unclassified. These areas of the model need to be further 

investigated to identify if additional aerosol classes are required, or a mixture of the 

components that resides within the existing variable space can be modified by implementing 

the idea of an optical mixing ratio [e.g. Burton et al., 2014].  

 

3.4 Sensitivity analysis for potential misclassification of aerosol types 

In this section, results of the Monte Carlo simulations are presented to illustrate 

how variations in the CATCH aerosol class variables can affect the apportionment of 

aerosol types. The results of this Monte Carlo simulation are shown on Fig. 3.10 and are 

used to assess the cross-classification and the sensitivity for overlap of the CATCH-

defined aerosol classes. By varying the parameters within each aerosol class by their 

respective ranges, we have probed the entire 5-dimensional space and learned that the 

most easily classified aerosol types are the maritime, urban and fresh smoke classes, 

while the most difficult classes to classify are the dusty mix and smoke classes. 

According to Fig. 3.10, the dusty mix class is most subject to misclassification with the 

maritime aerosol class. The dusty mix is correctly classified 60% of the time and can be 

misclassified as maritime 34%, outlier of 1%, and overlap 5% of the time. Figure 3.10 

also shows that maritime is correctly classified at 86%, but can be misclassified as an 

outlier at 14% of all simulations. Urban is correctly classified at 82.5%, and can be 
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misclassified as an outlier 17%, and overlap 0.5% of all simulations. Smoke is correctly 

identified 38% of the time and misclassified as urban 30%, fresh smoke 3%, outlier 23% 

and overlap 6%. Finally, fresh smoke is correctly classified at 83.5% and misclassified as 

an outlier 16.5% of the time. Possible future improvements to the CATCH algorithm 

should be aimed at refining the parameters and aerosol classes to increase the sensitivity 

and reduce the potential for cross-classification, especially for the smoke aerosol class. 

 
3.5 Implications for a next generation product combining satellite and model data  

This study, using the contiguous US as a testbed, showed that it is possible to use model 

data to derive aerosol types similar to those retrieved from remote sensing. The CATCH 

algorithm developed in this study requires only a reference for pre-specified clusters of aerosol 

types in terms of parameter means and covariance matrices. The performance of CATCH 

should be further evaluated for the various HSRL field campaigns that have occurred (will 

occur) over different parts of the world. With more data, further algorithm refinement (with 

the possibility of added classes) is feasible. Once an adequate look up table for aerosol classes 

is created, CATCH could be implemented as an operational output for CTMs to simulate 

aerosol types for various locations and times. Comparison of aerosol type-specific optical 

properties with remotely-sensed data could greatly improve model estimates of the aerosol 

radiative effect and help to reduce uncertainties on aerosol radiative forcing. The current 

methodology to best assess the aerosol radiative effect relies on constraining model-estimated 

total column AOD to observations from remote sensing technologies. Expanding models to 

account for aerosol types rather in addition to their chemical composition will likewise improve 

model-satellite intercomparisons of vertically-resolved aerosol extinction. Improvements to 

model accuracy of the aerosol direct and indirect effect (and subsequently the aerosol direct 

and indirect radiative forcing) will directly follow the increased accuracy by models to simulate 

aerosol type, thereby reducing the large uncertainties in climate prediction associated with 

atmospheric aerosols [Stocker et al., 2013]. 

 Moreover, the global look up table for aerosol classes will allow using satellite data for 

getting information on aerosol chemical composition. However, this may require the 
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development of aerosol classes, custom-fitted for different regions of the globe, to account for 

variability in optical properties of individual aerosol types due to differences in emissions and 

photochemical transformation. Several studies focusing on the optical properties for certain 

aerosol types have already been carried out in different parts of the globe [Dubovik et al., 2002; 

Cattrall, 2005; Müller et al., 2007; Omar et al., 2009] and could be incorporated by CATCH 

for broader applicability; for example, similar cluster-development techniques can be used 

with measurements of vertically-resolved aerosol type over different regions of the globe by 

aircraft campaigns or spaceborne profiling HSRL lidar, in addition to the legacy elastic-

backscatter CALIOP lidar. 

 

3.6 Summary and Conclusions 

In this work, we have developed a new algorithm, CATCH, that allows for the 

translation of model-predicted spatiotemporal information on aerosol chemical composition to 

aerosol types. The CATCH-derived aerosol types of dusty mix, maritime, urban, smoke and 

fresh smoke are largely based on selected HSRL data (referred to as a training set) retrieved 

off the east coast of the US. The comparability of the CATCH algorithm was evaluated both 

qualitatively and quantitatively. Spatial distributions of CATCH-derived aerosol types 

compared well with those retrieved by the HSRL (version 1) lidar and type-apportioned AOD 

and aerosol extinction were in reasonable agreement for most of the SABOR campaign. It was 

found that the mass ratio of total carbonaceous aerosol to the sum of total carbonaceous aerosol 

and sulfate along with the effective lidar ratio are the most important parameters in the 

classification of aerosol types. Data analyses showed that the smoke and urban class were most 

challenging to separate followed by the smoke and fresh smoke class. Comparison of CATCH-

derived and HSRL-retrieved type-apportioned AOD revealed that the difference in AOD for 

the US east coast outflow was largely associated with episodic mid-tropospheric transport of 

the smoke aerosol not captured by GEOS-Chem. Over the remote ocean, CATCH-derived 

values were higher compared to HSRL within the first 1 km, mainly due to higher values of 

CATCH-derived maritime aerosol. 
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After comparing CATCH aerosol types to those retrieved by HSRL during SABOR, 

we expanded our focus to the rest of the GEOS-Chem model domain to see how aerosol types 

predicted using SABOR as a training set could be applied elsewhere. From a domain-

perspective, aerosol types predicted by CATCH appear to match closely (except for the 

southwestern Pacific and the Yucatan Pensinsula) with expected spatial distributions, 

particularly when compared with heavily populated cities and MODIS-observed active fires. 

Over the majority of the contiguous US, we found that AOD uncaptured by CATCH was 

essentially zero but could be as high as 0.1 for coastal outflow from Mexico. Regions where 

an aerosol type was not assigned by CATCH should be further investigated to determine if 

there is a need for additional aerosol classes or a mixture of the existing classes.  

 Future work at providing the most accurate model aerosol types should be aimed at 

improving model calculations of the effective lidar ratio and other effective optical parameters, 

including multi-spectral parameters targeting particle size. One example for improving the 

calculation of effective optical properties would be an enhanced treatment of hygroscopicity. 

Currently CATCH assumes the hydrophilic fraction is unity for the OC and BC parameter 

components. Another assumption made by CATCH is a constant dust size distribution with the 

set dust fractions in each of the 7 size bins. In the future we will consider integration of CATCH 

with the Flexible Aerosol Optical Depth (FlexAOD) algorithm, a post-analysis tool to calculate 

aerosol optical properties considering the hydrophilic fraction and each of the 7 dust size bins 

as well as multi-spectral optical parameters [Curci, 2012; Curci et al., 2015].  

 Results of this study show that the CATCH algorithm can facilitate comparison 

between model-predicted and remotely-sensed type-apportioned AODs. Simulations of type-

specific AOD values derived by CATCH can further be used in conjunction with remotely-

sensed data to better constrain model predicted AOD. In other words, this new extension of 

model-derived aerosol types can yield precise information on which aerosol types are 

contributing most to discrepancies between model-predicted and satellite-measured AOD. This 

kind of information can help models to better diagnose causes (emission, transport, 

photochemical transformation, removal) for cases when model predicted column AODs do not 

agree with satellite measurements. Beyond more informed model evaluation, estimates of 
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climate radiative forcing can be improved upon by reducing uncertainty associated with 

variable chemical composition and optical properties associated with different atmospheric 

constituents. Conversely, spaceborne sensors can use aerosol optical properties to gain insight 

into the chemical composition of aerosol types, perhaps aiding estimates of satellite retrievals 

of cloud condensation nuclei, cloud effective radius, and cloud droplet number concentration. 

This study showed that, because certain regions can remain unclassified by CATCH, a 

comprehensive and geographically relevant dataset of aerosol classes should be developed for 

use by CATCH to produce aerosol types over different regions of the globe. With such a 

database, a relatively simple spaceborne HSRL would provide the data needed to infer 

vertically-resolved chemical composition globally and provide a data set to evaluate and 

improve chemical transport models.  
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Table 3.1 Formulations and descriptions for the five variables used in the calculation of the 

Mahalanobis distance (DM) 

*Aerosol optical depth (AOD) is related to the mass loading by AOD = aM, where a is the 
mass extinction cross section (m2 g-1) and M is mass concentration (g m-2) [Tegen and Lacis, 
1996].  

Analytical formulation Description 

xçé =
(èê

(èêë(íìîï

    

Mass ratio (xTC) of total carbonaceous aerosol (MTC) 
to total carbonaceous aerosol and sulfate (MSULF). 
Total carbonaceous aerosol includes both primary 
and secondary organic carbon (OC) and black 
carbon (BC)* 

xué:ñé =
(óê

(òê

	≅
ôóêöòê

ôòêöóê
  Mass ratio of OC (including primary and secondary 

organic carbon) to BC aerosol* 

Sú,r55(ù) ≡ 	
qr

qü
≅

qr

qr,`/Sú,`(ù)		`

	 
Effective lidar ratio (Sp, eff) where se is the aerosol 
extinction coefficient (km-1) and sb is the aerosol 
backscatter coefficient (km-1sr-1) 

N1,r55(ù) = N`(ù)c`	`   
An effective real index of refraction (Nr, eff) based on 
the individual component real refractive indices in 
the model and weighted by volume fraction (e) 

SSAr55(ù) = 	
;

tuv
SSA`(ù)AOD`` 			

An effective single scattering albedo (SSAeff) based 
on the individual component SSAs in the model and 
weighted by AOD  
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Table 3.2 Summary of the fraction of HSRL data used and from which data files in each 

aerosol class of the training set 

 
*Passed checks were issued when the initial N ≥ 5000 and Failed checks were issued if N 
< 5000. The final training set was accepted if the data approximated a normal distribution; 
see supporting information Text S5 and Figs. S3.5 and S3.7. 
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Table 3.3 Class-to-class Mahalanobis distances £§  between the CATCH aerosol classes 

Classes Dusty Mix Maritime Urban Smoke Fresh Smoke 

Dusty Mix 0 41.2 24.0 40.5 64.3 
Maritime 41.2 0 17.7 29.1 38.2 
Urban 24.0 17.7 0 3.1 6.6 
Smoke 40.5 29.1 3.1 0 5.1 
Fresh Smoke 64.3 38.2 6.6 5.1 0 

 
 

Table 3.4 Wilks’ lambda statistics 

Variable* Wilks’ Partial Lambda** Ranking 

xTC	 0.184 1 

xOC:BC	 0.859 5 

Sp,	eff	 0.184 2 

Nr,	eff	 0.367 4 

SSAeff	 0.366 3 

*Wilks’ Lambda equals to 0.012 for all (N = 31,289) clustered data and 0.004 with outliers 
removed 

**Partial lambdas are calculated with outliers removed (N = 24,471). 
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Figure 3.1 Flight tracks for the HSRL flights during the 2014 SABOR campaign. Flights are 

colored by the day of occurrence  



 

 105 

 
 
Figure 3.2 CATCH algorithm flow diagram for creating the training set (purple arrows) and 

assigning aerosol types (green arrows). AOD is represented by the symbol t and Mass is 

represented by M. The chi-squared probability has the symbol c2 and the parameters are 

represented by the symbols in Table 3.1. See main text section 3.2 for details  
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Figure 3.3 Collocated model parameters used in calculating the Mahalanobis distance. Each 

ellipse is drawn to show 1 standard deviation from the mean along the major and minor 

eigenvectors. The x-axis of each panel is the mass ratio of total carbonaceous aerosol to total 

carbonaceous aerosol and sulfate and the y-axis of each panel from left to right are the organic 

carbon to black carbon mass ratio, effective lidar ratio, effective single scattering albedo and 

effective real refractive index  

 

 

 
 
Figure 3.4 Time series comparison of collocated GEOS-Chem (blue) and HSRL (black) total 

AOD for the SABOR campaign. The gray text at the top of the figure indicates the average 

difference in AOD between HSRL and GEOS-Chem with ±1 standard deviation (n = number 

of profiles averaged)  
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Figure 3.5 Meteorology (met) figures are first with (met1) MODIS true color, (met2) GEOS-

5 surface level pressure contours and 10-m wind vectors, and (met3) 10-m contoured wind 

speed. The color bar corresponds to the flight time which is superimposed on all three met 

panels. The (a) native HSRL resolution aerosol backscatter coefficient (Mm-1 sr-1) (b) native 

resolution HSRL aerosol types and (b) predicted aerosol types from CATCH for flight 1 on 

July 31, 2014. Aerosol backscatter > 0.1 km-1 sr-1 (100 Mm-1 sr-1) is colored white in panel 

(a) and aerosol types that are below the detection limit for (b) HSRL (which we call “Not 

Classified”) or not classified by (c) CATCH are colored white. The red contours in (c) show 

the data with GEOS-5 derived grid-averaged cloud fractions > 0.1%. The flight time from 

HSRL is given in the top x axis with the corresponding GPS coordinates on the lower x axis. 

A white hatch has been superimposed on the lower panel to indicate regions falling below the 

B = 1.1 threshold (see text for details). Black regions in panel (a) indicate missing data from 

HSRL due to low signal 
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Figure 3.6 Same as in Fig. 3.5 but for flight 2 on August 01, 2014 
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Figure 3.7 Time series for (a) HSRL total AOD apportioned by type, and (b) GEOS-Chem 

total AOD apportioned by CATCH type for the SABOR campaign. Columns containing no 

HSRL retrievals due to clouds and time-gaps between subsequent flights are removed 

resulting in the inconsistent spacing along the x-axis. The date on the x-axis marks the start 

of the flight 
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Figure 3.8 Type-apportioned median aerosol extinction for HSRL at 532 nm (filled circles) 

and GEOS-Chem at 550 nm (white, outlined circles) for the SABOR campaign in bins 

corresponding to the GEOS-Chem vertical resolution. The horizontal shaded regions 

correspond to the 25th and 75th quartile ranges for GEOS-Chem and the horizontal lines 

correspond to the 25th and 75th quartile ranges for the HSRL 
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Figure 3.9 (a-e) GEOS-Chem average daily aerosol optical depth apportioned by CATCH-

derived aerosol types for the nested grid domain and (f) the difference of model-predicted 

total AOD and all classified types including outliers and overlap types. The color scale is 

variable for each panel and is set such that the upper limit on the color bar is the 99th 

percentile of the AOD for each aerosol type. Yellow circles on panel (c) indicate cities with a 

population > 101,000; orange points on panel (d) indicate MODIS-active fires with a fire 

radiative power < 28.3 MW; red points on panel (e) indicate MODIS active fires with a fire 

radiative power > 28.3 MW and were used to derive the data in the CATCH training set for 

the fresh smoke class 
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Figure 3.10 The fractional probability of classification for each CATCH-defined aerosol 

class. Results are calculated from a Monte Carlo simulation of 106 randomly generated points 

within each aerosol class 
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Supporting Information for Chapter 3  

S3.1 Introduction  

S3.1.1 Overview 

This is the Supporting Information for “Linking remote sensing and chemical transport 

models by Creating Aerosol Types from CHemistry (CATCH): a newly developed algorithm”. 

In this document, we provide some additional detail on the method for creating the CATCH 

aerosol types. Such details include the re-gridding of HSRL-1 retrieved aerosol types and the 

calculation of effective optical properties. We also include some links to independent reports 

of smoke transport during the month of July for placing better context around days that HSRL-

1 measured large aerosol extinction in the free troposphere as compared to simulations from 

GEOS-Chem. 

We also include the training set data, means and covariances for the CATCH aerosol 

classes, the look-up tables (LUTs) for calculating the aerosol effective optical properties, and 

a compressed file containing quicklook summary plots of the SABOR campaign. 

 

S3.1.2 Comparing model to measurement performance for the SABOR campaign 

The aerosol extinction from GEOS-Chem and HSRL-1 is compared to understand how 

well the model could represent the measurements taken during the SABOR campaign. This is 

an elaboration on the comparison given in the main text by comparing the vertically resolved 

aerosol extinction. Figure S3.1 shows the aerosol extinction (se) for each flight (except for 2 

which are omitted due to heavy cloud cover preventing HSRL-1 retrievals) during the SABOR 

campaign. The HSRL-1 flight curtains are compared to the spatiotemporally collocated GEOS-

Chem curtains by way of median aerosol extinction profiles. Horizontal bars represent the 25th 

and 75th percentiles of the data at each altitude bin. HSRL-1 was binned to the GEOS-Chem 

altitudes by converting se to aerosol optical depth (AOD = seDz) and taking the sum over the 

GEOS-Chem altitude bin. The grid total HSRL-1 AOD was normalized over the height of the 

GEOS-Chem altitude bin to convert back to aerosol extinction and was directly compared to 

the GEOS-Chem aerosol extinction for that altitude bin. The equation used to compare HSRL-

1 aerosol extinction by binning to GEOS-Chem resolution is given in Eq. S3.1 where DzHSRL-1 
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= 0.015 km, Dz is the height of the GEOS-Chem grid box and se(z) is the HSRL-1 measured 

aerosol extinction. 

qß =
;

wx
qr z Δz™´¨≠;

x
xM

                 (S3.1) 

The main text shows in Fig. 3.1, the median and 25th-75th integrated extinction (i.e. AOD) and 

is simply the results from integrating Fig. S3.1. Note that GEOS-Chem predicts aerosol 

extinction near the surface where HSRL-1 cannot retrieve data due to issues with surface 

calculations [Hair et al., 2008]. We quantify the campaign average differences in the 

manuscript under the section 3.3.1. 

 

S3.2 Binning HSRL-1 aerosol types to be used for CATCH 

When developing the training set for CATCH, the aerosol types from HSRL-1 must be 

re-gridded to closely match horizontal location and vertical resolution of GEOS-Chem. 

Furthermore, model vertical grid boxes that contain multiple HSRL-1 aerosol types should be 

ignored because the five model parameters used in the training set must be limited to a single 

aerosol type. To consider model data that is most applicable to the retrieved HSRL-1 aerosol 

type, we ignore the data that meet the following conditions: (1) more than a single HSRL-1 

aerosol type is within the GEOS-Chem vertical grid or (2) less than 30% of the vertical grid 

box has an assigned HSRL-1 aerosol type. The results for one flight of (a) before and (b) after 

gridding of HSRL-1 aerosol types are shown in Fig. S3.2. 

 

S3.3 Calculation of classification variables 

S3.3.1 Relative humidity dependent mass extinction cross section 

The aerosol optical depth (AOD) is related to the aerosol mass in GEOS-Chem as: 

AOD =
N

R

Æe
Øeff	L

∞ = ±∞                    (S3.2) 

where Qe is the average extinction efficiency (unitless), reff is the optical effective radius of the 

particle size distribution (m), r is the particle density (g m-3), a is the average mass extinction 

cross section (m2 g-1) and M is the vertically integrated mass concentration (g m-2). Martin et 

al. [2003] describe the process for tabulating aerosol optical properties at differing relative 
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humidity (RH). The dependence of aerosol mass extinction (i.e. a in Eq. S3.2) on RH was 

derived for each aerosol type (Fig. S3.3). GEOS-Chem provides tabulated values (at a 

wavelength of 550 nm) for Qe, reff, and r at RH = 0, 50, 70, 80, 90, 95 and 99%. This allows 

the calculation for the mass extinction cross section as a function of RH from Eq. S3.1 at the 

same values for RH. To create a look-up-table (LUT) for a as a function of the entire range of 

RH, the space between each tabulated a value is interpolated using a constant log-linear slope 

and values at RH > 99% are saturated at the tabulated value for a(RH99%). The LUT is 

generated for all 0 ≤ RH ≤ 99% in steps of 0.1% (see Fig. S3.3).  

 

S3.3.2 Determining the mass ratios and effective optical properties 

We use the mass extinction cross section (m2 g-1) for each component to convert the 

model output AOD to mass concentration (g m-2) as in Eq. S3.1. The mass ratios of (1) total 

carbonaceous aerosol to the sum of total carbonaceous aerosol and sulfate and (2) the organic 

carbon (including secondary organic aerosol) to black carbon ratios are then computed from 

the calculated mass concentrations from Eq. S3.1. The GEOS-Chem model provides tabulated 

values for the component SSA and Nr as a function of RH. Therefore, we directly create a LUT 

from these data and linearly interpolate s previously mentioned  to produce the SSA and Nr for 

the range of model-predicted RH.  

One parameter not given in the model-tabulated values from GEOS-Chem is the lidar 

ratio (Sp). Therefore, we calculate Sp for each component from the given model-tabulated 

values of the component optical effective radius (reff) and the geometric standard deviation (s) 

as a function of RH. Log-normal particle size distributions (PSDs) are assumed and calculated 

from the given reff and s. The calculated size distributions are normalized to have a peak 

number concentration = 1. Next, Mie code output of the extinction (Qe) and backscatter 

efficiency (Qb) as a function of particle size and component index of refraction is multiplied 

on the PSD (cm-3 µm-1) and integrated to produce component-calculated extinction (se, km-1) 

and backscatter (sb, km-1 sr-1) coefficients. The lidar ratio is then the ratio of aerosol extinction 

(se) to aerosol backscatter (sb) and is independent on aerosol loading. Note that by definition, 
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aerosol extinction is integrated over all solid angle and has units of (km-1). Aerosol backscatter, 

however, is angle specific and retains the solid angle unit and so the aerosol backscatter has 

units of (km-1 sr-1). This formalism allows us to create a LUT for the lidar ratio (sr) for each 

component in GEOS-Chem and is also interpolated linearly as a function of RH between each 

point. The equations governing the calculation of Sp are given in Eqs. S3.3-S3.5. The resulting 

LUTs are given in Fig. S3.4 (a-c) and are available for download as supporting Data Set S3.3. 

 

qr = Qr≥ù
WPSDµù

∂

∑
                (S3.3) 

qü = Qü≥ù
WPSDµù

∂

∑
                (S3.4) 

Sú = 	qr/qü                  (S3.5) 

 

Model output of component AOD is used to determine AOD fractions to be multiplied 

on the component optical properties of single scatter albedo (SSA) and the component lidar 

ratio (Sp) to produce a weighted SSAeff and Sp, eff. We append the subscript “eff” (abbreviated 

for effective) to designate the weighted optical properties. The component volume fractions 

(calculated as ei = Vi/V where Vi = Mi/ri) are used to calculate the effective index of refraction 

(Nr, eff). The equations used in the algorithm calculation of the effective optical properties are 

given in Eqs. S3.6-S3.8 where the AOD is approximated as the aerosol extinction coefficient 

(km-1) multiplied by grid height (AOD = seDz). 

 

SSAr55 =
;

S∏
qr,`mmâ``                  (S3.6) 

Sú,r55 =
;

S∏
qr,`Sú,`` 	                  (S3.7) 

N1,r55 = cπ∫Ø,ππ                   (S3.8) 

 

These methods for calculating effective optical properties have been implemented by 

Curci et al. [2015] in a post model analysis tool called FlexAOD (Flexible Aerosol Optical 

Depth). FlexAOD incorporates treatment for hydrophobic and hydrophilic fractions as well as 

each individual dust size bin for calculating effective optical properties. The histograms of the 
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calculated effective optical properties are shown in Fig. S3.5. Figure S3.5 is also fit with 

normal distributions, except when the effective optical properties did not span more than a 

single bin as was the case for dusty mix. The total number of data shown are 19,165 where 

only fresh smoke from extratropical forests is plotted. Including all vegetation types for fresh 

smoke increases this number to 24,471 but does not significantly change the shape of the 

histogram which was only used to confirm normally distributed parameters, later quantitatively 

assessed in Text S4. 

 

S3.3.3 Determining the cutoff for the aerosol background signal (B) 

We have AOD output from the GEOS-Chem model that is converted to aerosol 

extinction as mentioned in Text S3.1. As mentioned in the main text, we also can calculate 

modeled molecular extinction from the temperature and pressure fields given by GEOS-5 

meteorology. Lidar applications measuring aerosol scattering have a threshold limit below 

which aerosol optical properties cannot be retrieved. For HSRL-1, scattering ratios < 1.2 result 

in unstable retrievals of the aerosol depolarization ratio (personal communication, Sharon 

Burton). For the spaceborne Cloud Aerosol Lidar with Orthogonal Polarization (CALIOP), 

this limit is identified by a normalized scattering ratio ≤ 1. Because lidar applications rely on 

a scattering ratio for measuring aerosol optical properties, we wanted to gain a feel for how 

this might relate to the extinction ratio (B), that is the sum of aerosol scattering and absorption 

normalized by molecular scattering. Charlson et al. [1974] investigated background aerosol 

scattering and extinction ratios with a nephelometer and spaceborne telescope, respectively. 

The simultaneous observations of both scattering and extinction ratios helped us to determine 

that the average ratio of aerosol extinction to scattering ratios (se/ss where molecular scattering 

is removed by cancellation) was 1.25 ± 0.17. Using this relationship, and the assumption that 

background aerosol is of constant chemical composition, we converted the aerosol scattering 

ratios measured by Charlson et al. [1974] to equivalent extinction ratios and found a near linear 

agreement shown in Fig. S3.6: represented by the equation B = 1.25x, where x is the scattering 

ratio. By extrapolating to a scattering ratio of 1, and including the ±0.17 range in uncertainty, 

we find a lower limit of B = 1.1 to use as the threshold for which background aerosol is 
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identified. To be consistent with HSRL-1, this limit would be 1.3 ≤ B ≤ 1.7. Our value for B is 

only an indicator as to which aerosol might have been classified under background conditions 

and the selected threshold has no effect on the results presented in the main manuscript. 

However, in the future, a specific background aerosol class might be identified, or at the very 

least, model performance enhanced by skipping aerosol type classifications for these regions 

of low aerosol loading. 

 

S3.4 Fresh smoke cluster 

As chemical composition and thus the optical properties of fresh smoke aerosols could 

be specific of the vegetation that is being burned, Fig. S3.7 shows different distributions for 

organic carbon to black carbon (xOC:BC) ratios for the four dominant vegetation types with 

active fires occurring between 21-23 of July, 2014 in the US and Canada. We used this time 

over three days to observe any changes that might exist in xOC:BC for different vegetation types. 

We concluded that vegetation type was not a major factor in the variance of this parameter and 

so we proceeded the analysis without any further consideration for underlying vegetation. 

Instead, we restricted fires to be strongly burning which we defined by the fire radiative power 

(FRP) in exceedance of 28.3 MW (i.e. the upper 60th percentile of all MODIS active fires 

during SABOR). Reiterating, in this study we selected any forest fire that occurred during 

SABOR with FRP > 28.3 (and identified with confidence > 60% and classified as vegetation 

fires) to contribute to the training set used in deriving the fresh smoke class.  

 

S3.5 The applicability of the chi-square relation 

Once the training set was compiled, the pre-specified clusters were used to calculate 

the Mahalanobis distance and the chi-square probability of each training set entry of belonging 

to the particular aerosol class. The Mahalanobis distance is frequently used as a method for 

identifying outliers by relating the squared Mahalanobis distance to the chi-square quantiles. 

We use this relationship to refine the training set once more by excluding data with a chi-

square probability of belonging to a model class < 60% (note this is in reference to model 

classes and not the HSRL-1 aerosol classes discussed in the main text). The final model aerosol 
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classes were computed by taking the refined training set and re-calculating the means and 

covariance matrices with all detected outliers removed for each pre-specified cluster. In Fig. 

S3.8, we use the comparison of quartiles for assessing how well the resulting .(W  is represented 

by a chi-square distribution. The relationship of .(W 	to the chi-square quartiles is 1:1 for 

parameters that are normally distributed, and deviations from this relationship can help to 

identify outliers in the training set. Figure S6 shows that for our training set, the chi-square 

relationship holds with a 1:1 relationship to the squared DM. The correlation coefficient for 

training set data with a squared DM < 35 is r = 1 but drops to r = 0.76 when all training set data 

are included. When broken down by class, the correlation coefficient for all training set data 

within that class is r = 0.41, 0.79, 0.96, 0.55 and 1.0 for dusty mix, maritime, urban, smoke 

and fresh smoke, respectively. Only 0.8% of the training set contains data that has a squared 

DM larger than 35, suggesting that the training set is well approximated by a chi-square 

distribution and no deficiencies in the conversion from DM to a chi-square probability should 

appear in CATCH. 

 

S3.6 Inclusion of summary figures for SABOR campaign 

The summary quick look plots of the SABOR campaign HSRL-1 data and CATCH 

aerosol types are provided as downloadable supporting information. One example is shown in 

Fig. S3.9. 
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Figure S3.1 The flight-by-flight comparison of GEOS-Chem modeled (blue) to HSRL-1-

measured (black) aerosol extinction coefficient with horizontal bars representing the 25th and 

75th percentiles. The titles contain the flight ID labeled as yyyymmdd_F#  
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Figure S3.2 The (a) native resolution of the HSRL-1 derived aerosol types and (b) those 

same aerosol types after re-gridding to GEOS-Chem model vertical resolution and filtering 

for the 30%-layer fraction criteria 

 

 

 
 
Figure S3.3 Mass extinction cross section as a function of relative humidity (RH) for 

different chemical components. Lines are log-linear interpolations and cover the RH range 

from 0-99% in steps of 0.1% 
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Figure S3.4 Look up table approach to interpolate the effective optical parameters for (a) 

lidar ratio (b) real refractive index and (c) single scatter albedo (black carbon is plotted on a 

secondary y-axis due to its low SSA). RH is in steps of 0.1% and the component optical 

parameters are linearly interpolated between discreet points at 0, 50, 70, 80, 90, 95 and 99% 
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Figure S3.5 Normalized frequency distributions for the five variables used to build the 

cluster means and covariances for calculating the Mahalanobis distance and ultimately, the 

CATCH aerosol types. Rows correspond to the selected five aerosol types. Columns (1) and 

(2) are the mass ratios of total carbonaceous aerosol to the sum of total carbonaceous aerosol 

and sulfate and the total organic carbon to black carbon, respectively. Column (3) is the 

effective lidar ratio (4) is the effective single scatter albedo and (5) is the effective real 

refractive index. The results of each parameter are binned (bars) and fit (solid line) with a 

normal distribution, with the corresponding cumulative distribution function (CDF) overlaid 

as filled circles for data and a black line for the fit. The comparison of the CDFs indicate the 

deviation from normal for each aerosol type and variable. Total number of points used for 

each class is printed in the title 
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Figure S3.6 The relationship of the scattering ratio measured by Charlson et al. [1974] to the 

extinction ratio (B). The red crosses are data obtained from Table 1 in Charlson et al. [1974] 

and are converted to extinction ratio using a constant slope of 1.25. The solid lines indicate 

the range of uncertainty in the conversion by applying the ±0.17 standard deviation in the 

data from Fig. 3.5 in Charlson et al. [1974] 
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Fig. S3.7 Normalized frequency of occurrence of the organic carbon to black carbon ratios 

for forest fires during July, 2014 for different vegetation types. The red line is a lognormal 

distribution fit to the data. The means and standard deviations (sigma) are given in each panel 

and all data is taken from below 1 km a.s.l. 

 
 
Figure S3.8 Squared Mahalanobis distance and the chi-square quantiles for the model data 

used in the creation of the classes from the training set. Data is colored by aerosol type and 

the 1:1 line is shown in black 
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Figure S3.9 Summary of the 31-Jul-2014 flight: (a) the aerosol backscatter coefficient in log 

scale; (b) the subsurface backscatter ratio. Black regions indicate areas with low signal-to-

noise ratio; (c1) the MODIS Aqua/Terra TrueColor product; (c2) the GEOS-5 surface wind 

vectors and pressure contours; (c3) filled contours of the surface wind speed; (d) the GEOS-5 

relative humidity from the HSRL-1 data files; (e) the HSRL-1 aerosol type; and (f) the 

CATCH aerosol type. The purple line indicates the derived boundary layer height using 

wavelet covariance and the yellow line indicates the derived mixed layer height (the second 

maximum in the wavelet covariance)  

(a) 

(b) 

(c1) (c2) (c3) 

(d) 

(e) 

(f) 
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Table S3.1 The index numbers for the flight dates and filenames used in the CATCH training 

set, Data Set S3.2 

 
Index Number File Name 

1  20140718_F1_sub.h5 
2 20140720_F1_sub.h5 
3 20140721_F1_sub.h5 
4 20140722_F1_sub.h5 
5 20140722_F2_sub.h5 
6 20140723_F1_sub.h5 
7 20140723_F2_sub.h5 
8 20140726_F1_sub.h5 
9 20140726_F2_sub.h5 

10 20140726_F3_sub.h5 
11 20140727_F1_sub.h5 
12 20140727_F2_sub.h5 
13 20140727_F3_sub.h5 
14 20140727_F4_sub.h5 
15 20140728_F1_sub.h5 
16 20140728_F2_sub.h5 
17 20140730_F1_sub.h5 
18 20140731_F1_sub.h5 
19 20140801_F2_sub.h5 
20 20140802_F1_sub.h5 
21 20140804_F1_sub.h5 
22 20140805_F1_sub.h5 
23 20140806_F1_sub.h5 
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Data Set S3.1 Statistics for the CATCH classes as means and covariance matrices for 

aerosol types: dusty mix, maritime, urban, smoke, and fresh smoke developed from the final 

training set (outliers removed); named as dawsonetal-ds01.dat 

Data Set S3.2 The CATCH training set of model parameters and README file of filenames 

and index numbers used for developing the CATCH classes; named as dawsonetal-ds02.dat 

Data Set S3.3 The look-up-tables (LUTs) for calculating the CATCH effective optical 

properties from the GEOS-Chem chemical composition data as a function of relative 

humidity. The LUTs included are the component-specific mass extinction cross section, lidar 

ratio, real refractive index, single scatter albedo and a logarithmic hygroscopic scale factor 

(not used in this analysis); named as dawsonetal-ds03.dat 

Data Set S3.4 An archive of summary plots for the entire SABOR campaign that include 

atmospheric backscatter, subsurface scattering ratio, meteorology, HSRL-1-retrieved aerosol 

type, and CATCH aerosol type as well as a README file; named as dawsonetal-ds04.bz2 
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CHAPTER 4 – Current Limitations and Future Directions 

 
4.1 Introduction 

This chapter contains a summary of existing limitations and proposed future directions 

that should be followed from the work presented in this Dissertation. The contents are 

presented in the context of Chapters 2 and 3 with the presented limitations being discussed in 

no particular order as they are all of medium to high priority (a summary of all limitations and 

future directions discussed in this chapter is given in Table 4.1). Section 4.2 is primarily 

focused on the limitations surrounding hydrogel kinetics, viscosity and surface tension with 

future directions aimed at reducing uncertainties that arise from these limitations. Section 4.3 

shifts focus to the limitations present from the study conducted in Chapter 3. The main 

limitations that are discussed in this section are those that arise from resolution differences 

between the model and measurements, algorithm training with East Coast field campaign data, 

representativeness due to seasonality, choice of distance metrics, the assumption of 

Gaussianity, and parameter selection and calculation. Proposed research in the future should 

aim to better investigate the existing limitations which will subsequently reduce some 

uncertainty in the work that has been presented here. 

 

4.2 Limitations and future directions for determining hydrogel hygroscopicity 

 As mentioned in Chapter 2, section 2.4.2, questions on kinetic limitations arise due to 

xanthan gum (XG) being highly viscous and highly concentrated when in the aerosol phase. 

Figure 4.1 gives the estimated viscosity as a function of relative humidity for a 100 nm dry 

diameter XG particle with the associated mixing time scale as determined from the equations 

given in Zhang et al. [2015]. Figure 4 shows that as the relative humidity increases, the mixing 

time scale decreases for a XG particle, but is still well above the time scale for other water 

soluble organics (~1 s) [Zhang et al., 2015]. If the hygroscopicity for XG in the supersaturated 

environment in which CCN measurements were taken is used, the mixing time scale reduces 

to a minimum value ~1.15 days. These estimated viscosities and mixing time scales imply that 

XG requires large equilibration time for water vapor to condense and diffuse from the surface 
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of the particle and the phase of XG is highly dependent on relative humidity, spanning over 

six orders of magnitude for relative humidity above 60 %. This detail is important for 

determining the hygroscopicity of XG, and by association, marine hydrogels.  

 Hydrogels that are growth-limited kinetically, can lead to over-predictions on indirect 

climate radiative forcing by equilibrium models due to the over-estimation of the cloud droplet 

number concentration. It has been suggested that for ammonium bisulfate particles, kinetic 

limitations occur at supersaturations greater than 0.042% (a dry diameter of 0.23 µm) with 

parameters representative of typical stratiform marine clouds [Chuang et al., 1997]. 

Supersaturations typical of the marine environment range between 0.1 and 0.5%, indicating 

that cloud droplet number concentrations are likely lower due to a kinetically limited growth 

regime than equilibrium models would suggest. Without accounting for kinetic limitations, 

Chuang et al. [1997] stated that the cloud radiative forcing could be overestimated as high as 

3.6 W m-2 which they said is on the order of the 2.4 W m-2 caused by the total greenhouse gas 

forcing. Note that although these kinetic limitations are different from the kinetics of 

dissolution as mentioned in the previous paragraph, the dissolution kinetics and cloud droplet 

growth kinetics are intertwined. For example, a reduction in surface tension can have 

compounding kinetic effects by lowering the critical diameter at a given supersaturation, 

ultimately reducing the number of cloud droplets that would be kinetically growth-limited 

[Chuang et al., 1997]. Therefore, as far as future investigation is concerned, the dissolution 

kinetics and surface tension are equally important for increasing accuracy of quantifying the 

cloud radiative forcing. 

 According to data presented in Chapter 2, CCN activation for XG particles occurs at 

~2% v/v, well above the critical concentration for lowering the surface tension to its minimum 

value of 0.042 J m-2. Chuang et al. [1997] showed that by including the presence of organics, 

a droplet’s critical diameter can be reduced due to the reduction in surface tension s. Holding 

all other variables constant, including organics lowered the critical diameter by a factor of 

Ds/s. When applied to the data in Chapter 2 for an 89 nm dry diameter XG particle with 

hygroscopicity = 0.1, a reduction in surface tension of pure water to the minimum value lowers 

the critical diameter from 324 to 189 nm, a reduction of 135 nm. By reducing the critical 
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diameter for which a droplet will undergo unchecked condensational growth, and by holding 

the critical supersaturation constant (for this case, ssc = 0.44%), the cloud droplet number 

concentration can increase as the size-limited activation barrier is lowered. These effects will 

prove important in the accurate assessment of cloud radiative forcing and should be extensively 

investigated. 

 Current uncertainty in quantifying the surface tension of XG aerosol is rooted in the 

challenges of measuring surfactant concentrations in both the bulk and surface phases of the 

particle (see Chapter 2, section 2.4.3 and references therein). This uncertainty in surfactant 

partitioning has associated uncertainties on (1) kinetic limitations from viscosity on the 

imposed radial concentration gradients from the surface to the bulk and (2) the lack of a strong 

theoretical framework that can be readily applied to macromolecules like XG aerosol. The 

future investigation of macromolecular organic aerosol needs to be primarily focused on 

adapting the existing theoretical framework for these aerosols, particularly accounting for 

surface tension modulation and dissolution kinetics as particles equilibrate with the vapor field. 

Observations in the laboratory must also be conducted to provide the data with which these 

theoretical frameworks can be developed and tested. Once a framework has been established, 

and dissolution kinetics, surface tension modulation and surfactant partitioning are better 

understood, the broader application of these organic macromolecules to the ambient 

environment can follow. These fundamental uncertainties should remain the primary focus and 

once understood, can be applied to multi-component mixtures of XG/salt solutions which will 

pose more uncertainties surrounding particle microstructure and hydration regimes, for which 

this Dissertation has provided a baseline (see section 2.4.1). 

Upon constraining the uncertainties surrounding organic hydrogels and by using cloud 

parcel models and the like, better constraints on the direct radiative forcing and cloud radiative 

forcing for better estimates on anthropogenic effects on climate can be provided. Scientific 

work in this area will begin to reduce the uncertainties surrounding climate projections and 

will, in addition to aiding and informing policy makers, increase awareness from having more 

reliable projections on these politically and publically charged matters. 
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4.3 Limitations and future directions for the CATCH algorithm 

 This section is broken into two sub-sections. The first sub-section presents the 

limitations and future directions for improving the training of the CATCH algorithm through 

means such as utilizing more comparable model-to-measurement spatiotemporal resolution 

and assessing seasonal and regional variability in aerosol classes based on additional field 

campaigns. The second sub-section presents limitations and future directions for improving 

the method for CATCH-derived aerosol types by comparing results with other distance 

metrics, considering other parameters identified using methods such as principal component 

analysis, and testing the Gaussianity of the selected variables with more statistical rigor. 

 

4.3.1 Resolution and spatiotemporal representativeness 

 As was stated in Chapter 3, the remote sensing observations from the HSRL-1 were 

conducted at high resolution when compared to the GEOS-Chem model. The HSRL-1 aerosol 

types were retrieved at 300 m vertical resolution and 6 km horizontal resolution at a frequency 

of ~0.1 Hz. Note that the aerosol backscatter measurements are made at higher resolution, but 

averaging is required for the retrieval of aerosol extinction and subsequently aerosol type. The 

GEOS-Chem model was run (data output produced by M.S. Johnson) at the highest resolution 

available of 0.25° latitude by 0.3125° longitude. This is horizontal nested grid and is available 

over China, Europe and North America. One limitation that arises from any collocation of two 

data products is the difference in resolution. At the equator, for an HSRL-1 path flying 

diagonally across a GEOS-Chem grid box, there will be ~7 aerosol type retrievals from HSRL-

1 over ~40 km that are referenced to the same GEOS-Chem grid cell. GEOS-Chem also has a 

time resolution of 1 hour that is much coarser than the HSRL-1. However, because the HSRL-

1 is mounted on a moving platform, the spatial and temporal resolution become dependent 

such that the time resolution of HSRL-1 is degraded to the 6 km horizontal averaging. 

Therefore, although the primary focus for improving resolution differences between the model 

and measurement should be focused on a finer horizontal model grid, the time resolution must 

simultaneously be improved as the two are intertwined in the HSRL-1 moving-platform 

technique. One possible path forward would be to compare the CATCH results in this work to 
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CATCH applied to output from the Weather Research and Forecasting model with chemistry 

(WRF-Chem) at 12 km resolution.  

 Not only are the resolution differences important to understand, but the CATCH 

algorithm was trained from a highly-mixed aerosol outflow region on the eastern coastal US 

during the summertime SABOR campaign. Although the SABOR campaign was chosen due 

to its large diversity in confidently-retrieved aerosol types, model data on the East Coast US 

may bias aerosol classes towards the East Coast, neglecting other regions. Additionally, 

summertime may have an impact on the aerosol classes such that they cannot be applied over 

the entire year. One detail supporting this idea could arise in the CATCH-dependence on the 

mass concentration of sulfate-containing aerosols which include aerosols comprised of sulfate, 

nitrate and ammonium. In the summertime, nitrate concentrations are low, but for winter are 

much higher as was shown in Kim et al. [2015]. These differences may affect the results of the 

CATCH-derived classification variables. From the analysis shown in Chapter 3, Fig. 3.9, there 

appears no obvious bias from using aerosol classes trained on the East Coast US as the AOD 

unclassified by CATCH is essentially zero over the entire US domain. However, GEOS-Chem 

was not run for winter so it is not clear whether this would hold in other seasons when different 

chemical component mass concentrations can change considerably. To successfully analyze 

this currently unknown issue regarding seasonality, the GEOS-Chem model must be run for 

winter months and CATCH applied to the output to predict aerosol types. CATCH aerosol 

types need observational data for comparison and so an East Coast wintertime HSRL campaign 

on the same spatial scale as SABOR should be conducted. Currently, the only known HSRL 

campaign in wintertime occurred in early February over the San Joaquin Valley in CA. An 

alternative to requiring field campaigns for validation could be to compare results to the 

CALIOP space lidar, however, the accuracy is somewhat limited given the limitation from 

solutions to the lidar equation requiring a prescribed lidar ratio with the elastic backscatter 

technique. The best path forward would be the launch of a new space lidar with HSRL 

capability. This would allow CATCH to develop aerosol classes that consider seasonal and 

regional variability and assess the scale of covariance based on spatiotemporal variation of the 

aerosol classes. 
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 In the future, the most ideal scenario is for developing a regionally and temporally 

variable set of aerosol classes that are appropriately referenced by global models to assign 

relevant aerosol types begins with the launch of a spaceborne HSRL. Once this has occurred, 

the climate radiative forcing can be improved significantly from model constraints of aerosol 

optical, extinction, on an aerosol type level. Furthermore, the indirect cloud forcing can be 

improved on this same token since some aerosol types over others have a higher propensity to 

participate in aerosol-cloud interactions.  

 

4.3.2 Improvements to the CATCH method 

 Because remote sensing is an optical technique, optical variables are in turn used in 

clustering algorithms to determine aerosol types. Over the years, many of the optical 

parameters have been thoroughly investigated to determine their relative clustering power. 

Some of these variables are available only by active remote sensing (i.e. remote sensing 

techniques that measure the attenuation of radiation from an artificial source) while others are 

available from passive techniques (i.e. measuring the attenuation of naturally-supplied 

radiation from, for example, the sun). For the purposes of the work presented in Chapter 3, the 

hybrid approach for determining aerosol types from a CTM has the unique ability to include 

chemical parameters that have clustering power. A current limitation of the method in Chapter 

3 requires that the variables be approximately normally distributed for the Mahalanobis 

distance metric to relate to a chi-square cumulative probability distribution. Another 

uncertainty in the parameters used in the CATCH algorithm is on their calculated values as 

some assumptions are present that could cause currently unknown effects such as imposed 

skewness on the distribution of these variables in each aerosol class. By plotting the 

distribution of the parameters for each aerosol class in the training set (see Fig. S3.5) and 

comparing the cumulative distribution function (CDF) to a Gaussian CDF, the deviation from 

normality can be quantitatively assessed. The average deviation from normality for the 

CATCH training set is 24% ± 12% where Fig. 4.2 breaks down this deviation for each CATCH 

aerosol class and variable. The maritime class shows the largest deviation from normal (~40%) 

which is expected as there is a contribution from polluted maritime data that probably contains 
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a significant amount of urban aerosols as noted by Burton et al. [2012]. The dusty mix class is 

hard to generalize due to the very small variance in the optical parameters, a limitation from 

not accounting for the individual contribution from each dust size bin in the model. 

 It should be noted that there are other metrics for the assessment of a parameter’s 

deviation from normality such as the Kolmogorov-Smirnov (K-S) or Anderson-Darling (A-D) 

test statistics. Fully and accurately incorporating these test statistics to the data in this 

Dissertation, however, is beyond the scope of this chapter as underlying assumptions from the 

calculation of the test statistics and the impact from outliers should be quantitatively examined. 

Currently, if using the K-S test, the CATCH training set data in this Dissertation cannot reject 

the null hypothesis that these data come from a normally distributed sample at the p < 0.05 

significance level for some of the parameters in each aerosol class. The results of the K-S test 

statistics are given on Fig. 4.2 for p < 0.05. Future work should aim to quantitatively describe 

the parameter distributions with systematic tests conducted for better assessing the 

applicability of the assumption of normality and which parameters may be better suited to 

improve the CATCH algorithm performance. 

 As was mentioned, the calculation of the CATCH parameters themselves can 

potentially have an impact on the Gaussianity of the distribution since skewness may be 

introduced or minimized if the variables are more sophistically treated. Chapter 3 outlines 

some of the current limitations in the calculation of the CATCH variables. Through integration 

with the Flexible Aerosol Optical Depth (FlexAOD, [Curci, 2012; Curci et al., 2015]) module, 

some of this sophistication can be better captured. FlexAOD has several features including 

explicitly accounting for the hydrophilic fraction of the aerosol chemical components for black 

carbon and organic carbon, calculation of the optical parameters for each of the mineral dust 

size bins and internal and external mixtures of the various chemical components. It has been 

shown that internal versus external mixtures can change the aerosol optical properties by over 

50% due to changes in particle density, median size and refractive index [e.g., Lesins et al., 

2002]. By integrating with FlexAOD, the CATCH parameters can be calculated to assess how 

these more sophisticated treatments might affect the existing aerosol classes and the resulting 

aerosol types. Furthermore, as Chapter 3 pointed out, the Yucatan Peninsula region has an 
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aerosol type that is not like any of the existing aerosol classes in CATCH, yet with the inclusion 

of these more sophisticated calculations, this current unknown can potentially be rectified. The 

Yucatan region has many active volcanoes that can result in either an entirely new CATCH 

aerosol class, or alternatively, a modification to one of the existing classes by treatment of 

hygroscopic properties and aerosol mixing states. 

 Another potential area for future work is on the choice of the distance metric that is 

used by CATCH. Although the existing algorithms for aerosol classification use the 

Mahalanobis distance, the distance metric used is not limited to this choice. The Mahalanobis 

metric, however, is currently the best choice as it incorporates sample covariance and compares 

a point to a sample population. Another distance metric that compares the distance of sample 

populations (not a point and a population but rather two populations) is the Bhattacharyya 

distance (DB) [Bhattacharyya, 1946]. This particular distance metric also has a parameter to 

calculate the amount of overlap between two sample populations called the Bhattacharyya 

coefficient (BC). This information would be helpful in assessing the separation of the CATCH 

classes in addition to the already used class-to-class distance in Chapter 3. Table 4.2 provides 

the CATCH class Bhattacharyya coefficients (in %) to express the similarity between the 

classes. The Bhattacharyya coefficient is calculated from equations 4.1 and 4.2 as follows: 
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;

ª
~; − ~W

Vº:; ~; − ~W +
;

W
ln

0røº

0røº¿0røº\

              (4.1) 

áe(%) = exp −.ñ ×100                  (4.2) 

where S is the covariance matrix of the class and S = 0.5(S1 + S2) and µ is the multivariate 

class mean. In the cases for CATCH, S is a 5x5 covariance matrix and µ is a 1x5 vector of 

parameter means. Table 4.2 confirms the results that were presented in Chapter 3 with the most 

similar classes being the smoke and urban classes (BC = 16.6% similar) followed by the smoke 

and fresh smoke classes (BC = 4.5% similar). In the future, the more sophisticated calculation 

of the CATCH parameters may be able to refine aerosol classes so that the similarity between 

the urban and smoke classes can be reduced. 

 Another possible way to reduce the similarity in the smoke, urban and fresh smoke 

classes could be to reformulate the CATCH algorithm by implementing other variables. By 
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incorporating an online version of CATCH to GEOS-Chem, it would be computationally 

efficient to perform principal component analysis on a wide set of variables to determine which 

of the parameters would have the most classification power. This would need an extensive 

study and is currently beyond the scope of this initial proof-of-concept version of CATCH. 

 The future is bright for CATCH and many opportunities have been presented here to 

both improve upon the CATCH algorithm and ultimately improve upon our future projections 

of climate change. This Dissertation has scratched the surface of a new avenue for Earth 

Science to answer some long-standing questions regarding anthropogenic impacts to climate 

by reducing some of the uncertainty associated with the contributors to future radiative forcing 

estimates.  
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Table 4.1 Summary of limitations and future directions for improving and continuing the work presented in this Dissertation 

Hydrogel	hygroscopicity	
Limitation	 Future	Directions	 Priority	
Dissolution	kinetics	and	
viscosity	

• Measurements	of	surface	phase	and	bulk	phase	surfactants	
• Develop	adequate	theoretical	framework	for	macromolecules,	considering	

partitioning,	viscosity	and	surface	tension	

High	

Surface	tension	 • Measurements	of	marine	hydrogel	surface	tension	for	variable	solute	
concentration	

High	

Cloud	droplet	kinetics	due	
to	organics	

• Modeling	studies	of	the	regimes	of	transition	from	equilibrium	limited	to	
kinetically	limited	regimes	as	in	Chuange	et	al.	[1997].		

High	

Impacts	on	climate	
radiative	forcing	

• Cloud	parcel	model	studies	incorporating	the	learned	information	from	the	above	
future	work	to	assess	the	impact	on	the	indirect	cloud	forcing	

Medium	

CATCH	algorithm	improvements	
Limitation	 Future	Directions	 Priority	
Resolution		 • More	comparable	vertical,	horizontal	and	temporal	resolution	would	be	desired	

for	collocating	models	to	measurements.	Suggestions	would	be	to	perform	a	
similar	analysis,	ideally	for	a	higher	nesting	in	GEOS-Chem,	but	perhaps	for	a	
higher	resolution	chemical	transport	model	like	WRF-Chem	at	12	km	

Medium	

CATCH	aerosol	class	
representativeness	

• Systematic	testing	of	the	CATCH	aerosol	classes	for	different	locations	and	seasons	
should	be	conducted.	Observational	data	is	needed	for	comparison	and	should	
preferably	be	data	from	HSR	Lidars.	The	highest	priority	right	now	is	for	
assessment	in	the	variation	due	to	seasonality	as	results	in	this	Dissertation	are	
encouraging	that	the	current	aerosol	classes	are	representative	for	the	US	

High	

Spatiotemporal	aerosol	
class	development	

• Requires	the	launch	of	extensive	and	many	field	campaigns	or	preferably,	the	
launch	of	a	spaceborne	HSRL	

High	
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Table 4.1 (continued) 

Gaussianity	 • Systematic	statistical	testing	for	the	departure	from	normality	and	the	effects	this	
poses	on	the	Mahalanobis	distance	metric	should	be	thoroughly	evaluated	

High	

Parameter	calculation	 • More	sophisticated	calculations	of	the	CATCH	variables	should	be	conducted,	for	
example	using	FlexAOD.	This	will	allow	for	treatment	of	optics	associated	with	
each	mineral	dust	size	bin,	hygroscopic	properties	of	black	carbon	and	organic	
carbon	and	the	mixing	state	(i.e.	external	or	internal)	of	aerosol	chemical	
components	

High	

Distance	metrics	and	
clustering	methods	

• Other	distance	metrics	and	clustering	methods,	besides	the	Mahalanobis	distance,	
can	be	compared	with	these	results	to	learn	the	sensitivity	of	the	choice	of	
distance	metric.	One	other	clustering	algorithm	that	could	be	compared	to	these	
results	is	K-Means	which	is	an	unsupervised	form	that	takes	no	a	priori	knowledge	
about	the	sample	

Medium	

Variable	selection	 • Due	to	the	high	volume	of	variables	that	can	be	generated	from	the	chemical	
transport	model,	a	systematic	study	of	principal	component	analysis	should	be	
used	in	the	future	to	identify	the	strongest	variables	for	CATCH	aerosol	type	
classification	

High	
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Table 4.2 Bhattacharyya coefficients (BC) in % for the CATCH aerosol classes. A BC = 

100% indicates complete similarity where a BC = 0% indicates complete dissimilarity 

BC	similarity	 Dusty Mix Maritime Urban Smoke Fresh Smoke 

Dusty Mix 100 0.44 3.1´10-17 1.6´10-23 1.4´10-10 

	 Maritime 100 6.9´10-4 4.6´10-8 3.4´10-7 

	  Urban 100 16.6 0.37 

	   Smoke 100 4.5 

	    Fresh Smoke 100 
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Figure 4.1 Estimated viscosity (y-axis left side) and mixing time (y-axis right side) of a 100 

nm dry diameter xanthan gum particle with dashed lines indicating the range accounting for 

the uncertainty in xanthan gum density, r = 1.61 ± 0.22 g cm-3 

 

 
Figure 4.2 The relative deviation (%) from a Gaussian distribution is plotted for each 

CATCH variable and aerosol type. The Kolmogorov-Smirnov test at a significance level, p < 

0.05 is also plotted as text where 0(1) indicates that the null hypothesis that the data are from 

a normal distribution cannot(can) be rejected 



 
 

 
 

144 

CHAPTER 5 – Conclusion 

 
 This work was focused on the study of aerosol physical and chemical properties with 

the intent to reduce uncertainties in estimating the aerosol radiative forcing. Specifically, 

hydrogel aerosol hygroscopicity and the comparability of model-to-measurement aerosol type 

apportionment were investigated.  

First, the marine environment is a large source for uncertainty in the estimations of 

climate radiative forcing as it serves as the preindustrial reference to which present climate is 

compared. Thus, contributions improving the understanding of the intricacies of primary 

emitted maritime aerosol (i.e. seaspray) are needed and, in part, herein provided. The bacterial 

biopolymer, xanthan gum, was found to have deviations in hygroscopicity from theoretical 

predictions when combined with various marine-relevant salts. Xanthan gum + salt mixtures, 

with characteristics like hydrogels found in the marine surface microlayer, behave differently 

than expected in subsaturated (with respect to water vapor) environments but are relatively 

well represented by current thermodynamic theory in supersaturated environments. These 

differences highlighted that the current representation of primary emitted organic 

macromolecules is likely oversimplified due to changes to particle microstructure at different 

water activity regimes. In the concentrated regime (where most of the subsaturated 

measurements of aerosol hygroscopicity occur), polymers can remain entangled from cross-

linking salt cations and hold onto water in a bound state, reducing the propensity of the 

hydrogel molecule to uptake water (i.e. lowering hygroscopicity relative to theory). However, 

once sufficient dilution has been reached (i.e. < ~14 kg water per g xanthan gum), the polymer 

chains become disentangled allowing the particle to express its full hygroscopicity as would 

be predicted by the current theory (i.e. the supersaturated environment). Furthermore, gel/salt 

aerosols that remain entangled at subsaturated conditions scatter less radiation as aerosol 

scattering is proportional to the particle cross-sectional area thereby influencing the direct 

radiative effect of aerosols. Additionally, the salt content in gel-containing seaspray will 

modulate whether a particle will activate as a cloud condensation nuclei (CCN) at a given 

supersaturation. Thus, the organic fraction of primary seaspray needs special attention for 
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accurate assessments of the indirect radiative effect of aerosols, although this has been 

previously recognized. Future considerations to improve assessments of climate radiative 

forcing should focus on the composition of the organic gel content in seaspray aerosol with 

treatments that consider hydration regimes in addition to relative humidity (RH) for more 

accurately representing particle hygroscopicity. 

Not only did this work focus on the complexity within one aerosol type, but efforts 

were also expanded to more generally improve estimates of climate radiative forcing by 

strengthening the link between climate models and the current remote-sensing technology. 

Although climate models account for a wide range of atmospheric physical and chemical 

properties, the main link constraining their estimates of the radiative effect is the aerosol optical 

depth (AOD). A likely reason for this arises from observations being largely provided to 

climate models by satellites. Current satellites are disproportionately passive sensors that 

measure total-column attenuation of solar radiation without much ability to determine the 

vertical distribution of aerosol abundance within the atmospheric column, but rather measure 

the net solar-flux of earth-leaving radiation. 

In the last decade, however, the technology of spaceborne satellites has been expanded 

to include active atmosphere-profiling instruments like radar and lidar, capable of 

distinguishing aerosol from cloud droplets and classifying aerosol into types like urban 

pollution or smoke aerosol (as two examples) in addition to identifying the phase of clouds, 

whether they be ice or liquid. The work in this dissertation focused on the recent advancements 

in remote sensing capabilities to produce an algorithm that successfully translated climate 

model output into analogous aerosol types that can be observed from remote sensing methods. 

The Creating Aerosol Types from CHemistry (CATCH) algorithm was implemented into the 

GEOS-Chem climate model and compared to aerosol-types retrieved by aircraft-mounted High 

Spectral Resolution Lidar (HSRL). The Ship-Aircraft Bio-Optical Research (SABOR) field 

campaign took place off the East Coast of the US during the summer of 2014. Comparisons of 

HSRL-retrieved aerosol types with those derived by CATCH revealed that the GEOS-Chem 

model was predicting low concentrations of smoke aerosol above 3 km a.s.l. during episodic, 

heavy smoke intrusions retrieved by HSRL. Further, the CATCH algorithm was shown to 
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reproduce aerosol types over the North American nested-grid model domain consistent with 

current emission inventories of pollution and biomass burning. The addition of aerosol types 

to model output will help climate models to identify which aerosol types are best and least 

represented compared to retrievals from remote-sensing methods. Focusing on the aerosol 

types showing the most disagreement will improve the baseline for model-to-measurement 

representativeness of aerosol types distributed throughout the atmospheric column. Model-

calculated aerosol types with different chemical composition, hygroscopicity and radiative 

properties can now be better constrained by satellites and result in improved assessments of 

the aerosol direct and indirect effect.  

The primary purpose of this work to improve understanding of microphysical processes 

of aerosol for bettering the assessment of climate radiative forcing has been thoroughly 

investigated through experimental and computational methods. Future directions are primarily 

aimed at improvements to the CATCH algorithm by accounting for particle hygroscopicity 

and multi-spectral dependencies. These improvements can readily take place by integrating 

CATCH with the Flexible Aerosol Optical Depth (FlexAOD) algorithm.  
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APPENDIX 
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Appendix A 
 

A1. CATCH algorithm Overview 

This appendix gives the codes and data files necessary for producing the CATCH aerosol types. 

These codes serve as the backbone for the determination of aerosol type. Some sub-functions 

are not given here, rather, the process for the overall method is presented. The calculation of 

CATCH variables, the look-up-tables for optical properties, the Mahalanobis distance matrix-

calculation and the training set means and covariances are some of the materials contained 

here. These materials are subsequently presented in the approximate order for determining the 

aerosol types. 
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A1.1 Cluster statistics for calculating the CATCH Mahalanobis distance 
Statistics for CATCH Aerosol Types - Tight Clustering < 0.6 Prob belongs removed 
 
NOTES: 
* polluted maritime is combined with maritime and dusty mix is combined with 'pure              

dust and dust fractions > 0.85 
* MEANS AND (1 SIG) VARIANCE come from the training set CATCH data 
 
MEANS: 
Column headers: Aerosol_ID, X_TC, X_OC:BC, Sp_eff, SSA_eff, Nr_eff 
3, 0.34666279, 17.59181213, 38.32035828, 0.98162109, 1.52525103 
4, 0.16392714, 13.80912018, 31.86217880, 0.99200821, 1.39917028 
5, 0.49120244, 19.10368538, 69.16664886, 0.95107108, 1.43531466 
6, 0.57540411, 24.24618340, 61.37768555, 0.93534160, 1.49252403 
7, 0.91289008, 25.07689285, 63.26398849, 0.90656894, 1.49229407 
 
COVARIANCE MATRICES: 
3, DUSTY MIX: 
 0.00099443,  0.04340562,  0.01864693, -0.00003557, -0.00006379 
 0.04340562,  3.18178606,  0.69214696, -0.00195124, -0.00175111 
 0.01864693,  0.69214696,  1.20317268, -0.00130649, -0.00418156 
-0.00003557, -0.00195124, -0.00130649,  0.00000219,  0.00000348 
-0.00006379, -0.00175111, -0.00418156,  0.00000348,  0.00002065 
 
4, MARITIME: 
 0.00764102,  0.38414234,  0.33879614, -0.00038464,  0.00365954 
 0.38414234, 26.03249931, 20.12479210, -0.02228455,  0.19616871 
 0.33879614, 20.12479210, 24.19029808, -0.02063947,  0.19520928 
-0.00038464, -0.02228455, -0.02063947,  0.00002512, -0.00022237 
 0.00365954,  0.19616871,  0.19520928, -0.00022237,  0.00226399 
 
5, URBAN: 
 0.00417300,  0.02130097,  0.03908423, -0.00034574,  0.00004671 
 0.02130097, 30.43994141,  9.39342117,  0.05094588, -0.03255249 
 0.03908423,  9.39342117, 57.95640182,  0.04027444, -0.08976769 
-0.00034574,  0.05094588,  0.04027444,  0.00021300, -0.00026068 
 0.00004671, -0.03255249, -0.08976769, -0.00026068,  0.00054130 
 
6, SMOKE: 
 0.00845002,  0.16433056, -0.00465558, -0.00054448,  0.00046262 
 0.16433056, 15.09759521, -2.84108448,  0.00537533,  0.01513545 
-0.00465558, -2.84108448, 12.12636662,  0.01690399, -0.07391446 
-0.00054448,  0.00537533,  0.01690399,  0.00011306, -0.00019647 
 0.00046262,  0.01513545, -0.07391446, -0.00019647,  0.00060775 
 
7, FRESH SMOKE: 
 0.00632084, -0.01276898,  0.04066176, -0.00067272,  0.00038999 
-0.01276898, 70.45665741,  3.27296925,  0.16678032, -0.06861212 
 0.04066176,  3.27296925, 13.60574532,  0.01682732, -0.05819809 
-0.00067272,  0.16678032,  0.01682732,  0.00056163, -0.00031559 
 0.00038999, -0.06861212, -0.05819809, -0.00031559,  0.00041955 
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A1.2 MATLAB Code to calculate the look-up-tables for the optical variables 
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A1.3 MATLAB Code for Calculating the five CATCH parameters 
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A1.4 MATLAB Code for calculating the Mahalanobis distance and chi-square probability 
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A1.5 MATLAB Code for Assigning the CATCH aerosol type 
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