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Aerosols can affect the net radiation budget and global climate of the Earth either ñdirectlyò ï 

through their radiative properties, or ñindirectlyò ï through their cloud-forming abilities by acting 

as Cloud Condensation Nuclei (CCN). The interactions between aerosols and clouds are the most 

significant sources of uncertainty in the overall radiative forcing from due to a lack of 

understanding related to the droplet formation mechanism of aerosols. These uncertainties are 

majorly associated with the carbonaceous aerosols present in the atmosphere, notably due to their 

compositional diversity, vastly variable physicochemical properties, and unique water uptake 

characteristics. In this dissertation, new lab-based measurement techniques and computational 

methods have been developed to resolve the CCN activity and water uptake behavior of pure and 

mixed carbonaceous aerosol particles. 

The first part of this dissertation accomplishes two goals: 1. The development and application 

of a new CCN measurement method, and 2. The formulation of a new computational framework 

for CCN activity analysis of aerosols. The results in this dissertation demonstrate the significance 



  

of size-resolved morphology and dissolution properties of aerosol particles in improving their 

CCN activity analysis under varying ambient conditions. Furthermore, these results suggest that 

in the future, more comprehensive CCN analysis frameworks can be developed by explicitly 

treating other physical and chemical properties of the aerosols to further improve their CCN 

activity analysis. 

The second part of this dissertation focuses on large-scale analysis. The CCN analysis 

framework is implemented into a climate model to quantify the water uptake behavior of 

carbonaceous aerosols, and then study the subsequent variabilities associated with the physical and 

radiative properties of ambient aerosols and clouds. Statistical techniques are also developed in 

this work for chemical characterization of ambient aerosols. The characterization results show 

large regional compositional variations in ambient aerosol populations. These results also suggest 

that the knowledge of chemical species is necessary to quantify the water uptake properties of the 

aerosol population. 
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Chapter 1: Introduction 

 

1.1 Background 

The air around us contains solid or liquid particles that are known as aerosols. Most 

atmospheric aerosols are microscopic in size; ranging from several nanometers to a few 

microns (Speight, 2017). However, aerosols are still capable of significantly affecting 

human health, environment and even the climate (Seinfeld and Pandis, 1998). One 

significant way in which certain atmospheric aerosols affect the climate is by 

facilitating condensation of water vapor atop their surface to form droplets, and clouds 

(Köhler, 1936). Aerosols that form cloud droplets are referred to as Cloud 

Condensation Nuclei (CCN). And the tendency of the particles to take up water in 

supersaturated ambient conditions resulting in spontaneous droplet formation CCN 

activation is defined as their CCN activity. Clouds that are subsequently formed interact 

with solar and terrestrial radiations to alter the Earthôs radiative budget thereby leading 

to either warming or cooling of the climate (Wallace and Hobbs, 2006; Rap et al., 

2013). Although it is reported that clouds have an overall cooling effect on the 

atmosphere, the magnitude of the overall cloud radiative forcing has large uncertainty 

associated with it. Climate models have shown that uncertainties in the estimates of 

CCN activity subsequently translate to their cloud response (e.g., but not limited to 

Ghan et al., 1997, 2011; Nenes et al., 2001). Therefore, accurate estimation of CCN 

activity of aerosols is important for correctly predicting cloud growth and their impact 

on the climate. 
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Aerosols can affect clouds in either of the 2 ways (Figure 1) ï by a change in the 

cloud lifetime and cloud radiative forcing (first indirect effect of aerosols) (Twomey, 

1977), or by a change in the precipitation efficiency and cloud liquid water content 

(second indirect effect of aerosols) (Albrecht, 1989). Both effects are described as the 

ñAerosol Indirect Effectò (AIE). Aerosols and CCN in the atmosphere are 

multicomponent mixtures of organic and inorganic substances and have vastly variable 

chemical compositions, and therefore variable physicochemical properties (e.g., but not 

limited to Asa-Awuku et al., 2010; Bhattu & Tripathi, 2015; W. Liu et al., 2005). 

Furthermore, quantification of the effect of aerosols on the climate due to variations in 

their number concentration, chemical constituency, size, solubility, shape, and mass is 

a challenging task (Kulmala et al., 1998; Kanakidou et al., 2005). These properties play 

a significant role in determining their ñCCN activityò. Previous studies have shown 

that the prediction of CCN activity of an aerosol species is highly sensitive to errors in 

their physical and chemical measurements (Zhang et al., 2017). 

 

Figure 1. Schematics showing the aerosol indirect effect. The changes in the cloud 

radiative properties (first indirect effect) and precipitation (second indirect effect) are 

shown. 

 

Recent and continuing studies show improvements in our understanding of CCN 

activity and the factors that affect droplet growth (e.g., but not limited to McFiggans et 

al., 2006; Petters & Kreidenweis, 2007; Thalman et al., 2017). One such example is the 
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application of computational and data-driven approaches for performing chemical 

analysis of ambient aerosols to identify their chemical compositions (Kyriakides et al., 

2011). In addition to this, there are advancements in the representation of CCN activity 

in models under prescribed atmospheric conditions (Nenes et al., 2001; Morales and 

Nenes, 2010; Shipway, 2015). Governing dynamical and physical equations for 

evolving atmospheric conditions, coupled with CCN activation schemes can estimate 

droplet growth and cloud responses across a wide range of aerosol populations using 

Global Climate Models (Liu et al., 2012, 2016). However, despite such progress, 

models are still prone to systematic misrepresentations of CCN activity and its effects.  

The uncertainties in radiative forcing and cloud responses are observed to be more 

pronounced in model responses for species with low hygroscopic yet wettable 

characteristics, such as carbonaceous (organic) aerosols (Xu et al., 2014; Vu et al., 

2019). Carbonaceous aerosols have been well studied for their strong climate forcing 

resulting from their radiative effects (Talley et al., 2013). They innately possess low 

hygroscopicity, but act as CCN due to their interactions with more hygroscopic and 

soluble organic and inorganic species (Taylor et al., 2017; Dalirian et al., 2018). These 

interactions result in aging of carbonaceous aerosols which manifest as changes in their 

mixing state and are highly unpredictable. Furthermore, carbonaceous aerosols have 

high compositional variability and a high atmospheric burden (e.g., but not limited to 

Barati et al., 2019; Bhattu & Tripathi, 2015; Xu et al., 2014). The combined 

atmospheric mass burden of primary and secondary organic aerosols can vary 

anywhere between 20% and 90% of the total atmospheric aerosol mass, depending on 

the ambient conditions (Zhang et al., 2007). Also, organic, and carbonaceous aerosol 
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particles are generally either non-spherical or fractal-like (Wu and Colbeck, 1996; 

Schnitzler et al., 2014). Studies related to climate modeling also show that the 

uncertainties in CCN activity of carbonaceous aerosols directly relate their cloud 

response (Pringle et al., 2009; Spracklen et al., 2011; Karydis et al., 2012). As a result, 

this dissertation aims to improve current analytical measurement and analysis to better 

understand and estimate the CCN activity and cloud response from carbonaceous 

aerosols. 

As stated previously, there are large uncertainties associated with the cloud 

radiative forcing. The Intergovernmental Panel for Climate Change has shown that the 

aerosol-cloud-climate interactions (ACCI) related to organic and carbonaceous 

aerosols are one of the largest source of uncertainty in the Earthôs radiative forcing 

(Figure 2). Reducing these uncertainties requires improving our current understanding 

of the CCN activity and cloud forming abilities of aerosols. Even though field 

observations, controlled laboratory measurements and large-scale climate modeling 

extensively study carbonaceous ACCI, there have been few attempts to implement 

findings from controlled measurements for improving large-scale climate predictions. 

The following sections provide a brief overview of measurement and computational 

procedures adopted for controlled CCN experiments of carbonaceous aerosols relevant 

to this research. Furthermore, the details regarding parameterization of water uptake 

for carbonaceous aerosols and its implementation within a large-scale climate model 

are also provided. Next, a newly developed computational methodology is introduced 

for chemical characterization of atmospheric aerosols using their real-time Raman 
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spectral measurements. Lastly, this chapter concludes by providing an outline of the 

subsequent chapters of the dissertation. 

 

Figure 2. Contributions of forcing agents during the industrial era between 2011 and 

1750 as presented in the IPCC 2022 Technical Summary. Colored bars represent the 

estimates for positive (heating; red) and negative (cooling; blue) radiative forcing in 

terms corresponding to the forcing precursors highlighted along the y-axis. Error bars 

represent the forcing uncertainty associated with each forcing term. Aerosol-cloud 

interactions contribute the greatest forcing uncertainty and climate sensitivity 

uncertainties; the mean uncertainty ranging between -1.2 to 0 W/m2 with a mean around 

-0.45 W/m2. 

 

1.2 Controlled Experiments for CCN Activity Analysis and Global Climate Modeling 

CCN activity of aerosols is linked with their cloud forming ability and therefore to 

their indirect effect on the climate. The CCN activity of aerosols is innately dependent 

on several physicochemical properties ï particle size, chemical composition, mixing 

state, surface activity, aqueous solubility ï to name a few (Petters and Kreidenweis, 
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2013; Padró et al., 2012; Lee et al., 2011; Petters and Kreidenweis, 2008; Kulmala et 

al., 1998). All aerosol properties can be measured experimentally or determined 

empirically to describe the CCN activity of any aerosol species. CCN activity is 

strongly dependent on dry particle size (Dusek et al., 2006). Most of the widely 

implemented CCN measurement procedures are based on the use of particle sizers, 

otherwise known as classifier instruments. Traditionally, a Differential Mobility 

Analyzer (DMA) is the most used aerosol classifier for CCN experiments. 

In this dissertation, the CCN activity and droplet growth experiments in 

supersaturated conditions were measured using the Droplet Measurement Technologies 

Continuous Flow Stream-wise Thermal Gradient CCN Counter (CCNC) based on the 

design of (Roberts and Nenes, 2005). The CCNC is coupled with an aerosol classifier 

to size-select aerosol particles in the scanning mode to obtain the number size 

distributions of the aerosol population (Rose et al., 2008; Moore et al., 2010). The size-

selected aerosol particles passing through the CCNC are then subjected to 

supersaturated relative humidity in the range of 0.2% - 1.8% to generate number 

concentrations resolved with respect to time at a resolution of 1 second. The CCNC 

consists of a cylindrical flow chamber and the aerosol sample streams passes through 

it. The flow chamber creates a supersaturated environment for aerosols by creating a 

temperature gradient across its ceramic-lined inner walls. Particle-free sheath air keeps 

the aerosol particles along the centerline of the column where the CCNC column retains 

supersaturated conditions, and the particles can take up water and form droplets. 

Particles of a given size activate and form droplets when the instrument 

supersaturation in the CCNC exceeds their critical supersaturation. For the experiments 
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performed in the scanning mode, the instrument supersaturation is held constant while 

the DMA (or any other classifier instrument) generates a number distribution across 

the size spectrum. The number size distributions obtained from the CPC and CCNC for 

the aerosol species are then combined to get the size for which the particles will activate 

at the instrument supersaturation. The particle size thus obtained is called the critical 

dry diameter of the particles. The schematic of a typical DMA-CCN setup is shown in 

Figure 3. 

 

Figure 3. DMA-CCN experimentation setup for measuring the size-resolved number 

concentration of aerosols. 

 

From the aforementioned experimental procedure (based on a DMA), the critical 

dry diameter is an electrical mobility diameter of the particles since the DMA classifies 

aerosols based on their electrical mobility. The DMA charges the particles moving 

through it electrostatically and balances drag force with the electrostatic force to 

characterize the electrical mobility diameter of the particles. The DMA is coupled with 

a Condensation Particle Counter (CPC) and a CCNC to measure aerosol number 

concentrations, and hence, estimate their CCN activity with respect to electrical 
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mobility diameters. The DMA is ideally supposed to apply a unit charge on the particles 

before classifying them. However, it is generally observed that the particles may carry 

more than one unit charge on them depending on the charging efficiency of the 

neutralizer. As a result, larger particles carrying a higher charge may have the same 

electrical mobility diameter as the smaller particles carrying one unit charge. This 

phenomenon associated with the DMA instrument is commonly known as multiple 

charging and can potentially lead to inaccuracies in the particle sizing and consequently 

in the CCN activity measurements (Fuchs and Daisley, 1965). In this dissertation, a 

new experimental setup without particle charging artifacts was proposed and tested 

with an Aerodynamic Aerosol Classifier (CambustionÊ AAC) for particle sizing 

(Gohil and Asa-Awuku, 2022). The AAC classifies particles by their relaxation time, 

which depend on the mass and the mechanical mobility of the particles (Tavakoli and 

Olfert, 2013). The particles passing through the AAC are then classified based on their 

aerodynamic diameters. A schematic of the AAC column is provided in Figure 4. 

 

Figure 4. Schematic of the Aerodynamic Aerosol Classifier (AAC) instrument 

representing how the polydisperse aerosols classified to generate monodisperse 

population. 
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Unlike in the DMA, the drag force on the particles passing through the AAC is 

balanced by the centrifugal force due to the rotating AAC column. Since the AAC does 

not require particle charging for classifying aerosols, it eliminates any possible 

uncertainties in measurements due to multiple charging. The AAC can also be coupled 

with the DMA and be used for size-resolved shape factor and particle effective density 

measurements of the aerosols. These measurements can be highly useful for 

morphological corrections of aerosol particles, thereby helping with further reducing 

uncertainties in the CCN activity analysis (Tavakoli et al., 2014; Tavakoli and Olfert, 

2014). Moreover, the AAC sizing resolution increases with the increasing aerodynamic 

diameter of the particles. A schematic of the AAC-CCN setup is shown in Figure 5. 

The details of the AAC-based experimental setups, uncertainty analysis, and the 

implementation for CCN and shape factor measurements are provided in chapter 2. 
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Figure 5. AAC-CCN experimentation setup for measuring the size-resolved number 

concentration of aerosols. 

 

The CCN activity of any aerosol species can be expressed using a single 

hygroscopicity parameter (‖). (Petters and Kreidenweis, 2007) provided a simple, yet 

highly useful method based on the traditional Köhler theory to compute ‖ of any 

aerosol by combining their dry particle size Ὀ  with the supersaturated water vapor 

Ὓ amount at which the particles of the given size activate and form droplets. ‖ is not 

a physical quantity but rather an indicator of the affinity of a given type of particle 

towards water. And theoretically, ‖ based on the traditional Köhler theory expresses 

the chemical composition of the aerosols and is a function of the molar volume. ‖ is 

usually in the range of ~0 (highly water insoluble species like mineral dust and black 

carbon) to 1.4 (highly soluble compounds like sodium chloride). Furthermore, ‖ is 

widely used in climate models to represent the CCN activity of different 

atmospherically relevant aerosol species. 

In the Köhler theory framework, all aerosols are assumed to be instantaneously and 

infinitely soluble in water. The complete water solubility assumption for any solute in 

Kºhler theory is approximated using Raoultôs law. This assumption reasonably applies 

for many inorganic and organic aerosols with high water solubility and has been 

validated experimentally (e.g., but not limited to Asa-Awuku et al., 2008; Chan et al., 

2005; Gohil et al., 2022; Padró et al., 2010; Peng et al., 2021; Petters & Kreidenweis, 

2007; Razafindrambinina et al., 2022; Xu et al., 2014). It is important to note that ‖ is 

strongly governed by the aqueous solubility of the aerosol particles (Petters and 

Kreidenweis, 2008; Sullivan et al., 2009) but does not require the aerosol particles to 

soluble in water.  
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The distinction between aqueous solubility and ‖ is especially relevant in the case 

of carbonaceous and organic species. Several of these species are classified as sparingly 

water soluble (e.g., but not limited to succinic acid, various primary organic aerosols) 

for which solubility is explicitly treated for hygroscopicity parameterization using 

Köhler theory. Moreover, there are other species that are effectively water-insoluble 

(e.g., black carbon) but possess wettable characteristics and are CCN active (Dalirian 

et al., 2018; Dusek, Reischl, et al., 2006; Laaksonen et al., 2020). For such cases, more 

complex models (such as the Frenkel-Halsey-Hill Adsorption Theory; FHH-AT) have 

been used for CCN activity analysis (Sorjamaa and Laaksonen, 2007). Models like 

FHH-AT assume aerosol particles to be completely water insoluble and describe 

droplet growth via water monolayer adsorption on to particle surface. 

In this dissertation, a new computational framework was developed that combines 

the effects of adsorption-driven water uptake with solubility partitioning of the solute 

(Gohil et al., 2022; Riipinen et al., 2015; Sorjamaa & Laaksonen, 2007). The FHH 

isotherm was used to describe water adsorption. A dynamic variability in the particle 

size was incorporated into the FHH isotherm through fractional dissolution of solute as 

the droplet continued to grow. Additionally, the effect of dissolved fraction of solute 

on the droplet growth was accounted for through the Raoultôs law. The details of the 

formulation and application of this hybrid CCN activity framework are provided in 

chapter 3 and 4. Furthermore, a single hygroscopicity parameter has also been derived 

using the hybrid CCN activity model; details of the hygroscopicity parameterization 

are provided in chapter 3. 
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As it has been established so far, hygroscopicity of any given aerosol can be 

determined theoretically or using experimental measurements. Hygroscopicity of an 

aerosol is important for quantifying its affinity towards water; the single hygroscopicity 

parameter of different aerosol types are also used to represent their water uptake 

behavior within climate models (Liu et al., 2012, 2016a). Hygroscopicity parameters 

within climate models are generally prescribed for different aerosol species based on 

the literature (Liu and Wang, 2010). The hygroscopicity parameters of different aerosol 

types affect the CCN activity and droplet nucleation in the models. CCN activation can 

then affect the atmospheric burden of different chemical species and the cloud droplets 

which strongly control the physical and radiative properties of the clouds. Studies have 

shown that the primary and secondary aerosol burdens, cloud droplet number 

concentration in the atmosphere have a strong sensitivity towards hygroscopicity 

(Morales and Nenes 2014). Therefore, it is important to either prescribe or physically 

parameterize aerosol hygroscopicity with high certainty to improve cloud 

representation in climate models. 

In this dissertation, a mathematical formulation of the single hygroscopicity 

parameter was derived from the hybrid CCN activity model and implemented within 

the Community Atmosphere Model 6.0 (NCAR-CAM6). Specifically, the single 

hygroscopicity parameter for organic and carbonaceous aerosols were computed based 

on the hybrid CCN model. As the default configuration, CAM6 takes the 

hygroscopicity parameters for different aerosol types through the Modal Aerosol 

Model (MAM4). In this work, the hygroscopicity parameter was explicitly calculated 

for organic species based on the mixing state and constituency of the modal aerosol 
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population.  In particular, the hygroscopicity parameter used applies the HAM model 

developed in chapter 3 and thus provides a new approach to understand aerosol-cloud-

climate interactions on a global scale. 

1.3 Real-time Chemical Characterization of Atmospheric Aerosols 

Recent and continuing studies show improvements in our understanding of CCN 

activity and the factors that affect droplet growth (McFiggans et al., 2006; Asa-Awuku 

and Nenes, 2007; Asa-Awuku et al., 2009a; Thalman et al., 2017). One such example 

is the application of computational and data-driven approaches for performing 

chemical analysis of ambient aerosols to identify their chemical compositions (e.g., but 

not limited to Carey et al., 2015; J. Liu et al., 2017). It has been shown that aerosol 

identification-related problems can be solved by utilizing measured chemical 

signatures (mass spectrometry, FTIR, X-ray diffraction, Raman spectrometry) (e.g., but 

not limited to Doughty & Hill, 2017; Stefaniak et al., 2009; Toprak & Schnaiter, 2013) 

of aerosol particles with the application of methods related to statistics, big data 

analysis, signal processing and machine learning (e.g., but not limited to Carey et al., 

2015; Christopoulos et al., 2018; Kwiatkowski et al., 2010). This research combined 

the ideas related to these concepts to develop a tool for performing chemical analysis 

of ambient aerosols. 

Chemical analysis of aerosol particles is required to determine their composition 

and mixing state. Over the past decades, researchers have demonstrated several 

inference-based (e.g., but not limited to Cubison et al., 2008; Gunthe et al., 2009) and 

measurement-based (e.g., but not limited to but not limited to Asa-Awuku et al., 2011; 

Ervens et al., 2007) approaches for discerning bulk aerosol chemical composition. 
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However, over the past few years, it has been argued that the use of size-resolved 

aerosol compositions for studying CCN activation results in more accurate estimates 

(e.g., but not limited to Cubison et al., 2008; Gunthe et al., 2009; Medina et al., 2007). 

Single-particle aerosol measurement techniques provide a means to obtain size-

resolved aerosol composition and henceforth are being rigorously explored. Single-

particle measurement techniques include mass spectrometry, fluorescence 

spectrometry, FTIR, Raman spectrometry, and electron-beam excited x-ray diffraction. 

Raman spectrometry (Raman, from hereon) has been shown to be a highly efficient 

technique employed for characterization of compounds (Blaha et al., 1978; Jacobson, 

2001; Sadezky et al., 2005). There are 2 main reasons for that: 1. Raman spectra are 

the signatures of the chemical bonds present in the chemical compounds and are 

therefore unique for the compounds they correspond to; and 2. Raman spectra can be 

detected for particles of the order of nanometers. Hence, compositional data retrieved 

for aerosols using Raman measurements can be highly valuable for understanding their 

droplet forming abilities. 

In this dissertation, chemical characterization of aerosols was done using their real-

time Raman spectral measurements. A Resource Effective Bioidentification System 

(REBS)-based Automated Aerosol Raman Spectrometer (ARS) was used for 

measuring the Raman spectra of the ambient aerosols (schematic shown in Figure 6). 

An added benefit of ARS over a traditional Raman spectrometer is a significantly 

reduced stabilization time for the sample and high temporal resolution of spectral 

collection (about 15 minutes) (Doughty and Hill, 2017). 
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Figure 6. Schematic of a REBS-based Automated Aerosol Raman Spectrometer. 

1.4 Overview of the Dissertation 

The subsequent chapters of this dissertation describe in detail the experimental and 

computational work performed in this research. The main rationale for this research 

was to use findings from controlled laboratory experiments for deriving cloud and 

climate responses using a large-scale climate model. Chapter 2 discusses the 

development of a novel CCN experimental setup using an AAC instrument. The 

findings of this work provide three major conclusions ï a. the CCN activity of low 

hygroscopicity organic and carbonaceous species are well-quantified with the new 

AAC-CCN experimental setup, b. using the AAC-CCN setup produces very good 

agreement with published single-hygroscopicity parameters, particularly in the case of 

sucrose, and c. dynamic shape factor measurements are necessary for CCN activity 

prediction and can be provided using an AAC-DMA coupling. 

Chapters 3 and 4 describe the conception, formulation, and application of the hybrid 

CCN model as well as the hygroscopicity parameterization. The entirety of these 

chapters focuses on the CCN activity analysis of organics that were used as proxies for 

atmospherically relevant primary and secondary organic matter. As previously 
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established, the water uptake properties of ambient aerosols need to be well understood 

to quantify and explain aerosol-cloud-climate interactions with high certainty. The 

findings from chapter 3 describe that explicit solubility considerations within an 

otherwise purely adsorption based CCN activity model can improve the droplet growth 

predictions for aerosols possessing a wide range of aqueous solubility. Chapter 4 

applies the hybrid CCN model for the analysis of soot-like species. Through chapters 

3 and 4, it was established that a hybrid solubility-adsorption CCN framework can be 

successfully predict droplet growth associated with pure and mixed species with a 

variety of physical, chemical and morphological properties. 

Chapter 5 utilizes the concepts developed in the preceding two chapters to modify 

the hygroscopicity treatment of aerosol species in the Community Atmosphere Model. 

The main feature of this work was the modification of the hygroscopicity of three 

aerosol modes considered within CAM ï Black Carbon (BC), Primary Organic Matter 

(POM) and Secondary Organic Aerosol (SOA). Improvements were observed upon 

comparisons between observations and simulated aerosol and cloud responses from 

CAM. The work in chapter 6 was based on the development of a classification 

algorithm to identify different chemical species in the atmosphere. This work involved 

collection of Raman spectra of ambient aerosols in real-time over at White Sands (New 

Mexico) and comparison of the measured spectra with reference databases. The 

findings of this work revealed the presence of numerous organic and inorganic species 

with possibly varying mixing states on a particle-basis. Finally, chapter 7 outlines final 

remarks, future work, as well as the broader implications and overall conclusion of this 

dissertation research. 
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Chapter 2: Cloud Condensation Nuclei (CCN) Activity Analysis 

of Aerosols Using the Aerodynamic Aerosol Classifier (AAC) 

Access published article at: 

Gohil, K., & Asa-Awuku, A. A. (2022). Cloud condensation nuclei (CCN) activity 

analysis of low-hygroscopicity aerosols using the aerodynamic aerosol classifier 

(AAC). Atmospheric Measurement Techniques, 15(4), 1007-1019, 

https://doi.org/10.5194/amt-15-1007-2022 

2.1 Abstract 

The Aerodynamic Aerosol Classifier (AAC) is a novel instrument that size-selects 

aerosol particles based on their mechanical mobility. So far, the application of an AAC 

for Cloud Condensation Nuclei (CCN) activity analysis of aerosols has yet to be 

explored. Traditionally, a Differential Mobility Analyzer (DMA) is used for aerosol 

classification in a CCN experimental setup. A DMA classifies particles based on their 

electrical mobility. Substituting the DMA with an AAC can eliminate multiple 

charging artefacts as classification using an AAC does not require particle charging. In 

this work, an AAC-based CCN experimental setup was developed and applied for CCN 

activity analysis of aerosols. Computational methods were also developed to quantify 

the uncertainties associated with aerosol particle sizing. To do so, the AAC transfer 

function analysis was conducted to calculate the measurement uncertainties of the 

aerodynamic diameter from the resolution of the AAC. The analyses framework has 

been packaged into a Python-based CCN Analysis Tool (PyCAT 1.0) open-source 

code, which is available on GitHub for public use. Results show that the AAC size-

selects robustly (AAC resolution is 10.1, diffusion losses are minimal and particle 

transmission is high) at larger aerodynamic diameters (ͯ ψυnm). The size-resolved 
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activation ratio is ideally sigmoidal since no charge corrections are required. Moreover, 

the uncertainties in the critical particle aerodynamic diameter at a given supersaturation 

can propagate through droplet activation and the subsequent uncertainties with respect 

to the single-hygroscopicity parameter (‖) are reported. For a known aerosol such as 

sucrose, the ‖ derived from the critical dry aerodynamic diameter can be up to ~50% 

different from the theoretical ‖. In this work, additional measurements were conducted 

in order to obtain dynamic shape factor information and convert the sucrose 

aerodynamic to volume equivalent diameter. The volume equivalent diameter applied 

to ‖- Köhler theory improves the agreement between measured and theoretical ‖. Given 

the limitations of the coupled AAC-CCN experimental setup, this setup is best used for 

low hygroscopicity aerosol (‖  0.2) CCN measurements. This work demonstrates the 

application of the AAC for CCN applications, especially related to correcting 

morphological irregularities on the particle scale. 

 

2.2 Background 

Cloud Condensation Nuclei (CCN) activity is defined as the ability of an aerosol 

particle to facilitate the condensation of water vapor on its surface; the condensation 

occurs in supersaturated ambient conditions resulting in the formation of droplets. The 

use of size-resolved aerosol number concentrations obtained with the help of counting 

instruments is a reliable method for determining the CCN activity of aerosols (e.g., but 

not limited to Barati et al., 2019; Moore et al., 2010; Petters et al., 2007; Rose et al., 

2008; Zieger et al., 2017). Currently, the most common method for studying CCN 
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activation uses a CCN counter (CCNC) and couples it with an aerosol classifier. CCN 

activity measurements have consistently improved over the past few years since the 

development and commercialization of the Continuous-Flow Streamwise Thermal 

Gradient CCN Chamber (CFSTGC) developed by the Droplet Measurement 

Technologies (DMT) (Roberts and Nenes, 2005; Rose et al., 2008; Lathem and Nenes, 

2011) and it is widely used. However, there are several commercially available options 

to size-select ultrafine particles. 

An aerosol classifier size-selects and generates a monodisperse aerosol from a 

polydisperse aerosol population. The most widely used aerosol classifier for CCN 

measurements is the Differential Mobility Analyzer (DMA) (Knutson and Whitby, 

1975; Rader and McMurry, 1986; Wang and Flagan, 1990). The DMA classifies the 

aerosol particles based on their electrical mobility; a charge distribution is applied on 

the particles which then pass through an external electrostatic field that is generated by 

varying the voltage difference across the DMA column. Many CCN studies use the 

DMA in ñscanning modeò for which stepwise voltage is applied across the aerosol flow 

to generate monodisperse particles between 1ͯ0-500nm. The size-selected particles 

are then counted by a Condensation Particle Counter (CPC) and a parallel CCNC to 

obtain the number size distributions for the total aerosol particles (Condensation 

Nuclei, CN) and activated droplets (CCN) respectively, at a constant instrument 

supersaturation. The aerosol CN and CCN number size distributions are then combined 

to calculate the size-resolved activation ratio  of the aerosol at the given 

instrument supersaturation. 
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A major limitation of this method is associated with the working mechanism of the 

DMA. The DMA uses a neutralizer (e.g., Kr-85, soft X-ray, or Po-210) to distribute 

electric charge to classify the polydisperse particles. The particles may receive multiple 

unit charges depending on the charging efficiency of the neutralizer. As a result, the 

particles carrying a unit charge possess the same electrical mobility as larger particles 

carrying a higher integral charge. Therefore, the perceived monodisperse aerosols 

likely contain a mixture of different-sized particles. This issue is known and can lead 

to discrepancies in the size-resolved activation ratio  (Moore et al. (2010)). 

Hence, charge correction algorithms (Fuchs, 1963; Wiedensohler, 1988) are commonly 

applied to resolve particle multiple charging issues and data correction is applied in 

CCN software. Multiple charging errors can still affect the reliability and efficacy of 

CCN activation data. 

The multiple charging issues in electrical mobility-based classifiers have led to the 

development of instruments that use particle mechanical mobility. Classifiers can 

measure the relaxation time in pressurized flow or free-molecular (vacuum) regimes 

(e.g., but not limited to Chein & Lundgren, 1993; Conner, 1966; Flagan, 2004; 

Keskinen et al., 1992; Marple et al., 1991). Recently, the working principle and 

instrumentation details for an Aerodynamic Aerosol Classifier (AAC) were described 

(Tavakoli and Olfert, 2013; Tavakoli et al., 2014). The AAC does not require particle 

charging for size-selection and does not produce multiple charging artifacts (Yao et al., 

2020). The AAC classifies particles with respect to their relaxation time and reports 

their corresponding aerodynamic diameter. 
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The AAC has been used with different instruments. Johnson et al., (2018) used the 

AAC in tandem with the Scanning Mobility Particle Sizer (SMPS) to characterize the 

transfer function of the AAC. The AAC can classify particles as large as 6ʈm (Johnson 

et al., 2018). Furthermore, the AAC in tandem with a DMA can determine the aerosol 

dynamic shape factor (Tavakoli and Olfert, 2014; Barati et al., 2019; Yao et al., 2020; 

Tran et al., 2020) and particle effective density (Tavakoli and Olfert, 2014; Peng et al., 

2021b). Sang-Nourpour & Olfert, (2019) and Tran et al., (2020) discuss methods for 

Optical Particle Counter (OPC) calibration using an AAC. 

In short, the AAC is increasing in popularity (e.g., but not limited to Johnson et al., 

2020, 2021; B. Su et al., 2021). However, the scientific knowledge of coupling an AAC 

with a CCNC is limited. One previous study (Barati et al., 2019) published results for 

the CCN analysis of low-hygroscopicity aerosols but did not investigate the 

uncertainties in AAC-CCN size-resolved measurements and CCN activity predictions. 

To our knowledge, the validation of AAC-CCNC coupling on CCN measurement and 

prediction has not been studied before, and hence the AAC-CCNC coupled system is 

currently not well understood. This work explains the AAC-CCNC coupling for CCN 

activity measurements and uncertainties associated with size-selection, number size 

distributions and CCN activity estimates employing the AAC transfer function. 

In addition to a standardized experimental protocol for an AAC-CCNC setup, a 

computational tool also needs to be developed for CCN analysis. Currently, the 

Scanning Mobility CCN Analysis (SMCA) (Moore et al., 2010) package is widely used 

to calculate the CCN activity of aerosols using their electrical mobility-classified 



 

 

22 

 

number size distribution data. The processed size-distribution data from the SMCA can 

be analyzed using the Köhler theory (Köhler, 1936; Seinfeld and Pandis, 1998). SMCA 

has been shown to efficiently perform functions that include inversion of time series 

measurements to obtain size-resolved data (Wang and Flagan, 1990), and multiple 

charge correction using the algorithm given by Wiedensohler, (1988). SMCA works 

well for a variety of organic and inorganic aerosols to estimate their CCN activity (e.g 

Barati et al., 2019; Dawson et al., 2020; Fofie et al., 2018; Giordano et al., 2015; Moore 

et al., 2010; Padró et al., 2012; C. Peng et al., 2021; Vu et al., 2019). So far, there is no 

computational analysis tool for data processing or CCN analysis using their 

aerodynamic measurements based on AAC-CCNC setup. 

In this work, the AAC was coupled with the CCNC instrument, ascribing to the 

aforementioned advantages and novelty of the AAC, for CCN activity analysis. The 

experimental setup and CCN analysis tool were developed and tested. The analysis tool 

was developed in Python (PyCAT 1.0, described in Section 2.3.3) and is available on 

GitHub for public use. In the following sections, the discussion begins with the 

description of the experimental setup to size select and count particles. The following 

section describes the theory and mathematical formulations used in CCN analysis of 

aerosols. After that, the uncertainty estimation is discussed associated with 

aerodynamic size selection and the propagated error into the CCN activity analysis, and 

the impact on the subsequently derived single-hygroscopicity parameter ‖ values. 
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2.3 Data and Methodology 

2.3.1 Instrument and Setup 

A CambustionÊ Aerodynamic Aerosol Classifier (AAC) size-selected 

polydisperse aerosol. Briefly described here, the AAC contains 2 concentric cylindrical 

columns for particle selection. The schematic of a typical AAC is shown in Figure 4. 

The particles are introduced into the AAC from inside the inner cylinder and the aerosol 

flow is then passed into the space between the 2 cylinders. The particles move with 

axial and radial velocities because of the rotation of the cylinders. The rotational speed 

steps across a range of values when the AAC is operated in "scanning mode". Each of 

the rotational speeds correspond to a relaxation time and aerodynamic diameter. At 

different speeds, the particles can hit the inner surface of the outer cylinder depending 

on their size. The outer cylinder has an opening through which the particles of an 

optimum size corresponding to a specific rotational speed can pass through. Particles 

larger than the threshold optimum size hit the cylindrical surface before the opening, 

and the ones smaller than the threshold, exit the classifier along with the exhaust flow. 

The working principle of the AAC has been described previously in extensive detail 

(Tavakoli and Olfert, 2013; Tavakoli et al., 2014; Johnson et al., 2018). 

Figure 7 shows the experimental setup used in this study. The classified aerosol 

was split into 2 streams - the first stream was passed through a Condensation Particle 

Counter (CPC, TSI 3776) to obtain total aerosol particle counts (condensation nuclei, 

CN), and the second stream was passed through a DMT Continuous-Flow Streamwise 

Thermal-Gradient CCN Chamber (CFSTGC, or simply CCNC; Roberts & Nenes, 
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2005) to obtain activated aerosol particle counts (cloud condensation nuclei, CCN). 

The CCNC consists of a cylindrical chamber that has internally wetted walls to 

maintain an approximately constant supersaturation along the CCNC column. A series 

of experiments were performed with sucrose at different instrument supersaturations 

(between 0.2% and 0.6%). Sucrose is a highly water-soluble, moderately hygroscopic 

oligomer that is an atmospherically relevant aerosol from biogenic sources (Dawson et 

al., 2020). The CCN properties of sucrose have been well-studied and characterized 

(e.g., but not limited to Dawson et al., 2020; Petters & Kreidenweis, 2007; J. Wang et 

al., 2017; Xu et al., 2014). Sucrose was selected as an appropriate choice of aerosol to 

benchmark the AAC-CCNC experimental setup. 

 

Figure 7. AACïCCNC experimentation setup for measuring the size-resolved number 

concentration of aerosols. 

The polydisperse aerosol population was generated from an aqueous solution using 

a Collison atomizer. The aerosol was passed through a series of 2 diffusion driers (for 

drying to <10% RH) and then introduced into the AAC to generate monodisperse 
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aerosol. The atomization typically produces dry particles in the submicron size range. 

A total sample flow rate of 0.8 L min-1 was split between 0.3 and 0.5 L min-1 for the 

CN and CCN measurements, respectively. Additionally, a sheath flow rate of 8 L min-

1 was applied to maintain a sheath-to-sample flow ratio of 10:1. Furthermore, the AAC 

was maintained at a temperature and pressure of 21.5Ј C and 1 atm, respectively. The 

CCNC instrument supersaturations were calibrated using ammonium sulphate 

.( 3/ (Rose et al., 2008). The details of CCNC calibration performed using 

DMA-based size-resolved (NH4)2SO4 measurements from 0.2 to 0.6% supersaturation 

are provided in the appendix section 2A.1. 

The AAC was operated in the "step-scanning mode". In step-scanning mode, there 

is a transit time and stabilization (delay) time when the AAC advances from one 

rotational speed setpoint to another. Each rotational speed is related with a 

corresponding size bin, and here the AAC was run between successive size bins for 

14.5 seconds (transit time of 9.5 seconds and delay time of 5 seconds). Increasing the 

stabilization interval improves the repeatability of the particle counts and reduces 

uncertainties due to particle diffusion at lower sizes. The measured CCN to CN 

activation ratio  was calculated for each size-selected aerodynamic diameter. A 

sigmoidal fit was applied to the size-resolved activation ratio. The critical dry diameter 

is defined at the 50% activation efficiency at a constant instrument supersaturation and 

was reported every 30 minutes and repeated 5 times for the AAC-CCN experimental 

setup. 
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2.3.2 CCN Activation Theory 

The critical dry diameter and instrument supersaturation can be used in Köhler 

theory (Köhler, 1936; Seinfeld and Pandis, 1998) to estimate the size-independent 

single-hygroscopicity parameter ‖ of the aerosol species. ‖ of an aerosol species is 

calculated as follows (Petters and Kreidenweis, 2007), 

‖ ; where ὃ     (2.1) 

In the above equation, Ὀ  is the critical dry diameter of the aerosol species at 

supersaturation Ὓ. Physically, Ὀ  is a threshold size for activation; particles larger 

than this threshold are assumed to fully activate and convert into droplets and those 

smaller than the threshold remain unactivated. ὓ , „  and ”  correspond to the molar 

mass, surface tension and density of water, respectively. Ὑ is the universal gas constant, 

and Ὕ is the average temperature inside the CCNC column. Under the Köhler theory 

framework, the ‖ of an aerosol species can be related to the molar mass ὓ , density 

” , and Vanôt Hoff factor ’  of the solute (Sullivan et al., 2009; Mikhailov et al., 

2013), 

‖       (2.2) 

Eq. (2.2) assumes complete aqueous solubility of the aerosol species. Past studies have 

found sucrose ‖ from CCN measurements (obtained from Eq. 2.1) in the range of 0.06-

0.1 (e.g., but not limited to Dawson et al., 2020; Ruehl et al., 2016; J. Wang et al., 2017; 

Z. Wang et al., 2015; Xu et al., 2014). Furthermore, the theoretical ‖ of sucrose 
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(obtained from Eq. 2.2) is 0.084 and implies that the previously reported ‖ estimates of 

sucrose are in good agreement with the theoretical ‖ of sucrose. Therefore, the 

theoretical ‖ (from Eq. 2.2) can also be used to validate the sucrose ‖ derived from the 

AAC-CCNC setup. 

 

2.3.3 Python-based CCN Analysis Toolkit (PyCAT 1.0) 

Each step-scanning mode timeseries using the AAC-CCNC setup measures 90 CN 

datapoints and 1400 CCN datapoints. Therefore, a computationally efficient method is 

required to synchronize and analyze the AAC and CCNC datasets. A computer code 

(Python-based CCN Analysis Toolkit, PyCAT) was developed to analyze both SMPS 

and AAC size-resolved CCN data for CCN activity analysis. The code is written in 

Python3.7 and uses the most recent version of the built-in libraries. It can perform 

timeseries data synchronization and analysis, CCN activity analysis (section 2.2) and 

uncertainty analysis (section 3). In addition, the code provides aerosol sizing properties 

at the point of activation and Köhler theory analysis based on user inputs. Additionally, 

the code is flexible and allows the user to organize and visualize the post analysis data. 

An opensource code has been completely packaged with the necessary capabilities and 

is available on GitHub for public use. Here the application of PyCAT has been 

demonstrated for the first time. PyCAT has been used for CCN activity analysis and to 

quantify the uncertainties associated with aerodynamic measurements and how they 

manifest in the CCN activity. 

 



 

 

28 

 

2.4 Uncertainty Analysis of Measurements 

The uncertainty analysis for particle size-selection using the AAC in step-scanning 

mode has been described in detail previously (Johnson et al., 2018; Yao et al., 2020). 

In this section, the derivation of AAC uncertainty has been briefly described and fully 

describe the effects of size-selection for CCN activity and single-parameter 

hygroscopicity uncertainty analysis. 

Aerosol particles moving with an axial speed ’ through the AAC column 

experience drag force. The drag force on a particle of an assumed spherical shape can 

be expressed as, 

Ὂ        (2.3) 

where ὄ  is defined as the mechanical mobility of the spherical particle 

(Tavakoli et al., 2014; Johnson et al., 2018; Yao et al., 2020). For a given set of AAC 

operating conditions, ὄ  can be determined as (Tavakoli et al., 2014; Yao et al., 

2020), 

ὄ       (2.4) 

where ‘ is the dynamic viscosity of the surrounding gas, Ὠ  is the particle 

diameter under the assumptions of sphericity, and ὅ Ὠ  is the Cunninghamôs 

slip correction factor of the particle with the diameter Ὠ  (described in appendix 

section 2A.2). 
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The particle drag force is balanced by the particle centrifugal force in the AAC for 

size-selection (Tavakoli and Olfert, 2013). The particle centrifugal force is defined as 

follows, 

Ὂ  ά‫ὶ       (2.5) 

where ά, ,and ὶ are the mass, rotational speed, and radial position of the particle ‫ 

respectively. The aerosol particle relaxation time, †  άὄ . Using this 

definition, the force balance expression † is expressed as, 

†         (2.6) 

The maximum particle relaxation time ʐᶻ is calculated as follows (Tavakoli et al., 

2014), 

†ᶻ
 

 
       (2.7) 

where ὶ, ὶ and ὒ denote the classifier inner radius, outer radius, and length 

respectively. ὗ  and ὗ  are the inlet sheath flow and outlet exhaust flow, 

respectively. In this study, ὗ  and ὗ  were fixed by the CPC sample flowrate. is ‫ 

the only variable parameter in Eq. (2.7) and defines the setpoint for size-selection and 

determines the †ᶻ corresponding to particles of desired aerodynamic diameter. 

The particle relaxation time can also be expressed in terms of the particle 

aerodynamic diameter as follows (Johnson et al., 2018), 

†        (2.8) 
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where ” is the reference density of 1000 ËÇȾÍ  and ὅ Ὠ  is the Cunningham slip 

correction factor of the particle with aerodynamic diameter Ὠ . The aerodynamic 

diameter of a particle is defined for a spherical particle with a density of 1000 ËÇȾÍ . 

A non-dimensional relaxation time, †ǿ  zis calculated by dividing Eq. (2.8) with Eq. 

(2.7). 

Previous studies have developed models to calculate the probability of selecting a 

particle passing through the AAC, otherwise known as the AAC transfer function (TF) 

(Johnson et al., 2018; Tavakoli and Olfert, 2013). Tavakoli & Olfert, (2013) developed 

the AAC transfer function following the methodology from Knutson & Whitby, (1975). 

In this work, the non-diffusing particle streamline TF theory is used to describe particle 

classification (Tavakoli and Olfert, 2013). The AAC TF is denoted by, and for ideal 

non-diffusion conditions, it is defined as follows (Martinsson et al., 2001; Tavakoli and 

Olfert, 2013; Johnson et al., 2018), 

  †ǿȠ‍Ƞ‏ ẗȿ†ǿ ρ ‍ȿ ȿ†ǿ ρ ‍ȿ ȿ†ǿ ρ ȿ‏‍ ȿ†ǿ ρ  ȿ  (2.9)‏‍

where ‍  and ‏ , such that ὗ  is the inlet aerosol flow, and ὗ is the 

outlet sample flow. The AAC was operated under balanced flow conditions 

ὗ ὗ  and ὗ ὗ , and thus ‍ and ‏ were reduced to  and 0, respectively. 

Under the balanced flow assumption, Eq. (2.9) can be simplified to (Johnson et al., 

2018), 

ɱ ȟ †ǿȠ ẗȿ†ǿ ρ ‍ȿ ȿ†ǿ ρ ‍ȿ ςẗȿ†ǿρȿ   (2.10) 
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The non-ideal particle behavior was accounted for by incorporating a transmission 

efficiency ‗  and transfer function width factor ‘  in the TF (described in 

appendix section 2A.2). The resulting TF for non-ideal, non-diffusing, balanced flow 

conditions is expressed as (Johnson et al., 2018), 

ɱ ȟȟ †ǿȠ‍Ƞ‗Ƞ‘
ẗ
ẗ†ǿ ρ †ǿ ρ ςẗȿ†ǿρȿ  (2.11) 

Figure 8 compares the theoretical TFs for ideal (Eq. 10) and non-ideal (Eq. 2.11) 

particle behaviors under the balanced flow, non-diffusion AAC framework. The two 

transfer functions are shown for a particle aerodynamic diameter of 150 nm († 

=147.7ns, Eq. 2.8). 

 

Figure 8. The ideal (blue) and nonideal (NI) (orange) AAC trans-fer functions based 

on the particle streamline non-diffusion (ND) model as developed by Tavakoli and 

Olfert (2013). The transfer functions are shown relative to 150 nm aerodynamic 

diameter as the set point. This corresponds to a relaxation time set point of 147.7 ns. It 

can be observed that the NI transfer function maximum is significantly reduced 

compared to the ideal transfer function, which is attributed to a reduced transmission 

efficiency for the NI transfer function. Additionally, the transfer function broadening 

is higher for the NI transfer function, which is quantified using the transfer function 

width factor. Overall, the NI transfer function provides an improved basis for particle 

size selection using the AAC. 
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The AAC resolution can be determined from the TF broadening relative to the 

setpoint at † †ᶻ (or †ǿ ρ). The AAC resolution can be correlated with the 

uncertainty associated with the relaxation time or aerodynamic diameter. Particles 

classified by the AAC only contain a narrow range of aerodynamic diameters. The 

AAC resolution is expressed as  and assumes the flows to be balanced, 

laminar and constant (Yao et al., 2020). The AAC resolution can also be expressed in 

the coordinates of the aerodynamic diameter as  which forms the basis to 

determine the uncertainties associated with the aerodynamic diameters. Using Eq. 

(2.11), the uncertainty in relaxation time is (Yao et al., 2020), 

τ τ       (2.12) 

which can further be used to derive the uncertainty associated with the corresponding 

aerodynamic diameter as follows, 

ẗ
ẗ ẗẗ ẗ  

 ẗ ẗẗ ẗ  ẗ ẗ
    (2.13) 

where ‌ ςȢσσ, ‍ πȢωφφ and ‎ πȢτωψυ are the Cunningham slip correction 

factor coefficients taken from (Kim et al., 2005), and ‗ is the mean free path of the 

particles. The aerodynamic diameter can be converted to the volume equivalent 

diameter, which is a more accurate representation of the particle morphology and size. 

The volume equivalent diameter is expressed using the dynamic shape factor and 

aerosol density as follows, 
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Ὠ Ὠ         (2.14) 

where ” is the particle density, ὅ Ὠ  is the Cunninghamôs slip correction factor for 

the particle with the volume equivalent diameter, Ὠ , and … is the size-dependent 

dynamic shape factor. The uncertainties in the volume equivalent diameter are 

quantified using the uncertainties in measured aerodynamic diameter and dynamic 

shape factor as follows, 

  (2.15) 

The uncertainty given by Eq. (2.15) has a direct implication to the aerosol ‖. For a 

given supersaturation, the uncertainty in ‖ is dependent on the uncertainty in the 

volume equivalent diameter, and is expressed as, 

σẗ          (2.16) 

Eq. (2.16) implies that the relative uncertainty in ‖ is theoretically 3 times more 

than that of the critical dry diameter. In Eq. (2.16), the Ὀ  can either be the critical 

dry electrical mobility, aerodynamic or volume equivalent diameter. In this work, the 

uncertainties in Eq. (2.16) are evaluated with respect to volume equivalent diameters 

derived from the measured electrical mobility and aerodynamic diameters. Another 

important point to note here, is that since the activation diameter varies with 

supersaturation, the uncertainty at every activation diameter will also be different. This 
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implies that for each measured activation diameter, the uncertainty in aerosol ‖ will 

vary, and will thus depend on the uncertainty in critical dry diameter. 

 

2.5 Results for Laboratory Aerosols 

The AAC-CCNC measurements of sucrose were reported at varying CCNC 

instrument supersaturations (0.2 to 0.6%). The aerosol particles classified with the 

AAC were counted using a CPC and CCNC. An example dataset of CN and CCN 

number size distributions measured at 0.39% supersaturation is shown in Figure 9(a). 

The CN and CCN particle counts are plotted against the aerodynamic diameters. Error 

bars in the y-axis denote the relative uncertainties in the CN and CCN number 

concentrations. The errors in CN and CCN concentrations are calculated from counting 

uncertainties of the CPC and CCNC, and uncertainties in the instrument flow rate of 

CPC and CCNC. Details of uncertainty estimation for the CN and CCN counts are 

provided in Moore et al., (2010) and are briefly described in appendix section 2A.4. 

The observed relative uncertainties in the CN and CCN concentrations were ρϷ for 

every aerodynamic diameter, which indicates that counts are repeatable. Figure 9(b) 

shows the size-resolved activation ratio Ὑ 
Ƞ

 for πȢσωϷ supersaturation 

Ὓ, where ὅὅὔὛȠὈ  is the CCN measurement at the constant Ὓ and Ὀ  divided by 

CN measurements at constant Ὀ , ὅὔὈ . A brief description of the sigmoidal fitting 

and its mathematical representation is provided in the appendix section 2A.3. The 

sigmoidal fit applied to the Ὑ  is also shown in Figure 9(b). Error bars on the y-axis in 

Figure 9(b) show the uncertainties in Ὑ . The Ὑ  uncertainties were calculated by 
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propagating the uncertainties in CN and CCN number concentrations. Details of the 

estimation of y-axis uncertainties of Ὑ  in Figure 9(b) are also provided in the appendix 

section 2A.4. 

 

Figure 9. The CN and CCN number size distributions (a) and the corresponding size-

resolved activation ratio (b) for sucrose are shown. The measurements were performed 

at a supersaturation of 0.39%. The activation aerodynamic diameter was found to be 

about 130 nm from the activation ratio obtained using the size-resolved measurements. 

The dry aerodynamic activation diameter corresponds to the 50% activation efficiency, 

which corresponds to an activation ratio of 0.47. Furthermore, the uncertainties in the 

aerodynamic diameters, CN and CCN number concentrations, and size-resolved 

activation ratio are also denoted on the plot using their respective error bars. 

 

In both Figure 9(a) and 9(b), the error bars along the x-axis show uncertainties in 

aerodynamic diameters estimated using the AAC TF. The x-axis uncertainties in Figure 

9(a) and 9(b) decreased with increasing aerodynamic diameters. The decrease in the x-

axis uncertainties can be explained using Figure 10(a) which shows the AAC TF for 

non-ideal particle behavior. For non-ideal AAC TF, the increase in the AAC resolution 

can be attributed to a monotonic increase in the transmission efficiency ‗  and 

transfer function width factor ‘  with respect to the aerodynamic diameter (Figure 
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10(b)). Figure 10(a) shows that the AAC TF broadening decreases with an increase in 

aerodynamic diameter for a fixed sheath flow rate. This is likely due to a reduced 

classifier flow effect with increasing aerodynamic diameter (Johnson et al. (2018)). As 

a result, the AAC resolution increases with increasing aerodynamic diameter. An 

increased resolution results in a decrease in the x-axis uncertainty with increasing 

particle sizes. In other words, the diffusion losses decrease with an increase in the 

mobility mass and aerodynamic diameter, in turn decreasing Ra uncertainties 

associated with AAC particle size-selection and counting. From our AAC-CCNC 

measurements at 8 L min-1, the minimum AAC resolution was 10.1 to prevent excess 

transfer function broadening and improve the accuracy of the size-resolved 

measurements. Figure 10(a) is a direct result of Eq. (2.13) and suggests that reducing 

the error in size measurement reduces the magnitude of error propagation for single-

hygroscopicity parameter ‖. 

 

Figure 10. (a) NDïBïNI transfer functions for low-flow measurement conditions from 

the AAC-based setup are shown. The transfer functions are plotted with respect to 

dimensionless relaxation time. The lower and upper aerodynamic diameter limits for 

the measurements are 90 and 392.3 nm, respectively. The corresponding relaxation 
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times are highlighted for the aerodynamic diameter set points. The resolution increases, 

and hence the measurement uncertainties, decrease with an increase in the particle 

aerodynamic diameter. (b) The size-dependent transmission efficiency (‗ , blue) and 

transfer function width factor (‘ , red) are shown above. The marked points on the plot 

correspond to ‗  and ‘  computed at the dry activation diameters at the set instrument 

supersaturations used in this study (between 0.2% and 0.5%). As a general trend, both 

the transfer function parameters increase with the increase in aerodynamic diameter. 

This results in an increase in the AAC transfer function resolution and a decrease in the 

size-related uncertainty with an increase in aerodynamic diameter (that is, the particle 

relaxation time). The plot also shows that the transfer function width factor is slightly 

more sensitive to the increase in the aerodynamic diameter, which can be followed by 

comparing the slopes of the linear fits of the transmission efficiency and width factor 

relative to the aerodynamic diameter. 

The critical dry aerodynamic diameter at 0.39% supersaturation was approximately 

130nm. The AAC-CCNC sigmoidal fitting is similar to that applied by SMCA (Moore 

et al. (2010)). However, the sigmoid applied to the AAC-CCNC measurements does 

not require the correction of multiple charging artefacts. The critical dry aerodynamic 

diameter (130nm) and Ὓ (0.39%) were then combined using the Köhler theory 

framework (Section 2.2) to estimate the single-hygroscopicity parameter ‖ of 

sucrose. At 0.39% the ‖ was found to be 0.041 (Eq. 2.1). This had a ͯ51% difference 

with respect to the theoretical ‖ (0.084) of sucrose. Like Figure 9(b), Figure 11 shows 

the size-resolved activation ratios estimated from the measured number size 

distributions at 5 different supersaturations (0.23%, 0.31%, 0.39%, 0.48%, and 0.57%). 

The uncertainties associated with the aerodynamic diameters and their corresponding 

activation ratios are also shown on the plot. In addition to this, the critical dry 

aerodynamic diameters obtained from the size-resolved activation ratios at respective 

supersaturations are provided. For every set of size-resolved activation data, the y-axis 

uncertainties increase, while the x-axis uncertainties decrease with increasing 

aerodynamic diameters (Table 2.1). ‖ was calculated for each supersaturation using Eq. 
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(2.1), and the propagated uncertainty from the critical dry volume equivalent diameter 

was calculated using Eq. (2.16). The ‖ and associated uncertainties were averaged for 

5 sets of measurements at every instrument supersaturation. Accounting for changing 

instrument supersaturations, the mean ‖ for the set of 5 aerodynamic measurements 

was πȢπσφπȢππψ (slightly < 0.041, the mean ‖ at 0.39% supersaturation). The 0.036 

‖ value was less than previously reported sucrose ‖ values from electrical mobility 

CCN measurements (in the range of 0.06-0.1) (Xu et al., 2014; Ruehl et al., 2016; 

Dawson et al., 2020), as well as the theoretical sucrose ‖ (0.084). This relatively large 

differences between ‖ values are attributed to the use of the aerodynamic diameter in 

Eq. (2.1). 

Aerodynamic diameters are generally overpredicted as they are based on a spherical 

particle with a density ”  = 1000 ËÇȾÍ , and is likely true in the case of sucrose as 

its bulk density = 1586 ËÇȾÍ , which is significantly larger than ”. In such a case, a 

more reliable measure of particle size is required to improve the accuracy of the AAC-

CCN hygroscopicity estimates. The measured aerodynamic diameters were converted 

into volume equivalent diameters by accounting for the particle dynamic shape factor 

and true particle density (Tavakoli and Olfert, 2014). Size-resolved shape factor 

measurements of sucrose are described in detail in the appendix section 2A.5. Dynamic 

shape factor … = 1 corresponds to spherical particles, and … ρ marks a deviation of 

particle shape from sphericity. For sucrose particles with aerodynamic diameters 

between 1ͯ00nm and 250nm, the size-resolved dynamic shape factor was 

approximately 1 and was observed to be only as high as 1ͯ.1 for particles with Ὠ

ρππ nm. Table 2.1 provides a summary of critical dry aerodynamic diameters and their 
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volume equivalent counterparts found in this study for CCN measurements at different 

supersaturations. 

 

Figure 11. Size-resolved activation ratios are shown over a range of instrument 

supersaturations as presented on the plot. Their corresponding dry activation 

aerodynamic diameters are also depicted on the plots. The dotted line passing through 

the 50% activation efficiency (activation ratio of about 0.47) point on the plot intersects 

the activation ratio plots at their respective dry activation diameters. The dry activation 

diameter systematically decreases with increasing ambient supersaturation. Moreover, 

the volume equivalent diameters corresponding to their aerodynamic diameters are not 

shown here. 

The ‖ computed using Köhler theory from 5 different dry aerodynamic activation 

diameters and their respective volume equivalent diameters are summarized in Table 

2.1. Physically, the volume equivalent diameter represents a spherical particle with the 

same mass as that of a non-spherical aerodynamic particle. However, the volume 

equivalent diameter accounts for the aerosol density as well as the deviation of the 

aerosol particlesô shape from sphericity and improves the accuracy of hygroscopicity 

estimates. The mean ‖ of sucrose computed from critical dry volume equivalent 

diameters was estimated to be πȢπωπȢππφ. The critical dry volume equivalent 

diameters combined with their respective critical supersaturations provided estimates 
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of sucrose ‖ that are in a better agreement with the theoretical and previously reported 

hygroscopicity values. 

 

Figure 12. The variation in uncertainty of size-resolved measurements using a DMA 

and AAC are compared in this plot. The orange dot-dashed lines denote the range of 

uncertainty in measurements in an AAC, and the blue dashed lines denote the range of 

uncertainty in measurements in a DMA. The black solid lines are the best fits for the 

size-resolved measurements for sucrose obtained using the Köhler theory. 

Table 1. The table provides the analysis summary of the set of measurements 

performed for sucrose with the help of the AACïCCNC setup. At low supersaturations, 

sucrose has large dry activation diameters for which the measurement uncertainties are 

slightly lower. Furthermore, the CCN activity predictions in terms of ə using the Köhler 

theory are also accurate. With an increase in the supersaturation the dry activation 

diameter reduces, and correspondingly the variations in ə continue to rise, being as high 

as about 35% at 0.58% instrument supersaturation. The conversion of dry aerodynamic 

activation diameters of sucrose to their corresponding volume equivalent diameters was 

done with the help of the dynamic shape factor. The shape factor measurements and 

analysis were performed following the procedure described in Tavakoli & Olfert, 

(2014). 
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2.6 Summary, Recommendations and Implications 

This study presents the AAC-CCNC experimental setup. The presented 

methodology can be applied for CCN activity analysis of different aerosol species. 

Aerosol size-selection with the AAC does not require charging of particles; thus, the 

AAC-CCNC coupling generates truer monodisperse aerosols, ideally sigmoidal 

activation data, and improves the accuracy of size-resolved measurements. For AAC-

derived critical dry aerodynamic diameters, the sizing uncertainty is larger at low 

particle sizes and reduces with an increase in particle size (Table 1). Thus, larger critical 

dry aerodynamic diameters are preferred with the AAC-CCNC setup and so the AAC-

CCNC setup more applicable for CCN measurements of low-hygroscopicity aerosols. 

It should be noted that this phenomenon is reversed for electrical mobility 

measurements. In the DMA, this can be attributed to increased diffusion losses due to 

a drop in transmission efficiency for the particles larger than 100nm. A similar 

observation can be made based on the findings in Figure 10 of Johnson et al., (2018). 

To reiterate, the uncertainties in the electrical mobility diameter increase for larger 

particle sizes (Figure 12). Table S6.1 provides the measure of uncertainties in 

aerodynamic and mobility diameters of sucrose at the same supersaturations. 
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An optimum range of aerodynamic diameters for CCN measurements can be 

suggested based on the findings of this work. There are fewer particles larger than 

0.5‘m generated via Collison atomization. Therefore, atomization produces extremely 

low number concentrations for particles larger than 0.5‘m, which can significantly 

reduce the counting statistics. This suggests that πͯȢυ‘m was a suitable upper limit of 

aerodynamic diameters for laboratory AAC-CCNC measurements. The lower size limit 

can be defined using the AAC resolution, the TF broadening and hence the flow rates 

used in the experiments. The sample and sheath flow rates were set to 0.8 L min-1 and 

8 L min-1, respectively. Additionally, AAC TF equations (section 3), indicate a lower 

size limit of ͯ 85nm. The minimum measurement resolution to obtain good counting 

statistics corresponding to any aerodynamic diameter 85nm was 10.1. Based on the TF 

analysis in this paper and the previously described CCN activity measurements (Rose 

et al., 2008; Moore et al., 2010), it can be inferred that AAC is useful for particle 

classification and size-resolved measurements for relatively larger particles in the 

submicron regime. Furthermore, 85nm is a reasonable lower limit for CCN 

measurements of low-hygroscopicity aerosols. Low-hygroscopicity aerosols 

(predominantly organics with ‖ πȢς; Petters & Kreidenweis, 2007; Vu et al., 2019; 

J. Wang et al., 2019; Xu et al., 2014) do not activate readily at smaller particle sizes 

and atmospherically relevant supersaturations (<1%). The laboratory number size 

distribution measurements for such aerosols are reliable at low to mid-range 

supersaturations with the AAC-CCNC setup. 

The uncertainty analysis in this work shows that size-resolved aerodynamic 

measurements are precise. However, the accuracy of the aerosol hygroscopicity 
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estimates from aerodynamic measurements is low; this is seen from the lack of 

agreement between aerodynamic diameter-derived ‖ and previously reported well-

accepted ‖ values of sucrose. The aerodynamic diameter can be converted to a volume 

equivalent diameter if an additional aerosol classifier is used in series with the AAC 

(Yao et al., 2020). The size-resolved dynamic shape factor … was measured using the 

DMA-AAC setup to convert the aerodynamic diameters to their respective volume 

equivalent diameters. The volume equivalent diameter of the particles was estimated 

by incorporating … and known aerosol density (Eq. 2.14). The aerosol hygroscopicity 

estimates using volume equivalent diameters in the analysis showed good agreement 

with previously reported sucrose hygroscopicity values in literature. 

Overall, the AAC-CCNC coupling offers a promising tool for obtaining size-

resolved CCN activity measurements for challenging low-hygroscopicity organic 

aerosols. Using the AAC-CCNC setup, the measurements and activation properties are 

obtained in terms of aerodynamic diameter. However, the sole use of aerodynamic 

diameters should be avoided in the context of CCN activity. CCN activity depends on 

particle size and chemistry; aerodynamic diameters assume a constant density of 

1000ËÇȾÍ , therefore neglecting the densities of different chemical species. The use 

of aerodynamic diameters for CCN analysis has significant consequences for the 

representation of aerosols and for the estimation of hygroscopicity ‖. Future work 

should add the dynamic shape factor and particle density in aerodynamic diameter-

derived CCN activity analysis. The additionally known parameters improve agreement 

between the measured and theoretical ‖ values. It should also be noted that the 

uncertainty calculations presented in this manuscript solely focus on the uncertainties 
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from changing sizing instrumentation used before the CCN counter. That is, if one uses 

the same CCN counter, the uncertainty in the supersaturation (from changes in the ɝὝ, 

flow rate, and ɝὖ) are constant. One can add additional calculations of error in 

supersaturations by referring to Roberts & Nenes, (2005) and Rose et al., (2008). If the 

user intends to perform CCN measurements using the AAC and DMA, they should run 

the CCN measurements at the same time. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix 2A 

Summary: This appendix contains the CCNC supersaturation calibration data, 

calculation of necessary AAC measurement parameters, methods for uncertainty 

analysis of number concentration data, description of the dynamic shape factor 

measurement method, and DMA-based CCN measurement data and associated 

uncertainties. 
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2A.1 CCN counter (CCNC) calibration 

Dry particles are subjected to supersaturated conditions when passing through the 

CCNC column. The CCNC supersaturation is set by applying an axial temperature 

gradient for specified flow and pressure gradient within the CCNC column. 

Theoretically, the temperature gradient stays constant if the CCNC parameters are 

maintained constant. However, in practice there are fluctuations in the CCNC 

parameters which can cause deviations in the instrument supersaturation from the set 

supersaturation. These deviations in CCNC supersaturations were resolved by 

calibrating the CCNC. Calibration was performed by following the procedure 

described by Rose et al. (2008). 

 

 

 

 

Table 2A.1 .( 3/  CCN Counter (CCNC) calibration data 

Supersaturation Setting (%) Calibrated Supersaturation (%) Critical Dry Diameter (nm) 

Ȣ πȢςρυ χυȢφ ς 

Ȣ πȢσπψ φρȢχ πȢφ 

Ȣ πȢτπς υςȢσ πȢφ 

Ȣ πȢτωσ τυȢυ ρ 

Ȣ πȢυψφ τρȢς πȢτ 

Ȣ πȢχχρ στȢχ πȢχ 

Ȣ πȢωυχ ςωȢφ πȢφ 
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Figure 2A.1. CCN counter (CCNC) calibration using .( 3/  CCN measurements 

from DMA-based setup. The critical dry electrical mobility diameters are plotted 

against their respective instrument supersaturations and are overlayed against the ‖

πȢφ line that corresponds to pure ammonium sulfate (Petters and Kreidenweis (2007)). 

2A.2 Estimation of AAC measurement parameters 

2A.2.1 Cunninghamôs Slip Correction Factor 

Particles experience a drag force when they move along a fluid of given viscosity. 

Stokesô law provides a solution for estimating the viscous drag in laminar flow regimes 

where the Reynoldôs number << 1 (Crowder et al., 2002). An underlying assumption 

in the estimation of this viscous drag is that there is no slip at the particle surface when 

particles move through the fluid. However, this assumption starts to break down when 

the particle size becomes several times larger than the mean free path. In such cases, 

the drag force needs to be corrected for the slip to maintain a constant flow velocity. 
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Cunningham derived a correction factor for the drag force, which is commonly 

expressed as a function of particle size Ὠ and is as follows, 

ὅ Ὠ ρ ẗ‌ ‍ ẗÅØÐ‎ ẗ     (2A.1) 

where ‌ ςȢσσ, ‍ πȢωφφ and ‎ πȢτωψυ (Kim et al. (2005)). ‗ in Eq. (2A.1) 

is the mean free path of the surrounding gas particles which is estimated as follows (Eq. 

(2A.2)), 

‗ ‗ẗ ẗ ẗ        (2A.2) 

where ‗ is the air mean free path at the reference conditions of φχȢσ ὲά, Ὕ is the air 

temperature in the classifier in ὑ, Ὕ is the reference temperature of ςωφȢρυ ὑ, ὖ is the 

air pressure in the classifier in ὖὥ, ὖ is the reference pressure of ρπρσςυ ὖὥ and Ὓ is 

the Sutherland constant for air of ρρπȢτ ὑ. 

2A.2.2 Cunninghamôs Slip Correction Factor 

The AAC transfer function includes non-ideal particle behavior using the transmission 

efficiency ‗  and transfer function width factor ‘ . The ‗  of the AAC is 

empirically determined using Eq. (2A.3) (Johnson et al. (2018)), 

‗ ‗ ẗ‗         (2A.3) 

where ‗ is the entrance/exit transmission efficiency of the classifier, and ‗ is the 

diffusional transmission efficiency. ‗ for the AAC has been typically observed as πȢψ. 

‗ is given as, 
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‗
πȢψρωὩ Ȣ πȢπωχυὩ Ȣ πȢπσςυὩ ὭὪ ‏ πȢππχ

ρ υȢυ‏
ϳ

σȢχχ‏ πȢψρτ‏
ϳ

ὭὪ ‏ πȢππχ
 (2A.4) 

where ‏  in Eq. (2A.4) is a size-dependent deposition parameter and is given as, 

‏ Ὠ
ẗ

, such that ὒ  is the effective deposition length of the AAC and 

has a value of 46m, ὈὨ is the size-dependent diffusion coefficient of the particles, 

and ὗ  is the aerosol flow rate. 

 

2A.3 Sigmoidal fitting for size-resolved activation ratio 

The critical dry diameter Ὀȟ  for an aerosol at a given supersaturation is determined 

with the help of the size-resolved activation ratio (denoted by ). The  for a 

single-component aerosol population is known to fit a sigmoidal function with one 

plateau. The half-maximum point of the sigmoidal fit then corresponds to the Ὀȟ  of 

the aerosol at the given supersaturation. A 4-parameter sigmoidal function was applied 

to the  v/s Ὀ  measurements of sucrose at different supersaturations to calculate 

their respective Ὀȟ . The sigmoidal function used fit the data is shown as Eq. (2A.5). 

ȟ Ⱦ
ὃ        (2A.5) 

ὃ and ὃ are the minimum and maximum of the sigmoid respectively, Ὠὼ is the slope 

of the sigmoid. The sigmoid is fit was scaled over a range of 0.0 to 1.0, i.e., ὃ and ὃ 

were set to 0 and 1, respectively. 
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2A.4 Uncertainty estimation for size-resolved counting and activation 

measurements 

If ὔ generally denotes the particle counts from a CPC or CCNC, and ὗ  denotes the 

aerosol flow rate, the relative uncertainty in the measured particle concentration ‭  

is determined from the relative counting uncertainty ‭  and the relative flow rate 

uncertainty ‭  as follows (Moore et al. (2010)), 

‭ ‭ ‭          (2A.6) 

Particles are assumed to be randomly distributed throughout the sample. Poisson 

statistics can be used to estimate ‭ as ὔ . For the CCN counter (CFSTGC), 

the ‭  is generally ͯτϷ. For the TSI CPC 3776, ‭  is about ςϷ. The uncertainties 

in the particle concentrations can used to propagate the uncertainties in the size-

resolved activation ratio Ὑ . The uncertainties in size-resolved activation 

ratio ‭  can be denoted as, 

‭ ‭ ‭ ‭ ‭ ‭ ‭    (2A.7) 

‭ ὔ ὔ ‭ ‭      (2A.8) 

Eq. (2A.7) can be simplified to Eq. (2A.8). Under standard experimental conditions, 

for most atmospherically relevant CN concentrations, ‭  is 7% or less, while ‭  

is less than 17%. The subsequent ‭  is less than 18% (Moore et al. (2010)). 
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2A.5 Shape factor measurements 

 

Figure 2A.2. Sucrose dynamic shape factor data for sucrose, collected using an AAC-

DMA setup (Tavakoli and Olfert (2014)). The size-resolved shape factor is plotted 

against the aerodynamic diameter measurements of sucrose. Shape factor relates 

aerosol density with the particle size and was used to derive volume equivalent 

diameters corresponding to the respective aerodynamic diameters (details in sections 3 

and 4 of main text). The above figure shows that the shape factor of sucrose is close to 

1 over a range of sizes, which implies that sucrose particles are mostly spherical. 

2A.6 DMA-CCNC measurements 

 

Figure 2A.3. Size-resolved activation data of sucrose determined using CCN 

measurements using the DMA-based setup. The activation ratios are shown with 

respect to electrical mobility diameter of the particles. 
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Table A2.2. Sucrose DMA-based CCN Activation Data. Uncertainties in Critical Dry 

Diameters Using Electrical Mobility Measurements from a DMA-based Setup 

Instrument Supersaturation 

Ϸ  
Critical Dry Diameter (nm) 

Uncertainties in Critical Dry 

Diameters Ϸ  

Ȣ  ρυσȢσ χȢτς 

Ȣ  ρςςȢσ χȢρρ 

Ȣ  ωωȢρ φȢωρ 

Ȣ  ψχȢς φȢχυ 

Ȣ  χψȢς φȢφχ 

Ȣ  φτȢυ φȢςσ 

Ȣ  υυȢσ φȢτρ 

 

 

Figure 2A.4. CCN measurements of sucrose from DMA-based setup. The activation 

measurements overlayed with ‖ πȢπψτ line which corresponds to pure (ideal) 

sucrose. 
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Chapter 3: Droplet Growth Analysis and Hygroscopicity 

Parameterization using an Adsorption-Solubility Partitioning 

Hybrid Model 

Access published article at: 

Gohil, K., Mao, C.-N., Rastogi, D., Peng, C., Tang, M., and Asa-Awuku, A.: Hybrid 

water adsorption and solubility partitioning for aerosol hygroscopicity and droplet 

growth, Atmos. Chem. Phys., 22, 12769ï12787, 

https://doi.org/10.5194/acp-22-12769-2022, 2022. 

3.1 Abstract 

In this work, the Cloud Condensation Nuclei (CCN) activity and subsaturated 

droplet growth of phthalic acid (PTA), isophthalic acid, (IPTA) and terephthalic acid 

(TPTA) was studied. Kohler Theory can be effectively applied for hygroscopicity 

analysis of PTA due to its higher aqueous solubility compared to IPTA and TPTA. As 

with other hygroscopicity studies of partially water-soluble and effectively water 

insoluble species, the supersaturated and subsaturated hygroscopicity derived from 

(KT) principles do not agree. To address the disparities in the sub- and supersaturated 

droplet growth, a new analytical framework called the Hybrid Activity Model (HAM) 

was developed. HAM incorporates the aqueous solubility of a solute within an 

adsorption-based activation framework. Frenkel-Halsey-Hill (FHH)-Adsorption 

Theory (FHH-AT) was combined with the aqueous solubility of the compound to 

develop HAM. Analysis from HAM was validated using laboratory measurements of 

pure PTA, IPTA, TPTA and PTA-IPTA internal mixtures. Furthermore, the results 

generated using HAM were tested against traditional KT and FHH-AT to compare their 

water uptake predictive capabilities. A single-hygroscopicity parameter was also 

developed based on the HAM framework. Results show that the HAM based 
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hygroscopicity parameter based can successfully simulate the water uptake behavior of 

the pure and internally mixed samples. Results indicate that the HAM framework may 

be applied to aerosols of varying chemical structures and aqueous solubility. This is the 

first time the adsorption-based droplet growth is combined with solubility partitioning 

to formulate a hybrid droplet growth framework. Chapters 4 and 5 demonstrate the 

application of this hybrid framework for CCN activity analysis of soot proxies and 

cloud response estimation, respectively. 

 

3.2 Background 

Aerosols can affect the global radiative balance and climate by either absorption 

and scattering of radiation (direct effect of aerosols), or by acting as Cloud 

Condensation Nuclei (CCN) resulting in cloud formation (indirect effect of aerosols). 

While the direct effect is well-studied and understood, the indirect effect is still the 

most significant source of uncertainties in climate forcing. This is primarily attributed 

to the poor understanding of the CCN activity and hygroscopic properties of organic 

aerosols (Talley et al., 2013). Organic aerosols are ubiquitous in the atmosphere. They 

contribute significantly to the atmospheric aerosol mass burden and account for 20-

90% of total tropospheric fine aerosol mass (Kanakidou et al., 2005). Furthermore, 

organic aerosols can mix with other organic and inorganic species in the atmosphere to 

modify their the CCN activity and hygroscopic properties (e.g., but not limited to 

Baustian et al., 2012; Fofie et al., 2018; Padró et al., 2012; Sánchez Gácita et al., 2017; 

Schill et al., 2015; H. Su et al., 2010; Vu et al., 2019). Consequently, the CCN activity 
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of organic aerosols needs to be well-characterized to reduce uncertainties in the climate 

forcing due to indirect effect of aerosols. 

Much of the CCN related research focuses on highly water-soluble and sparingly 

water-soluble compounds (e.g., but not limited to Asa-Awuku et al., 2010; Jing et al., 

2018; Samy et al., 2010; Taylor et al., 2017). For such compounds, Köhler Theory (KT) 

is traditionally applied to study their CCN activity and predict their hygroscopic 

properties. KT explains droplet growth by combining the water activity described using 

Raoultôs law (solute effect) with the Kelvin effect (curvature effect) (Köhler, 1936). 

KT is applied under the assumptions of infinite and spontaneous water solubility of the 

solute and an infinitely dilute water droplet solution (Asa-Awuku et al., 2010; Huff 

Hartz et al., 2006; Barati et al., 2019; Dawson et al., 2020). That is, if the aerosol 

instantaneously disassociates in water, traditional KT aptly explains the droplet growth 

driven by molar volume and droplet surface tension (Köhler, 1936; Sullivan et al., 

2009; Giordano et al., 2015). These assumptions work well for many aerosols that are 

highly soluble ( ρπ Í  solute ά  water; Petters and Kreidenweis 2007) that form 

thermodynamically ideal solutions in water. Moreover, the water uptake characteristics 

of such highly water-soluble compounds can be predicted with a single KT 

hygroscopicity parameter (ə) (Petters and Kreidenweis, 2007). The ə parameter derived 

in this way is defined as the ñintrinsic əò of the aerosol. 

However, there is an abundance of partially and effectively water insoluble organic 

compounds in the atmosphere. The CCN activity of such limited water solubility 

compounds has been predicted by incorporating the compound solubility in traditional 
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KT (Huff Hartz et al., 2006; Petters and Kreidenweis, 2008; Riipinen et al., 2015) 

prescribed a ñsolubility partitioningò framework using the traditional KT for CCN 

analysis of pure and internally mixed aerosols in a large range of aqueous solubility. 

Furthermore, a modified ə parameter accounting for the water solubility of the aerosols 

can also be derived based on this solubility-modified KT framework (Petters and 

Kreidenweis, 2008; Sullivan et al., 2009; Nakao, 2017). This modified hygroscopicity 

varies over the course of droplet growth and is dependent on the droplet size. Despite 

the modifications to traditional KT, differences have been observed between the 

experimental ə with either the intrinsic or solubility modified ə of the aerosol. 

Specifically, aerosols with solubility υ ρπ Í Í  are ñeffectively insolubleò 

(Petters and Kreidenweis, 2008) and do not agree with the water uptake predictions 

using either traditional or solubility-modified KT. 

Droplet growth can be explained for the effectively insoluble organic compounds 

using a water adsorption framework. CCN activity from adsorption can be modeled by 

combining the water activity from an adsorption isotherm with the Kelvin effect (e.g., 

but not limited to Goodman et al., 2001; Hatch et al., 2012; Henson, 2007; Kumar et 

al., 2011a, 2011b; Kumar, Nenes, et al., 2009; Kumar, Sokolik, et al., 2009; Malek et 

al., 2022; Rahman & Al-Abadleh, 2018; Tang et al., 2016). One such mathematical 

formulation accounts for adsorption using the Frenkel-Halsey-Hill (FHH) isotherm 

(Sorjamaa and Laaksonen, 2007). The FHH isotherm consists of 2 empirical parameters 

denoted as ὃ  and ὄ . ὃ  explains the interaction of the first adsorbed water 

layer and the particle surface, while ὄ  explains the interaction between 

subsequently adsorbed water layers and the particle. The FHH isotherm combined with 
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the Kelvin effect provides the FHH-Adsorption Theory (FHH-AT) for CCN activity 

analysis. Parameters specific to a given aerosol species can be experimentally 

determined by fitting FHH-AT through their CCN activity measurements. Studies have 

so far explored the application of the FHH-AT for CCN analysis of several water-

insoluble compounds (e.g., but not limited to (Dalirian et al., 2018; Hatch et al., 2014, 

2019; Kumar et al., 2009b, 2011a, b, 2009a; Laaksonen et al., 2020a, 2016)). FHH-AT 

consists of 2 empirical parameters as opposed to a single ə parameter in traditional or 

modified KT. Additionally, an important assumption in FHH-AT and other similar 

adsorption models is that the aerosols are treated as completely water insoluble. Only 

recently, FHH-AT has been shown to work for insoluble particles with water-soluble 

and molecular level functionalized surfaces (Mao et al., 2022). Thus, there now exists 

a transitional regime from a soluble to water-insoluble models to correctly describe 

droplet growth. 

This work probes several aspects of water uptake to develop a comprehensive 

model to describe droplet formation of effectively water insoluble to partially soluble 

organics. Specifically, a new CCN activity model is developed by combining the 

components of the solubility modified KT with the FHH isotherm. In this work, the 

newly developed model will be referred to as the Hybrid Activity Model (HAM). 

Within the HAM framework, the aerosol particles are treated as completely water 

insoluble at the start of the droplet growth process. The particle continues to 

fractionally dissolve into the aqueous phase as droplet growth progresses. While the 

dissolved fraction of the aerosol contributes to droplet growth via Raoultôs law, the 

undissolved fraction contributes to droplet growth via adsorption of water on the 
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surface. Furthermore, this work discusses the development of a single ‖ parameter 

based on HAM that includes the effect of aqueous solubility on droplet growth for a 

compound that would be otherwise treated as effectively water insoluble. 

The development and application of HAM is explained using the experimental 

droplet growth measurements of 3 low water solubility structural isomers of benzene 

di-carboxylic acid ï Phthalic acid (PTA), Isophthalic acid (IPTA) and Terephthalic acid 

(TPTA). PTA, IPTA and TPTA are among some of the significant benzene 

polycarboxylic acids detected in the atmosphere (Fu et al., 2009; Haque et al., 2019; 

Kanellopoulos et al., 2021; Kunwar et al., 2019; H. Liu et al., 2019; Meng et al., 2018; 

Singh et al., 2017; Yassine et al., 2020). PTA and its isomers are known to be tracers 

of benzanthracene, naphthalene-1 and methylnaphthalene-1, prominent emissions from 

combustion (Kleindienst et al., 2012a; Al-Naiema et al., 2020a; He et al., 2018). PTA 

is also a byproduct of pre-ozonation of fulvic acid, another significant marker of 

biomass burning emissions (Zhong et al., 2017a, b). IPTA and TPTA are also 

predominantly produced from biomass burning and emissions of automobile exhausts 

(Kawamura and Kaplan, 1987; Mkoma and Kawamura, 2013; Balla et al., 2018; Al-

Naiema and Stone, 2017). 

The hygroscopic properties of PTA, IPTA and TPTA have been studied in the past 

(e.g., but not limited to Huff Hartz et al., 2006; Petters & Kreidenweis, 2007; W. Wang 

et al., 2021). However, a comprehensive comparison and discussion of the effects of 

structural isomers on the droplet growth of benzene-dicarboxylic acids does not exist. 

Vapor sorption measurements of bulk PTA indicate hygroscopic growth at high 
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ambient relative humidity (> 90% RH) (Wang et al., 2021). (Hämeri et al., 2002) used 

Tandem Differential Mobility Analyzer (TDMA) technology and observed that PTA 

aerosol did not grow in subsaturated conditions. Other studies show PTA internal 

mixtures with inorganics can deliquesce under subsaturated conditions (Jing et al., 

2016, 2018). Furthermore, Huff Hartz et al., (2006) showed that PTA could activate as 

CCN at 1% supersaturation. The activation was consistent with KT that assumed 

complete dissolution with no solubility considerations. Petters & Kreidenweis, (2007) 

report the ‖  πȢπυω and πȢπυρ for PTA under sub- and supersaturated conditions, 

respectively. To our knowledge only one other paper has measured droplet growth of 

IPTA. Huff Hartz et al., (2006) found that IPTA behaves as an insoluble compound and 

does not obey traditional KT. Few studies have measured hygroscopic properties of 

TPTA, but not in context of CCN (Diniz et al., 2017; Zhao et al., 2021). To our 

knowledge, the adsorption models have not been applied for the CCN analysis of PTA, 

IPTA or TPTA. 

Overall, HAM is used in this paper to extensively study the hygroscopic properties 

of PTA, IPTA and TPTA that are not yet cogently known. In addition to the 

aforementioned pure compounds, the internal mixtures of PTA and IPTA are also 

studied. The compounds and their mixtures considered in this work are useful and help 

us understand the efficacy of different CCN models to describe the droplet growth 

associated with different organic CCN with varying aqueous solubilities. The 

experimental CCN measurements provide an efficient means to validate the application 

of the newly developed HAM. In the following sections, the experimental setup is 

described that was used in this study to obtain droplet growth data for PTA, IPTA and 
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TPTA and PTA-IPTA internal mixtures. Then, the theory and formulation of HAM is 

described based on KT and FHH-AT, and how it was implemented for droplet growth 

analysis of aerosols. This is followed by the derivation of the single ‖ parameter using 

the HAM framework, and then the discussion of results and conclusions of this study. 

 

3.3 Experimental Section 

3.3.1 Compounds and Aerosol Generation 

Phthalic acid (PTA, 1,2 ï benzenedicarboxylic acid, >99.5%, Sigma-Aldrich®) and 

terephthalic acid (TPTA, 1,4 ï benzenedicarboxylic acid, 98%, Sigma-Aldrich®) and 

Isophthalic acid (IPTA, 1,3 ï benzenedicarboxylic acid, >99%, Fisher Scientific®) 

were used as representative compounds for the aromatic acid aerosols (AAAs, 

hereafter, shown in Figure 13). The physical properties of PTA, IPTA and TPTA are 

summarized in Table 1. Aqueous solutions of PTA, IPTA and TPTA were formed by 

mixing 30 mg of acid in 500 ml of ultrapure water (Milli-Q or MilliporeÈ, 18.2Mɋ 

cm-1). Additionally, 3 internally mixed solutions of PTA and IPTA were also prepared 

by mixing 30 mg of dry acid mixture in 500 ml ultrapure water. The internally mixed 

solutions were prepared for 3 different mass fractions of PTA and IPTA (5:1, 1:1 and 

1:5 wt/wt). To facilitate the dissolution of solute in aqueous solution, all the solutions 

were sonicated for 2 hours in a warm water bath maintained at Ḑ 40 °C to create a 

uniform suspension. The solution was subsequently cooled and maintained at 20 °C. 

Polydisperse aerosols were generated using a Collison Nebulizer (TSI Atomizer 3076). 

The wet aerosol particles were then passed through a series of 2 silica gel diffusion 
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dryers (TSI 3062) to remove moisture (to RH < 10%). The dry particles were then 

classified for supersaturated and subsaturated measurements. 

 

 

Table 2. Physical and chemical properties of AAA compounds 

Compounds 
Molecular weight 

╜▼ȟἯ ἵἷἴ  

Density ⱬ▼ȟ
Ἧ Ἣἵ  

Solubility ╒ȟ
ἵ  ἵ  

Phthalic acid 166.14 1.59 σȢχχρπ  

Isophthalic acid 166.14 1.53 χȢψτρπ  

Terephthalic acid 166.13 1.52 ρȢρςρπ  

 

 
Figure 13. Molecular structures of the aromatic acid aerosols used in this work. 

 

3.3.2 CCNC Experiments for Supersaturated Measurements and Data Analysis 

A continuous flow stream-wise thermal gradient Cloud Condensation Nuclei 

Counter (CCNC, Droplet Measurement Technologies (DMT) (Roberts & Nenes, 2005 

- CCN 100) was used for the droplet activation measurements (e.g., but not limited to 

(Engelhart et al., 2008a; Moore et al., 2010; Tang et al., 2016; Barati et al., 2019; Vu 

et al., 2019)) of AAAs in supersaturated conditions. Briefly described here, 

polydisperse aerosol was generated and dried as described in Sect. 2.1. The electrical 
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mobility aerosol size from 8 nm to 352 nm was measured with an electrostatic classifier 

(TSI 3936, DMA 3081, and CPC 3776) every 2.25 minutes. The size-selected aerosols 

exiting the DMA were then split into 2 streams. A Condensation Particle Counter (CPC, 

TSI 3776) samples the first stream at 0.3 L minī1 to measure total dry particle 

concentration (ὅ ), and the CCNC samples the second stream at 0.5 L minī1 and 

constant supersaturation to measure activated particle (droplet) counts (ὅ ). A sheath 

flow rate of 8 L minī1 was applied to maintain a sheath-to-sample ratio of 10:1 across 

the experimental setup. The measurements were repeated 10 times for each 

supersaturation. Furthermore, the measurements were performed over supersaturations 

ranging between 0.6% and 1.6%. CCNC supersaturations were calibrated using 

ammonium sulfate (.( 3/, AS) aerosol (Sigma-Aldrich®, >99.9%). AS data used 

for CCN calibration is provided in the appendix (Section 3A.1). 

PyCAT 1.0 (Gohil and Asa-Awuku, 2022) was employed for data processing, 

analysis, and visualization of the CCN measurements. CCN size-resolved activation 

curves were generated at a fixed supersaturation (Ὓ) as  across a range of dry 

particle diameters (Ὀ ). The volume equivalent diameters were used to represent 

particle sizes that were obtained by combining size-resolved particle dynamic shape 

factor (…) with measured electrical mobility diameters (see appendix Figure 3A.3). 

Multiple charging errors were removed from the size-resolved activation ratio 

following a combination of charge correction algorithms from Gunn (1956) and 

Wiedensohler (1988). Following this, a Boltzmann sigmoidal fit expressed as, 

ώ 
 

 
ὃ        (3.1) 
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was applied to the size-resolved activation ratio curve. In Eq. (3.1), ώ is the dependent 

variable , ὃ and ὃ are the minimum and maximum of the sigmoid respectively, 

Ὠὼ is the slope of the sigmoid, ὼ is the inflection point of the sigmoid (generally the 

midpoint of the sigmoid), and ὼ is the independent variable (Ὀ ). The sigmoid fit is 

typically scaled over a range of 0.0 to 1.0, and so ὼ corresponds to the critical dry 

diameter (Ὀ ȟ) at the instrument supersaturation and is physically defined as the size 

at which 50% of all particles are activated. 

3.3.3 H-TDMA Experiments for Subsaturated Measurements 

A Hygroscopicity Tandem Differential Mobility Analyzer (H-TDMA) measured 

droplet growth of AAAs in the subsaturated regime. The H-TDMA setup has been 

previously explained in detail (Rader and McMurry, 1986; Cruz and Pandis, 1997) and 

only a brief description is provided here. Dried polydisperse aerosol were first charged 

with a Kr-85 bipolar aerosol neutralizer (TSI 3081). Monodisperse charged particles 

with a dry diameter (Ὀ ) were size selected using a Differential Mobility Analyzer 

(DMA 1). The sample and the sheath flow rates were maintained at 0.3 L minī1 and 3.0 

L minī1 respectively (i.e., sheath-to-sample flow ratio = 10:1). The size-selected 

particles from DMA 1 were then exposed to ωυ πȢτφϷ RH using a nafion 

humidification membrane (PermaPure M.H series). The humidified aerosol stream was 

then passed through the second DMA (DMA 2) that was equilibrated to a constant RH. 

DMA 2 was coupled with a Condensation Particle Counter (CPC, TSI 3756) and 

operated in Scanning Mobility Particle Sizer (SMPS) mode. The median wet diameter 

(Ὀ ) of the size-resolved number concentration of the humidified aerosol stream from 
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DMA 2 was reported. Ὀ  was used as the approximate final size to which the particles 

of size Ὀ  would grow under ωυ πȢτφϷ RH conditions. The hygroscopic growth 

factors (Ὃ) were obtained by taking the ratio of Ὀ  with respective Ὀ , 

Ὃ          (3.2) 

The RH of H-TDMA setup was calibrated using ammonium sulfate (see Figure 

3A.1; Taylor et al. 2011). ( .( 3/, AS) aerosol (Sigma-Aldrich®, ωωȢωϷ 

purity). Calibration data is found in the appendix section 3A.1. 

 

Figure 14. (a) Schematic of a typical CCN measurement setup under supersaturated 

conditions. The DMA and the CPC collectively operate as an SMPS to obtain a 

distribution of dry particles. The CCNC is connected in parallel and provides the 

distribution of activated particles. (b) Schematic of a typical H-TDMA setup for 

subsaturated droplet growth measurements. The dry DMA (DMA 1) selects dry 

particles of a specified size. The classified particles are then humidified and passed 

through the wet DMA (DMA 2) and the CPC operating as an SMPS to generate the 

droplet distribution. 
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3.3.4 VSA Experiments for Subsaturated Measurements 

A vapor sorption analyzer (VSA, TA Instruments New Castle, DE, USA) setup was 

used for the hygroscopicity measurements of bulk samples in the subsaturated regime. 

Mass change in AAAs as a function of RH (5-95%) was measured at 25 °C. The 

instrument setup for the VSA has been described in detail in literature (Gu et al., 2017), 

and thus, experimental procedure is briefly explained here. During each experiment, 

bulk samples were first dried at <1% RH, then the RH was incremented up to 90% with 

a 10% step and followed by a 5% step from 90 to 95%. A high-precision balance was 

used in the VSA to measure the sample mass at different RHs with a stated sensitivity 

of πȢρ ʈÇ. For every RH, a Ò 0.1% change in the sample mass was considered as the 

standard for stabilization. The initial dry mass of AAA samples used in this 

measurement was typically around 1.0 mg. For each sample, a minimum of 3 

experiments were performed. At every RH, the sample mass (ά) was normalized with 

respect to the initial mass of the dry sample (ά ). Subsequently, the mass-based growth 

factor was calculated as . 

 

3.4 Water Uptake and Hygroscopic Theory and Analysis 

3.4.1 Köhler Theory (KT) 

The equilibrium supersaturation (Ὓ) can be estimated over a droplet as a function 

of its size (Ὀ ) as, 
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Ὓ ὥȟ ẗÅØÐ
Ⱦ

       (3.3) 

where ὥ  is the water activity term, „Ⱦ  is the droplet surface tension at the interface, 

ὓ  and ”  are respectively the molecular weight and density of water, R is the 

universal gas constant (8.314 J molī1 Kī1), and T is the temperature. The water activity 

is mathematically expressed as ὥȟ ‎ὼ , where ‎ and ὼ  are the activity 

coefficient and mole fraction of water in the droplet, respectively. In traditional Kohler 

Theory (KT), the water activity is approximated as ὥȟ  ὼ  (Raoultôs law), which 

assumes infinite dilution and complete dissolution of the solute. Furthermore, „Ⱦ  is 

approximated as the surface tension of a pure water droplet. The exponential quantity 

is the Kelvin term that describes the curvature effect. The solute effect and curvature 

effect are competing effects that describe droplet growth ï the solute effect accounts 

for the water vapor pressure drop over the droplet due to the aerosol particle, and the 

curvature effect accounts for the water vapor rise over the droplet due to surface tension 

reduction. 

 

3.4.2 Frenkel-Halsey-Hill (FHH) Adsorption Theory (FHH-AT) 

Traditional KT, with or without the explicit treatment of aerosol solubility, can be 

effectively applied for highly soluble species. However, for partially or completely 

insoluble species Raoultôs law is substituted with adsorption isotherms to model water 

uptake behavior. One such isotherm is the Frenkel-Halsey-Hill (FHH) adsorption 

isotherm. The original FHH adsorption isotherm is a physically based framework that 
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defines water activity through multilayer water adsorption as a function of relative 

surface coverage (—, or the number of adsorbed water monomolecular layers). The 

surface coverage can be mathematically formulated similar to that in the Brunauer-

Emmett-Teller multilayer adsorption model (Henson, 2007), which relates the — to 

the Gibbsô free energy change associated with the adsorption. For CCN activity and 

droplet growth applications, the FHH isotherm is typically expressed as follows 

(Sorjamaa and Laaksonen, 2007), 

ὥȟ ÅØÐὃ —       (3.4) 

where ὃ  and ὄ  are FHH fit parameters that describe the intermolecular 

interactions responsible for the adsorption of water on particle surfaces. ὃ  describes 

the interactions between the particle surface and first adsorbed water monolayer. ὄ  

describes the interactions between successively adsorbed monolayers. ὃ  and ὄ  

regulate the amount of water adsorbed on the particle surface and the radial distance up 

to which attractive forces can contribute to adsorption of water, respectively. — in Eq. 

(3.4) is expressed as  where Ὀ  and Ὀ  have been previously defined, and Ὀ  

is the size of the water molecule. The mathematical representation for the FHH-AT is 

analogous to traditional KT, and combines the FHH isotherm with the Kelvin term 

(Sorjamaa and Laaksonen, 2007; Kumar et al., 2009b) such that, 

Ὓ ὥȟ ÅØÐ        (3.5) 
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The FHH parameters can be empirically determined for any aerosol species from 

their droplet growth measurements (Kumar et al. 2009a). For measurements in 

supersaturated environments, ὃ  and ὄ  are determined from least square 

minimization of the experimental data with the maxima of the FHH-AT equilibrium 

curves (Kumar et al., 2011a, 2011b; Kumar et al., 2009a, 2009b). A higher value of 

ὃ  implies a higher water adsorption, and a smaller value of ὄ  implies stronger 

attractive forces over larger distances. It has been observed that ὄ  has a larger 

influence on the shape of the adsorption isotherm, and hence strongly drives CCN 

activation using FHH-AT (Kumar et al., 2009b; Hatch et al., 2019). 

 

3.4.3 Hybrid Activity Model (HAM) 

The assumptions of complete aqueous solubility or insolubility associated with KT 

and FHH-AT, respectively, represent two extreme possibilities of CCN activation and 

droplet growth. In this work, the two water activities were combined to develop a 

generalized ñhybridò water activity term. The droplet growth model thus obtained is 

called the Hybrid Activity Model, or HAM. Previous studies have discussed several 

other mathematical models built upon the traditional Köhler theory under different 

conditions. One such example is that of the solubility-partitioned Köhler theory (Petters 

et al., 2009; Riipinen et al., 2015) which explicitly includes the activity coefficient ‎  

of the aerosol compounds to estimate the water activity. ‎ ḗρ in the traditional 

Köhler theory only under the assumption of the infinite dilution of the aqueous phase 

of the droplet, which holds true for several highly soluble aerosol species. For limited 
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water solubility compounds, ‎ is calculated by treating the aqueous solubility of the 

compound. However, even then the contribution of the undissolved fraction of the 

solute to the droplet growth is not treated. Another example of modified Köhler model 

is the ócore-shellô model Kumar et al. (2011b) that combines the FHH isotherm and 

Raoultôs law in a single framework to evaluate the contribution of the insoluble and 

soluble component of the mixture, respectively, on droplet growth. In the core-shell 

model, partial water solubility is not considered for any of the mixture components. 

HAM builds up on the concepts delineated by Kumar et al. (2011b) and Riipinen et al. 

(2015) and considers all particles as a ócore-shellô morphology, while also treating all 

the components as partially water-soluble. The general mathematical representation of 

HAM is as follows, 

Ὓ ὥȟ ÅØÐ        (3.6) 

where ὥȟ ὥȟ  ὥȟ , and the definitions of ὥȟ  and ὥȟ  are provided 

in subsections 3.1 and 3.2, respectively. 

HAM sandwiches different phases of droplet growth for any given particle in three 

stages. In stage 1, HAM assumes that a particle suspended in humidified ambient 

conditions does not dissolve at the start of the activation process (time, tŸ0). That is, 

droplet growth at tŸ0 occurs entirely due to the adsorption of a water monolayer on 

the particle surface and can be explained using the FHH isotherm. In stage 1, 

ὥȟ ȟ ὥȟ ÅØÐὃ —      (3.6a) 
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The FHH parameters (ὃ , ὄ ) for any given species are determined by fitting the 

FHH-AT to the experimental data and can be subsequently used in the HAM 

framework. 

Stage 2 begins as the droplet continues to grow and more water accumulates in the 

aqueous phase. In this stage, the particle starts dissolving and enters the aqueous phase. 

The fraction of particle mass that dissolves or enters the aqueous phase depends on the 

solubility of the compound. Moreover, the dissolved fraction of the particle can be 

estimated at each step of droplet growth using the solubility partitioning concept 

introduced by Riipinen et al. (2015). Briefly described here ï a droplet comprises of a 

bulk dry (undissolved) phase and an aqueous (dissolved) phase. The bulk phase can be 

composed of one or more internally mixed species with varying water solubility. This 

causes the composition and core size of the bulk phase to vary dynamically during 

droplet growth. The amount of water in the aqueous phase increases as the droplet 

grows, thereby increasing the concentration of the compounds in the aqueous phase. 

There is a competition for dissolution between the compounds in the bulk phase which 

is dependent on their solubilities. Considering a dry particle consisting of ὲ species 

with limited solubility, the undissolved mass fraction of a species Ὥ …  during droplet 

growth is expressed as (Riipinen et al. 2015), 

… ρ ȟ ȟ

ȟ В ȟ
       (3.6a-1) 

where ‎ is the activity coefficient, ὧ (Ὣ Ὣ(/ ) is the solubility of the pure species, 

ά  is the mass of water in the droplet, άȟ  is the initial mass of the pure species in 
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the dry particle, and ὣȟ  is the initial mole fraction of the pure species in the dry 

particle. Eq. (3.6a-1) implies that the dissolved mass fraction of the species Ὥ in the 

aqueous phase is given as ρ …. A set of ὲ coupled equations are simultaneously 

solved to obtain … for all ὲ species in the mixture. … is then used to calculate the mole 

fraction of species Ὥ dissolved in the aqueous phase ὼ  at any point during droplet 

growth. Subsequently, the KT water activity can be given as ὥȟ ὼ , 

where ὲ and ὲ  are respectively the number of moles of solute and water in the 

aqueous phase. In stage 2, the contribution of the dissolved fraction of the compound 

in the aqueous phase (through Raoultôs law) can be combined with the undissolved 

fraction in the solid phase (through the FHH isotherm) to generate the overall water 

activity term, 

ὥȟ ȟ ὥȟ ὥȟ ὼ ÅØÐὃ —    (3.6b) 

Eq. (3.6b) highlights the main difference between the models presented by Kumar et 

al. (2009a) and Riipinen et al. (2015). 

Stage 3 begins when the droplet is large enough to accommodate enough water in 

the aqueous phase and dissolve the particle mass entirely. This point onward, the 

droplet growth can be explained using traditional KT. In stage 3, 

ὥȟ ȟ ὥȟ ὼ        (3.6c) 

Eq. (3.6a), (3.6b) and (3.6c) were combined to describe the water activity through 

the three stages of droplet growth in the HAM framework. Thus, HAM can effectively 

estimate the droplet growth across a wide range of aqueous solubilities. The HAM 
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combines 2 extremes represented by fully soluble and fully insoluble behavior in a 

single framework. Moreover, the HAM concept can also be applied to improve upon 

the single hygroscopicity parameterization ‖. 

 

3.5 Hygroscopicity Parameterization ï Single-Hygroscopicity Parameter ⱥ 

Commonly, the CCN activity and water uptake tendencies of any given compound 

is expressed using a single hygroscopicity parameter ‖. A theoretical ‖ is derived 

using a simple parameterization of the solute water activity term in the droplet growth 

model. Additionally, critical dry particle sizes can be combined with their 

supersaturations to experimentally determine ‖. In the following subsections, the ə 

parameter derived from different models are explained. 

 

3.5.1 KT Hygroscopicity 

A single hygroscopicity parameter ‖ has been developed using the KT 

framework. ‖ can be defined through its effect on the water activity in the droplet as 

follows, 

ὥ ρ ‖         (3.7) 

where ὠ is the dry particulate (solute) volume, and ὠ is the volume of water in the 

droplet. ‖ obtained from Eq. (3.7) is a parameterized quantity determined from the 

water activity based on the Raoultôs law. Using ‖-based parameterization of aw, Eq. 

(3.3) can be modified for any Ὀ  as, 
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Ὓ
 

  
ÅØÐ       (3.8) 

For a given Ὀ , the droplet size increases as the supersaturation above the droplet 

surface increases. Supersaturation increases until the point of activation, which is 

characterized using the critical wet droplet size Ὀȟ . The supersaturation at the point 

of activation along with the corresponding Ὀ  and Ὀȟ depend on the ‖ of the 

compound. ‖ of any compound in an aqueous phase is difficult to measure, but it can 

be theoretically approximated using the Raoultôs law ‖ . The ‖  of any 

species (denoted using a subscript i) can be expressed as follows, 

‖ ȟ         (3.9) 

where ’ is the Vanôt Hoff factor of the compound and is related to its aqueous 

dissociation, ὓ  and ὓ  are the molecular weights of the solute Ὥ and water, and ” and 

”  are the density of the solute Ὥ and water, respectively. ‖ ȟ defined in Eq. (3.9) 

here is dependent only on solute composition and solvent (water) properties and is 

independent of size. ‖  of a mixture can be computed using a volume average 

mixing rule with the Zdanovskii-Stokes-Robinson (ZSR) approximation as follows 

(Petters and Kreidenweis, 2007), 

‖ В‭‖ ȟ       (3.10) 

where ‭ is the volume fraction of Ὥ  component in the dry particle and ‖ ȟ is 

the intrinsic hygroscopicity parameter of the Ὥ  component. ‭ in an internal mixture 
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of ὲ components are estimated as ‭Ὥ 
Ⱦ

В Ⱦ
, where ά  is the mass of the pure 

component Ὥ in the mixture. ‖ in Eq. (3.10) assumes complete aqueous solubility of the 

compound or mixture. Moreover, ‖ for a mixture in Eq. (3.10) can be applied to 

mixtures of soluble and insoluble compounds, where the ‖ of the insoluble species are 

considered to be 0. The hygroscopicity parameterization requires explicit treatment of 

aqueous solubility for compounds that are inherently insoluble or sparingly soluble but 

possess water uptake tendencies (Petters and Kreidenweis 2008; Sullivan et al. 2009). 

In such cases, ‖ is mathematically expressed by modifying ‖ ȟ of the mixture 

components ‖  as follows, 

 

‖ ‭‖ ȟὌὼ  

ὼ
Ὀ

Ὀ
ρ
ὅ

‭
 

Ὄὼ
ὼȟ   ὼ ρ

ρȟ    ὼ ρ
 

(3.11a) 

(3.11b) 

(3.11c) 

 

where ὅ is the water solubility of the Ὥ  component of the dry particle (expressed as 

solute volume per volume of water), ὼ is the fraction of Ὥ  component dissolved in 

water, and Ὄὼ  is the distribution function of the fraction of the Ὥ  component 

dissolved in water. Eq. (3.11) (a)-(c) determines ‖ as a function of Ὀ . For unknown 

species with limited water solubility, some range of Ὀ  corresponds to a volume of 

water which might not be sufficient to dissolve the volume of dry particle. Therefore, 

experimental droplet growth data is required to determine particle hygroscopicity. 
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‖ can also be determined if the supersaturation Ὓ and the critical dry diameter 

Ὀ ȟ  measured at Ὓ are experimentally known. The experimental ‖ derived using 

KT is denoted as ‖  and expressed as follows, 

‖
ȟ

        (3.12) 

Eq. (3.12) also incorporates the same set of assumptions as Eq. (3.7-11) ï dilute 

solution, and infinite and complete solubility of the compound. 

 

3.5.2 FHH-AT Hygroscopicity 

For the FHH-AT, a similar ‖ parameterization as KT can be developed by 

combining the water activity with the FHH isotherm using Eq. (3.7) (Mao et al., 2022), 

ὥȟ ρ ‖ ÅØÐὃ —    (3.13) 

which can be expanded to derive the FHH single hygroscopicity parameter ‖ . 

The ‖  thus determined depends on the experimental data. The measured Ὓ and the 

corresponding Ὀ ȟ can be used to compute the Ὀȟ using Eq. (3.5) and subsequently 

used to estimate ‖  as follows, 

‖
ȟ

ᵼὪὈ ȟȟὈȟ    (3.14) 

The hygroscopicity obtained using the FHH framework explains water uptake and 

droplet growth through adsorption. At the point of activation, the FHH hygroscopicity 
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explicitly depends on the dry particle size and the corresponding critical wet diameter. 

That is, —ᴼ— = 
ȟ ȟ

 at the point of activation. ‖  in Eq. (3.14) can be further 

simplified ‖ ȟ  such that at the point of activation, 

‖ ȟ
ȟ
ὃ —       (3.15) 

Eq. (3.15) can be constrained using the critical surface coverage. At the point of 

activation, the critical surface coverage is determined as follows, 

πᵼρ
ȟ

Ȣ

 —   π  (3.16) 

— from Eq. (3.16) is substituted in Eq. (3.15) such that ‖ ȟḳὪὈ ȟ , which 

essentially represents the theoretical ‖ . It is important to note that ‖ ȟ is particle 

size-dependent as opposed to ‖  (Eq. (3.9)), which is not. 

 

3.5.3 HAM Hygroscopicity 

Similar to KT or FHH-AT, a single hygroscopicity parameter was developed from 

the HAM framework (‖ ) using Eq. (3.7), 

ὥȟ ρ ‖ ὼ ÅØÐὃ —    (3.17) 

The inclusion of the Raoult term ὼ  is the main difference between Eq. (3.13) and 

(3.17). ‖  is also dependent on the experimental information (Ὓ, or Ὀȟ along with 
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the corresponding Ὀ ȟ) and so Eq. (3.17) can be accordingly rearranged to obtain 

HAM single hygroscopicity parameter as follows, 

‖
ȟ   

ρ ᵼὪὈ ȟȟὈȟ   (3.18) 

‖  explains water uptake and droplet growth by combining the effects of 

aqueous solubility and water adsorption. At the point of activation, the HAM 

hygroscopicity depends on the dry particle size and the corresponding critical wet 

diameter. That is, —ᴼ— at the point of activation where Ὀȟ can be computed using 

the generic Eq. (3.6) with the help of measured Ὀ ȟ vs. Ὓ. In Eq. (3.6), ὼ  is 

calculated using solubility partitioning as explained in section 3.3. Eq. (3.18) is the 

representation of experimental hygroscopicity of the particle based on the HAM 

framework. Eq. (3.18) can be further simplified ‖ ȟ  for the point of activation, 

‖ ȟ
ȟ
ρ ὼ ρ ὃ —     (3.19) 

Eq. (3.19) is the theoretical hygroscopicity based on the HAM framework which is 

constrained using the surface coverage. The constraint at the point of activation is 

estimated from the Eq. (3.6) as given by the following expression, 

πᵼ ὥȟ ÅØÐ Ⱦ  π    (3.20) 

Eq. (3.20) provides — at the point of activation to substitute in Eq. (3.19) and hence 

‖ ȟḳὪὈ ȟ . ὃ  and ὄ  are the empirically determined parameters from 

FHH-AT specific to the compound. Like ‖  and ‖ ȟ, ‖  and ‖ ȟ are also 
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size-dependent. However, the size-dependence in ‖  is variable and is controlled by 

the aqueous solubility of the compound. An extended derivation of ‖  is provided 

in the appendix section 3A.2. 

 

3.6 Results 

3.6.1 Köhler theory application for pure and internally mixed AAAs 

The critical dry diameters (Ὀ ȟ) at supersaturations Ὓ in the range of 0.6% ï 

1.6% were calculated using PyCAT 1.0. At any given supersaturation, the Ὀ ȟ for 

each sample was calculated from the size-resolved activation ratio. The CCN 

measurements for pure AAAs over a range of supersaturations are shown in Figure 

3A.2 (appendix section 3A.3). The activation diameters determined for every sample 

at applied supersaturations were corrected using their dynamic shape factor. The 

experimental setup for shape factor measurements and the shape factor dataset for 

AAAs and PTA-IPTA internal mixtures are shown in appendix Sections 3A.1 and 

3A.2, respectively. The size-resolved shape factors were then used to transform the 

measured electrical mobility diameters to their respective volume equivalent diameters 

(Tavakoli and Olfert, 2014; Yao et al., 2020; Gohil and Asa-Awuku, 2022). The 

volume equivalent diameters and their corresponding supersaturations were then used 

to estimate the experimental hygroscopicity based on traditional KT ‖ , for all the 

AAA samples. 
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The activation properties of pure AAAs (PTA, IPTA and TPTA) along with their 

predicted ‖  and ‖  are summarized in Table 2. The Ὓ versus their 

corresponding Ὀ ȟ for the samples are plotted in Figure 15(a). The experimental data 

is represented using individual markers. The solid and dashed lines represent the KT 

fits using the theoretical ‖ . The Ὑ  scores are provided in Table 3. PTA is 

observed to have the best agreement with the KT prediction Ὑ πȢωω. IPTA and 

TPTA show poor agreement with traditional KT. The lack of agreement between 

measurements and traditional KT predictions for IPTA and TPTA can be attributed to 

their significantly low aqueous solubility compared to PTA (by an order of magnitude 

Ḑρπ). In addition to the predicted and measured AAA data, .( 3/ is also shown 

in Figure 15 (a). 

 

Figure 15. (a) Ὓ vs. Ὀ ȟ data obtained from supersaturated CCN measurements of 

pure phthalic acid (PTA), isophthalic acid (IPTA) and terephthalic acid (TPTA). (b) Ὓ 
vs. Ὀ ȟ data obtained from supersaturated CCN measurements of internal mixtures 

of PTA and IPTA. The mixtures studied shown in this plot are 5:1, 1:1 and 1:5 by mass 

of PTA. The solid brown line in both subplots corresponds to ammonium sulfate and 

was used for CCNC calibration. The solid black lines were generated using the ideal 

Köhler theory (KT) for the respective samples, and the dashed colored lines are the KT 

fits obtained using the measured CCN data of each sample. 
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For compounds that are considered ñsparingly solubleò or ñeffectively insolubleò 

(Petters and Kreidenweis 2008; Figure 3), an explicit treatment of the compound 

solubility can typically improve the agreement between predicted and measured 

activation properties. Based on this convention, PTA would also be considered 

ñsparingly solubleò. However, our results suggest that an explicit treatment of PTA 

solubility is not required. Moreover, ‖  is a good representation of PTA 

hygroscopicity. Figure 15(b) shows the traditional and solubility-limited KT fits for 

internal mixtures of PTA and IPTA using their ‖ . The traditional KT predicts 

the CCN activity of the mixture containing excess PTA (5:1 mass ratio). This suggests 

that the mixture dominated by PTA must have an aqueous solubility closer to pure PTA 

and a ‖ ‖  that can be obtained using the ZSR approximation. The 

agreement between traditional KT fits and experimental data reduces as the mass 

fraction of IPTA increases in the mixture. 

The application of solubility limited (modified) KT showed poor agreement with 

the pure AAAs and PTA-IPTA internal mixtures (appendix Figure 3A.4). Modified KT 

overpredicted the critical supersaturation for any given dry particle size for all 6 

samples. Thus, the underprediction of AAAs CCN activity is attributed to significantly 

low water solubility (in the range of ρπ ɀ ρπ  vol/vol water). Furthermore, a 

significant droplet growth is required to facilitate ‖ ‖  when 

solubility dependence is included in the hygroscopicity analysis (appendix Figure 

3A.5). The AAA solubilities are 3 or more orders of magnitude smaller compared to 

highly soluble species such as ammonium sulfate (0.42 vol/vol water) or sucrose (1.26 

vol/vol water). Quantitatively, the AAA droplets should grow to about 6.5, 23 and 45 
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times the dry particle size of PTA, IPTA and TPTA, respectively, when ‖

‖ . The required droplet growth is significantly large compared to compounds 

like ammonium sulfate or sucrose for which the droplet growth is 1.2 and 1.5 times the 

initial particle size, respectively, when ‖ ‖  (appendix Figure 3A.6). 

All of this implies that the hygroscopicity and CCN activity of AAAs and PTA-IPTA 

internal mixtures is more likely a consequence of water adsorption, and not aqueous 

solubility. 

Table 3. Intrinsic and experimental hygroscopicity parameter, and FHH empirical 

parameters used for FHH-AT and HAM analysis. 

Sample 

Intrinsic 

hygroscopicity 

ⱥ░▪◄
ⱨ╜▼ⱬ◌

╜◌ⱬ▼

Ἡ
 

Experimental hygroscopicity 

ở

ờⱥ▄●▬

Ɑ◌╜◌
╡╣ⱬ◌

╓▀►◐ἴἷἯ╢╬
Ợ

Ỡ

Ἢ

 
═╕╗╗
Ἣ  ║╕╗╗

Ἣ  

Phthalic acid 0.172 πȢρφωπȢππχ πȢτρ πȢχφ 

Isophthalic acid 0.168 πȢπςσπȢππςχ πȢσω πȢψχ 

Terephthalic acid 0.165 πȢπρσπȢππρψ πȢρφ πȢψτ 

5:1 Pth-to-IPth 0.171 πȢρυωπȢππχ πȢςψ πȢφω 

1:1 Pth-to-IPth 0.169 πȢπψυπȢππσ πȢςρ πȢφυ 

1:5 Pth-to-IPth 0.168 πȢπςωπȢππςτ πȢρρ πȢφρ 
a ὓ ρψ Ç ÍÏÌ , ” ρ Ç ÃÍ , ’ ρ 
b „ πȢπχς * Í , Ὑ ψȢσρτ * ÍÏÌ + , measured Ὀ  v/s Ὓ 

  Ὀ  Dry diameter 

  Ὓ  Measured critical supersaturation 
c Empirically determined FHH parameters from measured Ὀ  v/s Ὓ data for the given samples 

 

3.6.2 FHH-AT application for pure and internally mixed AAAs 

FHH Adsorption Theory (FHH-AT) was applied for the analysis of pure and internally 

mixed AAAs. Figure 16 shows the measured Ὓ vs. Ὀ ȟ data for pure AAAs and PTA-

IPTA internal mixtures. The dashed lines represent FHH-AT fits for their respective 
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CCN activity datasets. It should be noted that agreement for the FHH-AT can be 

obtained for every set of CCN measurements since the FHH parameters are determined 

by applying power law fitting to the datasets. The empirically determined FHH 

parameters (ὃ , ὄ ) for pure compounds and internal mixtures are summarized 

in Table 2. 

 

Figure 16. Ὓ vs. Ὀ ȟ data obtained from supersaturated CCN measurements of pure 

and internally mixed AAA samples. FHH-AT fits applied to the experimental data are 

shown as dashed lines. 

The values of ὃ  and ὄ  can be used to qualitatively compare the water uptake 

properties of the pure and internally mixed species (Kumar et al., 2009b; Hatch et al., 

2019). ὃ  dictates the attractive forces between the particle surface and the first 

adsorbed monolayer of water. A larger ὃ  implies a tendency to adsorb a higher 

amount of water on the particle surface. For the pure compounds, ὃ  decreases in 

the order of PTA > IPTA > TPTA (Table 2). This suggests a declining tendency to 

adsorb water. Additionally, ὃ  for the pure PTA, IPTA and TPTA decrease like their 
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aqueous solubilities (Table 1). For internal mixtures, ὃ  decreases with a decreasing 

PTA mass fraction (5:1 > 1:1 > 1:5). This also suggests a declining tendency to adsorb 

water with a decrease in PTA concentration. 

 

Figure 17. Ὓ vs. Ὀ ȟ data obtained from supersaturated CCN measurements of pure 

and internally mixed AAA samples. HAM fits applied to the experimental data are 

shown as dot-dashed lines. 

ὄ  controls the attractive forces between the particle surface and subsequently 

adsorbed monolayers of water. Smaller the value of ὄ , stronger the attractive forces 

over a larger radial distance from the particle surface. For the pure compounds, ὄ  

varies in the order of IPTA > TPTA > PTA (Table 2). This suggests that the attractive 

force across the adsorbed monolayers is lowest in case of the droplets formed on IPTA 

particles. For internal mixtures, ὄ  follows a similar trend as ὃ  and decreases 

with a decreasing PTA mass fraction (5:1 > 1:1 > 1:5). This suggests that the attractive 

force across the adsorbed monolayers become stronger with a decrease in PTA 

concentration. 
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It can be inferred that ὃ  follows the trends of solubility and is most likely 

controlled by functional groups and ὄ  drives overall droplet growth across different 

compositions and molar volumes. The results here are consistent with Mao et al. 

(2022), that showed that the ὃ  values correlated with functionalized surfaces of 

aerosol with the same core (polystyrene latex; PSL). This suggests that the ὃ  values 

may play a more important role with compounds of similar molar volume and highlight 

the importance of functionalized groups and isomeric structures in determining overall 

droplet growth. 

 

3.6.3 Hybrid Activity Model (HAM) application for pure and internally mixed AAAs 

One of the major factors affecting droplet growth studied in this work is the aqueous 

solubility of the compound. AAAs and their mixtures used in this work possess 

approximately equal molar mass and densities, and hence equal molar volumes. 

Nonetheless, they differ in terms of their water uptake. Analysis shows that the 

differences in their water uptake behavior could arise due to the significant variation 

between their aqueous solubilities. Results in the previous subsection show that either 

KT or an adsorption theory (FHH-AT) can be applied for the CCN analysis of moderate 

and low aqueous solubility species, respectively. Alternatively, the Hybrid Activity 

Model (HAM) that sandwiches the FHH isotherm with the Raoultôs law through 

solubility partitioning may agree well with the experimental data. 

Figure 17 shows the Ὓ vs. Ὀ ȟ measurements for AAAs and PTA-IPTA internal 

mixtures plotted along with their HAM fits. The dot-dashed lines represent the HAM 
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fits for the respective CCN dataset. The calculation of the water activity term for all the 

samples studied in this work was done following the method described in section 3.3. 

It was observed that KT, FHH-AT and HAM provided similar fits for samples with 

aqueous solubility of the order of ρπ Í Í . Thus, similar fits for KT, FHH-AT 

and HAM were observed for the samples with higher PTA mass percentage (pure PTA 

and 5:1 PTA-IPTA mixture). The comparison of the goodness of fit between KT, FHH-

AT and HAM can be made using the Ὑ  scores provided in Table 3. For pure PTA and 

5:1 PTA-IPTA samples, all three models provided a goodness of fit. As the aqueous 

solubility of the sample was decreased (1:1 and 1:5 PTA-IPTA mixtures, pure IPTA 

and pure TPTA, in that order), HAM still provided an improved CCN activity 

prediction for the samples (Ὑ  scores of 0.92, 0.97, 0.94, 0.91, respectively; Table 3). 

FHH-AT and HAM provided similar and improved R2 scores along the decline in the 

aqueous solubility of the species, whereas the Ὑ  scores corresponding to KT fits were 

found to decline with decreasing aqueous solubility of the samples. Moreover, the Ὑ  

scores for HAM fittings were observed to be uniformly > 0.9 and generally higher than 

those obtained for FHH-AT. 

 

3.6.4 Hygroscopicity parameterization for supersaturated conditions 

The Ὓ vs. Ὀ ȟ of the AAA samples were transformed into a single hygroscopicity 

parameter ‖ based on KT, FHH-AT and HAM (Section 3.4). Figure 18 shows a 

closure plot between theoretical and experimental ‖ estimated for PTA, IPTA, TPTA 

and PTA-IPTA internal mixtures from KT, FHH-AT and HAM. The closure analysis 
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provides a better understanding of the applicability of different CCN models. The 

shaded portion of the graph denotes a 95% prediction interval across a 1-1 line (dashed, 

black). 

 

Figure 18. Closure plot representing the experimental and theoretical single 

hygroscopicity parameters obtained using KT, FHH-At and HAM CCN analysis 

frameworks. The goodness of fit was calculated for each compound and internal 

mixture. 

The theoretical ‖ for KT has been represented using size-independent ‖

πȢρχς calculated using Eq. (3.4) and Eq. (3.5), respectively. ‖  computed using Ὓ vs. 

Ὀ ȟ measurements are plotted for each compound. For KT (solid circles), the 

agreement between ‖  and ‖  decreases with a decreasing aqueous solubility 

of the solute. Specifically, the experimental ə lies within 95% confidence of the 

theoretical ə of pure PTA, 5:1 PTA-IPTA internal mixture, and 1:1 PTA-IPTA internal 
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mixture. TPTA is the sample with the lowest aqueous solubility and hence the lowest 

agreement between ‖  and ‖ . 

The theoretical adsorption-based parameterization ‖ ȟ  and ‖  computed 

from the experimental data using the FHH-AT framework are shown using solid 

diamond markers in Figure 18. The ‖ ȟ and ‖  were estimated using Eq. (3.15) 

and (3.14), respectively. It was found that ‖  had a generally good agreement with 

their respective ‖ ȟ (Ὑ  in the range of 0.91 to 0.99). The lowest agreement between 

FHH-AT ə was observed for PTA and the 5:1 PTA-IPTA internal mixture, as both they 

likely have the highest aqueous solubilities among the studied samples. Moreover, the 

‖  and ‖ ȟ values of IPTA and TPTA are highly consistent with each other. 

The theoretical and experimental ‖  were computed using Eq. (3.19) and (3.18), 

respectively. The datapoints for ‖  and ‖ ȟ are denoted using solid squares in 

Figure 18. The most important feature of the HAM-based ‖ framework is that it 

explicitly accounts for the compound solubility within the hygroscopicity 

parameterization. Accounting for the contribution from the solid organic phase and 

dissolved aqueous phase to the overall hygroscopicity of the solute generates the best 

agreement between the ‖  and ‖ ȟ values. Consequently, the Ὑ  scores observed 

between ‖  and ‖ ȟ of the 6 AAA samples are > 0.97. It is also important to note 

that ‖ values for AAA samples obtained from FHH-AT and HAM frameworks are 

smaller than those obtained using KT. 
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3.6.4 Hygroscopicity parameterization for supersaturated conditions 

All the measurements shown in Figures 19 were performed at a 95% RH. Figure 

19 (a-c) show the droplet sizes Ὀ  with respect to their initial dry sizes Ὀ  for 

pure PTA, IPTA and TPTA. Figure 19 (d-f) show the Ὀ  with respect to the Ὀ  for 

PTA-IPTA internal mixtures. The Ὀ  predictions based on the KT-Raoult term, FHH 

isotherm and hybrid water activity were derived from the parameters in Table 2. The 

Raoultôs model estimates (black dashed lines) for the pure and internally mixed 

samples were generated using their average hygroscopic growth factor (Ὃ; Fig. 19, Eq. 

(3.7)). The supersaturated average ‖ of 0.17 for the AAA samples was used to obtain 

the theoretical Ὀ  and Ὃ at given dry sizes. The Ὑ  scores for the KT-Raoult model 

are summarized in Table 3. The KT-Raoult model agreed well for pure PTA and 5:1 

PTA-IPTA mixture. 

 

Figure 19. Subsaturated measurements for pure AAA samples obtained using the H-

TDMA setup are shown. Panels(a), (b) and (c) show the Ὀ  vs. Ὀ  data along with 

model fits for pure PTA, IPTA and TPTA. Panels (d), (e) and (f) show the Ὀ  vs. 

Ὀ  data along with model fits for PTAïIPTA internal mixtures. The KTïRaoult term, 

FHH isotherm and hybrid water activity fits are shown in black, red and blue, 

respectively, overlaid with the experimental data. The hygroscopic growth factors Ὃ  

for all AAA samples are shown in their legends. 
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The red dashed lines in Figure 19 show the Ὀ  estimated using the FHH isotherm 

(Eq. (3.4)). The empirical FHH parameters used here were determined by fitting the 

FHH-AT to the supersaturated CCNC measurements (Section 4.2; Table 2). FHH 

noticeably underpredicts the hygroscopic behavior of the AAAs except for IPTA and 

TPTA in the subsaturated regime (Ὑ  estimates in Table 3). This implies that the 

insoluble behavior of IPTA and TPTA can be represented with high certainty in 

subsaturated as well as the supersaturated regime, using the FHH theory. Moreover, the 

KT and FHH models (that agreed for soluble compounds, PTA and 5:1 PTA-IPTA 

mixture) have different droplet growth predictions in the subsaturated regime. 

 

Figure 20. Equilibrium droplet growth curves for PTA, IPTA, TPTA and PTAïIPTA 

internal mixtures are shown here. The figure header shows the solute for which the 

respective equilibrium curves are plotted. KT, FHH-AT and HAM lines are shown in 

red (solid), green (solid) and yellow (solid), respectively. An exemplarily measured 

activation point for the respective solute is denoted using a solid red cross. The Ὀ ȟ 

and corresponding Ὓ used to generate these equilibrium curves are provided in Fig. 15. 
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The blue dashed lines in Figure 19 show the Ὀ  estimated using the 

comprehensive hybrid water activity expressions described in Section 3.3 (Eq. (3.6)). 

Again, the hybrid water activity requires the empirical FHH parameters obtained by 

fitting FHH-AT to the supersaturated CCNC measurements (Table 2) and the aqueous 

solubility of the compound to account for the dissolved fraction of solute (Table 1). 

The hybrid water activity replicated the subsaturated water uptake of all 6 of the AAAs 

with high certainty (Ὑ  estimates in Table 3). This is due to the explicit consideration 

of both compound solubility and water adsorption to describe the droplet growth 

process. Notably, the hybrid water activity is similar to either the KT-Raoult or the 

FHH isotherm depending on the compound solubility. For sparingly soluble samples 

(e.g., pure PTA), the KT-Raoult and hybrid water activity generated similar fits (Ὑ  of 

0.938 and 0.948, respectively). For effectively insoluble samples (e.g., pure TPTA), the 

FHH isotherm and the hybrid water activity generated similar fits (Ὑ  of 0.998 and 

0.999, respectively) for subsaturated measurements. 

The sub- and supersaturated analyses are consistent with the equilibrium curves for 

the pure and internally mixed AAA samples. Figure 20 shows droplet growth predicted 

using KT, FHH-AT and HAM corresponding to one of the experimentally determined 

Ὀ ȟ. The predicted critical supersaturations Ὓ  are also shown in the plots. KT 

predicted Ὓ values deviate significantly (> 10%) from the experimental Ὓ, as the 

aqueous solubility of the solute decreases. This is because KT for the structural isomers 

assumes similar droplet growth (‖  is Ḑ0.17). However, FHH-AT and HAM 

require higher supersaturations and are less CCN active and therefore the points of 

activation are shifted upwards and to the left. At a given relative humidity (RH) < 
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100%, the KT-derived Ὀ  is found to be larger than those predicted using either FHH-

AT or HAM. This is consistent with the models and experimental data at 95% RH 

shown in Figure 19. KT-based Ὀ  was found to be close to the experimental Ὀ  for 

pure PTA and 5:1 PTA-IPTA mixture, whereas Ὀ  from FHH-AT and HAM were 

found close to the experimental Ὀ  for the remaining solutes. After critical activation, 

there may be a jump from a water adsorption-driven droplet growth to one driven by 

complete dissolution of the solute (vertical jump in green line from blue to red). This 

is prominently seen in PTA but not in as evident in TPTA. Furthermore, multiple 

transitions are observed in internal mixtures. 

 

Figure 21. Subsaturated measurements for pure AAA samples obtained using the VSA 

setup are shown. The mass hygroscopic growth factor is shown with respect to the 

relative humidity (RH). The measurements show that neither of PTA, IPTA or TPTA 

show any mass-based growth as the RH is increased from 5 % to 95 %. 

VSA measured the water uptake of the three AAA compounds in the subsaturated 

regime. None of AAAs showed significant water uptake (with mass growth factors 

smaller than <1%) even at high RH (95%) (Figure 21). It should be noted that the VSA 



 

 

91 

 

measurement uses materials in the range of ʈÍ to mm. Thus, the observed ‖  in Eq. 

(19) decreases with increasing diameter and eventually approaches zero. The results 

across different particle measurement platforms are consistent with the hygroscopicity 

parameterization that is particle size-dependent. 

Table 4. Goodness of fit Ὑ  scores for model fits applied to supersaturated and 

subsaturated measurements of pure and internally mixed samples. 

  Supersaturated ╡    Subsaturated ╡   

Sample KT FHH-AT HAM KT FHH-AT HAM 

Phthalic acid πȢωω πȢψχ πȢωω πȢωσψ πȢτυω πȢωτψ 

Isophthalic acid  πȢωτ πȢωφ  πȢψωτ πȢωχυ 

Terephthalic acid  πȢω πȢωρ  πȢωωψ πȢωωω 

5:1 PTA-to-IPTA πȢχρ πȢωρ πȢωρ πȢψφω πȢυτω πȢωσσ 

1:1 PTA-to-IPTA  πȢψω πȢως πȢφπτ πȢφφχ πȢωυχ 

1:5 PTA-to-IPTA  πȢωτ πȢωχ πȢππχ πȢψωτ πȢωψχ 

It should be noted that in this work, the particle shape morphology (dynamic shape 

factor) was explicitly accounted for, and the electrical mobility diameters consequently 

corrected to their respective volume equivalent diameters as described in Gohil and 

Asa-Awuku (2022). Shape factors were measured and computed for all samples studied 

(appendix Figure 3A.3). Over the mobility diameters of interest (from 50nm to 150nm), 

the dynamic shape factor values were found to range from 1.00 to 1.08 and were 

therefore within 10% of 1.00. This suggests that the AAA samples studied in this work 

are composed mainly of spherical particles. The application of the dynamic shape factor 

of aerosols composed of fractals/agglomerates such as black carbon to the transition 

from soluble to sparingly soluble activation must be considered in future work. 
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3.7 Summary and Implications 

This paper presents the droplet growth analysis of AAAs using a new Hybrid 

Activity Model (HAM). HAM estimates the thermodynamics of the droplet growth by 

combining the aqueous solubility of the compound in an adsorption activation 

framework. HAM accounts for the contributions from undissolved as well as the 

dissolved fractions of the particle mass to predict droplet growth. Thus, HAM is able 

to predict critical properties (e.g., Ὀ ȟȟὛȟὋ) for droplet growth in both the 

supersaturated and subsaturated regimes. 

HAM also predicts the droplet growth of internal mixtures. The three PTA-IPTA 

internal mixtures (5:1, 1:1, and 1:5 with respect to PTA) show a clear transition from 

sparingly water soluble to effectively water insoluble mixtures (Petters and 

Kreidenweis, 2008). For a mixture containing two or more components, the water 

activity based on Raoultôs law is computed using solubility partitioning (Riipinen et 

al., 2015). Moreover, a solubility limit of Ḑψ ρπ  vol/vol water (corresponding to 

a 3:1 internal mixture with respect to PTA) was determined using solubility 

partitioning. Below this limit, the discrepancies in CCN activity will likely be > 10% 

for traditional KT. It is therefore reasonable to assume that the effect of adsorption on 

droplet growth would be more dominant in determining the growth of the pure and 

internally mixed AAAs as their solubilities are decreased below Ḑψ ρπ  vol/vol 

water. Current literature considers the two paradigms separately and HAM provides a 

continuum to bridge and combine both mechanisms. 
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To do so, HAM requires three compound-specific parameters (ὅ, ὃ  and ὄ ) 

and the use of the full HAM in cloud microphysical models may extend the 

computational burden to account for the aerosol chemistry. Therefore, a single 

hygroscopicity parameter was also developed and exhibited an improved 

hygroscopicity parameterization for all solutes studied in this work. Raoultôs law was 

generally overpredicts the hygroscopicity of effectively insoluble solutes. And the FHH 

isotherm generally underpredicts the hygroscopicity of sparingly soluble solutes. 

Combining the two droplet growth mechanisms in HAM provided a more robust 

approximation of the water uptake behavior in both subsaturated and supersaturated 

environments. Consequently, the experimental and simplified (theoretical) 

hygroscopicity estimates based on HAM (‖  and ‖ ȟ) showed the best agreement 

and highest goodness of fits when it was applied to the experimental data. 

Overall, HAM is a promising new droplet growth model that can be potentially 

used for the analysis of any type of atmospheric compound. HAM is effective because 

it combines the characteristic features of the traditional KT with solubility partitioning 

and FHH-AT. Additionally, HAM differs from previous analytical frameworks that are 

based on compound solubility in that for any species using HAM, the particles are 

treated as completely undissolved at the start of the activation process. This is vital 

because other solubility limiting approaches begin with instantaneous dissolution and 

add the element of reduced solubility along the course of droplet growth. Indeed, the 

approach is congruous to the concept of earlier works that explored the impact of slow 

dissolution (e.g., Asa-Awuku & Nenes, 2007; Shulman et al., 1996) and aligns with 

more current findings that describe the droplet growth of viscous, amorphous, or glassy 
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aerosols (e.g., Altaf et al., 2018; Mikhailov et al., 2009; C. Peng et al., 2022; Tandon 

et al., 2019; Zobrist et al., 2008). 

In HAM, the contribution of the theorized undissolved fraction facilitates a surface 

until the particle fully dissolves, after which further droplet growth is controlled solely 

by the entire particle mass present in the aqueous phase. The HAM concept may have 

even more utility at lower temperatures and higher altitudes. In general, the solubility 

of compounds in water will likely decrease at lower temperatures; thus, the role of 

surface adsorption on the undissolved fraction will be important to droplet growth. 

Additionally, solute viscosity of atmospheric compounds has been shown to have more 

significant effects on droplet growth at lower temperatures in the subsaturated regime 

(Kasparoglu et al., 2021). Rather than considering complex morphological parameters 

(diffusivity, viscosity, rheology), HAM simplifies the concept by considering the 

presence (or lack thereof) of a surface. In addition to the factors considered in this work, 

surface tension can potentially play a role in both the water activity term and also in 

the solute partition and should therefore be treated explicitly in the droplet growth 

process. Incorporation of surface tension in the analysis was beyond the scope of this 

work, and well-designed experiments will be required to observe whether surface 

tension has any contribution on the water uptake of the AAAs studied in paper. 

Furthermore, surface effects of a given species can be parameterized within the HAM 

framework and subsequently into the hygroscopicity to understand such effects for 

partially insoluble to effectively insoluble systems. 
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The next step is to evaluate the application of HAM for the CCN analysis of aerosol 

mixtures for a wider range in aerosol species and compositions. The shift from volume 

to surface based absorption principles maybe more appropriate for significantly water-

insoluble compounds. Specifically, the application of HAM can be examined for the 

hygroscopic growth and water uptake on black carbon agglomerates. Furthermore, 

HAM developed in this work may improve our predictions of a wide variety of 

atmospherically relevant aerosols. For example, many atmospheric organic aerosols 

may vary significantly from each other in terms of their chemical structures and 

aqueous solubilities (Petters and Kreidenweis, 2008; Sullivan et al., 2009). Therefore, 

HAM may potentially improve the representation of hygroscopicity of organic aerosols 

in large-scale Global Climate Models (GCMs), hence reducing the uncertainties in the 

climate forcing due to the aerosol indirect effect. 
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Appendix 3A 

Summary: This appendix contains the CCNC supersaturation calibration data, CCN 

measurements for pure and internally mixed AAA samples, description of shape factor 

measurement setup along with the shape factor data and conversion to volume 

equivalent sizes for pure and internally mixed AAAs, and application of solubility-

limited Köhler theory to pure and internally mixed AAA data. 

 

3A.1 CCN counter (CCNC) calibration 

CCNC calibration was performed using the .( 3/  aerosol. Dry .( 3/  were 

subjected to supersaturated conditions when passing through the CCNC column. The 

set supersaturation inside the CCNC column depends on the axial temperature gradient 

for specified flow and pressure gradient. Ideally, the temperature gradient inside the 

CCNC column is assumed to stay constant. That is, if the CCNC parameters are 

maintained constant, then the temperature gradient and hence the supersaturation 

across the CCNC column must stay constant. However, in practice there are 

fluctuations in the CCNC parameters and so there are deviations in the ñtrueò 

instrument supersaturation relative to the set supersaturation displayed on the CCNC 

software interface. These deviations can be resolved by calibrating the CCNC 

supersaturation using a compound like .( 3/ . .( 3/  is one of most well-

understood and well-characterized aerosol compounds that is widely used for CCNC 

calibration. Calibration was performed by following the procedure described by Rose 

et al. (2008). 
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Table 3A1. Sample CCN Counter (CCNC) calibration data using .( 3/  

Supersaturation Setting 

(%) 
Calibrated Supersaturation (%) 

Critical Dry Diameter 

(nm) 

Ȣ πȢςρυ χυȢφ ς 

Ȣ πȢτπς υςȢσ πȢφ 

Ȣ πȢυψφ τρȢς πȢτ 

Ȣ πȢχχρ στȢχ πȢχ 

Ȣ πȢωυχ ςωȢφ πȢφ 

Ȣ ρȢρςυ ςφȢρ πȢω 

Ȣ ρȢσυχ ςσȢρ ρȢρ 

Ȣ ρȢυτφ ςρȢς ρȢ 

 

 

Figure 3A.1. CCNC calibration curve generated using the ammonium sulfate activation 

data provided in Table 3A.1. This curve was used to calibrate the CCNC 

supersaturations at which AAA data was collected. 
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3A.2 Hybrid Activity Model single hygroscopicity parameterization ⱥ╗═╜ 

Hybrid Activity Model (HAM) is mathematically expressed as, 

Ὓ ὥȟ ẗÅØÐ        (3A.1) 

where Ὓ is supersaturation, ὥȟ  is the water activity derived by combining features 

from FHH adsorption theory and Kohler theory, Ὀ  is the intermediate diameter of the 

droplet, and ὃ is a constant which is given as, 

ὃ          (3A.2) 

Where ὓ  is the molecular weight of water, Ὑ is the gas constant, Ὕ is the temperature 

and ”  is the density of water. „  is the surface tension of the droplet and is assumed 

to be the same as that of pure water. 

The development of ὥȟ  has been described in detail in the main literature 

(Section 3.3) explaining that ὥȟ ὢ ẗÅØÐὃ — . ὥȟ  is equated 

with the parameterization defined in terms of the single hygroscopicity parameter ‖ 

which is expressed as, 

ὥȟ ὢ ẗÅØÐὃ ẗ— ρ ‖ẗ    (3A.3) 

Rearranging Eq. (3A.3) provides the expression for ‖  as, 

‖
ẗ

ρ     (3A.4) 

Eq. (3A.4) is the function of the measured Ὀ  and Ὀ  derived corresponding to the 

point of activation. Eq. (3A.4) can be further simplified using Eq. (3A.3). The 

exponential on the right-hand side of Eq. (3A.4) can be simplified using the Taylorôs 

series expansion for an exponential function such that, 
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ÅØÐὃ — ͺ ρ ὃ — ͺ ὃ — Ễ  (3A.5) 

Since ὃ — Ḻρ, (3A.5) can be restated as, 

ÅØÐὃ — ͺ ρ ὃ — ͺ     (3A.6) 

The ὢ  term on the right-hand side of Eq. (3A.3) is expressed depending on the 

ongoing phase of the droplet formation/growth. The phases of droplet 

formation/growth are described in detail in the main literature (Section 3.3). The left-

hand side of Eq. (3A.3) can be simplified under the assumption that ὺ ḻὺ, 

ρ ‖ẗ ρ ‖ẗ        (3A.7) 

Combining Eq. (3A.6) and Eq. (3A.7) provides a simplified theoretical expression for 

‖ , 

‖ ȟ ẗρ ὢ ρ ὃ ẗῸ     (3A.8) 

Eq. (3A.8) contains critical — defined as the point of activation such that — —. — is 

determined by taking the first derivative of Eq. (3A.1) and equating it to 0 for the point 

of activation such that, 

ὢ ẗÅØÐὃ ẗ
ẗ

ẗÅØÐ π  (3A.9) 

ρ —      (3A.10) 

Solving Eq. (3A.9) and (3A.10) under different conditions prescribed by ὢ  

(depending on the phase of droplet growth) will yield the appropriate — to then 

subsequently parameterize ‖ . 

 



 

 

100 

 

3A.3 CCN data for pure and internally mixed aromatic acid samples 

Figure 3A.2 shows exemplary size-resolved activation ratios derived using the CCN 

measurements of the pure and internally mixed AAA samples. The activation ratio data 

are shown with respect to the electrical mobility diameter of the particles which were 

converted to their respective volume equivalent diameters using their shape factor 

measurements (shown in Section 3A.4). 

 

Figure 3A.2. Size-resolved activation ratio of pure and internally mixed AAA samples 

from a typical DMA-based CCN setup. The size-resolved activation ratios are 

overlayed with their corresponding sigmoidal fits which were used to determine the 

critical diameters Ὀ ȟ  at the respective supersaturations provided in the legend. 
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3A.4 Shape factor experiments 

3A.4.1 Experimental Setup 

Shape factor measurements were conducted using a setup based on the Aerodynamic 

Aerosol Classifier (AAC) instrument. The experimental setup has been explained in 

detail in the literature (ref). Briefly explained here ï the AAC is used to size-select 

particles of a specific aerodynamic diameter from the incoming polydisperse 

population. The size-selected aerosols are then passed through a Scanning Mobility 

Particle Sizer (SMPS) setup to generate a distribution with respect to electrical mobility 

diameter. The geometric mean of the number distribution is considered as the mobility 

size measurement corresponding to the aerodynamic diameter. The mobility diameter 

and aerodynamic diameter are then used to estimate the volume equivalent diameter 

and dynamic shape factor using a set of coupled equations (Section 3.3, Tavakoli and 

Olfert (2014)). 

 

3A.4.2 Measured data for aromatic acid aerosols (AAAs) 

The exemplary shape factor data of pure AAA samples are shown with respect to the 

aerodynamic diameter of the particles (Fig. 3A.3). The aerodynamic diameters chosen 

here ranged from ~100 to 200 nm. This range of aerodynamic diameters corresponds 

to the electrical mobility diameters ranging from ~50 to120 nm. This is similar to the 

range in which the measure critical dry diameters Ὀ ȟ  of pure and internally mixed 

samples were observed. 
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The following system of equations are solved to simultaneously obtain the size-

resolved shape and volume equivalent diameter using the measured electrical mobility 

and aerodynamic diameters, 

        (3A.11) 

Ὀ Ὀ         (3A.12) 

 

Figure 3A.3. Dynamic shape factor measurements for pure phthalic acid (PTA), 

isophthalic acid (IPTA) and terephthalic acid (TPTA). The shape factor data is plotted 

against the aerodynamic diameter of the particles and can be converted their respective 

mobility diameters or volume equivalent diameter using Eq. (3A.11) or (3A.12), 

respectively. Since most of the shape factor values lie in close range to 1 (5ͯ% of 1; or 

close to 1.05), it can be assumed that AAA particles studied in this work are spherical 

in shape. 

 

3A.5 Solubility-limited Köhler theory application to pure and internally mixed 

aromatic acids 

Köhler theory traditionally accounts for the intrinsic hygroscopicity of the compounds 

that depends only on the solute and solvent (water) properties (Section 3.1; Section 4.1 

for results). For compounds that are not completely water soluble, traditional Köhler 

theory can be modified by explicitly accounting for the aqueous solubility of the 

compound. 
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Figure 3A.4. CCN measurements of pure and internally mixed AAA samples from a 

typical DMA-based CCN setup. The activation measurements are overlayed with 

solubility limited Köhler theory fits line which were derived using the apparent 

hygroscopicity parameter ‖  of the pure and internally mixed samples. 

 

 

Figure 3A.5. ‖  plotted against droplet size for pure and internally mixed AAA 

samples. ‖  was determined using Eq. (3.11) described in detail in Section 3.5.1. 

 

 

 



 

 

104 

 

 

Figure 3A.6. ‖  plotted against droplet size for high solubility compound ï 

ammonium sulfate (AS) and sucrose, respectively. ‖  was determined using Eq. 

(3.11) described in detail in Section 3.5.1. It can be observed that the droplet sizes that 

needs to be attained at ‖  for highly soluble compounds is significantly lower 

than those for AAAs (described in detail in Section 3.5.1). This is an important 

consideration for the assumption that AS and sucrose almost instantly dissolve in water, 

hence making traditional KT applicable for analysis. 
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Chapter 4: Solubility Considerations for Cloud Condensation 

Nuclei (CCN) Activity Analysis of Pure and Mixed Black Carbon 

Species 

Submitted work under review: 

Gohil, K., Barrett, R., Rastogi, D., Mao, C.-N., and Asa-Awuku, A.: Solubility 

Considerations for Cloud Condensation Nuclei (CCN) Activity Analysis of Pure and 

Mixed Black Carbon Species, Environ. Sci. Technol. 

4.1 Abstract 

Black Carbon (BC) is an aerosol that is released into the atmosphere due to the 

incomplete burning of biomass and can affect the climate directly or indirectly. BC 

commonly mixes with other primary or secondary aerosols to undergo aging, thereby 

changing its radiative properties and cloud condensation nuclei (CCN) activity. The 

composition of aged BC species in the atmosphere is difficult to measure with high 

confidence and so their associated CCN activity can be uncertain. In this work, the 

CCN activity analysis of BC is performed using laboratory measurements of proxy 

aged BC species. Vulcan® XC72R Carbon Black was used as the representative of BC, 

and 3 structural isomers of benzenedicarboxylic acid ï phthalic acid (PTA), isophthalic 

acid (IPTA) and terephthalic acid (TPTA) ï were mixed with BC to generate 3 different 

proxies of aged BC species. Most studies related to CCN activity analysis BC aerosol 

use the traditional Köhler Theory or an adsorption theory (such as the Frenkel-Halsey-

Hill Adsorption Theory). PTA, IPTA and TPTA fall in the sparingly water-soluble 

range and therefore do not fully obey either of the aforementioned theories. 

Consequently, a novel hybrid activity model (HAM) was used for the CCN activity 

analysis of the BC mixtures studied in this work. HAM combines the features of 

adsorption theory via the adsorption isotherm with the features of Köhler Theory by 
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incorporating solubility partitioning. The results in this work show that HAM improves 

the representation of CCN activity of pure and mixed BC aerosol species with high 

certainty; evident from a generally better goodness of fit,  Ὑ   πȢω. This work implies 

that the hygroscopicity parameterization based on HAM captures the size-dependent 

variability in the CCN activity of the pure and aged BC species. In short, the hybrid 

water uptake method has been applied for the CCN analysis of the soot proxies for the 

first time and provides an overall improved water uptake estimations. 

 

4.2 Background 

Black carbon (BC) aerosol is significant due to its effect on the atmosphere and 

climate. This is a result of the observed effects of BC on air quality, climate change, 

and human welfare. BC is produced from incomplete biomass combustion and is one 

of the main biomass burning tracers in the atmosphere alongside other primary and 

secondary organic aerosols (POAs and SOAs). BC is the second most important 

contributor to the warming of the climate after carbon dioxide (Bond et al., 2013; IPCC, 

2007). However, BC aerosols may also significantly indirectly affect the climate via 

interactions with clouds. The aerosol-indirect effect of pure and coated BC aerosols 

must be well understood to better understand their climate forcing.  

Carbonaceous aerosols, and BC aerosol particularly, have complex molecular level 

interactions with water (e.g., but not limited to (Laaksonen et al., 2020a; Weingartner 

et al., 1997; Zhang et al., 2008)).  BC particles in the atmosphere exist as agglomerates 

or nodules and conglomerates with other species; BC are rarely observed in pure form 

are known to age downwind of emission sources (Canagaratna et al., 2015). Aging can 
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substantially alter the morphology of the BC particles, and the aged particles, can range 

in size from a few nm to several ʈm, and may contain co-condensed phases (Zhang et 

al., 2016; Peng et al., 2016). Aged BC can internally or externally mix with other 

aerosols present in the atmosphere (Bond et al., 2013).  The pure and mixed, or aged 

BC are known to act as Cloud Condensation Nuclei (CCN) under supersaturated 

ambient conditions and can therefore affect the climate ñindirectlyò through altering 

cloud properties (e.g., but not limited to Dusek et al., 2006; Maskey et al., 2017; 

Stratmann et al., 2010; R. Zhang et al., 2008). BC aerosol is considered water insoluble; 

however, it is wettable and known to take up water and display hygroscopic behavior 

leading to cloud droplet formation. CCN activation is traditionally described using 

Köhler theory and works well for highly water-soluble solutes.  However due to the 

strong water insoluble nature of BC, traditional Köhler theory should not be applied to 

study BC CCN activity and droplet growth. 

For insoluble aerosols such as BC, CCN activity and water uptake is aptly described 

via the effect of water vapor adsorption on the particle surface (Dalirian et al., 2018; 

Laaksonen et al., 2016, 2020). Adsorption activation theory combines adsorption 

isotherms and curvature effects to describe insoluble aerosol droplet growth. Frenkel-

Halsey-Hill adsorption theory (FHH-AT) is formulated by combining the FHH 

isotherm with the Kelvin effect (Sorjamaa and Laaksonen, 2007) and is the most widely 

used CCN activity theory for the droplet growth of insoluble wettable aerosols (e.g., 

but not limited to Hatch et al., 2012, 2014, 2019; Kumar et al., 2011b, 2011a; Kumar 

et al., 2009a; Kumar et al., 2009b; Dalirian et al., 2018; Mao et al., 2022). Additionally, 

the FHH isotherm has been combined with the Köhler Theory for the CCN activity 
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analysis of insoluble particles coated with soluble species assuming a ñcore-shellò 

morphology. Kumar et al., (2011a, 2011b) also described CCN activation of mineral 

dust species containing a soluble salt fraction using the combination of the classical 

Köhler and FHH adsorption theories. Other studies have developed frameworks to 

theoretically describe CCN activity of insoluble aerosols, such as BC and coated BC 

aerosols, using multilayer adsorption models accounting for the curvature and contact 

angle of the droplets forming on aerosol particles (Laaksonen et al., 2020). 

A systematic theoretical and experimental examination of the changes in the CCN 

activity of BC particles, as they are mixed with low solubility organic aerosols, is 

absent from current literature. So far, the CCN activity studies of BC particles under 

supersaturated or subsaturated conditions predominantly focus on BC mixed with 

readily water-soluble species. One such compound is NaCl (observed as a component 

of sea salt); Dusek et al., (2006) performed chamber CCN measurements and showed 

a significant enhancement in the CCN activity of BC particles on mixing with 5% NaCl. 

Zhang et al., (2008) observed that BC particles aged with sulfuric acid showed up to 

~10-fold and ~2-fold enhancement in their scattering and adsorption properties, after 

undergoing hygroscopic growth at 80% relative humidity. Dalirian et al., (2018) 

performed CCN analysis of BC particles coated with various water soluble and 

insoluble organic compounds using the core-shell CCN model. Other studies include 

CCN analysis of ambient BC aged with high hygroscopicity sea salt aerosols (Furutani 

et al., 2008). 

This work studies the water uptake and droplet formation of particles composed of 

effectively water-insoluble organics mixed with BC using controlled laboratory 
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measurements. Vulcan® was chosen as the representative of BC aerosol; it is a 

synthetic BC substance that possess high electrical conductivity and is widely used for 

electrocatalytic applications (M.J. Lázaro et al., 2011). Three low water solubility 

structural isomers of benzene di-carboxylic acid ï Phthalic acid (PTA), Isophthalic acid 

(IPTA) and Terephthalic acid (TPTA) ï were used as the proxies for low water 

solubility organic aerosols and mixed with BC. PTA, IPTA and TPTA are prominent 

benzene polycarboxylic acids detected in the atmosphere (Fu et al., 2009; Singh et al., 

2017b; Meng et al., 2018; Haque et al., 2019; Kunwar et al., 2019; Liu et al., 2019; 

Yassine et al., 2020; Kanellopoulos et al., 2021). PTA, IPTA and TPTA are produced 

from biomass burning and emissions of automobile exhaust (Mkoma and Kawamura, 

2013; Balla et al., 2018; Al-Naiema and Stone, 2017; Zhong et al., 2017a, b). PTA and 

its isomers are known tracers of benzanthracene, naphthalene-1 and 

methylnaphthalene-1 (Kleindienst et al., 2012b; He et al., 2018; Al-Naiema et al., 

2020b) and are likely co-emitted with soot.  Therefore, the mixtures of aromatic acids 

with BC can be considered proxies for aged soot. 

Recently a hybrid activity model (HAM) was developed to model the water-uptake 

and hygroscopicity of effectively water-insoluble aerosol (Gohil et al., 2022). HAM 

combines solubility partitioning with the FHH adsorption isotherm to describe the 

droplet growth. HAM was observed to work well for PTA, IPTA and TPTA; the 

goodness of fit (Ὑ ) metrics for subsaturated and supersaturated measurements were 

found to be in the range of πȢω πȢωω for all the studied aerosol (Gohil et al., 2022). 

HAM suggests that the hygroscopicity is size dependent and pure and mixed aerosols 

are initially treated as completely insoluble at the start of droplet growth. Depending 
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on their aqueous solubility, the particles then continue to fractionally dissolve into the 

aqueous phase as droplet growth progresses. While the dissolved fraction of the aerosol 

contributes to droplet growth via Raoultôs law, the undissolved fraction contributes to 

droplet growth via adsorption of water on the surface. HAM was found to be effective 

with sparingly soluble organic aerosol ï however, its utility with relevant 

atmospherically mixed insoluble species (BC, mineral dust, nanopolymers etc.) has yet 

to be tested.  

In this manuscript, HAM is applied and used to describe the variability in the water 

uptake behavior of BC particles mixed with low solubility water solubility compounds 

(PTA, IPTA and TPTA). Additionally, Transmission Electron Microscopy (TEM) 

captures images of mixed aerosol to identify particle morphology that may affect water 

uptake behavior. The compounds and their mixtures considered in this work are useful 

because they could represent atmospheric organic aerosol composition. The CCN 

activity measurements of pure and mixed BC particles also provide an efficient means 

to further validate the application of the newly developed HAM. In the following 

sections, we first describe the experimental setup to obtain experimental CCN 

activation data for pure and mixed BC. We then briefly describe FHH-AT and HAM 

models and compare predictions to data and discuss the results in the context of aged 

soot particles, droplet growth, and cloud formation. 
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4.3 Experimental Section 

4.3.1 Chemicals and Sample Preparation ï Pure BC and Internal Mixtures with 

Aromatic Acid Aerosols (AAAs) 

Vulcan® (Cabot Vulcan® XC72R Carbon Black) was used as the representative of 

black carbon (BC). Phthalic acid (PTA, 1,2 ï benzenedicarboxylic acid, >99.5%, 

Sigma-Aldrich®) and terephthalic acid (TPTA, 1,4 ï benzenedicarboxylic acid, 98%, 

Sigma-Aldrich®) and Isophthalic acid (IPTA, 1,3 ï benzenedicarboxylic acid, >99%, 

Fisher Scientific®) were aromatic acid aerosols (AAAs) used in this study. The 

physical properties of BC and AAAs are summarized in Table 1. AAA compounds 

were mixed with BC in a 1:1 mass ratio. The water uptake behavior of the 3 AAA 

compounds in this study have been previously described in detail in (Gohil et al., 2022). 

The mass-to-volume concentration of the pure BC solution was 72 mg BC in 200 ml 

ultrapure water (Milli-Q or Millipore®, 18.2Mɋ cm-1). The mass-to-volume 

concentration of BC-to-AAA internal mixtures was also 72 mg (36 mg BC was mixed 

with 36 mg of AAA) in 200 ml ultrapure water (Milli-Q or MilliporeÈ, 18.2Mɋ cm-1). 

Furthermore, the acidity of the pure AAA aerosol and 1:1 BC-to-AAA aerosol was 

quantified with their pH. The pH of PTA, IPTA and TPTA was found to be 5.24, 5.43 

and 5.94, respectively. Low acidity suggests that the AAA samples are not strong 

organic solvents. BC readily dissolves in strong acid solutions; therefore, the weak 

organic acid solutions here have minimal dissolution of BC in AAA. Before preparing 

all the pure and internally mixed BC aerosol, dry Vulcan® was first heated at 450 °C 

for 6 hours. The pure and internally mixed aqueous suspensions of BC were then 

sonicated in a 30 °C water bath for 9 hours. The BC aerosol was constantly sonicated 
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in a 20 °C water bath during all aerosol measurement; including the CCN, shape factor 

and TEM grid experiments as described in detail below. 

 

Table 5. Physical and chemical properties of BC and AAA compounds used throughout 

the chapter. 

Compounds 
Molecular weight 

╜▼ȟἯ ἵἷἴ  

Density ⱬ▼ȟ

Ἧ Ἣἵ  

Solubility ╒ȟ
ἵ  ἵ  

Black Carbon 

(Vulcan® XC72R) 
12 ρͯȢψ ρπ  

Phthalic acid 166.14 1.59 σȢχχρπ  

Isophthalic acid 166.14 1.53 χȢψτρπ  

Terephthalic acid 166.13 1.52 ρȢρςρπ  

 

4.3.2 CCN Measurements 

A continuous flow stream-wise thermal gradient Cloud Condensation Nuclei 

Counter (CCNC, Droplet Measurement Technologies (DMT) (Roberts & Nenes, 2005 

- CCN 100) measured CCN of pure and internally mixed BC aerosol. The DMT CCNC 

is a widely used instrument for droplet growth measurements in supersaturated 

conditions (e.g., but not limited to Engelhart et al., 2008; Moore et al., 2010; Barati et 

al., 2019; Vu et al., 2019) and only a brief description of experimental setup is provided 

here. Polydisperse aerosol was generated and dried from aqueous suspensions as 

described in Sect. 2.1. An electrostatic classifier (TSI 3936, DMA 3081) size selected 

monodisperse aerosol corresponding to a fixed electrical mobility diameter. The size-

selected aerosols exiting the DMA were then split into 2 streams. One stream entered 

a condensation Particle Counter (CPC, TSI 3776) at 0.3 L minī1 to measure total dry 

particle concentration ὅ , and a second stream entered the CCNC at 0.5 L minī1 and 
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constant supersaturation to measure activated particle (droplet) counts ὅ . A sheath 

flow rate of 8 L minī1 was applied across the experimental setup to maintain a sheath-

to-sample ratio of 10:1. The experiments were performed over a range of varying 

supersaturations from 0.2%-1.6%, with 0.1% step size. Each supersaturation was held 

constant for 15 minutes for every sample and particle size to provide sufficient time for 

the CCNC column temperature gradient, and hence the supersaturation to stabilize. 

This process of stepping through each particle size for a range of supersaturations is 

hence forth referred to as a ñstep-modeò process. Furthermore, CCNC supersaturations 

ranging between 0.2% and 1.6% were calibrated using ammonium sulfate (.( 3/, 

AS) aerosol (Sigma-Aldrich®, >99.9%) prior to performing measurements for pure and 

mixed BC samples. AS data used for CCN calibration is provided in the appendix 

(Section 4A.1). 

 
 

Figure 22. Schematic of a CCN measurement experimental setup. The DMA and the 

CPC are operated in the stepping mode to obtain number concentrations at selected 

electrical mobility diameter. The CCNC is connected in parallel and measures the 

number concentration of activated particles at the selected dry particle electrical 

mobility diameter. 
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4.3.3 Effective Density Estimation and Shape Factor Measurements 

Dynamic shape factor and effective particle density are measured with an 

Aerodynamic Aerosol Classifier (AAC, Cambustion Ltd.), TSI DMA 3080 and TSI 

CPC 3776 connected in series.  The AAC and DMA measure the aerodynamic and 

electrical mobility diameters of the particles, respectively. The application of the 

experimental setup has been examined in the literature (e.g., Tavakoli et al., 2014; 

Tavakoli and Olfert, 2014; Yao et al., 2020; Gohil and Asa-Awuku, 2022). A brief 

description of the experimental setup is provided in this paper.  Polydisperse aerosol 

was generated from aqueous suspensions as described above. The AAC selected 

monodisperse aerosol corresponding to an aerodynamic diameter Ὀ . The sample 

and the sheath flow rates were maintained at 0.3 L minī1 and 3.0 L minī1 respectively 

(i.e., sheath-to-sample flow ratio = 10:1). The monodisperse aerosol was then passed 

through the DMA and the CPC in series operating in the Scanning Mobility Particle 

Sizer (SMPS) mode to generate a number size distribution with respect to the electrical 

mobility diameter. The median diameter of the distribution was considered as the 

approximate electrical mobility diameter Ὀ  corresponding to the initially set Ὀ . 

The size-resolved effective density and dynamic shape factor of the pure BC and mixed 

BC-AAA aerosols were calculated using coupled aerodynamic and electrical mobility 

measurements. Henceforth, the measured mobility diameters to their respective volume 

equivalent diameters using the effective density ”  and dynamic shape factor … 

for the subsequent CCN analysis of the pure and mixed samples. 
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Figure 23. Schematic of the shape factor and effective density experimental setup. The 

AAC selects dry aerosol with aerodynamic diameter Ὀ . The DMA and the CPC 

collectively operate as an SMPS and measure a number size distribution of AAC-

selected dry particles with electrical mobility diameters Ὀ . The geometric mean of 

the number size distribution of the particles was selected as the electrical mobility 

diameter measurement corresponding to the initially set aerodynamic diameter. 

 

4.3.4 CCN Activity Analysis ï PyCAT 

Python-based CCN Analysis Tool ï PyCAT (Gohil and Asa-Awuku, 2022) was 

used to process, analyze, and visualize the calibration and BC data. PyCAT was 

developed for CCN analysis using scanning data collected using the DMA or AAC size 

selection experimental setup. In this study, a new module has been added to PyCAT to 

perform CCN analysis of step-mode data. The new module of PyCAT is capable of 

processing and analyzing data collected with respect to fixed electrical mobility 

diameter and varying CCNC supersaturations. Consequently, the activation ratio 

 of a given sample for a fixed dry diameter Ὀ  are resolved by 

supersaturations Ὓ. Following this, a sigmoidal function can be fit to the activation 

ratio as, 

ώ
 

 ὃ        (4.1) 
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In Eq. (4.1), ώ is the dependent variable , ὃ and ὃ are the minimum and 

maximum of the sigmoid respectively, Ὠὼ is the slope of the sigmoid, ὼ is the 

inflection point of the sigmoid (generally the midpoint of the sigmoid), and ὼ is the 

independent variable Ὓ. ὼ corresponds to the critical supersaturation Ὓ  at the fixed 

dry diameter and is physically defined as the size at which 50% of all particles are 

activated. It is important to note that size-resolved ɢ and ”  were used to convert 

electrical mobility sized to volume equivalent diameters. The volume equivalent 

diameters of the particles are implemented as their dry diameter Ὀ . 

 

4.3.5 Transmission Electron Microscopy (TEM) 

Pure and mixed BC nano-sized particles were collected and analyzed with 

Transmission Electron Microscopy. The JEOL 2100 (TEM; LaB6 filament) was used 

in this work (Niemi et al., 2006; Rastogi and Asa-Awuku, 2022).  Specifically, aerosols 

pass through a neutralizer and the charged particles (Kr-85, TSI 3077A) were then 

deposited for 4 hours onto an electrically grounded lacey carbon-coated copper TEM 

grid (TED PELLA). For EDX and EELS analysis the particles were deposited on a 

Silicon Nitride 3É. grid.  The deposited particles were then imaged at an accelerating 

voltage of 200 kV and a magnification range of 50-150 k. To minimize sample damage, 

the exposure time was kept limited to 90 sec. 
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4.4 Theory and Analysis 

4.4.1 Effective Density and Shape Factor Calculations 

4.4.1.1 Effective Density 

The effective density of a particle can be calculated by dividing the mass by the 

volume of a spherical particle that has a diameter equal to the mobility diameter of the 

particle. The effective density ”  is mathematically expressed as follows: 

” Ὀ        (4.2) 

where ά is the particle mass, Ὀ  is the particle mobility diameter, ὅ is a constant, and 

Ὀ  is the fractal dimension of the given species, also known as the mass-mobility 

exponent. ὅ and Ὀ  are empirical coefficients that are used relate the mass and 

mobility diameter of the particle through a power law relationship given as, 

ά ὅὈ          (4.3) 

The mass ά in Eq. (4.3) is directly related to the particle relaxation time and mobility, 

which can be measured with the AAC-DMA setup. Therefore, ά can be obtained by 

solving the following system of equations using the measured data, 

 

†
ὅ Ὀ ”Ὀ

ρψ‘
 

ὄ
ὅ Ὀ

σ“‘Ὀ
 

† ὄά 

(4.4a) 

(4.4b) 

(4.4c) 
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where ὅ represents the size-dependent Cunninghamôs slip correction factor, ” is the 

reference density ρπππ ËÇ Í , Ὀ  is the aerodynamic diameter of the particle, ‘ is 

the viscosity of the carrier gas in the instrumentation, † is the particle relaxation time, 

and ὄ is the particle mobility 

Solving the system expressed as Eq. (4.4) for a measured size distribution provides 

the mass distribution of the aerosol. Fitting the Eq. (4.3) to the mass vs. mobility 

diameter distribution generates empirical parameters, which can then be used in Eq. 

(4.2) to obtain the distribution of the particle effective density. The effective density is 

important because it explicitly accounts for the void fraction and therefore accounts for 

irregularities present in the particle shape and morphology (Tavakoli and Olfert, 2014). 

BC and BC-like species may be fractal, and so their effective density can be especially 

useful to observe the deviation from their bulk density. 

 

4.4.1.2 Dynamic Shape Factor 

The dynamic shape factor … of a particle quantifies its non-sphericity. The effect 

of non-sphericity of the particle is represented using the drag force. … is expressed as 

follows, 

…
ȟ

          (4.5) 

where Ὂ is the drag force on the non-spherical particle, and Ὂȟ  is the drag force on 

an equivalent spherical particle with the density equal to that of the original particle. 

The spherical particle is referred to as a volume equivalent sphere, and the 
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corresponding size is the volume equivalent diameter Ὀ . Size-resolved … and the 

respective Ὀ  of any given species can be determined using the measured electrical 

mobility and aerodynamic diameters by solving the following pair of non-linear 

equations, 

 

ὅ Ὀ

…Ὀ

ὅ Ὀ

Ὀ
 

Ὀ Ὀ
…”ὅ Ὀ

”ὅ Ὀ
 

(4.6a) 

(4.6b) 

 

ʍ is density of the density of particle inclusive of voids and is therefore equivalent to 

the size-resolved ʍ  of the particles. The known measured relative distributions of 

electrical mobility and aerodynamic diameters are used to solve the coupled system 

represented by Eq. (4.6) and obtain the distributions for the volume equivalent diameter 

and dynamic shape factor. 

 

4.4.2 Frenkel-Halsey-Hill Adsorption Theory (FHH-AT) 

The FHH-AT model describes droplet formation and growth via the adsorption of 

water on particle surface. FHH-AT combines the FHH isotherm with the curvature 

effect (Kelvin term) to determine the water vapor over the droplet surface 

(supersaturation) during water uptake (Sorjamaa and Laaksonen, 2007). The FHH 

isotherm defines the water activity through adsorption of aqueous multilayers as a 

function of surface coverage (the number of adsorbed aqueous monolayers on the 

particle surface; —). The FHH isotherm is mathematically expressed as follows, 
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ὥȟ ÅØÐὃ —       (4.7) 

The 2 empirical parameters ὃ ȟὄ  account for the surface and bulk 

contributions to droplet growth. ὃ  parameterizes the interactions between particle 

surface and the first adsorbed aqueous monolayer. ὄ  parameterizes the interactions 

between particle surface and the subsequently adsorbed aqueous monolayers. ὃ  and 

ὄ  respectively describe the amount of adsorbed water on particle surface as well as 

the radial distance away from the particle up to which the attractive forces can cause 

the adsorption. In Eq. (4.7), — , where Ὀ  is the droplet diameter, Ὀ  is 

the diameter of the insoluble core, and Ὀ  is the diameter of a water molecule and has 

a value of 0.275 nm. Combining Eq. (4.7) with the curvature effect (Kelvin term), the 

FHH-AT can be expressed as, 

Ὓ ὥȟ ÅØÐ        (4.8) 

where „ , ὓ  and ”  are the surface tension, molecular weight, and density of water, 

respectively. Ὑ is the ideal gas constant and Ὕ is the temperature. It is important to note 

that the 2 empirical parameters are species dependent and can be determined by 

applying least square minimization on the maxima of FHH-AT equilibrium curve fitted 

to the experimental CCN activity measurements. 

The FHH-AT has previously been modified to incorporate different physical 

properties of aerosol particles. One such modification is based on the inclusion of the 

contact angle of the adsorbed aqueous layers on the particle surface (Laaksonen et al., 

2016, 2020). Another modification expands the FHH-AT framework by including the 
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aerosol solubility (Gohil et al., 2022), resulting in the development of a hybrid activity 

model (HAM). 

 

4.4.3 Hybrid Activity Model (HAM) 

The hybrid activity model (HAM) incorporates solubility partitioning (Riipinen et 

al., 2015) with FHH-AT. The solubility partitioning transforms the ideal Raoultôs law 

such that it includes the solubility of the compound (or, compounds) in the aerosol 

composition. With this approach, the effect of solid, undissolved core on droplet 

activation and water uptake can be included towards water uptake along with the 

contribution from dissolved particle within the aqueous phase. Moreover, the FHH 

empirical parameters (ὃ ȟὄ ) for each sample are the same computed by fitting 

the FHH-AT to the CCN activation data. The mathematical formulation of HAM is as 

follows, 

Ὓ ὥȟ ÅØÐ        (4.9) 

where ὥȟ ὥȟ ẗὥȟ . ὥȟ  is the Raoultôs law term which is 

defined as ‎ὢ , where ‎ is the activity coefficient and ὢ  is the mole fraction of 

water in the aqueous phase of the droplet. Considering the droplet to be infinitely dilute, 

‎ ρ and ὥȟ  can then be approximated as ὢ , where ὲ  are the 

number of moles of water and ὲ are the total number of moles of the solute(s) in the 

aqueous phase of the droplet. 
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Physically, the HAM water activity describes the droplet growth and water uptake 

process in 3 stages. Stage 1 is the start of the water uptake by adsorption on the particle 

surface followed by minute droplet growth. Since there in an infinitesimal amount of 

solute dissolved in the aqueous phase in stage 1, ὢ ρ and therefore ὥȟ

ὥȟ . In stage 2, a finite amount of solute continues to dissolve into the aqueous 

phase. Therefore, ὥȟ ὢ ẗὥȟ  in stage 2. ὢ  and ὥȟ  vary continuously 

during the droplet growth in stage 2 and are estimated using the bulk solubilities of 

each compound with the instantaneous droplet diameter and solute mass dissolved 

(Gohil et al., 2022; Riipinen et al., 2015). Stage 3 begins when the entire mass of the 

initial solute particle has dissolved into the aqueous phase with no undissolved solute 

left. In stage 3, the ὥȟ ὢ  (Raoultôs law). Additional details and description of 

the formulation of HAM is provided in (Gohil et al., 2022). 

 

4.4.4 Hygroscopicity Parameterization from FHH-AT and HAM 

The single hygroscopicity parameter is denoted by ‖ and is mathematically 

formulated by relating it to the water activity of the CCN activity model. The general 

formulation for ‖ was provided by (Petters and Kreidenweis, 2007) and is expressed as 

follows, 

ρ ‖           (4.10) 

where ὥ  is the water activity term, ὠ is the volume of the dry particle, and ὠ is the 

volume of water in the aqueous phase. The ‖ parameter derived from a CCN model can 
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be parameterized by substituting the ὥ  in Eq. (4.10). Following this procedure, the 

experimental and theoretical single hygroscopicity parameters for FHH-AT and HAM 

have been previously developed. The details of the hygroscopicity parameterizations 

based on FHH-AT and HAM (‖  and ‖ , respectively) have been provided by 

Mao et al., (2022) and Gohil et al., (2022), respectively. 

 

4.5 Results 

 

Figure 24. TEM images of different sized particles of pure BC (A-I, AII) and BC mixed 

with Phthalic (B-I, B-II), Isophthalic (C-I, C-II) and Terephthalic (D-I, D-II) acid, 

respectively. 

The particles generated from BC and BC mixtures in this study have a range of 

non-uniform sizes and shapes (Figure 24). TEM images show that small BC particles 

can be spherical however can agglomerate to form larger sized particles. BC mixtures 

with aromatic acids can modify the shape of these particles. Thus size-resolved 

effective density and dynamic shape factor of pure and mixed BC particles must be 

calculated prior to CCN analysis. 
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4.5.1 Particle Shape and Effective Density for Pure and Mixed BC 

The dry electrical mobility diameters Ὀ  of the pure and mixed BC samples 

were converted to their corresponding volume equivalent diameters Ὀ  using in-situ 

measurements. The size-resolved effective density and shape factor of the particles was 

computed following the method described in Section 3.1.1 and 3.1.2, respectively. The 

effective density and shape factor of the samples are shown in Figure 25 (a) and (b). 

Fig. 25(c) shows the Ὀ  of the pure and mixed BC particles plotted against the 

corresponding Ὀ . The black dashed line in Fig. 25(a) signifies the mean bulk density 

of the pure BC (Vulcan® XC72R) particles. The effective density of the particles 

increases towards the theoretical bulk density with an increasing Ὀ . The significantly 

low effective density with respect to the bulk density of pure BC at low Ὀ  (towards 

the left end of Fig. 25a) suggests that smaller particles could be existing in the form of 

agglomerates. Moreover, the agglomeration of pure and mixed BC particles likely 

decreased with an increase in the Ὀ  which can be understood from the increase in 

the size-resolved effective density. 

The likely reduction in fractal-like structures is also evident from the decrease in 

the size-resolved shape factor of the particles with an increasing Ὀ . For pure BC, the 

lowest value of shape factor was measured to be ρͯȢς for a Ὀ ςφπnm. Among the 

mixed BC particles, BC-PTA particles were measured to be most spherical, with a 

maximum shape factor of ͯρȢρυ for Ὀ τπnm, and minimum shape factor of ρͯȢπ 

for Ὀ ρσυnm. BC-TPTA particles were measured to be the non-spherical out of 

the 3 types of BC mixtures with a maximum shape factor of ρȢςρ for Ὀ τυnm, 

and minimum shape factor of ρȢπφ even at Ὀ ςςπnm. The size-resolved shape 
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factor of BC-IPTA particles were found in the intermediate range between the shape 

factor of BC-PTA and BC-TPTA particles. In Eq. 4.6(a), it is observed that the 

Cunninghamôs slip correction factors for the Ὀ  and Ὀ  have small variabilities 

related to the respective variables. Therefore, an approximate linear relationship can be 

assumed between the Ὀ  and Ὀ . The straight lines fitted to the Ὀ  vs. Ὀ  for the 

pure and mixed BC samples are also shown in Fig. 25(c). These straight-line fits were 

used to determine the Ὀ  for the CCN analysis with respect to every Ὀ  at which the 

CCN measurements were performed. 

 

Figure 25. Size-resolved effective density (a), size-resolved dynamic shape factor (b) 

and size-resolved volume equivalent diameter (c) with respect to electrical mobility 

diameter are shown. The measurements were performed with respect to electrical 

mobility diameters in range of 50nm and 250nm. The estimated volume equivalent 

diameter vs. electrical mobility diameter for pure and mixed BC samples were used to 

generate linear fits. 

 

4.5.2 CCN Activity of Pure and Internally Mixed BC 

CCN measurements of pure and mixed BC particles were performed following the 

procedure described in Section 2.2. The CCN activity data of pure and mixed BC are 

summarized in detail in the appendix (Section 4A.2). For each sample, number 

concentrations were measured with respect to varying supersaturations in the CCNC 
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while the dry particle diameters were held fixed. Figure 4A.1 shows the activation data 

versus supersaturation data for pure and mixed BC samples. The sigmoidal functions 

fitted to the activation ratio is also shown. The critical supersaturations for each sample 

determined from the sigmoidal fits are summarized alongside the corresponding dry 

diameter. It is important to note that the sigmoidal fits for mixed BC samples 

corresponding to each dry particle diameter consisted of a single plateau. The single 

plateau is indicative of a homogenous particle (Vu et al., 2019) and implies that BC-

AAA mixtures can be treated as internal mixtures for subsequent CCN analysis. The 

assumption of internally mixed aerosol mixtures is also supported by Energy 

Dispersive X-ray (EDX) analysis results (Figure 26).  Fig. 26 shows mixtures of BC 

with Phthalic, isophthalic, and terephthalic acid species and the elemental mapping for 

Carbon and Oxygen. Images show the homogeneous distribution of aromatic species 

throughout the mixed particle. 

The primary CCN analysis was done using the FHH-AT. The FHH-AT fits and 

CCN data of pure BC and mixed BC-AAA species were compared with the pure AAA 

samples (Figure 27). Fig. 27 shows the Ὀ  of the dry particles with respect to critical 

supersaturations. The empirically determined FHH parameters for pure and mixed BC 

samples, with the FHH parameters of the pure AAA samples that were determined in 

Gohil et al., (2022) are summarized in Table 2. Mixed BC aerosol are less active than 

their pure aromatic acid CCN activity. Moreover, the CCN activity of the mixtures 

decrease in the same order as that of the corresponding pure AAAs. It is interesting to 

note that the slope of the FHH-AT fits of mixed samples diverged away from the FHH-

AT fits of the corresponding AAA with an increasing Ὀ . 
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Figure 26. Images show dark field images of BC mixtures with Phthalic (A-I), 

Isophthalic (B-I) and Terephthalic acid (C-I). Images II and III for each mixture are 

EDXs images showing relative distribution of carbon and oxygen respectively for each 

mixture. 

The changing slope of Ὓ vs. Ὀ  of the BC mixtures with respect to their 

corresponding pure AAA can be used to understand the relative importance of the 

mixture components on the overall CCN activity of the mixture in consideration. The 

FHH-AT fits at relatively smaller particle sizes for each mixture converge towards the 

FHH-AT fits of the corresponding pure AAA. This implies that the CCN activity of the 

given BC mixture is predominantly affected by the AAA present in the mixture. In 

other words, the particle morphology and composition of a given BC mixture is 

predominantly affected by the corresponding AAA at smaller Ὀ . Conversely, the 

FHH-AT fits of a given BC mixture noticeably diverges away from the FHH-AT fit of 

the corresponding pure AAA. This implies that the morphology and composition, and 

hence the CCN activity of the mixture particles is affected by BC at larger Ὀ . 
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Figure 27. Ὀ  vs. Ὓ pairs derived from CCN measurements of pure (solid circles) 

and mixed BC (open triangles) aerosol is shown. The CCN measurements of the pure 

AAA samples (from Gohil et al. 2022) are also plotted. The FHH-AT fits are depicted 

using solid and dashed lines for pure and mixed samples, respectively. The particle dry 

diameter refers to the calculated volume equivalent diameters. 

 

 

 

 

Table 6. FHH empirical parameters and Ὑ  scores for pure and mixed aerosol. 

Sample ═╕╗╗
Ἣ  ║╕╗╗

Ἣ  ╡╕╗╗ ╡╗═╜ 

Black Carbon (Vulcan® 

XC72R) 
χȢυτ ςȢςφ πȢωυχ πȢψωω 

Phthalic acid (PTA) πȢτρ πȢχφ πȢψως πȢωψφ 

Isophthalic acid (IPTA) πȢσω πȢψχ πȢωσφ πȢωφχ 

Terephthalic acid (TPTA) πȢρφ πȢψτ πȢωττ πȢωψω 

1:1 PTA-to-BC ρȢσχ ρȢρρ πȢψχυ πȢωωρ 

1:1 IPTA-to-BC πȢςσ πȢψχ πȢωπψ πȢωυτ 

1:1 TPTA-to-BC πȢςχ ρȢπτ πȢωστ πȢωτσ 
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Along with FHH-AT, the application of HAM was also studied for the pure and 

mixed BC aerosol (Figure 28). 2 sets of analysis were performed using HAM with 

different assumptions for the aqueous solubility of BC. For the CCN activity analysis 

with HAM, the aqueous solubility of BC was assumed to be ρπ g/g water. Similar to 

FHH-AT, HAM fittings for pure and mixed BC aerosol were also compared to those 

for pure AAAs. Generally, the FHH-AT and HAM generate similar CCN activity 

predictions for pure and mixed BC aerosol under either of the BC aqueous solubility 

assumption. The Ὑ  goodness of fit scores (summarized in Table 3) for mixed aerosol 

all marginally increase for HAM; this is likely due to the explicit treatment of the AAA 

mixed with BC. However, there are subtle differences between the CCN activity 

predictions of FHH-AT and HAM for pure BC (Ὑ πȢωυχ vs. Ὑ πȢψωω). 

These differences could be the consequences of the explicit treatment of aqueous 

solubility of BC and AAA in the HAM framework. FHH-AT fundamentally assumes 

the particles to be completely water insoluble and therefore the CCN activity 

predictions based on FHH-AT are independent of the considerations related to the 

water solubility of the compounds. On the other hand, HAM-based CCN activity 

predictions can vary depending on the treatment of water solubility. Pure BC is 

assumed to have a non-zero aqueous solubility which results in a non-zero contribution 

from solubility partitioning in HAM and thus a slight underprediction of CCN activity 

as compared to FHH-AT. 
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Figure 28. Ὀ  vs. Ὓ pairs derived using the CCN measurements are shown as in Fig. 

27. HAM fits for pure and mixed BC are depicted as solid and dashed lines, 

respectively. The HAM fits for pure AAA are also shown as solid lines using the same 

colors as their corresponding mixture with BC. The HAM fits for all 7 sets of Ὀ

Ὓ pairs used the FHH empirical parameters determined by fitting FHH-AT across the 

measured data (Table 2); the same set of empirical parameters that were used to fit 

FHH-AT fitting in Fig. 27. The Ὑ  correlation values are also presented in Table 3. A 

slight underprediction in the CCN activity of pure BC was observed with HAM 

compared to FHH-AT (Ὑ  of 0.899 and 0.957, respectively). This underprediction can 

likely be a result of the explicit treatment of BC solubility (ρπ g/g water) in HAM. 
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Figure 29. Hygroscopicity parameterization from HAM ‖  is shown for pure 

(closed circles) and mixed BC with pure AAAs (open triangles). The individual points 

correspond to ‖  parameterized using experimental data, and the fitted curves 

correspond to the Ὀ -dependent theoretical (or, simplified) ‖  as described in 

detail in Gohil et al. (2022). Notable size-dependent trends in the hygroscopicity are 

observed for all studied aerosols. Furthermore, the size-dependent decrease in the 

hygroscopicity of BC-PTA is much more prominent than that in the hygroscopicity of 

BC-IPTA and BC-TPTA as compared to their pure AAA counterparts. 

 

The hygroscopicity of the pure and mixed BC aerosol was also parameterized from 

HAM (‖ ) and compared to the ‖  of pure AAAs (Figure 29). It was noted that 

‖  of mixed BC aerosol declined sharply compared to ‖  of the corresponding 

pure AAA. This sharp decline in the hygroscopicity of the mixture can be attributed to 

an increased influence of BC on the overall water uptake behavior of the BC mixtures. 

Moreover, ‖  of BC mixtures are especially low compared to the ‖  of the 
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corresponding pure AAA at larger Ὀ . These disparities in the ‖  at larger sizes 

between BC mixtures and their corresponding AAAs further suggests a strong 

influence of BC on the overall CCN activity of the larger sized mixture particles. As 

with the Ὓ vs Ὀ  data, subtle underestimations can be observed in the size-resolved 

BC ‖ . These slight underprediction is also associated with the explicit 

implementation of BC solubility (ρπ g/g water) in the ‖  parameterization. 

 

4.6 Summary and Implications 

This work presents the analysis of the water uptake of pure black carbon (BC) and 

BC mixed with low-water solubility organic compounds. Because BC is known to show 

changes in mixing state across size distributions, CCN measurements were performed 

for constant size particles selected in stepping mode. However, at a constant particle 

size, TEM and CCN analysis suggested that the mixtures presented here had 

components of carbon and oxidized species uniformly distributed throughout the 

particles. Therefore, BC mixtures in this work were treated as internal mixtures 

implying that BC with other carbonaceous aerosol has the propensity to form 

homogenous internal mixtures. 

The dynamic shape factor and effective density were also estimated for pure and 

mixed BC aerosol with respect to electrical mobility diameters. For all aerosol, the 

effective density was found to increase, and the shape factor was found to decrease 

with respect to size. It was inferred that these size-resolved trends were a consequence 

of the agglomeration of BC particles. It is to be noted that the TEM of BC mixtures 

also show that larger particles are more spherical than the smaller ones. However, TEM 
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of the pure BC particles suggest that smaller particles are more compact and spherical 

compared to particles with larger volume equivalent diameters that exist as 

agglomerated fractal-like structures. Further examination of changes in particle shape 

and density is needed to understand the possible causes for large deviations from 

sphericity at smaller sizes for pure BC particles. It should be noted that the volume 

equivalent diameter values derived using the shape factor and effective density data are 

similar to their corresponding electrical mobility diameter. Nonetheless, the volume 

equivalent diameters are a better representation of particle sizes as compared to the 

electrical mobility diameters (Gohil and Asa-Awuku, 2022). The utility of volume 

equivalent diameters is especially high for CCN analysis of aerosol using droplet 

growth models that show strong particle size dependence. Furthermore, hygroscopicity 

parameterizations based on FHH-AT or HAM also have explicit dependence on particle 

sizes. Therefore, volume equivalent diameters instead of the corresponding electrical 

or aerodynamic mobility diameters can result in hygroscopicity parameterization with 

a high confidence. 

The CCN activity analysis of the pure and internally mixed (or, homogenous) BC 

was performed using the FHH-AT and HAM frameworks. FHH-AT is a widely known 

CCN activity model that describes water uptake through adsorption of water on particle 

surface. HAM is a recently developed framework that combines the FHH isotherm with 

the dissolved fraction of the particle accounting for the solubility limit of the 

compound. An explicit treatment of the solubility becomes significant for compounds 

that are sparingly soluble or effectively insoluble in water, and therefore HAM is 

particularly useful for the CCN analysis of such compounds. The utility of HAM is 
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notable through its application to the experimental CCN data of pure and mixed BC 

aerosol. The CCN activity for internal mixtures predicted using HAM is comparable to 

that predicted using FHH-AT (Table 2, Ὑ  scores for BC internal mixtures). The CCN 

activity prediction of pure BC using HAM is only marginally different from that 

predicted using FHH-AT on account for a finite water solubility consideration for BC 

in HAM (Table 2, Ὑ  scores for pure BC). Since there is no significant difference 

between FHH-AT and HAM predictions, HAM should be generally used for CCN 

analysis since HAM explicitly accounts for the effect of the bulk aqueous solubility on 

the overall water uptake behavior of any given chemical species. 

The utility of HAM for the CCN analysis of low-water solubility species such as 

BC can also be understood using their single hygroscopicity parameter ‖ . The 

experimental hygroscopicity of the pure and mixed BC species based on the HAM 

framework show high agreement with the theoretical estimates. The very good 

agreement between theoretical and experimental hygroscopicity suggests that explicit 

treatment of aqueous solubility for CCN activity analysis is important. Furthermore, 

HAM suggests a size-dependence associated with the hygroscopicity; ‖  decreases 

with an increase in the particle sizes. It is important to note that the size-dependent 

decline in the ‖  of the BC mixtures is more significant than the decline in the ‖  

of their corresponding pure aromatic acids. The comparison between the 

aforementioned size-dependent trends is evident from the theoretical ‖  fits in Fig. 

29. Additionally, the size-dependent experimental hygroscopicity of pure BC is slightly 

higher than the simplified hygroscopicity. This is likely analogous to the 
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underprediction in the HAM-based CCN activity estimates of pure BC when compared 

to the experimental measurements. 

HAM was first developed for the CCN activity analysis and hygroscopicity 

parameterization of the atmospherically relevant aerosols that possess low water 

solubility. Previously, HAM had been applied on the controlled laboratory 

measurements of specific organic compounds with aqueous solubility varying over a 

range of 2-3 orders of magnitude. This work expands upon the applicability of HAM 

for the BC species observed in the atmosphere using agglomerated pure and mixed BC 

particles as a proxy. From here on, HAM can potentially be used for CCN activity 

analysis and hygroscopicity parameterization of other inorganic and organic species. 

This is valuable because HAM may be used for representing the hygroscopicity of 

organic and inorganic aerosol modes in Global Climate Models (GCMs), henceforth 

potentially improving the forcing due to aerosol indirect effect. 
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Appendix 4A 

Summary: This supporting document contains the CCNC supersaturation calibration 

data, the description of effective density and shape factor calculations and conversion 

to volume equivalent sizes, and CCN measurements for pure and internally mixed BC-

AAA samples. 

 

4A.1 CCN counter (CCNC) calibration 

.( 3/  aerosol was passed through the CCNC column to calibrate the 

supersaturation. The set supersaturation inside the CCNC column depends on the axial 

temperature gradient for specified flow and pressure gradient. Calibration was 

performed by following the procedure described by Rose et al. (2008). Table 4A.1 

provides a summary of the set and calibrated supersaturation datapoints that were used 

in this study for the CCN measurements of pure and mixed BC species. 

Table 4A.1. Sample CCN Counter (CCNC) calibration data using .( 3/  

Supersaturation Setting (%) 
Calibrated 

Supersaturation (%) 

Critical Dry 

Diameter (nm) 

Ȣ πȢςρπ χφȢτ ρȢς 

Ȣ πȢτπχ τωȢτ πȢψφ 

Ȣ πȢυχψ σωȢς ρȢρτ 

Ȣ πȢχψσ σςȢρ πȢψψ 

Ȣ πȢωτ ςψȢυ πȢφρ 

Ȣ ρȢπωτ ςυȢψ πȢψυ 

Ȣ ρȢσστ ςςȢφ πȢυσ 
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Figure 4A.1. CCNC calibration curve from the activation data provided in Table S1. 

This curve was used to calibrate the CCNC supersaturations at which AAA data was 

collected. 

 

4A.2 CCN Measurement Data for Pure and Mixed BC species 

 
Figure 4A.2. Schematic of the step-sizing apparatus used to collect number 

concentration measurements of pure and mixed BC samples. 
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Figure 4A.3. Activation ratio and the corresponding sigmoidal fits for the pure and 

mixed BC samples. The measurements were performed with respect to the varying 

CCNC supersaturations for fixed electrical mobility diameters using the setup depicted 

in Fig. 4A.2. 
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Chapter 5:  Application of a Size-Dependent Hygroscopicity 

Framework for Simulating Aerosol Water Uptake in a Large-

scale Climate Model 

 

5.1 Abstract 

The indirect effect of aerosols on clouds, including that due to organic aerosols, is 

a significant source of uncertainties in climate modeling. One of the uncertainties in 

understanding aerosol-cloud interaction is systematic misrepresentation of the water 

uptake behavior (hygroscopicity) of mineral dust and carbonaceous aerosols ï 

including primary organic matter (POM), secondary organic aerosols (SOAs), black 

carbon (BC). The hygroscopicity (denoted by ə) of aerosol species in large-scale 

models, such as the Community Atmosphere Model (CAM), are prescribed based on 

traditional Köhler droplet activation theory. Traditional Köhler theory (KT) assumes 

aerosols to be infinitely soluble in water and KT-based ə-values can be overestimated 

for partially water soluble and insoluble organic aerosols. These uncertainties can then 

translate to predicted aerosol-cloud interactions. In this work, we implemented a new 

hygroscopicity parameterization that accounts for partially soluble and water-insoluble 

aerosol, the Hybrid Activity Model (HAM) within CAM6. The HAM ‖ accounts for a 

wide range of low aqueous solubility organic aerosols by combining adsorption-based 

water uptake with water solubility as parameterized using the oxygen-to-carbon (O:C) 

ratio of the species. We investigate the changes in CCN and droplet properties from 

HAM-based hygroscopicity parameterization using sensitivity tests as well as the full 

3D climate simulation. We also describe and analyze the resulting impacts on clouds 
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and climate. Furthermore, the fully developed HAM ‖ is further simplified to a power 

law function of particle size. Significant increase in atmospheric aerosol burdens and 

decrease in the CCN concentrations were observed after implementing the HAM ‖ in 

CAM6. Seasonal mean droplet sizes, cloud fraction and aerosol optical depth using 

HAM ‖ had better agreement with the observed seasonal means (within „). This work 

is the first to provide a computationally efficient treatment of size-dependent varied 

organic aerosol chemistry for cloud droplet formation. The results suggest that 

accounting for complex aerosol chemistry for hygroscopicity parameterization can 

improve estimates of physical and radiative properties of aerosols and clouds. An 

extensive hygroscopicity treatment of atmospherically relevant aerosols may now be 

considered in other global and regional climate models. This work shows that the 

hybrid hygroscopicity parameter developed in Chapter 3 can be implemented within a 

global climate model to modify the computation of cloud responses and the overall 

aerosol indirect forcing. 

 

5.2 Background 

Aerosol indirect effect (AIE) has been identified as the most significant source of 

uncertainty in the overall cloud forcing (IPCC 2007). Aerosols can act Cloud 

Condensation Nuclei (CCN) resulting in cloud droplet formation, which can affect both 

the radiative properties of clouds (Twomey, 1977), as well as cloud lifetime and 

precipitation (Albrecht, 1989). Several studies show various strategies to reduce the 

uncertainty in AIE, therefore improving the estimates pertaining to the cloud radiative 

forcing within climate models. These strategies include modification of the CCN 
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activation schemes, inclusion of complex mechanisms for water uptake and droplet 

formation, and modification of aerosol properties (e.g., Abdul Razzak & Ghan, 2000; 

Fountoukis, 2005; Morales Betancourt & Nenes, 2014; Rothenberg & Wang, 2016; 

Topping et al., 2013). The water uptake behavior of any species is quantified by the 

hygroscopicity of the given type of aerosol. The hygroscopicity parameter (denoted by 

‖) of an aerosol population determines droplet formation (Petters and Kreidenweis, 

2007) by controlling the available CCN concentration, thereby affecting the resulting 

AIE. Therefore, it is important to understand the physicochemical properties that can 

vary aerosol ‖ to explain the uncertainties their water uptake behavior and subsequently 

in their AIE.  

Previous studies have shown that predictions of AIE, cloud properties and radiative 

forcing can have a strong dependence on the aerosol hygroscopicity (denoted by ‖). 

These sensitivity studies show that modifying ‖ in the large-scale Global Climate 

Models (GCMs) can result in the variations of several variables. Liu & Wang, (2010) 

performed CAM5 sensitivity runs by modifying the ‖ of organic aerosols and found 

that the uncertainty in the ‖ may cause an uncertainty in the aerosol indirect radiative 

forcing by a factor of 0.33. Betancourt et al., (2014) performed adjoint sensitivity 

analysis using CAM5 and found that a unit uncertainty in ‖ can cause uncertainties in 

the droplet concentration by a factor of 2 to 4. Other similar sensitivity studies include 

the use of chemical transport models for analyzing the effect of aerosol ‖ on the aerosol 

indirect effect (Karydis et al., 2011, 2012; Latimer and Martin, 2019). Aerosol ‖ has 

also been shown to cause variability in the aerosol atmospheric burdens (Liu et al., 

2016). Rothenberg & Wang, (2016) showed that there can be up to a two-fold change 
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in the estimated ambient supersaturation from a unit change in ‖ depending on the CCN 

activation parameterization scheme. Recent studies have also demonstrated the ‖ 

dependence on relative humidity, thereby suggesting ‖ parameterization in climate 

models (Valenzuela et al., 2018; Zhao et al., 2022). Burrows et al., (2022) introduced 

a new aerosol mode (marine organic aerosol) with a ‖ πȢρ in the Energy Exascale 

Earth System Model and found significant increments in the seasonal and annual cloud 

radiative forcing. In general, an improvement in the representation of ‖ is crucial for 

improving the estimations of AIE and radiative forcing. 

The uncertainty in the ‖ of ambient aerosols, the CCN activity, and therefore the 

AIE is strongly linked to the presence of organic species in the atmosphere (Betancourt 

et al., 2014; Karydis et al., 2012; Liu & Wang, 2010). The uncertainties in the water 

uptake and therefore the indirect forcing due to organic aerosols are attributed to several 

reasons. First, there is a large compositional variability in the organic aerosols mass 

burden; organic aerosols can make up anywhere between 20%-90% for a given regional 

aerosol burden (Zhang et al., 2007). These compositional variances can significantly 

vary the overall ‖ of ambient particles. Organic aerosols also consist of compounds that 

are directly emitted into the atmosphere (primary organic matter; POM) and their 

oxidation products (secondary organic aerosol; SOA). The different organic aerosol 

sources can also result in notably different physical and chemical properties (Carrico 

et al., 2008; Petters et al., 2009). Consequently, more comprehensive, and detailed 

hygroscopicity parameterizations of organic aerosols are necessary to reduce the 

uncertainties in AIE. 
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Currently, the AIE estimations from GCMs use prescribed ‖ values for organic and 

inorganic aerosol types (Liu et al., 2016). These prescribed ‖ values for different 

aerosol types are based on the droplet growth measurements under sub- and 

supersaturated conditions for different types of atmospherically relevant aerosols (e.g., 

Burrows et al., 2022; Liu & Wang, 2010). For certain aerosols, these prescribed values 

can also be derived from their molar volume which is based on the Raoultôs law in 

Köhler Theory. The hygroscopicity parameterization using Raoultôs law is size-

independent and provides a constant ‖ for the associated aerosol species across the 

entire particle distribution. Whereas ‖ of the particles containing water-soluble 

inorganic species can be quantified with high certainty, significant variability in the ‖ 

of the organic species can be observed with respect to their chemical compositions and 

mixing states. Moreover, organic and inorganic species interact with each other in the 

atmosphere which also results in significant modifications in the aerosol ‖ (e.g, Asa-

Awuku et al., 2009; Bond et al., 2013; Dalirian et al., 2018; Fofie et al., 2018; Malek 

et al., 2022; Padró et al., 2012; Rastak et al., 2017). Generally, ‖ of highly hygroscopic 

species can take up values ρ, whereas effectively non-hygroscopic species have a ‖ 

of Ḑπ. It has been found that the ‖ of organic aerosols can vary from 0 (Kanakidou et 

al., 2005), e.g., black carbon and other primary organic compounds from biomass 

burning, to highly hygroscopic, e.g., amino acids and oligomers (Marsh et al., 2017; 

Dawson et al., 2020). Additionally, the CCN activity and ‖ of aerosols, can depend on 

various physicochemical properties (e.g., Kucinski et al., 2021; Laaksonen et al., 2016, 

2020; P. Liu et al., 2018a; Malek et al., 2022; Mao et al., 2021; Petters & Kreidenweis, 

2007, 2008; Schill et al., 2015; Sullivan et al., 2009) that may not be described by 
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Raoultôs law. Therefore, more comprehensive CCN frameworks are required to 

parameterize their ‖. 

It has been found that explicit treatment of aqueous solubility can be made for 

improving the ‖ parameterization of organic compounds. Petters & Kreidenweis, 

(2008) showed that the use of bulk solubility can generate a more accurate ‖ of pure as 

well as mixed aerosol particles. The same concept has been implemented by other 

studies to understand the CCN activity and water uptake of several low water-solubility 

species like mineral dust (Sullivan et al., 2009). This solubility-inclusive 

parameterization accounts for the effect of variability in droplet size on ‖. Mao et al., 

(2022) recently showed that adsorption-based CCN models (such as the Frenkel-

Halsey-Hill Adsorption Theory; FHH-AT) can also be potentially used for 

parameterizing aerosol ‖. They employed the methodology from Petters & 

Kreidenweis, (2007) using the water activity of FHH-AT to derive ‖ for effectively 

water-insoluble organic and polymeric species. Furthermore, Gohil et al., (2022) 

parameterized the aerosol ‖ using a hybrid CCN activity framework (called the hybrid 

activity model; HAM). HAM combines the adsorption isotherm from the FHH-AT with 

solubility partitioning to describe droplet growth and parameterize ‖. It is worth noting 

that the ‖ parameterizations based on FHH-AT and HAM depend on particle size. ‖ 

parameterization by Gohil et al., (2022) explicitly accounted for the aqueous solubility 

of the species with particle size. 

In this work, the HAM-based hygroscopicity parameterization was implemented in 

a GCM to study the AIE. The main idea of this work is to understand the size and 
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solubility dependence of the hygroscopicity parameterization in the HAM that can 

contribute to the variability in AIE estimations in a GCM. The NCAR Community 

Atmospheric Model (CAM) was used to examine the uncertainties in global simulated 

CCN concentration, droplet number concentration, and AIE arising from the 

uncertainty in the current representation of organic aerosol ‖. In its current state, the 

CCN activation parameterization in CAM computes droplet growth by incorporating 

prescribed ‖ for all aerosol types. The aerosol ‖ is important in an activation 

parameterization because it directly relates to the water activity of the CCN model 

(Petters and Kreidenweis, 2007) and controls the subsequent droplet growth. In this 

work, the aerosol ‖ for different aerosol types were calculated using the size- and 

solubility-dependent HAM hygroscopicity parameterization. The particle size and 

mixing ratio information from the Modal Aerosol Model (MAM) was also used in the 

‖ calculations for different aerosol types in the individual aerosol modes. Furthermore, 

to reduce the computational burden, a simplified form of the HAM hygroscopicity 

parameterization was implemented in CAM. 

 

5.3 Model Description 

5.3.1 NCAR Community Atmosphere Model (CAM) 

The NCAR Community Atmosphere Model (CAM, version 6.3) performed all 

simulations in this work. CAM6.3 (hereafter CAM6) is the atmospheric component of 

the Community Earth System Model (CESM2.2). The Modal Aerosol Model (MAM) 

predicts the mixing state of different aerosol types in the aerosol modes and the number 

concentration of each aerosol mode. MAM4 is the current four-mode model used in 
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CAM6 (Liu et al., 2016). The prediction for the mass and number mixing ratios of 

cloud liquid and cloud ice, the diagnoses of the mass and number mixing ratios of rain 

and snow, and the treatment of the conversions among the cloud hydrometeors is done 

with the two-moment stratiform cloud microphysics scheme (Morrison and Gettelman, 

2008; Gettelman and Morrison, 2015). CCN activation and droplet formation for the 

multi-modal lognormal aerosol size distribution in MAM4 is derived using the Abdul

Razzak & Ghan, (2000) CCN activation scheme. 

Other major components included in the CAM6 runs ï 1. A deep convection 

scheme (Zhang & McFarlane, 1995), 2. A unified turbulence scheme, Cloud Layers 

Unified By Binormals (CLUBB; Bogenschutz et al., 2010; Bogenschutz & Krueger, 

2013; Golaz et al., 2002), that also incorporates warm cloud macrophysics and shallow 

convection, 3. A radiation scheme to treat aerosol and cloud radiative effects (Iacono 

et al., 2008), and 4. A cold cloud macrophysics scheme (Gettelman et al., 2010). 

 

5.3.2 Prescribed Hygroscopicity of Aerosols through Modal Aerosol Model (MAM) 

in CAM6 

MAM4 is the aerosol model that is coupled with CAM6. The initial versions of 

MAM included the seven-mode aerosol model (MAM7) and the three-mode aerosol 

model (MAM3) (Liu et al., 2012). MAM7 is known to be highly effective at 

representing different aerosol types segregated among the Aitken, accumulation, and 

coarse modes, but at the expense of computational efficiency. On the other hand, 

MAM3 is computationally efficient but significantly underestimates surface black 

carbon concentrations over Asia and higher latitude regions. MAM4 is an upgraded 



 

 

147 

 

version that includes a separate primary carbon mode, in addition to the Aitken, 

accumulation and coarse modes, to explicitly treat the microphysical aging of black 

carbon. A brief description of the individual modes in MAM4 are provided in Table 1. 

Table 7. Interstitial and cloud-borne aerosol types of each aerosol mode in MAM4 

(mmr: mass mixing ratio) 

Aitken mode Accumulation mode Coarse mode 
Primary carbon 

mode 

Number mixing ratio Number mixing ratio 
Number mixing 

ratio 

Number mixing 

ratio 

Sulfate mmr Sulfate mmr Sulfate mmr 
Fresh primary 

organic mmr 

Ammonium mmr Ammonium mmr Ammonium mmr Fresh BC mmr 

Seasalt mmr Seasalt mmr Seasalt mmr  

Secondary organic 

mmr 

Secondary organic 

mmr 
Dust mmr  

 
Aged primary organic 

mmr 
  

 Aged BC mmr   

 Dust mass mixing ratio   

The four modes in MAM4 include six different aerosol types; their names and alias 

as denoted in CAM6 are as follows ï sulfate (SO4), sea salt (SEASALT), black carbon 

(BC), soil/mineral dust (DUST), primary organic matter (POM) and secondary organic 

aerosol (SOA). The hygroscopicity parameter ‖ for all these species in CAM6 is 

prescribed through MAM4. The ‖ values of 0.507 and 1.16 are prescribed for SO4 and 

SEASALT, respectively, indicating their highly hygroscopic nature (Liu et al., 2016). 

The ‖ value of ͯ π is prescribed for both POM and BC aerosol types to denote the 

effectively non-hygroscopic nature of the organic matter generated from biomass and 

fossil fuel combustion. For SOA, the ‖ values are prescribed to be in the range of 
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πȢπφ πȢσπ (e.g., Asa-Awuku et al., 2008; Carrico et al., 2008; Gunthe et al., 2009; 

Prenni et al., 2007). The prescribed ‖ for all the aerosol types within each mode are 

constant values across the full particle size distribution. Using these values, the volume 

mean hygroscopicity of each aerosol mode is then calculated based on the individual 

species present in that mode. The volume mean hygroscopicity parameters of the modal 

aerosol population are then used in the CCN activation parameterization. This suggests 

that the certainty in the CCN activation and droplet nucleation will directly depend on 

the hygroscopicity of the aerosol modes and therefore on those of the individual aerosol 

types. Moreover, since POM and SOA aerosol types represent numerous compounds, 

a constant ‖ applied over the particle size distribution of the carbonaceous aerosols 

may not be the best representation of the overall water uptake behavior. 

 

5.3.3 Hygroscopicity Parameterization for Droplet Nucleation 

In this work, a simplified representation of ‖ is developed using the Hybrid Activity 

Model (HAM) framework to implement in droplet nucleation, for organics (POM, 

SOA, BC) and Dust. Such that ‖ for the organic and dust species are no longer 

prescribed and are instead computed prior to droplet nucleation. Additionally, the ‖ of 

the aerosol mode is computed as the volume mean of the ‖ of the individual aerosol 

types and the HAM-derived ‖ as explained by Gohil et al., (2022) is simplified to a 

power law functions. The following text briefly described the development of the size 

dependent ‖ to be implemented for carbonaceous aerosols. 
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The theoretical HAM-based ‖ as a function of dry particle size is expressed as 

follows, 

‖ ρ ὢ ρ ὃ —      (5.1) 

where Ὀ  is the diameter equivalent to the size of the dry particle of a given aerosol 

type in the aerosol mode, ὃ  and ὄ  are empirical FHH parameters that depend 

on the aerosol type, ὢ  is the mole fraction of water computed by incorporating 

solubility partitioning in the Raoultôs law (Riipinen et al., 2015), Ὀ  is the size of one 

water molecule, and — is referred to as the surface coverage corresponding to the dry 

size Ὀ  and is theoretically estimated using HAM (Gohil et al., 2022). In Eq. (5.1), 

Ὀ  is the only independent variable while all the other quantities are the properties 

of a specific aerosol composition. The ὃ  and ὄ  of the BC and dust aerosols 

were obtained from literature and are summarized in Table 2. The ὃ  and ὄ  

values of POM and SOA were obtained from least square minimization using their 

experimental data. 

It is important to note that Gohil et al. 2022 showed HAM to work for known 

aerosol composition. However, when the carbonaceous aerosol composition is 

unknown the O:C ratio can be used as a proxy for water-solubility (Nakao, 2017) as 

follows, 

ÌÏÇὅ ςπ
Ȣ

ρ       (5.2) 
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where ὅ is the aqueous solubility, and  is the O:C ratio of the species. The O:C ratio 

of the pure and mixed particles has been applied to parameterize the theoretical aqueous 

solubility and subsequent hygroscopicity of CCN (e.g., Kuwata et al., 2013; Nakao, 

2017; Razafindrambinina et al., 2022). This work uses the published O:C ratios (Table 

2) of known aerosol species to obtain average aqueous solubility of POM and SOA 

aerosol species in CAM6. Table 2 provides O:C ratios and the references from for 

different POM and SOA considered in this work. For BC and DUST aerosol species 

with exceptionally low water solubility, a value of ρπ ÖÏÌȾÖÏÌ ×ÁÔÅÒ is used in the 

‖ parameterization from Eq. (5.1). 

Table 8. Previous studies for hygroscopicity values from experiments and observations 

Organic aerosol species 
═╕╗╗ ║╕╗╗ 

Average 

O:C 
References 

Primary organic matter 

(POM) 
ρȢφρa ςȢτυa πȢςb 

#Aiken et al., (2008); 

#Lambe et al., (2011) 

Secondary organic aerosol 

(SOA) 
ςȢςa πȢψχa πȢτυb 

$Asa-Awuku et al., 

(2009); #Canagaratna 

et al., (2015); #Cappa 

& Wilson, (2011); 

$Engelhart et al., 

(2008); $Huff Hartz et 

al., (2005); #Mahrt et 

al., (2021); $Prenni et 

al., (2007) 

Black carbon (BC) χȢυτb ςȢςφb  
&Gohil et al. 

(submitted) 

Mineral dust ρȢυb ςȢςυb  
&Kumar et al., (2009 

a, b) 

a Calculated using cited experimental CCN data 
b Acquired from literature 
# References O:C data 
$ References for CCN Activity information, specifically activation supersaturation-

critical diameter Ὓ Ὀ  pairs 
& References ὃ  and ὄ  data 
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Aerosols are treated as internally mixed in CAM6 ï the overall hygroscopicity of 

aerosol species were calculated as molar averaged hygroscopicity parameters of the 

individual aerosol modes. The HAM hygroscopicity parameterization is a complex 

function of dry particle size (Eq. 5.1); thus, for computational efficiency, the 

hygroscopicity function was transformed into a power law expression using the 

species-dependent parameters for the aforementioned carbonaceous aerosol modes. 

Different set of parameters and properties were incorporated in Eq. (5.1) for different 

aerosol types to generate their size-resolved ‖ distributions. Subsequently, a 

generalized power law fit was applied to the size-dependent ‖ for each aerosol species 

that can be expressed as follows, 

‖ ὅὈ          (5.3) 

where Ὀ  is the dry particle size, and ὅ and ὥ are power law coefficients for the 

aerosol species Ὥ. The power law was also determined to be a function of dry particle 

size containing 2 power law parameters (Eq. 5.3). Table 3 provides the power law 

coefficients for the organic (POM, SOA and BC) and Dust aerosol species to use in 

CAM6. 

Table 9. Power law coefficients for POM, SOA, DUST and BC 

Organic aerosol species ╒░ ╪░ 

Primary organic matter (POM) 1050 2.76 

Secondary organic aerosol (SOA) 1261.7 2.55 

Black carbon (BC) 5.84 1.94 

Mineral dust 3.67 1.18 
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5.4 Global Climate Model Configuration and Experiments 

Three set of simulations were performed using CAM6. The first was a control run 

(denoted as ñCTRLò) that was performed to benchmark the default setup of CAM6. In 

CTRL run, the hygroscopicity for all aerosol types were prescribed through MAM4. 

The second set was referred to as the ñKTò run for which the hygroscopicity values 

were no longer prescribed and were calculated based on the Raoultôs law water activity 

in Köhler theory. The density and molecular weights of the required aerosol types were 

obtained through MAM4 (Liu et al., 2016). The overall hygroscopicity of the individual 

modes were determined as the volume average of the hygroscopicity of individual 

aerosol types comprising the respective modes. The third set of experiments was called 

ñHAMò in which the hygroscopicity of each aerosol types were estimated from HAM 

using the method described in Section 2.3. In addition to the density and molecular 

mass of the aerosol types, the mode diameter and mixing ratio were also acquired from 

MAM4. The mixing ratio of individual aerosol types were used to determine the 

equivalent volume and hence size of a given aerosol type present in the mode. This 

equivalent size was then used in the corresponding power law expression for 

quantifying the hygroscopicity of the aerosol type. The volume average of the 

hygroscopicity of each aerosol type in each mode was then treated as the hygroscopicity 

of that mode. 

All the experiments were run with a horizontal resolution of πȢωЈρȢςυЈ 

(conventionally denoted as ρЈ), using specified dynamics configurations (also known 

as nudging). Under the specified dynamics configurations, the model meteorology is 
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strictly constrained using external meteorological analysis (Ma et al., 2015; Tilmes et 

al., 2015). For all the experiments, the NASA Modern-Era Retrospective analysis for 

Research and Applications version 2.0 (MERRA2.0) ρЈ data from the year 2018 was 

used to drive the model. The aerosol and greenhouse gas emissions were set to the 

present-day (year 2000) conditions for all experiments. Employing the nudging 

technique facilitated a direct comparison of model simulations with observational data 

since simulation of aerosol burdens for specified hygroscopicity parameterizations was 

based on realistic climatic conditions. The nudged simulations were performed 

between July 01, 2017, and June 30, 2019. The simulation results for the year 2018 

from all three experiments were used for the analysis of the annual mean variables. The 

results between March 01, 2018, and February 28, 2019 were used to study the seasonal 

mean variables. The analyses from all three CAM6 experiments were compared to three 

distinct observational/reanalysis datasets. 

 

5.4.1 Cloud Fraction and Cloud Droplet Radius - Moderate Resolution Imaging 

Spectroradiometer (MODIS) 

MODIS (Terra/Aqua) was data for direct global observations of the daily cloud 

fraction and cloud droplet radius. The global distribution of the MODIS (Terra/Aqua) 

gridded daily product at a horizontal resolution of πȢρЈ was available for the year 2018. 
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5.4.2 Aerosol Optical Depth ï AErosol RObotic NETwork (AERONET) 

The quality-assured (Level 2.0) Aerosol Optical Depth (AOD) data from 1,348 

locations were used for the analysis. The daily-averaged AOD product was available 

for the year 2018. 

 

5.4.3 Modern-Era Retrospective analysis for Research and Applications version 2.0 

(MERRA2.0) 

MERRA2.0 is the NASA atmospheric reanalysis dataset from the satellite era 

(between 1980 and present). The MERRA2.0 data assimilation system uses the 

Goddard Earth Observing System Model version 5 (GEOS-5). The MERRA2.0 data 

with a spatial resolution πȢφςυЈ πȢυЈ (Gelaro et al., 2017) for the year 2018 was used 

to compare the model simulations in all experiments. Moreover, 5-year average of 

MERRA2.0 climatological data about the year 2018 was used. 

 

5.5 Results and Discussion 

In this section, the results from the CAM6 simulations are presented. The following 

subsections describe the simulated aerosol and cloud properties that have significant 

implication towards the understanding of the AIE. For instance, the indirect radiative 

forcing due to carbonaceous aerosols including different POM and SOA can range 

between ī2.4 to ī4.4 7 Í  (e.g., Kanakidou et al., 2005; Lohmann et al., 2000). The 

simulated results for these aerosol and cloud properties were compared against 
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observations and reanalysis datasets to validate the CAM6 simulations for each of the 

experiments. 

 

5.5.1 Atmospheric Aerosol Burdens 

The organic (POM+SOA), BC and DUST burdens simulated using three different 

configurations of CAM6 are shown in Figure 30. The vertically integrated annual mean 

global organic, BC and DUST burden from the three CAM6 simulations (CTRL, KT, 

and HAM), are compared to the organic burden from MERRA2.0 reanalysis. Fig. 30 

(a), (d) and (g) show the organic burden simulated by the CTRL, KT and HAM 

experiments, respectively. Fig. 30 (j) shows the 5-year average of organic burden about 

the year 2018 from the MERRA reanalysis. Similarly, Fig. 30 (b), (e) and (h) show the 

BC burden simulated by the CTRL, KT and HAM experiment, respectively. The BC 

burden from the MERRA reanalysis shown in Fig. 30 (k). The dust burden simulated 

from CTRL, KT and HAM are presented in Fig. 30 (c), (f) and (i), respectively. The 

MERRA reanalysis for dust burden in Fig. 30 (l). 

The major difference between the simulated and reanalysis mean burden for all 

organic and BC aerosol types was observed over polar regions (below φπЈS and 

above φπЈN). Moreover, the simulated global annual mean burdens (Fig. 30 a, b, and 

c) are generally underestimated with respect to the reanalysis data (Fig. 30 j, k, and l) 

even though the agreement between the simulations and reanalysis is better over tropics 

and mid-latitudes. The agreement between the KT-simulated burdens with respect to 

the reanalysis data is lower than the burdens simulated from CTRL or HAM 
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configurations. For example, the maximum global mean organic burden in the KT case 

was found to be ςχȢφσ ÍÇȾÍ . This global mean increased to σρȢψφ ÍÇȾÍ  and 

σφȢυρ ÍÇȾÍ  for CTRL and HAM, respectively. It was found that HAM estimated the 

global mean organic burden most closely to the reanalysis data τφȢρψ ÍÇȾÍ . 

 

Figure 30. Annual global mean of vertically integrated burdens ÍÇ Í  of organic 

(left panels), BC (middle panels) and DUST (right panels) modes. First row (a, b, c) 

shows the simulations from the CTRL run. Second row (d, e, f) shows the simulations 

from the KT run. Third row (g, h, i) shows the simulations from HAM run. Fourth row 

(j, k, l) shows the MERRA2.0 reanalysis burden. 

Similarly for BC, the simulated global mean burden from KT configuration 

(maximum of τȢψτ ÍÇȾÍ ) has the lowest agreement with the reanalysis global mean 

burden (maximum of υȢωυ ÍÇȾÍ ). On the other hand, the global mean burden from 

HAM configurations (maximum of φȢσσ ÍÇȾÍ ) was overestimated compared to the 

reanalysis global mean burden as well as had the highest agreement. The lower overall 
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agreement between the KT-simulated burdens compared to the reanalysis burdens is 

due to the underestimated burdens in the KT configuration. The KT-simulated burdens 

were underestimated to the generally higher ‖ of the aerosol types. The increased ‖ 

would likely result in a greater CCN concentration. Consequently, there would be an 

increase in the droplet count and precipitation amount, ultimately leading to higher wet 

removal and decreased atmospheric burden. 

For DUST, the simulated burden is larger than the reanalysis. Compared to the 

reanalysis DUST burden maximum of ρρωχȢφσ ÍÇȾÍ , the maximum global mean 

DUST burdens were found to be στωσȢχ ÍÇȾÍ , συππȢς ÍÇȾÍ  and σφςςȢφ ÍÇȾÍ  

from the CTRL, KT and HAM simulations, respectively. It is important to note that all 

three ‖ configurations result in a higher DUST burden compared to the reanalysis 

burdens in southern tropics over Australia. The general overestimation of the DUST 

burden could be attributed to a lower prescribed (for CTRL) or parameterized (for KT 

or HAM) DUST ‖ than the real value. 

 

Figure 31. Annual zonal mean profiles for the organic (a), BC (b) and DUST (c) 

aerosol modes. The simulated aerosol burdens are color coded along with their RMSE 

with respect to the reanalysis data (shown in black). The gray shaded region denotes 

one standard deviation about the reanalysis data. 
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Figure 32. Annual global mean of the cloud condensation nuclei (CCN) concentrations 

at 0.1% supersaturation (a, b, c) and 1.0% supersaturation (d, e, f) between ψͯυπhPa 

and ͯ ωςπhPa. The simulated CCN concentrations from the CTRL run (left panels), 

KT run (middle panels) and HAM run (right panels) are shown. 

The deviation between the simulated and reanalysis burdens becomes more evident 

by looking at the zonal means (Figure 31). The simulated organic, BC and DUST 

burden zonal means are plotted against their respective reanalysis zonal means in Fig. 

31 (a), (b) and (c), respectively. The root-mean-squared error (RMSE) of the simulated 

vs. reanalysis means are also shown on the graphs for the respective aerosol type. Also, 

the gray shaded region represents the first standard deviation about the zonal mean 

reanalysis burdens. HAM-based simulated zonal mean burdens show notably better 

agreement with the reanalysis organic and BC that is also suggested by their lower 

RMSE with the reanalysis burdens. Also, the organic and BC burdens from HAM 

simulations lie within one standard deviation of the reanalysis burdens over the tropics. 

For DUST, burdens from all three simulations agree well with the reanalysis budget 

over northern tropics and midlatitudes. However, there is a significant overestimation 

in the DUST budget from all three simulations over the southern tropics and 

midlatitudes. This overestimation results in a generally large RMSE for the DUST 

budget zonal means 2-3%χπ ÍÇȾÍ . For all three simulations, the organic, BC 



 

 

159 

 

and DUST budget is consistently underestimated with respect to the reanalysis over the 

polar latitudes. HAM framework was specifically developed to study droplet formation 

in warm-cloud conditions, which could be the reason for the high bias with respect to 

the reanalysis over polar latitudes. 

 

5.5.2 Cloud Condensation Nuclei (CCN) Concentrations 

Significant variability was observed in the CCN number concentrations among the 

three ‖ configurations with respect to each other. The global annual mean CCN number 

concentrations between 950hPa and 820hPa levels for ambient supersaturated 

conditions of 0.1% and 1.0% were analyzed (shown in Figure 32). Fig. 32 (a), (b) and 

(c) show the CCN concentrations generated from CTRL, KT and HAM simulations at 

0.1% supersaturation. It was found that KT estimated significantly larger CCN 

concentration than CTRL or HAM. A maximum global annual vertical mean 

concentrations of ψπχȢψρ ÃÍ  and ςωυȢσχ ÃÍ  were obtained from CTRL and 

HAM simulations, respectively compared to ρτχρȢτς ÃÍ  from KT. A similar trend 

was observed for the CCN concentrations at 1.0% supersaturation. Fig. 32 (d), (e) and 

(f) show the CCN concentrations at 1.0% from CTRL, KT and HAM simulations, 

respectively. An overall increase in the CCN concentrations was observed between 

0.1% and 1.0% supersaturations. Furthermore, the CCN concentrations from KT 

simulations were considerably larger than those obtained from the CTRL and HAM 

simulations (maximum CCN concentrations of ςωστȢψχ ÃÍ , συτπȢως ÃÍ  and 

ςπσςȢυτ ÃÍ  from CTRL, KT and HAM simulations, respectively). The higher CCN 
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concentrations in the KT case is due to the generally large, parameterized value of ‖ 

for all aerosol types. On the other hand, ‖ parameterized from the HAM framework is 

generally lower than the Raoultôs law counterpart due to the size-dependence and 

explicit solubility considerations (Gohil et al. 2022). 

 

Figure 33. Correlation of the relative change in the CCN concentrations at 0.1% (top 

row) and 1.0% (bottom row) with the relative changes in organic (a, d), BC (b, e) and 

DUST (c, f) aerosol modes. The correlation between CCN concentration changes and 

aerosol burden changes between HAM and CTRL cases are plotted. 

Lowest CCN concentration estimates were also generally observed for the HAM 

simulations at other ambient supersaturation conditions (not shown here). A correlation 

analysis was performed to understand the decline in the HAM-generated CCN 

concentrations. The correlation of the change in the global annual mean CCN 

concentrations at 0.1% and 1.0% supersaturations with respect to the changes in the 

different global annual mean aerosol burdens are shown in Figure 33. The correlations 

between were calculated between the relative changes in the CCN concentrations and 

aerosol burdens derived from CTRL and HAM simulations. The change in the CCN 

concentrations at 0.1% supersaturation has a strong correlation with the change in the 

organic burden between CTRL and HAM simulations (Fig. 33a). That is, the relative 
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decrease in the organic burden strongly affects the relative change in the CCN 

concentration at 0.1% between CTRL and HAM. Similar trends are observed 

corresponding to the relative decrease in the BC burden correlation with the CCN 

concentration (Fig. 33b). The highest correlation coefficient was found to be πȢωυ 

for both organic and BC burdens, and strong correlations are spread uniformly across 

tropics and midlatitudes. The average correlation coefficients between τυЈ3 and τυЈ. 

corresponding to changes in organic and BC burdens were 0.51 and 0.58, respectively. 

The correlation between relative decrease in the CCN concentration at 0.1% vs. DUST 

burden is generally low. These low correlations could be resulting from comparable 

DUST burdens simulated in CTRL and HAM configurations (shown in Fig. 33c). 

Whereas higher correlations in the case of organic and BC burdens is due to a reduced 

‖ parameter of the aerosols, i.e., small changes in organic and BC burdens generate 

notable changes in the CCN concentration. 

 

5.5.3 Droplet Number Concentration and Liquid Water Path 

The available CCN concentrations govern the cloud droplet number concentration 

(CDNUMC) and the liquid water path (LWP), which directly relate to the cloud 

radiative and physical properties. Figure 34 (a), (b) and (c) illustrate the global annual 

means of the vertically integrated CDNUMC simulated from CTRL, KT and HAM 

experiments, respectively. Similar to the CCN concentrations, KT simulated the 

highest CDNUMC (maximum of ςυρȢσρρπ Í ) whereas the HAM simulated the 

lowest CDNUMC (maximum of ρτυȢτφρπ Í ). The distinction between them is 
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more apparent from relative differences of the control experiments with respect to the 

KT and HAM experiments. Fig. 34 (d) and (e) show the relative difference between 

global annual mean vertically integrated CDNUMC from CTRL experiment with 

respect to the simulated values from KT and HAM experiments, respectively. The 

overestimation in the CDNUMC from KT compared to that from CTRL was about 

ρςϷ. Whereas the underestimation in the CDNUMC from HAM compared to CTRL 

was about σφϷ. Furthermore, while the overestimation in KT from CTRL was 

distributed uniformly across the domain, the underestimation in HAM was more 

significant around the equator in the tropics. It is also important to note that the 

CDNUMC in all three cases was analyzed for the regions where the cloud fraction was 

πȢ as well as the fractional occurrence of liquid was πȢπυ. The CDNUMC was 

found to be more than two orders of magnitude smaller than the average where these 

conditions were not met and were considered effectively 0. 

 

Figure 34. Annual global mean of the vertically integrated cloud droplet number 

concentration (CDNUMC) from CTRL (a), KT (b) and HAM (c) simulations. The 

relative changes in the CDNUMC between KT and CTRL simulations (d) and those 

between HAM and CTRL simulations (e) are also shown. 
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Figure 35 (a) and (b) demonstrate the sensitivity of CDNUMC on CCN 

concentrations at 0.1% and 1.0% supersaturations, respectively. The variability in the 

CDNUMC and CCN counts between the CTRL and HAM cases were considered to 

compute the adjoint sensitivity  between CDNUMC and CCN concentrations. 

The CCN concentrations within the vertical levels of 950hPa and 820hPa were 

considered. Except for the regions with no cloud fraction, low liquid fraction πȢπυ 

or low droplet count ( ρπ Í ), CDNUMC was found to be sensitive to CCN 

concentrations at 0.1% and 1.0%. CDNUMC has an overall greater sensitivity to the 

CCN concentration at 1.0%; a larger with aerosol population relatively with low 

hygroscopicity particles is CCN active at higher supersaturation. This implies that the 

CDNUMC has a strong sensitivity towards the low hygroscopicity aerosol. 

 

Figure 35. CDNUMC sensitivity to CCN concentrations at 0.1% supersaturation (a) 

and 1.0% supersaturation (b). The sensitivities were computed between the values from 

CTRL and HAM simulations. The regions with no cloud cover or liquid water fraction 

πȢπυ are masked and shown in white. 

The variability in CDNUMC can change physical and radiative properties of 

clouds. One such properties is the liquid water path (LWP). Figure 36 (a), (b) and (c) 

illustrate the global annual means of the vertically integrated LWP simulated from 

CTRL, KT and HAM experiments, respectively. Like CDNUMC, similar results for 

LWP were also observed. The global annual mean LWP from CTRL and KT had a 
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similar distribution ï the maximum values were φχȢφσ Ç Í  (CTRL) and 

φωȢςψ Ç Í  (KT), respectively. The LWP from KT was slightly overestimated with 

respect to the LWP from CTRL (Fig. 36d), also implied by the average relative 

difference of ςȢφϷ. The LWP from HAM was notably underestimated compared to 

that obtained for the CTRL case (Fig. 36e) ï maximum of υωȢσψ Ç Í  for HAM. The 

average relative difference between the global annual mean LWP from HAM and 

CTRL was ρσȢπυϷ. Like CDNUMC, the analysis for LWP in all three cases was 

also done for the regions where the cloud fraction was πȢ and fractional occurrence 

of liquid was πȢπυ. 

 

Figure 36. Same as Fig. 34 but for the annual global mean of the vertically integrated 

liquid water path (LWP) 

CDNUMC is also related to the cloud droplet radius. The effective droplet radius 

decreases when there is an increase in the droplet number concentration. Figure 37 (a), 

(b) and (c) show the vertically integrated global annual mean effective droplet radius 

generated from CTRL, KT and HAM simulations, respectively. The regions with liquid 

water fraction πȢπυ are shown in white in all three plots. Variations between the 

droplet radius estimation in KT or HAM with respect to CTRL are evident on looking 
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at their relative differences. Fig. 37 (d) and (e) respectively illustrate the relative 

difference in the KT- and HAM-derived droplet radius distribution with the CTRL-

derived droplet radius distribution. Fig. 37 (d) suggests that droplet radius distribution 

from CTRL and KT are similar; a uniform underestimation can be observed in the 

droplet radius simulation from KT by an average of σȢπσϷ. Meanwhile, Fig. 37 (e) 

shows that droplet radius distribution from the HAM simulations is overestimated with 

respect to the droplet radius from the CTRL simulations by an average of ψȢψτϷ. An 

important point to note is that the regions of high bias CDNUMC in HAM (Fig. 34e) 

overlap with the regions of droplet radius overestimation in HAM (Fig. 37e). In 

essence, an average of ͯσφϷ variability in CDNUMC is associated with ͯωϷ 

variability in droplet radius. 

 

Figure 37. Same as Fig. 34 but for the annual global mean of the vertically integrated 

droplet effective radius 

Figure 38 illustrates the sensitivity of the LWP and droplet radius to the CDNUMC 

( ; Fig. 38a and 38b, respectively). The correlation between the change in the 

LWP and droplet radius to the change in CDNUMC is also shown in Fig. 38 (c) and 

(d), respectively. For LWP, a low sensitivity πͯȢς to CDNUMC was observed in 
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the tropics, and a relatively high sensitivity πͯȢτ to CDNUMC was observed in 

the northern polar regions. For droplet radius, a low sensitivity ͯ πȢς to CDNUMC 

was observed over the poles, and a relatively high sensitivity ͯπȢτ to CDNUMC 

was observed in the tropics. Variability in LWP is correlated to the change in 

CDNUMC ï this is because LWP and droplet radius depend on the amount of water 

present in the clouds (which is quantified CDNUMC). Droplet radius moderate to low 

sensitivity to CDNUMC. Moreover, droplet radius and CDNUMC are negatively 

correlated to each other. As CDNUMC increases, average effective droplet radius 

increases and vice versa. CDNUMC decreases between HAM and CTRL cases while 

droplet radius simultaneously increases thereby resulting in a notable negative 

correlation between the two variables. 

 

Figure 38. Sensitivity of the LWP and droplet radius with respect to CDNUMC (a, b). 

Correlation of the change in LWP and droplet radius with respect to CDNUMC (c, d). 

On average, the LWP and droplet radius have a moderate sensitivity towards 

CDNUMC. However, the variability in both LWP and droplet radius have a strong 

correlation with the variability in CDNUMC. It is to be noted that that droplet radius 

has a negative correlation with CDNUMC. The sensitivities and correlations were 

computed between the values from CTRL and HAM simulations. The regions with no 

cloud cover or liquid water fraction πȢπυ are masked and shown in white. 
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The droplet radius simulated with the HAM configuration of CAM were also found 

to be in better agreement with the observational data as compared to the other two 

cases. The zonal mean droplet effective radius ʈÍ  from CAM simulations and 

MODIS observations (Terra/Aqua) are shown in Figure 39. Each panel of Fig. 39 

shows the seasonal averages during the year 2018-19 for the droplet radius. The gray 

shaded region denotes the first standard deviation across the observational data. For all 

seasons, the droplet radius distribution simulated with the HAM case has the lowest 

RMSE score as compared to the other two cases. Furthermore, the droplet radius from 

all three simulations lies within one standard deviation from the observations across 

the tropics and midlatitudes. The improved agreement between the simulated and 

observed droplet radius can be attributed to the modified aerosol ‖ in HAM. This is 

because ‖ dictates the CCN activity and hence droplet formation and growth associated 

with any aerosol species. It is important to note that during the four seasons, all three 

model configurations result in underpredicted droplet radius at the Intertropical 

Convergence Zone (ITCZ.) 

 

Figure 39. Zonal mean profiles for the droplet effective radius, by season. The 

simulated aerosol burdens are color coded along with their RMSE with respect to the 

observational data from MODIS (shown in black). The gray shaded region denotes one 

standard deviation about the observational data. 
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The effect of altering the aerosol hygroscopicity was also analyzed on the cloud 

fraction. The annual global mean of total cloud fraction showed little variability across 

the three simulated cases of CAM (not shown here). The maxima of the three total 

cloud fractions were found to be πȢωψχ, πȢωωφ and πȢωχρ for CTRL, KT and HAM 

cases, respectively. Additionally, the average of the annual global mean total cloud 

fraction was πȢχςφπȢπρς. For a better comparison of the simulated cloud fraction, 

the zonal mean of the simulated values was plotted against the zonal means of the 

observed global total cloud fraction from MODIS. Figure 40 shows the seasonal 

averages during the year 2018-19 for the cloud fraction. Like Fig. 39, the mean of the 

observations is shown in black with the gray regions representing one standard 

deviations across the mean values. For all three simulations, the cloud fraction agrees 

well with the observations between approximately φπЈ3 and φπЈ.. Within this same 

region and for all four seasons, cloud fraction predictions from the HAM configuration 

produced the highest agreement with the observations (RMSE provided for each case). 

However, all three cases consistently overpredict the cloud fraction in the polar regions 

which increases the overall RMSE of the simulated cloud fraction. 

 

Figure 40. Same as Fig. 39, but for the annual global mean cloud fraction. Cloud 

fraction observational data was also acquired from MODIS. 
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The effect on the shortwave cloud forcing (SWCF) was also analyzed. The annual 

global SWCF from the three configurations of CAM are presented in Figure 41 (a, b, 

c), along with the relative differences of SWCF from KT and HAM with respect to 

CTRL-based SWCF (Fig. 41 d, e). The annual global SWCF distribution from the three 

simulations are similar; maximum of ρψτȢσφ 7 Í ȟρωπ 7 Í  and ρχρȢωυ 7 Í , 

and average of σωȢσ 7 Í ȟτπȢψ 7 Í  and σφȢςυ 7 Í  for CTRL, KT and HAM, 

respectively. The average relative differences of τȢσχϷ and ωȢψυϷ imply that the 

HAM-based SWCF profile on average has larger disparities than the KT-based SWCF 

profile with respect to CTRL. Furthermore, the relative change in the SWCF simulated 

using HAM vs. CTRL experiments of CAM is correlated with the relative change in 

cloud fraction simulated in the same two CAM experiments (Figure 42). The mean 

correlation coefficient between the changes in SWCF and cloud fraction was πȢστψ 

with a maximum value of πȢψσ. The moderate to high correlation coefficients suggest 

that even minute changes in the cloud fraction can have notable changes in their overall 

radiative forcing. Additionally, the cloud fraction and hence the SWCF are associated 

with the droplet concentration (or, the available water content of the cloud). Therefore, 

any variability in the SWCF computation is likely associated with the water uptake 

behavior (dictated by the ‖) of the aerosol particles. 
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Figure 41. Same as Fig. 34 but for the annual global mean shortwave cloud forcing 

(SWCF). 

 

5.5.4 Aerosol Optical Depth 

Aerosol optical depth (AOD) is an important measure of the aerosol direct effect. 

AOD is an indicator of the amount of the solar radiations unable to reach the surface 

because of absorption or scattering from the atmospheric aerosol burden. Figure 43 

shows the zonal means of the AOD observations (AERONET) compared against the 

zonal means of the AOD simulated using CTRL, KT and HAM configurations for the 

four seasons for the year 2018-19. For all seasons, the HAM-based AOD simulations 

agree better with the observational data than the AOD from other CAM simulations; 

explained using the higher RMSE scores for HAM AOD. Generally, the RMSE scores 

are lowest for JJA and SON (Fig. 43 b, c) with predicted AOD within one standard 

deviation of the observations. The RMSE scores for MAM and DJF (Fig. 43 a, d) are 

greater than ͯ πȢπυ for all three simulations implying larger uncertainties in the 

predicted AOD. 
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Figure 42. Correlation of the change in SWCF with respect to cloud fraction (or, cloud 

cover). The correlation was computed between the values from CTRL and HAM 

simulations. 

For MAM, the uncertainties are due to underpredictions in the AOD over the 

tropics, whereas for DJF, the uncertainties are due to notable overpredictions over the 

tropics. The underpredictions for the MAM season could mostly be due to the 

underrepresentation of the increased anthropogenic emissions in the simulations. The 

overpredictions in the DJF season could likely be due to natural events (such as, dust 

aerosols over desert areas). This could be due to fewer observations over locations of 

such natural aerosols where the burden, and henceforth the AOD may be overestimated 

by the model. Figure 44 displays all locations (red crosses) where the HAM-based 

simulated AOD ςȢυ  (AERONET observational AOD data). The locations on the 

map are overlayed with the HAM-based simulated DUST burden. It can be observed 

that several of these locations (Australia, Northern Africa and Southern Africa) overlap 

with regions of large DUST burdens simulated by CAM using the HAM configuration. 
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Figure 43. Same as Fig. 39, but for the annual global mean aerosol optical depth 

(AOD). AOD observational data was acquired from AERONET. 

 

 

Figure 44. A map of the AERONET sites (marked as red crosses) where the AOD 

simulation from HAM were ςȢυ  (AERONET AOD observational data). The 

AERONET sites are overlayed with the simulated burden of the DUST mode obtained 

from the HAM case. Several of the AERONET sites coincide with large, simulated 

DUST burdens from HAM. 

Fundamentally, the AOD is dependent on the atmospheric aerosol burden. Thus, it 

is important to understand which aerosol can significantly affect the AOD. Figure 45 

shows the sensitivity of the global annual mean AOD over organics, BC, DUST 

burdens. Fig. 45 shows the sensitivity of AOD over the aerosol burdens (units of 

Í ÍÇ ) for the simulations from HAM and CTRL configurations of CAM. 

According to the adjoint sensitivity analysis, AOD is most sensitive to the organic 

burden (  where 8ḳ Organic, BC, DUST; Fig. 45a) and least sensitive to the 

BC burden (Fig. 45b). The average global sensitivity of the AOD to the organic, BC 
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and DUST burdens ρȢτρȟρȢρσ, and ρȢσς units, respectively. The regions where the 

relative difference between the respective aerosol burden simulated from HAM and 

CTRL is υϷ are shown in white. 

 

Figure 45. AOD sensitivity to aerosol burdens are shown (a) AOD sensitivity to 

organic burden, (b) AOD sensitivity to BC burden, and (c) AOD sensitivity to DUST 

burden. The sensitivities were computed between the values from CTRL and HAM 

simulations. The regions with no cloud cover or liquid water fraction πȢπυ are 

masked and shown in white. 

 

5.6 Summary and Implications 

The aerosol indirect effects estimation has large uncertainties and the hygroscopicity 

parameterization is known to be an important factor of these uncertainties. The 

hygroscopicity parameters ‖ for all aerosol modes are prescribed within climate 

models such as NCAR CAM, and not calculated. ‖ of various aerosol types in CAM 

are prescribed from the ideal Köhler theory (KT). ‖ of organic aerosols are prescribed 

based on experimental findings in the literature. Variation in the aerosol and cloud 

properties can be observed if ‖ of all aerosol types are explicitly calculated from their 

molar properties using Raoultôs law. Additionally, a physically based size-dependent 

hygroscopicity parameterization (such as that based on the Hybrid Activity Model; 

HAM) that can also be used in CAM to determine aerosol ‖. More importantly, a 

simplified hygroscopicity parameterization based on HAM can be implemented in 
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CAM to estimate aerosol ‖. The simplified hygroscopicity parameterization helps in 

retaining the computational efficiency of the model, while also capturing all the 

important features of the full hygroscopicity parameter derived from HAM. 

 In this work, CAM simulations with ‖ estimations using KT and HAM were 

compared to the free-run CAM simulations. It was observed that the KT based 

modifications resulted significant increment in the CCN concentrations compared to 

the control (CTRL) case. These increments could be attributed to the generally 

increased ‖ for all aerosol types in the KT case, thereby overestimating their CCN 

activity. The generally higher organic ‖ in the KT case likely resulted in an increased 

wet removal of the aerosols, henceforth decreasing their atmospheric burdens. The KT 

case, however, did not have significant effects on the subsequent physical and radiative 

properties of the clouds. Since the meteorology forcing was maintained the same for 

the CTRL and KT cases, the atmospheric water vapor content and so the resulting 

droplet concentration and other properties have minor changes between CTRL and KT 

case simulations. 

 The CAM simulations with the implementation of HAM based ‖ show marked 

differences compared to the free-run CAM simulations. It has been demonstrated using 

CCN experiments that HAM based ‖ of moderately water soluble and effectively 

insoluble species can be smaller than their Raoultôs law ‖ counterparts. These 

differences can be up to several orders of magnitude and arise due to explicit size-

dependence and solubility treatment in HAM ‖. Due to substantially reduced ‖ of 

aerosols, the CCN concentrations simulated in the HAM case showed significant 
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reduction compared to those simulated in the CTRL case. The reduction in the 

atmospheric CCN concentration translated to a decreased droplet concentration, liquid 

water path and other physical and radiative cloud properties. The reduced aerosol ‖ 

also reduced the aerosol scavenging or wet removal pathway and hence showed major 

increase in the atmospheric burdens of organic, black carbon and dust aerosols 

compared to the CTRL case. The physical and radiative properties of aerosols and 

clouds simulated in the HAM case showed highest agreement with the observational 

data. Since aerosol and cloud droplet number counts strongly dictate the direct and 

indirect effect of aerosols, it is implied that HAM-derived aerosol burdens and droplet 

concentration may be an improved representation of the state of the atmosphere. An 

important point is that certain aerosol and cloud properties (optical depth, cloud 

fraction, large-scale and convective precipitation) show minor variability across the 

three simulated cases. Their low variability may be due to averaging out over large 

climatological scales (seasonal or annual). 

 Overall, the implementation of HAM ‖ in a climate model was valuable for 

understanding the uncertainties associated with the aerosol and cloud properties. 

Previously, HAM had been applied on the controlled laboratory measurements of 

specific organic compounds with aqueous solubility varying over a range of 2-3 orders 

of magnitude. HAM has also been applied for the water uptake analysis of BC species 

observed in the atmosphere using agglomerated pure and mixed BC particles as 

proxies. This work expands upon the applicability of HAM for representing the aerosol 

‖ in NCAR CAM. Since organic aerosols are the major sources of uncertainties in the 

indirect effect, using HAM for representing their hygroscopicity in Global Climate 
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Models can potentially reduce the forcing uncertainties due to aerosols and clouds. 

Moreover, modifying the aerosol ‖ for individual chemical species in the climate 

models can further improve upon the estimations presented in this work. 

 Currently, HAM incorporates the effects of only the water solubility of the aerosol 

particles on their cloud activity. Whereas in the atmosphere, the physicochemical 

nature of aerosol particles and therefore their cloud activity can drastically change due 

to chemical transformations ï aging, gas phase reactions, phase separation ï to name a 

few. Incorporating one or more such modes of chemical transformation in the 

describing the water uptake behavior of the aerosols can further improve the 

representation of their direct and indirect effects. In future, additional modifications of 

HAM or a similar framework could be developed to incorporate more complex 

characteristics of atmospheric aerosols. 
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Chapter 6:  Chemical Characterization of Atmospheric Aerosol 

using their Measured Raman Spectra 

 

6.1 Abstract 

Single-particle aerosol measurement techniques provide a means to obtain size-

resolved aerosol composition and henceforth are being rigorously explored. These 

measurement techniques include mass spectrometry, fluorescence spectrometry, FTIR, 

Raman spectrometry, and electron-beam excited x-ray diffraction. These are useful for 

retrieving information about the composition of minority species in the atmosphere, 

their mixing state, and the process they undergo over different scales. Raman 

spectrometry (Raman, from hereon) has been shown to be a highly efficient technique 

employed for characterization of chemical compounds. There are 2 main reasons for 

that: 1. Raman spectra are the signatures of the chemical bonds present in the chemical 

compounds and are therefore unique for the compounds they correspond to; and 2. 

Raman spectra can be detected for particles of the order of nanometers. In this work, a 

computational tool was developed using techniques related to machine learning, signal 

processing and statistics for Raman data collected for ambient aerosols using the 

Resource Effective Bioidentification System (REBS)-based Automated aerosol Raman 

Spectrometer (ARS). The developed algorithm has been designed to perform 3 major 

operations: 1. Spectral clean-up ï this is required because generally the Raman spectra 

obtained using our ARS have a low signal-to-noise ratio, 2. Spectral peaks (feature) 

detection ï peaks are the characteristic features of a Raman spectrum that play a major 

role in characterizing the sample through its spectrum, and 3. Identification of the 
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aerosol chemical species, using the Raman data from a reference database, using a 

ñvector similarityò metric. This work demonstrates that simple statistical techniques 

can be employed for characterizing the atmospheric aerosols using their single particle 

Raman signatures. Basically, the chemical composition and mixing state of aerosols 

can be determined on particle scale with the help of their Raman signatures using 

statistical methods. 

 

6.2 Background 

Atmospheric aerosols can affect human health, weather, and global climate directly 

or indirectly (Brooks et al., 2010; Dominici et al., 2015). Several harmful 

cardiovascular and pulmonary diseases are known to be caused by prolonged exposure 

to soot and heavy metal emissions (von Klot et al., 2011; Shiraiwa et al., 2012). Fine 

and ultrafine particles can easily cross the nasal passage to enter the lungs. Several 

disease-causing bacteria and viruses can also become airborne and be treated as 

aerosols. Particulate Matter (PM) such as black carbon is known to cause scattering of 

solar radiation in the atmosphere (Petzold and Schönlinner, 2004; Seinfeld, 2008). This 

is generally observed in the case of coarse particles capable of causing tropospheric 

and stratospheric heating from the scattering of solar radiation. At lower altitudes 

within the troposphere, high aerosol density can significantly affect visibility. Thus, the 

tracking and identification of atmospheric aerosols can be highly valuable to study their 

effect on health and the environment. 
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The real-time identification and characterization of aerosols with accuracy is 

particularly challenging. The most common approach taken to perform these tasks is 

the analysis of the electromagnetic properties of observed aerosols. Different tools have 

been employed to quantify electromagnetic properties of materials comprising the 

atmospheric aerosols, primarily by observing their interactions with electromagnetic 

radiations. Techniques such as mass spectroscopy (Jayne et al., 2000), FTIR (Toprak 

and Schnaiter, 2013; Pan et al., 2007), magnetic resonance spectroscopy (Decesari et 

al., 2007; Cleveland et al., 2012) and X-ray diffraction (Stefaniak et al., 2009) relate 

with different properties of the aerosol materials which can be used for their 

identification. Despite being widely implemented for the characterization of materials, 

these processes often suffer from shortcomings. Mass spectroscopy is dictated by 

particle size and mass distribution. These properties are not unique to any chemical 

species, as well as accounting for the variations in particle size and mass distribution 

becomes increasingly difficult when analyzing a mixture of chemical compounds. 

Likewise, FTIR spectrometry suffers from the inability to directly generate spectra and 

requires preprocessing on the recorded interferograms to yield any useful information. 

FTIR spectrometry is also highly susceptible to inferences from instrumental noise. 

Furthermore, techniques such as magnetic resonance spectroscopy and X-ray 

diffraction are hard to automate and are also considerably expensive, while requiring 

large sample sizes to operate. 

During the past few years, the application of Raman spectroscopy has significantly 

improved the characterization of materials (Ault et al., 2013). Raman spectroscopy is a 

non-destructive and versatile technique that can be run continuously to detect chemical 
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species. In addition to this, Raman is easy to automate and can be performed for single-

particle measurements. Furthermore, Raman provides as a unique fingerprint for any 

chemical species as it is related to the vibrational and rotational frequencies of the 

chemical bonds in a chemical species (Turrell et al., 1989). The Resource Effective 

Bioidentification System (REBS)-based Automated aerosol Raman Spectrometer 

(ARS) is a portable device that has been used to record Raman spectra corresponding 

to ambient aerosols (Doughty and Hill, 2017; Ronningen et al., 2014). Figure 46 is a 

labeled representation of the ARS used in this work. The REBS-based ARS has 

multiple advantages that further improve the utility of Raman spectroscopy for 

analyzing atmospheric aerosols. Firstly, Raman spectra ideally require longer to record 

as compared to the previously mentioned techniques. This is directly correlated with 

the time between excitation and stabilization of the sample, and the significantly low 

probability of the occurrence of Raman scattering. The ARS is capable of recording 

Raman of a given sample within times that are of the order of a few minutes, and 

therefore significantly reducing the sampling time. A second important advantage of 

the ARS is that it is a simple instrument consisting of a single laser source, a means to 

collect aerosol samples, a spectrometer, and an imager. Additionally, the ARS has 

smaller dimensions compared to other forms of spectrometers which further its 

portability. 

Despite the high applicability of Raman spectrometry attributed to the versatility 

and high useful information content of Raman spectra, it is significantly susceptible to 

noise. Raman spectra of laboratory samples are collected over a period of a few hours 

(Vehring et al., 1998; Andreae and Gelencsér, 2006). This is done to facilitate full 
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stabilization of the samples before recording the spectra so that the spectra is a good 

representation of the ótrueô Raman signal of the samples. The main sources of noise in 

Raman spectroscopy are cosmic radiations and fluorescence (Sinanis et al., 2011; 

Bozlee et al., 2005; Craig et al., 2017). Cosmic radiations are observed as high-

frequency spikes throughout the spectra, and fluorescence is observed as low-

frequency unsteady baseline variations in the spectra. To effectively utilize the Raman 

spectra for the purposes of classification, these 2 components need to be eliminated or 

at least be greatly suppressed, from the collected sample spectra (Smulko et al., 2014; 

Murray and Dierker, 1986). Several preprocessing methods have been proposed in 

earlier studies for efficiently removing of both these ónoisyô components from Raman 

spectra (Hill and Rogalla, 1992; Kwiatkowski et al., 2010). 

 

Figure 46. The side-view of the REBS-based ARS used to collect the Raman spectra 

of the aerosol samples in this work. The components of the device are labeled. This 

image has been directly taken from Doughty and Hill (2017). 
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The high-frequency spikes are removed from the spectra by passing them through 

smoothing/filtering algorithms. One of the most common algorithms for filtering out 

noise from the Raman spectra is the Savitzky-Golay filter (Ļlupek et al., 2007; Bromba 

and Ziegler, 1981). In this algorithm, the original Raman spectrum is smoothed by 

breaking it up into fragments and smoothing them in a small ówindowô by fitting a 

polynomial function through them. The extent of smoothing can be altered by varying 

the window length. This feature of the Savitzky-Golay filter can be exploited for 

preserving and eliminating features of interest in the Raman spectra under 

consideration - a smaller window length is used to preserve shape and narrower peaks 

present in the spectra, and the wider window is used to preserve broader peaks/plateaus 

in the spectra. A major disadvantage of this approach is that there is no effective way 

to optimize the window length and the order of the fitting polynomial - a very high 

window length (of more than approximately 41) can easily lead to a significant 

distortion in the smaller features of the spectra. Achieving a tradeoff between 

eliminating the noise and retaining the necessary features in any given spectrum is a 

challenge with employing the Savitzky-Golay filter. 

Another common approach that has been explored for denoising Raman spectra is 

the Discrete Wavelet Transform (DWT) (Ehrentreich and Sümmchen, 2001; Kaiser, 

2010; Mallat, 1989). Several studies have demonstrated DWT to be a highly efficient 

denoising technique for Raman spectra. Use of certain specific types of wavelets, 

namely Daubechies, Symlet, and Coiflet wavelets have been shown to perform better 

than other alternatives like Haar and Biorthogonal wavelets (Ehrentreich and 

Sümmchen, 2001). Some recent studies provide an insight into a variation of DWT, 
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referred to as the Lifting Wavelet Transform (LWT) and has been shown to perform 

well in the case of Raman spectra with low Signal-to-Noise Ratio (SNR), with a minor 

drawback of being computationally expensive over DWT (Chen et al., 2011, 2018a, b). 

(Chen et al., 2014) discussed a technique for retrieving denoised Raman spectra with 

low SNR by implementing Weiner transform on them. The performance of Weiner 

transform was compared with the performances of some of the more commonly 

employed methods involving the Savitzky-Golay filter, the wavelet transform, the 

Finite Impulse Response (FIR) filter, and the Gaussian filter (Villarroel et al., 2011; 

Wang et al., 2006; Palacký et al., 2011). The Weiner transform was shown to perform 

better than its counterparts, which was quantified by computing the Root Mean Squared 

Error between the low-SNR and the high-SNR samples for the Raman spectrum under 

consideration. Other filtration methods involve the use of Principal Component 

Analysis (PCA) and factor analysis which have been shown to be useful with denoising 

low-SNR signals but are known to be computationally expensive at that. 

Like that for the high-frequency spikes, several methods have been proposed for 

removing the low-frequency fluorescence component from Raman spectra. Baseline 

correction is performed to remove the fluorescence component from the spectra. 

Several methods such as polynomial fitting, Asymmetric Least Squares (ALS) fitting, 

cubic spline fitting and PCA (Eilers and Boelens, n.d.; Shao and Griffiths, 2007; Peng 

et al., 2010) have been used to determine the approximate baseline for Raman spectra. 

ALS was noted as the most commonly employed method for performing baseline 

correction on Raman spectra, along with several of its variations such as the Improved 
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Asymmetric Least Squares (IALS) (He et al., 2014) method and the adaptive iteratively 

reweighted Penalized Least Square (airPLS) (Zhang et al., 2010) method. 

Spike and fluorescence removal help with obtaining the true Raman signal from the 

spectra under consideration. Removing unwanted components from the spectra reduces 

the likelihood of extracting incorrect peaks from the spectra. Peak/feature extraction is 

an essential step in a classification problem that greatly improves the efficiency of the 

algorithm by making it computationally less expensive. Several studies have discussed 

the application and performance of different peak finding algorithms on spectroscopy 

data. These methods include the use of Continuous Wavelet Transform (CWT) (Wee 

et al., 2008), Gaussian fitting (Shang and Lin, 2010), and Lorentzian fitting (Gunnink, 

1977). The spectra for different kinds of materials have different types of characteristic 

peaks - peaks in solid samples fit well using a Gaussian profile whereas peaks in 

gaseous and liquid samples fit well using a Lorentzian profile. ñfindpeaksG3ò 

(OôHaver 1995, OôHaver 2014) is a user-defined class for finding peaks in 

electromagnetic signals by fitting Gaussian functions throughout the signal. The class 

was originally written in MATLAB was translated into Python 3.6 to be used in this 

work. Furthermore, the utility of findpeaksG3 compared and tested against the updated 

ñautofindpeaksò (OôHaver 2016). 

A vast variety of classification methods currently exist to identify the composition 

of chemical species. Implementing classifiers to identify aerosols has become highly 

commonplace due to the continuous developments within the machine learning and 

deep learning communities. Sophisticated methods including the use of algorithms 
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such as K-nearest neighbors, Support Vector Machines (SVMs) (VAPNIK and N, 

1995), decision trees, random forests (Ho, 1998), and neural networks (Maquelin et al., 

2003) have been shown to perform with high accuracy in classification problems 

involving the use of Raman spectra (Liu et al., 2017). However, a disadvantage with 

the aforementioned and other similar data-driven techniques is that they are highly 

computationally expensive. Other approaches include the application of simpler vector-

based algorithms (Kwiatkowski et al., 2010; Carey et al., 2015). These algorithms treat 

Raman spectra as vectors and classify unknown vectors based on their ñsimilarityò with 

other known vectors in the database. The similarity between any 2 spectrometric 

vectors can be determined using a variety of metrics such as the absolute difference 

value search, the Euclidean distance, the cosine distance, and the correlation 

coefficient. 

This study aims to develop an algorithm that facilitates a simple and 

computationally inexpensive way of classifying chemical species using real-time 

Raman spectra. The proposed algorithm includes 1. Preprocessing of Raman spectra 

that consists of spike removal from the spectra using Discrete Wavelet Transform 

(DWT) and fluorescence removal by performing baseline correction using Asymmetric 

Least Squares (ALS) fitting, and 2. Classification of measured Raman spectra using 

cosine similarity. The discussion pertinent to the databases used in this study along 

with the analysis and methodology is reported. Additionally, statistical techniques that 

were implemented for validating the algorithms is also presented. Lastly, conclusive 

remarks are provided with regards to the developed algorithms and their corresponding 
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results, along with the advantages and disadvantages of the classification approach 

developed in this work. 

 

6.3 Data and Methodology 

The algorithms were developed to classify data using the spectrometric data from 

the LR-Raman database of RRUFF. A total of 9,330 Raman spectra were used to 

construct the reference database and will be hereafter referred to as the ñRRUFF 

databaseò. Within the RRUFF database, the spectroscopic data was distributed into a 

total of 1342 different mineral classes. The unclassified data was obtained using the 

Resource effective Bionidentification System-based automated Aerosol Raman 

Spectrometer (REBS-based ARS). The unclassified dataset was made from the ambient 

samples procured at Jornada. A total of about 199,000 samples were collected and 

analyzed by the ARS. These samples were observed to have a significantly lower 

intensity as compared to the samples in the RRUFF database. A threshold of 0.0065 

A.U. was set up for the maximum Raman intensity to extract out data that would be 

used for classification. A total of 903 unclassified Raman spectra were selected in the 

measured dataset and will be hereafter referred to as the ñJornada datasetò. 

Compared to the RRUFF database, the Jornada dataset contained spectra with a 

significantly lower signal-to-noise ratio, with their true Raman signal content heavily 

polluted by high-frequency noise and fluorescence. Two preprocessing algorithms 

were developed and tested on spectra from the RRUFF and Jornada databases. These 

algorithms were designed in such a way that they may be successfully implemented on 
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signals with any amount of noise and fluorescence. The preprocessing algorithms were 

called preprocessing Ŭ and preprocessing ɓ. 

Preprocessing Ŭ comprised of removal of high-frequency noisy spikes from the 

spectra using employing Discrete Wavelet Transform (DWT). Daubechies-type 

wavelets were employed for performing DWT on all the Raman spectra in both 

datasets. Daubechies wavelets have been shown to perform better than other kinds of 

wavelets when used for Raman spectroscopic data, which possess Gaussian and 

Lorentzian type features. DWT using the Daubechies-type wavelet 5 (db5) was 

implemented for all the spectra in the RRUFF database. Signal-to-Noise Ratio (SNR) 

was calculated for all the spectra before and after applying DWT on them. It was 

observed that for about 96% of the spectra in the RRUFF database, the SNR increased 

by more than 0.25. The spectra in the Jornada dataset were observed to have a 

significantly lower SNR compared to the spectra in the RRUFF database. Three 

different Daubechies-type wavelets were tested on the Jornada spectra - db4, db7, and 

db11. Of all the Daubechies-type wavelets, db4, db7 and db11 produced the most 

prominent improvement in the SNR of the spectra. An increment of 0.3 or above was 

noted for all the spectra in the Jornada spectra using the 3 Daubechies-type wavelets. 

Preprocessing ɓ involved removal of high-frequency noise followed by the removal 

of fluorescence from the spectra. The removal of noise was done by the implementation 

of DWT on the spectra in consideration, which was like preprocessing Ŭ. The removal 

of fluorescence was done by performing baseline correction on the spectra. For 
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correcting the baseline, Asymmetric Least Squares (ALS) fitting was done on the 

spectra. The baseline thus obtained was then subtracted from the spectra. 

2 sets of classification algorithms were developed and tested on the Jornada spectra. 

Classification using all 6 algorithms was done in 2 steps - step 1 included a procedure 

that was termed ñreconstructionò, and step 2 included a procedure that was termed 

ñcroppingò. Reconstruction of a given spectrum was done after detecting the peaks 

contained in it - the Raman intensity of all the detected peaks within the regions 

equivalent to their respective peak width were retained and appended to a 0-vector of 

the length same as that of the Raman spectrum at their respective Raman shift positions. 

Cropping was performed on the reconstructed spectra - all the peaks were ñcroppedò 

out and concatenated with each other to generate a ñcroppedò spectrum representative 

of the base spectrum. 

 

6.3.1 Preprocessing  

For the first set of algorithms, the RRUFF and Jornada spectra were preprocessed 

using preprocessingŬ. The 3 algorithms were named Ŭ1, Ŭ2, and Ŭ3. For the first set of 

preprocessing algorithms, wavelet transformation was performed depending upon the 

algorithm being implemented. This was followed by feature (peak) detection, which 

was done by fitting Gaussian across the spectroscopic vectors. For the second set, the 

RRUFF and Jornada spectra were preprocessed using preprocessingɓ, and the 

algorithms were named ɓ1, ɓ2, and ɓ3. For the second set of preprocessing algorithms, 

wavelet transformation followed by baseline correction was performed depending upon 
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the algorithm being implemented. Feature (peak) detection was done after that by 

fitting Gaussian across the vectors. 

Ŭ1 ï Raw spectra from the Jornada dataset were read into the code (Figure 47). The 

raw Jornada spectra were interpolated over the same Raman shift range as that of the 

RRUFF spectra. All Jornada spectra were retained in their original form (i.e., Jornada 

spectra do not undergo any preprocessing). First, for step 1, the spectra in the RRUFF 

database were preprocessed using preprocessingŬ were then passed into the 

ñreconstructionò function. Then, the dot product (cosine similarity function, Eq. 6.1) of 

the one Jornada spectrum at a time was computed with ñreconstructedò spectra in the 

RRUFF database. 

ÃÏÓʃ
ᴆẗᴆ

ᴆ ᴆ
ᶰπȟρ       (6.1) 

where ὖᴆ and ὗᴆ are the vectors P and Q, respectively representing 2 spectra, ὖᴆ and 

ὗᴆ are the magnitudes of ὖᴆ and ὗᴆ, respectively, and ʃ is the angle between ὖᴆ and ὗᴆ 

that quantifies the similarity between the vectors through the cosine metric. 

A fixed threshold was set for this initial dot product to shortlist the RRUFF spectra 

as the true positive matches. The matches obtained as ñtrue positivesò from the RRUFF 

database were then shortlisted for step 2 involving cropping. The Jornada spectrum was 

ñcroppedò with the help of the features (peaks) of one shortlisted RRUFF spectrum at 

a time. The positions corresponding to the peak positions of the RRUFF spectrum were 

marked on the Jornada spectrum, and fragments as wide as the respective peaks of the 

same RRUFF spectrum were cropped out and appended together. In addition to this, 
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ñcroppingò was also performed on the RRUFF spectrum under consideration. These 

representative vectors for the Jornada and RRUFF spectra were used to compute the 

dot product. This dot product was computed to obtain matches for individual peaks 

between a given RRUFF spectrum and the Jornada spectrum which is being classified. 

If the dot product exceeded the threshold, the RRUFF spectrum was returned as a 

match. 

 

Figure 47. The flowchart depicting the steps taken when implementing preprocessing 

‌ before employing cosine similarity to find matches for the measured spectra. The 

flowchart includes steps taken for both measured and reference spectra. 

 

Ŭ2 ï Raw spectra from the Jornada database was read into the code. The raw Jornada 

spectra were interpolated over the same Raman shift range as that of the RRUFF 

spectra. Jornada spectra were picked up from the database one at a time, and wavelet 

transform was performed on them to remove the high-frequency noise interfering with 

the signal. No baseline correction was done on the spectral samples and hence, all the 

spectral samples in the Jornada database were retained in their original shape. RRUFF 

spectra were observed to possess a generally higher signal-to-noise ratio (SNR). For 
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maintaining all the reference spectra at a high SNR, they were run through the wavelet 

transformation routine using a Daubechies-type db5 wavelet. Baseline correction was 

not performed on the reference spectra and their wavelet transformed versions were 

used directly for feature detection using Gaussian fitting. After the features (peaks) 

were detected for all the reference spectra, that information was stored in a separate 

python dictionary labeled under the respective sample. All the spectra in the reference 

database were reconstructed using their respective peak(s) information ï all detected 

peaks (i.e., their position, width and intensity) for a spectrum under consideration were 

retained and appended on to a 0-vector of the same length as that of the original sample, 

and this was repeated for every spectrum in the database. After this, classification of 

the samples in the measured dataset was done. The wavelet transformed version of one 

measured sample at a time from the dataset was passed into the classification function 

to evaluate the similarity metric with respect to every reconstructed spectrum in the 

reference database. Firstly, the measured sample underwent interpolation in order to 

rescale it to the same range as that of the reference spectra. Next, the interpolated 

measured spectrum was passed into a local function along with one reconstructed 

reference spectrum at a time to evaluate the ñcosine similarityò. The reconstructed 

measured spectrum and the reconstructed reference spectrum were then used to 

compute the similarity metric. The value of the metric was compared against a set 

threshold ï if the value exceeded the threshold, the matched spectrum was carried 

forward to the next step of comparison in which all its individual matching peaks were 

located in the measured spectrum. This was repeated for all the spectra in the reference 

database for any given measured spectrum. The matches obtained as ñtrue positivesò 
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from the RRUFF database were then shortlisted for step 2 involving cropping. The 

Jornada spectrum was ñcroppedò with the help of the features (peaks) of one shortlisted 

RRUFF spectrum at a time. The positions corresponding to the peak positions of the 

RRUFF spectrum were marked on the Jornada spectrum, and fragments as wide as the 

respective peaks of the same RRUFF spectrum were cropped out and appended 

together. In addition to this, ñcroppingò was also performed on the RRUFF spectrum 

under consideration. These representative vectors for the Jornada and RRUFF spectra 

were used to compute the dot product. This dot product was computed in order to obtain 

matches for individual peaks between a given RRUFF spectrum and the Jornada 

spectrum which is being classified. If the dot product exceeded the threshold, the 

RRUFF spectrum was returned as a match. 

 

Ŭ3 ï Similar to that in algorithm 2, the measured spectra were treated with 3 different 

Daubechies wavelets (db4, db7, and db11) to remove the noise from the spectra. The 

wavelet transformed version of measured spectra (one at a time) were passed through 

Gaussian fitting for features (peaks) detection. It was observed that cleaning up the a 

given measured spectrum using 3 different wavelets to create 3 subcases occasionally 

facilitated in different sets of features (peaks) being detected for that measured 

spectrum. 

After peak detection was performed for all 3 variants of wavelet transformed 

measured spectrum, 3 separate reconstructed forms of the measured spectrum were 

prepared. All the detected peaks in the sample were retained and appended at their 
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respective positions to a 0-vector of the size of the measured spectrum generating 3 

separate reconstructed vectors. This was followed by the preprocessing and feature 

detection for the reference spectra in the RRUFF database. The preprocessing of the 

reference spectra involved removal of noise by performing DWT using the db5 

Daubechies wavelet. Baseline correction was not performed on any of the reference 

spectra in this method. After noise removal was done on the spectra, ñfeatures 

detectionò was performed on them by fitting Gaussians of appropriate dimensions to 

all the detectable sharpest characteristic peaks of every spectrum. Next, the 

reconstruction of the reference spectra was done with the help of the peaks which were 

detected for them. The dot product was then calculated for a given measured spectrum 

and compared to a set threshold, and all the reference spectra that yielded a dot product 

higher than the threshold were shortlisted for step 2 of comparison. 

In step 2, the shortlisted vectors from the set of reconstructed reference spectra were 

used for computing the metric for the measured sample in consideration. Vectors were 

picked up one at a time from the set of reconstructed reference spectra data and 

ñcroppedò with the help of their peaksô information. This was done by cropping out 

fragments of the length equivalent to the width of each peak from the vector, at 

locations corresponding to the corresponding peaks. These fragments were then 

concatenated with each other to create a new vector representative of the original, 

containing only the peaks from the original vector. Cropping was performed on the 

sample with the help of the peaksô information on the reference spectrum it was being 

compared with. Fragments from the reconstructed measured spectrum were obtained 

at the locations corresponding to the peak positions of the reference spectrum, of length 



 

 

194 

 

equivalent to the width each peak. These fragments were then joined together to obtain 

a vector representative of the measured spectrum, which may or may not contain any 

of the peaks present in the measured spectrum. These two ñcroppedò vectors were then 

used to compute the dot product which was then compared to a set threshold to suggest 

a ñmatchò. 

 

6.3.2 Preprocessing ɓ 

The general implementation of ɼ algorithms is described using the flow diagram in 

Figure 48, and the detailed description of the algorithms follow within the text. 

 

Figure 48. The flowchart depicting the steps taken when implementing preprocessing 

‍ before employing cosine similarity to find matches for the measured spectra. The 

flowchart includes steps taken for both measured and reference spectra. The difference 

between preprocessing‌and preprocessing ‍ is the inclusion of baseline correction in 

the latter. 

ɓ1 ï This algorithm was a modification of Ŭ1. Prior to performing feature detection, 

the preprocessing of the reference spectra involved a baseline correction step, followed 

by the wavelet transform. The baseline correction was done by Asymmetric Least 
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Square (ALS) fitting. This was done to remove the low-frequency fluorescence signal 

from the spectra, which would yield just the Raman signal present in each spectrum, 

with a uniform zero baseline everywhere else along each spectrum. The remainder of 

this algorithm remained same for every other step as Ŭ1. 

ɓ2 ï This algorithm was a modification of Ŭ2. Like that in ɓ1, the baseline correction 

was performed for all the spectra in the reference database after wavelet transform, 

prior to performing feature detection. However, baseline correction was not done for 

the measured spectra and the preprocessing involved only wavelet transform. The 

remaining steps were same as those for Ŭ2. 

ɓ3 ï This algorithm was a modification of Ŭ3. Baseline correction was performed on 

the wavelet transformed reference spectra prior to feature detection using Gaussian 

fitting. In addition to this, baseline correction was also performed on all 3 variants 

(derived using db4, db7 and db11) of the wavelet transformed measured spectrum 

before feature detection. Rest of the algorithm follows the methodology described 

under Ŭ3. 

 

6.3.3 Cross-validation 

A simple model evaluation algorithm was devised to assess if the performance of 

the classifiers. The distribution of the cosine similarity values for all the measured 

samples in the measured dataset is collected and plotted. This was done by empirically 

determining a probability distribution function to look at the distribution of the cosine 

similarity values for all the measured samples in the measured dataset (Gholamy and 
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Kreinovich, 2017). The probabilities corresponding to the values of the cosine 

similarity were estimated with the help of the number distribution of the cosine 

similarity values, i.e., the histogram of the cosine similarity values. The p-values of the 

cosine similarity values were distributed into a total of 20 bins to display the values 

between 0 and 1.0. If the probability values follow an exponential distribution, the 

values at the tail end of the curve become increasingly unique depending upon the 

steepness of the curve (Benjamini and Hochberg, 1995; Breheny et al., 2018). 

Intuitively, the greater the more unique the values are, the lesser the chance for them to 

be a consequence of ñchanceò and the greater the likelihood for them to be accurate. 

 

6.4 Results 

6.4.1 Preprocessing Ŭ ï Results and Validation 

The results pertaining to all six algorithms are presented in this section in sequential 

order as presented above. The results for the measured sample number 25699 in the 

parent database (of which the measured dataset is a subset) are discussed in this section. 

For all the algorithms and different preprocessing schemes used, the highest match is 

generally observed with ñNitratineò with several other mineral species following it with 

a decline in the match score. Depending upon the complexity of the classification 

algorithm, significant variations in the match scores were observed. A detailed 

description of the overall performance of the algorithms along with the advantages and 

disadvantages will follow. Towards the end of this section, an analysis of the 

methodology adopted for validating the results is provided at the end of the section. 
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Ŭ1 provided the simplest form of cosine similarity classifier among all the available 

alternatives (results for measured sample label 25699 in Figure 49 (a)). Its simplicity 

is a consequence of the lack of preprocessing done on the measured samples. This made 

the computation of the dot product in step 1 and 2 of algorithm ɻρ quicker and easier 

to evaluate. Cosine (vector) similarity cannot differentiate a peak from a noisy spike in 

any given vector. The cosine similarity between 2 given spectra was observed to be 

affected by the feature of cosine similarity. For the measured samples with relatively 

low noise, this algorithm produced match results which would look correct by glancing 

at them without doing any cross-validation. Contrarily, the match results for the 

samples with a significant amount of high frequency noise (usually SNR < 1.0) 

sometimes looked completely bogus, despite resulting in a high cosine similarity value. 

In addition to this, the preprocessing of the reference spectra did not include baseline 

correction prior to feature detection, which suggested the possibility of false peak 

detection in the samples. This was also speculated to have negatively affected the dot 

product, and hence the match, by giving non-zero product in the regions where there 

were no observable peaks. 

Another notable disadvantage of Ŭ1 were the lack of spread of the dot product 

values for the matches (validation for the match results for measured sample label 

25699 in Figure 49 (b)). A significant portion of the match values were observed to be 

above 0.9 and showed little, if any distinction from each other, making the choice of a 

good match from a poor one extremely hard without any cross-validation. This also led 

to difficulties in setting up a threshold value for shortlisting reference spectra, and 

hence accurately matching peaks between the measured and reference spectra. Results 
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of the validation algorithm produce a discrete frequency histogram of all the possible 

match values. The probability frequency of Ŭ1match values is best fit to a Poisson 

distribution. The intuitive validation approach described in the previous section has not 

been shown to be useful with a Poisson distribution in past research (Breheny et al., 

2018). This means that the cosine similarity values obtained with the help of this 

algorithm may or may not be reliable. 
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Figure 49. (a). The match results obtained by implementing algorithm ɻρ are 

presented. The top panel shows the unclassified measured spectrum, and the bottom 

panel shows the reference spectra obtained as the matches for the measured spectrum. 

The top 5 spectral matches and their corresponding cosine similarity values along with 

their respective mineral classes have been shown on the plot. (b). The validity of the 

match results has been shown in the plot. The distribution of the cosine similarity values 

seems to follow Poisson distribution which implies underlying systemic issues with the 

procedure. 
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Ŭ2 was an improvement on Ŭ1 in that the measured spectrum was first passed 

through a DWT treatment before the similarity metric was evaluated with any of the 

reference spectra. The top 5 matched spectra and their corresponding scores for the 

measured spectrum labeled 25699 are shown in the Figure 50 (a). As described in 

section 2.1, 3 different wavelets are implemented to perform wavelet transform of the 

measured spectrum, leading to the generation of 3 wavelet transformed spectra 

representative of the measured spectrum. Each of the 3 wavelet transformed spectra 

underwent a significant reduction in the high frequency noisy spikes. Therefore, as 

compared to Ŭ1, the dot products computed in step 1 of Ŭ2 were observed to yield 

matches which were considered more reasonable on preliminary inspection based on 

observation. However, on passing the similarity values through the validation 

algorithm, it was observed that they also follow a Poisson distribution which implies a 

low reliability of this algorithm. A significant number of matches corresponding to high 

dot products were suspected to be a consequence of the fluorescence present in the 

wavelet transformed measured spectrum. Despite performing DWT, the non-zero 

baseline of the measured spectrum led it to have non-zero Raman intensity at almost 

every Raman shift. These regions of non-zero intensity were speculated to be resulting 

in high a similarity metric when their dot product was computed against the peak 

regions in any given reference spectrum. 

A threshold was set to shortlist reference spectra for computing dot products in the 

second phase. As opposed to the resulting dot products after step 1 of Ŭ1, a much more 

uniform spread was observed in the distribution of the dot products resulting from step 

1 of Ŭ2. The distribution of the match scores for all reference spectra corresponding to 
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the measured spectrum labeled 25699 is shown in Figure 50 (b). This helped with 

setting up a more robust threshold for shortlisting the reference spectra. Like the first 

phase of Ŭ1, the issue of ñfalse positivesò being thrown out as matches persisted in the 

first phase of Ŭ2. This issue was attributed to the presence of a non-zero baseline, but 

it was relatively less proliferated due to the removal of noise from the samples. 
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Figure 50. (a). The match results obtained by implementing algorithm ɻς are 

presented. The 1st, 3rd and 5th panels of the plot show the unclassified measured 

spectrum along with their DWT versions derived using (i) db4, (ii) db7, and (iii) db11 

wavelets respectively. The top 5 matched reference spectra obtained for all these cases 

are shown in the 2nd, 4th and 6th panel of the plot. (b). The result of the validation test 

for the matches obtained for (iii) is shown. The p-values obtained for the cosine 

similarity values show Poisson distribution which highlights an intrinsic problem in the 

method. 
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Ŭ3 was an improvement on both algorithms Ŭ1and Ŭ2. In addition to performing 

wavelet transform on the measured spectra, ñfeature detectionò was also done for them. 

Top 5 matched reference spectra with their cosine similarity scores corresponding to 

the measured spectrum labeled 25699 are shown in Figure 51 (a). Like Ŭ2, the wavelet 

transform was performed on the measured spectra using 3 different Daubechiesô type 

wavelets ï db4, db7, db11. The effect of using 3 different wavelets was prominently 

observed after feature detection. Generally, all the prominent sharp features were not 

captured for any one of the wavelet-transformed measured spectra. However, feature 

detection for all 3 variants of the wavelet transformed measured spectrum was 

collectively able to determine all the prominent features for any given measured 

spectrum. After feature detection was performed on a measured spectrum, it was 

reconstructed using the detected peaks ï all the peaks were individually cropped out of 

the original spectrum and appended at their respective positions to a 0-vector of the 

same length as that of the measured spectrum. In the first phase of this algorithm, the 

dot products were computed between the reconstructed measured spectrum and a 

reconstructed spectrum taken up from the reference database one at a time. A major 

advantage speculated in the implementation of this algorithm was that it completely 

nullified the influence of those regions on the dot product which did supposedly did 

not contain any sharp peaks. A disadvantage of this method was that baseline correction 

was not conducted on any of the measured or reference spectra, which could have 

potentially led to the detection of false peaks in some samples. This was similar to that 

for Ŭ1 and Ŭ2 and could have further reduced the reliability of the match metric value 

and the match itself. The matched spectra from RRUFF database were shortlisted and 
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their reconstructed forms were thrown in with the reconstructed measured spectrum for 

computing the dot products in step 2. 

 


























































