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Aerosols can affect the net radiationibudget
through their radi atiitvaughpheirclpugorning alslites by actingi n d i r
as Cloud Condensation Nucl@CN). 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 tligoplet formationmechanism of aerosols. These uncertainties are
majorly associated with the carbonaceous aerqs@isent in the atmosphere, notably due to their
compositional diversity, vastly variable physicochemical properties, and unique water uptake
characteristics. In this dissertation, new-t@sed measurement techmeg and computational
methodshave been developéad resolve th&€CCN activity andvater uptake behavior of pure and

mixed carbonaceous aerosol particles.

The first part of this dissertatiaccomplishes two goals: 1. The development and application
of a nav CCN measurement method, and 2. The formulation of acoewutational framework

for CCN activity analysi®f aerosolsThe results in this dissertation demonstrate the significance



of sizeresolved morphology and dissolution properties of aerosol petiol 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 propertieshe aerosols to further improve their CCN

activity analysis.
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framework is implemented into a climate model to quantify the water uptake behavior of
carbonaceous aerdspand 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 charatterizasults Bow
large regional compositional variations in ambient aerosol populations. These results also suggest
that the knowledge of chemical spedesecessarto quantify the water uptake properties of the

aerosol population.
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Figure 2. Contributions of forcing agents during the industrial era between 2011 and
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terms correponding to the forcing precursors highlighted along thgig. Error bars
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Figure 4. Schematic of the Aerodynamic Aerosol Classifier (AAC) instrument
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Figure 8. The ideal (blue) and nonideal (NI) (orange) AAC tréaisfunctions based

on the particle streamline natiffusion (ND) model as developed by Tavakoli and

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

diamete 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 particl

Size selection USING the AAC...... .. 31

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 tm the activation ratio obtained using the sisolved 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

aerodynamicdiameters, CN and CCN number concentrations, andresmved

activation ratio are also denoted on the plot using their respective error. bars35

Figure 10. (a) NDi Bi NI transfer functions for lovilow measurement conditions from

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

dimensionless relaxation time. The loveerd upper aerodynamic diameter limits for

the measurements are 90 and 392.3 nm, respectively. The corresponding relaxation

times are highlighted for the aerodynamic diameter set points. The resolution increases,
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and hence the measurement uncertainties;edse with an increase in the particle
aerodynamic diameter. (b) The sidependent transmission efficiencyr{ blue) and
transfer function width factor (, red) are shown above. The marked points on the
plot correspond tom and‘ m computed at thelry 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 A#&hsfer function resolution and a
decrease in the sizelated 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 rease 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.............ccoeeeeevieeeeeeeennn. 36

Figure 11 Sizeresolved activation ratios are shown over a range of instrument
supersaturations as presented on the plot. Their corresponding dry activation
aerodynamic diameters are atfpicted 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 systemiatlly decreases with increasing ambient supersaturation. Moreover,
the volume equivalent diameters corresponding to their aerodynamic diameters are not
SNOWIN MBI Cuc. e 39

Figure 12 The variation in uncertainty of sizesolved measurements using a DMA
and AAC are compared in this plot. The orangedbsthed lines denote the range of
uncertainty in measaments 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
sizeresolved measurements for sucrose obtained using the Kéhler theary...40

Figure 13 Molecular structures of the aromatic acid aerosols used in this.wo@Q

Figure 14. (a) Schemat 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. (l§chematic of a typical HDMA 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 asSMPS to generate the
Aroplet diStrDULION........... e 63

Figure 15. (a) "Yvs. O 'Q iftodlata obtained from supersaturated CCN measurements of
pure phthalic acid (PTA), isophthalic acid (IPTA) and terephthalic acid (TPTA)Y (b)
vs.O'Q ihbalata obtained from supersaturated CCN measurements of internal mixtures
of PTA and IPTA. The mixtees 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
Kohler theory (KT) for the rggective samples, and the dashed colored lines are the KT
fits obtained using the measured CCN data of each sample...............c....ccc... 78

Figure 16."Ws. O 'Q itoolata obtained from supersaturated CCN measurements of pure
and internally mixed AAA samples. FHAT fits applied to the experimental data are
Shown as dashed [INES............oeuuuuiiiiir et e e e e e e e eeaes 31



Figure 17."Ws. O 'Q itoolata obtained from supersaturated CCN measurements of pure
and internally mixed AAA samples. HAM fits applied to the experimental data are
shown as detlashed lINES...........oooi i e 82
Figure 18 Closure plot representing the experimental and theoretical single
hygroscopicity parameters obtained using KT, FAHand HAM CCN analysis
frameworks. The goodness of fitaw calculated for each compound and internal
01 (LU =TSSP 85
Figure 19. Subsaturated measurements for pure AAA samples obtained using the H
TDMA setup are shown. Panels(a), (b) and (c) showQle'Qus. O'Qi data along

with model fits for pure PTA, IPTA and TPTA. Panels (d), (e) and (f) shovdtheQ o
vs.0'Q1i data along with model fits for PTAPTA internal mixtures. The KiTRaoult

term, FHH isotherm and hybrid water activity fits are shown in black, red and blue,
respectively, overlaid with the experimental data. The hygroscopic growth fa@des

for all AAA samples are shown in their legends................cccoceiiiiccreeeveviiiinnnnnns 87
Figure 20. Equilibrium droplet growth curves for PTAPTA, TPTA and PTAIPTA
internal mixtures are shown here. The figure header shows the solute for which the
respective equilibrium curves are plotted. KT, FHAM and HAM lines are shown in

red (solid), green (solid) and yellow (solid), respectively. An exarilyp measured
activation point for the respective solute is denoted using a solid red cro$3 (IHem

and correspondingrused to generate these equilibrium curves are provided in Fig. 14.

Figure 21 Subsaturated easurements 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 masbased growth as the RHimcreased from 5 % to 95 %............... 90

Figure 22 Schematic of a CCN measurement experimental setupDWV#e 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 particlecelectri
MODIlItY AIAMELET ... ..o e e e e eneas 113

Figure 23. Schematic of the shape factor and effective density experimental setup. The
AAC selects dry aerosol with aerodynamic diaméder'QThe DMA and the CPC
collectively operate as an SMPS and measure a number size distribution ef AAC
selected dry particlesith electrical mobility diameter® & € 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 diam#fisy.

Figure 24. TEM images of different sized particles of pure BCI(All) and BC mixed

with Phthalic (BI, B-1l), Isophthalic (Cl, C-ll) and Terephthalic (B, D-II) acid,
FESPECHIVEIY....eiii ettt e e e et ernnr e 123

Figure 25. Sizeresolved effective density (a), stzesolved dynamic shape factor (b)

and sizeresolved volume equivalentaineter (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 pared mixed BC samples were used to
generate IN@ar filS........coiviiiii e e e e e s rnnns 125



Figure 26. Images show dark field inges of BC mixtures with Phthalic (B,
Isophthalic (Bl) and Terephthalic acid €. Images Il and Ill for each mixture are
EDXs images showing relative distribution of carbon and oxygen respectively for each
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Figure 27.0'Q1 v& "Y (pairs derived from CCN measurements of pure (solid circles)
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using solid and dashed linew pure and mixed samples, respectively. The particle dry
diameter refers to the calculated volume equivalent diameters..................... 128
Figure 28.0°Q1 v&."Y (pairs derived using the CCN measurements are shown as in
Fig. 26. HAM fits for pure and mixed BC are depicted as solid and dashed lines,
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measured data (Table 2); the same set of empirical paranteétrwere used to fit
FHH-AT fitting in Fig. 26. TheYc correlation values are also presented in Table 3. A
slight underprediction in the CCN activity of pure BC was observed with HAM
compared to FHFAT (Y¢ of 0.899 and 0.957, respectively). This unmtediction can
likely be a result of the explicit treatment of BC solubilpyt ¢ g/g watej in HAM.
....................................................................................................................... 130
Figure 29. Hygroscopicity parameterization from HAM "O0 s shown for pure
(closed circles) and mixed BC with pure AAAs (open triangl€kg individual points
correspond tdl "O0 (parameterizedusing experimental data, and the fitted curves
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detail in Gohil et al. (2022Notable sizedependent trends in the hygroscopicity are
observed for all sidied aerosols. Furthermore, the siependent decrease in the
hygroscopicity of BEPTA is much more prominent than that in the hygroscopicity of
BC-IPTA and BGTPTA as compared to their pure AAA counterpatrts........... 131
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(left panels), BC (middle panels) and DUST (right panels) modes. First row (a, b, c)
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Figure 31. Annual zonal mean proék for the organic (a), BC (b) and DUST (c)
aerosol modes. The simulated aerosol burdens are color coded along with their RMSE
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Figure 32.Annual global mean of the cloud condensation nuclei (CCN) concentrations
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KT run (middle pagrls) and HAM run (right panels) are shown....................... 158

Figure 33. Correlation of the relative changetime CCN concentrations at 0.1% (top
row) and 1.0% (bottom row) with the relative changes in organic (a, d), BC (b, €) and
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aerosol burden changes between HAM and CTRL casgdadied. .................... 160
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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

Figure 35. CDNUMC sensitivity to CCN concentrations at 0.1% supersaturgipn
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
18t vtare masked and Shown in White..............ooooiiiiiiieee e 163
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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 sfes taken for both measured and reference specitra....... 190

Figure 48.The flowchart depicting the stepaken when implementing preprocessing

I 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 preprocessingnd preprocessirig is the inclusion of baseline correction in
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Figure 49. (a). The match results obtained by implementing algorittpnare
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 mdtes 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 follev Poisson distribution which implies underlying systemic issues with the
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Figure 50. (a). The match results obtained by implementing algorithqnare
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 respectiviel 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/ghues obtained for the cosine
similarity values show Poisson distribution which highlights an intrinsic problem in the
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Figure 51. (a). The match results obtained by implementing algoritfonare
presented. The 1st, 3rd and 5th panels of the plot show the unclassified measured
spectrum along with their DWT versions derived using (i) db4, (ir) @nd (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/ghuesobtained for the cosine
similarity values show exponential distribution. All thevglues for cosine similarity

values beyond the 0.6#Bark account for less than 5% of the cosine similarity
population, which implies the uniqueness of the similarity valneghis range. This
suggests improved reliability of the matches obtained using this algarithm..205

Figure 52. (a). The match results obtained by implementing algoriffipnare
presented. The top panel shows the unclassified measured spectrum, and the bottom
panel shows the reference spectra obtained as the matches for shieethaspectrum.

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 ob#mee similarity values

seems to follow Poisson distribution which implies underlying systemic issues with the
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Figure 53. (a). The match results obtained by implementing algorifnamare
presented. The 1st, 3rd and 5th panels of the plot show the unclassified measured
spectrum along with their DWT versions derived using (i) db4dfi, and (iii) db11
wavelets respectively. The top 5 matched reference spectra obtained for all these cases
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are shown in the 2nd, 4th and 6th panel of the plot. An important distinction between
algorithm 4 ¢ and algorithmy ¢ can be noted in terms of therfsgmance of the
preprocessing routinesthe much smaller characteristic peaks can also be easily
retrieved when implementing the latter. (b). The result of the validation test for the
matches obtained for (iii) is shown. Thev@lues obtained for the dag similarity
values show Poisson distribution which highlights an intrinsic problem in the method.

Figure 54. (a). The match results obtained by implementing algorifhonare
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. An important distinction between
algorithm| cand algorithmocan be noted in terms of the performance of the
preprocessing routinesthe much smaller characteristic peaks can also be easily
retrieved when implementing the latter. (b). The result of the validation test for the
matches obtained for (iii) is shown. &lpvalues obtained for the cosine similarity
values show exponential distribution. All thevalues for cosine similarity values
beyond the 0.67ark account for less than 5% of the cosine similarity population,
which implies the uniqueness of the simtla values in this range. This suggests
improved reliability of the matches obtained using this algorithm. In addition to this,
the decline of the exponential is steeper than that obtained for algariththat
suggests an improved reliability of the ntas thus obtained............................ 214
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Chaptlenrt rlooduct i on

1.1Background

The air around us contains solid or liquid particles that are known as aerosols. Most
atmospheric aerosols are microscopic in size; rangimg $everal nanometers to a few
microns(Speight, 2017)However, aerosols are still capable of significantly affecting
human health, environment and even the clini8&infeld and Pandis, 1998pne
significant way in which certain atmospheric aerosols affect the climate is by
facilitating condensation of ater vapor atop their surface to form droplets, and clouds
(Kohler, 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 resglin spontaneous droplet formation CCN
activation is defined as their CCN activity. Clouds that are subsequently formed interact
with solar and terrestrial radiations to al
to either warming or cooling dahe 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 modelavye shown that uncertainties in the estimates of
CCN activity subsequently translate to their cloud respdasg, but not limited to
Ghan et al., 1997, 2011; Nenes et al., 20Therefore, accurate estimation of CCN
activity of aerosols is importanoif correctly predicting cloud growth and their impact

on the climate.



Aerosols can affect clouds in either of the 2 ways (Figuiieldy) a change in the
cloud lifetime and cloud radiative forcing (first indirect effect of aerogdsjomey,
1977) or bya change in the precipitation efficiency and cloud liquid water content

(second indirect effect of aeroso(g)brecht, 1989) Both effects are described the

fMAer os ol Il ndirect Ef fecto (Al E) . Aer osol

multicomponent mixtues of organic and inorganic substances and have vastly variable
chemical compositions, and therefore variable physicochemical progertiebut not

limited to AsaAwuku et al., 2010; Bhattu & Tripathi, 2015; W. Liu et al., 2p05
Furthermore, quantiiation 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 tasiKulmala et al., 1998; Kanakidou et al., 200Bhese properties play

asignf i cant role in determining their ACCN
that the prediction of CCN activity of an aerosol species is highly sensitive to errors in

their physical and chemical measuremégtsang et al., 2017)

First Indirect Effect Second Indirect Effect

Lower albedo Higher albedo :
@ @ More efficient precipitation Less efficient precipitation

Larger drops — Low droplet Smaller drops — High droplet = Lower cloud lifetime * Higher cloud lifetime
number concentration number concentration * Lower cloud cover * Higher cloud cover

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 irunderstanding of CCN

activity and the factors that affect droplet growth (dagt,not limited taMcFiggans et

al., 2006; Petters & Kreidenweis, 2007; Thalman et al., @e such example is the
2
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application of computational and dateven approachefor performing chemical
analysis of ambient aerosols to identify their chemical compositiongakides et al.,
2011) In addition to this, there are advancements in the representation of CCN activity
in models under prescribed atmospheric conditipienes et al., 2001; Morales and
Nenes, 2010; Shipway, 2015§0verning 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 lggppsitations using
Global Climate ModelqLiu 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 responsesaes\ved to be more
pronounced in model responses for species with low hygroscopic yet wettable
characteristics, such as carbonaceous (organic) ae(o@olst al., 2014; Vu et al.,
2019) Carbonaceous aerosols have been well studied for their stroragecfioncing
resulting from their radiative effec{3alley et al., 2013)They innately possess low
hygroscopicity, but act as CCN due to their interactions with more hygroscopic and
soluble organic and inorganic spedi&aylor et al., 2017; Dalirian &il., 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 burdem, (@t not limited to
Barati et al.,, 2019; Bhattu & Tripathi, 2015; Xu et al.,, 201%he combined
atmospheric mass burden of primary and secondary organic aerosols can vary
anywhere between 20% and 90% of the total atmospheric aerosol mass, depending

the ambient condition&hang et al., 2007)Also, organic, and carbonaceous aerosol



particles are generally either nepherical or fractalike (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
responsé€Pringle et al., 2009; Spracklen et al., 2011; Karydis et al., 2@&23 result,

this dissertation aims to improve current analytical measurement and atalysiter
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 shownrethat
aerosolcloud-climate interactions (ACCI) related to organic and carbonaceous
aerosols are one of the | argest source
(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-saaje climate modeling
extensively study carbonaceous ACCI, there have been few attempts to implement
findings from catrolled measurements for improving larggale 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. Fumérmore, the details regarding parameterization of water uptake
for carbonaceous aerosols and its implementation within a-$&aje climate model

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

for chemical characterisan of atmospheric aerosols using their #@e Raman

of



spectral measurements. Lastly, this chapter concludes by providing an outline of the

subsequent chapters of the dissertation.
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Figure 2. Contributions of forcing agents dog 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 precursoghlighted along the-gxis. Error bars
represent the forcing uncertainty associated with each forcing term. Aelosdl
interactions contribute the greatest forcing uncertainty and climate sensitivity
uncertair:}t%es; the mean uncertainty ranging betwg&@to 0 W/nd with a mean around

-0.45 Wi/nt.

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 propertieparticle size, chemical composition, migin

state, surface activity, aqueous solubilityo name a fewPetters and Kreidenweis,

5



2013; Padro 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 sid@usek et al.,, 2006)Most of the widely
implemented CCN measurement procedures are based on the use of particle sizers,
otherwise kown 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 measusauguthe Droplet Measurement Technologies
Continuous Flow Streatwise Thermal Gradient CCN Counter (CCNC) based on the
design of(Roberts and Nenes, 2009he CCNC is coupled with an aerosol classifier
to sizeselect aerosol particles in the scanningdendo obtain the number size
distributions of the aerosol populatiiRose et al., 2008; Moore et al., 201Dhe size
selected aerosol particles passing through the CCNC are then subjected to
supersaturated relative humidity in the range of 0:2%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 aebysoleating a
temperature gradient across its cerahmed inner walls. Partickree sheath air keeps
the aerosol particles along the centerline of the column where the CCNC column retains
supersaturated conditions, and the particles can take upamatéorm droplets.

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

supersaturation in the CCNC exceeds their critical supersaturation. For the experiments



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 BBAZN setup is shown in

Figure 3.

°

TS13776
CPC

TS13080
DMA

AT — temperature
gradient

CCNC column
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Figure 3. DMA-CCN experimentation setup for measgrthe sizeresolved 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 elecali 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 Count@PC) and a CCNC to measure aerosol number

concentrations, and hence, estimate their CCN activity with respect to electrical
7



mobility diameters. The DMA is ideally supposed to apply a unit charge on the particles
before classifying them. However, it is geally 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 tpdes 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 measuremenSuchs and Daisley,965) In this dissertation, a

new experimental setup without particle charging artifacts was proposed and tested
with an Aerodynamic Aerosol Classifier (CambusBomAC) for particle sizing

(Gohil and AsaAwuku, 2022) The AAC classifies particles liheir relaxation time,

which depend on the mass and the mechanical mobility of the pa(fieteakoli and

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

aerodynamic diameters. A schematic of the AAC colunprasided in Figure 4.
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Figure 4. Schematic of the Aerodynamic Aerosol Classifier (AAC) instrument
representing how the polydisperse aerosols classified to generate monodisperse
population.



Unlike in the DMA, the drag force ondhparticles 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 multiplegihg. The AAC can also be coupled
with the DMA and be used for sizesolved shape factor and particle effective density
measurements of the aerosols. These measurements can be highly useful for
morphological corrections of aerosol particles, therebyihglwith further reducing
uncertainties in the CCN activity analyg¢igavakoli 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 ABCN <tup is shown in Figure 5.

The details of the AAthased 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 setuprfoneasuring the sizeesolved number
concentration of aerosols.

The CCN activity of any aerosol species can be expressed using a single
hygroscopicity parametel ). (Petters and Kreidenweis, 20Qfpvided a simple, yet
highly useful method based ohet traditional Kohler theory to compule of any
aerosol by combining their dry particle siZé  with the supersaturated water vapor

“Y amount at which the particles of the given size activate and form drdplstsot

a physical quantity but rather an indicator of the affinity of a given type of particle
towards water. And theoreticallyf, based on the traditional Kéhler theory exqaes

the chemical composition of the aerosols and is a function of the molar vdlume.
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). Furtherrhdee,
widely used in climate models to represent the CCN activity of different
atmospherically relevant aerosol species.

In the Kohler theory framework, all aerosols are assumed to be instantaneously and
infinitely soluble in water. The complete water solitypassumption for any solute in
K°hler theory is approximated using Raoul t
for many inorganic and organic aerosols with high water solubility and has been
validated experimentally (e.dout not limited toAsaAwuku et al., 2008; Chan et al.,
2005; Gohil et al., 2022; Padré et al., 2010; Peng et al., 2021; Petters & Kreidenweis,
2007; Razafindrambinina et al., 2022; Xu et al., 20lt4s important to note thdtis
strongly governed by the aqueous solubility the aerosol particles(Petters and
Kreidenweis, 2008; Sullivan et al., 200@)t does not require the aerosol particles to

soluble in water.
10



The distinction between aqueous solubility dnd especially relevant in the case
of carbonaceous and @gic species. Several of these species are classified as sparingly
water soluble (e.ghut not limited tasuccinic acid, various primary organic aerosols)
for which solubility is explicitly treated for hygroscopicity parameterization using
Kohler theory.Moreover, there are other species that are effectively weteluble
(e.g., black carbon) but possess wettable characteristics and are CCNDRativan
et al., 2018; Dusek, Reischl, et al., 2006; Laaksonen et al.,.Za#0juch cases, more
complex models (such as the FrenkéhlseyHill Adsorption Theory; FHHAT) have
been used for CCN activity analygiSorjamaa and Laaksonen, 200Kodels like
FHH-AT assume aerosol particles to be completely water insoluble and describe
droplet growth via wadr monolayer adsorption on to particle surface.

In this dissertation, a new computational framework was developed that combines
the effects of adsorptiedriven water uptake with solubility partitioning of the solute
(Gohil et al., 2022; Riipinen et al.025; Sorjamaa & Laaksonen, 200The 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. Additially, the effect of dissolved fraction of solute
on the droplet growth was accounted for th
formulation and application of this hybrid CCN activity framework are provided in
chapter 3 and 4. Furthermore, a sirfgfgroscopicity 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 theoret&tly 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 clinate modelgLiu et al., 2012, 2016aHygroscopicity parameters
within climate models are generally prescribed for different aerosol species based on
the literaturgLiu and Wang, 2010)T'he hygroscopicity parameters of different aerosol
types affectlie 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 aeroksohygroscopicity 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 Commuity Atmosphere Model 6.0 (NCARREAMG6). 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 differeaerosol 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

12



population. In particular, the hygroscopicityraaeter used applies the HAM model
developed in chapter 3 and thus provides a new approach to understandceudsol

climate interactions on a global scale.

1.3 Reattime Chemical Characterization of Atmospheric Aerosols

Recent and continuing studies show improvements in our understanding of CCN
activity and the factors that affect droplet groiMcFiggans et al., 2006; Asawuku
and Nenes, 2007; Asawuku et al., 2009a; Thalman et al., 201@ne such example
is the aplication of computational and datliven approaches for performing
chemical analysis of ambient aerosols to identify their chemical composition®.g.,
not limited toCarey et al., 2015; J. Liu et al., 201k has been shown that aerosol
identificationrelated problems can be solved by utilizing measured chemical
signatures (mass spectrometry, FTIRay diffraction, Raman spectrometry) (elaut
not limited toDoughty & Hill, 2017; Stefaniak et al., 2009; Toprak & Schnaiter, 2013
of aerosolparticles with the application of methods related to statistics, big data
analysis, signal processing and machine learning fgnot limited toCarey et al.,
2015; Christopoulos et al., 2018; Kwiatkowski et al., 20Ttis research combined
the idas 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 compaosition
and mixing stateOver the past decades, researchers have demonstraedl se
inferencebased (e.ghut not limited toCubison et al., 2008; Gunthe et al., 2p88ad
measuremenbased (e.ghut not limited tdout not limited to AsaAwuku et al., 2011;

Ervens et al., 20Q7approaches for discerning bulk aerosol chemiocahmosition.
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However, over the past few years, it has been argued that the use-i&ssized
aerosol compositions for studying CCN activation results in more accurate estimates
(e.g.,but not limited toCubison et al., 2008; Gunthe et al., 2009; Medirel.e2007.
Singleparticle aerosol measurement techniques provide a means to obtain size
resolved aerosol composition and henceforth are being rigorously expfngte
particle measurement techniques include mass spectrometry, fluorescence
spectroretry, FTIR, Raman spectrometry, and electbeam excitedxay diffraction.
Raman spectrometry (Raman, from hereon) has been shown to be a highly efficient
technique employed for characterization of compouBdsh@ et al., 1978; Jacobson,
2001; Sadezkyteal., 2009. 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 particlesf 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 usingahei
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 benefibf ARS over a traditional Raman spectrometer is a significantly
reduced stabilization time for the sample and high temporal resolution of spectral

collection (about 15 minute¢Poughty and Hill, 2017)
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Figure 6. Schematic of a REBBased 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 researthe main rationale for this research
was to use findings from controlled laboratory experiments for deriving cloud and
climate responses using a lagmale climate model. Chapter 2 discusses the
development of a novel CCN experimental setup using an A&sGument. The
findings of this work provide three major conclusiana. the CCN activity of low
hygroscopicity organic and carbonaceous species arequagtitified with the new
AAC-CCN experimental setup, b. using the AMCN setup produces very good
ageement with published singleygroscopicity 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 AB®IA coupling.

Chapters 3 and 4 describe theception, 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 énsecondary 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 aerosdloud-climate interactions with high certainty. The
findings from chapter 3 describe that egpl 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 analysisobtlike species. Through chapters

3 and 4, it was established that a hybrid solubdiigorption CCN framework can be
successfully predict droplet growth associated with pure and mixed species with a
variety of physical, chemical and morphological prtips.

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
agosol modes considered within CAiVBlack 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 chapte 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 intnea over at White Sands (New
Mexico) and comparison of thmeasured 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 partiblasis. Finally, chapter 7 outlines final
remarks, future work, as well #ge broader implications and overall conclusion of this

dissertation research.
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ChaptCGdrou2zd: Condensation Nucl ei

( |

of Aerosols Using the Aerodynami

Access published article at

Gohil, K., & AsaAwuku, A. A. (2022). Cloud condensation nuclei (CCN) activity
analysis of lowhygroscopicity aerosols using the aerodynamic aerosol classifier
(AAC). Atmospheric Measurement Techniques, 15(4),-1009,
https://doi.org/10.5194/art5-10072022

2.1 Absract

The Aerodynamic Aerosol Classifier (AAC) is a novel instrument thatssierts
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
chargingartefacts as classification using an AAC does not require particle charging. In
this work, an AAGbased CCN experimental setup was developed and applied for CCN
activity analysis of aerosols. Computational methods were also developed to quantify
the unceminties 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 inta Pythonbased CCN Analysis Tool (PyCAT 1.0) opsource
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 largaerodynamic diameters ¢ ¢ mm). The sizeesolved
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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 glet activation and the subsequent uncertainties with respect
to the singlehygroscopicity parametell J are reported. For a known aerosol such as
sucrose, thé derived from the critical dry aerodynamic diameter can be up to ~50%
different from the theticalll . 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 Il - Kéhler theory improves thegreement between measured and theordticaiven

the limitations of the coupled AACCN experimental setup, this setup is best used for
low hygroscopicity aerosol ( 0.2) CCN measuremenibhis work demonstrates the
application of the AAC for CCN ggications, 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 osut$ace; the condensation
occurs in supersaturated ambient conditions resulting in the formation of droplets. The
use of sizeesolved aerosol number concentrations obtained with the help of counting
instruments is a reliable method for determining the @CiWity of aerosols (e.ghut
not limited toBarati et al., 2019; Moore et al., 2010; Petters et al., 2007; Rose et al.,

2008; Zieger et al., 20).7Currently, the most common method for studying CCN

18



activation uses a CCN counter (CCNC) and couplestht an aerosol classifier. CCN
activity measurements have consistently improved over the past few years since the
development and commercialization of the Contindélasv Streamwise Thermal
Gradient CCN Chamber (CFSTGC) developed by the Droplet Measnreme
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 sizeselect ultrafine particles.

An aerosol classifier sizeelects and geneest a monodisperse aerosol from a
polydisperse aerosol population. The most widely used aerosol classifier for CCN
measurements is the Differential Mobility Analyzer (DM&Jnutson and Whitby,

1975; Rader and McMurry, 1986; Wang and Flagan, 198 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 ootu Many CCN studies use the

DMA in fiscanning modeo for which stepwise \
to generate monodisperse particles betwe&@-500nm. The sizselected particles

are then counted by a Condensation Particle Counter (CRIC) 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 distributionsaethbined
to calculate the sizeesolved 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.,8b, soft Xray, or Pe210) 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 theesalectrical mobility as larger particles
carrying a higher integral charge. Therefore, the perceived monodisperse aerosols

likely contain a mixture of differerdized particles. This issue is known and can lead
to discrepancies in the sizesolved actigtion ratio — (Moore et al. (2010)).

Hence, charge correction algorithffsichs, 1963; Wiedensohler, 1988 commonly
applied to resolve particle multiple charging issues and data correction is applied in
CCN software. Multiple charging errors catill affect the reliability and efficacy of

CCN activation data.

The multiple charging issues in electrical mobiligsed classifiers have led to the
development of instruments that use particle mechanical mobility. Classifiers can
measure the relaxatidime in pressurized flow or fremolecular (vacuum) regimes
(e.g., but not limited toChein & Lundgren, 1993; Conner, 1966; Flagan, 2004;
Keskinen et al.,, 1992; Marple et al., 199Recently, the working principle and
instrumentation details for an Amtynamic Aerosol Classifier (AAC) were described
(Tavakoli and Olfert, 2013; Tavakoli et al., 2014he AAC does not require particle
charging for sizeselection and does not produce multiple charging artitaets et al.,
2020) The AAC classifies articles with respect to their relaxatibme andreports

ther correspondingerodynamic diameter.
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The AAC has been used with different instrumedtdinson et al., (2018fed the
AAC in tandem with the Scanning Mobility Particle Sizer (SMPS) to ahterize the
transfer function of the AAC. The AAC can classify particles as largemg&ohnson
et al., 2018)Furthermore, the AAC in tandem with a DMA can determine the aerosol
dynamic shape fact@iavakoli and Olfert, 2014; Barati et al., 2019; Y&al., 2020;
Tran et al., 2020and particle effective densiffavakoli and Olfert, 2014; Peng et al.,
2021b) SangNourpour & Olfert, (2019RandTran et al., (20203liscuss methods for

Optical Particle Counter (OPC) calibration using an AAC.

In short, the AAC is increasing in popularity (elgut not limited taJohnson et al.,
2020, 2021; B. Su et al., 202However, the scientific knowledge of coupling an AAC
with a CCNC is limited. One previous stu®arati et al., 2019published results for
the CCN analysis of lovaygroscopicity aerosols but did not investigate the
uncertainties in AAGCCN sizeresolved measurements and CCN activity predictions.
To our knowledge, the validation of AACCNC coupling on CCN measurementlan
prediction has not been studied before, and hence the@@KC coupled system is
currently not well understood. This work explains the AGCNC coupling for CCN
activity measurements and uncertainties associated witksaliegetion, number size

distribuions and CCN activity estimates employing the AAC transfer function.

In addition to a standardized experimental protocol for an AXXNC setup, a
computational tool also needs to be developed for CCN analysis. Currently, the
Scanning Mobility CCN Analysi€SMCA) (Moore et al., 201Qackage is widely used

to calculate the CCN activity of aerosols using their electrical moluléysified
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number size distribution data. The processeddigteibution data from the SMCA can

be analyzed using the Kéhler trg (Kohler, 1936; Seinfeld and Pandis, 1998/1CA

has been shown to efficiently perform functions that include inversion of time series
measurements to obtain simsolved datgWang and Flagan, 1990and multiple
charge correction using the algbm given byWiedensohler, (1988 SMCA works

well for a variety of organic and inorganic aerosols to estimate their CCN actigty (
Barati et al., 2019; Dawson et al., 2020; Fofie et al., 2018; Giordano et al., 2015; Moore
et al., 2010; Padro et a2012; C. Peng et al., 2021; Vu et al., 208D far, there is no
computational analysis tool for data processing or CCN analysis using their

aerodynamic measurements based on AZCNC setup.

In this work, the AAC was coupled with the CCNC instrumentribag 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 SectiaB)28d is avéable 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 CCNsaahlys
aerosols. After that, the uncertainty estimation is discussed associated with
aerodynamic size selection and the propagated error into the CCN activity aaalysis,

the impact on the subsequently derived shiglgroscopicity parametefl values.
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2.3 Data and Methodology

2.3.1 Instrument and Setup

A CambustiokE Aerodynamic Aerosol Classifier (AAC) sizelected
polydisperse aerosol. Briefly described here, the AAC contains 2 concentric cylindrical
columns for particle selection. The schematic of a typical AAC is shown in Hgure
The particles armtroduced 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 acrss 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 theirsize. 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 aes smaller than the threshold, exit the classifier along with the exhaust flow.
The working principle of the AAC has been described previously in extensive detall

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

Figure 7 shows he experimental setup used in this study. The classified aerosol
was split into 2 streamsthe first stream was passed through a Condensation Particle
Counter (CPC, TSI 3776) to obtain total aerosol particle counts (condensation nuclei,
CN), and the secahstream was passed through a DMT Contintiloss Streamwise

ThermalGradient CCN Chamber (CFSTGC, or simply CCNRyberts & Nenes,
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2005 to obtain activated aerosol particle counts (cloud condensation nuclei, CCN).
The CCNC consists of a cylindrical e¢hber 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 highhersdluble, moderately hygroscopic
oligomer that is an atmospherically relevant aerosol from biogenic sqaeson et

al., 2020) The CCN properties of sucrose have been-stallied and characterized
(e.g.,but not limited toDawson et al., 2020; Rets & Kreidenweis, 2007; J. Wang et

al., 2017; Xu et al., 2034Sucrose was selected as an appropriate choice of aerosol to

benchmark the AAGCCNC experimental setup.
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Figure 7. AACT CCNC experimentation setup for measuringdizeresolved 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. hie atomization typically produces dry particles in the submicron size range.
A total sample flow rate of 0.8 L mifhwas split between 0.3 and 0.5 L nifor the
CN and CCN measurements, respectively. Additionally, a sheath flow rate of 8 L min
lwas applied to maintain a shedathsample flow ratio of 10:1. Furthermore, the AAC
was maintained at a temperature and pressure of @1abd 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 sizeesolved (NH4)2S04 measurements from 0.2 to 0.6% supersaturation

are provided in the appendix sect@h.1.

The AAC was operated in the "stepanning mode". In stegcanniig 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
activaton ratio — was calculated for each sigelected aerodynamic diameter. A

sigmoidal fit was applied to the sizesolved activation ratio. The critical dry diameter
is defined at the 50% activation efficiency at a constant instrument supersaturdtion an
was reported every 30 minutes and repeated 5 tiondee 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 Kdhler
theory (Kohler, 1936; Seinfeld and Pandis, 1998)estim#e the sizandependent
singlehygroscopicity parameteti of the aerosol speciels.of an aerosol species is

calculated as follow&Petters and Kreidenweis, 2007)

I ~——— where6 —— (2.1)

In the abovesquation © s the critical dry diameter of the aerosol species at
supersaturatioflY Physically,O 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 tleshold remain unactivated. ,, and” correspond to the molar
mass, surface tension and density of water, respectiveyhe universal gas constant,
and”Yis the average temperature inside the CCNC column. Under the Kohler theory
framework,thell of an aerosol species can be related to the molar rdassdensity

, and Vanot oHtbefsblutgfSaligan etmal., 2009; Mikhailov et al.,

2013)

N — (2.2

Eqg.(2.2) assumes complete aqueous solubilitthe aerosol species. Past studies have
found sucrosé from CCN measurements (obtained from £4) in the range of 0.06
0.1 (e.g.put not limited tdDawson et al., 2020; Ruehl et al., 2016; J. Wang et al., 2017,
Z. Wang et al., 2015; Xu et al., 2014~urthermore, the theoreticll of sucrose
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(obtained from Eq..2) is 0.084 and implies that the previously repolftestimates of
sucrose are in good agreement with the theoreticaf sucrose. Therefore, the
theoreticall (from Eq.2.2) can alsde used to validate the sucrdisderived from the

AAC-CCNC setup.

2.3.3Pythonbased CCN Analysis Toolkit (PyCAT 1.0)

Each stegscanning mode timeseries using the ABCNC setup measures 90 CN
datapoints and 1400 CCN datapoints. Therefocenaputationally efficient method is
required to synchronize and analyze the AAC and CCNC datasets. A computer code
(Pythonbased CCN Analysis Toolkit, PyCAT) was developed to analyze both SMPS
and AAC sizeresolved CCN data for CCN activity analysis. Thoele is written in
Python3.7 and uses the most recent version of theibdilbraries. It can perform
timeseries data synchronization and analysis, CCN activity analysis (section 2.2) and
uncertainty analysis (section 3). In addition, the code provides@sesizing properties
at the point of activation and Kéhler 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 packagbhdheihecessary 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
guantify the uncertainties associated with aerodynamic unemgnts and how they

manifest in the CCN activity.
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2.4 Uncertainty Analysis of Measurements

The uncertainty analysis for particle sgelection using the AAC in stegcanning
mode has been described in detail previo@@nson et al., 2018; Yao et,&020)
In this section, the derivation of AAC uncertainty has been briefly described and fully
describe the effects of skmelection for CCN activity and singparameter

hygroscopicity uncertainty analysis.

Aerosol particles moving with an axial spleé through the AAC column
experience drag force. The drag force on a particle of an assumed spherical shape can

be expressed as,

o) — (2.3)

where 6 is defined as the mechanical mobility of the spherjuaiticle

(Tavakoli et al., 2014; Johnson et al., 2018; Yao et al., 2620)a given set of AAC

operating conditions) can be determined §8avakoli et al., 2014; Yao et al.,

2020)

0 _— (24)

where* is the dynamic viscosity of the surrounding gas, is the particle

diameter under the assumptions of sphericity, @n@ i's the Cunningha
slip correction factor of the particle with the diaméger (described in appendix

section2A.2).
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The particle drag force is balanced by the particle centrifugal force in the AAC for
sizeselection(Tavakoli andOlfert, 2013) The particle centrifugal force is defined as

follows,

o) al i (2.5)

whereda ,]7 andi are the mass, rotational speed, and radial position of the particle,

respectively. The aerosol particle relaxation tinfe &6 . Using this

definition, the force balance expressibis expressed as,

t — (2.6)

The maximum particle relaxation timg’ is calculated as followd@ avakoli et al.,

2014)
¥ — (2.7)
wherei , i and 0 denote the classifier inner radius, outer radius, and length

respectively.0  and 0 are the inlet sheath flow and outlet exhaust flow,
respectively. In this studyy, and0  were fixed by the CPC sample flokeq is
the only variable parameter in H3.7) and defines the setpoint for sigelection and

determines thé” corresponding to particles of desired aerodynamic diameter.

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

agodynamic diameter as follow8ohnson et al., 2018)

t — (2.8)
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where” is the reference density of 106081 anddé 'Q is the Cunningham slip
correction factor of the particle with aerodynamic diamé&er. The a&rodynamic
diameter of a particle is defined for a spherical particle with a density ofEL@DO .

A non-dimensional relaxation timdg — is calculated by dividing Eq2.8) 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, 20T3)akoli & Olfert, (2013developd
the AAC transfer function following the methodology frémutson & Whitby, (1975)

In this work, the nofdiffusing particle streamline TF theory is used to describe particle
classification(Tavakoli and Olfert, 2013)The AAC TF is denoted by, andrfaeal
nontdiffusion conditions, it is defined as folloiglartinsson et al., 2001; Tavakoli and

Olfert, 2013; Johnson et al., 2018)

8 n isté ptssd pitssd piis sé6 p s (2.9)

wherg andT ——, such thad is the inlet aerosol flow, and is the

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

V] U and v 0 ,and thus and were reduced te—and O, respectively.

Under the balanced flow assumption, E219) can be simplified tqJohnson et al.,

2018)

mpgyptH —tsté p 1t s sté6 p 1 s qtstd ps (2.10)
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The nonideal particle behavior was accounted for by incorporating a transmission
efficiency _ and transfer function width factor in the TF (described in
appendix sectio2A.2). The resulting TF for nemeal, nondiffusing, balanced flow

conditions is expressed @whnson et al., 2018)

[

t 16 p — 6 p — ¢istd ps (2.11)

m pr TATLN

Figure8 compares the theoretical TFs for ideal (Eg. 10) andideal (Eq.2.11)
particle behaviors under the balanced flow,-dd@fusion AAC framework. The two
transfer functions are shown for a particle aerodynamic diametd5@fnm ¢

=147.7ns, Eq2.8).
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Figure 8. The ideal (blue) and nonideal (NI) (orange) AAC tréerisfunctions based
on the particle streamline natiffusion (ND) model as developed by Tavakoli and
Olfert (2013). The transfer functions are shown relative to 150 nm aerodynamic
diameter as the sebmt. 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 N 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 selectin using the AAC.
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The AAC resolution can be determined from the TF broadening relative to the
setpoint att 1° (or 16 p). 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 constarfyao et al., 2020)The AAC resolution can also be expressed in

the coordinates of the aerodynamic diameteras —— which forms the basis to

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

(2.11), the uncertainty in relaxation time(i¢ao et al., 202Q)

i —_ - _ (2.12)

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

aerodynamic diameter as follows,

¥ _ L —— (2.13)

where| C® of T80 @ @ndT ™8 w Yave the Cunningham slip correction
factor coefficients taken frorfKim et al., 2005) and_ is the mean free path of the
particles. The aerodynamic diameter das 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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Q QO — (2.14)

where” isthe particledensity Q@ i s the Cunninghamdéds slip c
the particle with the volume equivalent diametf@r,, and...is the sizedependent

dynamic shape factor. The uncertaintiesthe volume equivalent diameter are

guantified using the uncertainties in measured aerodynamic diameter and dynamic

shape factor as follows,

- (2.15)

Theuncertainty given by Eq2.15) has a direct implication to the aero#iolFor a
given supersaturation, the uncertaintyllins dependent on the uncertainty in the

volume equivalent diameter, and is expressed as,
— ot— (2.16)

Eq. (2.16) implies that the relative uncertainty linis theoretically 3 times more

than that of the critical dry diameter. In Eg.16), theO can either be the critical

dry electrical mobility, aerodynamic or volume equivalent diameter. In thik, e
uncertainties in Eq2.16) 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 alenagbl

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

2.5Results 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¥ajure
The CN and CCN particle counts are plotted against the aerodynamic diameters. Error
bars in the yaxis denote the relative uncertainties in the CN and CCN number
concentrathns. 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 inMoore etal., (2010)and are briefly described in appendix sectén4.

The observed relative uncertainties in the CN and CCN concentrations pekefor
every aerodynamic diameter, which indicates that counts are repeatable.9gjure

n

shows the sizeesolvedactivation ratio Y for @ w Bupersaturation

"Y, whered 0 UYP is the CCN measurement at the const®andO divided by
CN measurements at const@ht 0 U'O . A brief description of the sigmoidal fitting
and its mathematical representation is provided in the appendix s@éti8nThe
sigmoidal fit applied to they is also shown in Figur&b). Error bars on the-gixis in

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

estimation of yaxis uncertainties oY in Figure9(b) are also provided in the appendix

section2A.4.
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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 fdaand to
about 130 nm from the activation ratio obtained using theres@ved measurements.
The dry aerodynamic activation diameter corresponds to the 50% activation efficiency,
which corresponds to an activation ratio of 0.47. Furthermore, the uncertairtties
aerodynamic diameters, CN and CCN number concentrations, antdesihecd
activation ratio are also denoted on the plot using their respective error bars.

In both Figured(a) and9(b), the error bars along theaxis show uncertainties in
aerodymmic diameters estimated using the AAC TF. THaxis uncertainties in Figure
9(a) and9(b) decreased with increasing aerodynamic diameters. The decrease-in the x
axis uncertainties can be explained using Fidi@) which shows the AAC TF for
norrideal particle behavior. For nadeal AAC TF, the increase in the AAC resolution

can be attribted to a monotonic increase in the transmission efficiency and

transfer function width factor  with respect to the aerodynamic diameter (Figure

35



10(b)). FigurelO(a) shows that the AAC TF broadening decreases with an increase in
aerodynamic diametdpr 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 rd$ssl in a decrease in theaxis 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 simlection and counting. From our AAGCNC
measurements at 8 L minthe minimum AAC resolution was 10.1 to prevent excess
transfer function broadening and improve the accuracy of therespéved
measurements. Figul€)a) is a direct result of E2.13) and suggests that reducing

the error in size measurement reduces the magnitude of error propagation fer single

hygroscopicity parameteti .
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Figure 10. (a) NDi Bi NI transfer functions for lovilow 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 higlighted 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 sidependent transmission efficiency ( blue) and
transfer funton 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 erease in the AAC transfer function resolution and a decrease in the
sizerelated 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 sesitive 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 AAGCCNC sigmoidal fitting is similar to that applied by SMCA (Moore
et al. (2010)). However, the sigmoid applied to the ABCNC measurements does
not require theorrection of multiple charging artefacts. The critical dry aerodynamic
diameter (130nm) andy (0.39%) were then combined using the Kohler theory
framework (Section 2.2) to estimate the siAgygroscopicity parameterll of
sucrose. At 0.39% thiewas faund to be 0.041 (EQ.1). This had & 51% difference
with respect to the theoretidhl(0.084) of sucrose. Like FiguBgb), Figurell shows
the sizeresolved activation ratios estimated from the measured number size
distributions at 5 different supersaations (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 frore 8izeresolved activation ratios at respective
supersaturations are provided. For every set ofreigelved activation data, theaxis
uncertainties increase, while theaxis uncertainties decrease with increasing

aerodynamic diameters (Taldd). Il 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 E(R.16). Thell and associated uncertainties were averaged for
5 sets of measurements at evieistrument supersaturation. Accounting for changing
instrument supersaturations, the méafor the set of 5 aerodynamic measurements
wastidt 0 @ 18t T (Blightly < 0.041, the medhat 0.39% supersaturation). The 0.036

I value was less than previously ogfed sucrosd values from electrical mobility
CCN measurements (in the range of €00B) (Xu et al., 2014; Ruehl et al., 2016;
Dawson et al., 2020as well as the theoretical sucrds@.084). This relatively large
differences betweelh values ag 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” = 1000E @i , and is likely true in the case of sucrose as
its bulk density =1586E @ , which is significantly larger thah . 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 equivant diameters by accounting for the particle dynamic shape factor
and true particle densityTavakoli and Olfert, 2014)Sizeresolved shape factor
measurements of sucrose are described in detail in the appendix 8adhiddynamic
shape factor... = 1 corresponds to spherical particles, and p marks a deviation of
particle shape from sphericity. For sucrose particlés &erodynamic diameters
betweenx 100nm and 250nm, the sizesolved dynamic shape factor was
approximately 1 and was observed to be only as highlakfor particles witfQ

p Ttmm. Table2.1 provides a summary of critical dry aerodynamic diametedstheir
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volume equivalent counterparts found in this study for CCN measurements at different

supersaturations.
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Figure 11 Sizeresolved activation ratios are shown over a range of instrument
supersaturations as presented on fhet. 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 the&spective 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.

Thell computed usg Koéhler 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 ofn@nspherical aerodynamic particle. However, the volume
equivalent diameter accounts for the aerosol density as well as the deviation of the
aerosol particlesd shape from sphericity a
estimates. The meah of suacdose computed from critical dry volume equivalent
diameters was estimated to &8t w T8t 11.@The critical dry volume equivalent

diameters combined with their respective critical supersaturations provided estimates

39



of sucrosdl that are in a better agreemerith the theoretical and previously reported

hygroscopicity values.
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¢ DMA-based dataset
AAC-based dataset
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Figure 12. The variation in uncertainty of sizesolved measurements using a DMA

and AAC are compared in this plot. The orangedbsthed lines denote the range of
uncertainty in measurements in an AAC, and the blue dashed lines denote the range of
uncertainty in reasurements in a DMA. The black solid lines are the best fits for the
sizeresolved measurements for sucrose obtained using the Kohler theory.

Table 1. The table provides the analysis summary of the set of measurements
performed fosucrose with the help of the AACCNC setup. At low supersaturations,
sucrose has large dry activation diameters for which the measurement uncertainties are
slightly lower. Furthermore, the CCN activity predictions in termsuing the Kéhler

theory ae also accurate. With an increase in the supersaturation the dry activation
diameter reduces, and correspondingly the variatioasamtinue to rise, being as high

as about 35% at 0.58% instrument supersaturation. The conversion of dry aerodynamic
activaion 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 describe@iaakoli & Olfert,

(2014)
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Instrument Dpg,  Uncertainty K Relative  Dynamic Volume ko oieq Relative
supersaturation  (nm) Dy, difference — shape equivalent difference
(S) measured & factor diameter Keorrected VS-

VS. Ktt;lc()rclical (x) Dv,psﬂ (nm)*© Ktheoretical
0.23 % 186 +7% 0.04 £ 0.0083 52.4% 1.019 140 0.093 10.7 %
0.31% 155 +7.3%  0.038 £0.0082 54.8 % 1.023 116 0.087 3.6%
0.39 % 130 +7.6% 0.041 £0.0092 512% 1.044 95 0.099 17.8%
0.48 % 116 +7.8% 0.04 £0.0091 52.4% 1.037 86 0.088 4.76 %
0.57 % 110 +8%  0.032+0.0074 61.9% 1.052 80 0.081 3.6%

#  determined using the dry aerodynamic activation diameter in the Kéhler theory framework. b Theoretical x of sucrose determined from ideal Kéhler theory =0.084.
€ Volume equivalent diameter including the dynamic shape factor with the dry aerodynamic activation diameter. d ¢ determined using the volume equivalent activation

diameter in the Kdhler theory framework.

2.6 Summary, Recommendations and Implications

This study presents the AACCNC experimental setup. The presented
methodology can be applied for CCN activity analysis of different aerosol species.
Aerosol sizeselection with the AAC does not require chaggof particles; thus, the
AAC-CCNC coupling generates truer monodisperse aerosols, ideally sigmoidal
activation data, and improves the accuracy of-stselved measurements. For AAC
derived critical dry aerodynamic diameters, the sizing uncertainty gerlat low
particle sizes and reduces with an increase in particle size (Table 1). Thus, larger critical
dry aerodynamic diameters are preferred with the AZCNC setup and so the AAC
CCNC setup more applicable for CCN measurements chlggvoscopicity amsols.

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
obsevation can be made based on the findings in Fig0ref Johnson et al., (2018)

To reiterate, the uncertainties in the electrical mobility diameter increase for larger
particle sizes (Figurel?2). Table S6.1 provides the measure wfcertainties 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 ®,5which can significantly
reduce the counting statistics. This suggests th&’ m was a suitable upper limit of
aerodymamic diameters for laboratory AACCNC 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 0:8anehin
8 L min?, respectively. Additionally, AAC TF equations (section 3), indicate a lower
size limit ofx 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 @per and the previously described CCN activity measurer{lRote
et al., 2008; Moore et al., 2010) can be inferred that AAC is useful for particle
classification and sizeesolved measurements for relatively larger particles in the
submicron regime.Furthermore, 85nm is a reasonable lower limit for CCN
measurements of loWwygroscopicity aerosols. LoWwygroscopicity aerosols
(predominantly organics with  1&; Petters & Kreidenweis, 2007; Vu et al., 2019;

J. Wang et al., 2019; Xu et al., 201db rot activate readily at smaller particle sizes
and atmospherically relevant supersaturations (<1%). The laboratory number size
distribution measurements for such aerosols are reliable at low terangd

supersaturations with the AACCNC setup.

The uncertety analysis in this work shows that si@solved 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 diamderivedll 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 sizeresolved gnamic 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 densityE2.14). The aerosol hygroscopicity
estimates using volume equivalent diameters in the analysis showed good agreement

with previously reported sucrose hygroscopicity values in literature.

Overall, the AAGCCNC coupling offers a promising tool for obtaigirsize
resolved CCN activity measurements for challenging-hygroscopicity organic
aerosols. Using the AACCNC setup, the measurements and activation properties are
obtained in terms of aerodynamic diameter. However, the sole use of aerodynamic
diametes should be avoided in the context of CCN activity. CCN activity depends on
particle size and chemistry; aerodynamic diameters assume a constant density of
100CE @ , therefore neglecting the densities of different chemical species. The use
of aerodynamicdiameters for CCN analysis has significant consequences for the
representation of aerosols and for the estimation of hygroscoplcityFuture work
should add the dynamic shape factor and particle density in aerodynamic diameter
derived CCN activity analys. The additionally known parameters improve agreement
between the measured and theoreticalalues. 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 instrumeatton used before the CCN counter. That is, if one uses
the same CCN counter, the uncertainty in the supersaturation (from changes' the
flow rate, and3a0) are constant. One can add additional calculations of error in
supersaturations by referringRoberts & Nenes, (2008ndRose et al., (2008)f the

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

the CCN measurements at the same time.

AppendixX2A

Summary This appendix contains the CCN6upersaturation 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 DMbased CCN measurement data and assatia

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 pressuggadient 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 swpatisgsm 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).

Table2A.1 . ( 3/ CCN Counter (CCNC) calibration data

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

8 8 p U X@ ¢
8 ™ Y P& T
8 T8 TG LV TE
8 ™ wo T® p
8 ™ y @ TR ™
8 X X P o®% T
8 T8O L X C & T
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Critical Dry Diameber (nm)

Figure2A.1. CCN counter (CCNC) calibration using(
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from DMA-based setup. The critical dry electrical mobility diameters are plotted
against their respective instrument supersaturations and are overlayed agdinst the
T line that corresponds to pure ammonium sulfate (Petters and Kreide(2007)).

2A.2 Estimation of AAC measurement parameters

2A. 2.1

Cunni nghamos

S|

p Correction

Factor

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

St okesbo

where t

| aw provides

he

a

solution for

R e y n ¢Qrovdeset al.,l200OBYenrunderlying Assumption

esti

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 ttmean 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 sige and is asdllows,

6Q p -t T tA@bDr i- (2A.1)

where C® of T80 @ gnd; m& w Y(Kim et al. (2005))._in Eq. RA.1)
is the mean free path of the surrounding gas particles which is estimated as follows (Eq.

(2A.2)),

[ S N (2A.2)

where_ is the air mean free path at the reference conditiogs@®f€ &, "VYis the air
temperature in the classifierin "Y is the reference temperaturecofogp w, 0 is the
air pressure in the classifierin is the reference pressurefrt p olcdand"Vis

the Sutherland constant for airmfp &t .
2A. 2.2 Cunninghamés Slip Correction Factor

The AAC transfer function includes nadeal particle behavior ugy the transmission
efficiency _ and transfer function width factor . The_ of the AAC is

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

where_ is the entrance/exit transmission efficiency of tlessifier, and_ is the
diffusional transmission efficiency. for the AAC has been typically observedrah

_ Isgiven as,
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where] in Eq. @A.4) is a sizedependent deposition parameter and is given as,

1 Q , such that) s the effective deposition length of the AAC and

has a value of 46D Q is the sizedependent diffusion coefficient of the particles,

and0 is the aerosol flow rate.

2A.3 Sigmoidal fitting for sizeesolved activation ratio

The critical dry diametefO j;  for an aerosol at a given supersaturation is determined
with the hep of the sizeresolved activation ratio (denoted by—). The— for a

singlecomponent aerosol population is known to fit a sigmoidal function with one
plateau. The halinaximum point of the sigmoidal fit then corresponds to@he of

the aerosol at the given supersaturation-pgadameter sigmoidal function was applied

to the—— v/s'O measurements of sucrose at different supersaturations to calculate

their respectivé© ; . The sigmoidal function used fit thatd is shown as E{RA.5).

) (2A.5)

0 and0 are the minimum and maximum of the sigmoid respecti@lys the slope
of the sigmoid. The sigmoid is fit was scaled over a range of 0.0 to 1.0, iando

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

measurements

If O generally denotes the piate counts from a CPC or CCNC, afd denotes the
aerosol flow rate hte relative uncertainty in the measured particle concentration
is determined from the relative counting uncertaifty and the relative flow rate

uncertainty T as follovs (Moore et al. (2010)),
T T T (2A.6)

Particles are assumed to be randomly distributed throughout the sample. Poisson
statistics can be used to estinfateas— 0 . For the CCN counter (CFSTGC),

the] is generally T P For the TSI CPC 3776, is about¢ b The uncertainties

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

resolved activation ratiocY ¥ —— . The unertainties in sizaesolved activation

ratio T can be denoted as,

T T T T T T T (2A.7)

f 0 0 f f (2A.8)

Eg. @QA.7) can be simplified to Eq2A.8). Under standard experimental conditions,

for most atmospherically relevant CN concentratipns, is 7% or less, whilge

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

1.04 O Sucrose shape factor
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Figure2A.2. Sucrose dynamic shape factor data for sucrose, collected using an AAC
DMA setup (Tavakoli and Olfert (2014)). The simsolved shape factor is plotted
against the aerodynamic diameter measurements of sucrose. Shape factor relates
aerosol denty 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 rage of sizes, which implies that sucrose particles are mostly spherical.

2A.6 DMA-CCNC measurements
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Figure 2A.3. Sizeresolved activation data of sucrose determined using CCN
measurements using the DMxased setup. The activation ratios are shown with
regpect to electrical mobility diameter of the particles.
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Table A2.2. Sucrose DMAvased CCN Activation Dat&lncertainties in Critical Dry
Diameters Using Electrical Mobility Measurements from a Dbbsed Setup

Instrument Supersaturatior Uncertainties in Critical Dry

Critical Dry Diameter (nm)

b Diameters b
8 puLdy X& ¢
8 pPCH X® p
8 W@ P80 P
8 U o v
8 X & oD X
8 o B 08 O
8 V& 08 p

K = 0.084

10% 4

Critical Dry Diameter (nm)

101 T 107
Supersaturation (%)

Figure 2A.4. CCN measurements of sucrose from DNbAsed setupThe activation
measurements overlayed with 18t  tine which corresponds to pure (ideal)
sucrose.
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Access published article at

Gohil, K., Mao, GN., Rastogi, D., Peng, C., Tang, M., and #Aseuku, A.: Hybrid
water adsorption and solubility partitioning for aerosol hygroscopicity and droplet
growth, Atmos. Chem. Phys., 22, 12763787,
https://doi.org/10.5194/ac@2-127692022, 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 tettegdic 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 wassmluble and effectively wat
insoluble species, the supersaturated and subsaturated hygroscopicity derived from
(KT) principles do not agree. To address the disparities in theasdbsupersaturated
droplet growth, a new analytical framework called the Hybrid Activity Model (HAM)
was developed. HAM incorporates the aqueous solubility of a solute within an
adsorptiorbased activation framework. FrenkétlseyHill (FHH)-Adsorption
Theory (FHHAT) was combined with the aqueous solubility of the compound to
develop HAM. Analysis frorHAM was validated using laboratory measurements of
pure PTA, IPTA, TPTA and PTAPTA internal mixtures. Furthermore, the results
generated using HAM were tested against traditional KT and-ARkb compare their
water uptake predictive capabilities. A diepygroscopicity 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 &AM framework may

be applied to aerosols of varying chemical structures and aqueous sollibistis the

first time the adsorpticthased droplet growth is combined with solubility partitioning

to formulate a hybrid droplet growth framework. Chaptemnd 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 scatteng 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 webtudied and understood, the indirect effect is still the
most signifi@ant source of uncertainties in climate forcing. This is primarily attributed
to the poor understanding of the CCN activity and hygroscopic properties of organic
aerosolqTalley et al., 2013)Organic aerosols are ubiquitous in the atmosphere. They
contiibute significantly to the atmospheric aerosol mass burden and account for 20
90% of total tropospheric fine aerosol mgksinakidou et al., 2005)urthermore,
organic aerosols can mix with other organic and inorganic species in the atmosphere to
modify their the CCN activity and hygroscopic properties (ebgt, not limited to
Baustian et al., 2012; Fofie et al., 2018; Padro et al., 2012; Sanchez Gacita et al., 2017,
Schill et al., 2015; H. Su et al., 2010; Vu et al., 20Cbnsequently, the CCN activity
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of organic aerosols needs to be waihracterized to reduce uncertainties in the climate

forcing due to indirect effect of aerosols.

Much of the CCN related research focuses on highly vaatietble and sparingly
watersoluble compounds (e.g., but not limitedAsa-Awuku et al., 2010; Jing et al.,
2018; Samy et al., 2010; Taylor et al., 2DFobr such compounds, Kéhler Theory (KT)
is traditionally applied to study their CCN activity and predict their hygroscopic
propertes. KT explains droplet growth by combining the water activity described using
Raoultds | aw (solute effect) (Kihlet 1836y he Kel v
KT is applied under the assumptions of infinite and spontaneous water solubility of the
solute and an infinitely dilute water droplet soluti@sa-Awuku et al., 2010; Huff
Hartz et al., 2006; Barati et al., 2019; Dawson et al., 20P@at is, if the aerosol
instantaneously disassociates in water, traditional KT aptly explains the dyapleh
driven by molar volume and droplet surface tengidahler, 1936; Sullivan et al.,
2009; Giordano et al., 2015)hese assumptions work well for many aerosols that are
highly soluble ( p 1 | soluted  water; Petters and Kreidenweis 2007) foatn
thermodynamically ideal solutions in water. Moreover, the water uptake characteristics
of such highly watesoluble compounds can be predicted with a single KT
hygroscopi ci (PetterpaadKeeilenwees r2007)asT)he o par amet er

int his way is defined as the Aintrinsic ao

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 bynporating 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 fisolubility partitioningo freé
analysis of pure and internally mixedrasols in a large range of aqueous solubility.
Furthermore, a modified @ parameter accouni
can also be derived based on this solubititydified KT framework(Petters and

Kreidenweis, 2008; Sullivan et al., 2Q08akao, 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
experiment al @ Wi trh seoiltuhbearl i tlye moni fi esli
Specifically, aerosols with solubility v p 1t [ | are fneffectively i
(Petters and Kreidenweis, 200&)d do not agree with the water uptake predictions

using either traditional or solubilignodified 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 toGoodman 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 & ARbadleh, 2018; Tang et al., 201ne such mathematical
formulaion accounts for adsorption using the FrerkalseyHill (FHH) isotherm
(Sorjamaa and Laaksonen, 200iMe FHH isotherm consists of 2 empirical parameters
denoted a® andé .0 explains the interaction of the first adsorbed water
layer and the particle surface, whil@ 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 FHKAdsorption Theory (FHHAT) for CCN activity
analysis. Pameters specific to a given aerosol species can be experimentally
determined by fitting FHFAT through their CCN activity measurements. Studies have

so far explored the application of the FHH for CCN analysis of several water
insoluble compounds (e.dout not limited to(Dalirian et al., 2018; Hatch et al., 2014,
2019; Kumar et al., 2009b, 2011a, b, 2009a; Laaksonen et al., 20209, EBIHEAT
consists of 2 empirical parameters as oppo
modified KT. Additionally, an important assumption in FH&T and other similar
adsorption models is that the aerosols are treated as completely water insoluble. Only
recently, FHHAT has been shown to work for insoluble particles with watduble

and molecular level funanalized surface@Vao et al., 2022)Thus, there now exists

a transitional regime from a soluble to watesoluble models to correctly describe

droplet growth.

This work probes several aspects of water uptake to develop a comprehensive
model to descrie 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 iliv 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 agueousagle as droplet growth progresses. While the
di ssol ved fraction of the aerosol contri bu

undissolved fraction contributes to droplet growth via adsorption of water on the
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surface. Furthermore, this work discusses 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 usirey ékperimental
droplet growth measurements of 3 low water solubility structural isomers of benzene
di-carboxylic acid 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 atmosphére 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., 2Q20JA and its isomers are known to tbacers
of benzanthracene, naphthalehand methylnaphthalerie prominent emissions from
combustion(Kleindienst et al., 2012a; Allaiema et al., 2020a; He et al., 201BTA
is also a byproduct of prezonation of fulvic acid, another significant merkof
biomass burning emission&hong et al., 2017a, b)PTA 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., 2618; Al

Naiema and Stax) 2017)

The hygroscopic properties of PTA, IPTA and TPTA have been studied in the past
(e.g., but not limited tdluff Hartz et al., 2006; Petters & Kreidenweis, 2007; W. Wang
et al., 202). However, a comprehensive comparison and discussion offdutsedf
structural isomers on the droplet growth of benzaicarboxylic acids does not exist.

Vapor sorption measurements of bulk PTA indicate hygroscopic growth at high
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ambient relative humidity (> 90% RKNVang et al., 2021YHameri 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 condiliogset al.,

2016, 2018)FurthermoreHuff Hartz et al., (20063howed that PTA could activate as
CCN at 1% supersaturation. The activation was consistent with KT that assumed
complete dissolution with no solubility consideratioRstters & Kreidenweis, (2007)
report thell 8t v eand @@t L for PTA under suband supersaturated conditions,
respectively. To our knowledge only one other paper has measured droplet growth of
IPTA. Huff Hartz et al., (2006jpund that IPTA behaves as an insoluble compound and
doesnot obey traditional KT. Few studies have measured hygroscopic properties of
TPTA, but not in context of CCNDiniz et al., 2017; Zhao et al., 202I)o our
knowledge, the adsorption modavenot beerappliedfor 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 compaas 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 measuremeptsvide 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 PTAIPTA internal mixturs. Then, the theory and formulation of HAM is
described based on KT and FHT, and how it was implemented for droplet growth
analysis of aerosols. This is followed by the derivation of the singerameter using

the HAM framework, anthenthe discussin of results and conclusions of this study.

3.3 Experimental Section

3.3.1Compounds and Aerosol Generation

Phthalic acid (PTA, 1,2 benzenedicarboxylic acid, >99.5%, Sigdlarich®) and
terephthalic acid (TPTA, 1,4 benzenedicarboxylic acid, 98%, SigiAldrich®) and
Isophthalic acid (IPTA, 1,3 benzenedicarboxylic acid, >99%, Fisher Scientific®)
were used as representative compounds for the aromatic acid aerosols (AAAs,
hereafter shown in Figre 13). The physical pperties 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 (M or Mi | | i por e E,
cml). Additionally, 3 internally mixed solutions of PTA arf@TIA 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 aquealst®n, all the solutions
were sonicated for 2 hours in a warm water bath maintain&d4#& °C to create a
uniform suspension. The solution was subsequently cooled and maintained at 20 °C.
Polydisperse aerosols were generated using a Collison Nebiildeatomizer 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

Molecular weight  Density z 4 Solubility Fh
Compounds 1 7o T "k 0o
Phthalic acid 166.14 1.59 oX X pTT
Isophthalic acid 166.14 1.53 X1 pm
Terephthalic acid 166.13 1.52 PP ¢ p T
COOH COOH COOH
COOH
COOH
COOH
Phthalic acid Isophthalic acid Terephthalic acid
(Ortho-) (Meta-) (Para-)

Figure 13. Molecular structures of the aromatic acid aerosols used in this work.

3.3.2CCNC Experiments for Supersaturated Measurements and Data Analysis

A continuous flow streamwise thermal gradient Cloud Condensation Nuclei
Counter (CCNC, Droplet Measurement Technologies (DNRDberts & Nenes, 2005
- CCN 100) was used for the droplet activation measurements (e.g., but not limited to
(Engelhart et al., 2008a; Moore ¢t 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 3fim was measured with an electrostatic classifier
(TSI 3936, DMA 3081, and CPC 3776) every 2.25 minutes. Thessieeted aerosols
exiting the DMA were then splitinto 2 streams. A Condensation Particle Counter (CPC,
TSI 3776) samples the first stream GB8 L mird 'to measure total dry particle
concentration ), and the CCNC samples the second stream at 0.5 'L il
constant supersaturation to measure activated particle (droplet) dbunfs A sheath

flow rate of 8 L min was applied to maintain a shedthsample 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%. OCMNsupersaturations were calibrated using
ammonium sulfate ( (3 /, AS) aerosol (Sigmaldrich®, >99.9%). AS data used

for CCN calibration is provided in the appendix (SecBanl).

PyCAT 1.0 (Gohil and AsaAwuku, 2022)was employed for data processing,

analysis, and visualization of the CCN measurements. CCNespd/ed activation

curves were generated at a fixed supersaturatipag —— across a range of dry

particle diameters@ ). The volume equivalent diameters were used toesgmt
particle sizes that were obtained by combining-s&s®lved particle dynamic shape
factor (..) with measured electrical mobility diameters (see appendix Figre).
Multiple charging errors were removed from the sgisolved activation ratio
following a combination of charge correction algorithinream Gunn (1956) and

Wiedensohler (1988¥-ollowing this, a Boltzmann sigmoidal fit expressed as,

w — B (3.1)
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was applied to the sizesolved activation ratiourve. In Eq. 8.1), wis the dependent

variable—, 6 ando are the minimum and maximum of the sigmoid respectively,

Q ais the slope of the sigmoid) is the inflection point of the sigmoid (generally the

midpoint of the sigmoid), andis the independent variabl®( ). The sigmoid fit is

typically scaled over a range of 0.0 to 1.0, andos@orresponds to the critical dry
diameter’© j) at the instrument supersaturation and is physically defined as the size

at which ®% of all particles are activated.

3.3.3H-TDMA Experiments for Subsaturated Measurements

A Hygroscopicity Tandem Differential Mobility Analyzer {HDMA) measured
droplet growth of AAAs in the subsaturated regime. Th&[MMA setup has been
previously explained in detgiRader and McMurry, 1986; Cruz and Pandis, 12@d)
only a brief descrifion 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@ ) were size selected using a Differential Mobility Analyzer
(DMA 1). The sample and the sheath flow rates were maintained at 0.3'L’amid 3.0
L min' ‘respectively (i.e., sheato-sample flow ratio = 10:1). The sizelected
particles from DMA 1 were then exposed tovu T@& ¢ PRH using a nafion
humidification membrane (Permaleuvl.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 (SB)fnode. The median wet diameter

(O ) of the sizeresolved number concentration of the humidified aerosol stream from
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DMA 2 was reportedO  was used as the approximate final size to which the particles

of sizeO would grow underov 1@ @ RH conditions. The hygroscopic growth

factors (O) were obtained by taking the ratio©f with respectivéD

0 — (32)

The RH of HTDMA setup was calibrated using ammonium sulfate (see Figure
3A.1; Taylor et al 201). (. ( 3/, AS) aerosol (Sigmaldrich®, wa@ P

purity). Calibration data is found in the appendix secBari.

(a) S
T813776
CPC
Acrosol .
sample | Diffusional i -
dryer
I'SI 3080
DMA
Dried
filtered ar ar = k-;[nrn,\lmr
gradient
. l CONC column
Exhaust
T stream
~—{ oPC
Aerosol
sample . . 0.3 Lmin .
X ! IDnffusional - | | N
drver TSI3756
I'SI 3082 I'SI 3082 CPC
DMA (drv) DMA (wet)

Dnied
filtered air

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 guticles. (b) Schematic of a typical-FDMA 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 CPQerating as an SMPS to generate the
droplet distribution.
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3.3.4VSA 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 thets#ied regime.
Mass change in AAAs as a function of RH95%) was measured at 25 °C. The
instrument setup for the VSA has been described in detail in lite(&uret al., 2017)
and thus, experimental procedure is briefly explained here. Duringesaehiment,
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-pighision balance was
used in the VSA to measure the sample mass at different RHs with a staiédityen
of ™t¢C For every RH, a O 0.1% change in
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 we performed. At every RH, the sample mas¥\{as normalized with

respect to the initial mass of the dry sample)( Subsequently, the mabased growth

factor was calculated as-.

3.4 Water Uptake and Hygroscopic Theory and Analysis

3.4.1Ko6hler Theory (KT)

The equilibrium supersaturatioiiy(can be estimated over a droplet as a function

of its size Q) as,
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Y O AL — (3.3)

wherew is the water activity term, y is the droplet surface tensianthe interface,

0 and are respectively the molecular weight and density of water, R is the
universal gas constant (8.314 J mil' 3, and T is the temperature. The water activity
is mathematically expressed asp [ @, wheref andw are the activity

coefficient and mole fraction of water in the droplet, respectively. In traditional Kohler
Theory (KT), the water activity is approximateddas, w (Raoultdés | aw),
assumes infinite dilution and complete dissolution of the solute. Furthermeres
approximated as the surface tension of a pure water droplet. The exponential quantity

is the Kelvin term that describes the curvature effelse Jolute effect and curvature

effect are competing effects that describe droplet gréwitte 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 vaporaisar the droplet due to surface tension

reduction.

3.4.2 FrenkeHalseyHill (FHH) Adsorption Theory (FHFAT)

Traditional KT, with or without the explicit treatment of aerosol solubility, can be
effectively applied for highly soluble speciddowever, for partially or completely
insoluble species Raoultés | aw is substi
uptake behavior. One such isotherm is the FreHiedseyHill (FHH) adsorption

isotherm The original FHH adsorption isotherm iplaysically basedrameworkthat
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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 lay&rs.

surface coverage can be mathematically formulated sinailérat in the Bunauer
EmmettTeller multilayer adsorption mod@Henson, 2007)which relates th—o

the Gi bbsd free energy c¢hBonGCHacavgysmmici at ed
droplet growth applicationshé FHH isothermis typically expresed asfollows

(Sorjamaa and Laaksonen, 2007)

O Aogbpo — (34)

where 0 and 6 are FHH fit parameters that describe the intermolecular
interactions responsible for the adsorption of water on particle surfacesdescribes

the interactions between the particle surface and first adsorbed water monlayer.
describes thinteractions between successively adsorbed monolayers.and6

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, respectivalyq.
(3.4) is expressed as——whereO andO have been previously defined, aad

is the size of the water molecule. The mathematical representation for thA&FisH
analogous to traditional KT, and combines the FHH isotherm wehKelvin term

(Sorjamaa and Laaksonen, 2007; Kumar et al., 2089t) that,

Y O Aodbp—— (3.5)
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The FHH parameters can be empirically determined for any aerosol species from
their droplet growth measurements (Kumar et 2009a). For measurements in
supersaturated environments, and 0 are determined from least square
minimization of the experimental data with the maxima of the FIHequilibrium
curves(Kumar et al., 2011a, 2011b; Kumar et al., 2009a, 200®t)igher value of
0 implies a higher water adsorption, and a smaller valde of implies stronger
attractive forces over larger distances. It has been observed thathas a larger
influence on the shape of the adsorption isothemd, l'ence strongly drives CCN

activation using FHFAT (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 FHHAT, respectively, represent two extreme possibilities of CCN activation and
droplet growth. In this work, the two water activities were combined to develop a
generat ed Ahybrido water activity term. The ¢
called the Hybrid Activity Model, or HAM. Previous studies have discussed several
other mathematical models built upon the traditional Kéhler theory under different
conditions. Onasuch example is that of the solubiartitioned Kohler theorgPetters
et al., 2009; Riipinen et al., 201Wwhich explicitly includes the activity coefficient
of the aerosol compounds to estimate the water activityé pin the traditional
Ko6hler 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 solubdityhe

compound. However, even then the contribution of the undissolved fraction of the

solute to the droplet growth is not treated. Another example of modified Kéhler model

i's theheelclod emodel Kumar et al . (2011b) tha
Raoultdés | aw in a single framework to eval
soluble component of the mixture, respectively, on droplet growth. In theshelle

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 considesielal ® mparphecll @egy aswhai 10
the components as partially wasaluble. The general mathematical representation

HAM is as follows,

Y & AOBD—— (3.6)

wherew Wp Wp ,andthe definitionsab ; and® ;  are provided

in subsections 3.1 and 3.2, respectively.

HAM sandwiches different phases obgtet 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
dropl et growth at totthé Gdsarption ofra svates mdnolayes dny d u e

the particle surface and can be explained using the FHH isotherm. In stage 1,

Dp 7 Dp Aogpd — (3.6a)
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The FHH parameter®( ,6 ) for any given species are deteretrby 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
agueous phase. In this stage, the particle starts dissolving and lemtagse¢ous 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 solubilitytipaig concept
introduced by Riipinen et al. (2015). Briefly described hHeaedroplet 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 walebility. 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 theuaquiese.
There is a competition for dissolution between the compounds in the bulk phase which
is dependent on their solubilities. Considering a dry particle consistibgspécies
with limited solubility, the undissolved mass fraction of a spefies during droplet

growth is expressed as (Riipinen et al. 201

P o (3.6a1)

where’ is the activity coefficiente (‘G / ) is the solubility of the pure species,

a is the mass of water in the droplét,; is the initial mass of the pure species in
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the dry particle, andy; is the initial mole fraction of the pure species in the dry
particle. Eq. 8.6a1) implies that the dissolved mass fraction of the spe@ieshe

aqueous phase is given @s .... A set of¢ coupled equations are simultaneously
solved to obtain.. for all € species in the mixture.. is then used to calculate the mole

fraction of speciesCissolved in the aqueous phase at any point during droplet

growth. Subsequently, the KT water activity can be givevgs © ——,

where¢ and¢ are respectively the number of moles of solute and water in the

agueus phase. In stage 2, the contribution of the dissolved fraction of the compound
in the aqueous phase (through Raoult 6s
fraction in the solid phase (through the FHH isotherm) to generate the overall water

activity term,

Dp 5§ O Of o A@gbo — (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 laegeugh 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,

Ofp 5 Of () (3.6¢0)

Eq. 3.6a), 3.6b) and 8.6c) 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 Hiy faoluble and fully insoluble behavior in a
single framework. Moreover, the HAM concept can also be applied to improve upon

the single hygroscopicity parameterizatidin.

3.5 Hygroscopicity ParameterizationSingleHyqgroscopicity Parameterd

Commonly, the CCN activity and water uptake tendencies of any given compound
is expressed using a single hygroscopicity paraméterA theoreticalll is derived
using a simple parameterization of the solute water activity term in the droplet growth
modd. Additionally, critical dry particle sizes can be combined with their
supersaturations to experimentally determine I n t he f ol l owing sub

parameter derived from different models are explained.

3.5.1 KT Hygroscopicity

A single hygroscopity parameter I has been developed using the KT
framework.ll can be defined through its effect on the water activity in the droplet as

follows,

w p I— (3.7)

wherew is the dry particulate (solute) volume, amdis the volumeof water in the
droplet. |l obtained from EQ.3.7) is a parameterized quantity determined from the
water activity basedl-based paraneterRaiaon oflatv,&g. | a w.

(3.3) can be modified for an® as,
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Y ——— Aogpb— (3.8)

ForagivelO |, 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 si@e;; . The supersaturation at the point
of activation along with the correspondif@ andO depend on thd of the
compoundll of any compound in an aqueous phase is difficult to measure, but it can
be theoretically approlki matTeel usbfany t he Ra

species (denoted using a subscript i) can be expressed as follows,

I po— (3.9)

where’ i s the Vanodt Hof f factor of the compo
dissociationp andd are tle molecular weights of the soluand water, anti and

" are the density of the solufand water, respectively. i defined in Eq.3.9)

here is dependent only on solute composition and solvent (water) properties and is
independent of sizell of a mixture can be computed using a volume average

mixing rule with the ZdanovskistokesRobinson (ZSR) approximation as follows

(Petters and Kreidenweis, 2007)

I Bf - (3.10)

where] is the volume fraction of2 component in the dry particle atid i IS

the intrinsic hygroscopicity parameter of {Ge component,. in an internal mixture
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of &€ components are estimatedasQ

= 77 , whered& is the mass of the pure

componeni(n the mixturell in Eg. 3.10) assumes complete aquesakubility of the
compound or mixture. Moreovel, for a mixture in Eq. 3.10) can be appd to
mixtures of soluble and insoluble compounds, wherd thiethe insoluble species are
considered to be 0. The hygroscopicity parameterization requires explicit treatment of
aqueous solubility for compounds that are inherently insoluble or spasiviglyle but

possess water uptake tendencies (Petters and Kreidenweis 2008; Sullivan et al. 2009).

In such cased|, is mathematically expressed by modifyilhg i Of the mixture
componentsl| as follows,
I T 5 Ow (311a)
@] 0
—— — 3.11b
© 5 o ( )
06 wh w p (3.11c)
phw p

whereol is the water solubility of th& component of the dry particle (expressed as
solute volume per volume of water), is the fraction ofQ component dissolved in
water, andO w is the distribution function of the fraction of tff@ component
dissolved in water. Eq3(11) (a}(c) determined as a function oD . For unknown
species with limited water solubility, some range(fcorresponds to a volume of
water which might not be sufficient to dissolve the volume of dry particle. Therefore,

experimental droplet growth tais required to determine particle hygroscopicity.
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I can also be determined if the supersaturatiévhand the critical dry diameter

O | measured atyare experimentally known. The experimeritaderived using

KT is denoted ab and expressed as follows,

[ (3.12)

Eq. 8.12) also incorporates the same set of assumptions as3Ed1) 1 dilute

solution, and infinite and complete solubilitytbe compound.

3.5.2 FHHAT Hygroscopicity

For the FHHAT, a similar Il parameterization as KT can be developed by

combining the water activity with the FHH isotherm using B)(Mao et al., 2022)

O i p | — Aogbpd — (3.13)

which can be expanded to derive the FHH single hygroscopicity paranieter .
Thell thus determined depends on the experimental data. The meaéameédhe
correspondind@® j can be used to compute @g; using Ej. (3.5) and subsequently

used to estimatle as follows,

[ t Q0 hOj (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.
Thais,—© —=—" T atthe point of activatior. in Eq. 3.14) can be further

simplified I such that at the point of activation,

I 5 — (3.15)

Eq. 3.15) can beconstrained using the critical surface coverage. At the point of

activation, the critical surface coverage is determined as follows,

e Tt P — T (3.16)

— from Eqg. @.16) is substituted in Eq3@5) such that ; k "QO | , which
essentially represents the theoretlcal . It is important to note thdit , is particle

sizedependent as opposedito (Eq. 3.9)), which is not.

3.5.3 HAM Hygroscopicity

Similar to KT or FHHAT, a single hygroscopicity parameter was developed from

the HAM framework [ ) using Eg. 8.7),

™ p | — © Agbd — (3.17)

The inclusion of thdRaoult term w is the main difference between E§.13) and

@171 is also dependent on the experimental informatigrof'O ;; along with
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the correspondin® ) and so Eq.3.17) can be accordingly rearranged to obtain

HAM single hygroscopicity parameter as follows,

I p+ QO fOj (3.18)

I explains water uptake and droplet growth by combining the effects of
agueous solubility and water adsorptioit the point of activation, the HAM
hygroscopicity depends on the dry particle size and the corresponding critical wet
diameter. That is;© — at the point of activation whei@ j, can be computed using
the generic Eq.3(6) with the help of measure®  vs."Y In Eq. 8.6), @ is
calculated using solubility partitioning as explained in section 3.3. EtB)(is the
representation of experimental hygroscopicity of the particle based on the HAM

framework. Eq. §.18) can be further simplifee Il r for the point of activation,

| I p wp O — (3.19)

h

Eq. 3.19) is the theoretical hygroscopicity based on the HAM framework which is
constrained using the surface coverage. The constrathe gtoint of activation is

estimated from the Eq36) as given by the following expression,

— m — &y Aot — s (3.20)

Eq. 3.20) provides— at the point of activation to substitute in E810) and hece
I Frk QO § .0 ando6 are the empirically determined parameters from

FHH-AT specific to the compound. Like  andll  , |l andll j are also
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sizedependent. However, the sidependence ith is variable and is controlled by
the aqueous solubility of the compound. An extended derivatién of is provided

in the appendix sectiddA.2.

3.6 Results

3.6.1 Kohler theory application for pure and internally mixed AAAs

The critical drydiameters'©@ ) at supersaturationsy in the range of 0.6%
1.6% were calculated using PyCAT 1.0. At any given supersaturatio thg for
each sample was calculated from the se&molved activation ratio. The CCN
measurements for peIrAAAs over a range of supersaturations are shown in Figure
3A.2 (appendix sectioBA.3). The activation diameters determined for every sample
at applied supersaturations were corrected using their dynamic shape factor. The
experimental setup for shape tl@mcmeasurements and the shape factor dataset for
AAAs and PTAIPTA internal mixtures are shown mppendixSections 3A.1 and
3A.2, respectively. The sizesolved shape factors were then used to transform the
measured electrical mobility diameters to thiespective volume equivalent diameters
(Tavakoli and Olfert, 2014; Yao et al., 2020; Gohil and -Asauku, 2022) The
volume equivalent diameteandtheir corresponding supersaturations were then used
to estimate the experimental hygroscopicity basetraditional KT I  , for all the

AAA samples.
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The activation properties of pure AAAs (PTA, IPTA and TPTA) along with their
predicted I and |l are summarized in Table 2. Th& versus their
correspondind®  for the samfes are plotted in FigurEs(a). The experimental data
is represented using individual markers. The solid and dashed lines represent the KT
fits using the theoreticdl . The'Y scores are provided in Table 3. PTA is
observed to have the best agreement with the KT predicion 1o w IPTA and
TPTA show poor agreement with traditional KT. The lack of agreement between
measurements and traditional KT predictions for IPTA andABdn be attributed to
their significantly low aqueous solubility compared to PTA (by an order of magnitude
D p m). In addition to the predicted and measured AAA datg, 3 / is also shown

in Figurel5 (a).
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Figure 15. (a) "Yvs. O } data obtained from supersaturated CCN measurements of
pure phthalic acid (PTA), isophthalic acid (IPTA) and terephthalic acid (TPTA)Y (b)
vs.O | data obtained from supersaturated CCN measursnod internal mixtures
of PTA and IPTA. Thenixtures 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 gés@using the ideal
Kohler 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 Aspari.

(Pettersand 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
Asparingl y s odunurdsllte suggesttioatvam explicit treatment of PTA
solubility is not required. Moreovetl is a good representation of PTA
hygroscopicity. Figure5(b) shows the traditional and solubilitynited KT fits for
internal mixtures of PTAand IPTA using theill . 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 all I 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 show@dor agreement with
the pure AAAs and PTAPTA internal mixtures (appendix Figusé.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 gb 1 z p 1 vol/vol water). Futhermore, a
significant droplet growth is required to facilitale Il when
solubility dependence is included in the hygroscopicity analysis (appendix Figure
3A.5). The AAA solubilities are 3 or more orders of magagismaller 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
79



times the dry particle size of PTA, IPTA and TPTA, respectiwehenll

I . 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, whéin Il (appendix Figur&A.6).

All of this implies that the hygroscopicity and CCN activity of AAAs and PIPAA
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 FHANT and HAM analysis.

Experimental hygroscopicity
Intrinsic_ _ ql "H " "
Sample hygrosrcljcj)rjzlcflt)(4 N _='_=|'k_ ~ =:|Hﬂ ; ” :IHﬂ ]
Aow e 7¢.-- i T W
(o
Phthalic acid 0.172 T @ WTET T X T p T
Isophthalic acid 0.168 TSI OTBITI G X ™ w TE X
Terephthalic acid 0.165 MtpomBrmnp Y ™M @ TT
5:1 Pthto-IPth 0.171 T U WTBT TT X ™Y T
1:1 Pthto-IPth 0.169 TP uTBI T O T8, p TEUL
1:5 Pthto-IPth 0.168 T8I WTBITIC T T p TP
B puwiil " pCA v p
b mrxe Y ysprl 11 +  measure®® vis"Y

(o) Dry diameter
"Y  Measured critical supersaturation
¢ Empirically determined FHH parameters from measi@ed v/s"Y data for the given samples

3.6.2FHH-AT application for pure and internally mixed AAAs

FHH Adsorption Theory (FHFAT) was applied for the analysis of pure and internally

mixed AAAs. Figurel6 shows the measuréws.O |, data for pure AAAs and PTA

IPTA internal mixtures. The dashed lines represent #ATHits for their respective
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CCN activity datasets. It should be noted that agreement for the AHHERN be
obtained for every set of CCN measurements since the FHH parameteletermined
by applying power law fitting to the datasets. The empirically determined FHH
parametersq ,0 ) for pure compounds and internal mixtures are summarized

in Table 2.
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Figure 16. "Ws. O |, dat obtained from supersaturated CCN measurements of pure
and internally mixed AAA samples. FHAT fits applied to the experimental data are
shown as dashed lines.

The values ob ando 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).0 dictates the attractive forces between the particle surface and the first
adsorbed monolayer of water. A larger implies a tendency to adsorb a hegh
amount of water on the particle surface. For the pure compoands,decreases in

the order of PTA > IPTA > TPTA (Table 2). This suggests a declining tendency to

adsorb water. Additionallyy for the pure PTA, IPTA and TPTA decrease likarthe
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aqueous solubilities (Table 1). For internal mixtuges, 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.
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Figure 17."Ws.O |, data obtained from supersaturated CCN measurements of pure
and internally mixed AAA samples. HAM fits applied to the experimental data are
shown as detlashed lines.

0 controls the attractive forces between the partictéasa and subsequently
adsorbed monolayers of water. Smaller the value of , stronger the attractive forces
over a larger radial distance from the particle surface. For the pure compounds,
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, follows a similar trend aé anddecreases
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 thab follows the trends of solubilityand is most likely
controlled by functional groups add  drives overall droplet growth across different
compositions and molar volumes. The results here are consistent with Mao et al.
(2022), that showed that tlie  values correlated with futionalized surfaces of
aerosol with the same core (polystyrene latex; PSL). This suggests that thealues
may play a more important role with compounds of similar molar volume and highlight
the importance of functionalized groups and isomericsgiras 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 themixtures 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 dtleetgignificant variation
between their aqueous solubilities. Results in the previous subsection show that either
KT or an adsorption theory (FHAT) can be applied for the CCN analysis of moderate
and low aqueous solubility species, respectively. Alteralyt the Hybrid Activity
Mo del ( HAM) t hat sandwi ches the FHH i soth

solubility partitioning may agree well with the experimental data.

Figurel7 shows théYvs. O  measurements for AAAs and PTIRTA internal

mixtures plotted along with their HAM fits. The ddashed 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, FHAT and HAM provided similar fits for samples with
aqueous solubility of the order pfrt | [ . Thus, similar fits for KT, FHHAT

and HAM were observed for the samples with higher PTA mass percentage (pure PTA
and 5:1 PTAIPTA mixture). The comparison of the goodness of fit between KT,+HH
AT and HAM can be made using the scores provided in Table 3. For pure PTA and
5:1 PTAIPTA samples, all three models provided a goodness of fit. As the aqueous
solubility of the sample &as decreased (1:1 and 1:5 RTTA mixtures, pure IPTA

and pure TPTA, in that order), HAM still provided an improved CCN activity
prediction for the sampleSy( scores of 0.92, 0.97, 0.94, 0.91, respectively; Table 3).
FHH-AT and HAM provided similar andnproved R2 scores along the decline in the
agueous solubility of the species, whereasYhscores corresponding to KT fits were
found to decline with decreasing aqueous solubility of the samples. Moreovéf, the
scores for HAM fittings were observéabe uniformly > 0.9 and generally higher than

those obtained for FHAT.

3.6.4 Hygroscopicity parameterization for supersaturated conditions

The™Ws. O , of the AAA samples were transformed into a single hygroscopicity
parameter I based on KT, FHFAT and HAM (Section 3.4). Figur&8 shows a
closure plot between theoretical and experimehtdtimated for PTA, IPTA, TPTA

and PTAIPTA internal mixtures from KT, FHFAT 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 @bédlictioninterval acrgs a 11 line (dashed,

black).
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Figure 18 Closure plot representing the experimental and theoretical single
hygroscopicity parameters obtained using KT, FAHand HAM CCN analysis
frameworks. The goodness of fit was calculated dach compound and internal

mixture.

The theoretical for KT has been represented using simependent

T® X calculated using Eq3.4) an
o -
agreement betwedh andll
sol ut e.

of t he

theoretical

d Eq(3.5), respectivelyll

computed usingyvs.

measurements are pladtdor each compound. For KT (solid circles), the

decreases with a decreasing aqueous solubility

Specifically,
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mixture. TPTA is the sample with the lowest aqueous solubility and hence the lowest

agreement betwedn andll

The theoretical adsorptidmased parameterizatiofl  and Il computed
from the experimental data using the FHAH framework are shown using solid
diamond markers in FiguB. Thell  ; andll were estimated using E®.15)
and @.14), respectively. It was found thiat  had a generally good agreement with
their respectivéd ('Y inthe range of 0.91 to 0.99). The lowest agreement between
FHH-AT ® was obser ved {IRTAiInt&mMaAnixare, ads bbtintpe 5: 1
likely have the highest aqueous solubilities among the studied samples. Moreover, the

I andll  j values of IPTA and TPTA are highly consistent with each other.

The theoretical and experimental were computed using E@.19) and 8.18),
respectively. The datapoints fbr  andll i are denoted using solid squares in
Figure 18. The most important feature of the HAbAsedll framework is that it
explicitly accounts for the compound solubility within the hygroscopicity
paraneterization. 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 thie  andll i values. Consequently, thé scores obsende
betweernl andll i of the 6 AAA samples are > 0.97. It is also important to note
thatll values for AAA samples obtained from FHAT and HAM frameworks are

smaller than those obtained using KT.
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3.6.4 Hygroscopicity parameterization for sugaturated conditions

All the measurements shown in Figud&swere performed at a 95% RH. Figure
19 (a-c) show the droplet size®©  with respect to their initial dry size®  for
pure PTA, IPTA and TPTA. Figur (d-f) show theO  with respect to th®© for
PTA-IPTA internal mixtures. Th®  predictions based on the KRaoult term, FHH
isotherm and hybrid water activity were derived from the parameters in Table 2. The
Raould snodel estimates (atk dashed lines) for the pure and internally mixed
samples were generated using their average hygroscopic growthfacteig(19, Eq.
(3.7)). The supersaturated averdgef 0.17 for the AAA samples was used to obtain
the theoreticaD and"O at given dry sizes. TH¥ scores for the KIRaoult model
are summarized in Table 3. The fJaoult model agreed well for pure PTA and 5:1

PTA-IPTA mixture.
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Figure 19. Subsaturated measurements for pure AAA samples obtasnegl the H
TDMA setup are shown. Panels(a), (b) and (c) shovbthevs.©  data along with
model fits for pure PTA, IPTA and TPTA. Panels (d), (e) and (f) shoviDthe vs.
‘O data along with model fits for PTAPTA internal mixturesThe KTi Raoult term,
FHH isotherm and hybrid water activity fits are shown in black, red and blue,
respectively, overlaid with the experimental data. The hygroscopic growth fa@ors
for all AAA samples are shown in their legends.
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The red dashed lines in Figur@ show théO  estimated using the FHH isotherm
(Eq. 34)). 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 uderpredicts the hygroscopic behavior of the AAAs except for IPTA and
TPTA in the subsaturated regim& (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 gwgpersaturated regime, using the FHH theory. Moreover, the
KT and FHH models (that agreed for soluble compounds, PTA and 5:1RPTIA

mixture) have different droplet growth predictions in the subsaturated regime.

Phthalic acid Isophthalic acid Terephthalic acid

2 2. 2

1 Dry diameter = 38.84 nm 1 Dry diameter = 70.0 nm et \ Dry diameter = 72.75 nm
7 10 Experimental 55 = 1.145% | 3 10 Experimental 55 = 1.244% 7 10 Experiment tal 55 = 1.524%
.Eﬁ s 2 os £ 05
g g
2 2 \ 2 —
% oo L R e — ¥ ool---d----om oo ST E——
g s L os g o

—— FHHAT = 1.175% — FHHAT = 1214% — FHHAT =1532%
=10 — KT=1152% =10 —— KT=0478% -1.0 — KT=0452%
MHybrid water activity = 1.184% Hybrid water actrvity = 1.284% Mybrid water activity = 1.615%
1.5 1.5 15
107 10? 10* 107 107 w0t 0¥ 10? 10t
wet diameter (nm) Wet diameter (nm) Wet diameter (nm)
) Phthalic-to-isophthalic=5:1 N Phthalic-to-isophthalic=1:1 N Phthalic-to-Isophthalic=1:5
s * sf R 1| ®
: Dry diameter = 32.36 nm ) Dry diamater = 39.23 nm : Dry diamater = 55.06 nm
7 wof | Experimental $5 = 1.599% | 3 19 Experimental 55 = 1.599% | 3 1 Experimental 55 = 1.599%
5 5 ]
£ os| | £ 08 £ 05
g | . g
® oof-4-F--cea-TEm 0of-F-f-ceem T % 00
i i
5 -05 -0.5 3 -05
& @
—— FHHAT = 165% —— FHHAT = 1.597% —— FHHAT = 163%
-1.0 — KI=1512% -1.0 — KT L138% -1.0 — KT=0s85%
| Hybrid water activity = 1.862% Hybrid water activity = 1.611% Hybrid water activity = 1.643%
15 -1 -1
107 10! 10 107 10 10° 107 10! 10t

Wet diameter {nm) Wet diameter (nm) Wet diameter (nm)

Figure 20. Equiibrium droplet growth curves for PTA, IPTA, TPTA and FTRTA
internal mixtures are shown here. The figure header shows the solute for which the
respective equilibrium curves are plotted. KT, FHAM and HAM lines are shown in

red (solid), green (solid) dnyellow (solid), respectively. An exemplarily measured
activation point for the respective solute is denoted using a solid red cro$S. The

and correspondinffused to generate these equilibrium curves are provided ih5-ig.
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The blue dashedinles in Figure19 show the O estimated using the
comprehensive hybrid water activity expressions described in Section 3.3.@}). (
Again, the hybrid water activity requires the empirical FHH parameters obtained by
fitting FHH-AT to thesupersaturated 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 Y 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 theR&dult or the
FHH isotherm dependingn the compound solubility. For sparingly soluble samples
(e.g., pure PTA), the K'Raoult and hybrid water activity generated similar fis ¢f
0.938 and 0.948, respectively). For effectively insoluble samples (e.g., pure TPTA), the
FHH isotherm andhe hybrid water activity generated similar fitsY of 0.998 and

0.999, respectivelyfpr subsaturated measurements

The suband supersaturated analyses are consistent with the equilibrium curves for
the pure and internally mixed AAA samples. FigR@shows droplet growth predicted
using KT, FHHAT and HAM corresponding to one of the experimentally determined
O . The predicted critical supersaturatioi’¥ are also shown in the plots. KT
predicted"Y values deviate significantly (> 10%) frothe experimentalY, as the
aqueous solubility of the solute decreases. This is because KT for the structural isomers
assumes similar droplet growth ( is DO.17). However, FHFAT and HAM
require higher supersaturations and are less @€Ne 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 KFderivedO s found to be larger than those predicted using either-FHH
AT or HAM. This is consistent with the modedsid experimental data at 95% RH
shown in Figurd9. KT-basedO was found to be close to the experimei@al for

pure PTA and 5:1 PTAPTA mixture, wherea® from FHHAT and HAM were
found close to the experimental for the remaning solutes. After critical activation,
there may be a jump from a water adsorptioiven 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 asdamt in TPTA. Furthermore, multiple

transitions are observed in internal mixtures.
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Figure 21. Subsaturated measurements for pure AAA samples obtained using the VSA
setup are shown. The mass hygroscopic growth factor is shatiwrrespect to the
relative humidity (RH). The measurements show that neither of PTA, IPTA or TPTA
show any masbased growth as the RH is increased from 5 % to 95 %.

VSA measured the water uptake of the three AAA compounds in the subsaturated
regime. Noe of AAAs showed significant water uptake (with mass growth factors

smaller than <1%) even at high RH (95%) (Fig2te It should be noted that the VSA
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measurement uses materials in the rangé ofo mm. Thus, the observéd in Eq.
(19) decreasewith increasing diameter and eventually approaches zero. The results
across different particle measurement platforms are consistent with the hygroscopicity

parameterization that is particle sidependent.

Table 4. Goodness of fit'Y 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 T80 W T X TBOW TGO ™ LU W TBoT Y
Isophthalic acid T8O T T80 @ T W T @O X U
Terephthalic acid T80 T P T W Y TO W W
5:1 PTA-to-IPTA ™ P T P Top T™WOW ™ T W T8O O
1:1 PTA-to-IPTA T T®OC T TT @ @ X T U X
1:5 PTA-to-IPTA TR0 T T®OX T8 T X T T T80 P X

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
AsaAwuku (2022). Shape factors were measured and computed for all samples studied
(appendix Figur8A.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 therransiti

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 drogletwth 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® HRYRO) for droplet growth in both the

supersaturated and subsaturated regimes.

HAM also predicts the droplet growth of internal mixtures. The three-FPTA
internal mixtures (5:1, 1:1, and 1:5 with resp® 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 Raoul t @partitibnmguRiipisen & o mp ut e d
al., 2015). Moreover, a solubility limit @ ¢ p 1 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 \Wikely 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 bdédoyy p 1 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 compouspkecific parameter®(,6  andé )
and the use of the fulHAM 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 studiedimi s wor k. Raoult ds
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 predida 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 ( andll i) showed the besgeeement

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 combineghe characteristic features of the traditional KT with solubility partitioning
and FHHAT. Additionally, HAM differs from previous analytical frameworks that are
based on compound solubility in that for any species using HAM, the particles are
treated azompletely 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
approab is congruous to the concept of earlier works that explored the impact of slow
dissolution (e.g.AsaAwuku & Nenes, 2007; Shulman et al., 19%6d aligns with

more current findings that describe the droplet growth of visemnsrphousor glassy
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aercsols (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 whidtrther 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 decise 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 atlter temperatures in the subsaturated regime
(Kasparoglu et al., 2021Rather than considering complex morphological parameters
(diffusivity, viscosity, rheology), HAM simplifies the concept by considering the
presence (or lack thereof) of a surfaceaddition 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 surfat@nsion in the analysis was beyond the scope of this
work, and weHdesigned 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 givencpe 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 analysisosicher
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 examinetidor t
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 signiftantly from each other in terms of their chemical structures and
agueous solubilities (Petters and Kreidenweis, 2008; Sullivan et al., 2009). Therefore,
HAM may potentially improve the representation of hygroscopicity of organic aerosols
in largescale Glial 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 aimtiernally 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 Kohler theory to pure and inteally mixed AAA data.

3A.1 CCN counter (CCNC) calibration

CCNC calibration was performed usingthg 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 imside t
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 CNC parameters and so there are
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 lik 3/ . . ( 3/ is one of most well
understood and wettharacterized 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 (CCN@ibration data using. ( 3/
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Figure3A.1. CCNC calibration curve generated using the ammonium sulfate activation
data provided in Table3A.1. This curve was used to calibrate the CCNC

supersaturations at which AAA data wamlected.
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3A.2Hybrid Activity Model sngle hygroscopicity parameterizatiofi, —

Hybrid Activity Model (HAM) is mathematically expressed as,
Y of tAOB- (3A.1)

where"Yis supersaturationy ;  is the water activity derived by combining features
from FHH adsorption theory and Kohler thed®, is the intermediate diameter of the

droplet, and is a constant which is given as,
0o — (3A.2)

Wherel is the molecular wight of water,Y is the gas constarityis the temperature
and” is the density of watey. is the surface tension of the droplet and is assumed
to be the same as that of pure water.

The development ab ;  has been described in detail iretimain literature
(Section 3.3) explaining thab f, ©» tAgpd — . isequated
with the parameterization defined in terms of the single hygroscopicity pararheter
which is expressed as,

O ©» tA@bpd t— p lIi— (3A.3)
Rearranging Eq.3A.3) provides the expression fbr  as,

I t_ P (3A.4)

Eq. BA.4) is the function of the measur&@ andO derived corresponding to the

point of activation. Eg. 3A.4) can be further simplified using EqQ3A.3). The

exponential on the rightand side of EQ33.4) can be simplified

series expansion for an exponential function such that,
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Aops — . P 6 — - 6 — E (3A.5)
Since 6 — L p, (3A.5) can be restated as,
Aopd — . P 6 — - (3A.6)

The @ term on the righhand 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 (SectionTh8)left

hand side of Eq.3A.3) can be simplified under the assumption thatl 0 ,

p It— p It— (3A.7)
Combining Eq. 8A.6) and Eq. 3A.7) provides a simplified theoretical expression for
|
I 4 —tp ® p 0 tO (3A.8)

Eq. BA.8) contains critical-defined as the point of activation such that — —is

determined by taking the first derivative of EBA(1) and equating it to O for the point

of activation such that,

— — ® tAgDPo t —— tAob T (3A.9)

P — (3A.10)

Solving Eq. BA.9) and BA.10) under different conditions prescribed by
(depending on the phase of droplet growth) will yidi@ appropriate— to then

subsequently parameterilte
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3A.3 CCN data for pure and internally mixed aromatic acid samples

Figure3A.2 shows exemplary sizesolved 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 totheir respective volume equivalent diameters using their shape factor

measurements (shown in Sect@h.4).
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Figure3A.2. Sizeresolved activation ratiof pure and internally mixed AAA samples
from a typical DMAbased CCN setupThe sizeresolved activélon ratios are

overlayed with their corresponding sigmoidal fitkich were used to determine the
critical diametersO | 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
detalil in the literature (ref). Briefly explained hérehe AAC is used to sizselect
partides of a specific aerodynamic diameter from the incoming polydisperse
population. The sizselected aerosols are then passed through a Scanning Mobility
Particle Sizer (SMPS) setup to generate a distribution with respect to electrical mobility
diameter. Tk 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 shapfactor 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 (FH4.3). The aerodynamic diameters chosen
here ranged from ~100 to 200 nm. This range of aerodynamic diameters corresponds

to the ekctrical mobility diameters ranging from ~50 to120 nm. This is similar to the
range in which the measure critical dry diamet@s j of pure and internally mixed

samples were observed.
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The following system of equations are solved to simultaneooistgin the size
resolved shape and volume equivalent diameter using the measured electrical mobility

and aerodynamic diameters,

(3A.11)
o 0 (3A.12)
108 Phthalic acid 106 [ Isophthalic acid . ros| ¥ Terephthalic acid .
107 { ] '
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=105 N s
3 g o P i 2 102 i
f 104 } } é 10217 t;% -
s ! 100
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Figure 3A.3. Dynamic shape factor measurements for pure phthalic acid (PTA),
isophthalic acid (IPTA) and terephthalic acid (TPTAhe shape factor data is plotted
against the aerodynamic diameter of the particles and can be converted their respective
mobility diametersor volume equivalent diameter using EQA(11) or BA.12),
respectively. Since most of the shape factor values lie in close range5&o0lof 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 Kohler theory application to pure and internally mixed
aromatic acids
Kohler theory traditionally accounts for the intrinsic hygroscopicity of the compounds
that depends only on the solute and solvent (water) properties (Section 8dn $dc
for results). For compounds that are not completely water soluble, traditional Kéhler
theory can be modified by explicitly accounting for the aqueous solubility of the

compound.
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Figure3A.4. CCNmeasurements of pure and internally mixed AAA skasfrom a
typical DMA-based CCN setupThe activation measurements are overlayed with
solubility limited Kéhler theory fitsline which were derived using the apparent

hygroscopicity parametelfi of the pure and internally mixed samples.
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Figure3A.5. |l plotted against droplet size for pure and internally mixed AAA
samplesll was determined using EQ.{1) described in detail in Sectiorb3.
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Figure 3A.6. |l plotted against droplet size for high solubility compouind
ammonium sulfate (AS) and sucrose, respectidely. was determined using Eq.
(3.11) described in detail in Sectiorb3.. It can be observed that the droplet sizes that
needs to & attained alt for highly soluble compounds is significantly lower

than those for AAAs (described in detail in Sect®®.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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Chapts8ol Wbhi l ity Considerations
Nucl ei (CCN) Activity Anal ysi s

Speci es
Submitted work under review

Gohil, K., Barrett, R., Rastogi, DMao, C:N., and AsaAwuku, 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 atmogien® 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) aclilgy.
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
agedBC species. Vulcan® XC72R Carbon Blag&s used as the representative of BC,
and 3 structural isomers of benzenedicarboxylic gildthalic acid (PTA), isophthalic
acid (IPTA) and terephthalic acid (TPTAjvere mixed with BC to generate 3 different
proxies of aged BC species. Most studies related to CCN activity analysis BC aerosol
use the traditional Kohler Theory or an adsorption theory (such as the Fraikey
Hill Adsorption Theory). PTA, IPTA and TPTA fall in the sparingly wasetuble
range andtherefore 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 aaption isotherm with the features of Kéhler Thebsy
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incorporating solubility partitioningl he 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 gendsabettergoodness of fit,Y  1@a This work implies

that the hygroscopicity parameterization based on HAM captures thdepeadent
variability in the CCN activity of the pure and aged BC spedieshort, the hybrid
water uptake method has been applied for the CCN analysis of therexies 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 queliityate 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 dioXilend et al., 2013; IPCC,
2007) However, BC aerosols may also significantly indirectly affect the climate via
interactions with clouds. The aerosotlirect effect of pure and coated BC aefsso
must be well understood to better understand their climate forcing.

Carbonaceous aerosols, and BC aerosol particularly, have complex molecular level
interactions with watefe.g., but not limited tgLaaksonen et al., 2020a; Weingartner
et al., 1997; Bang et al., 2008) BC patrticles 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 souf¢enagaratna et al., 201%)ging can
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substarially alter the morphology of the BC particles, and the aged particles, can range
in size from a few nm to severain, and may contain econdensed phaséghang et

al., 2016; Peng et al., 2016)\ged BC can internally or externally mix with other
aerosts present in the atmosphdiond 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 affec
cloud propeis (e.g., but not limited to Dusek et al., 2006; Maskey et al., 2017,
Stratmann et al., 2010; R. Zhang et al., 20B8) aerosol is considered water insoluble;
however, it is wettable and known to take up water and display hygroscopic behavior
leading © cloud droplet formation. CCN activation is traditionally described using
Kohler theory and works well for highly watsoluble solutes. However due to the
strong water insoluble nature of BC, traditional Kéhler theory should not be applied to
study BC N 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 suffaaérian et al., 2018;
Laaksonen et al., 2016, 202Mdsorption activabn theory combines adsorption
isotherms and curvature effects to describe insoluble aerosol droplet growth. +renkel
HalseyHill adsorption theory (FHFAT) is formulated by combining the FHH
isotherm with the Kelvin effe¢Sorjamaa and Laaksonen, 208} is the most widely
used CCN activity theory for the droplet growth of insoluble wettable aer(esgls
but not limited to Hatch et al., 2012, 2014, 2019; Kumar et al., 2011b, 2011a; Kumar
et al., 2009a; Kumar et al., 200%alirian et al., 2018Viao et al., 2022)Additionally,

the FHH isotherm has been combined with the Kéhler Theory fo€@M activity
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anal ysis of i nsolubl e particl es -schoealtleod
morphology.Kumar et al., (2011a, 2011hjso described CCN activation of mineral
dust species containing a soluble salt fraction using the combinatioe ofatsical
Kohler 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 d@ackcon
angle of the droplets forming on aerosol parti¢lesaksonen 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
absentfrom current literature. So far, the CCN activity studies of BC patrticles under
supersaturated or subsaturated conditions predominantly focus on BC mixed with
readily watersoluble species. One such compound is NaCl (observed as a component
of sea salt)Dusek et al., (200§)erformed chamber CCN measurements and showed
a significant enhancement in tBEN activity of BC particles on mixing with 5% NacCl.
Zhang et al., (2008)bserved that BC patrticles aged with sulfuric acid showed up to
~10fold and ~2fold enhancement in their scattering and adsorption properties, after
undergoing hygroscopic growth at 80% relative humidibglirian et al., (2018)
performed CCN analysis of BC particles coated with various water soluble and
insoluble organic compousdising the corshell CCN model. Other studies include
CCN analysis of ambient BC aged with high hygroscopicity sea salt aefésolisani
et al., 2008)

This work studies the water uptake and droplet formation of particles composed of

effectively wate-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 applicatics (M.J. Lazaro et al.,, 2011)Three low water solubility
structural isomers of benzenedadirboxylic acid Phthalic acid (PTA), Isophthalic acid
(IPTA) and Terephthalic acid (TPTA) were used as the proxies for low water
solubility organic aerosols dmmixed with BC. PTA, IPTA and TPTA are prominent
benzene polycarboxylic acids detected in the atmosgRaret 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; Kanellopasl et al., 2021)PTA, IPTA and TPTA are produced
from biomass burning and emissions of automobile exiiMlgima and Kawamura,
2013; Balla et al., 2018; Alaiema and Stone, 2017; Zhong et al., 2017&BA and
its isomers are known tracers of bembaacene, naphthalerie and
methylnaphthalené& (Kleindienst et al., 2012b; He et al., 2018;-Mdiema et al.,
2020b)and are likely ceemitted with soot. Therefore, the mixtures of aromatic acids
with BC can be considered proxies for aged soot.

Recenly a hybrid activity model (HAM) was developed to model the watgake
and hygroscopicity of effectively wat@rsoluble aeroso{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'{Y ) metrics for subsaturated and supersaturated measurements were
found to be in the range of8o 1o udor all the studied aeros@Gohil et al., 2022)
HAM suggests that the Qyoscopicity 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
agueous phase aoglet growth progresses. While the dissolved fraction of the aerosol
contributes to droplet growth via Raoultés
droplet growth via adsorption of water on the surface. HAM was found to be effective

with sparingy soluble organic aerosol however, its utility with relevant
atmospherically mixethsoluble 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 bbavior. 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 validée 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-Rftand HAM
models and compare predictions #taland 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 PreparafioPure 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, li2benzenedicarboxylic acid, >99.5%,
SigmaAldrich®) and terephthalic acid (TPTA, 1lidbenzenedicarboxylic acid, 98%,
SigmaAldrich®) and Isophthalic acid (IPTA, 1,B 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 mtiThe water uptake behavior of the 3 AAA
compounds in this study have been previously described in dgi@il et al., 2022)

The masgo-volume concentration of the pure BC solution was 72 mg BC in 200 ml
ultrapure water (MiliQ or Millipore®, 18 2 Mq %).c The masgo-volume
concentration of B&o-AAA internal mixtures was also 72 mg (36 mg BC was mixed
with 36 mg of AAA) in 200 ml ultrapure water (M or Mi | | i podeE, 18. 2
Furthermore, the acidity of the pure AAA aerosol and 1::H8BAA aerosol was
guantified 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; therdfhereyeak
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
thechapter

Molecular weight Density z Solubility ¢h
Compounds 1 {H T o .
Black Carbon
(Vulcan® XC72R) 12 " P pT
Phthalic acid 166.14 1.59 o X pT
Isophthalic acid 166.14 1.53 X¥T pm
Terephthalic acid 166.13 1.52 PP g p Tt

4.3.2 CCN Measurements

A continuous flow strearwise thermal gradient Cloud Condensation Nuclei
Counter (CCNC, Droplet Measuremdrgchnologies (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 ngelhart et al., @8; Moore et al., 2010; Barati et
al., 2019; Vu et al., 203@nd 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. Aalectrostatic 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 Gater (CPC, TSI 3776) at 0.3 L mito measure total dry

particle concentrationd , and a second stream entered the CCNC at 0.5 'L aril
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constant supersaturation to measure activated particle (droplet) adunts A sheath

flow rate of 8 Lmin' '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%6%, with 0.1% step size. Each supersaturation was held
constant for 15 minugefor 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 forthreferke t o amodedédspepcess. Furthermore, C
ranging between 0.2% and 1.6% were calibrated using ammonium sulfgte (3 /,

AS) aerosol (Sigmaldrich®, >99.9%) prior to performing measurements for pure and
mixed BC samples. AS dataadgsfor CCN calibration is provided in the appendix

(SectiordA.1).

0.3 Lmin™*|

TSI 3776
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1 dryer 5
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== Dried filtered .
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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 ofceivated 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 Classifi§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 litexgle.g.,Tavakoli et al., 2014;
Tavakoli and Olfert, 2014; Yao et al., 2020; Gohil and-Asaiku, 2023. A brief
description of the experimental setup is provided in this paper. Polydisperse aerosol
was generated from aqueous suspensions as described. athe AAC selected
monodisperse aerosol corresponding to an aerodynamic diarffeter The sample
and the sheath flow rates were maintained at 0.3 [ taimd 3.0 L mih respectively
(i.e., sheattio-sample flow ratio = 10:1). The monodisperse adross 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 dermil as the
approximate electrical mobility diameté®  corresponding to the initially s€@ .
The sizeresolved effective density and dynamic shape factor of the pure BC and mixed
BC-AAA aerosols were calculated using coupled aerodynamiceletrical 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 diamet@r . The DMA and the CPC
collectively operate as an SMPS and measure a number size distribl#gkC-
selected dry particles with electrical mobility diametéds . 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 eliamet

4.3.4 CCN Activity Analysi§ PyCAT
Pythonbased CCN Analysis Todl PyCAT (Gohil and AsaAwuku, 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 stemode 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 gven sample for a fixed dry diametefO are resolved by

supersaturations’Y. Following this, a sigmoidal function can be fit to the activation

ratio as,

W —— B 4.1)
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In Eq. @.1), wis the dependent variable—, 6 and 6 are the minimum and

maximum of the sigmoid respectivel) ais the slope of the sigmoidy is the
inflection point of the sigmoid (generally the midpoint of the sigmoid), @il the
independent variabléY. w corresponds to theitical supersaturation’y 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 sizee s o | v € d were aseddo convert
electrical mobility sized to volume wgiyalent diameters. The volume equivalent

diameters of the particles are implemented as their dry dian@ter .

4.3.5 Transmission Electron Microscopy (TEM)

Pure and mixed BC narsized particles were collected and analyzed with
Transmission ElectroMicroscopy. The JEOL 2100 (TEM; LaB6 filament) was used
in this work(Niemi et al., 2006; Rastogi and Asavuku, 2022) Specifically, aerosols
pass through a neutralizer and the charged particle8FKITSI 3077A) were then
deposited for 4 hours ontm electrically grounded lacey carbooated copper TEM
grid (TED PELLA). For EDX and EELS analysis the particles were deposited on a
Silicon Nitride 3 E grid. The deposited particles were then imaged at an accelerating
voltage of 200 kV and a magnifittan range of 5a.50 k. To minimize sample damage,

the exposure time was kept limited to 90 sec.

116



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:

” — -0 4.2)

whered is the particle mas®) s the particle mobility diameted, is a constant, and

O is the fractal dimension of the given species, also known as thenmadslgty
exponent.0 and'O are empirical coefficients that are used relate the mass and

mobility diameter of the particle through a power law relationship given as,

a 80 (4.3)

The mass in Eq. @.3) is directly related to the particle relaxation time and miybili
which can be measured with the AATMA setup. Therefore¢t can be obtained by

solving the following system of equations using the measured data,

, 80 "0 (4.4a)
p U

., 80 (4.40)
© o ‘O

t 6 (4.4)
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whered representsthesize pendent Cunni nghanmobisthes| i p
reference densityp Tt tE  ,'O is the aerodynamic diameter of the partitlés
the viscosity of the carrier gas in the instrumentatias,the particle relaxationnbe,

ando is the particle mobility

Solving the system expressed as Eql)(#br a measured size distribution provides
the mass distribution of the aerosol. Fitting the EB)(to the mass vs. mobility
diameter distribution generates empirical pararset@hich 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 partidbape and morpholodgyavakoli and Olfert, 2014)

BC and BGlike 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 nesphericity. The effect
of nonsphericity of the particle is represented using the drag foreexpressed as

follows,

— (45)

where O is the drag force on the n@pherical particle, an®;, 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 diame@r . Sizeresolved...and the
respectivéO of any given species can be determined using the measured electrical
mobility and aerodynamic diameters by solving the following pair of-lmmar

equatiors,

o ©O o0 ©O
.0 (0] (4.63)
o 0
( ( R 4.6b
0O 0O =45 (4.60)

m is density of the density of particle inclusive of voids and is therefore equivalent to
the sizeresolvedm of the particles. The known measured tigia distributions of
electrical mobility and aerodynamic diameters are used to solve the coupled system

represented by Eg4.6) and obtain the distributions for the volume equivalent diameter

and dynamic shape factor.

4.4.2FrenkelHalseyHill Adsorption Theory (FHHAT)

The FHHAT model describes droplet formation and growth via the adsorption of
water on particle surface. FHAIT combines the FHH isotherm with the curvature
effect (Kelvin term) to determine the water vaporeiovthe droplet surface
(supersaturation) during water uptaf@orjamaa and Laaksonen, 200The 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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™ F Agbpd — (4.7

The 2 empirical parameterso ho account for the surface and bulk
contributions to droplet growtlo. parameterizes the interactions between particle
surface and the first adsorbed aqueousatayer.6 parameterizes the interactions
between particle surface and the subsequently adsorbed aqueous moriblayesd

0 respectively describe the amount of adsorbed water on particle surface as well as

the radial distance away frothe particle up to which the attractive forces can cause

the adsorption. In Eq4(7), — , WhereO is the droplet diametef) s

the diameter of the insoluble core, &0dis the diameter of a water molecule and has
a value of 0.275 nm. Combining E@t.7) with the curvature effect (Kelvin term), the

FHH-AT can be expressed as,

Y Op AoBb—— (4.8)

where, ,0 and” are the surface tension, molecular weight, and density of water,
regectively.Yis the ideal gas constant aiis 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 FAIHequilibrium curve fitted

to the experimental CCN activity measurements.

The FHHAT 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 layerbepdrticle surfacl.aaksonen et al.,

2016, 2020) Another modification expands the FHM framework by including the
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aerosol solubilityGohil 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 partitioni(ijipinen et

al.,, 2015withFHH-AT. The solubi lity partitioning ¢tr
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 andwater uptake can be included towards water uptake along with the
contribution from dissolved particle within the aqueous phase. Moreover, the FHH

empirical parameter®( (o ) for each sample are the same computed by fitting

the FHHAT to theCCN activation data. The mathematical formulation of HAM is as

follows,
Y o5 AdP—— (4.9)
where @ |, ® thg . Op is the Raoultos | aw te

defined ag & , where! is the activity coefficient and is the mole fraction of
water in the aqueous phase of the droplet. Considering the droplet to be infinitely dilute,

r pand® f can then be approximated 68 ——, where¢ are the

numberof moles of water anéd are the total number of moles of the solute(s) in the

agueous 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 uptakiedoption 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, p and therefored j
@ . In stage 2, a finite amount of solute continteslissolve into the agueous
phase. Thereforeéy ® tdr instage 20 and® y  vary continuously
during the droplet growth in stage 2 and are estimated using the bulk solubilities of
each compound with the instantaneous drbpiameter and solute mass dissolved
(Gohil et al., 2022; Riipinen et al., 201tage 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, thed |; ® (Raoultoés |l aw). Additional de

the formulation of HAM is provided i{Gohil et al., 2022)

4.4.4 Hygroscopicity Parameterization from FHAA and HAM

The single hygroscopicity parameter is denotedllbynd is mathematically
formulated by relating it to the water activity of the CCN activity model. The general
formulation forll was provided byPetters and Kreidenweis, 20@&f)d is expressed as

follows,

— p I— (4.10)

where® is the water activity termyp is the volume of the dry particle, aad is the

volume of water in the aqueous phase. Tparameter derived from a CCN model can
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be parameté&red by substituting the> in Eq. @.10). Following this procedure, the
experimental and theoretical single hygroscopicity parameters forAH&hd HAM

have been previously developed. The details of the hygroscopicity parameterizations
based on FHFAT and HAM (I andll , respectively) have been provided by

Mao et al., (2022) and Gohil et al., (2028)spectively.

4.5 Results

Figure 24. TEM images of different sized particles of pure BCGI(All) and BC mixed
with Phthalic (BI, B-Il), Isophthalic (CI, C-ll) and Terephthalic (B, D-Il) acid,
respectively.

The particles generated from BC and BC mixtures in this study have a range of
non-uniform sizes and shapes (Fig@#). 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. Thusesaged
effective ansity 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 diameter®  of the pure and mixed BC samples
were converted to their corresponding volume equivalent diam&ersusing insitu
measurementd he sizeresolved effective density and shape factor of the particles was
computed following the method described in 88t8.1.1 and 3.1.2, respectively. The
effective density and shape factor of the samples are shown in Bg(ag and (b).

Fig. 25(c) shows theO of the pure and mixed BC particles plotted against the
correspondind® . The black dashed line ing=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 incre@singrlhe significantly

low effective density with respect to the bulinsity of pure BC at low® (towards

the left end of Fig25a) suggests that smaller particles could be existing in the form of
agglomeratesMoreover, the agglomeration of pure and mixed BC particles likely
decreased with an increase in e which can be understood from the increase in
the sizeresolved effective density.

The likely reduction in fractdike structures is also evident from the decrease in
the sizeresolved shape factor of the particles with an incredSing For pure BC, the
lowest value of shape factor was measured *od#: for aO ¢ @nm. Among the
mixed BC particles, B&PTA particles were measured to be most spherical, with a
maximum shape factor vfp$® uor O T mim, and minimum shape factorxopat
for O po mm. BGTPTA particles were measured to be the-apherical out of
the 3 types of BC mixtures with a maximum shape factg@fpfor O T Bm,
and minimum shape factor g8t geven atO ¢ ¢nmm. The sizaesolved shape
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factor of BGIPTA particleswere found in the intermediate range between the shape
factor of BCPTA and BCTPTA particles. In Eq4.6(a), it is observed that the
Cunninghamdés sl ip cOr and@ thawe small wcabilbiess f or
related to the respective variabl@ herefore, an approximate linear relationship can be
assumed between tii® and’O . The straight lines fitted to tH@ vs.O for the

pure and mixed BC samples are also shown inZ5(). These straigHtne fits were

used to determmtheO for the CCN analysis with respect to evéy at which the

CCN measurements were performed.
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Figure 25. Sizeresolved effective density (a), steesolved dynamic shape factor (b)

and sizeresolved volume equivalent diameter (c) with respect to electrical mobility
diameter are shown. The measurements were performed with respect to electrical
mobility diameers 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 nob>&C 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 (Sectidh.2). For each sample, number

concentrations were measured with respect to varsupgrsaturations in the CCNC
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while the dry particle diameters were held fixed. Figlkel 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 catisupersaturations 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 consistedsofghe plateau. The single
plateau is indicative of a homogenous part{®e et al., 2019|and implies that BE
AAA mixtures can be treated as internal mixtures for subsequent CCN analysis. The
assumption of internally mixed aerosol mixtures is alsopsupd by Energy
Dispersive Xray (EDX) analysis results (Figu6). 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 oftiarepexies
throughout the mixed patrticle.

The primary CCN analysis was done using the FAIH The FHHAT fits and
CCN data of pure BC and mixed BEAA species were compared with the pure AAA
samples (Figur@7). Fig. 27 shows théD of the dry particds 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., (2022are summarized in Table 2. Mixed BC aelas® 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 FHAT fits of mixed samples divergeaway from the FHH

AT fits of the corresponding AAA with an increasifdg .
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Figure 26. Images show dark field images of BC mixtures with Phthalie)(A
Isophthalic (Bl) and Terephthalic acid (Q. Images Il and Il for each mixture are
EDXs images showing relative distribution of carbon and oxygen respectively for each
mixture.

The chantg slope ofY vs. O  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 relaively 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 parfie morphology and composition of a given BC mixture is
predominantly affected by the corresponding AAA at smdler. Conversely, the
FHH-AT fits of a given BC mixture noticeably diverges away from the FAIHfit of
the corresponding pure AAA. This iings that the morphology and composition, and

hence the CCN activity of the mixture particles is affected by BC at l@ger

127



2.0

---- Internal mixtures
— Pure compounds

Black carbon (BC)
Phthalic acid (PTA)

Terephthalic acid (TPTA)

1.0+
0.9+

0.8

Critical Supersaturation (%)

0.5

0‘4 | ] | ] ] LI ] I\
O ] (] 0,000 (s] (x] (]
7 P ® 4 S AP PRS S S S

Dry Diameter (nm)

Figure 27. 0  vs."Y pairs derived from CCN measurements of pure (solid circles)
and mixedBC (open triangles) aerosol is shown. The CCN measurements of the pure
AAA samples (from Gohil et al. 2022) are also plotted. The HIHits are depicted

using solid and dashed lines for pure and mixed samples, respectively. The particle dry
diameter refes to the calculated volume equivalent diameters.

Table 6. FHH empirical parameters aid scores for pure and mixed aerosol.

Sample =11 1554 191 1q -1
Black C;(r:b?oan()Vulcan® X T & @ 8L X T 0 @
Phthalic acid (PTA) ™ p ™ ¢ T W Q Tdo Y @
Isophthalic acid (IPTA) & W T X T O @ T8 @ X
Terephthalic acid (TPTA) ™ @ T T TBOT T T80 P @
1:1 PTAto-BC pPB X pPd p T X v T8O W P
1.1 IPTAto-BC T® O T X T T Y T8O UL T
1:1 TPTAto-BC & X P8t T T O T T8O T O
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Along with FHHAT, the application of HAM was also studied for the pure and
mixed BC aerosol (Figurg8). 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 tp lbe g/g water. Similar to
FHH-AT, HAM fittings for pure andnixed BC aerosol were also compared to those
for pure AAAs. Generally, the FHHAT and HAM generate similar CCN activity
predictions for pure and mixed BC aerosol under either of the BC aqueous solubility
assumption. Th&y goodness of fit scores (summaazin 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 FHHAT and HAM for pure BCY W XVS.'Y T W)W
These differences could be the consequences of the explicit treatment of aqueous
solubility of BC and AAA in the HAM framework. FHHAT fundamentally assumes
the particles to be completely water insoluble and therefore the CCNtyactiv
predictions based on FHAT are independent of the considerations related to the
water solubility of the compounds. On the other hand, Hedded CCN activity
predictions can vary depending on the treatment of water solubility. Pure BC is
assumed to hava norzero agqueous solubility which results in a ya@mo contribution
from solubility partitioning in HAM and thus a slight underprediction of CCN activity

as compared to FHAT.
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Figure 28. 0  vs."Y 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 rhixe with BC. The HAM fits for all 7 sets @

Y pairs used the FHH empirical parameters determined by fitting-AHIledcross the
measured data (Table 2); the same set of empirical parameters that were used to fit
FHH-AT fitting in Fig. 27. The'Y correlation values are also presented in Table 3. A
slight underprediction in the CCN activity of pure BC was observed with HAM
compared to FHFAT (Y of 0.899 and 0.957, respectively). This underprediction can
likely be aresultof the explicit treatmet of BC solubility 11 g/g wate) in HAM.
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Figure 29. Hygroscopicity parameterization from HAMI is shown for pure
(closed circles) and mixed BC with pure AAAs (open triangl€kg individual points
correspond tdl parameterizedusing experimental data, and the fitted curves
correspond to th® -dependent theoretical (or, simplifiell) as described in
detail in Gohil et al. (2022)Notable sizedependent trends in the hygroscopicity are
observed for la studied aerosols. Furthermore, the giependent decrease in the
hygroscopicity of BEGPTA is much more prominent than that in the hygroscopicity of
BC-IPTA and BCGTPTA as compared to their pure AAA counterparts.

The hygroscopicity of the pure andxed BC aerosol was also parameterized from
HAM (Il ) and compared to tHe  of pure AAAs (Figure?9). It was noted that
I of mixed BC aerosol declined sharply compared to of the corresponding
pure AAA. This sharp decline in thggroscopicity of the mixture can be attributed to

an increased influence of BC on the overall water uptake behavior of the BC mixtures.

Moreover, i of BC mixtures are especially low compared to the of the
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corresponding pure AAA at larg€ . 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"Y vs'O  data, suble underestimations can be observed in therggelved

BC | . These slight underprediction is also associated with the explicit

implementation of BC solubilityp( 1 g/g water) in thdl parameterization.

4.6 Summary and Implications

This work presents the analysis of the water uptake of pure black carbon (BC) and
BC mixed with lowwater solubility organic compounds. Because BC is known to show
changes in mixing state across size distributions, CCN measurements were performed
for constant gie 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 mixtes 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 wit 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-mgelved trends were a consequence
of the agglomerabin 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 patrticles suggest that smaller particles are more compact and spherical
compared to padles with larger volume equivalent diameters that exist as
agglomerated fractdike structures. Further examination of changes in particle shape
and density is needed to understand the possible causes for large deviations from
sphericity at smaller sizefer 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 @ra better representation of particle sizes as compared to the
electrical mobility diameter$Gohil and AsaAwuku, 2022) The utility of volume
equivalent diameters is especially high for CCN analysis of aerosol using droplet
growth models that show strg particle size dependence. Furthermore, hygroscopicity
parameterizations based on FAH or HAM also have explicit dependence on particle
sizes. Therefore, volume equivalent diameters instead of the corresponding electrical
or aerodynamic mobility diamets 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 FHAT and HAM frameworks. FHFAT is a widely known
CCN activity model that desibes 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 treatmenf 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

133



notable through its application to tke&perimental CCN data of pure and mixed BC
aerosol. The CCN activity for internal mixtures predicted using HAM is comparable to
that predicted using FHAT (Table 2,'Y scores for BC internal mixturgsThe CCN
activity prediction of pure BC using HAM ienly marginally different from that
predicted using FHFAT on account for a finite water solubility consideration for BC
in HAM (Table 2,"Y scores for pure B Since there is no significant difference
between FHHAT and HAM predictions, HAM should beegerally 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 lowvater solubility species such as
BC can also be understood using their single hygroscopicity pararteter . The
experimental hygroscopicity of the pure and mixed BC species based on the HAM
framework showhigh 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 sizdepandence associated with the hygroscopidity; decreases
with an increase in the particle sizes. It is important to note that theleymmdent
decline in thdl of the BC mixtures is more significant than the decline idlthe
of their rresponding pure aromatic acids. The comparison between the
aforementioned sizdependent trends is evident from the theoretiical fits in Fig.

29. Additionally, the sizedependent experimental hygroscopicity of pure BC is slightly

higher than thesimplified hygroscopicity. This is likely analogous to the
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underprediction in the HAMbased CCN activity estimates of pure BC when compared
to the experimental measurements.

HAM was first developed for the CCN activity analysis and hygroscopicity
parametaration 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 23 orders of maghide. 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 paramezation 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 aerosalirect 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 C@i¢asurements 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 predure described by Rose et al. (2008). Ta#el
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.

Table4A.1. Sample CCN Counter (CCNC) calibratidaita using. ( 3/

Supersaturation Setting (% g, Uiaton 06)  Diameter ()

8 ™ p T X@& pg

8 T8 1Y T@® ™o
8 ™ X g o&d pPHT
8 ™ Yo o® ™Y
8 T8O T CPH THp
8 Pt W T C® mu
8 PpB® 0T C®» ™o
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Figure4A.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 MixeddpEcies

Condensation
Size-selection Particle Counter
(CPC)

Differential
Mobility Analyzer
(DMA)

Aerosol generation
+ diffusion dryers

Dry particle counts

Cloud Condensation

Nuclei Counter
(CCNC)

Activated droplet counts

Figure 4A.2. Schematic of the stefizing apparatus used to collect number
concentration measurements of pure and mixed BC samples.
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Figure4A.3. Activation ratio and the corresponding sigmoidal fits for the pure and
mixed BC samples. The e@asurements were performed with respect to the varying
CCNC supersaturations for fixed electrical mobility diameters using the setup depicted

in Fig. 4A.2.

138



Chapt Arppbi catSicihe pefnidegit oscopi ci
Framewor k for Si mul ating Aeroso
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. Qirthe uncertainties in
understanding aerosoloud interaction is systematic misrepresentation of the water
uptake behavior (hygroscopicity) of mineral dust and carbonaceous aerosols
including primary organic matter (POM), secondary organic aerosol@\$g®lack
carbon (BC). The hygroscopicity (denoted &y of aerosol species in largeale
models, such as the Community Atmosphere Model (CAM), are prescribed based on
traditional Kohlerdroplet activatiortheory. Traditional Kéhler theory (KT) assumes
aerosols to be infinitely soluble in water and #&seds-values can be overestimated
for partially water soluble and insoluldeganic aerosols. These uncertainties can then
translate to predicted aerosmbud interactions. In this work, we implementedeav
hygroscopicity parameterization that accounts for partially soluble and-imatduble
aerosol, the Hybrid Activity Model (HAM) within CAM6. The HANI accounts for a
wide range of low aqueous solubility organic aerosols by combining adsebhatsea
water uptake with water solubility as parameterized usingxkigernto-carbon Q:C)
ratio of the speciedVe 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 climateFurthermorethefully developedHAM Il 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 thd HAM
CAMG6. Seasonal mean dr@plsizes, cloud fraction and aerosol optical depth using
HAM I had better agreement with the observed seasonal ifvagiria ,, ). This work

is the first to provide a computationally efficient treatment of-dizgendent varied
organic aerosol chemistryorf 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 ofratspherically relevant aerosotsay nowbe
considered in other global and regional climate modetés work shows that the
hybrid hygroscopicity parameter developed in Chapter 3 can be implemented within a
global climate model to modify the computationabdud 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 forcinPCC 2007) Aerosols can act Cloud
Condensation Nuclei (CCN) resulting in cloud droplet formation, which can affect both
the radative properties of cloudéTwomey, 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 (eAgh, d u | Razzak & Ghan,
Fountoukis, 20B; 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 populatiodetermines droplet formatiofiPetters and Kreidenweis,

2007)by controllirg 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 aenggobscopicity (denoted bi).
These sensitivity studies show that modifyilhgn the largescale Global Climate
Models (GCMs) can result in the variations of several variabies& Wang, (2010)
performed CAM5 sensitivity runs by modifying tiieof organic aerosols and found
that the uncertainty in the may cause an uncertainty in the aerosol indirect radiative
forcing by a factor of 0.33etancourt et al., (2014)erformed adjoint sensitivity
analysis using CAM5 and found that a unit uncertaintly @an cause uncertainties in
the droplet concentration by a factor of 2 to 4. Other similar sensitivity sindlage
the use of chemical transport models for analyzing the effect of aérosdhe aerosol
indirect effect(Karydis et al., 2011, 2012; Latimer and Martin, 201&rosolll has
also been shown to cause variability in the aerosol atmospheriens(tdu et al.,

2016) Rothenberg & Wang, (20168howed that there can be up to a4wlal change
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in the estimated ambient supersaturation from a unit chattiggepending on the CCN
activation parameterization scheme. Recent studies have also sieatemh thell
dependence on relative humidity, thereby suggesdtipgrameterization in climate
models(Valenzuela et al., 2018; Zhao et al., 20B)rrows et al., (2022ntroduced
a new aerosol mode (marine organic aerosol) with ar@ in the Erergy Exascale
Earth System Model and found significant increments in the seasonal andc@oudal
radiative forcing. h general, an improvement in the representatioh isfcrucial for

improving the estimations of AIE and radiative forcing.

The uncertainty in thé of ambient aerosols, the CCN activity, and therefore the
AIE is strongly linked to the presence of organic species in the atmogpletaacourt
et al., 2014Karydis et al., 2012; Liu & Wang, 2010)he 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 betweei®@@tor a given regional
aerosol burdeiiZzhang et al., 2007)These compositional variances can significantly
vary the overall of ambient particles. Organic aerosols also consist of compouatds th
are directly emitted into the atmosphere (primary organic matter; POM) and their
oxidation products (secondary organic aerosol; SOA). The ditferganic aerosol
sources can also result in notably different physical and chemical prog€dieso
et al., 2008; Petters et al., 2009Jonsequently, more comprehensive, and detailed
hygroscopicity parameterizations of organic aerosols are necessary to reduce the

uncertainties in AlE.
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Currently, the AIE estimations from GCMs use prescribgdlues fororganic and
inorganic aerosol typefliu et al., 2016) These prescribell values for different
aerosol types are based on the droplet growth measurements undeandub
supersaturated conditions for different types of atmospherically relevant a¢eoggls
Burrows et al., 2022; Liu & Wang, 20L0~or certain aerosols, these prescribed values
can also be derived from their molar vol ur
Kohler Theory The hygroscopicity paramete-rizati on
independent and provides a consthrfbr the associated aerosol species across the
entire particle distribution. Whereds of the particles containing wateoluble
inorganic species can be quantified with high certainty, significant variability ih 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 adrqgod), Asa
Awuku et al., 2009; Bond et al., 2013; Dalirian et al., 2018; Fofie et al., 2018; Malek
et al., 2022; Padro et al., 2012; Rastak et al., R@&nerally)l of highly hygroscopic
species can take up value9, whereas effectively nehygroscopt species havela
of D 1t It has been found that theof organic aerosols can vary fron{Kanakidou et
al., 2005) e.g., black carbon and other primary organic compounds from biomass
burning, to highly hygroscopic, e.g., amino acids and oligorfMessh et al., 2017;
Dawson et al., 2020Additionally, the CCN activity antll of aerosols, can depend on
various phygochemical properties (e.gkucinski 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., 200t may not be described by
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Raaw | t 0 s |l aw. Therefore, more comprehensi v

parameterize theik.

It has been found that explicit treatment of aqueous solubility can be made for
improving thell parameterization of organic compoundetters & Kreidenweis,
(2008)showed that the use of bulk solubility can generate a more actwhprire 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 lowsehtbility
species like mineral dustSullivan et al.,, 2009) This solubilityinclusive
parameterization accounts for the effect of variability in droplet siZe dfao et al.,
(2022) recently showed that adsorptibased CCN models (such as the Frenkel
HalseyHill Adsorption Theory; FHHAT) can also be potentially used for
parameterizing aerosoll. They employed the methodology fromRetters &
Kreidenweis, (2007using the water activity of FHIAT to derivell for effectively
waterinsoluble organic and patyeric species. Furthermor&ohil et al., (2022)
parameterized the aerodiousing a hybrid CCN activity framework (called the hybrid
activity model; HAM). HAM combines the adsorption isotherm from the FAdHwith
solubility partitioning to describe dptet growth and parameteritelt is worth noting
that thell parameterizations based on FHAH and HAM depend on particle sizk.
parameterization bgohil et al., (2022gxplicitly accounted for the aqueous solubility

of the species with particlezs.

In this work, the HAMbased 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
contributeto 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 repesgation of organic aerosbl In its current state, the
CCN activation parameterization in CAM computes droplet growth by incorporating
prescribedll for all aerosol types. The aerosblis important in an activation
parameterization because it directBlates to the water activity of the CCN model
(Petters and Kreidenweis, 200and controls the subsequent droplet growth. In this
work, the aerosol for different aerosol types were calculated using the- sind
solubility-dependent HAM hygroscoptgi parameterization. The particle size and
mixing ratio information from the Modal Aerosol Model (MAM) was also used in the

I calculations for different aerosol types in the individual aerosol modes. Furthermore,
to reduce the computational burden, a difigol form of the HAM hygroscopicity

parameterization was implemented in CAM.

5.3 Model Description

5.31 NCAR Community Atmosphere Model (CAM)

The NCAR Community Atmosphere Model (CAM, version 6.3) performed all
simulations in this work. CAM6.3 (hereafter CAM®6) is the atmospheric component of
the Community Earth System Model (CESM2.2). The Modal Aerosol Model (MAM)
predicts the mixing state offterent aerosol types in the aerosol modes and the number

concentration of each aerosol mode. MAM4 is the currentrfoaole model used in
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CAM6G (Liu et al., 2016) The prediction for the mass and number mixing ratios of
cloud liquid and cloud ice, the djaoses 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 twemoment stratiform cloud microphysics schefd®rrison and Gettelman,

2008; Gettelman and Morrison, 2018)CN activation and droplet formation for the
multi-modal lognormal aerosol size distribution in MAMA4 is derived usingitited u |

Razzak & Ghan, (200@3CN activation scheme

Other major components included in the CAMG6 riing. A deep convection
schemgZhang & McFarlane, 1995p. A unified turbulence scheme, Cloud Layers
Unified By Binormals (CLUBB;Bogenschutz et al., 2010; Bogenschutz & Krueger,
2013; Golaz et al., 2002that also incorporates warm cloud macrophysics and shallow
convection, 3. A radiation scheme to treat aerosol and cloud radiative éiéectso

et al., 2008)and 4. A cold cloud macrophysics sche@ettelman et al., 2010)

5.32 Prescribed Hymscopicity of Aerosols through Modal Aerosol Model (MAM)
in CAM6

MAM4 is the aerosol model that is coupled with CAMG6. The initial versions of
MAM included the sevemode aerosol model (MAM7) and the thmeede 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 significantlynderestimates surface black

carbon concentrations over Asia and higher latitude regions. MAM4 is an upgraded
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version that includes a separate primary carbon mode, in addition to the Aitken,
accumulation and coarse modes, to explicitly treat the micro@iyasiing of black

carbon. A brief description of the individual modes in MAM4 are provided in Table 1.

Table 7. Interstitial and clouéborne aerosol types of each aerosol mode in MAM4
(mmr: mass mixing ratio)

Primary carbon

Aitken mode Accumulation mode Coarse mode
mode
Number mixing ratio Number mixing ratio Nu_mber mixing Nu_mber mixing
ratio ratio

Fresh primary

Sulfate mmr Sulfate mmr Sulfate mmr .

organic mmr
Ammonium mmr Ammonium mmr Ammonium mmr Fresh BC mmr
Seasalt mmr Seasalt mmr Seasalt mmr

Secondary organic Secondary organic

Dust mmr
mmr 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 CAMG6 are as folloWvsulfate (SO4), sea salt (SEASALT), black carbon
(BC), soil/mineral dust (DUST), primary organic matter (POM) and secondary organic
aerosol(SOA). The hygroscopicity parametdl for all these species in CAM6 is
prescribed through MAM4. Thevalues of 0.507 and 1.16 are prescribed for SO4 and
SEASALT, respectively, indicating their highly hygroscopic naflua et al., 2016)

Thell value of* 1tis prescribed for both POM and BC aerosol types to denote the
effectively nonhygroscopic 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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8t @ T T(eg., AsaAwuku 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
meanhygroscopicity 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
thatthe 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 corstantll applied over the particle size distribution of the carbonaceous aerosols

may not be the best representation of the overall water uptake behavior.

5.33 Hygroscopicity Parameterization for Droplet Nucleation

In this work, a simplified representati ofll is developed using the Hybrid Activity
Model (HAM) framework to implement in droplet nucleation, for organics (POM,
SOA, BC) andDust Such thatll for the organic and dust species are no longer
prescribed and are instead computed prior to dropigeation. Additionally, thé of
the aerosol mode is computed as the volume mean df thehe individual aerosol
typesand he HAM-derivedll asexplained byGohil et al., (2022)s simplified to a
power law functionsThe following text brieflydescribed the development of the size

dependenl to be implemented for carbonaceous aerosols.
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The theoretical HAMbasedll as a function of dry particle size is expressed as

follows,

I —p ® p 0 — (5.1)

whereO is the diameter equivalent to the size of the dry particle of a given aerosol

type in the aerosol mode, andoé are empirical FHH parameters that depend

on the aerosol typep is the mole fraction of water computed by incorporating
solubility partit(Rigpinanetal, 20050t ibithe siReacbomd t 6 s | a
water molecule, aneHs referred to as the surface coverage corresponding to the dry

size O and is theoretically estimated using HAMdhil et al., 2022 In Eq. 6.1),

O is the only independent variable while all the other quantities are the properties

of a specific aerosol composition. The ando of the BC and dust aerosols

were obtained from literature and are summarized ineTabiThed and 6

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 tlsarbonaceous aerosol composition is
unknown the O:C ratio can be used as a proxy for veatlebility (Nakao, 2017ps

follows,

1T& ¢m- ° P (5.2)
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whered is the aqueous solubility, ané is the O:C ratio of the speci€gheO:C ratio

of the pure and mixed particles has been applied to parameterize the theoretical aqueous
solubility and subsequent hygroscopicity of CQ&g., Kuwata et al., 2013; Nakao,

2017; Razafindrambinina et al., 202Zhis work uses thpublishedO:Cratios (Table

2) of known aerosol species to obtain average aqueous solubility of POM and SOA
aerosolspeciesin CAM6. Table 2 provides O:C ratios and the references from for
different POM and SOA considered in this work. For BC and DUST aespsaies

with exceptionally low water solubility, a value pfrt O 17D 1 x A Oif @ed in the

I parameterization from Eq. (5.1).

Table 8. Previous studies for hygroscopicity values from experiments and observations

Average

, . References
Organic aerosol species 17T ”" 11 O.C

Primary organic matter b #Aiken et al., (2008);
(POM) P®p 80O & #Lambe et al., (2011)

$AsaAwuku et al.,
(2009); #Canagaratna
et al., (2015); #Cappa

Secondary organic aerosol & Wilson, (2011);
(SOA) cg? @ R ) $Engelhart et al.,

(2008); $Huff Hartz et
al., (2005); #Mabhrt et
al., (2021); $Prenni et

al., (2007)
&Gohil et al.
Black carbon (BC) X® * R & (submitted
Mineral dust p&P c’& B iLKSJ)mar et al., (2009

2 Calculated using cited experimental CCN data

b Acquired from literature

# References O:C data

$ References for CCN Activity information, specifically activation supersaturation
critical diameterY O pairs

& Reference® andd  data
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Aerosols are treated as internally mixed in CAMthe overall hygroscopicity of
aerosol species weralculated 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 efficieribge
hygroscopicity function was trarsined into a power law expression using the
speciesdependent parameters for the aforementiotemtbonaceouserosol modes.
Different set of parameters and properties were incorporated in Eq. (5.1) for different
aerosol types to generate their siesolvel Il distributions. Subsequently, a
generalized power law fit was applied to the siependent for each aerosalpecies

that can be expressed as follows,

I 80 (5.3)

where O is the dry particle size, anl and are power law coefficients for the
aerosolspeciesQThe power law was also determined to be a function of dry particle
size containing 2 power law parameters (Eg. 5.3). Table 3 provides the power law
coefficients for the organic (POM, SOA and BC) dhast aerosolspeciego use in

CAMG.

Table 9. Power law coefficients for POM, SOA, DUST and BC

Organic aerosapecies F =|=

Primary organic matter (POM) 1050 2.76
Secondary organic aerosol (SOA 1261.7 2.55
Black carbonBC) 5.84 1.94
Mineral dust 3.67 1.18
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54 Global Climate Model Configuration and Experiments

Three set of simulations were performed using CAM6. TheMiast acontrol run
(denoted as ACTRLO) that was performed to
CTRL run, the hygroscopicity for all aerosol types were prescribed through MAM4.

The second set was referred to asethe AKTC
were no |l onger prescribed and were calcul at
in Kohler theory. The density and molecular weights of the required aerosol types were

obtained through MAM4L.iu et al., 2016)The overalhygroscopicity 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
AHAMO in which the hygr owereesimated ftom HAM each
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 useddetermine 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
guantifying 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 @ J p& v J
(conventionally denoted gs )] 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 analygeset al., 2015; Tilmes et

al., 2015) For all the experiments, the NASA ModeEna Retrospective analysis for
Research and Applications version 2.0 (MERRA2.Qllata from the year 2018 was

used to drive the model. The aerosol and greenhouse gas emissions were set to the
preserdday (year 2000) conditions for all experiments. Employing the nudging
technique facitiated 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, 201 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. Thenalyses from all three CAM6 experiments were compared to three

distinct observational/reanalysis datasets.

5.41 Cloud Fraction and Cloud Droplet Radiugloderate 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 ofMi@DIS (Terra/Aqia)

gridded daily product at a horizontal resolutiorm@f dvas available for the year 2018.
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5.42 Aerosol Optical Deptli AErosol RObotic NETwork (AERONET)

The qualityassured (Level 2.0) Aerosol Optical Depth (AOD) data from 1,348
locations were usedf the analysis. The datgveraged AOD product was available

for the year 2018.

5.43 ModernEra Retrospective analysis for Research and Applications version 2.0

(MERRA2.0)

MERRAZ2.0 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 (GBDShe MERRAZ2.0 data
with a spatial resolution® ¢ v JI® JGelaro et al., 201 7pr the year 2018 was used
to compare thenodel simulations in all experiments. Moreovetyear average of

MERRAZ2.0 climatological data about the year 2018 was used.

55 Results and Discussion

In this section, the results from the CAMG6 simulations are presented. The following
subsections descebthe 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
bet ween 172l 4(ey.&anakitlou#t al., 2005; Lohmann et al., 2D0the

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.

5.51 Atmospteric Aerosol Burdens

The organic (POM+SOA), BC and DUST burdens simulated using three different
configurations o£CAM6 are shown in Figurg0. 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 MERRAZ2.0 reanalysiS8(Fig.
(@), (d) and (g) show the organic burden simulated by thRLC KT and HAM
experiments, respectively. Fi80 (j) shows the 5ear average of organic burden about
the year 2018 from the MERRA reanalysis. Similarly, B@(b), (e) and (h) show the
BC burden simulated by the CTRL, KT and HAM experimeespectivey. The BC
burden from the MERRA reanalysis shown in.R3 (k). The dust burden simulated
from CTRL, KT and HAM are presented in F@0 (c), (f) and (i), respectivelyThe

MERRA reanalysis for dust burden in F&) (1).

The major difference between tsenulated and reanalysis mean burden for all
organic and BC aerosol types was observed over polar regions (bglons]and
abovegp ™N). Moreover, the simulated global annual mean burdens 3Big, b, and
c) are generally underestimated with respechéoréanalysis data (Fig0j, k, and 1)
even though the agreement between the simulations and reanalysis is better over tropics
and midlatitudes. The agreement between thed{mulated burdens with respect to
the reanalysis data is lower than the burdemsulated from CTRL or HAM
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configurations. For example, the maximum global mean organic burden in the KT case
was found to beg g d @ . This global mean increased to@ ¢ @ and
o@® d @ for CTRL and HAM, respectively. It was found that HAM esdited the

global mean organic burden most closely to the reanalysisdagayy Q1

Figure 30. Annual global mean of vertically integrated burdehsQi 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 rururéorow
(, k, 1) shows the MERRAZ2.0 reanalysis burden.

Similarly for BC, the simulated global mean burden from KT configuration
(maximum oft@ i @1 ) has the lowest agreement with the reanalysis global mean
burden (maximum ob8od @1 ). On the othehand, the global mean burden from

HAM configurations (maximum ofp® d @ ) was overestimated compared to the

reanalysis global mean burden as well as had the highest agreement. The lower overall
156



agreement between the Kimulated burdens compared to teanalysis burdens is
due to the underestimated burdens in the KT configuration. Th&idiilated burdens
were underestimated to the generally highef the aerosol types. The increaded
would likely result in a greater CCN concentration. Consequethigye 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 mawum ofp p @xd @1 , the maximum global mean
DUST burdens were foundtobet &d @1 ,ov &t i ando ¢ @d @i
from the CTRL, KT and HAM simulations, respectively. It is important to note that all
threell configurations result in a higher DUST rden 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 Il than the real value.

(a) (b) (¢)

prganic jurden, | i i i BC burdep, 3 5 5 Pustburden, | | | Lyl
—— MERRAZ.0 J RMSE = 69.297 — MERRAZ.O
— HAM

104

] RMSE 2.518
{ RMSE = 3.038 — CTRL
—

8
6

mg/m?

] T T T r T T T T T
90 60 30 o 0 60 %0 90 60 30 0 30 60 %
Latitude ("N) Latitude (*N) Latitude ("N}

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 degimes

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, ¢) and 1.0% supersaturation (d, e, f) betyvediPa

andx w ¢hiPa. 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 (Figus&). 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 reneansquared error (RMSE) of the simulated
vs. reanalysis means are also shown ergthphs for the respective aerosol type. Also,
the gray shaded region represents the first standard deviation about the zonal mean
reanalysis burdens. HAMased simulated zonal mean burdens show notably better
agreement with the reanalysis organic andtB& 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 agredl 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 I&NESE for the DUST

budget zonal mean® - 3 %y 1t @ . For all three simulations, the organic, BC
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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 warmcloud conditions, which could be the reason forhigh bias with respecot

the reanalysisver polar latitudes.

5.52 Cloud Condensation Nuclei (CCN) Concentrations

Significant variability was observed in the CCN number concentrations among the
threell configurations with respect to each other. The global annual mean CCNmnumb
concentrations between 950hPa and 820hPa levels for ambient supersaturated
conditions of 0.1% and 1.0% were analyzed (shown in Figeire=8y. 32 (a), (b) and
(c) show the CCN concentrations generated from CTRL, KT and HAM simulations at
0.1% supersatation. It was found that KT estimated significantly larger CCN
concentration than CTRL or HAM. A maximum global annual vertical mean
concentrations ofp gy pAl and ¢ wd YA were obtained from CTRL and
HAM simulations, respectively comparedgot @A from KT. A similar trend
was observed for the CCN concentrations at 1.0% supersatufto82 (d), (e) and
(f) show the CCN concentrations at 1.0% from CTRL, KT and HAM simulations,
respectively. An overall increase in the CCN concentrationsolvasrved 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 @fw &l , o v wotd  and

¢ m@®cA  from CTRL, KT and HAM simulations, respectiv@lyrhe 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 halhgharameterized from the HAM framework is
generally | ower than the Ra-waepéntdedce andaw cou

explicit solubility considerations (Gohil et al. 2022).

Corr. CCN 0.1% with Organic burden (a) Corr, CCN 0.1% with BC burden (b) Lo CCN 0.1% with DUST burde (c)

s —raerg;\ = Sy
...'9,,\‘ = -Q;f" P I

Corr. CCN 1.0% with Organic burden
! \ )' S

T

Figure 33. Correlation of the relative change iret@CN concentrations at 0.1% (top
row) and 1.0% (bottom row) with the relative changes in organic (a, d), BC (b, €) and
DUST (c, f) aerosol modes. The correlation between CCN concentration changes and
aerosol burden changes between HAM and CTRL cases$otiedp

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 Jgé&hérated CCN
concentrabns. The correlation of the change in tgebal annual mearCCN
concentrations at 0.1% and 1.0% supersaturations with respect to the changes in the
differentglobal annual meaaerosol burdens are shown in FigB8e The correlations
between were calcuked 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 CTRh&HAM simulations (Fig33a). 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 BG@durcorrelation with the CCN
concentration (Fig33b). The highest correlation coefficient was found to ba®o v

for both organic and BC burderasd strong correlations are spread uniformly across
tropics and midlatitudes. The average correlation coefftsibetweem v Jrddt v J .
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 Bag).
Whereas higher correlations in the case of organic and BC burdens is due to a reduced
I parameter of the aerosols, i.e., small changes in organic and BC burdens generate

notable changs 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. Fig@#e(a), (b) and (c) illustrate the global annual
means otthe vertically integrated CDNUMC simulated from CTRL, KT and HAM
experiments, respectively. Similar to the CCN concentrations, KT simulated the
highest CONUMC (maximum af u& p p i ) whereas the HAM simulated the

lowest CDNUMC (maximum op T& ¢ p 1l ). Thedistinction between them is
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more apparent from relative differences of the control experimétiigespect tahe
KT and HAM experimentsFig. 34 (d) and (e) show the relative difference between
global annual mean vertically integrated CDNUMC fr@&iTRL 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
p ¢ PWhereas the underestimation in the CDNUMC from HAM compared to CTRL
was aboti o @ b 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 wasalyzed for the regions where the cloud fraction was
18as well as the fractional occurrence of liquid wasgt v The CDNUMC was
found to be more than two orders of magnitude smaller than the average where these

conditions were not met and wearensidered effectively O.

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 CHERnulations (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 countbetween the CTRL and HAM cases were considered to
compute the adjoint sensitivity—— between CDNUMC and CCN concentrations.

The CCN concentrations within the vertical levels 3§0hPa and 820hPaere
considered. Except for the regions with no cléradtion, low liquid fraction 1@t UL

or low droplet count (p 1t I ), 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 populaticatively with low
hygroscopicity particles is CCN active at higher supersaturation. This implies that the

CDNUMC has a strong sensitivity towards the low hygroscopicity aerosol.

CONUMC sensitivity to CCN (0.1%) (a) CONUMC sensitivity to CCN (1.0%) (b)

Figure 35. CDNUMC sensitivity to CCN concentratioas 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
T81 Lare 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). FRifu(a), (b) and (c)
illustrate the global annual means of the vertically integrated LWP simulated from

CTRL, KT andHAM 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 i the maximum values werap # oCi (CTRL) and

o Q i (KT), respectively. The LWP from KWas slightly overestimated with
respect to the LWP from CTRL (Fig@6d), also implied by the average relative
difference of¢® b The LWP from HAM was notably underestimated compared to
that obtained for the CTRL case (F3e)i maximum ofu & yCi  for HAM. The
average relative difference between the global annual mean LWP from HAM and
CTRL was p @t v bLike CDNUMC, the analysis for LWP in all three cases was
also done for the regions where the cloud fraction wamsand fractional occurrence

of liquid was T8t v

Figure 36. Same as Fig4 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 concentratiorBHgyre
(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 1@t vare 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 ther relative differences. Fig37 (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 (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 @8t o PMeanwhile, Fig.37 (e)
shows that droplet radius distribution from the HAM simulations is overestimated with
respect to ta droplet radius from the CTRL simulations by an averaggof PAn
important point to note is that the regionshajh biasCDNUMC in HAM (Fig. 34e)
overlap with the regions of droplet radius overestimation in HAM (Bigg). In
essence, an average ot ¢ bvariability in CDNUMC is associated with w P

variability in droplet radius.

Figure 37. Same as Fig4 but for the annual global mean of the vertically integrated
droplet effective radius

Figure38illustrates the sensitivity of the LWP and droplet radius to the CDNUMC
(——; Fig. 38a and38b, respectively). The correlation between the change in the

LWP and droplet radius to the change in CDNUMC is also shown ir38i¢c) and
(d), respectively. For LWP, a low sensitivity X 7@ to CDNUMC was observed in
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the tropics, and a relatively high sensitivityx & to CDNUMC was observed in

the northern polaregions. For droplet radius, a low sensitivityx & to CDNUMC

was observed over the poles, and a relatively high sensitivityr@ to CDNUMC

was observed in the tropics. Variability in LWP is correlated to the change in
CDNUMC i this is because LWP andagplet 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, aveefigetive 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.

. LWP with CONUMC (c) orr. Droplet radius with CONUMC (d)

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 CODNUMC (c, d).
On average, the LWP and droplet radius have a moderate sensitivityd$owa
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
computel between the values from CTRL and HAM simulations. The regions with no
cloud cover or liquid water fraction @t vare 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 withe observational data as compared to the other two
cases. The zonal mean droplet effective radjus from CAM simulations and
MODIS observations (Terra/Aqua) are shown in FigB®e Each panel of Fig39
shows the seasonal averages during the yearP91@ 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 casethdrmore, 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 neatldierosoll in HAM. This is
becausd 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 plied radius at the Intertropical

Convergence Zone (ITCZ.)

adius (um)

Droplet effective r.

o w 8 &
@ Aasiabiiastisis

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 deviatioabout 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).rif&ema of the three total
cloud fractions were found to beso P, yi@o w @nd 1o X for CTRL, KT and HAM
cases, respectively. Additionally, the average of the annual global mean total cloud
fraction wasr& ¢ @ 18t p.g-or a better comparison of the simulated cloud fraction,
the zonal mean of the simulated values was plotted against the means of the
observed global total cloud fraction from MODIS. Figut@ shows the seasonal
averages during the year 2018 for the cloud fraction. Like Fi®9, the mean of the
observations is shown in black with the gray regions representing onearstand
deviations across the mean values. For all three simulations, the cloud fraction agrees
well with the observations between approximatglyt Jai3d@ 1t J Within this same
region and for all four seasons, cloud fraction predictions from the HAM configurat
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.

Cloud fraction

4 ; : LAY
Latitude ("N) Latitude (°N) Latitude (*N)

Latitude ("N)

Figure 40. Same as Fig39, 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 tiee configurations of CAM are presented in Figditda, b,
c), along with the relative differences of SWCF from KT and HAM with respect to
CTRL-based SWCF (Figil d, e). The annual global SWCF distribution from the three
simulations are similar; maximumpfy@&@ ¢¢ | Fp w7l andp X |
andaveageofo @7 | t &7 1 ando@ w | for CTRL, KT and HAM,
respectively The average relative differencest@ x Fand ofp v Pmply that the
HAM-based SWCF profile on average has larger disparities than thas€d SWCF
profile with respect to TRL. 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 (FigdyeThe mean
correlation coefficient between théanges in SWCF and cloud fraction wa® T
with a maximum value ofi@® o 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 olud 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 theaerosol particles.
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Figure 41. Same as Fig34 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.4Bigure
showsthe 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. For all seasons, the HANased AOD simulations
agree better with thebservational 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 (Fig3 b, c) with predicted AOD within one standard
deviation of the observations. The BH scores for MAM and DJF (Fig3 a, d) are
greater thart 1@t ufor all three simulations implying larger uncertainties in the

predicted AOD.
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Corr. SWCF with Cloud cover
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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 tmderpredictions 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 anthropogenisiemssin 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 heticéfierAOD may be overestimated
by the model. Figurd4 displays all locations (red crosses) where the Hidded
simulated AOD ¢®& (AERONET observational AOD data). The locations on the
map are overlayed with the HAlased simulated DUST burden. It candbserved
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 Fig39, but for the annuallgbal mean aerosol optical depth
(AOD). AOD observational data was acquired fraBRONET.
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Figure 44. A map of the AERONET sites (marked as red crosses) where the AOD
simulation from HAM were ¢®& (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 AERONEIifes 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. H§ure
shows the sensitivity of thelabal annual mean AOD over organics, BC, DUST
burdens. Fig45 shows the sensitivity of AOD over the aerosol burdens (units of
i 1 C ) for the simulations from HAM and CTRL configurations of CAM.

According to the adjoint sensitivity analysis, AOD is msehsitive to the organic
burden ————where8 k Organic, BC, DUSTFig. 45a) and least sensitive to the

BC burden (Fig45b). The average global sensitivity of the AOD to the organic, BC

172



and DUST burdeng& pp® ¢ andp® cunits, respectively. The regions where the
relative difference between the respective aerosol burden simiiatedHAM and

CTRLis v bare shown in whé.

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 witno cloud cover or liquid water fraction 8t vare
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 parameterdl for all aerosol modes are prescribed within climate
models sch as NCAR CAM, and not calculatddof various aerosol types in CAM
areprescribed from the ideal Kdhler theory (KT)of organic aerosols are prescribed
based on experimental findings in the literatariation in the aerosol and cloud
propertiescan be observed ff of all aerosol types are explicitly calculated from their
mol ar propert i e additiosallynaphyRicaly bdsedGixkepéndemt.
hygroscopicity parameterization (such as that based on the Hybrid Activity Model,
HAM) that can also be used in CAM to determine aerdsoMore importantly, a
simplified hygroscopicity parameterization based on HAM can be implemented in
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CAM to estimate aerosdl. The simplified hygroscopicity parameterizatioalps in
retaining the computatial efficiency of the model, while also capturing all the

important features of the full hygroscopicity parameter derived from HAM.

In this work, CAM simulations withl estimations usindKT and HAM were
compared to the freein CAM simulations. It was aerved 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
increasedl for all aerosol types in the KT case, thereby overesingaheir CCN
activity. The generally higher organicin the KT case likely resulted in an increased
wet removal of the aerosols, henceforth decreasing their atmospheric burdens. The KT
case, howevedid not have significant effects on the subsequikysigal 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 b&wBérand KT

case simulations.

The CAM simulations with the implementation of HAM badedghow marked
differences compared to the fraen CAM simulations. It has been demonstrated using
CCN experiments that HAM basdd of moderately water soluble andfesdtively
insolubl e species can be Il sowsddmphre.r Theseh a n
differences can be up to several orders of magnitude and arise due to explicit size
dependence and solubility treatment in HAM Due to substantially reduceid 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 andther physical and radiative cloud properties. The reduced adrosol
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 cas&he 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 aerosal# is implied that HAMderived 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, largescale and convectivprecipitation) 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
undestanding 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 rang8 ofders
of magnitudeHAM 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
I in NCAR CAM. Since oganic 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 aesol Il 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 the atmosphere, the physicochemical
nature of aerosol particles and therefore their cloud activity can drastically change due
to chemical transformatiorisaging, gas phase reactions, phase sepafiatmname a
few. Incorporating one or more such modafs 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 todmmorate more complex

characteristics of atmospheric aerosols.
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Chapt@hei:cal Characterizati on

using their Measured Raman Spect

6.1 Abstract

Singleparticle 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 spectroetry, and electrobeam excited xay 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 (Ramanidm 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 theveé 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 statistidfer Raman data collected for ambient aerosols using the
Resource Effective Bioidentification System (REBf&sed Automated aerosol Raman
Spectrometer (ARS). The developed algorithm has been designed to perform 3 major
operations: 1. Spectral cleapi this is required because generally the Raman spectra
obtained using our ARS have a low sigt@hoise ratio, 2. Spectral peaks (feature)
detectioni peaks are the characteristic features of a Raman spectrum that play a major

role in characterizing the sampllerough its spectrum, and 3. Identification of the
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aerosol chemical species, using the Raman data from a reference database, using a
Avect or si mirhisavork demanstiasdhatrsimgle statistical techniques

can be employed for characterizimg tatmospheric 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., 2015peveral harmful
cardiovascular and pulmonary diseases are known to be caused by prolonged exposure
to soot and hevy metal emissiong/on Klot et al., 2011; Shiraiwa et al., 201E)ne
and ultrafine particles can easily cross the nasal passage to enter the lungs. Several
diseasecausing bacteria and viruses can also become airborne and be treated as
aerosols. Padulate Matter (PM) such as black carbon is known to cause scattering of
solar radiation in the atmosphéRetzold and Schonlinner, 2004; Seinfeld, 2008)s
is generally observed in the case of coarse particles capable of causing tropospheric
and statospheric 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 th

effect on health and the environment.
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The realtime 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 eéoled 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 spectrogdaygye et al., 200Q)FTIR (Toprak
and Schnaiter, 2013; Pan et al., 200Wagnetic resonance spectrosc@pgcesari et
al., 2007; Cleveland et al., 201&)d Xray diffraction(Stefaniak et al., 2009¢late
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-ragd X
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 spectrobespsignificantly
improved the characterization of materigdsilt 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 automatesarioe 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 specjé@srrell et al., 1989 The Resource Effective
Bioidentification System (REBS)ased Automated aerosol Raman Spectrometer
(ARS) is a portable device that has been used to record Raman spectra corresponding
to ambient aerosol®doughty and Hill, 2017; Ronningen et al., 201B)gure46 is a
labeled representation of the ARS used in this work. The RiEB8d ARS has
multiple advantages that further improve the utility of Raman spectroscopy for
analyzing atmospheric aerosols. Firstly, Raman spectra ideally require longenrtb re

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 ofingcord
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, atneans
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 veysatili
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, 200Bis is done to facilite full
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stabilization of the samples before recording the spectra so that the spectra is a good
representation of the O0trued Raman signal
Raman spectroscopy are cosmic radiations and fluores¢Sntanis et al] 2011;

Bozlee et al., 2005; Craig et al., 201Qosmic 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 qSutrko et al., 2014;

Murray and Dierker, 1986)Several preprocessing methods have been propnsed i
earlier studies for efficiently removing o

spectraHill and Rogalla, 1992; Kwiatkowski et al., 2010)

v - objective

),

Figure 46. The sideview of the REBShased 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 highfrequency spikes are removedrfrahe spectra by passing them through
smoothing/filtering algorithms. One of the most common algorithms for filtering out
noise from the Raman spectra is the Savi@ojay filter( L1 upek et al ., 200"
and Ziegler, 1981)In this algorithm, the aginal Raman spectrum is smoothed by
breaking it up into fragments and smoothir
polynomial function through them. The extent of smoothing can be altered by varying
the window length. This feature of the SavitzBplay filter can be exploited for
preserving and eliminating features of interest in the Raman spectra under
considerationr a smallemwindow length is used to preserve shape and narrower peaks
present in the spectra, and the wider window is used to preseadebpeaks/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 polynomalvery high
window length (of more than approximately 41) can easily lead tsignificant
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 Savitzkjolay filter.

Another common approhadhat has been explored for denoising Raman spectra is
the Discrete Wavelet Transform (DWT{Ehrentreich and Simmchen, 2001; Kaiser,
2010; Mallat, 1989)Several studies have demonstrated DWT to be a highly efficient
denoising technique for Raman spacttse 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 wave{&tsrentreich and

Summchen, 2001)Some recent studies provide asight 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 SignaNoise Ratio (SNR), with a minor
drawback of being computationally expensive over Di@Henet al., 2011, 2018a, b)
(Chen et al., 2014discussed 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 coonenonly
employed methods involving the Savitz@play filter, the wavelet transform, the
Finite Impulse Response (FIR) filter, and the Gaussian f\télarroel et al., 2011;
Wang et al., 2006; Palacky et al., 201The Weiner transform was shownperform

better than its counterparts, which was quantified by computing the Root Mean Squared
Error between the IoMNR and the higfsNR 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 higkfrequency spikes, several methods have been proposed for
removing the lowfrequency 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 PCAEilersand Boelens, n.d.; Shao and Griffiths, 2007; Peng
et al., 2010have 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 withesalof its variations such as the Improved
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Asymmetric Least Squares (IAL8)e et al., 2014nethod and the adaptive iteratively

reweighted Penalized Least Square (airRliZBang et al., 2010nethod.

Spike and fluorescence removal help with obtaitigtrue 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 dgin@atly 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 CoatiawWavelet Transform (CWTWee
et al., 2008) Gaussian fittindShang and Lin, 2010and Lorentzian fittingGunnink,
1977) The spectra for different kinds of materials have different types of characteristic
peaks- peaks in solid samples fit walsing a Gaussian profile whereas peaks in
gaseous and l iquid samples fit wel | usin
(O6Haver 1995, O 6 H alefimed clags0 fbr4finding geaksain us er
electromagnetic signals by fitting Gaussian functions througthe 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

Aautofindpeakso (OdbHaver 2016) .

A vast variety of classificg@dn 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. Soplastied methods including the use of algorithms
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such as Knearest neighbors, Support Vector Machines (SVIW&YPNIK and N,

1995) decision trees, random foreitk, 1998) and neural network®aquelin et al.,

2003) have been shown to perform with higiccuracy in classification problems
involving the use of Raman specftau et al., 2017) However, a disadvantage with

the aforementioned and other similar ddtaven techniques is that they are highly
computationally expensive. Other approachesigiekhe application of simpler vector
based algorithm&wiatkowski et al., 2010; Carey et al., 2015hese algorithms treat
Raman spectra as vectors and classify unknc
other known vectors in the database. Hmailarity 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 algoriththat facilitates a simple and
computationally inexpensive way of classifying chemical species usingimesal
Raman spectra. The proposed algorithm includes 1. Preprocessing of Raman spectra
that consists of spike removal from the spectra using Discreteeléialransform
(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 ituthisatong
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 anddiresponding
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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 LRRRaman database ofRRIFF. A total of 9,330 Raman spectra were used to
construct the reference database and wil/|
databaseo. Within the RRUFF database, the
total of 1342 different mineral class@he unclassified data was obtained using the
Resource effective Bionidentification Systdrased automated Aerosol Raman
Spectrometer (REBBased ARS). The unclassified dataset was made from the ambient
samples procured at Jornada. A total of about 199s@d@ples 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 outtiatavould be
used for classification. A total of 903 unclassified Raman spectra were selected in the

measured dataset and wil |l be hereafter r ef

Compared to the RRUFF database, the Jornada dataset contained spectra with a
significantly lower signato-noise ratio, with their true Raman signal content heavily
polluted by highfrequency 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 U and preprocessing b

Preprocessing U ¢ omprequescy doisyospikes feomdhe a | of
spectra using employing Discrete Wavelet Transform (DWT). Daubetfpes
wavelets were employed for performing DWT on all the Raman spectra in both
datasets. Daubechies wavelets have been shown to perform better than othafr kinds
wavelets when used for Raman spectroscopic data, which possess Gaussian and
Lorentzian type features. DWT using the Daubechypse wavelet 5 (db5) was
implemented for all the spectra in the RRUFF database. SigiNdise Ratio (SNR)
was calculated foall 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 compad to the spectra in the RRUFF database. Three
different Daubechietype wavelets were tested on the Jornada spedityd, db7, and
db11. Of all the Daubechidggpe wavelets, db4, db7 and dbll produced the most
prominent improvement in the SNR of the dp@cAn increment of 0.3 or above was

noted for all the spectra in the Jornada spectra using the 3 Dauktgpeiegmvelets.

Preprocessing b i-frequehcyneise folloeved bwthe remaval hi g h
of fluorescence from the spectra. The removabidewas done by the implementation
of DWT on the spectra in consideration, wh

of fluorescence was done by performing baseline correction on the spectra. For
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correcting the baseline, Asymmetric Least Squares (AitB)g 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 stegtep 1 inclued a procedure
t hat was termed Areconstructiono, and ster
Acroppingo. Reconstruction of a given spec
contained in it- the Raman intensity of all the detected peaks within tigeome
equivalent to their respective peak width were retained and appendeevermOof
the length same as that of the Raman spectrum at their respective Raman shift positions.
Cropping was performed on the reconstructed speciré | t he preoapkpse dwe r e
out and concatenated with each other to ge

of the base spectrum.

6.31 Preprocessing

For the first set of algorithms, the RRUFF and Jornada spectra were preprocessed
using preprocessingU. The 3 algorithms wer
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 spectr a wer e preproces:
algorithmswerenammd b1, b2, and b3. For the second

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 acrogske vectors.

U I Raw spectra from the Jornada dataset were read into the code @Hpufae
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 f@mJgrnada

spectra do not undergo any preprocessing). First, for step 1, the spectra in the RRUFF

dat abase wer e preprocessed using prepr oc

Areconstructiono function. Then,.61)tfe dot
the one Jornada spectrum at a time was ¢

RRUFF database.

AifO 2 v rip (6.1)

where® and (P are the vectors P and Q, respectively representing 2 spa@trand

® are the magnitudes & and(®, respectively, anfl is the angle betweaR and®

that quantifies the similarity between the vectors through the cosine metric.

A fixed threshold waset for this initial dot product to shortlist the RRUFF spectra
as the true positive matches. The matches
database were then shortlisted for step 2 involving cropping. The Jornada spectrum was
Acr op p e dbelpwfithe featureb (@eaks) of one shortlisted RRUFF spectrum at
atime. 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 spectrumere cropped out and appended together. In addition to this,

189

p |

om

C



Aicroppingo was also performed on the RRUFF
representative vectors for the Jornada and RRUFF spectra were used to compute the

dot product. This dot product wasmputed 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.

Pass wavelet-transformed Store Raman

Pass Raman spectra

Call in main Input Raman T Raman spectra through spectral and peaks”
function data transform (dbs) findpeaksG3 for feature data ir} sep?rate
detection dictionaries
Removal of noise ! ' .
Raman Raman peak Raman peak
algo al spectra widths positions
a2
e | I |

Required data to
use for
classification

Reference Raman data will be fed into
the classifier algorithm

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.

U 2 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
transfam was performed on them to remove the Higlguency 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

specta were observed to possess a generally higher diginalise 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 Daubechigse db5 wavelet. Baseline correction was

not peformed 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) inforinatiotetected

peaks (i.e., their position, width and intensity) for a spectrum under consideraten we
retained and appended on to-ag@tor 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 transfornoedofense
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 interpolatrder 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 uetedal uat e
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
thresholdi if the value exceeded the threshold, the matched spectrum was carried
forward D 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.
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from the RRUFF database were then shortlisted for step 2 involving cropping. The
Jornada spectrum was ficroppedo with the hel
RRUFF spectrum at a time. The positions corresponding to the peak positions of the

RRUFF spettum were marked on the Jornada spectrum, and fragments as wide as the
respective peaks of the same RRUFF spectrum were cropped out and appended
toget her . I n addition to this, Acroppingo
under consideration. Thesepresentative 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. the dot product exceeded the threshold, the

RRUFF spectrum was returned as a match.

U 3 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. Th
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 obcasional
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

192



respective positions to av@ctor of the size of the measured spectrum generating 3
separate reconstructed vectors. This was followed by the preprocessing and feature
detectian 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 Af t er noi se removal was done
detectiono was performed on them by fittin
all the detectable sharpest characteristic peaks of every spectrum. Next, the
reconstruction of the reference spaatras 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 wereostlisted 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 retatied reference spectra data and
Acroppedod with the help of their peaks®6 in
fragments of the length equivalent to the width of each peak from the vector, at
locations corresponding to the corresponding peaks. Tfragenents 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 rpreiawasbgingi nf or ma
compared with. Fragments from the reconstructed measured spectrum were obtained

at the locations corresponding to the peak positions of the reference spectrum, of length
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equivalent to the width each peak. These fragments were then jogetddr to obtain
a vector representative of the measured spectrum, which may or may not contain any
of the peaks present in the measured spect |

used to compute the dot product which was then compared to a setlthtessuggest

a nNnmatcho.

6.32Preprocessing b

The general implementation pfalgorithms is described using the flow diagram in

Figure48, and the detailed description of the algorithms follow within the text.

Pass wavelet-

PR PR Pass wavelet-transformed Store Raman
Call in main Input Raman ) SPCS transiommed flaman Raman spectra through spectral and peaks’
function data through wavalet spectrathioush findpeaksG3 for feature data in separate
transform (db5) baseline correction P X dicti :
function detection 00apes

! i [

Raman Raman peak Raman peak
a Removal of noise Spochie widths positions
then baseline correction I | |
algo .1
B.2
B3 Required data to

uuuuuu

Reference Raman data will be fed into
the classifier algorithm

Figure 48. The flowchart depicting the steps taken when implementing preprocessing
I before employing cosine similarity to find matches for the measured spectra. The
flowchart includes steps taken for both measured and reference spketdifference

between preprocessingnd preprocessirigis the inclusion of baseline correction in
the latter.

bl This algorithm was a modification of U1.
the preprocessing of the reference spectra involvedeaiba 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-fosguency fluorescence signal
from the spectra, which would yield just the Raman sigredenmt in each spectrum,
with a uniform zero baseline everywhere else along each spectrum. The remainder of

this algorithm remained same for every oth

baThis algorithm was a modification of U2.
was erformed 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

remainngs eps were same as those for U2.

b3This algorithm was a modification of U3.
the wavelet transformed reference spectra prior to feature detection using Gaussian

fitting. In addition to this, baseline correction wasoafgerformed on all 3 variants

(derived using db4, db7 and dbl11l) of the wavelet transformed measured spectrum

before feature detection. Rest of the algorithm follows the methodology described

under U3.

6.3.3 Crossvalidation

A simple model evaluation algdim 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 distrittion function to look at the distribution of the cosine

similarity values for all the measured samples in the measured d@aséamy 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. Matugs of the

cosine similarity vales 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 curv@enjamini and Hochberg, 1995; Breheny et al., 2018)
Intuitively, the greater the more unigue the values are, the lesser the chance for them to

be a consequence of fAchanceo and the great

6.4 Results

6.41Pr e pr o cieResslis ang 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 measuredsgaia a subset) are discussed in this section.
For all the algorithms and different preprocessing schemes used, the highest match is
generally observed with ANitratineo with se
a decline in the match score. @epling 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 thence 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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Ul provided the simplest form of cosine

alternatives (results for measured samplell@5699 in Figur&9 (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 algorthpmuicker and easier

to evaluate. Cosine (vector) similaritgrmot 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 tol results which would look correct by glancing

at them without doing any crosslidation. Contrarily, the match results for the
samples with a significant amount of high frequency noise (usually SNR < 1.0)
sometimes looked completely bogus, despiteltiagLin 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 algeailated to have negatively affected the dot
product, and hence the match, by giving4zeno product in the regions where there

were no observable peaks.

Anot her notable disadvantage of Ul were

values for the matchewalidation for the match results for measured sample label
25699 in Figurel9 (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 o one extremely hard without any cresdidation. 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 validatioralgorithm produce a discrete frequency histogram of all the possible
match values. The probability frequency of
distribution. The intuitive validation approach described in the previous section has not

been shown tde useful with a Poisson distribution in past resefBcbheny 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 algoritfpnare
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 mdtes 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 follav Poisson distribution which implies underlying systemic issues with the

(b)

= Algorithm Al
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procedure.
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U2 was an i mprovement on Ul in that t he
through a DWT treatment before the similarity metric was evaluated with any of the
reference gectra. The top 5 matched spectra and their corresponding scores for the
measured spectrum labeled 25699 are shown in the Fa§ufa). As described in

section 2.1, 3 different wavelets are implemented to perform wavelet transform of the
measured spectrumeading 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 W&tstbempwtedrion step 1 of U2
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 alsthdi@ 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 spectrunespite performing DWT, the nexero

baseline of the measured spectrum led it to havezeom Raman intensity at almost

every Raman shift. These regions of yramo intensity were speculated to be resulting

in high a similarity metric when their dot produsas 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

uniform spead was observed in the distribution of the dot products resulting from step

-

1 of uz2. The distribution of the match sco
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the measured spectrum labeled 25699 is shown in Fifu(e). This helped with

setting upa more robust threshold for shortlisting the reference spectra. Like the first

phase
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positives
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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 algorigranare
presented. The 1st, 3rd and 5th panels of the plot show the uffedasseasured
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). Thi ofshe validation test

for the matches obtained for (iii) is shown. The/ghues obtained for the cosine
similarity values show Poisson distribution which highlights an intrinsic problem in the

(b)
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U3 was an | mprovement .dmaddtionttchperarimiggor i t h ms
wavelet transform on the measured spectr a,
Top 5 matched reference spectra with their cosine similarity scores corresponding to
the measured spectrum labeled 25699 are showninBfjgra ) . Li ke U2, t he
transform was performed on the measured sp
waveletsi db4, db7, db11l. The effect of using 3 different wavelets was prominently
observed after feature detection. Generally, all the prorhstearp features were not
captured for any one of the waveteinsformed 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 amgngmeasured
spectrum. After feature detection was performed on a measured spectrum, it was
reconstructed using the detected péasth the peaks were individually cropped out of
the original spectrum and appended at their respective positions-tec0 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 timer A majo
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 baselin@norrecti
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 Ul and U2 and could have furthier reduc

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.
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