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Abstract. A framework to infer volume water fraction, soluble fraction and dry size distributions of fine mode aerosol from

multi-angle, multi-spectral polarimetry retrievals of column-averaged ambient aerosol properties is presented. The method is

applied to observations of the Research Scanning Polarimeter (RSP) obtained during two NASA aircraft campaigns, namely

the Aerosol Cloud meTeorology Interactions oVer the western ATlantic Experiment (ACTIVATE) and the Cloud, Aerosol, and

Monsoon Processes-Philippines Experiment (CAMP2Ex). All aerosol retrievals are statistically evaluated using in situ data.5

Volume water fraction is inferred from the retrieved ambient real part of the refractive index, assuming a dry refractive index

of 1.54 and by applying a volume mixing rule to obtain the effective ambient refractive index. The uncertainties in inferred

volume water fraction resulting from this simplified model are discussed and estimated to be lower than 0.2 and decreasing

with increasing volume water fraction. The daily mean retrieved volume water fractions correlate well with the in situ values

with a mean absolute difference of 0.09. Polarimeter-retrieved ambient effective radius for daily data is shown to increase as10

a function of volume water fraction as expected. Furthermore, the effective variance of the size distributions also increases

with increasing effective radius, which we show is consistent with an external mixture of soluble and insoluble aerosol. The

relative variations of effective radius and variance over an observation period are then used to estimate the soluble fraction

of the aerosol. Daily results of soluble fraction correlate well with in situ observed sulfate mass fraction with a correlation

coefficient of 0.79. Subsequently, inferred water and soluble fractions are used to derive dry fine-mode size distributions from15

their ambient counterparts. While dry effective radii obtained in situ and from RSP show similar ranges, in situ values are

generally substantially smaller during the ACTIVATE deployments, which may be due to biases in RSP retrievals or in the

in situ observations, or both. Both RSP and in situ observations indicate the dominance of aerosol with low hygroscopicity

during the ACTIVATE and CAMP2Ex campaigns. Furthermore, RSP indicates a high degree of external mixing of particles

with low and high hygroscopicity. These retrievals of fine mode water volume fraction and soluble fraction may be used20

for the evaluation of water uptake in atmospheric models. Furthermore, the framework allows to estimate the variation in the

concentration of fine-mode aerosol larger than a specific dry radius limit, which can be used as a proxy for the variation in cloud

condensation nucleus concentrations. This framework may be applied to multi-angle, multi-spectral satellite data expected to

be available in the near future.
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1 Introduction

Terrestrial aerosol is a complex mixture of liquid, solid, or mixed-phase particles emitted by natural and anthropogenic sources

either directly to the atmosphere or produced in the atmosphere through complex physical and chemical pathways from pre-

cursor gases (Riemer et al., 2019). Aerosols affect Earth’s climate as they scatter and absorb radiation and act as condensation

nuclei for cloud droplets and ice crystals. Furthermore, aerosols affect air quality and health.30

Substantial changes in anthropogenic aerosol emissions in the industrial age occurred (Bauer et al., 2020). The overall

increase in aerosol emissions have lead to a general cooling of Earth’s atmosphere, compensating part of the temperature

increase imposed by anthropogenic greenhouse gas emissions (Samset et al., 2018; Bauer et al., 2020). Reductions in global

aerosol emissions are expected in the next decades, improving air quality, but also likely providing a net positive climate

forcing. Prevailing uncertainties in the effective radiative forcing from anthropogenic aerosol emissions continues to hamper35

improving the accuracy of estimates of global climate sensitivity to changes in greenhouse gas concentrations (IPCC, 2021). A

better understanding of the physics and chemistry of terrestrial aerosols and an improved representation of aerosols and their

direct and indirect radiative effects in climate models are essential for reducing the uncertainties in modeled climate sensitivity.

Both the climate and air quality effects of aerosols depend on their concentrations, size, shape, composition, hygroscopicity

and mixing state, as well as on their geographical location and meteorological environment. Models generally define a number40

of aerosol types or modes with fixed properties, such as composition and hygroscopicity, and diagnose their evolution with

respect to, e.g., concentrations, size and internal and/or external mixing state (e.g., Bauer et al., 2008; Zhang et al., 2012).

Modeled aerosol composition and especially water uptake is highly variable among models (Textor et al., 2006). Satellite

remote sensing products are essential to evaluate these global aerosol simulations and the direct and indirect effects, although

such evaluations are hampered by the limited information content of most traditional satellite observations generally providing45

only aerosol spectral optical depth. For example, using variations in spectral optical depth to estimate variations in cloud

condensations nuclei (CCN) concentrations may lead to substantial biases in assessments of modeled aerosol-cloud interactions

(Hasekamp et al., 2019). Furthermore, many combinations of aerosol loading, size, hygroscopicity and atmospheric humidity

may lead to the same aerosol optical depth and thus biases in these properties may compensate each other (Bian et al., 2009).

Multi-angle, multi-spectral polarimetric satellite observations provide extended information content for remote sensing of50

aerosol properties, yielding information about size, complex refractive index and height (Mishchenko et al., 2004; Hasekamp

and Landgraf, 2007; Wu et al., 2016; Xu et al., 2017; Dubovik et al., 2019), which can be used to determine and to better

constrain aerosol types (Kacenelenbogen et al., 2022), emissions and evolution (e.g., Chen et al., 2019; Tsikerdekis et al.,

2021) and aerosol-cloud interactions (Hasekamp et al., 2019).

Of particular interest is to constrain the amount of water in the aerosol, as this affects the aerosol optical depth, size and55

absorption. Quantification of water fraction and mixing state allows to estimate dry size distribution based on their ambient

counterpart that is inferred, e.g., using polarimetry. Dry size is one of the main factor determining whether an aerosol particle
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is an effective CCN at a given supersaturation or not (Dusek et al., 2006; Crosbie et al., 2015). Hence, the variation in the

concentration of fine-mode aerosol larger than a specific dry radius limit may be used as a proxy for variation in CCN concen-

trations. This concept was applied to multi-angle, multi-spectral polarimetry retrievals by Hasekamp et al. (2019). However, in60

their implementation ambient size distributions were used in lieu of dry size distribution retrievals, which may lead to a bias in

estimated variation in CCN concentrations related to water uptake.

Of additional interest is quantification of the aerosol mixing state. Zheng et al. (2021) found a high degree of external

mixing of hygroscopic (soluble) and nonhygroscopic (insoluble) aerosol components that is seasonably varying. Consequently,

humidification of the aerosol leads to an unequal distribution of the water of the aerosol population. Ching et al. (2017) showed65

that an unrealistic assumption of 100% internally mixed aerosol may lead to errors in estimated CCN concentrations from

model simulations that may exceed 100%, depending on the true mixing state. The degree to which an aerosol is externally

mixed also depends on the considered vertical and horizontal spatial scales and the inhomogeneity of aerosol properties on

those scales.

Here, we provide a framework for deriving water volume fraction, dry size distributions and soluble fraction of fine mode70

aerosol from the ambient aerosol properties retrieved by multi-angle, multi-spectral polarimeters. Fine mode water volume

fraction is inferred using the retrieved real part of the refractive index. Since the refractive index of water is lower than that

of dry aerosol, the refractive index decreases as the total water volume fraction in the aerosol increases. This behavior has

been used previously to estimate the aerosol volume fraction of water, in addition to general composition, from ground-based

sun-photometer observations (Schuster et al., 2009; Wang et al., 2013; van Beelen et al., 2014; Zhang et al., 2020). Here we75

propose a simplified approach focusing on water volume fraction only. Furthermore, we show that the soluble fraction can be

estimated from a set of aerosol size distributions retrievals collected over a time period (or within a region) during which a

substantial variation in volume water fraction occurs. Finally, the water and soluble fractions are used to derive effective radius

and variance of the dry size distributions.

The presented method is applied to observations of the airborne Research Scanning Polarimeter. We evaluate the results80

using in situ observations that are made during the same campaign flights. The method and data are described in sections 2

and 3 after which results are presented in section 4. The assumptions and related uncertainties are discussed in section 5 after

which we conclude the paper in section 6

2 Definitions and method

2.1 Aerosol water uptake: humidified soluble aerosols85

The number size distribution Na(r) of aerosols in terms of their spherical radius r is represented by a log-normal distribution

of the form (Seinfeld and Pandis, 1998; Stamnes et al., 2018)

Na(r) =
Ntot

r
√

2πσg

exp


−
(

ln r− ln rg√
2σg

)2

 , (1)
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where Ntot is the total aerosol number concentration, rg and σg are the geometric mean radius and geometric standard de-

viations, respectively. For a log-normal distribution, the geometric mean radius also corresponds to the distribution’s median.90

Other commonly used parameters to indicate the characteristic size and width of a size distribution are the effective radius re

and effective variance ve, formally defined as respectively

re =
⟨r3⟩
⟨r2⟩ (2)

and

ve =
⟨r4⟩ ⟨r2⟩
⟨r3⟩2 − 1, (3)95

where ⟨rx⟩ represents the xth moment of the size distribution (Hansen and Travis, 1974). For a log-normal distribution (Eq 1),

re and ve are related to rg and σg by

re = rg exp
(
−5

2
σ2

g

)
(4)

and

ve = exp(σ2
g)− 1. (5)100

Upon water uptake, a soluble aerosol will be diluted resulting in an increase of its radius and a change in its refractive index.

For a particle with dry radius rdry, the wet radius rRH it will obtain upon exposure to relative humidity RH (expressed here

as a fraction) is given by "kappa-Köhler" theory (Petters and Kreidenweis, 2007), namely by

RH =
r3
RH − r3

dry

r3
RH − r3

dry(1−κ)
exp

(
2σsMw

RTρwrRH

)
, (6)

where σs is the surface tension of water at the particle-to-air interface, R is the universal gas constant, T is temperature105

and Mw and ρw are the molecular weight and density of water, respectively. Furthermore, κ is a variable to parameterize

the hygroscopicity of the aerosol. Increasing hygroscopicity is parameterized by increasing κ, while for completely insoluble

particles κ≡ 0. The exponential term in Eq.6 represents the effects of curvature of the drop on its growth and is commonly

referred to as the Kelvin term. In practice, the Kelvin term is often ignored as its effect is only substantial for very low κ and/or

small radii. Setting the Kelvin term to unity and defining a particle volume growth factor110

gV,sol =
r3
RH

r3
dry

, (7)

we obtain (cf. Brock et al., 2016a)

gV,sol(RH)≈ 1 +κ
RH

1−RH
. (8)

Since the Kelvin term is ignored, the volume growth factor does not depend on size and Eq. 8 also represents the bulk volume

growth factor of the size-integrated wet particle volume. Hence, the geometric mean radius of the size distribution of the115

humidified aerosol is then approximated by

rg,wet(RH) = rg,dry g
1/3
V,sol(RH). (9)
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The geometric standard deviation does not change with water uptake if the Kelvin term is ignored. Hence, the effective radius

also scales as

re,wet(RH) = re,dry g
1/3
V,sol(RH). (10)120

Furthermore, the volume fraction of water in an humidified soluble aerosol fw is given by

fw(RH) =
gV,sol(RH)− 1

gV,sol(RH)
. (11)

equivalent to

gV,sol(RH) =
1

1− fw(RH)
. (12)

For an arbitrary dry effective radius of 0.15 µm, the increase of re,wet as a function of fw is shown in Fig. 1 (black line). In125

case of humidified soluble aerosol and known aerosol volume water fraction fw, the dry geometric and effective radii can be

estimated from their wet equivalents, using Eq. 12 and Eq. 9 and 10, respectively.

2.2 Aerosol water uptake: external mixtures of humidified aerosol and insoluble aerosol

Aerosol populations may also be represented as external mixtures of soluble (with κsol > 0) and insoluble (κinsol ≡ 0) particles

(Heintzenberg et al., 2001; McFiggans et al., 2006; Swietlicki et al., 2008; Wex et al., 2010; Holmgren et al., 2014; Riemer et al.,130

2019; Kim et al., 2020). As evident from Eq. 8, insoluble aerosol do not grow upon exposure to humidity (i.e., gV,insol = 1).

For such aerosol populations, the increase of aerosol size upon exposure to a given relative humidity depends on the fractional

contribution by soluble particles to the total population in addition to their hygroscopicity. Furthermore, since the insoluble

particles are not growing with increasing relative humidity, the total aerosol size distribution widens upon humidification

depending on the fraction of soluble particles. Here, we describe the relationship between the size distribution parameters,135

water fraction and the fraction of soluble particles.

Defining fsol as the soluble volume fraction of a dry external mixture of soluble and insoluble particles, the mixture growth

factor gV,mix is given by (omitting the RH dependencies here and in the rest of this section)

gV,mix = fsol gV,sol + (1− fsol) (13)

equivalent to140

gV,sol =
gV,mix + fsol− 1

fsol
. (14)

The water volume fraction of the mixture is related to the growth factor as

gV,mix =
1

1− fw
, (15)

where fw represents the volume water fraction of the total aerosol population, i.e. including soluble and insoluble particles.
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The size distribution of the mixture of humidified soluble aerosol and insoluble aerosol can be represented by a bi-modal145

log-normal distribution of which the geometric mean and standard deviations are given by respectively

ln(rg,mix) = fsol ln(rg,wet) + (1− fsol) ln(rg,insol) (16)

and

σ2
mix = [ln(rg,insol)− ln(rg,wet)]2 fsol (1− fsol) + fsolσ

2
wet + (1− fsol)σ2

insol. (17)

We make the assumption that the size distributions of the insoluble component and the dry soluble component of the mixture150

are the same, i.e. rg,insol = rg,dry and σinsol = σdry. Then, combining Eqs. 9 with respectively 16 and 17 leads to

rg,mix = rg,dry g
fsol/3
V,sol (18)

and

σ2
mix = σ2

dry +
1
9
ln(gV,sol)2 fsol (1− fsol). (19)

When approximating the resulting size distribution of the mixture as a single log-normal distribution, its effective radius and155

variance can be approximated by respectively

re,mix = re,dry g
fsol/3
V,sol exp

[
5
18

ln(gV,sol)2 fsol (1− fsol)
]

(20)

and

ve,mix = (ve,dry + 1) exp
[
1
9
ln(gV,sol)2 fsol (1− fsol)

]
− 1. (21)

From Eqs. 20, 21, 14 and 15 it is clear that effective radius generally increases with fw when fsol > 0, while the effective160

variance also increases with fw when 0 < fsol < 1. Note that, under the assumptions laid out in the text above, the relationships

between fw and re,mix and ve,mix + 1 only depend on fsol and not on the size distributions themselves or on κ.

The variation of re,mix and ve,mix with fw for various values of fsol are shown in Figs. 1a and 1b, respectively, for arbitrary

dry values of 0.15 µm and 0.15, respectively. Note that these curves are derived not by using Eqs. 20 and 21, but by calculating

the geometric mean and standard deviation of a bi-modal size distribution resulting from an external mixture of humidified165

soluble and insoluble aerosol and applying Eq. 4 and 5 to obtain corresponding effective radii and variances. However, applying

Eq. 20 and 21 directly yields similar results. Fig. 1a shows that, for 1≥ fsol >∼ 0.15, the increase of re,mix with fw is generally

steeper than for fsol = 1, with the steepest increase at fsol ∼ 0.5, while for fsol <∼ 0.15 the relationship between re,mix and

fw is shallower. The increase of ve,mix as a function of fw is shown in Fig. 1b. As discussed in section 2.1, the effective variance

does not change with water fraction if fsol = 1. Generally the slope of ve,mix with respect to fw increases with decreasing fsol170

when fsol >∼ 0.15. For fsol <∼ 0.15, the relationship between ve,mix and fw is shallower and notably different than for

higher soluble fractions. From Eqs. 20 and 21 we can conclude that the slope of re,mix and ve,mix +1, both relative to the dry
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values only depends on fsol. This is shown in Fig. 1c where ve,mix +1 is plotted against re,mix, both relative to the dry values,

revealing approximately linear relationships with a systematically increasing slope with decreasing fsol. As will be shown in

section 4.2, the slope of retrieved re with respect to retrieved ve + 1 within a region or time period may be used to infer fsol.175

In case of an external mixture of humidified soluble aerosol and dry insoluble aerosols, the dry effective radius and variance

may be retrieved from their ambient values for known aerosol volume water fraction fw and known fsol using Eqs. 20 and 21.

2.3 Refractive indices of aqueous solutions of aerosol and their external mixtures with insoluble aerosol

To obtain the refractive index of an aqueous solution nwet of aerosol with known dry refractive index ndry, several mixing

rules are commonly used, of which the Lorentz-Lorenz and molar refractions mixing rules are generally considered the most180

fundamental (Brocos et al., 2003; Liu and Daum, 2008). However, the simplest approach that is perhaps most widely used in

the atmospheric science community is to estimate nwet by a volume-weighted average of ndry and that of water nwater, i.e.

nwet = fw nwater + (1− fw) ndry. (22)

In case of ideal mixtures, i.e. when the volume (or density) of a mixture is equal to the sum of the volumes (or densities) before

mixing, differences between nwet calculated using volume-averaging (Eq. 22) and Lorentz-Lorenz or molar refraction mixing185

may be considered negligible (Brocos et al., 2003). In case of substantial deviations from ideality, however, as observed for

pure inorganic salts such as ammonium sulfates and sodium chloride, Eq. 22 substantially overestimates nwet for solutions with

water fractions below about 50% (Tang and Munkelwitz, 1991; Schuster et al., 2009; Erlick et al., 2011, see also supplementary

material). Furthermore, salts effloresce at low humidities leading to maximum refractive indices in their aqueous state that are

substantially lower than their refractive index in the dry state (Schuster et al., 2009). In the case of aqueous solutions of soluble190

organic aerosol, however, refractive indices are well approximated by Eq. 22 (Lienhard et al., 2012; Cai et al., 2016, see also

supplementary material). Moreover, refractive indices of ternary aqueous mixtures containing both organics and inorganic salts

at a 1:1 molar ratio are also well approximated by Eq. 22 over the full range of fw, as also demonstrated in the supplement

based on the data of Lienhard et al. (2012). Furthermore, effloresence of the salt seems to be suppressed by the organics in

the solution (Lienhard et al., 2012; Jing et al., 2016; Wu et al., 2020). Since aerosol particles are generally internally mixed195

with many components (Riemer et al., 2019), densities are not known and accounting for density changes when estimating

refractive indices of the mixtures is practically impossible. However, organics generally make up 20% to 90% of the particle

mass (Jimenez et al., 2009), which may be considered sufficient for the volume mixing rule of Eq. 22 to be generally applicable

(cf. Stokes and Robinson, 1966).

In case of externally mixed aerosol, the retrieved refractive index inferred by remote sensing or in situ observations may be200

considered an effective value that is radiatively equivalent to that of the externally mixed aerosol. Here, we use the volume

mixing rule also to estimate the effective refractive index of externally mixed aerosols based on the refractive indices of

individual components in the mixture. Using simulations presented in the supplement, we conclude that a volume mixing rule

generally yields the effective refractive index of an external mixture to within about 0.02. Hence, for mixtures of soluble (with
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κsol > 0) and insoluble (κinsol ≡ 0) aerosol, the refractive index of the mixture nmix is then approximated by205

nmix = fw nwater + (1− fw) [fsol ndry,sol + (1− fsol) ninsol], (23)

where fw is the volume fraction of water within the total aerosol population and ndry,sol and ninsol are the refractive indices

of the dry soluble and insoluble aerosol particles, respectively. If ndry is taken as the weighted average of ndry,sol and ninsol,

Eq. 23 is equivalent to Eq. 22. Hence, for our purpose of inferring volume water fraction from the retrieved effective refractive

indices, the mixing state of the aerosol is generally irrelevant.210

In case of humidified aerosol, its aerosol volume water fraction fw may be estimated from its refractive index nwet using

Eq. 22 and under assumptions of ndry and nwater. At a wavelength of 555 nm, nwater is 1.3337 (Segelstein, 1981). For a

wide variety of aerosol types, including marine, biogenic, urban, background and tropospheric aerosols and those associated

with of biomass burning from agricultural and wild fires, many studies (Levoni et al., 1997; Sorooshian et al., 2008; Shingler

et al., 2016a; Brock et al., 2016b; Aldhaif et al., 2018; Espinosa et al., 2019; Bian et al., 2020) found that effective real parts of215

the refractive index for dry fine-mode aerosol are about 1.52–1.54 on average. While observed ranges may extend from about

1.42 to 1.60, the standard deviations (or interquartile ranges) of the observations are generally small at about 0.02 (or 0.04).

The refractive index of an aerosol depends on its chemical composition and mixing state, which are in turn determined by

its emission source, age and history of environmental conditions (Riemer et al., 2019). However, relationships between these

factors and dry refractive indices are highly uncertain. For example, dry refractive indices of organic aerosol have been reported220

to increase or decrease with chemical aging (Mack et al., 2010; Moise et al., 2015; Li et al., 2017; He et al., 2018; Aldhaif

et al., 2018). Individual particles within an aerosol are complex mixtures of different chemical species (Riemer et al., 2019).

Lang-Yona et al. (2010) showed that dry refractive indices of such internally mixed aerosol are generally well approximated by

a weighted average of their components using a volume mixing rule. Since refractive indices of organic compounds, as well as

of many common inorganics, are generally within the range of 1.48–1.60 (e.g, Aldhaif et al., 2018), it may not be surprising225

that the observed mean effective refractive indices of fine mode aerosol in various airmasses are generally close to 1.54.

While systematic relationships of dry refractive index with source, age and environmental conditions may be hard to estab-

lish, a systematic decrease of refractive index with increased water fraction in the aerosol may generally be assumed, since the

refractive index of water is generally smaller than that of dry aerosol. As argued above, for chemically heterogeneous aerosol

that is internally and externally mixed, a linear decrease in refractive index with increased water volume fraction as represented230

by Eqs. 22 and 23 may be assumed. Figure 2 shows the refractive index of a humidified aerosol as a function of the volume wa-

ter fraction, as calculated by Eq. 22, under the assumption that ndry = 1.54. This relationship is the basis of the volume water

fraction retrievals from the observed ambient fine mode refractive index presented in this paper. The ranges of refractive index

of the aqueous mixture when assuming the dry refractive index is smaller/greater than 1.54 by 0.02 and 0.04 are also shown

in Fig. 2 by the blue and grey shading, respectively. Hence, the uncertainty of the volume water fraction inferred from a given235

refractive index decreases with water fraction and has a maximum of about 0.18 and 0.32 when assuming the uncertainty in dry

refractive index to be ±0.02 and ±0.04, respectively. Under the consideration of the assumptions and uncertainties discussed

above, uncertainties in retrieved water fraction from an observed ambient refractive index are likely within those represented
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by the blue range in Fig. 2 for most cases and regions, while the greater uncertainties represented by the grey range may occur

for cases and regions with particularly low or high dry refractive indices.240

3 Data

3.1 Campaigns

The data used in this paper were collected during the NASA the Aerosol Cloud meTeorology Interactions oVer the western

ATlantic Experiment (ACTIVATE) aircraft campaign (Sorooshian et al., 2019; Corral et al., 2021) and the NASA Cloud,

Aerosol, and Monsoon Processes-Philippines Experiment (CAMP2Ex) aircraft campaign (Hilario et al., 2021; Reid et al.,245

2022).

The ACTIVATE is a five-year long campaign based at NASA Langley Research Center in Hampton, VA on the US East

Coast. The overarching goal of the campaign is to robustly characterize aerosol-cloud-meteorology interactions using exten-

sive, systematic, and simultaneous in situ and remote sensing airborne measurements with two aircraft and a hierarchy of

models. Here we use data from the first two deployments of the campaign in the winter and summer of 2020. Remote sensing250

instruments, including the RSP, were mounted on a King Air aircraft, while in situ observations were made using a HU-25

Falcon aircraft. Most flights were coordinated so that the remote sensing and in situ were obtained close in time and in the

same area. Only data over ocean are used here.

The CAMP2Ex campaign was based at Clark airport on Luzon, the Philippines, from 24 August to 5 October 2019. It was

designed to study the covariability and mutual influences of aerosol, clouds, chemistry, meteorology, convection and radiation.255

All remote sensing and in situ observations used in the paper were made with instruments mounted on the P3-B aircraft which

flew at altitudes near the surface to about 8 km. Only data over ocean are used here.

The dates and times at which data was collected are listed in the supplement in Tables S2 and S3.

3.2 Remote sensing observations

Aerosol properties are retrieved from multi-angle, multi-spectral total and polarized radiances using the Microphysical Aerosol260

Properties from Polarimetry (MAPP) algorithm described by Stamnes et al. (2018). This algorithm is based on an optimal

estimation approach and retrieves the aerosol optical depth at 555 nm, effective radius and effective variance in both a fine and

coarse aerosol size mode, in addition to the complex refractive index at 555 nm and layer height of the fine mode. The coarse

mode is assumed to have the refractive index of hydrated sea salt and is homogeneously mixed below 0.5 km. The surface

reflectance is modeled using a bio-optical ocean model in terms of a chlorophyll concentration and windspeed, which are also265

retrieved alongside the aerosol parameters.

The fine mode total number concentrations Ntot,f are subsequently derived using the approximation (Schlosser et al., 2022)

Ntot,f =
τf

σf ∆zf
, (24)
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where τf and ∆zf are the retrieved fine mode aerosol optical depth and layer height and σf is the extinction cross section,270

which in turn is calculated using the retrieved fine mode size distribution and Mie theory.

The MAPP algorithm is applied to data from the Research Scanning Polarimeter (RSP, Cairns et al., 1999), which measures

the I, Q, and U Stokes parameters at nine wavelengths in the visible and shortwave infrared. RSP scans along track at a rate

of about 0.86 seconds, during which observations at more than 100 viewing angles are collected. The latitude and longitude of

each view projected to the surface is determined and the data is rearranged so that multi-angle views at consecutive ’pixels’ on275

the surface are obtained. To improve the RSP data signal and reduce the computational effort of retrieval processing, data for

20 consecutive pixels are averaged together and used as input to the MAPP retrieval algorithm. To avoid clouds, generally data

closer than 24 scans to clouds are removed. For ACTIVATE this is reduced to 12 scans to increase the number of data points.

Note that contamination by clouds below the aircraft as well as substantial cirrus clouds above the aircraft is effectively filtered

out by the goodness-of-fit tests applied in the aerosol retrieval algorithm (Stap et al., 2015; Stamnes et al., 2018).280

3.3 In situ observations

In situ aerosol observations used here are obtained with the Langley Aerosol Research Group Experiment (LARGE) instrument

package or both ACTIVATE and CAMP2Ex datasets. All aerosol measurements are made from a forward-facing, shrouded,

solid diffuser inlet that efficiently samples particles with aerodynamic diameter less than 5.0 µm (McNaughton et al., 2007).

Observations in cloud are excluded by requiring that the liquid water content observed by the (Fast) Cloud Droplet Probe285

(Stratton Park Engineering Company, Boulder, CO, USA) is below 0.02 g/cm3 and that the ambient relative humidity obtained

by the Diode Laser Hygrometer (DLH Podolske et al., 2003) is below 100%.

In general, aerosol particles are dried before their properties are measured by in situ probes. However, their hygroscopicity is

estimated by using a nephelometer (model 3563, TSI Inc., Minneapolis, MN, USA) to measure the aerosol scattering coefficient

σs at 550 nm for low humidity ("dry") conditions (RH0) and after exposing the aerosol to humid conditions with relative290

humidity RH , leading to the ratio (Ziemba et al., 2013)

f(RH,RH0) =
σs(RH)
σs(RH0)

. (25)

As discussed by Brock et al. (2016a), the aerosol scattering cross section is roughly proportional to the aerosol volume, and,

hence f(RH) is approximate equivalent to the volume growth factor gV (Eq. 7) when RH0 = 0%. Based on this approximation

and Eq. 8, Brock et al. (2016a) proposed the parameterization295

f(RH,0%) = 1 + κext
RH

1−RH
. (26)

During the CAMP2Ex and ACTIVATE missions, the scattering coefficients are reported at dry conditions with RH ≈ 20% and

humid conditions with RH ≈ 80% when both values exceed 5Mm−1. Using Eq. 26, this leads to

f(80%,20%)≈ 1 +4κext

1 +κext/4
. (27)

For an observed f(80%,20%), κext can be estimated using Eq. 27. As discussed by Brock et al. (2016a), the parameters κ300

(Eq. 8) and κext are not the same, but are related and vary approximately proportionally. Their ratio depends on several factors,
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including particle size and κ itself. Based on the slope of linear fit through observed corresponding κext and κ values reported

by Brock et al. (2016a), we use the approximation

κ≈ κext

0.56
. (28)

Furthermore, based on the values of κext versus κ plotted by Brock et al. (2016a, their figure A3), we estimate a 40% uncertainty305

of this conversion factor. Subsequently, from the independent DLH measurements of ambient RH , the growth factor and thus

water volume fraction fw at ambient condition at the location and time of the in situ observation can be derived using Eqs. 27,

28, 8 and 12.

Probably the greatest source of uncertainty of this approach to derive fw is the conversion factor between κext and κ (Eq.

28). A 40% under- or overestimation of κ leads to a under- or overestimation of fw that is generally below 0.13. As discussed by310

Shingler et al. (2016b) and also shown in section 4, f(80%,20%) may sometimes be observed to be below unity. Such values

below unity are also commonly observed and generally attributed to measurement uncertainties in the case of aerosol with low

hygroscopicity modes (e.g., Holmgren et al., 2014; Kim et al., 2020). We refer to Shingler et al. (2016b) for a discussion on

possible other causes. Here, we set κ to zero for cases with observed f(80%,20%) < 1.

Dry optical size distribution data were observed in situ by the laser aerosol spectrometer (LAS, TSI model 3340, Hilario315

et al., 2021; Moore et al., 2021). Sizing is corrected during post-flight processing using monodisperse ammonium sulfate

aerosol so that derived size distributions are referenced to a real refractive index of 1.53. From these, the integrated particle

number concentration, total volume and total surface areas for particle diameters between 100 and 1000 nm are derived. In

turn, the effective radii are calculated from the total volume and surface area via Eq. 2. Number concentrations are reported at

a standard pressure and temperature and scaled to the ambient conditions.320

Sulfate mass fraction is used as a proxy for soluble fine-mode aerosol mass fraction. Sulfate aerosol mass fractions are

derived from observations of the High Resolution Time-of-Flight Aerosol Mass Spectrometer (HR-ToF-AMS, Aerodyne Re-

search, Canagaratna et al., 2007). The inlet maximum diameter cutoff for these observations is effectively sub-micron. The

AMS uses thermal vaporization of the particles at 600oC, electron impaction ionization and provides ensemble-averaged mass

concentrations of non-refractory chemical components. Organic and inorganic components of the aerosols, such as sulfates,325

are identified through characteristic ion fragments. Sulfate mass fraction fm,sul is calculated as the ratio of total sulfate mass

collected over a selected flight segment and the total mass of ammonium, nitrate, sulfate, chloride and organic species of that

flight segment (cf. Quinn et al., 2005).

4 Results

Here we compare the remote sensing results to corresponding in situ observations. However, in situ and remote sensing results330

are generally not exactly colocated in space and time, especially when using a single aircraft as was the case during CAMP2Ex.

Therefor, we opt for comparisons of campaign-wide and daily statistics of remote sensing and in situ measurements on the

premise that statistics of the observations over a similar time range and region should be consistent. For this, parts of flights
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were selected during which sufficient remote sensing and in situ data were collected within a 5◦× 5◦ region. The dates and

time ranges of the included remote sensing and in situ data are listed in Table S2 and S3, respectively. In situ observations were335

collected within the time ranges of the RSP observations or at most 100 minutes before and after these times. Furthermore, only

in situ measurements taken at altitudes below 2 km are used, since most aerosol are expected to be confined to the boundary

layer. Statistics of all data are given in Supplement Section 1.

4.1 Retrieval of volume water fraction

Figure 3 show histograms of in situ observations of f(80%,20%) and derived κext for ACTIVATE winter and summer and340

CAMP2Ex, respectively. Values of f(80%,20%) range from about 0.5 to 2.5, with modes near 1.1–1.3. The lowest values,

smallest mean and narrowest distribution are seen for the winter deployment of ACTIVATE. The summer deployment of

ACTIVATE shows a slightly higher mode and broader distribution. During CAMP2Ex, the largest mode is observed and in-

terestingly a second maximum around f(80%,20%) = 1 is apparent. Note that the instrumentation used during ACTIVATE

and CAMP2Ex is not able to resolve multi-modal hygrospopicity within a single measurement, while such multi-modal hy-345

grospopicity distributions are frequently observed in a range of conditions using other instruments (Heintzenberg et al., 2001;

Swietlicki et al., 2008; Wex et al., 2010; Holmgren et al., 2014; Kim et al., 2020). The continuous f(80%,20%) distributions

observed during ACTIVATE suggest that the observed aerosols are variable mixtures and not representative of a single source

or aerosol type, while the resolved low and high modes observed during CAMP2Ex may be indicative of separately sampling

biomass burning emissions from Borneo and transported Asian emissions, respectively. The many values of f(80%,20%) near350

or below unity leads to a strong peak in the distributions of κext at zero. A second peak is seen near κext values of 0.05–0.08.

Figure 4 shows that the relative humidity distributions during ACTIVATE displays considerable ranges with multiple peaks,

while the CAMP2Ex relative humidity is generally near 80% representing the humid environment around the Philippines during

late summer.

Figure 5 shows histograms of RSP-retrieved fine-mode refractive indices and water volume fractions derived as discussed355

in section 2. Only RSP retrievals with a fine-mode optical depth greater than 0.05 are included. In addition, the water volume

fractions derived from in situ measurements as discussed in section 3.3 are shown. For the winter deployment of ACTIVATE,

the retrieved refractive indices shows two distinct peaks. One peak is near 1.54, corresponding to our assumed refractive index

of dry aerosol (see section 2.3). Another peak is near 1.48, which corresponds to the a priori value of the refractive index in the

optimal estimation scheme of the retrieval algorithm. The peak near the a priori value is also seen during in the results of the360

summer ACTIVATE data, albeit to a lesser extend, while it is not apparent for the CAMP2Ex data. For the data of the summer

deployment of ACTIVATE, a broader peak between about 1.50–1.56 is seen, while for CAMP2Ex a broad peak occurs around

1.45 in addition to a weak peak at 1.54.

The prevalence of retrievals around the a priori value of the refractive index indicates that during the ACTIVATE campaign

the information content of the RSP measurements with respect to refractive index was limited for a substantial number of365

cases. For most days for both ACTIVATE deployments, there is a prevalence of refractive index retrievals near the a priori

value. Similar statistics are obtained when limiting the data to those with optical depths above 0.2, where information content
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may be expected to be higher. We speculate that the reduced information content of some of the ACTIVATE data compared

to that of CAMP2Ex may be related to the fact that flight planning during ACTIVATE was constrained by available corridors

for civil aviation to fly offshore and a desire in many cases to fly in the direction of the boundary layer wind, while during370

CAMP2Ex airplane headings were often selected to obtain observations within the principal plane, which maximizes infor-

mation content for fine mode aerosol retrievals (Fougnie et al., 2020). Furthermore, while cases influenced by cirrus above

the aircraft are mostly filtered out by the cost function filter (see section 2, some cases may remain in the dataset possibly

causing the prevalence of refractive index retrievals near the a priori value. However, more investigation is needed into why the

information content with respect to refractive index may have been lower for part of the retrievals of ACTIVATE.375

The water volume fractions derived from the retrieved refractive indices show a larger peak at zero for all three campaigns,

corresponding to retrieved refractive indices ≥ 1.54. For the ACTIVATE campaigns, a peak near fw = 0.3 is seen, which

corresponds to the a priori value of the refractive index, as discussed above. The figures also show the water fractions estimated

from the in situ observations, as described in section 3.3. Similarly to the RSP retrievals, these also show a large peak at zero,

corresponding to κ = 0. For the ACTIVATE data, the frequency of in situ observed water fraction generally decreases with its380

value, while the CAMP2Ex results show a broader distribution peaking around fw = 0.45, similarly to the RSP distribution.

Using the Kolmogorov-Smirnov test reveals a 89% likelihood that the in situ and RSP water fractions from the CAMP2Ex

data are drawn from the same distribution. For the ACTIVATE data this theoretical likelihood calculated with the Kolmogorov-

Smirnov test is 3%, presumably because of the prevalence of retrieved refractive index near a priori values.

Next, we investigate the daily mean water volume fraction obtained from the RSP and in situ measurements. Figure 6 shows385

that the RSP and in situ values compare reasonably, although the spread is greater than the uncertainty in RSP retrievals

expected from the assumed ±0.02 uncertainty in dry refractive index. However, given the estimated uncertainty in in situ-

derived water fraction of about 0.13 and the standard deviations of the daily values that are 0.21 and 0.20 for the in situ and

RSP-retrieved values, respectively, the comparison may be considered favorable. Mean absolute difference between all RSP

and in situ means is 0.09 with a correlation coefficient of 0.68. Daily values for CAMP2Ex show the best agreement between390

RSP and in situ water fractions with a mean absolute difference 0.080 and a correlation coefficient of 0.82.

4.2 Retrieval of soluble aerosol fraction

As discussed in section 2, effective radii and variances are expected to increase with volume water fraction depending on the

fraction of soluble aerosol. Examples of retrieved effective radii and variances as a function of derived volume water fraction

are shown in Figs. 7 and 8. On 2 September 2020 during ACTIVATE, a clear increase of both effective radius and variance395

with volume water fraction is seen, although a substantial spread is also observed. On 21 September 2019 during CAMP2Ex,

the increase of effective radius and variance with volume water fraction is also apparent but weaker. The spread in the data

may be attributable to natural variation of aerosol dry size distributions during the observation period, as well as uncertainties

in effective radius retrievals and water fraction estimates. As discussed in section 2.2, an approximately linear relationship

between ve + 1 and re, both relative to their dry values is expected. The reference dry values for each day, here indicated as400

ve,ref and re,ref , are estimated from the retrieved ve and re values for water fractions 0 < fw < 0.2, which are assumed to
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represent nearly dry but partly soluble aerosol. To estimate ve,ref and re,ref , we fit modeled ve and re as a function of fw for

a default soluble fraction of fsol = 0.3 (via Eqs. 21 and 20) to these daily cases with 0 < fw < 0.2. The modeled ve,dry and

re,dry values associated with the lowest root-mean-squared difference between model and data are used as ve,ref and re,ref ,

respectively, for that day. Rather than taking averages of the ve,ref and re,ref observations at 0 < fw < 0.2, this approach405

allows to approximately account for the slight variation of ve and re with fw. Using a model for other values of fsol for this

estimation of ve,ref and re,ref yields similar overall results. The bottom panels of Figs. 7 and 8 show the retrieved ve+1 and re

values relative to ve,ref +1 and re,ref for all retrievals with fw > 0. The expected approximately linear relationship is observed

for both cases, with a steeper slope for the ACTIVATE case (Fig. 7) compared to the CAMP2Ex case (Fig. 8) . Subsequently,

we find the lowest root-mean-square difference between the observations of (ve +1)/(ve,ref +1) versus re/re,ref and values410

in a pre-calculated look-up-table with values of ve + 1 and re relative to their dry values modeled according to section 2.2 for

various fsol. A minimum of fsol of 0.05 is assumed, as for lower values unrealistically large growth factors gV,sol need to be

assumed to obtain considerable fw. The resulting best fits for ACTIVATE and CAMP2Ex cases are for fsol values of 0.23 and

0.62, respectively, and the corresponding modeled relationships are shown in the bottom panels of Figs. 7 and 8. For reference

and a consistency check, the modeled re and ve as a function of fw corresponding to the inferred fsol, as given by Eq. 20 and415

Eq. 21, respectively are also shown in Figs. 7 and 8, where re,dry = re,ref and ve,dry = ve,ref . Note that the retrieval of fsol is

mostly constrained by the retrieved re and ve values and only relies on the retrievals of fw to select cases with low fw in order

to derive the re,ref and ve,ref .

This approach is applied to the daily data of ACTIVATE and CAMP2Ex. Only days for which at least two data points with

0 < fw < 0.2 and at least two with fw > 0.2 are available are selected, which excludes six days from CAMP2Ex. In addition,420

as a proxy for soluble aerosol contribution to the fine mode, we derive the daily average mass fraction of sulfates from the

AMS data as described in section 3.3. Note that the sulfate mass fraction can be interpreted as the fraction of all sulfate that

is externally and internally mixed in all aerosols analyzed by the AMS during the selected time period, while the RSP soluble

fraction is an estimate of volume fraction of fine mode aerosol that has a κ value greater than zero. Hence, they may be expected

to correlate, but are not fundamentally the same.425

Figure 9 shows the daily RSP retrievals of soluble aerosol fraction versus in situ-observed sulfate mass fractions for the three

campaigns. The soluble fraction is generally low, especially during ACTIVATE. During the winter deployment of ACTIVATE,

all days have fsol < 0.2, while values are all below 0.4 during the summer deployment. The most spread of fsol is seen during

CAMP2Ex with values up to 0.73. These differences between campaigns are qualitatively consistent with the differences in

f(80%,20%) and κext as seen in Fig. 3.430

Turning our attention to the in situ observations of mass fraction of sulfates shown in Fig. 9, it can be seen that sulfate mass

fractions between 0.15 and 0.4 are observed during ACTIVATE, while a larger range is seen during CAMP2Ex. Most of the

remaining aerosol mass generally consists of organics (not shown). The soluble aerosol fraction retrieved from RSP reasonably

correlates with the sulfate mass fraction with a Pearson correlation coefficient of 0.79, although the number of points is low

and the correlation is mostly driven by CAMP2Ex results. A linear fit of the form fsol = 1.09× fm,sul−0.12 is also shown in435

Fig. 9. While the fitted slope is close to unity, we may not expect the RSP-retrieved soluble fraction to perfectly correlate with
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the sulfate mass fraction with a 1:1 dependence as a) other species, including organics, may contribute to the total soluble mass

fraction, and b) the RSP retrievals assume an external mixture of soluble and insoluble particles while the AMS vaporizes all

particles and observes the sulfate mass fraction irregardless of original mixing state. We may, however, expect the intercept of

the linear fit to be near zero as a population with negligible contribution of soluble particles would also be expected to contain440

negligible sulfate mass. The fact that the intercept is -0.12 indicates that the RSP soluble fraction is underestimated when the

real soluble fraction is low. Further discussion is provided in section 5.

4.3 Retrieval of dry aerosol size distribution

For known volume water fraction and soluble fraction, the relative increase of effective radius and ve + 1 is given by Eqs. 20

and 21, respectively. Using the volume water fraction retrieved for each observations along with the daily values of soluble445

fraction, we calculate the inferred dry effective radius and variance for all data from the three campaigns, of which histograms

are shown in Fig. 10. Note that for the six days from CAMP2Ex for which retrievals of soluble fraction is not possible we

assume fsol = 0.3. No noticeable difference in the histogram is seen if a different value is assumed is made.

Largest values of both effective radius and variance is seen during the summer deployment of ACTIVATE and smallest

values during its winter deployment. Differences between ambient and dry values of effective radius and variance are smallest450

for the winter deployment of ACTIVATE, namely respectively 0.013 µm and 0.022 on average, consistent with the low volume

water and soluble fractions seen in that deployment. Average differences between ambient and dry effective radii and variances

for the winter ACTIVATE deployment are 0.020 µm and 0.028, respectively, while largest differences of respectively 0.034

µm and 0.042 on average are seen for the CAMP2Ex data, consistent with broader distributions of volume water fraction and

soluble fraction.455

Dry effective radii are estimated from the in situ-measured total volume and surface areas as described in section 3.3.

These reported volume and surface areas pertain to the particles with dry radii between 0.05 and 0.5 µm. Hence, the RSP dry

effective radii are scaled to include only particles with radii between 0.05 and 0.5 µm in order to directly compare them to LAS

observations. Figure 11 show histograms for the three campaigns of RSP and LAS-derived dry effective radii. The ranges of in

situ-observed effective radii and those retrieved by RSP agree well, although mean values observed in situ are generally smaller460

(see also Table S1). Largest differences are seen for the summer deployment of ACTIVATE, while best agreement is seen for

the CAMP2Ex campaign. Daily means values of in situ-observed and RSP-retrieved dry effective radii for radii between 0.05

and 0.5 µm are compared in Fig. 12. The mean absolute difference between daily averages is 0.024 µm. However, the spread

is generally large and the correlation is rather poor. The best comparison is for CAMP2Ex with values agreeing within 0.019

µm on average. Note that the daily standard deviations of effective radius is 0.02 or larger for most days (see Table S1 in the465

Supplement). Further discussion on the comparisons of dry effective radii and possible biases in RSP and in situ observations

is provided in section 5.
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4.4 Retrieval of aerosol number concentration in given dry size ranges

Column-averaged fine mode aerosol number concentrations Nf,tot are estimated by the RSP using Eq. 24. Knowledge of the

dry particle size distribution allows estimating the number concentrations within a given dry particle size range. This allows470

remotely sensed number concentrations to be adjusted to take into account in situ probe size limits for better comparison with

in situ observations. Furthermore, as small aerosol are less effective CCN, the variation in Nf,tot larger than a given radius limit

rlim can be used as proxy for variation in CCN concentrations (Dusek et al., 2006; Hasekamp et al., 2019). However, using

ambient size distributions in lieu of dry size distribution retrievals in this approach may lead to a bias in estimated variation in

CCN concentrations related to water uptake Hasekamp et al. (2019).475

Figure 13 shows the mean and standard deviation of the fraction of fine mode particles larger than a dry minimum radius rlim

for the three campaigns. Fractions are close to unity for rlim up to about 0.04 µm, but then steadily decrease with increasing

rlim up to about 0.2 µm. Fractions at a given rlim are largest for the ACTIVATE summer campaign because of the relatively

large re,dry values at that campaign. The rlim values at which 50% of the particles are larger than rlim are 0.095, 0.010 and

0.089 µm for the ACTIVATE winter, summer and CAMP2Ex campaigns, respectively.480

The LAS in situ instrument provides number concentrations for particles with dry radii between 0.05 and 0.5 µm. Daily

geometric mean number concentrations derived from the in situ observations and RSP are compared in Fig. 14. Here, RSP

Nf,tot values are scaled using rlim = 0.05 µm, although this scaling has limited effect as can be concluded from Fig. 13.

Generally RSP and in situ daily means agree within a factor 2 and correlate with a correlation coefficient of 0.86. The mean

absolute difference for all days is 138 cm−3. Note that the geometric standard deviation factor often exceeds 2 for the in485

situ observations of number concentrations, while it is generally around 1.5 for the RSP retrievals (see Table S1). Similar

comparisons between RSP and LAS number concentrations have been shown by Schlosser et al. (2022).

5 Discussion on assumptions and uncertainties

The presented methods to infer volume water fraction and daily soluble fraction are largely independent from each other. The

derivation of dry effective radius from its ambient counterpart is mostly relying on the retrieved volume water fraction, while490

the derivation of dry effective variance also substantially depends on estimated soluble fraction.

The volume fraction of water in the observed aerosol is inferred from the retrieved ambient refractive index using the

assumptions that the volume mixing rule applies to the refractive index of internally and externally mixed aerosol and that

the dry refractive index is 1.54. While both these assumptions lead to uncertainties, we estimate that these uncertainties in the

retrieved volume water fraction are generally below about 0.2 and decrease with increasing volume water fraction. Furthermore,495

while substantially deviations from dry refractive indices of 1.54 occur in individual in situ observations, the standard deviations

for data collected over regions or periods are generally small (e.g., Aldhaif et al., 2018), suggesting the accuracy of retrieved

volume water fraction generally improves upon averaging. However, for regions and periods with aerosol mixtures that have

average dry refractive index systematically smaller than 1.5, the presented method will yield biased results. Furthermore, in
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case of pure salt aerosol the use of the volume mixing rule may lead to an overestimation of volume water fraction if the real500

water fraction is below about 50% (Schuster et al., 2009, see also Supplement section 2).

We further assume that the aerosol consists of externally mixed soluble (κ > 0) and insoluble (κ = 0) components with

equal dry size distributions. While this model explains the co-variation of retrieved fine-mode effective radius and variance

reasonably well and is based on previous in situ observations under many conditions with instruments that can resolve multi-

modal hygroscopicity, it is considered a practical, over-simplified model. In reality, insoluble and soluble components have505

distributions of (effective) κ values around zero and non-zero values, respectively (Heintzenberg et al., 2001; Holmgren et al.,

2014; Kim et al., 2020). Furthermore, the approach to estimate the soluble aerosol fraction uses daily data and makes the

assumption that the soluble aerosol fraction is fixed during the observation period. While the retrieved daily soluble fractions

reasonably correlate with in situ estimated sulfate mass fraction, the method yields many soluble fractions below 0.2, while the

sulfate mass fractions are generally greater than 0.2 (See Fig. 9). We speculate that the over-simplified aerosol model used here510

may be biasing results low if the soluble component in reality has a broad distribution of κ values further broadening the size

distributions. Furthermore, Holmgren et al. (2014) show hygrospicity generally increases with size, which is inconsistent with

our assumption of equal size distributions for the soluble and insoluble components and may promote increased broadening of

the size distribution upon humidification, in turn resulting in a low bias in estimate soluble fraction. Future studies based on

simulated measurements are needed to further study these effects.515

We also assume that all soluble particles are hydrated at the ambient conditions, i.e. that the RH is above the efflorescence

and/or deliquescence points for all soluble particles. If in reality a substantial fraction of the soluble aerosol is not deliquesced,

this may bias the estimated soluble fraction low. However, there is no correlation apparent between daily-average RH and

inferred soluble fraction (See supplement Tables S1 and S3). Furthermore, the f(80%,20%) observations confirm the generally

low hygroscopicity, although these are not affected by the ambient RH.520

Another implicit assumption made in the method is that all observed aerosol is exposed to a similar relative humidity.

While most aerosol is confined to the boundary layer which is generally well-mixed, the relative humidity may be expected

to increase with decreasing temperature and thus with altitude. A substantial variation in relative humidity in the aerosol-

loaded column may contribute to a broadening of the column-averaged size distributions and possibly a bias in inferred soluble

fraction. We perform a simple test whether the RSP-retrieved soluble fractions and ambient size distributions are consistent525

with the relative humidity observed in situ below 2 km altitude. For this, we first assume a κsol value of 0.5 for the soluble

fraction, which is representative of ammonium sulfate (Petters and Kreidenweis, 2007), and estimate an aerosol average κ from

κ = κsol× fsol. Subsequently, the relative humidity can be estimated for each observation using Eq. 26 and the growth factor

derived from the ambient reff relative to the estimated reff,dry (see section 4.2). This yields daily mean relative humidity

values that are within 3.5%, 3.2% and -4.8% (absolute values) of the daily mean in situ-observed values for the ACTIVATE530

winter and summer deployments and the CAMP2Ex campaign, respectively. This generally good agreement suggests an overall

consistency between the soluble fraction and ambient size distributions from RSP and the relative humidity observed in situ

below 2 km altitude.
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Using the volume water fraction and soluble fractions the dry effective radii and variances were estimated from the ambient

RSP retrievals. While the total ranges of RSP-derived and in situ-measured dry effective radius are consistent, the in situ values535

are substantially smaller on average and RSP and in situ daily averages correlate rather poorly, especially for the ACTIVATE

deployments. This may suggest a substantial low bias in the RSP-retrieved volume water fraction, although this is unlikely

considering its generally favorable comparison to water fractions derived from in situ observations. Furthermore, a positive

bias in the retrievals of ambient effective radius may possibly be the culprit. Alternatively, the LAS observations of total

volume and surface area may be biased low or high, respectively. There are indications that relatively large aerosol particles are540

’lost’ in the tubing system of the aerosol observation package, which would be consistent with a low bias in effective radius.

Further analysis of these and future LAS data is needed to evaluate this potential issue. Furthermore, further evaluation of the

dry effective radius derived from RSP data with the presented method is needed using other past or future campaign data.

6 Conclusions

We present a framework to infer volume water fraction, soluble fraction and dry size distributions from multi-angle, multi-545

spectral polarimetry retrievals of column-averaged fine mode ambient aerosol properties. Volume water fraction is inferred

from the ambient refractive index, while average soluble fraction is mostly derived from size distributions within a region

or time period. Both volume water fraction and soluble fractions are used to infer dry size distributions from their ambient

counterparts. The approach is applied to observations of the RSP during the ACTIVATE and CAMP2Ex field campaigns and

compared to in situ observations obtained below 2 km.550

The daily-averaged volume water fractions from RSP and in situ observations show good correlation and have a mean

absolute difference of 0.09. Daily estimates of soluble fraction correlates reasonably well with in situ observed sulfate mass

fraction, although the soluble fraction appear to be biased low. RSP-derived dry effective radius shows a similar range as

in situ observed values. However, during the ACTIVATE deployments, in situ derived effective radius is generally smaller

by about 0.02-0.05 µm. Possible causes of this inconsistency may be related to RSP or in situ observations. RSP-retrieved555

number concentrations generally agree well with the in situ observations. Best agreements overall are seen for the CAMP2Ex

campaign. The ACTIVATE RSP data appear to be hampered by lower information content possibly caused by non-favorable

flight direction or cirrus above the aircraft leading to retrievals of refractive index to be frequently strongly weighted towards

the a priori value. We note that the RSP and in situ observations are not strictly co-located in space and time but are compared

on the premise that mean values and standard deviations of the observations over a similar time range and region should be560

consistent.

Both RSP and in situ observations indicate the dominance of aerosol with low hygroscopicity during the ACTIVATE and

CAMP2Ex campaigns. Furthermore, RSP indicates a high degree of external mixing that is not resolved by the in situ observa-

tions. This is consistent with high degree of external mixing of modes with low and high hygroscopicity shown by Swietlicki

et al. (2008) and Holmgren et al. (2014) and others for various aerosol sources. Furthermore, Holmgren et al. (2014) showed565

that the contribution of low hygroscopicity particles is seasonally varying, peaking in winter, which may be consistent with the
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relatively low water and soluble fractions found in the ACTIVATE winter deployment. The hydrophobic or insoluble particles

may consist of long-lived and externally mixed primary (Petters and Kreidenweis, 2007) or secondary (Pun et al., 2002) or-

ganic aerosol or ’tar balls’ that have their origin in biomass burning (Pósfai et al., 2004; Yuan et al., 2021). Such particles may

originate from fires that were prevalent in the ACTIVATE (Corral et al., 2021) and CAMP2Ex (Hilario et al., 2021; Reid et al.,570

2022) areas.

The remote sensing of fine mode water volume fraction may be used for evaluation of water uptake in atmospheric models.

We also demonstrate how the derived dry size distributions can be used to derive the fraction of fine mode particles within a

give dry particle size range. This is relevant for relating retrieved total fine mode particles to CCN concentrations, as it has

been shown that variations in CCN concentrations may better correlate with concentrations of aerosol above a certain size575

rather than the concentrations of all aerosol (Dusek et al., 2006; Hasekamp et al., 2019). Knowledge on the hygrospopicity of

the particles and the soluble fraction of externally mixed aerosol may also be important for estimating CCN from total aerosol

concentrations (Wex et al., 2010), although insoluble particles may still act as effective CCN (Kumar et al., 2009).

The presented approach may be applied to any multi-angular, multi-spectral polarimeter observations over land and ocean

that are sufficiently accurate enough to infer fine-mode refractive index, effective radius and variance (Mishchenko et al., 2004;580

Hasekamp and Landgraf, 2007). The HARP-2 and SPEXone (Hasekamp et al., 2019) instruments on NASA’s PACE satellite

mission (Werdell et al., 2019) to be launched in 2024 are expected to provide such observations at a spatial resolution of about

5×5 km2. The derivation of water volume fraction may be directly applied to pixel-level satellite retrievals of refractive index,

while regional data may be used to estimate soluble fraction. Furthermore, pixel-level dry size distributions may be computed

from the retrieved ambient values according to the availability of successful water volume and soluble fraction retrievals.585

In conclusion, we have shown that aerosol water volume fraction may be derived from the retrieved ambient refractive index

with an uncertainty estimated to be better than 0.2 and which decreases further with increasing volume water fraction. For

regional data, the retrieved particles sizes increase with water volume fraction as expected, further bolstering confidence in the

water fraction retrievals. Furthermore, the observed particle size distribution width generally also increases with water fraction,

which, as we show, points to the presence of external mixtures of soluble and insoluble aerosol particles. To our knowledge,590

these results represent the first airborne remote sensing observations of aerosol water volume fraction that are evaluated with

corresponding in situ measurements. Application of this approach to global satellite observations may be useful to better

constrain aerosol water uptake represented in models and to improve estimates of CCN concentrations from remote sensing.

Data availability. The datasets analyzed for this study can be found in the NASA LaRC Airborne Science Data for Atmospheric Composition

(https://www-air.larc.nasa.gov/). Digital Object Identifier (DOI) numbers for the datasets are 10.5067/SUBORBITAL/ACTIVATE/DATA001595

and 10.5067/Suborbital/CAMP2EX2018/DATA001.

19

https://doi.org/10.5194/egusphere-2022-670
Preprint. Discussion started: 22 August 2022
c© Author(s) 2022. CC BY 4.0 License.



Author contributions. BD, OH and GS developed the method. SS, BC, MS, and LZ provided and curated data. BD analyzed the data. BD

prepared the manuscript with contributions from all co-authors.

Competing interests. No competing interests are present

Acknowledgements. Funding support for this work was provided 1) by the Dutch Research Council (NWO) and Netherlands Space Office600

(NSO) under grant. no. ALWGO.2019.006 (PACE-ACI: Using the PACE mission for improved quantification of aerosol-cloud interac-

tions); 2) through NASA grant no. 80NSSC18K0150 in support of the CAMP2Ex campaign and 3) through the ACTIVATE Earth Venture

Suborbital-3 (EVS-3) investigation, which is funded by NASA’s Earth Science Division and managed through the Earth System Science

Pathfinder Program Office. We thank all involved with the CAMP2Ex and ACTIVATE campaigns.

20

https://doi.org/10.5194/egusphere-2022-670
Preprint. Discussion started: 22 August 2022
c© Author(s) 2022. CC BY 4.0 License.



References605

Aldhaif, A. M., Stahl, C., Braun, R. A., Moghaddam, M. A., Shingler, T., Crosbie, E., Sawamura, P., Dadashazar, H., Ziemba, L., Jimenez,

J. L., Campuzano-Jost, P., and Sorooshian, A.: Characterization of the Real Part of Dry Aerosol Refractive Index Over North America

From the Surface to 12 km, Journal of Geophysical Research (Atmospheres), 123, 8283–8300, https://doi.org/10.1029/2018JD028504,

2018.

Bauer, S. E., Wright, D. L., Koch, D., Lewis, E. R., McGraw, R., Chang, L.-S., Schwartz, S. E., and Ruedy, R.: MATRIX (Multiconfiguration610

Aerosol TRacker of mIXing state): an aerosol microphysical module for global atmospheric models, Atmospheric Chemistry and Physics,

8, 6003–6035, https://doi.org/10.5194/acp-8-6003-2008, 2008.

Bauer, S. E., Tsigaridis, K., Faluvegi, G., Kelley, M., Lo, K. K., Miller, R. L., Nazarenko, L., Schmidt, G. A., and Wu, J.: Histor-

ical (1850–2014) Aerosol Evolution and Role on Climate Forcing Using the GISS ModelE2.1 Contribution to CMIP6, Journal of

Advances in Modeling Earth Systems, 12, e2019MS001 978, https://doi.org/https://doi.org/10.1029/2019MS001978, e2019MS001978615

2019MS001978, 2020.

Bian, H., Chin, M., Rodriguez, J. M., Yu, H., Penner, J. E., and Strahan, S.: Sensitivity of aerosol optical thickness and aerosol direct radiative

effect to relative humidity, Atmospheric Chemistry and Physics, 9, 2375–2386, https://doi.org/10.5194/acp-9-2375-2009, 2009.

Bian, Q., Ford, B., Pierce, J. R., and Kreidenweis, S. M.: A Decadal Climatology of Chemical, Physical, and Optical Properties of Am-

bient Smoke in the Western and Southeastern United States, Journal of Geophysical Research: Atmospheres, 125, e2019JD031 372,620

https://doi.org/https://doi.org/10.1029/2019JD031372, e2019JD031372 2019JD031372, 2020.

Brock, C. A., Wagner, N. L., Anderson, B. E., Attwood, A. R., Beyersdorf, A., Campuzano-Jost, P., Carlton, A. G., Day, D. A., Diskin, G. S.,

Gordon, T. D., Jimenez, J. L., Lack, D. A., Liao, J., Markovic, M. Z., Middlebrook, A. M., Ng, N. L., Perring, A. E., Richardson, M. S.,

Schwarz, J. P., Washenfelder, R. A., Welti, A., Xu, L., Ziemba, L. D., and Murphy, D. M.: Aerosol optical properties in the southeastern

United States in summer - Part 1: Hygroscopic growth, Atmospheric Chemistry & Physics, 16, 4987–5007, https://doi.org/10.5194/acp-625

16-4987-2016, 2016a.

Brock, C. A., Wagner, N. L., Anderson, B. E., Beyersdorf, A., Campuzano-Jost, P., Day, D. A., Diskin, G. S., Gordon, T. D., Jimenez, J. L.,

Lack, D. A., Liao, J., Markovic, M. Z., Middlebrook, A. M., Perring, A. E., Richardson, M. S., Schwarz, J. P., Welti, A., Ziemba, L. D.,

and Murphy, D. M.: Aerosol optical properties in the southeastern United States in summer - Part 2: Sensitivity of aerosol optical depth to

relative humidity and aerosol parameters, Atmospheric Chemistry & Physics, 16, 5009–5019, https://doi.org/10.5194/acp-16-5009-2016,630

2016b.

Brocos, P., Piñeiro, Á., Bravo, R., and Amigo, A.: Refractive indices, molar volumes and molar refractions of binary liquid mixtures: concepts

and correlations, Physical Chemistry Chemical Physics, 5, 550–557, https://doi.org/10.1039/B208765K, 2003.

Cai, C., Miles, R. E. H., Cotterell, M. I., Marsh, A., Rovelli, G., Rickards, A. M. J., Zhang, Y.-h., and Reid, J. P.: Comparison of Methods

for Predicting the Compositional Dependence of the Density and Refractive Index of Organic–Aqueous Aerosols, The Journal of Physical635

Chemistry A, 120, 6604–6617, https://doi.org/10.1021/acs.jpca.6b05986, pMID: 27500411, 2016.

Cairns, B., Russell, E. E., and Travis, L. D.: Research Scanning Polarimeter: calibration and ground-based measurements, in: Polarization:

Measurement, Analysis, and Remote Sensing II, edited by Goldstein, D. H. and Chenault, D. B., vol. 3754 of Society of Photo-Optical

Instrumentation Engineers (SPIE) Conference Series, pp. 186–196, https://doi.org/10.1117/12.366329, 1999.

Canagaratna, M., Jayne, J., Jimenez, J., Allan, J., Alfarra, M., Zhang, Q., Onasch, T., Drewnick, F., Coe, H., Middlebrook, A., Delia,640

A., Williams, L., Trimborn, A., Northway, M., DeCarlo, P., Kolb, C., Davidovits, P., and Worsnop, D.: Chemical and microphys-

21

https://doi.org/10.5194/egusphere-2022-670
Preprint. Discussion started: 22 August 2022
c© Author(s) 2022. CC BY 4.0 License.



ical characterization of ambient aerosols with the aerodyne aerosol mass spectrometer, Mass Spectrometry Reviews, 26, 185–222,

https://doi.org/https://doi.org/10.1002/mas.20115, 2007.

Chen, C., Dubovik, O., Henze, D. K., Chin, M., Lapyonok, T., Schuster, G. L., Ducos, F., Fuertes, D., Litvinov, P., Li, L., Lopatin, A., Hu,

Q., and Torres, B.: Constraining global aerosol emissions using POLDER/PARASOL satellite remote sensing observations, Atmospheric645

Chemistry and Physics, 19, 14 585–14 606, https://doi.org/10.5194/acp-19-14585-2019, 2019.

Ching, J., Fast, J., West, M., and Riemer, N.: Metrics to quantify the importance of mixing state for CCN activity, Atmospheric Chemistry

and Physics, 17, 7445–7458, https://doi.org/10.5194/acp-17-7445-2017, 2017.

Corral, A. F., Braun, R. A., Cairns, B., Gorooh, V. A., Liu, H., Ma, L., Mardi, A. H., Painemal, D., Stamnes, S., van Diedenhoven, B.,

Wang, H., Yang, Y., Zhang, B., and Sorooshian, A.: An Overview of Atmospheric Features Over the Western North Atlantic Ocean650

and North American East Coast - Part 1: Analysis of Aerosols, Gases, and Wet Deposition Chemistry, Journal of Geophysical Research

(Atmospheres), 126, e32592, https://doi.org/10.1029/2020JD032592, 2021.

Crosbie, E., Youn, J.-S., Balch, B., Wonaschütz, A., Shingler, T., Wang, Z., Conant, W. C., Betterton, E. A., and Sorooshian, A.: On the

competition among aerosol number, size and composition in predicting CCN variability: a multi-annual field study in an urbanized desert,

Atmospheric Chemistry and Physics, 15, 6943–6958, https://doi.org/10.5194/acp-15-6943-2015, 2015.655

Dubovik, O., Li, Z., Mishchenko, M. I., Tanré, D., Karol, Y., Bojkov, B., Cairns, B., Diner, D. J., Espinosa, W. R., Goloub, P., Gu, X.,

Hasekamp, O., Hong, J., Hou, W., Knobelspiesse, K. D., Landgraf, J., Li, L., Litvinov, P., Liu, Y., Lopatin, A., Marbach, T., Mar-

ing, H., Martins, V., Meijer, Y., Milinevsky, G., Mukai, S., Parol, F., Qiao, Y., Remer, L., Rietjens, J., Sano, I., Stammes, P., Stamnes,

S., Sun, X., Tabary, P., Travis, L. D., Waquet, F., Xu, F., Yan, C., and Yin, D.: Polarimetric remote sensing of atmospheric aerosols:

Instruments, methodologies, results, and perspectives, Journal of Quantitative Spectroscopy and Radiative Transfer, 224, 474–511,660

https://doi.org/https://doi.org/10.1016/j.jqsrt.2018.11.024, 2019.

Dusek, U., Frank, G. P., Hildebrandt, L., Curtius, J., Schneider, J., Walter, S., Chand, D., Drewnick, F., Hings, S., Jung, D., Borrmann, S.,

and Andreae, M. O.: Size Matters More Than Chemistry for Cloud-Nucleating Ability of Aerosol Particles, Science, 312, 1375–1378,

https://doi.org/10.1126/science.1125261, 2006.

Erlick, C., Abbatt, J. P. D., and Rudich, Y.: How Different Calculations of the Refractive Index Affect Estimates of the Radiative Forcing665

Efficiency of Ammonium Sulfate Aerosols, Journal of Atmospheric Sciences, 68, 1845–1852, https://doi.org/10.1175/2011JAS3721.1,

2011.

Espinosa, W. R., Martins, J. V., Remer, L. A., Dubovik, O., Lapyonok, T., Fuertes, D., Puthukkudy, A., Orozco, D., Ziemba, L., Thorn-

hill, K. L., and Levy, R.: Retrievals of Aerosol Size Distribution, Spherical Fraction, and Complex Refractive Index From Airborne

In Situ Angular Light Scattering and Absorption Measurements, Journal of Geophysical Research (Atmospheres), 124, 7997–8024,670

https://doi.org/10.1029/2018JD030009, 2019.

Fougnie, B., Chimot, J., Vázquez-Navarro, M., Marbach, T., and Bojkov, B.: Aerosol retrieval from space - how does geometry of acqui-

sition impact our ability to characterize aerosol properties, Journal of Quantitative Spectroscopy and Radiative Transfer, 256, 107304,

https://doi.org/10.1016/j.jqsrt.2020.107304, 2020.

Hansen, J. E. and Travis, L. D.: Light scattering in planetary atmospheres, Space Sci. Rev., 16, 527–610, https://doi.org/10.1007/BF00168069,675

1974.

Hasekamp, O. P. and Landgraf, J.: Retrieval of aerosol properties over land surfaces: capabilities of multiple-viewing-angle intensity and

polarization measurements, Appl. Opt., 46, 3332–3344, https://doi.org/10.1364/AO.46.003332, 2007.

22

https://doi.org/10.5194/egusphere-2022-670
Preprint. Discussion started: 22 August 2022
c© Author(s) 2022. CC BY 4.0 License.



Hasekamp, O. P., Fu, G., Rusli, S. P., Wu, L., Di Noia, A., aan de Brugh, J., Landgraf, J., Martijn Smit, J., Rietjens, J., and van Amerongen,

A.: Aerosol measurements by SPEXone on the NASA PACE mission: expected retrieval capabilities, Journal of Quantitative Spectroscopy680

and Radiative Transfer, 227, 170–184, https://doi.org/https://doi.org/10.1016/j.jqsrt.2019.02.006, 2019.

Hasekamp, O. P., Gryspeerdt, E., and Quaas, J.: Analysis of polarimetric satellite measurements suggests stronger cooling due to aerosol-

cloud interactions, Nature Communications, 10, 5405, https://doi.org/10.1038/s41467-019-13372-2, 2019.

He, Q., Bluvshtein, N., Segev, L., Meidan, D., Flores, J. M., Brown, S. S., Brune, W., and Rudich, Y.: Evolution of the Complex Re-

fractive Index of Secondary Organic Aerosols during Atmospheric Aging, Environmental Science & Technology, 52, 3456–3465,685

https://doi.org/10.1021/acs.est.7b05742, pMID: 29461820, 2018.

Heintzenberg, J., Maßling, A., and Birmili, W.: The connection between hygroscopic and optical particle properties in the atmospheric

aerosol, Geophysical Research Letters, 28, 3649–3651, https://doi.org/https://doi.org/10.1029/2001GL012971, 2001.

Hilario, M. R. A., Crosbie, E., Shook, M., Reid, J. S., Cambaliza, M. O. L., Simpas, J. B. B., Ziemba, L., DiGangi, J. P., Diskin, G. S.,

Nguyen, P., Turk, F. J., Winstead, E., Robinson, C. E., Wang, J., Zhang, J., Wang, Y., Yoon, S., Flynn, J., Alvarez, S. L., Behrangi, A.,690

and Sorooshian, A.: Measurement report: Long-range transport patterns into the tropical northwest Pacific during the CAMP2Ex aircraft

campaign: chemical composition, size distributions, and the impact of convection, Atmospheric Chemistry & Physics, 21, 3777–3802,

https://doi.org/10.5194/acp-21-3777-2021, 2021.

Holmgren, H., Sellegri, K., Hervo, M., Rose, C., Freney, E., Villani, P., and Laj, P.: Hygroscopic properties and mixing state of

aerosol measured at the high-altitude site Puy de Dôme (1465 m a.s.l.), France, Atmospheric Chemistry and Physics, 14, 9537–9554,695

https://doi.org/10.5194/acp-14-9537-2014, 2014.

IPCC: Climate Change 2021: The Physical Science Basis. Contribution of Working Group I to the Sixth Assessment Report of the Intergov-

ernmental Panel on Climate Change, Cambridge University Press, 2021.

Jimenez, J. L., Canagaratna, M. R., Donahue, N. M., Prevot, A. S. H., Zhang, Q., Kroll, J. H., DeCarlo, P. F., Allan, J. D., Coe, H., Ng, N. L.,

Aiken, A. C., Docherty, K. S., Ulbrich, I. M., Grieshop, A. P., Robinson, A. L., Duplissy, J., Smith, J. D., Wilson, K. R., Lanz, V. A.,700

Hueglin, C., Sun, Y. L., Tian, J., Laaksonen, A., Raatikainen, T., Rautiainen, J., Vaattovaara, P., Ehn, M., Kulmala, M., Tomlinson, J. M.,

Collins, D. R., Cubison, M. J., null null, Dunlea, J., Huffman, J. A., Onasch, T. B., Alfarra, M. R., Williams, P. I., Bower, K., Kondo,

Y., Schneider, J., Drewnick, F., Borrmann, S., Weimer, S., Demerjian, K., Salcedo, D., Cottrell, L., Griffin, R., Takami, A., Miyoshi, T.,

Hatakeyama, S., Shimono, A., Sun, J. Y., Zhang, Y. M., Dzepina, K., Kimmel, J. R., Sueper, D., Jayne, J. T., Herndon, S. C., Trimborn,

A. M., Williams, L. R., Wood, E. C., Middlebrook, A. M., Kolb, C. E., Baltensperger, U., and Worsnop, D. R.: Evolution of Organic705

Aerosols in the Atmosphere, Science, 326, 1525–1529, https://doi.org/10.1126/science.1180353, 2009.

Jing, B., Tong, S., Liu, Q., Li, K., Wang, W., Zhang, Y., and Ge, M.: Hygroscopic behavior of multicomponent organic aerosols and their

internal mixtures with ammonium sulfate, Atmospheric Chemistry and Physics, 16, 4101–4118, https://doi.org/10.5194/acp-16-4101-

2016, 2016.

Kacenelenbogen, M. S. F., Tan, Q., Burton, S. P., Hasekamp, O. P., Froyd, K. D., Shinozuka, Y., Beyersdorf, A. J., Ziemba, L., Thornhill,710

K. L., Dibb, J. E., Shingler, T., Sorooshian, A., Espinosa, R. W., Martins, V., Jimenez, J. L., Campuzano-Jost, P., Schwarz, J. P., Johnson,

M. S., Redemann, J., and Schuster, G. L.: Identifying chemical aerosol signatures using optical suborbital observations: how much can

optical properties tell us about aerosol composition?, Atmospheric Chemistry and Physics, 22, 3713–3742, https://doi.org/10.5194/acp-

22-3713-2022, 2022.

23

https://doi.org/10.5194/egusphere-2022-670
Preprint. Discussion started: 22 August 2022
c© Author(s) 2022. CC BY 4.0 License.



Kim, N., Yum, S. S., Park, M., Park, J. S., Shin, H. J., and Ahn, J. Y.: Hygroscopicity of urban aerosols and its link to size-715

resolved chemical composition during spring and summer in Seoul, Korea, Atmospheric Chemistry and Physics, 20, 11 245–11 262,

https://doi.org/10.5194/acp-20-11245-2020, 2020.

Kumar, P., Sokolik, I. N., and Nenes, A.: Parameterization of cloud droplet formation for global and regional models: including adsorption

activation from insoluble CCN, Atmospheric Chemistry and Physics, 9, 2517–2532, https://doi.org/10.5194/acp-9-2517-2009, 2009.

Lang-Yona, N., Abo-Riziq, A., Erlick, C., Segre, E., Trainic, M., and Rudich, Y.: Interaction of internally mixed aerosols with light, Phys.720

Chem. Chem. Phys., 12, 21–31, https://doi.org/10.1039/B913176K, 2010.

Levoni, C., Cervino, M., Guzzi, R., and Torricella, F.: Atmospheric aerosol optical properties: a database of radiative characteristics for

different components and classes, Appl. Opt., 36, 8031–8041, https://doi.org/10.1364/AO.36.008031, 1997.

Li, K., Li, J., Liggio, J., Wang, W., Ge, M., Liu, Q., Guo, Y., Tong, S., Li, J., Peng, C., Jing, B., Wang, D., and Fu, P.: Enhanced Light

Scattering of Secondary Organic Aerosols by Multiphase Reactions, Environmental Science & Technology, 51, 1285–1292, 2017.725

Lienhard, D. M., Bones, D. L., Zuend, A., Krieger, U. K., Reid, J. P., and Peter, T.: Measurements of Thermodynamic and Optical Properties

of Selected Aqueous Organic and Organic–Inorganic Mixtures of Atmospheric Relevance, The Journal of Physical Chemistry A, 116,

9954–9968, https://doi.org/10.1021/jp3055872, pMID: 22974307, 2012.

Liu, Y. and Daum, P. H.: Relationship of refractive index to mass density and self-consistency of mixing rules for multicomponent mixtures

like ambient aerosols, Journal of Aerosol Science, 39, 974–986, https://doi.org/https://doi.org/10.1016/j.jaerosci.2008.06.006, 2008.730

Mack, L. A., Levin, E. J. T., Kreidenweis, S. M., Obrist, D., Moosmüller, H., Lewis, K. A., Arnott, W. P., McMeeking, G. R., Sullivan,

A. P., Wold, C. E., Hao, W.-M., Collett Jr., J. L., and Malm, W. C.: Optical closure experiments for biomass smoke aerosols, Atmospheric

Chemistry and Physics, 10, 9017–9026, https://doi.org/10.5194/acp-10-9017-2010, 2010.

McFiggans, G., Artaxo, P., Baltensperger, U., Coe, H., Facchini, M. C., Feingold, G., Fuzzi, S., Gysel, M., Laaksonen, A., Lohmann, U.,

Mentel, T. F., Murphy, D. M., O’Dowd, C. D., Snider, J. R., and Weingartner, E.: The effect of physical and chemical aerosol properties735

on warm cloud droplet activation, Atmospheric Chemistry and Physics, 6, 2593–2649, https://doi.org/10.5194/acp-6-2593-2006, 2006.

McNaughton, C. S., Clarke, A. D., Howell, S. G., Pinkerton, M., Anderson, B., Thornhill, L., Hudgins, C., Winstead, E., Dibb, J. E., Scheuer,

E., and Maring, H.: Results from the DC-8 Inlet Characterization Experiment (DICE): Airborne Versus Surface Sampling of Mineral Dust

and Sea Salt Aerosols, Aerosol Science and Technology, 41, 136–159, https://doi.org/10.1080/02786820601118406, 2007.

Mishchenko, M. I., Cairns, B., Hansen, J. E., Travis, L. D., Burg, R., Kaufman, Y. J., Vanderlei Martins, J., and Shettle, E. P.: Monitoring740

of aerosol forcing of climate from space: analysis of measurement requirements, Journal of Quantitative Spectroscopy and Radiative

Transfer, 88, 149–161, https://doi.org/https://doi.org/10.1016/j.jqsrt.2004.03.030, photopolarimetry in remote sensing, 2004.

Moise, T., Flores, J. M., and Rudich, Y.: Optical Properties of Secondary Organic Aerosols and Their Changes by Chemical Processes,

Chemical Reviews, 115, 4400–4439, https://doi.org/10.1021/cr5005259, pMID: 25875903, 2015.

Moore, R. H., Wiggins, E. B., Ahern, A. T., Zimmerman, S., Montgomery, L., Campuzano Jost, P., Robinson, C. E., Ziemba, L. D., Winstead,745

E. L., Anderson, B. E., Brock, C. A., Brown, M. D., Chen, G., Crosbie, E. C., Guo, H., Jimenez, J. L., Jordan, C. E., Lyu, M., Nault, B. A.,

Rothfuss, N. E., Sanchez, K. J., Schueneman, M., Shingler, T. J., Shook, M. A., Thornhill, K. L., Wagner, N. L., and Wang, J.: Sizing

response of the Ultra-High Sensitivity Aerosol Spectrometer (UHSAS) and Laser Aerosol Spectrometer (LAS) to changes in submicron

aerosol composition and refractive index, Atmospheric Measurement Techniques, 14, 4517–4542, https://doi.org/10.5194/amt-14-4517-

2021, 2021.750

Petters, M. D. and Kreidenweis, S. M.: A single parameter representation of hygroscopic growth and cloud condensation nucleus activity,

Atmospheric Chemistry & Physics, 7, 1961–1971, https://doi.org/10.5194/acp-7-1961-2007, 2007.

24

https://doi.org/10.5194/egusphere-2022-670
Preprint. Discussion started: 22 August 2022
c© Author(s) 2022. CC BY 4.0 License.



Podolske, J. R., Sachse, G. W., and Diskin, G. S.: Calibration and data retrieval algorithms for the NASA Langley/Ames Diode Laser

Hygrometer for the NASA Transport and Chemical Evolution Over the Pacific (TRACE-P) mission, Journal of Geophysical Research:

Atmospheres, 108, https://doi.org/https://doi.org/10.1029/2002JD003156, 2003.755

Pun, B. K., Griffin, R. J., Seigneur, C., and Seinfeld, J. H.: Secondary organic aerosol 2. Thermodynamic model for gas/-

particle partitioning of molecular constituents, Journal of Geophysical Research: Atmospheres, 107, AAC 4–1–AAC 4–15,

https://doi.org/https://doi.org/10.1029/2001JD000542, 2002.

Pósfai, M., Gelencsér, A., Simonics, R., Arató, K., Li, J., Hobbs, P. V., and Buseck, P. R.: Atmospheric tar balls: Particles from biomass and

biofuel burning, Journal of Geophysical Research: Atmospheres, 109, https://doi.org/https://doi.org/10.1029/2003JD004169, 2004.760

Quinn, P. K., Bates, T. S., Baynard, T., Clarke, A. D., Onasch, T. B., Wang, W., Rood, M. J., Andrews, E., Allan, J., Carrico, C. M.,

Coffman, D., and Worsnop, D.: Impact of particulate organic matter on the relative humidity dependence of light scattering: A simplified

parameterization, Geophysical Research Letters, 32, https://doi.org/https://doi.org/10.1029/2005GL024322, 2005.

Reid, J. S., Maring, H. B., Narisma, G. T., van den Heever, S., DiGirolamo, L., Ferrare, R., Lawson, P., Mace, G. G., Simpas, J., Tanelli, S.,

Ziemba, L., van Diedenhoven, B., Bruintjes, R., Bucholtz, A., Cairns, B., Cambaliza, M., Chen, G., Diskin, G. S., Flynn, J. H., Hostetler,765

C. A., Holz, R. E., Lang, T., Schmidt, K. S., Smith, G., Sorooshian, A., Thompson, E. J., Thornhill, K. L., Trepte, C. R., Wang, J., Woods,

S., Yoon, S., Alexandrov, M., Alvarez, S., Amiot, C. G., Bennett, R., Brooks, M., Burton, S. P., Cayanan, E., Chen, H., Collow, A., Crosbie,

E. C., da Silva, A., Digangi, J. P., Flagg, D. D., Freeman, S., Fu, D., Fukada, E., Hilario, M., Hong, Y., Hristova-Veleva, S. M., Kuehn, R.,

Kowch, R. S., Leung, G. R., Loveridge, J., Meyer, K., Miller, R. M., Montes, M. J., Moum, J. N., Nenes, A., Nesbitt, S. W., Norgren, M.,

Nowottnick, E. P., Rauber, R. M., Reid, E. A., Rutledge, S., Schlosser, J. S., Sekiyama, T. T., Shook, M. A., Sokolowsky, G. A., Stamnes,770

S. A., Tanaka, T. Y., Wasilewski, A. P., Xian, P., Xiao, Q., Xu, Z., and Zavaleta, J. R.: The coupling between tropical meteorology, aerosol

science, convection and the energy budget during the Clouds, Aerosol Monsoon Processes Philippines Experiment (CAMP2Ex), Bulletin

of the American Meteorological Society, submitted, 2022.

Riemer, N., Ault, A. P., West, M., Craig, R. L., and Curtis, J. H.: Aerosol Mixing State: Measurements, Modeling, and Impacts, Reviews of

Geophysics, 57, 187–249, https://doi.org/https://doi.org/10.1029/2018RG000615, 2019.775

Samset, B. H., Sand, M., Smith, C. J., Bauer, S. E., Forster, P. M., Fuglestvedt, J. S., Osprey, S., and Schleussner, C.-

F.: Climate Impacts From a Removal of Anthropogenic Aerosol Emissions, Geophysical Research Letters, 45, 1020–1029,

https://doi.org/https://doi.org/10.1002/2017GL076079, 2018.

Schlosser, J. S., Stamnes, S., Burton, S. P., Cairns, B., Crosbie, E., Van Diedenhoven, B., Diskin, G., Dmitrovic, S., Ferrare, R.,

Hair, J. W., Hostetler, C. A., Hu, Y., Liu, X., Moore, R. H., Shingler, T., Shook, M. A., Thornhill, K. L., Winstead, E., Ziemba,780

L., and Sorooshian, A.: Polarimeter + Lidar–Derived Aerosol Particle Number Concentration, Frontiers in Remote Sensing, 3,

https://doi.org/10.3389/frsen.2022.885332, 2022.

Schuster, G. L., Lin, B., and Dubovik, O.: Remote sensing of aerosol water uptake, , 36, L03814, https://doi.org/10.1029/2008GL036576,

2009.

Segelstein, D.: The Complex Refractive Index of Water, Department of Physics. University of Missouri-Kansas City, https://books.google.785

nl/books?id=S1q0NwAACAAJ, 1981.

Seinfeld, J. and Pandis, S.: Atmospheric Chemistry and Physics: From Air Pollution to Climate Change, 1998.

Shingler, T., Crosbie, E., Ortega, A., Shiraiwa, M., Zuend, A., Beyersdorf, A., Ziemba, L., Anderson, B., Thornhill, L., Perring, A. E.,

Schwarz, J. P., Campazano-Jost, P., Day, D. A., Jimenez, J. L., Hair, J. W., Mikoviny, T., Wisthaler, A., and Sorooshian, A.: Airborne

25

https://doi.org/10.5194/egusphere-2022-670
Preprint. Discussion started: 22 August 2022
c© Author(s) 2022. CC BY 4.0 License.



characterization of subsaturated aerosol hygroscopicity and dry refractive index from the surface to 6.5 km during the SEAC4RS campaign,790

Journal of Geophysical Research (Atmospheres), 121, 4188–4210, https://doi.org/10.1002/2015JD024498, 2016a.

Shingler, T., Sorooshian, A., Ortega, A., Crosbie, E., Wonaschütz, A., Perring, A. E., Beyersdorf, A., Ziemba, L., Jimenez, J. L.,

Campuzano-Jost, P., Mikoviny, T., Wisthaler, A., and Russell, L. M.: Ambient observations of hygroscopic growth factor and f(RH)

below 1: Case studies from surface and airborne measurements, Journal of Geophysical Research (Atmospheres), 121, 13,661–13,677,

https://doi.org/10.1002/2016JD025471, 2016b.795

Sorooshian, A., Murphy, S. M., Hersey, S., Gates, H., Padro, L. T., Nenes, A., Brechtel, F. J., Jonsson, H., Flagan, R. C., and Seinfeld, J. H.:

Comprehensive airborne characterization of aerosol from a major bovine source, Atmospheric Chemistry and Physics, 8, 5489–5520,

https://doi.org/10.5194/acp-8-5489-2008, 2008.

Sorooshian, A., Anderson, B., Bauer, S. E., Braun, R. A., Cairns, B., Crosbie, E., Dadashazar, H., Diskin, G., Ferrare, R., Flagan, R. C., Hair,

J., Hostetler, C., Jonsson, H. H., Kleb, M. M., Liu, H., MacDonald, A. B., McComiskey, A., Moore, R., Painemal, D., Russell, L. M.,800

Seinfeld, J. H., Shook, M., Smith, William L., J., Thornhill, K., Tselioudis, G., Wang, H., Zeng, X., Zhang, B., Ziemba, L., and Zuidema,

P.: Aerosol-Cloud-Meteorology Interaction Airborne Field Investigations: Using Lessons Learned from the U.S. West Coast in the Design

of ACTIVATE off the U.S. East Coast, Bulletin of the American Meteorological Society, 100, 1511–1528, https://doi.org/10.1175/BAMS-

D-18-0100.1, 2019.

Stamnes, S., Hostetler, C., Ferrare, R., Burton, S., Liu, X., Hair, J., Hu, Y., Wasilewski, A., Martin, W., van Diedenhoven, B., Chowdhary,805
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Figure 1. Modeled effective radius (a) and effective variance (b) of an aerosol size distribution as a function of water volume fraction

for a fully soluble aerosol (black, fsol = 1) and for external mixtures of insoluble and soluble aerosol with different soluble fractions fsol

represented by different colors. Here, re,dry = 0.15 µm and ve,dry = 0.15. Panel (c) shows the relative change in ve +1 versus relative

change in effective radius for different values of fsol.
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Figure 2. Modeled aerosol refractive index versus volume water fraction when assuming a volume-weighted average of the refractive index

of water and a dry aerosol refractive index of 1.54 (solid line). The blue shaded area indicates the range between results when dry refractive

index is 1.52 and 1.56, respectively, while the grey shaded area indicates the range between results when dry refractive index is 1.50 and

1.58, respectively.
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Figure 3. Histograms of the in situ observations of f(80%,20%) (left) and κext (right) obtained during the ACTIVATE winter (top) and

summer (middle) deployments and CAMP2Ex (bottom). The dashed line in the left plots indicates f(80%,20%) = 1.
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Figure 4. Histograms of the in situ observations of relative humidity obtained during the ACTIVATE winter (top) and summer (middle)

deployments and CAMP2Ex (bottom).
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Figure 5. Similar to Fig. 3, but showing the RSP-retrieved refractive index (left) and derived volume water fraction (right). Grey bars in the

right panels show the volume water fraction derived from the in situ observations. Volume water fraction histograms are normalized to their

maximum value. The dashed lines in the left panels indicate the assumed ndry = 1.54.
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Figure 6. Daily mean volume water fractions retrieved from RSP versus those derived from the in situ data. Data from the ACTIVATE

Winter, Summer and CAMP2Ex campaigns are indicated by green diamonds, purple circles and red squares, respectively. The blue and grey

shaded regions show the expected accuracy of the RSP retrievals based on an uncertainty in ndry of ±0.02 and ±0.04, respectively, as also

indicated in Fig. 2.
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Figure 7. Examples of effective radius (top) and variance (middle) as a function of volume water fraction for an ACTIVATE case with

relatively low retrieved soluble aerosol fraction. The bottom figure shows the ratio (ve +1)/(ve,ref +1) versus the ratio re/re,ref (see text)

for cases with fw > 0. Red lines in all panels show the model values that correspond to the soluble fraction that leads to the best fit to the

(ve +1)/(ve,ref +1) versus re/re,ref data points.
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Figure 8. Same as 7 but for a case with relatively high retrieved soluble aerosol fraction during CAMP2Ex.
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Figure 9. Daily RSP retrievals of the soluble aerosol fraction fsol versus daily in situ measured sulfate aerosol mass fractions. The dashed line

shows a linear least-squares fit (fsol = 1.09× fm,sul−0.12) through all points. Data from the ACTIVATE Winter, Summer and CAMP2Ex

campaigns are indicated by green diamonds, purple circles and pink squares, respectively.
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Figure 10. Histograms of RSP-retrieved fine-mode effective radii (left) and effective variance (right) obtained during the ACTIVATE winter

(top) and summer (middle) deployments and CAMP2Ex (bottom). Blue bars represent ambient values, while colored bars indicate the

corresponding dry values derived as described in the text.
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Figure 11. Histograms of dry fine-mode effective radii retrieved by RSP (colored bars) and those derived from in situ data (grey) for the

ACTIVATE winter (top) and summer (middle) deployments and CAMP2Ex (bottom). Effective radii radii are computed including only

particles with radii between 0.05 and 0.5 µm. The histograms are normalized to their maximum value.38
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Figure 12. Daily means of dry fine-mode effective radii retrieved by RSP and those derived from in situ data for the three campaigns.

Effective radii radii are computed including only particles with radii between 0.05 and 0.5 µm. Data from the ACTIVATE Winter, Summer

and CAMP2Ex campaigns are indicated by green diamonds, purple circles and red squares, respectively. Days with a successful retrieval of

soluble aerosol fraction are marked by a plus.
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Figure 13. The mean (solid lines) and standard deviation (dashed lines) of the fraction of fine mode particles larger than a dry minimum

radius rlim for the three campaigns.
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Figure 14. Daily means of number concentrations retrieved by RSP and those derived from in situ data for the three campaigns. Data from

the ACTIVATE Winter, Summer and CAMP2Ex campaigns are indicated by green diamonds, purple circles and red squares, respectively.

Days with a successful retrieval of soluble aerosol fraction are marked by a plus.
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