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Abstract. Information about the vertical distribution of cloud condensation nuclei (CCN) concentrations (Nccn) is necessary
for accurately quantifying aerosol-cloud interactions (ACI), as is constraining environmental conditions to separate aerosol
effects from meteorological influences on clouds. Utilizing a new machine learning (ML) method for retrieving Ncen from
High Spectral Resolution Lidar 2 (HSRL-2) observables, we assess the simultaneous impact of above- and below-cloud Ncox
on cloud microphysical properties via clear-sky, cloud-adjacent lidar profiles and collocated polarimetric retrievals of cloud
properties. We observe adecrease in cloud droplet effective radius (Reff) and an increase in cloud droplet number concentration
(Na), associated with an increase in above-cloud Ncen. Additionally, we find that the magnitude of these ACI are strongly
dependent on LTS. We calculate ACIrerr = -Oln(Retr)/0In(Ncen) and AClepne = dIn(Na)/dIn(Ncen) and find that ACIrerr
decreases from 0.161 to 0.042 (-73.9 %) and AClcpne decreases from 0.452t0 0.116 (-74.3 %) as LTS increases from 10 to
22 K. We find that above-cloud Ncen — cloud property relationships are similar for cloud edge and cloud center observations.
The relationship between below-cloud Ncen and cloud top properties is strongly dependent on LTS, with ACI metrics
increasing as LTS increases. This demonstrates the dominance of above-cloud smoke entrainment as a modulator of
stratocumulus cloud properties under unstable conditions, while below-cloud Ncen nucleation dominates in stable
environments. . These findings demonstrate the importance of vertically resolved Ncen and consideration of LTS in ACI

studies and establish a remote sensing-based method with which future satellite studies can investigate ACL

1 Introduction

Amidst several identified climate forcings that have and will continue to determine currentand future climate warming, the
highest uncertainty remains linked to aerosol-cloud interactions (ACI; Forster et al., 2021). Clouds play a significantrole in

the climate system by regulating the atmosphere’s radiative budget and surface precipitation. To improve their accuracy in
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climate model projections, the impact of cloud condensation nuclei (CCN) and ice nucleating particles on cloud properties
mustbe betterunderstood and quantified (Seinfeld etal.,2016). Recent improvements in our understanding of cloud processes
have suggested that in a warming climate, clouds may act to amplify warming instead of suppressing it (Forster et al., 2021).
The strong dependence of our future climate on clouds and aerosols motivates continued efforts to reduce uncertainty
associated with their interactions.

Increases in CCN concentration (Ncen) at a fixed cloud liquid water path (LWP) are generally understood to reduce
cloud droplet effective radius (Refr) while increasing cloud droplet number concentration (Ng), thereby increasing the
reflectance of clouds (Twomey, 1974). The nucleation of more numerous small droplets may delay or suppress the formation
of raindrops by reducing collision-coalescence rates, thereby extending cloud lifetime (Albrecht, 1989) due to precipitation
suppression and susceptibility to aerosols (e.g., Guptaet al., 2022a). Delayed precipitation formation can allow the cloud layer
to reach higher cloud top heights (Andreae et al., 2004; Rosenfeld, 2006; Myhre et al.,2007), and the consequent increase in
cloud geometric thickness can buffer the initial precipitation suppression viaan increase in LWP. The numerous pathways and
outcomes of ACl are interlinked, complicating ourunderstanding of their overall effect on Earth’s radiative budget because of
the uncertainty associated with the sign and magnitude of their effective radiative forcing (Myhreetal., 2007; Forster et al.,
2021). Additionally, local meteorology strongly governs cloud properties, making it difficult to disentangle aerosol effects
from the effects of dynamics and meteorological regimes (McFarquhar et al., 2004; Lohmann et al., 2006; Mauger and Notris,
2007; Stevens and Feingold, 2009; Gryspeerdt et al., 2014; Rosenfeld et al.,2014; Zhangetal.,2016; Malavelle et al., 2017;
Douglas and L’Ecuyer, 2019). Previous studies have constrained the impact of meteorology or climatological regimes by
developingregime-basedapproaches to constrain ACl as a functionof cloud top pressure, cloud optical depth, vertical pressure
velocity, lower tropospheric stability (LTS), estimated inversion strength (EIS), precipitation rate, and updraft velocity (Wood
and Bretherton, 2006; Gryspeerdt and Stier, 2012; Gryspeerdt et al.,2014; Zhangetal.,2016; Chen etal.,2018; Zhao etal.,
2025).

Many studies investigate evidence of ACI using retrievals of cloud microphysical properties from passive satellite
instruments such as the Moderate Resolution Imaging Spectroradiometer (MODIS; Myhre et al., 2007; Alam et al., 2010;
Goren and Rosenfeld, 2012; Chen etal.,2015; McCoy etal.,2017; Pan etal.,2018; Painemal et al.,2020; Gryspeerdt et al,,
2022; Guptaet al., 2022b) and the Spinning Enhanced Visible and Infrared Imager (SEVIRI; Goren and Rosenfeld, 2012;
Alexandrietal.,2024) or fromactive sensorssuch as CloudSat (Pan etal.,2018; Douglasand L’Ecuyer,2019). Cloud retrievals
from these platforms havebeen tested and evaluated against airborne in situ observations (Roebeling et al., 2008; Painemal
and Zuidema,2011; Minetal.,2012; Kingetal.,2013; Guptaetal.,2022b; Wangetal.,2024; Painemal etal.,2025). However,
their aerosol observations are limited to columnar products such as aerosol optical depth (AOD), which may serve as an
adequate Ncen proxy over large spatiotemporal extents (Stier, 2016) but cannot fully explain Ncen variance and lacks any
information about the vertical distribution of Ncen (Andreae, 2009; Shinozukaetal.,2015; Stier,2016; Choudhuryand Tesche,
2022a;2022b). Additionally, aerosol retrievals from passive remote sensing platforms are limited to clear-sky conditions and

are further limited spatially by cloud contamination and near-cloud aerosol humidification effects, meaning that their aerosol
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products are often limited to those 15 km away from cloud edge (Christensen et al., 2017). Enhanced near-cloud reflectance
due to three-dimensional scattering can also occur at sunlit cloud edges (Varnai and Marshak, 2009; 201 1), which does not
impact active lidar observations. These limitations often make passive aerosol retrievals insufficient for studying ACI.

The vertical distribution of Nccn is especially relevant for ACIsince Nccn is of greater interest near the cloud base,
where most cloud droplets nucleate. Therefore, many satellite-based studies have incorporated observations from the satellite-
based Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) to add information about aerosol vertical distributions to
ACI analyses (Varnai and Marshak, 2012; Costantino and Bréon, 2013; Pan et al., 2018; Douglas and L’Ecuyer, 2019;
Painemaletal.,2020; Alexandrietal.,2024; Lietal.,2025). CALIOP observations allow for estimates of aerosol layer heights
relative to cloud and therefore provide more reliable ACI estimates than vertically integrated products. For example, Pan et al.
(2018) found a weakening of ACI relationships with increasing cloud base height in South Asia, which was associated with
the vertical distribution of aerosols. Painemal et al. (2020) and Li et al. (2025) found strong correlations between droplet
number concentration and extinction measured below cloud top, compared to less meaningful relationships seen using AOD.
Studies using CALIOP to incorporate vertical aerosol distributions into ACI analyses have facilitated continued efforts in
improving vertically resolved aerosol and Ncen information to further constrain ACI uncertainties. Other studies have
investigated ACI using ground-based (e.g., Lihavainenet al., 2010; Modini et al., 2015; Dedrick et al., 2025) or airborne in
situ observations (e.g., Twohy et al.,2005; Modini et al., 2015; Diamond et al.,2018; Kacarab et al.,2020; Gupta et al., 2021;
D’Alessandroetal.,2023; Zhengetal.,2024). Airbomeplatforms allow for higher spatial resolutionthan satellite observations
and greater spatial coverage than ground-based in situ observations.

Marine stratocumulus clouds cover approximately one-third of global oceans (Warren et al., 1988) and have a strong
impact on the shortwave radiation budget. ACI and the radiative properties of stratocumulus clouds are regulated in part by
cloud top entrainment, which can cause droplet evaporation and thinning of clouds depending on the moisture content of free
tropospheric air (Wood, 2012; Mellado, 2017). One region of particular interest for studying these clouds is the Southeast
Atlantic Ocean (SEA), where seasonal biomass burning aerosols (BBA) are emitted from Southern Africa and lofted atop a
semi-permanent deck of marine stratocumulus clouds (Redemann et al., 2021). The absorbing nature of these aerosols has
implications for the direct aerosol radiative effect (DARE; Dohertyetal., 2022; Changet al., 2025), and the entrainment of
BBA into both the cloud layer and the underlying marine boundary layer (BL) has implications for cloud microphysical
properties (Kaufmanetal.,2003; Rosset al.,2003; Adebiyietal.,2015; Zuidemaetal.,2016). Diamond et al. (2018) found a
strong relationship between in situ Ng and below-cloud BBA in the SEA region. Subsequently, Gupta et al. (2021) found in
situ-based evidence of ACI that were dependent on not just below-cloud aerosols, but also the vertical separation between
cloud tops and the above-cloud BBA plume. While considerable focusis placed on interactions between below-cloud Ncen
and cloud microphysics, recent observational and modelling studies addressthe possibility of clouddropletnucleationat cloud-
environment interfaces above cloud base (Sun et al., 2012; Hernandez Pardo et al.,2019; Oh et al.,2023; Sterzinger and Igel,
2024).
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The overarching objective of this study is to investigate relationships between stratocumulus cloud properties and
Ncen using a remote sensing-based approach. Motivated by the results of Gupta et al. (2021) for the NASA ObseRvations of
Aerosolsabove CLouds and their intEractionS (ORACLES) campaign (Redemannetal.,2021), we expand on this study using
remotely-sensed cloud microphysical properties and a new method for retrieving above- and below-cloud Ncen from High
Spectral Resolution Lidar 2 (HSRL-2) observables (Redemann and Gao, 2024; Sect. 2.1.1). The use of vertically resolved
Ncen from this method allows us to look at ACI as a function of Ncen within 100 m above cloud top and to investigate the
simultaneous impactof above-and below-cloud Ncen on cloud top microphysical properties using lidar profiles adjacent to
the cloud edge. Specifically, the research discussed here addresses the following questions:
1. Can remote sensing retrievals replicate the relationships between above-cloud Ncen and cloud top microphysical
properties identified from in situ measurements for clouds impacted by smoke aerosols?
2. How do above-cloud ACI vary based on meteorological conditions?
Can the impacts of below-cloud Ncen be constrained using retrievals from cloud edge lidar profiles? If so, are above-

or below-cloud Ncen more strongly related to cloud top microphysical properties?

2 Data & Methods

The NASA ORACLES campaign was comprised of three deployments in September 2016, August 2017, and October 2018.
Deployments were based out of Walvis Bay, Namibia, in September 2016 and Sdo Tomé and Principe in August2017 and
October 2018, and observations were made using a combination of remote sensing and in situ instruments located on the
NASA P-3 (2016-2018) and the ER-2 (2016 only) aircraft. In this study, results are based on Ncen and cloud microphysical
properties retrieved by remote sensing instrumentation. However, we also use two in situ data sets to provide context and
prerequisite information for the analysis. Therefore, the remainder of this section is organized as follows. The primary remote
sensing-based data sets used in this study are described in Sect. 2.1, in situ data sets are described in Sect. 2.2, and all data sets
are summarized in Table 1. Our method for calculating Ncen autocorrelation and using the results to inform data collocation,

in addition to the calculation of LTS, are given in Sect. 2.3.

Table 1: List of instruments and data sets used in this study, including their respective resolution, measurement type, and aircraft

location.
Instrument Variables Resolution Uncertainty | Measurement Aircraft
(temporal/vertical) Type
] ML-retrieved CCN

High Spectral ] ER-2 (2016)
concentration at ML-CCN:

Resolution Lidar ) 10s/15m o Remote Sensing | P-3 (2017-
supersaturation (S) = Within 15 %

2 (HSRL-2) 2018)
0.4% (cm)




125

130

135

Cloud top height
(CTH; m)
Cloud droplet effective

Research radius (Ref; pm) 10 % for ER-2 (2016)

Scanning 10s/200 m both Remote Sensing | P-3 (2017-

ot

Polarimeter (RSP) | Cloud optical thickness 2018)
(COT)

Cloud

) CCN number
condensation
] concentration at )

nuclei (CCN) ls 10 % In Situ P-3
different

counter (DMT ]
supersaturations (cm-3)

CCN-100)
Cloud droplet number

CAS/CDP ) Is 20 % In Situ P-3
concentration (cm)

) ) Bulk liquid water ]

King hot wire ls 5% In Situ P-3

content (g/m?)

2.1 Remote Sensing-Based Data Sets
2.1.1 ML-CCN retrievals from HSRL-2

Redemann and Gao (2024) recently developed a machine learning (ML) methodology for retrieving Ncen (ML-CCN) from
lidar observables, a method which has significant implications for future spaceborne retrievals of N cen from systems such as
the Atmospheric LIDar (ATLID) on the EarthCARE satellite (Wehret al., 2023). The ML algorithm was trained using HSRL-
2 observables, reanalysis data (temperature and relative humidity), and in situ Ncen from several recent suborbital field
campaigns and can predict Nccn with mean relative errors (MRE) of about 15 %. In addition to creating a larger spatial
coverage of Ncen data than is available fromthe in situmeasurements, anotherbenefitis the retrieval of the vertical distribution
of Ncen possible with this method. This allows us to assess the impact of above- and below-cloud Ncen simultaneously from
lidar profiles adjacent to cloud edges (Sect. 2.3). Additionally, since relative humidity (RH) is one of the predictors used to
train the model, the effect of aerosol swelling at high RH on lidar observables is considered to predict Nccn under dry
conditions (Redemann and Gao, 2024). While Redemann and Gao (2024) use the full suite of HSRL-2 observables to predict
Nccen, this study uses the same methodology to predict Ncen at a supersaturation of 0.4 % with a model that uses backscatter

coefficients at 532 and 1064 nm and depolarizationratio at 532 and 1064 nm as input. This combination of observables was
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chosen to maximize the number of available retrievals, as extinction coefficients and all observables at 355 nm are less
frequently available at below-cloud altitudes in the ORACLES observations. Compared to the model trained with the full set
of HSRL-2 observables (15 % MRE), this adjusted model has an MRE of 19.9 %. This adjustment to improve data availability

only results in a modest increase in the MRE of the Nccn prediction.

2.1.2 Research Scanning Polarimeter

Retrievals of cloud top microphysical properties in this study come from the Research Scanning Polarimeter (RSP), which
measures total and polarized reflectance at nine spectral channels (Cairns et al., 1999; Alexandrov etal.,2012a). The RSP is
generally oriented to scan along the aircraft track at 0.8° intervals, such that observational data from each scan contains about
150 instantaneous Earth viewing measurements (Alexandrov et al., 2012a). Refr retrievals use polarized reflectance in the
scatteringangle range between 135°and 165°, where the rain- or cloud-bow structure is observed. Since the rainbow is created
by single scattering of light by cloud droplets, the structure is characteristic of droplet sizes at cloud top and within a unit
optical depth into the cloud layer, or approximately 50 m (Alexandrovetal., 2018). The RSP Reff retrieval is insensitive to
spatial inhomogeneities and three-dimensional radiative transfer effects (Alexandrov etal., 2012b), a significant advantage
over satellite retrievals, such as those from MODIS, which tend to underestimate COT and Refr in cases with above-cloud
absorbing aerosols if not accounted for in the algorithm (Meyer et al.,2013; Meyer et al., 2025). The RSP also retrieves cloud
optical thickness (COT) using 865 nm unpolarized observations with a 1D radiative transfer model and constraining results
using the polarimetric Retr (Alexandrov et al., 2012a; Painemal et al., 2025). While Refrand COT are retrieved quantities and
subjectto retrieval assumptions and radiative sensitivities, RSP retrievals have been compared and evaluated against in situ
observations, demonstrating their accuracy and potential for satellite-based retrievals of this kind, with Rerr agreements
generally better than 1 um and effective variance (Verr) agreements better than 0.02 (Alexandrov et al.,2018; Painemal et al,
2021; Fu et al., 2022; Painemal et al., 2025).

From RSP retrievals of Refrand cloud COT, we also calculate Ng and LWP. Ny is calculated using the method from
Painemal and Zuidema (2011) given in Eq. (1):

N; = 1.4067 x 10‘6Q§/12£,

Resr
(1

and LWP is calculated using the method from Wood (2006), as given in Eq. (2):

LWP = g pu COT Reyy, 2)

where pwis the density of water. The calculationof Ngassumes a value 0f2.0 g/m?3/km for the condensationrate of watervapor

with height, which is an average based on observations from the Southeast Pacific of offshore clouds with nearly adiabatic

LWC profiles and coastal clouds with decreased LWC at cloud top due to increased entrainment, and thus less adiabatic

observed profiles (Painemal and Zuidema, 2010). The relative uncertainties for Retr (Alexandrov et al., 2012a,b) and COT
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(NakajimaandKing, 1990) are both assumed to be 10 %, and these values are used in Gaussian error propagation calculations

to calculate uncertainties for Ng and LWP, as given in Eqs. (3) and (4), respectively:

Y
_ 1(8(Com\? | 25 6(Reff))2
§(Na) = Ny [4( cor ) 3 < Reff ’ )
8COTN\2 | (8Rerp) "
S(LWP) = LWP[( D)+ ( el ) ] , (4)

where 6 represents the error of each variable.

2.2 In Situ Data Sets
2.2.1 CCN counter

The Georgia Institute of Technology (GIT) Droplet Measurement Technologies (DMT) CCN counter (CCN-100) measures in
situ Ncen at various water vapor supersaturation (Kacarab et al., 2020), which for ORACLES ranged between 0.1 % and 0.4
% (Redemann et al.,2021). The instrument is designed as a continuous -flow streamwise thermal-gradient chamber, where the
continuous transport of heat and water vapor from wetted walls is subject to a temperature gradient, which generates quasi-
uniform supersaturation in the center of a cylindrical flow chamber (Roberts and Nenes, 2005). Aerosols that activate into
droplets with a radius greater than 0.5 pum at the end of the chamber are counted as CCN. The continuous-flow feature allows
for quick (1 Hz) sampling, which is important for airborne sampling that often encounters rapidly changing environments
(Roberts and Nenes, 2005). Ncen uncertainty is reported as =10 % at high signal-to-noise ratios, while supersaturation
uncertainty is given as +0.04 % (Rose etal., 2008). In this study, we use in situ-measured CCN for an autocorrelation analysis

to assess over what distances we may reasonably extrapolate cloud edge Ncen values further towards cloud center from the
edge (Sect. 2.3-2.4).

2.2.2 In situ cloud probes and cloud base height estimates

To estimate cloud base height, we follow the methodology of Gupta et al. (2021) who derived a relationship between in situ
measured cloud top height (Z1) and cloud base height (Zg) for six research flights in the 2016 deployment based on the highest
and lowest altitudes at which in situ Nq is greater than 10 cm- and bulk liquid water content (LWC) is greater than 0.05 g/m3
within sawtooth profiles. We follow their methodology using observations from cloud probes located on the P-3 aircraft during
all three ORACLES deployments. Using the resultant statistical relationships between Zg and Zr, we estimate cloud base from

HSRL-2 cloud top heights (CTH). This method and the resulting cloud base height distribution are described in Appendix A.
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2.3 Collocation methodology and calculations
2.3.1 Horizontal Ny autocorrelation

As will be described in more detail in Sect. 3.2, we leverage the vertical resolution of the ML-CCN retrievals to assess the
simultaneous impact of both above- and below-cloud Ncen on cloud top microphysical properties by sub-selecting clear-sky
profiles that are directly adjacent to profiles that detecta cloud. We assume that Ncen retrieved from the clear profile is
approximately equal to Ncen observed below the adjacent cloud. To test the validity of this assumption, we perform an in situ-
based autocorrelation analysis to assess the self-consistency of Ncen observed below cloud base heights.

Use of the autocorrelation metric for assessing variability of aerosol properties across various spatial scales has been
documented by studies such as Anderson et al. (2003), Heintzenberg et al. (2004), Redemann et al. (2006), Shinozuka and
Redemann (2011), Chauetal. (2021), LeBlanc et al. (2022), Perkins et al. (2022), and Franco et al. (2024). Here, we focus on
the horizontal variability of Ncen isolated fromany effects of vertical variability since we are interested in extrapolating below-
cloud Nccnat a constantaltitude from the nearest clear-sky profile. Therefore, the in situ data used to calculate autocorrelation
come from constant altitude flight paths where observations do not vary more than £25 m in altitude from the first measurement
and where data are collected for at least 30 seconds. This minimum time criterion is required to eliminate flight segments
where the aircraft may have been slowly ascending or descending through an aerosol layer. Constant altitude flights where the
aircraft turns and re-samples an area are split into separate segments. To display autocorrelation as a function of horizontal

distance, we convert the original temporal increments to distance using an estimated P-3 aircraft speed of 150 m/s.

Horizontal N CCN Autocorrelation

g 1 ‘|' |
.5 0.95
©
o 09
S
90851 ® H<1000m -
- ® H =1000-2000 m

0.8 ' J ' J '

1 2 3 4 B 7 10
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Figure 1: The autocorrelation coefficient of in situ Nccn observed in horizontal flight legs is given as a function of lag distance. The
dark blue line represents observations from flight legs at H < 1000 m, and the red line represents observations from flight legs
between H=1000-2000 m. The black dashed line depicts an autocorrelation coefficient of 0.95, and the solid vertical line depicts the
5 km over which we assume that below-cloud Nccn is approximately constant.
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Data from all constant altitude flight legs are combined and autocorrelation coefficients are calculated at 10 second

lag increments (k) between all data pairs yj and yj+ using Eq. (5):

Z?’(J/j =11 Vjrk = Vi)
(N—1)0'+k0_k

r(k) = ; &)

where r(k) is the autocorrelation coefficient at a given lag, N indicates the number of lagged pairs, y is Ncen, Y+ and o+«
represent the mean and standard deviation, respectively, of data points located +k away from another data point, and y« and
o are the corresponding quantities for data points located -k away from another data point (Anderson et al., 2003).

Since we are interested in the self-consistency of Ncen below cloud base, we calculate autocorrelation for constant
altitude flight legs flown at altitudes below 1000 m to capture the range of most cloud base heights observed in this analysis
(Fig. A1b). We limit in situ Ncen to those with a supersaturation between 0.2-0.4%. This range captures the supersaturation at
which most in situ Ncen observations were made and eliminates significant variation due to changes in supersaturation.
Autocorrelation results for all three deployments are given in Fig. 1. We find that assuming that Ncen retrieved from a clear-
sky lidar profile is approximately equal to Ncen below cloud base for the adjacent cloudy profile is reasonable, considering
the horizontal resolution of these HSRL-2 based profiles is 2 km, at which the autocorrelation coefficient is around 0.96.
Additionally, we find that Nccen autocorrelation remains close to 0.95, as shown by the dashed line, over a horizontal distance
of approximately 5 km.

We also examine Ncen variability above cloud by calculating autocorrelation for constant altitude flight legs flown
at altitudes between 1000-2000 mto capture a broad above-cloud range that does not overlap with most cloud base height
altitudes (Fig. A1b). We find that over a horizontal range of 5 km the above-cloud autocorrelation coefficient is slightly higher
than for below-cloud observations, with it remaining approximately constantaround 0.97. Since autocorrelation patterns are
similar for above- and below-cloud Nccn, this suggests that across a horizontal range of 5 km, possible impacts of entrainment
of BBA into the BL on below-cloud Ncen homogeneity are reflected in the below-cloud Ncen analysis. That is, we do not see
rapid decreases in above-cloud Ncen autocorrelation indicative of entrainment mixing that are notreflected in the below -cloud
Ncen autocorrelation trends. Therefore, it appears that the BL was often well-mixed and Ncen did not vary significantly across
short distances.

This information will be used when collocating both remote sensing-based data sets by assuming that below-cloud
Ncen is constantover 5 km (Sect. 2.3.2) to increase the number of data points in the analysis. However, this assumption comes
with a few caveats. First, the constant altitude flight legs below 1000 m include both clear-sky and below-cloud observations.
In a separate analysis, we distinguished clear-sky observations from below-cloud observations using changes in downward
solar radiation and found that effects of cloud processing result in decreased Ncen autocorrelation in below-cloud observations
when compared to clear-sky observations. However, the autocorrelation coefficientremained, on average, above 0.9 at lags
between 0 and 5 km (not shown), suggesting reasonable correlation for both below-cloud and clear-sky observations. While

not a focus of this study, we plan to expand on these differences between clear-sky and below-cloud Nccn autocorrelation in a
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future analysis. Additionally, flight segments observed below-cloud assume that the cloud was non-precipitating. Therefore,
the precipitation sink of Ncen below-cloud is not accounted for here and we would expect below-cloud Ncen autocorrelation
to be lower if it were included. However, LWP in the following analysesis limited to 80 g/m?2, and for analyses where we
consider below-cloud Ncenit generally falls below 40 g/m?. Therefore, it is unlikely that precipitation is a major below-cloud
Ncen sink within 5 km of cloud edge in these cases. These caveats should be considered when interpreting results involving
below-cloud Ncen, but we consider the autocorrelation trendsin Fig. 1 to be a general approximation of below-cloud Ncon
homogeneity across all ORACLES observations and contend that limiting the constant Ncen assumption to 5 km is reasonable

and unlikely to introduce significant errors.

2.3.2 Data collocation and case classifications

In this study, we define three main subsets of data, all requiring that the aircraft was flying above 2500m and that
cloud top heights fall below 2000 m to exclude potential mid- or high-level clouds. The collocation process for these subsets
is shown in Fig. 2. To assess the simultaneous impact of above-and below-cloud Ncen on cloud top microphysical properties,
we define a subset of the data as cloud edge (CE) cases. These cases are found by first identifying clear-sky, cloud-adjacent
ML-CCN profiles. That is, we find clear-sky profiles such as profile 1 in Fig. 2 that are adjacent(2 km) to a profile where the
HSRL-2 detects a cloud. We average the Ncen retrieved from profile 1 within a 500 m layer below the cloud base height
determined by profile 2 and thereby determine below-cloud Ncecn. We use a 500 m layer to represent overall BL conditions
in the below-cloud region. We find coincident RSP retrievals within 10 seconds of the profile 2 measurement, and these are
also averaged, resulting in a 2 km RSP average corresponding to the 2 km horizontal resolution of the ML-CCN profile.
Additionally, we define above-cloud Ncen as an average of the ML-CCN in profile 2 within 100 m of the cloud top, following
the vertical spacingcriteriaused by Guptaetal.(2021). Therefore, the below-cloud Ncenretrieved from profile 1 is then paired
with the cloud top RSP average and above-cloud Ncen associated with profile 2. Additionally, since the in situ autocorrelation
analysis indicates that within the BL Nccn maintains an autocorrelation coefficient greater than 0.95 over a horizontal range
of 5 km, and thus should remain approximately constant, we extend the same below-cloud Ncen value from profile 1 to
additional profiles within 5 km. That is, the below-cloud Ncen value from profile 1 is applied to profiles 2-4, and this approach
allows us to approximately triple the number of CE cases in the remainder of the analysis. While profiles 2 -4 have the same
below-cloud Nccn, the above-cloud Ncen is determined independently for each profile using observations made within 100 m
of cloud top height.

For ML-CCN profiles further than 5 km from cloud edge that are associated with an HSRL-2 detected cloud top and
have coincident RSP retrievals within 10 seconds, we pair 2 km RSP averages with above-cloud Ncen and call these cloud
center (CC) cases, which are represented by profiles 5 through n in Fig. 2, representing the variable nature of the number of
cases that may fall in this data set depending on the extent of any given cloud transect. Such cases are only used to assess
impacts of above-cloud Ncen, as we do not pair any below-cloud Ncen value with profiles further than 5 km from cloud edge.

For analyses in Sect. 3.1 where we focus on relationships between cloud top microphysical properties and above -cloud Nec,

10
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the CE and CC cases are combined into a subset called the above cloud (AC) data set. In Sect. 3.2 we compare the impact of
above- and below-cloud Ncen, meaning that only data from the CE data set is considered. And in Sect. 3.3 we investigate the
dependence of ACI on proximity to cloud edge by comparing above -cloud observations from CE and CC data sets separately.
In summary, for the example given in Fig. 2, the paired above-cloud Nccn and RSP measurements from profiles 2
through n would all be included in the AC data set. The above-cloud Nccn, RSP measurements, and below-cloud Nccen in
profiles 2-4 are included in the CE data set. Profiles 5 through n do not fall within 5 km of a cloud edge and therefore are
included in the CC data set but not the CE data set. Note that these subsets represent a combination of observations from all
cloud transects across all three ORACLES deployments and are not in any way grouped by individual cloud profiles. After
applyingthis collocation methodology to observations fromall three ORACLES deployments, the location ofall cases is given
in Fig. 3. Here we find that CE cases are spatially as well-distributed as AC cases. Thatis, the locations of both cases are very
similar, and while the number of CE cases is smaller, they are not limited to any certain geographic area that is not also

represented in the AC data set.

O =200 m horiz. res. RSP
retrievals

C] =2 km RSP average cloud adjacent

ML-CCN profile —_—
I cloud edge (CE) data set

I above cloud (AC) data set I

—

cloud center (CC) data set

each combination of:
1) above-cloud Ny

2) 2 km RSP avg

3) below-cloud Ny

2 km

not used in
analysis

above-cloud
Neey averaged

within 100 m
above cloud top

= one collocated
data point

below-cloud N¢¢y from
nearest cloud adjacent
profile averaged within
500 m below cloud base

Figure 2: Collocation schematic depicting above cloud (AC), cloud edge (CE), and cloud center (CC) cases and the collocation of
ML-CCN profiles with RSP retrievals. Profiles 2 through n are included in the AC data set (Sect. 3 and 3.1). Profile 1 is the clear-
sky, cloud-adjacent ML-CCN profile used to determine below-cloud Nccn for adjacent cloudy profiles. Profiles 2-4 are cloudy ML-
CCN profiles within 5 km of a cloud edge for which above-cloud N¢cy is determined from the layer 100 m above cloud top and
below-cloud Ncen is extrapolated from profile 1, making up the CE cases (Sect. 3.2). Profiles 5 through n are not within 5 km of a
cloud edge and thus are designated as CC cases (Sect 3.3). Profile n represents the variable nature of this collocation process, that is
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that individual cloud transects have differing numbers of observations that fall within the AC and CC cases. The orange outlined
circles represent each 200 m horizontal resolution RSP retrieval, and the orange boxes around them represent 2 km averages to
correspond to the 2 km horizontal resolution of the ML-CCN profiles. The red profile represents a ML-CCN profile not adjacent (2

km) to a cloud.
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Figure 3: Map depicting the location of (a-c) AC and (d-f) CE cases for 2016 (a, d), 2017 (b, e), and 2018 (c-f) deployments. The
number of cases is given in the legend.

2.3.3 Lower tropospheric stability calculations

To constrain and assess the impact of environmental stability on ACI, we calculate lower tropospheric stability (LTS) using
temperature profiles from Modern-Era Retrospective analysis for Research and Applications, Version 2 (MERRA -2) data that
have been interpolated to HSRL-2 spatiotemporal resolution (Global Modeling And Assimilation Office,2015). LTS is

calculated using Eq. (6):
LTS = Bg00 = 61000 » (©)

where 0 is potential temperature at 800 hPa and 1000 hPa. Though LTS is often calculated using potential temperature at 700
hPa, we use 800 hPa to focus on the BL portion relevant for these low clouds and to avoid the aerosol layer around 700 hPa

(Adebiyi and Zuidema, 2015; Ryoo et al., 2021). While several approaches have been used to constrain meteorology in

320 previous ACI studies, LTS is a commonly used metric to constrain the impact of stability on clouds (Matsui et al., 20006;
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Mauger and Norris, 2007; Gryspeerdt et al., 2014; Zhangetal.,2016; Jia et al., 2019; Murray-Watson and Gryspeerdt, 2022;
Zhao et al., 2025).

3 Results

We start by investigating the relationships between above-cloud Ncen, Refr, N, and LWP for AC cases across all three
ORACLES deployments (Fig. 4). For this analysis we remove data from any cloudy profiles that had a clear-sky profile on
both sides. Such broken cloud regimes are more likely to be impacted by entrainment mixing and evaporation, and here our
focus is on determining aerosol effects on cloud properties. This step reduces the AC data set from 11440to 11231 profiles.
Additionally, we limit observations to those with LWP < 80 g/m?. This range accounts for most of the ORACLES low cloud
observations, limits scatter froma small number ofhigher LWP values likely formed under differentmeteorological conditions,
and reduces the number of precipitating clouds. This step reduces the AC data set from 11231 to 9223 profiles.

For Fig. 4 and those like it in the remainder of Sect. 3, shading on the figures show probability distributions of where
individual data points fall, while the scatter points represent the median of each cloud property within ten Ncen bins determined
such that each bin contains an equal number of data points. The error bars give the median uncertainty of each cloud property
within that bin. We calculate ACI metrics to quantify the Refr (ACIrerr) and Na (AClcpne) response to increasing Neen
following the method described in McComiskey et al. (2009), given in Eqs. (7) and (8):

AIn(R,r)
AClgprr = _chﬂ LWP > (7
__din(Ny)
AClgpne = g . (8)

Here, Eq. (7) describes the fractional change in cloud top Refrin response to fractional changes in Ncen at a constant LWP and
Eq. (8) captures the fractional change in cloud droplet Na when there is a fractional change in Ncen. Such ACI metrics describe
cloud microphysical responses to aerosol perturbations and are critical components in cloud radiative forcing calculations
(McComiskey et al., 2009; Ghan etal.,2016). ACIrerr and AClcpne correspond to the slope of linear regressions calculated
for log-transformed Refr, Na, and Nccn, and here these regressions are calculated for all data points (notthe bin averages). The
ACIrerr calculation is done within 20 g/m? LWP bins, and the final value is a sample size-weighted average of the individual
values calculated for each small LWP range. The error associated with these metrics are calculated as the standard error (SE)
of the slopes via Eq. (9):

I, Gi- W2 (n-2)
YL G- %2 ©)

SE =

where x represents log(Ncen) and y represents the logarithm of each respective cloud property. These linear regressions

calculated forlog-transformeddataare alsoused to plot thecorresponding fit lines for Refrand Nqrelationships by transforming
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the fit equation back into linear space. These fit lines correspond to the full set of data represented by the probability

distributions, not the individual bin averages.
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Figure 4: Relationship between above-cloud Nceny and (a) Rest, (b), Ng, and (¢) LWP across allthree ORACLES deployments. Shading

in the background represents the probability of where the 9223 individual data points from this AC data set fall within each panel.

Data are separatedinto 10 bins such that each bin contains an equal number of data points. Each scatter point represents the median

cloud property within eachindividual N¢cn bin. The error bars represent the median uncertainty of the respective cloud property

within that bin. ACI metrics and their SE () are given for R+ and Ny. The fit lines correspond to the slope determined by each ACI

metric.
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From the combination of data from all three ORACLES deployments, we see clear signals of an above-cloud aerosol
influence on the underlying cloud top microphysical properties. As Ncen within the 100 m layer above cloud top increases,
there is a decreasing trend in Refr (Fig. 4a) and an increasing trend in Nq (Fig. 4b). ACIrerr is 0.101 and AClcpnc is 0.282,
where the former falls within the 0.04-0.17 range observed for continental stratus clouds by Kim et al. (2008) and the latter
falls towards the lower end of the 0.18-0.69 range given for stratocumulus clouds by McComiskey et al. (2009). While LWP
islimited to 0-80 g/m?, we still see some fluctuationsin the LWP with changesin Ncen (Fig. 4¢), which is an inherent constraint
when usingobserveddata. This analysis also allows us to characterize the average properties of low-level stratocumulus clouds
in the SEA, as we see that most clouds have Refrvalues between approximately 6-10 pm, Nq values between 50-400 cm-3, and

an LWP between 10-40 g/m?.
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3.1 ACI sensitivity to environmental stability

In this study, we use a k-means clusteringapproach (Anderberg, 1973) to separate observations of aerosol and cloud properties
into different regimes, as has been done in previous studies (Gryspeerdt and Stier, 2012; Gryspeerdt etal., 2014 ; Di Bernadino
et al., 2022). This methodology was tested with several combinations of variables including HSRL-2 CTH, RSP-retrieved
COT, Retr, Ng, LWP, and MERRA-2 calculated LTS and EIS. All variables wererange-standardized before clustering (Milligan
and Cooper, 1988), and standard Euclidean distance metrics are used. Various combinations ofthese variables were compared
using Calinski-Harabasz criterion values to determine which combination resulted in the highest between-cluster variance to
within-cluster variance ratio (Calinski and Harabasz, 1974). We determined the final number of clusters by maximizing
climatological and geographic distinctions among clusters while preserving adequate sample sizes within each to perform
statistically meaningful ACI analyses. These testing steps showed that the clusters determined using only LTS had the highest
Calinski-Harabasz criterion values, and we determined that using four clusters resulted in adequate sample sizes between

clusters for further analysis.

Cluster 1: Mean LTS = 10K

Cluster 2: Mean LTS = 15K

Cluster 3: Mean LTS = 19K

Cluster 4: Mean LTS = 22K
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Figure 5: Relationship between above-cloud Nccn and (a-d) Rey, (e-h), Ng, and (i-1) LWP across LTS clusters determined using k-

means clustering. The shading, scatter points, ACI metrics, and fit lines are calculated and displayed in the same way as Fig. 4.

Previous studies have determined that atmospheric stability is often correlated with stratiform cloud amount (Klein

and Hartmann, 1993), and LTS specifically has been used to differentiate between low cloud types in subsidence regimes,
such as the SEA (Zhanget al., 2016). Additionally, Painemal et al. (2014) found stability to be a strong control on cloud
microphysical properties over the SEA, where Resrand LWP both decrease with LTS for observations north of 5°S, a pattern
that is not observed south of 5°S where LTS values are higher. Over the Eastern China Ocean, Zhao et al. (2025) recently
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found that in high LTS environments, weak entrainment was observed, thus suppressing the negative effects of entrainment
observed in environments with low to moderate LTS. While EIS has been suggested to be a better, regime independent
predictor of stratus cloud amount than LTS (Wood and Bretherton, 2006), our analysis indicated that using LTS for k-means
clustering resulted in higher Calinski-Harabasz criterion values. This could be due to increased uncertainty in the MERRA-2
relative humidity profiles used in the EIS calculation.

This k-means clustering analysis is applied to the same AC data set as shown in Fig. 4, with resultsin Fig. 5 given as
a function of LTS. Mean LTS ranges from 10 K in cluster 1 to 22 K in cluster 4. As LTS increases, cloud sensitivity to
increasing above-cloud Ncen generally decreases, seen as the fit lines become more flat, though ACImetrics increase slightly
from cluster 1 to cluster 2 before proceeding to decrease for clusters 3 and 4. This suggests that less stable environments
experience increased entrainment mixing, where smoke aerosols located above cloud top are entrained into the cloud and
nucleate as cloud droplets. LWP decreases slightly with increasing above-cloud Ncen for lowest LTS (cluster 1) and increases
with increasing above-cloud Nccen for highest LTS (cluster 4), while clusters 2 and 3 show mostly constant LWP with an
increase for the highest Ncen bin in cluster2. Most observations in cluster 1 are in the northwestern part of the ORACLES
region, and observations in cluster4 are in the southeastern part of the region, closer to the coast (Fig. 6). This corresponds
well with average sea surface temperatures (SST) in the SEA, where values generally decrease from northwest to southeast

(Ryoo et al., 2021).

(a) Cluster 1 (n = 1207) (b) Cluster 2 (n = 2628) (c) Cluster 3 (n = 3020) (d) Cluster 4 (n = 2368)

15°N 15°N 15°N 15°N e 2016
° ® 2017
e 2018
L o e o K o of
2 ~ » = 2 2
P Pevie 1[G Vol
15°S 15°S [ T 15°S 15°S
&
(] '\
15°W 0° 10°W  0°  10°E 15°W 0° 15°W 0°
Longitude Longitude Longitude Longitude

Figure 6: Map showing location of observations in (a) cluster 1, (b) cluster 2, (¢) cluster 3, and (d) cluster 4. Average LTS in each
cluster increases from left to right. The color of each point corresponds to the deployment year of the observation.

Lastly, we show mean values of cloud properties and above-cloud Ncen within each cluster in Table 2. As LTS
increases from cluster 1 to 4, average CTH decreases, indicating that a more stable BL is associated with stronger inversions
that restrictcloud vertical development (Costantino and Bréon, 2013). Additionally, cluster 2, where the most dense part of
the smoke plume was often observed in 2017, has the highest average N4, smallestaverage Refr, and highest average above-
cloud Nccn, consistent with in situ analyses (Guptaet al., 2022a). Cluster 3 has the lowest average Ny, highest average Ret,

and highestaverage LWP, with values similarto cluster 4. Variabilityin above-cloud Ncenis high for each cluster, and findings
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from Lenhardt et al. (2023) suggest that CCN observed across all three campaigns represent a wide range of smoke ages and

a small range of aerosol sizes.

Table 2: Mean + standard deviation of cloud and aerosol properties within each cluster.

Cluster 1 Cluster 2 Cluster 3 Cluster 4

(n=1207) (n=2628) (n=3020) (n=2368)
LTS (K) 103=+1.3 149+1.1 185+1.1 224+13
Resr (m) 83+35 75+24 8.8+2.2 80=£1.5
Nd (cm™) 2454+£2142 | 273.8+167.4 184.1+91.0 218.2+90.2
LWP (g/m?) 24.0+21.0 262 +19.8 36.9+21.4 34.6+19.1
COT 48+3.7 59+39 72+3.6 74+3.6
CTH (m) 1507.7+£3874 | 1091.4+249.1 | 10424+1713 | 715.0+197.5
Above-Cloud Ncon (cm) | 454.1 £363.3 | 718.6 £465.9 | 458.8+387.7 | 315.1+242.0
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3.2 ACI sensitivity to above- and below-cloud N¢cy
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Figure 7: Results of from CE data set (n = 1249) show the relationship between (a, c, e) above- and (b, d, f) below-cloud Nccn and
(a-b) Rey, (c-d), Ng, and (e-f) LWP. The shading, scatter points, ACI metrics, and fit lines are calculated and displayed in the same

way as Fig. 4.

Next, we use the CE data set to investigate the relationships between above- and below-cloud Ncon and Refr, Ng, and LWP.

Here, we again remove cases of cloudy profiles thathad a clear profile on both sides to avoid conflating the aerosol effect with

effects dueto lateral entrainment of ambient air into the cloud layer. This step reduces the CE data set from 1669 to 1269

profiles. Additionally, limiting observations to those with LWP <80 g/m? reduces the CE data set from 1269 to 1249 profiles.

Limiting cases to those observed at cloud edge inherently constrains cloud properties, which will be further discussed in Sect.

3.3.
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The above-cloud relationships at cloud edge are similar to what was seen from the full AC data set in Fig. 4 and 5. In
comparison, the below-cloud Nccn analyses show a weaker relationship to the cloud top microphysical properties, with ACI
metrics that are smaller in magnitude compared to the above-cloud metrics. The range of average Nccen in the 500 m below-
cloud is of similar magnitude as Nccn in 100 m above cloud, with fewer clean cases below-cloud than above-cloud, which is
likely evidence of entrainment mixing of BBA from the smoke plume into the BL. Additionally, one major difference from
Fig. 4 and 5 is that the range of observed LWP values is much smaller at cloud edge. This will be discussed further in the next

section, but a lower LWP does not seem to prohibit observations of above-cloud ACI at cloud edge using this methodology.
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Figure 8: Results of from CE data set (n =1249) show the relationship between above-cloud Ncen and (a-b) Regs, (c-d), Ny, and (e-f)
LWP for cases with a relatively clean BL (below-cloud Nccn <350 cm™) and a relatively polluted BL (below-cloud Neen > 350 emr
%). The shading, scatter points, ACI metrics, and fit lines are calculated and displayed in the same way as Fig. 4.

We also assess the impact of BL aerosol loading on above-cloud ACI relationships by separating the analysis into
two cases. Gupta et al. (2021) found that sensitivity to above-cloud aerosol existed regardless of the BL aerosol loading
conditions using an aerosol concentration threshold of 350 cm-3. Therefore, in Fig. 8 we show the data from panels a, ¢, and e
ofFig. 7 separatedintotwo cases based on each point’s corresponding below-cloud Ncen. Here we are again able to corroborate
the results of Guptaetal. (2021). We find that regardless of BL aerosol loading, relationships between above-cloud Ncen and

cloud properties are evident. However, we also see that above-cloud ACIrerr and AClcpncare slightly higher when the below-
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cloud region s relatively clean. When the below-cloud region is more polluted, above-cloud ACIrerr and AClcpnc are slightly
decreased. This dampening of the above-cloud impact for polluted below-cloud regions suggests an impact of below-cloud
Ncen on cloud top microphysical properties that is lower in magnitude than the above-cloud Ncen impact but non-zero.
Additionally, an investigation of the relationship between above- and below-cloud Ncen did not show significant correlation
between the two, and we do not hypothesize that the observed correlation between above-cloud Ncen and cloud properties is

highly biased by a co-variability with below-cloud Nccn.
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Figure 9: Below-cloud observations from Fig. 7 are assigned to clusters determined in Fig. 5. Results of this clustering show the
relationship between below-cloud Nccn and (a-d) Rer, (e-h), Ny, and (i-1) LWP. Average LTS in each cluster increases from left to
right. The shading, scatter points, ACI metrics, and fit lines are calculated and displayed in the same way as Fig. 4.

Lastly, we investigate the LTS dependence of thebelow-cloud Ncenrelationship to cloud top microphysical properties
usinga similar approach as in Fig. 5. Data from the CE data set are assigned to the existing clusters determined using the AC
data set so that both analyses are directly comparable. These results are shown in Fig. 9, where we observe from the fit lines
and ACI metrics a trend inverse of that observed for the above-cloud Ncen. That is, as LTS increases, the sensitivity of cloud
properties to increasing below-cloud Ncen increases. This suggests that in less stable environments, entrainment mixing of
above-cloud BBA into the cloud layer is the dominant process responsible for the microphysical changes to stratocumulus
cloud properties. However, in more stable environments, where vertical mixing is suppressed and low-level cloud cover
increases, the lack of such entrainment mixing results in a stronger response of cloud properties to increasing below-cloud
Ncen. Another important finding from this analysis is that most observations in the CE data set fall into the first two clusters

characterized by relatively low LTS. Therefore, when considering the total impact of below-cloud Ncen across all clusters, as
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done in Fig. 7, low LTS cases dominate the analysis, explaining why the relationship between cloud properties and below-

cloud Ncen appears to be weak and nearly negligible.

3.3 ACI sensitivity to proximity to cloud edge
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465 Figure 10: Distributions of (a) LWP and (b) COT for all AC data points (red) and CE data points (blue). Median values for both
variables and both subsets of data are also shown.

Lastly, we investigate ACI sensitivity to proximity to cloud edge. In the previous two sections we investigated the entire AC
data set, which includes observations made anywhere there is a cloud, and the CE data set, which is limited to observations
made when a cloudy profileis directly adjacent to a clear profile. Additionally, we have seen that observations in the CE data
470 setare characterized by a lower mean LWP (Fig. 7 and 8) compared to those in the AC data set (Fig. 4 and 5). Here we
investigate the differences between cloud edge and cloud center observations, so we no longer exclude cases where a cloudy

profile has clear profiles on both sides. Rather, we include them to retain all cloud edge observations in the analysis. The

following analyses are still limited to observations made at LWP < 80 g/m?.
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First,we examine differences in LWPand COT between the full ACdatasetand the CEdataset (Fig. 10). This figure
reiterates the differences in LWP for observations made at cloud edge, as also seen in Fig. 7 and 8. Cloud edge observations
have a median LWP of 7.3 g/m? while the entire AC data set has a median LWP of 28 g/m?. We see similar differences in
COT, where the median COT at cloud edge is 2.0 compared to a median value of 6.1 for the full AC data set. Observations
made for the full AC data set also have a much broader distribution in both LWP and COT than those made at cloud edge.
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Figure 11: Results from cloud center and CE data sets show the relationship between above-cloud N¢cn and (a-b) Res, (c-d), Ng, and
(e-f) LWP. The shading, scatter points, ACI metrics, and fit lines are calculated and displayed in the same way as Fig. 4.

To investigate if lower LWP and COT at cloud edge are associated with any differences in ACIrerr and AClcpne, we
compare results between CE and CC cases (Fig. 11). Like the comparison between cases with relatively clean and polluted BL
conditions (Fig. 8), we see that regardless of whether observations are made closer to the center of a cloud or at a cloud edge,
the relationships between above-cloud Ncen and cloud top Retrand Na are similar, with ACI metrics being slightly higher for
the cloud edge observations than cloud center observations. This suggests that while increased mixing and entrainment of
smoke aerosols into the cloud and nucleation of additional cloud droplets is observed for both cases, it may be occurring more
frequently at cloud edges. Furthermore, while we do not have below-cloud Ncen for CC cases using this methodology, the

similarity in above-cloud Ncen relationships at cloud center and cloud edge could imply that below-cloud Necn relationships
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may also be similar in these two regimes. However, further investigation of below-cloud Ncen relationships towards cloud

center would likely require modelling efforts or dependence on in situ observations and is beyond the scope of this study.

4 Discussion

In our remote sensing-based analysis of ACI between BBA and the underlying stratocumulus cloud deck in the SEA, we have
investigated the relationships between above- and below-cloud Ncen and cloud top microphysical properties as a function of
environmental stability, below-cloud aerosol loading, and proximity of observations to the cloud edge. In this section we will
further discuss differences in the above-and below-cloud Ncen relationships (Sect. 4.1), cases of a slight reversal in expected

cloud responses (Sect. 4.2), and implications for future remote sensing of ACI (Sect. 4.3).

4.1 Above- vs. below-cloud N¢cy relationships

Overall, the relationships analyzed here follow the major findings of Gupta et al. (2021), around which this study was
formulated. Thatis, for cases where the smokeplume is in contact with the cloud top, there is evidence of these CCN impacting
cloud top microphysical properties. For all cases, increases in above-cloud Nccn were associated with increases in Ng and
decreases in Refr. Cases of contact between cloud top and the BBA plume are associated with greater entrainment mixing
(Diamond et al.,2018; Guptaetal.,2021), and our finding here reiterates those suggesting that entrainment of BBA that serve
as CCN can result in nucleation of cloud droplets near the cloud top. These relationships are evidentregardless of BL aerosol
loading, with a slightly dampened impact of above-cloud Nccn in cases where the BL is relatively polluted.

Beyond this corroboration of in situ findings, a major focus of this study was the dependence of aerosol — cloud
relationships on environmental stability. Based on a k-means clustering analysis using LTS as the sole clustering variable, we
stratified observations ofthe cloud deck with collocated above-cloud Nccen retrievals into four clusters which turn out to be
geographically distinct, with LTS increasing from the northwestern part of the SEA toward the southeastern part closest to the
African coast. This increase in LTS aligns well with observed decreases in SST and CTH. Using this method, we find that
environmental stabilityis an important governing factor in determiningthe sensitivity of cloud properties to increasesin above-
cloud Ncen. As the lower-tropospheric layer becomes more stable, cloud sensitivity to increasing above-cloud Ncen decreases
until thereis almost no response (cluster 4; Fig. 5d, h). Less stable environments promote greater vertical growth of the cloud
layerand mixingled by cloud top entrainment instability (e.g., Mellado,2017; Guptaetal.,2021). Th ese environments thereby
support the modulation of cloud top properties by aerosols from the overlying smoke plume that are entrained into the cloud
layer. The percent differences in ACI metrics between cluster 4 and cluster 1 are -73.9 % for ACIrerr and -74.3 % for AClcpnc,
again indicating that ACIs depend strongly on environmental conditions. While we see from Fig. 4 that above-cloud ACls are
evident across the full data set, stratifying the data by LTS demonstrates the significant role that climatological regimes with
different environmental stability play in determining how clouds respond to increases in above-cloud Ncen. For example,

comparingthe full dataset (Fig. 4a,b) to the cluster of data with the lowest mean LTS (Fig. 5a,e) ACIrerr increases from 0.093
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t00.161 (73.1 %) and AClconc increases from 0.275to 0.452 (64.4 %). Therefore, stratifying data by environmental stability
has a large impact on the magnitude, and arguably the accuracy, of the ACI metrics.

Further, we find that constraining the below-cloud Ncen — cloud property relationship using LTS elucidates ACI
relationships that are not evident when considering the CE data set as a whole. Observations shown in Fig. 7 suggest that at
and within 5 km of cloud edges, below-cloud Ncen have a nearly negligible impact on cloud top microphysical properties,
which by itself is a physically implausible result. However, upon assigning CE observations to the clusters determined in Fig,
5, we find that cloud sensitivity to increasing below-cloud Ncen has the opposite dependence on LTS as for above-cloud Neow
(Fig. 9). That is, in more stable environments (cluster 4), decreased entrainment of above-cloud smoke aerosols into the cloud
layer results in higher ACI metrics for below-cloud Ncen than above-cloud Ncen. Since high LTS promotes increased cloud
fraction, selecting profiles at cloud edges with which to assess the simultaneous impact of above- and below-cloud Neen
preferentially results in a subset of data with lower average LTS. Therefore, when considering all CE cases together, the
stronger impactofbelow-cloud Ncen for high LTS cases is masked. This finding speaks again to the importance of constraining
environmentalstability when assessing ACI and identifies a limitation of our methodology. Additionally, thesestability-related
findings corroborate those from other ORACLES ACI-focused studies. Using ORACLES 2016 in situ observations, Diamond
etal. (2018) found a weaker relationship between cloud properties and above-cloud BBA compared to the below-cloud effect.
Since cloud-focused in situ flight legs often target optically thick and continuous cloud segments, it is likely that these
observations are characterized by a higher LTS than most of our CE cases. Moreover, a majority of the 2016 observations in
this study are categorized by a high average LTS (Fig. 6), where we, like Diamond etal. (2018) also find stronger below-cloud
ACI relationships than those observed above-cloud. Kacarab et al. (2020) discussed the sensitivity of ACI to velocity-limited
and aerosol-limited regimes in the ORACLES 2017 observations, and this analysis indirectly suggests a dependence on updraft
velocity via environmental stability. Future work exploring differences in aerosol properties, cloud properties, and other

meteorological variables within each of these clusters could further assess and constrain ACI in this region.

4.2 Reversals in expected patterns

There are a few small scale variations evident in the bin medians that are not significantly reflected in the fit lines and
therefore are not a primary focus of this analysis. These patterns could be an artifact of retrieval uncertainties. However, here
we will discuss a few alternative hypotheses based on previous literature. For example, in Fig. 5b and 5f, we see a slight
increase in Refrand decrease in Ng for the highest concentration Ncen bin. Considering this pattern only occurs at Ncen > 1000
cm3, indicatingsignificant contact between cloud top andthe smoke plume, one hypothesis for this pattern could be the aerosol
semi-direct effect, which describes how absorbing aerosols may act to change cloud properties (Hansen et al., 1997). A study
by Koch and Del Genio (2010) that focused on the proximity of absorbing aerosol to different cloud types found that
stratocumulus clouds with absorbing aerosol near the cloud top are likely to experience cloud reduction due to the semi-direct
effect. Other studies have found a positive correlation between high aerosol loading and cloud droplet size in highly polluted

environments without directly characterizing it as the semi-direct effect (Tangetal.,2014; Maetal., 2018; Jose et al., 2020;
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Khatrietal.,2022). One commonly proposed pathway is thatthe aerosol radiative effect reduces moisture content and increases
competition for water vapor, causingsmaller droplets to evaporate, which could explain the decrease in Naand increase in Re.
This pattern would also align well with the findings of Kacarab et al. (2020), where ORACLES 2017 in situ observations
showed no response in Nq to increasing aerosol concentration > 800 cm-3 when water vapor was limited.

Alternatively, these pattems could indicate that at Ncon > 1000 cm-3 the environment is saturated by such a large
number of small droplets that they begin to coalesce and form precipitation, thus forming fewer droplets thatare larger in size.
Such a decrease in precipitation susceptibility has been associated with an increase in LWP (Sorooshian et al., 2009), which is
also associated with increasing Refr and decreasing Ng here (Fig. 5j). However, untangling the response of LWP to aerosols
compared to meteorology is difficult, with many proposed pathways by which LWP may increase or decrease in response to
increasedaerosolloading (Gryspeerdtetal.,2019). Moredetailed processmodelling would likely be needed to fully understand
and untangle the relationships and cause-and-effect pathways between above-cloud Nccn and cloud top Retr, Na, and LWP for
these cases of increased above-cloud aerosol loading, which is outside the scope of this study. Therefore, we hypothesize that
the reversal of Rerrand Na trends at high above-cloud Ncen could be indicative of a semi-direct effect due to BBA absorption
or the beginning of collision-coalescence due to a highly saturated environment.

A similar reversalin the expected response to increasing Nccn is visible in cluster4 of Fig. 9, though in this case it
occurs at low Ncew, and not within the highest concentration Ncen bin. This increase in Refrand decrease in Na occurs for Neen
bins between approximately 170-360 cm-3, representing relatively clean BL conditions. Therefore, it is unlikely that these
patterns are attributable to the semi-direct effect of above-cloud BBA. Rather, this may be a case in which low Ncen near cloud
base creates alow concentration of larger droplets that is maintained by the collision-coalescence process (Saleeby and Cotton,
2005) before Ncen increases above 400 cm3. Populations of large droplets at cloud base have been observed in clean aerosol
regions for convective clouds over the Amazon by Braga et al. (2017), and this effect has been hypothesized to be attributable
to the presence of giant CCN (GCCN) by this and other studies (Yin et al.,2000; Saleeby and Cotton, 2005). It is likely that
the below-cloud Ncen population in this region includes sea saltparticles, which are an aerosol type more likely to reach such
sizes to be classified as GCCN. However, this remains a hypothesis to explain the increase in Rerrand decrease in Ng at low

below-cloud Ncen as the exact composition and size of below-cloud Ncen is outside the scope of this analysis.

4.3 Implications for remote sensing techniques

The major implication of these results confirming those of an in situ-based study (Gupta etal.,2021) is that, with the right
considerations regarding environmental stability, ACI can reliably be estimated using only these remote sensing-based
observations. We make use of well-collocated HSRL-2 and RSP observations from the ORACLES campaign to investigate
relationships between cloud microphysical properties and vertically resolved Ncen both above- and below-cloud. This strategy
not only corroborates in situ-based findings using a larger amount of data than is available from in situ observations, butit also

demonstrates a methodology that can be used with current and future satellite-based observations.
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As previously mentioned, the vertical distribution of Nccen is especially relevant for understanding ACL For the
ORACLES region, where we have the unique scenario of an optically thick and strongly absorbing BBA plume overlying
marine stratocumulus clouds, we found that changes in above-cloud Ncen are more strongly related to changes in cloud top
microphysical properties under unstable conditions, while changes in the below-cloud Nccn have a more significant impact on
cloud properties under stable conditions However, without vertically resolved Ncen from the ML-CCN method, this above-
and below-cloud Ncen distinction would not have been possible. Additionally, the high accuracy of the ML-CCN method has
anadvantage over otheractivespaceborne sensors such as CALIOP that have routinely misplaced the vertical extent of aerosol
plumes and thus misrepresented ACI (Rajapakshe et al., 2017). Another benefit of the ML-CCN method is that it allows us to
use datain close proximity (2 km) to cloud edge without concerns about cloud edge humidification effects since environmental
relative humidity is considered in the model training.

A similar methodology as that shown here could be done in other regions using Atmospheric LIDar (AtLID) and
Multi Spectral Imager (MSI) observations from the recently launched EarthCARE satellite (Wehr et al., 2023) in combination
with other satellite-based cloud retrievals. While higher uncertainty and lower signal-to-noise may be associated with ATLID
Ncen retrievals, the overall framework presented here remains valid for spaceborne remote sensing of ACI. However, one
important limitation inherent to this method is that the selection of cloud edge cases for assessing the simultaneous impact of
above- and below-cloud Nccn may preferentially create a subset of primarily low LTS observations, and this needs to be
considered when interpreting results. Consequently, the dependence of ACI on LTS speaks to the need to constrain future
satellite observations by a stability-related parameter such as LTS to accurately represent the impacts of different

climatological regimes on ACI metrics, which may also impact their parameterization in models.

5 Conclusions

One key component missing from several studies of AClis the vertical distribution of Ncen relative to cloud height, which in
regions with significant tropospheric aerosol loading is critical to understanding how and where aerosols are nucleating as
cloud droplets and impacting cloud microphysical properties. Here we use a fully remote sensing-based data set to investigate
ACI over the SEA using HSRL-2-based, ML-predicted Nccn curtains and cloud microphysical properties retrieved from the
RSP. To assess the simultaneous above- and below-cloud impact of Ncen on cloud properties, we infer below-cloud Neov
values from cloud-edge adjacent profiles. Previous in situ-based studies have found evidence of ACI between smoke plume
BBA and the underlying stratocumulus cloud deck. Therefore, the major goals of this study were to investigate these cloud top
ACI in more detail and to determine whether such relationships could be observed using only remote sensing data.

We found that our results align well with those of the in situ-based study (Gupta et al., 2021). That is, we see a
decrease in Refrand increase in Ng when the BBA concentrations are significant within 100 m of the cloud top, and this finding
is independent of horizontal proximity to cloud edge and the magnitude of BL aerosol loading. Additionally, to constrain the

impact of environmental stability we cluster the above-cloud and cloud edge datasets by LTS, finding that cloud sensitivity
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to increasing above- (below-)cloud Ncen decreases (increases) as LTS increases. Therefore, it appears that entrainment of
above-cloud BBA into the stratocumulus cloud layer is a major control of cloud top microphysical properties under relatively
unstable conditions, while the below-cloud Ncen effect on cloud properties is stronger under more stable conditions. Therefore,
both above- and below-cloud Ncen effects are highly dependent on environmental stability.

A major implication of this work is the ability to assess ACl using remote sensing-based observations, a method that
can be applied to current and future spaceborne observations. We have demonstrated the benefit of the Redemann and Gao
(2024) ML-CCN product in that it can be used to separate the impact of above - and below-cloud Ncen on cloud properties in
the same column. Additionally, we have used autocorrelation analyses to characterize the variability of Ncex in the SEA BL,
which provides a tool to extrapolate clear-sky Ncen retrievals to nearby clouds. We concede that this extrapolation carries its
own uncertainty, but it is superior to the inherent spatial homogeneity assumptions in ACI studies that derive ACI metrics
from large-scale averaged satellite retrievals of aerosol and cloud properties. Each of these methodologies can be applied to
future studies in differentregions and cloud types to further work toward reducing uncertainty associated with the radiative

impacts of ACL

Appendix A

As in Gupta et al. (2021), relationships between cloud top height (Zr) and cloud base height (Zs) are developed from in situ
data including the Cloud and Aerosol Spectrometer (CAS) on the Cloud, Aerosol and Precipitation Spectrometer (CAPS;
Baumgardner et al.,2001), two Cloud Droplet Probes (CDP; Lance et al.,2010), and a King hot-wire (Kinget al., 1978). The
King hot-wire was used to determine bulk liquid water content (LWC). CAS and the CDP measured the cloud droplet size
distribution, and the full size distribution spectrum covering diameters between 3 -50 um was determined using the probe most
consistent with the King hot-wire LWC (Gupta et al., 2022a). These observations are used to find the highest (cloud top) and
lowest (cloud base) altitudes within individual sawtooth profiles at which in situ cloud Nq is greater than 10 cm™ and bulk
liquid water content (LWC) is greater than 0.05 g/m?>. Our resulting linear relationships between in situ Zr and Zg are shown
in Figure Ala. We then estimate cloud base height from HSRL-2 cloud top heights using these statistical relationships
developed from in situ observations. When this method is applied to each lidar profile observed at a cloud edge (Sect. 2.4), we

find that most cloud base heights fall between about 400-750 m (Fig. A1b).
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Figure Al: (a) In situ derived relationship between cloud top height (Z1) and cloud base height (Zg) based on the methodology of
Gupta et al. (2021). These relationships are applied to HSRL-2 cloud top heights measured at cloud edge for all three deployment
years of ORACLES. The distributions of these HSRL-2 measured cloud top heights and resultant calculated cloud base heights are
given in panel (b).

Data Availability

The ER-2 and P-3 data sets are available at the following links: https:/doi.org/10.5067/Suborbital ORACLES/P3/2016_V3
(ORACLES Science Team,2021a), https://doi.org/10.5067/Suborbita ORACLES/ER2/2016_V3 (ORACLES Science Team,
2021b), https://doi.org/10.5067/Suborbital/ ORACLES/P3/2017_V3 (ORACLES Science Team, 2021c¢), and
https://doi.org/10.5067/Suborbital ORACLES/P3/2018 V3 (ORACLES Science Team, 202 1d). Machine learning-predicted
Ncen data is available at: https://doi.org/10.5281/zenodo.18626083 (Gao et al., 2026).
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