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11 Abstract: Accurate quantification of the vertical distribution of cloud condensation nuclei (CCN)
12 number concentrations is critical for improving our understanding of aerosol—cloud interactions.
13 Ground-based Raman lidars operated by the Atmospheric Radiation Measurement (ARM)
14 program, together with surface CCN measurements, are used to retrieve vertically resolved CCN
15  number concentrations (Retrieved Number concentration of CCN, RNCCN). These retrievals rely
16  on several assumptions, including that aerosol composition is vertically homogeneous. To assess
17  this assumption, we developed and tested a framework to infer the dominant aerosol classes/types
18 at different altitudes. This was done by applying a k-Nearest-Neighbors (kNN) algorithm to lidar
19  ratio and linear depolarization ratio measurements from Raman lidar. We evaluated the framework
20  using aircraft aerosol and CCN measurements from the ARM Holistic Interactions of Shallow
21 Clouds, Aerosols, and Land Ecosystems (HI-SCALE) field campaign. The results show that
22 RNCCN performance degrades as vertical aerosol complexity increases, i.e., RNCCN agrees with
23  the aircraft CCN in vertically homogeneous conditions, but closure decreases in layered aerosol
24 structures. To generalize beyond individual examples, we introduce a metric (heterogeneity index)
25  that quantifies the vertical complexity by assessing the variation of inferred aerosol classes/types.
26  Case-level statistics show a tendency for RNCCN and aircraft differences to increase with this
27  metric. By detecting retrievals that are likely compromised by aerosol vertical heterogeneity, the
28  proposed framework improves the interpretability and effective use of RNCCN used for long-term
29  evaluation of models and aerosol—cloud interactions.
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35 1. Introduction

36 Aerosol particles in the atmosphere that serve as cloud condensation nuclei (CCN) are
37  critical to the formation of clouds and influence cloud optical properties and cloud life cycle,
38 thereby affecting the Earth’s energy balance and hydrological cycle (Lohmann and Feichter, 2005;
39 Rosenfeld et al., 2014; Dong et al., 2015; Bellouin et al., 2020). These CCN-driven changes in
40  cloud properties are central to aerosol—cloud interactions (ACI) and contribute to aerosol indirect
41  radiative forcing, whose magnitude remains one of the largest uncertainties in Earth system model
42  simulations (Gryspeerdt et al., 2023).

43 Accurately quantifying ACI critically depends on understanding the vertical distribution of
44  CCN. Ground-based CCN measurements alone are insufficient, as they cannot capture these
45  variations with altitude. In particular, CCN in the sub-cloud layer approaching cloud base directly
46  influence the initial number of cloud droplets and subsequent microphysical processes.
47  Consequently, the ability of Earth system models to reliably simulate cloud droplet activation and
48  assess aerosol indirect effects is contingent on the accurate representation of these vertical CCN
49  profiles (e.g., Ghan et al., 2012; Watson-Parris et al., 2019).

50 Considering the scarcity of in situ aircraft measurements of CCN vertical profiles, lidar
51  observations provide a crucial source of information. Various methods have been developed to
52  retrieve CCN concentrations from spaceborne (satellite) and ground-based lidar observations.
53  Satellite lidar products, such as aerosol backscatter, extinction, and aerosol type information, are
54  widely used to estimate CCN profiles through modeling and empirical relationships (e.g.,
55  Choudhury and Tesche, 2022b, a; Kapustin et al., 2006; Kulkarni et al., 2025). These estimates
56  complement traditional satellite-derived aerosol products and enable global-scale estimates of
57  CCN (e.g., Shinozuka et al., 2015; Levy et al., 2013).

58 Ground-based lidar approaches offer higher vertical resolution and have been widely used
59  in CCN retrievals. For example, polarization lidar is combined with AERONET data to classify
60 aerosol types and derive empirical relationships between extinction coefficients and dry particle
61 size thresholds, enabling the estimation of CCN number concentrations (Mamouri and Ansmann,
62 2016). A multi-wavelength lidar inversion technique has been applied to retrieve aerosol size
63  distributions from optical properties, thereby estimating CCN concentrations (Lv et al., 2018).
64  More recently, the empirical regression method has been used to directly relate lidar extinction to
65  collocated in situ CCN measurements, mainly for biomass aerosols, offering improved accuracy
66  for ground-based CCN retrievals (Lenhardt et al., 2023).

67 In contrast to the above type-dependent or inversion-based approaches, “extinction-based”
68 methods estimate CCN profiles by combining vertically resolved lidar extinction with a near-
69  surface CCN constraint, avoiding the need for multi-wavelength microphysical inversions or
70  aerosol-type-specific parameterizations. This provides a computationally simple and operationally
71  robust pathway for continuous CCN profiling when only standard lidar products are available
72 (Shinozuka et al., 2015; Lenhardt et al., 2023; Ghan et al., 2006). Specifically, Ghan et al. (2004)
73  derived CCN number concentration profiles by scaling surface CCN measurements using
74 vertically resolved aerosol extinction from Raman lidar, enabling application at sites with routine
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75  surface CCN observations and standard lidar observations. The U.S. Department of Energy’s
76  Atmospheric Radiation Measurement (ARM) user facility developed the Retrieved Number
77  Concentration of CCN (RNCCN) product based on this methodology (Kulkarni et al., 2023),
78  enabling continuous estimation of CCN number concentration (Brendecke et al., 2022; Kulkarni
79  etal., 2025).
80 One of the underlying assumptions within the RNCCN calculation is that aerosol properties
81 (e.g., type, shape) are vertically uniform (i.e., invariant with height). However, this assumption
82  could be invalid, especially when heterogeneous aerosol layers aloft are observed (e.g., Clarke et
83 al, 1997; Fast et al., 2022; Russell et al., 2014; Seinfeld et al., 2016). Consequently, evaluating
84  RNCCN requires explicitly identifying conditions where aerosol properties vary or remain
85 invariant with height. We hypothesize that deviations from the vertical uniformity assumption of
86  aerosol properties may lead to systematic discrepancies between RNCCN and in situ CCN (e.g.,
87  with large errors expected under more vertically heterogeneous aerosol conditions). To test this
88  hypothesis, we need to have 1) a method to diagnose vertical aerosol heterogeneity from available
89 remote-sensing observables and 2) in situ CCN data that can be used to quantify how such
90 heterogeneity impacts RNCCN accuracy.
91 Aerosol properties’ vertical heterogeneity can be inferred through variations in aerosol
92  optical properties. Lidar measurements offer a powerful tool for detecting and characterizing these
93  variations (Ferrare et al., 2023; Grof3 et al., 2025; Miiller et al., 2007; Omar et al., 2009;
94  Papagiannopoulos et al., 2018; Sugimoto et al., 2002). Two key lidar-derived parameters, linear
95  depolarization ratio (LDR) and lidar ratio (LR), provide insight into aerosol shape, composition,
96 and size. The LDR distinguishes spherical particles (e.g., pollution, smoke) from non-spherical
97  ones (e.g., dust, ash), while the LR reflects differences in aerosol composition and size distribution
98  (Burton et al., 2012; GroB et al., 2015; Miiller et al., 2007). Recent advances in machine learning
99 (ML) offer the potential for more automated and robust aerosol classification from lidar
100  observations, particularly when multi-wavelength or fluorescence capabilities are available
101 (Nicolae et al., 2018; Veselovskii et al., 2022). Such ML frameworks typically depend on
102  specialized instrumentation and often require synthetic training datasets or site-specific tuning,
103  which may limit their broader applicability. These limitations pose difficulties for applying
104  existing ML methods to a specific lidar (e.g., the DOE ARM Raman lidar), which operates at a
105  single wavelength (355 nm) and lacks fluorescence detection. To address this gap, we need to
106  develop a new classification/cluster approach tailored to a single-wavelength Raman lidar.
107 High-quality in situ data from both surface and aircraft collected by the DOE ARM
108  program provide an opportunity for us to investigate whether vertical heterogeneity in aerosol
109  properties (e.g., type, shape, or composition) impacts the reliability of RNCCN retrievals. The
110  Holistic Interactions of Shallow Clouds, Aerosols, and Land Ecosystems (HI-SCALE) field
111 campaign, conducted in spring and summer 2016 near the SGP Central Facility, deployed research
112  aircraft to collect vertically resolved CCN and aerosol measurements across a range of land surface
113  types (Fast et al., 2019). Using this dataset, it has been found that the extinction-based RNCCN
114  method outperforms satellite- and model-based estimates in reproducing airborne CCN
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115  observations (Kulkarni et al., 2025). Building upon this understanding and complementing this
116  finding, our study focuses on identifying and quantifying conditions, particularly vertically
117  heterogeneous aerosol structures diagnosed from lidar observables, under which RNCCN retrieval
118  confidence may be reduced.

119 This study introduces a framework to relate vertical heterogeneity in aerosol optical
120  properties to RNCCN error. We test the hypothesis that vertically heterogeneous (layered) aerosol
121 conditions, diagnosed by height-dependent variations in lidar ratio and linear depolarization ratio,
122  produce larger CCN retrieval errors than vertically homogeneous (well-mixed) aerosol layers. To
123  validate this, we compare CCN profiles retrieved using the standard RNCCN assumption of
124 vertically uniform aerosol properties against in situ aircraft measurements and quantify how
125  retrieval errors vary as the diagnosed heterogeneity increases.

126  2.Data

127 This study uses multi-platform ARM observations to develop and evaluate an aerosol type
128  classification framework. Aerosol types are classified based on the DeLiAn (Depolarization ratio,
129  Lidar ratio, and Angstrém exponent, details in section 2.1) database using ARM Raman lidar (RL)
130  observations (section 2.2). The RNCCN (section 2.3) is compared with G-1 aircraft CCN
131  measurements (section 2.4) to test the hypothesis.

132 2.1 Aerosol Type Database

133 The DeLiAn database (Floutsi et al., 2023) is utilized in this study because it provides the
134  comprehensive aerosol optical properties needed to develop an aerosol classification framework.
135  To our knowledge, DeLiAn is one of the most extensive and up-to-date datasets for aerosol typing
136  for ground-based lidar, making it invaluable for aerosol classification tasks. Its data and
137  classifications have been widely used to inform aerosol schemes for the EarthCARE mission
138  (Wandinger et al., 2023) and satellite-based algorithms, such as CALIPSO’s aerosol subtype
139  classification (Kim et al., 2018; Tackett et al., 2023).

140 The DeLiAn database compiles lidar parameters (LDR and LR), and aerosol optical
141  properties (Angstrom exponent) from ground-based Raman and polarization lidars operated at 355,
142 532, and 1064 nm. Values are typically derived in cloud-free conditions and represent aerosol
143  layers identified within the lowest few kilometers of the troposphere, where the ground-based
144  lidars provide the most reliable aerosol retrievals. The database includes 13 aerosol classes. These
145  consist of seven pure types (clean marine, dried marine, pollution, continental background,
146  tropospheric smoke, stratospheric smoke, and regional dust from Saharan, Central Asian, and
147 Middle Eastern sources) and six common mixtures involving dust combined with smoke,
148  pollution, or marine aerosols. These measurements are conducted by the Leibniz Institute for
149  Tropospheric Research (TROPOS) using advanced lidar systems (Engelmann et al., 2016)
150  deployed at fixed EARLINET sites (Pappalardo et al., 2014) and mobile platforms, including ship-
151  based campaigns (Bohlmann et al., 2018; Engelmann et al., 2021; Kanitz et al., 2013). The data
152  span diverse geographic regions, including Europe, the Middle East, Central Asia, North Africa,
153  and marine environments.
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154 This study uses the DeLiAn dataset, specifically the aerosol-types inferred from the lidar
155  parameters (LR and LDR) and their reported uncertainties (i.e., the reported standard deviations
156  reflecting layer-averaging, instrument noise, and calibration uncertainty) at 355 nm. We use the
157 355 nm subset because it matches the wavelength of the ARM Raman lidar used to generate the
158  RNCCN product.

159 2.2 ARM Raman Lidar

160 ARM RL observations from the Southern Great Plains (SGP) site are used. The RL
161  provides vertical measurements of aerosol backscatter, extinction, LR, and LDR at 355 nm
162  wavelength at 30-meter vertical and 2-minute temporal resolutions. The dataset is available
163  through the Raman Lidar Profiles-Feature detection and Extinction (RLPROF-FEX) Value-Added
164  Product (VAP) (Thorsen et al., 2015a, 2015b; Chand et al., 2019).

165 2.3 ARM CCN Vertical Profile

166 To estimate vertical CCN concentrations, this study uses the RNCCN VAP developed by
167 DOE ARM (Kulkarni et al., 2023; Kulkarni et al., 2025), based on the method developed by Ghan
168 and Collins (2004) and Ghan et al. (2006). This VAP provides vertical profiles of CCN
169  concentration at 10-minute temporal resolution and 60-meter vertical resolution, by scaling surface
170  CCN measurements using dry-corrected aerosol extinction profiles (also provided within RNCCN
171 VAP), which are derived from Raman lidar observations. The RNCCN concentration at a given
172 height z, time t, and supersaturation SS is calculated as:

173 RNCCN(z, t, SS) = CCN(O0, t, SS) X [ddry(z, t) / aury(0, t) ] @)

174  where CCN(O, t, SS) is the surface CCN concentration, and adry(z, t) and odry(0, t) are the dry-
175  corrected aerosol extinction values at height z and the surface, respectively.

176 Surface-based CCN measurements at various supersaturation values are obtained from the
177  DOE ARM dual-column CCN-200 instrument (Uin and Enekwizu, 2024). The instrument reports
178  CCN number concentrations as a function of supersaturation, at 1 Hz resolution. During standard
179  operation, the instrument cycles through six supersaturation levels per hour, ranging from 0 to
180 1.0%, with each level maintained for several minutes.

181 The dry extinction profile is computed by adjusting the ambient extinction profile from
182 RLPROF-FEX using a relative humidity (RH)-dependent aerosol humidification factor, f(RH),
183  parameterized with a gamma coefficient (y) that reflects the sensitivity of extinction to RH
184  (Dawson et al., 2020; Zieger et al., 2010). The gamma value is empirically derived for each day
185  from collocated extinction and RH profiles. This correction ensures that the extinction profile
186  reflects dry aerosol conditions, which are more directly related to the CCN measurements.

187 Various quality control tests are applied to generate the RNCCN dataset. RL profiles with
188  missing RH and aerosol mask features are excluded (Kulkarni et al., 2025). RH profiles that exceed
189  85% are omitted to avoid large, highly uncertain hygroscopic-growth corrections and potential
190  cloud/near-saturation contamination. Temperature profiles (Newsom et al., 2018a, b) that report
191  supercooled temperatures are also excluded because mixed-phase/cloud contamination can bias
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192  the Raman retrievals and the associated extinction-to-CCN scaling. These filters reduce data
193  availability during some cold-season periods, but do not eliminate wintertime RNCCN retrievals
194  overall. Further, extinction profiles are also filtered using feature masks (Chand et al., 2019;
195  Thorsen et al., 2015; Thorsen and Fu, 2015) to remove cloud and precipitation layers. RNCCN can
196  still be retrieved in aerosol-only regions below cloud base; however, profiles (or portions of
197  profiles) flagged as precipitation are excluded because the mask is no longer classified as aerosol,
198 and reliable extinction retrievals are not available. Because of high uncertainty from the
199  instrument’s near-field overlap, the extinction values at the lowest measurement level, the first
200 range gate (i.e., the first discrete altitude interval above the ground where the lidar returns are
201  processed), can be larger than 0.4 km™! or below 0.02 km™! (Kulkarni et al., 2025). When the first
202 range gate extinction falls within the acceptable range (0.02-0.4 km™), it is used because it is
203  closest to the surface CCN measurement and best represents the near-surface aerosol used to
204  anchor the scaling. When it falls outside this range, the extinction value from the second range
205  gate is used for RNCCN estimation.

206 2.4 ARM G1 Aircraft data

207 We used in situ CCN measurements collected during the 2016 HI-SCALE campaign near
208 the SGP site. The aircraft sampled vertical aerosol and meteorological profiles, with CCN
209  concentrations measured at 1 Hz using a dual-column CCN counter operating at fixed
210  supersaturations of 0.24% and 0.46% (Uin and Mei, 2019). We focused on the 0.24% channel to
211  compare with extinction-based RNCCN estimates because the activation dry diameters
212  corresponding to this SS contributed significantly to the extinction (Kulkarni et al., 2025). Only
213  data obtained under cloud-free conditions were used. The high temporal and vertical resolution of
214  the G-1 data, averaged to 10-minute intervals, provided a benchmark for evaluating RNCCN
215  retrieval uncertainty.

216 3. Methodology
217 3.1 k-Nearest Neighbors: Model Configuration and Training

218 We used a kNN classifier to map Raman-lidar observations into aerosol-type classes
219  defined in the DeLiAn database. The classifier was implemented in Python using scikit-learn
220  (KNeighborsClassifier; Pedregosa et al., 2011). kNN is a versatile algorithm and requires only a
221  few user-specified parameters, primarily the number of neighbors (k) and a distance metric,
222  making it straightforward to implement in this study. As a non-parametric ML method, it does not
223  impose a predefined functional form on the decision boundary (i.e., the surface in feature space
224  that separates different aerosol/CCN regimes). Instead, it learns this boundary directly from the
225  data, which allows it to capture nonlinear relationships and still perform robustly with relatively
226  small training datasets, making it a practical choice for this study.

227 The kNN method is implemented using LDR and LR as input features. For each new
228  observation, kNN searches the DeLiAn database for the £ most similar samples (i.e., closest in the
229 LDR-LR feature space) and assigns the aerosol type based on the majority class among those
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230 nearest neighbors. The development of our kNN classifier involved three key stages with careful
231  design: (A) curating the source dataset, (B) augmenting the data to create a balanced training set,
232  and finally (C) training and optimizing the model. These stages are discussed as follows.

233 (A) To adapt the kNN model for the continental SGP site, we refined the standard DeLiAn
234 training dataset by curating its “marine” aerosol class. The default DeLiAn marine
235 definition (LDR < 5%, LR = 3040 sr) overlaps strongly with SGP pollution and would
236 tend to misclassify pollution as marine despite typically weak marine influence at SGP
237 (Liu et al., 2021). Moreover, field observations indicate that typical marine aerosols
238 exhibit very low depolarization (<3%) and lower LR (~20-25 sr) (GroB et al., 2017,
239 2025; Illingworth et al., 2015. We find that the anomalously high LR values in the
240 DeLiAn marine class are mainly associated with rare shipborne “dried-marine” cases
241 from cruise, where sea-salt particles are modified by dry free-tropospheric air (Haarig
242 et al., 2017). Thus, we excluded these non-representative cruise samples to improve
243 climatological consistency and reduce misclassification. After filtering, the remaining
244 DeLiAn “marine” class mainly occupies the low-LDR/low-LR corner.

245 (B) The DeLiAn database (Floutsi et al., 2023) based aerosol types are shown in Figure 1a.
246 Here, the aerosol-type classification is performed using paired measurements of LDR
247 (%) and LR (steradian, sr) at 355 nm. Several aerosol types in the DeLiAn database
248 contain only a small number of observations. To prevent these sparsely sampled classes
249 from being overwhelmed by well-sampled types in the KNN voting step, we apply an
250 uncertainty-aware augmentation procedure. For each observation, synthetic samples
251 are generated by perturbing LDR and LR within their reported measurement
252 uncertainties, using a truncated range to avoid unrealistic values. We then balance the
253 training set by expanding each aerosol type to 61 samples, the size of the largest well-
254 sampled class in the original DeLiAn dataset (Smoke; 61 valid observations). All other
255 classes are augmented to this size (Figure 1b), ensuring comparable representation
256 across aerosol types without oversampling beyond the existing majority class.

257 (C) During training, LDR and LR are standardized using statistics from the augmented
258 dataset (i.e., the DeLiAn observations plus the uncertainty-perturbed synthetic
259 samples). We use a kNN classifier with Euclidean distance and distance-weighted
260 voting (i.e., closer neighbors receive higher weights in the class assignment), chosen
261 for its non-parametric nature and its ability to represent the locally clustered structure
262 of aerosol types in LDR-LR space. The number of neighbors (k) is selected via 5-fold
263 stratified cross-validation, where augmentation and scaling are performed within each
264 training fold. The value of k with the highest mean macro-averaged F1 score (a standard
265 metric that balances precision and recall across all classes) is used in all subsequent
266 analyses. Final model training is performed on the full augmented dataset and LDR—
267 LR observations that are standardized and classified using this trained model.
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Figure 1. (a) DeLiAn aerosol linear depolarization ratio vs. lidar ratio observations at 355 nm
showing the original measured points with their reported uncertainties (error bars) (reproduced
using data in Floutsi et al., 2023). (b) Training dataset after uncertainty-aware augmentation: each
original observation is supplemented by synthetic samples generated by perturbing LDR and LR
within the reported uncertainties, so that each aerosol type contains 61 samples. Colors denote the
13 aerosol types.

3.2 ML Model Performance

The kNN classifier’s performance was assessed using 5-fold stratified cross-validation. For
each fold, the training data portion was independently augmented using the uncertainty-aware
procedure described in Section 3.1. This standard practice ensures that the model is always
evaluated on held-out data untouched by the augmentation process. Predictions for each test fold
were then collected and aggregated to generate the final performance metrics.

The resulting row-normalized confusion matrix is shown in Figure 2. Each row
corresponds to the true aerosol class and each column to the predicted class; values indicate the
fraction of samples in a true class assigned to each predicted class. Darker diagonal elements
indicate more accurate classifications, while off-diagonal elements highlight systematic confusion
between classes.

We merged aerosol classes into broader categories to improve the interpretability of the
confusion matrix while preserving dominant optical similarities. Specifically, Marine combines
Clean marine and Dried marine; Dust combines Saharan dust, Central Asian dust, and Middle
Eastern dust; Pollution/Central European Background (CEB) combines Pollution and Central
European background, because the CEB type largely represents aged continental anthropogenic
aerosol, it is also grouped with pollution in the final aerosol classification; and Smoke combines
Smoke and Stratospheric smoke. All other categories (Ash, Dust and smoke, Dust and pollution,
Dust and marine) remain unchanged.

EGUsphere\
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294 The confusion matrix is shown in Figure 2. Classification performance is type dependent
295 and is constrained by the use of only two lidar observables (LR and LDR). Optically distinct
296  classes are retrieved with high fidelity: “Ash” is classified perfectly (1.00), and key fine-mode
297  anthropogenic regimes are well resolved, including Pollution/CEB (0.83) and Smoke (0.66). In
298  contrast, ambiguity increases among dust and mixed classes with overlapping LDR—LR signatures.
299  For example, “Dust and marine” is frequently confused with “Dust” (0.33) and “Dust and
300 pollution” (0.67). “Dust and pollution” is split between its correct label (0.67), “Dust and marine”
301  (0.22), with the remaining fraction assigned to “Dust” (0.11). This is consistent with the limited
302  separability of mixtures using only two optical features. Higher-fidelity discrimination would
303 require additional independent observables (e.g., multiwavelength backscatter/extinction or
304  spectral depolarization), which is beyond the scope of this LR-LDR-only framework. Importantly,
305 most misclassifications occur among closely related dust/mixed categories that occupy similar
306 regions of LR-LDR space, rather than between fundamentally different regimes. Because our
307 application is to diagnose vertical heterogeneity and layer structure, not to provide definitive
308  aerosol composition, the classifier skill should be sufficient for identifying transitions between
309 distinct optical regimes.

310

10
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312  Figure 2. Row-normalized confusion matrix for the kNN aerosol-type classifier using merged
313  DeLiAn categories, based on 5-fold stratified cross-validation. Rows denote the true class, and
314  columns denote the predicted class; diagonal elements give the per-class recall (classification
315 accuracy), and off-diagonal elements show the fraction misclassified into other classes. The
316  corresponding confusion matrix for the original (unmerged) DeLiAn classes is shown in Appendix
317  Figure A.

318 In addition, this kKNN-based framework assumes that the major aerosol types encountered
319  at SGP are reasonably represented in the DeLiAn training set and that Raman-lidar LR and LDR
320 provide meaningful signatures for separating those types. As with any lidar-based typing approach,
321  uncertainties arise from the instruments’ calibration drift and low-SNR conditions, which can
322  reduce classification confidence. Because kNN assigns types based on similarity in LR-LDR
323  space, mixed aerosol and observations near class boundaries may occasionally blur distinctions
324  among categories. Accordingly, the inferred types should be interpreted as an optical-regime

11
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325  diagnostic rather than a definitive statement of aerosol composition. This caveat is important to
326  keep in mind when interpreting RNCCN behavior under complex or heterogeneous aerosol
327  conditions.

328 4. Results and Discussions
329 4.1 Case-Based Evaluation of RNCCN

330 In this section, we first focus on case studies from HI-SCALE periods when in situ CCN
331  measurements and RNCCN retrievals are available. To ensure comparability, we selected cases
332  where (1) the G1 remained within 100 km (radially) of the Raman lidar site and (2) the aircraft
333  operated below the planetary boundary layer height (PBLH; Zhang et al., 2022). These cases
334  enable a very detailed examination of how aerosol type classification helps interpret differences
335  between aircraft in situ CCN measurements and retrieved RNCCN values. For case analysis, we
336  selected three flight days (3, 11, and 17 September 2016) to show more details. These cases
337  (summarized in Table 1) span a range of aerosol conditions from vertically homogeneous (case
338  #1) to highly heterogeneous (case #3), with case #2 in between.

339  4.1.1 Case #1: Vertically Relative Homogeneous Pollution

340 Figure 3 presents a case from 11 September 2016 characterized by relatively stable aerosol
341  properties and limited vertical variability in LDR and LR over the 15:10—18:10 UTC. The time—
342  height evolution of LDR (Figure 3a) shows consistently low values (<2%), while LR (Figure 3b)
343  remains mostly between 30 and 60 sr. In the DeLiAn database (Figure 1a), this region of LDR—
344 LR space is dominated by pollution aerosols; our ML model also identified this period as pollution
345  (Figure 3c).

346 The comparison between retrieved RNCCN and in situ CCN concentrations is shown in
347  Figure 3d. During 15:40-16:50 UTC (between the dashed lines), when the G-1 aircraft remained
348  within ~30 km of the Raman lidar, RNCCN agrees closely with the aircraft CCN measurements.
349  This distance threshold (30 km) is chosen because the RNCCN product is averaged over 10-minute
350 intervals, during which the aircraft typically travels about 60 km at ~100 m s™'; a 30 km radius
351 therefore approximates the spatial footprint of the lidar retrieval. Within this 30 km radial vicinity,
352  the mean aircraft CCN concentration is 367 cm™3, and the collocated RNCCN retrievals have a
353 mean value of 386 cm™, an RMSE of 97 cm™, and a small positive bias of ~19 cm™ (Table 1).
354  This indicates a slight systematic overestimation of CCN by RNCCN under well-collocated,
355  vertically homogeneous conditions.

356 In contrast, surface CCN measurements (orange squares) are substantially higher than both
357 RNCCN and aircraft CCN, often by roughly a factor of two. This behavior demonstrates that
358 near-surface CCN concentrations are not always representative of CCN aloft, even during
359 relatively uniform aerosol conditions.

360 Even as the aircraft distance from the Raman lidar increases later in the period (red curve
361 in Figure 3d), RNCCN remains broadly consistent with the in-situ measurements, indicating
362  horizontal homogeneity in aerosol type and loading in this case. Overall, Case #1 represents a near-
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363 ideal condition/scenario for applying the RNCCN method: a stable aerosol with minimal vertical
364  structure and high classification confidence, resulting in comparatively low CCN retrieval
365  uncertainty compared to aircraft measurements.

366 Table 1. Summary of RNCCN performance for the three HI-SCALE case days
Date Key features Mean Mean Mean RMSE
aircraft Surface RNCCN (RNCCN
CCN CCN (cm™) VS.
(cm™) (cm™) aircraft)
(cm™)
Case #1 Vertically homogeneous aerosol 367 765 386 97
2016-09-11
Case #2 Moderate heterogeneity with 560 1019 614 373
2016-09-17 mixed aerosol types
Case #3 Large heterogeneity with 899 1859 1600 1276
2016-09-03 strongly layered aerosols
367
368
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369

370  Figure 3. Time-height cross sections on 11 September 2016 (Case #1): (a) LDR (%) from Raman
371  lidar, with the white line showing G-1 aircraft altitude and magenta line the planetary boundary
372 layer height from Doppler lidar; (b) same as (a), but for lidar ratio (sr); (c) aerosol type
373 classification from the kNN model; (d) time series of in situ CCN concentration aboard the G-1 at
374  0.24% supersaturation (black circles: median, with 25-75% interquartile range), overlaid with
375  collocated RNCCN retrievals (cyan circles) and surface CCN (orange squares). The red line (right
376  axis) shows aircraft distance from the SGP Raman lidar; vertical dashed lines indicate the period
377  when the aircraft was within ~30 km of the site.

378  4.1.2 Case #2: Moderately Heterogeneous, Mixed Aerosol Types
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404
405

In contrast to the previous case, Figure 4 illustrates a more complex boundary layer
structure from September 17, 2016, characterized by pronounced vertical and temporal variability.
The time-height cross-sections (Figures 4a-c) reveal a multi-layered aerosol structure, with distinct
layers of high-LR “Pollution” and “Smoke” overlying a layer of low-LR “Clean marine” aerosol
around 1 km.

This increased complexity is reflected in the RNCCN performance. For samples when the
aircraft was within 30 km of the Raman lidar, the mean aircraft CCN concentration is 560 cm3,
while the corresponding RNCCN retrievals exhibit an RMSE of 373 cm™ and a positive bias of
~54 cm™ relative to the aircraft (Table 1). These errors are larger than in Case #1.

Large discrepancies between RNCCN and in situ CCN tend to occur when aerosol
conditions are vertically and horizontally heterogeneous. For example, around 19:20-19:50 UTC,
the RNCCN-aircraft CCN difference increases after a period of strong vertical variability in
aerosol type (19:00-19:30 UTC; Figure 4c). The ~20-min offset can be explained by the lack of
exact collocation: the aircraft sampled within a 30-km radius rather than directly above the lidar,
so the aircraft and lidar likely sampled different air parcels that advected past the site at slightly
different times under heterogeneous conditions.

The most pronounced deviation occurs near 18:30 UTC. Two factors likely contribute: (a)
a vertical mismatch in aerosol type between the surface, the column sampled by the lidar, and the
aircraft level, such that the partial homogeneity assumption underlying the RNCCN retrieval is not
satisfied, and (b) a rapid change in aircraft altitude during 18:20-18:30 UTC, which increases the
variability of the time-averaged CCN estimate, as indicated by the large error bar on the G-1
measurements in this interval (Figure 4d). Overall, Case #2 demonstrates that RNCCN can still
capture the broad magnitude and variability of CCN under moderately heterogeneous conditions,
but retrieval errors increase when multiple aerosol types and sharp vertical transitions in aerosol

types are present.
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Figure 4. Same as Figure 3, but for the case of September 17, 2016 (case #2).
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406  4.1.3 Case #3: Strongly Layered Aerosols

407 Figure 5 shows a case from 3 September 2016 (Case #3) that exhibits greater structural
408  complexity than the previous cases. In Figures 5a-b, the LDR and LR fields reveal a strongly
409 layered aerosol structure, and the aerosol-type classifications (Figure 5c) alternate between
410  pollution, smoke, and occasional marine-like signatures. Grid cells without an assigned aerosol
411 type at around 1 km in Figure 5c correspond directly to a “clean-air (no-detected-feature)” layer
412  (Figure B-c), which indicates that no aerosol (or cloud/precipitation) feature is confidently detected
413  and/or that aerosol extinction cannot be retrieved with sufficient quality in that layer (Thorsen et
414  al., 2015).

415 The RNCCN algorithm relies on the ratio of dry extinction at height z to the surface value.
416  This scaling requires valid, quality-controlled extinction retrievals at the reference level and at
417  height z and a vertically continuous extinction profile between them. As a result, RNCCN is not
418  reported within these clean-air (no-feature) layers. Where RNCCN is reported above the gap, its
419  interpretation may be uncertain because the extinction scaling is effectively applied across a layer
420  with missing or low-quality extinction, so the connection between the surface aerosol and the
421  elevated layer may not be confidently established.

422 The comparison with in situ CCN measurements (Figure 5d) reflects this case’s complexity.
423  Overall, RNCCN performance is much worse than in the first two cases. For samples collected
424  within 30 km of the Raman lidar, the mean aircraft CCN concentration is 899 c¢cm™, whereas
425 RNCCN exhibits an RMSE of 1276 cm™ and a substantial positive bias of 701 cm™ (Table 1).
426  These large discrepancies indicate that the retrieval substantially overestimates CCN under these
427  heterogeneous, multi-layered aerosol type conditions.

428 The degraded performance coincides with (1) vertically intermittent clean-air (no-feature)
429  regions that break the column into poorly constrained segments and (2) pronounced aerosol-type
430 variability with height. Unlike Case #1, where the aerosol column was relatively uniform and well
431  classified, this example highlights conditions in which the RNCCN assumption of a vertically
432  homogeneous, well-characterized sub-cloud aerosol layer is clearly not held, leading to larger
433  retrieval uncertainties.

434
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436  Figure 5. Same as Figure 3, but for the case of September 3, 2016 (case #3).

437 4.2 Statistical Evaluation of RNCCN

438 While the case studies in Section 4.1 provide a detailed, qualitative view of RNCCN
439  performance under specific conditions, they do not indicate how representative those behaviors
440  are across the full HI-SCALE dataset/cases. A statistical analysis is necessary to (i) generalize the
441  case-study findings to all available flights and (ii) relate RNCCN deviation from aircraft
442  measurements to a more objective measure of aerosol complexity.

443 To examine how aerosol variability influences RNCCN performance, all G-1-RNCCN
444  comparisons were aggregated into 10-minute windows. Each window requires (i) at least one valid
445  G-1 CCN measurement and one valid RNCCN estimate, and (ii) a mean aircraft—Raman lidar
446  distance separation < 30 km. Flight days with fewer than three valid windows are excluded from
447  the case-level analysis.

448 To quantify the complexity of the aerosol column for each case, we use the kNN aerosol-
449  type classifications derived from Raman lidar measurements (LDR and LR). For every valid 10-
450 minute window that meets the collocation criteria described above, and for all RNCCN vertical
451 levels between the surface and the maximum aircraft altitude, we count occurrences of each aerosol
452  type and the clean-air (no-detected-feature) category, which represents layers where aerosol
453  extinction is not retrievable and can interrupt the extinction scaling used by RNCCN. Counts are
454  summed over all valid windows for a given case and converted to fractional occurrences pi. A
455  simple heterogeneity index is then defined using the Gini impurity (Breiman et al., 1984):

456 H=1- Zl.piz, (2)

457  such that H closes to 0 corresponds to a nearly uniform aerosol column dominated by a single type,
458  while larger values reflect increased mixing among multiple aerosol types and/or substantial no-
459  feature (extinction-retrieval gap) layers below the aircraft.
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460 For each case, we compute the mean G-1 CCN and RNCCN CCN across all valid windows
461 and use |[RNCCN-GI| as a case-level measure of retrieval error. Figure 6 summarizes the
462  relationship between vertical heterogeneity below aircraft flight altitude and RNCCN
463  performance. Each point represents a flight day, labeled by its case ID. The 20160911 case (H=0)
464  exhibits a vertically uniform aerosol environment with minimal type transitions and no missing
465 layers and correspondingly shows the smallest RNCCN—-G-1 difference, which is consistent with
466  the homogeneous structure documented in Figure 3. Larger discrepancies occur for cases with
467  elevated heterogeneity (e.g., H>0.5).
468 Overall, Figure 6 shows a modest positive association between RNCCN-G-1 discrepancies
469 and heterogeneity index, although substantial scatter remains at intermediate H. A linear fit
470  indicates moderate correlations (0.73 or 0.83 when excluding 10 September 2016), consistent with
471  anoverall increase in discrepancy with H. This conclusion/trend holds when the error is expressed
472  as either an absolute difference or a relative difference normalized by the mean G-1 CCN. This
473  result supports the interpretation that the extinction-scaling approach used in RNCCN is more
474  likely to produce large errors in vertically complex/heterogeneous conditions (larger H values),
475  not just in the specific examples shown in Figures 3-5.
476 At the same time, we emphasize that H summarizes heterogeneity in LR/LDR-derived
477  aerosol typing and should therefore be interpreted as an indicator of vertical-complexity rather
478  than a complete predictor of RNCCN error. RNCCN discrepancies can also be driven by strong
479  vertical extinction gradients and/or retrieval and representativeness uncertainties that are not fully
480  captured by H; the 10 September 2016 outlier is discussed in Appendix C.
481
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482 Heterogeneity H
483  Figure 6. Case-level relationship between aerosol heterogeneity H and RNCCN Aircraft difference
484  |[RNCCN-Aircraft|. Each point shows one flight day, labeled by its case ID. Labels of the form
485 YYYYMMDDHH (e.g., 2016091516 and 2016091519) indicate the date and central UTC hour of
486  the flight segment. Solid lines represent linear and exponential fits using all cases, while dashed
487  lines exclude the 20160910-outlier case.
488 5. Summary and Conclusions

17



https://doi.org/10.5194/egusphere-2026-1432
Preprint. Discussion started: 27 April 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

489 The objective of this study is to assess how vertical variability in aerosol optical properties
490 (used as a proxy for aerosol type/compositional variability) affects the performance of CCN
491  profiles provided by the RNCCN. This assessment was carried out using in situ aircraft CCN
492  measurements from the HI-SCALE field study conducted near the ARM SGP site.

493 The RNCCN retrieval method relies on scaling surface CCN measurements with vertically
494  resolved aerosol extinction profiles from Raman lidar and assumes a vertically uniform aerosol
495  composition. However, this assumption may not always be valid, and therefore, this study
496  specifically investigated whether the vertical variability in lidar-inferred aerosol classes (based on
497  lidar ratio and linear depolarization ratio) can serve as an indicator of reduced RNCCN retrieval
498  confidence. We hypothesize that violations of this vertical uniformity assumption, i.e., strong
499  vertical heterogeneity in these lidar-inferred classes, will degrade RNCCN performance. To test
500 this hypothesis, we developed a kNN-based classification framework using data from the DeLiAn
501  database. This framework was used to generate the vertical distributions of aerosol classes. Under
502  different boundary layer vertical aerosol structures, we then compared RNCCN with in situ CCN
503  concentrations from the G-1 aircraft.

504 The results show that RNCCN performance degrades as vertical aerosol complexity
505 increases. For vertically homogeneous, pollution-dominated columns, RNCCN closely matches
506  aircraft CCN, indicating that extinction scaling works well when aerosol composition is nearly
507 uniform. As embedded layers of differing aerosol classes/types and moderate vertical structure
508 appear, RNCCN errors grow. In strongly layered scenes with alternating aerosol classes/types,
509 intermittent no-feature regions, or gaps that disconnect elevated aerosol from the surface layer, the
510  difference between RNCCN and aircraft-measured CCN is large.

511 To generalize beyond individual examples, we introduced a heterogeneity index based on
512  the vertical distribution of kNN-derived aerosol classes/types. Statistics show a tendency for
513  RNCKCN retrieval error to increase with this heterogeneity metric (), quantitatively confirming
514  that aerosol complexity is one of the key controls on RNCCN reliability, even though RNCCN
515  discrepancies can also be driven by strong vertical extinction gradients and/or retrieval and
516  representativeness uncertainties that are not fully captured by H.

517 This methodology can be used to enhance RNCCN, either within the existing product or
518  as acompanion dataset, by providing kKNN-derived aerosol-class/type (optical regime) profiles and
519  a heterogeneity index (H) together with simple quality flags that classify columns as relatively
520 homogeneous or heterogeneous. These additions offer a practical indicator of RNCCN confidence
521  and enable objective filtering or stratification of RNCCN profiles in subsequent analyses. In
522  practice, H can be computed for each RNCCN profile using a temporal window (e.g., 30—-60 min)
523  and over a specified lower-tropospheric layer (e.g., 0—3 km). A categorical quality flag can also be
524  assigned from H to distinguish higher-confidence homogeneous cases from lower-confidence
525  heterogeneous cases.

526 The proposed ML-based assessment framework improves our ability to interpret RNCCN
527  accuracy and to identify conditions under which extinction-scaling approaches are relatively
528  trustworthy. This supports more robust use of long-term CCN vertical distributions for model
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529  evaluation and for studying aerosol—cloud interactions. The framework is not limited to the current
530 RNCCN implementation and can be extended to other CCN-profile retrievals from Raman or high-
531  spectral-resolution lidars, provided that both LR and LDR are available. Future work could refine
532  the classification scheme by incorporating additional, independent lidar observables (e.g.,
533  multiwavelength backscatter or depolarization), thereby improving aerosol classification based on
534  optical properties and RNCCN assessment in more complex aerosol environments.
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543  2023).

544  Author contributions

545  Writing (original draft preparation): JT; Visualization: JT; Editing: JT, GK, JC, JS, DZ, PW, FM;
546  Methodology: JT, GK, JC, JS, DZ, PW, FM; Data curation: JT, GK; Supervision: JC, JS

547  Competing interests
548  The authors declare no competing interests.

549  Acknowledgments

550 This research is supported by, and data were obtained from, the ARM user facility, a U.S.
551  Department of Energy (DOE) Office of Science user facility managed by the Biological and
552  Environmental Research (BER) program. Pacific Northwest National Laboratory is operated by
553  Battelle for the U.S. Department of Energy under Contract DE-AC05-76RLO1830. Gourihar
554  Kulkarni was supported by the Atmospheric System Research (ASR) program as part of the U.S.
555  Department of Energy (DOE) Office of Science's Biological and Environmental Research (BER)
556  program under the Pacific Northwest National Laboratory (PNNL) project:57131.

557  Appendix A

558 Classification performance is type-dependent. The model demonstrates high fidelity in
559  distinguishing optically unique aerosol types (“Ash”, “Smoke”, “Pollution”, and “Clean Marine”).
560 For example, “Ash” and “Clean marine” are identified with near-perfect accuracy. The classifier
561  also effectively resolves key anthropogenic types like Pollution (89% accuracy) and Smoke (72%
562  accuracy). Conversely, and as expected, classification ambiguity increases for aerosol classes with
563  overlapping optical properties. This is most evident among different dust types and mixtures. For
564 instance, the model struggles to differentiate regional dusts: 67% of “Middle Eastern dust” is
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565  misclassified as “Central Asian dust”. Similarly, mixed-phase classes are challenging. While “Dust
566  and pollution” is correctly identified 67% of the time, the remaining 22% (11%) is misclassified
567  as “Dust and marine” (“Middle Eastern dust”), indicating confusion between a mixture and one of
568 its potential pure components. These patterns do not indicate a model failure, and they are
569  consistent with the expected difficulty of distinguishing internally mixed or regionally similar dust
570 types using only LDR and LR.
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573  Figure A. Row-normalized confusion matrix from 5-fold stratified cross-validation. Each row
574  represents the true aerosol class, and each column shows the predicted class. Values on the diagonal
575  represent the accuracy for each class, while off-diagonal values indicate misclassifications.

576  Appendix B

577  The feature masks shown in Figure B are derived from the Raman Lidar Profiles, Feature Detection
578  and Extinction (RLPROF-FEX) Value-Added Product (VAP) (Chand et al., 2019). The RLPROF-
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FEX algorithm identifies and classifies atmospheric targets, including aerosol layers, liquid clouds,
ice clouds, and precipitation, using automated feature detection methods described in Thorsen et
al. (2015) and Thorsen and Fu (2015).
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Figure B. Feature mask from Raman Lidar on (a) September 11, 2016 (case #1), (b) September 17,
2016 (case #2), and (c) September 3, 2016 (case#3).

Appendix C

In Figure. C1-d (case 10 September 2016), RNCCN substantially overestimates the aircraft
CCN. This bias is not accompanied by a great change in LR or LDR with height, and the kNN
classifier assigns the same aerosol type at the surface and flight level, probably suggesting that the
error is not driven by a major aerosol-type transition in LR-LDR space. Instead, the Raman-lidar
dry-corrected extinction increases sharply with height during this period (Figure B2), yielding an
unusually large dry-extinction ratio relative to the near-surface reference level. Because RNCCN
scales surface CCN by this ratio, the enhanced extinction gradient directly amplifies the retrieved
CCN aloft and explains the overestimate mechanistically.

The origin of this extreme extinction gradient cannot be uniquely determined here. One
possibility is physical: an elevated aerosol layer with substantially higher aerosol loading and/or
different microphysical characteristics than near the surface, even though LR and LDR remain

21



https://doi.org/10.5194/egusphere-2026-1432
Preprint. Discussion started: 27 April 2026
(© Author(s) 2026. CC BY 4.0 License.

EGUsphere\

597  within the same kNN aerosol-type class (i.e., similar LR-LDR does not imply vertically uniform
598 loading or a constant extinction-to-CCN relationship). Alternatively, the gradient may be
599 influenced by retrieval and representativeness effects, for example, low-SNR/QC limitations
600 (including the intervening no-feature interval), and/or imperfect spatial-temporal matching
601  between the aircraft and the surface—lidar column despite the less than 30 km distance.
602 Additional note for Figure Cl-c, at SGP, the kNN ‘marine’ label likely represents a
603  clean/background regime rather than true sea-salt influence. Supporting analysis is given in
604  Appendix D.
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608  Figure C2. Time-height cross sections of Raman-lidar aerosol extinction for Case (10 September
609  2016). (a) Lidar extinction coefficient (Ext, km™). (b) Dry-corrected aerosol extinction coefficient
610  (Ext Dry, km™) directly used in the RNCCN.
611  Appendix D
612 This subsection evaluates the physical meaning of the KNN-derived “marine” aerosol class
613  at SGP and clarifies how this label should be interpreted when assessing RNCCN performance at
614  SGP. Because the SGP site is far from any oceanic influence, a truly sea-salt—-dominated aerosol
615  could be unlikely. To investigate whether this classification is physically plausible, we compared
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independent aircraft measurements from the Aerosol Mass Spectrometer (AMS), Fluorescent
Aerosol-Size Time-of-Flight Mobility Spectrometer (FIMS), and SPLAT (Single Particle Laser
Ablation Time-of-Flight Mass Spectrometer).

For each flight day, AMS provided non-refractory submicron mass (sulfate, nitrate,
ammonium, chloride, organics), while FIMS measured the full aerosol size distribution, which
includes AMS-detectable species plus coarse-mode dust and any potential sea-salt (Fast et al.,
2022). To estimate aerosol mass from FIMS, we used composition-dependent effective densities
derived from SPLAT, which reports per-case fractional contributions of major aerosol classes.
Combining the FIMS size distribution with SPLAT-derived effective density allowed us to infer a
bulk mass concentration that should exceed AMS if marine or dust aerosols were abundant.

However, for 10 September 2016, the FIMS-inferred mass was not significantly larger than
AMS, and both instruments showed relatively low aerosol loading compared to other flight days
(Figure D). This may indicate that this case was not dominated by sea salt or dust. Instead, the
scene appears to represent a clean, low aerosol airmass. Under such conditions of extremely weak
aerosol signal, the LDR-LR features that drive the kNN classification become less distinctive, and
the algorithm can misclassify “clean” conditions as “marine” because both exhibit weak
depolarization and moderate lidar ratios. Thus, we suspect that the “marine” label on 2016-09-10
does not imply the presence of sea salt but is better interpreted as a clean background regime with
very low continental aerosol influence. This interpretation is consistent with ARM’s use of the
term “clean marine” in remote regions (e.g., Kennaook—Cape Grim), where it denotes an airmass
with minimal anthropogenic or continental contributions, not necessarily one dominated by
oceanic sea-salt particles. Our results, therefore, suggest that the marine classification at SGP may
reflect the absence of pollution, rather than true marine aerosol, and that future versions of the
classifier should explicitly distinguish “clean’ from “marine” regimes to avoid this ambiguity.
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Figure D. Per-case aerosol mass derived from the Fast Integrated Mobility Spectrometer (FIMS)
and the Aerosol Mass Spectrometer (AMS), together with Single Particle Lagrangian Integrated
Trajectory (SPLAT)—derived effective particle density (p_eff). FIMS aerosol mass (mean and
median) is estimated from measured aerosol size distributions using the case-specific effective
density (p_eff), while AMS mass represents non-refractory submicron aerosol species, including
sulfate (SO4*), nitrate (NOs~), ammonium (NH4"), chloride (CI"), and organic aerosol (Org).
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