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Abstract. Australian “Black Summer” wildfires in 2019-2020 released large amounts of smoke that affected aerosols and 

clouds over the South Pacific. Here we quantified wildfire perturbation on aerosol loading and cloud condensation nuclei 

(CCN, particles that can act as seeds for cloud droplets) using a machine learning (ML) method. We trained ML models with 10 

meteorological datasets to represent counterfactual “no-wildfire” conditions, which were contrasted against satellite 

observations of “wildfire” conditions of aerosol optical depth (AOD), Aerosol Index, and CCN. We found strong and robust 

aerosol and CCN responses during the wildfire months over the South Pacific downwind plume region (140° E–100° W, 10° 

S–50° S). The wildfire perturbation substantially increased AOD by 36 % and 68 % in December 2019 and January 2020, 

respectively, and Aerosol Index by 21 % and 53 %, respectively. In comparison, CCN increased by 40 % in December 2019 15 

and 20 % in January 2020. We find that the AOD and Aerosol Index enhancements form a broad band following the main 

smoke plume and extend across the full studied region over the South Pacific, while the CCN response is weaker and more 

localized, with enhancements mainly confined to the plume central-line along the main smoke transport pathway with a rapid 

decay further downwind. This difference suggests that transport and aging processes could reduce wildfire aerosol capability 

in enhancing CCN number concentration. Moreover, our results provide further observational evidence that Aerosol Index 20 

can provide a useful complement to AOD when interpreting smoke impacts on CCN. 

1 Introduction 

In recent years, wildfire frequency and intensity have increased worldwide, becoming a major source of atmospheric aerosol 

loading, and are expected to keep increasing in a warmer future (Huang et al., 2023; Zheng et al., 2020). Beyond degrading 

air quality, wildfire smoke can perturb cloud microphysics, atmospheric radiation, and regional to global climate through 25 

both aerosol–radiation and aerosol-cloud interactions (Sokolik et al., 2019). As highlighted in the Sixth Assessment Report 

(AR6) of the Intergovernmental Panel on Climate Change (IPCC), these effects are especially important because cloud-

mediated radiative forcing remains a major source of uncertainty in climate assessment. In particular, marine low clouds are 

a strong cooling influence on the planet while remaining a leading source of uncertainty in climate sensitivity (Calvin et al., 
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2023; Myers et al., 2021; Scott et al., 2020). One key reason for this uncertainty is that wildfire aerosols can act as cloud 30 

condensation nuclei (CCN, particles that can act as seeds for cloud droplets), increasing cloud droplet number concentration 

and decreasing droplet effective radius, thereby enhancing cloud albedo through the Twomey effect and producing a cooling 

tendency (Twomey, 1977). Previous observational and modelling studies have shown that aerosol perturbations, including 

biomass burning aerosols, can modify cloud droplet number concentration (CDNC), cloud albedo, and cloud cover, thereby 

influencing cloud-mediated radiative effects (Chen et al., 2015; Chen and Wang, 2016; Herbert and Stier, 2023; Kaufman 35 

and Koren, 2006; Liu et al., 2020; Roberts et al., 2003). However, the magnitude and climatic relevance of wildfire-induced 

cloud radiative forcing remain insufficiently constrained (Gryspeerdt et al., 2023). Because aerosol-cloud interactions are 

mediated through changes in CCN (Köhler, 1936; Twomey, 1974). It represents one of the largest sources of uncertainty in 

current climate projections (Forster, P. et al., 2023). However, direct CCN measurements remain sparse and sample only a 

small fraction of the globe, providing insufficient constraints on the global distribution of aerosols (Andreae, 2009; 40 

Spracklen et al., 2011; Stier, 2016). Research on CCN impacts over remote oceans is especially limited due to the sparse 

availability of CCN observations. Against this broader climatic background, the 2019–2020 'Black Summer' wildfires in 

Australia (hereafter ‘AU wildfire(s)’) provide an exceptional large-scale smoke perturbation for investigating wildfire 

impacts in a remote marine environment. It represents one of the most severe biomass burning events on record in the 

Southern Hemisphere (Ma et al., 2024; Peterson et al., 2021). The event released approximately 715 million tons of CO2 -45 

equivalent greenhouse gases (van der Velde et al., 2021). The event generated an unprecedented smoke plume rich in 

absorbing black carbon and scattering organic carbon. This plume was injected into the upper troposphere and even the 

stratosphere, causing significant warming in the Southern Hemisphere's lower stratosphere for over six months (Damany-

Pearce et al., 2022; Li et al., 2026; Yu et al., 2021). Satellite observations from the Moderate Resolution Imaging 

Spectroradiometer aboard NASA's Aqua platform (Aqua-MODIS) recorded a clear temporal evolution of the smoke loading: 50 

aerosol optical depth (AOD) remained near background levels (0.026) in June 2019, rose sharply to a peak of 0.068 in 

December 2019, and gradually returned to background levels (0.027) by May 2020 (Yang et al., 2021). Observations from 

the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) instrument aboard the Cloud-Aerosol Lidar and Infrared 

Pathfinder Satellite Observation (CALIPSO) satellite further showed that the smoke was primarily distributed within the 

0.5–4 km altitude range, with peak concentrations between 0.5 and 2 km (Ohneiser et al., 2020; Yang et al., 2021). Driven 55 

by the prevailing westerlies, this plume was transported across the South Pacific Ocean and reached South America within 

approximately 8–14 days (Ohneiser et al., 2020). This AU wildfire smoke was transported almost immediately over the 

remote South Pacific, largely unaffected by confounding continental pollution sources. This combination of exceptional 

emission scale, detailed spatiotemporal evolution, and a uniquely clean oceanic transport pathway make this AU wildfire an 

ideal ‘natural experiment’ for investigating wildfire impacts on aerosols and CCN over remote marine regions. 60 

AOD, defined as the vertically integrated extinction of solar radiation by aerosol particles (Ångström, 1929), has therefore 

been widely adopted as a satellite-observable proxy for CCN concentration (Ahn et al., 2021; Block et al., 2024; Rosenfeld 

et al., 2008, 2023). However, AOD does not provide explicit information on the vertical distribution of aerosols; therefore, 
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aerosol layers above cloud base can increase AOD, but may not contribute to the CCN population relevant to low-level cloud 

formation (Painemal et al., 2020; Stier, 2016). In situ aircraft observations also demonstrate that aerosol optical properties 65 

can vary strongly with altitude, so surface or column-integrated measurements alone may not sufficiently constrain aerosol 

radiative impacts (Tian et al., 2020). In addition, AOD is influenced not only by particle number concentration but also by 

hygroscopic growth. Hygroscopic growth increases particle size and enhances optical extinction, but particle number 

concentration remains unchanged (Jin et al., 2023; Liu and Li, 2014). The relationship between CCN and AOD varies 

significantly between marine and continental regions, as well as across different aerosol environments (Stier, 2016). AOD 70 

can be an unreliable proxy for CCN in clean marine regions, where background AOD is dominated by coarse-mode sea salt 

aerosol, such that fine-mode CCN perturbations produce only a small AOD signal that is difficult to distinguish from natural 

background variability (Painemal et al., 2020). Consequently, over approximately 71 % of the global ocean area, the 

correlation between CCN and AOD falls below 0.5 (Stier, 2016). The Ozone Monitoring Instrument (OMI) Aerosol Index is 

derived from the departure of measured near-UV reflectance from that of a pure Rayleigh atmosphere (Torres et al., 1998). 75 

Other studies have suggested that Aerosol Index could act as a superior proxy for CCN, because it gives lower weight to 

large particles. Aerosol Index effectively reduces the interference from sea salt and dust particles, leading to more sensitive 

to aerosol size information (Hasekamp et al., 2019; Ma et al., 2018; Stier, 2016). Studies have suggested that Aerosol Index 

is often more closely related to CCN than AOD across different aerosol environments (Hasekamp et al., 2019; Ma et al., 

2018; Rosenfeld et al., 2023). Moreover, the OMI Aerosol Index is sensitive to absorbing aerosols, such as black carbon in 80 

smoke, and their vertical height (Jethva et al., 2018). Although Aerosol Index may better capture smoke-related and size-

related aerosol information, both AOD and Aerosol Index remain column-integrated indirect proxies and cannot directly 

represent CCN concentration. Their relationship to CCN is mediated by composition, hygroscopicity, size distribution, 

supersaturation conditions, and vertical structure, factors that cannot be independently resolved from a single optical column 

quantity (Deng et al., 2011; Dusek et al., 2006a; Liu and Li, 2014; Petters and Kreidenweis, 2007; Stier, 2016). Therefore, 85 

jointly analyzing AOD, Aerosol Index, and CCN are important for constraining wildfire-induced aerosol perturbations. 

Nevertheless, observation-based analysis of wildfire aerosol anomalies faces a key challenge: the observed variations in 

AOD, Aerosol Index, and CCN reflect not only emission enhancement but are also significantly influenced by 

meteorological conditions, such as boundary layer structure, hygroscopic growth, and large-scale transport (Chen et al., 2022, 

2024). Consequently, only relying on observed anomalies makes it difficult to distinguish the relative contributions of 90 

meteorological variables and wildfire aerosols to changes in AOD, Aerosol Index and CCN. This limits the accurate 

quantification of wildfire-induced aerosol perturbations. Therefore, isolating the wildfire-driven CCN signal requires a 

method that can construct a reliable “no-wildfire” aerosol baseline under the same meteorological conditions as those 

actually occurring during the event. 

Here, we address these challenges by developing a machine-learning counterfactual framework based on long-term 95 

observations of aerosol and CCN to isolate wildfire-induced perturbations in AOD, Aerosol Index, and column-integrated 

CCN from meteorological co-variability over the South Pacific during the 2019–2020 AU wildfire. We utilize ERA5 
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(Hersbach et al., 2020), the fifth-generation atmospheric reanalysis produced by the European Centre for Medium-Range 

Weather Forecasts (ECMWF) meteorological reanalysis data with satellite observations to train machine-learning models 

that estimate the “no-wildfire” baseline (Chen et al., 2022, 2024). This model constructs a meteorologically driven aerosol 100 

baseline, representing the expected states of AOD, Aerosol Index, and CCN under identical meteorological “no-wildfire” 

conditions. By comparing satellite observations of AOD, Aerosol Index, and CCN during the wildfire peak months 

(December 2019 and January 2020) against their meteorologically conditioned “no-wildfire” baselines, we isolate 

perturbations driven specifically by the wildfire smoke plume rather than by meteorological co-variability. The AU wildfire 

case provides a valuable opportunity to understand the smoke plume’s impact on AOD, Aerosol Index and CCN, and to 105 

evaluate the fidelity of AOD and Aerosol Index as proxies of CCN for smoke aerosol over south Pacific marine conditions. 

2 Materials and methods 

2.1 Satellite observations of aerosol and CCN 

We used Level-3 monthly AOD and cloud products of Moderate Resolution Imaging Spectroradiometer (MODIS) satellite 

collection 6.1 during 2003-2024. The MODIS collection 6.1 corrects the instrumental degradation and cloud optical property 110 

biases that were previously present in Terra-Collection 5.1, so that now both Terra-MODIS and Aqua-MODIS show 

consistent results.  

We used the Level-3 daily global gridded OMI/Aura UV Aerosol Index product from the TOMS-like dataset (OMTO3d, 

Version 3) for 2005–2024 (Pawan K. Bhartia, 2012). In our processing, we aggregated the daily data into monthly means for 

use in the analysis to be consistent with MODIS dataset. 115 

A global CCN dataset during 2007-2021, the available period of the CALIPSO-derived CCN product, was also used in this 

study (Choudhury and Tesche, 2023). It provides a multiyear height-resolved dataset of aerosol-type specific CCN 

concentrations estimated from the space-borne lidar aboard the CALIPSO satellite launched in April 2006. To ensure spatial 

consistency with the 1°×1° ERA5 grids, the original monthly data of CCN from all aerosol types was regridded to 1°×1° 

from original 2°×5° data using bilinear interpolation by independently applying it to each time-altitude slice on a global 120 

regular latitude-longitude grid. To be consistent with AOD and Aerosol Index, both of which represent aerosol column 

properties, we constructed a column-integrated CCN dataset for 1000–200 hPa to represent the total CCN in the troposphere. 

The three satellite datasets span different periods due to the operational timelines of their respective missions. These 

differing periods do not affect our analysis, as each variable's machine-learning model is trained independently using its own 

full available dataset. 125 

2.2 ERA5 Meteorological reanalysis 

The meteorological parameters from ERA5 were collocated with Terra-MODIS and Aqua-MODIS overpass time during 

daytime (Hersbach et al., 2020). Meteorological variables from ERA5 were aggregated spatially to 1°×1° resolution and 
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temporally to monthly means to match the AOD and Aerosol Index datasets. For analysis of AOD, Aerosol Index and CCN, 

the machine learning (ML) used meteorological variables from surface to 200 hPa. The original names of the surface and 130 

2.3 Machine learning 

Observational relationships between aerosol and CCN (or cloud properties) can be strongly confounded by meteorological 

co-variability, which complicates the interpretation of aerosol-driven effects (Chen et al., 2022, 2024; Christensen et al., 

2022). To disentangle wildfire-induced signals from these confounding factors, we developed a ML model to estimate target 135 

variables (AOD, Aerosol Index, or CCN) based on given meteorological conditions. All observational data from the AU 

wildfire period (December 2019 to May 2020) and historical wildfires months before 2020 were strictly excluded from the 

training dataset, allowing ML to learn the counterfactual “no-wildfire” conditions. The wildfire perturbation was quantified 

by comparing satellite observations during the wildfire months against the ML estimated “no-wildfire” conditions. This 

study used the Random Forest regression algorithm. Random Forest is a widely used ensemble-learning algorithm that 140 

performs well in estimating nonlinear relationships in high-dimensional feature spaces, is relatively robust to overfitting, and 

provides feature importance for model interpretation (Belgiu and Drăguţ, 2016; Breiman, 2001; Scornet et al., 2015). There 

have been many studies showing the use of Random Forest algorithms to successfully predict PM2.5 using parameters 

including meteorological variables (Bi et al., 2022; Brokamp et al., 2018; Lv et al., 2021). Using ERA5 meteorological 

variables as inputs, we trained three independent Random Forest models, one for each target variable: MODIS AOD, OMI 145 

Aerosol Index, and CALIPSO column-integrated CCN. The trained ML models act as a surrogate of the satellite datasets to 

represent the counterfactual observations in “no-wildfire” conditions, and are referred to as ML-MODIS, ML-OMI, and ML-

CALIPSO, respectively. 

The satellite observations during the target period, influenced by wildfire emissions, were compared with the ML estimates 

for this period under identical meteorological conditions. Thus, this approach allows isolation and quantification of the 150 

specific contributions from wildfire. To focus the ML more on regional-specific relationships between local meteorology and 

aerosol/CCN variability, we adopt a stratified training strategy by dividing the study area (140° E–100° W, 10° S–50° S) into 

twelve 20°×20° subdomains and train 12 ML models separately for AOD, Aerosol Index and CCN (Li et al., 2019; Xiao et 

al., 2018). Only oceanic regions were analyzed to focus on marine clouds that have larger impacts on radiative forcing than 

clouds over continents.  155 

To estimate the uncertainty of the ML-MODIS, ML-OMI, and ML-CALIPSO estimates, we used a leave-two-years-out 

cross-validation (LTYO) Monte Carlo ensemble approach (Chen et al., 2024). For each ensemble member, we randomly 

excluded two years of data (with replacement) and trained ML using the remaining years. This procedure was repeated to 

generate an ensemble of 1000 members, allowing us to estimate the uncertainty of the machine-learning estimate. 

pressure level variables from ERA5 are given in Table A1.  
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3 Results and discussion 160 

3.1 Responses of AOD and Aerosol Index to the Australian wildfire 

 

Figure 1: Scatter density plots of satellite observations versus ML estimates for AOD, Aerosol Index, and CCN.  

The top row (a, b, c) evaluates the non-perturbed baseline via leave-two-year-out cross-validation. The middle and bottom 

rows display the wildfire months (Dec 2019, Jan 2020). The color scale (dark blue to yellow) represents the normalized data 165 

density function, with yellow indicating the highest density of points. Pink lines are linear regressions (slopes indicated), 

thick black dashed lines are 1:1 references, and thin dashed contours outline the 80 % core data distribution of the non-

perturbed baseline to highlight wildfire-induced positive anomalies. 

 

To isolate wildfire-driven aerosol signals from meteorological signals, we applied the trained ML models as described in 170 

Sect. 2.3 to estimate the expected “no-wildfire” aerosol conditions during December 2019 and January 2020. Figure 1 

illustrates the scatter plot relationship between satellite observations (MODIS, OMI, and CALIPSO) and ML-based 

estimates (ML-MODIS, ML-OMI, and ML-CALIPSO) for December 2019, January 2020, and the non-perturbed LTYO 

samples. Overall, the non-perturbed samples (Figs. 1a, 1b, and 1c) are primarily aligned along the 1:1 line, with slopes of 
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0.96, 1.00, and 0.90 for AOD, Aerosol Index, and CCN. The average Pearson r values for AOD and Aerosol Index across 12 175 

subdomains are in the range of 0.84 and 0.90, respectively, indicating good fidelity. These correlations are statistically 

significant (P < 0.001). These non-perturbed plots demonstrate that the meteorological baseline effectively captures the 

background variability and interannual fluctuations of AOD, Aerosol Index and CCN within the study domain. Figures 1d, e, 

f, g, h, and i clearly show a deviation during the Australian wildfire months (December 2019 and January 2020). The 

observed AOD and Aerosol Index are substantially higher than the ML estimated “no-wildfire” baseline, indicating strong 180 

AU wildfire influence.  
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Figure 2: Spatial responses of AOD and Aerosol Index to wildfire perturbations estimated from the differences between 

MODIS/OMI observations and ML estimates (Obs. - ML).  

(a, b) AOD perturbation maps for December 2019 and January 2020, respectively. (c, d) Aerosol Index perturbation maps for 185 

December 2019 and January 2020, respectively. The middle sub-panels show the corresponding zonal-mean perturbation 

profiles. In panels (a) and (c), the area to the left of the black dashed line is the research area used for zonal mean and 
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probability density analysis (140° E-180°, 10° S-50° S). Regional-mean statistics were calculated as area-weighted averages. 

In panels (e–h), the black and blue dashed lines represent the medians values of ML-MODIS/ML-OMI estimates and 

MODIS/OMI observations, respectively. 190 

 

We compared the satellite observations from December 2019 and January 2020 with the corresponding non-perturbed 

conditions (Fig. 2). Both months show significant positive perturbations along the smoke transport path. The zonal-mean in 

Fig. 2 shows that perturbations in AOD and Aerosol Index indicate clear peaks across different longitudes. Overall, the peak 

values and the area of influence in January 2020 are stronger than in December 2019. The corresponding probability density 195 

results show that the perturbed distributions of AOD and Aerosol Index shift toward larger values compared to the “no-

wildfire” background, with a much larger shift in January 2020. 

 

Figure 3: Responses of AOD, Aerosol Index and CCN to the wildfire aerosol perturbation in December 2019 and January 2020.  

The y-axis represents the ratio of satellite observations to the ML estimate of “no-wildfire” cases under the same 200 

meteorological conditions. Pink boxes indicate the distributions during the wildfire perturbation, while black boxes represent 

the non-perturbed baseline derived from a Monte Carlo method. For each boxplot, the horizontal line inside the box indicates 

the median, and the dot represents the mean. The top and bottom edges of the box represent the 75th and 25th percentiles, 

respectively, and the whiskers extend to the 90th and 10th percentiles. The horizontal dashed gray line (Ratio = 1.0) indicates 

perfect agreement between satellite observations and ML surrogates. 205 

Fig. 3 uses the ratio of satellite observations (MODIS, OMI, CALIPSO) to the corresponding surrogate satellites (ML-

MODIS, ML-OMI, ML-CALIPSO) to represent the wildfire influences. To estimate uncertainty, we used the Monte Carlo 

ensemble as described in the Methods section. We estimated that in December 2019, the AU wildfire led to an increase in 

AOD, Aerosol Index, and CCN by 36 %, 21 %, and 40 %, respectively, on average across the whole studied region. In 

January 2020, the increases were much larger for AOD and Aerosol Index, 68 % and 53 %, respectively, and smaller for 210 

CCN at 20 %. 
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Figure 4: Vertical cross-sections of extinction coefficient anomalies along the 40° S–25° S latitudinal band for (a) December 2019 

and (b) January 2020.  

Anomalies are calculated relative to the 2007–2019 climatological mean for the corresponding months. The vertical axis 215 

denotes altitude (0–12 km) and the horizontal axis denotes longitude (140° E–100° W). 

To identify which altitudes contribute most to AOD and to describe the vertical structure of the smoke plume, we analysed 

the climatological longitude–height profiles of the CALIPSO 532 nm extinction coefficient (Fig. 4). In December 2019, the 

extinction increase is mainly concentrated between 0 and 3 km near the wildfires. In January, as the wildfires intensified, the 

signal remained strong between 0.5 and 4 km, and the fire plume was transported further to west South Pacific. This vertical 220 

distribution, dominated by the lower layers, is consistent with previous CALIPSO observations (Ohneiser et al., 2020; Yang 

et al., 2021). The smoke signal reached 120° W, which was consistent with Fig. 2b. A large amount of smoke is lifted into 

the middle and upper troposphere and undergoes significant long-range transport across the Pacific Ocean, driven by the 

westerlies. 
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3.2 Localized Enhancements and Rapid Decay of Wildfire CCN 225 

 

Figure 5: Spatial responses of CCN to wildfire perturbations are estimated from the differences between CALIPSO observations 

and ML-CALIPSO estimates (Obs. - ML).  

Panels (a) and (b) show the CCN perturbations for December 2019 and January 2020, respectively. The area to the left of the 

black dashed line indicates the research area for zonal mean and probability density analysis, i.e., (140° E-180°, 10° S-50° S) 230 

for a) and (140° E-140° W, 10° S-50° S) for b). Regional-mean statistics were calculated as area-weighted averages. Panel (c) 

shows the January 2020 plume-core region highlighted by the green box, where the CCN enhancement is strongest and more 

spatially coherent. The dashed blue and black vertical lines in panels (d)–(f) indicate the median values of CALIPSO 

observations and ML-CALIPSO estimates, respectively. 
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We compared CALIPSO column-integrated CCN (1000–200 hPa) observations with a “no-wildfire” baseline (ML-235 

CALIPSO) under the same meteorological conditions. When there was no wildfire in the real world, the ML-CALIPSO 

baseline reproduces the observed CCN variability reasonably well, with a mean Pearson r of ~0.89 across the 12 subdomains, 

and the correlations were statistically significant (P < 0.001), confirming that the ML model estimates a reliable “no-wildfire” 

baseline. Using this baseline, we quantified the CCN perturbations caused by wildfires (Fig. 5). Overall, positive CCN 

anomalies follow the smoke transport path, with the strongest signals around the plume central core (green box in Fig. 5c). 240 

Outside the plume central core, the response of CCN weakens rapidly. This is different from AOD and Aerosol Index, which 

have a much broader increase across the entire study area. 

To study CCN perturbations more clearly, we selected an additional sub-region in the plume core (green domain) for further 

analysis in January (Figs. 5c and 5f). The zonal mean (pink line) shows that the peak of positive CCN perturbations is 

concentrated in the latitude band covered by the plume. However, when the entire study area is considered (Figs. 5d and 5e), 245 

the shift in the probability density median line is not obvious. This is because many grid points with weak or near-zero 

signals dilute the area-weighted average of CCN response. However, inside the green domain (Fig. 5f), the CALIPSO 

observed CCN distribution shows a clear rightward shift relative to ML-CALIPSO. This indicates that the CCN increase was 

mainly centered in the plume central core, rather than the large background area downwind. Quantitatively, according to Fig. 

3, CCN increased by about 40 % in December 2019 but only by about 20 % in January 2020. This suggests that stronger 250 

aerosol loading did not always lead to proportional CCN enhancement, given the nonlinear relationship between AOD and 

CCN. 

3.3 Relationship between AOD, Aerosol Index and CCN under wildfire conditions 

In terms of spatial patterns and statistical distributions, wildfire plumes lead to a wider and more persistent increase in 

AOD/Aerosol Index. In contrast, the increase in CCN is more concentrated, and decays faster when the plume is transported 255 

further downwind following the westerlies or dispersed meridionally. Specifically, Fig. 2 shows that the positive AOD 

changes cover a larger downwind area. However, as shown in Fig. 5, the positive CCN anomalies are mainly limited to the 

plume central core and weaken quickly outside of it, with a regional average CCN increase of about 20 % in January, 

considerably lower than the corresponding increases in AOD (68 %) and Aerosol Index (53 %). Our ML approach detects 

significant enhancement in both AOD and CCN along the smoke transport pathway, suggesting that both are influenced by 260 

wildfire emissions. However, the responses of AOD and CCN are not proportional. Although higher AOD generally 

coincides with higher CCN, the CCN enhancement does not scale linearly with AOD, limiting the use of AOD alone as a 

direct proxy for CCN. This is consistent with previous studies (Liu and Li, 2014; Romakkaniemi et al., 2012). 

AOD and CCN behave differently because they are sensitive to different aerosol features. AOD is mainly affected by aerosol 

mass loading and particle size (Jin et al., 2023). In contrast, CCN concentration is determined by both the absolute number of 265 

activatable particles and their hygroscopicity (κ) (Dusek et al., 2006; Edwards et al., 2021; Jin et al., 2023; Petters and 

Kreidenweis, 2007), hence CCN is more sensitive to the activatable aerosol number especially for the smaller size particles, 
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which usually have larger number concentration. Due to this difference, as the smoke plume moves and changes, AOD and 

CCN do not dilute at the same rate. Several processes during plume transport and aging could reduce CCN number but do 

not decrease AOD to the same extent. For example, first, intense coagulation near the source significantly reduces the 270 

particle number concentration and pushes particles into the accumulation mode which contributes largely to AOD (Hodshire 

et al., 2019; June et al., 2022; Ramnarine et al., 2019). Because coagulation conserves total aerosol mass and moves aerosol 

to more visible light sensitive accumulation mode but reduces aerosol number concentration by shifting particles toward 

larger sizes (Sakamoto et al., 2016), coagulation could increase AOD by reducing CCN. In addition, the accumulation mode 

particles have a relatively long atmospheric lifetime, favoring long-range transport (Chen et al., 2016). This keeps the total 275 

mass and extinction efficiency at high levels, making the AOD signal persist over further distances. However, the 

irreversible coagulation of particles leads to a rapid decay in the absolute number of effective CCN. This reduction in 

number and increase in size due to coagulation process is supported by high-resolution simulations and aircraft observations 

in biomass burning plumes (Hodshire et al., 2019; June et al., 2022; Ramnarine et al., 2019). Second, plume dilution and wet 

scavenging, especially in-cloud scavenging, first removes larger, activatable particles (Ding et al., 2019; Edwards et al., 2021; 280 

Pierce et al., 2007; Textor et al., 2006). These further speed up the loss of effective CCN number concentration downwind. 

In addition, chemical aging and mixing state evolution, such as secondary organic aerosol formation and mixing with soluble 

inorganic salts, during transport significantly increase the aerosol hygroscopicity (κ) and lower the activation supersaturation 

threshold (Sc) (Petters and Kreidenweis, 2007). As shown in previous studies, this microphysical aging can increase the 

CCN potential by several times within just a few hours (Reid et al., 2005; Vakkari et al., 2014). However, aging could also 285 

facilitate wet scavenging and hence speed up the decay of CCN response signal over the longer-term, although aging 

significantly improves the CCN activation in near source regions in short-term. Therefore, during long-range transport, even 

though downwind smoke particles are more hygroscopic, their low number concentration still causes the CCN signal to be 

more localized and decay faster than AOD.  

Although the signal of AOD response is similar to the CCN response in the beginning phase of AU wildfire (Dec. 2019, Fig. 290 

3), Aerosol Index response becomes closer to the CCN response than the AOD response in developed and aged phase in 

January 2020. Previous studies have noted that using AOD alone as a CCN proxy is not always stable (Liu and Li, 2014; 

Romakkaniemi et al., 2012). To better represent CCN, we need additional information about particle size features 

(Hasekamp et al., 2019; Liu and Li, 2014). Therefore, relying only on AOD to infer downwind CCN and potential aerosol-

cloud interaction strength may lead to systematic biases. Aerosol Index is more sensitive to smaller particles (Jethva et al., 295 

2018); therefore, Aerosol Index could be more relevant to CCN number concentration in some cases, e.g., Jan. 2020, and 

could be used as an additional proxy along with AOD to represent CCN in regions with sparse in-situ observations. 
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4 Conclusions 

We used a satellite-based ML method to disentangle wildfire impacts on aerosol and CCN from meteorological noise. We 

quantified how the 2019–2020 Australian “Black Summer” wildfires disturbed aerosols and column-integrated CCN over the 300 

South Pacific. We validated the model and estimated the uncertainty with leave-two-year-out Monte Carlo ensembles. This 

framework can compare wildfire months with “no-wildfire” conditions under similar (identical) weather, which minimizes 

the effect of meteorological co-variability. 

Over the full studied region (140° E–100° W, 10° S–50° S), the wildfires caused a strong and widespread aerosol signal. 

Compared with the ML “no-wildfire” counterfactual baseline, AOD increased by about 36 % in December 2019 and about 305 

68 % in January 2020. Over the same months, the Aerosol Index increased by about 21 % and 53 %. Maps, zonal means, and 

probability density functions all show that the AOD and Aerosol Index increases over a very large region along the main 

smoke transport pathway, and the signal was stronger and wider in January 2020 than December 2019. Compared to aerosol 

responses over the wider South Pacific, the increase of CCN was mainly limited along the plume central line, and the 

enhanced signal decayed quickly in further downwind or dispersal regions.  310 

These findings have important implications for understanding wildfire impacts on climate. CCN increases of 20-40 % could 

substantially perturb cloud microphysical properties and the associated radiative forcing (Chen et al., 2024; Jia et al., 2021; 

Quaas et al., 2020). Our results show that AOD (or Aerosol Index) and CCN do not scale linearly during wildfires. Transport, 

dilution, removal, and plume aging reduce CCN number more quickly than they reduce AOD/Aerosol Index. Therefore, 

AOD-based estimates of wildfire aerosol-cloud interactions may systematically misrepresent the spatial pattern of CCN 315 

perturbations and the resulting cloud radiative forcing, while Aerosol Index can provide a useful complementary proxy to 

AOD when interpreting smoke impacts on CCN. Future work should quantify the cloud microphysical and radiative forcing 

responses to the CCN perturbations. Due to future climate warming, the frequency and intensity of wildfires are expected to 

increase (Huang et al., 2023). Understanding these nonlinear aerosol-CCN-cloud relationships over remote oceans will be 

critical for constraining future wildfire-driven climate forcing. 320 

Appendix A 

We note that after regridding from 2° × 5° to 1° × 1°, the CALIPSO CCN fields show a narrow band of missing data near 

180° longitude. This is caused by the combination of the original coarse grid and the longitude wrapping at the dateline 

during the regridding procedure, which leaves some 1° cells without valid source values. These grid cells were kept as 

missing values and excluded from subsequent spatial statistics. 325 
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Surface Variables Pressure Variables (1000 hPa to 200 hPa) 

large_scale_rain_rate divergence 

100m_u_component_of_wind geopotential 

mean_sea_level_pressure potential_vorticity 

100m_v_component_of_wind relative_humidity 

precipitation_type specific_humidity 

10m_wind_speed temperature 

sea_ice_cover u_component_of_wind 

2m_dewpoint_temperature v_component_of_wind 

sea_surface_temperature vertical_velocity 

boundary_layer_height vorticity 

skin_temperature 
 

convective_available_potential_energy 
 

total_column_water_vapour 
 

friction_velocity 
 

total_precipitation 
 

instantaneous_10m_wind_gust 
 

instantaneous_moisture_flux 
 

k_index 
 

large_scale_precipitation_fraction 
 

 330 

Code and data availability 

The MODIS cloud and aerosol products from Aqua (MYD08_L3) and Terra (MOD08_L3) used in this study are available 

from NASA Atmosphere Archive and Distribution System Distributed Active Archive Center (LAADS DAAC; 

https://ladsweb.modaps.eosdis.nasa.gov). The OMI/Aura Level-3 TOMS-like UV Aerosol Index product (OMTO3d, Version 

3) is available from the NASA Goddard Earth Sciences Data and Information Services Center (GES DISC; 335 

https://disc.gsfc.nasa.gov). The CALIPSO-derived global multiyear three-dimensional cloud condensation nuclei dataset 

used in this study is available from PANGAEA at https://doi.org/10.1594/PANGAEA.956215. The CALIPSO aerosol 

Table A1. ERA5 monthly meteorological parameters  

https://doi.org/10.5194/egusphere-2026-3634
Preprint. Discussion started: 8 July 2026
c© Author(s) 2026. CC BY 4.0 License.



16 

 

extinction data used for the vertical aerosol structure analysis are available from the NASA Atmospheric Science Data 

Center (ASDC; https://asdc.larc.nasa.gov). The ERA5 reanalysis datasets are available from the European Centre for 

Medium-Range Weather Forecasts (ECMWF) through the Copernicus Climate Data Store at 340 

https://cds.climate.copernicus.eu. The analysis code used in this study is available from the corresponding author upon 

reasonable request. 
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