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Abstract. Accurate classification of aerosol types is crucial for regional aerosol pollution source tracking and optical remote

sensing studies. However, conventional classification methods are mostly relying on the single-device observation that provides

limited optical parameters, and the use of fixed empirical thresholds that limits the classification accuracy. This study devel-

ops a machine learning-enhanced aerosol types classification method that integrates active and passive optical remote sensing

data. First, the global multi-parameter aerosol model is built from high-quality aerosol product datasets of 19 representative5

AERONET sites worldwide, 7 distinct aerosol type classes were established using the K-means clustering algorithm. Then,

based on the established aerosol database with multiple characteristic parameters, we propose a random forest-based aerosol

types classifier, which uses only active-passive remote sensing directly retrieved parameters as inputs. This classifier is evalu-

ated to achieve an overall accuracy of approximately 80% and successfully classifies the dominant aerosol types at 27 typical

AERONET sites. This study offers a practical and reliable method for combining active and passive remote sensing data to10

automated aerosol types classification.

1 Introduction

Aerosols refer to solid and liquid particles in the atmosphere (Falah et al., 2022). Their composition is complex and keep

changing since they can originate from volcanic eruptions, sea sprays, mineral dust, and many other natural and human sources

(Carslaw et al., 2013; Filioglou et al., 2020; Rizza et al., 2019). Some aerosols can directly affect human health (Yang and Xu,15

2022); Aerosol optical properties also strongly affect atmospheric radiative transfer directly and indirectly (Mallet et al., 2017;

Li et al., 2023). For quantifying these influences, correctly classifying regional aerosol types via optically measured aerosol

properties is crucial. An effective and accurate aerosol types classification method is especially critical for tracking aerosol

pollution and determining the applicable aerosol model for remote sensing data processing (Roger et al., 2022; Shekhar et al.,

2021).20

The aerosol properties often used for aerosol types classification can be categorized into 2 kinds: (1) directly retrieved

aerosol optical parameters. Such as Aerosol Optical Depth (AOD), Extinction Angstrom Exponent (EAE), Lidar Ratio (LR,

also known as aerosol extinction-to-backscatter ratio), and Depolarization Ratio (DR), they can be obtained from detection
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data by simple calculation or retrieval. (2) complex retrieved aerosol properties. Such as Single Scattering Albedo (SSA), Real

Part of the Refractive Index (RRI), Imaginary Part of the Refractive Index (IRI), Fine Mode Fraction (FMF), they must be25

obtained by considering the aerosol scattering model. The traditional aerosol types classification methods are based on the

empirical determined thresholds of several aerosol properties, they were usually limited in dimension (Barnaba and Gobbi,

2004; Mukhopadhyay et al., 2025; Youroi et al., 2026). Currently, some studies use machine learning algorithms to strengthen

classification processing, such as K-means clustering (Fan et al., 2021), Mahalanobis distance clustering (Hamill et al., 2016),

Naive Bayes classifier (Yang et al., 2026; Zhou et al., 2022), random forest classifier (Del Aguila et al., 2025; Choi et al.,30

2021b), etc. They take a great number of aerosol optical properties(mainly complex retrieved aerosol properties) as inputs to

improve classification accuracy. Therefore, they are constrained in practice and depend on the comprehensive aerosol optical

properties datasets.

In this study, we establish 7 distinct aerosol type classes with multiple characteristic parameters from the high-quality

aerosol product datasets of global typical AERONET sites using the K-means clustering algorithm. The aerosol properties35

selected for clustering are not only contain various key aerosol characteristics but also have been frequently used in other

classification studies. Then, taking established aerosol database as training sample, we propose an aerosol types classifier

based on random forest algorithm, which takes only frequently used directly retrieved optical parameters(AOD, EAE, LR and

DR) as inputs. Compared with other studies, this proposed classifier is more universally applicable and will not be affected by

the uncertainty introduced by complex model calculation. Besides, this classifier is constructed from a comprehensive multi-40

dimensional database established by clustering, rather than from an empirical database, which ensures objectivity. Evaluated

with validation data, the overall accuracy of the constructed classifier is nearly 80%. By testing, this classifier can correctly

classify the dominant aerosol types in 27 typical AERONET sites.

2 Global multi-parameter aerosol model

2.1 AERONET data45

AERONET is a globally ground-based aerosol monitoring network developed by NASA. The sun-sky radiometers in AERONET

sites measure direct solar radiance at 8 wavelengths (340, 380, 440, 500, 675, 870, 940, and 1020 nm) and sky radiance at 4

wavelengths (440, 670, 865, and 1020 nm), to retrieve and provide various aerosol properties with high accuracy and time

resolution (Sinyuk et al., 2020). Many studies have used the aerosol properties given by AERONET in clustering for aerosol

types classification (Wang et al., 2024; Zhang and Li, 2019). The AERONET version 3 data have 3 various data quality lev-50

els: Level 1.0 (unscreened data), Level 1.5 (cloud-screened and quality-controlled data), and Level 2.0 (cloud-screened and

quality-ensured data) (Nie et al., 2025). In this study, the quality-ensured AERONET version 3 Level 2.0 aerosol inversion

product data is chosen to build the multi-parameter aerosol model.

Since this study aims to develop the multi-parameter model of global typical aerosol types, AERONET sites were selected

according to the following criteria:55
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Table 1. The basic information of AERONET sites used in clustering.

Sites Location The dominant aerosol type

Anmyon, Beijing, Chen-Kung_Univ, Gosan_SNU East Asia Mixed

Abracos_Hill, Alta_Floresta, Cuiaba South America Biomass Burning

Mongu, Senanga, Zambezi South Africa Biomass Burning

Banizoumbou, Capo_Verde North Africa Dust

Mussafa, Solar_Village Arabia Dust

GSFC, MD_Science_Center North America Urban/Industrial

Ispra, Leipzig, Lille Europe Urban/Industrial

(1) The selected sites must be recognized as typical sites that have a single dominant aerosol type. Previous studies have

defined many typical AERONET sites dominated by a single aerosol type. However, some studies may defined different

dominant aerosol types for the same site, such as the site "Shirahama" (Giles et al., 2012; Hamill et al., 2016). Therefore, this

study only selected the sites that most studies consistently attribute to the same aerosol type.

In addition, there are inherent limitations in the application of AERONET products. The quality control criteria of AERONET60

Level 2.0 inversion products require an aerosol optical depth (AOD) larger than 0.4, while the actual measurement results of

marine aerosol can hardly meet this requirement. Consequently, many AERONET-based aerosol types classification studies

did not consider marine aerosol as an independent aerosol type in their classification schemes (Giles et al., 2012; Lee et al.,

2010; Wei et al., 2024). Marine aerosol site data were also excluded in this study.

(2) The AERONET sites dominated by the same aerosol type but with different geographical locations were also selected.65

Some previous studies have defined many geographically separated sites dominated by the same aerosol types (Russell et al.,

2010). By taking these sites into account, we may find the subtle aerosol property differences or even subtypes caused by

regional differences.

(3) All observation data were collected up to the end of 2025. Since aerosol properties may change within observation

time, in this study, all available observation data at each station through the end of 2025 were adopted, so that these data can70

characterize the long-term real regional aerosol properties.

(4) Balancing sample sizes was considered when selecting sites. The amount of valid data(Level 2) varies significantly

among different AERONET sites. Since these site data were collected for clustering, it is desirable to maintain a basic balance

in the amount of data for different aerosol types.

Finally, 19 typical AERONET sites across various continents were selected for clustering. The geographic locations of these75

sites are displayed in Fig. 1. The data from these 19 sites can capture various aerosol types’ characteristics(except for marine

aerosol) and regional characteristics. Some sites are geographically close to each other. Their basic information (locations and

dominant aerosol types) are listed in Table 1.
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Figure 1. Geographic locations of 19 typical AERONET sites used in clustering. The basemap is sourced from Tianditu © MNR, China

(http://www.tianditu.gov.cn) with Map Approval No. GS(2025)1508.

The aerosol properties selected for clustering are listed below. We chose these properties not only because they can capture

various aerosol characteristics without repetition, but also because they have been widely used as aerosol types classification80

criteria in various studies.

(1)Extinction Angstrom Exponent (EAE). The AOD at different wavelengths(λ) are considered to have the following rela-

tionship (Angström, 1964; Russell et al., 2010; Yuan et al., 2023):

AOD (λ) =B×λ−EAE (1)

Here B is the turbidity coefficient. In AERONET aerosol products, EAE is calculated from AOD at 440 and 870 nm:85

EAE =− ln [AOD (870)/AOD (440)]

ln (870/440)
(2)

A small value of EAE indicates that in the aerosol the coarse particles are dominant; a large value of EAE indicates that the

fine particles are dominant (Dubovik et al., 2002). EAE is related to aerosol particle size characteristics and is widely used in

aerosol types classification (Chen et al., 2018; Evgenieva et al., 2022; Han et al., 2025; Sreekanth, 2014).

(2)Single Scattering Albedo (SSA). SSA is the ratio of the aerosol scattering coefficient(σs) to the aerosol extinction90

coefficient(σe) of the entire atmospheric column.
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SSA= σs/σe (3)

SSA can describe the relative magnitude of aerosol scattering and extinction capacity. Since aerosol extinction is composed

of aerosol scattering and absorption, SSA is frequently used to distinguish absorbing from non-absorbing aerosols in aerosol

types classification (Che et al., 2018; Lee et al., 2010; Sabetghadam et al., 2020).95

(3)Sphericity Factor. AERONET inversions provide a percentage value of aerosol particle sphericity, which is related to the

aerosol shape characteristic. It can be used to distinguish low spherical aerosols(especially dust) from high spherical aerosols

(Hamill et al., 2016; Taylor et al., 2015). Since this aerosol property is not available in AERONET version 3 Level 2.0 datasets,

here we can use the sphericity factor from Level 1.5 for supplementation (Roger et al., 2022).

(4)Refractive Index. Refractive Index is composed of 2 parts, namely the Real Part of the Refractive Index (RRI) and100

the Imaginary Part of the Refractive Index (IRI). The RRI and IRI are indicate aerosol scattering and absorption capacity,

respectively (Awais and Wang, 2025). They have been used in many clustering classification cases (Fan et al., 2021; Hamill

et al., 2016).

(5)Effective Radius. AERONET inversions can provide the effective radius of aerosols in fine mode and coarse mode. They

indicate fine and coarse aerosol particle size characteristics, and were used in many AERONET-based classification cases (Choi105

et al., 2021a; Wei et al., 2024).

This study only adopts these five discriminative and non-redundant key features for clustering, compared with clustering

using numerous aerosol characteristic parameters, which avoids disturbances introduced by non-informative and highly corre-

lated features, and achieves better physical rationality.

AERONET inversion products can provide SSA, RRI, and IRI at 4 different wavelengths; however, aerosol properties at110

different wavelength are basically describe the same characteristics. Since strongly correlated features would affect the perfor-

mance of K-means clustering, referring to other studies (Annapurna et al., 2024; Wei et al., 2024), we can use the properties

at 440 nm. Finally, there are 7 specific features used in clustering: EAE, SSA440nm, Sphericity Factor, RRI440nm, IRI440nm,

Effective Radius(fine) and Effective Radius(coarse).

In addition, for improving the data reliability, we did not use the data points with RRI of 1.33 or 1.6, IRI of 0.0005 or 0.5,115

and sphericity factor of 0.1 or 99. Because they are the minimum and maximum values in AERONET inversion data. By the

end of 2025, there are 18,439 valid data points from these 19 AERONET sites. The volume of data is sufficient for clustering

modeling.

2.2 K-means clustering

To create a comprehensive multi-parameter aerosol model with high-quality, K-means clustering algorithm is employed. As an120

unsupervised machine learning technique, it does not rely on empirical assumptions. K-means clustering algorithm has high

computational efficiency, strong robustness, and clear physical meaning; it has been widely adopted in many aerosol types
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classification studies (Assiri, 2024; Li et al., 2022; Omar et al., 2005). This study uses it to classify AERONET data points into

K reference clusters based on the 7 features mentioned in Sect. 2.1.

K-means clustering algorithm was implemented through following steps:125

(1) Calculating the mean(µi) and standard deviation(σi) of various features, then for each feature selecting K points randomly

within the interval of (µi-σi) to (µi+σi), to compose initial K cluster centroids.

(2) Calculating the normalized Euclidean distance between each data point and K cluster centroids, and then marking each

data point with the cluster tag corresponding to the minimum value of K distances.

Here the normalized Euclidean distance (D) was calculated from Equation 4:130

D =

√︄
∑︁7

i=1

(︃
xi − ci
σi

)︃2

(4)

Where xi is the data point value of feature i, ci is the cluster centroid of feature i, and σi is the standard deviation of the data

points of feature i. K normalized Euclidean distances were obtained by calculating with K cluster centroids.

(3) Updating cluster centroids by calculating the average value of each feature within the cluster.

(4) The steps (2) and (3) were iteratively performed until the position change between the old cluster centroids and the new135

cluster centroids was less than the set threshold value.

In addition, K-means clustering requires the determination of the number of clusters (K). The choice of K directly influences

the final clustering results. In this study, the Elbow method is adopted to select the optimal value of K. The Elbow method

selects K by analyzing the decline in the within-cluster sum of squared distances (WCSS) as K increases. When K reaches a

turning point, the rate of decline in WCSS obviously slows down. This turning point is defined as the "elbow point", which is140

regarded as the optimal K (Elmourssi et al., 2026). WCSS can be calculated from Equation 5:

WCSS(K) =

K∑︂

k=1

∑︂

x∈C(k)

∥xi − c
(k)
i ∥2 (5)

Where WCSS(K) denotes the WCSS of K, C(k) is the cluster k, xi is the value of data point x of feature i, and c
(k)
i is the

cluster k centroid of feature i. The WCSS of different K values were calculated and demonstrated in Fig. 2. As is shown in Fig.

2, K = 7 can be recognized as the "elbow point". This value is finally selected for K-means clustering in this study.145

2.3 Aerosol model analysis

The K-means clustering results are shown in Table 2. There are 7 clusters classified from the AERONET data.

From clustering results, we found that the basic aerosol types "Mixed", "Biomass Burning", and "Dust" were each classified

into two clusters. Some previous studies have reported similar further classifications of these basic aerosol types (Cattrall et al.,

2005; Hamill et al., 2016; Wei et al., 2024), therefore these clustering results meet our primary expectations. Each aerosol type150

cluster and its multi-parameter characteristics are analyzed below:
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Figure 2. The WCSS calculation results of different K values.

Table 2. The centroids of different clusters.

Aerosol Types EAE SSA Sphericity Factor RRI IRI ER(F)a ER(C)b Nc

Mixed 1 1.13 0.94 23.88 1.50 0.0059 0.167 2.08 2460

Mixed 2 1.21 0.97 62.57 1.45 0.0042 0.239 2.69 2157

Biomass Burning 1 1.66 0.93 95.23 1.49 0.0112 0.164 2.63 2739

Biomass Burning 2 1.68 0.86 85.54 1.50 0.0249 0.137 2.65 1508

Dust 1 0.42 0.91 2.62 1.42 0.0051 0.118 1.77 3351

Dust 2 0.39 0.90 2.91 1.51 0.0052 0.114 1.93 3311

Urban/Industrial 1.61 0.96 88.80 1.40 0,0046 0.173 2.45 2913

a ER(F): Effective Radius(fine); b ER(C): Effective Radius(coarse); c N is the number of data points in the cluster.

(1) Mixed 1. Most of the parameters of "Mixed 1" are basically at normal levels. "Mixed 1" exhibits relatively high SSA and

RRI, indicating that it has relatively stronger scattering effects. However, its sphericity factor is significantly lower than other

aerosol types (except for two "Dust" clusters). Given that low sphericity is the typical characteristic of dust particles, and some

previous studies have classified the "Mixed" aerosol type with low sphericity as "Dust dominated mixture" (Mukhopadhyay155

et al., 2025), it can be concluded that "Mixed 1" contains prominent dust components.
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(2) Mixed 2. Compared with "Mixed 1", "Mixed 2" shows a further increase in SSA to the highest, and an obvious increase

in sphericity factor. The significant increases in ER(F) and ER(C) also indicate larger particle sizes for each aerosol mode.

Considering the geographic distribution of clustering results, "Mixed 1" mainly occurs in the northern regions of East Asia,

whereas "Mixed 2" is mainly found in the southern regions. Referring to other studies, it can be inferred that the dust compo-160

nents of "Mixed" undergo mixing and coating with various pollutants during long-range transport, which results in an increase

in SSA and more spherical particles (Khatri et al., 2014; Pan et al., 2017).

(3) Biomass Burning 1. "Biomass Burning 1" exhibits high EAE and sphericity factor, indicating it is dominated by fine-

mode and spherical particles. Its IRI is obviously higher than other aerosol types(except for "Biomass Burning 2"), reflecting

the strong absorption effects of particles such as black carbon generated during combustion. The parameters of "Biomass165

Burning 1" generally represent typical characteristics of biomass burning aerosols.

(4) Biomass Burning 2. Compared with "Biomass Burning 1", it has obviously lower SSA, and the IRI value is twice higher.

These reflect stronger absorbing effects, indicating a considerably higher proportion of absorbing components in "Biomass

Burning 2". This difference can also be explained by their geographic distribution. Clustering results show that "Biomass

Burning 1" mainly occurs in South America, while "Biomass Burning 2" is mainly found over southern Africa. This matches170

the hypothesis proposed in previous studies: South American biomass burning aerosols mainly originate from smoldering fires,

while those in southern Africa are flaming fires. Flaming fires release large amounts of black carbon content, and make biomass

burning aerosols with stronger absorption in southern Africa (Hamill et al., 2016).

(5) Dust 1. "Dust 1" exhibits remarkably low EAE and sphericity factor, reflecting the dominance of coarse-mode and

strongly non-spherical particles, which are the two most typical characteristics of dust aerosols. Its relatively low SSA is also175

consistent with the typical characteristics of dust aerosols.

(6) Dust 2. Compared with "Dust 1", "Dust 2" has slightly lower EAE and higher RRI and ER(C). According to the clustering

results, "Dust 1" mostly occurs around the Saharan region of Africa, while "Dust 2" is mainly distributed in the Arabian region.

Differences in source regions are likely responsible for these parameter discrepancies. Previous studies have also reported that

aerosols with radii greater than 2 µm contribute more significantly to Arabian dust (Mateos et al., 2026).180

(7) Urban/Industrial. "Urban/Industrial" exhibits relatively high EAE, SSA, and sphericity factor, reflecting that it is dom-

inated by scattering spherical fine-mode particles. Its overall parameters are consistent with typical characteristics of urban

aerosols. In addition, only one "Urban/Industrial" cluster is classified, confirming that such anthropogenic aerosols have simi-

lar characteristics even across various source regions.

The analysis of the multi-parameter characteristics of each aerosol type cluster verifies the physical rationality of the seven185

established multi-parameter aerosol models. These clustering results are capable of representing typical aerosol types and

their subtypes. The multi-parameter aerosol models and their corresponding datasets can serve as baseline datasets for future

research.
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Figure 3. Schematic diagram of random forest-based aerosol types classifier construction process.

3 Aerosol types classifier

The schematic diagram of aerosol types classifier construction process is shown in Fig. 3. In this study, we use the estab-190

lished multi-parameter aerosol models’ datasets to train the classifier. Compared to other studies that rely on simulated data or

subjectively labeled samples for training, our trained classifier is considered to enable a more objective classification.

3.1 Input parameters

We want to construct an aerosol types classifier based on active-passive remote sensing directly retrieved optical parameters.

Some easily available and representative optical parameters were selected as inputs. Since complex retrieved aerosol properties195

are mostly derived from these directly retrieved aerosol optical parameters, it can be considered that the classifier based on

these directly retrieved optical parameters is feasible. These optical parameters are listed below:

(1) Aerosol Optical Depth (AOD). AOD indicates the aerosol extinction of the entire atmospheric column. AOD is related to

aerosol absorption capacity and is frequently used in aerosol types classification (Alemu and Raju, 2024; Kumar et al., 2015;

Mao et al., 2019; Tan et al., 2015). As a widely used basic aerosol optical parameter, AOD can be easily obtained from sun200

photometer or other passive optical remote sensing instruments.

(2) Extinction Angstrom Exponent (EAE). As is mentioned in Sect. 2.1, EAE is related to aerosol particle size characteristics,

and it can be directly calculated from AOD at 2 different wavelengths.

(3) Lidar Ratio (LR). LR is the ratio of the aerosol extinction coefficient(σe) to the aerosol backscattering coefficient(βs):

LR= σe/βs (6)205

LR can describe the relative magnitude of aerosol extinction and backscattering capacity, which is related not only to aerosol

absorbing and scattering capacity but also to aerosol particle size characteristics. LR is also frequently used in classification

(Groß et al., 2013; Noh et al., 2007; Papagiannopoulos et al., 2018). LR can be detected directly from Raman lidar or High
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Table 3. The final determined hyperparameters of the random forest classifier.

Hyperparameters Value

n_estimators 450

max_depth 25

max_features 10

min_samples_split 5

min_samples_leaf 2

Spectral Resolution Lidar(HSRL) (Haarig et al., 2025; Yao et al., 2023). It can also be obtained from Mie-scattering lidar data

by introducing the iterative procedure (Mortier et al., 2013; Yang et al., 2026; Zhang et al., 2022).210

(4) Depolarization Ratio (DR). DR describes the aerosol depolarizing ability. Many studies have used DR to distinguish

spherical from non-spherical aerosols (Burton et al., 2012; Lin et al., 2022). DR can be obtained from the lidar equipped with

depolarization channels (Floutsi et al., 2023; Noh et al., 2017).

All these input parameters can be directly provided by AERONET Level 2.0 aerosol products. However, except for EAE,

other optical parameters here were provided at 4 various wavelengths(440, 675, 870 and 1020nm) in AERONET. Since random215

forest algorithm result is not sensitive to strongly correlated inputs, AOD, LR, DR at 4 wavelengths were all used in this study,

namely, a total of 13 parameters were taken as inputs.

3.2 Classifier training

Random forest algorithm is employed in this study to train the aerosol types classifier. Random forest classifier is composed of

an ensemble of decision trees, which were constructed through training with bootstrap sampling and random feature selection.220

Its classification results are determined by majority voting. Random forest classifier exhibits good robustness when processing

high-dimensional data, and it can effectively overcome the problem of overfitting in single decision tree classifier (Breiman,

2001; Lan et al., 2020).

The hyperparameters of the random forest classifier can affect its performance seriously. In this study the hyperparam-

eters were optimized by using grid-searching method. The final determined hyperparameters are listed in Table 3. Where225

"n_estimators" refers to the number of decision tree, ’max_depth’ is the maximum depth of decision tree, "max_features" is

the maximum number of features considered, "min_samples_split" is the minimum number of samples required to split a node,

and "min_samples_leaf" is the minimum number of samples for nodes.

In this study, 80% of the database data were used as training samples, and the remaining 20% were stored separately as val-

idation data. According to the hyperparameters determined above, a random forest-based aerosol type classifier is constructed.230

The out-of-bag accuracy of the constructed classifier is calculated to be 78.27%.
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Table 4. The MDI of each input parameter.

Input parameters Importance value (MDI)

DR (1020nm) 0.151

EAE 0.148

DR (440nm) 0.135

LR (440nm) 0.109

LR (675nm) 0.109

LR (1020nm) 0.075

DR (870nm) 0.071

LR (870nm) 0.068

DR (675nm) 0.047

AOD (440nm) 0.032

AOD (675nm) 0.02

AOD (1020nm) 0.019

AOD (870nm) 0.016

3.3 Parameter importance analysis

To identify which input parameters have greater influence on aerosol types classification, an importance analysis is conducted

by calculating the Mean Decrease Impurity(MDI) for each input parameter. A higher MDI indicates that this feature plays a

more significant role in classification. The normalized MDI for all input parameters were calculated and presented in Table 4,235

where the input parameters have been sorted in descending order of MDI.

As shown in Table 4, all inputs are informative for the classification. DR, EAE, and LR exhibit greater influence on clas-

sification, whereas AOD contributes relatively less to the classification performance. These analysis results may provide an

important reference for further research improvements.

3.4 Evaluation240

In this study, only 80% of the database data were randomly selected as training samples; the remaining 20% were stored as

an independent validation dataset. The classification performance of the random forest classifier can be evaluated based on its

outputs of this validation dataset. The confusion matrix is shown in Fig. 4. The accuracies of various aerosol types are given in

Table 5.

From the evaluation results, it can be seen that the proposed random forest-based aerosol types classifier has good perfor-245

mance in each aerosol type. Even the smallest accuracy of these aerosol types is more than 70%, and the overall accuracy

is nearly 80%. This classifier is considered to be effective, exhibiting good generalization ability and strong robustness. In

addition, these selected inputs have also been proven to be capable of capturing aerosol characteristics.
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Figure 4. Confusion matrix of random forest-based aerosol types classifier. Here MIX1 denotes "Mixed 1"; MIX2 denotes "Mixed 2";

BB1 denotes "Biomass Burning 1"; BB2 denotes "Biomass Burning 2"; DU1 denotes "Dust 1"; DU2 denotes "Dust 2"; and UI denotes

"Urban/Industrial".

4 Experiment and results

To verify the practical feasibility and generalization ability of the proposed aerosol types classifier, classification experiments250

were conducted using AERONET Version 3 Level 2.0 data from 27 typical global sites (up to the end of 2025). These sites

include not only the 19 typical sites used in clustering, but also 8 additional typical sites that are also recognized as dom-

inated by single aerosol types, with sufficient high-quality data. The selection of these 8 new sites also considered their

representativeness of typical aerosol types and source regions. For instance, "Osaka" and "XiangHe" in East Asian source

region were chosen as representative sites for "Mixed"; "Concepcion" in South America and "Lake_Argyle" in Australia were255

selected for "Biomass Burning". No additional sites in South Africa were included, because there remains controversy over
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Table 5. The accuracies of various aerosol types.

Aerosol types Accuracy

Mixed 1 80.08%

Mixed 2 81.90%

Biomass Burning 1 70.44%

Biomass Burning 2 74.17%

Dust 1 86.27%

Dust 2 84.74%

Urban/Industrial 74.96%

All types 79.53%

whether the other high-quality sites in this region can represent typical "Biomass Burning" (Eck et al., 2003). "Agoufou"(North

Africa) and "Mezaira"(Arabia) were selected for "Dust". "Paris"(Europe) and "Wallops"(North America) were adopted as "Ur-

ban/Industrial" sites. The classification results of these 27 sites are presented in the Table 6.

As shown by classification results, the dominant aerosol types of 27 AERONET sites were all classified correctly.260

(1) The dominant aerosol types at "Mixed" sites in East Asia were classified as either "Mixed 1" or "Mixed 2". Except

for "Chen-Kung_Univ", which was classified as "Mixed 2" dominated, the remaining sites were all classified as "Mixed 1"

dominated. Their classification results are also shown in Fig. 5. According to the aerosol model analysis in Sect. 2.3, the

northern East Asian sites("Mixed 1") are more affected by dust components, which is also reported by pervious study (Nie

et al., 2025). The additional sites "Osaka" and "XiangHe" are both located in relatively northern regions; it is reasonable that265

they are classified as "Mixed 1" dominated.

(2) The dominant aerosol types at "Biomass Burning" sites in South America were classified as "Biomass Burning 1", in

South Africa were classified as "Biomass Burning 2". Besides, the Australian site "Lake_Argyle" was classified as "Biomass

Burning 2" dominated. Their classification results are also shown in Fig. 6, Fig. 7, and Fig. 8, respectively. These classification

results reveal obvious differences in dominant aerosol types among various source regions; this is consistent with the hypothesis270

cited in the aerosol model analysis that flaming fires lead to stronger absorption of aerosols in southern Africa. The Australian

site results may indicate that biomass burning aerosols in this region originate mainly from flaming fires.

(3) For "Dust" sites, those in North Africa were classified as "Dust 1", sites in Arabia were classified as "Dust 2". Their

classification results are also shown in Fig. 9 and Fig. 10. There are also obvious differences in dominant aerosol types between

these two source regions. Some previous observations have reported that the North African dust have significantly higher lidar275

ratio value than Arabian dust (Mamouri et al., 2013; Müller et al., 2007). Since LR has been used as one of the inputs of the

classifier, it can effectively distinguish "Dust 1" from "Dust 2".

(4) "Urban/Industrial" sites in both North America and Europe were all classified as "Urban/Industrial" dominated. The

classification results are shown in Fig. 11 and Fig. 12. As mentioned in the aerosol model analysis, such anthropogenic
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Table 6. Aerosol types classification results of 27 AERONET sites.

Sites Mixed 1 Mixed 2 Biomass Burning 1 Biomass Burning 2 Dust 1 Dust 2 Urban/Industrial

Anmyon 39.75%* 23.43% 5.60% 0.39% 5.13% 4.73% 20.98%

Beijing 29.02%* 18.47% 21.22% 8.68% 3.97% 10.14% 8.50%

Chen-Kung_Univ 17.68% 43.50%* 7.18% 0.54% 0.27% 0 30.83%

Gosan_SNU 36.09%* 16.13% 4.64% 0.20% 13.31% 7.26% 22.38%

Abracos_Hill 0 0 88.11%* 4.51% 0 0 7.38%

Alta_Floresta 1.30% 0 78.55%* 4.20% 0 0 15.94%

Cuiaba 1.19% 0 83.33%* 10.71% 0 0 4.76%

Mongu 0 0.08% 26.33% 71.73%* 0 0 1.86%

Senanga 0 0 15.20% 84.00%* 0 0 0.80%

Zambezi 0 0 4.44% 95.56%* 0 0 0

Banizoumbou 3.75% 1.26% 0.04% 2.18% 69.83%* 22.94% 0

Capo_Verde 3.50% 0.95% 0 2.44% 74.13%* 18.66% 0.32%

Mussafa 28.43% 0.99% 0.17% 0.50% 17.19% 43.64%* 9.09%

Solar_Village 6.63% 0.16% 0.28% 0.28% 17.38% 74.99%* 0.28%

GSFC 3.91% 16.02% 31.64% 0.26% 0 0 48.18%*

MD_Science_Center 3.47% 9.06% 18.88% 1.36% 0 0.15% 67.07%*

Ispra 9.98% 21.39% 19.16% 3.92% 0.89% 0.71% 43.94%*

Leipzig 13.16% 13.82% 17.11% 0 3.62% 1.32% 50.99%*

Lille 11.29% 23.04% 24.88% 1.15% 4.84% 1.38% 33.41%*

Osaka 38.60%* 10.46% 10.68% 1.67% 4.12% 4.89% 29.59%

XiangHe 26.92%* 16.74% 21.85% 6.73% 5.30% 6.90% 15.56%

Concepcion 0 0 58.97%* 5.13% 0 0 35.90%

Lake_Argyle 1.77% 0 14.34% 60.71%* 1.06% 0.71% 21.42%

Agoufou 2.54% 0.66% 0 1.22% 58.78%* 36.35% 0.44%

Mezaira 14.36% 1.09% 0.31% 1.68% 12.80% 67.53%* 2.22%

Paris 9.35% 23.58% 13.01% 2.44% 2.44% 2.85% 46.34%*

Wallops 2.55% 11.28% 33.62% 0.21% 0 0 52.34%*

∗: The dominant aerosol type.

aerosols have similar characteristics across different source regions. It is reasonable that all these sites are classified as "Ur-280

ban/Industrial" dominated.

These classification results are all reasonable. This demonstrates that the proposed classifier can not only accurately classify

the dominant aerosol types in different regions based on real detection data, but also is capable of further classifying basic
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Figure 5. Classification results of sites in East Asian source region. M1 denotes "Mixed 1"; M2 denotes "Mixed 2"; B1 denotes "Biomass

Burning 1"; B2 denotes "Biomass Burning 2"; D1 denotes "Dust 1"; D2 denotes "Dust 2"; and UI denotes "Urban/Industrial".

Figure 6. Classification results of sites in South American source region.
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Figure 7. Classification results of sites in South African source region.

Figure 8. Classification results of sites in Australian source region.
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Figure 9. Classification results of sites in North African source region.

Figure 10. Classification results of sites in Arabian source region.
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Figure 11. Classification results of sites in North American source region.

aerosol types into subtypes. The proposed classifier has been proven to be feasible in practice, with satisfactory classification

performance and generalization ability.285

5 Conclusions

Conventional aerosol types classification methods mostly suffer from limited remote sensing instruments and empirical clas-

sification schemes. To address these limitations, this study proposes a systematic aerosol types classification method based on

active-passive joint optical remote sensing measurements and machine learning-enhanced classification scheme. By building

global multi-parameter aerosol models and developing an aerosol types classifier that takes active-passive remote sensing di-290

rectly retrieved parameters as inputs, this study achieves a more universally applicable, comprehensive, and accurate aerosol

types classification. Compared with previous machine learning-enhanced aerosol types classification studies, this study requires

only active-passive remote sensing directly retrieved parameters that are easily available, rather than complex retrieved aerosol

properties, so that it can be directly used in automated classification of field observations; Furthermore, this study is based on

the global comprehensive multi-parameter aerosol model database established by clustering quality-ensured and representative295

real measurement data, rather than empirically labeled data or simulated data, which further enhances its classification accu-

racy and objectivity. Evaluated with validatioin data divided from database, the overall accuracy of the classifier is nearly 80%,

demonstrating good generalization ability and strong robustness. The AERONET version 3 Level 2.0 data from 27 typical sites
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Figure 12. Classification results of sites in European source region.

were also used to test the practical feasibility of the proposed classifier. Classification results were reasonable and proved its

classification capability. This systematic aerosol types classification method has proven to be effective and is expected to be300

directly applied in multi-device field detection studies, offering a valuable tool for advancing atmospheric aerosol research. It

has significant implications for atmospheric physics, especially in improving radiative forcing calculations and atmospheric

radiative transfer modeling.

Atmospheric aerosols are generally continuous mixtures, and the seven classes established in this study represent a discrete

simplification of this continuum. These classes are intend to describe the dominant optical state of the aerosol rather than its305

chemical categories or mixing state. Such discrete representations are the commonly adopted operational approach for regional

source tracking and aerosol model selection in atmospheric remote sensing research (Levy et al., 2013; Omar et al., 2009).

Accordingly, the proposed classifier does not aim to quantify the aerosol mixing state; rather, it provides a consistent descriptor

of the dominant aerosol optical type derived directly from active and passive remote sensing parameters. It is complementary

to continuous microphysical aerosol characterizations.310

In this study, we only use quality-ensured AERONET Level 2.0 product data for database establishment, which led to the

exclusion of the aerosol type “Maritime”. Although this exclusion is commonly adopted in many similar studies, it indeed

limits the geographical applicability of our research. How to improve this point in the future is worthy of further study.
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