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Abstract. Aerosol particles larger than roughly 50-100 nm in diameter are climatically important because they can act as cloud

condensation nuclei (CCN), making their global number concentrations essential for understanding aerosol–cloud interactions.

However, observationally constrained, long-term global datasets of particle number concentrations in this size range remain
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scarce. In this investigation, we present a global dataset of ground-level particle number concentrations for the period 2003–

2024, produced by combining in situ observations with a machine-learning approach. The dataset includes two variables:5

the number concentrations for particles larger than 100 nm (N100) and larger than 50 nm (N50), provided at 0.75◦ × 0.75◦

spatial resolution and daily temporal resolution. To generate this dataset, we trained an eXtreme Gradient Boosting (XGB)

model using measurements from 62 in situ stations as targets and reanalysis variables as predictors, enabling a data-driven

representation of particle number concentrations at the global scale. We evaluated the dataset against independent observations

from 12 additional stations. At 2/3 of these stations, the dataset shows good performance, capturing the median concentrations10

within a factor of 1.5 from the observations. Furthermore, we describe the main characteristics of the dataset in terms of global

spatial patterns, temporal variability, and seasonal cycles, and demonstrate its ability to capture long-term trends in particle

number concentrations, including both increasing and decreasing tendencies reported in the literature. This work provides the

first observation-constrained, machine-learning-based global dataset of N50 and N100 at daily resolution over two decades,

bridging the gap between sparse measurements and computationally expensive process-based models. The dataset, publicly15

available at https://doi.org/10.5281/zenodo.20202080, offers a valuable resource for evaluating model simulations, improving

CCN-related parameterizations, and supporting weather and climate studies without the need for explicit knowledge of the

aerosol particle microphysics.

1 Introduction

Atmospheric aerosol particles larger than 50 nm play a key role in the climate system because they influence the Earth’s20

radiative budget both directly and indirectly. These particles are particularly important for aerosol–cloud interactions, which

remain one of the largest sources of uncertainty in estimates of radiative forcing (Forster et al., 2021). Particles exceeding

roughly 50-100 nm in diameter can activate as cloud condensation nuclei (CCN), with the exact activation size depending

on the ambient water-vapour supersaturation (Dusek et al., 2006; Kerminen et al., 2012; Pöhlker et al., 2021). The activated

CCN then serve as the seeds around which the cloud droplets form. During cloud formation, the number of CCN present at25

cloud base determines the size of the cloud droplets in the cloud. This, in turn, governs key cloud properties, including albedo,

liquid water path, and lifetime of clouds, ultimately determining how the cloud affects radiative transfer in the atmosphere

(e.g., Twomey, 1977; Albrecht, 1989; Forster et al., 2021; Rosenfeld et al., 2023; Stier et al., 2024).

Understanding aerosol-cloud interactions requires reliable quantification of CCN concentrations globally (e.g. Rosenfeld

et al., 2014). However, comprehensive CCN measurements are difficult to obtain. Existing in situ datasets for CCN and particle30

number size distributions provide invaluable information, but they capture only a small portion of the spatial and temporal

variability needed for global analyses (Rosenfeld et al., 2014; Schmale et al., 2018).

The global estimates of CCN rely primarily on satellite remote sensing, which is the only method that can provide global ob-

servational coverage. However, inferring aerosol number concentrations from satellite retrievals is challenging (e.g. Rosenfeld

et al., 2014; Bellouin et al., 2020; Quaas et al., 2020; Rosenfeld et al., 2023). The main limitation of satellite retrievals is that35

they cannot directly measure aerosol particle number concentrations. Instead, they typically provide optical quantities such as

3
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aerosol optical depth (AOD) or aerosol index (AI). Inferring number concentrations from these variables is inherently difficult,

because they depend not only on aerosol number concentration but also, for example, on relative humidity and particle size

(Quaas et al., 2020; Rosenfeld et al., 2023). Additionally, optical detection of particles with diameters smaller than or even

slightly larger than 100 nm is challenging and in many cases impossible (Rosenfeld et al., 2023). They also cannot observe low40

aerosol concentrations (Rosenfeld et al., 2023). Conventional passive remote sensing methods produce only column-integrated

values, but newer lidar-based active remote sensing techniques can retrieve vertically resolved aerosol profiles needed to esti-

mate aerosol loading at cloud-relevant altitudes (Rosenfeld et al., 2023). Furthermore, satellite sensors cannot, or have limited

ability to, observe aerosol beneath cloud layers (Quaas et al., 2020; Rosenfeld et al., 2023), limiting their usefulness precisely

where cloud-relevant aerosol information would be most valuable.45

While measuring CCN-size particles is difficult due to challenges in remote sensing observations and lack of comprehensive

in situ measurements, modelling them with Earth System Models is equally challenging. Particles in this size range originate

from a variety of natural and anthropogenic sources. Some form through atmospheric new particle formation and subsequently

grow until they reach 50-100 nm, while others are emitted directly as particles, either already within this size range or as

smaller particles that subsequently grow to this size range (e.g. Morawska et al., 1999; Kerminen et al., 2012; Paasonen et al.,50

2013). Capturing this growth in models is particularly difficult, as it requires detailed numerical representations of complex

aerosol dynamics within Earth system models (Blichner et al., 2021). Fanourgakis et al. (2019) investigated 14 global chemistry

transport models and general circulation models, and identified biogenic secondary organic aerosol formation as a major source

of uncertainty in the models, along with hygroscopic properties of the organic material in summer, and dry deposition and cloud

processing during winter. Compared to observations, the 14 models tended to underestimate CCN concentrations.55

Given the challenges outlined above, different approaches are needed to complement existing methods and provide a more

complete picture of global CCN concentrations. Several recent studies have advanced this effort, including both satellite-based

and alternative techniques.

One example of a new satellite-based method is presented by Choudhury and Tesche (2022), who utilise aerosol retrievals

from the CALIOP lidar aboard the CALIPSO satellite. Because CALIOP is an active remote-sensing instrument, it provides60

vertically resolved aerosol optical properties. Additionally, the retrievals are classified into six different aerosol types. By

combining these observations with the aerosol microphysics in the CALIPSO aerosol model, Choudhury and Tesche (2022)

derived vertically resolved number concentrations of particles larger than 50 nm (N50) and 100 nm (N100), which can be

converted to CCN concentrations using additional assumptions. Building on this framework, Choudhury and Tesche (2023)

produced global fields of vertically resolved CCN derived entirely from satellite observations. However, the method still inherits65

several key limitations of satellite-based measurements (Rosenfeld et al., 2023), and its temporal resolution is restricted to

monthly averages.

Choudhury et al. (2025) compared these satellite-based CCN estimates with an entirely independent global dataset developed

by Block et al. (2024). The Block et al. approach infers CCN concentrations from mass mixing ratios of different aerosol com-

ponents, retrieved from reanalysis products, and calculated aerosol hygroscopicity, providing global fields of vertically resolved70
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CCN estimates with daily temporal resolution. The intercomparison in Choudhury et al. (2025) showed strong agreement in

the large-scale spatial patterns across the two datasets, demonstrating consistency between these independent methods.

Machine learning approaches have also been used to generate CCN and particle number concentration estimates. Nair and

Yu (2020) developed one such model, training a machine-learning model to predict CCN concentrations using 19 predic-

tor variables from chemical transport model simulations. In a follow-up study, Yu et al. (2022) extended this framework to75

estimate particle number concentrations across the 1.2–120 nm size range inside an atmospheric composition model. More

recently, Georgiades et al. (2025) introduced another particle number concentration dataset based on machine learning. Their

model was trained directly on particle number concentration measurements and used predictors that combined air quality and

meteorological variables from reanalysis data with land-use-related information. The resulting analysis produced global fields

of annual mean particle number concentrations with 95% coverage intervals for the period 2010–2019.80

These earlier studies provide valuable approaches and datasets for estimating CCN and particle number concentrations

beyond the sparse in-situ measurement network. However, there remains a need for global, high–time-resolution estimates that

are more directly tied to observations.

In this study, we address this gap by generating a global dataset for N100 and N50 using a machine learning model. Our

work builds on Ovaska et al. (2025), who developed and validated a method for combining in-situ particle number concen-85

tration measurements with global reanalysis data to produce global fields of daily N100 estimates. While Ovaska et al. (2025)

focused on method development, here we apply the approach to produce and release a complete global 21-year dataset. We

incorporate a larger set of measurement sites, 74 stations in total, of which we use 62 stations to train an eXtreme Gradient

Boosting (XGB) model. With the trained model, we generate global, daily-averaged N100 and N50 concentrations at ground

level on a 0.75°×0.75° grid for the period 2003–2024. We validate the resulting dataset by comparing the modelled values with90

observations from the remaining 12 measurement sites. Finally, we provide an overview of the dataset, including the global

spatial distributions of N100 and N50, the temporal variability in the concentrations, and their seasonal characteristics. We also

highlight several example regions to demonstrate trends in the modelled particle number concentrations.

2 Data and Methods

2.1 Particle number concentration measurements at the training and holdout stations95

For this study, we gathered in situ particle number size distribution measurements from 74 stations (Fig. 1, Table 1). The

temporal coverage of the measurements at each station is shown in Figure S1, and it ranges from 174 days to 19.5 years, with

median duration of 4.6 years. The measurements were performed either at ground-level or near ground-level using a differential

mobility particle sizer (DMPS) (Aalto et al., 2001), a scanning mobility particle sizer (SMPS) (Wiedensohler et al., 2012), or an

electrical aerosol spectrometer (EAS) (Tammet et al., 2002) (Table 1). Of these 74 stations, 34 were also used in Ovaska et al.100

(2025), but we extended their measurement time-series if more data had become available. We also excluded one previously

included station (Preila, Lithuania) because, shortly before finalising the updated training dataset, we discovered data-quality

uncertainties in the version of the station’s data available to us at that time. In addition to the 34 stations included in Ovaska

5
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Figure 1. Map of measurement stations. Panel (a) shows the global map, and panel (b) shows a zoom-in over Europe. The station abbrevia-

tions are explained in Table 1

et al. (2025), we added 40 new stations to improve global coverage. We especially focused on adding stations in regions that

had limited representation in our earlier work, such as polar and marine areas. With the new additional stations, the dataset105

generated in this study is more representative of the whole globe compared to the results from the previous study.

Of the added stations, we selected 12 to serve as holdout stations (Fig. 1), meaning that we excluded them from XGB model

training and instead used them only to evaluate the final dataset (Sect. 3). We selected the holdout stations to represent a range

of conditions globally, while also ensuring that their removal would not reduce the representativeness of the training set. In

particular, we avoided selecting stations that were the only examples of their environment type. The remaining 62 stations were110

used as training stations for training the XGB model.

From the particle number size distribution measurements, we calculated the number concentrations of particles with diame-

ters larger than 100 nm (N100) and larger than 50 nm (N50). The upper size limit was defined as the maximum particle diameter

measured by the instrument, unless it exceeded 1000 nm, in which case the upper limit was set to 1000 nm. Only time periods

for which the maximum measured diameter exceeded 300 nm were included in the analysis. Because the particle number size115

distribution measurements had a sub-daily time resolution, we calculated the daily-averaged N100 and N50 for days with at

least 21 hours of data using UTC time. We performed a thorough quality control for the calculated N100 and N50 using quality

flags provided in the particle number size distribution data and careful visual inspection. To address any remaining data-quality

issues, we removed likely measurement-related outliers by discarding values that were outside three standard deviations from

each station’s mean. While some of these outliers may be real, we are confident that the positive influence of including such in-120

dividual short term events on the model performance is negligible in comparison to the negative influence of including outliers

caused by instrumental factors.
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2.2 Reanalysis data and input variable processing

For both training the XGB model and producing the global dataset, we used reanalysis variables as inputs to the XGB model.

We used 19 variables that are linked to primary particle emissions or known to influence particle formation, growth, transport,125

dilution, or combinations of these processes. To align with the ground-level N100 and N50 measurements, we retrieved each

variable from the lowest available level in the reanalysis datasets.

We used variables from two reanalysis datasets: the Copernicus Atmosphere Monitoring Service (CAMS) “CAMS global

reanalysis (EAC4)” dataset (Inness et al., 2019a, b), and the “ERA5 hourly data on single levels from 1940 to present” dataset

(Copernicus Climate Change Service, 2025). From ERA5 reanalysis data, we retrieved boundary layer height. From the CAMS130

reanalysis, we retrieved mixing ratios for the following aerosol species and trace gases: hydrophilic and hydrophobic organic

matter aerosol, hydrophilic and hydrophobic black carbon aerosol, sulfate aerosol, dust aerosol (0.03–0.55 µm), sea salt aerosol

(0.03–0.5 µm), carbon monoxide, sulphur dioxide, ammonia, nitrogen monoxide, nitrogen dioxide, isoprene, and terpenes. In

addition, we retrieved or derived several meteorological variables from CAMS: specific rain water content, air temperature at

2 m height, relative humidity at 2 m height (derived), and 10-m wind speed (derived).135

Reanalysis variables were processed as follows. For XGB model training, we first interpolated the global reanalysis fields to

the coordinates of each measurement station (Table 1). We then sampled them to temporally align with the in situ observations.

Finally, we computed the derived variables (relative humidity and wind speed), and calculated daily averages in UTC time.

For the global dataset, we applied the same procedure but without spatial interpolation or temporal sampling. Instead,

because ERA5 has a finer resolution (0.25°) than CAMS (0.75°), we first regridded ERA5 to the coarser CAMS grid. We then140

used the full global fields, computed the derived variables, and produced daily averages.

We additionally log10-transformed reanalysis variables that have log-normal distributions. For variables that contained arbi-

trarily low outlier values much smaller than the rest of the distribution (e.g., 10−27 ), we shifted the minimum to 10−17 because

the outliers could be challenging for the machine learning model. Finally, all variables were centered and scaled using the mean

and the standard deviation derived from the training data.145

For further details about the reanalysis variables and their selection, retrieval, and processing, please refer to Ovaska et al.

(2025).

2.3 Machine learning methods and XGB model

To generate the N100 and N50 global dataset, we trained an XGB regression machine learning model, which is known to

perform well on complex, non-linear data. XGB is a decision tree based model that uses gradient boosting, where the model150

builds many small trees sequentially, and each new tree corrects the errors of the previous ones (Chen and Guestrin, 2016). We

used a similar XGB model setup as in Ovaska et al. (2025): we had squared error as the loss function, and used the same XGB

model hyperparameters as in Ovaska et al. (2025)), but with no early stopping.

We trained the XGB model using log10-converted daily N100 and N50 values from the 62 training stations as targets,

and the corresponding spatially interpolated, daily averaged, and scaled reanalysis variables as predictors. To ensure that all155
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training stations contributed equally to model training, we weighted each datapoint in the training data with a weight inversely

proportional to the number of days of data from the corresponding measurement station (details in Ovaska et al., 2025).

During model training, we evaluated the method using leave-one-station-out cross-validation, following the principles of

spatial cross-validation in which the cross-validation folds are defined based on geographical information (e.g. Cho et al.,

2020; Beigaitė et al., 2022). In this approach, each training station was iteratively selected as the target station, an intermediate160

model was trained on the remaining stations, and the resulting model was then tested on the held-out target station. This

approach assesses the model’s skill in a large variety of environments and offers an independent measure of model reliability.

Note that the models that are trained during the leave-one-station-out cross validation are not used to produce the final global

datasets.

After training the XGB model with data from the 62 training stations, we generated the final output using the global reanal-165

ysis dataset for 2003–2024 as input and validated the results against the 12 manually selected holdout stations (see Sect. 2.1).

We generated the output for this time period because the CAMS reanalysis begins in 2003 and, at the time of our analysis,

extended to 2024. In the future, the output can be updated to include 2025 and subsequent years as the CAMS reanalysis is

extended annually by one additional year.

2.4 Performance metrics and statistical methods170

To validate the method and the final model output, we compared the modelled number concentration values against the corre-

sponding observations using the following performance metrics:

– Root Mean Squared Error: We evaluated model performance using the root mean squared error (RMSE) between the

log10-transformed observed and modelled number concentration values at the measurement stations (RMSElog10). The

log10-transformation was applied to prioritise obtaining the correct order of magnitude rather than exact values. It also175

reduces the scale dependence of RMSE, which would otherwise exaggerate errors at high number concentration levels.

– Pearson correlation coefficient: We computed the Pearson correlation coefficient (r) for the log10-transformed observed

and modelled number concentration values.

– Mean absolute percentage error: The mean absolute percentage error (MAPE) is calculated as the absolute difference

between the modelled and observed values scaled by the observed value and expressed as a percentage. We calculated180

this for the absolute number concentrations.

For the statistical analysis of our dataset, we used the following methods:

– Mann-Kendall test: To characterise the dataset, we examined long-term trends in particle number concentrations for

selected regions. We estimated trends in the annual mean concentrations using the Mann–Kendall test, a widely used

non-parametric, rank-based method that detects monotonic trends without assuming any specific data distribution (Kendall,185

1938; Mann, 1945). This test is commonly applied in climatology.
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– Coefficient of variation: The coefficient of variation expresses the variability of a dataset relative to its mean, calculated

as the standard deviation divided by the mean. It provides a dimensionless measure of relative dispersion.

3 Method and Model Output Validation

Although the method was carefully evaluated and the model results thoroughly validated in Ovaska et al. (2025), the sub-190

stantially expanded station network used in this study required us to verify that the approach remains robust. To this end, we

validated the method using leave-one-station-out cross-validation, and discuss these results in this section. Furthermore, we

evaluated the final model output by comparing it with the observed particle number concentrations at the holdout stations. This

comparison provides examples that we use to discuss the capabilities and limitations of the produced dataset.

3.1 Method validation195

The leave-one-station-out cross-validation result confirms that the model reproduces the station-level N100 and N50 reasonably

well, even when the target station is excluded from training (Fig. 2). The modelled log10-converted median concentrations were

typically within a factor of 1.5 of the observed log10-converted medians, indicated by the dashed lines in Figure 2. Reproducing

the median within a factor of 1.5 can be considered good performance, given that the observed medians span three orders of

magnitude (approximately 10-10 000 cm−3 for N100 and 80-20 000 cm−3 for N50). However, at a small number of stations,200

the XGB model underestimated the medians by more than a factor of 1.5 (10 out of 62 stations for N100 and 9 for N50). Most

of these stations had mid- to high concentration levels, suggesting that the XGB model may have a tendency to underestimate,

especially at higher concentration levels. However, all of these stations are included in the training set of the final model,

meaning that the produced global data set is expected to reproduce the concentrations better at these stations, and in other

similar environments, than the leave-one-station-out cross-validation.205

Figure 2 also shows the observed and modelled 10th–90th percentile ranges of daily concentrations. Collectively, these

ranges illustrate the spread of observed versus modelled daily values during leave-one-out cross-validation. For individual sta-

tions, however, it is often more informative to examine actual scatterplots of observed-modelled daily values (examples shown

in Figure S2), which typically reveal a stronger correlation between the model and observations than might be inferred from

the percentile ranges alone. Nevertheless, Figure 2 enables direct comparison of how the modelled range of daily concentra-210

tions (vertical) corresponds to the observed range (horizontal) at each station. In a perfect model these ranges would be equal.

In practice, the modelled ranges in Figure 2 are often narrower than the observed ones, indicating that the model tends to

underrepresent the lowest and highest concentration values at these stations.

3.2 Global model output validation

We validated the final global model output against the 12 holdout stations, which were excluded from training and used only to215

assess the performance of the produced dataset. The holdout station locations are shown in Figure 1, and Table 2 summarises

the global model output validation results at each site.

12

https://doi.org/10.5194/essd-2026-415
Preprint. Discussion started: 20 July 2026
c© Author(s) 2026. CC BY 4.0 License.



102 103 104

Observed N50 (cm 3)

102

103

104

M
o
d
e
lle

d
 N

5
0

(c
m

3
)

Sta

10t

1:1

1:1

103

104

e
d
 N

5
0

(c
m

3
)

Station medians

10th 90th percentile

1:1 line

1:1.5, 1.5:1 lines

Station medians

1:1 line

1:1.5, 1.5:1 lines

10th-90th prctile

101 102 103 104

Observed N100 (cm 3)

101

102

103

104

M
o
d
e
lle

d
 N

1
0

0
(c

m
3
)

Station medians

10th 90th percentile

1:1 line

1:1.5, 1.5:1 lines

(a) (b)

Figure 2. Figure contains the results for leave-one-station-out cross-validation, showing for each training station the median modelled

number concentrations against median observed number concentrations, as well as the 10-90th percentile ranges of daily modelled values

and observed values for (a) N100 and (b) N50.
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Figure 3. Figure shows the holdout station median estimated number concentrations against median observed number concentrations, as

well as the 10-90th percentile ranges of daily model estimates and daily observations for (a) N100 and (b) N50.

Figure 3 presents the model output validation results in the same format as the leave-one-out cross-validation results shown

in Figure 2, including the observed and modelled medians as well as the 10th–90th percentile ranges for daily concentrations.

Focusing first on the medians, most of the modelled medians fall within a factor of 1.5 of the observed medians. This result is220

promising, as it shows that the model output can capture different concentration levels in varying environments. For both N100

and N50, the median modelled concentrations at eight of the 12 holdout stations are within a factor of 1.5 of the corresponding

observed medians. Moreover, 11 out of 12 stations fall within a factor of 2.5 of the observed medians, the only exception being

Dome-C (DMC) station in Antarctica, which has extremely low concentrations. However, it should be noted that some of the

well-performing holdout stations are either geographically nearby training stations, or are otherwise well-represented in the225
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Table 2. Holdout station information and the global model output validation results at the holdout stations. The table lists each station’s

details (name, abbreviation, country), the error metrics for N50 and N100, and a spatiotemporal comparison with the nearest training stations.

The second-to-last column shows the geographically closest training station (for station abbreviations, see Table 1), the distance between

them, and the percentage of days for which measurements at the holdout station temporally overlap with those at the training station. The

last column lists the number of training stations within a 500 km radius of the holdout station and the percentage of days with temporally

overlapping measurements with at least one of these nearby stations

Station (abbreviation), Country
RMSElog10

(N100 / N50)
MAPE (%)
(N100 / N50)

Pearson r
(N100 / N50)

Nearest tr. station,
distance,
(temporal overlap)

No. tr. stations < 500km
(temporal overlap)

East Trout Lake (ETL), Canada 0.36 / 0.35 149.0 / 129.7 0.70 / 0.72
GUC, 1720 km
(0 %) 0 (0 %)

La Jolla (EPC), USA 0.38 / 0.42 136.8 / 160.1 0.72 / 0.66
GUC, 1140 km
(33 %) 0 (0%)

Villum Research Station (VIL), Greenland 0.28 / 0.27 63.3 / 66.2 0.61 / 0.55
ZPL, 610 km
(58 %) 0 (0 %)

Fonovaya (FON), Russia 0.20 / 0.20 42.1 / 36.9 0.62 / 0.60
ZOT, 580 km
(0 %) 0 (0 %)

Manacapuru (MAO), Brazil 0.22 / 0.26 36.2 / 36.1 0.88 / 0.84
AMA, 210 km
(52 %) 1 (52 %)

Eastern North Atlantic (ENA), Azores 0.22 / 0.22 42.3 / 42.0 0.55 / 0.50
IZA, 1600 km
(0 %) 0 (0 %)

Dome-C (DMC), Antarctica 0.68 / 0.54 419 / 266 0.78 / 0.84
TRO, 3170 km
(0 %) 0 (0 %)

Gual Pahari (GUA), India 0.20 / 0.22 43.0 / 56.4 0.75 / 0.69
DEL, 10 km
(0 %) 2 (56 %)

Birkenes (BIR), Norway 0.44 / 0.35 173 / 113 0.74 / 0.77
VHL, 400 km
(77 %) 1 (77 %)

Prague–Suchdol (PRA), Czech Republic 0.17 / 0.16 27.4 / 26.2 0.81 / 0.80
KCE, 80 km
(26 %) 7 (83 %)

Observatoire Perenne
de l’Environnement (OPE), France 0.21 / 0.20 48.3 / 45.0 0.76 / 0.72

SCH, 190 km
(23 %) 7 (84 %)

Ispra (IPR), Italy 0.41 / 0.37 48.8 / 46.0 0.43 / 0.37
SCH, 240 km
(22 %) 3 (35 %)

training. Table 2 lists the geographically nearest training station with distance and temporal overlap information as well as the

number of training stations within 500 km radius. Comparing these against the performance values, we can see that some of

the best performing stations do indeed have training stations within 500 km radius with temporal overlap in measurements

(e.g., Manacapuru (MAO) in Brazil, Prague-Suchdol in Czech Republic (PRA) and Gual Pahari (GUA) in India).

Focusing next on the percentile ranges, the results in Figure 3 are similar to the leave-one-out results (Figure 2). The modelled230

daily value 10th–90th percentile ranges in Figure 3 (vertical bars) are often narrower than the observed ranges (horizontal bars),

indicating that the model can fail to capture the highest and lowest daily average concentrations. This is also evident in Figure

S2, which compares the model output with observations at the holdout stations. However, Figure S2 also shows that the daily

values generally fall within the factor-of-1.5 lines, and Table 2 shows that the correlations between the model output and the

observations tend to be good.235
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Figure 4. Examples of modelled and observed N100 time series at holdout stations (see Table 1 for abbreviations). The rest of the N100 time

series and all N50 time series at the holdout stations are shown in the Suppelement (Figures S3-S4)

We also examined the time series of the observed and modelled number concentrations at the holdout stations. For N100,

these are shown in Figures 4 and S3, and the corresponding N50 time series are presented in Figure S4. Below, we highlight

some of the features in these time series that are relevant for assessing the usability of the dataset across different environments.

At the eight of twelve holdout stations, where the median concentrations fall within the acceptable bounds, the modelled time

series reproduce the main characteristics of the observations. One of these stations is Observatoire Perenne de l’Environnement240

(OPE) in France. OPE is a rural European site with several nearby stations (Table 2) and therefore is well represented within

the training dataset. As shown in Figure 3, the median concentration at OPE is captured accurately. In the time series (Figure

4a), the model output does not fully reproduce the lowest and highest daily average values but it does follow the observations

overall. This behaviour is typical also for the other well-performing holdout stations (Figures S3-S4).

Despite most of the holdout stations performing well, there are the few stations where the medians are not captured within a245

factor-of-1.5 from the observed medians. We next discuss a few of them as examples and interpret what they reveal about the

limitations of the dataset.

At Dome-C (DMC) in Antarctica (Figure 4b), the model output systematically overestimates concentrations, likely because

the training dataset contains no stations with concentrations as low as those observed at Dome-C. Even the only Antarctic
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training station, Trollhaugen (TRO), has substantially higher concentrations and is also geographically distant (Table 2). This250

result illustrates how the model can perform poorly in environments that are unrepresented in the training set, particularly

when the concentrations fall outside the range used to train the model. This remains the main limitation of the created dataset.

It should also be noted that in environments with very low particle concentrations, such as Dome-C, cloud droplet activation

may occur for particles with critical diameters smaller than 50 nm. Consequently, using N50 as CCN proxy can underestimate

CCN concentrations in these regions.255

In La Jolla (EPC) in California USA, the model output also systematically overestimates concentrations (Figures 3 and 4c),

but the reason is likely different from Dome-C. La Jolla is a coastal site influenced by both clean marine air masses and polluted

air masses from surrounding cities and ports (ARM, 2023). This heterogeneous environment can be difficult to capture using

gridded reanalysis data with limited spatial resolution. As a result, in the grid cell that contains the measurement station, the

reanalysis variable concentrations may be elevated relative to the actual concentrations. This would explain why, in Figure 4c,260

the modelled time series has very similar day-to-day patterns to the observation, but the summer concentrations are consistently

overestimated. However, confirming this hypothesis would require a deeper analysis that is outside the scope of this study.

The model output underestimates concentrations in Ispra (ISP), Italy (Figure 3), despite its proximity to 3 training stations

(Table 2). Figure 4d shows that the model output often captures summertime concentrations within the required accuracy, and

the underestimation occurs mostly during winter, when the concentrations are high. The high observed winter-time particle265

number concentrations are related to meteorology and local topography, which promote stagnant conditions that favour both

the accumulation of pollutants and the growth of sub-100 nm particles into this size range (Rodríguez et al., 2005). Because

reanalysis data cannot capture this kind of local phenomenon, it is not represented in our model output, leading to underesti-

mation. This challenge is similar to the situation in La Jolla, and together these cases suggest that there are locations where the

combination of reanalysis data and machine learning cannot capture the local conditions — demonstrating another limitation270

of our dataset.

4 Overview and highlights of the dataset

This section presents the main characteristics of the dataset, including the overall spatial distributions of N100 and N50, seasonal

patterns, and temporal variation in the concentrations. We also further explore a few selected regions, examining long-term

trends in number concentrations and comparing these trends with results from earlier studies.275

4.1 Global spatiotemporal patterns in the dataset

4.1.1 Global average spatial distributions and ratios of N50 and N100

Figure 5 shows the global distribution of the dataset averaged over 2003-2024. The spatial distributions of N100 (Fig. 5a) and

N50 (Fig. 5b) have similar large-scale patterns. Concentrations are generally higher over continents compared to over oceans,

with the highest concentrations occurring in densely populated regions of South and East Asia. In contrast, remote continental280
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(a)

(b)

(c)

Figure 5. The global average spatial distributions of a) N100 and b) N50, and c) the ratio of N50 to N100 for 2003-2024.

regions, including polar areas and deserts, exhibit lower concentrations, comparable to those over the oceans. Over the oceans

themselves, concentrations tend to be elevated in continental outflow regions and along major shipping routes, while the lowest

values appear in high-latitude marine environments.
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Although the overall spatial distributions of N100 and N50 are similar, there are some differences, as indicated by the average

ratio of N50 to N100 in Figure 5c. On average, the N50 concentrations are larger than N100, consistent with their definitions,285

but their exact ratio varies throughout the world. Locations with high N50 to N100 ratio include Antarctica, several coastal

regions of continents in the southern hemisphere and several population centres. In contrast, there are regions in the tropics

where the ratio is close to one, suggesting that these locations contain proportionally fewer particles in 50-100 nm size range.

In particular, tropical rain forests as well as tropical oceans, except the Indian Ocean and along major shipping routes, have a

low ratio of N50 to N100.290

Furthermore, although the 21-year average N50 to N100 ratio in tropical regions is always greater than or equal to one,

individual daily values can occasionally show N100 exceeding N50. This is not physically correct, as N100 is by definition a

subset of N50. In most such cases, the two variables are nearly equal and can be considered effectively the same. However, in

a few percent of grid cells on a given day, the N50 to N100 ratio falls below 0.9, which can be an issue. These inconsistencies

arise because the ML models for N50 and N100 are trained independently. In such cases, we recommend using the N100 value295

for both variables.

4.1.2 Global concentrations summary and comparison to literature

To compare our results with those from other studies, we also calculated global summary metrics of the concentrations between

latitudes 65◦N and 65◦S. For N100, concentrations have a global mean of 273 cm−3 and a median of 118 cm−3, with values

ranging from 23 cm−3 (5th percentile) to 947 cm−3 (95th percentile). For N50, the global mean is 506 cm−3 and the median300

195 cm−3, spanning from 59 cm−3 (5th percentile) to 1801 cm−3 (95th percentile).

For comparison, Choudhury and Tesche (2023) report the CCN concentrations between latitudes 65◦N and 65◦S and below

2km during June 2006 through December 2021. Their results show for the satellite-based estimate a global median of 274

cm−3 and a 5th–95th percentile range of 107cm−3–1445cm−3, and for the reanalysis-based estimate a median of 153cm−3

with a range of 28cm−3–619cm−3. These values place the N50 and N100 distributions from our dataset within a similar range305

of CCN-relevant particle concentrations.

4.1.3 Spatial patterns of temporal variability in N50 and N100

The magnitude of temporal variability in N100 and N50 concentrations is shown in Figure 6. For each grid cell, we calculated

the relative standard deviation over the period 2003–2024, defined as the standard deviation of daily values divided by the mean

over the full time period. This metric characterises variability relative to the local concentration level. The global distributions310

of relative standard deviation are broadly similar for N100 and N50, although N50 generally exhibits lower variability. For

both variables, the highest relative standard deviations occur in northern North America and Eurasia, many coastal regions,

South-East Asia, and certain tropical continental regions, including the Amazon rainforest. These regions are typically charac-

terised either by relatively low background concentrations punctuated by episodic high-emission events (such as forest fires)

or by strong seasonal variability in emissions and/or meteorological conditions. This seasonal behaviour is illustrated in Figure315

7, which we discuss next.
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(a)

(b)

Figure 6. Relative standard deviation calculated for each grid cell for 2003-2024. Panel a) shows N100 result and panel b) N50.

4.1.4 Global spatial distributions and ratios of N50 and N100 by season

Figure 7 shows the seasonal characteristics of the global distributions, presenting 21-year averages for December–February

(Fig.7a, c) and June–August (Fig. 7b, d). The results for March–May and September–November are provided in Figure S5.

There are clear differences between the seasons, reflecting the expected seasonal shifts in emissions and atmospheric processes.320

In most parts of the continental northern hemisphere, concentrations are higher in June-August (Fig. 7b, d) than in December-

February (Fig. 7a, c), likely due to enhanced biogenic emissions during the boreal summer. The southern hemisphere shows

a similar pattern, with higher concentrations in December-February during austral summer, although the seasonal contrast

is weaker than in the north. In the polar regions, both the Arctic and Antarctic show peak concentrations during Decem-

ber–February. Although this pattern may initially appear counter-intuitive, it is likely driven by different processes in the325

two poles. In the Arctic, high winter concentrations tend to be associated with long-range transported anthropogenic pollution,

usually called Arctic haze (e.g., Freud et al., 2017), whereas in Antarctica high concentrations are mainly due to secondary par-

ticle formation associated with strong biogenic emissions and photochemistry during local summer (e.g., Wang et al., 2023).
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(c) (d)

(a) (b)

(e) (f)

Figure 7. The global average spatial distributions of N100 and N50 and N50 to N100 ratio by season for 2003-2024. Panels a), c) and e)

contain December-February result and panels b), d), f) June-August.

Overall, these patterns indicate that the dataset is able to physically meaningfully capture at least some of the key seasonal

characteristics of N50 and N100.330

In addition to seasonal patterns in the average concentrations, the ratio of N50 to N100 also exhibits seasonal variation (Fig.

7e-f). Although this variation is more challenging to explain than the seasonality in the absolute concentrations, we provide a

tentative interpretation here to illustrate the usability of the dataset. The ratio remains low in the tropics throughout the year. We

can even see small areas where the 21-year average ratio is less than one, even though this is physically incorrect, as discussed

related to Figure 5. The low ratio indicates that in the tropics N50 and N100 values are close to each other throughout the335

year. In high latitudes, the ratio varies and reaches maximum during the respective summer season. A more modest variation
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with an opposite seasonal cycle is present in the mid-latitudes, where the ratio reaches a maximum during the winter months.

This variation can be physically reasonable if it is related to a significant fraction of mid-latitude primary particle emissions

occurring closer or below 50 nm (Paasonen et al., 2016; Rönkkö et al., 2017) and the lack of biogenic vapours growing the

particles to over 100 nm during the cold season (Paasonen et al., 2013). Moving towards higher latitudes, especially in the340

Northern hemisphere, the increasing contributions of residential combustion and long range transport during the winter, both

associated with larger particles (Paasonen et al., 2016; Pernov et al., 2022), can be speculated to become more dominant.

4.2 Regional trends

To highlight the capabilities of the dataset, we examined changes in particle number concentrations over the 21-year period in

a few selected regions (Fig. 8). The corresponding average seasonal cycles for these regions are shown in the Supplement (Fig.345

S6).

We investigated two anthropogenically influenced regions that contain the highest particle number concentrations in our

dataset. Region 1 is located in China (Fig. 8a). The selected region does not contain any of the training or holdout stations used

to train and test the model, but it is located within the same broader North China Plain region. Figure 8a shows that yearly mean

number concentrations have decreased in Region 1 from 2006 onwards, and a Mann-Kendall test reveals that the decreasing350

trend is statistically significant (pN100 = 2.24 · 10−7, pN50 = 4.71 · 10−7). Additionally, from 2003 to 2006 there is a visible

increase in the number concentration. From the literature, we know that 2006 coincides with the implementation of air quality

regulations leading to reduction of SO2 (e.g., van der A et al., 2017), which is likely reflected in CAMS reanalysis data and

therefore in our dataset. The decreasing trend in number concentration is also consistent with Shen et al. (2022), who reported

declining accumulation-mode particle number concentrations in the Yangtze River Delta region between 2013 and 2020.355

The second high-concentration region we considered in our analysis is located in the Indo-Gangetic plain, India (Fig. 8b).

Region 2 was selected due to its well known air quality problem, and is positioned to avoid the measurement stations used

in the training set. The yearly average number concentrations increased during 2003–2024 (Fig. 8b), and this trend is statisti-

cally significant (pN100 = 1.23 · 10−8, pN50 = 1.70 · 10−8). This increase is consistent with other aerosol measurements from

the region, including aerosol optical depth and particle mass concentration observations (e.g., Namdeo et al., 2024), which,360

although not directly equivalent to particle number concentrations, still provide insight into overall aerosol loading. Region

2 also exhibits a very clear seasonal cycle, visible both in time series (Fig. 8b) and in Figure S6, which shows the range of

monthly mean concentrations for 2003-2024. Different to North China Plain, the ratio of N50 to N100 remains quite low, which

is consistent with the observed high contribution of primary aerosol emissions in this region (e.g., Bhandari et al., 2020).

Beyond these two high-concentration regions, we also included one region from Europe. Europe is likewise strongly influ-365

enced by anthropogenic emissions, but its concentration levels are notably lower and have been decreasing in recent decades

(e.g., Leinonen et al., 2022). Region 3 is located in Poland to avoid training and holdout stations in Europe (Fig. 8c). Our

dataset portrays a decreasing trend (pN100 = 9.27 · 10−7, pN50 = 1.23 · 10−6) for the yearly mean values (Fig. 8c), which is

consistent with the observed decrease in PM2.5 in Poland between 2005 and 2021 (Zgłobicki and Baran-Zgłobicka, 2024).

Interestingly, there is also a change in the seasonal cycle: until 2016, the highest concentrations always occur during winter,370
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Figure 8. Number concentration time-series for selected regions.
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whereas toward the end of the time series, especially after 2021, winter becomes the season with the lowest concentrations.

We hypothesize that this shift may be related to the gradual implementation of stricter air quality policies (e.g., WFOŚiGW,

2026; NFOŚiGW, 2021), targeting especially residential coal combustion for heating, which has traditionally been prevalent in

Poland. Possibly driven by the decreasing emissions from this sector during winter, the seasonal cycle evolves towards a typical

Western European cycle, showing maxima during summer due to enhanced biogenic growth of smaller particles to the studied375

size ranges (Paasonen et al., 2013; Yli-Juuti et al., 2021). This example illustrates that our dataset can be used to investigate

not only long-term trends but possibly also evolving seasonal patterns in particle number concentrations.

In addition to the anthropogenically influenced regions, we investigated two regions affected by biomass burning: Region 4 in

Brazil (Fig. 8d) and Region 5 in Angola and Zambia (Fig. 8e). Both of these areas are highlighted in the Global Fire Emissions

Database, Version 4 (Randerson et al., 2017). In Region 4, the Mann-Kendall test found no statistically significant trends380

(pN100 = 0.910, pN50 = 0.463) in yearly means (Fig. 8d). In Region 5, there is a mild increasing trend (pN100 = 8.03 · 10−3,

pN50 = 9.48 · 10−3), which is statistically significant (Fig. 8e). In both of these regions, there is a clear seasonal cycle and the

N50 to N100 ratio is small (Figure S6), likely reflecting the dominance of biomass burning emissions, which occur mainly in

sizes close to or larger than 100 nm.

Lastly, we analysed three marine regions. Region 6 is located in the Southern Ocean, south of the Indian Ocean (Fig. 8f).385

The concentrations exhibit a mild but statistically significant (pN100 = 5.81·10−4, pN50 = 7.89·10−5) increasing trend, driven

primarily by a rise in the highest concentrations, while the lowest concentrations remain quite constant throughout the period.

Region 7 is located in the North Atlantic Ocean (Fig. 8g) and is centered around the Azores, where one of the holdout stations

is located. Region 8 is in the North Pacific, near the coast of Japan (Fig. 8h). Both of these regions have a distinct seasonal cycle

(Figure S6) as well as a statistically significant decreasing trend (Region 7: pN100 = 1.58 ·10−4, pN50 = 6.43 ·10−6; Region 8:390

pN100 = 1.23 ·10−6, pN50 = 9.27 ·10−7) in the yearly mean concentrations (Fig. 8g, h), which is also seen in the literature. For

example, von Salzen et al. (2025) show a decrease in cloud droplet number concentration over the North Atlantic and North

Pacific oceans during 2003-2022, caused by reduced emissions of sulphur dioxide and aerosol precursors from China and other

countries in Northern Hemisphere.

5 Conclusions395

Reliable information on the global distribution of particles larger than N100 and N50 is essential for understanding aerosol–cloud

interactions, but observations of these particle number concentrations remain both spatially and temporally sparse. Recent years

have seen substantial progress toward addressing this limitation, with several new methods and datasets emerging that estimate

CCN or particle number concentrations beyond the limited in situ network. Despite these advances, there is still a need for a

dataset that provides global observation-based estimates at high temporal resolution.400

In this study, we produce a dataset that contains global daily-averaged ground-level N100 and N50 at 0.75 x 0.75-degree

resolution from 2003 to 2024. To this end, we gathered long-term in situ measurements of particle number size distribution

from extensive 74 stations and calculated N100 and N50 from them. Both datasets are published in this study.
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We used the data from 62 of the in situ stations to train an XGB machine learning model to estimate N100 and N50 based on

the reanalysis data and validated the model using leave-one-station-out cross-validation. With the final global model and the405

global fields of 19 reanalysis variables, we generated the global model output for N100 and N50. We evaluated these against the

remaining 12 holdout stations. This analysis revealed that the final model output captures the median number concentrations

within a factor of 1.5 from the observed median concentration for most holdout stations (8 out 12). However, on a daily scale,

the model output tends to miss the highest and lowest daily average concentrations. The holdout stations with challenges in

performance suffer from varying limitations of our dataset, which include lack of representation in the model training, or410

challenges in capturing the local conditions with the combination of reanalysis data and machine learning.

We describe the main characteristics of the 21-year dataset, including its global spatial distributions, seasonal patterns, and

temporal variations in particle number concentrations. In our dataset, the highest concentrations occur in densely populated

regions of South and East Asia, whereas the lowest values are found in remote continental areas and over the oceans. The

dataset also exhibits a seasonal cycle, with higher concentrations during summer in most continental regions. The ratio of415

N50 to N100 varies substantially both spatially and temporally, indicating notable differences in the fraction of particles in the

50–100 nm size range. Finally, the analysis of long-term trends in several selected regions shows that, in many cases, the trends

derived from the dataset qualitatively align with increases or decreases reported in the literature.

This study provides an observation-constrained framework for estimating global daily N50 and N100 concentrations over

a 21-year period, effectively bridging the gap between sparse in situ measurements and computationally intensive process-420

based models. While model performance varies across regions, the dataset robustly captures central tendencies and large-scale

spatial and temporal patterns of particle number concentrations, providing a consistent and physically plausible representation

of global variability. A key strength of this approach is its ability to extend observational information into regions without

direct measurements, thereby offering new insight into previously under-constrained environments.

The resulting dataset can be used for a wide range of applications, including as input for weather and climate models, as425

a benchmark for alternative estimation methods, and for the evaluation of purely model-driven simulations of N50 and N100.

Importantly, the methodology is inherently scalable and reproducible. As the reanalysis datasets used to train the global XGB

model continue to be updated to include 2025 and later years, and may also undergo further improvements or incorporate

additional variables, the workflow presented here enables the generation of regularly updated, observation-informed global

datasets of particle number concentrations. By making both the dataset and the underlying code openly available, this study430

provides a flexible and extensible foundation for future developments in global microphysical aerosol characterization and for

advancing the representation of CCN-relevant particles in atmospheric models.

6 Code and data availability

The dataset produced in this study is available at (https://doi.org/10.5281/zenodo.20202080, Ovaska et al. (2026b)). The dataset

is organised into yearly NetCDF files, which each contain the global N100 and N50 in daily temporal resolution and 0.75° spatial435

resolution. The datasets are published under a Creative Commons Attribution 4.0 International licence.
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The in situ observations of N100 and N50 used to train the XGB model are available at (https://doi.org/10.5281/zenodo.

20200333, Ovaska et al. (2026a)). These are organised into NetCDF files per measurement station. These data have daily

temporal resolution. The datasets are published under a Creative Commons Attribution 4.0 International licence.

The code used to produce the results and the dataset is available at GitLab https://version.helsinki.fi/oaino/global_nconc_440

estimates/-/tree/e9f752af3ccd69cc2b2137f478b3386ce496fb37/ under MIT license. The code is written with Python.

The reanalysis data used for training the XGB model was retrieved from following sources: The CAMS global reanal-

ysis (EAC4) dataset (Inness et al., 2019) was downloaded from the Copernicus Atmosphere Monitoring Service (CAMS)

Atmosphere Data Store (ADS) (https://ads.atmosphere.copernicus.eu/datasets/cams-global-reanalysis-eac4?tab=overview, last

access: 3 November 2025). This contains modified Copernicus Atmosphere Monitoring Service information from 2025. The445

“ERA5 hourly data on single levels from 1940 to present” dataset was downloaded from the Copernicus Climate Data Store

(2025). This contains modified by Copernicus Climate Change Service information from 2025. Neither the European Com-

mission nor ECMWF is responsible for any use that may be made of the Copernicus information or data it contains.
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