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Abstract

Aecrosols play a critical role in the development of the boundary layer and build-up of air pollution in urban environments. Their
presence in the atmosphere is quantified by Aerosol Optical Depth (AOD). Satellite sensors observe and retrieve AOD at varied
spatial and temporal resolutions. In air quality monitoring, satellite-based AOD products are typically utilized to predict ground
concentrations of fine particulate matter (PMa.s) through various modelling approaches. This study evaluates AOD products observed
by Moderate Resolution Imaging Spectroradiometer (MODIS), Visible Infrared Imaging Radiometer Suite (VIIRS) and the
Advanced Himawari Imager (AHI) of Himawari-8 in predicting inland daytime PM2.s concentrations for test sites in Japan and South
Korea. Prediction models were constructed using eXtreme Gradient Boosting (XGBoost) regression with input variables from
observation datasets matched on ground PMa:s station locations. In addition to AOD, twelve (12) predictor variables representing
topographic and meteorological parameters were considered. Prediction results were evaluated using Kruskal-Wallis test and effect
size analysis to compare the absolute error distributions across AOD products. Statistical results indicate that while models utilizing
MODIS AOD generalize better to new data, the overall difference in prediction accuracy is statistically negligible. These findings
suggest that no single AOD product is significantly superior in predicting ground-level PM2s concentrations, highlighting the
potential of integrating AOD values from various sources. This work is essential for improving the accuracy of PMa.s estimates and

for supporting more effective mapping of urban air pollution.

1. Introduction

Aerosols significantly influence the development of the
atmospheric boundary layer and contribute to the air quality in
urban environments (Jung et al., 2019). Numerous studies have
investigated their sources, chemical composition and transport
in the lower troposphere where the effects of the boundary layer
are crucial. Beyond reducing visibility, high atmospheric
aerosol concentrations pose severe health risks to populations
exposed to inhalable particles, leading to respiratory diseases
(Padimala and Matli, 2024). Monitoring these air pollutants is
therefore essential in environmental and epidemiological
studies.

Aerosol Optical Depth (AOD), which can be derived from
either ground-based in sifu sun photometers or from radiometers
aboard satellite platform, serves as a key measure of the
vertically integrated concentration of aerosols in the
atmosphere. Compared to in situ observations, satellite-based
AOD enables area-wide monitoring of tropospheric aerosols
(Handschuh et al., 2022). These satellite-derived values are
typically used to generate models for estimating ground-level
fine particulate matter (PM2.s), with their non-linear relationship
established in previous studies (Padimala and Matli, 2024). The
accuracy of these PM2.s models, however, depends on the input
datasets and the geographical context in which they are applied.
For instance, Xiao et al (2016) evaluated AOD products from
Visible Infrared Imaging Radiometer Suite (VIIRS)
Geostationary Ocean Color Imager (GOCI) and Moderate
Resolution Imaging Spectroradiometer (MODIS) over East
Asia, comparing them with AOD measurements from AErosol
RObotic NETwork (AERONET) stations in 2012 and 2013.
Despite these findings, to the best of our knowledge, there are

no recent published assessments of these AOD products related
to their current applicability in predicting inland daytime PMazs
concentrations across Japan and South Korea.

PMaz 5 concentrations close to the ground surface are estimated
through various modelling approaches such as numerical,
statistical and machine learning (ML) models (Vignesh et al.,
2023). ML models have been widely used in predicting ground
PMas concentrations because of their superior computational
efficiency and their ability to capture complex nonlinearity
between pollutant concentrations and predictor variables (Tang
et al., 2024). Previous studies explored different ML algorithms
in predicting PMa2s such as random forest, support vector
regression, lasso regression, decision tree and gradient boosting
(Kumar et al., 2024). Among these, gradient boosting methods
are more advantageous for large datasets as they are scalable
and can handle high-dimensional datasets (Wang et al., 2025).
Hence, in this study, we employed ML-based regression
modelling using gradient boosting to capture the complex, non-
linear relationship between surface PM2s and meteorological
and topographic variables using observation datasets.

This work aims to evaluate different satellite-based AOD
products with these specific objectives:

. to construct AOD-specific regression models
from various AOD products and auxiliary
observations in the prediction of inland daytime PMa.s
concentrations, and

. to compare the accuracy of the model prediction
across two regional sites.
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2. Datasets and Methods
2.1 Datasets

Ground PM2 s measurements were obtained for two (2) regions:
Kanto and Busan, which are located in Japan and South Korea,
respectively (see Figure 1). The sampling period for this study
is year 2021, with hourly PM2.5s measurements for Kanto Region
in Japan and Busan in South Korea obtained from the
Atmospheric Environmental Regional Observation System
(AEROS) operated by the National Institute for Environmental
Studies (NIES) of Japan and the Korean Ministry of
Environment, respectively. The stations in these regions (180
ground stations in Kanto region and 72 in Busan) are generally
located within urban areas with a few stations near the coastline.
In this study, we excluded roadside stations and water areas in
the processing and analysis of the datasets.
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Figure 1. PM2 s stations in test sites Kanto region in Japan (top)
and Busan in South Korea (bottom).

Figure 2 shows the data distribution of ground PMoas
concentrations per season in the Kanto region and Busan. In
both sites, the winter season includes months of December-
January-February (DJF), spring season includes months of
March-April-May (MAM), summer season includes months of
June-July-August (JJA) and autumn season includes months of
September-October-November (SON). Table 1 provides the
descriptive statistics of the hourly measurements in 2021 for
both sites. The values show that the maximum PMozs
concentrations were recorded during the spring season with
values 203 and 192 pg/m’ in Busan and Kanto, respectively.
The average concentrations in Busan are higher, with 13 to 53%
of the 24-hour average values in 2021 exceeding the World
Health Organization (WHO) guideline value (15 ug/m?). In the
study of Kang et al (2023), it was stated that the atmospheric
environment of East Asian countries is significantly affected by
Asian dust originating from deserts and plateaus of China and

Mongolia and these dust emissions are confined to the lower
troposphere. Although both test sites experience the effects of
these dust emissions, each region is affected differently due to
local emission characteristics, topography and meteorological
factors that influence the spatial and temporal distribution of
PMas.
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Figure 2. Seasonal data distribution (99" percentile) of ground
PM25in 2021 for the Kanto region and Busan. The brown
region indicates the distribution of PM2.5 concentrations
common to both sites.

Site Season | Mean =SD | IQR | Min-Max | %>15
Kanto | Winter 10.0 8.0 10 0-149 2.7
Summer 8.2+6.1 7 0-94 7.6
Spring 9.5+6.2 7 0-192 7.6
Autumn 8.0+5.5 7 0-113 3.3
Busan | Winter 18.7+12.3 15 0-115 13.4
Summer 124+ 8.1 11 087 28.3
Spring 17.6 +14.3 12 0-203 53.3
Autumn | 13.0+9.6 12 0-94 28.6

Table 1. Hourly measured PM: s statistics by season in 2021
(%>15 = percentage of samples exceeding 24-hour average
WHO guideline value of 15 pg/m?).

Considering both meteorology and topographical parameters,
predictor variables were defined according to their direct and
indirect contributions to the formation and transport of
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atmospheric PM2s and their availability. Observations from
different satellite sensors (i.e., MODIS, VIIRS onboard NOAA-
20 and Advanced Himawari Imager (AHI) of Himawari-8) and
climate reanalysis datasets (i.e., ERAS and ERAS-Land) were
extracted from publicly accessible databases. The observation
datasets with their varying spatiotemporal resolutions are shown
in Table 2.

Predictor

[1] AODS550 or
[2] AOT Land or
[3] AOT Merged

Data Source (Resolution)

[1] MODIS MAIAC AOD
measured at 550nm (1 km,
daily at ~10AM);

[2] VIIRS L2 AOD (6 km,
daily at ~1PM);

[3] AHI Himawari-8 L3 AOD
measured at 500nm (5 km,
hourly at daytime)
ERAS5-Land
reanalysis data
(11.13 km, hourly)

relative humidity, wind climate
speed, temperature,
surface pressure and total
precipitation

mean surface downward
shortwave radiation flux,
albedo from direct and
diffuse radiation in the
visible bands, boundary
layer height

vegetation fraction

ERAS climate reanalysis data
(27.83 km, hourly)

MODIS (1 km, daily)

derived from Normalized
Difference Vegetation Index
(NDVI)
leaf area index VIIRS (5.56 km, daily)
distance from the NASA (invariant)

coastline

Table 2. Predictor variables in estimating inland daytime PMa.s

2.1.1 Satellite AOD products: The AOD product observed by
MODIS is a Level 2 (L2) gridded data over land surfaces with
correction applied using the Multi-Angle Implementation of
Atmospheric Correction (MAIAC) algorithm. MODIS MAIAC
AOD is derived using the global measurements from both Terra
and Aqua sensors and produced daily at lkm resolution
(Lyapustin and Wang, 2018). In this study, we utilized the AOD
values measured at 550nm wavelength (denoted in this paper as
AOD550). The MODIS MAIAC dataset is publicly distributed
by NASA (Wang, D., 2024). VIIRS produced L2 aerosol
products from NOAA-20, formerly known as the Joint Polar
Satellite System (JPSS-1) satellite, specifically the 6 km
Version 2.0 Level 2 aerosol product
AERDB_L2 VIIRS NOAA-20. This AOD product is retrieved
using Deep Blue algorithm (Lee et al., 2024) and is distributed
by NASA Level-1 and Atmosphere Archive & Distribution
System (LAADS) Distributed Active Archive Center (DAAC)
with  daily global coverage. In this study, the
Aerosol_Optical Thickness 550 Land Best Estimate  dataset
(denoted in this paper as AOT Land) is used to represent daily
AOD observed by VIIRS, with orbital pass at approximately
13:30 local time. For the AHI Himawari-8 AOD product, hourly
daytime Level 3 (L3) gridded product at 500nm was supplied by
the P-Tree System of the Japan Aerospace Exploration Agency
(JAXA) at 0.05 degree (approximately 5-km) spatial resolution.
L3 aerosol products are aggregated hourly based on L2 AOD
datasets. We evaluated the AOT Merged values, the spatial and
temporal optimum interpolation of 40T Pure within an hour,
which were retrieved using the methodology of Kikuchi et al
(2018) combining aerosol optical thickness with strict cloud-

screening. Tan et al (2022) evaluated hourly AOD products of
Himawari-8 over Japan through comparison with different
ground monitoring networks recording AOD measurements and
found that the AOT Merged variable had the best performance.

2.1.2 Climate reanalysis datasets: Meteorological parameters
were extracted from ERAS hourly data on single levels and
ERAS-Land hourly datasets derived from climate reanalysis
datasets. ERAS, the fifth generation European Centre for
Medium-Range Weather Forecasts (ECMWF) reanalysis for the
global climate and weather for the past 8 decades, provides
hourly estimates of atmospheric quantities on single levels with
a spatial horizontal resolution of 0.25° x 0.25° or approximately
27.8 km (Hersbach et al., 2023). ERAS5-Land, on the other hand,
provides a consistent view of the evolution of land variables
over several decades at an enhanced resolution compared to
ERAS5 (Mufioz Sabater, 2019). ERAS5S-Land variables are
available at a horizontal resolution of 0.1° x 0.1° or
approximately 11.1 km. Wind speed was calculated from 10m u
and v-components of wind data while relative humidity was
derived from temperature and dewpoint temperature at 2m.

2.1.3 Other variables: Topographical parameters were
considered using vegetation fraction, leaf area index (LAI) and
distance from the coastline. The distance values from the
nearest coastline, expressed in kilometers, are based on the
global interpolated 0.01-degree coastline dataset released by the
National Aeronautics and Space Administration (NASA, 2019).
Vegetation fraction is extracted from MODIS datasets while
LA a biophysical variable for defining vegetation properties to
evaluate stress and yields, is obtained from observations of
VIIRS (Claverie et al., 2023).

2.2 Methodology

Building on our previous work (Ramos and Varquez, 2026), we
conducted data processing and prediction tasks using the
eXtreme Gradient Boosting (XGBoost) algorithm. This study is
focused on evaluating different AOD input predictors. Each
prediction pipeline follows the same workflow, differentiated
only by the AOD data in defining the predictor variables. Since
the satellite-based AOD products vary by time of capture due to
the satellites’ orbital pass, these three (3) AOD-specific models
are evaluated in this study:

(1) daily at I0AM JST for MODIS MAIAC AOD (AOD550),
(2) daily at 1PM JST for VIIRS AOD (AOT_Land), and

(3) daytime hours 10AM and 1PM JST for AHI Himawari-8
AOD (AOT_Merged).

2.2.1 Dataframe generation: The data pre-processing
workflow in creating ML-ready inputs called “dataframes” are
described in these general steps: (1) conversion of input datasets
with various formats like NetCDF, GeoTIFF and CSV into ML-
ready dataframes, (2) resampling of raster (.tif format) layers to
a common spatial grid, (3) matching of all variables based on
station locations and timestamps and (4) filtering of negative
values. We adopted the finest resolution from MODIS at 1km to
resample observation datasets of predictor variables, except
AOQOD, to the common spatial grid using bilinear interpolation.
Station-based matching is done using the nearest neighbor
function.

2.2.2 ML-based regression modeling: The regression model
was constructed using the XGBoost package accessible from an
open-source machine learning library in Python called scikit-
learn. XGBoost can handle missing values and mixed types of
input features that are either numerical or categorical. In a
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related work that evaluated tree-based ML algorithms
(Gianquintieri et al., 2025), XGBoost consistently achieved
high accuracy in structured datasets.

The XGBoost model with predictor variables composed of a
specific AOD product and other variables listed in Table 2 was
trained using the generated dataframes for Kanto region and
Busan sites. Since the data distributions in these test sites differ,
separate models were generated. Each prediction pipeline was
carried out with these general processes: (1) definition of
predictor variables, (2) hyperparameter optimization, (3)
training the models using cross-validation approaches with a
defined objective function, and (4) evaluation of the prediction
skill metrics. The objective function defined in the models is
minimizing RMSE in all trials (n=20). Hyperparameters, the
learning parameters of the ML model to implement the
predictions, were optimized using a Bayesian algorithm
developed by Akiba et al. (2019). Table 3 shows the range of
the hyperparameters in the optimization process. In this study,
the same settings for the hyperparameters were applied in
training the AOD-specific models for a fair comparison in the
evaluation of the prediction performance of each model. Fine-
tuning these hyperparameters are not covered in this study and
will be explored in future work.

Hyperparameter Values
max_depth 2to4
learning rate 0.01t0 0.1
n_estimators 300 to 600
subsample 0.4 t0 0.6
colsample bytree 0.6 t0 0.9
min_child weight 20 to 40
gamma 0.5 to 20.0
reg alpha 51t020.0
reg lambda 51t020.0

Table 3. Values considered in the optimization process of the
hyperparameters of the XGBoost models.

After applying K-Fold (k=5) cross-validation (CV) tests with
random seed values, the out-of-fold predictions results were
assessed based on the coefficient of determination (R?), root
mean square error (RMSE), mean and absolute error (MAE).
These metrics describe the predictive accuracy of the AOD-
specific models. To determine if the prediction errors obtained
from these AOD-specific models have statistically significant
differences, we employed the Kruskal-Wallis test. It is a non-
parametric statistical method and a rank-based test suitable for
datasets that do not follow a normal distribution (Haseeb et al.,
2024). The Kruskal-Wallis statistic (H) is calculated using
Equation 1

k
12 R?
H:m;ﬁﬂm“) )

where N is the total number of rows across all groups, k is the
number of groups, Ri is the sum of ranks for group i and n; is the
number of rows in group i (Ostertagova et al., 2014). To
quantify the effect of the sample density (i.e., total number of
valid AOD values) on the predictions, the effect size (1?) was
calculated using Equation 2

2 _ H-k+1

_— @

which uses the same parameters described in Equation 1.

3. Results and Discussion
3.1 Spatiotemporal distribution of AOD products

To fairly evaluate the influence of the AOD products on the
predicted values of PMa2s concentrations, any feature
modifications like grid resampling or gap-filling techniques on
the AOD values were not applied. In both regions, MODIS
MAIAC AOD has complete coverage while VIIRS AOD and
AHI Himawari-8 AOD have very poor coverage in 2021 (see
Table 4). The distribution of AOD products vary because of
spatial gaps attributed to the presence of clouds in the regions.
These gaps are quantified in the AOD data density maps shown
in Figure 3 (for VIIRS) and Figures 4 to 5 (for AHI datasets).
Refer to Appendix A and B for the full-year distribution of the
AOD values extracted on PMas station locations in Kanto
region and Busan, respectively.

AOD source Valid data (%) Missing data (%)
Kanto Station n = 182

MODIS 100 0

VIIRS 4.15 95.85

AHI 2.27 97.73
Busan Station n =72

MODIS 100 0

VIIRS 8 92

AHI 0.48 99.52

Table 4. Sample density of AOD products in test sites for 2021.
Valid data include non-negative AOD values.
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Figure 3. Availability (in %) of VIIRS AOD data in 2021 with
observation time at 1PM JST. Black dots and lines refer to in
situ ground stations and coastlines, respectively.
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3.2 Effect of AOD products on PM:s predictions

The PMa2 s prediction results of the AOD-specific models were
evaluated on the validation sets or the “out-of-fold” predictions
(refer to Table 5). To quantify how the model performs on
unseen data compared to training datasets, the differences in
RMSE values were obtained and provided in Table 5 as %gap.
Low %gap indicates high generalizability of the prediction
model. These results suggest that the model with MODIS AOD
(with RMSE gap equivalent to 10.49% and 15.08% for Kanto
and Busan, respectively) generalizes better than the models with
VIIRS and AHI AOD on both regions. However, the predictive
accuracy varies across sites and AOD products. In Kanto
region, VIIRS AOD achieved the highest accuracy (R?=0.58,
MAE=2.33 pg/m?, RMSE=3.14 ug/m’) but has the largest
RMSE gap (30.52%) which indicates poor generalization. In
Busan, MODIS AOD performed best in terms of predictive
accuracy (R?=0.58, MAE=5.79 ug/m?, RMSE=7.77 pg/m?) and
model generalization (RMSE gap=15.08%).

AOD source N R? | MAE | RMSE | %gap
Kanto

MODIS 19906 | 0.53 3.24 4.47 10.49
VIIRS 2143 0.58 2.33 3.14 30.52
AHI 7730 | 0.58 3.11 4.27 18.46
Busan

MODIS 8529 | 0.58 5.79 7.77 15.08
VIIRS 2093 0.57 5.97 8.08 29.95
AHI 651 0.47 6.88 9.54 30.84

Table 5. Average CV metrics of prediction runs per AOD-
specific model in each region where N = total variable samples.

The Kruskal-Wallis test revealed statistically significant
differences in the prediction errors obtained by the AOD-
specific models in Kanto (H = 11.567, p < 0.05) as shown in
Table 6. For Busan, the differences in the prediction errors are
not statistically significant (p > 0.05). To determine which AOD
products perform differently in predicting PM2.5 concentrations
in the Kanto region, post hoc pairwise comparisons were
conducted using Dunn’s test with Bonferroni correction. Dunn’s
test results indicate that AOD values from MODIS and VIIRS
have significant difference (p-value=0.0059).

Region H p-value n?
Kanto 11.567 0.003 0.00032
Busan 2.984 0.225 0.00087

Table 6. Kruskall-Wallis statistical results and effect size values
in both regions.

The effect size n? indicates how much of the variation in the
PMas prediction metrics is explained by the models utilizing
different AOD products. The results show extremely small
values of n? (0.00032 and 0.00087 for Kanto and Busan,
respectively) suggesting that the effect of choosing one AOD
product over another in predicting PMas is negligible. With the
current configuration and performance of the XGBoost model,
given the set of predictor variables listed in Table 2, the AOD
values from the different satellite sensors have minimal impact
as quantified by the effect size. In future work, combining these
three AOD values in predicting inland daytime PMos
concentrations may be necessary and will be considered in
improving the prediction workflow.
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4. Summary and Conclusion

This work evaluated the predictive performance of an XGBoost
regression model utilizing AOD products from three satellite
sensors (MODIS, VIIRS and AHI Himawari-8) across two
distinct geographic sites: Kanto region in Japan and Busan in
South Korea. The key findings are as follows:

e  MODIS MAIAC AOD achieved the lowest %RMSE
gap (10.49%-15.08%) across both study sites. This
demonstrates that models utilizing MODIS AOD are
less prone to overfitting and exhibit higher
generalizability when applied to unseen datasets
compared to those using VIIRS and AHI AOD.

e  While the Kruskal-Wallis test identified statistically
significant differences in prediction errors within the
Kanto region (p < 0.05), the corresponding effect
sizes were notably low (n* < 0.001). This indicates
that the observed statistical differences are negligible.

In conclusion, while MODIS offers high sample density of
AOD values and high generalizability of the XGBoost model,
the negligible effect sizes suggest that no single AOD product
provides a definite advantage over the others. Hence, rather than
selecting a single AOD source, future studies will explore
developing multi-sensor fusion techniques of AOD datasets.
Additionally, we will implement advanced feature engineering
and incorporate additional predictor variables to reduce
overfitting and enhance the estimation of ground PMazs
concentrations.
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Appendix

Data distribution in Kanto
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Appendix A. Distribution of satellite-based AOD values
extracted in the locations of PM2s ground stations in Kanto
region.

Data distribution in Busan

3 MODIS AOD (10AM)
== Himawari-8 AOD (10AM)

Density (log scale)

4 H 6

3
Aerosol Optical Depth

[ VIIRS AOD (1PM)
mm= Himawari-8 AOD (1PM)

Density (log scale)

g

3 4 s 6
Aerosol Optical Depth

Appendix B. Distribution of satellite-based AOD values
extracted in the locations of PM2 s ground stations in Busan.
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