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Mapping air pollution across space remains challenging, even in countries with dense monitoring networks. In
Germany, pollutant levels can change over short distances because of traffic, land use, and meteorological
conditions, while national assessments often rely on unevenly distributed monitoring stations. This study ex-
amines how openly available satellite observations and reanalysis data can support annual modelling of NO, and
PM,.5 across Germany from 2019 to 2024. Sentinel-5P (NO5 and CO), MODIS Normalized Difference Vegetation
Index (NDVI) and Multi-Angle Implementation of Atmospheric Correction (MAIAC) aerosol optical depth (AOD),
and ERA5-Land meteorological variables were combined with EuroAirnet observations, and seven machine-
learning algorithms were evaluated. Model performance was assessed using random cross-validation, an inde-
pendent test set, and spatial cross-validation, while SHAP (Shapley Additive Explanations) values were used to
interpret predictor contributions. For NO, Random Forest achieved the highest accuracy (R? = 0.68; RMSE =
5.87 pg m~2), with SHAP analysis identifying tropospheric NO, and vegetation structure (NDVI) as the most
influential predictors. PMa.5 proved more difficult to model at the annual scale: Gradient Boosting performed
best (R? = 0.50; RMSE = 11.53 pg m~3), with surface pressure, NDVI, and co-emitted gases emerging as key
variables, while MAIAC AOD contributed little independent information when aggregated annually. A sensitivity
analysis showed that including a static road-density layer improved NO, estimates near monitoring sites but
provided limited gains under spatial validation. The resulting concentration maps reproduce the main national
patterns observed in the monitoring network, showing a decline in NO; and more regionally variable behaviour
for PM,.s. Although annual predictors cannot capture short-term variability or highly localised emission sources,
the study provides a transparent and reproducible framework for national-scale air-quality assessment based
entirely on open global datasets and highlights the potential to integrate additional Earth observation and
climate reanalysis products in future research.

1. Introduction to NOyx emissions, accounting for nearly 60% of national

transport-related NOy in 2022 (UBA, 2024). PMa.s, by contrast, arises

Nitrogen dioxide (NO3) and fine particulate matter (PMs.5) remain
two of the most closely monitored air pollutants in Europe because of
their well-established links to human health (World Health Organiza-
tion, 2025). Despite more than three decades of air-quality policies,
concentrations in many urban and industrial areas continue to exceed
recommended limits. In Germany, road traffic—particularly diesel
passenger cars and light-duty vehicles—remains the largest contributor

from a more complex mixture of sources. As exhaust-after-treatment
technologies have improved, secondary aerosol formation driven by
agricultural ammonia, industrial emissions, and residential wood
burning has become increasingly important (EEA, 2023). These diverse
contributions, together with meteorological and seasonal influences,
create strong spatial and temporal gradients in air-pollution levels
(Rackow et al., 2025).
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The health implications of this variability are significant. Long-term
exposure to NO, and PMs.5 is associated with increased risks of car-
diovascular disease, stroke, and premature mortality (Wang et al.,
2025), even at levels below current EU limit values (WHO, 2021). In
Germany, ambient PM.5 exposure caused an estimated 27,040 prema-
ture deaths in 2019 (Hahad et al., 2025), and for 2022, approximately
32,600 deaths were attributable to PMy.5 and 9400 to NO,. Across the
EU-27, more than 80% of the urban population remains exposed to
concentrations above WHO guideline levels (EEA, 2024). Although
population-weighted PMs.5 exposure in Germany has fallen by 54%
since 2010 (UBA, 2025), average concentrations still exceed the updated
WHO guideline of 5 pg m > for most residents. These patterns highlight
both the progress achieved and the persistent need for more spatially
resolved exposure assessments to support environmental-health
protection.

Germany operates one of the densest air-quality monitoring net-
works in Europe, yet even such extensive systems cannot fully capture
the rapid spatial changes in pollutant concentrations that occur within
cities or across heterogeneous landscapes. Air quality can vary sub-
stantially over just a few hundred meters due to traffic flows, street
canyons, meteorological conditions, and neighbouring land-use patterns
(Essamlali et al., 2025). As cities expand and reorganise, the configu-
ration of the urban environment itself shapes pollution distribution-
s—an effect highlighted by Wurm et al. (2025), who show that how
“urban” areas are defined strongly influences observed exposure pat-
terns. Moreover, as Alvarez-Mendoza et al. (2019) note, relying only on
fixed stations leaves important gaps, especially in areas with fewer
sensors. Addressing these gaps requires complementary approaches that
can better capture the fine-scale spatial complexity of air-pollution
exposure.

Satellite remote sensing helps overcome these limitations by
providing continuous, country-wide observations of atmospheric and
land-surface processes (Alvarez et al., 2026). Remote sensing—based on
measuring reflected or emitted electromagnetic radiation (Stratoulias
et al., 2024)—enables consistent monitoring of air-quality-relevant
variables across space and time. Sentinel-5P ffers daily tropospheric
NO; retrievals (European Space Agency, 2018), while
Moderate-Resolution Imaging Spectroradiometer (MODIS) products
such as Normalized Difference Vegetation Index (NDVI) (Didan, 2021)
and Multi-Angle Implementation of Atmospheric Correction (MAIAC)
aerosol optical depth (Lyapustin & Wang, 2018) capture vegetation
structure and aerosol distributions that influence pollutant levels. When
combined with meteorological reanalysis data, these datasets provide
information on boundary-layer dynamics, stagnation events, and sec-
ondary aerosol formation—meteorological processes known to be strong
predictors of NOy and PMy.5 (Zhang et al., 2018).

Recent advances in machine learning have further strengthened the
use of satellite data for air-quality estimation (Chauhan et al., 2021;
Anggraini et al., 2024, 2025). A growing number of studies show that
integrating remote sensing, meteorology, and ground observations can
yield accurate, spatially continuous pollution estimates. For example,
Balamurugan et al. (2023) mapped near-surface NOy and Os across
Germany using Sentinel-5P in a machine-learning framework, while
Janhall (2015) demonstrated that Random Forest models can effectively
translate Aerosol optical depth (AOD) information into PM,.5 estimates.
A recent review by Lolli (2025) emphasises that machine-learning-based
satellite fusion is becoming one of the most scalable and effective ap-
proaches for surface air-quality assessment, particularly in regions with
limited monitoring infrastructure.

Despite these advances, several gaps remain. First, most national-
scale air-quality studies in Europe focus on short-term or daily model-
ling, while fewer studies systematically evaluate annual exposure pat-
terns using fully open and reproducible Earth Observation workflows.
Second, many modelling frameworks rely on proprietary emission in-
ventories, locally derived land-use data, or region-specific predictors
that limit transferability and comparability across countries. Third,
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limited attention has been given to evaluating model interpretability
and physical consistency using explainable machine-learning ap-
proaches at national scale. In the case of Germany, although monitoring
networks are dense, uneven station distribution and strong intra-urban
variability still create spatial gaps in exposure representation. A trans-
parent modelling framework that integrates satellite observations,
climate reanalysis, and ground measurements using exclusively open
datasets remains methodologically and policy relevant.

In addition to addressing these methodological gaps, the selection of
an annual temporal scale is deliberate. Annual concentration metrics are
directly aligned with regulatory limit values and long-term health
exposure assessments, which are typically defined on an annual basis.
Aggregating predictors to annual medians reduces short-term meteoro-
logical variability, episodic pollution peaks, and retrieval noise in sat-
ellite  observations, thereby improving the stability of
predictor-response relationships in national-scale models. Moreover,
Sentinel-5P provides observations at a fixed daily overpass time,
limiting representation of diurnal variability; annual aggregation
therefore offers a temporally consistent framework for integrating sat-
ellite and ground-based data. For these reasons, the present study pri-
oritises annual exposure patterns to provide a robust representation of
spatial gradients across Germany.

Building on this context, this study examines how open satellite
observations and high-precision ground measurements can be combined
to better characterise air quality across Germany from 2019 to 2024.
Using Sentinel-5P NOj, MODIS vegetation and aerosol products, and
ERA5-Land meteorology, we explore spatial and temporal patterns of
NO; and PM;.5 while addressing known challenges related to spatial
variability and station coverage. This integrated framework provides a
more complete picture of air-pollution dynamics, supports exposure
assessment in under-monitored regions, and contributes evidence rele-
vant to ongoing discussions around EU air-quality standards and upda-
ted WHO guidelines.

2. Materials and methods
2.1. Germany in terms of air pollution

Germany is in Central Europe at approximately 51° N and 10° E
(Fig. 1). Historically, the country has experienced relatively high air-
pollution levels compared with other European nations, although
emissions have declined over recent decades following the imple-
mentation of ambitious climate and clean-air policies (OECD, 2023).
Current pollution sources are dominated by road traffic, combustion
processes, industrial and commercial activities, and emissions from
private households (Kessinger et al., 2025).

From the early 2000s to the mid-2010s, concentrations of PMj.5 and
NO, showed substantial variability, and exceedances of EU limit values
were common (European Parliament & Council of the EU, 2008). In
2010, more than 70% of traffic-oriented urban stations exceeded the
annual NO; limit of 40 pg m~3, whereas by 2020 this share had dropped
below 5%, partly due to reduced emissions during COVID-19 lockdowns
(Schatke et al., 2022). In 2024, EU limit values for NO5 and PMs.5 were
met nationwide for the first time. However, exceedances remain wide-
spread when applying the stricter WHO guidelines, with 97% of stations
exceeding the NO, guideline (10 pg m~>) and 74% exceeding the PMy.5
guideline (5 pg m~3) (WHO, 2024). These findings highlight the
continued challenge of meeting health-based standards (Heinrich et al.,
2002) and the need for spatially detailed assessments to identify
remaining pollution hotspots.

2.2. Data and methods
2.2.1. Ground data from the European air-quality monitoring network

(EuroAirnet)
For this study, ground-based air-quality data were obtained from the
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Fig. 1. Map of Germany showing the distribution of major cities (red squares) and the locations of air-quality monitoring stations (green points) from the European

air-quality monitoring network (EuroAirnet). (For interpretation of the references
this article.)

European Environment Agency (EEA) air-quality portal, using the Eu-
ropean air-quality monitoring network (EuroAirnet) (Larssen et al.,
1999). The dataset provides verified measurements of NO, and PMs.s,
reported in pg m~> in accordance with the standards established by
Directive (2008)/50/EC. The time period considered spans 2019-2024,
with values provided as mean annual concentrations derived from
hourly observations compiled in the annual Air Quality Status Reports
(European Environment Agency, 2025).

EuroAirnet comprises more than 3500 monitoring stations distrib-
uted across all 27 European Union Member States, as well as non-EU
countries including Iceland, Liechtenstein, Norway, Switzerland,
Tiirkiye, and several Western Balkan states. For the purposes of this

to colour in this figure legend, the reader is referred to the Web version of

study, only stations located within Germany were selected: approxi-
mately 600 stations for NOy and 200 stations for PMs.s, with slight inter-
annual variability in station availability.

Each station record includes geographic coordinates and annual
pollutant averages (ug m~>). These coordinates were subsequently used
to extract corresponding satellite-derived and meteorological parame-
ters at each monitoring location, enabling the integration of in situ ob-
servations with remote-sensing and reanalysis data for model
development.

2.2.2. Remote sensing and climatic reanalysis variables
The environmental covariates used in this study were retrieved
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through the Google Earth Engine (GEE) Python API in Google Colab.
These variables represent three main sources of information: atmo-
spheric trace gases measured by Sentinel-5P, vegetation and aerosol
indicators derived from MODIS, and near-surface meteorological con-
ditions obtained from the ERA5-Land reanalysis.

For the NO3 model, the tropospheric NO, column from Sentinel-5P
served as the primary satellite predictor because it represents the most
direct remotely sensed signal associated with surface NOs; boundary-
layer processes often link column abundances with ground-level con-
centrations (Shetty, 2024). To capture land-surface influences, MODIS
Normalized Difference Vegetation Index (NDVI) was incorporated,
which reflects vegetation density and structure—factors known to
reduce gaseous pollutants through enhanced dry deposition and altered
local airflow (Diener and Mudu, 2021). Temperature at 2 m from
ERA5-Land was also included, as it influences boundary-layer height
and photochemical reaction rates that regulate seasonal NO,, variability
(Guo et al., 2017). Surface pressure from ERA5-Land was used to
represent the presence of stagnant, high-pressure conditions that often
lead to pollutant build-up near the surface (Boluwade and Ruheili,
2022).

For the PMs.5 model, the set of predictors was expanded to represent
both primary particle emissions and secondary aerosol processes.
Alongside NO,, we included the tropospheric CO column from Sentinel-
5P to capture additional combustion-related activities such as biomass
burning and winter heating (Zheng et al., 2023). MODIS NDVI was
retained to reflect the role of vegetation in removing particles from the
atmosphere (Janhall, 2015). Meteorological influences were again rep-
resented through ERA5-Land temperature and surface pressure, given
their importance in secondary aerosol formation and atmospheric mix-
ing (Guo et al., 2017; Boluwade and Ruheili, 2022). To better represent
particle abundance, we also incorporated MODIS-MAIAC aerosol optical
depth (AOD) at 0.47 pm and 0.55 pm, which remains one of the most
widely used satellite-based indicators of surface PMa.s5 due to its strong
correlation with column-integrated light extinction (Handschuh et al.,
2023; Schneider, 2020).

All datasets were aggregated to annual medians for the period
2019-2024 to match the temporal resolution of the monitoring-station
data. The median was selected instead of the mean because air-
pollution distributions are often skewed and influenced by episodic
peaks (e.g., winter stagnation events or short-term emission spikes).
Using the median reduces the impact of extreme values and provides a
more robust estimate of typical annual exposure. For each monitoring
location, the corresponding values from all remote-sensing and meteo-
rological collections were extracted, resulting in an integrated dataset
linking ground observations with atmospheric and land-surface pre-
dictors. The retrieval characteristics and native spatial resolutions of the

Table 1
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input datasets are summarised in Table 1.

2.2.3. Machine learning regression and variable importance

Models were trained using a pooled dataset combining observations
from all years (2019-2024), rather than fitting separate models for in-
dividual years. Calendar year was included as a predictor, allowing the
models to capture interannual variability while maximising sample size
and stabilising predictor-response relationships. All analyses were
conducted in Python using scikit-learn (Pedregosa et al., 2011) within
the Google Colab environment. For each year, approximately 3300 NO,
and 1566 p.m.s.5 observations were available from EuroAirnet stations
with complete satellite and meteorological covariates extracted via
Google Earth Engine. Modelled concentrations were evaluated by
extracting predictions at the exact coordinates of monitoring stations to
ensure direct comparability with observations.

Seven machine-learning algorithms commonly used in air-quality
studies were assessed. Ensemble tree-based models—Random Forest
(Breiman, 2001; Yenkikar et al., 2025) and Gradient Boosting (Zhang
et al., 2021)—were included due to their ability to capture nonlinear
relationships and their strong performance in studies combining TRO-
POMI, MODIS, and reanalysis data (Long et al., 2022; Mamic¢ et al.,
2023). Support Vector Regression was selected for its effectiveness in
moderately complex or noisy settings (Oziipak et al.,, 2025), while
k-Nearest Neighbours served as a simple baseline frequently applied in
satellite-based PM,.5 estimation (Ayinde et al., 2024). Regularised linear
models (Ridge, Lasso, and ElasticNet) were used as transparent bench-
marks to assess the explanatory power of additive linear relationships
while controlling overfitting (Chunyang et al., 2025; Vedri et al., 2025).

Model performance was first assessed using a 70/30 random train-
—test split, consistent with previous national-scale studies and suitable
for operational mapping. Although spatial cross-validation is often rec-
ommended, it can substantially reduce performance estimates when
stations are unevenly distributed (Chen et al., 2024). To explicitly assess
spatial generalisation, Spatial Block Cross-Validation was applied to the
best-performing models, grouping stations into 0.25° (~25-28 km)
blocks and withholding entire regions during validation. This design
ensures spatial independence between training and validation data and
provides a conservative assessment of performance in poorly monitored
areas (Bagkis et al., 2025). Hyperparameters optimised under random
cross-validation were reused for Spatial CV to ensure comparability.

Hyperparameter tuning was performed using RandomizedSearchCV,
enabling efficient exploration of influential parameter combinations
(Karthick et al., 2024). Optimisation targeted model-specific parameters
for each algorithm and was conducted separately for NO, and PMy.s.
Performance was evaluated using RMSE and R? for both validation
strategies, capturing prediction error magnitude and explained variance

Overview of the remote-sensing and climate reanalysis parameters used in this study, retrieved through GEE. The table summarizes each dataset's source, variable type,

and spatial characteristics.

Parameter GEE Catalogue Equation or Algorithm Spatial Column name in the
Resolution (m) datasets
Sentinel-5P OFFL NO2: Offline Nitrogen COPERNICUS/S5P/0OFFL/L3_NO2 Sentinel-5P OFFL NO, processor (DOAS + 1113 NO2_median
Dioxide Band: AMF)
tropospheric_ NO2_column_number_density (van Geffen et al., 2022; Lange et al.,
2023)

MOD13Q1.061 Terra Vegetation
Indices 16-Day Global 250m

ERAS5-Land Daily Aggregated - ECMWF
Climate Reanalysis

MODIS/061/MOD13Q1

Band: NDVI
ECMWF/ERAS5_LAND/DAILY AGGR
Bands: temperature_2m surface_pressure

Sentinel-5P OFFL CO: Offline Carbon
Monoxide

COPERNICUS/S5P/OFFL/L3_CO
Band: CO_column_number_density
MCD19A2.061: Terra & Aqua MAIAC MODIS/061/MCD19A2_GRANULES
Land Aerosol Optical Depth Daily 1 Bands:
km Optical_Depth_047
Optical_Depth_055

(Near Infrared-Red)/(Near Infrarred + Red) 250
Huete et al. (2002)

4D-Var data-assimilation replay (
Hersbach et al., 2020; Munoz-Sabater
et al., 2021)

Sentinel-5P OFFL CO optimal-estimation 1113
retrieval (Borsdorff et al., 2018)

MAIAC aerosol optical depth (AOD) 1000
inversion

Lyapustin & Wang (2018)

NDVI_median

T2M_median_C
SP_median_hPa

11,132

CO_median

AOD_047_median
AOD_055_median
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(Venter et al., 2020; Muthukumar et al., 2022).

To assess interpretability and physical consistency, the best-
performing model for each pollutant was analysed using SHAP values,
which quantify the contribution of individual predictors to model out-
puts (Houdou et al., 2024). SHAP is a game-theory-based approach that
decomposes individual model predictions into additive contributions
from each predictor variable, based on Shapley values originally
developed in cooperative game theory. This method provides both
global and local interpretability: globally, it ranks variables according to
their overall influence on model outputs; locally, it quantifies how
specific predictor values increase or decrease individual predictions. In
this study, SHAP summary plots were generated to examine the
magnitude and direction of variable contributions across monitoring
sites. SHAP has become increasingly relevant in air-quality research for
evaluating whether learned relationships align with known atmospheric
processes and for identifying key drivers of pollutant variability (Hou
et al., 2025), particularly in applications supporting monitoring net-
works or policy-relevant exposure assessments.

2.2.4. Sensitivity analysis: Inclusion of road density (static variables)

To complement the main modelling framework based solely on dy-
namic, annually varying predictors, an additional sensitivity analysis
was performed to examine the potential contribution of a static road-
density indicator. Road transport remains one of the most important
sources of NOy emissions in Germany, accounting for nearly 60% of
national transport-related NOy in recent years (UBA, 2024). As a result,
traffic-related indicators are frequently used to capture local emission
gradients and remain among the strongest spatial predictors of surface
NO; in many European studies (Essamlali et al., 2025).

To reflect this well-established relationship, a high-resolution road-
density layer was derived using the Global Roads Inventory Project
(GRIP) dataset (Meijer et al., 2018), following the processing approach
outlined in Balamurugan et al. (2023). The GRIP shapefile was clipped
to the German boundary, and a regular grid of 1 km x 1 km was
generated across the country. For each grid cell, we calculated the total
length of roads, producing a continuous road-density raster from which
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values were extracted at each EuroAirnet station location.

Because road density does not change from year to year, it does not
capture inter-annual shifts in emissions, meteorology, or atmospheric
chemistry. For this reason, and in line with our objective to evaluate
predictors that vary annually, road density was not included in the core
modelling framework. Instead, it was incorporated only in a dedicated
set of sensitivity experiments to assess how much additional spatial in-
formation this static traffic proxy provides (Wang et al., 2021).

These tests used the same modelling configurations as the main
analysis, including identical random and spatial cross-validation set-
tings and the same hyperparameter optimisation strategy—so that any
performance gain could be attributed solely to the presence of the road-
density variable.

Fig. 2 summarizes the complete modelling workflow.

3. Results
3.1. Air monitoring network data analysis in Germany

A first inspection of the EuroAirnet dataset shows 3300 annual mean
NO,, observations between 2019 and 2024, revealing a clear nationwide
decline with marked spatial and temporal variability (Fig. S1). Con-
centrations were highest in 2019 and lowest in 2024, with the strongest
reductions occurring between 2019 and 2021, coinciding with COVID-
19-related mobility restrictions. A partial rebound is evident in 2022,
followed by continued declines thereafter. Annual means remained
below the former EU limit of 40 pg m ™~ throughout the period, although
most stations consistently exceeded the WHO guideline of 10 pg m™>.
The narrowing distribution over time indicates a reduction in high-
concentration hotspots, reflected in the sharp decrease in stations
exceeding the EU limit from 2019 onward. These patterns indicate
substantial improvements in NO; air quality, while highlighting the
challenge of meeting health-based thresholds and forthcoming stricter
EU standards.

A total of 1556 annual PMs,.5 observations were available for the
same period, showing a more gradual and heterogeneous evolution than
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Fig. 2. Workflow diagram of the study.
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NO, (Fig. S2). Concentrations decreased in 2020, rebounded in 2021,
and exhibited further year-to-year variability thereafter, although mean
and median values suggest a modest long-term decline. PM,.5 displays
smaller interannual variability and more compact distributions,
consistent with its regional character and influence from secondary
formation and long-range transport. Annual means remained below the
EU limit of 25 pg m~> but exceeded the WHO guideline of 5 pg m™~> at
most stations each year. These results point to incremental improve-
ments in PMy.5 air quality, while persistent exceedances of health-based
guidelines underscore the need for sustained emission reductions under
the new regulatory framework.

3.2. Correlation analysis between explanatory variables

Figs. S3 and S4 show the Pearson correlation coefficients for the
variables used to model annual mean NO, and PMs.5 concentrations.
The correlations are mostly weak to moderate, as expected for a national
dataset spanning different climatic regions, land-cover types, and
emission environments.

For NO;, (Fig. S3), the annual mean concentrations display only weak
correlations with most meteorological and geographic variables. The
correlation with year is slightly negative (—0.26), indicating a gradual
reduction in NO; levels over the study period. Temperature and surface
pressure also show weak relationships with NO,, while latitude and
longitude have little influence on the annual means. More noticeable is
the moderate positive correlation between ground-measured NOy and
the satellite-derived NO2 column (r = 0.53), indicating a clear statistical
link between the two datasets. NDVI shows a moderate negative corre-
lation with NO5 (r = —0.62), and the satellite NO5 column also corre-
lates moderately with longitude (—0.54). These patterns simply describe
how the underlying datasets vary relative to one another across the
measurement locations.

The correlation results for PMs.5 (Fig. S4) reveal a similar structure.
PM,.5 shows a weak-to-moderate negative correlation with year
(—0.39), indicating a downward trend over the six-year period. NDVI
again presents a moderate negative correlation (—0.46). Moderate
positive correlations are observed between PM,.5 and satellite-derived
NO; (r = 0.40), as well as with surface pressure (0.35). By contrast,
temperature shows only a very weak relationship with PM,.s5, and the
two MAIAC AOD products at 470 nm and 550 nm exhibit negligible
correlations with the ground-based PM.5 values. Both AOD bands show
only very small correlations with year.

Taken together, these results indicate that no pair of variables is
strongly collinear, and that several predictors—such as NDVI, satellite-
derived NO,, and surface pressure-exhibit clearer statistical associa-
tions with the pollutant concentrations than others.

3.3. Air concentration modelling

The machine-learning experiments produced distinct performance
patterns across algorithms and pollutants. For NO,, ensemble tree-based
models achieved the best results (Table S1). Random Forest reached a
cross-validated RMSE of 6.13 pg m 3 (CV R? = 0.65) and a test RMSE of
5.87 pg m~2 (test R? = 0.68). Gradient Boosting performed similarly,
with a CV RMSE of 6.32 pg m~> (CV R* = 0.62) and a test RMSE of 6.13
ug m~3 (test R? = 0.65).

Models such as SVR, Ridge, Lasso, ElasticNet and KNN produced
higher errors and substantially lower R? values. Under Spatial Block
Cross-Validation, NO; performance decreased for all algorithms,
reflecting the more stringent geographic separation between training
and testing regions. Random Forest achieved a Spatial CV RMSE of 7.15
pg m~3 (Spatial CV R? = 0.50), and Gradient Boosting achieved 7.04 pg
m~> (Spatial CV R% = 0.51). The remaining algorithms showed lower
spatial R? values, ranging from 0.03 to 0.35. The predicted-versus-
observed NO; plot (Fig. S5) shows a clear positive association between
measured and predicted values, with closer agreement at moderate
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concentrations and wider dispersion at higher values.

The SHAP summary plot for NO3 (Fig. 3) shows that Sentinel-5P NO,
and NDVI contribute the largest variation in SHAP values, followed by
meteorological predictors. The distribution of SHAP points reflects the
relative contribution magnitudes and the range of predictor values
across sites.

For PMaj.5, Gradient Boosting achieved the strongest results
(Table $2), with a CV RMSE of 11.61 pg m™> (CV R? = 0.56) and a test
RMSE of 11.53 pg m—3 (test R? = 0.50). Random Forest showed similar
but slightly weaker performance. The linear models, SVR and KNN
produced higher RMSE and lower R? values. Under Spatial CV, PMa.5
performance decreased for all models. Gradient Boosting produced a
Spatial CV RMSE of 13.33 pg m ™ (Spatial CV R? = 0.36), while Random
Forest achieved 13.37 pg m™> (Spatial CV R? = 0.36). The remaining
models produced Spatial CV R? values between 0.07 and 0.26.

The PM,.5 observed-versus-predicted plot (Fig. S6) shows a positive
trend and a wider scatter than the NO, plot, indicating higher uncer-
tainty across the PMjy.5 modelling framework.

The SHAP summary plot for PMy.5 (Fig. 4) shows the ranked influ-
ence of each predictor in the Gradient Boosting model. Surface pressure
exhibits the greatest spread of SHAP values, followed by NDVI, Sentinel-
5P NO,, CO, and temperature. The two AOD variables (AOD_055 and
AOD_047) exhibit narrow SHAP distributions centred near zero, indi-
cating limited contribution under the annual modelling configuration.
The colour gradients reflect the range of predictor values across moni-
toring stations, while the horizontal spread of points represents the
magnitude of the variable-specific contributions to individual
predictions.

3.4. Sensitivity analysis (static road-density variable)

A separate sensitivity analysis evaluated the effect of including a
static 1-km road-density layer (Table 2). This variable was included
solely for this test and was not retained in the final modelling
configuration.

For NO,, including road density, improved several performance
metrics. Gradient Boosting showed a reduction in CV RMSE from 6.32 to
5.54 pg m > and an increase in CV R? from 0.62 to 0.68. Test R?
increased from 0.65 to 0.71.

Under Spatial CV, Gradient Boosting reached a Spatial CV RMSE of
6.92 pg m~> (Spatial CV R? = 0.47). Random Forest showed similar
patterns, with CV RMSE decreasing from 6.13 to 5.93 pg m° and Spatial
CV R? changing from 0.50 to 0.46.

For PMs.5, improvements were smaller. Test R? increased slightly
from 0.50 to 0.55 for Gradient Boosting, while Spatial CV R? remained
similar (=0.27). SHAP values indicate that, unlike NO3, PMs.5 is domi-
nated by meteorological variables and secondary aerosol processes, and
the static road-density proxy contributes less information at the annual
scale.

Because road density enhanced results only in specific station-dense
urban regions—and not at the national-scale generalisation level—the
variable was excluded from the final modelling configuration.

3.5. National air concentration (NO2 and PM3.5) maps for Germany
(2019-2024)

National maps of annual NO; and PM,.5 concentrations across Ger-
many (2019-2024) were generated using the final Random Forest and
Gradient Boosting models on a 10-km grid based on annual medians,
respectively. The NO, surfaces show a consistent nationwide decline
(Fig. 5), with the strongest reductions observed in major urban and in-
dustrial regions, in agreement with monitoring-station measurements.
In contrast, PMs.5 exhibits weaker spatial gradients and more hetero-
geneous temporal behaviour, including a temporary increase in 2022
followed by lower levels in 2024, reflecting both mixed formation pro-
cesses and the moderate predictive performance of the model (Fig. 6).
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predictor variables.

Table 2

Performance metrics for the sensitivity experiment, including the static 1-km road-density variable.

Pollutant Model CV RMSE Cv R? Test RMSE Test R? Spatial CV RMSE Spatial CV R?

NO, GradientBoosting 5.539 0.682 5.329 0.706 6.917 0.466
RandomForest 5.928 0.635 5.961 0.633 6.966 0.459

PM,5 GradientBoosting 1.092 0.572 1.051 0.550 1.429 0.275
RandomForest 1.131 0.541 1.092 0.514 1.442 0.264

Overall, the maps provide a spatially explicit overview of recent air-
quality changes and support the integration of satellite observations,
meteorological reanalysis, and machine-learning methods for national-
scale assessments.

To complement the spatial prediction maps, the agreement between
modelled and observed concentrations at monitoring locations is illus-
trated in Figs. S5 and S6 (Supplementary Material). These scatter plots
provide a direct comparison between predicted and measured annual
values and demonstrate that the model reproduces the main concen-
tration gradients observed in the monitoring network. Given the 10 km
modelling resolution, the concentration surfaces represent background
spatial patterns rather than site-specific micro-scale variability.

4. Discussion

This study shows that freely available satellite observations, ERA5-
Land meteorology, and machine-learning models can be combined to
characterise annual NO, and PM,.5 patterns across Germany between

2019 and 2024. Because the framework relies exclusively on open
datasets, it is particularly relevant for regions with sparse or uneven
monitoring coverage. The results also highlight clear differences be-
tween gaseous and particulate pollutants, illustrating the strengths and
limitations of annual satellite-derived predictors in national-scale air-
quality assessments.

For NO,, both observations and model outputs indicate a steady
decline over the study period, consistent with reduced road-traffic
emissions, fleet improvements, and pandemic-related mobility
changes, in line with previous European assessments (Petetin et al.,
2020; Grange et al., 2021). Among the evaluated algorithms, Random
Forest performed best. SHAP analysis confirmed the dominant role of
physically meaningful predictors, particularly Sentinel-5P tropospheric
NO; columns, which have been shown to relate well to surface con-
centrations across Europe (Chan et al., 2021; Virta et al., 2023), and
NDVI, which differentiates vegetated from transport-dominated envi-
ronments influencing dispersion and deposition (Shetty, 2024). These
findings suggest that annual NO3, variability can be reasonably captured
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Fig. 5. Predicted national NO, concentrations for Germany in (a) 2019, (b) 2022 and (c) 2024 generated using the best-performing model (10 km grid).
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using dynamic satellite- and reanalysis-based inputs.

Despite this performance (RMSE ~ 6 pg m~>), the modelling
framework is not intended for regulatory compliance or enforcement
purposes. Annual limit values are defined at individual monitoring lo-
cations and require uncertainty levels that cannot be achieved with a
coarse, national-scale satellite-driven approach. Instead, the model is
designed to represent large-scale spatial gradients, long-term ten-
dencies, and contrasts between emission environments, providing an
area-averaged background concentration field that complements, rather
than replaces, in-situ monitoring.

PM,.5 exhibited more complex behaviour. Although a long-term
decline is evident, interannual variability was larger than for NOo,
reflecting the influence of winter heating, secondary aerosol formation,
and meteorological stagnation, as widely reported for Germany and
central Europe (Pietikainen et al., 2015; Liu et al., 2021). Gradient
Boosting achieved the best performance for PMs.s, albeit with moderate
accuracy, consistent with the diverse sources and processes controlling
particulate matter, including precursor gases, long-range transport,
humidity, and boundary-layer dynamics (Bae et al., 2020). SHAP anal-
ysis identified surface pressure, NDVI, and NO, as the most influential
predictors, while MAIAC AOD contributed little at the annual scale, in
agreement with previous studies showing weakened AOD-PM,.5 re-
lationships under long-term aggregation (Zheng et al., 2017; Damascena
et al., 2021). Consequently, the PM,.5 maps should be interpreted as
broad regional gradients rather than fine-scale local estimates.

Model evaluation strategy influenced performance interpretation.
Random cross-validation was used as the primary approach, as strict
spatial blocking can produce unstable or overly conservative estimates
when monitoring stations are unevenly distributed (Wadoux et al.,
2021; Ochege et al., 2025). Given the objective of developing repro-
ducible national-scale models comparable to data-limited regions,
random cross-validation provided a practical compromise, although
some spatial dependence likely remains. The relevance of traffic-related
processes is nevertheless supported by the strong contribution of
Sentinel-5P NO, and by sensitivity tests using a static road-density
Proxy.

The sensitivity analysis showed that road density improved NOy
performance under random cross-validation, with weaker gains under
spatial validation, suggesting benefits for local fitting rather than na-
tional generalisation, consistent with earlier findings (Balamurugan
et al., 2021, 2023). Effects for PMy.5 were modest, reflecting the
dominance of regional and meteorological drivers. Road density was
therefore excluded from the final models to maintain a focus on dynamic
predictors, although its relevance for urban-scale applications is evident.

The core modelling framework intentionally prioritises dynamic
predictors that vary annually (satellite-derived atmospheric variables
and meteorological reanalysis), rather than static land-use layers. This
design choice enhances temporal consistency, reproducibility, and
transferability across regions where detailed land-use inventories may
not be available. The sensitivity analysis including road density confirms
that static variables can improve local fitting near monitoring stations,
but their contribution to national-scale spatial generalisation remains
limited.

The resulting concentration surfaces capture dominant national
patterns: a consistent decline in NO5 across urban and rural areas, and
more heterogeneous behaviour for PMs.s. SHAP results indicate reliance
on predictors consistent with known atmospheric processes, supporting
the internal physical coherence of the models (Gu et al., 2021). The
smooth appearance of the maps reflects annual aggregation and the
10-km grid resolution, representing background concentration fields
rather than intra-urban variability. Persistent features, such as elevated
values around Munich, align with stable tropospheric NO2 and land-use
characteristics rather than modelling artefacts.

From a policy perspective, the findings indicate continued im-
provements in German air quality, while also showing that many loca-
tions remain above current WHO guideline values. In the context of
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Directive (EU) 2024/2881 (European Parliament & Council of the EU,
2024) and its stricter future limits, the presented framework can support
national assessments by providing a spatially continuous complement to
monitoring networks. Its reliance on globally available open data also
facilitates transferability to regions lacking dense observational
coverage (Im et al., 2025).

Future work could explore higher-temporal-resolution predictors,
additional meteorological and chemical variables (e.g., boundary-layer
height, humidity, and precursor gases), and more advanced spa-
tial-temporal validation strategies (Berrisford et al., 2025). Integrating
national emission inventories, such as kilometre-scale datasets from the
German Environment Agency, may further improve urban-scale per-
formance but was intentionally excluded here to preserve global appli-
cability. Emerging satellite embedding products and deep-learning
architectures may also help capture finer-scale variability in future ap-
plications (Alvarez et al., 2025).

5. Conclusion

This study shows that open satellite observations, reanalysis data,
and machine-learning models can be combined to characterise annual
NO; and PM,.5 concentrations across Germany for the period
2019-2024 using only freely available predictors. The models reproduce
the main spatial patterns observed at monitoring stations, with higher
predictive performance for NO,, reflecting its strong association with
traffic-related proxies and Sentinel-5P tropospheric NOs. In contrast,
PM,.5 exhibits greater complexity, consistent with the influence of
multiple sources, secondary aerosol formation, and meteorological
processes that are less well captured by annually aggregated inputs.

SHAP analysis indicates that tropospheric NO, and vegetation
structure are the most influential predictors for NO,, while surface
pressure, NDVI, and co-emitted gases dominate PMs.5 predictions, with
annual AOD contributing limited additional information. Including road
density improves NO, performance under random cross-validation but
has a weaker effect under spatial validation, suggesting limited trans-
ferability at national scale.

The modelled concentration surfaces capture the multi-year decline
in NOy and the more heterogeneous evolution of PMa.s. Although
annual models cannot resolve short-term variability, the approach
provides a transparent and reproducible framework for national air-
quality assessment based entirely on open datasets. Further improve-
ments may be achieved by incorporating higher-temporal-resolution
predictors, additional chemical and boundary-layer variables, and
hybrid spatial-temporal validation strategies.
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