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Abstract

Air quality monitoring in many cities of the Global South is constrained by sparse ground-based
networks and persistent cloud cover, limiting the ability to detect fine-scale spatial patterns and
temporal trends. This study evaluates the potential of annual multi-sensor satellite embeddings from
the AlphaEarth Foundations model in Google Earth Engine to predict and map major air pollutants
in Quito, Ecuador, between 2017 and 2024. The 64-dimensional embeddings integrate Sentinel-1
radar, Sentinel-2 optical imagery, Landsat surface reflectance, ERA5-Land climate variables, GRACE
terrestrial water storage, and GEDI canopy structure into a compact representation of surface and
climatic conditions. Annual median concentrations of NO,, SO,, PM,.5, CO, and O; from the Red
Metropolitana de Monitoreo Atmosférico de Quito (REEMAQ) were paired with collocated
embeddings and modeled using five machine learning algorithms. Support Vector Regression
achieved the highest accuracy for NO, and SO, (R? = 0.71 for both), capturing fine-scale spatial
patterns and multi-year changes, including COVID-19 lockdown-related reductions. PM;.5 and CO
were predicted with moderate accuracy, while O; remained challenging due to its short-term
photochemical and meteorological drivers and the mismatch with annual aggregation. SHAP
analysis revealed that a small subset of embedding bands dominated predictions for NO, and SO..
The approach provides a scalable and transferable framework for high-resolution urban air quality
mapping in data-scarce environments, supporting long-term monitoring, hotspot detection, and
evidence-based policy interventions.

Keywords: urban air quality; satellite embeddings; Google Earth Engine; machine learning; Quito

1. Introduction

Urban air pollution remains a major environmental and public health challenge, particularly in
cities of the Global South where resources for continuous air quality monitoring are limited [1,2]. In
many cases, the establishment and maintenance of dense air quality networks or low-cost sensor
alternatives are financially and logistically unfeasible [3,4], restricting the ability of decision-makers
to assess pollutant dynamics, evaluate policy interventions, and protect public health. Exposure to
nitrogen dioxide (NO), sulfur dioxide (SO), fine particulate matter (PM..s), ozone (Os), and carbon
monoxide (CO) is consistently associated with respiratory and cardiovascular diseases, premature
mortality, and significant socio-environmental impacts, highlighting the need for cost-effective and
transferable approaches to estimate their spatial and temporal variability [5,6].
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Quito, Ecuador—located at 2,850 m above sea level in the tropical Andes—faces complex air
quality issues driven by vehicular emissions, industrial activity, and topographically induced
thermal inversions [7]. The city’s Red Metropolitana de Monitoreo de la Calidad del Aire (REEMAQ)
is the only operational network in Ecuador, providing valuable ground-based measurements but
with limited spatial coverage and insufficient station density to capture the city’s pronounced spatial
heterogeneity [8]. Most of the Ecuadorian territory remains without systematic air quality
monitoring.

Previous studies in Quito have used remote sensing combined with regression-based models,
such as land-use regression (LUR) approaches using Landsat or MODIS-derived indices and
meteorological data, achieving good performance but facing recurring limitations: reliance on
handcrafted features from specific sensors, dependence on additional ground-based variables,
limited spatial transferability requiring city-specific recalibration, high cloud density during most of
the year that affects optical remote sensing data [9], and weak temporal generalization for multi-year
predictions [10,11].

Recent advances in artificial intelligence have introduced satellite image embeddings—dense,
information-rich feature vectors generated from multi-sensor Earth observation datasets through
self-supervised learning—which address many of these constraints [12]. Google DeepMind’s
AlphaEarth Foundations (AEF) model integrates over 3 billion geospatial observations from Sentinel-
1 SAR, Sentinel-2 optical bands, Landsat imagery, ERA5-Land meteorology, GRACE hydrology, and
GEDI LiDAR canopy data, producing globally consistent 64-dimensional embeddings summarizing
spectral, seasonal, and structural characteristics at 10 m resolution [13]. Available via Google Earth
Engine (GOOGLE/SATELLITE_EMBEDDING/V1/ANNUAL), these embeddings are robust to cloud
contamination, require no manual feature engineering, and enable scalable applications in data-
scarce environments [14].

While embeddings have been successfully applied to land cover classification, biomass
estimation, and environmental monitoring, their use for urban air pollution prediction remains
unexplored. This study addresses that gap by assessing the predictive capacity of AEF embeddings
for annual NO,, SO, PM,.5, CO, and Os concentrations in Quito, using only satellite-derived features
and machine learning [15-17]. Multiple regression algorithms—Support Vector Regression, Ridge
Regression, Random Forest, Gradient Boosting, and k-Nearest Neighbors —are compared, and model
interpretation is carried out using Shapley Additive Explanations (SHAP) [18,19]. Building on the
best-performing models, we generate high-resolution (10 m) prediction maps for NO, and SO, for
2017 and 2024 to analyze spatial patterns and temporal changes. The objectives are to (i) evaluate the
performance of machine learning models in predicting annual pollutant concentrations from satellite
embeddings, (ii) identify the most influential embedding features, and (iii) produce fine-scale maps
using only remote sensing data from embedding features to assess multi-year changes, offering a
scalable framework for urban air quality assessment in the Global South.

2. Materials and Methods

2.1. Study Area

This study focuses on Quito, the capital of Ecuador, situated in the tropical Andes at an elevation
of approximately 2,850 m above sea level (Figure 1). The city has a population of over 2.7 million and
is characterized by diverse topography, ranging from densely urbanized basins to mountainous
peripheries. Quito exhibits moderate seasonal variability but is strongly influenced by meteorological
phenomena such as thermal inversions, which intensify pollutant accumulation. The city’s air quality
is primarily affected by vehicular traffic, industrial emissions, biomass burning, and social
disruptions such as strikes or exceptional events like the COVID-19 pandemic [20]. Frequent cloud
cover and the limited spatial distribution of monitoring stations make Quito a representative case of
a data-scarce urban environment.
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Figure 1. Location of the study area in the urban area of Quito, Ecuador, showing the city’s administrative parish
boundaries in black lines. The positions of REEMAQ air quality monitoring stations are indicated by red dots.

2.2. Ground-Based Air Quality Data (REEMAQ)

Ground truth data were obtained from the Red Metropolitana de Monitoreo Atmosférico de
Quito (REEMAQ), the city’s official air quality monitoring network, managed by the Secretaria de
Ambiente de  Quito [8] and available through the open data  portal
https://datosambiente.quito.gob.ec/. The dataset comprised measurements of five pollutants —NO,,
SO;, PMz.5, O3, and CO—recorded between 2017 and 2024 at the nine monitoring stations shown in
Figure 1: San Antonio, Carapungo, Cotocollao, Belisario, Centro, El Camal, Guamani, Los Chillos,
and Tumbaco. Original REEMAQ measurements are reported at hourly intervals; to ensure
compatibility with the temporal resolution of the satellite embeddings, we aggregated these data to
annual median concentrations for each pollutant and station. This temporal aggregation reduced the
influence of extreme values, ensured statistical robustness, and matched the yearly scale of the
embedding features. Prior to aggregation, the dataset was checked for null values and missing or
invalid records were removed. Only stations with complete annual records for each pollutant were
retained in the final dataset. For model training and prediction, the geographic coordinates of each
station were used to extract the corresponding 64-band satellite embedding values from Google Earth
Engine.

2.3. Satellite Embeddings (A00—-A63)

We employed the AlphaEarth Foundations (AEF) embedding dataset, a global multi-sensor
representation model designed to encode spatial patterns of Earth surface and climate variables into
compact, information-rich feature vectors [21]. The embeddings were generated using a transformer-
based architecture trained on a diverse range of Earth observation datasets, including Sentinel-1
synthetic aperture radar (SAR) backscatter, Sentinel-2 and Landsat-8 multispectral reflectance,
MODIS vegetation indices, GRACE gravity anomalies, GEDI canopy height, topography, soil
moisture, and atmospheric parameters from ERA5-Land reanalysis. This combination captures
domains such as land cover, vegetation structure and phenology, biomass, hydrology, and climate.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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For this study, we accessed the annual embedding layers through Google Earth Engine under
the collection ID GOOGLE/SATELLITE_EMBEDDING/V1/ANNUAL. Each layer is provided at 10 m
spatial resolution for the years 2017-2024, with each pixel containing a 64-dimensional vector
encoding latent information from the original multi-sensor datasets. These embeddings integrate
both static and dynamic environmental properties, including optical and radar signals, vegetation
metrics, topographic context, and long-term climate patterns.

A key advantage of the AEF embeddings over traditional satellite-derived indices is their data
fusion capability, which allows heterogeneous data sources to be combined into a unified
representation. This enables robust predictive modeling even in data-scarce environments.
Additionally, because they incorporate climate reanalysis data from ERA5-Land, the embeddings
implicitly encode meteorological and seasonal patterns without requiring separate climate
covariates.

At inference time, only the input datasets are required to generate embeddings for new locations
or years, making the system highly scalable and suitable for applications in regions without extensive
monitoring infrastructure. In this study, the embeddings served as the sole predictor variables in
machine learning models for air pollutant concentrations, eliminating the need for manually
engineered features.

The inclusion of ERA5-Land variables means that the embeddings contain not only surface
spectral and structural information but also annual climate summaries. This integration allows the
model to account for long-term meteorological context, even though short-term weather variability
is not explicitly represented due to the annual aggregation.

The embeddings are provided at 10-meter resolution, are robust to cloud contamination, and are
consistent across years and regions. For each REEMAQ station and year, we extracted the full set of
embedding bands (A00-A63) as predictor variables for the machine learning models.

2.4. Machine Learning Models and Evaluation

We trained and evaluated five machine learning regression models using the 64-band annual
embeddings (A00-A63) to predict the annual concentrations of each pollutant. The models tested
were Support Vector Regression (SVR) [22], Ridge Regression [23], Random Forest Regressor [24],
Gradient Boosting Regressor [25], and k-Nearest Neighbors (KNN) [26]. These models were selected
for their diversity in complexity, interpretability, and proven applicability in environmental
modeling. SVR is well suited to high-dimensional datasets with nonlinear relationships and achieved
the best overall performance in our study, particularly for CO and SO,. Ridge Regression, a
regularized linear approach, served as a robust and interpretable baseline model, effectively
controlling overfitting. Random Forest, a nonlinear ensemble method, captures feature interactions
and handles noisy data while providing estimates of feature importance. Gradient Boosting, another
ensemble approach, allows for fine-tuned optimization and often achieves high predictive accuracy
on structured datasets. KNN, a simple non-parametric model, was included to assess the influence
of spatial proximity in the embedding feature space.

The dataset contained between 42 and 49 samples per pollutant depending on station
availability, making the sample size small to medium in the context of tabular regression. All models
were implemented using the scikit-learn Python library and trained with a 5-fold cross-validation
scheme to ensure robust evaluation [27]. Hyperparameters were optimized using a grid search
strategy to maximize predictive performance, and the same training-testing splits were applied
across all models to allow direct comparability [28].

Model evaluation was performed using 5-fold cross-validation (CV), a protocol widely applied
in machine learning and remote sensing studies as a balance between computational cost, bias, and
variance. Each pollutant dataset comprised approximately 60 samples (station-year combinations),
and the 5-fold split yielded ~70% for training and ~30% for testing in each fold. This ensured sufficient
training size for model stability while maintaining independent test samples for robust assessment.
We acknowledge that 5-fold CV mixes samples across stations and years, which may yield optimistic
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results compared to stricter station- or year-based validation. However, for this initial feasibility
study, the primary objective was to benchmark the performance of embedding-based models relative
to traditional predictors in a consistent manner across all pollutants. Future work will extend this to
stricter spatial and temporal hold-out strategies (e.g., Leave-One-Station-Out or Leave-One-Year-
Out).

Model evaluation focused on three key metrics: the coefficient of determination (R?), the mean
absolute error (MAE), and the root mean squared error (RMSE). Final model selection for each
pollutant was based primarily on R? performance on the test folds, ensuring that the chosen model
provided the best balance between predictive accuracy and generalization ability.

2.5. Feature Importance Analysis (SHAP)

To enhance the interpretability of the modeling results, we applied Shapley Additive
Explanations (SHAP) to the best-performing model for each pollutant. SHAP values quantify the
contribution of each embedding band to individual predictions, providing a transparent assessment
of which spectral-textural features most strongly influence pollutant estimates [29]. This approach
allowed us to identify the most relevant embedding dimensions, gain insights into the relationships
between pollutant concentrations and surface characteristics, and inform potential dimensionality
reduction strategies for future applications.

For the final models with the highest accuracy, we applied them to the complete embedding
rasters of Quito for the years 2017 and 2024. Predictions were generated at 10 m spatial resolution,
enabling a detailed visualization of the spatial distribution of pollutants and their temporal changes
within a consistent analytical framework. All coding and model execution were carried out in Google
Colab, with model applications and raster processing conducted using Google Earth Engine and the
geemap Python package. The resulting maps were further processed and visualized using Python
libraries such as matplotlib, rasterio, and shap. Final georeferenced rasters were exported to Google
Drive and refined for cartographic figures in ArcGIS Pro, ensuring compatibility with spatial
planning workflows and supporting their use in health risk communication. The workflow diagram
is presented in Figure 2.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 2. Workflow diagram summarizing the main steps of the study.

3. Results

3.1. Analysis of Ground-Based REEMAQ Data

The REEMAQ dataset for Quito from 2017 to 2024 revealed distinct pollutant-specific patterns
and spatial variability across the monitoring network (Figure 3). Temporal aggregation of annual
means showed that NO, concentrations were consistently higher at stations located near high-traffic
corridors and in the historic city center, with some sites exceeding the WHO annual guideline value
of 10 ug/m?® in multiple years [30]. SO, exhibited strong spatial localization, with the highest values
recorded in the southern industrial sector and generally low concentrations in residential and green
areas.

PM_.5 displayed both seasonal and interannual variability, with elevated values during the dry
season, particularly in central and southern districts. These peaks likely reflect a combination of traffic
emissions, industrial activity, and regional transport from biomass burning events, with annual
averages at several sites exceeding the WHO guideline value of 5 pg/m?3. CO levels were relatively
homogeneous across the network, with modest peaks in areas of dense traffic flow. In contrast, O3
concentrations were higher in peripheral and elevated areas, showing the typical inverse spatial
relationship with NO,, consistent with photochemical production processes.

Interannual trends suggested modest declines in NO, and CO at several central monitoring
stations, potentially linked to fleet modernization and traffic management policies. However,
increases in PM,.s and SO, were observed in some southern and peri-urban stations, indicating
localized emission growth. Overall, these patterns underscore the heterogeneity of Quito’s air
pollution profile and highlight the importance of spatially resolved modeling approaches.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Annual median CO, NO,, PM,.5, SO, and Os concentrations at Quito’s REEMAQ stations from 2017-
2025, with WHO limits marked by red dashed lines and the COVID-19 lockdown period highlighted in gray,

showing pollutant-specific trends and station-level differences.

3.2. Machine Learning Model Performance

The predictive performance of the five machines learning algorithms for each pollutant is
summarized in Table 1. The strongest results were obtained for NO, and SO,, with both achieving R2
= 0.71 using Support Vector Regression (SVR). For NO,, k-Nearest Neighbors (KNN) also matched
this performance, with RMSE values around 2.91-2.92 pg/m? and MAE between 2.33 and 2.53 ug/ms3,
indicating good agreement between predictions and observations. For SO,, Random Forest ranked
second with R2=0.66 and RMSE = 0.43 pg/m3. PM,.5 predictions reached moderate accuracy (R2=0.55)
with Ridge Regression and Elastic Net, while CO was moderately well predicted by SVR (R2=0.61)
and less so by Gradient Boosting (R2=0.48). O; proved difficult to model with embeddings alone, with
Random Forest and Ridge Regression producing negative values (—0.02 and —0.04), highlighting the
need for dynamic meteorological predictors.
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Table 1. Performance metrics of the best-performing machine learning models for each pollutant using annual
AlphaEarth Foundations satellite embeddings as predictors. Metrics include the number of training and testing
samples, mean absolute error (MAE), root mean squared error (RMSE), and coefficient of determination (R?),

based on 5-fold cross-validation with REEMAQ ground-based measurements from Quito, Ecuador, for 2017-

2024.
No. No.
Pollutant Model . MAE RMSE R?

Train Test
co SVR 42 18 0.06 0.07 0.61
GradientBoosting 42 18 0.07 0.08 0.48
SVR 42 18 2.53 2.91 0.71

NO2
KNN 42 18 2.33 2.92 0.71
03 RandomForest 48 21 3.78 4.56 -0.02
Ridge 48 21 3.67 4.60 -0.04
Ridge 49 22 1.20 1.57 0.55
PM2.5

ElasticNet 49 22 1.21 1.57 0.55
sOp SVR 44 19 0.28 0.39 0.71
RandomForest 44 19 0.36 0.43 0.66

Scatterplots of observed versus predicted values (Figure 4) confirm these patterns. For NO, and

SO,, data points cluster closely around the 1:1 line, indicating strong predictive alignment. For PM,.5
and CO, dispersion increases at higher observed concentrations, with a tendency to underpredict
peak events. For O;, the absence of a clear trend line reflects the weak model fit.
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Figure 4. Observed versus predicted pollutant concentrations for the best-performing models based on 5-fold
cross-validation. Each panel shows results for (a) NO,, (b) SO, (c) PMz.5, and (d) CO, with the 1:1 line shown for
reference. NO, and SO, models exhibit strong agreement, while PM,.5s and CO show moderate performance and

ozone (not shown) was poorly predicted.
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Figure 5. SHAP feature importance plots for the best-performing models of each pollutant. The horizontal axis
shows the mean absolute SHAP value for each embedding band (A00-A63), representing its contribution to
model predictions. Bands with higher SHAP values have greater influence, with a small subset dominating

predictions for NO, and SO, and a more even distribution observed for PM,.s and CO.

We constructed spatial prediction maps for NO, and SO, at 10 m resolution (Figures 6 and 7),
which captured fine-scale variability across Quito, as the models for these pollutants achieved the
highest accuracy. In 2017, NO; hotspots were aligned with major roads and dense urban zones, while
by 2024, concentrations had decreased in central areas but increased in rapidly expanding southern
peri-urban districts. SO, hotspots remained concentrated in the southern industrial corridor in both
years, with some intensification observed in 2024. The high spatial resolution of these maps enables
their direct use in local policy-making and targeted interventions.
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Figure 6. Spatial distribution of predicted NO, concentrations in Quito at 10 m resolution for (a) 2017 and (b)
2024 using the best-performing model. Higher concentrations are observed along major transport corridors and

in central districts, with reductions in the city center and increases in southern peri-urban areas over the study

period.
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Figure 7. Spatial distribution of predicted SO, concentrations in Quito at 10 m resolution for (a) 2017 and (b) 2024
using the best-performing model. Persistent hotspots are observed in the southern industrial corridor, with

localized intensification between 2017 and 2024.

4. Discussion

The REEMAQ monitoring data and the embedding-based model predictions together provide a
clear perspective on what a fully remote sensing—driven approach can achieve for urban air quality
modeling in a data-scarce context such as Quito [11]. Ground observations confirm persistent spatial
differences across pollutants: nitrogen dioxide is concentrated in the central business district and
along major traffic corridors, where topography-induced thermal inversions trap emissions; sulfur
dioxide is localized in the southern industrial area; fine particulate matter exhibits seasonal peaks
during the dry season and regional biomass burning events; carbon monoxide is more evenly
distributed but presents localized spikes in traffic-heavy areas; and ozone is highest in peripheral
elevated zones, where photochemical processes dominate away from NO, sources [31,32].

The machine learning results demonstrate that the AlphaEarth Foundations embeddings—
which integrate multi-sensor observations from Sentinel-1, Sentinel-2, Landsat, ERA5-Land
meteorology, GRACE hydrology, and GEDI LiDAR —effectively capture the spatial heterogeneity of
pollutants, particularly those with stable source patterns. NO, achieved the highest predictive
accuracy, with Support Vector Regression and k-Nearest Neighbors both reaching R? = 0.71 and
RMSE = 2.9 ug/m?. This strong performance, achieved without handcrafted features or additional
local covariates, suggests that the embeddings encode robust spatial proxies for traffic networks,
impervious surface distribution, and urban morphology. This situates our work within a new context
for the use of remote sensing variables and machine learning models [33-35]. The high accuracy for
NO:; likely stems from its spatial stability and strong correlation with persistent land-use features that
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are well represented in multi-sensor composites. In contrast, pollutants with more dynamic or
secondary formation processes, such as PM,.s and CO, achieved only moderate accuracy (R? = 0.55
and 0.61, respectively), reflecting the influence of short-term meteorological drivers and episodic
transport not captured by annual embeddings. O; was the most difficult pollutant to predict, yielding
negative R? values across models, consistent with its complex nonlinear chemistry and strong
dependence on short-term meteorological variability and precursor interactions—factors smoothed
out in annual data [36,37].

The SHAP analysis provided further insights into model interpretability. For NO,, a limited set
of embedding bands (e.g., A12, A47, and A03) dominated predictions, likely linked to proxies of
urban density, impervious materials, and vegetation cycles. SO, predictions were strongly influenced
by A05, A26, and A51, which appear to capture industrial land-use characteristics. By contrast, PM,.5
and CO relied on more diffuse patterns across multiple embedding bands, suggesting weaker and
less stable predictors. These findings indicate that NO, and SO, models could be streamlined by
prioritizing a smaller subset of highly relevant embedding features, reducing computational demand
while maintaining accuracy [38,39].

Our high-resolution (10 m) spatial predictions reveal patterns consistent with known emission
sources and policy-relevant temporal changes. Between 2017 and 2024, NO; levels declined in the
city center —likely reflecting cleaner vehicle fleets and improved traffic management—but increased
in peri-urban southern districts undergoing rapid expansion. SO hotspots persisted in the industrial
south and showed signs of intensification, likely tied to industrial activity. Such outputs highlight the
value of embedding-based models for tracking spatial and temporal pollution dynamics in resource-
limited contexts.

When compared with previous approaches, our framework demonstrates clear advantages.
Earlier studies in Quito and other cities primarily relied on Sentinel-5P TROPOMI or MODIS AOD
retrievals [40,41], combined with regression kriging or land-use regression (LUR) models, to estimate
surface pollutant levels [9-11]. While these approaches provide valuable insights, they are
constrained by retrieval errors under cloudy conditions, coarser spatial resolution, and the need for
auxiliary data. By contrast, embedding-based models exploit harmonized, globally available, multi-
sensor data that inherently encode land cover, structural, and climatic information at high resolution.
Unlike chemical transport models, which require detailed emissions inventories and substantial
computational resources, embeddings provide a lightweight yet powerful alternative for Global
South cities where such resources are scarce.

From a generalizability perspective, this framework has strong potential to be transferred to
other cities in the Global South, provided that a minimal set of ground-based observations is available
for calibration. The embeddings are globally consistent at 10 m resolution, making them suitable
across diverse socio-economic and climatic conditions. Pollutants with stable spatial patterns, such
as NO, and SO,, are particularly well captured, while pollutants with stronger temporal variability
may benefit from integrating higher-frequency meteorological or atmospheric composition data.
Incorporating vertical column density products from sensors such as Sentinel-5P, MODIS AOD, or
future missions could also strengthen the linkage between surface-level predictions and atmospheric
concentrations, enabling the construction of more physically consistent models.

A key novelty of our work lies in addressing a critical blind spot in global air quality modeling.
While many global models perform well in the Global North, they often underperform in the Global
South due to sparse monitoring networks, incomplete emissions inventories, and limited auxiliary
datasets. By demonstrating that multi-sensor embeddings can deliver locally accurate and policy-
relevant predictions in Quito, we provide a pathway to overcome these limitations. This novelty
positions our work as an important step toward democratizing access to reliable air quality
information in underserved regions and aligns with broader public health concerns such as
respiratory disease [42].

Looking forward, future work should explore integrating dedicated atmospheric missions such
as Sentinel-4A and Sentinel-5A, which will provide high-frequency pollutant-specific retrievals to
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complement embeddings and improve temporal resolution [43]. Applying this methodology in other
Andean cities with similar topographic constraints and emission conditions will test its robustness
across comparable environments. Furthermore, coupling embedding-based models with dense
networks of IoT low-cost air quality sensors could enable near-real-time monitoring, bridging the gap
between high-resolution spatial predictions and real-time exposure assessment [44,45]. Ultimately,
our goal is to advance a replicable, scalable methodology for cities worldwide where monitoring
networks are sparse or absent, thereby supporting evidence-based environmental governance,
equitable access to clean air, and public health protection.

5. Conclusions

This study highlights the potential of machine learning in combination with Google’s
AlphaEarth Foundations satellite embeddings to advance urban air quality modeling in data-scarce
regions, using Quito, Ecuador, as a representative case study. By relying solely on globally available,
multi-sensor embeddings that integrate information from Sentinel-1, Sentinel-2, Landsat, ERA5-
Land, GRACE, and GEDI, we showed that high-resolution (10 m) predictions of air pollutant
concentrations can be generated without the need for handcrafted features, auxiliary land-use
datasets, or pollutant-specific retrievals. The models achieved their strongest performance for NO,
(R2=0.71) and SO, (R?=0.71), pollutants characterized by stable and localized emission sources that
are well represented in the embeddings, underscoring the capacity of this approach to capture
proxies for traffic intensity, industrial activity, and urban morphology. In contrast, pollutants with
higher temporal variability, such as PM,.5, CO, and O3, yielded more modest results, reflecting the
limitations of annual aggregation in representing short-term meteorological processes, chemical
transformations, and episodic events such as biomass burning or inversion layers. Compared with
previous studies that relied primarily on Sentinel-5P vertical column retrievals or MODIS AOD
products to generate surface concentration estimates, our framework offers a more spatially detailed,
transferable, and cloud-robust alternative capable of capturing intra-urban heterogeneity while
reducing dependence on data that may be unavailable or unreliable in regions of the Global South.
The integration of SHAP analysis further enhanced interpretability, identifying the most influential
embedding bands for different pollutants and providing guidance for reducing model complexity in
future applications. Importantly, the results emphasize that embedding-based models can fill the
critical gap left by traditional global air quality models, which often underperform in cities with
sparse monitoring networks and incomplete emissions inventories, by leveraging globally consistent
Earth observation data in combination with a minimal set of ground measurements. Looking
forward, integrating pollutant-specific vertical column retrievals, such as those from Sentinel-5P and
future Sentinel-4/5 missions, alongside higher-frequency meteorological data and IoT-based low-cost
sensor networks, will allow more robust hybrid frameworks that improve temporal generalization
and near-real-time monitoring capabilities. Ultimately, this study demonstrates that embedding-
based machine learning offers a scalable, policy-relevant, and globally transferable methodology for
urban air quality prediction, providing a valuable tool for cities in the Global South where reliable
air quality information is urgently needed to support public health protection, climate resilience, and
sustainable urban planning.
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Abbreviations

The following abbreviations are used in this manuscript:

REEMAQ Red Metropolitana de Monitoreo Atmosférico de Quito

PM,.5 Particulate Matter with aerodynamic diameter <2.5 um
NO, Nitrogen Dioxide

SO, Sulfur Dioxide

O; Ozone

CcO Carbon Monoxide

AEF AlphaEarth Foundations

ERA5 ECMWEF Reanalysis v5

SVR Support Vector Regression

SHAP Shapley Additive Explanations
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