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Abstract—Fine particulate matter (PM2.5) is one of the
most critical air pollutants due to its ability to
penetrate deep into the respiratory system, posing
severe risks to human health. Reliable estimation of
surface-level PM2 5 remains challenging, particularly in
regions with sparse ground-based monitoring
infrastructure. This study proposes a satellite-driven
machine learning framework for estimating surface-
level PM25 concentrations by integrating satellite
radiance data, meteorological variables, and temporal
dependency features. Key atmospheric parameters—
including precipitation, boundary layer height, relative
humidity, wind speed, and air temperature—are
combined with lag-based PM2 5 features and principal
component representations to enhance predictive
robustness. A Random Forest regression model is
employed to effectively capture complex non- linear
relationships between the input features and PM25
con- centrations. The proposed model demonstrates
strong predictive performance, achieving a coefficient
of determination (R?) of 0.91 and a root mean square
error (RMSE) of 0.165 on the test dataset. The results
highlight the potential of satellite-assisted machine
learning approaches as a cost-effective and scalable
solution for air quality assessment, particularly in areas
lacking dense monitoring networks.

Index Terms—PM?2 5 prediction, air pollution modeling,

satellite radiance, meteorological features, Random
Forest

I. INTRODUCTION

Air pollution is one of the most critical
environmental challenges affecting human health,
ecological balance, and climate systems worldwide.
Among various air pollutants, fine particulate matter
(PM_s)—aerosol particles with an aero- dynamic
diameter smaller than 2.5 pm—poses severe health
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risks due to its ability to penetrate deep into the
respiratory system and enter the bloodstream.
Prolonged exposure to elevated PM. 5 concentrations
has been strongly associated with respiratory
diseases, cardiovascular disorders, reduced lung
function, and increased premature mortality.
Consequently, accurate estimation and continuous
monitoring of surface-level PMs concentrations are
essential for effective air quality management, public
health risk assessment, and evidence- based
environmental policymaking.

Conventional air quality monitoring systems
primarily rely on ground-based monitoring stations,
which  provide  high-  precision  pollutant
measurements at specific locations. Despite their
accuracy, the deployment and maintenance of these
stations  involve  substantial  financial and
infrastructural costs, resulting in sparse spatial
coverage—particularly in developing regions, rural
areas, and complex terrains. This limited coverage
restricts the ability to capture spatial variability and
temporal dynamics of air pollution across large
geographic regions. As a result, ground-based
observations alone are often insufficient for
comprehensive air quality assessment, high- lighting
the need for complementary large-scale monitoring
approaches.

Satellite remote sensing has emerged as a powerful
alternative for atmospheric and environmental
monitoring by providing extensive spatial and
temporal coverage. Satellite sensors record radiance
values across multiple spectral bands, which contain
indirect information related to aerosol loading,
atmospheric  composition, and meteorological
conditions. Al- though satellite observations do not
directly measure surface- level PM2s concentrations,
they serve as valuable proxies when combined with
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appropriate modeling techniques. Integrating satellite
radiance data with meteorological parameters and
ground-based  observations enables large-scale
estimation of PM 2.5 concentrations in regions were
direct measurements are sparse or unavailable.
Recent advances in machine learning have
significantly improved the capability to model
complex, non-linear envi- ronmental processes.
Machine learning approaches are partic- ularly
effective for air quality estimation due to their ability
to learn intricate relationships among heterogeneous
input vari- ables, including satellite-derived features,
meteorological pa- rameters, and temporal
information. Ensemble learning meth- ods, such as
Random Forest regression, have shown strong
performance in air pollution modeling tasks owing to
their robustness against overfitting, tolerance to
multicollinearity, and effectiveness in capturing non-
linear feature interactions. However, many existing
studies focus primarily on predictive accuracy
without addressing operational robustness, temporal
persistence, or resilience to missing data—factors
that are critical for real-world deployment.

In this study, we propose a satellite-driven machine
learning framework for estimating surface-level
PM2s concentrations over a selected geographic
region by integrating satellite radiance data,
meteorological variables, and temporal features. The
framework  incorporates  key  meteorological
parameters, including total precipitation, boundary
layer height, relative humidity, wind speed, and air
temperature, which play a significant role in pollutant
dispersion and accumulation pro- cesses. Temporal
features such as hour of the day, day of the
month, month, and weekday are included to capture
diurnal and seasonal variations in  PMg;s
concentrations. In addition, lag-based PM,s features
and rolling averages are employed to model temporal
dependencies and persistence effects commonly
observed in air pollution dynamics.

To reduce feature redundancy and enhance
computational efficiency, Principal Component
Analysis (PCA) is applied to compress high-
dimensional input features while retaining the most
informative variance. A Random Forest regression
model is then employed to estimate PMys
concentrations, leveraging its ensemble structure to
effectively model complex, non-linear relationships
between input variables and pollution levels. Unlike
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many existing approaches, the proposed framework is
designed to be operationally robust and fault-tolerant,
allowing continued estimation even when certain data
sources—such  as  satellite  observations—are
temporarily unavailable.

The main contributions of this work are summarized

as follows:

e A  satellite-assisted  machine  learning
framework that inte- grates radiance data,
meteorological variables, temporal features,
and historical PMys observations for surface-
level PMy s estimation.

e Incorporation of temporal dependency
modeling through lag-based features and
rolling statistics to improve pre- diction
stability and realism.

o Application of dimensionality reduction using
Principal Component Analysis to enhance
model efficiency while preserving predictive
performance.

e Development of a robust and fault-tolerant
estimation pipeline capable of maintaining
operation under partial data unavailability.

e Extensive experimental evaluation
demonstrating high predictive accuracy and
strong generalization capability.

The results of this study demonstrate that satellite-
driven machine learning approaches can provide
accurate, scalable, and operationally resilient
solutions for PM;s estimation. The proposed
framework offers a practical tool for enhancing air
quality monitoring in regions with limited ground-
based infrastructure and supports informed decision-
making for environmental management and public
health protection

Il. DATA AND FEATURE DESCRIPTION

Accurate  estimation of  surface-level PMas
concentrations  requires  the integration  of
meteorological, temporal, and historical pollution-
related variables that influence aerosol formation,
transport, and dispersion processes. In this study,
a comprehensive feature set was constructed to
capture the complex spatiotemporal dynamics
governing air pollution variability.
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A. Meteorological Features

Meteorological variables play a fundamental role in
determining the concentration, dispersion, and
accumulation of particulate matter in the atmosphere.
Total precipitation (TP) influences wet deposition
mechanisms, which can substantially reduce PMas
concentrations  through  scavenging  processes.
Boundary layer height (BLH) governs the vertical
mixing potential of the atmosphere; lower BLH
values typically correspond to restricted dispersion
and higher near-surface pollutant accumulation.
Relative humidity (RH) affects aerosol hygroscopic
growth, altering particle size and mass concentration.
Wind speed (WS) directly influences horizontal
transport and dilution of pollutants, while air
temperature (AT) impacts atmospheric stability and
chemical reaction rates involved in secondary aerosol
formation. Together, these meteorological parameters
provide critical context for understanding PMas
variability under different atmospheric conditions.

B. Temporal Features

Temporal indicators were incorporated to capture
diurnal, weekly, and seasonal patterns commonly
observed in air pollution time series. The hour-of-day
feature reflects short-term variations associated with
traffic intensity, industrial activity, and boundary
layer evolution. Calendar-based features such as day
of the month and month of the year capture seasonal
emission trends and meteorological cycles, while the
weekday indicator differentiates between weekday
and weekend emission behaviors. These temporal
features enable the model to learn periodic and
recurring patterns in PMas concentrations.

C. Dimensionality Reduction Using PCA

To mitigate multicollinearity and reduce redundancy
among correlated input variables, Principal
Component Analysis (PCA) was applied to the
standardized feature set. PCA transforms the original
correlated variables into a reduced set of orthogonal
components that preserve the dominant variance in
the data. In this study, the first three principal
components (PCA1, PCA2, and PCA3) were retained
based on cumulative explained variance analysis,
ensuring that the majority of informative variability
was preserved while improving computational
efficiency and model robustness.
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D. Lag-Based and Aggregated PM,s Features

Air pollution time series exhibit strong temporal
persistence and autocorrelation, which can be
effectively modeled using historical pollutant
information. To capture these dependencies, lag-
based PM 2.5 features were constructed using
previous observations at multiple time steps (PMiag,
PMiags, and PMigs). In addition, rolling average
features (PMavgz and PMayges) Were computed to
represent accumulated pollution levels over recent
periods and to smooth short-term fluctuations. These
features enhance the model’s ability to capture short-
term memory effects and improve predictive stability.

E. Final Feature Set

The final feature set integrates meteorological
drivers, temporal indicators, dimensionality-reduced
components, and historical pollution information,
forming a comprehensive representation of the
factors influencing surface-level PM_s
concentrations. This integrated feature design enables
the machine learning model to effectively learn
complex non- linear relationships and temporal
dynamics associated with air pollution processes,
thereby improving estimation accuracy and
generalization capability. Table | provides a
consolidated summary of all input features used in
the proposed PM. s estimation framework.

Il. METHODOLOGY

This section presents the proposed methodology for
estimating surface-level PM.s concentrations using
satellite radiance data, meteorological variables,
temporal features, and historical air quality
observations. The methodology is designed as a
structured and reproducible pipeline comprising data
preprocessing, feature engineering, model training,
and performance evaluation, with an emphasis on
robustness and generalization.

A. Overall Framework

The proposed framework integrates multi-source
environ- mental data through a sequential processing
pipeline. Meteorological variables, satellite-derived
radiance  features, and ground-based PMas
observations are first temporally aligned and merged
to construct a unified dataset. Feature engineering
procedures—including temporal encoding,
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dimensionality reduction, and lag-based feature
generation—are subsequently applied. A Random
Forest regression model is then trained to estimate
surface-level PM_s concentrations. Model
performance is evaluated using independent
validation and test datasets to ensure unbiased
assessment and generalization to unseen data.

B. Random Forest Regression Model

Random Forest regression is an ensemble learning
technique that combines the predictions of multiple
decision trees to improve predictive accuracy and
robustness. Each decision tree is trained using a
bootstrap sample drawn from the training dataset,
while a randomly selected subset of input features is
considered at each split. The final prediction is
obtained by averaging the outputs of all trees in the
ensemble.

This ensemble-based structure reduces model
variance and mitigates overfitting, making Random
Forest particularly suit- able for modeling complex
environmental processes characterized by non-linear
interactions and noisy measurements. Its ability to
handle multicollinearity and heterogeneous feature
sets further motivates its selection for PMys
estimation, where meteorological, temporal, and
historical ~ pollution variables exhibit  strong
interdependencies.

C. Feature Integration and Temporal Dependency
Modeling

The model input consists of meteorological
parameters, temporal indicators, principal component
features, and lag- based PM;s variables. Temporal
features such as hour of day, day of month, month,
and weekday encode diurnal and seasonal emission
patterns. Lag-based PMjs features and rolling
averages explicitly introduce temporal memory into
the model, enabling it to capture persistence effects
and short-term autocorrelation in pollution dynamics.
Principal Component Analysis (PCA) is applied to
reduce feature dimensionality and mitigate
multicollinearity, thereby improving computational
efficiency and enhancing model stability without
significant loss of information.

D. Model Training and  Hyperparameter

Optimization
The complete dataset is partitioned into training,
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validation, and test subsets. The training set is used to
fit the Random Forest model, while the validation set
is employed for hyperparameter tuning. Key
hyperparameters—including the number of trees,
maximum tree depth, minimum samples required for
node splitting, and minimum samples per leaf—are
optimized to balance model complexity and
generalization performance. The final optimized
model is evaluated on an independent test set to
assess its predictive capability under unseen
conditions.

E. Performance Evaluation Metrics
Model performance is evaluated using standard
regression metrics. The Root Mean Square Error
(RMSE) quantifies the average magnitude of
prediction errors and is defined as:

E1E

= _ — Az

RMSE=  —  (y/-y )2
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where yi and y"i denote observed and predicted PM; s
concentrations, respectively, and N is the number
of samples.
The coefficient of determination (R?) measures the
proportion of variance in the observed data explained
by the model and is expressed as:
=N (yi-y")?

Ny — v
i=1

where y represents the-meanof observed PM;s
values. Together, RMSE and R? provide
complementary insights into prediction accuracy
and model explanatory power.

RE=1-

F. Pipeline Robustness and Reproducibility

The proposed pipeline is designed to be robust to
partial data unavailability. In scenarios where
satellite-derived features are temporarily missing,
the framework continues to generate PM; s estimates
using meteorological, temporal, and historical
pollution features. This design ensures operational
continuity and enhances real-world applicability. All
preprocessing steps, model configurations, and
evaluation procedures are implemented in a modular
manner, enabling reproducibility and facilitating
future extensions of the framework.
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IV.RESULTS AND DISCUSSION

The performance of the proposed Random Forest-
based PM,s estimation framework was evaluated
using independent validation and test datasets to
assess both predictive accuracy and generalization

capability. Quantitative evaluation

summarized in Table I1.

TABLE | Summary of Input Features Used for
PM2.5 Estimation

results are

Feature Category

Description

Meteorological

Total  precipitation  (TP),

Features boundary layer height (BLH),
relative humidity (RH), wind
speed (WS), air temperature
(AT)

Temporal Hour of day, day of month,

Features month of year, weekday

indicator.

Dimensionality-
Reduced Features

Principal components PCAL,
PCA2, PCA3 derived using
Principal Component
Analysis

Lag-Based PMas
Features

PMIagl, PMIagS, PMIagG

Rolling Average
Features

P Mavg3, PMavge

TABLE Il Performance of the proposed PM2.5
estimation model

Dataset RMSE R2

\Validation 0.128 0.883

Test 0.124 0.894
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Fig. 1. Actual versus predicted PMy s
concentrations on the test dataset, illustrating the
model’s ability to capture temporal trends and
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On the validation dataset, the model achieved a Root
Mean Square Error (RMSE) of 0.128 and a
coefficient of determination (R?) of 0.883, indicating
a strong agreement between predicted and observed
PMas concentrations. Evaluation on the independent
test dataset yielded a comparable RMSE of 0.124
and an R? value of 0.894, demonstrating consistent
performance and minimal overfitting. The close
alignment of validation and test metrics confirms the
robustness of the pro- posed modeling framework.
Fig. 1 illustrates the comparison between observed
and predicted PM2s concentrations on the test
dataset, showing that the model effectively captures
both temporal trends and short-term variability.
The high R? values indicate that over 89% of the
variance in surface-level PM2s concentrations is
explained by the model. This level of explanatory
power is noteworthy given the complex, non-linear
interactions governing atmospheric  pollution
processes. The low RMSE values further suggest that
prediction errors remain small, indicating precise
estimation capability. As shown in Fig. 2, the
similarity between validation and test error metrics
further confirms the strong generalization ability of
the proposed model and indicates minimal
overfitting. All RMSE values are reported in
normalized units corresponding to the scaled PM;s
concentration range used during model training and
evaluation.
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Fig. 2. Comparison of valid
performance across error metrics and R?,
demonstrating consistent generalization of the
proposed model.

A key contributor to the model’s strong performance
is the incorporation of lag-based PM, s features and
rolling averages, which enable effective modeling of
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temporal persistence and short-term memory effects
inherent in air pollution time series. By leveraging
historical PM,s observations, the model captures
pollutant continuity patterns that are not fully
explained by instantaneous meteorological variables
alone.

Meteorological and temporal features also play a
critical role in prediction accuracy. Parameters such
as boundary layer height, wind speed, and relative
humidity directly influence pollutant dispersion and
accumulation mechanisms, while temporal indicators
capture recurring diurnal and seasonal emission
patterns. The application of Principal Component
Analysis (PCA) further enhances model stability by
reducing feature redundancy and mitigating
multicollinearity, thereby improving computational
efficiency  without  compromising  predictive
performance.

Overall, the experimental results demonstrate that the
pro- posed Random Forest-based framework provides
a reliable and effective solution for estimating
surface-level PM.s concentrations. The consistent
performance across validation and test datasets
highlights the framework’s suitability for operational
air quality estimation, particularly in regions with
limited ground-based monitoring infrastructure. These
findings reinforce the potential of combining satellite
radiance data, meteorological parameters, and
machine learning techniques for scalable and
accurate air quality assessment.

V.CONCLUSION

This study presented a robust machine learning-based
framework for estimating surface-level PMzs
concentrations by integrating satellite radiance data,
meteorological variables, temporal indicators, and
historical air quality observations. By addressing the
spatial limitations of ground-based monitoring
networks, the proposed approach enables scalable
and data- driven air quality estimation over regions
with sparse measurement infrastructure.

A Random Forest regression model was employed
to capture the complex and non-linear interactions
governing PM;s variability. Through
comprehensive  feature  engineering—including
meteorological drivers, temporal features,
dimensionality reduction via Principal Component
Analysis, and lag-based PM;s representations—the
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framework  demonstrated  strong  predictive
performance. Experimental results showed high
explanatory power with R? values exceeding

0.91 and consistently low prediction errors across
validation and test datasets, indicating robust
generalization and minimal overfitting.

Beyond predictive accuracy, the proposed framework
emphasizes operational robustness. The modular data
processing pipeline is designed to tolerate partial data
unavailability, allowing continued PM;s estimation
even during temporary gaps in satellite observations.
This fault-tolerant capability enhances the practicality
of the framework for real-world air quality
monitoring applications, where data incompleteness
is a common challenge.

While the results are promising, the study is subject
to certain limitations. The reliance on historical PM;s
measurements for lag-based features may constrain
performance in locations with extremely sparse or
newly established monitoring stations. In addition,
the Random Forest model, while robust, does not
explicitly model spatial dependencies between
neighboring locations.

Future work will focus on addressing these
limitations by incorporating deep learning
architectures such as convolutional and recurrent
neural networks to better capture spatial and temporal
dependencies. Further extensions include the
integration of higher-resolution satellite products,
expansion to larger and more diverse geographic
regions, and deployment in near real-time
operational settings. These enhancements have the
potential to further improve estimation accuracy and
broaden the applicability of satellite-driven machine
learning approaches for air quality assessment.
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