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INTRODUCTION

Air pollution poses a major global threat to public health, the environment, and the economy, 
making air quality monitoring essential (Heger, Sarraf & Heger, 2018). With the world 
population projected to reach 9.7 billion by 2050 (United Nations, 2022), the risks associated 
with pollution are expected to intensify.  Air pollution levels vary widely even within small 
areas, making ground station–based models insufficient for accurately capturing dispersion in 
cities. While adding more stations could improve accuracy, data collection is limited by high 
costs and other constraints (Järvi et al., 2023).

Ground-based monitoring provides accurate local data but faces major drawbacks, including 
limited coverage, high costs, and vulnerability to equipment issues (Javan, Samadzadegan 
& Toosi, 2025). Statistical models and interpolation partly address these gaps but often 
misrepresent reality (Akima, 1970). Remote sensing overcomes these limitations by offering 
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Air pollution is a critical challenge in urban centers like Tehran, where over 8 million residents 
are exposed to pollutants from transportation, industry, and energy use. To address this, research-
ers combine satellite observations (e.g., Sentinel-5P) with AI models to monitor and predict 
concentrations of pollutants such as PM2.5, PM10, O3 and NO2. By integrating remote sensing 
data with ground measurements, machine learning methods—including neural networks, deci-
sion trees, and regression models—establish links between meteorological conditions and pol-
lution levels. This hybrid approach overcomes the limitations of traditional monitoring systems 
while benefiting from tools like Google Earth Engine for efficient analysis of Tehran’s air quality 
(2019–2024). The resulting forecasts provide policymakers with actionable insights for pollution 
control, urban planning, and public health strategies.
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wide spatial coverage, frequent observations, and access to hard-to-reach regions. Integrating 
ground and satellite data creates a more accurate and cost-effective system, improving spatial and 
temporal resolution for informed environmental policies and public health decisions (Ibrahim 
et al., 2024; Kafi et al., 2024; Javadi, Shahne & Amiri, 2025). Ground-based measurements 
offer high temporal resolution but limited spatial coverage, particularly in megacities with 
diverse microclimates (Bourbour, Zare Shahne & Safarkhanloo, 2025). Satellites provide 
broad coverage but lack precision for local estimates without ground validation. To address 
these limitations, this study applies a hybrid model integrating satellite variables with ground-
based meteorological and air quality data. Building on prior research, this approach combines 
the strengths of both sources, creating a more accurate and scalable framework for predicting 
pollution in Tehran, where monitoring infrastructure is sparse and environmental variability is 
high (Kafi et al., 2024; Bourbour, Zare Shahne & Safarkhanloo, 2025).

Conventional environmental monitoring faces major challenges, chiefly high costs of manual 
sampling and laboratory analysis, which require skilled staff, equipment, and chemicals (Dressing 
& Meals, 2010; Ditria et al., 2022). These constraints often limit programs to small samples and 
narrow focus, preventing a full picture of environmental conditions. Traditional methods are 
also slow, with results taking weeks or months, delaying decisions in crises (Thomson et al., 
2011; Ceccato et al., 2014). Human observation adds subjectivity and potential error, reducing 
accuracy (Hameed et al., 2017). Furthermore, advanced technologies and trained personnel 
are often unavailable due to high costs and resource limitations, making regular monitoring 
difficult, especially in regions lacking infrastructure (Cordier et al., 2021; Delbari, Zare Shahne 
& Hosseini, 2024).

Environmental monitoring involves systematic observation, measurement, and evaluation 
of natural conditions to detect harmful changes affecting ecosystems or public health (Artiola, 
Pepper & Brusseau, 2004). Traditional methods—statistical analysis, laboratory testing, and 
manual sampling—are limited by high costs, time demands, and lower accuracy (Sarker, 
2021b, 2021a; Waymond, 2020). Artificial intelligence (AI) now plays a key role in overcoming 
these challenges by enhancing objectivity, analysing large datasets, and improving access in 
resource-limited areas.

AI and remote sensing (RS) have become key tools for modeling and predicting air pollution 
at global and regional scales (Koçak, 2025; Chadalavada et al., 2025). Machine learning (ML) 
methods such as random forests, support vector machines, and deep learning (DL) effectively 
estimate pollutant concentrations by combining satellite imagery with meteorological data. 
Yet, applying these techniques in Iran—especially in Tehran’s complex urban setting—faces 
challenges, including limited and unevenly distributed monitoring stations, restricted data 
access, urban heterogeneity, and complex topography, all of which limit model accuracy and 
generalizability (Kafi et al., 2024; Amiri & Zare Shahne, 2025; Maryam Zare, Amir & Fatemeh, 
2022; Alotaibi & Nassif, 2024; Bourbour, Zare Shahne & Safarkhanloo, 2025).

Tehran faces severe air pollution driven by heavy traffic, outdated public transport, and nearby 
industrial zones (Arhami et al., 2017, 2018; Zare Shahne et al., 2025; Maryam Zare, Amir 
& Fatemeh, 2022). These anthropogenic sources are intensified by the city’s basin location, 
surrounded by the Alborz Mountains, which restrict pollutant dispersion. Climatic factors such 
as weak winds, frequent temperature inversions, and low rainfall further trap pollutants, making 
air quality management especially difficult (Ali-Taleshi et al., 2025; Mohammadi et al., 2012; 
Farr et al., 2007). RS and ML have been widely applied in air quality monitoring, with hybrid 
models showing strong potential (Kafi et al., 2024). For instance, ANFIS achieved over 80% 
accuracy in predicting O₃ in Serbia (Savić et al., 2014), while PCA–ANN models in India 
predicted NO₂ with R² values up to 0.91 (Mishra & Goyal, 2015). In Tehran, (Shams et al., 2021) 
found MLP neural networks (R²=0.89) outperformed MLR (R²=0.81) for NO₂, highlighting the 
role of green spaces and time-lag effects. (Noori et al., 2010) also applied ANNs and ANFIS for 



Pollution 2026, 12(1): 58-7060

CO prediction, reducing computational costs. (Yeganeh et al., 2018) showed ANFIS (R²=0.81) 
outperformed SVM and ANNs in PM2.5 estimation for sparsely populated areas. More recently, 
(Bagheri, 2022) used MAIAC AOD data for PM2.5 mapping in Tehran, achieving R²=0.74 for 
daily predictions (Bagheri, 2022; Amiri & Zare Shahne, 2025). 

Although many studies use ground-based data to study air pollution, limited spatial coverage 
of monitoring stations is a major challenge in large, complex cities like Tehran (Anggraini et al., 
2024). Few studies in Iran have successfully combined satellite and surface data to enhance the 
spatial and temporal resolution of air quality assessments. Despite global advances in air quality 
monitoring, domestic research often relies on traditional methods or standalone ML models. 
This highlights the need for hybrid approaches that integrate ground, meteorological, and 
satellite data with AI. International studies show that models like LSTM, SVM, and Random 
Forest effectively capture complex atmospheric interactions and improve pollution predictions, 
especially when combined with high-resolution satellite imagery.

This study presents a hybrid framework combining multi-source datasets with ML and 
DL to model and predict air pollution in Tehran. By improving accuracy and scalability, it 
addresses methodological gaps in Iran and provides evidence-based insights for urban pollution 
management and sustainable development.

MATERIALS AND METHODS

Tehran’s complex topography and geological conditions, including surrounding mountains 
and prevailing winds, promote pollutant accumulation by trapping photochemical smog and 
directing emissions from industrial areas toward the city center (Mohammadi et al., 2012).

The study was conducted in Tehran, a densely populated city with severe air pollution from 
traffic and industry. Its basin location surrounded by mountains traps pollutants, worsening air 
quality. Data from 2019–2024 were collected from DOE and AQCC ground stations, which, 
despite their importance, have limited and uneven coverage. Integrating these measurements 
with satellite observations allows for a more complete assessment of pollutant distribution, 
intensity, and trends. 

Ground-based air quality data were obtained from Tehran’s DOE and AQCC monitoring 
stations, measuring PM2.5, PM10, NO2, CO, and O3. Only stations with valid daily records (data 
on more than half of the research period) were included. These measurements were synchronized 
with meteorological data from the Iranian Meteorological Organization (2019–2024), including 

 

Fig. 1. The layout of air quality monitoring stations managed by the AQCC (green points) and 

the DOE (red points). 

  

 Fig. 1. The layout of air quality monitoring stations managed by the AQCC (green points) and the DOE (red points).
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wind speed, solar radiation, precipitation, humidity, and temperature.
Satellite data from the Sentinel-5P mission, providing ~1.1 km resolution, were used to 

obtain Aerosol Index, CO, NO2, and O3 concentrations via the Copernicus Open Access Hub. 
Data were preprocessed with Google Earth Engine, and daily median values were calculated. 
Spatial interpolation aligned satellite measurements with ground-based station locations for 
analysis.

ML algorithms were used to predict pollutant concentrations from integrated datasets. 
Missing data, however, can complicate predictions and affect result interpretation (Zhou, 2020). 
Missing data can also reduce the effectiveness of air quality–related public services (Yu et al., 
2020). Missing data is common in air pollution measurements and occurs in other fields like 
medicine, energy, and traffic (Austin et al., 2021; Laña et al., 2018; Ma et al., 2020b). Data loss 
can result from sensor or system failures, maintenance, human error, or other common issues in 
the field (Pena, Ortega & Orellana, 2019; Ma et al., 2020a). Depending on the cause, missing 
air pollution data can occur over short intervals or extended periods (Moshenberg, Lerner & 
Fishbain, 2015). Short gaps in air quality data often result from routine maintenance, while 
sensor failures or major events can cause extended data loss. Random Forest (RF), Support 
Vector Regression (SVR), and Long Short-Term Memory (LSTM) networks were applied 
to model complex relationships between ground-level pollution and meteorological factors. 
The models produced accurate predictions of pollutant dispersion. The dataset was split for 
training and validation, and performance was evaluated using RMSE, MAE, and R², ensuring 
reliable predictions under varying conditions. Literature supports LSTM and SVR as effective 
algorithms for reliable air pollution prediction across diverse spatio-temporal contexts.

RESULTS AND DISCUSSION

This section presents the research findings, starting with statistical descriptions of 
meteorological and air pollution data, followed by correlations and identification of modeling 
variables. Results include regression analyses and the best-fit model, with comparisons between 
predicted and observed pollutant concentrations using metrics such as Epoch-Error, Frequency-
Error, and residual plots.

Figure 2 illustrates correlations of O₃ with meteorological parameters at Piruzi Station. 
O₃ negatively correlates with relative humidity and positively with temperature, reflecting 

 

Fig. 2. Pearson’s Correlation Matrix for Tarbiat Modares Station 
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photochemical formation influenced by solar radiation and cloud cover. Wind has minor effects 
on O₃, while higher pressure is associated with increased O₃. Additionally, wind direction 
correlates positively with humidity and negatively with temperature, and temperature and 
humidity are strongly inversely related.

The negative correlation between O₃ and humidity indicates that higher humidity, likely from 
increased cloud cover, reduces solar radiation and photochemical O₃ formation, while higher 
temperatures enhance O₃ production. Weak correlations with wind suggest limited pollutant 
dispersal, highlighting temperature and humidity as key drivers of O₃ variability in Tehran and 
informing targeted mitigation strategies during stagnant meteorological conditions.

Figure 3 presents processed satellite imagery of annual mean pollutant concentrations. PM2.5 
and NO2 peaked in 2022, with the highest aerosol index in southwestern Tehran and central/
eastern regions showing elevated NO2. CO levels were relatively uniform, slightly higher in 
central to northeast areas. The aerosol index indicates that southern Tehran experienced the 
greatest particulate pollution.

AI Modeling for Ground Data Prediction
This section illustrates AI models, including ML and DL, used to predict key pollutant 

concentrations. Preprocessing steps, such as imputing missing data and removing outliers, were 
performed before modeling. Data quality critically influences AI model accuracy. Missing values 
were handled using statistical or ML-based imputation, and noise was reduced through filtering 

• (a) Aerosol Index 

 

• (b) CO 

 

• (d) O3 

 

• (c) NO2 

Fig. 3. Spatial distribution maps for aerosol index, CO, NO2, and O3. 

  

 Fig. 3. Spatial distribution maps for aerosol index, CO, NO2, and O3.
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and preprocessing. Representativeness was ensured by covering all regions, timeframes, and 
key factors like weather, traffic, and industry. Consistency across sources was achieved via 
normalization, and sufficient, diverse data volume supported effective learning for both ML 
and DL models. A review by (Méndez, Merayo & Núñez, 2023) of major scientific databases 
found that LSTM, SVR, and RF are the most commonly used algorithms for air pollution 
prediction, supporting their selection in this study. LSTM was chosen because it effectively 
captures temporal dependencies in air quality and meteorological data and models the nonlinear 
relationships common in environmental systems. SVR was chosen for its robustness with 
moderate-sized datasets, ability to avoid overfitting, and capacity to model complex nonlinear 
trends using the RBF kernel without extensive feature engineering. SVR and RF are widely 
adopted due to their flexibility with diverse datasets, with RF particularly strong in handling 
variable types. Linear regression remains popular as a foundational method, while standalone 
decision trees are less used because RF offers superior performance. ARIMA is less common, 
as its effectiveness declines with many predictors.

Feature selection is essential for accurate prediction. Relevant meteorological variables—
temperature, humidity, wind speed, and direction—were included, while unavailable features 
like sunlight, visibility, and cloud cover were excluded. Mutual Information was used to retain 
the most informative features, refining the dataset and improving model performance. In 
addition to feature selection, model parameters were carefully tuned. LSTM architecture was 
optimized for complexity and generalization, while SVR parameters were adjusted to enhance 
predictive performance and reduce overfitting. Training incorporated relevant variables—
pollutant concentrations, wind, temperature, dew point, pressure, vapor pressure, and 
humidity—selected via Mutual Information. Standard optimization techniques were applied to 
improve model performance despite computational constraints. AI model performance can be 
affected by sudden environmental changes, such as storms or wildfires. To address this, models 
were designed to adapt to temporal variability, with adaptive algorithms considered to enhance 
prediction under dynamic conditions.

The model architecture used multiple layers with dropout and early stopping to prevent 
overfitting. Hyperparameters—including learning rate, dropout rate, optimizer type, and neuron 
count (32–256)—were tuned using GridSearchCV and KerasTuner. Adam and SGD optimizers 
were applied, and early stopping monitored validation performance to halt training when 
improvements ceased, ensuring robust and efficient model evaluation. To prevent overfitting, 
several techniques like regularization, dropout and batch normalization were employed.

Model Evaluation 
Several common error indicators have been used to examine the predictive performance of 

the models. This research employs R², along with MAE and RMSE, as evaluation metrics. The 
MAE and RMSE are reported in µg/m³ for particulate matter and in ppb for NO₂ and O₃.

The effectiveness of the ML models was assessed through comparative analysis across 
pollutants (PM2.5, PM10, O₃, NO₂). Performance metrics—R², RMSE, and MAE—were calculated 
for each model at multiple monitoring stations, highlighting their strengths and limitations under 
varying conditions. For PM2.5, LSTM performed best at the Piruzi station (R² = 0.83), capturing 
temporal trends effectively. SVR and RF were also competitive, with RF showing strong overall 
robustness but slightly higher RMSE in noisy stations, while SVR was stable in cleaner areas 
(e.g., Aghdasiyeh, RMSE = 5.40) but less effective in highly polluted environments. For PM10, 
RF models consistently outperformed LSTM and SVR, achieving R² values of 0.76 (Sharif) and 
0.70 (Shad Abad), showing robustness in modeling coarse particulate matter. LSTM performed 
moderately, struggling in high-variability areas (e.g., Shahrdari 21st district, R² = 0.70, RMSE 
= 30.52), while SVR was reliable in stable air quality stations but less effective under abrupt 
fluctuations. For O₃, SVR performed best, achieving R² values up to 0.80 (Golbarg) and 0.77 
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Station Model R2 RMSE MAE R2 RMSE MAE 
Pollutant PM2.5 PM10 

Tarbiat Modares 
SVR 0.7 7.17 4.87 0.62 17.96 11.27 
RF 0.82 6.83 4.87 0.69 16.06 10.76 

LSTM 0.81 6.43 4.78 0.62 17.34 12.11 

Aghdasiyeh 
SVR 0.71 5.4 3.83 0.59 14.72 9.73 
RF 0.71 5.38 3.56 0.69 12.31 8.99 

LSTM 0.72 5.45 3.81 0.52 15.62 10.81 

Sharif 
SVR 0.76 7.52 5.27 0.74 17.53 12.71 
RF 0.73 7.9 5.63 0.76 17.32 12.87 

LSTM 0.65 8.63 6.06 0.71 18.67 12.16 

Piruzi 
SVR 0.8 6.14 4.48 0.66 19.08 12.53 
RF 0.78 6.31 4.36 0.67 18.53 11.43 

LSTM 0.83 6.44 4.62 0.7 19.32 12.68 

Setad Bohran 
SVR 0.43 9.85 6.69 0.61 16.3 11.84 
RF 0.62 8.34 5.9 0.59 16.54 11.44 

LSTM 0.6 7.76 5.38 0.53 18.77 13.27 

Shahrdari 21 dist 
SVR 0.7 7.2 5.15 0.57 24.19 16.84 
RF 0.73 6.77 5.12 0.61 27.11 17.69 

LSTM 0.73 7.97 5.67 0.7 30.52 16.96 

Shad Abad 
SVR 0.74 7.14 5.34 0.61 21.34 13.66 
RF 0.78 7.16 5.11 0.7 18.19 12.17 

LSTM 0.78 6.88 5.28 0.66 18.08 13.55 

Masudieh 
SVR 0.57 5.46 4.02 0.45 18.89 12.96 
RF 0.52 6.14 4.34 0.53 17.66 12.76 

LSTM 0.42 6.51 6.80 0.48 17.63 13.12 

Golbarg 
SVR 0.56 5.03 3.62 0.45 15.96 10.59 
RF 0.66 4.62 3.39 0.5 15.81 10.63 

LSTM 0.58 5.23 3.68 0.46 14.84 10.55 
Pollutant O3 NO2 

Tarbiat Modares 
SVR 0.6 7.98 5.57 0.98 2 0.91 
RF 0.65 7.88 5.09 0.9 4.45 2.73 

LSTM 0.62 7.17 5.35 0.95 3.04 1.51 

Aghdasiyeh 
SVR 0.72 6.5 4.65 1 0.59 0.35 
RF 0.74 6.13 4.4 0.93 5.37 0.87 

LSTM 0.75 6.16 4.37 0.99 2.08 1.07 

Sharif 
SVR 0.71 5.31 3.6 1 1.19 0.65 
RF 0.83 4.01 2.94 0.92 5.09 0.3.38 

LSTM 0.68 5.68 4.08 0.99 2.10 1.30 

Piruzi 
SVR 0.77 5.3 4.02 0.99 0.85 0.43 
RF 0.72 5.97 4.2 0.85 4.66 2.61 

LSTM 0.72 5.9 4.48 0.99 1.43 0.90 

Setad Bohran 
SVR 0.68 7.37 5.01 1 1.4 0.74 
RF 0.74 6.36 4.64 0.87 8.33 3.59 

LSTM 0.73 6.44 4.99 0.99 2.36 1.84 

Shahrdari 21 dist 
SVR 0.74 4.75 3.56 0.89 4.19 2.57 
RF 0.73 4.92 3.62 0.76 5.41 3.81 

LSTM 0.69 5.24 3.96 0.91 3.74 2.7 

Shad Abad 
SVR 0.72 5.16 3.95 0.79 5.17 3.84 
RF 0.71 5.54 3.9 0.75 5.43 4.05 

LSTM 0.72 5.19 4.07 0.7 6.74 5.26 

Masudieh 
SVR 0.6 6.54 4.72 0.71 6.08 4.59 
RF 0.63 6.69 4.77 0.76 5.78 4.38 

LSTM 0.67 6.49 4.82 0.77 5.67 4.29 

Golbarg 
SVR 0.8 5.47 4.09 1 0.4 0.22 
RF 0.8 5.34 3.88 0.96 2.4 1.6 

LSTM 0.77 5.77 4.43 1 0.53 0.41 

 

Table 1. Statistical error indicators for PM2.5, PM10, O3, and NO2
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(Piruzi), reflecting its strength in modeling smooth nonlinear relationships. RF and LSTM were 
also competitive, with RF showing slightly better generalization, while LSTM was sensitive to 
fluctuations and required careful tuning. Overall, SVR balanced accuracy and computational 
efficiency for O₃ prediction. For NO₂, SVR outperformed RF and LSTM, achieving near-
perfect R² (1.00) at Aghdasiyeh, Sharif, and Golbarg, showing its effectiveness for pollutants 
with stable temporal patterns. LSTM performed well overall (R² = 0.99) but declined in volatile 
stations like Shad Abad (R² = 0.70). RF showed moderate performance with higher RMSE and 
MAE in stations with irregular NO₂ profiles.

The Epoch-Error chart evaluates model performance during training by showing error 
changes across iterations. It reveals learning progress, convergence, and potential underfitting 
or overfitting. A consistent error reduction indicates effective learning, while high or fluctuating 
errors signal underfitting or overfitting. The chart also guides hyperparameter selection, helping 
optimize learning rate and number of epochs for efficient, reliable training.

The Frequency-Error chart examines the distribution of prediction errors, often resembling 
a Gaussian curve. It shows whether errors are consistently centered around the mean or if 
extreme values occur frequently. Metrics like mean, standard deviation, skewness, and kurtosis 
provide further insight, helping identify systematic biases and assess how well the model 
handles data variability. The Frequency-Error chart analyzes the distribution of prediction 
errors, typically forming a Gaussian curve. It reveals whether errors are centered around the 
mean or skewed, highlighting consistency and potential biases. Metrics like mean, standard 
deviation, skewness, and kurtosis help evaluate model performance and identify areas needing 
improvement. The Frequency-Error chart evaluates the distribution of prediction errors, often 
forming a Gaussian curve. It shows whether errors are centered around the mean or skewed, 
revealing consistency and potential biases. Metrics like mean, standard deviation, skewness, 
and kurtosis help assess model performance and highlight areas needing improvement. Figure 
5 compares model performance using only ground-based data (5-a) versus combined ground 
and satellite data (5-b). Integrating satellite observations improved overall accuracy, with Piruzi 
station showing the highest R² and Golbarg the lowest, likely due to sudden pollutant spikes. 
Despite these fluctuations, the model captured overall trends, and including variables like NO 
and NOx enhanced NO₂ predictions.

Our study confirms a strong correlation between meteorological parameters and air pollutant 
concentrations using both ground-based and satellite data. Importantly, it demonstrates the 
reliability of satellite RS for urban air quality monitoring. The high agreement between satellite-
derived and ground measurements supports the optimization of monitoring infrastructure, 

a) b) 

  
Fig. 4.a) Error versus epoch graph for training the neural network at the Tarbiat Modares station 

for the PM2.5 pollutant. b) Histogram of error distribution at the Tarbiat Modares station for the 

PM2.5 pollutant. 

  

 Fig. 4.a) Error versus epoch graph for training the neural network at the Tarbiat Modares station for the PM2.5 pollutant. b) 
Histogram of error distribution at the Tarbiat Modares station for the PM2.5 pollutant.
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reducing dependence on dense ground-station networks, especially in resource-limited settings. 
This study demonstrates the value of RS as a cost-effective, scalable, and reliable component 
of modern air quality management. It highlights the potential to reduce the number of physical 
monitoring stations without sacrificing data quality, encouraging investment in integrated, smart 
monitoring systems. While the hybrid model performs well overall, it struggles to capture abrupt 
pollution spikes caused by short-term meteorological changes or sudden emissions. Future 
research should integrate real-time emissions data, higher-frequency satellite observations, and 
near-real-time auxiliary datasets (e.g., traffic, industrial activity). Additionally, adaptive ML 
techniques could improve the model’s responsiveness and accuracy under rapidly changing 
conditions.

CONCLUSION

This study provides a comprehensive analysis of the interactions between meteorological 
parameters and air pollution dynamics in Tehran by integrating ground-based and satellite-
derived datasets. Results confirm that temperature, wind speed, relative humidity, and 
atmospheric pressure play decisive roles in pollutant concentrations. Strong correlations 
between satellite and ground-based data validate the reliability of satellite observations 
as a cost-effective supplement to conventional monitoring, addressing spatial coverage and 
maintenance limitations. By adopting a hybrid approach, this research enhances both spatial 
and temporal resolution in areas with sparse ground stations. Advanced ML models—LSTM, 
SVR, and Random Forest—effectively captured nonlinear relationships between meteorology 
and pollutant behavior. LSTM excelled in PM₂.₅ prediction (R² = 0.83 at Piruzi), SVR performed 
best for NO₂ (R² = 1.00 at Aghdasiyeh and Sharif), and Random Forest showed strong results 
across O₃ and PM₂.₅. Diagnostic analyses highlighted that model performance is pollutant- and 
location-specific, emphasizing the need for flexible and adaptive modeling strategies. From a 
practical perspective, this study offers guidance for policymakers: incorporating real-time and 
forecasted meteorological data allows targeted interventions during stagnation events, while 
satellite data can expand monitoring coverage in underserved areas. The results also inform 
optimal ground station placement, identification of reliable data sources, and potential model 
application to nearby cities with similar conditions (e.g., Karaj, Qods), reducing uncertainty in 
regional air quality assessments.

Overall, the integration of diverse datasets with advanced ML offers a scalable, evidence-

a) b) 

  
Fig. 5.a) Graph of observed versus predicted values for PM2.5 at the Piruzi station using only 

ground-based data. b) Graph of observed versus predicted values for PM2.5 at the Piruzi station 

using a combination of ground-based and satellite data. 

 

 

 

Table 1. Statistical error indicators for PM2.5, PM10, O3, and NO2 

 

 Fig. 5.a) Graph of observed versus predicted values for PM2.5 at the Piruzi station using only ground-based data. b) Graph 
of observed versus predicted values for PM2.5 at the Piruzi station using a combination of ground-based and satellite data.
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based framework for air quality assessment and management. These findings provide urban 
authorities with actionable tools to identify pollution hotspots, simulate interventions, issue 
timely alerts, and implement cost-effective strategies to safeguard public health, thereby 
supporting sustainable urban planning and policymaking.
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