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Abstract: Air pollution poses a significant threat to human
health, particularly for those with respiratory issues. Since
2018, the Sentinel-5 TROPOMI has been identified as the
most effective tool for monitoring air pollution. We
conducted an assessment of environmental factors such as
precipitation, NDBI (Normalized Difference Built-up Index),
temperature, and population to understand the impact of
air pollution in megacities, especially in Tehran, from 2020
to 2024. Our study focused on atmospheric pollutants
including CO, Os, Aerosol, NO,, and SO,. Using the Random
Forest model, we predicted pollutant concentrations and
achieved an R2 value exceeding 0.90 for all parameters.
Recognizing and understanding these environmental

factors is crucial for effective government crisis
management.
Keywords:  Sentinel-5; air pollution; precipitation;

temperature; NDBI; population growth; random forest
model.

1 Introduction

Urban populations surged from 751 million in 1950 to 4.2
billion in 2018, dramatically altering city landscapes and
exacerbating atmospheric air pollution (Jonson et al. 2020,
Glencross et al. 2020). Air pollution's detrimental effects on
human health and the environment highlight the urgency
of addressing this issue (Glencross et al. 2020, Tainio et al.
2021). Major contributors include emissions from
automobiles, aviation, industrial activities, mining, fossil
fuel use, and agriculture (Colvile et al. 2001, Ciais et al.
2020). Urban expansion, land use changes, increased
traffic, and industrial emissions significantly impact air
quality (Kastratovi¢ 2019). Air pollution causes millions of
premature deaths annually, underscoring the need for
effective management strategies (Giles-Corti et al. 2016).
Rising temperatures and natural disasters further
emphasize the importance of addressing climate
challenges (Boer and Hendrix 2000, Kaufmann et al. 2011,
Eghrari et al. 2023, Kamran et al. 2023, Makky et al. 2023,
Anggraini et al. 2024). Nitrogen dioxide (NO,) is a critical
pollutant causing significant health and ecological damage
(Damtoft et al. 2008). Satellite observations, such as
TROPOMI, provide essential insights into NO, levels and
highlight the pandemic's effects on air quality (Dupre et al.
2010). Fossil fuel emissions and pollutants like ozone and
aerosols exacerbate urban air pollution and climate
change (Li et al. 2021). Cities face significant challenges
related to energy consumption and air pollution, with
transportation being a major factor. Measures like low
emission zones have had mixed results in reducing NO,
levels (Mojtehedzadeh 2019, Eghrari et al. 2023). In Tehran,
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addressing transportation and industrial impacts on air
pollution is crucial, with research focusing on alternative
transportation modes and satellite data to predict
pollutant patterns (Fernandez-Moran et al. 2021). In this
study, we aim to predict the concentrations of five air
pollution parameters to identify the regions where each
type of pollution poses the greatest risk to human health.

2 Materials and methods

Using the Google Earth Engine cloud-based platform
streamlines the analysis of the intricate interplay between
environmental factors and the Earth's surface. This study
delves into the dynamic relationship between key
environmental factors precipitation, temperature,
population growth, and Normalized difference built-up
index, additionally pollutants such as CO, NO,, SO,
Aerosol, and O; within Tehran city. The European Space
Agency's Sentinel-5 Precursor (Sentinel-5P) is a crucial
Earth Observation satellite equipped with the innovative
TROPOMI sensor, designed to bridge the gap between the
Envisat mission and the upcoming launch of Sentinel-5
(UN). The TROPOMI sensor, a nadir-viewing imaging
spectrometer, plays a vital role in monitoring air pollution
by measuring electromagnetic

spectral wavelengths from UV to SWIR spectrum. With a
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Figure 1. Overview of the studly area.
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push-broom configuration and a wide swath of 2600 km on
the ground, the sensor ensures thorough coverage, albeit
with varying pixel dimensions for different spectral bands.
The sensor's Level-1B and Level-2 data products have been
widely acclaimed for their utility in atmospheric pollution
mapping and monitoring (Tabunschik et al. 2023). In our
study, we used 60 images per month from 2020 to 2024 for
each air pollution parameter. In addition, we obtained 48
images for each environmental factor. We then averaged
these images to create one composite image per year for
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each environmental factor. Utilizing a robust Random
Forest model, we precisely determined the concentrations
of Atmospheric Pollutant Parameters (APP) in Tehran. This
city Located at coordinates 51°19’ E, 35°41’ N, Tehran, the
capital of Iran, boasts a unique geographical setting.
Nestled amidst the Alborz Mountains in the north and
bordered by a central desert in the south, the city exhibits
distinct elevation and climate differences between its
northern and southern regions (Zargari et al. 2024). Figure
1 and Figure 2 indicates the study area and methodology.

This approach allowed for the collection of diverse and
accurate data to understand the complex relationship
between environmental factors and pollution dynamics.
Sentinel-5 data was beneficial for assessing pollutants and
predicting air pollution in high-risk areas, such as those
with vulnerable populations (Trenchev et al. 2023). Air and
environmental pollution, resulting from natural and
human activities, are impacted by seasonal variations
affecting pollutant levels (Bekkar et al. 2021).

S X SWIRL-NIR
E g”nm:m’nhmiz .. - g
- @

N

3

Preprocessing

o | i |
ﬁ| CO,0

3,N02,502,Aerosol |

Figure 2. Data processing methodology.

3 Results

Environmental factors such as Precipitation, NDBI,
Temperature, and population were presented in Figures 3-
6. Furthermore, the Figures 7-11 indicate the most
significant parts of the city facing various pollution
parameters. Additionally, Figure 12 illustrates the
correlation coefficient between pollution parameters and
environmental factors.
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Figure 3. Precipitation values.

Figure 5. Population values.

Figure 7. lllustrating predicted concentration of SO, in Tehran
based on RF.

51 5 51

35

35
3s

SN

35
as

36
a5

5 51 51 5 51

Figure 8. lllustrating predicted concentration of Os in Tehran
based on RF.
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Figure 9. lllustrating predicted concentration of NO, in Tehran
based on RF.
The Random Forest model (Khajavi and Rastgoo 2023) is
applied to predict the Atmospheric Pollutant Parameters in
Tehran (Table 1), all accuracy assessments are indicated.
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Figure 10. lllustrating predicted concentration of CO in Tehran
based on RF.
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Figure 11. lllustrating predicted concentration of Aerosol in
Tehran based on RF.
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Figure 12. Cross-correlation between environmental factors
and Atmospheric Pollutant Parameters.

4 Discussion

This study showed that the Random Forest model
accurately predicts atmospheric pollutant concentrations
in Tehran and revealed complex relationships between
pollutants and environmental factors. Interestingly,
precipitation was negatively correlated with aerosol and O;
levels, indicating a cleansing effect. Positive correlations
were found between temperature and pollutants, as well
as population and pollutants, highlighting the impact of
these factors on air quality.

5 Conclusions

The RF model was highly accurate in predicting APP
concentrations in Tehran city using environmental factors
and time series pollutant data from 2020 to 2024, with an
R? value exceeding 0.90 for All, Train, and Test data.
Correlation analysis revealed relationships between
atmospheric pollutants (SO,, O3, NO,, CO, aerosol) and
environmental factors (Precipitation, NDBI, Temperature,
Population). Precipitation showed a strong negative
correlation with aerosol (-0.8253) and Os; (-0.5524),
suggesting a mitigating effect on these pollutants.
Temperature had positive correlations with SO, (0.5282)
and aerosol (0.6194), and negative correlations with NO, (-
0.6567) and CO (-0.6698). Population positively correlated
with all pollutants, indicating a link to urbanization and
emissions. These findings enhance understanding of
pollutant-environment relationships and emphasize the
importance of considering multiple factors in air quality
management.

Table 1. Random Forest (RF) Model Performance Metrics for Air Quality Predictions.

Parameter All Train Test All Train Test
(R?) (R?) (R?) (NRMSE) (NRMSE) (NRMSE)
Cco 0.9569 0.9428 0.9276 0.0485 0.0685 0.0673
NO, 0.9515 0.9510 0.9422 0.0245 0.0340 0.0662
SO, 0.9330 0.9194 0.9177 0.0605 0.0886 0.0832
0Os 0.9648 0.9573 0.9443 0.0522 0.0851 0.0819
Aerosol 0.9033 0.9094 0.9059 0.0811 0.0999 0.1196
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