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Abstract

Urban air pollution is a major challenge facing rapidly growing cities in the
Middle East and North Africa (MENA) region, with vehicle emissions being a
significant contributor. This study aims to analyze the spatial and temporal
patterns of air pollutants, particularly nitrogen dioxide (NO,), in Casablanca,
Morocco, and investigate the relationship with urban development and trans-
portation characteristics. By integrating satellite remote sensing data and Google
Earth Engine (GEE) techniques, we provide a comprehensive assessment of
air quality in Casablanca and demonstrate the value of using geospatial ap-
proaches for informing policymakers and urban planners. The results highlight
seasonal variations in NO, levels, the identification of pollution hotspots, and
the quantification of the influence of urban features and traffic on air quality.
We discuss the implications of these findings for targeted interventions to im-
prove air quality and the potential for expanding the methodology to other
pollutants and cities in the region.

Keywords
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1. Introduction

Urban air pollution is a pressing environmental and public health concern, par-
ticularly in rapidly growing cities in the Middle East and North Africa (MENA)
region. Vehicular emissions are a significant contributor to this problem, as the
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increasing number of automobiles and continued reliance on conventional fuels
exacerbate air quality challenges (Seinfeld & Pandis, 2016; Lelieveld et al., 2015).

Casablanca, the largest city in Morocco, is no exception to this issue. As the
country’s economic and industrial hub, Casablanca has experienced rapid urban-
ization and motorization, leading to high levels of air pollution that pose risks to
the health of its residents (Sekkat et al., 2012; Khoder, 2002). Understanding the
spatial and temporal patterns of air pollutants in Casablanca and their relationship
with urban development and transportation is crucial for informing policymakers
and implementing effective mitigation strategies.

The use of satellite remote sensing and geospatial techniques, such as Google
Earth Engine (GEE), has emerged as a powerful tool for monitoring and analyzing
air quality in urban areas (Chudnovsky et al., 2014; Boloorani et al., 2018). These
approaches provide a comprehensive, high-resolution view of air pollution dy-
namics, enabling the identification of hotspots, the quantification of trends, and
the exploration of the underlying drivers.

This approach investigates the relationship between automobile traffic and air
quality in Casablanca, Morocco. Using robust geospatial techniques and datasets
such as Google Earth Engine (Gorelick et al., 2017), the study analyzes Sentinel-
5P NO2 data (Veefkind et al., 2012), Sentinel-2 Land Use data (Drusch et al.,
2012), ERA5 meteorological data (Hersbach et al., 2020), road network data, and
traffic counts from 2019 to 2023. The analysis identifies seasonal trends, spatial
hotspots of NO2 concentration, and the impact of urban development on air qual-
ity. This comprehensive approach leverages the capabilities of Google Earth En-
gine to integrate and analyze diverse datasets, providing valuable insights into the
complex interactions between traffic, urbanization, and air quality.

This study aims to 1) analyze the spatial and temporal patterns of air pollutants,
particularly nitrogen dioxide (NO,), in Casablanca and 2) investigate the relation-
ship between urban development, transportation, and air quality. By integrating
satellite remote sensing data and GEE-based analyses, we demonstrate the value
of using geospatial techniques for air quality monitoring and management in Cas-

ablanca and similar urban centers in the MENA region.

2. Materials and Methods
2.1. Study Area

Casablanca city (Figure 1) is located on Morocco’s Atlantic coast, bordered by the
ocean to the west and Settat and Ben Slimane provinces to the north, east, and
south. The city covers 1140.54 km?, with 18.8% (227.82 km?) being urbanized. Ur-
ban areas doubled since the 1980s, growing from 100 km?.

Casablanca, the largest city in Morocco, serves as the country’s economic and
industrial hub. With a population of over 3.3 million in the metropolitan area,
Casablanca has experienced rapid urbanization and motorization, leading to sig-
nificant air quality challenges (Sekkat et al., 2012).

The landscape features plains, plateaus, scattered hills, and a 98 km coastline,
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extending 22 km at Mansouria. The soil varies, with 7irsin rural areas and sandy
soil along the coast. Rivers are minor, with Oued El Malleh, Oued N’fifikh, and
Oued Hassar being the main ones. The city has 4000 ha of forests, mainly in Bous-
koura.

The climate of Casablanca is a semi-arid one, with irregular rainfall, tempera-
tures from 8°C to 26°C, and humidity levels always above 60%. Winds average 9
m/s from the northeast.

Geologically, Casablanca sits on sandy tuff formations with a shallow layer of
soil. Hydrogeologically, groundwater is sparse and not highly vulnerable.

Hydrology: Urban development dried up Oued Bouskoura’s lower course, but

flooding remains a risk during heavy rains.

Source: Esri DigitalGlobe, GeoEye, Earthstar Geographics, CNES/Airbus DS
USDA, USGS, AeroGRID, IGN, and the GIS User Community.
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Figure 1. Location of the study area: (a) Morocco; (b) Casablanca city.
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2.2.Data

This study utilized several satellite datasets accessed through Google Earth Engine
(GEE): 1) Sentinel-5P NO, data, 2) Sentinel-2 Land Use Data, and 3) ERA5.

Other additional datasets were integrated into the analysis: 4) road network,
and 5) traffic data.

2.2.1. Sentinel-5P NO: Data
The Sentinel-5 Precursor mission instrument acquires data pertinent to air quality
assessment. The TROPOMI instrument, a multispectral sensor, records reflec-
tance of wavelengths crucial for measuring atmospheric concentrations of ozone,
methane, formaldehyde, aerosol, carbon monoxide, nitrogen oxide, and sulfur di-
oxide, as well as cloud characteristics at a spatial resolution of 0.01 arc degrees
(https://developers.google.com/earth-engine/datasets/catalog/sentinel-5p).

The Sentinel-5P satellite provides high-resolution measurements of atmos-
pheric nitrogen dioxide (NO,) concentrations, which are used as a proxy for ve-

hicle emissions and urban air pollution. The NO, data was retrieved and prepro-

cessed using GEE.
Table 1. Key information about the Sentinel-5P.
Name Units Description
. Total vertical column of NO: (ratio of the slant column density
NO:_column_number_density mol/mA2

of NO: and the total air mass factor)

tropospheric_ NO:_column_number_density mol/mA2 Tropospheric vertical column of NO,
stratospheric_NO:_column_number_density mol/mA2 Stratospheric vertical column of NO;
NO._slant_column_number_density mol/mA2 NO: slant column density

a. https://developers.google.com/earth-engine/datasets/catalog/ COPERNICUS S5P OFFL L3 NO2#bands.

This dataset provides offline high-resolution imagery of NO, concentrations,
available from 2018-06-28T10:24:07Z to 2024-09-28T20:22:15Z. and the period
used in this study is from 2019 January to 2023 December.

Nitrogen oxides (NO, and NO) are significant trace gases in the Earth’s atmos-
phere, present in both the troposphere and the stratosphere (Table 1). These com-
pounds enter the atmosphere through anthropogenic activities (primarily fossil
fuel combustion and biomass burning) and natural processes (wildfires, lightning,
and microbiological processes in soils). In this context, NO, is utilized to represent
concentrations of collective nitrogen oxides because during daytime, i.e., in the
presence of sunlight, a photochemical cycle involving ozone (Os) converts NO into

NO, and vice versa on a timescale of minutes

(https://developers.google.com/earth-engine/datasets/catalog/ COPERNI-
CUS S5P_OFFL L3 NO2#description).

2.2.2. Sentinel-2 Land Use Data
Sentinel-2 satellite imagery was used to derive urban development indicators,
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such as the Normalized Difference Built-up Index (NDBI), to analyze the relation-
ship between urban features and air quality.

Sentinel-2, as shown in Table 2, is a wide-swath, high-resolution, multi-spectral
imaging mission supporting Copernicus Land Monitoring studies, including the
monitoring of vegetation, soil and water cover, as well as observation of inland

waterways and coastal areas

(https://developers.google.com/earth-engine/datasets/catalog/ COPERNI-
CUS S2 SR HARMONIZED#description).

Table 2. Key information about the Sentinel-2.

B1:
B2:
B3:
B4:
B5:
Bé:
B7:
B8:

Name
Aerosols
Blue
Green
Red
Red Edge 1
Red Edge 2
Red Edge 3
NIR

B8A: Red Edge 4

BO:

Water vapor

B11: SWIR 1

B12: SWIR 2

Pixel Size Wavelengh
60 m 443.9 nm (S2A) 442.3 nm (S2B)
10 m 496.6 nm (S2A) 492.1 nm (S2B)
10 m 560 nm (S2A) 559 nm (S2B)
10 m 664.5 nm (S2A) 665 nm (S2B)
20 m 703.9 nm (S2A) 703.8 nm (S2B)
20 m 740.2 nm (S2A) 739.1 nm (S2B)
20 m 782.5 nm (S2A) 779.7 nm (S2B)
10 m 835.1 nm (S2A) 833 nm (S2B)
20 m 864.8 nm (S2A) 864 nm (S2B)
60 m 945 nm (S2A) 943.2 nm (S2B)
20 m 1613.7 nm (S2A) 1610.4 nm (S2B)
20m 2202.4 nm (S2A) 2185.7 nm (S2B)

b. https://developers.google.com/earth-engine/datasets/catalog/ COPERNICUS S2 SR HARMONIZED#bands.

2.2.3. ERAS
ERA5-Land, as shown in Table 3, is a reanalysis dataset that provides a consistent
view of the evolution of land variables over several decades at an enhanced reso-
lution compared with ERA5.

Hourly wind speed and temperature data were obtained from ERA5-Land cov-
ering the study period

(https://developers.google.com/earth-engine/datasets/cata-
log/ECMWE ERA5 LAND MONTHLY BY HOUR).

Table 3. Key information about the ERA5-Land.

u_component_of_wind_10m_min

u_component_of wind_10m_max

Name

temperature_2m

Units Description

Temperature of air at 2 m above the surface of land, sea or in-land waters. 2 m
K temperature is calculated by interpolating between the lowest model level and
the Earth’s surface, taking account of the atmospheric conditions.

m/s Minimum u_component_of wind_10m value each month.

m/s Maximum u_component_of_wind_10m value each month.

DOI: 10.4236/gep.2024.1211014

256 Journal of Geoscience and Environment Protection


https://doi.org/10.4236/gep.2024.1211014
https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR_HARMONIZED#description
https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR_HARMONIZED#description
https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR_HARMONIZED#bands
https://developers.google.com/earth-engine/datasets/catalog/ECMWF_ERA5_LAND_MONTHLY_BY_HOUR
https://developers.google.com/earth-engine/datasets/catalog/ECMWF_ERA5_LAND_MONTHLY_BY_HOUR

H. El Alami El Kamouri et al.

Continued

v_component_of wind_10m_min

v_component_of wind_10m_max

m/s Minimum v_component_of wind_10m value each month.

m/s Maximum v_component_of wind_10m value each month.

c. https://developers.google.com/earth-engine/datasets/catalog/ECMWE ERA5 LAND MONTHLY AGGR#band.

2.2.4. Road Network and Traffic Data

Road network was collected from Organizing Authority for Urban Transport of
Greatest Casablanca Region. A total of 587 vehicle traffic counts have been incor-
porated into the road network, covering the entire study area. Of these, 370 counts
distinguish between different vehicle types.

This dataset corresponds to the permanent traffic counts managed by The Re-
gional Directorate of Equipment, Transport and Logistics (RDETL) of Casa-
blanca. Unlike the earlier peak-hour counts, these figures represent Annual Aver-
age Daily Traffic (AADT), aggregated across both traffic directions. Each traffic
count is georeferenced to a specific road network segment.

The dataset includes the following key fields:

e Type_CPT: indicates the type of traffic count, with a value of National Center
for Road Studies and Research (NCRSR)of Morocco;

e AADT 2ways: represents the AADT volume, encompassing both directions of
traffic flow on the corresponding road segment.

The following table (Table 4) presents additional data related to the structure
of travel patterns used for the implementation of the model and provides detailed

information on the data sources.

Table 4. Additional data of traffic road network.

Type of Data

All-mode and mode-specific (PT, Bus, Tram, 2-wheelers,
Private Car, Heavy Goods Vehicle) travel matrix during
morning peak hour (2010), corresponding to households

surveyed by ALG

Geographical Precision and

S
Geolocation ource
ALG Household Survey 2011
OD by ZAT (raw data with adjustment

weights)

2.3. Methods

The following (Figure 2) are the key components of the methodology used in this
study: 1) Temporal Analysis; 2) Spatial Analysis; 3) Land Use Regression.

2.3.1. Temporal Analysis
Time series decomposition was performed on the NO, data to identify seasonal
patterns and long-term trends in air pollution levels.

In this proposed method, we begun by converting the unit mole/m? to mi-
cromol/m? for more representativity of the Total vertical column of NO, (ratio of
the slant column density of NO, and the total air mass factor), after that, we used
ee.Reducer.mean() function of GEE to generate temporal aggregation monthly

average NO, for study period from 2019 to 2023.
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2.3.2. Spatial Analysis
Spatial interpolation and hotspot detection methods were applied to the NO, data
to map the distribution of air pollutants and identify pollution hotspots across
Casablanca.

ee.Reducer.mean() function of GEE was also used to generate the image series

of the average of netrogene_monthly for the study period.

Input data Input data

Output data

Raster Data

| Sentinel - 5 Data |

Nitrogen dioxide

ee.ImageCol Nitrogen dioxide

| Sentinel - 2 Data ‘ et f average for 2019,
2020, 2021, 2022
and 2023
Ex- 7
portim
age.toD NDBI for 2019,
| ERAS | rive 2020, 2021, 2022
ee.Reducer and 2023
mean()
Hourly Wind
:
s
°EL
:
g
= Nitrogen dioxide
m average for 2019,
ee.Reducer. zi 2020, 2021, 2022
pearsons- 3 and 2023
Correla-
tion()

Hourly wind
speed from 2019
to 2023

Temperature from
2019 to 2023

Correlation Pear-
son's r of NO2with
NDBI, wind and
temperature

| Road Network |
GIS Desktop o
| Traffic Data | B
Average annual variability NO2 con-
centration.
Average monthly variability NO2
concentration.

Comparison of NO2 emissions values
using Sentinel-5 data.

Comparison NDBI variability from
2019 to 2023 and impact of urban air

Ly quality.

Superposition of principal roads with
capacity traffic and value of nitrogen
average between 2019 and 2023.

Output data

Figure 2. A systematic flowchart describing the process used for Assessing the Impact of
Automobiles on Air Quality.
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2.3.3. Land Use Regression

A regression modeling approach was used to quantify the influence of urban de-
velopment indicators, traffic patterns, and meteorological factors like the impact
of speed wind and temperature on NO, concentrations (Hoek et al., 2008; Jiang et
al., 2020).

However, the methodology of our approach, which is completely built on the
GEE cloud computing platform, began firstly by selecting a collection of images
of the S2 L2 sentinel: 5 images per year; from 2019 to 2023. For each image, the
Normalized Difference Built-up Index (NDBI) (Zha, Gao, & Ni, 2003) were cal-

culated.

| _Bl1-8B8

NDBI =
B11+B8

where B8 is NIR, and B11 is SWIR 1. The NIR and SWIR bands are used to em-
phasize manufactured built-up areas, also this ratio is based to mitigate the effects
of terrain illumination differences as well as atmospheric effects.

And use ee.Reducer.pearsonsCorrelation() function of GEE for correlation be-
tween NO; concentration and NDBI.

Secondly, use ERA5-Land on GEE to generate yearly charts of speed wind
average and temperature average for each year, from 2019 to 2023, used ee.Re-
ducer.mean() function of GEE, and ee.Reducer.pearsonsCorrelation() to corre-
late NO, concentration to speed wind, and correlate NO, concentration to tem-

perature.

3. Results

The methodology described above has led to four levels of results: 1) Temporal
Patterns of NO,; 2) Spatial Distribution of NO,; 3) Relationship between NO,,

Urban Development, and Traffic; and 4) Integration of Meteorological Data.

3.1. Temporal Patterns of NO;

The temporal analysis of Sentinel-5P NO, data revealed distinct seasonal varia-
tions in air pollution levels across Casablanca. A time series decomposition
showed consistent peaks in NO, concentrations during the winter months, poten-
tially due to increased vehicle emissions and unfavorable meteorological condi-
tions for pollutant dispersion.

From the charts (Figure 3), between 2019 and 2023, nitrogen dioxide (NO,)
concentrations exhibited peaks during the winter months. The highest concentra-
tions were recorded in 2021, 2022, and 2023, showing a marked increase. How-
ever, a significant decrease in NO, concentrations was observed, from 93 pmol/m?
in April 2019 to 78 umol/m? in April 2020, and from 109 pmol/m? in October 2019
to 95 umol/m? in October 2020. This significant reduction in NO, levels was ob-
served, attributed to the COVID-19 lockdowns, which resulted in decreased ve-

hicular traffic.
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Figure 3. The temporal analysis of Sentinel-5P NO; data, from 2019 to 2023, on micromol/m?

3.2. Spatial Distribution of NO;

The spatial analysis of NO, levels using GEE-based techniques identified several
pollution hotspots within Casablanca. These hotspots were often located in areas
with high traffic density, major transportation corridors, and industrial zones,
highlighting the significant contribution of vehicular emissions and urban activi-
ties to air quality (Beirle et al., 2011).

The spatial analysis of NO, concentration levels (Figure 4) from 2019 to 2023
reveals that the highest concentrations, hotspots, were consistently recorded in
the city center, an area characterized by the high traffic density of both private
vehicles and heavy goods vehicles. This is primarily driven by the significant
freight transport activity concentrated in this zone. Traffic density notably de-
creased in 2020 as a result of the COVID-19 pandemic but witnessed a rapid surge
in 2023. This rebound reflects an increase in economic activity and vehicular traf-

fic, as evidenced by the expansion of the vehicle fleet.
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Netrogene rage value of 2022 on micromol/m2
High : 1
L
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(d)

Netrogene average value of 2023 on micromol/m2
Figh - 1

Loy
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(e)

Figure 4. The spatial analysis of NO: levels of (a) 2019, (b)2020, (c) 2021,
(d) 2022, and (e) 2023.

3.3. Relationship between NO;, Urban Development, and Traffic

The land use regression analysis demonstrated a strong correlation between NO,
concentrations and urban development indicators, such as the Normalized Dif-
ference Built-up Index (NDBI) (Figure 5). Areas with higher urban density and
proximity to major roads exhibited elevated NO; levels, underscoring the impact
of transportation and land use patterns on air pollution in Casablanca.

The chart of urban growth (Figure 6) depicts a substantial expansion of urban
sprawl from 2002 to 2023, which has directly influenced increased mobility and is
reflected in elevated air pollution levels, specifically the concentration of NO..
This period exhibited a progressive increase in NO, concentrations extending to-
wards the urban periphery. However, between 2019 and 2023, stabilization and

subsequent reduction in urban growth levels were observed.
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Figure 5. The spatial analysis of NDBI levels of (a) 2019, (b) 2020, (c) 2021,
(d) 2022, and (e) 2023.
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Figure 6. Chart of urban growth using Land Aerosol Optical Depth (AOD) from Terra & Aqua
MAIAC Land Aerosol Optical Depth Daily 1 km.

Using Pearsons Correlation r from 2019 to 2023 (Table 5) demonstrates a weak
negative correlation between NO, and NDBI in 2019. The negative sign indicates
that as NDBI increases, indicating more built-up areas, and NO, concentrations
levels tend to decrease. The magnitude of the correlation coefficient (—0.202) sug-
gests a weak relationship. The p-value of 0 indicates that the correlation is statis-
tically significant, meaning it is unlikely to be due to chance. These variables might
show that while built-up areas (NDBI) are increasing, other factors like vehicular
traffic could be contributing to the decrease in NO, concentrations levels. And in
2020 there is a very weak negative correlation between NO, concentrations and
NDBI. The relationship is even weaker than in 2019. The p-value of 0 again indi-
cates that the correlation is statistically significant. That reveal the reduction in
NO; concentrations levels is more influenced by changes in traffic patterns rather
than the built-up areas themselves. This could be due to lockdowns or reduced
economic activities during the COVID-19 pandemic, which affected NO, emis-
sions more than the built-up areas. However, in 2022, there is a very weak negative
correlation between NO, concentrations and NDBI, similar to 2021 but slightly
stronger, and the p-value of 0 indicates statistical significance. The slight increase
in the correlation might indicate the changes in land use patterns or the introduc-
tion of new pollution control measures. These factors could be contributing to a

more nuanced relationship between NDBI and NO, concentrations levels.

Table 5. Correlation Pearson’s r and P-value between NO: concentration and NDBI from
2019 to 2023.

Years Correlation Pearson’s r P-value
2019 -0.202 0
2020 -0.113 0
2021 -0.027 0
2022 —0.081 0
2023 0.105 0
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In 2023 there is a weak positive correlation between NO, concentrations and
NDBI. This is a change from the previous years where the correlation was nega-
tive. The positive sign indicates that as NDBI increases, NO, levels tend to increase
as well. The magnitude of the correlation coefficient (0.105) suggests a weak rela-
tionship. The p-value of 0 indicates that the correlation is statistically significant.
The increase in NO, levels is due to a combination of factors such as increased
traffic, industrial activities, and possibly changes in land use that favor higher NO,
emissions. This suggests that the relationship between NDBI and NO, is becoming
more complex and influenced by a variety of environmental and socio-economic
factors (Terry et al., 2024).

Figure 7 and Figure 8 clearly illustrate the impact of traffic in principal roads
and sum of origine destination displacement in air quality. The origine destina-
tion displacement is the effect of urban growth. Additionally, they illustrate the
elevated levels of concentration that were found along major highways, including
the A3 and A5 motorways. Lower concentrations were also shown in coastal areas,

likely due to sea breezes and fewer emission sources.

CAPACITY traffic of principal roads

Figure 7. Superposition of principal roads with capacity traffic and value of nitrogen aver-
age between 2019 and 2023.

tween 2019 and 2023

’ﬁ““ﬁ‘\{& f

Figure 8. Superposition of sum of origine destination displacement and principal roads

with capacity traffic and value of nitrogen average between 2019 and 2023.
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For more accurate representation of traffic’s impact on air pollution, the chart
in Figure 9 shows the hourly traffic fluctuations and the pic of traffic were impact

on air pollution.
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Figure 9. Chart of hourly traffic fluctuations. Source: ALG Household Survey 2011.

3.4. Integration of Meteorological Data

The incorporation of meteorological data (Figure 10) from the ERA5 reanalysis
product revealed the influence of weather conditions on air quality in Casablanca.
Factors such as temperature and wind patterns were found to play a significant
role in the dispersion and accumulation of NO,, contributing to the observed spa-

tial and temporal variations.

, (a) Average Temperature from 2019 to 2023 on celcius
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(b) Average Wind from 2019 to 2023 on km/h
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Band mean across images (f) Average NO, from 2019 to 2023
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Figure 10. Measurement of average temperature and wind from ERA5.

The analysis of NO, concentrations levels in Casablanca, from 2019 to 2023 re-
veals significant correlations with meteorological variables such as temperature
and wind. Including using Pearsons Correlation r (Table 6), the analysis demon-
strated a consistent negative correlation is observed between NO, and tempera-
ture, indicating that higher temperatures are associated with lower NO, levels.
This relationship has strengthened over the years, suggesting increased dispersion
and chemical breakdown of NO; at higher temperatures (Jacob & Winner, 2009).
The correlation between NO, and U-Wind (east-west wind component) is weak
and positive, indicating that stronger east-west winds are associated with slightly
higher NO, concentrations. This may be due to the transport of pollutants from
urban or industrial areas (Seinfeld & Pandis, 2016). The correlation between NO,
and V-Wind (north-south wind component) is strong and positive, highlighting
the significant influence of north-south winds on NO, concentrations. This sug-
gests that stronger north-south winds transport pollutants from high-emission ar-

eas, leading to increased concentrations downwind (Stull, 2012).

Table 6. Correlation Pearson’s r and P-value between NO: concentration and meteorological variables: temperature, U-Wind, and

V-Wind, from 2019 to 2023.

Temperature U-Wind V-Wind
Years
Correlation Pearson’sr  P-value Correlation Pearson’s r P-value Correlation Pearson’s r P-value

2019 —-0.302 0 0.067 0 0.500 0
2020 —-0.288 0 0.094 0 0.467 0
2021 -0.361 0 0.163 0 0.473 0
2022 -0.434 0 0.270 0 0.684 0
2023 —-0.477 0 0.308 0 0.633 0

The impact of automobile traffic on NO, concentrations levels can be inferred
from the observed correlations. The strong positive correlation between NO, and
V-Wind suggests that north-south winds may be transporting pollutants from
high-traffic areas, in Casablanca, such as major roads and highways. This is sup-

ported by the findings that traffic flow and emissions are closely linked, and
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mitigating traffic congestion has a positive impact on air quality (Behera & Bal-
asubramanian, 2016).

Moreover, the weak positive correlation between NO, and U-Wind indicates
that east-west winds may also play a role in the transport of pollutants from traf-
fic-heavy areas. This is consistent with the observation that vehicular emissions
are a major source of urban air pollution (Behera & Balasubramanian, 2016). The
increasing trend in the correlation between NO, and temperature over the years
may also be influenced by changes in traffic patterns and urban development,

which can affect the dispersion and chemical reactions of NO, (Eaton, 2022).

4. Discussion

The use of remote sensing and GEE-based approaches in this study provided a
comprehensive, high-resolution view of air pollution dynamics in Casablanca, en-
abling the identification of hotspots, the quantification of trends, and the explo-
ration of the underlying drivers. This methodological approach can be expanded
to other pollutants as SO,, PM;o and CO and cities in the MENA region, fostering
a better understanding of air quality issues and informing evidence-based policy-
making (Jerrett et al., 2017; Boloorani et al., 2018).

The reduction in NO, levels in 2020 had significant implications for air quality
in urban areas, leading to temporary improvements in overall environmental con-
ditions. However, as restrictions eased and economic activities resumed, NO; con-
centrations gradually increased, highlighting the strong correlation between hu-
man activities and air pollution. The experience during the COVID-19 pandemic
underscored the potential for rapid environmental improvements when drastic
measures are implemented, prompting discussions about sustainable urban plan-
ning and transportation policies for long-term air quality management (Tzortziou
et al., 2022).

The weak and varying correlations between NO, concentrations levels and
NDBI over the years demonstrate the relationship between urban development,
as indicated by NDBI, and NO, pollution is complex and influenced by other fac-
tors such as industrial activity, traffic patterns, and meteorological conditions.

The strong correlations between NO, and meteorological variables, along with
the significant influence of automobile traffic, demonstrate significantly that

weather conditions and traffic management are crucial factors in air quality.

5. Conclusion

This study demonstrates the effectiveness of integrating satellite remote sensing
data and Google Earth Engine techniques for assessing the impact of automobiles
on air quality in Casablanca. The findings highlight the spatial and temporal pat-
terns of nitrogen dioxide (NO,), a key indicator of vehicle emissions, and reveal
the significant influence of urban development, transportation, and meteorologi-
cal factors on air pollution levels in the city.

The use of geospatial approaches enabled the identification of pollution
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hotspots, the quantification of trends, and the exploration of the underlying driv-
ers of air quality, providing valuable insights for policymakers and urban planners
to consider these factors when designing strategies to mitigate air pollution, and
understand the complex interplay between urban development, meteorological
conditions, traffic patterns, and NO, concentrations to effectively implement air
quality management policies. This includes measures to reduce traffic congestion
and promote cleaner transportation options. The health impact assessment un-
derscored the need for targeted interventions to mitigate the risks posed by air
pollution to the local population (Moltchanov et al., 2015).

The methodological framework developed in this study can be adapted and ap-
plied to other cities in the MENA region, contributing to a better understanding
of air quality challenges and supporting the development of evidence-based strat-
egies for improving urban environments. Continued collaboration between re-
searchers, policymakers, and stakeholders is crucial for addressing the air pollu-
tion crisis and promoting sustainable development in rapidly growing urban cen-

ters like Casablanca.
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