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Abstract: Atmospheric aerosols pose a significant global problem, particularly in urban areas in
developing countries where the rapid urbanization and industrial activities degrade air quality.
This study examined the spatiotemporal variations and trends in aerosol optical depth (AOD) at
a 550 nm wavelength, alongside key meteorological factors, in Kabul, Afghanistan, from 2000 to
2022. Using the Google Earth Engine geospatial analysis platform, daily AOD data were retrieved
from the Moderate Resolution Imaging Spectroradiometer to assess monthly, seasonal, and annual
spatiotemporal variations and long-term trends. Meteorological parameters such as temperature (T),
relative humidity (RH), precipitation (PCP), wind speed (WS), wind direction, and solar radiation
(SR) were obtained from the Modern Era Retrospective Analysis for Research and Applications. The
Mann–Kendall test was employed to analyze the time-series trends, and a Pearson correlation matrix
was calculated to assess the influence of the meteorological factors on AOD. Principal component
analysis (PCA) was performed to understand the underlying structure. The results indicated high
AOD levels in spring and summer, with a significant upward trend from 2000 to 2022. The findings
revealed a positive correlation of AOD value with T, RH, WS, and PCP and a negative correlation
with SR. The PCA results highlighted complex interactions among these factors and their impact
on the AOD. These insights underscore the need for stringent air quality regulations and emission
control measures in Kabul.

Keywords: atmospheric aerosol; meteorological conditions; AOD; satellite observation

1. Introduction

Air pollution has become a serious global concern in recent years, particularly in
developing countries and urban areas. The rapid urbanization and industrialization in
these regions have led to excessive emissions, which are harmful to human health and
the climate system [1]. Increased population density and vehicular traffic in urban areas
result in higher emissions of pollutants such as nitrogen oxides and particulate matter
(PM). Additionally, industrial activities and low-quality fuels for residential heating further
degrade air quality. These emissions lead to severe health issues, including respiratory and
cardiovascular diseases, and significantly impact the climate system [2,3].

Atmospheric PM is recognized as one of the crucial components of the atmosphere [1].
PM, or atmospheric aerosol, refers to fine solid particles or liquid droplets suspended in
air [4]. The formation of aerosol particles results from complex interactions among various
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environmental factors, including meteorology, industrial emissions, and dust from roads
and construction activities [5]. Industrial activities release substantial amounts of PM,
while vehicular traffic and construction activities significantly contribute to PM levels.
These particles can vary in size, composition, and origin, impacting air quality and human
health [6].

In Kabul, the PM levels frequently exceed Afghanistan’s national air quality standards
for PM10 and PM2.5, set at 150 and 75 µg/m3, respectively [7]. This variation in PM levels
can be attributed to several factors, including mountainous terrain, weather patterns,
and human activities such as vehicular emissions, coal combustion, wood, solid waste,
used oil, soil dust, thermal generators, and residential combustion processes. Natural
sources such as dust storms, soil resuspension, and socioeconomic factors such as rapid
urbanization and population growth also contribute to these PM levels. Furthermore, the
effectiveness of regulatory measures and public awareness regarding pollution control
play crucial roles in determining PM concentrations. The issue of air pollution in Kabul
remains inadequately studied to comprehensively address all aspects of the city [5,7,8].
Furthermore, no comprehensive inventory of air pollutant emissions has been compiled
by the government. Moreover, source apportionment remains inadequate for assessing
the contribution of each source to atmospheric aerosols owing to the absence of sufficient
monitoring stations for recording air quality data. Given these challenges, the significance
of this study is in leveraging the remote sensing of aerosols to map aerosol distribution,
enhance air quality management efforts, and provide guidance for policymakers and
future research.

Ground-based monitoring stations provide accurate and periodic monitoring of air
pollution, with intervals ranging from a few minutes to several hours. Recent initiatives
to enhance space-based and ground-based observations of aerosols have significantly
improved our understanding of their impact on climate systems and air quality. Global
aerosol models have also become more sophisticated, capable of capturing features such as
aerosol optical depth (AOD) [9]. Remote aerosol retrieval methods, such as those used by
NASA’s Terra and Aqua satellites with the Moderate Resolution Imaging Spectroradiometer
(MODIS), provide accurate data [10]. The key parameters used in the analysis of aerosols
include AOD, single-scattering albedo, Angström exponent, complex refractive index,
aerosol extinction coefficient, and aerosol layer height [11–15]. AOD, a widely used metric,
quantifies the distribution of aerosols in the atmospheric column from Earth’s surface
to the top of the atmosphere [16–18]. Atmospheric particles such as dust or smoke can
block sunlight through absorption or scattering. AOD measures the extent to which direct
sunlight is prevented from reaching the ground. This dimensionless metric correlates
with aerosol concentrations in the vertical atmospheric column, with values typically
ranging from 0.01 (indicating a clean atmosphere) to over 1 (associated with dust and
sandstorms) [19].

To date, evaluations of MODIS Terra and Aqua Multiangle Implementation of Atmo-
spheric Correction (MAIAC) have been performed across several geographical regions,
including North America [20] and South America [21], and have been employed along-
side ancillary parameters to obtain surface PM concentrations in the USA [22,23], Mexico
City [24], Italy [25], and Israel [22]. South Asia is a complex geoclimatic region character-
ized by significant diversity in aerosol loading and optical properties, especially over the
Indo-Gangetic Plain [26–29]. Several studies have explored the relationship between AOD
and ground-level meteorological factors, uncovering variations in their influence across
different regions and time scales. For instance, a spatial correlation study [30] found coeffi-
cients of 0.014, 0.042, −0.126, and 0.004 for RH, T, PCP, and WS with AOD, respectively.
These results suggest a weak positive influence of T and a negative influence of PCP on
AOD. [31] In the abovementioned study, the researchers performed a correlation analysis
and reported correlations of 0.34, 0.23, and −0.04 for AOD with T, RH, and WS, respectively.
These findings indicate moderate positive correlations with T, weak positive correlations
with RH, and weak negative correlations with WS. Similarly, [32] observed a positive
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correlation with T and WS and a negative correlation with RH, further corroborating these
trends. Detailed solar radiation (SR) studies have also been performed [33–35].

This study aimed to investigate the spatiotemporal distribution of AOD at a wave-
length of 550 nm and its correlation with ground-level meteorological factors in Kabul,
Afghanistan, from 2000 to 2022. The specific objectives were to (1) evaluate monthly,
seasonal, and annual variations in AOD; (2) analyze long-term trends in AOD and meteoro-
logical factors including temperature (T), relative humidity (RH), precipitation (PCP), wind
speed (WS), and SR; and (3) explore the potential relationships between AOD and ground-
level meteorological factors in Kabul. The collected data support air quality management
efforts in Afghanistan and the mitigation of the adverse effects of aerosols on global climate
systems and human health.

2. Data and Methods

Figure 1 comprehensively illustrates the methodology used in this study. This investi-
gation focused on Kabul, using two distinct datasets. AOD data at 1 km resolution were
acquired from the MODIS instrument aboard NASA’s Terra and Aqua satellites. These
satellite-derived data provide valuable insights into the distribution of airborne PM. Ad-
ditionally, key meteorological factors were obtained from the Modern Era Retrospective
Analysis for Research and Application (MERRA-2). To align with the coarser resolution
of the meteorological data, the finer-resolution AOD data were aggregated by calculat-
ing average values in each grid cell. Various visualization techniques were employed
to analyze their spatiotemporal patterns and characteristics, including spatial maps, his-
tograms, time-series graphs for AOD, and time-series graphs for meteorological factors.
Furthermore, relationships between AOD and each meteorological factor were explored by
plotting them together and calculating the Pearson correlation coefficient. This approach
facilitated the quantification of the strength and direction of potential associations between
these variables.
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2.1. Study Site

Kabul, the capital of Afghanistan, is located at 34◦30′ N and 69◦10′ E in the northeastern
part of the country, as depicted in Figure 2. The city is surrounded by mountains in a
semiarid zone, with 56% of the area characterized by mountainous and rugged terrain
and 38% being flat. Kabul spans 22 administrative districts (Nahiya), covering an area of
1047 km2, and is approximately 1800 m above sea level. Anthropogenic activities, such as
power plants, vehicles, and the combustion of wood, coal, and plastic in stoves, are the
primary sources of air pollution in Kabul. Following two decades of civil war and political
conflict, Kabul has transformed into one of the world’s fastest-growing cities [36], securing
its position as Afghanistan’s most populous and influential urban center. However, this
rapid expansion has come at a cost: street obstructions, downtown crowds, and a significant
increase in traffic have worsened city congestion [37]. Owing to the absence of a reliable
census, the population of Kabul remains unknown, with estimates varying significantly
from 3.5 million to 6 million [38].
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2.2. Satellite Datasets
2.2.1. MODIS Products

As a vital component of NASA’s Earth Observing System, the MODIS instrument has
been aboard Terra and Aqua since 2000. MODIS provides data on aerosol levels over land
and ocean. The sensor measures radiances at 0.25, 0.5, and 1.0 km spatial resolutions. With
a viewing width of 2330 km, MODIS captures 36 spectral channels spanning from 0.415
to 14.235 µm [39]. AOD data at a wavelength of 550 nm were acquired from the MODIS
instrument. Specifically, the MCD19A2 Version 6 data products from 2000 to 2022 were
employed to visualize the spatial distribution of AOD and analyze its monthly, seasonal,
and annual variations; distribution density; and long-term trends. These data are daily,
1 km pixel resolution products combining MODIS Terra and Aqua MAIAC AOD data
at Level 2 processing [40]. Google Earth Engine (GEE), a platform for planetary-scale
Earth science data analysis [41,42], was used to access the data. The spatial distributions
of AOD across monthly, seasonal, and annual timescales were visualized using ArcGIS
10.7.1 software.
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2.2.2. MERRA-2

Key factors such as T at 2 m, RH at 2 m, PCP, WS, and wind direction (WD) at 10 m
were obtained from the MERRA-2 assimilation model [43] to explore the characteristics
and impact of meteorological factors on AOD. MERRA-2 provides meteorological data
at a spatial resolution of 0.5 degrees latitude by 0.625 degrees longitude. It offers distinct
advantages by incorporating long-term global space-based observations of aerosols since
1980 [44,45], allowing for the representation of their interactions with other physical pro-
cesses in the climate system [46,47]. In addition to various diagnostics such as surface
and atmospheric fluxes, diabatic terms, and data assimilation adjustments, MERRA-2 also
provides similar meteorological data (wind, precipitation, temperature, and humidity) to
other reanalyses of its type [48]. As the latest atmospheric reanalysis product from NASA’s
Global Modeling and Assimilation Office, MERRA-2 builds on the original MERRA with
advancements in the assimilation system [44,49–51].

2.3. Data Preprocessing

Preprocessing is a crucial first step in ensuring reliable AOD and meteorological
data analysis. This cleaning process ensures data consistency and addresses potential
issues. Daily AOD data were obtained from GEE, and any outliers or missing values
were removed during preprocessing to maintain dataset integrity. An outlier was an AOD
measurement that significantly deviated from a dataset’s expected range of values, possibly
owing to cloud contamination, transient atmospheric events, data processing errors, or
instrumentation issues. Because AOD data have a fine resolution, we aggregated them to
match the coarse resolution of meteorological data by calculating the average AOD values
in each grid cell. This step ensured that the spatial resolution of AOD data aligned with
that of meteorological data, enabling accurate comparisons and analysis. The retrieved
MODIS AOD data were averaged to present a comprehensive view of air quality across
monthly, seasonal, and annual timescales.

2.4. Statistical Analysis

Statistical values, such as minimum, maximum, mean, and standard deviation, were
calculated using descriptive statistics, providing a foundational understanding of data cen-
tral tendency and distribution. The log–normal distribution for each season was calculated
to comprehensively explore AOD variations across seasons, aiding in the identification
of potential seasonal patterns. The Mann–Kendall nonparametric test was also applied
to detect statistically significant trends in AOD, T, RH, PCP, and WS. This robust test is
particularly effective for analyzing time-series data, especially in identifying monotonic
trends. Furthermore, a Pearson correlation matrix analysis was performed to assess the
relationship between MODIS AOD and meteorological parameters (T, RH, WS, PCP, and
SR). The correlation coefficient (r) was calculated using Equation (1):

r = ∑ (xi − x)(yi − y)√
∑ (xi − x)2∑(yi − y)2

, (1)

where xi is the value of the x variable in a sample, x is the mean of the x variable, yi is the
value of the y variable in a sample, and y is the mean of the values of the y variable.

To evaluate the discrepancy between AOD and meteorological factor values, we
computed the root mean square error (RMSE) using Equation (2):

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 , (2)

where yi is AOD values, ŷi is meteorological factors, and n is the number of observations.
To examine the underlying structure and relationships among the meteorological

factors and their influence on AOD, we used principal component analysis (PCA). PCA is a
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dimensionality reduction technique that transforms the original correlated variables into a
set of uncorrelated components arranged by the variance they explain in the data.

3. Results and Discussion
3.1. Spatial and Temporal Variations in AOD

The monthly minimum, maximum, mean, and standard deviation of the AOD data
recorded in Kabul from 2000 to 2022 are summarized in Table 1, showing a mean AOD of
0.214 with a standard deviation of 0.090, indicating moderate variability. The minimum
AOD dropped as low as 0.040, while the maximum reached a concerning 0.998. December
exhibited the lowest mean AOD (0.166), whereas April showed the highest (0.249). The
spatial distribution of the average AOD across the study period is depicted in Figure 3,
revealing a distinct pattern with concentrations of high AOD values exceeding 0.4 in the
central city area. Particularly hazy conditions in the city center were observed in April, July,
and August. Various factors, including high levels of anthropogenic activities and specific
meteorological conditions such as low surface wind speeds, high air temperatures, and
humidity in the area, likely influenced this spatial variability. Additionally, the complex
terrain surrounding Kabul significantly affected the transport and dispersion of air pollu-
tants. This finding underscores the significant role of regional air pollution transport in
contributing to elevated aerosol concentrations in Kabul province. Interestingly, the west-
ern region consistently showed low AOD values, suggesting a potential cleansing effect
of the mountainous landscape. Furthermore, high mountain ranges may act as natural
barriers, limiting the horizontal dispersion of air pollution. Additionally, the anthropogenic
emissions in sparsely populated mountainous regions are typically lower.
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Table 1. Observational statistics of AOD from 2000 to 2022 over Kabul.

Variable Observations Minimum Maximum Mean Std.

Jan 357 0.061 0.413 0.192 0.055
Feb 248 0.075 0.404 0.226 0.042
Mar 424 0.061 0.498 0.230 0.068
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Table 1. Cont.

Variable Observations Minimum Maximum Mean Std.

Apr 594 0.051 0.982 0.249 0.085
May 578 0.073 0.451 0.227 0.071
Jun 696 0.055 0.953 0.230 0.084
Jul 721 0.039 0.923 0.248 0.094

Aug 581 0.068 0.899 0.244 0.090
Sep 592 0.055 0.736 0.198 0.073
Oct 592 0.046 0.889 0.175 0.076
Nov 518 0.040 0.431 0.171 0.067
Dec 482 0.057 0.998 0.166 0.065

Annual 0.214 0.090

3.2. Seasonal and Interannual Variations in AOD

The analysis of monthly, seasonal, and interannual variations in the AOD provided
critical insights into the dynamics of the aerosol distribution in the study area. The AOD
data were averaged across four seasons: spring (April–June), summer (July–September),
autumn (October–December), and winter (January–March). The seasonal AOD statistics
for the entire observation period are summarized in Table 2. During, spring and summer
showed statistically similar AOD values (0.233 and 0.232, respectively), indicating minimal
seasonal variations during these warmer months. In contrast, autumn (0.171) and winter
(0.215) displayed lower seasonal AOD values. The seasonal spatial distributions of the
AOD in Kabul for the years 2000, 2005, 2010, 2015, and 2020 are presented in Figure 4. The
results illustrate a consistent pattern in the city center, with spring and summer showing the
highest average AOD values, followed by autumn and winter. Notably, winter exhibited
high concentrations of fine particles owing to the increased residential fuel burning (coal
and wood) and solid waste incineration, resulting in significant PM emissions [37,52].
During winter, AOD may involve complex physical and chemical processes such as gas-
to-particle conversion, hygroscopic growth, and coagulation, resulting in the formation
of larger particles [28,53]. The high AOD in summer is likely due to increased aerosol
loading in the atmospheric column, especially in the upper atmosphere, attributed to
long-range dust transport from northern and western regions [54]. Moreover, humidity
may enhance the hygroscopic growth of particles, thereby contributing to the elevated
AOD levels observed in summer [55]. The process of gas-to-particle conversion may be
accelerated by rising summer temperatures, thereby further influencing the AOD [31].

A probability histogram of AOD across all four seasons from 2000 to 2022 in Kabul
is illustrated in Figure 5. The seasonal variations in the AOD distribution were analyzed
using a log–normal distribution model. All seasons exhibited a unimodal distribution
with a peak frequency of approximately 0.2, closely aligning with the annual average
AOD of 0.21. However, the greater variability in the probability distribution during
winter compared to other seasons indicates a wider range of particle types originating
from various emission sources during that season, such as coal, wood, and solid waste
burning. The interannual spatial distribution reveals significant variability over the study
period from 2000 to 2022. Figure 6 depicts annual average AOD values, highlighting
fluctuations that reflect both natural and anthropogenic influences and consistently high
AOD concentrations in downtown areas. Figure 7 compares the AOD between 2000 and
2002 to visualize the long-term annual variation in the AOD over Kabul. This comparison
reveals an upward trend by 2022, attributed to increasing anthropogenic activities and the
associated aerosol emissions in the city. The average AOD in 2022 exceeded 0.23, being
significantly higher than the 0.18 in 2000.
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Table 2. The minimum, maximum, mean, and standard deviation of seasonal AOD values from 2000
to 2022 over Kabul.

Season Observations Minimum Maximum Mean Std.

Spring 1864 0.051 0.982 0.233 0.086
Summer 1894 0.039 0.923 0.232 0.095
Autumn 1592 0.040 0.998 0.171 0.074
Winter 1047 0.061 0.498 0.215 0.061
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3.3. Long-Term Trend in AOD and Meteorological Factors

A Mann–Kendall trend test was used to assess trends in AOD from 2000 to 2022.
The annual mean AOD for Kabul over the 23 years is shown in Figure 8. The time-series
exhibited a fluctuating pattern, with a predominantly increasing trend, peaking in 2011 with
an AOD of 0.21. The annual mean AOD indicated a statistically significant upward trend
(slope of 0.001), with a slight decrease observed in 2020. This temporary decline in 2020 was
attributed to the reduced anthropogenic activities during COVID-19 lockdowns. The Mann–
Kendall test results for the AOD and meteorological factors are summarized in Table 3.
The findings confirmed a statistically significant positive trend for AOD, with a p-value,
(z), and S score of 0.044, 2, and 77, respectively. The p-value indicates the probability
that the observed trend occurred by chance, the z-value represents the standardized test
statistic from the Mann–Kendall test, and the S- core is the Mann–Kendall test statistic,
which summarizes the magnitude of the trend. The results confirm a statistically significant
positive trend for AOD. The analysis also reveals statistically significant trends for RH and
PCP, with p-values of 0.002 and 0.0003, respectively. In contrast, no significant trends were
observed for WS and T during this period.
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Table 3. Results of the Mann–Kendall test for AOD and meteorological factors from 2000 to 2022.

Variable z s p Value Slope

AOD 2 77 0.044 0.001
T −1.563 −166 0.117 −0.015

RH 3.063 117 0.002 0.813
PCP 3.591 137 0.0003 33.159
WS −0.475 −19 0.634 −0.002
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3.4. Relationship between AOD and Meteorological Factors

The influence of meteorological factors on AOD was found to be complex and dy-
namic, with various ground-level meteorological factors contributing to the observed
variations in AOD, as depicted in Figure 9a. Overall, AOD showed positive correlations
with T, RH, PCP, and WS and a negative correlation with SR. Specifically, PCP exhibited
the strongest positive correlation with AOD with a coefficient of 0.41, followed by WS, T,
RH, and SR with 0.30, 0.28, 0.21, and −0.06, respectively. A moderate positive correlation
(0.28) suggested that a higher T led to an increased AOD. A high T promotes the forma-
tion of secondary aerosols through photochemical reactions and enhances the emission of
biogenic and anthropogenic aerosols. A high T increases aerosol concentrations and AOD
by increasing secondary aerosol formation through photochemical reactions. Increased
water vapor concentration contributes to high humidity, causing atmospheric particles to
absorb additional water, thereby increasing their size and mass. The moderate positive
correlation (0.30) between AOD and WS can be attributed to dust and other particulates
being resuspended from the surface into the atmosphere, thereby enhancing aerosol con-
centrations. The strongest positive correlation with PCP suggests that precipitation plays a
significant role in influencing AOD levels. An increased PCP contributes to a higher AOD
owing to wet deposition processes that remove particles from the atmosphere but can also
lead to increased particle sizes through hygroscopic growth. While precipitation removes
particles from the atmosphere, it also enhances particle growth through hygroscopic pro-
cesses, thereby increasing AOD. Higher WS can lift dust and other particulates into the
atmosphere, contributing to higher aerosol concentrations and subsequently increasing
the AOD. The weak negative correlation (−0.06) between AOD and SR suggested that SR
had a minimal direct impact on AOD. However, an increased SR can drive photochemical
reactions, leading to the production of secondary aerosols, thereby indirectly influencing
AOD levels. Despite its weak direct correlation with AOD, SR influences the photochemical
reactions that generate secondary aerosols, indirectly affecting AOD. Figure 9b presents
the RMSE values for predictive models of AOD based on various meteorological factors.
These results indicate that WS and PCP had the strongest predictive relationships with
AOD, indicated by their lower RMSE values of 2.83 and 2.01, respectively. Conversely, RH
and SR were less effective predictors, showing higher RMSE values of 43.86 and 279.26,
respectively. T exhibited moderate predictive capability, with an RMSE value of 14.19.
Additionally, WS influences AOD in complex ways. Strong winds disperse aerosols [56]
and serve as transporters from surrounding regions. Particularly noteworthy are the strong
winds originating from the northwest, west, and southwest, which encompass desert areas
in Afghanistan, Iran, and Baluchistan. These winds likely transport air masses carrying
high concentrations of desert particles, potentially contributing to elevated aerosol levels
in the study area. In contrast, winds from the northeast, southeast, and southwest are
generally weaker, resulting in lesser contributions to particle movement.

To explore the underlying structure and reduce the dimensionality of the dataset, PCA
was performed on the meteorological factors T, RH, WS, PCP, and SR in relation to AOD.
The PCA results revealed that the first two principal components (PC1 and PC2) accounted
for a substantial portion of the variance, with PC1 explaining 58.17% and PC2 contributing
an additional 22.50% (Table 4). Together, these components explained 80.67% of the total
variance, effectively summarizing the primary patterns in the dataset. Figure 10 illustrates
the scatter plot of the first two principal components, with data points color-coded by AOD
value. The plot reveals distinct patterns that depict the relationships between the principal
components and AOD. In PC1, T, WS, and SR exhibited strong negative loadings, whereas
RH showed a strong positive loading. This indicated that PC1 captured a pattern where
lower T, WS, and SR and higher RH correspond to higher AOD values. PCP showed a
positive loading on PC1, although weaker than RH, suggesting a less prominent role in this
component. On the other hand, PC2 was mainly influenced by PCP, which exhibited a very
strong positive loading, implying that PC2 encapsulated variability primarily associated
with PCP levels. T, RH, WS, and SR showed moderate positive loadings on PC2, suggesting
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that these factors also contribute to the variability captured by this component, albeit to a
lesser degree compared to PCP. These findings highlight the complex interactions among
different meteorological factors and their collective impact on AOD. The high cumulative
explained variance of 80.67% by the first two principal components indicated that PCA
effectively captured the key patterns in the dataset.
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Figure 9. (a) Correlation matrices among AOD, T, RH, WS, PCP, and SR, calculated using Pearson
correlation based on the monthly mean of these variables from 2000 to 2022. Red and blue scatterplots
indicate positive and negative correlations, respectively. (b) The RMSE values for AOD are based on
meteorological factors.
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Table 4. Loadings of meteorological factors on the first two principal components.

Factors PC1 PC2

T −0.52 0.29
RH 0.49 0.35
WS −0.47 0.26
PCP 0.26 0.80
SR −0.43 0.26
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4. Conclusions

This study conducted a comprehensive analysis of the spatiotemporal variations
and trends in the AOD at a 550 nm wavelength and its correlation with ground-level
meteorological factors in Kabul, Afghanistan, from 2000 to 2022. The findings revealed
several key insights: Kabul exhibits moderate AOD levels, with peak values concentrated
in the central area, likely attributable to intensive anthropogenic activities. Higher AOD
values occur predominantly during spring and summer, possibly owing to the increased
emissions and dust transport from neighboring regions, whereas winter AOD levels reflect
various aerosol sources.

A statistically significant increasing trend in AOD was observed from 2000 to 2022,
likely driven by the increasing anthropogenic activities in the region. Meteorological factors
are crucial in influencing AOD levels. PCP exhibited a stronger positive correlation with
AOD. WS demonstrated complex interactions, with strong winds facilitating the transport
of dust particles from nearby deserts. Additionally, T and RH were found to have moderate
positive correlations with AOD. High temperatures can enhance the formation of secondary
aerosols via photochemical reactions, thereby increasing AOD levels. RH contributes to the
hygroscopic growth of aerosol particles, further increasing AOD.

These findings underscore the critical need for stringent air quality regulations and ef-
fective emission control measures to mitigate the adverse impacts of air pollution on public
health and the environment in Kabul. The observed increasing trend in AOD emphasizes
the immediate need for actions to address pollution sources and enhance air quality man-
agement strategies. Future research should focus on investigating pollutants in a broader
context, encompassing other urban environments and megacities across Afghanistan.
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Abbreviation Explanation
AOD Aerosol Optical Depth
GEE Google Earth Engine
MAIAC Multiangle Implementation of Atmospheric Correction
MERRA Modern Era Retrospective Analysis for Research and Application
MODIS Moderate Resolution Imaging Spectroradiometer
NASA National Aeronautics and Space Administration
NEPA National Environmental Protection Agency
NOAA National Oceanic and Atmospheric Administration
PC1 Principle Component 1
PC2 Principle Component 2
PCA Principle Component Analysis
PCP Precipitation
PM Particulate Matter
RH Relative Humidity
RMSE Root Mean Square Error
SR Solar Radiation
T Temperature
US.EPA United States Environmental Protection Agency
WD Wind Speed
WHO World Health Organization
WS Wind Directions
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