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ABSTRACT. Atmospheric aerosols play a crucial role in modulating Earth’s radiation balance and climate systems, yet they 
remain a major source of uncertainty in climate modeling. This study aims to characterize aerosol dynamics over the Large 
High Altitude Air Shower Observatory (LHAASO;  29.36° N, 100.14° E; ~4,410 m above sea level) region by analyzing satellite-
based measurements of Aerosol Optical Depth (AOD), Aerosol Index (AI), Single Scattering Albedo (SSA), and Extinction 
Coefficient (EC) from Moderate Resolution Imaging Spectroradiometer (MODIS), Sentinel-5P, CALIPSO, OMI, and MERRA-2 
Reanalysis for the period 2017–2023. The mean AOD peaked at 0.24 ± 0.02, primarily due to long-range dust transport from 
the Taklamakan and Gobi deserts. The AI varied between 0.68 and 1.26 (standard deviation SD = 0.31 ± 0.26), indicating 
moderate to significant aerosol activity, particularly during dust events. Aerosol mass concentration (MC) ranged from 4.14 
to 31.07 µg/m³ with a SD of 0.67 ± 8.14, reflecting influences from dust transport, meteorological conditions, and local 
emissions. The EC generally decreased with altitude, consistent with reduced aerosol concentrations and particle sizes. These 
findings advance our understanding of aerosol behavior in complex terrain and provide essential perspectives for improving 
climate projections and radiative forcing assessments.
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INTRODUCTION

	 The prediction of global climate change is hindered 
by significant uncertainties arising from the highly variable 
spatio-temporal distribution of atmospheric aerosols and 
our limited understanding of their optical properties (IPCC 
2023). In the atmosphere, tiny suspended particles known 
as aerosols range in size from approximately 0.001 to 100 μm 
(Mahowald et al. 2014). These particles exist in various types, 
including intermediate, fine, and coarse modes, depending 
on their dimensions. Aerosols influence solar radiation by 
scattering and absorbing it, with their impact varying based 
on their chemical composition and size (Delene & Ogren 
2002; Gautam et al. 2021; Jacobson 2002). By interacting 
with radiation, aerosols affect the Earth’s radiation budget 
both spatially and temporally, a process known as radiative 
forcing. This alters the Earth’s radiative balance and impacts 
the global climate (Ramachandran et al. 2006; Ranjan et al. 

2007; Satheesh & Ramanathan, 2000). Due to their short 
lifespans and uneven geographic distribution, which is 
influenced by emissions (Bhowmik et al. 2025), atmospheric 
chemical reactions, and weather patterns, aerosol properties 
exhibit significant spatial and temporal variability (Andrews 
et al. 2011; Boucher et al. 2013; Kumar et al. 2022b; Park et al. 
2019). Submicron-sized aerosols may also play a key role in 
the formation of mist and fog in certain locations (Lillis et al. 
1999). Aerosols interact with solar radiation directly through 
scattering and absorption, while their indirect effects involve 
influencing cloud processes. Studying aerosols not only 
deepens researchers’ understanding of their environmental 
effects but also offers essential theoretical support for 
decision-makers in developing effective environmental 
protection policies (Edenhofer & Seyboth, 2013; Gong et al. 
2015; Zhang et al. 2014a).
	 Aerosol Optical Depth (AOD) is the fundamental optical 
property of atmospheric aerosols, serving as a key indicator 
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of atmospheric clarity. It plays a critical role in characterizing 
atmospheric turbidity and is essential for assessing the 
effects of aerosols on climate (Zhang et al. 2014b). AOD 
is frequently used in studies that examine how aerosols 
influence regional climate’s spatial and temporal variation 
in atmospheric characteristics (Jing et al. 2018; Wang et al. 
2019). Moderate Resolution Imaging Spectroradiometer 
(MODIS) AOD products produce high retrieval accuracy, 
extensive time series, and excellent spatial coverage. These 
attributes have been validated through numerous studies 
conducted by international researchers, highlighting 
their significant value in aerosol research (Jie et al. 2017; 
Perumpully, Gautam, & M, 2024; Tian et al. 2018). In recent 
years, the escalating environmental challenges in China 
have prompted researchers to intensively investigate the 
optical, physical, and distribution characteristics of aerosols 
across key developed regions, including the Yangtze River 
Delta, Beijing-Tianjin-Hebei, and the Pearl River Delta 
(Bilal et al. 2019; Zhao et al. 2023). On the other hand, the 
Beijing urban area helps assess the efficacy of clean air 
action and provide crucial optical parameters for assessing 
radiative forcing within two size ranges (Hu et al. 2023; 
Ren et al. 2022; Zhao et al. 2019). The accurate monitoring 
of aerosol optical and physical characteristics and their 
spatiotemporal distributions over the Large High Altitude 
Air Shower Observatory (LHAASO) holds significant 
practical implications for atmospheric environmental 
protection.
	 Satellite remote sensing (SRS) is essential, as it enables 
the global measurement of highly variable aerosol fields 
over extended periods (Blaga & Gautam, 2024; Gautam et 
al. 2024; Ginoux et al. 2004; Perumpully & Gautam 2025). 
However, despite advancements in satellite observation 
techniques for aerosols facilitated by the utilization of 
increasingly sophisticated instruments, discrepancies 
persist among various satellite products, indicating 
ongoing inaccuracies in SRS techniques (Hridoy & Paul 
2024). Satellite sensors often have limited spatial resolution, 
which can hinder the ability to detect fine-scale aerosol 
features and variability. Hence, a comprehensive analysis 
of the optical properties and other attributes of aerosols 
cannot be achieved solely using existing satellite data. 
The LHAASO study area, because of its distinctive high-
altitude environment, is fundamental for understanding 
the spatial and temporal variations of aerosol properties. 
The findings of this study are expected to contribute to a 
deeper understanding of aerosol dynamics in high-altitude 
regions and provide valuable insights for improving 
climate models, air quality forecasts, and environmental 
management strategies. The main objective of this study is 
to examine aerosol properties using satellite data collected 
over LHAASO for an extended period (~7 years), considering 
variations across all four seasons. In this study, we used 
all available satellite data from 2017 to 2023 to analyze 
AOD, aerosol index (AI), aerosol extinction coefficient (EC), 
aerosol concentration, single scattering albedo (SSA), dust 
surface density, and dust mass concentration.

MATERIALS AND METHODS

	 The datasets were integrated through a pixel-to-
station matching procedure, with explanatory weights 
determined statistically rather than assigned arbitrarily. 
Errors in satellite data were minimized through atmospheric 
correction, cloud masking, and validation against in situ 
measurements using root-mean-square error (RMSE) and 
bias statistics. Preprocessing included filling small gaps in 
the measurement series using linear interpolation between 

adjacent time points, filtering unreliable satellite pixels 
flagged by quality assurance bands, and removing spurious 
ground measurements outside instrument calibration 
ranges. Outliers were detected via the interquartile range 
method and excluded only when confirmed as artifacts 
(e.g., sensor malfunction or accidental contamination), 
to ensure the dataset reflected genuine environmental 
variability.

Site Description

	 The study area encompasses LHAASO (29.35°N, 
100.13°E, 4,410.0 m a.s.l.) situated within the Hengduan 
Mountains. These mountains serve as the junction 
between the southeastern edge of the Tibetan Plateau, 
the Yunnan-Guizhou Plateau, and the Sichuan Basin. 
With an average elevation of 4,410 m a.s.l., the Hengduan 
Mountains represent a unique and sensitive ecological 
zone. The location map of LHAASO is presented in Fig. 1. 
The lack of readily available data collection has hindered 
comprehensive analysis of AOD dynamics in the area. 
Despite sporadic ground-based measurements historically 
recorded at sites like Yunling Baimang Snow Mountain 
and the Shangri-La atmosphere background station, there 
exists a gap in continuous monitoring. Recent efforts, 
including ground measurements conducted at the Litang 
station, approximately 70 km from LHAASO (Masood et 
al. 2025), have started shedding light on AOD variations, 
particularly during the summer months. The elevation 
map of the study area reveals a diverse topography 
characterized by significant variations in altitude, as shown 
in Fig. 2. Spanning from a towering 4,883 m at its highest 
point to a lower elevation of 4,036 m at its lowest, the 
map showcases the rugged terrain of the region. These 
elevation fluctuations play a crucial role in shaping local 
climate patterns, hydrological processes, and ecosystem 
dynamics. The depiction of such elevation gradients 
underscores the importance of understanding the spatial 
context in which AOD variations occur. As aerosols interact 
with the atmosphere, their impact can be influenced by 
the complex interplay of altitude, terrain features, and 
atmospheric conditions. Therefore, integrating elevation 
data into the analysis provides valuable information for 
the spatial distribution and potential drivers of AOD across 
the study area. Digital Elevation Models (DEMs) with a 
30 m resolution were used to establish a comprehensive 
understanding of the terrain. These DEMs, sourced from 
the Shuttle Radar Topography Mission (SRTM) through 
the USGS Earth Explorer platform, allowed for precise 
calculation and visualization of the elevation profile 
surrounding the LHAASO observatory. 

Data Acquired

	 The study relied on a multi-satellite and reanalysis 
approach, where each dataset contributed complementary 
aerosol-related parameters. Rather than applying fixed 
weights, the datasets were integrated according to their 
specific strengths: MODIS for spatially extensive AOD, 
Sentinel-5P for high-resolution AI, CALIPSO for vertical 
extinction profiles, OMI for single scattering albedo, 
and MERRA-2 for dust concentration estimates. Inter-
comparison between overlapping parameters (e.g., MODIS 
AOD with Sentinel-5P AI) was used to ensure consistency. 
Satellite retrieval errors, particularly those influenced 
by surface reflectance and cloud contamination, were 
minimized through preprocessing, quality flag filtering, 
and validation against MERRA-2 reanalysis.
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Fig. 1. Location of the LHAASO site within Sichuan Province, China. Sichuan Province highlighted within the map of China 
(top). Administrative boundaries of Sichuan Province with the LHAASO site marked (bottom left). Enlarged view showing 

the precise location of LHAASO within Sichuan (bottom right)

Fig. 2. Digital Elevation Map of LHAASO. The map was created with ArcGIS (version 10.81)

1https://www.arcgis.com/
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MODIS 

	 National Aeronautics and Space Administration (NASA)’s 
Earth Observing System (EOS) launched the Terra and Aqua 
satellites to monitor the Earth’s properties, including the 
atmosphere and oceans. The Moderate Resolution Imaging 
Spectroradiometer (MODIS), a key instrument on the Terra 
satellite, has provided highly accurate observations of 
aerosols and clouds since its operation began in February 
2000. MODIS is renowned for its exceptional spatio-
temporal resolution, as it measures radiation reaching the 
top of the atmosphere across 36 spectral channels, ranging 
from 0.41 µm to 14.2 µm. The instrument has a wide swath 
of 2,330 km, with spatial resolutions of 250 m, 500 m, and 
1,000 m, and offers a temporal resolution of 1 to 2 days. 
Alam et al. (2014) found that MODIS’s capability to track 
various fluctuations and compile data has enhanced 
scientists’ understanding of atmospheric, terrestrial, and 
oceanic phenomena. This accumulated data is invaluable 
for investigating aerosol characteristics and understanding 
aerosol–cloud interactions. Using the Deep Blue algorithms 
(Hridoy et al. 2025), the MODIS instrument aboard the 
Terra satellites provides comprehensive global coverage 
of aerosol optical properties over land. The Level 3 MODIS 
Terra data (MYD08_D3v6) of Aerosol Optical Depth (AOD) 
used during the period from 2017 to 2023 is retrieved from 
the Giovanni website2. Fig. 3 shows the range of AOD and 
Aerosol Index (AI) over the LHAASO region from 2017 to 
2023.

Sentinel-5P 

	 The Sentinel-5 Precursor (Sentinel-5P) satellite, part 
of the European Space Agency’s Copernicus program, is 
indeed essential for monitoring atmospheric composition, 
including aerosol properties through the AI. The AI serves 
as a quantitative measure that assesses the presence and 
distribution of aerosols in the atmosphere, providing crucial 
insights into air quality and climate change. Sentinel-5P 
Near Real-Time ultraviolet (UV) AI data was incorporated 
into the analysis. It offers detailed examination of aerosol 
concentrations and distributions within the study region.

CALIPSO 

	 The Cloud-Aerosol Lidar and Infrared Pathfinder 
Satellite Observations (CALIPSO) mission is a collaborative 
effort between NASA’s Langley Research Center (LaRC) and 
the National Space Research Center of France, launched in 
2006. This satellite plays a crucial role in providing a three-
dimensional view of clouds and aerosols on a global scale, 
with observations made every 16 days. One of its main 
tools, the Cloud-Aerosol Lidar with Orthogonal Polarization 
(CALIOP), uses a 1,064 nm wavelength channel and two 
polarization channels at 532 nm. It can effectively capture 
backscattering information about clouds and aerosols 
across latitudes ranging from 82° north to south. CALIOP 
enhances the accuracy of vertical distributions of clouds 
and aerosols by analyzing backscatter data collected at 
various atmospheric levels. Notably, as an active remote 
sensing instrument, CALIOP functions effectively both day 
and night, independent of the Earth’s surface conditions 
and without the reliance on short-wave solar radiation 
that characterizes passive remote sensing techniques. As 
a result, CALIPSO provides a robust and comprehensive 
dataset for studying the vertical structure and transmission 
of aerosols in the atmosphere. The collected data included 

the CALIPSO Level 2 aerosol extinction profiles generated 
from LIDAR measurements, including aerosol extinction 
coefficients at various vertical levels. These profiles offer 
valued insights into the spatial distribution and vertical 
structure of aerosols within the study area. By analyzing the 
vertical aerosol extinction profiles obtained from CALIPSO, 
we are able to characterize the vertical distribution of 
aerosols and investigate their variability over time.

OMI

	 The Ozone Monitoring Instrument (OMI) is an important 
satellite-based sensor that is part of NASA’s Aura satellite, 
launched in 2004. OMI is designed to monitor and collect 
data on atmospheric composition, particularly ozone and 
other trace gases. For the data collection of the aerosol 
Single Scattering Albedo (SSA), we obtained time series 
data from the OMI (Ozone Monitoring Instrument) satellite 
sensor. The dataset titled “Time Series, Area-Averaged of 
SSA 500 nm daily 1 deg.” provides daily measurements of 
SSA at a wavelength of 500 nm, averaged over a spatial 
resolution of 1 degree. The OMI instrument captures 
information about aerosol properties in the Earth’s 
atmosphere, including their ability to scatter light, which is 
quantified by the single scattering albedo. By utilizing this 
dataset, we aimed to analyze the temporal variations and 
spatial distribution of SSA over the study area.

Merra-2 Reanalysis

	 By utilizing the dataset, we aimed to examine the 
temporal variability and spatial distribution of dust surface 
mass concentration in the study area. For the dust column 
mass concentration/density, we utilized data from the 
MERRA-2 Reanalysis dataset. The dataset titled “Time Series, 
Area-Averaged of Dust Column Mass Density monthly 0.5 
× 0.625 deg.” provides monthly measurements of dust 
column mass density at a spatial resolution of 0.5 × 0.625 
degrees. This dataset integrates information about the 
vertical distribution of dust within the atmosphere, offering 
an understanding of the total mass of dust particles present 
in the atmospheric column.

Procedure

	 The methodology adopted for this study involved 
several key steps, beginning with the acquisition, 
preprocessing, and analysis of data related to DEMs and 
AOD dynamics. The DEM and AOD data were preprocessed 
to improve quality and eliminate potential inconsistencies, 
ensuring accurate data for further analysis. First, the 
DEM data were acquired to characterize the complex 
topography of the high-altitude region (~4,410 m a.s.l.). The 
DEM was projected to a common geographic coordinate 
system to match the spatial reference of the satellite-
derived AOD data. Resampling techniques were applied 
where necessary to harmonize spatial resolution between 
datasets. Any voids or missing elevation values were filled 
using interpolation algorithms embedded within the 
GIS processing software. Slope and elevation layers were 
derived from the DEM to assess topographic influences on 
aerosol distribution and atmospheric transport. This step 
is particularly important in mountainous regions such as 
Daocheng County, Sichuan, China, where terrain-induced 
variability can significantly influence aerosol dispersion. 
Similarly, preprocessing was applied to the aerosol index 
data obtained from the Sentinel-5P Near Real-Time UV 

2 https://giovanni.gsfc.nasa.gov/giovanni/



119

Andleeb Masood, Fengrong. Zhu, Zulfaqar Sa’adi et al.	 VARIATION OF AEROSOL PROPERTIES BASED ON ...

AI dataset. For both the AOD and AI data, pre-processing 
included: (i) spatial interpolation of all datasets to a common 
0.5° × 0.5° grid using bilinear interpolation, which balances 
computational efficiency with the preservation of spatial 
gradients; (ii) filtering based on the quality assurance (QA) 
flags provided by each sensor (e.g., MODIS cloud/surface 
reflectance flags, Sentinel-5P retrieval confidence flags, and 
OMI row anomaly filters), thereby excluding low-quality 
retrievals; and (iii) statistical outlier removal, where values 
exceeding ±3 standard deviations from the monthly mean 
were discarded to reduce the influence of spurious satellite 
retrievals. These steps ensured that only consistent, high-
quality data were retained. Importantly, no actual emission 
sources were removed; instead, the filtering process was 
designed solely to eliminate data contaminated by cloud 
interference, snow cover, or algorithm retrieval artifacts.
	 By following these methodological steps, a robust 
dataset was compiled, integrating aerosol-related 
parameters. This comprehensive pre-processing improved 
the reliability and integrity of the datasets, allowing for an 
in-depth analysis of the relationship between topography 
and aerosol dynamics in the study area. CALIPSO vertical 
profiles were used as an independent constraint to verify 
the vertical distribution of aerosols, while OMI single 
scattering albedo was employed to complement MODIS 
AOD in assessing aerosol radiative properties. No explicit 
statistical weights were assigned, but each dataset 
was used in its optimal domain (e.g., MODIS for wide 
coverage, CALIPSO for vertical profiles), thereby creating a 
complementary framework.
	 In addition to descriptive statistics, Pearson correlation 
was used to evaluate linear relationships, while Spearman 
rank correlation was employed to capture potential 
non-linear associations between the study parameters. 
These statistical tests provide quantitative support for 
the observed spatial and temporal variability. Statistical 
tests, including Shapiro–Wilk, Kruskal–Wallis, and Levene’s 
tests, were applied to assess the normality, month-wise 
variability, and homogeneity of variance of the studied 
variables. Aerosol vertical profiles were analyzed using 
linear regression and altitude-based binning to quantify 
terrain effects on aerosol distribution from 2017 to 
2023. Data visualization techniques were employed to 
create graphs and visual representations, facilitating the 
interpretation of spatial and temporal trends in AOD and 
AI values. By following these methodological steps, a 
robust dataset was compiled, integrating both elevation 
data and aerosol-related parameters. This integration 

of multiple data sources, together with systematic pre-
processing and cross-validation, ensures a more reliable 
representation of aerosol dynamics in the study area. The 
seasonal distribution of AOD is primarily driven by local 
emissions, boundary-layer dynamics, humidity effects, 
and wet scavenging during rainfall. Snow cover at higher 
altitudes may affect retrieval accuracy but does not 
directly increase AOD. Long-range transport of dust and 
regional pollution, particularly in the pre-monsoon (Hridoy 
et al. 2025), also plays a role, while secondary aerosol 
formation (e.g., sulfate, nitrate) contributes during warmer 
months. Similar seasonal patterns and drivers have been 
documented in other high-altitude regions, including 
the Himalaya, Tibetan Plateau, and observatories such as 
LHAASO, supporting our interpretation.

RESULTS AND DISCUSSION

Descriptive statistics of monthly variable

	 The descriptive statistics of the studied monthly 
variables, namely AOD, AI, and MC are shown in Table 1. 
The analysis of AOD values across the months reveals 
significant variations in minimum, maximum, mean, range, 
standard deviation (SD), coefficient of variation (CV), and 
skewness. Results demonstrate that January, April, October, 
and December have the lowest minimum AOD values (0.03, 
0.03, 0.00, and 0.03), indicating clearer air, while July records 
the highest minimum (0.22), reflecting peak aerosol levels. 
April shows the highest maximum AOD (0.18), with July 
(0.27) and August (0.21) also reflecting increased aerosols, 
while November and December have the lowest maximum 
AOD values (0.04 and 0.05), indicating cleaner air. The mean 
AOD follows a seasonal trend, with the highest in July 
(0.24), followed by June (0.17) and August (0.14), and the 
lowest in November, December, and January (0.03, 0.03, 
and 0.04), reflecting lower aerosol levels. April shows the 
highest AOD range (0.15), indicating significant variability, 
while July shows the smallest range (0.04), indicating 
more stable conditions. The SD shows the greatest AOD 
variability in April (0.05), with minimal variation in July 
(0.02) and December (0.01). The CV highlights extreme 
variability in October (0.98), while July has the lowest CV 
(0.07), indicating more stability. Skewness values indicate 
distribution patterns; April has a strong negative skew 
(-1.31), suggesting lower AOD values are more frequent. 
September has strong positive skewness (1.23), indicating 
higher AOD values are more common. Moderate positive 

Fig. 3. Mapping of the range of AOD and AI over the LHAASO region from 2017 to 2023
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skewness is observed in July (0.76) and August (0.86), while 
March (-0.47) and May (-0.34) show negative skewness, 
indicating lower AOD values. Our results support previous 
work, which found that using MODIS-based observations 
recorded a strong association between cloudiness and 
AOD across many regions of the globe, particularly during 
the winter and summer seasons (Goto et al. 2019; Singh et 
al. 2020; Yoon et al. 2012). Overall, AOD levels demonstrate 
a seasonal trend, with higher concentrations and greater 
stability in mid-year (June, July, August), particularly in July 
(mean AOD 0.24), and lower levels with more variability 
at the start and end of the year (January, November, 
December), where mean AOD values drop to 0.03-0.04. 
The AI data demonstrates distinct seasonal variations 
throughout the year. January shows a minimum AI value 
of 0.32, while the highest minimum value occurs in August 
at 1.01, indicating elevated aerosol presence during the 
late summer. Maximum AI values peak in May at 1.86, 
reflecting a significant increase in aerosol activity, while the 
lowest maximum is recorded in January (1.23), suggesting 
relatively clearer conditions at the year’s start. The mean AI 
values show a steady rise from January (0.68) to May (1.14), 
with a peak in June (1.19), followed by slightly lower values 
in July (1.07) and August (1.16). The lowest mean values 
occur in November (0.81) and December (0.72), reflecting 
reduced aerosol concentrations at the year’s end. The SD is 
highest in November (0.41), indicating more variability in 
aerosol levels, while July (0.17) has the lowest SD, reflecting 
stable conditions. The range of AI values fluctuates, with 
the largest range in March (1.06) and the smallest in July 
(0.40), indicating more stable aerosol levels during mid-
year. Such varied fluctuation has also been documented in 
different regions of the continents of Asia and Africa (Wang 
et al. 2014), and similar findings concur with a 10‐Year 
Record of Aerosol Optical Properties and Radiative Forcing 
Over Three Environmentally Distinct AERONET Sites in 
Kenya, East Africa. Specifically, our observed summer AOD 
peak of 0.27 at LHAASO is comparable to pre-monsoon 
AOD values reported over the Tibetan Plateau. For 
instance, Xia et al. (2011) and Liu et al. (2015) reported pre-
monsoon AOD values ranging between 0.20 and 0.30 at 
high-altitude stations on the Plateau, which is consistent 
with our observations. Similarly, studies over the Andes 
region (e.g., Segura et al. 2016) have documented seasonal 
AOD values in the range of 0.18–0.28, highlighting the 
influence of both local sources and long-range transport in 
mountainous terrains.
	 The contribution of different aerosol types to direct 
radiative forcing over distinct environments of Pakistan 
inferred from the AERONET data. The CV highlights that 
November exhibits the highest relative variability (0.51), while 
July (0.16) shows the lowest, indicating consistency in aerosol 
presence during mid-year. Skewness values generally indicate 
a positive skew, with May (1.04) showing the most substantial 
skewness, suggesting a higher frequency of elevated AI values, 
while June (0.24) and July (0.23) display the lowest skewness, 
indicating more balanced distributions of AI levels. Overall, 
these results show that aerosol activity increases during mid-
year with higher stability, while the start and end of the year 
are characterized by more variability and lower concentrations. 
The mean MC of particulate matter shows significant seasonal 
variation across the year. Starting in January, the mean MC is 
relatively low at 5.83 × 10–6kg m-2, but it increases gradually 
through February (12.77 × 10–6 kg m-2) and March (24.12 × 
10–6 kg m-2). A peak is observed in April (31.07 × 10–6 kg m-2) 
and May (26.08 × 10–6 kg m-2), suggesting higher moisture and 
particulate levels during the mid-year. Following this, a decline 
in MC is evident, particularly in June (13.51 × 10–6 kg m-2) and 

July (7.06 × 10–6 kg m-2), reflecting drier conditions. August (6.65 
× 10–6 kg m-2) and September (4.14 × 10–6 kg m-2) experience 
further decreases, reaching their lowest values in September. 
However, the MC slightly rises again in October (4.80 × 10–6 kg 
m-2) and November (6.57 × 10–6 kg m-2) before falling to 4.88 × 
10–6 kg m-2 in December. The range of values is widest in March 
(22.89 × 10–6 kg m-2) and April (24.50 × 10–6 kg m-2), indicating 
considerable fluctuation during these months, while the 
smallest range occurs in December (1.71), suggesting more 
consistent conditions. The SD also shows greater variability in 
March, April, and May, with values peaking at 8.14 µg m-3 in 
April. In contrast, the CV reflects a high degree of variability 
in February (0.37) and November (0.22), with the lowest in 
December (0.11), suggesting a more stable pattern towards 
the year’s end. The skewness values indicate a generally 
positive skew, especially in February (0.83) and March (0.43), 
suggesting a tendency for higher MC values in these months, 
while a negative skew in December (-0.53) indicates a shift 
toward lower concentrations. This data reflects a clear seasonal 
fluctuation in MC, with the highest levels observed during the 
mid-year, followed by a decrease toward the year-end.

Aerosol Optical Depth

	 AOD is a measure of how much sunlight is blocked or 
scattered by particles such as dust, smoke, and pollution 
in the atmosphere (Akinyoola et al. 2024; Ruiz-Arias et 
al. 2016). Basically, AOD quantifies the extinction of solar 
radiation due to aerosol particles, indicating the extent to 
which direct sunlight is prevented from reaching the Earth’s 
surface (Goto et al. 2019; Singh et al. 2020). The monthly 
AOD data from 2017 to 2023 were analyzed to assess the 
temporal variation of AOD in the study area, as shown 
in Fig. 4. The data reveals noticeable fluctuations in AOD 
levels throughout the year, across different years. In 2017, 
for example, AOD values start relatively low in January, 
gradually increasing to peak levels around March or April 
before declining toward the end of the year. However, the 
highest recorded AOD values occurred in June and July, 
with a subsequent decrease after October. This seasonal 
pattern is consistent across the following years, although 
the specific magnitude of AOD values varies slightly 
from year to year. In recent studies, it was found that 
AOD performs well in characterizing seasonal differences 
across the desert and urban/built environments across the 
world, where the AOD retrievals reveal underestimation 
in the desert area of Southeast Asia. Besides, the frequent 
reoccurrences of the dry/hot boundary layer driven by 
large-scale circulation patterns tend to lead to the AOD 
underestimation (Stirnberg et al. 2018). 
	 In addition, monthly AOD values demonstrate a degree 
of consistency across the years, particularly in certain 
months. For instance, July consistently exhibits higher 
AOD values compared to other months, suggesting a 
seasonal trend or environmental factors that influence 
aerosol concentrations during this period. By analyzing the 
individual monthly AOD graphs, a detailed examination 
of AOD dynamics over time can be conducted, revealing 
significant variations and anomalies. Comparing AOD 
trends across different years reveals important patterns 
in long-term trends and seasonal variability of aerosol 
concentrations within the study area. The average annual 
AOD values range from approximately 0.097 to 0.120, 
indicating relatively consistent aerosol concentrations in 
the atmosphere. However, noticeable fluctuations in the 
maximum and minimum AOD values reflect the dynamic 
nature of aerosol distribution and atmospheric conditions. 
Notably, 2023 shows the highest average AOD value of 
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Table 1. Descriptive statistics of the studied monthly variables, namely, AOD, AI, and MC (10−6 kg m−2)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

AOD

Min 0.03 0.05 0.11 0.03 0.05 0.13 0.22 0.11 0.11 0.00 0.03 0.03

Max 0.06 0.10 0.17  0.18 0.13 0.19 0.27 0.21 0.15 0.07 0.04 0.05

Range 0.03 0.05 0.06 0.15 0.08 0.07 0.04 0.10 0.04 0.06 0.01 0.02

Mean 0.04 0.07 0.14 0.14 0.10 0.17 0.24 0.14 0.12 0.03 0.03 0.03

SD 0.01 0.02 0.02 0.05 0.03 0.03 0.02 0.04 0.02 0.03 0.01 0.01

CV 0.24 0.24 0.14 0.35 0.27 0.16 0.07 0.28 0.14 0.98 0.17 0.20

Skewness 0.56 0.41 -0.47 -1.31 -0.34 -0.31 0.76 0.86 1.23 0.26 0.25 0.65

AI

Min 0.32 0.44 0.49 0.63 0.83 0.80 0.89 1.01 0.96 0.71 0.31 0.37

Max 1.23 1.39 1.56 1.45 1.86 1.58 1.29 1.54 1.71 1.51 1.43 1.25

Range 0.91 0.96 1.06 0.82 1.03 0.78 0.40 0.53 0.75 0.79 1.12 0.89

Mean 0.68 0.80 0.89 0.95 1.14 1.19 1.07 1.16 1.26 1.07 0.81 0.72

SD 0.31 0.35 0.37 0.31 0.35 0.29 0.17 0.20 0.26 0.30 0.41 0.33

CV 0.45 0.44 0.41 0.33  0.31 0.25 0.16 0.17 0.21 0.28  0.51 0.45

Skewness 0.61 0.56 0.67 0.55 1.04 0.24 0.23 0.96 0.45 0.38 0.36 0.57

MC

Min 4.49 7.95 14.43 18.46 18.43 8.02 3.92 4.34 3.28 3.94 5.22 3.88

Max 8.32 22.04 37.32 42.97 34.46 19.13 10.68 10.49 5.21 7.19 9.21 5.60

Range 3.83 14.09 22.89 24.50 16.04 11.11 6.76 6.15 1.93 3.24 3.99 1.71

Mean 5.83 12.77 24.12 31.07 26.08 13.51 7.06 6.65 4.14 4.80 6.57 4.88

SD 1.29 4.73 7.45 8.14 5.91 4.01 2.39 2.25 0.67 1.08 1.48 0.55

CV 0.22 0.37 0.31 0.26 0.23 0.30 0.34 0.34 0.16 0.22 0.22 0.11

Skewness 0.83 0.83 0.43 0.01 -0.02 0.07 0.21 0.51 0.26 1.47 0.67 -0.53

0.12, along with a peak AOD value of 0.27. This suggests 
a potential increase in aerosol loading during that year, 
highlighting the need for further investigation into the 
factors contributing to this rise. Our results support the 
findings of previous studies conducted across many parts 
of the region. More than 30 critical fields concentrated 
on and directed across North America, Europe, and China 
have researched the science of tropospheric ozone, 
meteorological examples, forerunner emanations, and 
displaying endeavors (Solomon et al. 2000). Moreover, 
research on black carbon has zeroed in on BC and PM10 
levels, close by air contamination files, in the locales of 
Beijing and Lhasa between January and December 2006 
(Gao et al. 2007).
	 The year 2018 stands out with the lowest minimum 
AOD value of 0.003, indicating relatively clear atmospheric 
conditions during that period. Such variations in AOD 
extremes highlight the significance of closely monitoring 
aerosol dynamics to assess air quality and their broader 
environmental impacts. The annual summary of AOD trends 
provides essential insights into the temporal variability of 
aerosol concentrations in the study area, setting the stage 
for further analysis and interpretation in the subsequent 
sections. Distinct patterns in AOD levels emerge across the 
months, with periods like July showing higher average AOD 

values, suggesting elevated aerosol concentrations during 
this season. Conversely, months like October demonstrate 
lower average AOD values, indicating cleaner atmospheric 
conditions. Recognizing these seasonal fluctuations in 
AOD is critical for understanding air quality environmental 
impacts and informing effective mitigation strategies. 

Aerosol Index

	 The AI is a qualitative measure indicating the presence 
of elevated aerosol layers with significant absorption, 
primarily from desert dust, biomass burning, and volcanic 
ash plumes. Analyzing monthly AI data from 2017 to 2023 
presented in Fig. 5 reveals substantial variations in aerosol 
concentrations throughout the year, with peak values 
typically observed in the summer months of May, June, 
and July and lower values in winter, particularly January 
and February. Inter-annual variability is also notable, with 
the year 2020 exhibiting elevated AI values across several 
months. From 2017 to 2023, the annual average mean AI 
values range from 0.730 to 1.330, reflecting the average 
aerosol loading in the atmosphere each year. Seasonal 
changes, regional air pollution, and meteorological 
conditions can influence variations in these values. 
Notably, 2020 recorded the highest annual average AI 

Note: Descriptive statistics of the studied monthly variables, namely AOD, AI, and MC, derived from combined satellite observations (MODIS, 
Sentinel-5P) and reanalysis datasets (MERRA-2). The table summarizes the mean, SD, minimum (Min), maximum (Max), and range, coefficient of 
variation (CV), and skewness for each variable.
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value of 1.330, suggesting elevated aerosol concentrations, 
possibly linked to increased anthropogenic activities or 
environmental events. Maximum AI values, which indicate 
the peak aerosol concentrations within a year, ranged from 
1.028 to 1.855. The year 2019 had the highest maximum 
AI value of 1.474, marking a significant aerosol event. 
Minimum AI values ranged from 0.315 to 0.940, with 2022 
showing the lowest minimum AI of 0.315, indicating a 
period of relatively cleaner air. The aerosol distributions 
during the interannual variability and seasonal changes 
could be attributed to winter large fractions of the Asian 
dust and Indian Ocean with a strong correlation with the 
physical atmospheric mechanism (Das Mahapatra et al. 
2022; Gandham et al. 2022; Jin et al. 2021). However, such 
associated controlling phenomena can be attributed to 
dust emission from the dryland of the region, which is in 
agreement with previous studies (Duniway et al. 2019; 
Huang et al. 2017). 
	 The calculated mean AI values across the months from 
January to December reveal distinct seasonal patterns. The 
winter months of January and February show lower mean 
AI values, ranging from 0.679 to 0.799, likely due to reduced 
biological and anthropogenic aerosol emissions and stable 
atmospheric conditions. In the spring, mean AI values 
gradually increase to a range of 0.888 to 1.138, driven by 
factors such as increased vegetation activity, dust storms, 
and biomass-burning events. Summer months, from June 
to August, see higher mean AI values, ranging from 1.138 
to 1.187, which can be attributed to increased atmospheric 
instability, higher temperatures, and intensified human 
activity. During autumn, mean AI values remain elevated, 
ranging from 1.067 to 1.257, influenced by agricultural 
practices, regional wildfires, and atmospheric circulation 
patterns. In December, mean AI values slightly decrease to 
a range of 0.724 to 0.805, reflecting lower biomass burning 
and reduced anthropogenic emissions as temperatures 
drop and seasonal activities change.
 

Aerosol Extinction Coefficient

	 The results of aerosol extinction coefficients at various 
altitudes from 2017 to 2023 indicate fluctuations in aerosol 
concentration and distribution within the atmosphere over 
the study period. At lower altitudes, ranging from 1 km to 
3 km, the aerosol extinction coefficients exhibit relatively 
low values, typically below 0.01 km-1. However, there are 
sporadic increases observed in certain years, particularly 
in 2020 and 2023, where slightly elevated values are 
noted, possibly attributed to localized aerosol events or 
meteorological conditions influencing aerosol transport 
and dispersion.
	 Moving to higher altitudes, between 4 and 7 km, the 
aerosol extinction coefficients show more pronounced 
variability across the years. Multiple time series extinction 
coefficients at various altitudes from 2017 to 2023 are seen in 
Fig. 6. In some instances, such as at 5 km altitude, significant 
increases in aerosol extinction coefficients are observed, 
notably in 2017 and 2019, suggesting the presence of 
elevated aerosol layers or enhanced atmospheric aerosol 
loading during those periods. Conversely, there are 
instances of decreased aerosol extinction coefficients in 
certain years, indicating temporal variability in aerosol 
distribution and concentration profiles within the mid-
tropospheric region. At altitudes exceeding 7 km, aerosol 
extinction coefficients generally remain relatively low, 
with occasional minor fluctuations observed across the 
years. However, it’s worth noting the substantial increase 
in aerosol extinction coefficients observed at 6 km altitude 
in 2018, primarily attributed to localized aerosol events 
or transient atmospheric phenomena impacting aerosol 
concentrations at that altitude level. The results highlight 
the dynamic aerosol distribution and concentration 
profiles driven by atmospheric dynamics, meteorological 
conditions, and aerosol emission sources.

Fig. 4. Mean monthly distribution of AOD. The light blue boxplots represent the full monthly range, including outliers 
(red points), while the blue line and points indicate the monthly mean. The shaded blue area around the mean represents 

SD, highlighting the variability within each month
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Fig. 5. Mean monthly distribution of AI. The light blue boxplots represent the full monthly range, including outliers 
(red points), while the blue line and points indicate the monthly mean. The shaded blue area around the mean represents 

SD, highlighting the variability within each month

Fig. 6. Multiple time series extinction coefficients at various altitudes from 2017 to 2023
Mass concentration & Single scattering albedo

	 For the study period, the aerosol mass concentration 
exhibits notable fluctuations, indicative of changes in aerosol 
emissions, atmospheric transport, and deposition processes. 
In 2018, a significant increase in aerosol concentration was 
observed, with a value of 15.15 kg m-2 10-6, representing 

a peak in aerosol loading during the analyzed years. The 
increase in aerosol concentration indicates either stronger 
emissions or greater atmospheric transport of particles, 
likely driven by regional sources, meteorological factors, or 
human activities.
	 Conversely, a decline in aerosol concentration was 
noted in 2020, with a value of 9.49 kg m-2 10-6, representing 
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a notable reduction compared to preceding years. On 
the other hand, the monthly averaged plot did not show a 
significant increase between 1980 and 2018. Along the North 
African coast, the values range from 0.24 × 10-6 kg m-2 month-1 
(eastern Egypt) to 0.63 × 10-6 kg m-2 month-1 (southern Tunisia), 
while in marine areas, they vary from 0.26 × 10-6 kg m-2 month-1 
(Balearic Islands) to 0.48 × 10-6 kg m-2 month-1 (Malta) (Bibi 
et al. 2020). This decrease in aerosol concentration may be 
attributed to changes in emissions patterns, atmospheric 
circulation patterns, or meteorological conditions leading 
to reduced aerosol transport and deposition within the 
study area. The monthly patterns of mass concentration 
and single scattering albedo over the LHAASO from 
2017- 2023 are presented in Fig. 7. The subsequent years, 
2021 to 2023, witnessed a moderate increase in aerosol 
concentration compared to 2020 but remained lower than 
the peak observed in 2018. These fluctuations in aerosol 
concentration highlight the complex interplay of various 
factors influencing aerosol dynamics, including emission 
sources, atmospheric circulation patterns, precipitation 
events, and atmospheric stability. Overall, the temporal 
variability in aerosol concentration underscores the 
dynamic nature of aerosol processes within the study 
area and emphasizes the importance of continuous 
monitoring and analysis to better understand the drivers 
and implications of aerosol variability on atmospheric 
composition, air quality, and climate dynamics (Li et al. 
2024; Perumpully & Gautam 2024).
	 The analysis of SSA revealed consistent patterns across 
the study period from 2017 to 2023. The SSA values ranged 
from approximately 0.935 to 0.942, indicating the fraction 
of light scattered by aerosol particles relative to their total 
extinction. Over the years, there was a slight downward 
trend in the SSA values, with a gradual decrease observed 
from 2017 to 2023. This decline suggests potential changes 
in the composition or optical properties of aerosol 
particles in the atmosphere. Factors such as variations in 
aerosol sources, transport mechanisms, and atmospheric 
conditions could contribute to these temporal trends in 
SSA. The relatively stable SSA values across the study period 
indicate consistent aerosol scattering characteristics within 
the region. However, the observed decline over time may 
reflect shifts in aerosol composition or size distribution, 
which can influence their scattering properties (Kaufman 
et al. 1994). The results obtained in the present studies are 
similar to those of Pakistan using clustering techniques 

between different major cities of Pakistan, identifying 
distinct classifications of aerosol over the region.   

Dust surface and Column density 

	 The dust surface density, representing the mass of dust 
per unit area at the Earth’s surface, exhibited a relatively 
stable pattern across the years, with values ranging from 
approximately 1.1×10−11 to 1.5×10−11 kg m−2. Similarly, 
the dust column density, which indicates the total mass 
of dust per unit area within a vertical column of the 
atmosphere, displayed consistent values ranging from 
approximately 2.8×10−5 to 4.5×10−5 kg m−2. The monthly 
patterns of dust column density are presented in Fig. 8. 
The temporal stability observed in both dust surface and 
column mass concentrations suggests a relatively constant 
presence of airborne dust particles in the atmosphere 
over the study period. Besides, high groupings of residue 
particles can lead to respiratory issues and increment non-
inadvertent mortality (Pu & Ginoux 2018). However, minor 
fluctuations in dust density values from year to year may 
reflect variations in dust emission sources, atmospheric 
circulation patterns, and meteorological conditions. 
Factors such as wind speed, land surface properties, and 
regional climate dynamics can influence the generation, 
transport, and deposition of dust particles, contributing to 
the observed variations in dust mass concentrations. On 
the other hand, it has been observed that the long-term 
dust concentration measured over a specific region is 
attributed to weak correlations between the North Atlantic 
Oscillation and surface concentration during the winter 
season (Ginoux et al. 2004). Thus, such extended imitation 
highlights key information to explore the North Atlantic 
Oscillation effects on dust distribution rather than limited 
and/or affected regions at the edge of that phenomenon 
(Tao et al. 2017; Wang et al. 2007; Xie et al. 2011; Yang et al. 
2022). 

Correlation analysis and statistical evaluation of the 
studied variables

	 The Pearson and Spearman correlation analyses revealed 
distinct relationships between aerosol and studied variables 
from 2017 to 2023 (Fig. 9). For Pearson correlations, AOD 
exhibited moderate positive associations with SSA (r = 
0.571), AI (r = 0.292), dust column density (r = 0.274), and 

Fig. 7. Mean monthly distribution of MC (kg m-2 10-6) and SSA. The light blue boxplots represent the full monthly range, 
including outliers (red points), while the blue line and points indicate the monthly mean. The shaded blue area around 

the mean represents SD, highlighting the variability within each month
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MC (r = 0.258), suggesting that higher AOD coincides with 
higher aerosol scattering efficiency and slightly increased 
mass and columnar dust. AI showed a moderate positive 
correlation with SSA (r = 0.399) but negligible correlations 
with MC (r = –0.028) and DCD (r = –0.011), indicating limited 
linear association between atmospheric aerosol presence 
and dust quantities. As expected, MC and dust column 
density were strongly correlated (r = 0.998), reflecting the 
nearly identical patterns of dust mass and column density 
in the study area. SSA displayed very weak correlations with 
MC (r = 0.001) and DCD (r = 0.034), indicating that aerosol 
scattering properties are largely independent of absolute 
dust concentrations. 
	 Spearman rank correlations, which capture monotonic 
relationships, were largely consistent with the Pearson 
results but slightly stronger for some variables. AOD 
correlated positively with SSA (ρ = 0.593), MC (ρ = 0.354), 
dust column density (ρ = 0.394), and AI (ρ = 0.313), reflecting 
consistent rank-order associations. AI again showed a 
moderate positive correlation with SSA (ρ = 0.409) but 
weak negative correlations with MC (ρ = –0.090) and DCD 
(ρ = –0.069). The MC– dust column density relationship 
remained extremely strong (ρ = 0.995), confirming their 
near-identical monotonic behavior. SSA correlations with 
MC (ρ = 0.006) and DCD (ρ = 0.054) remained negligible, 
reinforcing that aerosol scattering efficiency is not closely 
associated with dust mass or column density. Overall, these 
results suggest that AOD and SSA are moderately related, 
whereas dust quantity variables (MC and dust column 
density) are strongly interrelated but largely independent 
of aerosol scattering properties. 
	 Statistical tests were conducted to assess the variability 
and distribution characteristics of aerosol and dust-related 
variables from 2017 to 2023 as shown in Table 2. The 
Shapiro–Wilk test indicated that AI was normally distributed 
(p = 0.508), whereas AOD (p = 0.0017), dust column density 

(p < 0.001), MC (p < 0.001), and SSA (p = 0.0121) significantly 
deviated from normality, suggesting non-parametric 
methods were appropriate for further analysis. The Kruskal–
Wallis test, examining month-wise variability, revealed that 
all variables except AI exhibited significant differences 
across months, with AOD, dust column density, MC, and 
SSA all showing p-values < 0.001, while AI demonstrated 
moderate variability (p = 0.0107). This confirms that 
aerosol optical depth, dust mass, dust column density, and 
scattering properties exhibit strong temporal variability on 
a monthly scale. Levene’s test for homogeneity of variance 
showed that AI (p = 0.969), AOD (p = 0.330), and SSA (p 
= 0.685) had relatively stable variances across months, 
whereas dust column density (p = 0.0003) and MC (p = 
0.0006) displayed significant heterogeneity, reflecting 
greater fluctuations in dust quantities compared to optical 
properties. Results indicate that AOD, dust column density, 
MC, and SSA significantly deviate from normality and exhibit 
substantial monthly variability, whereas AI shows moderate 
variability and homogenous variance. Collectively, these 
results provide robust statistical evidence that aerosol and 
dust characteristics vary significantly over time, with dust 
mass and column density exhibiting the most pronounced 
variability, while aerosol optical properties such as AI and 
SSA are comparatively more stable. 

Relationship between aerosol extinction coefficient (EC) 
and terrain

	 A linear regression analysis was performed to assess 
the relationship between EC values and altitude from 1 to 
10 km over the period 2017–2023 (Fig. 10) The regression 
model yielded an intercept of 0.0175 (±0.0057, p = 0.00298), 
indicating the expected EC value at sea level. The slope for 
altitude was 0.000185 ± 0.000917 (p = 0.841), suggesting a 
very weak and statistically non-significant increase in the 

Fig. 8. Mean monthly distribution of dust column density (kg m-2). The light blue boxplots represent the full monthly 
range, including outliers (red points), while the blue line and points indicate the monthly mean. The shaded blue area 

around the mean represents SD, highlighting the variability within each month
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values with increasing altitude. The residuals ranged from 
–0.0182 to 0.0714, with a median of –0.0090, reflecting 
minor deviations from the fitted line. The model explained 
only a negligible fraction of the variance in EC values, with 
a multiple R-squared of 0.0006 and an adjusted R-squared 
of –0.0141. The F-statistic was 0.041 (p = 0.841), confirming 
that altitude does not significantly predict aerosol 
concentrations in this dataset. These results indicate that, 
over the study region, EC values are largely independent of 
altitude, and any terrain-related effects on vertical aerosol 
distribution are minimal within the observed altitude 
range.
	 The aerosol extinction coefficient values were further 
analyzed by stratifying the data into 2 km altitude bins to 
examine potential terrain effects (Fig. 11). The mean EC 
value in the lowest altitude bin (0–2 km) was 0.012 with a 
standard deviation of 0.0102 (n = 14), indicating relatively 
low and moderately variable concentrations. In the 2–4 
km bin, the mean decreased to 0.00743 with a standard 
deviation of 0.00464 (n = 14), reflecting the lowest aerosol 
concentrations observed across all bins. Extinction 
coefficient values increased substantially in the 4–6 km 
bin, with a mean of 0.0441 and a standard deviation of 
0.0234 (n = 14), representing the highest concentrations 
and greater variability, suggesting localized accumulation 
at mid-altitudes. The 6–8 km bin exhibited a mean EC value 
of 0.0249 with a higher standard deviation of 0.0267 (n = 

14), indicating considerable temporal variability at these 
altitudes. Finally, the 8–10 km bin had the lowest mean 
EC value of 0.0043 with a standard deviation of 0.00312 
(n = 14), highlighting minimal aerosol presence at higher 
altitudes. Overall, the stratified analysis demonstrates that 
aerosol concentrations peak at mid-altitudes (4–6 km) and 
decrease toward both lower and higher altitudes, with 
variability generally increasing at intermediate altitudes, 
suggesting that terrain and atmospheric processes may 
influence vertical aerosol distribution.

CONCLUSION

	 Seven years of satellite-based observations over 
LHAASO from 2017 to 2023 were used to analyze aerosol 
optical features AOD, AI, SSA, EC, MC, and dust surface 
and column density. This study concludes that peak 
AOD levels typically occur in the spring and summer 
when dust transport and biomass burning are most 
prevalent. AI values showed significant seasonal variation. 
SSA values suggest that aerosols were predominantly 
scattering in nature, with some absorption components. 
EC reflects variations in aerosol loading and composition 
over time. Mass concentration values also exhibited 
seasonal shifts, particularly during the dust season when 
higher concentrations were recorded, compared to lower 
concentrations during non-dust periods. Column densities 

Fig. 9. Matrices showing pairwise correlations among aerosol and studied variables from 2017 to 2023. (a) Pearson 
correlation matrix, illustrating linear relationships between AOD, AI, MC, dust column density (DCD), and SSA. (b) 

Spearman rank correlation matrix, capturing monotonic associations between the same variables
Table 2. Summary of statistical tests for aerosol and dust-related variables from 2017 to 2023. Shapiro–Wilk test assesses 

the normality of each variable, with p < 0.05 indicating deviation from normality. Kruskal–Wallis test evaluates significant 
month-wise differences in variable values, with p < 0.05 indicating significant variability. Levene’s test examines 

homogeneity of variance across months, with p < 0.05 indicating heterogeneity

Variable Shapiro-Wilk test Kruskal-Wallis test Levene’s test

AI 0.5078 0.01070 0.96910

AOD 0.0017 0.00000 0.32980

Dust column density 0.0000 0.00000 0.00030

MC 0.0000 0.00000 0.00060

SSA 0.0121 0.00000 0.68500
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Fig. 10. Linear regression of aerosol extinction coefficient values against altitude (1–10 km) from 2017 to 2023. The 
regression line (blue) with a 95% confidence interval shows a non-significant relationship (slope = 0.000185, p = 0.841), 

indicating that aerosol concentrations are largely independent of altitude in the study region

Fig. 11. Mean extinction coefficient values and standard deviations across 2 km altitude bins from 0 to 10 km over the 
period 2017–2023. Aerosol concentrations peak at mid-altitudes (4–6 km) and are lowest at both lower and higher 

altitudes, highlighting potential influences of terrain and atmospheric processes on vertical aerosol distribution
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