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A B S T R A C T

The unprecedented rise in atmospheric aerosols, coupled with their intricate interactions with the 
environment through a wide array of physical, chemical, and biological processes, has profoundly 
impacted global climate. Their presence in the atmosphere scatters and absorbs solar radiation, 
thus altering the amount of sunlight reaching the Earth’s surface. These direct effects, along with 
the indirect effects of aerosols, have significantly altered atmospheric temperatures, land surface 
processes, global surface temperature, hydrological cycle, and ecosystems. Understanding the 
complex interplay between aerosols and climatic variables necessitates a multidisciplinary 
approach, such as dependency modeling. Addressing these challenges, the current study conducts 
a spatiotemporal correlational analysis of selected key meteorological parameters with aerosol 
optical depth over East Africa (EA) using multisensory data from Moderate-resolution Imaging 
Spectroradiometer (MODIS), Modern-Era Retrospective analysis for Research and Application 
(MERRA-2) model, and Tropical Rainfall Measurement Mission (TRMM). Employing a weighted 
least squares regression (WLS) model, the study quantifies trends in the time series of climatic 
variables and Normalized Difference Vegetation Index (NDVI), further utilizing a statistical de
pendency modeling technique for correlational analysis. The trend analysis reveals a significant 
decreasing trend in surface wind speed (SWS) in most months, with sporadic positive trends 
attributed to anthropogenic activities, notably biomass burning, observed in January. Spatial 
trend analysis of Precipitation Rate (PR) displays heterogeneity, with significant negative trends 
in January and March, and positive trends in February, April, November, and December. Negative 
trends during May to August are attributed to increased anthropogenic activities, while enhanced 
positive trends in May correlate with low aerosol optical depth (AOD) during this period. Surface 
air temperature (SAT) exhibits diverse variations across the region, with dry months recording 
higher averages and trends than wet months. The study notes heterogeneous correlations in NDVI 
over the study area, with positive and negative correlations observed in different regions. Spe
cifically, positive correlations are noted along the coastal and Lake Victoria regions, attributed to 
improved PR enhancing vegetation cover in these areas.
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1. Introduction

The relationships between aerosols and the environment are intricate, involving a multitude of physical, chemical, and biological 
processes. Their impact on the environment hinges on various factors, including their size, shape, chemical composition, and con
centration, as well as the atmospheric conditions they encounter, such as temperature, humidity, and wind speed [1]. Aerosols within 
the atmosphere scatter and absorb solar radiation, influencing the amount of sunlight reaching the Earth’s surface and the atmospheric 
temperature [2]. Additionally, aerosols serve as cloud condensation nuclei, affecting cloud formation and properties like reflectivity, 
lifespan, and precipitation rate. Moreover, aerosols can directly and indirectly affect human health and ecosystems. Elevated aerosol 
concentrations may lead to respiratory and cardiovascular issues in humans, while aerosol deposition may impact soil quality, water 
quality, and vegetation in ecosystems [3].

Aerosols stand as one of the largest natural systems and catalysts of climate change globally [2,4,5]. They directly influence climate 
by altering the radiative balance of the Earth-atmosphere system through scattering and absorbing solar and thermal infrared radi
ations [5–9]. The absorbed radiant energy results in atmospheric warming and surface cooling, impacting atmospheric stability and 
cloud microphysics, including their lifespan and other characteristics [10]. Furthermore, aerosols indirectly affect land surface pro
cesses, global surface air temperature, the climate and hydrological cycle, and ecosystems [11,12].

A comprehensive understanding of the intricate interactions between aerosols and climatic variables within the environment is 
crucial for predicting and mitigating their impact on climate, air quality, and human health. To achieve this, a multidisciplinary 
approach encompassing observations, modeling, and experimental studies on the physical, chemical, and biological processes gov
erning aerosol behavior and their environmental impact is necessary across various domains.

EA stands out as a region blessed with abundant natural resources, with agriculture serving as the primary source of sustenance for 
the majority of its inhabitants. According to the Agriculture Sector Survey of 2023, over 80 % of the workforce is engaged in this sector 
[13]. However, the region’s heavy reliance on rain-fed agriculture, especially in rural and suburban areas, exposes it to significant 
vulnerability in the face of climate change. Studies indicate a consensus among scientists that rising temperatures and altered pre
cipitation patterns, attributed to climate change, will likely lead to diminished crop yields across many nations [14,15]. Moreover, 
projections suggest a continual increase in Earth’s temperature by 1–3.7 ◦C by the close of the 21st century [6]. Given these 
geographical and climatological realities, it is imperative to conduct enhanced correlational analyses between key meteorological 
factors and atmospheric aerosols in the study region to better align with global development initiatives.

Due to the aforementioned effects, considerable efforts have been directed towards monitoring the spatiotemporal correlation 
between key climatic variables and aerosols, as well as between climatic variables and vegetation dynamics, particularly the 
Normalized Difference Vegetation Index (NDVI). These efforts encompass a range of techniques including in situ and ground-based 
remote sensing measurements, numerical modeling, and satellite-based remote sensing. Analyzing meteorological variables is 
pivotal in assessing the impacts of climate change and devising necessary adaptation strategies [16]. For example [17], established a 
relationship between wind speed and aerosol optical depth over Remote Ocean, reporting a high linear correlation within the remote 
ocean regions with wind speeds ranging from 0 to 20 m/s [18]. identified a positive correlation between AOD and wind speed but 
suggested caution due to the constant wind speed used in their aerosol retrieval algorithm. Similarly [19], observed an exponential 
increase in daily averaged AOD with wind speed in Minicoy in the Arabian Sea. Recently [20], examined the relationship between 
wind speed, temperature, and COVID-19 cases, finding positive correlations between temperature, wind speed, and COVID-19, while 
relative humidity and air pressure showed inverse correlations. [21], using one-month AOD data from the Sea-viewing Wide 
Field-of-view Sensor (SeaWiFS) and 10m wind data from ECMWF, identified a power-law relationship between wind speed and AOD 
for the north Pacific.

The NDVI, derived from near-infrared and red bands of the electromagnetic spectrum, serves as a crucial indicator of vegetation 
health monitoring, phenology studies, productivity, and crop yield studies across vast areas [22–24]. Numerous studies have explored 
vegetation responses to specific climatic variables such as precipitation [24–27] and temperature [28–30]. Precipitation and tem
perature are among the major factors influencing plant photosynthesis, respiration, and growth [31]. Investigated the correlation 
between NDVI and selected meteorological variables (precipitation, sunshine, air temperature) over Lake Baiyangdian, highlighting a 
hydro-climatological influence between climatic factors and NDVI.

Despite progress, the current study domain trails the global community in studies related to spatial correlation and trend analysis of 
climatic variables and vegetation dynamics [8,32]. For instance, studies on the effect of wind on aerosols over EA have predominantly 
focused on aerosol concentration, size distribution, and the effect of long-range transport [33], indicating a definite correlation be
tween surface wind speed and AOD [8] over EA. However, little is known on the current domain about the influence of surface wind 
speed on absorption AOD (AAOD) and scattering AOD (SAOD). While similar studies have been conducted in different domains, the 
current region lags behind in addressing this specific concern. Substantial knowledge on the spatial correlation between aerosol optical 
properties and key meteorological parameters, as well as between key meteorological parameters and NDVI, which play a crucial role 
in evaluating climate change [34,35], is largely lacking in EA.

Keeping in mind the aforementioned demand, the present study extends and compliments previous works by investigating 
spatiotemporal and dependency analysis of selected meteorological parameters with aerosol optical depth over EA. The findings will 
be of importance to the policymakers in the process of strategizing to combat the forementioned effect on climate change. Detailed 
material and methods regarding data source and statistical models are described in Section 2 while results and discussion are explained 
in Section 3. Finally, the executive summary is presented in section. 4.
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2. Study area and meteorology

The study was conducted in Eastern Africa (EA), which spans latitudes 12◦S to 5◦N and longitudes 28◦E to 42◦E, encompassing 
Kenya, Uganda, and Tanzania [5]. The region is bordered by Ethiopia and Sudan to the north, Somalia and the Indian Ocean to the east, 
Rwanda, Burundi, and the Democratic Republic of the Congo (DRC) to the west, and Mozambique and Zambia to the south. EA features 
a diverse landscape, ranging from glaciated mountains and plateaus to coastal plains, with altitudes varying from sea level to the 
highest peak at 5895 m (Mount Kilimanjaro) [2,5,33]. The climatological of the study domain has been detailed by previous re
searchers such as [2,5,8] among others.

2.1. Instrumentation and data

The MODIS sensor, MERRA-2 model and TRMM platforms were used by the current study. MODIS was first launched into the 
Earth’s orbit on 18th, December 1999 onboard the Terra satellite while the second on 4th, May 2002 [36]. The framework captures 
data in multiple spectral bands, ranging from visible to thermal infrared wavelengths [37–39] and provides global coverage of the 
Earth’s surface every 1–2 days, over 36 spectral bands ranging in wavelengths. Detailed information concerning the sensor, data 
products, retrieval algorithms, calibration, and uncertainties has been discussed by Refs. [38–42]. The present study utilized Collection 
6.1 (C006.1), Level 3 monthly TAOD550 retrieved from MODIS Terra at a spatial resolution of 1◦ × 1◦ for a period of 18 years (January 
2001 to December 2019) to study correlation over EA. While to analyze the NDVI over EA, MOD13Q1 data product (LAADS DAAC) at 
spatial resolution of 250 m was used.

The MERRA-2 model was launched by the NASA in 2009 [43]. The model is based on GEOS-5 atmospheric data spanning 1980 to 
present at 0.5◦ × 0.625◦ resolution [43–45]. A detailed explanation of MERRA-2 model has been outlined in a previous study by 
Ref. [5]. The present study, MERRA-2 M2TMNXAER v5.12.4 level-3 monthly time-averaged data for SWS and SAT are retrieved for the 
analysis of trends in at a spatial resolution of 0.5◦ × 0.625◦ from January 2001 to December 2019.

Further, TRMM that is conjointly maintained by NASA and Japan Aerospace Exploration Agency (JAXA) was launched in 
November 1997 at an altitude of 402.5 km [46]. It was designed to measure rainfall and other precipitation over the tropics and has in 
itself five instruments that work conjointly i.e., Visible Infrared Scanner (VIRS), Precipitation Radar (PR), Clouds and Earths Radiant 
Energy System (CERES), TRMM Microwave Imager (TMI) and Lightning Imaging Sensor (LSI) for rainfall suite measurements. The TMI 
and PR therefore are the main instruments used for precipitation [47] measurements. In current study, TRMM provided 
TRMM_3A12v7 monthly time averaged map for correlational analysis at a spatial resolution of 0.5◦ × 0.5◦ from January 2001 to 
December 2019. The MODIS, MERRA-2 and TRMM data used in this study can be accessed from http://giovanni.gsfc.nasa.gov/ 
giovanni/

Fig. 1. The study domain showing the main boundaries for Kenya, Uganda and Tanzania. The bounding longitudes and latitudes are shown on 
the figure.
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2.2. Methodology

The overall methodology of this paper is presented in Fig. 2.

2.2.1. Trend analysis
Several approaches have been used to quantify trends in the time series of climatic variable such as nonparametric linear regression 

and weighted least squares regression (WLS) among other approaches. In the present work, the WLS regression analysis was used to 
estimate monthly trends in PR, SWS, T and NVDI over EA. The WLS method has been discussed extensively by Ref. [47] and used in 
many related studies [5,8,46,48–52]. Following this method, a linear trend model (Eq. (1)) was adopted as 

Yt = μ + ωXt + Nt, t = 1, 2,….,T (1) 

where Yt is the climatic variable for which the trend is being estimated, μ is the offset (y-intercept) which represents the value of Yt at 
the beginning of the time series, Xt is the independent variable representing time, ω is the trend estimate of the climatic variable (n =
T
12), whereas Nt is the residual on the straight line of fit.

2.2.2. Dependency modelling
Dependency modeling is a statistical method used to analyze the relationships between variables and identify the dependencies 

among them [53]. The study delineated both spatial and linear dependency between NDVI and each climatic variable using Pearson’s 
correlation coefficient (Rxy). Rxy is calculated between AOD, NDVI and climatic variable using the following equation (2): 

Rxy =

∑n

i=1
(yi − y)(xi − x)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑n

i=1
(yi − y)2

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(xi − x)2

√√
√
√
√

(2) 

where Rxy is the Pearson correlation coefficient between variable x and variable y, with a value between − 1 and 1, n is the sample size, 
xi is the value of NDVI or AOD in the ith month, and yi is the mean monthly climate variable in the ith month while x and y are the means 
of the two variables whose correlation is being calculated.

The NDVI which quantifies the presence and health of vegetation based on remote sensing data was calculated using equation 3

NDVI=
NIR − RED
NIR + RED

(3) 

Where NDVI was obtained by subtracting the reflectance in the red spectral band from the Near-Infrared (NIR) band [53]. Then, it was 
divided by the sum of the NIR and red reflectance with the value falling between − 1 and +1. The values between − 1 and 0 indicate 
dead plants, or inorganic objects such as stones, roads, and houses whereas the values for live plants range between 0 and 1, with 1 
being the healthiest and 0 being the least healthy. The output of this analysis has given an insight in the relationship between the 
selected climatic parameters, NDVI and the aerosol optical depths over East Africa. This information can be useful for understanding 
the impact of climatic parameters on aerosol optical depths and vice versa, which can help in developing strategies for mitigating the 
effects of aerosol pollution in the region.

3. Results and discussion

3.1. Spatial trends in SWS

The SWS (Surface Wind Speed) is a crucial climatic variable that influence the distribution of aerosols in a region by transporting 
aerosol particles from one place to another [54]. This variable is primarily influenced by two factors: the pressure gradient force and 
friction. The pressure gradient force is largely generated by temperature differences, with greater temperature disparities leading to 
stronger winds [55]. On the other hand, friction is caused by obstructions such as tall buildings and vegetation [20].

Fig. 2. Overview of the present work.
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Fig. 3 illustrates the long-term monthly spatial trend in SWS. Notably, Eastern Africa (EA) shows a significantly decreasing trend in 
SWS at a 90 % significance level for most months, while some regions exhibit positive trends. These spatial trends indicate continuous 
changes in SWS due to increased anthropogenic activities. The significantly positive trends observed in March and May (local wet 
months) suggest an increase in activities such as bush clearing in January and February, which has reduced friction. Additionally, the 
temperature differences between the niche and surrounding areas could also contribute to increased SWS.

Conversely, negative trends at a 90 % significance level are recorded for most months. These trends can be attributed to rising 
atmospheric temperatures, which reduce the pressure gradient, and improved environmental conservation laws. The analysis indicates 
that the negative trends suggest a potential decrease in surface wind-induced aerosol over EA.

3.2. Spatial trends in PR

Fig. 4 illustrates the spatial trends in precipitation (PR) over Eastern Africa (EA) during the study period, with increases and de
creases depicted by positive and negative values, respectively. The trends in PR exhibit considerable heterogeneity, being significantly 
negative in some months (January and March) and significantly positive in others (February, April, November, and December). 
However, negative trends dominate in May, June, July, and August, likely due to increased anthropogenic activities such as bush 
clearing and industrialization, which contribute to higher aerosol optical depth (AOD) over the region.

The trends in PR during these months correspond to the patterns observed in total AOD, with negative trends primarily occurring 
during the local dry months, and low positive trends appearing sporadically [46]. Conversely, the positive trends in PR could be 
attributed to the implementation of improved environmental conservation laws [46].

3.3. Spatial analysis in SAT

Fig. 5 presents the spatial analysis of Surface Air Temperature (SAT) in Kelvin (K) averaged over the entire study period. The SAT 
records from 2001 to 2019 for Eastern Africa (EA) show significant monthly, annual, and seasonal variations across the region. The 
spatial patterns of monthly mean SAT reveal distinct variations, characterized by low, moderate, and high temperatures.

Low SAT values (<289K) are predominantly observed in highly vegetated areas with relatively high altitudes and more rainfall, 
specifically in the western and central parts of Kenya and the central and southeastern parts of Tanzania. In contrast, moderate to high 
SAT values (>289K) are found in the arid and semi-arid areas of eastern and northern Kenya and the coastal region. The high SAT in 

Fig. 3. Spatial trends in surface wind speed over EA, averaged over the entire period of study. The shadings show the sign and magnitude of trend, 
while the confidence levels are also shown.
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these regions could be attributed to increased atmospheric aerosols that absorb heat energy, causing warming in the lower atmosphere 
[2].

The monthly averages depicted in Fig. 5 have been used to determine the monthly trends in SAT over the study domain, with the 
results tabulated in Table 1.

3.4. Dependency analysis

Fig. 6 presents the correlations between total aerosol optical depth (TAOD), scattering aerosol optical depth (SAOD), and various 
meteorological elements, including precipitation (PR) and surface wind speed (SWS). The correlation between TAOD and PR, as well as 
SAOD and PR, ranges from strong negative to weak positive (Fig. 6a and c, respectively). Notably, there is a significant negative 
correlation between PR and TAOD, with coefficients greater than 0.6 in some pixels in the northwestern region. This negative cor
relation is attributed to the unpredictable nature of rainfall, leading to heterogeneous trends in the study area [46]. Increased PR 
enhances aerosol scavenging, which reduces aerosol loading due to fewer emissions from the wet surface, resulting in lower TAOD and 
SAOD values. Conversely, during dry periods, aerosol emissions from deserts and biomass burning events increase, and reduced 
aerosol scavenging through dry deposition fails to remove aerosol particles effectively, leading to higher TAOD and SAOD values.

The spatial correlation between TAOD and SWS, as well as SAOD and SWS, has also been analyzed for the period from 2001 to 2019 
(Fig. 6b and d). The correlation coefficient varies from strong positive to strong negative across the entire domain. Results indicate a 
significant positive correlation between SWS and TAOD, and between SWS and SAOD, with coefficients (r) greater than 0.6 or less than 
− 0.6. As a dynamic force, SWS plays a crucial role in determining TAOD loading over the study area [54]. Local winds, driven by 
temperature differences between regions, transport aerosols from high-pressure to low-pressure areas, with the magnitude of SWS 
dependent on the pressure gradient between these regions. Overall, Fig. 6 highlights that TAOD loading in the study domain is most 
affected by meteorological factors, particularly SWS, PR, and SAT.

The impact of environmental covariates on AOD and its components (AAOD and SAOD) over EA is primarily influenced by the 

Fig. 4. Spatial trends in precipitation rate over EA, averaged over the entire period of study. The shadings show the sign and magnitude of trend, 
while the confidence levels are also shown.
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Normalized Difference Vegetation Index (NDVI), precipitation rate, surface air temperature, and surface wind speed. The dependency 
modeling of AOD versus these parameters is analyzed and presented in Fig. 7.

Fig. 7a shows that NDVI correlates heterogeneously with TAOD across the study domain, with both positive and negative corre
lations observed. NDVI is not a major influencing factor for AOD in the northern part of EA, likely due to the region’s distance from the 
ocean. The cold, humid air currents from the Indian Ocean struggle to reach this desert area, where precipitation is extremely low, sand 
is frequently blown by the wind, and vegetation struggles to survive [56].

Fig. 5. Spatial analysis in surface air temperature over EA, averaged over the entire period of study. The shadings show the magnitude of surface air 
temperature over every pixel.

Table 1 
The monthly Mean trends in SWS, PR and NDVI over EA.

Month/Variable SWS PR SAT NDVI

January − 0.012 ± 0.008 0.073 ± 0.039 0.010 ± 0.014 − 0.001 ± 0.002
February − 0.0120 ± 0.007 0.001 ± 0.001 0.019 ± 0.014 − 0.001 ± 0.001
March − 0.010 ± 0.010 − 0.001 ± 0.001 0.004 ± 0.017 0.000 ± 0.001
April − 0.024 ± 0.012 − 0.001 ± 0.002 0.011 ± 0.016 − 0.000 ± 0.001
May 0.001 ± 0.006 − 0.002 ± 0.001 0.037 ± 0.010 0.000 ± 0.001
June − 0.016 ± 0.008 − 0.001 ± 0.000 0.029 ± 0.015 0.000 ± 0.001
July − 0.005 ± 0.010 − 0.000 ± 0.000 0.033 ± 0.014 0.000 ± 0.001
August − 0.014 ± 0.008 − 0.000 ± 0.000 0.017 ± 0.010 0.001 ± 0.001
September − 0.013 ± 0.008 0.000 ± 0.001 0.025 ± 0.010 0.000 ± 0.001
October − 0.022 ± 0.007 0.001 ± 0.001 0.018 ± 0.010 0.001 ± 0.001
November − 0.009 ± 0.011 − 0.001 ± 0.002 0.004 ± 0.012 0.000 ± 0.001
December − 0.010 ± 0.013 0.001 ± 0.002 0.010 ± 0.015 − 0.000 ± 0.002
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Fig. 6. spatial correlational analysis over EA for (a) TAOD verses PR, (b) TAOD verses SWS, (c) SAOD verses PR and (d) SAOD verses SWS during 
2001–2019 period. The shadings show the sign and magnitude of correlation.

Fig. 7. Spatial correlational analysis over EA. (a) AOD verses NDVI; (b) SAT verses NDVI, (c) PR verses NDVI and (d) SWS verses NDVI. The color 
bar shows the correlation coefficient (r) over the study domain.
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Fig. 7b indicates a negative correlation between NDVI and temperature over most of the study domain, with a positive correlation 
noted along the coastal region and around Lake Victoria. NDVI responds strongly to changes in rainfall (R~0.75) compared to tem
perature and elevation. Generally, NDVI values decrease at both very high and very low temperatures.

Fig. 7c shows that NDVI is positively correlated with precipitation over most of the study domain, reinforcing that NDVI responds 
strongly to changes in rainfall. NDVI values decrease at very high temperatures, as depicted in the northeastern parts of EA [57,58].

Fig. 7d depicts the correlation between NDVI and SWS. Positive correlations are found around large bodies of water, whereas most 
regions show negative correlations (r > 0.4). The positive correlation is attributed to temperature gradients; wind channeling created 
by large bodies of water, and improved PR around these areas. Near large water bodies, temperature gradients form due to the different 
thermal properties of land and water. Vegetation thriving on land alters the local microclimate [53,57]. Healthier vegetation (higher 
NDVI) near water bodies cools the surrounding air through transpiration and shading, potentially influencing wind patterns.

Conversely, the negative correlation depicted in Fig. 7d (r > 0.8) is attributed to vegetation density, which offers wind resistance, 
reducing wind speed. Thick vegetation in high-altitude areas increases surface roughness, providing more resistance to wind flow, 
thereby reducing surface wind speed. Additionally, dense canopy intercepts and slows down wind near the surface.

3.5. Mean trends in SWS, PR, SAT and NDVI

The monthly mean trends of Surface Wind Speed (SWS), Precipitation (PR), Surface Air Temperature (SAT) and Normalized 
Difference Vegetation Index (NDVI) as selected climatic variables over EA are assessed and tabulated in Table 1. Trends are estimated 
by computing the mean of trends for all pixels in Fig. 1.

The mean trend of SWS was found to be negative during most months, primarily influenced by an increase in Direct Aerosol 
Radiative Forcing (DARF) within the atmosphere. This increase in surface temperature leads to a reduced pressure gradient [2]. In 
contrast, the mean trend of SWS was positive during January, with a magnitude of 0.0014 year^-1, attributed to increased biomass 
burning.

The mean trend in PR over the study region was found to be heterogeneously distributed, as indicated in Table 1. PR was generally 
negative during local dry months, attributed to seasonal cycles of rainfall and anthropogenic activities. Conversely, EA experienced an 
enhanced positive trend in PR during May (0.0023 year^-1), attributed to low AOD during this month. The positive trends observed 
during most months were ascribed to increased surface temperature due to DARF within the atmosphere [2].

The trends in SAT during the study period, averaged over EA, showed mostly positive values in most months (Table 1). Generally, 
the local wet months posted lower trends, while the dry months posted higher trends. This pattern was attributed to increased wet 
scavenging during wet months, which reduces atmospheric aerosols responsible for absorbing radiation and causing atmospheric 
heating [2]. However, a specific observation is recorded during May, where the highest trend of 0.037 ± 0.010 is registered despite 
being a local wet month. This trend could be due to the decreasing PR rate over the region as a result of climate change [14,46].

Table 1 also shows the mean monthly trends in NDVI. The trends are predominantly positive in most months, except during 
January, February, April, and December. The negative trends in January, February, and December, which are local dry months, could 
be attributed to sparse or no vegetation cover during these periods, resulting in low reflectance in both the Red and NIR bands [59]. 
The negative trend in April is attributed to increased clouds and cloud shadows, which can cause negative NDVI values by blocking 
sunlight and reducing the amount of radiation reaching the Earth’s surface, resulting in lower reflectance values, especially in the Red 
band [60]. On the other hand, positive NDVI trends indicate increased vegetation cover and healthy foliage, contributing to higher 
reflectance in the NIR spectrum [61].

4. Summary and conclusion

The spatiotemporal correlational analysis of selected meteorological parameters with aerosol optical depth (AOD) and NDVI over 
East Africa has yielded several key conclusions. 

1. The spatial and temporal trends in SWS predominantly show a significantly decreasing trend at a 90 % significance level in most 
months, with a few regions exhibiting significant positive trends. The trends observed in May suggest increased bush clearing in 
December, January, and February, leading to reduced vegetation cover. The negative trends in most months are attributed to 
increasing atmospheric temperatures, which reduce the pressure gradient, along with improved environmental conservation laws. 
This indicates a potential decrease in surface wind-induced aerosols over EA.

2. The correlations between total aerosol optical depth (TAOD), scattering aerosol optical depth (SAOD), and various meteorological 
elements (PR and SWS) ranged from strong negative to weak positive. There is a clear negative correlation between PR and TAOD, 
with a coefficient greater than 0.6 in some pixels in the northwestern region, attributed to the unpredictability of rainfall. The 
correlations between TAOD and SWS, and SAOD and SWS, varied from strong positive to strong negative due to temperature 
differences between regions. As a dynamic force in AOD loading, SWS plays a crucial role in determining TAOD loading by 
transporting aerosols from regions of high pressure to low pressure.

3. The mean SAT showed diverse variations across the region, with dry months recording higher averages and trends than wet 
months. The high SAT during local dry months is attributed to high atmospheric aerosols that absorb heat energy, causing warming 
in the lower atmosphere. Generally, the trends were positive, with lower trends during local wet months and higher trends during 
dry months, due to increased (reduced) wet scavenging.
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4. The dependency modeling of NDVI showed heterogeneous correlations with PR and SWS across the study domains, being positive 
in some regions and negative in others. A positive correlation is specifically noted along the coastal region and within the Lake 
Victoria region, attributed to temperature gradients, wind channeling created by large bodies of water, and improved PR around 
these regions, which enhance vegetation cover.
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