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Abstract

The deforestation has profound implications on aerosol properties and cli-
matic variables. Deforestation disrupts local climate by altering temperature,
aerosol optical properties and impacting air quality and modifies precipitation
patterns; and degrades vegetation health. However, the long-term impacts of
deforestation on aerosol optical properties and climate variables over Mau re-
main not very well investigated, especially considering the context of altered
anthropogenic and natural emission sources. This study bridges this gap
through a comprehensive assessment of deforestation impacts on aerosol op-
tical properties and climate variables over Mau Forest complex bounded by
(0.2S, 35.2E) and (0.8S, 35.8E) using multisensory data from 2001-2024. The
findings by the present study reveal predominantly negative trends of NDVI,
recorded by season JF, JJAS and OND of value —6.63032E—4 * 0.00137,
—1.356E—4 £ 0.00101 and —1.31586E—4 + 7.59717E—4, respectively, indicating
a decrease in vegetation health and density over the year often linked to rain-
fall patterns. Decline in NDVI is influenced by deforestation, which further
exacerbates the impacts of natural reduction in vegetation cover. Conversely,
during the season of MAM, the trend of NDVT is generally weak positive trend
of value 4.70595E—4 + 0.00193 year™' indicating an increase in vegetation
health and density. Furthermore, the spatial trends over domain region is
characterized by Aerosol optical depth (<0.2) and high value of Angstrom ex-
ponent (>1) and moderate value >0.7, is attributed by 1) deforestation for ex-
ample anthropogenic activities and human activities hence released significant
amounts of aerosols particles into the atmosphere 2) climate change occa-
sioned by meteorological parameters such as temperature inversions accom-
panied by reduced precipitation which are favorable conditions for increased
aerosol emissions leading to the enhanced AOD. Correlation between NDVI
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and AOD is negative, attributed to increase in deforestation rate that results
in reduced NDVI values. The statistically significant impacts of deforestation
on aerosols optical properties and NDVI prove the modulating role of aerosol
optical properties in regional climate processes. Policymakers must prioritize
emission control actions targeted at biomass burning and scientists must keep
investigating high-resolution aerosol optical properties, climate interactions
using integrated ground and satellite observations to advance climate impact
assessment over Mau Forest complex in Kenya.
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1. Introduction

MAU forest complex is the largest mountainous forest in East Africa and is nestled
in the heart of Kenya, which stands as one of the most vital ecological treasures in
East Africa. The expansive forest system, which is often referred to as the water
tower of the region, plays an indispensable role in supporting the livelihoods of mil-
lions [1]. The rivers originate from Mau flow through some of Kenya’s most im-
portant agricultural and wildlife regions, providing water for farming, power gen-
eration, and even the famous Maasai Mara ecosystem. However, this essential re-
source faces an unprecedented threat: deforestation. According to Devouin et al. [2],
the study defines deforestation as the permanent removal of trees to make room for
activities other than forest growth, such as agriculture, infrastructure, or industrial
development [3] [4]. This has therefore greatly affected the Mau Forest complex.
Forests play a critical role in filtering the air we breathe and protecting the
Earth’s surface from harmful ultraviolet rays but as a reality deforestation disrupts
these natural processes. Deforestation has led to increased wind speed [5], which
lifts heat and moisture away from the surface, contributing to a reduction in forest
cover. This loss of cover reflects more sunlight, enhancing heating effect in less
forested areas [6] [7]. However, as deforestation reduces the number of trees, tem-
peratures rise because there is less transpiration, a process where plants release
moisture into the atmosphere [8] [9]. This disruption weakens the natural rain
cycle, causing irregular precipitation patterns, which in turn leads to more severe
droughts and accelerates global warming. Further on consequence, deforestation
increases in greenhouse gas (GHG) emissions, particularly carbon dioxide (CO,).
The rising concentration of CO; in the atmosphere significantly contributed to
climate changed by absorbing energy, which leads to a warming effect [10]. Addi-
tionally, high and significant positive trends in AAOD were dominated over east
Africa, this was attributed to an increased amount of biomass burning, variations
in soil moisture, and changes in the rainfall pattern [11]. Further, CO, which is
the most abundant greenhouse gas, has continued to increase in concentration

due to human activities like fossil fuel combustion [12] [13]. Increase in CO, am-
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plifies the greenhouse effect, wherein heat is trapped in the Earth’s atmosphere,
causing a rise in global temperatures [6] [14]. This temperature rise has far-reach-
ing impacts on agriculture, ecosystems, and various organisms. Additionally, the
loss of forests disrupted the climate, altering water flows, precipitation patterns,
and potentially increasing droughts. On the other hand, forestation plays a vital
role in regulating water by intercepting rainfall, reducing runoff, and attracting
precipitation through high evapotranspiration rates [15] [16]. Also increase in de-
forestation resulted to a decline in NDVI values [17]-[19].

Further on effects of deforestation, burning of vegetation emitted aerosols; solid
and liquid particles that are suspended in the atmosphere and constitute a vital com-
ponent of Earth-atmosphere structure [20]. Aerosols impacted the Earth’s climate
directly by scattering and absorbing the incoming radiation from the Sun. Also, they
affect the climate indirectly by changing the microphysical properties of clouds.
They change the size and density of cloud droplets thereby modifying the cloud al-
bedo, cloud formation, and the probability of having precipitation [21]-[23].

The research study assessed the influence of deforestation on selected aerosol
optical properties and climate variables over the Mau Forest complex through (AE
and AOD) and examines the trends in NDVI to access deforestation’s effects on
vegetation health and quantifying the impact of deforestation on aerosol proper-
ties and examines the trends in NDVI to access deforestation’s effects on vegeta-
tion health. In addition, it analyzed the trends in aerosol characteristics by using
temporal and spatio analysis. Moreover, this research will assist in solving glaring

concerns from the ministry or department my research falls in Kenya.

2. Materials and Methods
2.1. Study Area

The study area is bounded by more than four counties: Narok, Nakuru, Bomet,
and Kericho on (0.2S, 35.2E) and (0.8S, 35.8E) in Kenya and has an approximate
area of 400,000 hectares (about 1544 square miles) and is the largest closed-canopy
montane ecosystem in East Africa. The research was carried out in Mau Forest
complex; Kenya as shown in Figure 1 and was selected because of their significant
role as water catchment areas and only mountainous forest in E.A. Climate of Mau
Forest complex is generally tropical, though the elevation of the sites consists two
topographic zones: lowlands and mountainous upland, with the altitude of the
zones varying between 1800 to 3000 m ASL. Precipitation over the study domain
shows bimodal rainfall patterns, with its annual rainfall being between 0.01 - 0.09

kg-m-s7! and temperature ranging between (288 k - 298 k).

2.2. Instruments

MERRA-2 (Modern-Era Retrospective analysis for Research and Applications,
version 2) and MODIS (Moderate Resolution Imaging spectroradiometer) Terra
are valuable data sets for environmental data collection and analysis, particularly

in atmospheric and land surface studies. MODIS terra offers high-resolution im-

DOI: 10.4236/acs.2025.154038

744 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2025.154038

C. M. Jepchirchir et al.

agery and data on land and atmospheric [24] [25], while MERRA-2 provides a
comprehensive, reanalyzed record of the earth’s climate system.
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Figure 1. The domain map of Mau Forest complex.

MODIS Terra is used to measure aerosol properties by monitoring the ambient
aerosol optical thickness over continents. It derives aerosol type over land. Aero-
sol Optical Depth (AOD) at 550 nm as primary products. The study used collec-
tion Level 3 daily and monthly mean aerosol optical depth @550 nm and Ang-
strom exponent with spectral dependence between 412 and 470 nm over the land
only [26] [27]. This spectral dependence for Angstrém exponent was chosen since
it is close to the top of the solar spectrum and therefore makes it more prone to
the effects of solar radiation. The MODIS-Terra data products were retrieved from

(http://giovanni.gsfc.nasa.gov/datasets) for a period of 24 years from January
2001-December 2024.
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MERRA-2 MODEL. The Modern-Era Retrospective analysis for Research and
Applications, version 2 (MERRA-2) is the first long-term global reanalysis to as-
similate space-based observations of aerosols and represent their interactions with
other physical processes [28] in the climate system including aerosols and pro-
vides comprehensive and consistent record of the Earth’s climate system, using a
combination of satellite observations, ground-based measurements, and numeri-
cal models [29]-[31]. As a matter of facts model is based on the version of the
Goddard Earth Observing System, Version 5 (GEOS-5) atmospheric data from
2001 to 2024 at a spatial resolution of 0.5° x 0.625° with 72 layers and spanning
the satellite era from 1980 to date [10] [28].

The present study, NMM2IMNXGAS_5.12.4. AODANA for monthly time-
averaged data for Aerosol Optical Depth (AOD) and MERRA-2 M2TMNX-
AER_5_12_TOTANGSTR monthly time-averaged data for Angstrom Exponent
(AE) at spatial 0.5° x 0.625° from 2001 January to 2024 December were ob-
tained for monthly and trends analysis. These data products were sourced from
http://Giovanni.gsfc.nasa.gov/Giovanni/ for better performance over Mau Forest
complex [24].

Combining MODIS and MERRA-2 data, particularly in the context of the Mau
Forest complex, is beneficial for several reasons, including leveraging the
strengths of both datasets to improve spatial and temporal coverage, and enhance
the accuracy of analyses related to land cover, atmospheric conditions, and envi-
ronmental changes [32]. Furthermore, it allows researchers to analyze how atmos-
pheric conditions affect land cover changes or, conversely, how deforestation im-
pacts local climate. For example, one could investigate how dust aerosols (from
MERRA-2) influence vegetation health (using MODIS indices like NDVT) or how
changes in forest cover (from MODIS) correlate with changes climate variables
(from MERRA-2).

Resampling MODIS and MERRA-2 data, obtained for the Mau Forest Com-
plex, is crucial for analyzing deforestation’s impacts on aerosol optical properties
and NDVL.MODIS data (NDVI, Angstrom exponent, AE and aerosol optical
depth, AOD) and MERRA-2 data (which includes aerosol reanalysis and climate
variables) are collected at different resolutions. Resampling techniques used are
like interpolation. This was used to match resolutions, allowing for meaningful
comparisons of how deforestation affects these variables (AE, AOD and NDVI).
For example, MODIS AOD data was used to resample and match the spatial res-
olution of MERRA-2 AOD data for a direct comparison. Similarly, MODIS NDVI
data, which captures vegetation health and resampled to match the spatial scale of
the deforestation analysis, enabling assessment of how forest cover changes cor-

relate with vegetation health and aerosol loading.

2.3. Data Analysis
Trend Analysis

The raw data files were downloaded from NASA’s online archives, encompassing
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monthly records from January 2001 to December 2024. These individual files were
merged into a unified dataset using Climate Data Operators (CDO) software. This
consolidation ensured temporal continuity necessary for robust trend analysis us-
ing linear regression model.

Linear regression model is a statistical method that examines the relationship
between a dependent variable and one or more independent variables by fitting a
linear equation to observed data [33]. It aims to hyperplane in higher dimensions
(best-fit line) that represents the relationship between the variables. The present
study used Equation (2.1) to find the trend in aerosol optical depth and angstrom
exponent and investigate the trend of NDVI. This method has an advantage of
evaluating the direction and magnitude of variations in long-term data [34] [35]
and was therefore considered suitable for executing pixel-wise analysis.

In this regard, the linear regression model used is given in Equation (2.1)

Y, =aX,+b+N,,t=1---,T (2.1)
where Y; is the geophysical variable for which the trend is being determined, b is
the offset (y-intercept) which represents the value of Y; at the beginning of the

t
time series. X; is the independent variable representing time series ( X, =3 )s

where tis the individual month in the time series), a is the trend estimate of the
geophysical variable under consideration, while N, is the noise in the time series.

3. Results and Discussion

3.1. Seasonal Analysis of Normalized Vegetation Difference Index
(NDVI)

Monthly Seasonal analysis of Normalized Vegetation Difference Index
(NDVI)

The seasonal trends of NDVI over Mau Forest complex; Kenya from the year
2001 to 2024 as analyzed using the MODIS measurements, reveal interesting
monthly variations in NDVI. Each trend represents the rate of change of NDVI
per month either negative or positive. In general, Mau Forest complex is domi-
nated by negative trends except MAM is a positive trend in NDVI (Table 1).

Table 1. Seasonal trend of NDVI over Mau Forest complex; Kenya.

Season Mean NDVI Trend (year™) correlation
JF 0.698789 —6.63032E—-4 + 0.00137 -0.10772
MAM 0.705004 4.70595E—4 + 0.00193 0.05435
JJAS 0.738763 -1.356E-4 + 0.00101 —0.03008
OND 0.737331 —1.31586E—-4 + 7.59717E—4 -0.0387
Annual mean —3.85944E-5 + 7.20318E—-4 -0.01263

During the season JF, JJAS and OND over domain region is predominantly by
negative trends of p = —6.63032E—4 + 0.00137 on JF, p = —1.356E—4 £ 0.00101 on
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JJAS and p = —1.31586E—4 + 7.59717E—4 on OND, indicating a decrease in vege-
tation health and density over the year often linked to rainfall patterns. Decline in
NDVI is influenced by deforestation [36] and seasonal dry periods, which further
exacerbate the impacts of natural reduction in vegetation cover. Further defor-
estation, primarily driven by human activities like agriculture, charcoal burning,
encroachment for settlement and logging are major contributor to these negative
trends. Additionally, these activities directly reduce cover, leading to lower NDVI
values and a degradation of the forest ecosystem. Uncertainties associated with
these negative NDVI trends include limitations in NDVT accuracy, the influence
of land cover changes, and the impact of climate variability. Specifically, NDVI
can be affected by atmospheric conditions and saturation at high leaf area index,
making it challenging to accurately assess vegetation health. Land use changes,
such as deforestation for agriculture, also contribute to NDVI declines, but the
specific drivers of these changes and their long-term impacts are not always clear.
Furthermore, climate variables (temperature and precipitation) fluctuations, which
are influenced by climate change, can significantly affect vegetation growth and
NDVI values, introducing further uncertainty.

Conversely, during the wet season of MAM the trend of NDVT is generally pos-
itive, with weak positive trend of value p = 4.70595E—4 + 0.00193 year' indicating
an increase in vegetation health and density. This suggests a positive response of
the vegetation to rainfall patterns and other factors like soil condition, human ac-
tivities and temperature.

Annual seasonal trend analysis of NDVI over Mau Forest complex Kenya

Annual seasonal trends of NDVTI from the year 2001-2024 for the data obtained
from MODIS Terra are either negative or positive. Negative significantly indicates
increase in deforestation activities while positive indicates reduction in deforesta-
tion activities [36].

Figure 2(a) represents the seasonal trends of NDVI for a period of 24 years for
monthly datasets of January and February (JF). JF seasonal trends recorded nega-
tive trend, typically indicating a decrease in vegetation greenness or density over
time with Pearson’s r = —0.10772 is attributed by seasonal change in climate, land
cover, drought and human activities.

Figure 2(b) represents the seasonal trends of NDVI for MAM, for the year
2001-2024 showing the weak positive trend over time with Pearson’s r = 0.05435,
indicating slight increase in vegetation density or greenness, influenced by pre-
cipitation patterns and forest degradation.

Figure 2(c) presents seasonal trends of JJAS, for the period of 2001-2024 reveals
that negative trend of Pearson’s r = —0.3008 significantly indicates a decrease in
vegetation health and density over time. This means that as time passes, the NDVI
values are getting lower, suggesting that the forest is experiencing degradation,
possibly due to land-use changes, deforestation, or other environmental factors.

Figure 2(d) represents the seasonal trends of NDVI over OND, for the year

2001-2024, revealing the weak negative trend over time with Pearson’s r —0.0387.
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The weak negative correlation between NDVI and time suggests that there is a
slight decrease in vegetation health or density over the period. However, this re-
lationship is not strong, meaning that other factors likely play a more significant

role in influencing NDVI values within the forest.
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Figure 2. Seasonal trend of NDVI over Mau Forest complex.

3.2. Spatial and Temporal Variation of Aerosol Optical Depth and
Angstrom Exponent

Spatial Variation of Aerosol Optical Depth (AOD)
The average spatial distribution of AOD over Mau Forest complex over Kenya
during 2001-2024 is illustrated in Figure 3 for data obtained from MERRA 2

reanalysis and geophysical trends of annual mean AODssonm sourced from MODIS

Terra (dark and deep blue) over Mau Forest complex in Figure 4. The change in
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Figure 3. Annual spatial variation of Aerosol Optical Depth (AOD) using MERRA-2 Model
data during 20001-2024 period.
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Figure 4. Annual spatial variation Aerosol Optical Depth (AOD) over Mau Forest complex
using MODIS terra data during 2001-2024 period.
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spatial annual mean AODssonm represents a general pattern of high, moderate, and
low AOD, indicating distinct features of aerosol loading over different sites mainly
Mau Forest complex. Moderate values ranging from 0.1 - 0.2 was recorded in Mau
forest and low value of <0.1 was observed again This is attributed by deforestation,
for example anthropogenic activities and human activities emitting significant
amounts of aerosols particles into the atmosphere and climate change occasioned
by meteorological parameters such as temperature inversions accompanied by re-
duced precipitation [37] which are favorable conditions for increased aerosol emis-
sions leading to the enhanced AOD. In detail, deforestation often involves burning
of forests, either intentionally or accidentally, which releases large amounts of
smoke and particulate matter into the atmosphere. These particles scatter and ab-
sorb sunlight, increasing AOD. Additionally, exposed soil after deforestation can
be a source of dust and other aerosols, further contributing to higher AOD.

Spatial Variation of Angstrom exponent (AE)

The annual spatial distribution of AE over Mau Forest complex, from 2001 Ju-
naury-2024 December is illustrated in Figure 5 for data obtained from MERRA 2
reanalysis. The research findings recorded the values of AE470-870 to vary be-
tween 0.5 and 1.3 with high values (AE470-870 > 1) dominating in the study re-
gion. Generally, it is linked to the dominance of fine-mode aerosol particles, in-
fluenced by increased anthropogenic activities, biomass and gas-to-particle con-
versation (certain atmospheric chemical reactions can convert gaseous pollutants

into fine aerosols particles).

—10.9

—0.8

0.7

0.6

0.5

36E 40E 36E 40E 36E  40E 36E 40E

Figure 5. Annual spatial variation of Angstrom Exponent (A.E) over Mau Forest complex
using MERRA-2 Model data during 2001-2024.
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Moderate values were observed in Mau Forest complex of value 0.7 - 0.9 signif-
icantly associated with a mix of fine and coarse particles, or a strong of stronger
presence of coarse particles. This is influenced by following factors, 1) by impact
of wind patterns, wind transport dust from other areas for example monsoon
winds carry dust from Arabian Peninsula to Kenya [38] [39], 2) dust and soil ero-
sion, example is agricultural land, and activities like tillage and deforestation lead
to soil erosion and dust emissions, contributing to coarse aerosols. 3) coagulation

and aerosol aging and lastly seasonal variations.

3.3. Temporal Analysis of AOD and AE

3.3.1. Temporal Analysis of AE over Mau Forest Complex

The monthly temporary analysis of Angstrom exponent over Mau Forest complex
from 2001-2024, based on MERRA-2 reanalysis data reveals a predominantly in-
creasing trend across most months of the year, suggesting a long-term rise aerosol
loading in the region of Mau Forest complex as shown on Table 2. Deforestation
in the Mau Forest complex has a complex relationship with the AE, an indicator
of aerosol particle size. Moreover, research done shows that deforestation leads to
increased aerosol loading and decrease in AE due to dominance of larger particles
from biomass burning and land clearing, the specific temporal trends are influ-

enced by other factors like rainfall and seasonal variations [40]-[42].

Table 2. Temporal analysis of AE using MODIS Terra over Mau over Kenya.

Months Mean value Trend Pearson (r?)
January 0.6612 + 0.0832 0.0014 = 0.0025 0.1125
February 0.6449 + 0.1971 0.0031 = 0.0027 0.2247
March 0.6898 + 0.2283 0.0083 + 0.0021 0.6311
April 0.7310 + 0.0843 0.0076 = 0.0015 0.7286
May 0.6615 + 0.0474 0.0013 = 0.0020 0.1347
June 0.6321 + 0.0243 —0.0001 = 0.0021 -0.0137
July 0.8272 + 0.2637 0.0047 = 0.0038 0.2525
August 1.0218 + 0.3237 0.0082 + 0.0028 0.5156
September 1.0736 + 0.2535 0.0105 = 0.0024 0.6668
October 1.0770 £ 0.1733 0.0103 = 0.0026 0.6365
November 0.9418 + 0.0964 0.0061 + 0.0018 0.5867
December 0.7583 + 0.0256 —0.0000 £ 0.0026 —-0.0009

The temporal analysis of AE with highest positive trends are perceived during
the months of September p = (0.0105 + 0.0024) and October p = (0.0103 + 0.0026)
indicating a shift towards smaller aerosol particles, potentially due to increased
human activities like industrial emissions, agriculture and transportation, tends
to produce finer aerosol particles, leading to a higher AE and changes atmospheric
conditions. In addition, Moderate positive trends are observed during March p =
(0.0083 + 0.0021), April p = (0.0076 £ 0.0015), August p = (0.0082 + 0.0028 and
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November p = (0.0061 + 0.0018) for data sourced from MODIS Terra, influenced
by deforestation activities like increased biomass burning, land clearing for agri-
culture and reduced biogenic aerosols.

The months of January p = (0.0014 + 0.0025), February p = (0.0031 + 0.0027)
May p = (0.0013 £ 0.0020) and July p = (0.0047 + 0.0038) show a positive trend but
comparatively lower. This is mainly attributed by changes in aerosol size distribu-
tion and composition, often linked to deforestation and biomass burning activities.

Contrary, June p = (-0.0001 + 0.0021) and December p = (—0.0000 + 0.0026)
are the months with negative temporal trends, suggesting a slight long-term de-
cline in Angstrom exponent. These negative trends contrast analysis, which ob-
served high Angstrom exponent over the domain region. This discrepancy may
reflect the episodic nature of emissions during these months—characterized by
short-term biomass burning events—that do not translate into strong long-term
trends. Uncertainties associated with temporal trends, include complex interac-
tions within the forest ecosystem, including the impact of land cover changes,
deforestation, and anthropogenic activities like agriculture and grazing. In addi-
tion, influence of natural variability in the climate system, limitations of climate
models, and measurement errors from imprecise observational instruments er-

rors.

3.3.2. Temporal Analysis of AOD Using MERRA 2 over Mau over Kenya
The temporal trends of AOD over Mau Forest from 2001 January-December 2024,
as analyzed using the MEERA-2 models measurements, show interesting variation

in Aerosol concentration (AOD) (Figure 6).

36E 40E 36E 40E 36E 40E 36E 40E

Figure 6. Temporal analysis of AOD using MERRA-2 Reanalysis over Mau over Kenya.
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The positive trends are observed in Mau Forest complex of AOD is <0.001 this
suggesting a reduction in aerosol loading due to targeted restoration efforts. These
efforts, including reforestation and reduced deforestation, are contributing to a
decrease in factors that increase AOD, such as dust and biomass burning this
aligning to spatial results of AOD over domain region.

Contrary, negative trend of <—0.001 year™" is observed over Mau Forest com-
plex, influenced by the increased rainfall and decreased aerosol loading, likely due
to reduced human activity and biomass burning. Most research done over Mau
suggested that deforestation and land-use changes in the Mau Forest may also
contribute to increased dust and other coarse aerosols, potentially impacting AOD
trends [40]-[42]. Uncertainties arising are influenced by factors like seasonal
changes, land cover alterations, limitations in satellite-based AOD retrieval and
human activities, potentially leading to misinterpretations of degradation patterns

and climate change impacts.

3.4. Correlation between AE and AOD with Normalized Difference
Vegetation Index (NDVI)

3.4.1. Correlation between Aerosol Optical Depth and Normalized
Difference Vegetation Index (NDVI)

The relationship between aerosol optical depth (AOD) and Normalized Differ-
ence Vegetation Index (NDVI) over Mau Forest complex, significantly influ-
enced by the deforestation as the main factor and climate variables. Deforesta-
tion, particularly in areas with low rainfall, can lead to a decrease in NDVT, indi-
cating degraded vegetation, while increase in AOD is due to, dust storms, bio-
mass burning (e.g. land clearing) negatively impacted on vegetation health and
reduced NDVI. Furthermore, on the study weak negative correlation was ob-
served of value r = —0.0906 as shown on Table 3. Deforestation, NDVI and AOD
reveal an inverse relationship. As deforestation decreases NDVI due to decreased
vegetation health and density, it simultaneously increases AOD due to more
emissions of aerosols to atmosphere. The correlation between NDVI and AOD
highlights the impact of deforestation on both vegetation health in Mau Forest
complex and atmospheric conditions. In detail, increase in AOD emissions to
atmosphere, scatter and absorb incoming solar radiation affects the amount of
sunlight reaching the earth’s surface, potentially impacting plant growth and

overall vegetation health.

Table 3. Correlation between AE and AOD with Normalized Difference Vegetation Index
(NDVI) over Mau over Kenya.

Slope t-value Correlation (r)
Parameter Value Std Deviation = M
Std Deviation
NDVIvs AE 0.2205 0.5418 0.4070 0.0846
NDVIvs AOD -0.4910 0.3832 1.2657 —0.0906
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3.4.2. Correlation between Angstrom Exponent and Normalized
Difference Vegetation Index (NDVI)

Deforestation and climate variables significantly affect NDVI and Angstrom ex-
ponent (AE) in the Mau Forest complex. On the study weak positive correlation
was recorded of value r = 0.0846 shown in Table 3. This indicates that vegetation
density and health (increase in NDVI), the size distribution of aerosols tends to
shift towards smaller particles indicated by high angstrom exponent. The positive
correlation is attributed by following factors, changes in atmospheric circulation
patterns associated with denser vegetation could also influence the size distribu-
tion of aerosols, favouring the presence of smaller particles and increased biogenic
aerosols emission due to deforestation. Deforestation reduces vegetation cover
and alters climate variables, which in turn affect the size distribution of aerosols
in the atmosphere, as shown by angstrom exponent. Further, more research
needed to investigate the specific types of aerosols and their sources for better
understanding and relationship between NDVI, deforestation, climate variables

and aerosols.

4. Summary and Conclusions

This paper has provided a compressive analysis of long-term assessment of defor-
estation and its impacts on Aerosol optical depth and angstrom exponent and cli-
mate variables over Mau Forest complex over Kenya, and forms a basis for achiev-
ing a better and in-depth understanding of Spatial-Temporal variations in atmos-
pheric aerosols and seasonal variation of Normalized Difference Vegetable Index
(NDVI) over Mau Forest complex. The main conclusions drawn from the results
are summarized as follows.

1) The season of JF, JJAS and OND is predominantly by negative trends of
—6.63032E—4 + 0.00137, —1.356E—4 + 0.00101 and —1.31586E—4 + 7.59717E—4,
respectively, indicating decrease in vegetation health and density over the year
often linked to rainfall patterns. Decline in NDVI is influenced by deforestation
and seasonal dry periods. Conversely, MAM, the trend of NDVI is a weakly posi-
tive trend of value 4.70595E—4 + 0.00193 year™' indicating an increase in vegeta-
tion health and density.

2) The spatial trends over domain region are characterized by Aerosol optical
depth (<0.2) and high of high value of (AE470-870 > 1), and Moderate value of
0.7 - 0.9 significantly associated with a mix of fine and coarse particles, or a strong
of stronger presence of coarse particles. This is influenced by impact of wind pat-
terns and anthropogenic activities.

3) The temporal analysis of AE with highest positive trends is perceived during
the months of September (0.0105 + 0.0024) and October (0.0103 + 0.0026) indi-
cating a shift towards smaller aerosol particles, potentially due to increased human
activities and Moderate positive trends are observed during March (0.0083 +
0.0021), April (0.0076 + 0.0015), August (0.0082 £ 0. 0028) and November (0.0061
* 0.0018), which is influenced by deforestation activities like increased biomass
burning, land clearing for agriculture and reduced biogenic aerosols. While
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months of January (0.0014 + 0.0025), February (0.0031 + 0.0027), May (0.0013 +
0.0020) and July (0.0047 + 0.0038) show a positive trend but comparatively lower.
This is mainly attributed to changes in aerosol size distribution and composition,
often linked to deforestation and biomass burning activities.

4) The positive trends of AOD < 0.001. This suggests a reduction in aerosol
loading due to targeted restoration efforts.

Contrary, negative trend of <—0.001 year™' was recorded and was influenced by
the increased rainfall and decreased aerosol loading, likely due to reduced human
activity and biomass burning.

5) Correlation between NDVI and AOD is weakly negative of value r = —0.0906,
attributed to deforestation. Deforestation, NDVI and AOD reveal an inverse rela-
tionship. As deforestation decreases NDVI due to decreased vegetation health and
density, it simultaneously increases AOD due to more emissions of aerosols to
atmosphere. While correlation between NDVI and AE is weakly positive of value
r = 0.0846, influenced by changes in atmospheric circulation patterns associated
with denser vegetation which could also influence the size distribution of aerosols,
favouring the presence of small particles and increasing biogenic aerosols emis-

sion due to deforestation.
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