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Abstract 
The interannual variability of Normalized Difference Vegetation Index (NDVI) 
over East Africa demonstrates the complex interactions between vegetation dy-
namics and climatic factors. This study, which spans the period from 1983 to 
2022, makes use of data from NOAA, ERA5, and CRU. It employs a range of 
statistical techniques, including the calculation of standardized anomalies, 
significance testing, composites and correlation analyses. The results demon-
strated an increase in NDVI over regions including Kenya, Central and North-
eastern Tanzania during wet years, with significantly higher NDVI compared 
to drought years. Conversely, regions such as Uganda, Rwanda, Burundi, and 
parts of western and southern Tanzania exhibited lower NDVI during wet 
years than in drought years, thereby underscoring the existence of significant 
regional differences in vegetation responses to climatic conditions. The results 
of the correlation analysis indicated that there was a negative correlation be-
tween NDVI and SLHF, air temperature, and soil temperature, while positive 
correlations were observed between NDVI and SSHF, precipitation, and soil 
moisture. Furthermore, teleconnections with large-scale climate indices demon-
strated modest correlations: Niño 3.4 (r = 0.33), DMI (r = 0.11), and AMO (r 
= 0.03). These findings emphasize the pivotal role of climatic and meteorolog-
ical factors in influencing vegetation dynamics, offering insights for sustainable 
land management and climate adaptation strategies in East Africa. 
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1. Introduction 

The interannual variation of the Normalized Difference Vegetation Index (NDVI) 
is strongly influenced by a variety of climatic factors, including precipitation and 
temperature, highlighting the existence of complex interactions across different 
time scales. NDVI derived from satellite imagery is a key metric for assessing the 
state of live green vegetation growth and understanding the response of vegetation 
dynamics to climatic variations (Walther et al., 2002), the application of this tech-
nique is particularly beneficial for the monitoring of vegetative dynamics, produc-
tivity patterns and spatial distribution, which are fundamental elements in the 
field of ecological research. Furthermore, it is a commonly employed metric that 
is based on the proportional relationship between red (R) and near-infrared (NIR) 
reflectance, which is expressed mathematically as follows: NDVI = (NIR − R)/ 
(NIR + R) (Tucker et al., 2005). This quantitative indicator evaluates both vege-
tated and non-vegetated landforms on a spectrum ranging from +1 to −1, with 
elevated NDVI values (approaching +1) indicating the presence of dense, thriving 
green vegetation, and lower values indicating vegetation under moisture stress 
(Gessesse & Melesse, 2019). 

Fluctuations in the NDVI show a direct correlation with climatic changes, par-
ticularly those associated with precipitation and temperature variations (Ghe-
brezgabher et al., 2020; Yang et al., 2014). Precipitation emerges as a fundamental 
determinant of NDVI variability, in different regions, where precipitation history 
strongly influences vegetation productivity (Han et al., 2022; Mao et al., 2022). 
Temperature also has an influence on NDVI, typically showing a negative corre-
lation, especially in arid landscapes where high temperatures can limit vegetation 
growth (Sonia et al., 2023; Zhang et al., 2023).  

In addition, growing season sunshine duration plays an important role in mod-
ulating NDVI in different regions, where it interacts with precipitation to shape 
vegetation dynamics (Mao et al., 2022). The sensitivity of the NDVI to precipita-
tion demonstrates variability depending on the specific type of vegetation, with 
shrubland and prairie ecosystems showing a pronounced response to fluctuations 
in precipitation, whereas forest and woodland vegetation show a comparatively 
muted response to changes in precipitation (Ding et al., 2007).  

Nevertheless, large scale climate systems significantly influence the dynamics 
of vegetation change in response to global climate variability. The El Niño-South-
ern Oscillation (ENSO) is one of the most notable climate systems with significant 
impacts on global climatic conditions, ecological systems and social structures 
(Cane, 1983; Philander, 1983; Rasmusson & Wallace, 1983). It is a phenomenon 
linked to the ocean and atmosphere in the tropical Pacific and has been identified 
as the most important factor influencing global weather patterns. A fundamental 
aspect of Earth system science research is to understand the complex interactions 
between climate conditions and vegetation dynamics.  

Vegetation occupies approximately 70% of the Earth’s land surface and plays 
an essential role in regulating the balance of net radiation at the terrestrial inter-
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face. NDVI affects the way in which this radiation is partitioned into sensible heat, 
latent heat and heat flux, and thus has a major influence on land atmosphere (Gray 
et al., 2018; Su et al., 2021; van Heerwaarden & Teuling, 2014; Zhang et al., 2019). 
In regard to radiative phenomena, the presence of vegetation can result in an in-
crease in the roughness of the land surface, which may subsequently lead to a re-
duction in albedo (Pang et al., 2022), resulting in an increase in net radiation. In 
regard to non-radiative mechanisms, the presence of vegetation can increase evap-
otranspiration, leading to an increase in latent heat and a decrease in sensible heat 
(Duveiller et al., 2018). The interaction between land and atmosphere, as well as 
climatic conditions, is significantly influenced by both radiative and non-radiative 
changes associated with vegetation phenomena (Bonan, 2008).  

Numerous scholars have investigated Interannual variability of NDVI and its 
relationship to climate factors (Paruelo & Lauenroth, 1998). The findings under-
score the substantial influence of climatic variables on vegetation activity, with 
temperature and precipitation being key factors in different geographical regions. 
This study was further conducted in East Africa to examine the consequences of 
climate change on vegetation dynamics, as expressed by Kalisa et al. (2019), who 
propose that precipitation is a more dominant influence on vegetation develop-
ment in East Africa than temperature.  

Understanding NDVI is essential for assessing vegetation health. The benefits 
of this approach are widespread and extend to farmers, environmentalists and 
policy makers alike. They include improvements in agricultural practices, support 
for nature conservation and assistance with disaster management. Policy makers 
use the data to monitor productivity, allocate resources and assess the impact of 
climate change on sustainable management practices.  

This research examines interannual variations in NDVI across East Africa from 
1983 to 2022, a period characterised by significant climatic phenomena such as El 
Niño, La Niña and frequent droughts. Through a comprehensive annual assess-
ment, this investigation aims to identify changes in vegetation cover and produc-
tivity, providing valuable insights into the stability of regional ecosystems. The 
results of this research will contribute to a deeper understanding of NDVI varia-
bility in relation to climatic influences, thereby facilitating sustainable land man-
agement and conservation initiatives in East Africa. This research is organized as 
follows: data and methodology are briefly explained in Section 2, Section 3 pre-
sents results and discussion on the Interannual Variability of NDVI in East Africa 
and Climate Impact. The conclusion is given in Section 4. 

2. Data and Methodology 
2.1. Study Area 

The geographical domain of this research encompasses five countries: Tanzania, 
Kenya, Uganda, Rwanda, and Burundi. These countries are collectively referred 
to as East Africa (EA) and are situated between 5˚20’N and 11˚45’S, as well as 
between 28˚51’E and 41˚54’E (Figure 1). The region of EA encompasses an ex-
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tensive area of 1.82 million square kilometers, eastern boundary with the Indian 
Ocean plays a pivotal role in the region’s atmospheric moisture dynamics, acting 
as a crucial source of moisture for the region (Sheriff, 2017). The western region 
of East Africa is bounded by the Congo Basin, whose influence is considerable due 
to the formation of the Congo air-mass a warm, moist air-mass that is essential to 
the climatic dynamics of the region. As this moist tropical air mass moves east-
wards, it transports significant amounts of atmospheric moisture into the regions 
of the EA. This influx of moisture greatly enhances convective activity, resulting 
in increased precipitation, especially during the wet season (Ward et al., 2023).  

The EA region is distinguished by a diverse topography, encompassing eleva-
tions that vary by approximately 6,000 meters. The region is distinguished by a 
number of distinctive physical features, including the Rift Valley, Lake Victoria, 
Mount Kilimanjaro, and Mount Kenya (Ayugi et al., 2021). EA is predominantly 
semi-arid with an average rainfall amount of less than 800 mm per year; and sub-
humid with an average rainfall amount varying between 800 and 1300 mm per 
year (Nicholson et al., 1990). The Inter-Tropical Convergence Zone (ITCZ) exerts 
a profound influence on the seasonal patterns of EA, which is characterized by 
two principal rainy seasons. The extended rainy period occurs from March to May 
(MAM), while the shorter rainy season spans from October to December (OND) 
(Ayugi et al., 2021; Kimani et al., 2017).  

The region is distinguished by its elevated population density, which is among 
the highest in Africa. The economy is predominantly agricultural, with 80% of 
the population deriving their livelihoods from rainfed agriculture. As is the case 
in numerous other regions around the globe, it is of paramount importance to 
gain an understanding of the impact of climate change on the territories of EA, as 
evidenced by a substantial body of academic literature (Kalisa et al., 2019) and  
 

 

Figure 1. East Africa area showing the vegetation cover in percentage. 
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(Chang’a et al., 2017) in Tanzania. The geographical area comprises a variety of 
vegetative classifications, including grassland, forest, and agricultural land. These 
ecological systems play a significant role in enhancing biodiversity and sustaining 
ecological equilibrium. 

2.2. Dataset 

The monthly data that are used in this study have been collected over a period of 
time from 1983 to 2022. The main dataset used in this research is the NDVI, a 
widely used satellite derived metric that serves as an indicator of vegetation vitality 
and productivity. NDVI is derived from vegetation reflectance values in the red 
and near infrared (NIR) spectral bands, with the characteristic that healthy vege-
tation has a greater absorption of red light while reflecting a higher proportion of 
NIR (Kraetzig, 2022). 

This research uses NDVI data from the Global Inventory Modelling and Map-
ping Studies, 3rd Generation V1.2 (GIMMS-3G+) dataset. The GIMMS-3G+ da-
taset provides an extensive temporal range of global NDVI data based on cali-
brated and adjusted measurements from the Advanced Very High-Resolution Ra-
diometer (AVHRR) onboard various National Oceanic and Atmospheric Admin-
istration (NOAA) satellites. The spatial resolution of the dataset is 0.0833 degrees 
(approximately 8 km). The GIMMS-3G+ dataset implements corrections for nu-
merous sources of data distortion, including calibration degradation, orbital drift, 
and environmental effects such as volcanic activity. These corrections demon-
strate the integrity and reliability of the dataset for long-term vegetation monitor-
ing. For the purposes of this research, the NDVI data has been extracted in 
NetCDF format to enhance the capacity for scientific investigation. By using this 
dataset, the study achieves a superior level of precision and uniformity in assessing 
interannual vegetation variability within EA, particularly in establishing correla-
tions between NDVI variability and climatic factors as well as large-scale phenom-
ena such as ENSO, IOD and AMO. The datasets have been obtained from the 
following link:  

https://daac.ornl.gov/daacdata/global_vegetation/Global_Veg_Green-
ness_GIMMS_3G/data/. 

The monthly mean sea surface temperature (SST) data were acquired from the 
National Oceanic and Atmospheric Administration (NOAA), exhibiting a lati-
tude-longitude resolution of 2.0˚ × 2.0˚, which is accessible through the following 
link:  

https://psl.noaa.gov/data/gridded/data.noaa.ersst.v5.html. 
The Dipole Mode Index (DMI) is employed as a metric for the assessment of 

the Indian Ocean Dipole (IOD). The index is derived by calculating the differen-
tial between the mean sea surface temperature (SST) in the Western Indian Ocean, 
specifically within the coordinates of 50˚ - 70˚E and 10˚S - 10˚N, and the mean 
SST in the Eastern Indian Ocean, situated within the coordinates of 90˚E - 110˚E 
and 10˚S - 10˚N. The data utilized for this calculation is sourced from the Had-
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ISST database. The data were obtained from the following link: 
https://psl.noaa.gov/gcos_wgsp/Timeseries/Data/dmi.had.long.data. 
The Niño 3.4 index plays an instrumental role in the analysis of the El Niño-

Southern Oscillation (ENSO). This index has been constructed with the specific 
purpose of quantifying anomalies in SST within a defined region of the central 
Pacific Ocean. The Niño 3.4 region is bounded by latitudes between 5˚S and 5˚N 
and longitudes between 120˚W and 170˚W, as derived from HadISST data. The 
data can be accessed via the following link: 

https://psl.noaa.gov/gcos_wgsp/Timeseries/Data/nino34.long.anom.data. 
The study analyzes several key meteorological variables that are important for 

understanding climate and environmental conditions. These variables include 
precipitation, and soil moisture, which influences plant growth and ecosystem 
health. Moreover, the research investigates surface sensible heat flux and surface 
latent heat flux, essential for evaluating energy transfer between the land surface 
and the atmosphere. It also considers soil temperature at Level 1, which offers 
insights into soil thermal dynamics, alongside the temperature measured at 2 me-
ters above ground to further assess atmospheric conditions and wind vectors. 

The monthly mean precipitation data presented here have been obtained from 
the Climate Research Unit (CRU) at the University of East Anglia (Harris et al., 
2020). This dataset is identified as version 4.07 (CRU TS 4.07) and has a horizontal 
resolution of 0.5˚ × 0.5˚; a link to download the data is provided:  

https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.07/cruts.2304141047.v4.07/pr
e/. CRU datasets have been used extensively in a wide range of scientific studies 
across the African continent. This dataset covers an extended temporal range and 
has been evaluated to determine its performance in relation to the Tanzanian con-
text. The dataset has been used by (Koutsouris et al., 2016; Ongoma & Chen, 2017) 
to evaluate the variability of rainfall over the East African region. In addition, a 
number of scholars have employed this data set to examine the variability of pre-
cipitation within the same study area and it is therefore considered appropriate 
for the present study (Borhara et al., 2020).  

The soil moisture dataset is obtained from the Climate Prediction Center (CPC) 
database, which has been carefully constructed by NOAA through the implemen-
tation of best interpolation techniques applied to quality assured gauge records 
derived from the Global Telecommunication System (GTS) framework. The spa-
tial resolution of the datasets is 0.5˚ × 0.5˚ and can be accessed via the following 
link: 

https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.html.  
However, monthly mean surface latent heat flux (SLHF), surface sensible heat 

flux (SSHF), soil temperature levels 1, 2m temperature. The data presented here 
have been obtained from the ERA5 database of the European Centre for Medium-
Range Weather Forecasts (ECMWF), with a spatial resolution of 0.25˚ × 0.25˚, 
which can be accessed via the following link: 

https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-
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monthly-means?tab=download. 
Also, monthly mean Zonal and Meridional wind at 850 hPa with a resolution 

of 0.25˚ × 0.25˚ can be downloaded from this link: 
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-pressure-levels-

monthly-means?tab=download. 

2.3. Methodology 
2.3.1. Standardized Anomaly 
In this study, NDVI was subjected to a process of normalization in order to derive 
values corresponding to conditions of both wet and drought years. In particular, 
values corresponding to wet years were identified as exceeding +0.5, while those 
corresponding to drought years were characterised by measurements falling be-
low −0.5. This approach allows for a more comprehensive understanding of veg-
etation health and moisture availability across different climatic regimes. This was 
accomplished by utilizing the following formula: 

 ( )−
=

X X
Standardized Anomaly

σ
 (1) 

In this equation, X  represents the original value, X  denotes the mean of 
the dataset, and σ  (sigma) signifies the standard deviation of the dataset. 

2.3.2. Statistically Significant Test 
A student’s t-test was employed to determine the statistical significance at the 95% 
confidence level. The two-sample t-test is an inferential statistical method that is 
employed to determine whether there is a significant difference between the 
means of two groups (Gore et al., 1977). 
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In this context, 1X  and 2X  represent the means of Sample 1 and Sample 2, 
respectively. Similarly, 1N  and 2N denote the corresponding sample sizes, 
while 2

1S  and 2
2S  represent the standard deviations of Sample 1 and Sample 2, 

respectively. 

2.3.3. Composite Analysis 
A composite analysis utilizing the framework of conditional probability was con-
ducted to investigate the relationship between the NDVI and various meteorolog-
ical variables, as well as anomalies in sea surface temperature (SST). This analyti-
cal technique enabled the categorization of elevated NDVI values as indicative of 
wet years and diminished values as representative of drought years, in accordance 
with the framework established by (Aguilar et al., 2012; Areffian et al., 2021). By 
identifying and averaging selected variables associated with significant conditions 
(such as wet and drought years) derived from the NDVI, composite analysis ena-
bles comprehensive spatial mapping of vegetation health within defined climatic 
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contexts. This methodology is crucial for identifying areas significantly affected 
by atmospheric and oceanic influences, thereby facilitating a more profound com-
prehension of the interactions between climate and vegetation. Ultimately, com-
posite analysis enhances the understanding of the effects of climate on vegetation 
dynamics within the study region. 

2.3.4. Correlation Analysis 
In the context of correlation analysis, a sample correlation coefficient is calculated, 
specifically the Pearson linear correlation coefficient (r). The sample correlation 
coefficient varies between −1 and +1. A value of −1 indicates a perfect negative 
correlation, whereby as one variable increases, the other decreases. Conversely, a 
value of +1 represents a perfect positive correlation, whereby as one variable in-
creases, the other variable increases. A value of 0 signifies no correlation. The co-
efficient is employed to quantify both the direction and strength of the linear re-
lationship that exists between the two variables. In this study, the Pearson corre-
lation method was employed for the purpose of assessing the extent of the associ-
ation between variables that exhibit a linear relationship (Clark et al., 2003; Habib 
et al., 2001). 

 
( )( )
( )

1

1

n
i ii

xy
x y

x x y y
r

n S S
=

− −
=

−
∑  (3) 

In this equation, the symbol xyr  represents the Pearson correlation coeffi-
cient, ix  this is the value of the variable x at the ith data point and iy  is the 
value of variable y at the ith data point, n represents the sample size, xS  this this 
is the standard deviation of the x values, yS  this is the standard deviation of the 
y values, which measures how spread out the values are from the average, x  this 
is the average (mean) value of all x data points and y  is the mean values of all y 
data points. 

3. Results and Discussion 
3.1. Spatiotemporal Variation of NDVI in East Africa 

The examination of annual NDVI variability, as illustrated in Figure 2(a), demon-
strates significant fluctuations over temporal scales. In particular, high values of 
NDVI have been recorded in specific years, including 1998 and 2020, which 
achieved 0.53 and 0.52, respectively. These high NDVI values are presumably as-
sociated with favourable climatic conditions that facilitate vegetation growth, as 
evidenced by increased precipitation during El Niño events, which resulted in sig-
nificant rainfall across East Africa during the 1997/1998 period. In contrast, years 
with reduced NDVI values, represented by 2009 and 2022 with respective values 
of 0.49 and 0.47, correspond to periods of low precipitation evidenced by (AS-
MET, 2019; IOM, 2023) or other unfavourable climatic conditions. Although a 
clear upward or downward trajectory is not evident across the entire period, this 
variability is indicative of the region’s sensitivity to climate change and empha-
sizes the critical need for monitoring vegetative health in response to interannual 
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climatic variations.  
This demonstrates how climatic fluctuations, driven by phenomena such as 

ENSO (El Niño-Southern Oscillation) and the Indian Ocean Dipole (IOD), im-
pact NDVI metrics, thereby revealing both the ability of East Africa’s ecosystems 
to withstand climatic alterations and their vulnerability to such changes. In years 
with higher precipitation levels, higher NDVI values are observed, whereas in 
years with lower precipitation levels, lower NDVI values are recorded. Further-
more, the interaction between NDVI variability and anomalies in sea surface tem-
perature (SST) provides insight into a crucial relationship in understanding vege-
tation dynamics within the East African context. For instance, during episodes 
marked by the IOD, particularly in conjunction with El Niño events, a notable 
increase in precipitation is often observed, which can subsequently result in sig-
nificantly higher NDVI values across the region (Kavishe & Limbu, 2020). Con-
versely, the occurrence of neutral or negative IOD phases is typically associated 
with reduced precipitation and diminished NDVI indices, thereby intensifying 
drought conditions and increasing the risk of food insecurity (Kavishe & Limbu, 
2020).  

On the spatial climatology of NDVI across East Africa showing the long-term 
distribution of vegetation across the region (Figure 2(b)), which is critical for 
identifying areas that may need targeted conservation efforts or sustainable land 
management practices, showing the annual average vegetation density across 
the region over the study period. The color scale ranges from red, indicating low 
NDVI (~0.2), to green, representing high NDVI (~0.6). Regions with high 
NDVI values, such as the southern part of Tanzania, the abundance of vegeta-
tion in this region is largely due to significant water bodies like Lake Nyasa (Lake 
Malawi). This large freshwater lake enhances local humidity and rainfall 
through evaporation, particularly during the austral summer rainy season, pro-
moting vegetation growth along its banks (Diallo et al., 2018), also the Indian 
Ocean significantly influences southern Tanzania’s climate and vegetation. Phe-
nomena like ENSO and warm sea surface temperatures drive rainfall variability, 
enhancing precipitation and supporting vegetation growth in the region (Kim et 
al., 2021).  

Uganda, Rwanda, Burundi, Western Tanzania also show high NDVI values, this 
is due to the proximity of water bodies over these areas such as the Lake Victoria 
Basin over Northern Tanzania and Lake Tanganyika over Western Tanzania and 
the Congo Basin over the western part of EA which bring more moisture over 
these areas to form more precipitation. In contrast, low NDVI areas, marked in 
red over most parts of Kenya and the North Eastern Highland of Tanzania as well 
as the central part, these areas are arid and semi-arid regions with little vegetation, 
these areas are characterized by minimal rainfall and high temperature.  

The Standardized Anomaly was analyzed using NDVI data, employing the 
Equation (1) to achieve this objective. Figure 3 provides crucial insights into the 
interannual fluctuations of vegetation within the region and demonstrates its  
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Figure 2. (a) illustrates the Annual mean time series of NDVI over East Africa from 1983 to 2022, and (b) the Annual mean spatial 
climatology of NDVI over East Africa. 

 

responses to varying climatic conditions. By analyzing these fluctuations, it is pos-
sible to gain insight into the adaptive responses of vegetation in EA to periods of 
precipitation and drought over several decades. The black line represents the an-
nual standardized NDVI anomaly values, which indicate periods of vegetative 
growth as well as decline. The red markers indicate wet years, defined as years with 
NDVI anomalies exceeding the threshold of +0.5, as marked by the red dotted line. 
The most notable wet year within this temporal series is 1998, which exhibits an 
extreme positive standardized anomaly linked primarily to the 1997/1998 ENSO 
events. The peaks indicate years during which conditions were conducive to vege-
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tation growth, frequently correlated with above average precipitation levels. Such 
wet years are representative of periods of enhanced vegetation productivity, which 
is vital for both ecosystem functioning and agricultural output.  

In contrast, green markers indicate dry years, during which NDVI anomalies 
decline below −0.5, as indicated by the blue dotted line. These years are typically 
characterised by unfavourable climatic conditions, such as drought, which have a 
negative impact on vegetation health and productivity. The value recorded in 
2022, for instance, was particularly low, with much of EA experiencing below nor-
mal rainfall during that period. The occurrence of dry years indicates the region’s 
vulnerability to water scarcity and environmental challenges, which can have a 
considerable impact on agriculture, water resources, and food security. The oc-
currence of wet and dry years is presented in (Table 1) for reference. 
 

 

Figure 3. Shows the normalized NDVI over East Africa for the period 1983 to 2022, with years above 0.5 on the red dotted line 
representing wet years and years below 0.5 on the blue dotted line representing drought years. 

 
Table 1. Illustrates the years in which there was an abundance of vegetation, categorized as wet years, and those in which there was 
a scarcity of vegetation, categorized as drought years. 

Wet Years (8) Drought Years (11) 

1990, 1997, 1998, 2002, 2007, 2008, 2018, 2020 1983, 1984, 1988, 1991, 2000, 2005, 2009, 2015, 2017, 2021, 2022 

3.2. Composite Analysis of NDVI and Associated Meteorological  
Variables and Oceanic Drivers 

3.2.1. Composite Analysis of NDVI 
Figure 4 presents a composite analysis of NDVI variability during wet and 
drought years across East Africa, along with the difference between these two ex-
tremes.  

The spatial distribution of NDVI during wet years, which are characterised 
by widespread positive anomalies (Figure 4(a)). It is evident that the increased 
vegetation activity observed in these areas is likely driven by enhanced rainfall, 
which provides the necessary conditions for plant growth and improves vegeta-
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tion cover. The regions exhibiting the highest NDVI values are Uganda, south-
ern Kenya, western and southern Tanzania, and select areas of Rwanda and Bu-
rundi. This phenomenon can be attributed to the low incoming solar radiation 
experienced in these regions, which results in reduced evaporation and evapo-
transpiration (as indicated by low Surface Latent Heat Flux (SLHF) (Figure 
5(d)). In contrast, high Surface sensible Heat Flux (SSHF) leads to greater out-
going solar radiation (Figure 5(a)), contributing to lower temperatures in these 
areas (Figure 6(d)), while moderate to high precipitation (Figure 6(a)) and soil 
moisture moderate to high (Figure 7(a)) are observed, alongside low soil tem-
peratures (Figure 7(d)). Together, these interrelated factors have a collective 
impact on the elevation of NDVI values in these areas. These regions are more 
sensitive to favourable climatic conditions during wet years, as evidenced by 
their elevated NDVI values.  

Despite experiencing wet years, certain regions displayed a decrease in NDVI 
values, particularly in most parts of Kenya and central and northeastern Tanzania. 
Meteorological variables contribute to this phenomenon, such as high SLHF in 
these areas (Figure 5(d)), which results in increased evaporation and evapotran-
spiration. Additionally, low SSHF (Figure 5(a)) indicates diminished outgoing 
solar radiation, leading to warmer surface temperatures (Figure 6(d)) and ele-
vated soil temperatures (Figure 7(d)), which in turn result in reduced soil mois-
ture (Figure 7(a)) and low precipitation levels in these regions (Figure 6(a)). Col-
lectively, these conditions contribute to the observed decline in NDVI values in 
these areas (Figure 4(a)). 

The NDVI composite for drought years characterised by a marked decrease in 
the health of vegetation in East Africa (Figure 4(b)). The reduction in NDVI val-
ues observed during periods of drought suggests a deterioration in vegetation 
health, predominantly caused by water scarcity and high temperatures. Notably, 
a decline in NDVI has been recorded in northern Kenya, as well as in the central 
and northeastern regions of Tanzania, where similar meteorological factors that 
influence wet years also impact drought years over the same region. The reduction 
in NDVI values is indicative of the vulnerability of East African ecosystems to 
drought conditions, given that the growth and productivity of vegetation are crit-
ically dependent on sufficient water availability.  

Despite experiencing drought years, some regions, such as Uganda, Rwanda, 
Burundi, western and southern Tanzania, have shown an increase in NDVI val-
ues. This occurrence may be linked to climatic phenomena like El Niño and La 
Niña, which can produce intermittent rainfall even during drought conditions. 
Such intermittent rainfall may encourage short-term vegetative growth in certain 
resilient plant species; however, it is not enough to sustain the overall health of 
the ecosystem. Additionally, similar meteorological factors observed during wet-
ter years in these areas contribute to the increase in vegetation. 

The difference between NDVI composites for wet and drought years, highlight-
ing the spatial variations (Figure 4(c)). A positive NDVI value indicates an increase 

https://doi.org/10.4236/gep.2025.131014


E. L. Mabula et al. 
 

 

DOI: 10.4236/gep.2025.131014 272 Journal of Geoscience and Environment Protection 
 

during wet years compared to drought years, thereby identifying regions that 
demonstrate enhanced responsiveness to favourable precipitation conditions and 
other meteorological conditions. In contrast, a negative NDVI value denotes a de-
crease in wet years relative to drought years, with declines observed across Uganda, 
Rwanda, Burundi, western and southern regions of Tanzania. Key meteorological 
factors contributing to this decline include high SLHF over these areas (Figure 
5(f)), which leads to increased evaporation and evapotranspiration, and low SSHF 
(Figure 5(c)), indicating reduced outgoing solar radiation. This combination re-
sults in warmer surface temperatures (Figure 6(f)) and elevated soil temperatures 
(Figure 7(f)), which ultimately cause lower soil moisture levels (Figure 7(c)). Ad-
ditionally, precipitation levels in these regions are low (Figure 6(c)), intensifying 
the conditions that lead to a reduction in NDVI values (Figure 4(c)). This serves 
to illustrate that these regions are particularly vulnerable to the effects of drought. 
This is due to the fact that, in comparison to the drought years, there was minimal 
vegetation during the wet years in these areas. 

Conversely, a notable increase in vegetation was recorded in the central and 
northeastern parts of Tanzania and in significant portions of Kenya. This is due 
to the fact that there were greater NDVI values during the wet years than in the 
drought years over these areas. The figure provides vital insight into the regions 
of East Africa that are most severely affected by climatic variability. The meteor-
ological factors influencing this phenomenon include low incoming solar radia-
tion in these areas, which results in reduced evaporation and evapotranspiration 
(indicated by low SLHF) (Figure 5(f)). Additionally, high SSHF leads to increased 
outgoing solar radiation (Figure 5(c)), which contributes to lower temperatures 
in these regions (Figure 6(f)), alongside moderate to high precipitation (Figure 
6(c)) and moderate to high soil moisture (Figure 7(c)). Furthermore, low soil  
 

 

Figure 4. Illustrates the following: (a) a composite analysis of NDVI during a wet year, (b) a composite analysis of NDVI during a 
dry year, and (c) the difference between the composite of the wet year and the dry year. The black dots indicate areas where 
statistically significant change have occurred at the 95% confidence level. 
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temperatures (Figure 7(f)) also play a role in this dynamic. Collectively, these fac-
tors have contributed to the rise in NDVI values across these areas (Figure 4(c)). 

The presence of black dots on the maps indicates statistically significant 
changes at the 95% confidence threshold, thereby indicating areas where vegeta-
tion’s response to climate variability is particularly pronounced. 

3.2.2. Composite Analysis of Meteorological Variables 
This section presents the results of a composite analysis exploring the influence 
of key meteorological variables on the variability of NDVI over East Africa. The 
analysis considers the impact of Surface Sensible Heat Flux (SSHF), Surface 
Latent Heat Flux (SLHF), precipitation, temperature, soil moisture and soil 
temperature. 

1) Composite Analysis of SSHF and SLHF 
As illustrated in Figure 5(a), the SSHF is presented as a composite during 

the wet years. SSHF represents a quantitative measure of the transfer of thermal 
energy from the terrestrial surface to the atmosphere, occurring through the 
mechanisms of conduction and convection. The majority of East African re-
gions exhibit moderate SSHF, while low SSHF is observed over northern Kenya 
and small areas of north-eastern Tanzania. Furthermore, the region experi-
enced elevated SLHF (Figure 5(d)), which resulted in elevated temperatures 
(Figure 6(d)) due to the excess of incoming solar radiation over outgoing solar 
radiation. The occurrence of high SLHF results in elevated evaporation rates, 
which in turn lead to a reduction in soil moisture (Figure 7(a)) and an increase 
in soil temperature (Figure 7(d)). In consequence of these conditions, precip-
itation levels were low (Figure 6(a)), which in turn resulted in low NDVI values 
(Figure 4(a)).  

The elevated SSHF observed over water bodies, such as Lake Turkana in Kenya 
and Lakes Victoria and Tanganyika in Tanzania, can be attributed to the specific 
thermal properties of water, in contrast to land, water is capable of absorbing a 
considerable quantity of heat with only a slight increase in temperature. During 
daylight hours, lakes effectively absorb heat from solar radiation and subsequently 
release it back to the atmosphere as sensible heat. This process is responsible for 
the elevated SSHF, particularly during periods of temperature change. 

As demonstrated in Figure 5(b), a composite of SSHF during the drought years 
exhibits a pattern that is largely similar to that observed during the wet years. 
However, it demonstrates an increase in the area of low SSHF over Kenya and 
northeastern Tanzania. 

The findings suggest that across the majority of Kenya and northeastern Tan-
zania, there is a high prevalence of SSHF (Figure 5(c)). This suggests that during 
periods of wet years, these regions exhibited a significant prevalence of SSHF. Fur-
thermore, the region exhibits a minimal level of SLHF (Figure 5(f)). This is ac-
companied by a low temperature (Figure 6(f)), low soil temperature (Figure 7(f)), 
high soil moisture (Figure 7(c)), and moderate precipitation (Figure 6(c)). In 
summary, these conditions have resulted in an increase in NDVI values (Figure 
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4(c)) in these areas. In contrast, the result indicates Lake Victoria basin, western 
and southern Tanzania show low prevalence of SSHF (Figure 5(c)), accompanied 
by a high prevalence of SLHF (Figure 5(f)). This results in elevated temperatures 
(Figure 6(f)), high soil temperatures (Figure 7(f)), low soil moisture (Figure 
7(c)), and low precipitation (Figure 6(c)), which collectively lead to low NDVI 
values (Figure 4(c)) in these areas. 

The composite of SLHF during the wet years is illustrated in Figure 5(d). 
Elevated SLHF values indicate increased latent heat release due to higher sur-
face humidity and increased evaporation, often driven by incoming solar radi-
ation. In particular, higher SLHF values are observed in northern Kenya, sug-
gesting that regions with elevated SLHF may experience significant rainfall due 
to atmospheric moisture accumulation. However, given the arid to semi-arid 
nature of this area, the effects of high SLHF lead to soil drying (Figure 7(a)), 
especially when rainfall is insufficient (Figure 6(a)) to restore soil moisture. In 
contrast, the remaining regions have moderate SLHF values, indicating a bal-
ance between evaporation and evapotranspiration, driven by moderate incom-
ing solar radiation, which increases the availability of moisture in the atmos-
phere. Under favourable conditions, such as sufficient heat and atmospheric 
instability, this increased moisture supports cloud formation and precipitation 
(Figure 6(a)). Very low SLHF is observed over the water bodies of Lake Tur-
kana in Kenya, Lake Victoria and Tanganyika in Tanzania, because water has 
a high specific heat capacity, meaning it can absorb and store large amounts of 
heat without a significant change in temperature. This property allows water to 
moderate temperature fluctuations more effectively than land, which can lead 
to differences in SLHF (Figure 5(d)).  

The composite of SLHF during drought years is shown in (Figure 5(e)). 
Higher SLHF values indicate a greater amount of incoming solar radiation over 
the area, which can be observed in northern and eastern Kenya and parts of 
northeastern and central Tanzania; during the drought year, the area of high 
SLHF has increased, causing more evaporation and evapotranspiration, result-
ing in stress on the vegetation (Figure 4(b)). In contrast, the remaining areas 
have moderate SLHF.  

The composite difference in SLHF between wet and drought years is illustrated 
in (Figure 5(f)). The results demonstrate that the Lake Victoria basin, along with 
the regions of Western and Southern Tanzania, display high SLHF values, indi-
cating that these areas have experienced high SLHF during periods wet years. In 
contrast, the analysis indicates that low SLHF values are present over Kenya and 
north-eastern Tanzania, which suggests that in these areas, SLHF was higher dur-
ing drought years. This pattern suggests that greater quantities of moisture are 
being evaporated from the surface during drought periods, which may result in 
the drying out of soils (Figure 7(c)) and vegetation (Figure 4(c)). During 
droughts, soil moisture is already limited, thus increased evaporation can lead to 
further water scarcity.  
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Figure 5. Shows the composite of surface sensible heat flux (SSHF) and surface latent heat flux (SLHF) during three different climatic 
periods: (a) wet years for SSHF, (b) dry years for SSHF and (c) the difference between wet and drought years for SSHF (d) ) wet 
years for SLHF (e) dry years for SLHF and (f) the difference between wet and drought years for SLHF. Black dots indicate areas 
where statistically significant changes have occurred at the 95% confidence level 

 

2) Composite Analysis of Precipitation and 2m Temperature  
Figure 6(a) illustrates the composite precipitation patterns observed during the 

wet years. Despite the overall wet years, some areas have experienced low precip-
itation, as evidenced by observations across the majority of Kenya, central and 
northeastern Tanzania. This region displays a combination of elevated SLHF (Fig-
ure 5(d)) and reduced SSHF (Figure 5(a)), which results in elevated temperatures 
(Figure 6(d)). These conditions contribute to a reduction in precipitation, as il-
lustrated in (Figure 6(a)). The region is prone to drought conditions, as high 
evaporation rates may intensify water deficits even when atmospheric humidity is 
considerable, thereby limiting precipitation. Regions that experience lower rain-
fall even during wet years are often more prone to drought conditions, which can 
intensify food insecurity and exert a significant burden on local economies (Kalisa 
et al., 2021). Although precipitation levels were high in some areas of the Lake 
Victoria basin, in Western Kenya and in some parts of southern Tanzania (Figure 
6(a)), the high SSHF observed over this region (Figure 5(a)) and the low SLHF 
(Figure 5(d)) resulted in low temperatures (Figure 6(d)), creating an environ-
ment conducive to rainfall in these areas.  

As illustrated in Figure 6(b), composite precipitation patterns were observed 
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during the drought years. This illustrates a widespread reduction in precipita-
tion, with the areas that were previously characterised by high precipitation 
from the composite of wet years now largely absent. This suggests that precip-
itation levels across East Africa were significantly reduced during periods of 
drought. The majority of Kenya, central and northeastern regions of Tanzania 
exhibited low precipitation levels. These areas are prone to drought, which in-
creases the risk of water scarcity, crop failure and environmental stress (Kijazi 
& Reason, 2009).  

However, the areas surrounding the Lake Victoria Basin exhibited an increase 
in precipitation during the drought years. This phenomenon can be attributed to 
the presence of low SLHF in this region (Figure 5(e)), coupled with high SSHF 
(Figure 5(b)), which resulted in a decline in temperature across the area (Figure 
6(e)). Collectively, these climatic conditions contributed to an enhanced precipi-
tation rate (Figure 6(b)). The lake serves as a climatic regulator, affecting local 
weather systems and, in turn, precipitation levels in adjacent regions. 

The composite difference in precipitation between wet and drought years is 
shown in (Figure 6(c)). The results demonstrate that majority of areas in Kenya, 
Uganda, Rwanda, Burundi, and select regions in the southern part of Tanzania, 
exhibited low precipitation levels. Indicating that during wet years these areas re-
ceived less precipitation in comparison to drought years. The Indian Ocean Di-
pole (IOD) has a more pronounced effect on precipitation patterns in Tanzania 
than other modes of variability (Borhara et al., 2020). During periods of negative 
oscillation, there is a notable reduction in rainfall in southern Tanzania, which in 
turn leads to drier conditions. The intertropical convergence zone (ITCZ), which 
varies its location in accordance with seasonal thermal dynamics, has the potential 
to induce anomalous rainfall distributions during periods of drought (Palmer et 
al., 2023). The presence of mountain ranges or elevated terrain can facilitate oro-
graphic lifting, whereby moist air is forced to ascend and undergo cooling and 
condensation, ultimately resulting in precipitation. This phenomenon can be ob-
served in regions adjacent to the Great Rift Valley, as well as in the elevated terrain 
of Kenya and Uganda, where enhanced rainfall due to orographic influences has 
been documented even during periods of broader drought conditions (Borhara et 
al., 2020; Palmer et al., 2023).  

The western, central, north eastern and eastern parts of Tanzania exhibit mod-
erate to high rainfall (Figure 6(c)), indicating that these areas received more pre-
cipitation during the wetter years compared to drought years. This may be the 
cause of the observed increase in vegetation in these areas, as illustrated in Figure 
4(c). During wetter years, these areas are able to benefit from the moisture levels 
that are conducive to the growth of a variety of plant species. As illustrated in 
Figure 7(c), elevated precipitation levels lead to enhanced soil moisture, which 
helps vegetation to flourish. 

The 2-meter temperature composite during the wet years is illustrated in Fig-
ure 6(d). The results indicate that during wet years, temperatures are typically 
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lower over some areas in East Africa, particularly in the southern region of Kenya, 
the Northeastern and in some areas South Tanzania and Northern Rwanda. The 
elevated precipitation levels (Figure 6(a)) are associated with increased cloud 
cover, which contributes to a reduction in surface heating, as illustrated in Figure 
5(d). This is due to the fact that clouds reflect sunlight and limit solar radiation 
from reaching the Earth’s surface directly which leads to low temperature over 
these areas. 

The highest temperatures are being recorded in the northern regions of the 
East African, with the most significant increases observed in northern and east-
ern Kenya. Over this region High SLHF (Figure 5(d)) is observed which causes 
more incoming solar radiation and Low SSHF (Figure 5(a)) causes low outgoing 
long wave radiation this causes warming over this area (Figure 6(d)). A signif-
icant increase in temperature from December to February is attributable to the 
prevailing winds, which originate from the land and frequently transport heat 
into the region (Gilbert Ouma, 2024). Furthermore, the long-term effects of cli-
mate change have resulted in an increase in mean annual temperatures, leading 
to elevated conditions throughout historically humid months (Gilbert Ouma, 
2024).  

Figure 6(e) illustrates the 2-meter temperature composite during the Drought 
years, show almost similar pattern to wet years, but here the area of high temper-
ature over North and Eastern Kenya as increased. 

The composite difference in 2-metre temperature between wet and drought 
years is shown in Figure 6(f). The results demonstrate that high temperatures 
were observed over Uganda, Rwanda, Burundi, the western and southern regions 
of Tanzania. This shows during the wet years these areas had high temperature 
compared to drought years. These areas are dominated by high SLHF (Figure 
5(f)) and low SSHF (Figure 5(c)) which make these areas warmer (Figure 6(f)). 
The elevated temperatures during periods of wet years can induce stress in plant 
systems despite the presence of adequate moisture levels as illustrated in Figure 
4(c). 

In the context of high temperature regimes, transpiration rates tend to increase, 
reflecting a rise in the rate at which plants expel water through their leaves. When 
temperatures increase significantly, the equilibrium between water absorption by 
root systems and water loss through transpiration may be disrupted, resulting in 
a scenario where plants may experience water stress despite the presence of suffi-
cient soil moisture (Fu et al., 2024). The result over central and northeastern re-
gions of Tanzania as well as northern area of Kenya show low temperature, these 
same regions experienced high temperatures during the drought years and low 
temperature during wet years. Lower ambient temperatures typically enhance the 
water use efficiency of flora, as they diminish the rates of evaporation occurring 
within the soil. This phenomenon enables plants to sustain their hydration levels 
during critical phases of development, thereby promoting increased growth rates 
and biomass density as illustrated in Figure 4(c). 
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Figure 6. Shows the composite of Precipitation and Temperature during three different climatic periods: (a) wet years for 
Precipitation, (b) dry years for Precipitation and (c) the difference between wet and drought years for precipitation (d) wet years for 
2m temperature (e) dry years for 2m temperature and (f) the difference between wet and drought years for 2m temperature. Black 
dots indicate areas where statistically significant changes have occurred at the 95% confidence level. 

 

3) Composite Analysis of Soil Moisture and Soil Temperature 
The composite of soil moisture during the wet years is illustrated in Figure 

7(a). The results demonstrate that the most areas of Tanzania exhibit moderate 
soil moisture, while the Lake Victoria basin and Western Kenya display high soil 
moisture observed, due to elevated precipitation levels (Figure 6(a)), low soil 
temperature (Figure 7(d)), low air temperature over these areas (Figure 6(d)), 
low SLHF (Figure 5(d)) and high SSHF (Figure 5(a)). Conversely, the north and 
east of Kenya exhibit low soil moisture, which can be attributed to reduced pre-
cipitation in these regions, as illustrated by Figure 6(a), high SLHF (Figure 5(d)) 
and low SSHF (Figure 5(a)) resulted into high temperature (Figure 6(d)).  

A reduction in soil moisture levels results in stress in vegetation due to the re-
striction of the water necessary for vital processes, including those related to pho-
tosynthesis and respiration. In the event of inadequate soil moisture levels, plants 
are unable to absorb an adequate volume of water through their root systems, re-
sulting in a deficiency in the essential hydration required for optimal growth and 
development. Furthermore, reduced soil moisture levels result in the restriction 
of nutrient transport within the plant structure. The transport of nutrients from 
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the soil into the plant roots is dependent on the presence of water.  
Figure 7(b) illustrates the composite of soil moisture during the drought years, 

demonstrating comparable outcomes to those observed during the wet years. Nev-
ertheless, it is notable that the area exhibiting low soil moisture has increased, 
while the area displaying high soil moisture has diminished. 

The composite difference in soil moisture between wet and drought years is 
illustrated in Figure 7(c). The results show that most regions of Kenya and north-
eastern Tanzania have elevated soil moisture, which is conducive to plant growth 
(Figure 4(c)). In addition, the soil temperature in these regions is relatively low 
(Figure 7(f)), which is a consequence of the high SSHF (Figure 5(c)) and low 
SLHF (Figure 5(f)). This results in low temperatures over these areas (Figure 6(f)) 
and moderate rainfall (Figure 6(c)). These factors contribute to an increase in soil 
moisture in this region. The observed decrease in soil moisture was attributable 
to the confluence of elevated SLHF (Figure 5(f)) and diminished SSHF (Figure 
5(c)) over the regions of western Uganda, Rwanda, Burundi, western and south-
ern Tanzania. These conditions gave rise to elevated temperatures (Figure 6(f)), 
and decrease in NDVI value in these areas (Figure 4(c)). 

The soil temperature employed in this study corresponds to level 1, which rep-
resents a depth range of 0 to 7 cm. Figure 7(d) presents a composite of soil tem-
perature during the wet years. The results indicate that elevated soil temperatures 
are observed in northern and eastern Kenya. It is evident that such temperatures 
have the potential to exert a negative influence on the growth and development of 
numerous plant species in this region, as illustrated in Figure 4(a). The elevated 
soil temperatures observed in this region can be attributed to a combination of 
factors, including high SLHF (Figure 5(d)) and low SSHF (Figure 5(a)). These 
conditions have resulted in a rise in temperature across these areas (Figure 6(d)) 
and a reduction in precipitation (Figure 6(a)). Elevated soil temperatures have 
been demonstrated to enhance the viscosity of water, thereby reducing its uptake 
by plant roots and subsequently decelerating the movement of nutrients (Pregitzer 
& King, 2005).  

Additionally, the findings suggest that the reduced soil temperatures observed 
in southern Kenya are influenced by diminished SLHF (Figure 5(d)) and elevated 
SSHF (Figure 5(a)), which subsequently resulted in lower temperatures (Figure 
6(d)) and increased precipitation (Figure 6(a)) in this region. The remaining area 
exhibits moderate soil temperatures. 

The composite of soil temperature during the drought years is shown in Figure 
7(e). The results demonstrate that soil temperatures during drought years are 
higher, particularly in the northern and eastern regions of Kenya. This is due to a 
reduction in rainfall (Figure 6(b)) and less cloud cover during drought years, 
which allows for more direct solar radiation to heat the soil (Figure 5(e)), leading 
to higher surface temperatures (Figure 6(e). The high soil temperatures observed 
during drought years can intensify the stress experienced by vegetation, as plants 
contend with the combined effects of elevated temperatures and water scarcity.  

A decline in soil temperature has been documented in Rwanda, Burundi, south-
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ern Tanzania, and southern Kenya. This decline is associated with increased pre-
cipitation over the region (Figure 6(b)), higher soil moisture levels (Figure 7(b)), 
reduced incoming solar radiation, indicated by low SLHF (Figure 5(e)), and in-
creased outgoing solar radiation, reflected by high SSHF (Figure 5(b)). These con-
ditions have collectively contributed to lower overall temperatures in the region 
(Figure 6(e)), creating a favorable environment for vegetation growth (Figure 
4(b)). 

The composite difference in soil temperature between wet and drought years is 
illustrated in Figure 7(f). The results indicate that regions including Uganda, 
Rwanda, Burundi, the Lake Victoria basin, and western and southern Tanzania 
exhibit elevated soil temperatures, suggesting that during wet years, these areas 
experienced higher soil temperatures compared to drought years. The elevated soil 
temperatures can likely be attributed to higher air temperatures (Figure 6(f)), 
which often correlate with increased solar radiation (i.e., high SLHF; (Figure 5(f)), 
reduced outgoing solar radiation (i.e., low SSHF; (Figure 5(c)), and decreased 
precipitation (Figure 6(c)). These conditions not only result in a decline in  
 

 

Figure 7. Shows the composite of Soil Moisture and Soil Temperature at level 1 {depth 0~7cm)  during three different climatic 
periods: (a) wet years for Soil Moisture, (b) dry years for Soil Moisture and (c) the difference between wet and drought years for Soil 
Moisture (d) wet years for Soil temperature (e) dry years for Soil temperature and (f) the difference between wet and drought years 
for Soil temperature. Black dots indicate areas where statistically significant changes have occurred at the 95% confidence level. 
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vegetation in the region (Figure 4(c)), but also lead to a reduction in the soil’s 
capacity to retain moisture (Figure 7(c)), thereby intensifying the effects of 
drought during periods of low precipitation (Figure 6(c)).  

The results also indicate the presence of regions exhibiting low soil tempera-
tures, including the majority of areas within Kenya and the northeastern region 
of Tanzania. The low soil temperatures are influenced by two factors: reduced in-
coming solar radiation, which is reflected in the low SLHF (Figure 5(f)), and in-
creased outgoing solar radiation, indicated by the high SSHF (Figure 5(c)). These 
factors contributed to a reduction in air temperature in the region (Figure 6(f)), 
moderate precipitation levels (Figure 6(c)), and elevated soil moisture (Figure 
7(c)). In sum, these conditions created a favourable environment for vegetation 
growth in this area (Figure 4(c)). 

3.2.3. Composite Analysis of Oceanic Drivers 
SST and Wind circulations during wet years are shown in Figure 8(a), the equa-
torial Pacific and North Atlantic regions show warmer SST anomalies; this phe-
nomenon is likely to be a consequence of enhanced upwelling and increased heat 
exchange with the atmosphere, which subsequently favours increased evapora-
tion. This process leads to an increased concentration of moisture in the atmos-
phere, facilitating precipitation when this moisture is transported to East Africa. 
Conversely, the Southern Ocean and certain sectors of the North Pacific have 
cooler temperatures due to increased oceanic heat uptake and the presence of 
strong westerly winds.  

Figure 8(b) Conversely, periods of drought are characterised by an observable 
warming trend in the Southern Ocean and certain regions of the North Pacific, 
while the Equatorial Pacific and North Atlantic show lower sea surface tempera-
tures (SSTs) and reduced trade winds.  

The composite difference in SSTs and wind circulations during periods of wet 
years and those characterised by drought years is illustrated in Figure 8(c); the 
most pronounced differences are seen in the equatorial Pacific and the Southern 
Ocean. Wind vectors show a marked weakening of the trade winds, which tends 
to modify the atmospheric circulation patterns that affect the distribution of 
precipitation during drought years, particularly in the equatorial Pacific. This 
weakening is likely to be a major factor driving the observed changes in SST. An 
important phenomenon correlated with trade winds is the ENSO, which includes  
 

 

Figure 8. Spatial Sea Surface Temperature (SST) composite with overlayed wind data at 850 hPa during (a) wet years, (b) drought 
years, and (c) the difference between the wet years and Drought years. 
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both the El Niño and La Niña phases. Reduced trade winds can intensify El Niño 
events, generally leading to increased rainfall in certain regions of East Africa, 
while La Niña can lead to reduced rainfall. 

3.3. Correlation Analysis 

Figure 9 presents the spatial distribution of annual correlation coefficients be-
tween NDVI and six Meteorological variables over East Africa from 1983 to 
2022. 

A predominantly significant negative correlation between NDVI and SLHF 
(Figure 9(a)) is observed in most regions, particularly in northern EA, where in-
creased SLHF (Figure 5(d) and Figure 5(e)) correlates with decreased NDVI (Fig-
ure 4(a) and Figure 4(b)), probably due to water loss from soil and vegetation 
caused by higher surface evaporation. However, there is a positive, although not 
statistically significant, correlation in parts of western and southern Tanzania, 
where sufficient moisture and energy may promote vegetation growth. Conversely, 
NDVI shows a significant positive correlation with SSHF across most of EA (Fig-
ure 9(b)), as higher SSHF (Figure 5(c)) is likely to improve soil temperature, nu-
trient availability and biological activity, thereby promoting vegetation growth 
(Figure 4(c)) over the northern part of EA. Precipitation also shows a strong pos-
itive correlation with NDVI (Figure 9(c)), especially in central EA, where increased 
precipitation (Figure 6(c)) corresponds to healthier vegetation, while areas with 
less precipitation show reduced vegetation health (Figure 4(c)).  

NDVI shows a predominantly negative correlation with 2m temperature (Fig-
ure 9(d)) and soil temperature (Figure 9(e)), especially in the northern EA, where 
increasing temperatures (Figure 6(d) and (Figure 6(e)) correspond to reduced 
NDVI (Figure 4(a) and Figure 4(b)), suggesting stress on vegetation health. In 
contrast, soil moisture has a strong positive correlation with NDVI across the EA 
(Figure 9(f)), with significant effects in northern EA, where increased soil mois-
ture (Figure 7(c)) is associated with improved vegetation health (Figure 4(c)), 
highlighting its critical role in maintaining vegetation, particularly in regions with 
unique climatic or geological conditions. 

The annual correlation between the standardized anomalies of NDVI and three 
climatic indices: the Dipole Mode Index (DMI), the Nino 3.4 Index, and the At-
lantic Multidecadal Oscillation (AMO), the data set spans the period from 1983 
to 2022 (Figure 10).  

A weak positive correlation between NDVI and the Dipole Mode Index (DMI) 
(r = 0.11) is illustrated in Figure 10(a), indicating that the IOD exerts a limited 
direct influence on NDVI variability in the region. Although some synchronized 
patterns between NDVI and DMI are observed, it is likely that other factors, such 
as precipitation, temperature and local environmental conditions, play a more 
substantial role in shaping vegetation dynamics. It is notable that the combined 
effects of DMI and the Nino 3.4 Index illustrate the importance of considering 
multiple climatic factors, as their interaction may exert a significant influence on 
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Figure 9. Illustrates the annual correlation between Normalized NDVI and (a) SLHF, (b) SSHF, (c) 
Precipitation, (d) 2m temperature, (e) Soil temperature, and (f) Soil moisture over the period 1983 to 2022. 
statistically significant areas at the 95% confidence level are marked with black dots. 
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vegetation growth and health.  
A moderate positive correlation between NDVI and the Nino 3.4 Index (r = 

0.33) is illustrated in Figure 10(b), which underscores a more pronounced rela-
tionship between NDVI and ENSO events. Enhanced rainfall during El Niño 
events typically promotes vegetation growth, resulting in increased NDVI. Con-
versely, La Niña events, which are characterised by reduced rainfall and higher 
temperatures, often suppress vegetation. Notable examples include the 1997/1998 
El Niño, which coincided with a strong Indian Ocean Dipole (IOD) and led to a 
significant rise in precipitation and NDVI, compared to the 2015 El Niño, which 
had a weaker impact due to the absence of a strong IOD (MacLeod & Caminade, 
2019; Slingo & Annamalai, 2000).  

Extremely weak correlation between NDVI and the Atlantic Multidecadal Os-
cillation (AMO) (r = 0.03) is Illutsrated in Figure 10(c), indicating that the AMO 
exerts a negligible influence on East African vegetation dynamics. This weak tele-
connection is likely attributable to the geographic distance and limited interaction 
between the AMO and East African climatic conditions, further underscoring the 
dominance of more proximate climatic drivers such as ENSO and IOD. These 
findings collectively highlight the varying degrees of influence that climatic indi-
ces exert on NDVI, underscoring the necessity to account for both individual and 
combined effects in understanding vegetation dynamics. 
 

 

Figure 10. Illustrates the annual correlation between Normalized NDVI and (a) DMI (b) Nino 3.4 Index and (c) AMO over the 
period 1983 to 2022. 

3.4. Discussion 

This study examines the interannual variability of NDVI in response to climate 
factors. The annual mean time series of NDVI demonstrates interannual variabil-
ity, with the highest value recorded in 1998 at 0.53 and the lowest in 2022 at 0.47 
(Figure 2(a)). The spatial climatological values of NDVI across the majority of 
East Africa are predominantly within the range of 0.2 to 0.6, as illustrated in Fig-
ure 2(b). These values indicate areas of moderate vegetation. The highest values 
were observed in southern and western Tanzania, Uganda, Rwanda and Burundi, 
while the lowest NDVI values were found in Kenya, northern and central Tanza-
nia. 

The occurrence of wet and drought years was determined through the nor-
malization of NDVI. A total of eight (8) years were classified as wet years, based 
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on the criterion of a standardized anomaly greater than +0.5. The years in ques-
tion are 1990, 1997, 1998, 2002, 2007, 2008, 2018, and 2020. Conversely, eleven 
(11) years were identified as drought years, with values less than -0.5: 1983, 
1984, 1988, 1991, 2000, 2005, 2009, 2015, 2017, 2021, and 2022 (Figure 3 and 
Table 1). 

A composite analysis was conducted to investigate the spatial differences be-
tween wet years and drought years in terms of NDVI and climatic factors. A 
positive difference indicates an increase in NDVI during wet years, whereas a 
negative difference indicates a decrease compared to drought years. The results 
indicated that the NDVI values were positive in Kenya, Central and Northeast-
ern Tanzania, indicating that NDVI values were higher during wet years than 
during drought years. This result is consistent with the hypothesis that in-
creased vegetation cover during periods of increased rainfall over the region is 
parallel to those explained by Parracciani et al. (2023). This is associated with 
low incoming solar radiation in these areas (as indicated by low SLHF) (Figure 
5(f)), high SSHF leads to increased outgoing solar radiation (Figure 5(c)), 
which contributes to lower air temperatures (Figure 6(f)), alongside moderate 
to high precipitation (Figure 6(c)) and moderate to high soil moisture (Figure 
7(c)). Furthermore, low soil temperatures (Figure 7(f)) also play a role in this 
dynamic. Collectively, these factors have contributed to the rise in NDVI values 
across these areas (Figure 4(c)). 

In contrast, the decline in NDVI values across Uganda, Rwanda, Burundi, the 
western and southern regions of Tanzania indicates that during wet years, there 
were fewer NDVI values compared to drought years. This decline is associated 
with high SLHF over these areas (Figure 5(f)), which leads to increased evapora-
tion and evapotranspiration, and low SSHF (Figure 5(c)), indicating reduced out-
going solar radiation. This combination of factors results in warmer surface tem-
peratures (Figure 6(f)) and elevated soil temperatures (Figure 7(f)), which ulti-
mately cause lower soil moisture levels (Figure 7(c)). Furthermore, the precipita-
tion levels in these regions are low (Figure 6(c)), which serves to intensify the 
conditions that lead to a reduction in NDVI values (Figure 4(c)). 

The results of the correlation analysis indicated the existence of statistically sig-
nificant relationships between the NDVI and a number of climatic factors. In par-
ticular, the NDVI demonstrated negative correlations with SLHF, which is con-
sistent with the findings of Bateni et al. (2014). The result aligns with the previous 
findings of Sun and Kafatos (2007) and Runke et al. (2022) regarding negative 
correlation with air temperature. Additionally, the result is analogous to that of 
Zaitchik et al. (2007) regarding negative correlation with soil temperature. Con-
versely, positive correlations were identified with SSHF, precipitation, the result 
aligning with the findings of Davenport and Nicholson (1993), and soil moisture, 
the result corroborating the findings of McNally et al. (2013).  

Furthermore, teleconnections with large-scale climate indices indicated modest 
correlations that contribute to the variability of NDVI. The Niño 3.4 index 
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demonstrated a correlation coefficient of r = 0.33, while the Indian Ocean Dipole 
Mode Index (DMI) and the Atlantic Multidecadal Oscillation (AMO) exhibited 
coefficients of r = 0.11 and r = 0.03, respectively. These findings underscore the 
complex interactions between NDVI and climatic conditions. 

4. Conclusion 

The research examined the interannual variability of the NDVI in relation to its 
interaction with climatic factors across East Africa from 1983 to 2022, utilizing 
monthly data sets. The NDVI data were obtained from the GIMMS database. The 
objective was to gain insights into the annual variation in NDVI and its relation-
ship with climatic factors. The following conclusions were drawn:  

1) The analysis demonstrates the difference between wet years and drought 
years, indicating an increase in NDVI values across Kenya, central and northeast-
ern Tanzania. This suggests that during wet years, greater NDVI values were ac-
quired compared to drought years, which reflects enhanced vegetative growth. 
This increase is primarily attributed to reductions in SLHF, increases in SSHF, 
cooler air temperatures, moderate precipitation, enhanced soil moisture, and 
lower soil temperatures. Furthermore, warmer SST anomalies in the equatorial 
Pacific contributed to heightened atmospheric moisture levels, transported to East 
Africa by strong westerly winds, thereby facilitating precipitation and promoting 
vegetation growth. In contrast, a decline in vegetation was observed in Uganda, 
Rwanda, Burundi, western and southern regions of Tanzania. This suggests that 
during wet years, less NDVI values were obtained compared to drought years, 
which reflects stress in vegetation. This is likely due to adverse climatic conditions 
characterized by high SLHF, less SSHF, and diminished precipitation, resulting in 
lower soil moisture and elevated temperatures. 

2) The study also demonstrates the influence of large-scale climatic phenom-
ena, such as the Atlantic Multidecadal Oscillation (AMO), the Dipole Mode Index 
(DMI), and the El Niño-Southern Oscillation (ENSO), on NDVI variability. While 
the AMO exhibited a relatively weak influence, both the DMI and ENSO demon-
strated significant impacts, especially when their effects coincided. These findings 
underscore the importance of large-scale teleconnections in shaping annual veg-
etation dynamics across East Africa.  

However, this study’s limitations are acknowledged, including its exclusive fo-
cus on annual responses to climatic factors while overlooking monthly and sea-
sonal variations. Future research should incorporate these dimensions to provide 
a more detailed understanding of NDVI variations in the region. In order to ad-
dress the challenges posed by vegetation changes, this study proposes the im-
plementation of continuous monitoring programmes and the development of 
predictive models for NDVI and associated climatic factors. Such initiatives 
would enhance our capability to anticipate vegetation shifts and facilitate the 
implementation of adaptive strategies to mitigate the negative impacts of cli-
mate change. 
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